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Na podstawie art. 187 ust. 3 Ustawy z dnia 20 lipca 2018 roku - Prawo o szkolnictwie
wyzszym i nauce (Dz. U. 2018 poz. 1668 z p6zn. zm.) przedktadam rozprawe doktorska
w formie zbioru powiazanych tematycznie artykuléw opublikowanych w czasopismach
naukowych i recenzowanych materiatach konferencyjnych, ktore stanowia oryginalne roz-
wiazanie problemu naukowego. Tytut prezentowanej rozprawy to: ,Sekwencyjna me-
toda nieinwazyjnej redukcyr habituacyi w systemach interaktywnych” W sktad
rozprawy wchodzi cykl 12 publikacji naukowych z lat 2018-2023.

W dalszej czesci znajduje sie syntetyczny opis uzyskanych wynikéw w postaci streszczenia
rozprawy doktorskiej, a w szczegblnosci omowienie:

— problemu badawczego,

— glownego celu rozprawy,

— cyklu publikaciji,

— podstawowych pojec,

— opisu badan,

— dorobku akademickiego kandydata do stopnia doktora.

Nastepnie zostaly zamieszczone petne teksty opublikowanych artykutéw naukowych wcho-
dzacych w sktad rozprawy, jako zatgczniki numerowane od A1 do A12:

A1l. Bortko, K., Bartkow, P., Pazura, P., Jankowski, J. (2019). Increasing User En-
gagement and Virtual Goods Life Span Through Products Diversity and Intensity
of Content Updates. In Intelligent Information and Database Systems: 11th Asian
Conference, ACIIDS 2019, Yogyakarta, Indonesia, April 811, 2019, Proceedings,
Part IT 11 (pp. 519-530). Springer International Publishing.

Liczba punktéw ministerialnych: 20

Udzial w artykule: 30%

Wktad: Opracowanie koncepcji i zalozen, przeprowadzenie badari i opracowanie
wynikow, wizualizacja, opracowanie tekstu.

A2. Bortko, K., Pazura, P., Hamari, J., Bartkow, P., Jankowski, J. (2019). From the
Hands of an Early Adopter’s Avatar to Virtual Junkyards: Analysis of Virtual
Goods’ Lifetime Survival. Applied Sciences, 9(7), 1268.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 2

Udzial w artykule: 30%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikow, wizualizacja, opracowanie tekstu.

A3. Bortko, K., Jankowski, J., Pazura, P. (2020). From perceptual to algorithmic
evaluation of recommending interfaces survival in visual space. Procedia Compu-
ter Science, 176, 2736-2745.

Liczba punktéw ministerialnych: 70
Liczba cytowan: 1
Udzial w artykule: 50%



A4.

A5.

A6.

AT.

AS.

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

Bortko, K., Jankowski, J., Bartkow, P., Pazura, P., Smiatkowska, B. (2020).
Attracting user attention to visual elements within website with the use of Fitts’s
law and flickering effect. Procedia Computer Science, 176, 2756-2763.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 6

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Bortko, K., Bartkow, P., Jankowski, J., Kuras, D., Sulikowski, P. (2019). Multi-criteria

evaluation of recommending interfaces towards habituation reduction and limited
negative impact on user experience. Procedia Computer Science, 159, 2240-2248.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 22

Udzial w artykule: 30%

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

Bortko, K., Fornalezyk, K., Jankowski, J. (2021). Towards Effective Peripherial
Chatbot Communication with Adjustable Intensity of Content Changes. 29th In-

ternational Conference on Information Systems Development (ISBN: 9781908358981,

Strony od - do: [1-6]).

Liczba punktéw ministerialnych: 140

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Fornalczyk, K., Bortko, K., Jankowski, J. (2021). Improving User Attention to
Chatbots through a Controlled Intensity of Changes within the Interface. Proce-
dia Computer Science, 192, 5112-5121.

Liczba punktéw ministerialnych: 70

Udzial w artykule: 40%

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

Bortko, K., Fornalczyk K., Jankowski, J., Sulikowski P., Dziedziak K. (2023).
Impact of changes in chatbot’s facial expressions on user attention and reaction
time. Plos one.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 100

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

3



A9.

A1l0.

A11.

Al2.

Bartkow, P., Bortko, K., Jankowski, J., Pazura, P. (2023). Modeling the im-
pact of the habituation effect on information spreading processes with repeated
contacts under an SI model. Plos one, 18(4), ¢0280266.

Liczba punktéw ministerialnych: 100

Udzial w artykule: 20%

Wktad: Analiza statystyczna i opracowanie wynikéw, planowanie eksperymentu,
dobo6r modeli habituacji obliczeniowej.

Jankowski, J., Bartkow, P., Pazura, P., Bortko, K. (2020). Evaluation of the
costs of delayed campaigns for limiting the spread of negative content, panic and
rumours in complex networks. In Computational Science-ICCS 2020: 20th Inter-
national Conference, Amsterdam, The Netherlands, June 3-5, 2020, Proceedings,
Part IV 20 (pp. 291-304). Springer International Publishing.

Liczba punktéw ministerialnych: 140
Liczba cytowan: 3

Udzial w artykule: 25%

Wktad: Opracowanie i analiza wynikow.

Fornalezyk, K., Bortko, K., Disterheft A., Jankowski, J. (2023). Modeling the
Impact of Video Dynamics on User Engagement and Eye Tracking Patterns.
Procedia Computer Science.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 70

Udzial w artykule: 35%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badari i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Bortko, K., Bartkow P., Jankowski, J. (2023). Modeling the Impact of Habitu-
ation and Breaks in Exploitation Process on Multi-Armed Bandits Performance.
Procedia Computer Science.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 70

Udzial w artykule: 70%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.
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1. Problem badawczy

Rozwoj technologii interaktywnych powiazany jest ze wzrostem ztozonosci proceséow ko-
munikacji cztowieka z systemami komputerowymi. Interakcja jest czesto odpowiedzia na
sygnaly i bodzce generowane przez system informatyczny w formie glosowej, wizualnej czy
multimodalnej [1]. Interfejsy uzytkownika oparte na gtosie, systemy automatycznego roz-
poznawania mowy i inteligentni asystenci stwarzaja nowe mozliwosci w zakresie interakcji
cztowiek-komputer w takich obszarach jak: komunikacja i asystowanie w samochodach [2],
automatyzacja domowa [3], obstuga klienta i chatboty [4], zastosowania medyczne [5] [6]
[7], a takze sektor edukacyjny [8].

Tworcy systemow dysponuja szeroka paleta mozliwosci i technologii, ktére moga by¢ wyko-
rzystywane na poziomie interfejsu uzytkownika dla réznych celow. Przyktadowo komunika-
cja moze by¢ rozpatrywana na poziomie interfejsu uzytkownika i dostarczane wiadomosci
zapewniaja mozliwo$¢ efektywnego dziatania systemu uzytkowego, dostepu do wymaga-
nych funkeji [9]. Moga to by¢ rowniez komunikaty ostrzegawcze [10], elementy przekazu
marketingowego, tresci prezentowane w systemach handlu elektronicznego, systemach roz-
rywkowych [11], grach czy przekazie wideo w mediach strumieniowych [12].

Dynamiczne tresci sa nasycone bodzcami przyciggajacymi uwage i wplywajacymi na
doswiadczenie uzytkownika (ang. user experience) w sposob pozytywny lub negatywny.
Nasycenie bodzcami moze prowadzi¢ do efektu przeciazenia informacyjnego i negatyw-
nie wplywacé¢ na koncentracje, pamie¢ i ogodlng jako$é¢ interakcji uzytkownika z systemem
i kontakt wieloma elementami marketingowymi dziennie [13] [14].

W naturalny sposéb dzialaja tu mechanizmy habituacji, ktéra jest definiowana jako
"zmniejszenie reakcji na powtarzajacy sie bodziec w wyniku eksponowania sie na niego"[15].
Habituacja jest naturalnym procesem poznawczym, w ktérym uzytkownik staje sie mniej
reaktywny na dany bodziec w miare jego powtarzalnosci. Jest to podstawowa forma ucze-
nia, ktora pozwala organizmowi dostosowaé sie do rutynowych sytuacji [16].

Warto zaznaczy¢, ze poza wymiarem psychologicznym czy marketingowym habituacja
rozpatrywana jest rowniez z punktu widzenia obliczeniowego [17] [18], modelowania, znaj-
duje zastosowanie w uczeniu maszynowym [19]. Powstaly modele komputerowe, ktore
umozliwiaja symulacyjne odzwierciedlenie procesu. Obszar ten daje mozliwo$¢ wdrazania
nowych rozwiazan w obszarach informatyki pozwiazanych z klasyfikacja ACM Digital Li-
brary Computing Classification System w obszarach Human-centered computing - Human
computer interaction (HCI) - HCI design and evaluation methods - Laboratory experi-
ments.

W kontekscie interfejséw uzytkownika, habituacja odnosi sie¢ do zmniejszenia uwagi i reak-
tywnosci uzytkownika wobec powtarzajacych sie elementéw interfejsu. Kiedy dany bodziec
lub interakcja staje sie powszechna lub przewidywalna, uzytkownik moze sta¢ si¢ mniej
zainteresowany lub mniej sktonny do reakeji [15]. Wynika z ograniczonych mozliwosci
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poznawczych cztowieka i zdolnosci do przetwarzania informacji. Moézg cztowieka posiada
ograniczone zasoby i nie jest w stanie prztwarzaé¢ wszystkich dostepnych bodzcéw i infor-
macji [20].

W przypadku systeméw interaktywnych, habituacja moze prowadzi¢ do spadku jakosci
i skutecznosci interakcji, co negatywnie wptywa na do$wiadczenie uzytkownika oraz wy-
dajnosc¢ systemu. Z punktu widzenia efektywnosci systemu informatycznego obserwowany
jest stopniowy spadek skuteczno$ci w wyniku powtarzajacych sie interakcji powigzanych
z generowanymi bodzcami. Nadmiarowa informacja jest eliminowana. W literaturze roz-
patrywane sa zjawiska powiazane z habituacja, majace bezposredni zwiazek z efektywno-
Scia systemu, na przyktad slepota banerowa [21], ograniczenie efektywnosci komunikatow
ostrzegawczych [22] i ograniczenie wptywu komunikatoéw motywacyjnych [23].

W praktyce projektowania stosowane sa rézne podejscia do redukcji habituacji, ktore
maja na celu zapobieganie spadkowi skutecznosci komunikacji. Jednak wiele z tych po-
dejs¢ ma charakter inwazyjny, przyktadowo bazuje na zwickszonym kontrascie, efektach
intensywnego migotania czy przestaniania tredci redakcyjnych, co przektada sie na wzrost
intensywnosci przekazu oraz obnizenie do§wiadczen pozytywnych uzytkownika.

Natomiast w wymiarze badawczym w publikacjach podejmowane sa proby opracowania
nieinwazyjnych metod redukcji habituacji, ktore nie wymagaja znaczacych zmian w sys-
temach interaktywnych ani zwiekszania intensywnosci bodzcow. Przyktadowo opieraja sie
one na rozwiazaniach takich jak:

1. Komunikaty polimorficzne: Wykorzystuja réznorodnosé form i stylow komunikacji, aby
zapobiec habituacji. Komunikaty polimorficzne sa dynamicznie generowane i prezentowane
w roznych wariantach, co utrzymuje zainteresowanie uzytkownika [24].

2. Personalizacja adaptacyjna: Dostosowanie interakcji do indywidualnych preferencji i po-
trzeb uzytkownika. Wykorzystuje sie techniki uczenia maszynowego i analizy danych, aby
system mogt sie dynamicznie dostosowywaé do zachowan i potrzeb uzytkownika [25].

3. Zastosowanie wzorcow interakcji: Wykorzystuje sie réznorodnosé wzorcow i sekwencji
interakcji, aby unikna¢ powtarzalnosci i monotonii. Systemy interaktywne moga by¢ za-
projektowane tak, aby oferowaly rozne Sciezki i opcje interakeji dla uzytkownika [26].

Warto zauwazy¢, ze komunikacja i interakcja jest realizowana czesto w sposob sekwen-
cyjny. Sekwencyjnos¢ w komunikacji odnosi sie do posiadania logicznej kolejnosci i cia-
glodci w przekazywaniu informacji. Oznacza to, ze wiadomosci sa przekazywane w sposéb
zgodny z okreslonym porzadkiem lub uktadem. Problemy te wystepuja w obszarach powia-
zanych z m.in. interaktywnymi systemami rozrywkowymi, mediami spotecznosciowymi,
systemami informacyjnymi, mediami stumieniowymi i systemami dialogowymi. Problemy
powiazane z komunikacjg sekwencyjna moga prowadzi¢ do dezorientacji odbiorcy, utraty
istotnych informacji, blednego zrozumienia lub nieprawidtowego interpretowania przeka-
zywanych wiadomosci.

Dotychczasowe rozwiazania w ograniczonym stopniu uwzgledniaja sekwencyjnosé wyswie-
tlanych komunikatéow oraz ekspozycji obiektéw. Istnieje wiele problemoéw, ktére moga
wplywaé na efektywnosé¢ komunikacji realizowanej sekwencyjnie, takie jak:

1. Przerwy lub zakl6cenia w przekazywaniu informacji, na przyktad zbyt dtugi czas miedzy
wiadomosciami lub utrata czesci komunikatu [27].
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2. Btedy w przekazywaniu informacji, na przyktad pomijanie lub zamiana kolejnosci ele-
mentow [28].

3. Brak jasnosci w przekazywaniu informacji, co prowadzi do niejasno$ci w zrozumieniu
kolejnosci lub ciaglosci przekazu [29].

Badania w ramach rozprawy doktorskiej mialy na celu opracowanie sekwencyjnej me-
tody nieinwazyjnej redukcji habituacji. Komunikaty powinny by¢ dostarczane do odbiorcy
w sposOb efektywny, powinny by¢ zauwazane natomiast nie powinny odbiorcy irytowac.
Powinny sygnalizowaé¢ lub nienachalnie zwraca¢ nasza uwage. Uzytkownik szuka przede
wszystkim treéci informacyjnych i tych zwiazanych z biezacymi potrzebami, a pod$wiado-
mie pomija tresdci, ktore sa powtarzane. Eliminowane sa réwniez informacje niezwigzane
z wykonywanym zadaniem, na przyklad komunikaty systemowe, komunikaty zwigzane
z bezpieczenstwem, komunikaty marketingowe itd. Obszary wystepowania probleméw to
rowniez rekomendacje w handlu elektronicznym, wizualny i tekstowy przekaz marketin-
gowy, gry wideo i platformy rozrywkowe, interfejsy uzytkownika, interfejsy czasu rze-
czywistego, produkty wirtualne, komunikaty w systemach antywirusowych, komunikaty
zwigzane z aktualizacjami i inne.

W trakcie badan reprezentowanych w poszczegolnych publikacjach w przedstawionym cy-
klu pozyskano wiedze, ktora nastepnie zagregowano i wykorzystano do osiggniecia gtow-
nego celu rozprawy. Autor przeanalizowatl istniejace prace naukowe zwigzane z redukcja
habituacji w systemach interaktywnych, aby zidentyfikowaé¢ kluczowe podejscia i techniki.
Nastepnie wiedza z tych publikacji zostata syntezowana i wykorzystana do opracowania se-
kwencyjnej metody nieinwazyjnej redukeji habituacji w systemach interaktywnych, ktora
uogolniono w publikacji [A12]. Zaproponowano w niej system uczacy, ponadto, omoéwiono
techniki analizy danych, ktore zostaly zastosowane w celu oceny skutecznosci metody
redukcji habituacji.

W realizacji planowanych badan napotkano problemy i trudnosci wynikajacych z trwajacej
przez blisko 2 lata pandemii COVID-19. Dodatkowe badania realizowane w okresie kiedy
nie byto mozliwe prowadzenie badan z udziatem uzytkownikéw w laboratorium oparto
na $rodowiskach eksperymentalnych wykorzystujacych podejicie obliczeniowe i symulacje
agentowe. Opracowano wirtualne §rodowisko zorientowane na sieci spoteczne, ktére umoz-
liwito prowadzenie eksperymentoéw z redukeja habituacji i ocene skutecznosci sekwencyjnej
metody nieinwazyjnej redukcji. Wykorzystanie podejscia agentowego pozwolito na prze-
prowadzenie symulacji bez udziatu uzytkownikow. Dzieki temu mozliwe bylo zgromadzenie
danych i wyciggniecie wnioskéw dotyczacych sekwencyjnej metody nieinwazyjnej redukceji
habituacji w systemach interaktywnych.

Wymniki rozprawy maja istotne implikacje dla projektantow i tworcow systemow interak-
tywnych, ktorzy staraja sie zapewni¢ pozytywne doswiadczenia uzytkownika, a jedno-
czesnie osiagaé zaktadane cele. Stosowanie sekwencyjnej metody nieinwazyjnej redukcji
habituacji moze przyczyni¢ sie do zwiekszenia skutecznosci i zadowolenia uzytkownikow
systemow interaktywnych.



2. Glowny cel rozprawy

Celem rozprawy jest opracowanie metody sekwencyjnej, ktéra bedzie stanowita podstawe
systemu uczacego sie, zorientowanego na modyfikacje interfejsu systemu interaktywnego
w czasie rzeczywistym w celu redukcji efektu habituacji.

Teza rozprawy:

Analiza charakterystyki wizualnej obiektow wys$wietlanych sekwencyjnie w procesie ko-
rzystania z systemu interaktywnego oraz reakcji odbiorcy umozliwia wyznaczanie poziomu
oddziatywania wizualnego dla stanéw przysztych, ktore zapewnia pozyskanie uwagi uzyt-
kownika.



3. Cykl publikacji wchodzacych w skiad
rozprawy

Jako osiaggniecie naukowe w dyscyplinie Informatyka techniczna i telekomunikacja wska-
zuje cykl dwunastu powiazanych tematycznie publikacji pt. Sekwencyjna metoda niein-
wazyjnej redukcji habituacji w systemach interaktywnych. Powiazania pomiedzy publika-
cjami zostaly przedstawione na rysunku 3.1.

W sklad cyklu publikacji wchodza nastepujace prace:!

Al.

A2.

A3.

Bortko, K., Bartkow, P., Pazura, P., Jankowski, J. (2019). Increasing User En-
gagement and Virtual Goods Life Span Through Products Diversity and Intensity
of Content Updates. In Intelligent Information and Database Systems: 11th Asian
Conference, ACIIDS 2019, Yogyakarta, Indonesia, April 811, 2019, Proceedings,
Part II 11 (pp. 519-530). Springer International Publishing.

Liczba punktéw ministerialnych: 20

Udzial w artykule: 30%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Bortko, K., Pazura, P., Hamari, J., Bartkow, P., Jankowski, J. (2019). From the
Hands of an Early Adopter’s Avatar to Virtual Junkyards: Analysis of Virtual
Goods’ Lifetime Survival. Applied Sciences, 9(7), 1268.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 2

Udzial w artykule: 30%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Bortko, K., Jankowski, J., Pazura, P. (2020). From perceptual to algorithmic
evaluation of recommending interfaces survival in visual space. Procedia Compu-
ter Science, 176, 2736-2745.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 1

Udzial w artykule: 50%

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

nformacje o cytowaniach pochodza z Google Scholar, stan na dzieni 28.06.2023 r.
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A4.

A5.

A6.

AT.

AS.

A9.

Bortko, K., Jankowski, J., Bartkéw, P., Pazura, P., Smiatkowska, B. (2020).
Attracting user attention to visual elements within website with the use of Fitts’s
law and flickering effect. Procedia Computer Science, 176, 2756-2763.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 6

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zalozen, przeprowadzenie badari i opracowanie
wynikéw, wizualizacja, opracowanie tekstu.

Bortko, K., Bartkow, P., Jankowski, J., Kuras, D., Sulikowski, P. (2019). Multi-criteria
evaluation of recommending interfaces towards habituation reduction and limited
negative impact on user experience. Procedia Computer Science, 159, 2240-2248.

Liczba punktéw ministerialnych: 70

Liczba cytowan: 22

Udzial w artykule: 30%

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

Bortko, K., Fornalczyk, K., Jankowski, J. (2021). Towards Effective Peripherial
Chatbot Communication with Adjustable Intensity of Content Changes. 29th In-
ternational Conference on Information Systems Development (ISBN: 9781908358981,
Strony od - do: [1-6]).

Liczba punktéw ministerialnych: 140

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zalozen, przeprowadzenie badan i opracowanie
wynikow, wizualizacja, opracowanie tekstu.

Fornalezyk, K., Bortko, K., Jankowski, J. (2021). Improving User Attention to
Chatbots through a Controlled Intensity of Changes within the Interface. Proce-
dia Computer Science, 192, 5112-5121.

Liczba punktéw ministerialnych: 70

Udzial w artykule: 40%

Wktad: Przeprowadzenie badan i opracowanie wynikéw, wizualizacja, opracowa-
nie tekstu.

Bortko, K., Fornalczyk K., Jankowski, J., Sulikowski P., Dziedziak K. (2023).
Impact of changes in chatbot’s facial expressions on user attention and reaction
time. Plos one.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 100

Udzial w artykule: 50%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badan i opracowanie
wynikow, wizualizacja, opracowanie tekstu.

Bartkow, P., Bortko, K., Jankowski, J., Pazura, P. (2023). Modeling the im-
pact of the habituation effect on information spreading processes with repeated
contacts under an SI model. Plos one, 18(4), e¢0280266.
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A1lo0.

A11.

Al2.

Liczba punktéw ministerialnych: 100

Udzial w artykule: 20%

Wktad: Analiza statystyczna i opracowanie wynikow, planowanie eksperymentu,
dobo6r modeli habituacji obliczeniowe;j.

Jankowski, J., Bartkow, P., Pazura, P., Bortko, K. (2020). Evaluation of the
costs of delayed campaigns for limiting the spread of negative content, panic and
rumours in complex networks. In Computational Science-ICCS 2020: 20th Inter-

national Conference, Amsterdam, The Netherlands, June 3-5, 2020, Proceedings,
Part TV 20 (pp. 291-304). Springer International Publishing.

Liczba punktéw ministerialnych: 140
Liczba cytowan: 3

Udzial w artykule: 25%

Wktad: Opracowanie i analiza wynikow.

Fornalezyk, K., Bortko, K., Disterheft A., Jankowski, J. (2023). Modeling the
Impact of Video Dynamics on User Engagement and Eye Tracking Patterns.
Procedia Computer Science.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 70

Udzial w artykule: 35%

Wktad: Opracowanie koncepcji i zalozen, przeprowadzenie badar i opracowanie
wynikow, wizualizacja, opracowanie tekstu.

Bortko, K., Bartkow P., Jankowski, J. (2023). Modeling the Impact of Habitu-
ation and Breaks in Exploitation Process on Multi-Armed Bandits Performance.
Procedia Computer Science.

Publikacja zaakceptowana, w druku

Liczba punktéw ministerialnych: 70

Udzial w artykule: 70%

Wktad: Opracowanie koncepcji i zatozen, przeprowadzenie badari i opracowanie
wynikow, wizualizacja, opracowanie tekstu.



Obszary badari

Zidentyfikowane
problemy

Przeprowadzone
badania

Zaproponowane

rozwigzania

Interaktywne systemy
rozrywkowe

Interaktywne systemy
informacyjne

- brak mechanizméw
sekwencyjnosci dla wprowadzania
wirtualnego produktu

- brak mechanizméw
czestotliwosci aktualizacji oraz
wprowadzania cyfrowego
produktu dla uzytkownika

- brak mechanizméw
ograniczajacych krétkie zycie débr
wirtualnych

- brak metod do wyznaczania czasu
ekspozydji obiektéw

- brak podejécia z umiarkowana
intensywnoscia wizualna obiektow
w systemach rekomendujacych

- brak mechanizméw
sekwencyjnego wyréznienia
obiektéw cyfrowych

Increasing User Engagement
and Virtual Goods Life Span
Through Products Diver
and Intensity of Content
Updates

From the hands of an early

- model wielokryterialny, ktéry
pozwala ocenié strate
aktualizadji przy sekwencyjnie
wprowadzanych obiektach
cyfrowych w grach wideo,

- wprowadzenie mechanizméw
sekwencyjnosci dla wprowadzania
wirtualnego produktu

time survival of virtual goods

ia Evaluation of
Recommending Interfaces
towards Habituation
Reduction and Limited
Negative Impact on User
Experiencetime

From Perceptual to
Algorithmic Evaluation of
Recommending Interfaces
Survival in Visual Space

Attracting User Attention to
Visual Elements within
Website with the use of Fitts’s

Law and Flickering Effect

- wykorzystanie metody
wielokryterialnej do okreslenia
optymalnego rozwiazania

- wykorzystanie prawa Fittsa przy
modelowaniu czestotliwosci
migotania obiektéw

- technika z wykorzystaniem
analizy przetrwania

- wprowadzenie mechanizméw
sekwencyjnosci

Integracja wiedzy w systemie uczacym sie

Interfejsy uzytkownika systemow interaktywnych

CEL:

Sekwencyjna redukcja efektu habituacji

Interaktywne systemy
dialogowe

Media spoteczno$ciowe i
dyfuzja informacji

Media stumieniowe

- brak reakeji na zmian w polu
chatbota

- brak badan zwigzanych z
wplywem roli emocji w obszarze
pola chatbota

- brak konkretnych wytycznych co
do wizualizacji chatbotéw

Impact of changes in chatbot's
facial expressions on user
attention and reaction time

Towards Effective Peripherial
Chatbot Communication with
Adjustable Intensity of
Content Changes

Improving User Attention to

Chatbots through a Controlled

Intensity of Changes within
the Interface

- podejé
sekwencyjnosé ekspozyd

ie wykorzystujace

obiekt6w oraz komunikatéw w
chatbocie
- podejscie oparte na zmianie

imiki ,agenta” w chatbotcie na
uwage uzytkownikéw
reakdji

- brak uwzglednienia zjawiska
habituacji w modelach
propagacyjnych

- obnizony realizm modeli
propagacyjnych

- duza liczba nieefektywnych
interakcji

- brak metod réinicowania tresci
wideo w sekwencjach

edzenia wzroku uzytkownika

Evaluation of the Costs of
Delayed Campaigns for
imiting the Spread of
Negative Content, Panic and
Rumours in Complex
Networks

habituation effect on
information spreading
processes with repeated
contacts under an S| model

graniczenie czestotliwosci

kontaktéw pomiedzy weztami w

ach ztozonych
wiaczenie modelu habituacyjnego

do modeli propagacyjnych

Modeling the impact of the

- brak uwzglednienia pod
habituacyjnego w systemach
interaktywnych

\J

Rozwigzania:

- wprowadzenie przerw w celu
zredukowania habituacji w
algorytmie MAB

- wiaczenie mechanizméw
habituacji obliczeniowej do
algorytmu MAB

- wprowadzenie parametréw
habituacyjnych epsilon i tau do

algorytmu MAB
E—

System uczacy sie

Modelowanie wptywu habituacji i
przerw w procesie eksploatacji na

dziatanie wielorekich bandytéw

Modeling the Impact of
Habituation and Breaks in

Exploitation Process on Mul

Armed Bandits Performance

Modeling the Impact of Video
All Dynamics on User
Engagement and Eye Tracking
Patterns

sekwencyjnego zréinicowania
etlanych tresci wideo

- podejécie wykorzystujace metryki
dynamiki wideo, ktére s3
skorelowane z wzorcami éledzenia
waroku

sji

iedzy poszczegdlnymi publikacjami A1-A12. W wer

a zostata dotaczona w formacie A3.

.

izacja powiazan pom

Rysunek 3.1. Wizual

ej wizualizacj

drukowan
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4. Podstawowe pojecia

W nawiazaniu do tematu rozprawy dotkorskiej oméwiono podstawowe pojecia takie jak:
habituacja, sekwencyjnosé, metoda nieinwazyjna, algorytm MAB, metoda, systemy inte-
raktywne, bodzce w systemach interaktywnych oraz interfejs. Pozwolg one szerzej i do-
ktadniej zrozumieé cel oraz teze rozprawy doktorskie;j.

Pierwszym z pojec¢ jest habituacja. Jest ona naturalng reakcja cztowieka na powtarzajace
sie bodZzce, ktore nie dostarczaja nowych informacji lub nie wymagaja intensywnej uwagi.
Moze wystapi¢ w roznych kontekstach interakcyjnych, takich jak interfejsy uzytkownika,
aplikacje mobilne, strony internetowe czy systemy glosowe [16].

Habituacja w odniesieniu do systeméw interaktywnych odnosi sie do procesu,
w ktorym uzytkownicy staja sie bardziej przyzwyczajeni do okreslonych cech interakeji
lub funkcji w systemie [30]. Jest to rodzaj adaptacji, w ktorym uzytkownik stopniowo
przestaje reagowa¢ na pewne bodzce lub elementy interfejsu, poniewaz staja sie one dla
niego znane, rutynowe lub mato istotne [31]. W przypadku systemoéw interaktywnych,
habituacja moze mie¢ zaréwno pozytywne, jak i negatywne konsekwencje. z jednej strony,
uzytkownicy moga sie przyzwyczai¢ do wygodnych i intuicyjnych funkcji, co moze popra-
wi¢ ich efektywnosé i wydajno$é w korzystaniu z systemu. Na przyktad, jesli uzytkownik
regularnie korzysta z aplikacji mobilnej o prostym i spoéjnym interfejsie, moze szybko
opanowa¢ nawigacje i przeprowadza¢ operacje bez duzego wysitku po pewnym czasie [32].
Z drugiej strony, habituacja moze prowadzié¢ do niezauwazenia nowych lub istotnych funk-
cji, ktore moga byé¢ wprowadzane w systemie. Uzytkownicy moga przestaé zauwazaé¢ wazne
powiadomienia lub opcje, poniewaz staja sie one dla nich czescia tta. Jest to wyzwanie
dla projektantow systemow interaktywnych, ktorzy musza uwzglednié¢ réwnowage miedzy
przyzwyczajeniami uzytkownikow a wprowadzaniem innowacji i ulepszen [31].

Aby zidentyfikowaé¢ habituacja w systemach interaktywnych, wazne jest monitorowanie
i analiza zachowan uzytkownikéw. Projektanci moga uzywaé¢ danych analitycznych, ba-
dan uzytkownikéw i informacji zwrotnych, aby zrozumieé, jak uzytkownicy korzystaja
z systemu i jakie dzialania staja sie rutynowe. Na podstawie tych informacji mozna wpro-
wadzaé¢ zmiany w interfejsie uzytkownika, aby zwiekszy¢ uwage uzytkownikéw na istotne
elementy i unikna¢ badania habituacji [16].

Whioski ptynace z habituacji w systemach interaktywnych moga rowniez wptywaé na
strategie rozwoju i wprowadzania nowych funkcji. Projektanci moga zaplanowaé regularne
aktualizacje systemu, ktore wprowadzaja zmiany i nowosci, aby pobudzi¢ uzytkownikow
do ponownej uwagi i uniknaé stagnacji czy zaniedbania innowacji.

W rozprawie zwrécono uwage na sekwencyjnosé komunikacji. W informatyce, termin "se-
kwencyjnosé" odnosi sie do sposobu wykonywania instrukcji lub operacji w okreslonej
kolejnosci. Oznacza to, ze program lub proces przetwarza dane lub wykonuje operacje
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krok po kroku, jeden za drugim, bez skokéw ani réwnoczesnych dziatan [33]. Przyjeta
sekwencyjnos$é¢ zaktada dziatanie etapowe i stopniowe.

Wyrazenie "metoda jest nieinwazyjna" odnosi sie do techniki, procedury lub badania,
ktore nie utrudniaja proceséw. W kontekscie dziedziny informatyki, termin nieinwazyjny
odnosi sie do metody lub techniki, ktéra nie wymaga ingerencji ani zmian w istniejacym
systemie lub strukturze. Jest to podejscie, ktére ma na celu minimalizacje zaktécenn lub
zmian w dziatajacym srodowisku [34]. W skrocie, stwierdzenie, ze metoda jest "niein-
wazyjna", sugeruje, ze jest to bezpieczna, pozbawiona negatywnego oddzialywania na
uzytkownika.

Algorytm MAB (Multi-Armed Bandit) odnosi sie do problemu wyboru optymalnej
decyzji w warunkach niepewnosci, gdzie agent ma do dyspozycji wiele "ramion"(ang.
arms), z ktorych kazde generuje nagrody zgodnie z nieznanym rozktadem. W ramach
eksploracji i eksploatacji, algorytm MAB podejmuje kolejne decyzje w celu maksymalizacji
ogolnego zysku [35] [36]. System uczacy sie oparty na MAB charakteryzuje sie zdolnoscia
do poprawiania swojego zachowania na podstawie zebranych doswiadczen. W przypadku
algorytmu MAB, agent ma za zadanie nauczy¢ sie, ktére z ramion generuja najwieksza
nagrode. Poczatkowo, agent eksploruje rozne ramiona, aby zdoby¢ informacje na temat ich
potencjalnej wydajnosci. Na podstawie zebranych danych, algorytm stopniowo zdobywa
wiedze i adaptuje swoje dzialania, skupiajac sie na wybieraniu najlepszych ramion w celu
maksymalizacji nagrody.

Algorytm MAB spelnia podstawowe cechy systemu uczacego sie. Posiada zdolnosé¢ do
uczenia sie na podstawie doswiadczen, dostosowywania swojego zachowania w oparciu
o zebrane informacje oraz optymalizacji wynikow w celu osiggniecia lepszych rezultatow

135] [37].

Algorytm MAB uzywany w wielu systemach interaktywnych do podejmowania decy-
zji w oparciu o informacje zwrotne. Algorytm MAB jest wykorzystywany w sytuacjach,
w ktorych system musi wybiera¢ sposrod kilku mozliwych akcji, nie majac petnej wie-
dzy o ich skutkach [35]. System interaktywny moze korzysta¢ z algorytmu MAB, aby
zoptymalizowaé¢ wybor akcji na podstawie sukcesow i porazek wezesniejszych interakcji.
Przyktadem zastosowania algorytmu MAB w systemie interaktywnym moze by¢ platforma
reklamowa, ktéra musi wybiera¢ sposrod réznych reklam do wyswietlenia uzytkownikom.
Algorytm MAB pozwala na eksploracje réznych reklam i adaptacyjne dostosowywanie
wyboru w oparciu o otrzymane informacje zwrotne [36].

Algorytm MAB moze by¢ wykorzystywany jako sktadnik systemu interaktywnego do po-
dejmowania optymalnych decyzji w warunkach niepewnosci i interakcji z uzytkownikami

137].

Zaproponowana "metoda" [38] jest traktowana jako sposéb postepowania, systematyczne
rozwigzanie problemu, zbior regut, procedur lub technik stosowanych w okreslonym celu.
Metoda jest planowanym i uporzadkowanym sposobem osiagniecia okreslonego rezultatu
lub rozwiazania danego zadania.

Systemy interaktywne to szeroka kategoria systemow, ktore umozliwiaja interakcje
pomiedzy uzytkownikiem a technologia w celu realizacji okreslonych zadan, dostarczania
informacji lub otrzymywania odpowiedzi na pytania [39][40]. Istnieje wiele roznych typow
systemow interaktywnych, z ktorych niektore to:
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1. Interaktywne systemy informacyjne: Sa to systemy, ktore dostarczaja uzytkowni-
kowi informacji na podstawie jego preferencji i zapytan. Przyktady to wyszukiwarki in-
ternetowe, systemy rekomendacyjne czy personalizowane portale informacyjne [41].

2. Interaktywne systemy dialogowe: Sa to systemy, ktére prowadza dialog z uzytkow-
nikiem, odpowiadajac na pytania, udzielajac informacji lub realizujac zadania. Przyktady
to asystenci glosowi, chatboty czy interaktywne systemy rezerwacyjne [42].

3. Interaktywne systemy rozrywkowe: Sa to systemy, ktore zapewniaja uzytkownikom
rozrywke, zabawe i interakcje z wirtualnymi $wiatami. Przyktady to gry komputerowe,
wirtualna rzeczywistosé (VR) czy interaktywne wystawy [43].

4. Wideo interaktywne w reklamach: Wideo reklamowe staja sie coraz bardziej inte-
raktywne, umozliwiajac uzytkownikom bezposrednie zaangazowanie si¢ w tres¢ reklamy.
Przyktady to reklamy online, ktére pozwalaja uzytkownikom na klikniecie w interaktywne
elementy wideo, aby uzyska¢ wiecej informacji, dokonaé¢ zakupu lub podjaé¢ interaktywne
dzialania [44].

5. Media spotecznodciowe: Obejmuja platformy internetowe, ktére umozliwiaja uzyt-
kownikom tworzenie profili, nawigzywanie kontaktow, udostepnianie tresci i interakcje
z innymi uzytkownikami. Sieci spotecznosciowe stanowia wirtualne przestrzenie, w ktorych
uzytkownicy moga dzieli¢ sie informacjami, komunikowaé sie, tworzy¢ grupy tematyczne
i uczestniczy¢ w roznego rodzaju interakcjach spotecznych [45].

Bodzce w systemach interaktywnych, ktére moga wptywaé na sekwencyjna metode
nieinwazyjnej redukeji habituacji, moga by¢ réznorodnei zaleza od kontekstu aplikacji [46]
[47]. Istotna jest tutaj:

1. Czestotliwosé prezentacji bodzca: Sekwencyjna metoda nieinwazyjnej redukeji ha-
bituacji opiera sie na stopniowym zmniejszaniu intensywnosci bodzca w celu zmniejszenia
habituacji. Czestotliwosé prezentacji bodzca moze by¢ jednym z czynnikow wplywaja-
cych na skutecznosé¢ metody. Moze to obejmowaé¢ interwaly czasowe miedzy kolejnymi
prezentacjami bodzca.

2. Intensywno$é bodzca: W sekwencyjnej metodzie nieinwazyjnej redukeji habituacji,
intensywnos¢ bodzca jest stopniowo zmniejszana. Stopien redukcji intensywnosci bodzca
oraz tempo zmniejszania moga wpltywacé na efektywnosé metody.

3. Zrbéznicowanie bodzcow: Wprowadzenie zréoznicowanych bodzcow moze pomoc w unik-
nieciu habituacji. Systemy interaktywne moga oferowaé réznorodne bodzce, takie jak
zmienione kolory, ksztalty, dzwieki czy tekstury, aby utrzymacé zainteresowanie uzytkow-
nika i minimalizowa¢ efekt habituacji [48].

Interfejs uzytkownika to pojecie powszechnie stosowane w dziedzinie informatyki i tech-
nologii [49] punkt kontaktu lub powiazanie miedzy dwoma lub wiecej systemami, urza-
dzeniami lub komponentami, ktére umozliwiaja im komunikacje i wymiane informac;ji.
W kontekscie oprogramowania, interfejs oznacza zbiér regut, protokotéw i narzedzi, ktore
umozliwiaja interakcje uzytkownika z programem lub systemem. Moze to obejmowaé gra-
ficzny interfejs uzytkownika (GUI), w ktorym elementy takie jak przyciski, menu i pola
tekstowe sg uzywane do manipulacji programem za pomoca myszy i klawiatury. Innym
rodzajem interfejsu jest wiersz polecen, gdzie uzytkownik wprowadza komendy tekstowe,
aby wykona¢ okreslone zadania.



5. Wyniki badan

5.1. Interaktywne systemy rozrywkowe [A1] i [A2]!

A1l. “Increasing User Engagement and Virtual Goods Life Span Through Pro-
ducts Diversity and Intensity of Content Updates”

Sektor wirtualnych produktow jest kluczowym modelem biznesowym dla platform spotecz-
no$ciowych, gier i wirtualnych swiatow. Uzytkownicy tych systemoéw oczekuja regularnych
aktualizacji tresci i funkcji, aby zapobiec habituacji i utrzymac zainteresowanie. Przedsta-
wione badanie bada wplyw réznorodnodci i liczby wirtualnych produktéow na zaangazo-
wanie uzytkownikow. Proponowany jest rowniez model decyzyjny, ktéry wspomaga ocene
strategii aktualizacji i dystrybucji wirtualnych produktéow. Rosnace znaczenie §rodowisk
cyfrowych wymaga nowych narzedzi i metod analizy, poniewaz zjawiska znane z rynkow
offline maja réwniez zastosowanie w systemach elektronicznych. Badanie pokazuje, ze
strategie aktualizacji tresci maja wplyw na zaangazowanie uzytkownikéw i zywotnosé
wirtualnych produktéow. Wprowadzenie duzej ilosci réznorodnych produktéw w ramach
jednej aktualizacji wplywa na zainteresowanie uzytkownikow i propagacje produktow
w systemie. Badane czynniki obejmuja rowniez liczbe elementéw w aktualizacji i dynamike
uzytkowania produktéw. Proponowany model wielokryterialny pozwala ocenié¢ strategie
aktualizacji, przy uwzglednieniu kosztéw implementacji i dynamiki uzytkowania.

Bodziec, ktory zostal tutaj wykorzystany do nieinwazyjnej redukcji habitu-
acji to zr6znicowanie oraz intensywno$¢ kontentu przez réznorodnos$é sekwen-

cyjna.

A2. “From the hands of an early adopter’s avatar to the virtual junkyard: An
analysis of life-time survival of virtual goods”

Badanie koncentruje sie¢ na pomiarze i przewidywaniu czasu zycia wirtualnych débr oraz
wplywie cech wezesnych uzytkownikéw na przetrwanie tych dobr. Wykorzystuje sie uczenie
maszynowe i drzewa decyzyjne do modelowania predykcyjnego. Komunikacja i aktywnosé
spoteczna sa kluczowymi czynnikami propagowania wirtualnych doébr i sa pozadanymi
cechami wezesnych uzytkownikéw. Potrzebne sa nowe modele analityczne i strategie, aby
lepiej wykorzysta¢ wirtualne produkty w systemach online. Habitacja klientow, czas zycia
i techniki ulepszania produktéw sa istotne w przypadku rynkéw elektronicznych. Wy-
niki badania pokazuja, ze cechy wczesnych uzytkownikow maja wpltyw na zaangazowanie
i przetrwanie wirtualnych dobr w $rodowisku elektronicznym. Monitorowanie wzorcow
uzytkowania i cech uzytkownikow umozliwia identyfikacje produktéow o krotkim czasie
przetrwania i podejmowanie dziatan, takich jak zachety i techniki zapraszania dodatko-
wych uzytkownikéw, aby zmniejszy¢ efekt habituacji i zwiekszy¢ czas uzytkowania pro-
duktu.

!Sekcja powstata w oparciu o publikacje A1 i A2
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Przedstawiona koncepcja zaklada redukcje habituacji poprzez zréznicowanie
oraz intensywnos$¢ kontentu przez réznorodnos$é sekwencyjng.

5.2. Interaktywne systemy informacyjne [A3], [A4] i [A5] 2

A3. “From Perceptual to Algorithmic Evaluation of Recommending Interfaces
Survival in Visual Space”

Projektowanie systeméw rekomendacyjnych koncentruje sie na dobraniu odpowiednich
produktow i ustug dla klientéw. Jednak samo zastosowanie skutecznych algorytméw nie
zapewni sukcesu platformy e-commerce, jesli interfejs rekomendacji nie przyciaga uwagi
uzytkownikoéw. Slepote banerows, czyli adaptacje uzytkownikéw na bodzce wizualne,
mozna podswiadomie eliminowaé, a intensywno$¢ elementéw graficznych w interfejsie ma
na to wptyw. Badanie przedstawione w artykule analizuje przetrwanie obiektéw graficz-
nych iich zwiazki z intensywnoscia wizualna, zamiast tradycyjnych badan percepcyjnych.
Wymniki wskazuja, ze wzrost intensywnosci nie zawsze prowadzi do wiekszej uwagi uzytkow-
nikow. Analiza przetrwania pozwala identyfikowaé¢ roznice miedzy projektami i uzytkow-
nikami otrzymujacymi te same bodzce. Dla interfejsow o wyzszej intensywnodci, analiza
przetrwania pozwala okresli¢ proporcje uzytkownikéw bardziej skoncentrowanych na in-
terfejsie. Wyzsza intensywno$é nie gwarantuje dluzszego skupienia uwagi uzytkownika.
Wymniki pokazuja, ze analiza przetrwania w kontekscie dtugosci przetrwania wplywa na
odbiér informacji. Wieksza liczba wyroznionych elementéw nie zawsze przeklada sie na
lepsze wyniki. Warto wiec doktadnie dobra¢ liczbe wyrdznionych elementéw, a nie skupiaé
sie na zwiekszaniu intensywnodci i liczby. Zaproponowana technika analizy przetrwania
pozwala ocenié¢ skuteczno$é roznych wariantéw interfejsoéw rekomendacyjnych.

Redukcja habituacji nastepuje poprzez zréznicowanie oraz czestotliwo$é pre-
zentacji kontentu przez réznorodnosé sekwencyjnag.

A4. “Attracting User Attention to Visual Elements within Website with the
use of Fitts’s Law and Flickering Effect”

Projektowanie aplikacji wymaga skutecznego zarzadzania tre$ciami, interakcjami i prze-
strzenig. w przypadku systemoéw internetowych, przeptyw interakcji czesto opiera sie na
wyrdzniajacych si¢ elementach nawigacyjnych i reklamowych. Skalowanie rozmiaru obiek-
tow zgodnie z prawem Fittsa moze wptywaé na zachowanie uzytkownika, poprzez kontrolo-
wanie odleglosci od centralnej czesci interfejsu. w badaniu skupiono sie na analizie efektow
migotania obiektéw o réznej czestotliwosci, kierunku i odlegtosci od centralnych elementow
strony internetowej, oraz jego wplywu na uwage uzytkownika i redukcje habituacji. Ce-
lem badania byto sprawdzenie, czy wyzsza czestotliwo$é migotania moze zrekompensowaé
wiekszg odleglto$é obiektow i zwickszy¢ skupienie uzytkownika, podobnie jak skalowanie
rozmiaréw obiektow w prawie Fittsa. Wyniki wykazaly, ze migotanie zwieksza uwage na
obiekty znajdujace sie dalej, jednak nie ma wptywu na najblizsze obiekty. Zaobserwowano
poprawe o dwadzie$cia procent catkowitego czasu przyciagania uwagi obiektéow odlegtych,
jednak wieksza skutecznos¢ stwierdzono dla najblizszych obiektow, niezaleznie od czesto-
tliwosci migotania.

2Sekcja powstata w oparciu o publikacje A3, A4 i A5
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Przedstawiona koncepcja zaklada redukcje habituacji poprzez czestotliwosé
migotania obiektéw przy wykorzystaniu prawa Fittsa.

A5. “Multi-criteria Evaluation of Recommending Interfaces towards Habitu-
ation Reduction and Limited Negative Impact on User Experience”

Rosnace natezenie tresci marketingowych wizualnych moze prowadzi¢ do ograniczone;j
uwagi uzytkownikéw i spadku efektywnosci, ze wzgledu na zjawisko habituacji, znane
jako §lepote banerows. Aby przeciwdziata¢ temu problemowi, marketerzy stosuja rézne
techniki wizualne, takie jak animacje i intensywnos¢, jednak moga one prowadzié¢ do ne-
gatywnego postrzegania marki. Podobne wyzwanie dotyczy systemoéw rekomendacyjnych,
gdzie badanie opisane w tekscie analizuje wplyw natezenia wizualnego w interfejsie re-
komendacyjnym na uwage uzytkownika. Badanie wykorzystuje sledzenie wzroku i analize
wielokryterialna, aby oceni¢ doswiadczenie uzytkownika oraz skupienie uwagi na elemen-
tach wizualnych i ich natezenie. Celem badania jest znalezienie rozwiazan, ktore sa za-
rowno skuteczne, jak i majg ograniczony negatywny wplyw na uzytkownikoéw. Analiza
pokazuje, ze wysokie natezenie tresci marketingowych zazwyczaj prowadzi do gorszego
do$wiadczenia uzytkownika, wiec wazne jest poszukiwanie rozwiazan, ktore przezwycie-
zaja habituacje. Wyniki badania wskazuja, ze umiarkowana intensywnosé wizualna reko-
mendacji jest preferowana w poréwnaniu do braku wyréznienia lub silnego wyrdznienia.
z perspektywy projektowania interfejsu rekomendacyjnego i dostarczania rekomendowa-
nych tresci, umiarkowane natezenie wizualne jest bardziej korzystne, zgodnie z wnioskami
badania opartymi na analizie wielokryterialnej.

Mechanizm redukcji habituacji bazuje na intensywno$¢é wizualna obiektow
przy wykorzystaniu braku lub silnego ich wyrdznienia.

5.3. Interaktywne systemy dialogowe [A6], [A7] i [A8] ?

A6. “Towards Effective Peripherial Chatbot Communication with Adjustable
Intensity of Content Changes”

Projektowanie interfejsow uzytkownika wymaga skutecznego zarzadzania wszystkimi ele-
mentami, ktére na nich si¢ znajduja. Jednym z problemoéw jest przekazywanie wiadomosci
uzytkownikom na stronach internetowych, ktoére sa dynamiczne i czesto sie zmieniaja.
Przyktadem sa chatboty, ktore pojawiaja sie w obszarach peryferyjnych i sg czesto po-
mijane przez uzytkownikow podczas przegladania strony. Przedstawione badanie skupia
sie na wplywie intensywnosci zmian w obszarze chatbota na reakcje uzytkownikow. Ba-
danie przeprowadzono, zmieniajac tresci chatbota w obszarze peryferyjnym przy réznych
czasach reakcji. Wyniki wykazaty, ze intensywnos¢ zmian w obszarze chatbota gléwnie
wplywa na reakcje uzytkownikéow w ciggu 400 ms. Dla dtuzszych czaséow reakcji, roznica
miedzy znaczacymi a niewielkimi zmianami byta mniejsza. Oznacza to, ze dynamika chat-
bota moze by¢ dostosowywana do zachowan uzytkownikow w celu zwiekszenia swiadomo-
sci 1 efektywnosci przekazywania wiadomosci. Gtownym celem badania bylo sprawdzenie
wplywu intensywnosci zmian w chatbocie na $wiadomo$é nowej zawartosci w obszarze pe-
ryferyjnym, bez zaklécania gtownego zadania uzytkownika. Zastosowano rézne poziomy
intensywnosci zmian w chatbocie, oparte na sekwencji par tresci oraz réznicach miedzy

3Sekcja powstata w oparciu o publikacje A6, AT i A8

19



nimi. Wyniki jednoznacznie pokazaly, ze intensywno$¢ zmian w obszarze chatbota miata
istotny wpltyw na reakcje uzytkownikéw, ktorzy spedzali na stronie okoto 400 ms. Dla
dtuzszych czasow reakeji, od okoto 500 ms do koica, réznica miedzy duzymi a malymi
zmianami byla mniejsza. To sugeruje, ze dynamika zmian w chatbocie moze by¢ dosto-
sowywana do indywidualnych zachowan uzytkownikéw, aby zwiekszyé¢ ich $wiadomosé
zmian i efektywnosé przekazywania konkretnej wiadomosci.

Mechanizm redukcji habituacji bazuje na sekwencyji intensywnosci wizualnej
obiektow.

AT7. “Improving User Attention to Chatbots through a Controlled Intensity of
Changes within the Interface”

W kontekscie rozwoju technologii wspierajacych chatboty, niewiele badan skupito sie na
aspektach wizualnych interfejsu. Zmiany w obszarze chatbota moga mie¢ r6zny charak-
ter, takie jak zwickszanie lub zmniejszanie liczby wiadomosci. Ze wzgledu na zjawisko
habituacji, czyli slepoty na zmiany, wiadomosci dostarczane przez chatboty moga nie by¢
zauwazane przez uzytkownikow. Gtownym celem przedstawionego badania byto zbadanie
wplywu zmian wewnatrz chatbota na zachowanie uzytkownikoéw oraz zdolno$é skierowania
ich uwagi na ten obszar. Badanie to wykazato, ze intensywno$¢ i rodzaj zmian wewnatrz
chatbota moga poprawi¢ wydajno$¢ i skuteczno$é dostarczania wiadomosci do uzytkowni-
koéw. Badanie skoncentrowato sie na tym, jak zmiany tresci byly reprezentowane w obsza-
rze chatbota. Wyniki oparte na dekompozycji wiadomosci chatbota na osobne sktadniki
wykazaly, ze intensywne zmiany w tresci wizualnej byty bardziej skuteczne niz stopniowe
aktualizacje. Zarowno zwickszajace sie, jak i zmniejszajgce sie zmiany w obszarze widzenia
chatbota mialy rownie duzy wptyw, podobnie jak stopniowe zmiany w obszarze widzenia.
Pojawienie si¢ nowych wiadomosci w obszarze chatbota przyciggato o okoto 60% wiecej
uzytkownikéw niz ich znikniecie. Badanie potwierdzilo rowniez intuicyjne zalozenie, ze
im wicksze zmiany zachodza w obszarze chatbota, tym wicksza jest zdolno$é chatbota do
przyciagania uwagi uzytkownika. Stopniowe zmiany w przestrzeni wizualnej byty trud-
niejsze do wykrycia. z tego powodu deweloperzy chatbota powinni rozwazy¢ wyswietlanie
duzych blokéw tresci naraz, zamiast stopniowego wprowadzania wiadomosci o mniejszym
polu widzenia.

Redukcja habituacji nastepuje poprzez stopniowe sekwencyjne zmiany obiek-
tow w przestrzeni wizualnej.

AS8. “Impact of changes in chatbot’s facial expressions on user attention and
reaction time”

Komunikacja online z wykorzystaniem chatbotéw wymaga skutecznych algorytméw, prze-
twarzania jezyka i atrakcyjnej reprezentacji wizualnej. Aby zwiekszy¢ zaangazowanie uzyt-
kownikow i sprawié, ze komunikacja jest bardziej naturalna, kluczowe sa habituacja i se-
kwencyjno$¢. Chatboty musza konkurowaé z innymi elementami na stronach interneto-
wych i w aplikacjach, wiec przyciagniecie uwagi uzytkownika jest wyzwaniem. Badanie do-
tyczyto wptywu emocjonalnych wyrazéw chatbota na czas reakcji uzytkownika. Odkryto,
ze uzytkownicy bardziej reaguja na pozytywne emocje, ktore sa zauwazane szybciej niz
negatywne. Analiza zmian emocji wyrazanych przez chatbota, przedstawianych sekwen-
cyjnie, wykazala, ze szczescie, zaskoczenie i strach skutkowaly szybszym czasem reakcji.
Sredni czas reakeji na wizualne zmiany w sekwencji zmniejszat sie z kazda kolejna zmiang.
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To badanie sugeruje, ze przy tworzeniu chatbota warto przemysleé¢, ktére emocje sa od-
powiednie dla konkretnych komunikatéw, aby osiagnaé¢ szybka reakcje uzytkownika.

Redukcja habituacji nastepuje poprzez stopniowe sekwencyjne zmiany obiek-
tow w przestrzeni wizualnej.

5.4. Media spolecznosciowe i dyfuzja informacji [A9] i [A10] *

A9. “Modeling the impact of the habituation effect on information spreading
processes with repeated contacts under an SI model”

Informacje, ktorym jesteSmy narazeni, pochodza z réznych zrédel, niezaleznie od naszych
preferencji. Ze wzgledu na ograniczona zdolno$¢ przetwarzania informacji, czes¢ komuni-
katéw moze by¢ absorbowana, podczas gdy inne sg ignorowane. Powtarzajace sie bodzce
prowadza do habituacji, co oznacza, ze reakcje staja si¢ nizsze ze wzgledu na proces uczenia
sie. Ten efekt jest badany przede wszystkim w kontekscie bodzcow wizualnych, ale ma
réwniez znaczenie w rozprzestrzenianiu informacji. Modele rozprzestrzeniania informacji
czesto zaktadaja powtarzajacy sie kontakt, ale nie uwzgledniajg habituacji, ktora obniza
reaktywnos¢ w sieci. w badaniu analizuje si¢ wpltyw habituacji na rozprzestrzenianie in-
formacji za pomoca modelu podatny-zarazony (SI), ktory jest czesto wykorzystywany
w innych modelach. Wykazano, ze spadek habituacji znaczaco wptywa na procesy propa-
gacji informacji, pogarszajac ich wyniki. Nawet niewielkie zmiany w poziomie habituacji
maja istotny wplyw na te procesy propagacyjne.

Mechanizm redukcji habituacji bazuje na zréznicowaniu oraz czestotliwosci
propagacji informacji.

A10. “Evaluation of the Costs of Delayed Campaigns for Limiting the Spread
of Negative Content, Panic and Rumours in Complex Networks”

Wrzrost wydajnosci proceséw rozprzestrzeniania informacji i maksymalizacja wpltywu sa
istotne z perspektywy marketingu i dziatan w sieciach spotecznosciowych. Istnieje takze
potrzeba tlumienia procesoéw rozprzestrzeniania w celu ograniczenia rozpowszechniania
dezinformacji, informacji szkodliwych dla zdrowia publicznego lub redukcji roli konkuren-
tow na rynku. Dzialania ttumigce moga polega¢ na rozpowszechnianiu konkurencyjnych
tredci, a ich skutecznodé zalezy od czasu i intensywnosci kampanii. Przedstawione badanie
wskazuje, ze opdznienie w uruchomieniu dziatan ttumigcych moze by¢ zrekompensowane
poprzez odpowiednie dostosowanie parametréw, co nadal moze przyniesé pozadane rezul-
taty.

Redukcja habituacji nastepuje poprzez zréznicowanie oraz czestotliwos$é pro-
pagacji informacji.

4Sekcja powstata w oparciu o publikacje A9 i A10
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5.5. Media strumieniowe [A11] °

A11l. “Modeling the Impact of Video Dynamics on User Engagement and Eye
Tracking Patterns”

Badania dotyczace potencjatu tresci wideo w przyciaganiu uwagi uzytkownikéw oraz po-
prawy ich skutecznosci bez zwieckszania obciazenia poznawczego i unikania reklam sa
istotne dla prowadzenia skutecznych kampanii marketingowych. w publikacji zbadano, jak
dynamika wideo, mierzona za pomoca dedykowanych metryk, jest powiazana z wzorcami
sledzenia wzroku i czy moze przewidywac zaangazowanie uzytkownika, mierzone liczbg fik-
sacji i czasem spedzonym na ogladaniu tresci wideo. Wyniki wskazuja, ze wybrane metryki
moga stuzy¢ jako predyktory wzorcéow ruchu oczu i ze dynamika wideo ma rzeczywisty
wplyw na zaangazowanie uzytkownikow w ogladane tresci wideo. Ogolnie rzecz biorgc, wy-
niki sugeruja, ze im wieksza dynamika wideo, tym wicksze zaangazowanie uzytkownikow,
wyrazajace sie w dhuzszym czasie ogladania, wiekszej liczbie odwiedzin obszaru wyswietla-
nia wideo i wiekszej liczbie fiksacji. Jednak nalezy unika¢ nadmiernego nasycenia trescia
wideo dynamika, poniewaz moze to prowadzi¢ do przeciwnego efektu i zmniejszonego
zaangazowania uzytkownikéw. Skuteczne tresci wideo marketingowe wymagaja integracji
kilku elementéw, takich jak apel emocjonalny, dynamika i techniki przyciagania uwagi,
aby zwiekszy¢ zaangazowanie uzytkownikow. Niemniej jednak, mimo dobrze zaprojek-
towanych tresci, intensywne korzystanie z tresci wideo w celach marketingowych moze
prowadzi¢ do zachowan unikania, pomijania lub blokowania reklam wideo. Uzytkownicy
maja coraz krotsza tolerancje dla diugich tresci wideo. w takiej sytuacji warto eksplo-
rowaé¢ metody, ktore pozwolg na projektowanie efektywnych tresci bez uciekania sie do
technik, ktore pogarszaja doswiadczenie uzytkownika. Badanie sugeruje, ze tworcy tresci
wideo moga probowac kontrolowaé¢ zaangazowanie uzytkownikow poprzez stosowanie scen
o roznym stopniu dynamizmu. W przysztosci istotne bedzie identyfikowanie cech wideo nie
tylko na podstawie réznic kolorystycznych, ale takze na podstawie cech obiektéw obecnych
w kadrze, aby mozliwe bylo ocenianie réznic na podstawie elementéw sceny, a nie tylko
intensywnosci wizualne;j.

Mechanizm redukcji habituacji bazuje na zréznicowaniu, czestotliwosci oraz
intensywno$ci kontentu wideo.

5.6. Modelowanie wplywu habituacji i przerw w procesie
eksploatacji na dzialanie wielorekich bandytéw [A12]°

A12. “Modeling the Impact of Habituation and Breaks in Exploitation Process
on Multi-Armed Bandits Performance”

Habituacja jest powszechnym zjawiskiem w procesie uczenia, gdzie reakcja na powta-
rzajacy sie bodziec maleje wraz z uptywem czasu. w algorytmach Multi-Armed Bandits
(MAB), ktore sa wykorzystywane do optymalizacji dostarczania tresci wizualnych, ha-
bituacja moze prowadzi¢ do suboptymalnej wydajnosci. Na przyktad, jesli agent staje
sie zhabituowany do podwoéjnej ramy, moze kontynuowaé¢ wybieranie tej ramy, nawet

5Sekcja powstala w oparciu o publikacje A11
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jesli sa dostepne lepsze opcje. Habituacje mozna modelowaé jako forme "zapominania",
gdzie agent stopniowo traci pewno$é w swoje oszacowania prawdopodobienstw nagrody
dla kazdej ramy w miare uptywu czasu. Proponowane podejscie pozwala na aktualizacje
oszacowan zgodnie z modelem habituacji, jednocze$nie wykorzystujac rame o najwyzszym
oszacowanym prawdopodobienistwie nagrody. Wyniki pokazaly, ze jest to bardzo dobre
rozwigzanie wprowadzenia przerw w modelu habituacji Multi-Armed Bandit, ktory zostat
zaimplementowany i przetestowany w naszym badaniu. w artykule opisano zjawisko habi-
tuacji w kontekscie uczenia oraz wplyw tego zjawiska na algorytmy Multi-Armed Bandits
(MAB), ktore sa stosowane do optymalizacji dostarczania tresci wizualnych. Wskazano,
ze habituacja moze prowadzi¢ do wybierania suboptymalnych opcji przez agenta, nawet
gdy sa dostepne lepsze mozliwosci. Zaproponowano podejscie, ktore uwzglednia model ha-
bituacji i pozwala na aktualizacje oszacowan nagrod dla poszczegdlnych rak w zaleznosci
od tego zjawiska. Jednoczesnie wykorzystuje sie informacj¢ o najwyzszym oszacowanym
prawdopodobienistwie nagrody dla ramy. Przeprowadzone badania potwierdzity, ze wpro-
wadzenie przerw w modelu habituacji MAB jest skutecznym rozwigzaniem. Badanie to
zostalo zaimplementowane i przetestowane, co pozwolito uzyskaé obiecujace wyniki. Ogol-
nie rzecz biorac, habituacja jest ztozonym zjawiskiem, ktére moze wpltywac¢ na wydajnosé
algorytmow Multi-Armed Bandits (MAB). Jednak poprzez zastosowanie adaptacyjnych
strategii eksploracji, algorytméw "restless bandit"lub algorytméw bandyty kontekstowego,
badacze mogg zmniejszy¢ szanse wystapienia habituacji i poprawi¢ wydajnosé algorytmow
MAB. Wazne jest zauwazenie, ze jest to ogolny przeglad i konieczne sa dalsze badania i stu-
dia w celu opracowania bardziej szczegbtowego i kompletnego artykutu. Podsumowujac,
habituacja jest istotnym aspektem algorytmoéw Multi-Armed Bandit (MAB), poniewaz
pomaga agentowi w rownowazeniu eksploracji i eksploatacji. Poprzez modelowanie habi-
tuacji jako formy "zapominania", agent moze kontynuowaé aktualizacje swoich oszacowan
prawdopodobienstw nagrody dla kazdej ramy, jednocze$nie wykorzystujac rame z najwyz-
szym oszacowanym prawdopodobieristwem nagrody. Ogolnie rzecz biorac, habituacja jest
istotnym czynnikiem do rozwazenia podczas projektowania i wdrazania algorytmoéow MAB
w celu osiggniecia optymalnych rezultatéow. Oprocz zmniejszenia wplywu habituacji, prze-
rwy w ekspozycji na bodzce w problemie MAB maja kilka innych korzysci. Po pierwsze,
umozliwiaja uzytkownikowi dostep do innych ram algorytmu, co moze prowadzi¢ do odkry-
cia bardziej korzystnych decyzji. Po drugie, przerwy zapobiegaja szybkiemu wyczerpaniu
najlepszej ramy i uniemozliwiaja utkniecie algorytmu w suboptymalnych rozwiazaniach.
Ostatecznie, zastosowanie przerw w ekspozycji na bodzZce moze poprawic¢ stabilnosé i efek-
tywnos¢ algorytmu MAB, zmniejszajac wptyw losowosci na wyniki i zwiekszajac precyzje
decyzji. Ogolnie rzecz biorac, przerwy w habituacji sa waznym narzedziem w problemie
MAB i moga pombc osiggnaé lepsze wyniki i lepsze doswiadczenia uzytkownikow.

Artykul ten uogélnia dotychczasowe badania i mechanizmy redukcji habituacji
w systemie uczacym sie.



6. Podsumowanie

Sekwencyjna metoda nieinwazyjnej redukcji habituacji odnosi sie do strategii majacych
na celu zmniejszenie wpltywu habituacji, czyli utraty zainteresowania uzytkownikéw, na
systemy interaktywne, w tym systemy rekomendujace, media strumieniowe, platformy
spotecznosciowe czy platformy komunikacyjne.

Badania zostaly posadowione w dyscyplinie Informatyka techniczna i telekomunikacja,
a w szczegblnosci zgodnie z klasyfikacja ACM Digital Library Computing Classification
System w obszarach Human-centered computing - Human computer interaction (HCI) -
HCI design and evaluation methods - Laboratory experiments.

W interaktywnych systemach rozrywkowych, sekwencyjne podejécie moze by¢ stosowane
do utrzymania zaangazowania uzytkownikow poprzez dostosowywanie interfejsu uzytkow-
nika, stosowanie gamifikacji, organizowanie interaktywnych dziatan spotecznych i promo-
wanie réznorodnych form komunikacji. Dodatkowo, wykorzystanie technik personalizacji
tresci czy modelowanie preferencji uzytkownika, pozwala dostarczyé rekomendacje do-
ktadnie dopasowane do indywidualnych potrzeb i zainteresowan (A1, A2).

W interaktywnych systemach informacyjnych, zwtaszcza rekomendujacych, sekwencyjna
redukcja habituacji znajduje odzwierciedlenie w strategiach, ktére maja na celu zapo-
bieganie habituacji uzytkownikéw poprzez réznorodnosé i zmiennosé prezentowanych re-
komendacji. System rekomendacyjny dazy do prezentowania réznorodnych rekomendacji
zamiast skupia¢ sie tylko na najpopularniejszych lub najbardziej podobnych elementach.
Moze to obejmowac rekomendacje z roznych kategorii, rozne style lub warianty podobnych
elementéw. Celem jest tez dostarczanie zréznicowanych i interesujacych rekomendacji,
ktore utrzymuja zainteresowanie uzytkownikow. Poprzez zastosowanie réznych algoryt-
mow, uwzglednianie kontekstu, eksplorowanie nowych obszaréw i prezentowanie réznorod-
nych rekomendacji. System rekomendacyjny moze przeciwdziata¢ habituacji i zapewnié¢
bardziej satysfakcjonujace doswiadczenie uzytkownikom (A3, A4, A5).

W interaktywnych systemach dialogowych, w szczeg6lnosci dotyczacych komunikatéw oraz
obiektow wizualnych w obszarze chatbota, wykorzystuje sie podejscia, ktoére maja na celu
zmniejszenie efektu habituacji i utrzymanie zainteresowania uzytkownika. W przypadku
komunikatow tekstowych, chatbot moze korzystaé¢ z réznych wariantéw tresci, aby uniknaé
monotonii. Moze to obejmowaé¢ zmienne frazy, struktury zdania, dtugos¢ komunikatéw,
a takze rézne sposoby przedstawiania informacji. Rotacja tresci zapewnia wieksza rézno-
rodnos¢ w komunikatach i minimalizuje przewidywalnosé. W obszarze chatbota zapropo-
nowana metoda polega na dostarczaniu réznych obiektéw wizualnych w odpowiedzi na za-
pytania uzytkownika. Moze to obejmowaé¢ pokazywanie réznych obrazéw, zmienne uktady
graficzne lub dynamiczne prezentowanie danych w atrakcyjny sposob. Celem sekwencyjnej
wzgledem redukcji habituacji jest zapewnienie r6znorodnosci, zaskoczenia i personalizacji
w interakcjach z chatbotem. Poprzez stosowanie tych technik, chatbot staje sie bardziej
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angazujacy i trzyma uzytkownika zainteresowanego, co przektada sie na lepsze doswiad-
czenie uzytkownika z systemem dialogowym (A6, A7, AS).

W przypadku mediéw spolecznosciowych i dyfuzji informacji, wykorzystuje sie podjescie,
ktore umozliwia skuteczng kontrole i zarzadzanie procesem adaptacji i utraty zaintere-
sowania uzytkownikow, co przektada sie na diugotrwale i trwale oddzialywanie tresci
mediéw spotecznosciowych. Dzieki temu zastosowaniu mozliwe jest utrzymanie uwagi
uzytkownikéw oraz pobudzanie ich zaangazowania, co stanowi kluczowy czynnik sukcesu
w kontekscie dyfuzji informacji w mediach spotecznosciowych.(A9, A10).

W przypadku mediéw stumieniowych, wprowadzono dynamiczne dostosowanie rekomen-
dacji na podstawie biezacego kontekstu uzytkownika, dostosowanie dynamiki scen wideo,
wykorzystanie technik personalizacji tresci oraz zréznicowanie prezentowanych propozycji,
aby unikna¢ monotonii i znuzenia uzytkownika (A11).

Biorac pod uwage publikacje, ktore wchodza w sktad rozprawy tj. od Al do A1l pozyskano
niezbedna wiedze, ktora wykorzystano w publikacji [A12]. Na ich podstawie opracowano
sekwencyjna metode nieinwazyjnej redukcji habituacji. Zaproponowano w nim podejscie
wykorzystujace algorytm MAB, ktory spelnia podstawowe cechy systemu uczacego sie.
W algorytmie MAB redukcja habituacji wiaze sie z wprowadzeniem przerw w eksplo-
racji i eksploatacji, aby uniknaé¢ przewleklej eksploatacji wybranych opcji i zachecié do
eksploracji innych, potencjalnie lepszych wariantow (A12).

Przeprowadzone badania wzbogacaja wiedze na temat skutecznych strategii utrzymania
zaangazowania uzytkownikéw. Proponowane podejscie moze przyczynié¢ sie do tworze-
nia systemoéw interaktywnych, ktore lepiej odpowiadaja zmieniajacym sie oczekiwaniom
uzytkownikéw. W kazdym z rozpatrywanych obszaréw metoda dazy do zapewnienia dy-
namiki, personalizacji i r6znorodnosci do$wiadczen uzytkownika. Poprzez unikanie mono-
tonii i znuzenia, systemy interaktywne moga lepiej odpowiadaé¢ na zmienne oczekiwania
i preferencje uzytkownikéw, co przektada sie na wyzsze zaangazowanie i satysfakcje.

Podsumowujac, sekwencyjna metoda nieinwazyjnej redukcji habituacji ma na celu zapew-
nienie efektywnych komunikatéw dla ktérych nie sa stosowane techniki inwazyjne uzyt-
kownikom w systemach interaktywnych, takich jak systemy rekomendujace, platformy
spolecznosciowe oraz wideo strumieniowe. Poprzez zastosowanie odpowiednich strategii,
takich jak personalizacja, zréznicowanie, sekwencyjnosé i interaktywnos¢, mozna zmniej-
szy¢ wplyw habituacji i utrzymaé zaangazowanie uzytkownikéw na wysokim poziomie.
Wiedza z cyklu publikacji wchodzacych w sktad rozprawy doktorskiej zostata syntezowana
i wykorzystana do opracowania sekwencyjnej metody nieinwazyjnej redukcji habituacji
w systemach interaktywnych, ktora ugoolniono w publikacji [A12]. Zaproponowano w niej
system uczacy sie i w nim wlaczono mechanizmy habituacji obliczeniowej, wprowadzono
parametry habituacyjne, oraz wprowadzono przerwyw komunkacji. w ramach realizowa-
nych badan cel rozprawy zostal osiagniety.

Osiagniecia uzyskane w rozprawie, ktore stanowia wktad do Informatyki technicznej i te-
lekomunikacyi jednoczesnie potwierdzaja realizacje celu rozprawy oraz postawiona teze
obejmuja:

— wlaczenie mechanizméw habituacji obliczeniowej do algorytmu MAB;
— wprowadzenie parametréw habituacyjnych do algorytmu MAB;

— wprowadzenie przerw w celu zredukowania habituacji w algorytmie MAB;
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— opracowanie podejécia wykorzystujacego sekwencyjnosé¢ ekspozycji obiektow oraz ko-
munikatow w chatbocie z wykorzystaniem zmian w poszczegdlnych etapach sekwencji;

— opracowane podejécie analityczne z wykorzystaniem analizy przetrwania, ktora po-
zwala ocenié¢ efektywnos¢ prezentowanych sekwencyjnie rekomendac;ji;

— zbadanie i zaproponowanie analizy zréznicowania sekwencji scen w wideo;

— zbadanie i opracowanie podej$cia o umiarkowanej intensywnosci wizualnej w syste-
mach rekomendujacych przy preferowanym braku wyréznienia lub silnego wyréznienia;

— zaproponowano model wielokryterialny, ktory pozwala oceni¢ strategie aktualizacji
przy sekwencyjnie wprowadzanych obiektach cyfrowych w grach wideo;

— gzaproponowano podejscie wykorzystujace wyzsza czestotliwos¢ pozioméw migotania
o mozliwym najnizszym oddzialywaniu na uzytkownika przy niskiej intensywnoéci
wizualnej;

— zintegrowanie mechanizmoéw habituacji w modelu rozprzestrzeniania informacji w sie-
ciach ztozonych;

— opracowanie, zaimplementowanie oraz zrealizowanie szeregu eksperymentéw z wyko-
rzystaniem eyetrackera;

Przeprowadzone badania pozwolily na potwierdzenie postawionej w rozprawie tezy. Ana-
liza charakterystyki wizualnej obiektow wysSwietlanych sekwencyjnie w procesie korzy-
stania z systemu interaktywnego oraz reakcji odbiorcy umozliwia wyznaczanie poziomu
oddzialywania wizualnego dla stanéw przysztych, ktore zapewnia pozyskanie uwagi uzyt-
kownika.

W trakcie prac nad rozprawa doktorska zidentyfikowano potencjalne obszary dalszych
badan. Przyktadowo dla dalszych efektow w zakresie stosowania przerw w komunikacji
kluczowe moze by¢ dynamicznie dostosowywanie przerw w zaleznosci od reakcji uzytkow-
nikéw i ewolucji ich preferencji. Algorytm MAB moze analizowa¢ dane zwrotne i dosto-
sowywaé ich czestotliwos¢ oraz dtugosé przerw, tak, aby utrzymacé zaangazowanie uzyt-
kownikéw na wystarczajacym poziomie. Na przyktad, jesli uzytkownicy wykazuja wieksze
zainteresowanie po krotkiej przerwie, system moze dostosowaé czas trwania przerw w celu
unikniecia habituacji i utrzymac jego zaangazowania.



7. Dorobek akademicki

Niniejszy rozdzial prezentuje dorobek akademicki mgra Kamila Bortko, kandydata do
stopnia naukowego doktora. W ramach prezentowanego dorobku wyodrebniono osiagnie-
cia naukowe, dydaktyczne, organizacyjne i zawodowe.

7.1. Dorobek naukowy

7.1.1. Profile internetowe!

Wskazniki z profilu internetowego Google Scholar zebrane zostaty w tabeli 7.1.

Tabela 7.1. Profile internetowe (stan na dzien 28.06.2023).

Profil Liczba artykuléw Liczba cytowan h-index

Google Scholar 17 47 4

7.1.2. Wykaz pozostalych prac naukowych?

Ponizej przedstawiono wykaz pozostatych prac naukowych opublikowanych oraz w druku:

1. Lewandowska A., Rejer 1., Bortko K., Jankowski J. (2022). Eye-Tracker study of
influence of affective disruptive content on user’s visual attention and emotional state.
Sensors, 22(2), 547.

2. Pazura P., Bortko K., Jankowski J., Michalski R. (2020). A Dynamic Vote-Rank Ba-
sed Approach for Effective Sequential Initialization of Information Spreading Processes
Within Complex Networks. In Computational Science-ICCS 2020: 20th International
Conference, Amsterdam, The Netherlands, June 3-5, 2020, Proceedings, Part I 20 (pp.
638-651). Springer International Publishing.

3. Karczmarczyk A., Bortko K., Bartkow P., Pazura P., Jankowski J. (2018, August).
Influencing information spreading processes in complex networks with probability
spraying. In 2018 IEEE/ACM international conference on advances in social networks
analysis and mining (ASONAM) (pp. 1038-1046). IEEE.

4. Pazura P., Jankowski J., Bortko K., Bartkow P. (2019, August). Increasing the diffu-
sional characteristics of networks through optimal topology changes within sub-graphs.

IStan na dzien 28.06.2023 r.
2Stan na dzieri 28.06.2023 r.
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In Proceedings of the 2019 IEEE/ACM International Conference on Advances in Social
Networks Analysis and Mining (pp. 994-1000).

Cypryjanski J., Grzesiuk A., Bortko K.(2020). What Really Helps Us Make a Cho-
ice? An Experimental Evaluation of AHP. In Experimental and Quantitative Methods
in Contemporary Economics: Computational Methods in Experimental Economics
(CMEE) 2018 Conference (pp. 353-363). Springer International Publishing.

7.1.3. Pozostale

— Udzial w grantach badawczych w charakterze wykonawcy /stypendysty:

e Wspomaganie procesow rozprzestrzeniania tresci marketingowych w mediach spo-
tecznosciowych (OPUS, 2016/21/B/HS4/01562)

e Nieinwazyjne metody redukcji zjawiska habituacji w marketingu elektronicznym
(OPUS, 2017/27/B/HS4/01216)

Komercyjny projekt badawczy ,Badanie Sciezek wzrokowych uzytkownikéw systemu
rezerwacji biletow lotniczych przy pomocy eye trackingu”

e Celem glownym badania byta analiza efektywnosci systemu rezerwacji biletéw lotni-
czych po wprowadzeniu poprawek na podstawie dwoch poprzednich testéw uzyteczno-
Sci oraz wykryciu ewentualnych nowych probleméw uzytecznosci. Dostarczone przez
zleceniodawce prototypy symulowaty finalny produkt, a ewentualne poprawki mogty
zosta¢ wdrozone jeszcze przed ostatecznymi pracami deweloperskimi.

e Badanie mialo w zamiarze zweryfikowanie wzorcéow zachowan z wykorzystaniem
trzech scenariuszy obstugi systemu rezerwacji biletow lotniczych. Kolejnym celem ba-
dania byta identyfikacja kluczowych zachowan w odniesieniu do elementéw stron i eta-
pow interakcji z punktu widzenia

Pehitem funkcje tutora w projekcie dofinansowanym ze srodkéw UE "Szkota Ortow
ZUT"w roku akademickim 22/23.

7.2. Dorobek dydaktyczny

7.2.1. Kursy

W ramach dotychczasowej pracy dydaktycznej prowadzitem zajecia na poziomie S1 zgod-
nie z wykazem:

1.

Bazy danych
— cykl 15 laboratoriow

. Narzedzia inzynierskie

— cykl 4 laboratoriow

Wprowadzenie do informatyki
— cykl 3 laboratoriow
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Projektowanie zorientowane na uzytkownika
— cykl 15 laboratoriow

Projektowanie zorientowane na cztowieka
— cykl 15 wyktadow i 15 laboratoriow

Pracownia dyplomowa
- cykl 8 seminariow

Inzynierski projekt zespotowy
— cykl 15 spotkan projektowych

Zarzadzanie informacja 2
— cykl 3 laboratoriow

Duze zbiory danych
— cykl 4 laboratoriow

7.2.2. Prace dyplomowe

Podczas dotychczasowej pracy dydaktycznej bytem promotorem nastepujacych prac inzy-
nierskich:

1.

Opracowanie aplikacji do automatycznego testowania stron internetowych szkot wyz-
szych w Szczecinie.

. Model interfejsu uzytkownika do badania reakcji uzytkownika poprzez ocene, wyszu-

kiwanie oraz zamawianie online potraw w restauracjach.

Model interfejsu uzytkownika do badania reakcji na wyswietlane tresci multimedialne
przy wykorzystaniu prawa Fittsa.

Modelowanie wptywu zmiennosci tresci w botach internetowych na poziom uwagi uzyt-
kownikow.

Model aplikacji do oceny oraz tworzenia rankingéw filmow i seriali przy wykorzystaniu
danych z zewnetrznych serwiséw filmowych.

Badanie wptywu elementéw wizualnych na zainteresowanie uzytkownikow trescia bo-
tow internetowych.

Model systemu doboru poziomu intensywnosci oddziatywania wizualnego w systemach
internetowych przy uzyciu okulografu.

Analiza oddzialywania tresci reklamowych na stronach internetowych na odbiorce.

Model interfejsu uzytkownika do badania reakcji na prezentowane tresci multime-
dialne.

7.3. Dorobek organizacyjny

— Poprowadzenie prelekcji na targach pracy RQBBIT 2022.

29



— Jestem opiekunem oraz bralem udzial w przygotowaniu laboratorium do badan syste-
moéw informatycznych i gier na WI sala 001 z udzialem eyetrackingu.

7.4. Dorobek zawodowy

7.4.1. Historia zatrudnienia

2016-2017 Bertelsmann Media Sp. z o0.0. z siedziba w Warszawie Oddzial Arvato Services Polska
w Plewiskach

Analityk specjalista ds. raportowania ¢ analiz danych

2017-2018 STU Ergo Hestia
Analityk zespotu specjalistow ds. oceny ryzyka

2018-obecnie Wydziat Informatyki ZUT w Szczecinie
Pracownik naukowo-dydaktyczny na stanowisku aystent
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Abstract. The virtual goods sector has become one of the main busi-
ness models for social platforms, games and virtual worlds. While online
systems are under continuous development, their users require frequent
updates of virtual goods, new digital content and functionality. System
developers face dilemmas concerning the frequency of updates or con-
tent drops to decrease the habituation effect and increase the life span
of digital products. The presented research shows how the diversity and
number of virtual products can increase user engagement and interest in
new products. Apart from the empirical study, a multi-criteria decision
support model is proposed for the evaluation of strategies used in system
updates and virtual goods distribution.

1 Introduction

Nowadays, virtual worlds live in symbiosis with the real world. They can be
implemented within games, social platforms or dedicated systems with com-
plex social and economic phenomena observed [3]. They enable the possibility of
correlating real-time communication with respect to economic activity between
users. Together with their evolution, new business models were developed based
on the distribution of virtual goods [4] such as avatars [7]. The sale of virtual
goods has become an important business model for online games and virtual
worlds [1,2]. Virtual goods usually refer to virtual items such as avatar clothing,
weapons, pets, coins, characters and tokens [10,12]. While there is substantial
research on the motivation to purchase virtual goods [11], the research related
to identifying the role of content characteristics for product life span and fac-
tors affecting user engagement is limited. Online systems are continuously being
updated with new game content [20] and then content spreads within the system
[16]. Adjusting the frequency, volume and quality of this new content requires
analysis and planning. The presented research shows how strategies of content
updates affect user engagement and product life span. The empirical study is
© Springer Nature Switzerland AG 2019
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followed by a multi-criteria evaluation of these strategies. The rest of the paper
is organized as follows: Sect. 2 includes the literature review and Sect. 3 presents
the conceptual framework and assumptions for the proposed approach. In the
next section, the empirical results are presented, followed by a multi-criteria
strategy evaluation presented in Sect.5 and summary in Sect. 6.

2 Related Work

Virtual goods are the basic source of income for many internet ventures and
platforms [10]. There has been a substantial increase in research on the purchases
of virtual goods over the last decade [11]. The literature focuses primarily on
the relationship between game design and the business model of selling content
within games and virtual worlds [11] and their role in creating a positive user
experience [2]. Players motivations to acquire various virtual goods are analyzed,
as well as developing advantages over the competition. An important aspect of
this is related to expressing yourself through, for example, a special outfit, theme
or avatar. The motivation shown by users in participating in activities and using
the services they engage in is related to their attitudes towards virtual goods
[12].

Virtual goods are usually closely related to the specific game in which cus-
tomers buy them. Therefore, game developer should foresee the continuity and
benefits of using and purchasing virtual goods. However, before taking advantage
of this, the intention of further use must be assessed [9]. An important aspect
of this is the subjective assessment of the player based on the psychological
assessment of motivation and exploring the mechanisms of the decision-making
process. This is measured by the level of user involvement when buying virtual
goods.

From the perspective of MMO (massively multiplayer online) games, we can
see a relationship between revenue and the motivation of players [24]. Motivation
itself can result from various aspects such as maintaining distance from other
players, acquiring new things or even identifying with a virtual character. It
was discovered that revenue is strongly correlated with the user’s motivations.
Therefore, we must analyze how these aspects, such as usefulness and attitude,
prompt the user to purchase virtual goods.

Often, because it costs nothing to get the game itself, free online games are
strongly focused on the sale of virtual items. The publishers, however, encourage
the purchase of virtual goods to improve the character’s abilities and collect
unique items such as armor or clothing. They allow the user to emphasize their
individuality. However, users can still use the website’s services free of charge.
This enables the publishers to build a growing base of new customers [13].

There is currently a strong emphasis on customer engagement in the usage
and distribution of digital content. This is achieved with the help of various mech-
anisms of content propagation. People are more willing to promote and distribute
different types of information [8]. People who trust the content themselves are
more likely to recommend it to others whilst also being more susceptible to
receiving this type of information [22].
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Developers face dilemmas related to optimal frequency of virtual goods
updates, their volumes and intensity with focus on continuous development [20].
A low frequency of updates can result in user churn, while frequent develop-
ment of new content increases operational costs. From another point of view,
users may have a limited ability for digital content consumption when content
is updated frequently. This may be considered as an unwise budget allocation
when content production is significantly higher than demand. Another problem
is taking into account limited availability of users within the system [17].

The life span of online gaming products is usually shorter than that of tra-
ditional products, and users are constantly expecting new content and system
updates [18,19]. Another problem is the habituation effect resulting from the
short life span of virtual goods and limited time in which the product can attract
web users. This opens up new directions for research since so far it has mainly
only been studied for traditional markets [23].

3 Conceptual Framework

To gather knowledge about virtual products usage and behavior the system is
monitored towards engagement, content life span and gathered knowledge is used
during platform development. Generalization of presented problem assumes n
content updates Uy, Us, ..., U, with the use of m content categories C7,Co, ..., C},
(Fig.1). Within each update U; and category C; new elements FE; ;j are intro-
duced, where k represents the number of element from category j assigned to
content update ¢, where ¢ = 1,2,...,n, 7 =1,2,...,mand k = 1,2, ..., N(U;, Cj).

Update Category Element Target users User engagement and media consumption
» E > P2
. G 11,1 P1 C, C, C, Cn * Cy Cn
» Epinuicy P3
u .
c > Eima N - T ) I I I I
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Fig. 1. Evaluation of digital content distribution strategies based on product diversifi-
cation and scale of updates
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Value N (U;, C;) represents the number of elements within category C; used dur-
ing update U;. Content is delivered to target platform’s users P = Py, P, ..., P,.
In the following time periods T3, T5,..., T} user activity and consumption of
each content unit is monitored. Regarding used strategies and content elements
assigned to each update U; different effect can be observed. For example update
U; resulted continuous usage of delivered virtual products with long life span.
For Uy high intensity of usage is observed only at the beginning period and
then users loose interest in new product. Update U, resulted growing usage till
saturation point and then dropping user interest observed. Different strategies
for new content introduction can be considered. The complexity of the prob-
lem leads to the need for decision support tools and analytical methods for
better planning and the optimization of system development strategies. It is
assumed that several factors are monitored, such as total product usage or con-
sumption dynamics, over monitored time periods. If updates are based on new
elements, content production costs should be considered alongside the number
of elements in each update and their diversity. A multi-criteria evaluation of
results can deliver guidelines for future development planning. This leads to
multi-criteria problems with preferences assigned to evaluation measures. Var-
ious methods can be used for strategies evaluation and results ranking. The
PROMETHEE method was selected to create the presented research [5,6,21].
It delivers the ability of building of an outranking between different strategies.
It uses be a set of solutions, in our case possible strategies A, each a € A, f;(a)
represents the evaluation of a solution a, to a given criterion f;. The preference
function Pj(a,b) represents the degree of preference of solution a over solution
b for a given evaluation criterion f;. A multi-criteria preference index w(a,b)
of a over b is used. It takes all the criteria into account with the expression:
m(a,b) = Zle w; P;j(a,b). In the decision process positive ¢ + (a) and negative
outranking ¢ — (a) is used for strategies evaluation and final ranking creation.
In the next sections PROMETHEE method is used for the evaluation of content
development strategies used in empirical research based on multiplayer platform.

4 Empirical Results

Empirical study is based on behavior within virtual world and usage of newly
introduced avatars [14,15]. Content updates where focused on avatars delivered
to users with four types of elements E1, E2, E3, E4. Total twenty one updates
U1-Usy, were taken into account with data of user activity gathered after new
content was introduced. Result is shown in Table1 each content update with
showed number of times each element of avatar was used. The table shows
the division into various types of data, i.e. the number of types of elements
(their diversity), the number of elements, the sum of total changes and statis-
tics for individual types of elements: E1, E2, E3 and E4. Also results divided
into four weeks are presented as well as in aggregated form for all periods
(Figs. 2 and 3). Comprehensive analysis of the dynamics of the division for spe-
cific weeks is presented as a reversed geometric function graph. In first week 59%
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of all usages take place. This value in the following weeks decreases accordingly:
second week to 16%, third week to 14% and last week to 11%. The values of
changes in individual weeks have changed as follows: Week I equal to 20060,
Week 1I equal 25484, Week III equal to 30083 and 33797 in Week IV. The first
week had the largest share in the number of changes within analyzed four weeks.
In the next step ANOVA analysis was performed. We analysed number of types
of elements in relation to the sum of changes within 28 days (Fig.4). Each con-
tent updates could have a maximum of 4 types of elements. The factor F is
greater than one (6.9586), it is close to the dependent variable, i.e. the number
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Fig. 6. Incremental usage after each content update U1-U21

Table 1. Content updates with the division into various types of data, i.e. the number
of types of elements, the number of elements, the sum of total changes and statistics
for individual types of elements: E1, E2, E3 and E4

Content Types of El | E2 | E3 | E4 | Number of | Sum of Week I | Week II | Week III | Week IV
update elements elements changes

U1 0 2 2 6 1750 861 300 238 246
U2 1 0 0 0 2 2 871 592 100 100 60
U3 1 0|12 0 0 12 1340 639 266 235 163
U4 4 5 6 6 8 25 1176 190 11 675 180
U5 3 7 3 0 2 12 3394 2312 611 257 184
U6 4 15 8 8 5 36 6721 3620 1026 847 998
ur 4 2 5 1 1 9 1499 1270 115 64 43
U8 4 7 3 3 4 17 6914 4142 997 751 759
U9 1 0 0 0 2 665 517 49 36 47
U10 2 1 0 1 0 198 2 79 34 72
U1l 3 1 2 0 1 407 249 94 37 24
U12 4 8 6 9 4 27 4224 2215 953 483 264
U13 3 10 2 0 5 17 1649 844 280 246 245
U1l4 1 0 0 0 2 2 411 295 80 19 11
U15 1 1 0 0 507 285 65 7 64
Ul6 1 1 0 0 0 1 192 175 7 8 2
u1i7 3 10 6 4 0 20 1463 923 214 138 138
U18 1 0 0 3 3 140 128 10 2 0
U19 1 0 1 0 133 19 0 79 33
U20 2 1 1 0 0 201 94 20 48 26
U21 3 2 3 1 0 1259 688 147 225 155
Sum: 70 | 60 | 36 | 41 | 207 35114 20060 | 5424 4599 3714

of types of elements (6.95). A significance level p <=0.0029 confirms the depen-
dence of number of types of elements on the sum of changes. Another goal was to
examine whether a number of changes depends on the number of elements used
during update. Our dependent variable was the sum of changes within 28 days
(Fig.5). The sum of the items ranged from 1 to 36. The factor F is greater than
1 (3.16890), it is close to the dependent variable, i.e. the number of elements.
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Thanks to this we can determine if the test is statistically significant. A signifi-
cance level p <=0.047058 obtained confirms the dependence of sum of changes
within 28 days on the number of used elements. The graph shows the spread
of normalized data taking into account the number of elements and the sum
of changes for four weeks. We can see a clear coverage of the number of items
versus the sum of changes within 28 days. Both trend lines running through the
graph almost overlap. Incremental usage after each content update is presented
in Fig. 6.

5 Multicriteria Strategy Evaluation

Empirical study delivered data from content updates within the real system.
Various approaches were used with different number of elements, their diversity
and different number of elements in each category. Analysis showed that results
represented by user engagement where dependent on a number of used elements
and their diversity. Used strategies can be evaluated from the perspective of
costs, number of elements and results represented by user engagement depending
on preferences of decision maker.

In first scenario analysis was performed from the perspective of four criteria:
content production cost, number of types of elements used, number of elements
and the total usage in analyzed period. Three variants were analyzed with dif-
ferent weights assigned to criteria. For the first variant (Cost variant I) the same
weights to all the criteria were assigned. Results for this variant shows the rank-
ing of the strategies with best results achieved by eight content update (U8).

Analyzing the result from PROMETHEE we can conclude that U8 is pre-
ferred to all the other actions in the PROMETHEE ranking. They have cost
47, number of types of elements 4, number of elements 17 and total of changes
6914. U12 is on top of U6 but they are very close to each other. U6 and U12
is incomparable with the U8, because they have a worse score on @+, but still
above 0,4. U16, U19 and Ul5 have the worst position in the ranking with &+
below 0.3 (Table2).

In diagram A in Fig.7, we see that U2, U9, Ul4 and U19 are clearly the
cheapest options as it project completely to the left side. Ul5 and U18 the
second best choices with respect to cost. They are very close to each other.
U6 and Ul2 are very close to each other and are the most expensive options.
This information is of course highly dependent on the localization on the GATA
plane. For lower level one can expect more distortions with respect to actual
evaluations. U4 is the best one in number of types of elements. U8 is the best
option on sum of changes and number of elements and not so bad on number of
type of elements but it is weak on cost. If our determining criterion will be sum
of changes, with weight 70% (Cost variant III), we should chose U8 with cost
equal to 47, the number of types of elements equal to 4, number of elements 17,
total number of changes equal to 6914. If our determining criterion will be cost
with weight 70% (Cost variant IT), we should chose U2 with low cost equal to 2,
one type of elements, two elements used and total 871 changes. In second variant
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criteria have different weight: cost = 70%, number of types of elements = 10%,
number of elements = 10% and the total of changes = 10%. Results for Cost
variant II show the ranking of the actions according to &+ with content update
number 2 (U2) with the best result, followed by others. Analyzing data from a
different side the ranking according to @—: U2 is still on top, but it is followed
by U9 and U14. We can conclude that U2 is preferred to all the other actions
in the PROMETHEE ranking. They have cost equal to 2, number of types of
elements equal to 1, number of elements equal to 2 and total of changes at the
level of 871. U9 is on top of Ul4 but they are very close to each other. U9 and
U14 is incomparable with the U2, because they has a worse score on @+, but
above 0.64 updates U6 and U17 have the worst position in the ranking with &+
below 0.3.

In third variant criteria have different weights: cost = 10%, number of types
of elements = 10%, number of elements = 10%, total number of changes = 70%.
Results tab for cost variant III shows the ranking of the actions according to
&—+: content update number 8 (U8) with best result, followed by other. Results
shows the ranking according to @—: U8 is still on top, but it is followed by U6
and Ul12. We can conclude that U8 is preferred to all the other actions in the
PROMETHEE ranking.

U8 is on top of U6 but they are very close to each other. U6 and U12 is incom-
parable with the U8, because they has a worse score on ¢+, but above 0.4. U18,
U16 and U19 have the worst position in the ranking with ¢+ below 0.3.
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Table 2. Scenario I: cost variants for three variants: cost variant I, cost variant II, cost
variant III with MCDA analysis

Scenario I | Cost variant I Cost variant I1 Cost variant 111
Rank Update | & $+4+ | &— | Update | @ $+4+ | &— | Update | @ b+ | P—
1 Us 0,46 | 0,70 | 0,24 | U2 0,47 | 0,66 | 0,19 | U8 0,79 | 0,88 | 0,09
2 U6 0,43 | 0,69 | 0,26 | U9 0,46 | 0,65 | 0,19 | U6 0,71 0,85 | 0,14
3 U12 0,40 | 0,68 | 0,28 | U14 0,44 | 0,64 | 0,20 | U12 0,64 | 0,81 | 0,17
4 U7 0,30 | 0,63 | 0,33 | U19 0,34 | 0,60 | 0,26 | U5 0,51 0,74 | 0,23
5 U4 0,23 /0,59 |0,36 | U18 0,21 0,57 (0,36 | Ul 0,45 | 0,71 | 0,26
6 U1l 0,23 0,58 |0,35| Uls 0,20 | 0,56 | 0,36 | U13 0,37 0,67 | 0,30
7 U5 0,23 0,58 0,35 | Ul 0,09 0,53 0,44 | U7 0,36 | 0,67 | 0,31
8 U13 0,18 | 0,55 | 0,38 | U10 0,08 | 0,53 | 0,45 | U17 0,23 0,60 | 0,38
9 uU17 0,11 /0,53 |0,41 | U16 0,05 | 0,50 | 0,46 | U4 0,09 | 0,54 | 0,45
10 U21 0,08 | 0,50 | 0,43 | U11 0,04 | 0,51 0,47 | U21 0,09 | 0,53 | 0,44
11 Ul1 —0,06 | 0,44 | 0,50 | U20 0,02 | 0,50 | 0,48 | U3 0,08 | 0,52 | 0,44
12 U3 —0,10 | 0,40 | 0,50 | U7 0,00 | 0,49 | 0,49 | U2 —0,10 | 0,42 | 0,52
13 U2 -0,10 | 0,36 | 0,46 | U21 —0,03| 0,47 | 0,50 | U9 -0,17| 0,38 | 0,55
14 U9 -0,13]0,35|0,48 | U8 -0,12]0,43 | 0,55 | Ul4 -0,31|0,31| 0,62
15 U14 —-0,18 0,33 0,50 | U5 —0,15|0,41 | 0,56 | U15 -0,31|0,32| 0,63
16 U10 —0,26 | 0,34 | 0,60 | U3 —-0,22 0,37 | 0,59 | Ul1 —0,33|0,33| 0,65
17 U20 —0,26 | 0,34 | 0,60 | U13 —0,29| 0,34 | 0,63 | U20 —0,47 | 0,26 | 0,72
18 U18 —0,30 | 0,30 | 0,60 | U4 -0,33|0,33 /0,66 | U10 —-0,53 0,23 | 0,75
19 U15 —0,33 0,28 | 0,60 | U12 —0,38 0,30 | 0,68 | U18 —0,66 | 0,15 | 0,81
20 U19 —0,43 0,21 0,64 | U6 —0,43 0,28 | 0,71 | U16 —0,68 | 0,14 | 0,82
21 Ul16 —-0,49 | 0,20 | 0,69 | U17 —0,44 | 0,27 | 0,71 | U19 —0,77 0,09 | 0,86

In second scenario user engagement and dynamics in analyzed time periods
was taken into account. It represents situations when decision maker is interested
in specific results, for example high usage in short time after content update, or
longer product life span. Four criterias were used at this stage of analysis: dynamics
of the first week as percentage of total usage in all periods, dynamics in the second
week, dynamics in the third week and dynamics of the fourth last analysed week.

Results for used scenarios in the linear variant shows the ranking of the
actions according to @+: content update number ten (U10) is on top, followed
by other. Analyzing data from a different side the ranking according to ®—: U10
is still on top, but it is followed by U13 and exequo Ul and U3.

We can conclude that U10 is preferred to all other update in PROMETHEE
ranking with &4 equal to 0.6875, and #— equal to 0.2875. Overall score @ is
0.4. It is almost a double advantage over the previous one (U20). They have
dynamics of the first week in percent 1%, dynamics of the second week as a
percentage 42%, dynamics of the third week as a percentage 18%, dynamics of
the fourth last week as a percentage 39%. Ul and U3 they are very close to each
other. They have the same scores in @ (0.1875), &+ (0.55) and ¢— (0.3625). U7,
U9, U16 and U18 have the worst position in the ranking with ¢+ values within
limits —0.2375 to —0.4 (Table 3).
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Table 3. Scenario II: dynamics for three variants: linear, reversed geometric and Gaus-
sian with MCDA analysis

Scenario II | Linear Reversed geometric Gaussian
Rank Update | & d+ | &— | Update | @ d+ | P— | Update | @ D+ | D—
1 U10 0,40 | 0,69 | 0,29 | U14 0,41 | 0,69 | 0,28 | U10 0,64 | 0,80 | 0,16
2 U13 0,20 | 0,55 | 0,35 | U18 0,35 0,65 | 0,30 | U3 0,45 | 0,69 | 0,24
3 U1 0,19 10,55 (0,36 | Ul6 0,33 0,64 | 0,31 | U13 0,28 | 0,58 | 0,31
4 U3 0,19 | 0,55 | 0,36 | U5 0,31 /0,62 |0,31 | U12 0,27 10,58 | 0,31
5 U6 0,16 | 0,51 | 0,35 | U7 0,28 | 0,63 | 0,34 | U1 0,26 | 0,58 | 0,33
6 U21 0,09 | 0,48 | 0,39 | U9 0,25 | 0,61 | 0,36 | U20 0,18 | 0,57 | 0,39
7 U20 0,06 | 0,51 | 0,45 | U2 0,22 | 0,57 | 0,35 | U11 0,16 | 0,54 | 0,38
8 Us 0,06 | 0,48 | 0,41 | U11 0,21 | 0,57 | 0,37 | U21 0,14 | 0,51 | 0,37
9 U12 0,06 | 0,46 | 0,40 | U17 0,18 | 0,58 | 0,40 | U6 0,13 0,49 | 0,37
10 Ul1 0,05 | 0,48 | 0,43 | U8 0,11 0,52 | 0,41 | U15 0,07 | 0,49 | 0,43
11 U15 0,05 0,48 | 0,43 | U12 0,05 | 0,46 | 0,41 | U4 0,02 | 0,50 | 0,48
12 U17 0,00 | 0,48 | 0,48 | U6 —0,06 | 0,41 | 0,47 | U8 0,01 0,45 | 0,44
13 U4 0,00 | 0,49 | 0,49 | U15 —0,06 | 0,42 | 0,48 | U5 —0,02 | 0,45 | 0,47
14 U5 0,00 | 0,45 | 0,45 | U21 —0,08 | 0,39 | 0,47 | U19 —0,02 | 0,48 | 0,50
15 U19 —0,01 0,49 | 0,50 | U1 -0,16 | 0,39 | 0,55 | U14 —0,06 | 0,43 | 0,49
16 U1l4 —0,06 | 0,44 | 0,50 | U13 —0,16 | 0,38 | 0,54 | U17 —0,06 | 0,43 | 0,49
17 U2 —0,06 | 0,40 | 0,46 | U3 —0,23 0,36 | 0,58 | U2 -0,12 0,37 | 0,49
18 U9 —0,24 | 0,34 | 0,58 | U10 —0,34 | 0,33 | 0,67 | U9 —0,47 0,23 | 0,70
19 U7 —0,34 | 0,30 | 0,64 | U20 —0,38 0,28 | 0,67 | U7 —0,56 | 0,18 | 0,74
20 Ule —0,40 | 0,28 | 0,68 | U4 —0,57{0,21 0,78 | U16 —0,64 | 0,16 | 0,80
21 U18 —-0,40 | 0,28 | 0,68 | U19 —-0,64 | 0,18 | 0,82 | U18 —0,64 | 0,16 | 0,80

In diagram B in Fig.7 in two out of three variants (Linear and Gaussian)
except reversed geometric variant we could see that U10 was the best options. In
Week I we could see the highest growth rate for U16 and U18 (91%). The lowest
growth rate have, our best option U10 (1%). Next options with lowest rate is
U19 and U4 with 15% and 18%. Then next have dynamics over 45% and even
higher. Average of dynamics in Week I is 57.71%. The case is different in the case
of the dynamics of the Week IT U10 has rate of dynamics 42%. It was the best
rate of all options. In Week II U10 has rate 18% with (average for all is equal
to 16.43%). Then the last period had dynamics of 40%, which was again the
highest value. In linear and gaussian options, U10 is the most desirable option.

In reversed geometric variant the best is Ul4. In Week I value is equal to
73%, in Week II is equal to 20% in Week II 5% and Week IV 3%. @ is equal
to 0.4075, &+ equal to 0.69 and ¢— equal to 0.2825. These are the best values,
but slightly relative to the next three options: U18 (Week I 91%, Week II 7%,
Week IIT 1%, Week IV 0%) and U16 (Week I 91%, Week II 4%, Week 1T 4%,
Week IV 1%). Both options showed a similar relationship each week. In revered
geometric variant Ul4 is the best option.
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Performed analysis shows how evaluation of results from content updates
is dependent on preferences of decision maker and strategical goals. Different
strategies can be considered as successfully when main target is high coverage
with.

6 Conclusions

The increased importance of digital environments and the role of virtual goods in
online business models is creating the need for new analytical tools and methods.
Phenomena typical to offline markets are also often observed within electronic
systems and are related to product life cycles, consumer habituation and strate-
gies of new products development. The presented research shows how content
update strategies can affect user engagement and the life span of virtual prod-
ucts. High diversification of products within a single content drop influences user
interest and the products’ propagation within the system. Other factors analyzed
include the number of elements within a single content drop and the dynamics
of product usage after introduction. The proposed conceptual framework based
on multi-criterial model makes an evaluation of the used strategies possible.
Two main approaches were discussed based on implementation costs and usage
dynamics. Future work will focus on a more detailed analysis of propagation
within social networks and use behavior prediction based on earlier behaviors.

Acknowledgments. The work was supported by the National Science Centre of
Poland, the decision no. 2017/27/B/HS4/01216.
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Abstract: One of the major questions in the study of economics, logistics, and business forecasting is
the measurement and prediction of value creation, distribution, and lifetime in the form of goods.
In “real” economies, a perfect model for the circulation of goods is impossible. However, virtual
realities and economies pose a new frontier for the broad study of economics, since every good
and transaction can be accurately tracked. Therefore, models that predict goods’ circulation can be
tested and confirmed before their introduction to “real life” and other scenarios. The present study
is focused on the characteristics of early-stage adopters for virtual goods, and how they predict the
lifespan of the goods. We employ machine learning and decision trees as the basis of our prediction
models. Results provide evidence that the prediction of the lifespan of virtual objects is possible
based just on data from early holders of those objects. Overall, communication and social activity
are the main drivers for the effective propagation of virtual goods, and they are the most expected
characteristics of early adopters.

Keywords: virtual goods; product life span; innovation diffusion; virtual world; social networks

1. Introduction

Virtual worlds and games have been postulated to provide unprecedented possibilities for
research in general [1,2], but especially for the study of economics [3] due to their ability to
systematically track every event in that reality, but also due to the possibility of creating controllable
environments while having people exhibit natural behaviors.

Perhaps one of the most prominent veins of study related to virtual economies has been the
study of consumer behavior related to adopting and purchasing virtual goods in virtual worlds
and games [4-7]. This has especially been the case since games and virtual world operators have
been the forerunners in implementing the so-called freemium or free-to-play business model ([8-10]),
where playing or using the virtual environment is free of charge, but the operator generates revenue
through different manifold marketing strategies combining classical sales tactics imbued with platform
design that further encourages virtual-goods purchases [11-13].

Virtual goods mostly take up the forms of in-game items related to the theme of the game, such as
avatar clothing, gear, vehicles, pets, emoticons, and other customization options [5,14], as well as
different types of items related to the recent proliferation of “gamblification”, where acquiring virtual

Appl. Sci. 2019, 9, 1268; doi:10.3390/app9071268 www.mdpi.com/journal/applsci
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goods is increasingly based on gambling-like mechanics, effectively blurring the line between gaming
and gambling [15].

The largest vein of research in this continuum has been the investigation into why people purchase
virtual goods [4,5] in primary or secondary markets within the virtual world. Popularly, this question
was initially motivated by the sheer anecdotal amazement of why people would spend considerable
amount of real money on products that “do not exist” [11,16]. However, since the initial combination
of hype and disillusionment, virtual and game economies have entered into the realm of everyday
consumer-facing services. Studying the question of why people purchase and trade virtual goods has
primarily focused on latent psychological factors such as motivations, attitudes, experiences, and belief,
and how they predict virtual-goods transactions as well as the internal design of the environment
(see, for example, Reference [4] for a review of the area). However, the limitation within this sphere of
research is that it can only provide a glimpse of the reasons why users purchase virtual goods as a
singular event since it is focused on the consumer rather than the object of consumption and trade—the
virtual good itself. Only few studies [17] have taken the initiative in an attempt to map the longer
lifespan of virtual goods from their inception to circulation and to their ultimate end, destroyed from
the virtual world, forgotten in a user’s virtual bag, or existing in an account of a user who has stopped
visiting the virtual world.

Additionally, one of the major hurdles in governing and maintaining virtual economies,
in addition to increasing consumer demand for virtual goods [11], has been the balancing act between
“sources” and “sinks” [18] of virtual goods within a virtual economy. There is no practical or technical
reason why any virtual good could not exist in complete abundance within the virtual economy.
However, this would create problems both in relation to the meaningfulness of acting within the
virtual world due to extreme inflation, which would also effectively void any need for users to
purchase or trade virtual goods. Therefore, the lifetime management of virtual goods is of vital
importance for any virtual-economy operator (see References [6,11,18]). Some of the methods in the
game-operator palette have been, for example, contrived durability and planned obsolescence of
virtual goods (see, for example, Reference [19]).

Game developers are confronted with issues identified with the ideal recurrence of virtual-product
updates, their volumes, and intensity, with an emphasis on ceaseless development [20]. Reduced
recurrence of updates can result in user churn, while the consistent improvement of new content
increases operational expenses. From another perspective, users may have a constrained capacity for
digital content used when content is updated as often as possible. This might be regarded as unwise
budget allocation when content production is fundamentally higher than demand. The life expectancy
of web-based gaming items is generally shorter than that of traditional items, and users always expect
system updates and new content [21,22]. Another issue is the habituation impact resulting from the
short life expectancy of virtual products, and the limited time in which the item can attract online users.
This opens up new research directions since, so far, it has principally been researched for traditional
markets [23].

To address this research problem, the present study is focused on the characteristics of early-stage
adopters of virtual goods and how they predict the lifespan of the goods. Rogers [24] treats 2.5% of
users as innovators, 13.5% of users as early adopters, 34% as an early majority, and 34% and 16% as the
late majority and laggards, respectively. This research shows how characteristics of early-stage adopters
affect user engagement and product lifespan. The main contributions include the identification of
the role of early adopters of virtual goods for product lifespan, and building a predictive model for
product life with the use of data.

The empirical study is followed by analysis based on survival prediction models and identification
of the role of the characteristics of early-stage adopters for product lifespan. Decision trees showed
the ability to predict product lifespan with the use of product-adopter characteristics. The rest of the
paper is organized as follows. The Methodology section contains the conceptual framework, dataset
description, and methodological background. The Results section includes descriptive statistics and
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results from the lifespan models based on user characteristics. This is followed by results from product
classification in terms of their lifespan and user characteristics with an accuracy higher than 80%.
The study is concluded in the final section.

2. Methodology

2.1. Research Questions and Study Design

The presented study assumes the ability of virtual-product survival prediction with user attributes,
especially those interested in the product at different stages of the product lifecycle. This research is
based on the conceptual framework presented in Figure 1. A set of virtual products, Pi, was introduced
to the audience of a social platform. Behaviors related to user engagement and products usage were
collected. The node position within the example social network is represented by node size. Small
circles were used for low degree nodes with one connection through medium sizes up to biggest ones
for nodes with four connections. In general, user characteristics can represent various attributes related
to network centrality and activity within the system like communication frequency and intensity of
platform usage. They create parameters space with m distinguished variables assigned to each user in
the form of vector V = [V4, V4, ..., Vi,]. Users adopted to each product can be divided into five adoption
groups with 2.5% of users interested in product distinguished as innovators, next 13.5% classified as
early adopters, 34% as early majority, 34% of late majority, and users adopting to product at the end
(laggards) as 16% of all adopters.

Virtual products Social network Adoption
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Figure 1. (I) Analytical system integration with the platform with the ability to detect the characteristics

of users engaged in a new product, and the stages when adoption takes place; (IT) product classification

according to survival time and audience characteristics; (III) monitoring the performance of new

products, predicting their usage, and additional audience targeting.

One of the research questions is whether innovator and early-adopter characteristics can affect
product lifespan. It would be possible to identify the characteristics of initial users and, in cases of
low-performance prediction, the interest of users with central network positions could be increased by
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sample delivery, trial accounts, or other incentives. As a result, followers and late adopters would be
influenced and motivated for new-product usage.

Three exemplary possible scenarios are presented. In Scenario 1, Product P1 is introduced,
and two users, namely, UP; ; and UP; 5, with high positions represented by red nodes adopt the
product as innovators. They are followed by users adopted at several stages of the product lifecycle,
and it is considered a successful product launch, boosted by top-user engagement. The campaign is
characterized by high dynamics D; and long product lifespan L. Scenario 2 for Product P2 assumes
three innovators, UP, 1, UP 5, and UP, 3, characterized by medium metrics within a social network,
and this is represented by orange and blue nodes. They build the interest of other users in the launched
product, and overall campaign evaluation results in medium dynamics D, and product lifespan Lj.
Scenario 3 assigned to Product P3 is based on the interest of innovators with the lowest network
positions. It results in dynamics D3 and lifespan L3. In an analytical system, historical product data are
used to analyze the influence of user characteristics, especially innovators and early adopters, on the
product’s lifespan and engagement among other users. This is based on three stages of data processing.
In Stage (I), the characteristics of adopters from all groups are measured. In Stage (II), classification
is performed to build class descriptors of users who are characteristic for a product with different
survival time. Results are used to build a knowledge base and rules set for further use within the
system and future product evaluation. In the next stage, new product Px is launched and introduced
to the system. Innovators and early adopters were monitored, and prediction of the product lifespan
was performed. If the product that is assigned to the class with possible low lifespan, actions to
improve performance can be implemented by the selection of users with high network positions to
build interest in the new product, denoted as red arrows. The main goal is to increase the dynamics of
product consumption D, and its lifespan L,. In practice, it can be performed by product samples, trial
accounts, or various other forms of incentives.

2.2. Dataset Description and Participants

The experimental study is based on data from the virtual world and the use of avatars within the
platform [25,26]. The introduced dataset covers information from 195 items included in the form of
user avatars. Items are utilized in the virtual-world platform providing various forms of entertainment
and chat functions. Graphical symbols represent users who all have the chance to participate in the life
of the online network, with 850,000 accounts initiated. Clients interact in the space of public graphical
rooms that are related to various themes. They can configure and supply their private rooms and also
utilize web-based games and unique entertainment alternatives.

The fundamental functions of the service are related to chatting, meeting new people,
communication, and creating social relations. Other features include clothes and virtual products,
styles, avatars, and a decorative element. New-product information can be distributed through
private messages, sent through the use of an internal communication system. The analytical module
concentrated on new items and this enhanced monitoring of content distribution and collecting
information related to data-dissemination procedures. Clients accessed various amounts of functions
that are commonly available, and also paid for premium services, which provide more potential
outcomes. Virtual products appear in the form of products equivalent to real goods, special effects for
avatars, or avatars themselves. Account extensions used within the system had different characteristics
and purposes. For example, animations, flashing elements, and active objects handled by avatars
were used.

While innovation-diffusion theory emphasizes the role of innovation characteristics, it was
important to take into account objects with similar characteristics to minimize the impact of individual
product features and the level of innovation. This led to analysis of comparable static-avatar elements
with similar characteristics without special effects usually attracting more attention than static objects.
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2.3. Survival Analysis Methods for Measuring Product Lifespan

The presented study uses survival analysis to analyze the expected time duration when interest
in new products exists, which represents the product lifespan. In the field of survival analysis
length of time taken is referred to event time [27]—product usage time in our case. Survival analysis
was originally developed in the medical field, as a means of analyzing the time between medical
intervention and death. Over the past few decades, the field was expanded to include other events as
well as events that occur multiple times for a given individual [28].

Survival analysis has wide applications in the field of marketing, including customer-relationship
management (CRM), marketing-campaign management, and trigger-event management [29]. If we
denote the time taken for an event to occur as T, we can construct a frequency histogram and model
a series of events as a function of time. The probability distribution function for T can be denoted
by f(t). The cumulative distribution function can be denoted by F(t). This provides the following
equation:

F(t)=p(T<t)

Using the above approach, we can represent survival as a function of time S(t) such that: for
t =0, S(t) =1 for the specific time that a failure occurs, the value of S(t) is zero [30]. In some cases,
the time to failure will not be observable and only partial observation will be possible. In this case,
we consider a specific ‘censoring time’ c. The survival function is then denoted as:

S()=P(T > 1) =1— F(t)

Instantaneous hazard or conditional failure rate is the instantaneous rate at which a randomly
selected individual—who is known to be alive at time (+ — 1) and will die at time # [31]. Mathematically,
instantaneous hazard is equal to the number of failures between time t and time ¢ + A(t), divided
by the size of the population at risk (at time t), divided by A(t). This gives us the proportion of the
present population at time ¢ that fail, per unit of time, represented by the equation:

h(t) = lim P(t<T<t+A(t)|T>t) _ f(t)
At—0 A(t) S(¢)

Widely used, the Kaplan-Meier method is used to estimate time-related events [27]. Most
commonly, it is used in biostatistics to analyze death as outcome. However, in more recent years,
the technique has seen adoption in the fields of social sciences and industrial statistics. For example,
in economics, we might measure how long people tend to remain unemployed after being let go by an
employer; in engineering, we might measure how long a certain mechanical component tends to last
before mechanical failure takes place. The survival function is theoretically a smooth curve, but it can
be estimated using the Kaplan-Meier (KM) curve. Plotting the Kaplan-Meier estimate entails a series
of horizontal steps of declining magnitude that, for a sufficiently large sample approach, estimate the
true survival function for the given population. When applying this approach, survival-function value
between successive sampled observations is presumed constant [32]. An important advantage of the
Kaplan-Meier curve is its ability to take into account censored data loss within the sample before the
final outcome is observed. In cases where no truncation or censoring occurs, the Kaplan-Meier curve
is equivalent to empirical distribution [33,34].

As mentioned, survival analysis has wide applications for marketing, including CRM,
marketing-campaign management, and trigger-event management [29]. Depending on the business
setting, e.g., contractual versus noncontractual, different techniques can be applied [29]. For example,
a goal might be to analyze the performance of a marketing campaign (while in progress), and how
different customer features affect its performance. In this case, recurrent survival analysis techniques
are used and the hazard function models the tendency of customers to buy a given product [35,36]
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Survival analysis also has wide applications in the field of customer-behavior analysis. Among
other things, it has been used to make predictions regarding customer retention in the banking [37]
and insurance industries [38], credit scoring (with macroeconomic variables) [39], credit-granting
decisions [40], and risk predictions of small-business loans [41].

Aside from customer behavior, survival analysis has been used to make predictions regarding
the survival of online companies [42], as well as the duration of open-source projects [43].
Similarly, product survival in given markets was analyzed with network effects based on product
compatibility [44].

The advent of digital marketing has provided additional streams of rich behavior data and
subsequently new fertile ground for the application of survival analysis. With these data, survival
analysis can be used to make predictions regarding the survival of music albums and distribution [45],
the survival of mobile applications [46], as well as e-commerce recommendations to users [47].

For social platforms, survival analysis has been applied to triadic relationships within a
social network [48], as well as participation in online entertainment communities with the use of
entertainment and community-based mechanisms [49]. Player activity in online games provides
valuable data for analysis, with a focus on game hours, subscription cancellations [50], and the
adjustment of game parameters. In this context, a primary goal is to achieve the optimal user experience
in terms of game speed and design [51].

Another area that is being explored is churn prediction in mobile games using survival
ensembles [52] and player-motivation theories [53]. While game-time survival analysis can be used as
a predictor of user engagement, it can also provide knowledge regarding factors that affect gameplay
duration [54]. Similarly, it can provide insight in how player activity and popularity affects retention
within games [55]. It can also be used to uncover predictors of game-session length, such as character
level or age within the game [56]. The ability to quantify user satisfaction provides greater ability to
target user needs [57].

2.4. Classification Methods Used for Product-Lifespan Prediction

Decision-making involves several approaches, including decision-tree classifiers [58]. Making a
decision based on the structure of a decision tree allows complex decisions to be broken into a few
small ones to deeply understand a problem. Decision trees are pervasive in a variety of real-world
applications, including and not limited to medicinal research [59], biology, credit risk assessment,
financial-market modeling, electrical engineering, quality control, biology, chemistry and so on. The
evolution of web applications and social media resulted new areas of decision support and data
analytics focused on user interaction and online behaviors. Decision trees are used for e-commerce,
social media, online games, player segmentation, and other areas. Among other areas, applications
include decision-tree usage for the future adoption of e-commerce-service predictions [60]. In social
media, decision trees are used, for example, to predict the distance between users with Twitter
activity data [61] and Twitter message classification with the use of the Classification and Regression
Tree (CART) algorithm [62]. This wide area of applications includes online games with a focus on
player-segmentation strategies based on self-recognition and game behaviors in the online game
world to improve player satisfaction [63]. Integrated data-mining techniques such as association rule
discovery, decision trees, and self-organizing map neural networks within the Kano model are used
for customer-preference analysis in massively multiplayer online role-playing games [64].

Predicting aspects of playing behavior with the use of supervised learning algorithms is trained
on large-scale player-behavior data. Decision-tree learning induces well-performing and informative
solutions [65]. Rule databases can be used in a form of rule reasoner in online games for the detection
of cheating activities [66], while a case-based reasoning approach can be applied for the purpose of
training our system to learn and predict player strategies [67]. Educational games can be improved with
decision trees used for the identification of factors affecting user behavior and knowledge acquisition
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within educational online games [68]. In other applications, decision trees are used for Internet game
addiction in adolescents [69] and game-traffic analysis at the transport layer [70].

Clusterization techniques are used for player-behavior segmentation in computer games with the
use of K-means and simplex volume maximization clustering [71], and user segmentation is used for
retention management in online social games [72]. Integrated data-mining and experiential-marketing
techniques can be used to segment online-game customers [73].

Owing to their structure, trees are easy to interpret, and hence result in better insights to problems.
Nodes in decision-tree ramify from root nodes, and each node represents a condition related to a single
input variable (feature), each branch represents a condition outcome, and each leaf node represents
the class label. In this study, we applied CART [74], which is a binary tree. The method is to generate
binary-tree-utilized binary-recursive partitioning that divides the dataset into two subsets, as per the
minimization of a heterogeneity criterion computed on the resulting subsets. Each division made is
based on a single variable, and some variables may not be used at all, while others may be used several
times. Each subset is then further split based on independent rules.

Let’s take into account decision tree T, with one of its leaves . T is a mapping that assigns a leaf ¢
to each sample (X}, . . ., Xf ), where i is an index for the samples. T can be viewed as a mapping to
assignavalue Y; = T ..., Xf) to each sample. Let p(j|t) be the proportion of a class j in a leaf ¢.
The Gini index and entropy are the two most popular heterogeneity criteria. The entropy index is:

Er =} p(ilt)logp(jlt)
)

with, by convention, xlogx = 0 when x = 0. The Gini Index is an impurity-based criterion that
measures divergence between the probability distributions of the target attribute’s values [75]. The Gini
index is defined as:
Dy =) p(ilp(jlt) =1 -}, p(ilt)®
i#] i#]

For the purpose of our research, we followed the formal definitions proposed by Maimon and
Rokach [76], with bag algebra in the background [77]. Following the definitions, the training set
in typical supervised learning consists of labeled examples in order to form a description that can
be used to predict previously unseen examples. Many data descriptions were created, and the
most frequently used is the bag instance of a certain bag schema. The bag schema is denoted as
R(A Uy) and provides the description of the attributes and their domains. A indicates the set of input
attributes containing n attributes: A = {ay,...,a;,...,a,} and y represents the class variable or the
target attribute. Attributes appear in one of two forms, nominal or numeric. If attribute 4; is nominal,
we denote it by dom(a;) = {v;1,...vi2, ..., Vj |dom(a;)| } Where dom(a;) stands for its finite cardinality.

The domain of the target attribute appears in a similar way, dom(y) = {Clr---/c\dom(a,-)\}-
All  possible examples that make wup the set are called instance space:
X =dom(ay) x dom(ap) X ... x dom(x,). The Cartesian product of all input-attribute domains
define the instance space.

The Cartesian product of all input-attribute domains and target-attribute domain defines the
universal instance space, i.e,, U = X x dom(y). Training consists of a set of tuples. Each tuple is
described by a vector of attribute values. The training set is denoted as S(R) = ({(x1,y1), ..., (Xn, Yn))
where x; € X and y,; € dom(y). The algorithm needs these data to learn how to match the input
variables with the dependent variables—briefly, how to fit into the algorithm.

The test dataset was used to verify how our algorithm learns from the training data by
checking its classification accuracy. We achieved this through matching classified observation with a
real-observation class.
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3. Results

3.1. Descriptive Statistics

Statistical analysis was based on 195 elements divided into four types of virtual elements, E1, E2,
E3, and E4, used within the system representing avatar head, body, legs, and shoes. The data contain
the anonymized behavioral patterns of 8139 unique users. The analyzed products were introduced to
system users within 21 content updates (CUs).

In order to perform statistical analysis, we used two groups of separate variables related to user
activities. Variable abbreviations and their explanation can be found in Table 1.

Table 1. Abbreviations of variables with their short description used in the article.

Short Explanation of the Variables
CA communication activity
SD social dynamics
Activity Factors cp communication popularity
SP social position
AA adoption activity
FR_in all messages sent by the user until they are changed to unique users
FR_out all messages received by the user until changed from unique users
MSG_in all messages sent by the user until the change

Experience Factors MSG_out  all messages received by the user until the change
FR_total total amount of FR_in and FR_out
MSG_total  total amount of MSG_in and MSG_out

U_log number of logins before the change
AG1 innovators
AG2 innovators + early adopters
Adoption Group AG3 innovators + early adopters+early majority
AG4 innovators + early adopters+early majority+late majority
AG5 innovators + early adopters+early majority+late majority+laggards

The first group includes five variables treated as Activity Factors with the symbols CA-AA. These
are, respectively: CA, communication activity represented by an average number of messages received
by users adopting the product divided by the number of logins; SD, social dynamics, represented
by an average of a number of friends of the product adopter divided by the number of logins; CP,
communication popularity, represented by an average number of outgoing messages divided by
incoming messages; SP, social position, represented by the average number of received messages
divided by the number of incoming messages; and AA, adoption activity, represented by averaging
the number of new avatar-element usages divided by the number of logins.

The second group of variables represents Experience Factors related to user activity since account
creation, such as MSG_in, the average number of all messages received by the user until the avatar
changes; MSG_out, the average number of all messages sent by the user until the change; MSG_total,
the average number of total messages sent and received by the user; FR_in—the number of unique
friends contacting the user until the avatar change; FR_out—the number of friends contacted before
the avatar usage, and FR_total, the average total number of friends.

For each product, users were assigned to Adoption Groups in five classes: innovators, early
adopters, early majority, late majority, and laggards, according to time of adoption.

For the purpose of determining the role of used variables, user-related factors were used for the
statistical models of survival analysis. We took into account the User Activity and User Experience
factors. Initial analysis showed that, for most products, survival time was shorter than one month,
and only few of them reached nearly three months. To cover usage periods with more detail, five
time periods were taken into account during analysis: one week, two weeks, one month, two months,
and three months. One week as the shortest period makes it possible to analyze behavior each day
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of the week after product launch. Analyzing the statistical significance of predictors that influenced
the lifetime dependent variable, we can see that mean CA and AA showed statistical significance of
p < 0.05 for all periods. The CP variable, on the other hand, is one that has no effect and is not relevant
in any given period. Separately analyzing each period, we can see that the periods of one month,
two months, and three months showed the significance of the CA, SD, SP and AA variables. Wald’s
statistics with results presented in Table 2 showed the highest value with CA in the periods of two
weeks month and two months. In the three-month period, Wald pointed to the significance of AA. The
influence of predictors on the dependent variable over seven days showed significance in CA, SD, and
AA. However, in the 14 day period, only two predictors, CA and AA, showed statistical significance,
which affected the product’s life expectancy. In the next step, Kaplan-Meier (Figures 2—6) survival
probability charts for one month with division for user parameters, and the three user groups were
analyzed. The diagrams show the emergence of a growing number of increasingly shorter episodes
that, at the border, seek the real function of survival. Figure 6 shows a survival model without division
into classes as a general model for divisional and nondivisional variables.

The next stages show statistical regression models with division into aggregated groups of
adopters, i.e., AG1-AG5. Regarding the explanation of these classes, we can refer to Table 3. Regression
analysis was divided into two groups of variables, and product life is a dependent variable. The first
group of variables (predictors) include average variable values from CA to AA. The second group
include experience-related variables, i.e., MSG_in, MSG_out, FR_in, and FR_out. In Table 3, we can see
the statistical-significance parameter (p) and the strength-of-significance factor (f).

Table 2. Survival analysis with five user variables divided into five periods with Wald statistics and
statistical significance showed.

. 7 Days 14 Days 1 Month 2 Months 3 Months

Variables
Wald p Wald p Wald p Wald p Wald p

CA 2490 <0.01 2890 <0.01 2016 <0.01 23.73 <0.01 21.61 <0.01
SD 4.99 0.03 282 0.09 6.09 <0.01 411 0.04 4.49 0.03
CP 0.51 0.47  0.08 078  2.00 0.16 127  0.26 1.50 0.22
SP 2.30 0.13 1.25 0.26 7.12 0.01 9.71 <0.01 1237 <0.01
AA 6.09 <0.01 6.18 <0.01 20.06 <0.01 2245 <0.01 26.58 <0.01

Table 3. Results of regression analysis showing how Activity Factors and Experience Factors are
affecting user assignment to adoption group.

. AG1 AG2 AG3 AG4 AG5

Variables
f p f p f p f p f p

CA 5.07 0.03 4.19 0.04 3633 <0.01 2948 <0.01 1695 <0.01
SD 0.62 0.43 0.10 0.75 7.97 0.01 427 0.04 0.39 0.53
cp 0.21 0.65 9.10 <0.01 5.74 0.02 5.36 0.02 8.25 <0.01
SP 0.52 0.47 13.98 <0.01 9.62 <0.01 9.74 <0.01 1347 <0.01
AA 9.78 <0.01 9.97 <0.01 0.01 0.94 0.23 0.63 0.05 0.82

MSG_in 0.77 0.38 2.99 0.09 1424 <0.01 7.18 0.01 444  0.04
MSG_out <0.01 0.94 6.07  0.01 1838 <0.01 9.51 <0.01 767 0.01
FR_in 1.22 0.27 6.62 0.01 1351 <0.01 2122 <0.01 1283 <0.01
FR_out 4.49 0.04 15.67 <0.01 3057 <001 3694 <001 29.11 <0.01
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The first group of predictors for AG1 showed significance for CA and AA. Average predictor AA
was characterized by the strongest impact. For AG2, the case was definitely different. Four of the five
predictors, i.e., CA and CP to AA, were significant. The only predictor that did not have statistical
significance was average predictor SD. The impact forces of the predictors, especially in SP, were
characterized by a strong accent. For AG3 and AG4, regression analysis showed similar significance to
AG2 also for four predictors, but in these cases, lack of predictor significance in relation to dependent
variables was shown by the mean of AA variables. In both cases, the CA variable strongly affected G5
results, where things were quite different. Statistical significance was only demonstrated in three cases:
CA, CP, and SP.

The second group of predictors that affect the dependent variable also showed variability. In AG1,
one of the four predictors was statistically significant, namely, FR_out (0.03). The situation looked
completely different for AG2. Here, we can clearly see the strength of joining two classes. Significance
statistics showed a positive result for up to three predictors, i.e., MSG_out, FR_in, and FR_out. In the
case of AG3, AG4, and AGS, statistical significance was shown by 100% of predictors from FR_out,
being the one that acts the strongest on the dependent variable.

The next part of analysis was based on an intergroup comparison of user characteristics between
products with different survival time. In order to compare individual lifecycles with the Activity and
Experience factors, we used the Mann-Whitney U Test. Analysis was presented in four perspectives:
analysis of individual user classes, analysis of aggregated user classes based on activity-factor analysis
of individual user classes, and analysis of aggregated user classes based on Experience Factors. Periods
that we compared with each other are visible in Table Al. By starting division-variable predictor
analysis for innovators, we can see the lack of significance of parameters at the first comparison
period. In the next two, we can see that predictor CA was significant, which indicates that the periods
significantly differed from predictor CA. In the last pair of compared periods, predictors CA, SD,
and SP showed the largest differences.

Statistics for innovators show us a tendency for the comparative period to be smaller, in this case,
two to three months, so more predictors influenced the differences. Analyzing the four other user
classes, we see the opposite relationship. Starting with early adopters, where the differences could be
seen in the four predictors in the first two pairs, in the next two the number of differences decreased.
In the cases of early-majority, late-majority, and laggard users, significance statistics that point to
differences are slowly blurred, as in the case of laggards, where in the last group of period comparisons
we see the lack of significance of the given predictor data, which indicates low differences. Based on
the aggregated user classes, we can see that the first combination of innovators and early adopters
positively affects predictor significance, and this indicates large differences for most of the analyzed
pairs (from three to four strongly affecting differences). We can see that the shorter the comparison
period is, the smaller the differences are, such as two months versus three months. By analyzing the
statistics of nondivisional variables that also include four period pairs, we see that statistics for the
innovators themselves did not show any significance. We can see statistical significance at subsequent
classes. Analyzing the remaining classes together, we see that differences in individual periods clearly
increase. So, for early adopters, when analyzing the last two pairs of periods, statistical significance
was less than 0.05, which indicates an increase in differences. By analyzing the last group, laggards,
we could see that, in each group of periods, differences are clear and quite significant in each of the
period pairs being compared. The same applies to aggregated users. Here, we compare the first period
and, only in the case of AG2, in 14 days versus three months, we see the lack of slight differences
between predictors. Other groups indicate strong differences, as we can see in Tables A2 and A3.
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Figure 2. The Kaplan-Meier survival model for two groups of Experience Factors over a period of
one month.
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Figure 3. The Kaplan-Meier survival model for three groups of Experience Factors over a period of
one month.
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Figure 4. The Kaplan-Meier survival model for two groups of Activity Factors over a period of
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Figure 6. The Kaplan-Meier survival model for one group of divisional and non-divisional variables
over a period of one month.

3.2. Survival-Time Prediction with Early-Adopter Characteristics

For survival-time, a prediction dataset containing the usage statistics of 195 newly introduced
products was used. Usage statistics for each product are defined by product and user identifiers,
and a timestamp representing time when the product (in this case, the avatar) was used by a specific
user. For each product, only the first usage per user was taken into account. For each product, data
were collected from a newly added product starting from product launch until last product usage.
For each analysis, two sets of variables were used based on the User Activity and User Experience
factors presented earlier in Table 1.

In Figure 7, we see a high increase in the CP variable for products with seven-day survival with
simultaneous small CA values. In other periods, we see density with slight deviations, as in the case
of the three-month period, where we see growth in the CA variable; in a 14-day survival period,
an increase in the SD variable was observed. As in the previous chart, Figure 8 shows a clear division
into survival-period groups. Within seven days, an increase in the AA ratio with a simultaneous drop
in SD was visible, which may indicate a drop in interest from users with low SD. In the remaining
periods, we can see in Figure 9 a clear decrease in the SD index with a simultaneous increase in
CA; this showed that the more users communicate with others, the less likely it is for the product to
be accepted.

In the case of this chart, we can clearly see that the fewer users log in, fewer messages are sent
to others, and fewer sent to the circle of potential friends. There is a clear decline from that period to
the next. In the case of the last graph, Figure 10, we can see density against the FR_out indicator at
initial values oscillating at 150-250. Here, however, we also see a decline from period to period. In the
initial period, the MSG_in indicator is small, but increases with survival time. However, the last period
(three months) oscillates near the first period, which indicates a lower number of messages sent by the
users adopting products in that group. Results from all Experience Factors and Activity Factors are
presented in Figures Al and A2 within Appendix A.
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Figure 7. Dependence of objects in classes from CA, SD and CP variables.
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Figure 8. Dependence of objects in classes from CA, SD and AA variables.



Appl. Sci. 2019, 9, 1268

7 days
l4days

5

1month
2months
3months

00 1000

15 of 27

1500
2
0002500

U ,27773000
=00 33004000 200

Figure 9. Dependence of objects in classes from U_log, FR_in and MSG_in variables.
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Figure 10. Dependence of objects in classes from FR_out, MSG_in and MSG_out variables.
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Another stage investigates how the number of analyzed adopted users from 1% to 100% and their
characteristics affect classification accuracy for the prediction of product lifetime and survival-class
assignment (one week, two weeks, one month, two months, three months). The selection of
observations to the training dataset was randomly performed; therefore, to stabilize the results,
we repeated and averaged classification one hundred times for each dataset measure to obtain
accurate information.

The experiment was carried out in three training-dataset sizes: 25%, 50%, and 75%. Classification
and the decision-tree model were implemented with the help of the scikit-learn machine-learning
library for the programming language Python. Classification was performed and, in the first stage,
user-activity factors were used. Results are presented in Figure 11. They show high classification
accuracy achieved for the training set based on 50% and 75% of the analyzed products. Accuracy at a
level higher than 90% is achieved with less than 20% of product-usage statistics with activity factors
taken into account. The training set based on 25% of the products delivered low accuracy, with a
percentage of adopters lower than 60%, but it reached 90% when 70% of data were used for each
product. Higher fluctuation of results was observed with a low number of analyzed adopted users.

—— 75% training dataset
1.004 50% training dataset
—— 25% training dataset

0.95 1

P

/

0.90 +

Prediction accuracy
=} (=
[0} (o]
o (6,

0.75+

0.70 = v y y : T
0 20 40 60 80 100

Percentage of adopters

Figure 11. Accuracy of classification results with the use of Activity Factors for 25%, 50%, 75% training
set and 10%, 20%, ..., 90% of adopters used.

Detailed numerical results are presented in Table 4. It shows that analysis of characteristics of
even only 10% of product adopters makes it possible to predict product assignment to a class with low
or longer survival time.

Table 4. Accuracy of classification results with the use of Activity Factors for 25%, 50%, 75% training
set and 10%, 20%, ..., 90% of adopters used.

Number of Adopters Used for Classification

Traning Set

10% 20% 30% 40% 50% 60% 70% 80% 90%
75% 0.900 0915 0920 0920 0917 0921 0926 0927 0.925
50% 0.898 0.912 0.903 0.904 0907 0906 0912 0914 0914

25% 0.844 0.854 0.857 0.868 0.879 0.881 0.890 0.896 0.899
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Apart from social activity, factor classification was performed with the use of incremental data
about user activity within the system. Results are presented in Figure 12. It shows that, for 50 and 70
training, the initial accuracy of the used low-fraction data at 1-3% of used data is very high due to
innovator characteristics.
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Figure 12. Accuracy of classification results with the use of Experience Factors for 25%, 50%, 75%
training set and 10%, 20%, ..., 90% of adopters used.

Additionally used data dropped accuracy to 80%. Subsequently, it grew with data acquisition.
For the training set with the size of 75% of used products, the lowest accuracy was achieved after using
data from 15% of adopters, and 65% accuracy for 50% of products with 15% of the adopter sample used.
For all training-set sizes, accuracy continuously grew together with the increased number of adopters.

Detailed numerical results for classification based on incremental usage statistics represented by
Experience Factors for each user are presented in Table 5.

Table 6 shows classification-accuracy statistics with identified user groups as innovators, then
innovators together with adopters, and extended by early majority, late majority, and laggards.
For Activity Factors, this shows that even using data from only innovators (2.5% of first adopters)
creates the ability to assign a product to one of five adoption classes. Innovators used together with
adopters delivered results above 19% for training sets with 50% and 75% size. Classification based
on the 25% training dataset delivered accuracy above 18%. Further connection of the adopter group
slightly improved classification, but from a practical-application perspective, it delays the time during
which product survival abilities are predicted and additional adopter targeting is performed. The worst
results were obtained for Experience Factors, but they were still above 80% accuracy for the training
sets with 50% and 75%.
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Table 5. Accuracy of classification results with the use of Experience Factors for 25%, 50%, 75% training
set and 10%, 20%, ..., 90% of adopters used.

Number of Adopters Used for Classification
10% 20% 30%  40% 50% 60% 70% 80% 90%

Training Set

75% 0.835 0.834 0.841 0.853 0.866 0.875 0.882 0.885 0.885
50% 0.806 0.807 0.805 0.823 0.839 0.852 0.856 0.861 0.863
25% 0.706 0.731 0.728 0.731 0.735 0.749 0.758 0.764 0.773

Table 6. Accuracy of classification results with the use of Activity and Experience Factors for combined

adoption group.
Size of Training Dataset

GroupID  Rogers Title Activity Factors Experience Factors

75% 50%  25% 75% 50% 25%
Gl innovators 0961 0912 0.895 0.943 0914 0.747
G2 + early adopters  0.919 0.901 0.869 0.855 0.831 0.725
G3 + early majority  0.919 0.905 0.865 0.849 0.821 0.729
G4 + late majority 0.921 0.907 0.874 0.861 0.834 0.739
G5 + laggards 0.922 0.908 0.878 0.865 0.839 0.744

4. Discussion and Conclusions

For expanded virtual product usage within online systems, new analytical models and strategies
are required. Common phenomena to offline markets are regularly seen in electronic systems and
are identified with lifespan, customer habituation, and new-product improvement techniques. This
research indicates how the attributes of early adopters to new items can influence user engagement and
the survival of virtual goods within dynamic electronic environments. Achieved results, from product
classification based on decision trees, showed that it is possible to predict product lifespan with the use
of adopter characteristics. Adopter communication activity, represented by Activity Factors, positively
affected product survival time. This shows that adopters with high experience factors are the main
influencers in the system, and their behavior is adopted by other users.

Monitoring of product-usage patterns and adopter characteristics makes it possible to identify
products with possible low survival time, and invite additional adopters with the use of incentives
and other techniques. Gathered knowledge can be used to reduce the habituation effect and increase
product-usage time due to social influence and follower behavior.

Results from the conducted study lead to the following main conclusions:

e  characteristics of early adopters related to social activity positively influence product lifespan and
the engagement of other users within the system;

e product lifespan can be estimated with the use of initial-audience and early-adopter
characteristics;

e the combination of innovators and adopters positively affects the statistical significance of the
dependent variable that represents survival time;

e injtial-user characteristics can be used to classify products in terms of future usage for the detection
of low-potential products, for performance improvement and targeting additional adopters with
the desired specifics.

Future work will concentrate on a progressive point-by-point evaluation of distribution in the
use of social networks and behavior prediction, which is dependent on interpersonal organizations,
and the use of conduct forecast, which is dependent on earlier behaviors.



Appl. Sci. 2019, 9, 1268 19 of 27

Author Contributions: conceptualization, K.B., P.P, ].H., P.B. and ]J.J.; methodology, K.B., P.P, J.H., PB. and ].J.;
validation, K.B., P.P,, P.B.; investigation, K.B., P.P. and P.B.; resources, P.B. and PP.; data curation, P.B. and P.P;
writing—original draft preparation, K.B., PP, J.H., P.B. and ].J.; writing-review and editing, K.B., PP, ].H., P.B. and
J.J.; visualization, K.B., P.P.; supervision, J.J.; project administration, J.J.; funding acquisition, J.J.

Funding: The work was supported by the National Science Centre of Poland, the decision no.
2017/27/B/HS4/01216.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Supporting information

Table Al. Intergroup comparisons using the life expectancy of a product as a dependent variable and
as divisional predictors divided into two groups.

Activity Factors
Variables 7Daysvs.3m 14Daysvs.3m 1mvs.3m 2mvs.3m
P z p z P z p z

CA 021 -125 —-2.00 0.05 <0.01 -3.17 <0.01 —2.88
SO 028 —1.07 —041 0.69 027 —-110 0.04 210
innovator CP 064 047 0.69 0.49 0.32 0.99 074 —-0.33
SP 011 -1.62 —042 0.67 008 —-175 0.02 226
AA 08  -0.19 1.29 0.20 093 —0.09 0.36 0.91

CA <001 -590 557 0.00 <0.01 -2.84 0.01 —2.64
SD <001 -317 —-422 <001 <0.01 —414 <0.01 —-3.99
early adopter CP  0.52 —-0.64 —1.64 0.10 0.44 0.77 0.57 0.57
SP <001 —450 —446 <001 <001 —-285 006 —1.88
AA  <0.01 3.70 2.39 0.02 0.15 1.44 0.55 0.60

CA <001 -813 -561 <001 <001 -296 050 —0.67
SbD <001 -514 -548 <001 <001 —448 021 —-1.25
early majority CP  0.15 1.44 0.92 0.36 056 -058 064 —046
SP 003 —-216 339 <0.01 0.01 246 019 -131
AA  0.66 0.45 0.69 0.49 0.64 0.47 0.12 1.54

CA <001 -700 -1.37 0.17 005 —-194 <001 -3.17
SD <001 -317 -—-241 0.02 <0.01 -2.87 040 —-0.84
late majority CP 0.04 2.04 1.65 0.10 0.68 0.41 079 =027
SP 006 186 —1.20 0.23 065 —046 0.03 —2.18
AA 071 0.37 2.30 0.02 0.76 0.31 0.36 0.92

CA <001 -532 —0.66 0.51 003 =221 082 023
sD 002 —-243 037 0.71 056 —0.58 0.80 0.25
laggards CP 089 0.14 —0.34 0.74 0.97 0.04 0.76 0.30
SP 050 —0.68 —0.60 0.55 004 —-210 046 —0.74
AA 035 0.93 211 0.03 0.45 0.76 0.22 1.24

CA <001 -820 —-346 <0.01 001 —-246 014 —147
SD 033 —-098 —2.32 0.02 <0.01 -299 0.66 —0.44
All together CP  0.07 1.84 0.12 0.91 069 —-040 057 —-0.57
SP <001 =587 =325 <0.01 001 247 003 -219
AA  <0.01 424 0.87 0.38 0.16 1.40 0.02 2.39

CA 021 -125 -2.00 0.05 <0.01 -3.17 <0.01 -—-2.88
SD 028 -1.07 —-041 0.69 027 -110 0.04 210
Gl CP 0.64 —-0.47 0.69 0.49 0.32 0.99 074 —0.33
SP 0.11 —-1.62 —042 0.67 008 —-175 0.02 —-226
AA 085 -0.19 1.29 0.20 093 —-0.09 0.36 091
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Table Al. Cont.

Activity Factors
Variables 7Daysvs.3m 14Daysvs.3m 1Imvs.3m 2mvs.3m
P z P z P z P z
CA <001 572 507 <001 <001 -284 <0.01 -287
SD  <0.01 -292 -359 <0.01 <0.01 -343 <0.01 -—3.80
G2 CPp 073 —034 123 0.22 0.73 0.34 0.60 0.53
SP  <0.01 —4.02 —436 <0.01 001 —-268 0.01 -—247
AA <001 312 2.95 <0.01 0.17 1.37 0.54 0.62
CA <001 -820 -563 <001 <0.01 -325 0.03 -211
sb 001 -253 =523 <0.01 <0.01 —416 003 —219
G3 CPp 070 038 —0.08 0.93 048 —071 0.64 —047
SP  <0.01 -616 —413 <0.01 001 —-267 001 275
AA <001 314 011 0.92 086 —017 091 0.12
CA <0.01 -826 -396 <0.01 0.01 253 <0.01 -3.10
sb 012 -156 -329 <001 <001 337 062 —049
G4 CP 041 0.82 0.53 0.60 015 —146 030 —1.04
SP <0.01 -580 —-355 <0.01 0.01 245 <0.01 -3.04
AA <001 298 0.35 0.73 095 —006 0.56 0.58
CA  <0.01 -820 346 <0.01 0.01 246 014 147
Ssb 033 098 232 0.02 <001 -299 0.66 —044
G5 CP 0.7 1.84 0.12 0.91 069 —040 057 057
SP  <0.01 587 325 <0.01 0.01 247 003 219
AA <001 424 0.87 0.38 0.16 1.40 0.02 2.39
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Table A2. Intergroup comparisons using the life-length of a product as a dependent variable and as

non-variable predictors.

Experience Factors

Variables 7 Days vs. 3 Months 14 Days vs. 3 Months 1 Month vs. 3 Months 2 Months vs. 3 Months
P z P z P z P z
MSG_in 0.99 —0.01 0.16 0.88 0.38 —0.87 0.93 —0.09
MSG_out  0.13 1.53 —0.48 0.63 0.55 —0.6 0.81 —0.24
MSG_total 0.83 0.21 —0.13 0.90 0.47 —0.72 0.87 -0.17
a1 FR_in 0.46 -0.73 —-1.17 0.24 0.32 —0.99 0.24 1.17
FR_out 0.21 —-1.25 —1.61 0.11 091 —0.11 0.10 1.67
FR_total 0.43 -0.79 —1.34 0.18 0.74 —0.33 0.10 1.67
MSG_in 0.25 —1.15 0.25 0.80 0.01 2.49 0.04 2.02
MSG_out  0.18 —1.33 0.67 0.50 0.01 2.69 0.02 2.37
MSG_total  0.41 —0.83 0.42 0.68 0.01 2.71 0.03 2.20
P FR_in 0.01 —2.6 —0.25 0.80 0.03 2.15 0.01 247
FR_out 0.06 -1.9 1.33 0.18 <0.01 2.86 <0.01 3.85
FR_total 0.03 —2.12 0.82 041 0.01 2.64 <0.01 3.44
MSG_in 0.39 0.86 3.92 <0.01 <0.01 3.61 <0.01 3.12
MSG_out  0.69 —-04 4.09 <0.01 <0.01 391 <0.01 3.27
MSG_total  0.96 0.05 4.05 <0.01 <0.01 3.79 <0.01 3.22
c3 FR_in 047 —0.72 4.39 <0.01 <0.01 3.82 <0.01 3.34
FR_out 0.92 0.10 490 <0.01 <0.01 476 <0.01 424
FR_total 0.84 —0.20 4.84 <0.01 <0.01 457 <0.01 391
MSG_in 0.82 0.23 3.90 <0.01 0.01 2.66 <0.01 3.15
MSG_out  0.96 0.05 4.08 <0.01 <0.01 2.98 <0.01 3.24
MSG_total  0.95 0.06 3.98 <0.01 <0.01 2.86 <0.01 3.24
c4 FR_in 0.29 —1.07 3.93 <0.01 <0.01 2.99 <0.01 3.62
FR_out 0.80 0.25 457 <0.01 <0.01 4.18 <0.01 4.20
FR_total 0.90 —-0.12 4.38 <0.01 <0.01 3.83 <0.01 4.01
MSG_in 0.18 1.33 3.57 <0.01 <0.01 444 <0.01 3.36
MSG_out 04 0.85 3.72 <0.01 <0.01 447 <0.01 343
MSG_total  0.34 0.96 3.65 <0.01 <0.01 448 <0.01 3.43
cs FR_in 0.63 0.48 3.87 <0.01 <0.01 454 <0.01 3.55
FR_out 0.16 1.40 4.31 <0.01 <0.01 498 <0.01 3.97
FR_total 0.27 1.10 4.18 <0.01 <0.01 484 <0.01 3.86
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Table A3. Intergroup comparisons using the life-length of a product as a dependent variable and as

non-variable predictors.

Experience Factors

Variables 7 Days vs. 3 Months 14 Days vs. 3 Months 1 Month vs. 3 Months 2 Months vs. 3 Months
p z P z P z p z
MSG_in 0.99 —-0.01 0.16 0.88 0.38 -0.87 0.93 —0.09
MSG_out 0.13 1.53 —0.48 0.63 0.55 —0.60 0.81 —0.24
. MSG_total ~ 0.83 0.21 —0.13 0.90 0.47 -0.72 0.87 -0.17
innovator FR_in 0.46 —0.73 ~1.17 0.24 0.32 ~0.99 0.24 117
FR_out 0.21 -1.25 —-1.61 0.11 091 -0.11 0.10 1.67
FR_total 043 —0.79 —1.34 0.18 0.74 -0.33 0.10 1.67
MSG_in 0.21 -127 0.92 0.36 <0.01 4.50 <0.01 3.14
MSG_out 0.16 —1.40 1.36 0.17 <0.01 4.64 <0.01 3.17
carly adopter MSG_total ~ 0.33 -0.97 1.10 0.27 <0.01 4.69 <0.01 3.14
FR_in 0.02 —2.42 0.29 0.77 <0.01 3.18 0.02 2.34
FR_out 0.17 -1.37 2.10 0.04 <0.01 3.83 <0.01 3.42
FR_total 0.12 —1.56 1.37 0.17 <0.01 3.71 <0.01 3.10
MSG_in <0.01 3.96 5.34 <0.01 <0.01 4.66 <0.01 3.31
MSG_out  <0.01 2.93 5.37 <0.01 <0.01 4.73 <0.01 3.31
early majority MSG_total  <0.01 3.66 5.31 <0.01 <0.01 4.75 <0.01 3.38
FR_in 0.12 1.55 5.35 <0.01 <0.01 4.47 <0.01 3.19
FR_out 0.38 0.88 5.48 <0.01 <0.01 4.89 <0.01 3.18
FR_total 0.18 1.35 5.43 <0.01 <0.01 4.77 <0.01 3.14
MSG_in 0.06 1.87 4.26 <0.01 <0.01 3.18 <0.01 3.26
MSG_out 0.01 2.81 4.32 <0.01 <0.01 3.30 <0.01 3.39
late majority MSG_total ~ 0.02 2.37 4.30 <0.01 <0.01 3.29 <0.01 3.30
FR_in 0.81 0.24 3.80 <0.01 0.01 2.59 <0.01 3.07
FR_out 0.37 0.90 4.00 <0.01 <0.01 3.15 <0.01 3.75
FR_total 0.53 0.63 3.97 <0.01 <0.01 3.02 <0.01 3.43
MSG_in 0.03 2.19 3.15 <0.01 <0.01 3.16 <0.01 3.32
MSG_out 0.01 2.64 3.36 <0.01 <0.01 3.29 <0.01 3.37
laggards MSG_total ~ 0.02 2.36 3.31 <0.01 <0.01 3.29 <0.01 3.41
FR_in 0.04 2.08 2.69 0.01 <0.01 2.99 <0.01 3.09
FR_out 0.04 2.01 2.30 0.02 <0.01 2.89 <0.01 2.87
FR_total 0.04 2.05 2.39 0.02 <0.01 3.04 <0.01 291
MSG_in 0.18 1.33 3.57 <0.01 <0.01 4.44 <0.01 3.36
MSG_out 0.40 0.85 3.72 <0.01 <0.01 4.47 <0.01 343
All together MSG_total ~ 0.34 0.96 3.65 <0.01 <0.01 4.48 <0.01 3.43
FR_in 0.63 0.48 3.87 <0.01 <0.01 4.54 <0.01 3.55
FR_out 0.16 1.40 4.31 <0.01 <0.01 4.98 <0.01 3.97
FR_total 0.27 1.10 4.18 <0.01 <0.01 4.84 <0.01 3.86
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Figure A1. Dependence of objects in classes from all Activity Factors.
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Figure A2. Dependence of objects in classes from all Experience Factors.



Appl. Sci. 2019, 9, 1268 24 of 27

References

10.

11.

12.

13.

14.
15.

16.

17.

18.

19.
20.

21.

22.

23.

24.
25.

26.

Bainbridge, W.S. The scientific research potential of virtual worlds. Science 2007, 317, 472-476. [CrossRef]
Lazer, D.; Pentland, A.; Adamic, L.; Aral, S.; Barabési, A.L.; Brewer, D.; Christakis, N.; Contractor, N.;
Fowler, J.; Gutmann, M.; et al. Computational social science. Science 2009, 323, 721-723. [CrossRef]
Horton, J.J.; Rand, D.G.; Zeckhauser, R.]. The online laboratory: Conducting experiments in a real labor
market. Exp. Econ. 2011, 14, 399-425. [CrossRef]

Hamari, J.; Keronen, L. Why do people buy virtual goods: A meta-analysis. Comput. Hum. Behav. 2017,
71, 59-69. [CrossRef]

Lehdonvirta, V. Virtual item sales as a revenue model: Identifying attributes that drive purchase decisions.
Electron. Commer. Res. 2009, 9, 97-113. [CrossRef]

Lehdonvirta, V.; Castronova, E. Virtual Economies: Design and Analysis; MIT Press: Cambridge, MA,
USA, 2014.

Lin, H.; Sun, C.T. Cash trade in free-to-play online games. Games Cult. 2011, 6, 270-287. [CrossRef]

Alha, K.; Koskinen, E.; Paavilainen, J.; Hamari, J.; Kinnunen, J. Free-to-play games: Professionals’
perspectives. In Proceedings of the 2014 International DiGRA Nordic Conference, Upsalla, Sweden,
29-30 May 2014.

Alha, K.; Koskinen, E.; Paavilainen, J.; Hamari, J. Critical Acclaim and Commercial Success in Mobile
Free-to-Play Games. In Proceedings of the First International Joint Conference of DiGRA and FDG, Dundee,
UK, 1-6 August 2016.

Hamari, J.; Hanner, N.; Koivisto, J. Service quality explains why people use freemium services but not if they
go premium: An empirical study in free-to-play games. Int. J. Inf. Manag. 2017, 37, 1449-1459. [CrossRef]
Hamari, J.; Lehdonvirta, V. Game design as marketing: How game mechanics create demand for virtual
goods. Int. |. Bus. Sci. Appl. Manag. 2010, 5, 14-29.

Hamari, ].; Jarvinen, A. Building customer relationship through game mechanics in social games. In Business,
Technological, and Social Dimensions of Computer Games: Multidisciplinary Developments; IGI Global: Hershey,
PA, USA, 2011; pp. 348-365.

Heimo, O.I; Harviainen, J.T.; Kimppa, K.K.; Mikild, T. Virtual to virtuous money: A virtue ethics perspective
on video game business logic. J. Bus. Ethics 2018, 153, 95-103. [CrossRef]

Fairfield, J.A. Virtual property. B.U.L. Rev. 2005, 85, 1047.

Macey, J.; Hamari, J. eSports, skins and loot boxes: Participants, practices and problematic behaviour
associated with emergent forms of gambling. New Media Soc. 2019, 21, 20—41. [CrossRef]

Taylor, T.L. Living digitally: Embodiment in virtual worlds. In The Social Life of Avatars; Springer: London,
UK, 2002; pp. 40-62.

Jankowski, J.; Kolomvatsos, K.; Kazienko, P.; Watrébski, ]. Fuzzy Modeling of User Behaviors and Virtual
Goods Purchases in Social Networking Platforms. J. UCS 2016, 22, 416-437.

Lehdonvirta, V. Virtual economics: Applying economics to the study of game worlds. In Proceedings of the
2005 Conference on Future Play (Future Play 2005), Lansing, MI, USA, 13-15 October 2005.

Orbach, B.Y. The durapolist puzzle: Monopoly power in durable-goods markets. Yale J. Requl. 2004, 21, 67.
Lu, H.P; Wang, S.m. The role of Internet addiction in online game loyalty: An exploratory study. Internet Res.
2008, 18, 499-519. [CrossRef]

Kwong, J.A. Getting the goods on virtual items: A fresh look at transactions in multi-user online
environments. William Mitchell Law Rev. 2010, 37, 1805.

Kaplan, A.M.; Haenlein, M. Consumer use and business potential of virtual worlds: The case of second life.
Int. ]. Media Manag. 2009, 11, 93-101. [CrossRef]

Wathieu, L. Consumer habituation. Manag. Sci. 2004, 50, 587-596. [CrossRef]

Rogers, E.M. Diffusion of Innovations, 4th ed.; Free Press: New York, NY, USA, 1962.

Jankowski, J.; Brédka, P.; Hamari, J. A picture is worth a thousand words: An empirical study on the
influence of content visibility on diffusion processes within a virtual world. Behav. Inf. Technol. 2016,
35,926-945. [CrossRef]

Jankowski, J.; Michalski, R.; Brédka, P. A multilayer network dataset of interaction and influence spreading
in a virtual world. Sci. Data 2017, 4, 170144. [CrossRef] [PubMed]



Appl. Sci. 2019, 9, 1268 25 of 27

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

Cleves, M.; Gould, W.; Gould, W.W.; Gutierrez, R.; Marchenko, Y. An Introduction to Survival Analysis Using
Stata; Stata Press: Lakeway Drive, TX, USA, 2008.

Drye, T.; Wetherill, G.; Pinnock, A. When are customers in the market? Applying survival analysis to
marketing challenges. |. Target. Meas. Anal. Mark. 2001, 10, 179-188. [CrossRef]

Fader, P.S.; Hardie, B.G. Probability models for customer-base analysis. J. Interact. Mark. 2009, 23, 61-69.
[CrossRef]

Miller, R.G., Jr. Survival Analysis; John Wiley & Sons: Hoboken, NJ, USA, 2011; Volume 66.

Lariviere, B.; Van den Poel, D. Investigating the role of product features in preventing customer churn,
by using survival analysis and choice modeling: The case of financial services. Expert Syst. Appl. 2004,
27,277-285. [CrossRef]

Giot, P.; Schwienbacher, A. IPOs, trade sales and liquidations: Modelling venture capital exits using survival
analysis. J. Bank. Financ. 2007, 31, 679-702. [CrossRef]

Greene, W.H. Econometric Analysis (International Edition); Pearson Education: London, UK, 2000.

Kettunen, J. Education and unemployment duration. Econ. Educ. Rev. 1997, 16, 163-170. [CrossRef]
Schmittlein, D.C.; Morrison, D.G.; Colombo, R. Counting your customers: Who-are they and what will they
do next? Manag. Sci. 1987, 33, 1-24. [CrossRef]

Fader, PS.; Hardie, B.G.; Lee, KL. “Counting your customers” the easy way: An alternative to the
Pareto/NBD model. Mark. Sci. 2005, 24, 275-284. [CrossRef]

Mavri, M.; Ioannou, G. Customer switching behaviour in Greek banking services using survival analysis.
Manag. Financ. 2008, 34, 186-197. [CrossRef]

Harrison, T.; Ansell, J. Customer retention in the insurance industry: Using survival analysis to predict
cross-selling opportunities. J. Financ. Serv. Mark. 2002, 6, 229-239. [CrossRef]

Bellotti, T.; Crook, ]. Credit scoring with macroeconomic variables using survival analysis. J. Oper. Res. Soc.
2009, 60, 1699-1707. [CrossRef]

Narain, B. Survival analysis and the credit-granting decision. In Readings in Credit Scoring: Foundations,
Developments, and Aims; Oxford University Press: Oxford, UK, 2004; p. 235.

Glennon, D.; Nigro, P. Measuring the default risk of small business loans: A survival analysis approach.
J. Money Credit Bank. 2005, 37, 923-947. [CrossRef]

Kauffman, R.J.; Wang, B. The success and failure of dotcoms: A multi-method survival analysis.
In Proceedings of the 6th INFORMS Conference on Information Systems and Technology (CIST), Miami, FL,
USA, 3-4 November 2001.

Samoladas, I.; Angelis, L.; Stamelos, I. Survival analysis on the duration of open source projects.
Inf. Softw. Technol. 2010, 52, 902-922. [CrossRef]

Wang, Q.; Chen, Y;; Xie, ]. Survival in markets with network effects: Product compatibility and order-of-entry
effects. J. Mark. 2010, 74, 1-14. [CrossRef]

Bhattacharjee, S.; Gopal, R.D.; Lertwachara, K.; Marsden, J.R.; Telang, R. The effect of digital sharing
technologies on music markets: A survival analysis of albums on ranking charts. Manag. Sci. 2007,
53, 1359-1374. [CrossRef]

Jung, E.Y,; Baek, C.; Lee, ].D. Product survival analysis for the App Store. Mark. Lett. 2012, 23, 929-941.
[CrossRef]

Wang, J.; Zhang, Y. Opportunity model for e-commerce recommendation: Right product; right time.
In Proceedings of the 36th International ACM SIGIR Conference on Research and Development in
Information Retrieval, Dublin, Ireland, 28 July—1 August 2013; pp. 303-312.

Kossinets, G.; Watts, D.J. Empirical analysis of an evolving social network. Science 2006, 311, 88-90.
[CrossRef] [PubMed]

Deng, Y;; Hou, J.; Ma, X,; Cai, S. A dual model of entertainment-based and community-based mechanisms to
explore continued participation in online entertainment communities. Cyberpsychol. Behav. Soc. Netw. 2013,
16, 378-384. [CrossRef] [PubMed]

Tarng, PY.; Chen, K.T.; Huang, P. An analysis of WoW players” game hours. In Proceedings of the 7th ACM
SIGCOMM Workshop on Network and System Support for Games, Worcester, MA, USA, 21-22 October
2008; pp. 47-52.



Appl. Sci. 2019, 9, 1268 26 of 27

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Isaksen, A.; Gopstein, D.; Nealen, A. Exploring Game Space Using Survival Analysis. In Proceedings of the
10th International Conference on the Foundations of Digital Games (FDG 2015), Pacific Grove, CA, USA,
22-25 June 2015; ISBN 978-0-9913982-4-9.

Periafiez, A.; Saas, A.; Guitart, A.; Magne, C. Churn prediction in mobile social games: Towards a complete
assessment using survival ensembles. In Proceedings of the 2016 IEEE International Conference on Data
Science and Advanced Analytics (DSAA), Montreal, QC, Canada, 17-19 October 2016; pp. 564-573.
Borbora, Z.; Srivastava, J.; Hsu, KW.; Williams, D. Churn prediction in mmorpgs using player motivation
theories and an ensemble approach. In Proceedings of the 2011 IEEE Third International Conference on
Privacy, Security, Risk and Trust and 2011 IEEE Third International Conference on Social Computing, Boston,
MA, USA, 9-11 October 2011; pp. 157-164.

Viljanen, M.; Airola, A.; Heikkonen, J.; Pahikkala, T. Playtime measurement with survival analysis.
IEEE Trans. Games 2018, 10, 128-138. [CrossRef]

Gu, L,; Jia, A.L. Player Activity and Popularity in Online Social Games and their Implications for Player
Retention. In Proceedings of the 2018 16th Annual Workshop on Network and Systems Support for Games
(NetGames), Amsterdam, The Netherlands, 12-15 June 2018; pp. 1-6.

Zhuang, X.; Bharambe, A ; Pang, J.; Seshan, S. Player Dynamics in Massively Multiplayer Online Games; Tech.
Rep. CMU-CS-07-158; School of Computer Science, Carnegie Mellon University: Pittsburgh, PA, USA, 2007.
Huang, T.Y.; Chen, K.T.; Huang, P; Lei, C.L. A generalizable methodology for quantifying user satisfaction.
IEICE Trans. Commun. 2008, 91, 1260-1268. [CrossRef]

Safavian, S.R.D.L. A survey of decision tree classifier methodology. IEEE Trans. Syst. Man. Cybern. 1991,
21, 660-674. [CrossRef]

Podgorelec, V.; Kokol, P; Stiglic, B.; Rozman, I. Decision Trees: An Overview and Their Use in Medicine.
J. Med. Syst. 2002, 26, 445-463. [CrossRef]

Lee, S.; Lee, S.; Park, Y. A prediction model for success of services in e-commerce using decision tree:
E-customer’s attitude towards online service. Expert Syst. Appl. 2007, 33, 572-581. [CrossRef]

McGee, J.; Caverlee, J.; Cheng, Z. Location prediction in social media based on tie strength. In Proceedings
of the 22nd ACM international conference on Information & Knowledge Management, San Francisco, CA,
USA, 27 October— 1 November 2013; pp. 459—468.

Nivedha, R.; Sairam, N. A machine learning based classification for social media messages. Indian .
Sci. Technol. 2015, 8. [CrossRef]

Doh, Y.Y. Player Segmentation Strategies Based on the Types of Self-recognition in Online Game World.
In Morphological Analysis of Cultural DNA; Springer: Singapore, 2017; pp. 139-148.

Chen, L.S.; Chang, P.C. Extracting knowledge of customers’ preferences in massively multiplayer online role
playing games. Neural Comput. Appl. 2013, 23, 1787-1799. [CrossRef]

Mahlmann, T.; Drachen, A.; Togelius, J.; Canossa, A.; Yannakakis, G.N. Predicting player behavior in tomb
raider: Underworld. In Proceedings of the 2010 IEEE Symposium on Computational Intelligence and Games
(CIG), Dublin, Ireland, 18-21 August 2010; pp. 178-185.

Hsieh, ]J.L.; Sun, C.T. Building a player strategy model by analyzing replays of real-time strategy games.
In Proceedings of the 2008 IEEE International Joint Conference on Neural Networks (IEEE World Congress
on Computational Intelligence), Hong Kong, China, 1-8 June 2008; pp. 3106-3111.

Kang, A.R.; Woo, ].; Park, J.; Kim, HK. Online game bot detection based on party-play log analysis.
Comput. Math. Appl. 2013, 65, 1384-1395. [CrossRef]

Tsai, FH.; Kuang-Chao, Y.; Hsiao, H.S. Exploring the factors influencing learning effectiveness in digital
game-based learning. J. Educ. Technol. Soc. 2012, 15, 240.

Kim, K.S.; Kim, K.H. A prediction model for internet game addiction in adolescents: Using a decision tree
analysis. J. Korean Acad. Nurs. 2010, 40, 378-388. [CrossRef]

Han, Y.T,; Park, G.S. Game traffic classification using statistical characteristics at the transport layer. ETRI J.
2010, 32, 22-32. [CrossRef]

Drachen, A; Sifa, R.; Bauckhage, C.; Thurau, C. Guns, swords and data: Clustering of player behavior in
computer games in the wild. In Proceedings of the 2012 IEEE Conference on Computational Intelligence
and Games (CIG), Granada, Spain, 11-14 September 2012; pp. 163-170.

Fu, X.; Chen, X; Shi, Y.T.; Bose, I.; Cai, S. User segmentation for retention management in online social
games. Decis. Support Syst. 2017, 101, 51-68. [CrossRef]



Appl. Sci. 2019, 9, 1268 27 of 27

73.

74.

75.

76.

77.

Sheu, J.J.; Su, YH.; Chu, K.T. Segmenting online game customers—The perspective of experiential marketing.
Expert Syst. Appl. 2009, 36, 8487-8495. [CrossRef]

Breiman, L.J.; Friedman, R.O.C.S. Classification and Regression Trees; Chapman and Hall/CRC: London, UK,
1984.

Bel, L.D.; Allard, J. R.A.H. CART algorithm for spatial data: Application to environmental and ecological
data. Comput. Stat. Data Anal. 2009, 53, 3082-3093. [CrossRef]

Rokach, L.O.M. Top-down induction of decision trees classifiers—A survey. IEEE Trans. Syst. Man. Cybern.
Part C Appl. Rev. 2005, 35, 476-487. [CrossRef]

Stéphane Grumbach, TM. Towards Tractable Algebras for Bags. |. Comput. Syst. Sci. 1996, 52, 570-588.
[CrossRef]

® (© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).



A3.

Bortko, K., Jankowski, J., Pazura, P. (2020). From perceptual to algorithmic evaluation
of recommending interfaces survival in visual space. Procedia Computer Science, 176,
2736-2745.

75



@ Available online at www.sciencedirect.com -
ScienceDirect Procedla

CrossMark
Computer Science

Procedia Computer Science 176 (2020) 2736-2745

www.elsevier.com/locate/procedia

24th International Conference on Knowledge-Based and Intelligent Information & Engineering
Systems

From Perceptual to Algorithmic Evaluation of Recommending
Interfaces Survival in Visual Space

Kamil Bortko®*, Jarostaw Jankowski®, Patryk Pazura®

“Faculty of Computer Science and Information Technology, West Pomeranian University of Technology, Szczecin, Poland

Abstract

The design of recommending systems is mainly related to algorithms targeting customer needs, products, and service selection.
However, even the most effective algorithms will not increase the performance of an e-commerce platform if the recommendation
interface is not noticed by the user. Recommendations, like all other visual stimuli, can be subconsciously eliminated by users as a
result of habituation identified for online environment as a banner blindness. This article presents the results of an experiment, in
which the influence of the intensity of graphic elements within the interface on user attention was examined. The study explores
the visual space and survival of graphic objects, analysed with the use of survival analysis instead of typical perceptual studies.
Results show that an increase in visual intensity does not always lead to an increase in user attention, and survival analysis makes
it possible to identify the differences between design variants and between users targeted with the same stimuli.
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1. INTRODUCTION

Recent integrated efforts from researchers and practitioners have been focused towards more efficient recommend-
ing algorithms and methods. They evolved from early-stage studies, focused on collaborative filtering [18], towards
new solutions with the integrated use of explanations [16], context [17], social networks [7], and other techniques [11].
Apart from algorithmic approaches, the studies were focused on recommending interfaces from the HCI perspective
[15] and the visual layer, analysed with the use of eye tracking [2]. They showed the importance of the number of
presented recommendations, structure of the interface (in terms of presented images), and descriptions.

Even though the accuracy of recommendations grows, due to banner blindness [1] and the habituation effect [14],
similar to other repeated content, recommendations within websites may go unnoticed. Banner blindness has been
identified for text and other stimuli. Habituation is the main reason for banner blindness phenomena, and is based on a
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lowered response after repeated stimuli. It is especially observed when advertising clutter, with a high number of mar-
keting elements, is used. These observed phenomena create a need for attracting user attention toward recommending
interfaces. Several techniques such as increased visual intensity, animations, flickering effects, verbal communication
with varying intensity [9] or gradual approach can be used [8]. To avoid over-exposure and negative influences on the
user experience, the goal can be a compromised solution, searching for the lowest possible stimuli which overcomes
the habituation effect.

In the presented study, elements with scaled visual intensity were used in a typical recommending interface. To
compare the effects of different visual techniques, the study proposes an algorithmic approach based on survival anal-
ysis. This was used to show how the visual effects used within recommending interfaces affect user attention with low,
medium, high, and very high intensities. The results showed that elements using intrusive techniques improved results
only to a small extent, when compared to medium levels. The paper is organized as follows: The assumptions are
presented within the Conceptual Framework Section. The plan of the experiments, with empirical results, is presented
within the Experimental Results Section, and is followed by the Conclusions.

2. The conceptual framework
2.1. General assumptions

The presented study is focused on an analysis of the effect of different visual intensities in a recommending inter-
face on user attention, represented by fixations registered with an eye tracking device. It is assumed that the visual
intensity of the recommending interface is scaled from a low level, through medium, and up to high intensity. Dur-
ing the experimental phase, different intensities are used for different users. The total fixation time for each of the
users is represented as the survival time of the recommending interface in visual space. The survival of each variant
of recommending interface can be analysed, in terms of probability of survival (taking into account the time inter-
vals). Depending on the survival curve, the performance of each technique can be analysed and used to search for
compromise solutions with the main goal of increasing performance without decreasing the user experience.

2.2. Methodological background

The presented research utilises survival analysis to obtain probabilities of the expected time duration of focus on
the recommendation interface. Survival analysis uses time intervals finished by events [3] - total fixation time is
ended when the attention is removed from the recommending interface, in our case. Survival analysis was initially
created for medical areas, as a method for breaking down the time between medicinal intercession and passing. In the
course of recent decades, the field was extended to incorporate single and multiple events for a given time periods and
taking into account individuals, such as customers [4]. With wide areas of applications in the field of advertising or
customer-relationship management, increased usage has been observed in recent years [5]. On the off-chance we need
to indicate the time taken for an event to happen at 7', a histogram and model of the progression of events, in relation
to time, can be developed. The likelihood distribution, as a function for 7', can be represented by f(¢). The aggregate
conveyance distribution is denoted by F(¢). This gives the accompanying condition: F(t)=p(T< ¢). Utilizing the above
methodology, survival is treated as a component of time S (f) with the end goal: For r = 0, S (¢) = 1 for the particular
time that a failure happens; the estimation of S (¢) is zero [12]. The opportunity of failure won’t be detectable, and
only incomplete perception will be conceivable. For this situation, we consider a particular censoring time c. The
survival is, then, signified as: S(t)=P(T>t)=1-F(t). The conditional failure rate is the rate at which an arbitrarily-
chosen individual, who is known to be alive at time (¢ — 1), will pass on at time ¢ [10]. Formally, the instantaneous
hazard is equivalent to the quantity of failure between time ¢ and time ¢ + A(¢), divided by the measure of the populace
in danger (at time f), divided by A(¢). This gives the extent of the present populace at time ¢ that come up short, per
unit of time, defined by the condition: h(t)=lima,o %ﬁ(nlw = %

Generally, the Kaplan-Meier approach is utilised to evaluate time-related events [3]. Plotting the Kaplan-Meier
curve involves a progression of level strides of declining greatness that, for an adequately substantial example ap-
proach, gauge the genuine survival for the given populace. While applying this methodology, an incentive between
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Fig. 1. Model of the system for the evaluation of recommending interfaces with the use of survival analysis and varying visual intensities.

progressive tested perceptions is assumed to be constant [6]. An essential favorable property of the Kaplan-Meier
bend is its capacity to consider controlled information inside the example, before the ultimate result is observed.

2.3. System structure

The presented approach assumes that the target users are divided into the groups G1, G»,. . .,G,. Users perform tasks
in the website instances Wy, W,,...,W, with distinguished editorial content EC;, EC>,..., EC, and recommended
content RCy, RC,,...,RC,. Users within each group are targeted with a recommending interface with different visual
intensities, denoted by vij(ny), vio(n2),..., viy(n,) and n; representing the number of highlighted elements. Figure 1
shows an illustrative example, based on three target groups and elements with three levels of visual intensity used;
denoted by green for low level intensity, orange for medium intensity, and red for the highest intensity. For each
user, an { amount of m; fixations f1,fi2,...,fimi 1S registered with the use of an eye tracker, and they are assigned
to areas of interest localized within the editorial content EC and the recommended content RC. For each intensity
level, fixations from all users were gathered and processed with the use of survival analysis; it delivers information
about the survival probabilities for each time interval. The survival curve can be used to analyse the distance between
results from different design variants. A compromise solution is delivered and can be applied for future usage within
websites. Visual parameters are assigned to the recommended content obtained from the recommending algorithm.

3. Experimental results
3.1. Plan of the experiment

The experiment consisted of a recommending interface with varying intensity of objects in the area of recommen-
dation. The analysis was based on four levels of visual intensity vi;(m), where i takes the values from O to 3 and
n represents the number of highlighted elements. Level 3 meant the maximum intensity of highlighting, through a
flickering red frame around the recommended product. Level 2 was highlighted only by a red frame around the rec-
ommendation product. The recommended products included a small static bright red element. However, level 0 did
not stand out; that is, the products were not highlighted.
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Table 1. Intergroup comparison of set-visual intensity of pairs, using the Mann-Whitney U Test.
Juxtaposition
of four visual Time differences
intensity (vi,)

U z p
Vi VS Vi3 802.000 -2.293  0.022
Vi] VS Vi3 3533.000 -2.791  0.005
Viy VS Vi3 4390.500  -0.564  0.573
Vi VS Vip 871.5000  -1.837  0.066
Vi] VS Vip 3758.500 -2.20520 0.027
Vig VS Vij 1020.000  -0.863  0.388

Each visual intensity was divided into another four visual variant. Variants that occurred in the experiment are:
1 to 3 (that is, one product highlighted and three not highlighted), 2 to 2, 3 to 1, and 4 to O (that is, all products
were highlighted). The variants of the highlighted products in heatmaps are shown in Figure 2, Figure 3 and Figure
4. Figure 2 shows visual intensity at the lowest level. Next heatmap in Figure 3 shows visual intensity at the medium
level (vi3). The last, Figure 4 presents visual intensity at the highest level. On the heatmaps it is evident that the level of
intensity did not affect users’ absorption unambiguously. Higher visual intensity was often much worse compared to
the lower visual intensity level. Therefore, our experiment had 19 pages; such that at least one page had one intensity
combination with a given sub-level. To detect the impact of the visual characteristics and avoid the impact of content
and product type, similar products were recommended. An experiment was based on 24 users (13 men and 11 women)
what is typical number of users for attentive behavior analysis [13]. Each respondent watched individual pages with a
given variant for 7 seconds, and then another page was shown. In total, 19 pages with different variants were displayed
in each sequence. The experiment was carried out in laboratory conditions in daylight. None of the people had visual
impairments.

3.2. Overall results

Analysing the time measurements which each user spent on looking at the interface of the page, organised into
recompilation, highlighted, and unspecified elements, and first look on the whole interface, one can notice some
dependencies. The results of the measurements evidently indicate that vi; definitely attracted more user attention. Two
of the vi (levels 2 and 3) stand out from the other two. However, at first look, despite appearances, took the longest
time for vi3, amounting to 2451 ms. At vi, and vi}, the time was the lowest—near 2100 ms. Interestingly, viy turned
out to be slightly worse, with a time close to 2268 ms. It is almost 200 ms faster than vis. The difference in the average
time of looking at the recommendation at vi, and viz was only 8%. A significant difference was shown by the results
of looking at viy and vi; , which (up to the highest vi) were 50% and nearly 27%, respectively. We can see that the
viewing time was twice as high as at intensity O.

3.3. Intergroup comparison

In order to compare the individual visual intensity of elements with each other, based on the time spent focusing
on the recommendation interface, we used the Mann-Whitney U Test. The analysis is presented in Table 1, comparing
the four intensity groups: from 0 (denoting a static level) to 3 (indicating the highest vi). Starting the comparative
analysis of the static intensity with the highest visual intensity, we notice the significance of the parameter.

In the case of a dependent variable, when we compare vi; and vi,, we see a similar level of significance. In compar-
ison with vi; and viz, we see the best level of significance. Based on accurate statistics, we can assume that there are
statistically significant differences between the variables. In the case of the variable time, in relation to the remaining
pair of groups (i.e., viy and vi3, vip and viy, viy and vi;), we can see a clear lack of statistical differences, which shows
us the significance coeflicient (where the p-value >0.05).
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3.4. Survival analysis with the use of fixation time

The statistical analysis of the survival was based on four levels of intensity, from 0 to 3, with a breakdown into four
variants each. The variable that we will use to analyse the survival is time. In the analysis, we compared four groups
of different combinations: Aggregated variants in four vi, and each vi from 1 to 3 with all variants, in relation to level
0, where the variants were static (without any distinction). Each of the graphs shows the probability of survival of a
given element, highlighted at different intensities in time.
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Fig. 2. Instance of the experimental website with low attention to
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Fig. 3. Instance of the experimental website with medium attention to
the recommending interface with it’s visual intensity at the medium level
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Fig. 4. Instance of the experimental website with high attention to the
recommending interface with it’s visual intensity at the highest level (viz).

Figure 5. shows the probability of survival of the highlighted elements, divided into aggregated intensity groups.
The probability in the initial phase of exposure, up to 1 second, spans from 55% (for vip) to 80% (for vi, and vi3).
The longer the time spent looking at the highlighted elements, the greater the probability of survival we see, for vij
and vi;. The probability of survival of elements for vis, at any time, is higher (by a few percentage points) than viy;
although slightly. In the final phase, we can see a slightly higher probability of survival of the elements of vi, (in the
phase from 3.5 seconds until the end of the studied period of time).
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Figure 6. shows the probability of the survival of the elements highlighted in vis, taking into account different
variants of the number of elements highlighted at viy. The probability in the initial phase of exposure, up to 1 second,
stretches from 70% to 85%. viz(3) significantly lags behind the rest of the variants (i.e., up to 1 second is about 55%).
Subsequently, with an exposure of up to 2.5 seconds, the probability is definitely the highest for viz(1), where it is
close to 43%. However, for the rest, including for viy, it is 10-20%.
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Figure 7. presents the probability of survival of the elements highlighted in vi;, taking into account different variants
of the number of elements highlighted at viy. The probability in the initial stage of exposure, up to 1 second, spans
from 65% to 80%. The probability of surviving variants at this time does not deviate too much from the public. Next,
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with an exposure of up to 2 seconds, the probability is definitely the highest for vi,(3) and viy(4), where it is close to
45%. Here, however, there is a significant decrease in the probability of the vi,(2), which is close to 10% (i.e., even
less than the element in viy with a probability of 25%). In the long-term view of a given element, the probability for
each variant oscillates around 15% at 3.5 seconds.

The last figure, Figure 8. shows the probability of survival of the elements distinguished at vi;. The probability in
the initial phase of exposure, up to 1 second, spans from 25% to 75%; which is the largest range of probabilities. The
probability of surviving variants, at this time, differs significantly from the previous vi,. The probability of looking at
variations vi;(4) and vi;(2), above 1 second, significantly decreases; even from vi 0. The probabilities of looking 1.5
seconds per element for vi;(1) and vi;(3) are 50% and 68%, respectively. At more than 2 seconds, the differences in
probability are blurred; however, the highest probability of survival of the elements continues to lead the vi;(1) and
vii(3).

3.5. Survival analysis with the use of first look time

For the second group of survival analysis, the variable that was used will be the first look, i.e. the time of the first
look at a given object starting from displaying the page to the user. First look is also arrival time, time to first sample
recorded within the AOI. Here, as in the first variant of survival analysis, we compare 4 groups of combinations. Here,
however, contrary to the previous group of survival analyzes, a longer time is not conducive to favorable evaluation.
The positive aspect here is the shortest possible time. The faster a given user looked at a given object, the better. It
means that the given element had faster absorbing the user’s attention.

Figure 9., shows the probability of survival of the elements distinguished in vi;, taking into account different
variants of the number of elements distinguished from vi . The probability in the initial phase of exposure up to 1
second spans from 25 to 41 %, except for vi;(2), where the probability is close to 55 %. Next, with an exposure of
up to 2 seconds, the probability is definitely the highest for the vi;(3) and vi;(2), where it is close to 30% and 37%
respectively. Here, however, there is a significant decrease in the likelihood of vij . In the longer time of looking at a
given element, the probability for each variant oscillates between 9% and 31% for the vi;(2) at 3.5 seconds. Variant
vi1(2) visibly lags behind the rest of the variants throughout the period maintains a gap of almost 5 percentage points
from the rest.

The next, figure 10. shows the probability of survival of elements highlighted in vi,, taking into account different
variants of the number of elements distinguished against viy. The probability in the initial phase of exposure to 1
second springs from 83 to 97%. The vi,(4) and vi(1) variants stand out much from the rest of the variants in the initial
phase. Subsequent to an exposure of up to 500 milliseconds, the probability definitely drops for each of the variants.
A clear division can be seen in around 1 second. Here, we can see that elements in option vi;(2) have the highest
probability of survival within 55%. The remaining variants, along with viy oscillate between 21 and 38%. Surviving in
further stages up to 3 seconds evidently evens out. The longest survival time had two variants viy and vi,(3). However,
the longest probability of about 11% was characterized by the viy(4) .

The next figure 11., however, shows the probability of survival of elements highlighted in viz. Probability in the
initial phase of exposure up to 1 second spans from 38 to 65%, which is the largest range of probabilities. The
probability of variants surviving at this time differs significantly from previous viy. The probability of looking at
vi3(4) and vi3(3) is very similar. Here we see the highest probability of viz(1).The probability of looking at about
1.5 seconds for an element for all variants of vi; ranges from 39% and 51%. The viy drops drastically to the level
of 15% relative to the viz variants. However, up to 3 seconds, the probability begins to compare with the exception
of vi3(3), which holds a distance of several percent. In the final phase, however, we see the variant vi3(1), whose
probability persists the longest. The last figure 12. shows the probability of survival of distinguished elements divided
into aggregated intensity groups. The probability in the initial phase of exposure up to 1 second springs from 35% for
vip, viy and vip up to 55 % viz. The longer the time of looking at the highlighted elements, the greater the probability
of survival we see for viy. In 2 seconds we see that it significantly deviates from the rest and the probability is around
15%. The probability of survival of elements for viz at any point in time is higher by a few percentage points than the
rest, although this slightly aligns in 3 seconds. In the final phase we see a slightly higher probability of survival of the
elements at vis.
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Survival analysis makes it possible to identify the number of users, with low and higher attention, focused on
the interface within considered time intervals. For interfaces with higher intensity, survival can be analysed by the
proportion of users with higher and lower attention among whole analysed groups. The probabilities of high-intensity

objects with a larger number of highlighted elements does not guarantee a longer fixation and the user attention.
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The results clearly indicate that the intensity level alone is not a sufficient guarantee of a longer fixation of user
attention. We do not see any significant differences between vi, and vis.

On the other hand, analyzing the experience of particular groups or the visual intensity of aggregate length of
survival affects the reception of information. Long time means worse result, which means that the user needed more
time to look at the element in the visual intensity relationship with the division into visual variant. Similarly to the
case of survival analysis focused on the length of time of looking, one can notice that the higher the visual intensity,
the result is not necessarily the better result. Visual variant also gives some interesting information such as the fact
that the number of highlighted elements does not affect the much better result of fast absorption of the eyesight. The
results question here whether a greater number of distinguished elements is definitely necessary and more beneficial
in the design of the interface than the distinction of fewer elements.

An increase in the intensity of elements and their number in the recommending interface is not always more
beneficial, in relation to intensities at a lower level. From the point of view of the designer of the recommendation
interface, it is important to carefully choose the amount of distinguished elements. Therefore, it is not worth focusing
on increasing the intensity and increasing the number of highlighted elements, since the differences in perception of
users are often very small.

The proposed technique makes it possible to evaluate the effectiveness of individual design variants, in terms of
survival in the visual space, and gives new analytic possibilities in the area of effectiveness analysis of recommending
interfaces.

The survival analysis used in the study showed the direction of further work. For example other than eye tracking
techniques can be used for analysis, such as clicks or mouse movements. The results can be also expanded for a larger
sample of users. However, for a pilot study, we limited empirical research to detect key dependencies. The main aspect
of the article was to support the analysis of survival as a reliable indicator in this type of research. Another study can
be extended towards comparisons with other analytical techniques as well as detailed analysis of customer behavior
as a result of attention catching elements with different survival time.
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Abstract

Design of applications requires proper management of content, interaction elements and space. In web systems flow of interactions
is often based on attention catching components in a form of elements of navigation or advertising content. Distance from central
part of interface is affecting user behavior, what can be overcome by scaling size of the objects within the interface according
to Fitts’s law. Here we examine the effects of flickering elements with different frequency, direction and distance from central
elements of webpage on user attention and habituation reduction. The aim of the study was to examine how to overcome users’
resistance to stimuli based on objects flickering with different frequencies located in different directions and distances. We wanted
to check if the higher flicker frequency can compensate the larger distance and increase and user focus depending on whether the
element is located nearest or farthest, similarly like objects sizes for Fitts’s law. Results showed that flicker increases the attention
to objects with higher distance but has no effect on nearest objects. I was possible to improve total time attracted by distance objects
by twenty percent, however the higher performance was observed to nearest objects, no matter what frequency was used for them.
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1. Introduction

Nowadays, the effect of habituation, and dropping user attention to marketing content and elements of websites
is a nightmare for many companies and people responsible for marketing performance. Question is how to effec-
tively and non-invasively draw the user’s attention to content within websites and applications. Instead of annoying
or distracting target users, information that reaches them should signal or unobtrusively draw attention [2]. Users
are primarily looking for informational content and those related to current needs and subconsciously skip content
that is being repeated. Information not related to the task being performed is also eliminated, e.g. system messages,

* Corresponding author. Tel.: +48-91-449-55-93
E-mail address: kbortko@wi.zut.edu.pl

1877-0509 © 2020 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-ne-nd/4.0)
Peer-review under responsibility of the scientific committee of the KES International.
10.1016/j.procs.2020.09.281



Kamil Bortko et al. / Procedia Computer Science 176 (2020) 2756-2763 2757

security messages, marketing messages, etc. The main areas of occurrence of problems are related to banner adver-
tising within portals and social platforms, textual advertisements, recommendations in e-commerce and other visual
and textual messages. Other areas cover video games and entertainment platforms, security messages in anti-virus
systems and messages related to updates [11]. The reason for these phenomena is habituation, which is defined as a
cognitive process, consisting in a gradual disappearance of the reaction to a repetitive stimulus, if it does not carry any
significant changes (information) [1] [4]. Habituation is associated with the activity of the reticular system. Each new
stimulus first produces the stimulating effect of the reticular formation, as the stimulus repeats, the reticular system
exerts an inhibitory effect on the transmission of impulses in the associated sensory pathways [14]. The basis of this
phenomenon is also the limited ability to process information and allocate attention [6]. Also important are aspects
such as: testing the behavior of users during messages appearing in the user interface and analyzing mechanisms of
habituation in the interfaces by current and new users.

The goal of the presented study is the analysis of the parameters of visual intensity of objects displayed sequen-
tially in the process of using the interactive system and the recipient’s reactions recorded using an eye-tracker. In the
experiment, theoretical background based on Fitts’s law was used to examine the role of distance from the central
part of the interface and role flickering frequency on attracting user attention. Apart from this we study the differences
in increasing and decreasing intensity for objects displayed in individual stages of the sequence. The analysis of the
impact of graphic object parameters on their durability in visual space with the use survival models was performed.
Results showed the moderate effect of flickering for objects located near to the central scene, however performance
higher distance was improved. In general it shows that marketers should add used techniques to the location of objects
within visual space and intensive technics are not always required to attracts users attention.

2. Review of the Literature

Designers use various techniques to attract users attention to overcome banner blindness effect [2]. They include
animations, elements with high intensity. They often take a form of intrusive advertising negatively affecting marketing
content perception. The results suggest that animation in banner ads does not necessarily increase the user’s attention,
but even if the user does not knowingly notice the banner ad, it affects the user’s attitude to the brand [7]. Literature
deals with this topic very early. To tackle the topic, a literature review with a background of three main currents:
habituation, Fitts’s law and frequency was performed. The subject of habituation is taken up by many publications. The
most commonly cited descriptions of the behavioral characteristics of habituation come from two papers published
almost 40 years ago [4]. The results also show that the animation improves the rollback performance of banner
content. The subject of the ad, the position of the banner, as well as the inscriptions and colors are better recalled
when the banner is animated in contrast to the non-animated banner, while the intensity of the animation does not
affect the rollback performance associated with the banner. Importantly, the banner animation does not affect the
performance of the actual information retrieval task. What’s more, the intensity of the animation does not affect the
attitude of the respondents to advertising banners [5]. Banner blindness is strongest for banner ads on the right side
of the page and goal-oriented tasks [12]. The results showed that the ads were explicitly visited while reading and
that the advertising times were the longest when the above advertisement was static and the second advertisement was
animated. The results showed that attention (i.e., the time when the eyes first entered the ad) was related to the time
of its appearance. This is especially the case for the ad on the right, which indicates that ads displayed near the text
area are paying particular attention [13]. Most advertisers and web designers believe that animation has a “magic”
function that attracts attention, improves memory and leads to more favorable attitudes [16]. Some studies show
that animation does not help to increase attention, especially when participants perform search tasks [8]. Apart from
the visual characteristic of content, other parameters like size and location have effect on user attention and overall
performance. Fitts’s law is used to study the impact of measuring attention absorption time relative to the distance
of an object. In experiments, Fitts’ Law is used, supported by eyetracking research [15]. Fitts’s law predicts average
statistical effectiveness of pointing, but it doesn’t tell how a person can cope with a single act of pointing. Finally,
practical relevance relates to the importance of these design decisions and events for designers. Fitts law becomes
important when improving the commonly used interface for many experienced users. It allows to mathematically
predict the time it takes a person to indicate a goal - either by touching it or by pointing it with the cursor, depending
on the distance to the goal and the size of the goal [9]. However, some recent findings have shown that larger targets
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Table 1. Global ANOVA analysis statistics showing effect of flickering for all objects.
F  p-values
nearest  0.15 0.85
medium  0.54 0.57
farthest  2.87 0.05

have shortened acquisition times [10]. In summary, thanks to the use of an eye tracking system, this study contributes
to important findings regarding the effectiveness of banners, especially with regard to the impact of banner format and
animation on the users’ attention. Both banner format and animation had a significant impact on attention [7].

3. Goals and plan of experiment

The experiment was based on user sessions with played movie and displayed around objects with different sizes
and flickering effects with frequency 7 Hz and 15 Hz. As a reference was used object without flickering effect, denoted
as 0 Hz. Presented in this paper study was based on 20 participants taking part in the experiment in same conditions in
daylight. Number of participants is similar to other eye tracking based studies focused on visual attention and display
blindness[3]. Each of them was tested using the Tobi Pro X3 eye-tracker. Around the film, in 12 places, as shown in
the Fig. 1 ads were displayed. Each of them was displayed for 2 seconds with an interval of 1 second. People had pre-
viously undergone calibration, which allowed reliable measurement and elimination of divergent results. The objects
were displayed in four different sequences. In Seq. 1, the same advertisement was displayed in each individual place,
but with a different frequency of flickering. Seq. 2 displayed various advertisements with different flicker frequencies.
Both of these sequences proceeded clockwise, i.e. at the beginning the advertisement flickered. In Seq. 3 proceeded
analogously to seq. 1, as well as Seq. 4 proceeded adequately to Seq. 2. The difference was only that the ads were
displayed in a random way, i.e. each of the ads was displayed in a different place with three different frequencies i.e.
0 Hz, 7 Hz and 15 Hz.

4. Empirical results
4.1. Empirical results

In the next step ANOVA analysis was used to carry out the significance test for the dependent variable, the time
of looking at the object we used a qualitative variable as is the flicker frequency in Hz. Results are presented in Tab.
1. We divided the analysis according to the distance of the object from the central part of the page where the film
was located. Analyzing the obtained data, we can see that the statistical significance of the qualitative variable in the
built statistical model was reached only at the distance “farthest”. The significance was p is higher then 0.05. The
strength of the coefficient was 2.87, which indicates a strong relationship with the dependent variable, i.e. the time of
looking. The other two variants for “nearest” and “medium” distances do not show significance for the variable flicker
frequency.

We could see here very low significance. For the “medium” variant it is 0.58, which indicates a poor fit and low
significance of this variable to the model. The strength of the coefficient is only 0.54. However, the significance for the
“nearest” variant is in this case the worst and amounts to 0.87, i.e. the result is close to 1. The fit force is 0.15, which
means that the result is also very poor. Using only one variable, which is the flicker frequency, we see an upward
trend in significance in favor of the “farthest” variant, where only this value alone has reasonable results. This result
proves that it is better for the user to place graphic elements or objects further away if they want to increase the time
of looking at them.

4.2. Descriptive global statistics

Analyzing aggregate results divided into several separate groups and global results in Tab. 2 and Tab. 3, we see
some tendencies and relationships. We’ve grouped the results by several variables. The first of these are the values
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Fig. 1. Conceptual plan of the experiment. Part A shows locations of free slots, used to display content: top, right, bottom and left groups of objects.
Part B shows that every group of slots contains three different slots, near central part of the screen, in the middle and far from it. Part C shows
two ways of displaying content inside the slot. C1 presents ordered display (same content for every frequency inside selected slot) and C2 presents
random displaying (different content for every frequency inside the slot). Part D shows slots selections. D1 represents ordered selection type, and
D2 represents random selection.
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Table 2. Aggregated looking time for used locations for each flickering frequency.

Avg. Looking time  Total looking time Avg looking time Total looking time
0Hz 7 Hz 15Hz OHz 7Hz 15Hz
Top 81.18 46758 67.23 105.23 71.07 12909 20204 13645
Bottom 76.89 44289 59.02 81.82 89.83 11332 15710 17247
Left 91.93 52953 96.43 9030 89.07 18515 17337 17101
Right 95.87 55219 8275 99.82 105.03 15888 19166 20165

Table 3. Performance for used locations for each flickering frequency.

15HzvsOHz 15Hzvs7Hz 7Hzvs0OHz

Top 1.06 0.68 1.57
Bottom 1.52 1.10 1.39
Left 0.92 0.99 0.94
Right 1.27 1.05 1.21

of the average time of looking at objects located in three distances: nearest, medium, farthest with the division into
object directions: top, bottom, left and right. The above division into flicker frequencies was isolated: 0 Hz, 7 Hz, 15
Hz and all frequencies combined. Starting from the frequency value together, in close proximity to the central part of
the interface, we see a definite advantage of the average time of looking at an object from left to right. The results of
these two directions do not differ much and amount to 133 and 137 ms, respectively. The other two, i.e. the top and
bottom are 64 and 69 ms, which is almost half the time of looking at the object. With the medium variant, the trend
looks barely different. Here, the upper direction result is 118 ms. The other three directions oscillate within 90 ms,
which is about 30 ms worse. In the farthest variant, the situation is different. Here, the down direction clearly stands
out against the background of the other directions and is close to 72 ms, with an average viewing time of about 60
ms for the remaining three directions. The total average time of looking at three distances is best for left and right
directions, are 92 and 96 ms, respectively. Much worse results are top and bottom directions, where their results came
out respectively: 82 and 77 ms, or about 10-14 ms shorter average viewing time.

By breaking down the results into groups of distances in relation to the direction for individual frequencies, we
see some patterns and relationships. We can see that in Tab. 4 and Tab. 5. Starting from the results for 0 Hz we see
that the average time of looking for ” nearest” distances are much higher than. The results for the "medium” distance
are slightly worse, without one case where the result from the “’left” direction is more than twice as bad. The results
for “farthest” are the worst results. They oscillate around 20 to 40% of the “nearest” distance results. The situation is
slightly different for the 7 Hz frequency, where the results for the ”near” distance are clearly closer to the “farthest”
distance value with one exception - the “right” direction (50% better in favor of the “nearest” distance). The average
viewing time for the "medium” distance differs significantly in the “’top” direction, where it is 140 ms, with values of
about 90 ms for the “nearest” and  farthest ” distances. At 15 Hz, there is a clear difference between the directions
for each distance. For the “’left” and right” directions, the average viewing time is nearly three and four times higher.
The reverse trend occurs, however, for the “medium” distance. Here you can see a better result for the top” and
“bottom” directions, but this is only a difference of about 20%. The values for the distance “farthest” are similar in
each direction. However, analyzing the distances themselves, it can be seen that the values of the average time of
looking for ’near” are much better. By the left” and “right” directions we see a result two and three times better.

4.3. Sequence analysis

Tab. 6 and Tab. 7 presents the results of sequence analysis by distance and frequency. The values for average
look time and increases are given there. Analyzing each sequence individually, we can see the division into distances
- “nearest”, “medium” and ” farthest ” as well as the flicker frequency, i.e. 0 Hz, 7 Hz and 15 Hz, we see some
tendencies and relationships. Practically in every sequence and at every frequency, the average viewing time was the
largest at the “nearest” distance. When analyzing globally, we see that increasing the frequency did not significantly

affect the user’s focus on a given object. In each variant, the advantage of looking at the user at the object in the
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Table 4. Aggregated looking time for used locations for each flickering frequency divided by objects.

Overall OHz
nearest medium farthest nearest medium farthest
Top 64.22 118.92 60.40 73.36 94 .81 33.53

Bottom 69.12 89.99 71.56 70.00 61.03 46.03
Left 133.13 86.28 56.39  181.50  70.84 36.95
Right 13742 91.57 58.61 104.63 101.92 41.70

Avgvalues 100.97  96.69 61.73 10737  82.15 39.55

7Hz 15 Hz
nearest medium farthest nearest medium farthest
Top 80.53 140.68 95.18 38.77 121.55 51.79
Bottom 70.39 84.42 90.66 66.97 124.53 77.98
Left 87.55 104.67 78.67 130.34 83.33 53.53

Right 14294  81.63 7491 16470  91.16 59.22
Avg values  95.35 102.85 84.85 100.19 105.14 60.63

Table 5. Performance for used locations for each flickering frequency
15Hz vs O Hz 15Hzvs 7 Hz 7Hz vs O Hz
nearest medium farthest nearest medium farthest nearest medium farthest
Top 0.53 1.28 1.54 0.48 0.86 0.54 1.10 1.48 2.84

Bottom  0.96 2.04 1.69 0.95 1.48 0.86 1.01 1.38 1.97
Left 0.72 1.18 1.45 1.49 0.80 0.68 0.48 1.48 2.13
Right 1.57 0.89 1.42 1.15 1.12 0.79 1.37 0.80 1.80

Table 6. Sequence analysis.
flickering in Hz location Seq.1 Seq.2 Seq.3 Seq.4 Avg values

0Hz nearest 136.38 130.50 72.89  89.72 107.37
medium 7736  71.34  59.19 120.72 82.15

farthest 50.64  23.05 2194 62.59 39.55

7Hz nearest 87.59 104.81 6634 122.66 95.35
medium 112.02 151.19 40.23 107.44 102.72

farthest  78.12  82.16 7139 108.02 84.92
wl5 Hz nearest 105.48 11594 92.09 87.27 100.20
medium  93.16  98.11  79.09 149.77 105.03

farthest 51.97 5434 41.61 94.61 60.63

“nearest” position is visible. The sequences were also divided into two main groups, static, where the same ads were
displayed, at different frequencies, in the case of Seq. 1 ordered and Seq. 3 in random positions. The average view
time here was 74 ms. The second group consists of Seq. 2 and Seq. 4, i.e. those where there was variability of ads,
i.e. different ads with different frequencies appeared in a given object. Similarly to the first group, Seq. 2 proceeded
clockwise, while Seq. 4 at random positions. The average look time in this case was 98 ms, which is close to 24 ms
more, which gives an approx. 25% increase relative to the sequence from the first group.

5. Conclusions

The presented study has the form of preliminary research with the main purpose to examine the effects of different
intensity of visual elements in addition to the size and distance of objects in accordance to Fitts law. The research
was intended to show a certain path for future internet system designers placing graphic elements and choosing their
intensity.
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Table 7. Performance.

flickering in Hz location Seq.1 Seq.2 Seq.3 Seq.4 Avg values

15Hz vs 0 Hz nearest 0.77 0.89 1.26 0.97 0.97
medium 1.20 1.38 1.34 1.24 1.29
farthest 1.03 2.36 1.90 1.51 1.70
15Hz vs 7 Hz nearest 1.20 1.11 1.39 0.71 1.10
medium  0.83 0.65 1.97 1.39 1.21
farthest 0.67 0.66 0.58 0.88 0.70
7Hz vs O Hz nearest 1.54 3.56 3.25 1.73 2.52
medium 1.20 1.11 1.39 0.71 1.10
farthest 0.83 0.65 1.97 1.39 1.21

The intensity of flickering graphic elements as well as the direction of their arrangement does not always improve
the result of its absorption by the user. The results show that the intensity of the the flickering effect can improve
the focus on the subject in the peripheral view with a greater distance from the central scene. However, it is not
necessary to apply this type of effect to objects available in central views. It seems more beneficial to place objects
closer together without displaying them by flickering. The increase in flicker frequency is also not conducive to much
better results of the average time of looking at the object.

In terms of directions, it is obvious that greater focus and average viewing time are best for left and right directions.
Analyzing globally, the average viewing time shows that the further the object is at an increased frequency, the more
it does not necessarily improve the average viewing time. It has been found that it is not profitable to increase the
flicker frequency of objects. The smaller the distance, the more it compensates for the length of the eye attraction. The
“average” distance values slightly exceed the values of the average “nearest” viewing time, but not in every variant
and not in all directions. From this it follows that the place of its occurrence is not so important to the user.

When analyzing the cost aspect, web designers and internet systems designers should pay attention to the appro-
priate selection of the intensity of graphic elements. More elements and their significant distinction, as can be seen
from the study, does not mean an improvement in the user’s eye absorption.

Therefore, it is worth considering whether it is better to place static objects without any distinction by flickering
and better focus on distances. It is a kind of flicker frequency compensation as opposed to the direction and distance
of placing objects. Using only one variable, which is the flicker frequency, we see an upward trend in favor of the
“farthest” variant, in which only the value itself has reasonable results.

This result clearly proves that it is better for the user to place graphic elements or objects further if they want
to extend the time of their viewing. So before designing, it is worth thinking carefully about the layout of graphic
elements and choosing their intensity, so that it is not too glaring and at the same time attracts the attention of people
in a gentle way.

6. Future work

The next steps of future works can be based on conducting an experiment strictly on the Fitts law, using objects
with different sizes, locations and more levels of intensity. This will allow a broader view of the complexity of the
habituation problem in combination with the placement of given objects in appropriate distances and directions.
Extended study can be based on a larger sample of respondents tested within different conditions such as time of day
or type of lighting.
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Abstract

The growing intensity of visual marketing content may result in limited user attention and dropping performance. The main reason
is a habituation effect observed for repeated stimuli causing the banner blindness phenomenon. To overcome that marketers resort
to various techniques based on visual effects, such as animations or vividness, with possible side effects like negative brand per-
ception. The same can be observed for recommending systems and the presented study investigates varying visual intensity in a
recommending interface with the use of eye tracking. Multi-criteria analysis is performed to evaluate results from the perspective of
user experience, attention allocated to visual objects and their intensity with the main goal to recommend the most viable solutions.
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1. Introduction

Rapid growth in e-commerce sector creates demand for analytical methods used for increasing performance of
trading platforms. Online systems gather data about customer preferences, online behaviors and transactions. They
are are used to improve user experience and increase sales volumes. Recommending systems integrated within e-
commerce platforms help to better target products according to user needs and reduce efforts to find required products
and services. In an online environment it is mainly those systems that substitute a salesperson known from the tradi-
tional environment and make up for the lack of personal contact since they allow for presenting items that might be of
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interest to the customer. Recommending systems play an important role in purchase decision making [2]. Early stage
solutions in this field based on collaborative filtering algorithms [19] were extended towards explanation interfaces
[16] with the use of context [17] and other techniques [10]. Another direction is integration and utilization of data
from social media [5].

While algorithms development is required for proper content selection and targeting, other steps of communica-
tion with consumers are based on human-computer interaction with recommender interfaces, which can be analyzed
with DOM-events-based solutions [14] as well as eye tracking. The HCI perspective [15] and the visual layer of
recommending interfaces attracted researchers’ attention willing to better integrate recommending interfaces within
online platforms [3]. The number of recommendations, the associated images, descriptions and layouts etc. can all be
analyzed towards interface optimization.

Recommendation interfaces are elements of marketing strategies and can be treated as a means of marketing content
distribution. Unfortunately, even though they are focused on improving user experience, they can suffer from banner
blindness phenomenon [1] and, thus, be ignored to some extent by online consumers. Apart from visual content,
banner blindness was also identified with regard to texts and other stimuli [11]. Due to habituation effects repeated
content may be not noticed and even best recommendations may have no effect [12]. It is especially observed when
advertising clutter [4] with a high number of marketing elements is used. It results in unconscious ignorance of
marketing objects and is observed especially for task-oriented behaviors of web users [8].

To avoid the blindness marketers often use techniques based on increasing visual intensity [6] of presented objects
with the use of animations and flickering effects [9]. At the same time, however, this increases content intrusiveness
and may induce irritation and other side effects affecting brand perception [13]. This situation justifies the need for
more balanced solutions to overcome habituation effects without negative influence on web users [7].

The presented study concentrates on multi-criteria decision analysis (MCDA) of features of recommending inter-
faces taking into account their visual intensity, attention represented by fixations measured with eye tracking and time
required to attract attention after a website is loaded. Our experiments conducted with varied recommendation pre-
sentations showed that highest presentation intensity does not necessarily trigger increased attention. The habituation
effect can best be reduced with moderate intensity. Multi-criteria methods can be used to better adjust presentation
strategies to preferences, taking into account short- and long-term commercial goals and positive user experience.

This paper is organized as follows. Assumptions for the study and its conceptual framework are presented in Section
2. The structure of our experiment and empirical results are provided in Section 3 and conclusions are presented in
Section 4.

2. Conceptual Framework
2.1. General Assumptions

The main goal of the presented study is to evaluate different strategies used to attract user attention to the recom-
mending interface from the perspective of commercial goals and user experience. Commercial goals can be fulfilled
by attracting user attention in order to recommend certain products while from the user experience perspective a task-
oriented user is more interested in editorial content and their own targets. The methodology of our research assumes
the use of a multi-criteria method for strategy evaluation and user behavior analysis with eye tracking.

The experimental group of users can be divided into subgroups G1,Gs,...,G,. Several design variants of a recom-
mendation interface with recommended content RC, RC3,. .. ,RC,, with different intensities are prepared and presented
within experimental websites W, W,,. .. ,W,. Together with recommendations a dedicated section with editorial con-
tent EC,EC,,..., EC, is presented. For each subgroup of users a different visual intensity level of the recommending
interface is selected, denoted by viy, vi,.. ., vi,.

An example based on three subgroups of users is presented in Fig. 1. Three levels of visual intensity are used and
they are denoted by green color for low level intensity, orange color for medium intensity, and the highest intensity
is represented by red color. For each user within subgroup m; fixations are registered, represented by f; | fi 2,. .., fimi-
Fixations are aggregated within areas of interest — website sections defined as editorial content EC or recommended
content RC. Results for each design variant are used as input for the multi-criteria model. Searching for compromise
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Fig. 1. Model of the system for the evaluation of recommending interfaces with the use of MCDA methods and varying visual intensities.

solutions is performed considering visual intensity, user attention to the recommending interface and to editorial
content. Several scenarios will be analyzed using different criteria and goals.

2.2. Methodological Background

Multi-criteria analysis of results can provide guidance for future development planning. This leads to multi-criteria
problems with preferences assigned to the assessment measures. Various methods can be used to evaluate the strategy
and rank the results [18]. The PROMETHEE method was chosen in our research study. It provides an opportunity to
effectively combine criteria and find an advantage between different strategies. It uses a set of solutions, in our case the
possible strategies are A, each a € A, and fj(a) represents the solution rating a for the given criterion f;. The P;(a, b)
preference function represents the degree of a preference over b solution for the given f; evaluation criterion. A
preference index is used for multiple criteria (a, b) from a above b and includes all k criteria: m(a, b) = Zl;’:l w;Pj(a,b),
where w; means the criterion weight. The positive ¢+(a) and negative outranking ¢-(a) are used for a meaningful
assessment of the chosen strategy and then for creating the final ranking.

3. Experimental Results
3.1. Structure of the Experiment

The experiment consisted of a recommending interface with varying intensity of objects in the recommendations
area of the website. The analysis was based on four levels of visual intensity vi, from 0-3. Each level was defined as
follows: in level O, the elements in the recommendation interface were static and did not have any distinctions; in level
1, the element had a small red object in the upper right corner; in level 2, the elements had a red frame with a small
red object in the right corner; the level 3 component was highlighted by a red frame and a red flickering object. Each
intensity level was divided into another four sub-levels taking into account the number of highlighted items. Variants
that occurred in the experiment were: 1 to 3 (that is, one product was highlighted and three not highlighted), 2 to 2, 3
to 1, and 4 to O (that is, all products were highlighted). Experiment had 19 web pages altogether so that at least one
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Table 1. The data that define individual variants. Time values are given in milliseconds.

. Avg time of lookin Avg time of lookin . . . .
Variants agt the interface ¢ at the aria of recommen%lation Visual intensity level  First look
VIO 1276 ms 239 ms 0 2268 ms
VI3 1287 ms 350 ms 3 2451 ms
VI2 1345 ms 322 ms 2 2159 ms
VI1 1293 ms 251 ms 1 2131 ms

page had one intensity combination with a given sub-level. An experiment was carried out with 24 participants. Every
person watched individual pages with a given variant for 7 seconds. In the next step, another page was shown. All in
all, there were 19 subsequent pages with different recommendation variants displayed to each of the participants.

3.2. Results and Visual Analysis

The gaze maps are presented in Fig. 6 - Fig. 9 and represent the most significant figure type popular in eye tracking
literature. Looks are the basic unit of measurement — one point of view is equal to one raw sample registered by the eye
tracking device. Fig. 6 shows the first look, which focuses on the upper part of the interface. In the first place, a large
concentration on the area outside the recommendation interface is observed. Then we can see the attention given to
objects in the recommendation interface, as evidenced by large fixation. Fig. 7 shows the first look, which also focuses
on the upper interface. This time, however, there is little interest in the recommendation area. The user’s attention is
definitely focused on the product description. Fig. 8 shows the first look in the vicinity of the recommendation area
— the highlighted elements of the interface have focused user attention, which is clearly visible. Fig. 9 shows slight
attention of the user to the recommendation area, which we can notice after the first look and the user’s path of vision
mainly focused on the upper part of the interface.

In short, heatmaps shown in Fig. 10 - Fig. 13 show relative intensity of the values in the table. This means that
we have a large number of numbers and each receives a graphical representation. Those areas that have the highest
values — in relation to other numbers present — will get a hot” color, while those with lower values - again, in relation
to other current numbers — will receive a ”cold” color. Figures with heatmaps depict the views of the users in a given
area in our recommendation interface. Fig. 10 shows uniformly apportioned eyesight to each of the objects in the
interface — the area of recommendation and the upper part of the interface attracted attention equally. We can see
small differences to the disadvantage of the recommending area. Fig. 11 shows a similar relationship that we observe
in Fig. 10, but the eye-pull accent is more evenly distributed, and we do not notice great differences in the saturation of
either area with the red color. In Fig. 12, it can be clearly seen that there was little focus of sight on the recommending
area, which shows yellow color with respect to intense red areas at the top of the interface. The last Fig. 13 shows a
strong focus of sight on the recommending area, and we also see an intense red color in the upper interface area — the
sight is distributed among all elements with a slight advantage over the upper area.

4. Multi-criteria Analysis of Used Scenarios

The PROMETHEE II method was used in the analysis. We have four scenarios in which we use four variants along
with four criteria. The criteria which we have chosen for our analysis are: 1. Average time of looking at the interface,
2. Average time of looking at the area of recommendation, 3. Visual intensity level, 4. Time of the first look at the
recommendation interface (First look). Four variants were analyzed with different weights assigned to the criteria. The
first variant utilizes a weight of 25% for criteria 1 and 2, and 50% for criterion 4. The second variant has a weight of
25% for each of the four factors. In the third variant a weight of 25% was assigned to criterion 3 and 75% to criterion
4. In the fourth variant we assigned a weight of 100% to criterion 4. The options we will take into account are visual
intensity levels from O to 3. The data that define individual variants are presented in Table 1, where time values are
provided in milliseconds. They are used when creating rankings for individual scenarios.
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Table 2. The PROMETHEE II method was used in the analysis. We have four scenarios in which we use four variants along with four criteria.
Four variants were analyzed with different weights assigned to the criteria. Criteria: 1. Average time of looking at the interface, 2. Average time of
looking at the area of recommendation, 3. Visual intensity level, 4. Time of the first look at the recommendation interface.

Ranking Variant ¢ o+ ¢— Ranking Variant ¢ o+ ¢—
1-25%, 2-25%, 3- 0%, 4- 50% 1- 0%, 2- 0%, 3- 25%, 4- 75%

1 VI2 0.5 0.75 0.25 1 VIl 0.8333  0.9167 0.0833
1 VI1 0.5 0.75 0.25 2 VI2 0.1667  0.5833 0.4167
3 VI3 -0.3333  0.3333  0.6667 | 3 VIO 0 0.5 0.5
4 VIO -0.6667 0.1667 0.8333 | 4 VI3 -1 0 1

1- 25%, 2- 25%, 3- 25%, 4- 25% 1- 0%, 2- 0%, 3- 0%, 4- 100%
1 VI2 0.3333  0.6667 0.3333 | 1 VIl 1 1 0
2 VIl 0.3333  0.6667 0.3333 | 2 VI2 0.3333  0.6667 0.3333
3 VI3 -0,3333  0,3333 0.6667 | 3 VIO -0.3333 0.3333  0.6667
4 VIO -0.3333  0.3333 0.6667 | 4 VI3 -1 0 1

4.1. Scenario I emphasizing first look in relation to first two criteria

In the first scenario, we take into account only three criteria: Average time of looking at the interface, Average
time of looking at the area of recommendation and Time of the first look at the recommendation interface. According
to our preferences, the first two should reach maximum value while for the third criterion we want it to be minimal.
By analyzing Table 2 and Fig. 2 to Fig. 5 we can see that at the head of the ranking there are several dependencies.
Analyzing the PROMETHEE results, we can conclude that variants VI1 and VI2 are preferred for activities in the
ranking. They have the highest Average time of looking at the interface. As for the Average time of looking at the area
of recommendation, they are ranked 3rd and 2nd, respectively. Time of the first look at the recommendation interface
for those two variants is also the lowest, i.e. 2131 ms and 2159 ms. Their ¢ score is 0.5 for both variants. The VI3 and
VIO variants have much worse results. The ¢ score for VI3 is -0.3333, which is almost 3 times worse than VI1 and
VI2. Variant VIO is significantly lower than that and has the shortest Average time of looking at the interface. Time of
the first look at the recommendation interface also belongs to some of the worst, therefore this variant ranks at the end
of the stake with ¢ score of -0.6667. If we would like the first look to be as quick as possible as our priority and give
the other two time-related criteria as equal yet less important than the priority criterion, we should consider choosing
visual intensity levels between 1 and 2.

4.2. Scenario Il with balanced criteria weights

In the second scenario, we take into account all four criteria with evenly spread weights. According to our pref-
erences, the first two should reach the maximum value while for the third and fourth criterion we want them to be
minimal. Analyzing the PROMETHEE result, we can conclude that variants VI1 and VI2 are equally preferred for
activities in the ranking, similarly as in scenario 2. They have the highest Average time of looking at the interface.
Their ¢ score is 0.3333 for both variants. Variants VI3 and VIO have much produce results — they are on the opposite
pole with their ¢ score of -0.3333, almost 2 times worse than in the case of VI1 and VI2. The visual intensity level
criterion, however, at VIO obviously shows the best result, because it has value 0 while the criterion is being kept to
a minimum. If we want to ensure that all criteria are equally important to us, we should consider the choice between
visual intensity levels between 1 and 2, as in scenario 1.

4.3. Scenario Il emphasizing first look in relation to intensity level

The following scenario takes into account two criteria: Visual intensity level and Time of the first look at the
recommendation interface, with weights of 25% and 75%, respectively. According to our preferences, we want the
third and fourth criterion to be minimal. Analyzing the PROMETHEE result, we can conclude that variant VI1 is
definitely preferred for activities in the ranking. The ¢ score is 0.8333. Another variant, VI2 has a ¢ score of 0.1677,
which is almost six times worse. Variants VI3 and VIO again have much worse results. If we want to make sure that
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visual intensity level and in particular time of the first look at the recommendation interface are important to us, we
should definitely choose VI1. The remaining variants remain unattractive.

4.4. Scenario IV with total priority of the first look criterion

In the last scenario, we take into account only one criterion: Time of the first look at the recommendation interface
with a weight of 100 %. This criterion is to be minimized. Analyzing the PROMETHEE results, we can conclude that
variant VI1 is definitely preferred for activities in the ranking, as in scenario 3. The ¢ score is 1. The next variant, VI2
has a ¢ score of 0.3333, which is almost 3 times worse. Variants VIO and VI3 invariably have much worse results with
¢ scores of -0.3333 and -1, respectively. If we want to treat the time of the first look at the recommendation interface
as the only important to us, we should definitely choose visual intensity level 1. The remaining variants are not worth
recommending.

5. Conclusions

Efforts of web content designers are often focused on attracting visual attention of web users with the use of various
techniques to overcome habituation effects. Since high marketing content intensity usually leads to worse user experi-
ence, it is important to search for effective solutions with limited negative impact on webs users. The presented study
showed the impact of different levels of visual intensity of the recommending component on user behavior. The use
of eye tracking and fixations measurement allowed for detailed analysis of influence of recommendation presentation
modifications on user behavior. Multi-criteria analysis with the use of PROMETHEE II allowed to analyze several
scenarios based on four variants related to the levels of visual intensity of elements in the recommendation interface
and four criteria, one of which is the crucial time of the first look of the user at the recommendation interface, from
the point of view of our analysis. Analyzing all of the scenarios considered, there are several important conclusions.
The first and foremost of them is to indicate that according to MCDA results it is advisable to select either VI2 (in
scenarios 1 and 2) or VI1 variant of visual intensity (in scenarios 3 and 4). Highest visual intensity of the recommen-
dation (VI3) or complete lack of highlight (VIO) were not selected. All in all, VI1 and VI2 variants turned out to be
much more beneficial, and consequently, moderate visual intensity instead of no highlight or severe highlight seems
to be the rational choice and, from the perspective of our study, is therefore worth considering while designing a
recommendation interface and delivering recommended content.
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Abstract

The art of designing user interfaces requires the efficient management of all the elements with
which they cooperate. Problems appear with the effective delivery of messages to users dynam-
ically switching web pages. This happens, for example, with chatbots appearing in peripheral
areas. They are difficult to notice and are often missed during website exploration. This study
shows the impact of the intensity of content changes in the chatbot area on the user response.
The study was performed for changes in the peripheral area for different reaction times. The
results showed that the intensity of changes within the chatbot area mainly impacts reactions
within 400 ms; for a longer response, the difference between substantial and small changes is
lower. Chatbot dynamics can be adjusted to user behavior to increase awareness and the perfor-
mance of message delivery.

Keywords: chatbot, habituation, visual space, peripheral vision

1. Introduction

Large numbers of chatbots play a significant role in supporting customers and facilitating mar-
keting processes. Chatbots are regularly used by companies looking to improve their customer
service, sales, and marketing performance in various sectors. The number of chatbots has con-
tinued to grow, especially when Facebook launched its chatbot platforms [17]. The first phase
of communication focuses on attracting the user’s attention and, importantly, maintaining eye
contact. What needs to be considered when designing chatbots and how they work is that ex-
cess stimuli can limit a user’s ability to process information. This leads to some users ignoring
or not noticing chatbots [7]. Excess stimuli can limit a user’s ability to process information,
leading some users to ignore or not notice chatbots. Phenomena such as habituation leading
to a reduction in responses to repeated stimuli were also observed [5], and they are caused by
the continuous attempts of chatbots to contact customers. We must deal with the fact that mar-
keting content can quite often be ignored, with phenomena similar to text blindness [14] and
banner blindness [6] that appear when users treat chatbot messages as marketing content. An-
other aspect is related to changing content within the chatbot interface. Some changes may go
unnoticed, for example, due to a phenomenon known as change blindness [10]. The main goal
of this study was to verify the impact of the intensity of changes within the chatbot area in pe-
ripheral vision on the ability to notice them during primary-task execution. This showed to what
extent real-time changes in the chatbot area of an interface influence a user’s attention toward
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the chatbot, depending on the possible time frame representing the website visit.

2. Related work

Literature studies treat chatbots as "online systems of human—computer dialogue with natural
language" [1]. The first connection that affects the chatbot was assigned to Alan Turing. It is
to him that we attribute this concept [9]. Chatbots can be embedded into interactive systems,
and a recent study looked at chatbot interfaces [16]. The chatbot research literature focuses both
on the visual effects of the conversation itself, and determining the level of anthropomorphism,
which is closely related to the topic. Research that deals with the use of eye tracking to test the
visual attention of subjects has been studied very little. This attention was paid to the visual
effect of the chatbot (e.g., which part of the chatbot attracts the greatest amount of attention of
our respondent). One of the main aspects [2] of the research was communication between the
chatbot and humans. The main question was whether the chatbot should be more of an agent.
The same visual chatbot area, which is the object of study, leaves room for much deeper and
more accurate analysis. Many studies showed that the visual aspects of the chatbot significantly
showed the importance of the visual appearance of the chatbot to users noticing [8]. Visual-
effects research studies the overall design of a chatbot. What is also touched upon is the degree
to which the use of thoughtful text [4] is perceived. Designing in terms of usability, in its broad
sense, includes interactions with graphical elements of chatbots [3]. There are typical phenom-
ena that can influence, e.g., visual communication. Habituation and poor reaction to repeated
[11] content are repetitive and familiar chatbot phenomena. They worsen the performance of the
chatbot and are a new area of research. Quite an interesting phenomenon that is correlated with
chatbots is the so-called banner blindness. This mainly consists in reducing users’ attention to
various types of marketing components and filtering out unwanted content [13]. In the literature,
we can find many publications that relate to banner blindness. They define it as the inability to
perceive specific visual objects, such as advertising banners, in a visual scene. Messages that are
displayed in the chatbot visual space are displayed in a very similar way to that of any security
alerts on the systems. They are also routinely ignored by users. One of the important factors
that influence the ineffectiveness of alerts is habituation. It is defined as a limited response
to a realert. A similar phenomenon to habituation that is closely related to chatbots is change
blindness. This occurs when users do not notice significant changes in the visual sphere of the
interface that occur at the same time as other visualizations do [13]. Research by other authors
showed that users perceive visualizations in various user interfaces as a single space that is rich
in various types of elements. They often overlook large and significant changes that greatly
impact attracting attention to chatbots [15]. However, human attention is limited, leading to the
fact that a user’s perception of dynamic events in the user’s field of view requires a great deal of
focus on appearing objects [10]. Noticing a change in the user’s field of view requires a great
deal of attention based on the high level of variability of elements in the field of view [12].

3. Conceptual framework

On a website, chatbots are usually integrated with other content for attracting user attention, such
as product listings and commercial offers. As chatbots are often surrounded by other content
and overloaded with marketing messages, their ability to attract user attention can be limited.
In typical applications, user behavior is often based on switching between pages and only a
limited amount of time is available for message delivery. Under such conditions, messages
delivered via chatbots may remain unnoticed. In this study, we assumed that the main goal is
to deliver information about chatbot changes in peripheral vision without breaking the primary
task. Figure 1 shows an example of two processes with a static chatbot (A) with low potential
to absorb user attention, and a dynamic chatbot with an adjustable intensity of changes (B),
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proposed in this study.
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Fig. 1. Exemplary two processes with static chatbot (A) with low potential to absorb user attention
and proposed in this study dynamic chatbot with adjustable intensity of changes (B).

In Process A, the user concentrates on the primary task, and messages shown in peripheral
area are not delivered. After a short amount of time, the user switches from Page 1 to Page
2, with low ability to notice chatbot messages. In Process B, the user concentrates on the pri-
mary task, but chatbot changes are noticed due to the adjustable intensity. They are visible in
the peripheral vision, and users, without interrupting their task, are aware of new content be-
fore switching to another page. The natural process of communication with a chatbot includes
the appearance of new messages and the disappearance of old ones. The intensity of changes
within the chatbot, represented by the percentage of content that changes between updates within
certain time intervals, may impact user attention. The above assumptions and theoretical back-
ground led us to create a decomposed chatbot design with the ability to adjust the number of
messages on the basis of content slots located within the interface. The number of messages
assigned to each time interval can differ, and the changes in messages between time intervals
are the main mechanics of content changes within the visual space that drive user attention.

4. Results

The experiment based on a chatbot with adjustable intensity of changes was attended by 13
people aged in the range of 18-35 years. The test was performed on a 27" monitor. Each
person’s head was firmly set on a chin rest 54 cm away. This made it possible to obtain a 45-
degree angle between the center of the screen and the edge of the chatbot. A Tobii Pro X3 eye
tracker with a 120 Hz sampling rate was used to track the user’s gaze paths, and the average
session lasted 15 minutes.

The main characteristics of the data comprised two categories. Each change of state (SC)
was divided into 9 changes in the chatbot areas: 1:1, 1:2, 1:3, 2:1, 2:2, 2:3, 3:1, 3:2, and 3:3. The
sequence of changes was based on two states. The first number, Num1, from pair NUm1:Num?2
denotes the number of message components in the first state, and the second number, Num2, in
the second state.

Figure 2A shows a diagram of user interaction during the experiment. Users looked at the
area marked in red. In a given area, a blue dot appeared and randomly pulsed. On the right-hand
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side of the user’s screen, a chatbot was visible in which content appeared sequentially. The user,
thanks to peripheral vision, could see objects that were not directly in front of them-in this case,
the chatbot with content appearing. If changes were noticed, the user had to press the mouse
button. The intensities of changes based on the nine states were tested for each user with three
repetitions and a random order.

Table 1. Results of ANOVA analysis for all time intervals and regression analysis of the number of
reactions against the SC.

SC vs time of intervals Regression
400 ms | 500 ms | 600 ms | 700 ms | >700 ms | Number of reaction vs SC
F | 15.573 | 13.892 | 14.829 | 14.481 14.102 | SE of estimation | 3.541
p | 0.002 0.003 0.002 0.009 0.012 p 0.001

For analysis, we used variables related to noticed changes in chatbot areas grouped into time
intervals based on registered reactions on changes reported by pressing mouse button. They
were grouped into five variants: times up to 400, 500, 600, 700, and over 700 ms. Analyzing the
impact of the intensity of changes within chatbot areas on the response using statistical ANOVA
showed that it exhibited statistical significance p < 0.05 in each of the five intervals, ranging
from 0.001 to 0.012. In each of these cases, there was a definite clear, strong, and statistically
significant impact of SC on the time of intervals. F statistics for each of these groups also looked
very similar, with a slight indication of the first interval, or up to 400 ms, in which differences
in the continuity of the corrections of the result were slightly smaller. Here, we had results
of 15.573, showing the highest impact of intensity changes for the lowest used time interval.
Variables using analysis of variance, thanks to which we checked whether certain independent
variables (factors (SC)) had an impact on the level of the dependent variable (tested, measured
variable), i.e., time intervals in our case.

If we consider regression analysis, we can note several important aspects. To assess the
goodness of fit between the models and data, we used the values of the determination coefficients
(R?). For the model, their value was very high, R? = 98.481. A good fit was also evidenced by
the low value of the SE of estimation at the level of 3.541.
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Fig. 2. (A) Experimental screen with diagram of user interaction during the experimental study’s
and from (B) to (F) bar charts with every time intervals (400 ms, 500 ms, 600 ms, 700 ms, >700

ms)

Figure 2B shows, for time of intervals of 400 ms, the percentage of users reporting noticed
changes in the chatbot. The reaction percentage had the highest values with growth SC, i.e.,
1:2, 1:3, and 2:3. The worst results were achieved with SC that began with 3 news blocks. The
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values in this chart ranged from 12% and a maximum of 35%. from Figure 2C-E (500-700
ms) show similar tendencies to those in Figure 2B with slight shifts followed by SC. However,
here, the reaction percentage spread ranged between 45% and nearly 90%. The greater the time
of intervals was, the greater the reaction percentage. Figure 2F (> 700 ms) shows a reaction
percentage in the range from 90% to nearly 98%.
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Fig. 3. Scatter plot (A) is number of reactions in particular time periods divided into SC. Scatter
plot (B) shows umber of reactions in particular time periods divided into time intervals. Charts
form (A1) to (A9) refer in color to Fig.3A.

Figure 3A shows the number of reactions in particular time periods divided into states of
change (SC). Clusters of fast reactions up to nearly 500 ms are visible here. The longer the
time was, the greater the scatter of the reaction became. Figure 3B shows the reactions of users,
broken down into individual time intervals. At the time intervals, the clusters in the upper limits
were very scattered. The remaining plots (Figure 3A1-A9) refer in color to Figure 3A, and a
breakdown of these reactions against the time intervals is visible here.

5. Conclusions

The main goal of this study was to verify the impact of the intensity of changes in a chatbot on
providing awareness about new content in peripheral vision without interrupting a main task.
Different intensities of changes within the chatbot were used on the basis of the sequence of
pairs of content units and adjusted differences between them. Results clearly showed that the
intensity of changes in the chatbot area significantly affected the reactions of users who stayed
on the website for nearly 400 ms. For a longer response, starting from up to 500 ms to the end,
the difference between large and small changes was smaller. This hints that the dynamics of
changes in the chatbot could be adapted to the individual behavior of users in order to increase
their awareness of changes in the efficiency of delivering specific messages.
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Abstract

Designing user interfaces requires the efficient management of elements that interact with the user
and attract their attention. In the development of technologies supporting the development of chatbots, few
studies have focused on the visual aspects of the interface. Changes in the chatbot area can be of different
natures, such as increasing or decreasing the number of messages. Due to habituation (change blindness),
messages delivered by chatbots may not be noticed. The main goal of the present study was to examine the
impact of changes within the chatbot on user behaviour and the possibility of directing user attention to the
chatbot area. This study showed that the intensity and types of changes within the chatbot can improve
performance and successful message delivery to users.
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1. Introduction

Take, chatbots play an important role in supporting customers and facilitating marketing processes.
Thousands of chatbots are already helping businesses improve their customer service, sales, and marketing
performance in various sectors. Chatbots are expected to be the one of the most important Al applications for
consumers in the next five years [14]. The number of chatbots has increased over time, especially after
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Facebook launched its chatbot platforms [17]. The development of chatbots is focused on natural language
processing, applications of machine learning [30], and neural networks [26], with the main challenges related
to making chatbot—-human communications appear closer to human—human communications through more
accurate responses [19]. However, while chatbots can participate and grab a user’s attention, natural language
interfaces to computer systems cannot yet simulate the full range of intelligent human conversation [19].
Another studied aspect is chatbot interfaces. For commercial purposes, it is important to engage users in
communication with chatbots and actively use those chatbots for supporting processes within company
websites [21]. In the first phase of communication, a visual contact is important, as is attracting user attention
[25]. Several problems have also been observed in other areas. Excess stimuli can limit a user’s ability to
process information, leading some users to ignore chatbots or not notice them. Phenomena like habituation
leading to a reduction of responses to repeated stimuli have also been observed [6] and are caused by the
continuous attempts of chatbots to contact customers. As marketing content is often subconsciously ignored,
phenomena similar to banner blindness [22] and text blindness [12] can be observed when users treat chatbot
messages as typical marketing content. Another aspect is related to changing content within the chatbot
interface. Changes may be not noticed, for example, due to the change blindness phenomena [24], leading to
the user not noticing visual changes, especially when other stimuli demand the user’s attention.

While earlier studies focused on other areas of human—computer interactions and the impacts of changes
within the visual space, the present research explores how changes within the chatbot area can influence user
attention. Chatbot usage can be considered from the perspective of supporting users in task completion while
other applications remain focused on the delivery of marketing content. In both cases, the effective delivery of
messages is important. Thus, the main goal of this study was to answer the following question: To what extent
do real-time changes in the chatbot area of an interface influence a user’s attention toward the chatbot? The
resulting experiment showed how attention can be increased through intensive changes, rather than gradual
effects, as well as the differences in response when different levels of changes are used. The following section
presents a literature review and is followed by the conceptual framework. The results are presented in the
experimental section and summarized in the conclusions.

2. Review of the Literature

Studies in the literature treat chatbots as "online systems of human—computer dialogue with natural
language" [14]. The first chatbot concept is attributed to Alan Turing [14]. Since Turing, chatbot technology
has improved with advances in natural language processing and machine learning [30]. A chatbot is a program
driven by the rules and intellectual abilities of a human that focuses on conversation strategies; chatbot
designers largely use machine learning and Al techniques [5]. Chatbots can enrich an organization with unique
knowledge based on consumer feedback [5]. Using replies similar to those of real people, chatbots have the
ability to grab a user's attention [16]. Recently, however, the integration of chatbots with messengers has
become the focus of attention [18].

While chatbots can be integrated with interactive systems, recent studies have also considered chatbot
interfaces [20]. Chatbot research literature focuses on the visual effects of the conversation itself and the level
of anthropomorphism. The use of eye tracking to study a user’s visual attention has been explored very little,
and no particular attention has been given to the appearance of the chatbot itself (e.g., which chatbot elements
attract the most attention). Another study [13] presented a literature review on human—chatbot interactions.
The main aspects included the communication of the chatbot with a human, whether the chatbot should be
more like an agent, etc. The visual area of the chatbot itself, however, leaves room for deeper analysis. The
results of many studies on chatbot visualization emphasized the importance of a chatbot’s visual appearance
[9]. Visual effects studies explore the overall chatbot design, as well as the extent to which the use of well-
thought-out text is perceived [10]. In this case, designing for usability involves interactions with the graphical
elements of the chatbots [11].

The performance of a chatbot acting within visual space can be influenced by the typical phenomena
affecting visual communication. Habituation and lower responsiveness to repeated content [15] are common
phenomena that can decrease chatbot performance and represent a new area of study. Another interesting
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phenomena related to chatbots is banner blindness, which is well-known from digital marketing studies based
on a user’s decreased attention to marketing components and filtering unwanted content [28]. Literature treats
banner blindness as the inability to perceive specific visual objects, e.g., advertising banners, in the visual
scene. Chatbot messages can appear within the visual space in a similar way to security warnings and are
likewise routinely ignored. The main influencing factor behind the ineffectiveness of warnings is caused by
habituation, i.e., a limited response to a repeated alert.

Another phenomenon directly related to chatbots is change blindness, which occurs when users do not
perceive even substantial changes in the visual scene that occur simultaneously with other visuals [28]. Earlier
studies showed that humans perceive the visual elements in user interfaces as a uniform space that is rich in
various types of elements but often fail to notice large and significant changes [23], which can also affect
chatbots. Given that human attention is limited, the perception of dynamic events in a scene requires focus
[24]. Attention is required to perceive the change, and in the absence of localized motion signals, attention can
be shifted based on the high level of variability of elements in the field of view [29].

3. Conceptual framework

On a website, chatbots are usually integrated with other content for attracting user attention, such as product
listings and commercial offers. As chatbots are often surrounded by other content and overloaded with
marketing messages, their ability to attract user attention can be limited. Under such conditions, messages
delivered via chatbots may remain unnoticed. In this study, we assume that the intensity of changes within the
chatbot interface can influence user attention during engaging tasks. The main goal is to maintain relatively
low visual intensity without the usage of invasive content such as flashing elements, vivid effects, or
animations, with the main content of chatbots focused instead on text-based messages. The present conceptual
framework uses mechanisms identified in earlier theoretical studies. The natural process of communication
with a chatbot includes the appearance of new messages and the disappearance of old ones. While chatbots can
be organized in several ways, the main question is as follows: What kind of changes within a chatbot will
attract more attention—message clements appearing or disappearing? Cole and Kuhn [1] showed that
appearing objects a perceived with higher priority and have a greater potential to capture user attention. An
earlier study by Franconeri and Simons [2] proposed a behavioural urgency hypothesis and identified that
greater attention was attracted by suddenly appearing objects requiring immediate attention due to representing
a potential threat. Therefore, it is expected that appearing elements will initiate a better response, but questions
remain regarding the differences between both approaches—for example, whether the disappearance of larger
objects and numbers of messages can have a comparable impact to the appearance of a smaller portion of
information featuring new content.

Another question relates to the intensity of changes within the chatbot, represented by the percentage of
content that changes between updates within certain time intervals. Presumably, large changes with many new
message components will deliver better results than small increases in content. Ball, Elzemann, and Busch [3]
focused on scene manipulation and measuring changes based on the number of pixels changed. The results
showed that response times decreased by increasing the size of the change. In relation to the number of
messages updated within chatbots, one important factor is the relationship between the impact of the number
of new messages on response time and the proportion of users who notice those changes. Other aspects from
earlier perceptual studies with direct applications in chatbots were based on the impact of gradual or disruptive
changes. Laloyaux, Devue, and Cleeremans [4] showed that gradual changes within a visual space are more
difficult to detect than disruptive modifications, as such changes result in high levels of change blindness.
Simons, Franconeri, and Reimer [2] showed that gradual changes can result in change blindness even if those
changes are performed in the central part of one’s vision area. These early results motivated further
experiments using chatbots to measure how the gradual appearance of messages with small changes can differ
from showing few messages at once.

The above assumptions and theoretical background led us to create a decomposed chatbot design with the
ability to adjust the number of messages based on content slots located within the interface. The structure of
the experimental interface is presented in Fig 1. To maintain the assumed changes within the chatbot interface
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and control them through message exposition, a set of M=(mj,mo,...,m;) messages is assigned to each time
interval t. The number of messages assigned to each time interval can differ, and the changes in messages
between time intervals are the main mechanics of content change within the visual space that drive user
attention.
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X " 4
Set of messages for time period t
Message unit m, MMM e Mgy
State changes (SC) between t and t-1
1 SC{t, t-1) = card(M,) - card(M,.,) {card(M,.,)} Message unit m; Message unit m
R State differences (SD) set Message unit my. Message unit my. e T
SD(t, t-1) = M, \My.y = [n4,+,-,n]
Message unit m; ., Message unit m; ., Message unit my Message unit m
Message unitm n+ - slot unchanged, message visible
hEREERE Rl M;; = [1,0,00] M,z = [1,1,1,0] My =[1,1,0,0] My =11,1,1,0]
- - message dissappers gy Lo % i
- slot unchanged, message not visible SD{t2,t1) = [n#, 4,407 SDMR2,t1) = [n+nemn]  SD{E2.tL) = [n+4400] >
ty ta ts ts

Fig. 1. Chatbot decomposition and incremental and decremental state changes

Each chatbot state St is described by the number of presented messages. The stage changes SC between
time t and t-1 are described by the difference in the number of messages shown in time t and t-1. These
changes are computed as the difference in the number of messages within set M and set M-1, with the number
of messages in t-1 serving as a reference for added messages or messages in time t additionally denoted as
cardinality {card(M1}. The state difference set SD represents the difference between sets M; and Mi-1 and
indicates the type and intensity of changes between t-1 and t. The elements of the set correspond to messages
from set M=(m;,m,...,my), with values that are unchanged and visible denoted as n+ (a message exists at the
same position for both t and t-1) and those that are unchanged and not visible denoted as n- (empty message
slot for both time intervals), showing a message in a given slot with '+' for appearing and '-' for disappearing.
This method makes it possible to describe the chatbot states in each stage and the differences between time
intervals in a generalized manner.

Fig. 1 also shows an example process of changes in the number of messages within the chatbot’s interface.
In the first stage t;, one slot is used, and a single message unit is shown. In the second stage t», another two
parts of the message are shown, and potential user would experience changes within the interface from one
message to three, with the potential to attract the user’s attention. In the next stage t3, two message units are
presented, and the change is based on a reduction in the number of messages between t; and to. The next step
produces one additional message, with the change between t; and t4 denoted as SD(ts,t3)=(n+,n+,+,n-) and
SC(ts,t3)=+1{1}.

While the generalized version of the interface for practical usage is based on using n messages to cover all
possible state changes within experimental user sessions, a four-state interface was designed with an empty
interface and one, two, and three message units included within the interface. The whole experimental space
with all 15 possible change variants is presented in Fig. 2.

+1{0} +2{0} +3{0} oL {1} +21} 02} +1{2} 03

2 TVe Ne e NVe NYe NVe NYVe Ve

13} 23} 303} 12} 22) A1)

TV T TRV TV TV

32 3 30 2 1 2 0 10
Fig. 2. Complete experimental space for four state object with incremental and decremental changes
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The above assumptions consider incremental changes starting from a level with zero, one, or two messages
and three combinations featuring unchanged states, with one, two, or three visible elements for both time
intervals. This model also covers decreases in the number of messages (three > two > one message(s)), as well
as increases and decreases in the number of messages and changes based on one, two, or three messages
influencing the intensity of changes within the visual space.

4. Experimental setup and results

The above assumptions were used to design the experimental environment. To engage the user, the
experimental chatbot was integrated with a game based on searching for visual elements within complex
drawings. Fig. 3 presents the interface layout for the game and integrated chatbot, with typical localization
within an application displayed in the bottom-right corner. In this example, the chatbot is providing tips to the
user.

Primary content Chat bot Primary content ¢t ot Primary content Chat bot
area with game area with game — area with game

||

ty 2 o B v
SCltaty) = 42 SClts ) =42

Fig. 3. Experimental setup and integration of the chatbot with a game

The main goal of this research was to study the effect of changes within the chatbot area on user attention
and the ability to drive attention toward the chatbot area through visual paths. The chatbot interface was
changed using time intervals according to the experimental plan using each pair of changes in a random
sequence, with three repetitions per area of change. For each time period ti, t2, ... , t, messages are loaded. The
proposed structure and changes between chatbot updates enabled us to perform an experiment to analyse the
effect of unchanged messages between time intervals, with one, two, and three messages for both time
intervals and state differences of SD(t,t-1)=(n+, n-, n-), SD(t,t-1)=(n+, n+, n-), and SD(t,t-1)=(n+, n+, nt).
Another monitored aspect was the difference between the appearance and disappearance of messages.
Messages appeared in five element combinations: SD(t,t-1)=(+, n-, n-), SD(t,t-1)=(+, +, n-), SD(t,t-1)=(+, +,
+), SD(t,t-1)=(n+, +, +), and SD(tt-1)=(n+, +, n-). Messages disappeared in four combinations with state
differences of SD(t,t-1)=(n+, n+, -), SD(t,t-1)=(n+, -, -), SD(t,t-1)=(-, -, -), and SD(t,t-1)=(n+, n+, -).

This conceptual framework and experimental environment were used to verify the impact of changes within
the chatbot on the user’s attention and reactions to the chatbot messages. The experiment was based on 15
users performing tasks that involved searching for items in specific images and then tagging those images.
After tagging the images, the chatbot suggested where to look for the relevant elements. A random allocation
of changes was used for each user, with three repetitions. A Tobii Pro X3 eye tracker with a 120 Hz sampling
rate was used to track the user’s gaze paths, and the average session lasted 11 minutes. The eye tracker was
calibrated to each user at the beginning of the experiment.

4.1. Descriptive global statistics

The analysed data were grouped and aggregated into three categories based on some common
characteristics. We distinguished the obtained measurement results for the time the user needed to switch from
the game area to the chatbot as effective message delivery (EF) or ineffective message delivery (INEF). For
EF, we included results whose transition times ranged from 100 to 2000 ms, based on a study that excluded
reaction times of <100 ms as “too early” and reaction times > 2000 ms as “too late’ (i.e., not a direct reaction
to the stimuli) (Otaki and Shibata, 2019). We included cases with no reaction to the change in the INFE group.
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The main characteristics of the data included three categories: the state difference (SD) between changes in
chatbot content, the direction of changes based on appearing or disappearing content (increases or decreases in
the number of messages), and the start values (“start” refers to the actual filling of the chatbot at the time of
change). The data for measuring the time of transition to the chatbot and the total number of EF and INEF
responses were averaged for each state change (SC). Each of these categories was given its own groups. SD
included groups 0, 1, 2, and 3 based on the differences in number of messages, followed by the direction
groups of none, down, up, and finally starts, which included groups 0, 1, 2, and 3 with the initial number of
messages before the occurrence of a change.

100
EF
INEF

Effectiveness [%]

20
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01 02 03 10 11 12 13 20 21 22 23 30 31 32 33

SC set

Fig. 4. Effectiveness represented by the percentage of effective (EF) and ineffective (INEF) expositions for each state changes (SC)

The EF and INEF percentages for each state change are presented in Fig. 4. Here, each of the SCs presents
a very different EF:INEF ratio. The largest difference in EF can be seen for states 3:2 and 3:3, with a benefit
observed for the INEF SCs. For these two SCs, the ratios are around 65-75% the INEF ratios. There is also a
significant difference in favour of INEF for SC 1:1 and 2:0 (in both cases, almost 60% are INEF). For the SC
group starting with 0 (0:1, 0:2, 0:3), there is a favourable percentage shown for EF. In this case, the percentage
of EF is much higher in all cases than the percentages of INEF.

Table 1. Results for changes in parameters: the average and quantitative values for EF and INEF.

Change parameters Effective delivery Non-effective Total EF &
delivery INEF
State Percentage  Interface State Direction EF Avg reaction INEF
change SC changed area difference SD time

1->3 66% 100% 2 increase 17 737.9 16 33
0->3 100% 100% 3 increase 22 760 16 38
2->2 0% 66% 0 neutral 13 776.2 14 27
1->2 50% 66% 1 increase 18 786.7 16 34
2->1 50% 33% 1 decrease 14 813.9 14 28
1->0 100% 0% 1 decrease 11 826.2 13 24
2->3 33% 100% 1 increase 15 853.1 16 31
1->1 0% 33% 0 neutral 11 861.2 17 28
0->2 100% 66% 2 increase 24 881 17 41
3->3 0% 100% 0 neutral 10 891.3 17 27
0->1 100% 33% 1 increase 23 916.9 13 36
3->1 66% 33% 2 decrease 15 9353 13 28
2->0 100% 0% 2 decrease 10 1015.8 14 24
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Fig. 5 presents two charts. The image on the top shows the global average number of EF responses by all
users for changes of different sizes. Here, the larger the changes are, the better the results become based on the
number of EFs by the test subjects. The average number of EFs for three changes was almost twice as high as
that for zero changes, where only the content changed, not the number of slots occupied. The graph in the
bottom row shows the global average EF response times for the same changes. Here, the averages for the
different SCs do not differ significantly. Fig. 6 also consists of two diagrams. In the top row, Fig. 6 shows the
global average number of EFs by all users for changes in direction. A significant advantage can be observed in
the average number of EFs for directional changes. The downward and neutral changes showed similar results,
and the graph on the bottom row shows the global EF response times for the same changes. On average, for
downward shifts, users needed about 100 ms more time per reaction compared to neutral shifts and upward
shifts. The top row of Fig. 7 shows the global average EF numbers of all users for changes starting with
different chatbot fill levels. Here, a significant advantage can be observed in the average number of EFs for
changes in which the chatbot was initially empty. There was also a downward trend in the number of EFs
depending on the amount of the chatbot filled at the time of change—the more filled the chatbot, the smaller
the number of EF responses. On the bottom row, Fig. 7 shows the global EF response times for the same
changes. For the changes that took place when the chatbot was completely full, users needed more time on
average to react (about 170 ms). The remaining changes were characterized by similar results. Fig. 8 presents
two diagrams. The graph in the top row shows the global EF and average EF times of all users for all possible
changes. The times are between 730 and 1160 ms. An extended reaction time is observable for the group of
SCs with three starts compared to the others. The figure on the bottom row shows the ratio of the global

number of EF to INEF responses. An SC of 0:1 provided the best EF, and a change of 3:2 provided the worst
EF.
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Another portion of this analysis is based on individual users. Fig. 9 shows the percentage of EF elements for
the direction of the level changes of each user. Users were sorted according to an increasing percentage of EFs.
Here, an upward shift increased the number of EFs for nearly every user. Neutral changes and those lower than
the percentage of EFs appeared very similar. There were no major differences in these two states. Fig. 10
shows the pairs starting with 0, 1, 2, and 3. The results here are also organised by the percentage of EFs for
each user. In five cases, the relationship results were similar. However, in the remaining ten cases, there is a
clear and large increase in the percentage of EFs for those starting with 0. In this case, the percentage of EFs
clearly exceeds 50%. Lastly, Fig. 11 shows the state changes from level O to level 3 for each user, sorted in
ascending order. Most users paid greater attention to the changes that took place at level 3. This result is also
confirmed by the number of EFs, with a maximum close to 84 EF. Changes at level 1 and level 2 achieved a
similar percentage of EFs. Changes at level 0 were the worst in this test. Here, the maximum value of EF is
close to 45% of all EFs.

The average transition time for each group of increases and decreases in chatbot exposure number ranged
from O to 3. Slight differences can be observed in the “differences” groups (1 to 3), where the average time
was 892 ms. With the zero SC, this time was around 842 ms, which indicates about a 6% increase in the speed
of vision transition compared to that in groups 1 to 3. On the other hand, the average number of EFs tends to
increase with an increase in difference. Starting from the difference at a level of 0, with about 11 EF, up to the
difference at a level of 1, where the average number of EFs increases by nearly 3,5, we can observe a nearly
25% increase in the number of EFs. Next, level 2 presents an average EF of 16,5, while level 3 has an average
of 19 EF. As we can see, subsequent levels tended to increase by 15% to 25% compared to each previous
level. The direction of change in the amount of content within the chatbot shows a significant difference in the
average eyesight transit time when the direction of change is downward. This time is, on average, 961.5 ms,
which is almost 14% longer than that for the results without directional changes and almost 16% longer than
the times for upward changes. The EF count here is also significant for upward changes. Upward changes
oscillate close to approximately 20 EF in the downward direction and indicate no change when the number
ranges from 11 to 12 EF. Based on the data for the average eyesight transit time, the results for pairs starting
from 0 to 2 oscillated between 800 and 865 ms. On the other hand, pairs starting with 3 showed the longest
time of transition from the user's own patterns to the chatbot, reaching an average of approximately 1000 ms.
The highest average number of EFs in this case was achieved for the set change starting with 0, which
provided an average of 23. The remaining three variants achieved an average number of EFs from 12 to 14.

Table 2. Average values of reaction time and EF for SD, Direction and Starts.

S.D. Direction Starts
0 1 2 3 neutral decrease increase 0 1 2 3
Average of reaction 842.9 892 892.5 891.4 842.9 961.6 822.6 852.6 803 864.7 1001.2

time
Average of EF 11.3 14.8 16.5 19 11.3 12.3 19.8 23 14.3 13 12.3
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To compare the individual steps of the sequence based on the variables in Table 2 (EF with positive and
negative details), we used a Mann—Whitney U test. The analysis is presented by comparing the three steps in
the sequence with the division of three groups of pairs—from 1, representing the first occurrence in the
sequence, to 3, representing the last occurrence in the sequence. Starting with a comparative analysis of step 1
compared to step 2, the significance of the parameter has a p-value of 0.03. For the dependent variable, when
we compare 1 and 3, the p-value is 0.01. In comparing levels 2 and 3, there is no observable significance level.
However, the p-value is close to 0.05, which is, in principle, almost equal to the adopted limit of significance
(p-value < 0.05). Thus, based on accurate statistics, we can assume that there are statistically significant
differences between the variables. Between steps 1 and 2 in the direction of changes, step no. 1 has greater
importance. The next pair, 1 and 3, also favours step no. 1. Here, the value of step no. 1 is slightly weaker than
that in the previous comparison. Nevertheless, this result highlights the significant importance of step no. 1.
Between 2 and 3, the trend favours step no. 3. When analysing the two groups of EF and INEF, we used the
time of transition as a dependent variable. Statistical significance in these two groups was determined at a p-
value of 0.049. This level of statistical significance demonstrates a good fit, indicating a high probability of
obtaining the differences that we observed in our study (even greater if the null hypothesis is true).

5. Conclusions

The main goal of this study was to examine the impact of changes in the chatbot area on user attention and
the ability to direct attention to the chatbot interface. These impacts reflected the ways in which the content
changes were represented in the chatbot area. The results based on decomposition of the chatbot messages into
separate components showed that intensive changes in visual content were more effective than gradual updates.
Increasing and decreasing changes in the field of view were equally more effective than gradual changes in the field
of view. Changes involving the appearance of new messages in the chatbot area were characterized by about
60% more users being directed to the chatbot area compared to changes involving the disappearance of
messages. This study also confirmed the intuitive assumption that the greater the changes that occur in the
chatbot area, the greater the chatbot’s ability to attract user attention. Gradual changes in the visual space were
more difficult to detect. Thus, chatbot developers should consider displaying large blocks of content at a time
rather than gradually display messages with a smaller field. Interestingly, the lower the percentage of the
chatbot that was filled at the time of change, the greater the chatbot’s effectiveness in attracting the user's
attention. The appearance of new messages when the chatbot was empty (set change 0) was characterized by
much more effective user attraction and a shorter reaction time to change compared to other cases. Therefore,
when the chatbot intends to display more important information than previously displayed, the chatbot should
first reset its area and then present a new message only after some time has passed to maximize the probability
that the user will notice this information. In future research, we will explore how to draw the user's attention to
messages as quickly as possible and properly fill the information areas in chatbots and other system messages.
Future work might also study other influential features relevant to chatbots, such as message characteristics and
animated elements.
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Abstract

Communication within online platforms supported by chatbots requires algorithms,
language processing methods, and an effective visual representation. These are crucial
elements for increasing user engagement and making communication more akin to
natural conversation. Chatbots compete with other graphic elements within websites or
applications, and thus attracting a user’s attention is a challenge even before the actual
conversation begins. A chatbot may remain unnoticed even with sophisticated
techniques at play. Drawing attention to the chatbot area localized within the periphery
area can be carried out with the use of various visual characteristics. The presented
study analyzed the impact of changes in a chatbot’s emotional expressions on user
reaction. The aim of this study was to observe, based on user reaction times, whether
changes in a chatbot’s emotional expressions make it more noticeable. The results
showed that users are more sensitive to positive emotions within chatbots, as positive
facial expressions were noticed more quickly than negative ones.

Introduction

Chatbots are widely used within online platforms. They are based on human
intellectual principles and abilities that focus on conversation. An organization can
benefit from a chatbot’s unique knowledge based on consumer opinions in addition to
its human-computer interaction (HCI) area background, allowing for the redistribution
of cognitive tasks between humans and machines [1]. Chatbots integrate many
characteristics, making them capable of eliciting different kinds of social responses to
varying degrees, including verbal responses [2], gestures, and visual responses [3].

While language processing, machine learning, and artificial intelligence algorithms
supporting communication within chatbots have been extensively analyzed [4, 5], only a
limited number of studies have focused on their visual parameters [6]. Less focus has
been given to the appearance of chatbots, including elements to attract a user’s eyesight
and attention, but the overall impact of chatbot design has been emphasized [7]. The
growing popularity of chatbots has brought about new challenges regarding HCIs such
as changing interaction patterns [8], and thus, the role of chatbot usability has also been
discussed [9]. The need to further improve their performance is due to raising
expectations that chatbots will display social behaviors that are customary for
interpersonal communication.

The extent to which a medium, like a chatbot, is designed to resemble and behave
like a human, incorporating elements such as a human-like appearance, facial
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expressions, and gestures, can significantly influence the perceived level of social
presence during the interaction. Consequently, users may experience a heightened sense
of engaging in a genuine and natural conversation, almost as if they were conversing
with an actual human being rather than a machine.

The visualization of chatbots and their social features should target users’
expectations to ultimately avoid frustration and dissatisfaction. The effects of an
electronic conversation on human behavior and the perceived level of anthropomorphism
are a part of the broad issue of human attitudes towards humanoid technologies.

According to the theory proposed by Mori, the more a character resembles a human,
the more it is accepted by us and evokes positive feelings. However, when a character
becomes too realistic but still has subtle differences, such as unnatural movements or
improper proportions, we experience a sense of unease or rejection in our minds. This is
the moment when we enter the so-called Uncanny Valley [10] [11].

Mori’s theory suggests that the acceptance of artificial figures increases with their
level of realism until a certain point, after which there is a sudden decline in acceptance.
Only when a character reaches an exceptionally high level of realism, almost
indistinguishable from a living human, does acceptance increase again.

The phenomenon of the Uncanny Valley has also been applied in the context of
avatars with facial expressions. Irregularities in facial expression movements or
inconsistencies with our expectations can make us feel uneasy and result in negative
attitudes towards such avatars. Therefore, it is not surprising that the hypothesis
regarding the Uncanny Valley has been adopted to explain the poor commercial success
of some animated films in the media [12].

In a study conducted by Katsyri et al. (2015), existing research on people’s reactions
to artificial figures with varying degrees of realism was analyzed to investigate which
hypotheses best explain this phenomenon. One hypothesis suggests that the feeling of
unease in the Uncanny Valley arises from our social and cultural context. If artificial
human-like figures are perceived as strange or inappropriate in our society, they can
evoke negative emotions [13]. Study of Kao et al. (2019) finds that avatars with higher
anthropomorphism led to higher player experience. Avatars with higher
anthropomorphism also led players to identify more highly with their avatars.
Independent of avatar type, we find avatar identification significantly promotes player
experience. Players playing games doomed by little humanoidness. We will be more
successful when the avatar is more a human [14].

Another factor potentially influencing chatbot design is that in natural
communication, participants pay attention to emotions expressed through voice and
movements such as gestures and facial [15]. The same mechanisms transferred to a
virtual environment can be related to emotions expressed within a chatbot visualization.
The content displayed in relation to human perception is intended to arouse feelings and
the desire to interact with the chatbot [16]. A conversation with a graphic avatar in the
chatbot field [17] will have a different impact on a user than a conversation with a
human visualization, and may increase the fluency of conversation. Facial expressions
improve the effectiveness of avatars in different contexts [18] and are also a way of
influencing people’s judgment [17]. Naturalness is important, as evidenced by how well
a dialogue system can follow a natural course of conversation. A method of evaluating
naturalness in conversational dialog systems has been proposed [19] based on a chatbot
that summarizes the user’s emotional state in a survey. The percentage of the chatbot’s
facial expressions followed by the user during the conversation with the chatbot and the
interaction with the content were analyzed. The main aspects studied were the
communication between the chatbot and the human, whether the chatbot should be
more of an agent, etc. The chatbot’s visual area itself, however, leaves room for a
deeper analysis [7]. The results of studies on chatbot visualization have emphasized the
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importance of the visual appearance of the chatbot [20].

The main goal of the presented study was to verify the impact of emotional changes
in the chatbot’s face on user attention and reaction time. Earlier studies demonstrated
the impact of textual content change intensity within the chatbot on user attention [21].
Expressing emotions can be one of the techniques to attract user attention, and the
question is which emotional state can effectively attract user attention during other
tasks without the risk of there being negative effects on user perception [22]. Chatbots
are usually located within corners of the screen and the peripheral vision area. Our
experiment integrates a task within the primary vision area and the presence of the
chatbot in the peripheral area. The primary task requires the participant’s attention,
and changes within the chatbot are carried out in the periphery [23]. In real systems,
chatbots (as well as system messages or in-video-game messages) that are aimed at
helping users or players, are usually located peripherally. Considering that, they require
the users to perform a more accurate peripheral search and identification tasks while
performing a central task [24]. This is in line with the attention-utility issue discussed
by McCrickard et al. [25] in the context of peripheral design, which refers to the ways in
which peripheral cues or messages help users achieve their goals without requiring their
full attention. Utility refers to a system’s usefulness to its users or customers.
McCrickard et al. discussed utility as a value provided by the peripheral system as a
whole, did not directly manipulate utility as part of their experiment, and focused on
attention-utility trade-off, considering attention as a constrained resource that can be
traded for some utility [26]. We would like to consider utility as the meaning of the
content of the ”individual gaps”, which refer to specific needs or requirements of
individual users that may not be fulfilled by the existing attention-utility of the system.
By addressing these individual gaps, the authors suggest that the attention-utility of the
system can be increased and adapted to better meet the diverse needs of users. Utility
can be evaluated as an aspect of human-computer interaction for the purpose of
identifying aspects of this interaction that can be improved with the help of evaluation
methods [27] in different experimental settings. In studying various peripheral or
secondary display information representations, many researchers focus only on the
information gained without measuring the changes in the primary task performance
caused by these display [27].

Similarly, some studies create an unrealistic testing environment given that the
distinction between reaction and comprehension is unclear. While user reaction and
comprehension tasks are often closely related, the two objectives may imply differences
in the notification system information design.

In everyday life, signals such as facial expressions often appear in our peripheral field
of vision. Although the processing of facial expressions within the central vision has
been widely researched [28], fewer studies have focused on processing objects within the
peripheral vision. To date, research has been consistent about the specific and
automatic processing of information about positive emotions in the peripheral vision,
which can draw attention to emotion-enhanced messages and enable a quick behavioral
response [28]. One study showed a decline in recognition and detection performance as
eccentricity increases, with happiness and surprise being the best recognized expressions
in the peripheral vision. As for detection, however, another well-detected expression is
fear, along with happiness and surprise [29].

Based on the presented experiment, we show that positive emotions, such as
happiness and surprise in a human chatbot representation, are better detected in terms
of reaction time than other expressions. The results show that task constraints shape
the perception of expressions in the peripheral vision and provide new evidence that
detection and recognition rely on partially separate underlying mechanisms, with the
latter being more dependent on the higher spatial content frequency of the facial
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Fig 1. Each study participant’s experimental session was based on a primary task
within the central vision area and a chatbot component located in the periphery, in the
bottom right-hand corner of the screen. A user was performing tasks, and different
emotions were expressed within the chatbot area. Each change in facial expressions
noticed in the chatbot area was reported by the user’s mouse left click. Emotions were
always changed from a neutral state, and after each change the neutral state returned.

The main goal was to study the user’s reaction to changes in the emotional state of a
chatbot located within the area of the peripheral vision. The structure of the
experiment is presented in Figure 1. The screen area was organized into two sections:
the center of the screen showing the primary task, and the chatbot area in the periphery.
The experiment was set up so that the participants could not look directly at the
chatbot due to validation and real-time control of the coordinate position of gaze
patterns. The experiment was planned to last 15 minutes per user, and each user
session was divided into four parts. In the first part, the user’s reaction was examined
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on the basis of Male Face 1. The reaction was pressing the mouse button when a change
in the object (in our task, a photo of a face with an expressed emotion) was observed in
the chatbot located in the peripheral area. In the second and third parts, Female Face 1
and 2 were used, and in the fourth part, Male Face 2 was used. For each part of the
experiment, the individual six emotions were displayed in the following order: happiness,
sadness, anger, fear, surprise, and disgust. Each of these emotions was displayed twice.
The appearance of each emotion was preceded by the display of a photo with a neutral
expression on the face, which was the so-called zero state. The neutral state separated
the emergence of each emotion to reset its impact. The change in the photo in the
chatbot area happened after a random time of 5-12 s.

The experiment involved 20 people aged 20-25. Of study participants, 50 per cent
were female, and 50 per cent were male. The inclusion criteria were defined as
'participants with normal or corrected-to-normal vision and between 18 and 35 years
old’. The exclusion criteria were defined as 'participants with a history of eye disease or
neurological disorder, or any other condition that could affect the results of the study.
The experiment used a 27-inch Dell monitor and the Tobii Pro X3 eye tracker with a
sampling frequency of 120 Hz. A special stand with a tripod was prepared for the
experiment, which made it possible to keep the head of each participant in a stationary
position. The eye-tracking software used was Tobii Pro Lab, version 1.194. The
participant sat in front of the monitor at a distance of about 54 cm, which made it
possible to create a 45-degree angle between the center of the screen and the edge of the
chatbot, which was located in the bottom right-hand corner of the screen. As a result,
the chatbot, as assumed, was within the peripheral vision of each of the respondents.
The eye tracker was calibrated so that the monitoring software would react at the right
moment whenever the participant’s eyesight left the designated field and returned to the
correct area. This was the role of the 'overseer’. Its main purpose was to keep the user’s
gaze within the designated frame and not looking away into the chatbot’s field.

The task of the user was to stare at the pulsating red dot in the center of the screen.
They could not look outside the designated area, otherwise a warning was displayed,
and until their gaze returned to the designated area, the further display of photos was
suspended. When staring at the pulsating dot, the user would notice a change taking
place within the chatbot in the corner of their eye, at which point they had to left-click
their mouse. The information about the click time was saved by the software to a text
file, which also contained accurate information about the times when individual
emotions were displayed. Thus, after determining the difference between those two
values, the user’s reaction time to a given emotion was calculated and understood as the
time between a stimulus and a response. Information was also recorded when the user
looked outside the designated area and when they looked at the chatbot. There were
cases when the user did not notice the changes taking place in the chatbot area - this
was also recorded. The analyzed data were grouped and aggregated into three
categories based on common characteristics. We included results whose transition times
ranged from 100 to 2000 ms, based on a study that excluded reaction times that were
<100 ms as ’too early’ and reaction times that were >2000 ms as 'too late’ (i.e., not a
direct reaction to the stimuli) [30].

Results

Analysis for each emotional expression

For the analysis, we used the variables regarding changes in the chatbot field for
individual time intervals, which were grouped into four variants: four repetitions, and
groups of emotions (i.e., positive and negative). In Table 1, which reflects the response
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to changes in the chatbot field using Mann—Whitney U statistical analysis, we can see
that the intergroup comparison shows a statistical significance below p < 0.05 in a few

cases.
The intergroup comparison of the emotion of surprise with the rest of the emotions

shows significance in virtually every case, except for the emotion of happiness. This
indicates little variation in reaction times.
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Fig 2. Barplot with average time reaction for each emotion (A) heatmap for each
emotion (B) and line graphs (C) showing individual reaction times sorted ascending for
each emotion (positive emotions presented as continuous curves and negative emotions

as broken curves).

These emotions are both positive and resulted in a similar average response time.
Starting the analysis at the base, we can conclude, as shown in Figure 2 (A), that the
average user reaction time to the change in emotions was about 0.499 s, with the
reaction time to the face expressing disgust (0.526 s) and fear (0.521 s) being the
longest. Users reacted the fastest to the faces expressing surprise (0.471 s) and
happiness (0.472 s), while faces expressing anger and sadness resulted in reactions at a

slightly slower speed (0.498 s).
Figure 2 (B) shows the frequency of reaction times obtained for each of the emotions.
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Table 1. Intergroup comparision of emotions

Expression | anger | disgust | fear happiness | surprise | sadness
anger .705(.37) | .511(.65) | .278(1.08) .066(1.83) | .891(.13)
disgust X .795(.25) | .127(1.52) .028(2.19) | .751(.31)
fear X .067(1.82) .014(2.44) | .587(.54)
happiness X A57(.74) | 217(1.23)
surprise X .051(1.95)
sadness X

A comparison of all emotions. The table shows the significance (p < 0.05) or lack thereof of the comparison and its strength,
i.e., the value, in parentheses.

The width of reaction time interval is 0.08 s. The legend in the upper right-hand corner
indicates which color corresponds to the frequency of the recorded reactions in the given
time interval. It can be seen here that the vast majority of reaction times ranged from
0.36 to 0.52 s. In this interval, most of the reactions were to the emotion of surprise.
The histogram on the side shows that, above 0.5 s, the number of reactions decreases
with the duration of the reaction time. After about 0.7 s, the number of these reactions,
regardless of the emotion, is negligible. The top histogram shows the sum of correct
reactions obtained by all users. On average, there were 142.5 reactions per emotion.

Figure 2 (C) shows all reaction times for each emotion. The times for each emotion
were sorted from best to worst. Solid lines are used to highlight the reactions to the
positive emotions of surprise and happiness. Emotions from the negative group are
presented with dashed lines. One can see here that, regardless of the emotion, most of
the results are similar, but a significant portion of the reactions to positive emotions
achieved better results compared with the other emotions. The emotion of surprise
stands out here, in particular, which is almost always below the other lines. The line of
happiness is higher than that of surprise, but still stands apart from the negative
emotions.

Analysis for Aggregated Positive vs. Negative Emotions

As it was mentioned, the emotions were divided into two groups: positive and negative.
Positive emotions are a group of positively associated emotions: happiness and surprise.
Negative emotions, in this case, are non-positive emotions: anger, fear, disgust, and
sadness. Figure 3 shows the results obtained for aggregated positive and negative
emotions.

The results of the overall averages indicate that the reactions to positive emotions
were much faster than those to negative emotions.

Figure 3 (A) shows all reaction times for each type of aggregated emotion. The
times for each type were sorted from best to worst. Solid lines represent the average
results for the group. The chart also shows the area defined by the worst and best
reaction outcomes from a given group. It is evident here that the group of positive
emotions resulted in faster reaction times. From the areas behind the lines, it can be
seen that the results for the group of positive emotions were also less varied for each of
the emotions than those for the group of negative emotions, but this may be influenced
by the fact that there are twice as many emotions in the negative group.

The analysis in Figure 3 (B) of the intergroup comparison showed that the
significance group fluctuated at the level of p < 0.003. This proves a clear difference
between the two groups. The Z factor in this case was 2.913. The average response
times for the negative and positive emotion groups were 0.511 s and 0.472 s,
respectively. This indicates faster responses to faces that show positive emotions.
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Fig 3. Figure (A) shows individual average reaction times (sorted ascending) for
aggregated positive and negative emotions along with the coverage for individual
emotions in each aggregate, and Figure (B) shows the average time for each group of
emotions.

Analysis of Sequences of Emotions
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Fig 4. Figure (A) shows the average reaction time for each emotion in relation to the
sequence number, and the heatmap (B) shows the frequency of reaction times for each
of the sequences for all emotions combined.

Figure 4 (A) shows the average reaction time for each emotion in relation to the
sequence number, and the heatmap in Figure4 (B) shows the frequency of reaction
times obtained for each of the sequences for all emotions, with the width of the reaction
time interval being 0.08 s. The legend on the right indicates what frequency of recorded
reactions in a given time interval corresponds to each color.

One can infer interesting conclusions from Figure 4 (A). This figure implies that for
positive emotions of happiness and surprise, a decrease in the average reaction time
with each repetition was observed; e.g., the reaction time in the case of happiness
dropped from being close to 0.51 s to 0.45 s. For the negative emotion of fear, the
reaction time decreased with each repetition from 0.55 to 0.48 s. The other negative
emotions showed no similar trends. The emotion of anger at the first repetition reached
a reaction time of about 0.46 s, after which this time stabilized at a level of nearly 0.5 s.
In turn, for the disgust and sadness emotions, highly inconsistent results were observed.

Therefore, with regard to the emotions of happiness, surprise, and fear, users tended
to ’learn’ in order to elicit a quicker response. The remaining emotions, however, did not
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show such tendency. Rather, they were highly variable. Globally, by dividing emotions
into positive and negative aggregates, we can conclude that the group of positive
emotions showed a learning trend. The positive emotions had a stronger influence on
the user than the negative emotions, only one of which showed a learning trend.

Figure 4 (B) shows the frequency of reaction times obtained for each of the
repetitions for all emotions, with the width of the reaction time interval being 0.08 s.
The legend on the right indicates what frequency of recorded reactions in a given time
interval corresponds to each color.

Figure 4 (B) depicts the frequency of reaction times observed for all emotions in a
sequence. Based on the side histogram, most reaction times oscillated in the range
between 0.36 s and 0.52 s. This was most pronounced in Sequence 3. Sequence 1 seemed
to be the most diverse in terms of the frequency of reaction times at different intervals.
Furthermore, with each successive sequence, an increasing number of reactions were
recorded mainly in the aforementioned time interval from 0.36 s to 0.52 s. There was an
average of 214 reactions per sequence. It can also be seen that, in the last two
sequences, the number of reactions started to decrease. In the successive sequences, 221,
223, 217, and 193 reactions were recorded sequentially.

Discussion and Conclusion

The main goal of this study was to investigate how the user’s reaction time was affected
by a visual change in emotions expressed through facial expressions of a chatbot
represented by real human face photos located within the user’s peripheral vision.
Fraser W. Smith and Stephanie Rossit showed that different emotions are recognized
and detected with varying results, which encouraged our studies [29]. Our results show
that faces expressing happiness and surprise were noticed the fastest. Their results
convincingly demonstrated that task constraints shape perception of expression in the
peripheral vision and provided new evidence that detection and recognition relies on
separate underlying mechanisms, with recognition being more stimulus-dependent [29].
Bayle et al. showed that humans have the ability to detect the presence and type of
emotion according to the facial expressions of a presented photo in the far

periphery [28]. Much research has focused on affect rather than how humanoid objects
are perceived within chatbots [11] [31] [32].

Both of these emotions of happiness and surprise can be classified as positive, while
the others, which were also present in the study, i.e., anger, disgust, sadness, and fear,
are classified as negative or pejorative. By analyzing the emotions in groups, the study
showed that changes to emotions in the positive group were noticed 7.6% faster than
those in the negative group. As the emotion changes were displayed to users in
sequences, the study revealed that the emotions of happiness, surprise, and fear with
each successive change led to a decrease in the average response time of users. No
tendency was noted for the remaining emotions. Without classifying the emotions, the
average response time to visual changes in a given sequence still decreased with each
successive change. The average reaction time for the last sequences compared to the
first ones was 6.2% faster. The reason for this may be an effect of the user
learning /recognizing a given emotion. This study suggests that, when developing a
humanoid chatbot model that can express certain emotions, it is worth considering
which emotions should be selected for specific messages if a specific and prompt reaction
in the user is desired.

We have shown that some expressions are detected faster in the peripheral vision,
i.e., happiness and surprise, and some are detected more slowly, i.e., anger, sadness,
disgust, and fear, the last two showing the longest reaction times. Our work examined
the performance of activities occurring within the user’s peripheral vision.
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The researched area is represented in a small number of studies. This paper is an
extension of the research to date, and is particularly related to Bayle’s work on changes
in emotional states [28]. This follow-up study was based on adding humanoid features
to the chatbot area with the main focus on emotional changes, which proved to be an
effective way to catch the attention of the user in another area [29].

An important aspect of chatbots is to increase the naturalness of their assistance
and communication with the user. McCrickard et al. [25] discussed utility as a value
provided by the peripheral system as a whole and did not directly manipulate utility as
part of their experiment, whereas we considered utility as the meaning of the content of
the individual gaps; therefore, the concept of utility should be better defined. The
emotions that are shown in the chatbot area clearly influence the user’s reaction speed.
It was found that particular emotions seem to stimulate or slow down the interactions
located in the peripheral vision

In terms of guidelines for interface designers, recommender system programmers,
and content creators of chatbots based on research, they should consider making the
images of people representing the chatbot positive. This will affect reaction speed.

Game designers may also create guidelines for their creations. Messages appearing
with adequate avatars that express different emotions in the peripheral vision may affect
the speed of the player’s reaction. In the excitement of gameplay in MMO (massively
multiplayer online) games or even simulators, e.g., piloting a plane or driving a vehicle,
every fraction of a second counts. In MMO games there are often various messages with
different icons and the gamer needs to perceive peripheral changes to be able to react
quickly, e.g., by pressing key combinations or by clicking the appropriate icon, or in
some games, e.g., StarCraft, the character’s avatar at the bottom of the screen suggests
their ’damage’, which can affect the decisions made by the user. One way to combine
theories about avatars in chatbots and simulators of simulation tasks in relation to the
peripheral vision is to use the avatar’s peripheral vision as a way to display information
about the simulation task.

For example, in a virtual reality driving simulation, the user’s avatar could have a
heads-up display that shows their speed and other important information, but it could
also use the avatar’s peripheral vision to display information about the environment,
such as traffic signals or other vehicles in the vicinity. This could help the user to more
easily stay aware of their surroundings and make more informed decisions while driving.
Additionally, the chatbot feature of the avatar could be used to provide verbal cues or
warnings, making use of the peripheral vision in a more natural way. By introducing
appropriate content expressing individual emotions, we can aim to extend the reaction
time or effectively shorten it. However, users should not be overloaded with other
stimuli, e.g., smiles and humor, within the chatbot area, because repeated and too
invasive representations of emotions often result in habituation [33] [34] [35].

In the presented study, we aimed to analyze the performance of a peripherally
located chatbot, represented by human face photos, in terms of the impact of changes in
the chatbot’s emotional expressions on the user’s reaction. The goal in itself was to
study the user’s reaction to changes in the chatbot field; however, users had no idea
that the changing photos in the peripheral vision represented different emotions. Our
earlier study was based on the impact of changes in textual-only content within the
chatbot, and we view this study as an extension to that research. The results showed
that users are more sensitive to positive emotions within chatbots, as they are noticed
more quickly than negative facial expressions.

The presented study raises questions for further research related to the impact of
techniques used for avatar visualization, e.g., simplified forms vs. realistic avatars, on
user reactions. Other research could also focus on another form of emotion expression,
e.g., avatar gestures or symbols conveying emotional messages.
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Abstract

People are exposed to information from different sources whether or not such exposure is
desired. Due to a limited ability to process information, only parts of the messages may be
absorbed, and other parts may be ignored. Repeated stimuli lead to lower responses due to
the learning process and the habituation effect. While this effect has been intensively stud-
ied, mainly in relation to visual stimulus, it is also incorporated in information spreading pro-
cesses. Information spreading models often assume the possibility of repeated contact, but
no habituation effect, which lowers the level of responsiveness of nodes in the network, has
been implemented. Here, we study the impact of the habituation effect on information
spreading with a susceptible—infected (SI) model, which is often the basis for other models.
We assume that a decrease in habituation has an impact on propagation processes. Analy-
sis of the results shows that the course of these propagation processes behave differently,
significantly worsening their results. These processes are very sensitive, even to small
changes in the level of habituation.

1. Introduction

Electronic media are used extensively for marketing operations, often leading to marketing
content overload. Users experience advertising clutter with many commercial messages deliv-
ered within portals and social media [1]. The perceived intrusiveness of marketing content
may negatively impact brand awareness, and overall performance [2]. It often leads to advertis-
ing avoidance within social media and the usage of ad blocking software [3]. From the perspec-
tive of perception and a limited ability to process information, content is filtered, and only a
limited number of messages is absorbed [4]. In the area of visual advertising, banner blindness
is resulting in ignored marketing content within visual spaces [5, 6].

The habituation effect is one of the reasons for reduced response [7]. It was initially ana-
lyzed from the perspective of biological systems and can be understood as a form of basic
learning [8]. While the habituation effect was identified and studied in the 1960s [9], new goals
and directions have been identified, including new ways of separating habituation from sen-
sory adaptation or fatigue [10].
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Apart from empirical experiments, the need for new predictive models is emphasized [11].
Even at an early stage of research, simulation models were used for modeling synaptic mecha-
nisms [12]. Differential equations from first applications [13] were extended to model inter-
stimulus intervals [14] or the impact of long-term memory [15].

Apart from biological systems, habituation was taken into account in artificial systems and
robots [16]. The purpose of the model is to represent visual attention for computer programs
or robots [17]. Novelty detection algorithms were also inspired by habituation studies [18].
Applications of habituation mechanisms to machine-learning processes were implemented to
make the learning process closer to biological systems, because, even in such case, a decrease
in the responsiveness of the learning process has been observed over time [19]. Models of
habituation were also used for multi-armed bandits algorithms for marketing online content
delivery optimization [20]. Recent efforts were related to predictability [21], visual stimulus
[22], and modeling emotional habituation [23].

Besides visual communication and display advertising, repeated stimuli are also typical for
word-of-mouth actions within real or digital social networks. The social network structure
allows for the flow of various kinds of content. This can be any information, idea, visual con-
tent, or viral movie. Social network members perceive repeated exposures, and its impact on
information spreading was analyzed [24]. Repetitions can deliver a cumulative impact on con-
sumer behavior and increase the probability of purchase [25]. This results in the extension of
the influence maximization problem towards repeated contacts. The cumulative influence was
also analyzed for threshold models, and pieces of information received by users in each step
are accumulated before the final decision takes place [26]. Multiple received signals were used
as an extension of single activation models to reach threshold zones [27]. Analogies can be
found in epidemiology research, where transmission probability is related to a number of con-
tacts with an infected person [28]. Smieszek et al. focused on contact repetition and proposed
an extension of the SIR model [29]. Earlier, the deterministic epidemic model taking into
account repeated contacts was proposed, and the repetition impact of spreading effectivity was
analyzed [30]. Repetitions of periods of partnership contact are also typical for sexually trans-
mitted diseases [31].

While various models are used to represent behaviors based on repeated messages, the drop
in response after repeated messages was not taken into account. Most models assume that
repeated massages will not decrease the effectiveness of the spreading process but rather
increase. While a cumulative impact can increase performance, from another perspective,
repeated communication can be perceived as unwanted, and the probability of purchases can
generally decrease [32]. Incentivized viral campaigns generate a high number of repeated con-
tact, and the performance represented by conversion rate can decrease [33]. Intensive informa-
tional campaigns focused on changes in social behavior, for example, changes in behavior
during a pandemic, are performed [34]. They do not always deliver the expected results, and
habituation can be one of the reasons for a decreased response.

In terms of spreading within networks, the habituation effect was modeled earlier under an
Independent Cascades Model [35]. The IC model proposed in [36] assumes that repeated con-
tacts are observed only when communication with the same content comes from other differ-
ent users. A single user has only one chance to activate other user, so repetition between two
users never exists.

In the current study, we focused on a situation that is more common for information
spreading: when a repeated message can flow between the same nodes. We adopted a suscepti-
ble-infected (SI) epidemic model, which has been discussed and used for information spread
in many studies [37, 38]. In the basic SI model, a failed attempt to transmit information or a
virus does not affect the probability of success of subsequent attempts. The difference in our
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model is that, as a result of the habituation process, each failed attempt lowers the chances of
infection in the next step. It assumes repetitions between the same users, which represents a
situation when several attempts to deliver a message are taken between two network members.
The habituation effect was integrated within the model, and experiments were performed for
different parameters of response decrease.

2. The habituation effect and its integration within the susceptible—
infected (SI) model

Habituation is a cognitive process that involves the fading of a response to a stimulus [11]. In
practice, it can be assumed that, as a species, we are generally able to adapt to changes that
occur. We react to a variety of different external stimuli with the senses. As time goes by, when
the stimulus no longer causes the same reaction or simply does not change, the reaction fades.
At the beginning of 2020, we faced two major events that may in some way illustrate the fading
of reactions and the “taming” of society to the changes that took place. The first is the COVID-
19 epidemic, and the second is Russia’s attack on Ukraine. It was possible to observe how the
amount of information, or, unfortunately, disinformation, on a given topic can increase. East-
ern European countries experienced several disinformation attacks when the war began,
aimed at weakening the mobilization of the population in providing aid to refugees. This was
partially successful because of the strong emotional appeal of this content, fueled by the natural
fear of war. Border countries were particularly vulnerable to attacks because of its assistance to
refugees. They have experienced two major panic attacks in society, fueled by so-called “trolls”
on social media. This is an example of how habituation can work to the advantage of the recip-
ient, weakening their reaction to acutely harmful message. Fear is never a good advisor, and it
most easily intensifies the user’s reaction. At the beginning of the war, information about sud-
den increases in fuel prices caused panic and queues. The result was a threat of fuel shortages
for special forces vehicles. The second situation concerned a shortage of sugar. The panic
caused people to buy up supplies, and the stores ran out of sugar for two weeks. Both situations
threatened a direct decline in the quality of life, which resulted in a psychological attack on a
large part of the population.

In the middle of these events the idea was born about conducting a study on how habitua-
tion impacts the way various content spreads through social networks. In this study we make
no distinction between the spread of information or contagion; nor do we specify the exact
type of information in question, as the entirety of humanity’s developement has occured
throught the mechanisms of information spread. It is irrelevant if what is being spread is reli-
gion, disease, fashion, lifestyle, ideology, or the elementary skills like the ability to write or
basic math. It could even be an emotion, like outrage or fear; in fact we’ve seen this year how
tear of war spreads, and despite the importance and gravity of this subject we may already see
a decline of interest and strength of response to the ongoing conflict. That’s habituation, and
we are interested exclusively in how this process affects the spread of our test outbreak.

This section presents the idea of integration habituation with the spreading model. Fig 1
shows how responsiveness level curve is shaped by the effect of habituation. Imagine having a
friend, who is trying to convince you to their point of view at almost every opportunity. During
first two meetings an attempt to spread this information occurs, with the subject, namely us,
showing no positive response. On the contrary, our level of responsiveness decreases, while
our irritation rises. During third meeting there is no spread attempt; it might be a simple con-
versation about the weather, but whatever the subject, it gives us a welcome break from the
annoying content and our level of responsiveness to the subject rebounds. During the next two
meetings, however, further attempts occur. This results in our responsiveness falling to almost
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Fig 1. Example illustrating the impact of repeated ineffective/unwanted contacts on node responsiveness.

https://doi.org/10.1371/journal.pone.0280266.9001

zero. The interpretation is that it’s not simply that we don’t want to listen, it’s that at this point
we don’t want to even meet our troublesome friend.

The SI model generates a very large number of contacts, each one resulting in an attempt to
transmit information. This results in a faster coverage process compared to SIR or SIRS mod-
els, where nodes can undergo “healing.” We found that it will be best suited to test the effec-
tiveness of multiple contacts. This situation can generate a large number of unsuccessful
attempts, which cause a decrease in responsiveness with each successive attempt.

In our study, we assume that each node wants to provide the same information. What kind
of information it is is not important, because any content under certain conditions can be tire-
some. For this reason, in our model, the studied epidemics have fixed parameters, while the
edge weights are randomized for each individual contact in the network. As in real life, we
have various moods or coincidences from different people under certain conditions, and mes-
sages may be more digestible.

The SI model allows infected nodes to contact their neighbors as many times as possible.
They are not able to recover from infection like in other, previously mentioned models. For
this reason, the situation, as shown on Day 3 in Fig 1, will not have a chance to occur. In the SI
model, if an infected node appears in the neighborhood of a node, it will attempt to infect the
susceptible node in each successive simulation step until it succeeds. In our assumption, each
failed attempt will affect the probability of propagation in each subsequent attempt. Of course,
anode can become infected on the first attempt, in which case its level of responsiveness will
not change. A song can be “catchy” upon hearing it for the first time, and some may attest to
the experience of “love at first sight.” Arguably, an interesting assumption would be that the
level of responsiveness at which we adopt a given piece of content influences the “fervor” with
which we will propagate it further. However, this could already be a different kind of respon-
siveness, since every stimulus we interact with affects our resistance to a variety of factors.

At the beginning of each simulation, the infection process begins with a group of nodes. In
the first step, each infected node gets one chance each to infect susceptible neighbors. Nodes
having several active neighbors that will be contacted several times in one turn. A node
infected in a given queue is added to the pool of seeders and will be able to infect a neighbor in
the next step. Nodes that are not infected after contact have their responsiveness level lowered,
which decreases the chance of success in the next attempt. This process will continue until the
network is fully covered. In our study, we used a coverage threshold of 80%. We chose this
limit because of the significant decrease in process dynamics and the time required for 100%
coverage.

Fig 2 shows how the dynamics of network coverage evolves. Graph 2.A shows the average
of all runs without the effect of habituation. These processes took 40 simulation steps to reach
the threshold, with an average of about 20 attempts per successful infection. Chart 2.B, on the
other hand, shows the averaged runs for the same simulations, already showing a decrease in
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responsiveness. It took 100 contacts to infect one node, making the time increase by more
than three times. Plot 2.C and 2.D show the results for the most and least favorable habituation
parameters, respectively. Overlaid on all graphs having the effect of habituation are curves of
decreasing responsiveness for all nodes, infected nodes, and uninfected nodes, which includes
those not yet contacted.

In the next section, we describe in more detail the assumptions of the experiment, the
parameters used, and the computational method.
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Table 1. Main network characteristics for Networks N1-N4, including the number of nodes and edges, the mean degree (DG), network density (ND), global cluster-
ing coefficient (CC), mean eigenvector centrality (EV), and modularity (MD).

Networks Source
N1 University of California
N2 Political blogs
N3 Hamsterster friendships
N4 UoCalifornia messages

https://doi.org/10.1371/journal.pone.0280266.t001

Nodes Edges DG ND CC EV MD Reference
899 7019 16.62 0.0174 0.07 0.14 0.22 [39]
1224 16715 27.31 0.0223 0.23 0.1 0.43 [40]
1858 12534 13.49 0.0073 0.09 0.05 0.45 [41]
1899 13838 14.57 0.0077 0.06 0.08 0.26 [42]

3. Experiment setup and the mathematical method

Agent-based simulations were performed on four real networks. All were from public reposi-
tories. The parameters of the chosen networks are presented in Table 1.

Experiments were simulated within the given network N(V, E) based on the vertex set V =
ViyVy,...,v, and edge set E = e, e,, ..., e,. Simulations were performed using the proposed
Susceptible-Infected model. Each node u € V has a relationship represented by an edge (u,
v)EE. At each step t+ 1 of the simulation, every node v € V can be infected by his neighbor
with a propagation probability PP(u, v) provided that the infecting neighbor was infected in
stept <t+ 1.

In this study, we focused on investigating the impact of habituation on network coverage
and infection duration. For the purpose of the experiment, a test space was created, consisting
of the following parameters, R x N x PP x SP x H x A x T with a seeding strategy based on sin-
gle-stage seeding. This provided us with 640 combinations, each of which was performed 10
times, which allowed us to analyze the influence of individual parameters on the course of the
infection process. Randomized probabilities were used for each simulation, which was drawn
at each attempt to infect a susceptible node on a given edge. Details of the parameters used are
given in Table 2.

Each simulation begins with a group of activated nodes ®(sy) in a given graph G(V, E). In
each subsequent simulation step s, a set of nodes ®(s — 1) activated at step s — 1 is generated
before the contagion process begins. For each node from the set u € ®(s — 1), a list of suscepti-
ble neighbors is created ©(v, s). For each node v € O(v, s), activation is attempted by node u.
Activation occurs when the randomly generated number on the edge between the nodes con-
cerned is lower than the given PP(u, v). Propagation probability is equal for all steps. If the acti-
vation attempt is successful, the newly infected node migrates to the set of nodes infected in
this step @(s) and will be able to participate in the infection process in the next step s+ 1 asa
spreader.

Due to the integration of the model with the habituation effect, each node is also assigned a
responsiveness level R(v, s), which is used to calculate the node-specific propagation

Table 2. Parameters used for diffusion in the simulations.

Symbol Parameter Variants Values
R Ranking Type 2 Random, Degree
N Network 4 N1, N2, N3, N4
PP Propagation probability 2 0.05,0.1
Sp Seed fraction 2 1%, 5%
H Habituation 2 Exists, Not exists
A a 2 1.05,1.2
T T 5 5,10, 15, 20, 25

https://doi.org/10.1371/journal.pone.0280266.t002
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probability at a given simulation stage. Responsiveness decreases due to a failed contagion
attempt, which directly affects the probability of propagation according to our model. If R(v,
5)<1.0, then, for a given PP,, its new value for a given node is calculated according to the for-
mula PP,(u, v, s) = PP(u, v) * R(v, s).

The calculation of the responsiveness factor for a given node is performed after each con-
tact. At the beginning of each simulation step, nodes can be in one of two states: 1, active, or 0,
inactive. Active nodes may attempt to infect. Each contact in the network can result in one of
two possibilities: ineffective activation (unwanted messages) or activation. When a node is acti-
vated, the level of responsiveness does not change, and such a node already functions as a
spreader.

When an unsuccessful attempt is made, responsiveness is calculated according to Formula

(1):
S - Cnt,,
y=yo—;<1—eXp<%>> (1)

where y, represents the initial habituation value. For non-contacted inactive nodes, it is 1.0;
for inactive contacted nodes, it is valid for each discreet time point ¢. S represents stimulus
exposition and in this experiment always takes the value of 1 because of the number of actions
in the current time step. « is responsible for the recovery rate. 7 is a constant influencing habit-
uation process. t is valid for the time that has passed since responsiveness began to drop.

An increase in responsiveness in the SI model can occur when there is no interaction
between nodes. As we have mentioned, there are no interruptions in the SI model, so the fol-
lowing method was added for the universality of the algorithm and in terms of future research.
Growth can be calculated using Formula (2):

y =Y~ (o —y1)exp (%) (2)

where y, represents the initial responsiveness value, equal to 1.0, y; refers to the responsiveness
value reached during the decrease periods, and ¢, in this case, represents the time passed from
the beginning of the recovery process.

In both cases, time t does not represent simulation steps, but the number of contacts. In our
study, the reason for the decrease in responsiveness is each failed message delivery attempt,
not the time in the sense of a simulation step in which there is a variable number of attacks per
node.

4. lllustrative example

In the following section, we will present a simplified process and how it differs from the basic
SI model. The network slice shown consists of seven nodes connected by eight edges. Fig 3 is
divided into two parts: A, corresponding to the process without the effect of habituation, and
B, which assumes this effect. Both show five steps of the simulation. For both processes, the
assumed propagation probability threshold is 0.1. In turn, the edge weights are randomized for
a given edge at each successive contact. Each contact results in an attempt to pass the content
on. In the case of Process 3.A, contacts resulting in failed attempts do not reduce the propaga-
tion probability in any way. For 3.B, each node is assigned an initial responsiveness level of 1.
This level is reduced based on Formula (1) from the previous section. Under the figures with
each step, there are tables with the current responsiveness levels (R LVL) and information
about which relationship is affected (IN: infected node; SN: susceptible node). The probability
of propagation is always multiplied by the current level of responsiveness of a given node.
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A. Process without habituation effect with given PP = 0,1

step 3

IN SN RLVL

1 5 |1,0090,82

1 3 |1,004¢0,82

2 4 [1,00940,82

IN | SN RLVL IN | SN RLVL IN | SN RLVL IN | SN RLVL

1 5 | 0829067 1 5 |067%0,55 1 5 |055%046 1 5 0384027

1 3 | 0824067 1 3 [067%055 1 3 | 055%046 1 3 [046%038

2 4 10,829%0,67 2 4 | o0,67mp0,67 4 5 |046%038 4 5 0279023
4 6 | 1,00mp1,00 6 5 [0,23%0,19

Fig 3. Toy example showing the steps of the simulation for processes with and without the habituation effect.

https://doi.org/10.1371/journal.pone.0280266.9003

Infection occurs when the drawn edge weight is less than or equal to the assumed propagation
probability. Selected parameters of the habituation process are 7 =5 and a = 1.05.

In Step 1, both Process A and B fail to infect any new node because the drawn edge weights
do not allow it. However, in a process with the habituation effect superimposed, each ineffec-
tive contact resulted in a reduction in the levels of responsiveness, which are shown in the
table under Fig 3.A.stepl. This means that each attack in Step 2 will take place not with an
assumed threshold of 0.1 but with a threshold of 0.1 X 0.82 = 0.082.

Step 2 marks the first time that a decrease in responsiveness affects the process. The drawn
edge weight is equal to the assumed threshold, so in Fig 3.A.step2, the activation of Node 4 by
Node 1 occurs. In Example Fig 3.B.step2, contagion will not occur because the responsiveness
level will lower the assumed activation threshold to 0.082 as a result of a previous failed
attempt. Since no new nodes have been infected, we know that, in the next round, all nodes
will have their responsiveness reduced to 0.67, resulting in a PP of 0.067 for them instead of
the given 0.1.

For a process with no habituation effect, two more infections and one ineffective contact
occur in Step 3. The process with the superimposed effect succeeds in infecting the first node.
Despite the reduced PP, the drawn weight is smaller: 0.06 is smaller than 0.1 reduced to 0.067.
In Fig 3.B.step3, on the edge between Node 1 and 3, a situation like in Fig 3.B.step2 occurs
between Node 2 and 4. The assumed threshold without reduced responsiveness would allow
contagion on this edge as in Fig 3.A.step3 between the same nodes.
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In Step 4, one infection occurs in both examples. In Fig 3.B.step4, infection occurs between
Node 4 and Node 6. This happens at the first contact; as a result of this, the level of responsive-
ness of Node 6 does not change. As we mentioned in an earlier chapter, once infected, the level
of responsiveness of such a node has no effect on whether it will pass the information on.

In Fig 3.A.step5, the last vulnerable node is infected. At the same stage, the process with the
habituation effect covered less than 60% of the network. In addition, Node 5 has its responsive-
ness level reduced to 0.19. Such a node can only be infected if the minimum activation thresh-
old at the next contact is method.

The graphic above shows how each successive contact generating another opportunity
affects the length of the process. This can be understood as the cost of the next attempt. It is
possible to try one more time to reach the customer, but this generates additional costs and
can cause the opposite reaction, i.e., discouragement or exhaustion with the amount of content
delivered.

5. Results

The main objective of this study was to integrate the effect of habituation within the model
of information spreading processes and analyze its effect on the performance of spreading
processes. The SI model was used as one of the basic models with many extensions and
based on the repeated contact between nodes. It was initially proposed for the spread of epi-
demics and has also been implemented for information diffusion. The differences in the pro-
cess with and without the habituation process were analyzed. Simulations were performed
on the agent-based proposed model with the integration of the habituation process. All pro-
cesses had the target of achieving a network coverage level of 80%. This decision was made
to standardize the results, as when testing the longest intervals, the processing time needed
for full coverage increased significantly, as will also be shown in the analysis below. The
experiment was based on different parameters such as ranking types, networks, propagation
probabilities, seed fraction characteristics for spreading models, and the habituation process
parameters 7 and a. All results for the individual parameters can be found in the Tables 3-6.
In order to highlight the characteristics of the influence of the habituation effect on the
spreading process, we decided to divide the graphs into two sections: network coverage and
process duration. The network coverage section presents the results for each considered
parameter after 5, 10, and 15 simulation steps. Process duration presents the values for half
of the assumed threshold, in this case 40%, and after reaching the goal, i.e., infecting 80% of
the network.

Impact of the habituation effect on network coverage in
information-spreading processes

The average results for all simulation runs with all parameters for processes with and without
the habituation effect are presented in Fig 4.A1. It can be clearly seen that, at each simulation
run presented, the process with habituation performed relatively poorly. After five steps, the
difference in favor of the process without habituation was 19.17%. After 10 steps, it decreased
slightly and amounted to 18.76%. After 15 steps, the process without habituation reached the
intended 80%, and its advantage over the “chasing” process with the habituation effect was
equal to 14.2%. Parameters showed statistical significance. The Wilcoxon test showed p-values
less than 0.05 for both 7 and a. Fig 4.A2 shows the drops in coverage for all processes with
habituation, sorted by the drop in coverage. It can be seen that the longer the simulation lasted,
the smaller the decreases were, which was due to the fact that some processes did not even
need seven steps to reach the target. The largest difference after five steps was 52.2%. After 10
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Table 3. Coverage for spreading processes with and without habituation.

Parameter Value HAB NO HAB
5 steps p-value 10 steps p-value 15 steps p-value 5 steps 10 steps 15 steps
43.74% <2.2e-16 59.79% <2.2e-16 66.77% <2.2e-16 62.91% 78.55% 80.00%
NET N1 42.74% <2.2e-16 59.98% <2.2e-16 67.09% <2.2e-16 62.79% 79.81% 80.00%
N2 52.75% <2.2e-16 67.12% <2.2e-16 72.71% <2.2e-16 73.12% 80.00% 80.00%
N3 37.93% <2.2e-16 54.60% <2.2e-16 62.37% <2.2e-16 55.86% 76.04% 80.00%
N4 41.53% <2.2e-16 57.45% <2.2e-16 64.93% <2.2e-16 59.84% 77.02% 80.00%
ALPHA 1.05 42.21% <2.2e-16 57.41% <2.2e-16 64.56% <2.2e-16 62.91% 78.55% 80.00%
1.2 45.26% <2.2e-16 62.16% <2.2e-16 68.99% <2.2e-16 62.91% 78.55% 80.00%
PP 0.05 31.59% <2.2e-16 48.25% <2.2e-16 57.47% <2.2e-16 53.91% 75.67% 80.00%
0.1 55.89% <2.2e-16 71.32% <2.2e-16 76.08% <2.2e-16 71.90% 80.00% 80.00%
SP 0.01 41.41% <2.2e-16 59.59% <2.2e-16 67.06% <2.2e-16 60.25% 78.70% 80.00%
0.05 46.06% <2.2e-16 59.98% <2.2e-16 66.49% <2.2e-16 65.56% 78.39% 80.00%
TAU 5 31.36% <2.2e-16 45.60% <2.2e-16 54.35% <2.2e-16 62.91% 78.55% 80.00%
10 40.64% <2.2e-16 56.20% <2.2e-16 63.92% <2.2e-16 62.91% 78.55% 80.00%
15 59.92% <2.2e-16 62.31% <2.2e-16 69.19% <2.2e-16 62.91% 78.55% 80.00%
20 49.29% <2.2e-16 66.22% <2.2e-16 72.31% <2.2e-16 62.91% 78.55% 80.00%
25 51.47% <2.2e-16 68.61% <2.2e-16 74.10% <2.2e-16 62.91% 78.55% 80.00%

https://doi.org/10.1371/journal.pone.0280266.t003

steps, we observed a value of 45.51%; after 15 steps, it was 39.4%. The smallest differences also
decreased over time, with 15.05%, 2.65%, and 0.28% after 5, 10, and 15 steps, respectively. Fig
4.A3 to 4.A5 shows all the runs sorted by the coverage of the processes without habituation.

Each graph represents the situation after 5, 10, and 15 steps.

Considering the individual networks used for the simulations (Fig 4.B1), it can be seen that,
when simulations without the effect of habituation performed better on a given network corre-
spondingly, processes with applied habituation also showed improved performance compared

Table 4. Duration for spreading processes with and without habituation.

Parameter Value HAB NO HAB
40% coverage p-value 80% coverage p-value 40% coverage 80% coverage

6.15 <2.2e-16 39.83 <2.2e-16 3.30 9.46

NET N1 6.33 <2.2e-16 33.14 <2.2e-16 3.51 8.5
N2 4.27 <2.2e-16 26.48 <2.2e-16 2.58 7.03
N3 7.52 <2.2e-16 53.33 <2.2e-16 3.71 11.60
N4 6.48 <2.2e-16 46.37 <2.2e-16 3.40 10.70
ALPHA 1.05 6.53 <2.2e-16 45.40 <2.2e-16 3.30 9.46
1.2 5.77 <2.2e-16 34.26 <2.2e-16 3.30 9.46
PP 0.05 8.51 <2.2e-16 58.14 <2.2e-16 3.84 11.91
0.1 3.79 <2.2e-16 21.52 <2.2e-16 2.76 7.01
SP 0.01 6.59 <2.2e-16 35.13 <2.2e-16 3.76 9.16
0.05 5.71 <2.2e-16 44.53 <2.2e-16 2.84 9.76
TAU 5 9.89 <2.2e-16 67.42 <2.2e-16 3.30 9.46
10 6.55 <2.2e-16 46.84 <2.2e-16 3.30 9.46
15 5.27 <2.2e-16 34.84 <2.2e-16 3.30 9.46
20 4.66 <2.2e-16 27.23 <2.2e-16 3.30 9.46
25 4.38 <2.2e-16 22.82 <2.2e-16 3.30 9.46

https://doi.org/10.1371/journal.pone.0280266.t004
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Table 5. Coverage decrease for spreading processes with the habituation effect.

Parameter Value 5 steps p-value 10 steps p-value 15 steps p-value
NET N1 31.93% <2.2e-16 24.85% <2.2e-16 16.14% <2.2e-16
N2 27.86% <2.2e-16 16.10% <2.2e-16 9.11% <2.2e-16

N3 32.10% <2.2e-16 28.20% <2.2e-16 22.04% <2.2e-16

N4 30.60% <2.2e-16 25.41% <2.2e-16 18.84% <2.2e-16

ALPHA 1.05 32.90% <2.2e-16 26.91% <2.2e-16 19.30% <2.2e-16
1.2 28.06% <2.2e-16 20.87% <2.2e-16 13.76% <2.2e-16

PP 0.05 41.40% <2.2e-16 36.24% <2.2e-16 28.16% <2.2e-16
0.1 22.27% <2.2e-16 10.85% <2.2e-16 4.90% <2.2e-16

SP 0.01 31.27% <2.2e-16 24.28% <2.2e-16 16.17% <2.2e-16
0.05 29.74% <2.2e-16 23.49% <2.2e-16 16.89% <2.2e-16

TAU 5 50.15% <2.2e-16 41.95% <2.2e-16 32.06% <2.2e-16
10 35.40% <2.2e-16 28.45% <2.2e-16 20.10% <2.2e-16

15 27.01% <2.2e-16 20.67% <2.2e-16 13.51% <2.2e-16

20 21.65% <2.2e-16 15.70% <2.2e-16 9.61% <2.2e-16

25 18.18% <2.2e-16 12.65% <2.2e-16 7.38% <2.2e-16

https://doi.org/10.1371/journal.pone.0280266.t005

with the other runs for the other networks. Net2 obtained the best results for both types of pro-
cesses. It has the highest mean degree (DG = 27.31), clustering coefficient (CC = 0.23) and a
network density of two to three times that of the other networks (ND = 0.0223—see Table 1).
The worst effects were observed for Net3. Comparing these extreme cases, we obtained 52.27%
for Net2 and 37.93% for Net3 after 5 steps, and these values were 67.12% and 54.60% after 10
steps and were 72,71% and 62,37% after 15 step, respectively. Fig 4.B2 shows the percentage
drops in coverage at the selected steps. For Network 2 and 3, the difference in coverage in
favor of Network 2 was 4.24% after 5 steps, 12.1% after 10 steps, and 12.93% after 15 steps.
Thus, looking at the specifics of the network, it can be concluded that the network density
became more important over time in terms of reducing the effect of habituation. When the
average response rate was already strongly reduced for the whole network, the number of

Table 6. Duration increase for spreading processes with the habituation effect.

Parameter Value 40% coverage p-value 80% coverage p-value
NET N1 80.34% <2.2e-16 289.88% <2.2e-16
N2 65.50% <2.2e-16 276.67% <2.2e-16

N3 102.70% <2.2e-16 359.74% <2.2e-16

N4 90.59% <2.2e-16 333.36% <2.2e-16

ALPHA 1.05 97.88% <2.2e-16 379.92% <2.2e-16
1.2 74.85% <2.2e-16 262.16% <2.2e-16

PP 0.05 121.61% <2.2e-16 388.16% <2.2e-16
0.1 37.32% <2.2e-16 206.99% <2.2e-16

SP 0.01 75.27% <2.2e-16 283.52% <2.2e-16
0.05 101.06% <2.2e-16 356.25% <2.2e-16

TAU 5 199.70% <2.2e-16 612.68% <2.2e-16
10 98.48% <2.2e-16 395.14% <2.2e-16

15 59.70% <2.2e-16 268.29% <2.2e-16

20 41.21% <2.2e-16 197.84% <2.2e-16

25 32.73% <2.2e-16 141.23% <2.2e-16

https://doi.org/10.1371/journal.pone.0280266.t006
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Fig 4. (A1) Coverage for spreading processes with and without habituation. (A2) Coverage decrease in processes with the habituation effect, compared
to processes without habituation, sorted by the decrease in coverage. (A3--A5) Distances between coverage in simulations with and without the
habituation effect, with results sorted by coverage without habituation and assigned corresponding results from processes with the habituation effect.
(B1) Coverage for each network for spreading processes with and without habituation. (B2) Decrease in coverage for each network in relation to a
process without habituation. (C1) Coverage for each alpha value for spreading processes with habituation compared to a process without habituation.
(C2) Decrease in coverage for each alpha in relation to a process without habituation. (D1) Coverage for propagation probabilities for spreading
processes with and without habituation. (D2) Decrease in coverage for each PP value in relation to a process without habituation. (E1) Coverage for
each seeding percentage for spreading processes with and without habituation. (E2) Decrease in coverage for each SP in relation to a process without
habituation. (F1) Coverage for each tau value for spreading processes with habituation in comparison with processes without habituation. (F2)
Decrease in coverage for each tau in relation to a process without habituation.

https://doi.org/10.1371/journal.pone.0280266.9004
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https://doi.org/10.1371/journal.pone.0280266.9005

connections became more important. The model used, makes the number of possible. contacts
the most important element affecting the speed of coverage. The impact of network heteroge-
neity is further shown in the Fig 5. Parameters such as modularity, eigenvector do not show
significant interference with the processes within set of analysed networks. Fig 5.A and 5.B
shows all runs for selected networks with and without the imposed habituation effect. Fig 5.C1
and 5.D1 presents the “worst” and the “best” set of habituation parameters, respectively. Fig 5.
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C2 and 5.D2, on the other hand, show declines in the performance of these processes relative
to simulations without the habituation effect applied.

Fig 4.C1 illustrates the comparison between simulations without habituation and simula-
tions in terms of the o parameter. This parameter affects the way the response curve flattens
out. The higher the value, the lower the decreases are and the higher the increases are during
the recovery of a node. This results in minimally improved network coverage results for o =
1.2. Fig 4.C2 shows the decreases in network coverage with respect to the process without
habituation with respect to the analyzed o parameters. The difference in subsequent simula-
tion steps were 4.84%, 6.04%, and 5.54% in favor of the parameter o = 1.2.

In Fig 4.D1, we compare the individual propagation probabilities with and without the
implemented habituation effect. In this case, there was a clear difference in favor of PP = 0.1. A
higher propagation probability resulted in faster network coverage. Fig 4.D2, on the other
hand, shows that, comparing the processes with the habituation effect, a higher PP also
resulted in smaller drops compared to the processes without the effect of habituation; thus,
after 5, 10, and 15 simulation steps, the difference in favor of PP = 0.1 was, respectively,
19.13%, 25.39%, and 23.26%. At the same time, in the last step in both simulations without
habituation, the processes had already reached the assumed 80% coverage, so they did not
increase their “advantage”.

The impact of the number of initial nodes initiating the process is shown in Fig 4.E1. It is
interesting to note that processes with a higher number of seeds perform worse in terms of net-
work coverage over time. Although the process with SP = 0.05 covered 4.65% more of the net-
work after five simulation steps, it was only 0.39% more after 10 steps. After 15 steps, the
process with the smaller SP (equal to 0.01) achieved a network coverage of 67.06%, whereas
the process with the larger SP covered 66.49%, losing 0.57 percentage points. It can be con-
cluded from this that the initial higher number of seeds resulted in an increased number of
contacts, as well as the unsuccessful ones, which results in a faster decrease in the level of
responsiveness over the whole network, ultimately causing a decrease in the spreading speed.
Fig 4.E2, in turn, shows that processes with more grains over time also lose their advantage in
terms of a decrease in coverage compared to processes without habituation with the same SP.
After five steps, the process with a larger SP showed a smaller decrease of 29.74%, whereas the
processes with a smaller SP exhibited a decrease of 31.27%. After 10 steps, they reached 23.49%
and 24.28%, respectively. After 15 steps, the situation reversed and the advantage was reached
by processes with SP = 0.01, losing 16.7%, while processes with SP = 0.05 lost 16.89% to pro-
cesses without the habituation effect.

The second habituation parameter, 7, is shown in Fig 4.F1. It is a time constant, and the
smaller it is, the more rapidly habituation occurs. This is confirmed in the graphs, as 7=5
achieved the worst result at each stage of the simulation (31.36%, 45.60%, and 54.35%),
whereas the largest considered 7 = 25 covered the network the best (51.47%, 68.61%, and
74.10%). When we look at the declines in coverage shown in Fig 4.F2, we can also notice that,
as the 7 parameter increases, the decline in coverage decreases faster over time relative to pro-
cesses without habituation with lower values of this parameter.

Impact of the habituation effect on duration in information-
spreading processes

Fig 6.A1 and 6.A2 show all simulation runs divided into processes with and without the imple-
mented habituation effect, sorted in ascending order by length. In both examples, the tendency
for the efficiency of the process to decrease (based on its duration) is even more pronounced.
A comparison of the averages of all runs can be found in Fig 6.A3. To achieve half of the
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https://doi.org/10.1371/journal.pone.0280266.9006
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assumed coverage (40%), processes without habituation required 3.30 simulation steps on
average, whereas processes with habituation required almost half as much time (86% more),
namely 6.15 steps. Accordingly, for the 80% threshold, the results were as follows: 9.46 steps to
39.83. To achieve the same network coverage, the process with habituation required 321%
more time. This was confirmed by the U Mann-Whitney test, which showed the significance
(p < 0,05) of the impact of the habituation effect on the duration of the process. For the
assumed 40% coverage, the habituation parameters show statistical significance at the level of
0.0466, whereas for the level of 80%, the parameters also showed statistical significance, which
was higher, at 0.0098. This confirms the increasing influence of the habituation process on the
duration of coverage of the assumed thresholds. Fig 6.A4 compares the magnitude of the dura-
tion increases for the earlier graphs (A1, A2). In the case of a 40% network coverage, the
increases are in the range of 100%-350%; given an 80% coverage, we obtain a range of dura-
tion increases of 250%-650%.

If we look at the division in terms of adopted networks (Fig 6.B1), we can see a division into
two groups: Net1 with Net2, and Net3 with Net4. The first group has a noticeably higher net-
work density (ND), and degree (DG) values. The second group, on the other hand, is charac-
terized by a significantly higher number of nodes. In the SI model in which the number of
contacts is crucial, with low density and the habituation effect implemented, we observe a
noticeable decrease in the speed of the processes taking place. The time increases presented in
Fig 6.B2 show that, if the processes performed relatively well, they also performed well in rela-
tion to “their” collected processes without the habituation effect.

For the comparison of process duration (Fig 6.C1) in terms of parameter @, again the higher
parameter (o = 1.2) performed better for both a 40% coverage (5.77-6.53 steps) and an 80%
coverage, with the difference increased even more (34.26-45.40 steps). Both parameters
obtained significantly worse results than the processes without habituation, as can be clearly
seen in Fig 6.C2. For a 40% network coverage, the duration increased for o = 1.2 by 74.85%
and for o = 1.05 by 97.88%, whereas for an 80% coverage, the duration increased for these
parameters by 262.12% and 379.92%, respectively.

Propagation probability (Fig 6.D1) was shown to be a much stronger factor influencing the
duration of processes with habituation compared to without habituation. For an 80% coverage,
processes without habituation took 69% longer with PP = 0.05 than with PP = 0.1 (11.91-7.01
steps). For the same coverage value, processes with habituation for a lower PP lasted 170% lon-
ger (58.14-21.52 steps). This is further evidence that, as time passes, the habituation process
has an increasing effect on decreasing spreading efficiency, directly affecting the overall pro-
cess’s duration.

The fewer nodes infected in a given step, the longer the entire process takes (Fig 6.D2). To
achieve the assumed network contagion threshold, processes with habituation when PP = 0.05
take 388.16% longer than processes without the habituation effect; when PP = 0.1, the increase
is 206.99%. A trend can be noted that a doubled PP causes a two-fold decrease; i.e., it is
inversely proportional. Reaching a 40% network coverage where PP = 0.1 for processes with
habituation takes only 37.32% longer than processes without habituation; when PP = 0.05, this
percentage is 121.61%. Reaching a 40% network coverage where PP = 0.1 for processes with
habituation takes only 37.32% longer than for processes without habituation; when PP = 0.05,
this percentage is, again, 121.61% for processes with habituation.

The effect of the number of nodes that initiate the entire process is shown in Fig 6.E1. For
coverage up to the 40% level, habituation-aware simulations with SP = 0.05 reach the assumed
threshold faster than processes with a lower initial seed count, SP = 0.01. On the other hand,
reaching the 80% threshold for the same processes takes longer with a higher SP = 0.05. This
could imply that the initial high number of infected nodes results in a higher number of
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ineffective attacks, which, after the early rapid coverage of the network, results in a concomi-
tant, faster decrease in the average responsiveness of the entire network, which slows down the
process, making it more difficult for subsequent infections to occur at the same rate. Fig 6.E2
shows the increase in the duration of processes with the habituation effect relative to processes
without it. Processes with the higher initial number of infected nodes lasted longer when they
reached both a 40% and 80% network coverage. As in the previous graph, we can observe that
the processes with habituation and a higher SP perform worse at the initial stage due to a
decrease in responsiveness compared with processes without habituation and thus an SP value.
Again, the decrease in average network responsiveness at earlier stages of the process slows
down the spreading from the very beginning.

The effects of individual values of 7 on the increase in the duration of the network coverage
process are shown in Fig 6.F1. As assumed, increasing the value of T promotes process acceler-
ation. Processes with a 7 value of 5 take about three times as long to reach the assumed thresh-
olds than processes with a 7 value of 25. Fig 6.F2 shows the increases in the duration of
processes with habituation relative to processes without it. Again, it can be observed that the
more rapidly the habituation process is, the more quickly the responsiveness of the network
decreases, which is a simple factor that leads to fewer infected nodes in subsequent steps. This
means more failed infection attempts, which in turn again causes the responsiveness to drop,
and so on. For a 7 value of 5 for a 40% network coverage, the process duration increases by
200%; for a threshold of 80%, the time increases by over 600%. As an extreme comparison, a T
of 25 reaches the 80% threshold with an increase of less than 200%.

6. Conclusions

Most earlier works related to repeated contacts within social networks and information diffu-
sion processes have assumed an increased potential response with each repetition. From that
perspective, each contact may increase a node’s interest in a discussed product or idea. As a
result, the transmission rate increases.

From another perspective, each incoming message can be treated as a stimulus, and accord-
ing to research related to habituation, the response to repeated stimuli decreases. However, a
response also has the potential to recover if stimuli are not encountered over a certain time-
frame. In this study, we evaluated the impact of habituation on spreading processes under an
SI model with assumed repeated contact during the process.

Our experimental study revealed the existence of a relationship between process dynamics
and selected habituation parameters. Many significant decreases in performance and the cov-
erage of simulated processes were observed. We believe that failing to account for the habitua-
tion effect can result in significant performance degradations in real systems, despite the
selection of appropriate seeds and individual process parameters to maximize impact. This
maximization may turn out to be “lethal” for the intended effects of the campaign, as content
overload will have the opposite effect.

One of the ways to avoid such situations may be the selection of an appropriate “dosage” of
content so as not to lead to a decrease in responsiveness, which this study tries to prove by
looking for causality in the habituation effect. The obtained results have several implications
for practice and real campaigns. Spreading processes in social networks allows us to analyze
the entire spectrum of events that affect the functioning of the world, including marketing,
social and political campaigns, viral rumor marketing, and the entire flow of information, end-
ing with the widely discussed current topic of the ongoing COVID-19 pandemic. The means
of communication can generate different stimuli to change the user’s behavior or opinion.
Maximizing contact or influence and seed choice were considered when analyzing such an
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impact. Although increasing the number of contacts may be effective for many scenarios,
repeated unwanted messages, instead of the intended maximization, may have the opposite
effect.

An interesting example may be the ongoing large-scale vaccination campaigns all around
the world. After very rapid initial growth, vaccination rates quickly began to decrease, many
countries have not yet reached their intended thresholds. At the same time, the number of peo-
ple who were skeptical about vaccination increased. Information that annoys people the first
time around, when repeated persistently, will increase the level of aversion in the recipient and
increase the likelihood that they will discourage additional people in their environment. At the
same time, a “latent” disinformation campaign is underway in a form similar to whisper mar-
keting, in which information is infrequent but highly emotionally tinged.

Several directions of future work can be taken. First of all, the need for methods allowing us
to decrease the negative impact of habituation of information diffusion performance is
strongly suggested. Appropriate timing and campaign intensities can be adjusted using
computational models. Another exciting topic is related to competing processes and the
impact of habituation on their interactions.
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Abstract. Increasing the performance of information spreading pro-
cesses and influence maximisation is important from the perspective of
marketing and other activities within social networks. Another direction
is suppressing spreading processes for limiting the coverage of misleading
information, spreading information helping to avoid epidemics or decreas-
ing the role of competitors on the market. Suppressing action can take a
form of spreading competing content and it’s performance is related to tim-
ing and campaign intensity. Presented in this paper study showed how the
delay in launching suppressing process can be compensated by properly
chosen parameters and the action still can be successful.
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the spread - Viral marketing - Misinformation - Rumours - Social
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1 Introduction

Information spreading processes within the networks are usually analysed from
the perspective of the performance with main goal to maximize their cover-
age. It can be achieved by a proper selection of initial nodes starting propa-
gation among their neighbours. The problem defined as influence maximisation
was presented together with greedy solution for finding set of nodes delivering
results close to optimum [17]. Apart from greedy approach other possibilities use
heuristics based on selection of nodes with high centrality measures [20]. Increas-
ing the spread is central problem for viral marketing, diffusion of products and
innovations [12].

The purpose of information spreading can be suppression of other processes [5]
in case of the spread of misleading or harmful information, rumours and by market-
ing companies to compete with other products. One of directions is studying the
factors affecting the dominance over other processes [3]. It can be used for spread-
ing competing products, opinion, ideas or digital content in a form of memes, videos
[29] or gifts [7]. Information spreading can be also used for stopping real epidemics,
with the use of educational information, awareness [10] and related to the rumors
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and panic [25]. For planning and launching competing processes, the habituation
effect should also be taken into account, because of dropping response to multiple
viral marketing messages received in a short time [6].

The performance of the suppressing process is related to various factors
including proper timing and campaign parameters. Presented in this paper study
shows relation between delays of suppressing actions and the costs required to
make them successful. It is assumed that delayed action still can be successful, if
the strength of the process is increased, when compared to the harmful process.
However, it is related to increased costs of the action, for example better, more
appealing content, the number of seeds, more effective way of selection seeds or
incentives used.

The remainder of the paper is organised as follows: Sect. 2 includes the related
work, the assumptions are presented within the Sect. 3 and are followed by empir-
ical results within the Sect. 4. Obtained results are concluded in the last section.

2 Related Work

Online platforms based on social networks created infrastructures for information
spreading processes [2]. Initially activated network members can spread informa-
tion to their neighbours, in the next step they can spread content to their neigh-
bours and so on. The process continues till saturation point, when new transmis-
sions are not possible. At the end, the process reaches some fraction of nodes or
whole network. In most cases the main goal is the increasing the spread of the con-
tent to achieve a high number of network nodes influenced [27].

Spread of information can be modelled with various models. Some of
approaches use models derived from epidemiology like SIS and SIR with their
further extensions [16] while other use branching processes [14]. From the per-
spective of network structures the most often and well studied models include
Independent Cascade Model (ICM) and Linear Threshold Model (LT') [17]. Both
approaches were used for various applications and further extensions taking into
account time factors or network dynamics [15].

Apart from increasing the process dynamics, quite opposite goals can be
taken, to use techniques to block spreading information [26]. To stop epidemics,
spreading information about pathogens can be used [10]. For example, several
studies were carried on to study spreading information in communication net-
works to increase awareness [4].

Not only pathogens can be treated as harmful with the need to block spread-
ing. Recently more and more attention is put on spreading the information and
digital content which can be potentially harmful or even dangerous for target
users. Processes of this type can be based on misleading information and fake
news, false medical information, panic and rumours which can negatively influ-
ence audiences or promote bad behaviours. It is important to spread alterna-
tive information to suppress the negative content and prevent harmful rumours
spreading [13]. Similar situation takes place on the market where companies are
trying to launch viral campaign or spread information competing with other
campaigns [30].
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Factors affecting competition were analysed in terms of network structures for
multi-layer networks [4]. Another studies take into account immunization strate-
gies based on vaccination of nodes [28]. Another aspects are related to intervals
between marketing messages because the ability to process information is limited
[19] and habituation effect takes place [24]. As a result high intensity of viral mar-
keting messages received in a short time can be treated as a SPAM [6].

Together with the need of modeling multiple processes within the networks
extension of models were proposed. For example Linear Threshold model was
extended towards Competitive Linear Threshold Model (CLTM) [11]. The influ-
ence blocking maximization problem (IBM) was defined. Authors assumed that
positive (+) and negative (—) information spreads within the network. Net-
work nodes can be in three states inactive, +active, and -active. Second main
spreading model, the Independent Cascade Model, was extended towards Multi-
Campaign Independent Cascade Model (MCICM) [5]. It assumes two campaigns
spreading simultaneously within the network with competition mechanism. One
of processes is treated as the primary campaign and the secondary, treated as
limiting campaign, is decreasing the dynamics and the coverage of the first one.
Like in the ICM model activated node had the single chance to activate it’s
neighbours. The objective of the study was to protect nodes from activation by
the first process by activation with the second one.

3 Research Assumptions and Propagation Model

In this paper we analyse the role of timing for suppressing campaign and the
relation between the costs of delayed campaigns and their performance. In our
research we assume that costs are related to propagation probability and the
number of seeds. Propagation probability can be related to incentives, samples
quality or others ways to motivate users to propagate the content. Number of
seeds is related to fraction of target audience selected as seed and is directly
related to campaign costs. The goal is to analyse the costs required to launch
successful campaign (treated as a Positive Process) even the delay in the rela-
tion to Negative Process takes place. It is assumed that Positive Process is the
reaction, that’s why the Negative Process starts first.

Positive and negative propagation processes considered in this paper are mod-
elled within network N(V, E) based on vertex set V = v1,vs,..., v, and edges
set £ = ey,eq,...,e,. According to the used Independent Cascade model [17]
node u € V is contacting all neighbours, nodes with relation represented by
edge (u,v) € E, within the network N and has only one chance to activate node
v € V, in the step t + 1 with propagation probability PP(u,v) under condi-
tion that node v was activated at time t. For our case, Independent Cascade
Model is adapted to two concurrent cascades. Probability PPxp(u,v) denotes
the probability that node u activates node v one step after node w is activated by
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a Negative Process. Probability PPpp(u,v) denotes the probability that node
u activates node v one step after u is activated by a Positive Process. Two
separate seed sets are used to initialise Negative Process and Positive Process.
Seed set denoted by Syp C V is used to initialise the Negative Process. The
ranking method Ryp is used to select number of seeds according to seeding
fraction SFnp. Seed set for Positive Process denoted by Spp C V such as
Syp U Spp = @ is used to initialise the negative process. The ranking method
Rpp is used to select a number of seeds according to seeding fraction SFpp.
Every seed node syp C Spy is activated in time typ = t1, Every seed node
spp C Spp is activated in time tpp C T, T = {t1,t2,...,t,}. Lets denote by
Anp,t the set of active nodes Axp: € V possessing the negative information
at time t, activated in time point ¢ — 1 by a Negative Process, and by App,t
the set of active nodes possessing the positive information App; € V' at time ¢,
activated by a Positive Process in time ¢t — 1. Let’s denote by set of not active
nodes Ag; € {V — Anp+ — App+}. Selection of nodes ayp; newly activated
by a Negative Process among all neighbours n; such as (n;,v;) € E takes place
according to the formula:

\/ anp € {?’LEN(UZ')|?’L€ANP¢,R€ (Ag,t—l-App’t)} (1)

v €EANP,t

with probability PPy p. Selection of candidates for activations with positive
process app takes place among all neighbours n; such as (n;,v;) € E not active
or activated by a Negative Process:

\/ app € {n € N(v;)|n € Apps,n € (Az++ Anpy)} (2)

vi€EAPPt

with probability PPpp. The sequence of steps (1) and (2) is taken randomly
to deliver equal chances to positive and negative process. All newly activated
nodes are included in active nodes sets for the next time point ¢ 4+ 1, respec-
tively for Negative and Positive Process as Axpiy1 = anp and Appiy1 = app.
Process is continued until no more new activations are observed. Final results
are represented by coverage C'y with nodes not activated by any process, Cnp
with nodes activated by a Negative Process and C'pp with nodes activated by a
Positive Process such as V = Cg | JCnp JCPp.

3.1 Illustrative Example

To clarify the approach, the toy example presents three scenarios. In Fig.1 a
Positive Process (green) is started in the same step like Negative Process (red)
and has high chance to suppress it. In the second scenario presented in Fig. 2
Positive Process was started too late and parameters where not enough to dom-
inate Negative Process. Third scenario in Fig. 3 shows that delayed process can
survive but parameters like propagation probability should be properly adjusted.
It is using a simplified graph with weights assigned to edges. Information flows
only if weight on the edge is lower or equal to propagation probability PP1 for
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Negative Process and PP2 for Process. Both PP1 and PP2 are the same to
all nodes according to Independent Cascade Model. Graph has 10 nodes and 17
edges. Both processes are competing. Also the seeds selected for the spreading
are given, for Negative Process it is node number 1 and for Positive Process node
number 10. Last parameter is delay Di that is responsible for start suppression
process (green). For this example process consists of simulation steps. Each step
is divided into two stages: stage for Negative Process, and stage for Positive
Process. Figurel - Figure 3 show how delay can affect the results of reaction
depending om process parameters.

Simulation step = 1 Simulation step = 2

PP2=0.3 PP2=0.3
Al. rpPi=03 A2. 2, A3. rppPi=03 A4 D,

Fig.1. Example for competing processes with same parameters. In
SIMULATION STEP = 1 (A1) infected node 1 begins and try to infect all
his neighbors (2,3,6). Propagation probability (PP1 = 0,3) allows to infect node 2
(0,22 < 0,3) and 3 (0,15 < 0,3) but prevent to infect node 6 (0,41 > 0,3). (A2)
node 10 starts suppressing campaign and tries to infect his neighbors (5, 6, 7, 8, 9).

PP2 = 0,3 allows to infect nodes 5, 8 and 9. In SIMULATION STEP = 2 cycle
repeats for every node with S1 (A3) and then with S2 (A4). In this case process
2 begins to defeat process 1. In the next step suppressing process (52) finishes with
more nodes activated than process (S1). (Color figure online)

3.2 Assumptions for Experimental Study

Information spreading for both Negative Process (INP) and Positive Process
(PP) are divided into simulation steps. In each step, each process has a chance
to increase coverage with activated nodes contacting their neighbours. Simula-
tion starts with choosing seed nodes according to seeds selection strategy. The
spreading process starts with selection of seeds according to their ranking, Ry p
for Negative Process and Rpp for Positive Process. Negative Process can be ini-
tialized by choosing random nodes (like in the real world, a disease itself cannot
choose node while the carrier does), otherwise marketing strategies are usually
based on strictly selected nodes. To try to suppress these two ways of contami-
nation with competing process we choose three seeding strategies based on tree
rankings: Random, Degree based and third Effective Degree. We choose select-
ing nodes by the most common centrality measure, the node degree, treated as
a one of main and relatively effective heuristics for seed selection as well as a
reference method [12]. Additionally we use effective version of degree, computed
before launching Positive Process. It is not based on the total number of the
neighbours, but on the number of nodes infected by Negative Process.
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Simulation step = 2 Simulation step = 3 Simulation step = 4

B’I . PP1=0.3 B2. PP1=0.3 B3. PP% =03 B4' PP1=0.3

Fig. 2. Competing processes with the same Propagation probability but process no 2
starts with given Di = 2. (B1) In SIMULATION STEP = 2 (step = 1 for process
no 1 is the same as in Fig.1 (A1)) infected nodes 2 and 3 infect nodes 4 and 8. (B2)
In SIMULATION STEP = 3 nodes infected in last step infect next nodes (6 and 7).
(B3) Di = 2 allows process no 2 to start in SIMULATION STEP = 3 Propagation
probability (PP2 = 0, 3) allows to infect node (5, 8 and 9). (B4) shows that process no
1 will win in SIMULATION STEP = 3. Comparison with Fig. 1. shows that same
Propagation probability do not guarantee success if we delay our reaction (Color figure
online)

Simulation step = 3 Simulation step = 4
C1. PpPi=03 C2. PP2=0.5 C3. PP1=03 C4. PP2=0.5
Di=2 Di=2

Fig. 3. According to examples above Fig. 3. shows that if we wait with reaction, we need
to increase the cost of our campaign to success. (C1) In SIMULATION STEP =3
(step 1 same as in Fig.1. (A1) and 2 as in Fig.2. (B1)) nodes 4 and 6 infect. In
(C2) process no 2 starts with same Di as in Fig. 2. but with increased PP1 (from 0.3
to 0.5). This affects on possibility to infect nodes 6 (0,47 < 0,5) and 7 (0,5 = 0,5)
which wasn’t possible earlier with PP2 = 0.3. SIMULATION STEP = 4 repeats
competing process (C3 and C4) which results in victory of a process 2 in next step of
a simulation. (Color figure online)

The experiment assumes five different sizes of seed set selected in each used
network. Experiments verifies the efficiency of increasing number of seeds. Num-
ber of seeds, seeding fraction (SFnp, SFpp) is equal to 1%, 2%, 3%, 4% or 5%
and represents the percentage of nodes selected as seeds. Suppressing process
(Positive Process) will start with the given delay Di. It can start at the same
step or, later (delay: 0-8), to test consequences of late reaction. And finally
for both of the competing strategies we give propagation probability (PPpp,
(PPynp)) equal 0.1, 0.2, 0.3, 0.4 or 0.5. Propagation probability is responsible
for the chance to infect node and represents propagation probability according
to Independent Cascade Model [17]. During the process for each edge possible
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for transmission random value is dynamically generated. if it takes value lower
or equal to propagation probability (different for Positive Process and Nega-
tive Process) activation of contacted node takes place. All values used for all
parameters are presented in Table 1.

Table 1. Networks and diffusion parameters used in simulations for Positive Process
(PP) and Negative Process (N P)

Symbol | Parameter Values | Variants

Rnp Ranking type for NP 2 Random, Degree

Rpp Ranking type for PP 3 Random, Degree, Effective Degree
PPnp | NP Propagation Probability | 5 0.1, 0.2, 0.3, 0.4, 0.5

PPpp | PP Propagation Probability | 5 0.1, 0.2, 0.3, 0.4, 0.5

SFnxp | Seeds Fraction for NP 5 1%, 2%, 3%, 4%, 5%

SEFpp | Seeds Fraction for PP 5 1%, 2%, 3%, 4%, 5%

Dq Delay in PP initialisation 9 0,1,2,3,4,5,6,7,8

N Network 5 Real networks

Performance of Positive Process can be measured with the use of several
metrics. Performance Factor (PF') is represented by a total number of nodes
activated by a positive process by the number of nodes activated by nega-
tive process for the same configuration parameters. Another metrics, Success
Rate (SR), represents percentage of spreading processes with winning Positive
Process.

4 Results from Empirical Study

4.1 Experimental Setup

Simulations were performed on five real networks N1-N5 UoCalifornia [23],
Political blogs [1], Net science [21], Hamsterster friendships [18] and UC Irvine
forum [22] available from public repositories, having from 899 to 1899 nodes and
from 2742 to 59835 edges. We obtained total Ryp X Rpp X PPyp X PPpp X
SFxp X SFpp x Di x N with the total number 168,750 of simulation configura-
tions. For each of them ten runs were repeated and averaged. The main goal is
to investigate the influence of increasing the efficiency of nodes in contaminating
their environment. In order to gather necessary knowledge each combination of
parameters to find the most successful way to suppress spreading potentially
dangerous process as compared. The loop searches through nodes activated by
Positive Process, for each infected node the script is looking through its neigh-
bours and tries to infect every neighbour who is not infected with the same
disease. Nodes that are infected in this step of contamination cannot spread the
disease in the same step. If Di = 0, seeds for Negative Process are selected from
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"healthy’ nodes and the loop repeats spreading but searches through the nodes
activated by Positive Process and tries to infect with positive content every node
activated by negative process or neutral. If D7 > 0, Positive Process starts after
Di+1 cycles of Positive Process spreading. In this case the simulation step ends
when Positive Process step ends, until the suppressing process is activated. The
competing lasts until one of the strategies defeat the competitor and spread all
over the network or network states stabilize.

4.2 Overall Results

In this section, results from agent-based simulations are presented. During anal-
ysis we estimated costs of making effective delayed process. The main goal was
answer the question to as far we need to increase propagation probability (PP) to
obtain certain success rate (SR) of suppressing process under varying delay steps.
Figure 4 shows significance of suppression process. As we can notice, cases with
no delay (Di = 0) provides the best performance of Positive Processes. Overall,
for cases with no delay suppression campaign achieved 31% coverage. Subse-
quently differences between Positive Process and Negative Process are grown.
Negative Process reached the best performance when the Positive Process was
most delayed. It was analysed for eight steps of delay (Di = 8), and for this case
overall negative campaign performance is 62.4%.

For a more detailed evaluation of the diffusion of Positive Process we figured
out three factors, presented in the Fig.5. Used propagation probability (PP),
seeds fraction (SF') and networks () were analysed. Propagation probabil-
ity causes the biggest increment of coverage performance. Along with propaga-
tion probability, coverage performance is increasing as following: 2.00%, 7.88%,
12.10%, 15.98%, 21.44%. A similar relationships can be seen for seeds fraction
(SF) values. However there the growth of performance isn’t so drastic. The fol-
lowing results we obtained: 9.72%, 11.10%, 12.13%, 12.86%, 13.59%. In terms of
coverage performance N3 achieves the highest performance 18.43%. The worst
outcome was obtained within N5, it 7.39%. Therefore, it is evidence that effect
are with relation to network topology.

4.3 Sensitivity Analysis

For sensitivity analysis to determine the key parameters affecting coverage of
the positive process the meta-modeling based on the Treed Gaussian Process
(TGP) was used. Briefly, TGP is one of the significant machine learning methods,
developed by Gramacy [8]. Gramacy et al. further extended TGP to be suitable
for sensitivity analysis [9]. Since then, after constructing TGP models, sensitivity
analysis can be used to identify key variables in the models by using the variance-
based method. We used here two sensitivity indexes: first order and total effects.
The first order index represents the main effect and the contribution of each
input variable to the variance of the output. The total effects include both main
effects and interactions between input variables.
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Fig. 4. Comparison of two spreading processes, negative (red) and positive (green) for
each combination of configuration parameters. Figure presents relation between both
processes, from delay equal to 0 up to delay equal to 8 steps. Along with steps of delay
the significance of suppression decrease and distance between both processes grows.
Together with increased delay of Positive Process, the Negative Process changes from
s-shaped towards increased dynamics. (Color figure online)
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Fig. 5. Average coverage performance of spreading positive process figured for individ-
ual values of PP, SF and N respectively. (Color figure online)
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The Fig. 6A shows the slopes of the various parameters used in simulations.
It provides information on whether the output, performance of the Positive Pro-
cess, is an increasing or decreasing function of the respective input data. Solid
lines are mean values that are within the 95% confidence interval. It was observed
that the changes of four parameters SFyp, Ryp, Rpp, SFpp had only small
influence on the output. In addition, with the increase of SFpp and Rpp, the
main effects caused by the increase of these variables slightly increased, suggest-
ing that the impact of individual differences between SFpp and Rpp on changes
in the examined networks was slightly improved in such conditions. However, a
clear improvement can be seen with the increase of PPpp. Here we see a clearly
noticeable increase, which indicates a significant impact of the variable under
the existing conditions. Impact of NV shows that results were highly dependent
on used networks. The increase in the Ryp and SFyp variables indicates that
the effects caused by their increase have worsened to a lesser extent. It can be
clearly seen that increases in delay Dz, and PPy p negatively affect the coverage
of positive process This means that the variables have a negative impact and
their significance deteriorates under the circumstances.

In Fig. 6B first order sensitivity indicators quantify changes in output vari-
ables suitably caused by individual input variables while in Fig. 6C sensitivity
indicators reflect the interactive effects of all input variables on the output vari-
able. Figure 6B clearly shows that PPy p is the main contributor to the network
coverage of PP. Di and PPpp are classified as second and third factors respec-
tively contributing to network coverage of positive process. This differs to some
extent from the individual effects shown in Fig. 6A, which can be explained by
the combined effects of PPyp, Di and PPpp. The role of remaining variables is
approximately the same, sharing small values of the network response coverage
of positive process. The cumulative effects Fig. 6C increases when we consider
the interactions between all variables, especially for PPyp, to a slightly lesser
extent for Di. The sensitivity indicators are not sum to one and it indicates that
interactive effects between two or more variables are important for the individual
assessment.

4.4 Evaluation the Costs of Delayed Suppressing Process

Another step of analysis includes analysis of Success Rate for different propaga-
tion probabilities of both processes. Figure 7 shows Success Rates for each pair of
probabilities for Positive Process (PP) and Negative Process (N P). Success Rate
(SR) for propagation probability 0.1 for both processes is marked with -
within the Delay 0 section. If delay takes place it was impossible to obtain same
Success Rate without increasing Propagation Probability for PP. For example
for Delay 4 it was possible to achieve similar Success Rate for PPpp = 0.2 and
for Delay 5 with PPpp = 0.5 (reference cells marked with [IBN). Success Rate
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Fig. 6. Sensitivity analysis results for used parameters. (A) Main effects response, (B)
1st Order Sensitivity Indices and (C) Total Effect Sensitivity Indices. (Color figure
online)

values marked with GREEN are related to processes competing with Negative
Process spreading with PPy p = 0.2. In similar way reference values are marked
for PPyp = 0.3,0.4,0.5 with colors -, YELLOW and _ respec-
tively. If Positive Process is delayed one, two or three steps (Di = 1, Di = 2 and
Di = 3) properly increased propagation probability makes possible obtaining
high Success Rate above 80%. It Positive Process starts with delay four or five
steps (Di = 3, Di = 4) even with high probability only in few cases Success
Rate exceeded 50%. Results show that further delay with Positive Process is
resulted dropping Success Rate to low ranges. If delay is longer than five steps
it was impossible to obtain Success Rate higher than 15% even if probability of
negative process was at the level 0.1 and the positive process was launched with
probability 0.5%.
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Delay O Delay 1 Delay 2
01 02 03 04 05 01 02 03 04 05 01 0.2 03 04 05
01 -87,73% 97,73% 99,60% 99,87%  12,93% 68,40% 90,00% 95,93% 9827%  4,13% 53,50% 81,60% 88,93% 8893%
02 | 2,67% | 33,73% 61,33% 81,73% 93,73%  1,73% 840% 2093% 4507% 5800% 1,73% 6,67% 14,00% 3547% 651,87%
03 E 853% 32,80% 5053% 6893% 0,13% 173% 667% 13,33% 2893% 0,13% 1,33% 427% 11,20% 24,93%
04 000% 093% 1533% 32,00% 4480% 000% 0,13% 133% 413% 1040% 000% 000% 080% 240% 853%
05 000% 0,00% - 19,20% 31,73%  0,00% 000% 0,13% 1,33% - 0,00% 000% 0,13% 053% 2,00%

Delay 3 Delay 4 Delay 5
01 02 03 04 05 01 02 03 04 05 01 02 03 04 05
01 0,53% 4507% 72,40% 7840% 80,27% 0,00% - 57,47% 62,93% 62,00% 0,00% 2340% 36,00% 36,93%-
02 057% 480% 11,87% 30,27% 5853%  0,13% | 2,80% | 547% 2173% 37,20% 000% 067% | 1,87% 987% 12,53%
03 000% 040% 307% 9,73% 1853% 0,00% E 137% 7,73% 12,93% 000% 0,00% m 560% 853%
04 000% 000% 080% 187% 600% 000% 000% 013% 093% 453% 000% 000% 013% 080% 3,07%
05 000% 000% 000% 040% 053% 000% 000% 000% 000% 0,80% 000% 000% 000% 000% 0,13%

Delay 6 Delay 7 Delay 8
01 02 03 04 05 0.1 0.2 03 04 05 01 02 03 04 05
01 0,00% 11,47% 12,83% 13,73% 1453%  000% 227% 2,27% 3,20% 2,67% 000% 000% 000% 0,27% 0,00%
02 000% 000% 000% 067% 147%  000% 000% 000% 000% 000% 000% 000% 000% 000% 0,00%
03 000% 000% 107% 267% 560% 000% 000% 013% 040% 213% 000% 000% 000% 0,13% 0,13%
04 000% 000% 013% 053% 227% 000% 000% 000% 013% 160% 000% 000% 000% 013% 0,53%
05 0,00% 000% 000% 000% 000% 000% 000% 000% 000% 000% 000% 000% 000% 000% 0,13%

Fig. 7. Success Rate (SR) represented by a percentage of winning Positive Pro-
cesses with corresponding Negative Processes for each pair of propagation probabilities
(PPnp, PPpp) and the delay from Di = 0 to Di = 8. Rows are denoted with PPyp
and columns are denoted with (PPpp). Colors for Delay 0 denote selected cases for
propagation probability, and same colors in tables with other delays show when was
possible to obtain same or higher SR with given PPxp and what required PPpp for
delayed Positive Process. (Color figure online)

5 Conclusions

Information transmitted with the use of electronic media spreads with high
dynamics. Apart from neutral or positive content online social networks can
be used for information or content potentially harmful. Misleading information,
rumour or textual information may cause panic and lead to bad behaviours.
From that perspective suppressing information spreading processes is challeng-
ing and important direction in the area of network science, what was confirmed
by earlier studies. Possible actions taken against negative content can be based
on launching competing campaigns with the main goal for limiting the dynam-
ics and coverage of negative processes. Later the action is taken it can be less
effecting and stopping negative content can be problematic.

Presented study showed how delays in launching positive process is influenc-
ing its performance and ability to reduce negative process. It can be achieved by
proper adjusting the parameters of limiting process when compared to negative
process. Increasing propagation probabilities increases the ability to cope with
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the negative process, even if limiting action is taken with delay at the moment
when large fraction of network is covered by negative content.

Future directions include the role of intervals between messages on campaign

performance. Another possible areas include experiments within temporal net-
works and investigation of the role of changing network topology on performance
of limiting actions.

Acknowledgments. This work was supported by the National Science Centre,
Poland, grant no. 2017/27/B/HS4/01216.
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Abstract

Video content on the internet commands a substantial portion of online activities and holds immense value in driving effective
marketing campaigns. The question is, how can we measure the potential of video content to capture user attention and how to
improve video effectiveness without techniques that increase cognitive load and result in avoidance and skipping of advertisements.
This study investigated how video dynamics represented by dedicated metrics is related to eye-tracking patterns and whether video
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The results showed that selected metrics can serve as predictors of eye movement patterns and that video dynamics have a real
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1. Introduction

Online video content has become highly prevalent and dominant across the internet, serving as a popular medium
for marketing purposes. This includes the utilization of in-stream ads and integration within social platforms, games,
and portals, alongside written content. Content creators employ a range of techniques to enhance user engagement,
employing strategies such as evoking emotions, utilizing visual effects, and crafting dynamic experiences. However,
it is essential to strike a balance, as these techniques can impose cognitive load and divert users’ attention from their
primary objectives when browsing websites[10]. Consequently, users may swiftly skip advertising content that fails to
immediately capture their interest[8]. This poses a challenge for content producers who strive to create video ads[15]
that are less likely to be overlooked by consumers. One potential approach is to reduce the intrusiveness and dynamic
elements of video content.
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This study aims to delve into the relationship between video dynamics, which are represented by specific metrics,
and eye-tracking patterns. The primary objective is to examine whether video dynamics can effectively predict user
engagement, as indicated by fixations. By doing so, researchers seek to uncover effective methods for producing videos
with low dynamics and cognitive load, while still maintaining sufficient distinctiveness to sustain user attention.

2. Literature review

Although there has been previous research on television advertising, further exploration into online video ads is
warranted due to their higher engagement and wider usage compared to static display or text ads [22]. Advertisers
and advertising platforms need to understand when video ads become too distracting and result in ad blockers, em-
phasizing the importance of identifying factors that impact video ad performance [23][19]. This study focuses on
measuring video ad dynamics as a performance factor[9], utilizing an algorithm that extracts features like video-level
visual variance, scene-to-scene visual variance, and average scene cut frequency [17]. Consumer involvement plays a
significant role in ad effectiveness, as higher engagement reduces ad skipping rates [14]. Ad avoidance is associated
with cognitive factors linked to engagement, such as arousal levels [4][3]. Engagement level and ad length are critical
factors influencing ad avoidance, with longer ads being more prone to skipping behavior[5]. Longer ads also disrupt
goal-oriented search more significantly [13, 7]. Nowadays, shorter video ads of fifteen or six seconds align better with
consumers’ attention spans, allowing ad providers to increase content exposure rates without incurring higher costs
[20]. However, longer ads may be more effective in enhancing brand recognition, although shortened fifteen-second
ads can achieve comparable awareness and brand recall results as thirty-second spots [17]. Furthermore, this study
aims to explore the relationship between video ad dynamics and user engagement by analyzing eye-tracking patterns
[24][16]. By understanding how video dynamics influence users’ attention and fixation, we can gain insights into
optimizing video ad performance[7] [25][2]. Through this research, we strive to enhance our understanding of the fac-
tors that contribute to successful video ad campaigns and provide actionable insights for advertisers and advertising
platforms. This study examines various factors to evaluate video performance, focusing on how video dynamics and
scene differences impact eye-tracking patterns and user engagement at both the single video and intra-scene levels.

3. Conceptual framework

The data flow diagram and stages of processing within the system are presented in the Fig. 1. As depicted in
the diagram, the system is capable of operating on various video file formats. Within the system, movies are seen
as a collection of frames, from which, with appropriate initial parameters selected by the user of the system, a set
of key frames is extracted. This set undergoes transformations and computations defined by visual variation and
Agrawal’s measures. The results of these operations are values that allow the classification of movies based on their
level of dynamics. The knowledge derived from the system enabled conducting research on how the dynamics of video
transmission affect user engagement, represented by the number of fixations and the duration of gaze focus on video
content. It has been assumed that the user will be able to specify input parameters such as the percentage of key frames
for determining dynamics and the number of analysis repetitions from which the dynamics value would be averaged.
In accordance with the nature of the measures used, the determination of dynamics will be based on examining the
magnitude of variability between consecutive frames. To accomplish this, a certain number of key frames must be
extracted from the loaded video into the model while preserving their original order.

4. Experiment

In the presented model, two different measures were used. Each of them can be used separately to determine the
dynamics, but in the described model, both measures were included to analyze which one better reflects the subjective
assessment of video dynamics made by the human visual system. Both solutions are similar in that they involve
calculating the difference between frames, which in turn is based on mathematical operations performed on numerical
values corresponding to the colors of individual pixels in two different frames. Detailed information about these
solutions is provided in the following section.
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Fig. 1. Conceptual framework for study.

4.1. Visual Variation Measure

This measure was proposed by Xi Li, Mengze Shi, and Xin (Shane) Wang and was presented in their article
titled ”Video mining: Measuring visual information using automatic methods.” It is a normalized measure of visual
information changes in videos and differs from other static image measures in that it captures dynamic changes [18].
The process of determining visual variation for two frames can be defined in the following steps:

. First, the images representing the selected frames are read as matrices.
. Then, the images are converted from the RGB color space to grayscale by averaging the color components of
each pixel.
3. The next step involves normalizing the values from the range from 0 to 255 to the range from O to 1. The authors
justify this step as it compensates for any exposure differences [18].
4. Next, the distance between individual pixels of the two frames is calculated, where the distance is defined as the
Manhattan norm. This norm can be expressed as follows:

N =

d(x;, 1) = Ix; = yil ey
5. Having a matrix with dimensions equal to the resolution of the compared frames, where each position represents
the distance between corresponding pixels, the last step is to calculate the average value of all distances.
This averaged value represents the information about the magnitude of visual variation between the two frames.

4.2. Agrawal Measure

In his guide titled A Beginners’ Guide to Image Similarity using Python” [1], Praatek Agrawal presents another,
similar method for calculating visual difference between two digital images. Here are the steps involved in determining
the difference:

1. Again, the images representing the frames are read as three-dimensional matrices.
2. The three-dimensional matrices representing the RGB channels are flattened into one-dimensional vectors, one
for each image.



4 Author name / Procedia Computer Science 00 (2023) 000000

3. For each vector, a histogram needs to be generated. This can be done by creating arrays with indices from O to
255, where each index corresponds to the number of occurrences in the vector with a value equal to that index.

4. With the histograms obtained, the distance between them needs to be calculated, representing the difference
between the input images. This can be done using the L2 norm or Euclidean distance.

Unfortunately, it was not possible to determine conclusively whether the method presented above is directly authored
by P. Agrawal or if it is just a way and examples of its usage presented in his article.

Nineteen participants took part in the experiment, including 6 women and 13 men, ranging in age from 19 to 41.
The participants were divided into two groups: one group consisting of 9 individuals and the other group consisting
of 10 individuals. This division into two groups was necessary to ensure that no participant would be presented with
an ad of the same content but different durations. For example, in one group, a 6-second ad was displayed at a normal
pace, while in the other group, the same ad with a duration of 15 seconds was slowed down by a factor of 2.5. This
way, each group of participants was assigned 6 ads from the previously prepared set of 12 variations. The experiment
utilized a 27-inch Dell monitor and a Tobii Pro X3 eye tracker with a sampling rate of 120 Hz. The participants sat
approximately 54 cm away from the monitor, and calibration was performed before each test. The average duration of
the experiment was 8 minutes and 43 seconds.

The purpose of the experiment was to investigate two key research questions. The first question was to analyze
how the dynamics of video communication, represented by dedicated metrics, are related to eye-tracking patterns, and
whether user engagement with marketing video content depends on the degree of this dynamics. The second area of
the experiment aimed to examine whether the results obtained by the proposed model, which analyzes the dynamics of
video communication based on metrics that determine the difference between individual video frames using changes
in pixel colors, align with the subjective assessment made by the human visual system.

To address these research questions, a specific structure of operation was adopted.

In the first step, a collection of existing video advertisements that met the following criteria was searched for and
created:

e Advertisements with durations of 6 and 15 seconds.
e Advertisements generated computationally, meaning they do not depict real-life frames.
e The ad content does not involve humanoid objects.

The selection of 6-second “bumper ads” and 15-second ads was based on their current popularity as ad formats
in terms of duration [20]. Therefore, it was assumed that ads of such lengths would be used in the experiment. The
two additional assumptions, that the ads were computationally generated and did not involve humanoid objects, were
made to minimize the risk that the content of the ads would influence user engagement rather than their dynamics.
It is widely known that people tend to direct their attention to objects resembling humans, especially faces [21].
This tendency may also apply to other elements in the real world. If one video contains a human face while another
does not, there is a significant likelihood that the ad with the face will attract more attention, which could interfere
with the research results. Additionally, it was planned to slow down the 6-second videos to 15 seconds and speed up
the 15-second videos to 6 seconds. This additional step aimed to examine how the assessment of dynamics changes
when comparing two different versions of videos with the same content but different durations. When accelerating or
decelerating recordings containing humanoid objects, their movement may appear unnatural, which can also impact
user attention. Hence, the selection of ads was limited to those that solely presented products without humanoid
objects.

The next step involved conducting expert evaluations of the selected video ads. For this purpose, an electronic
survey was prepared, allowing the playback of the previously selected video recordings, and it was distributed to
individuals knowledgeable about video dynamics. Each expert had the task of assessing the dynamics of each video
on a scale from 1 to 10. Finally, the survey results for each video were averaged.

Next, the same videos were analyzed using the created model. The analysis was performed using both measures
(visual variation and P. Agrawala measure), utilizing the key frame extraction method through random selection. The
analysis started with extracting 5% of key frames from each video, and measurements were repeated 20 times.
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The subsequent stage involved dividing the videos into six groups based on the expert evaluation and the results
obtained from the model. These groups included videos with low, medium, and high dynamics lasting 6 seconds,
as well as corresponding groups for 15-second videos. From each group, one video was selected where the expert
assessment and model results were most consistent.

The final step before the main part of the experiment involved preparing additional versions of the selected videos.
The 6-second videos were slowed down by a factor of 2.5 to reach a duration of 15 seconds, while the 15-second videos
were accelerated to 6 seconds (also by 2.5-fold). This additional step aimed to prepare variations of the selected videos
to examine how the assessment of dynamics changes when comparing different versions of videos with the same
content but different durations. Finally, the main experiment involved 12 video recordings: the original 6-second and
15-second videos, as well as their modified versions.

With the selected research material prepared, it was possible to proceed with the experiment in a specially designed
environment.

Fig. 2. Heat map obtained from the experiment (source: Own work).

After successful calibration with the eye-tracker, users were shown a welcome screen. This screen could contain
information about the purpose of the experiment, instructions on how to proceed during the study, and any other
necessary information. The purpose of the welcome screen was to greet the user, ensure their understanding of the
research objective, and provide necessary guidelines for conducting the experiment. Depending on the specific context
and design of the application, the welcome screen may have included additional elements such as a welcome message,
graphics, or navigation options. After the initiation, the user was presented with text displayed on the left side of the
screen. On the right side of the text, a randomly selected video advertisement was played in a loop. The looping
advertisement was displayed from the moment the text appeared until the user proceeded to the questions related to
the read content. The advertisements were shown in a random order without repetitions. As mentioned earlier, each
group was assigned 6 videos and corresponding 6 texts.When the user finished reading the text, they would proceed
to the questions regarding the read content by using a button placed below the text. After providing their answers, the
user would proceed to the next text view by using a button, and a new advertisement would be randomly displayed to
them. At no point was the user time-limited. They could read the texts and provide answers for as long as they needed.

5. Results

The results of the video transmission dynamics analysis, conducted using the algorithm developed for this purpose
are presented in Tables 1 and 2.

Table 1 presents the results for 3 advertisements lasting 15 seconds (columns ”15s”) and their accelerated six-
second versions (columns ”6s sped up”). The results reflect the subjective evaluation of experts (selection of 3 videos
with low, medium, and high dynamics). The video rated as low in dynamics for both versions and each measure
obtained the lowest dynamic values determined by the system. The video rated as the most dynamic achieved the
highest values. The video intended to present content with medium dynamics obtained results close to the average
values of the high and low dynamic videos, at least for the non-accelerated versions (15-second videos). However, for
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Table 1. Analysis of dynamics for 15-second ads and their sped up 6-second counterparts.
Agrawal Visual Variation
Dynamics 15s 6s mod 15s 6s mod
Low 19391.2018  36582.1904  0.0067 0.0139
Medium 132790.981 180905.27  0.0715 0.1085
High 263933.5143 432426.2827 0.107  0.1572

Table 2. Analysis of dynamics for 6-second ads and their slowed-down 15-second counterparts.
Agrawal Visual Variation
Dynamics 6s 15s mod 6s 15s mod
Low 19475.0796  14534.6453  0.01826  0.0126
Medium 95310.1196  42419.3689  0.0858 0.0431
High 283323.4738 139258.5001  0.1808 0.1026

Table 3. Average concentration time, ratio, number of glances, and fixations with a division into ad dynamics and their pace (15-second videos and
their equivalents accelerated to 6 seconds).

Average time Ratio Gaze number Fixations
Dynamics 15s 6s mod 15s 6smod 15s 6smod 15s 6s mod
Low 1,095091 0,609112 0,032138 0,018887 3 3 6 5
Mid 1,354828 1,578909 0,038139 0,041082 3 4 6 7
High 1,9315 1,911031 0,052796 0,055113 4 5 10 10

the accelerated videos, the differences in values are not as similar. This can be observed, for example, in the ~6s sped
up” column for the visual variation measure. The obtained value for the medium dynamic video is higher than that for
the low dynamic video by 0.0946, while the value for the high dynamic video is only higher than that for the medium
dynamic video by 0.0487. As can be seen, the first difference is nearly twice as large. It can also be noticed that the
system does not always reflect a 2.5-fold acceleration in its calculations, which could be expected. For example, for a
15-second video with low dynamics, accelerating it to 6 seconds resulted in an increase of 1.8865 times in the dynamic
value according to the Agrawala measure and 2.0746 times according to the visual variation measure. However, for
a video with medium dynamics, the increase was only 1.3623 times according to the Agrawala measure and 1.5175
times according to the visual variation measure.

Similarly, Table 2 presents the results for 3 advertisements lasting 6 seconds (columns ”6s”) and their slowed-
down fifteen-second versions (columns 15s slowed down”). Here, too, the results more or less reflect the subjective
evaluation of video dynamics made by the experts. In each column, it can be observed that the values resulting from the
analysis increase monotonically with the previously determined video dynamics. Here, a similar effect can be observed
as in the case of 15-second videos and their accelerated versions. Slowing down a video by 2.5 times does not result
in an equal decrease in its dynamics. For example, the value obtained for a video with low expert-rated dynamics
decreased by only 1.3399 times according to the Agrawala measure. Slowing down better reflects the dynamics for a
video with medium dynamics. Here, the value resulting from the dynamic analysis decreased by 2.2469 times for the
same measure. In both cases, a similar pattern can be observed for the visual variation measure.

Tables 3 and 4 contain aggregated data for all study participants regarding the time of gaze fixation on video
advertisements, the ratio of time spent watching the advertisement to time spent reading the text, the number of glances
at the video advertisement (how many times users left and returned to the area where the advertisement was displayed),
and the number of eye fixations on the advertisement. All of this data was recorded for all 12 advertisements, divided
by video speed (natural speed and modified) and by dynamics (low, medium, high).

The results presented in Table 3 refer to 15-second videos and their accelerated versions. As can be observed,
the average time of gaze fixation on the video increased with the increase in dynamics. This applies to both the
unmodified and accelerated versions. However, it is difficult to determine definitively which variant (unmodified or
accelerated) captured participants’ gaze for a longer average time. For low-dynamic advertisements, the average time
devoted to the accelerated video is 0.486 seconds shorter than its 15-second version. Conversely, for medium-dynamic
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Table 4. Average concentration time, ratio, number of glances, and fixations with a division into ad dynamics and their pace (6-second videos and
their equivalents slowed down to 15 seconds).

Average time Ratio Gaze number Fixations
Dynamics 6s 158 mod 6s IS5smod 6s 15smod 6s 15s mod
Low 1,104244  0,575244 0,028971 0,015977 4 2 7 3
Mid 0,508769  1,26747  0,014121 0,033762 2 3 3 6
High 1,813391 0,797668  0,04494  0,026128 4 3 9 4

Table 5. Average results from the experiment for different levels of dynamics without grouping.
Dynamics Average Time Ratio Gazes Fixations

Low 0.8459 0.024 3 5.25
Medium 1.18 0.0318 3 55
High 1.61 0.0447 4 8.25

Table 6. Average results from the experiment divided by ad length and tempo.

15s 6s mod 6s 15s mod
Average time 1.4605 1.3664 1.1421  0.8801
Ratio 0.0410 0.0384 0.0293  0.0253
Gazes 3.3333 4.0000 3.3333  2.6667
Fixations 7.3333  7.3333  6.3333  4.3333

advertisements, participants spent, on average, 0.2241 seconds more on the accelerated version. For low-dynamic
videos in both variants, the results are very close to each other. A similar pattern is reflected in the average ratio of
time spent watching the advertisement to time spent reading the text. For low-dynamic videos, the ratio is better in
their 15-second version, while for medium-dynamic videos, it is better in the accelerated version. Highly dynamic
videos have a slightly different ratio between the two variants. When it comes to the number of glances participants
made at the videos (moving between the advertisement area and the rest of the interface), the results are low and
difficult to interpret. The most noticeable finding is that for highly dynamic videos, the number of returns to the video
was higher for both variants compared to low and medium-dynamic advertisements, where the results were nearly
identical. The same pattern occurs for the number of recorded fixations. The quantity of fixations clearly outweighs
the rest for highly dynamic advertisements. Whether the advertisement is accelerated or not does not seem to have a
significant impact on the number of fixations.

Table 4 presents the same type of results but for 6-second video advertisements and their slowed-down counterparts.
In this case, the medium-dynamic video in both variants seems to disrupt the expected results. In all categories (average
fixation time, ratio, glances, and fixations), the medium-dynamic advertisement breaks the monotonous increase in
results. For low and highly dynamic videos, the average time spent watching is respectively 1.9197 and 2.2733 times
shorter. However, users spent, on average, 2.4912 longer on the slowed-down version of the medium-dynamic video.
In the column representing the ratio, it can be observed that shorter natural-paced advertisements perform better, at
least for low and high levels of dynamics. In this case, once again, the results for the medium-dynamic advertisement
are opposite — the slowed-down variant achieved a better ratio. The same trend can be seen in the number of glances
at the video and the number of fixations.

Table 5 presents the average results in each of the four previously mentioned categories, without dividing them
by video speed and length but only by content dynamics. The results are averaged for all advertisements with the
same dynamics. Here, it can be observed that in each category, the obtained results increase with the increase in
advertisement dynamics. The average time spent watching the video increases by an average of 0.3821 seconds with
the increase in dynamics level. Similarly, the ratio increases by an average of 0.0104. Regarding the number of
glances, it is similar for each dynamics level, but high dynamics can be distinguished by the fact that users returned
to advertisements with this dynamics level on average one more time. If we look at the number of fixations, for low
and medium-dynamic videos, the number hovers around 5-6 fixations, while for highly dynamic videos, it ranges
from 8-9 fixations. Table 6 presents the average results in the same categories, divided by video speed and duration.
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Fig. 3. Charts present a comparison of all ad variants for each video dynamic. The horizontal axis represents the level of video dynamic, while the
vertical axis represents the average time spent watching the ad, the average ratio of viewing time to text reading time, the average number of gazes,
and the average number of fixations on the ad, respectively.

The results are averaged for all 3 advertisements in each variant, regardless of dynamics. From the results, it can be
inferred that participants spent the most time on average watching 15-second advertisements at normal speed. The
slow-motion 15-second advertisements performed the worst in this regard, with an average viewing time of less than
one second. The same applies to the average ratio of viewing time to reading text for both sets. Regarding the number
of visits to the area where the advertisement was displayed, participants were most likely to return to the 6-second
advertisements that were sped up. Once again, the slow-motion 15-second videos performed the worst in this aspect.
In terms of the average number of fixations, the highest score was achieved by both the 15-second advertisements
and their accelerated 6-second variants. Once again, the group of videos slowed down to 15 seconds performed the
worst. Figures 3 present a comparison of all advertisement variants for each level of dynamics. The horizontal axis
represents the level of dynamics, while the vertical axis represents the average time spent watching the advertisement,
the average ratio of viewing time to reading text, the average number of glances, and the average number of fixations
on the advertisement, respectively.

Figure 3A illustrates that for the group of 15-second videos and their shortened 6-second versions, the amount of
time spent watching the advertisement increases with the level of dynamics. However, this pattern does not hold true
for the second group of advertisements. Slowing down the videos to 15 seconds for low and high dynamics resulted in
participants spending less time on average on those advertisements. For the medium level of dynamics in this group,
the opposite effect can be observed.

The same pattern can be observed in the case of the average ratio of viewing time to reading text, as shown in Figure
3B. A similar pattern can be seen in the results of the average number of glances, as presented in Figure 3C. However,
in this case, the only group of videos where the number of returns to the advertisement area does not increase or
maintain with the level of dynamics is the group of 6-second videos at a natural pace. In this case, the advertisement
selected for medium dynamics exhibited a double decrease in the average number of visits to the video area. For the
average number of fixations, as shown in Figure 3D, it can be observed that the number of fixations increases with the
level of dynamics for the group of 15-second videos and their accelerated 6-second versions. An exception is observed
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for 15-second videos with average and low dynamics, where the results are equal. For the group of 6-second videos,
we can see that ads with low and high dynamics exhibit a high number of fixations. However, the video with medium
dynamics in this group has the lowest average number of recorded fixations. The group of the same videos slowed
down to 15 seconds shows the worst results in terms of fixation count for a given dynamics, except for the moderately
dynamic advertisement.

6. Conclusions

Based on the results obtained from the conducted study, it can be concluded that as the level of video dynamicity
increases, user engagement in content reception also increases. This was demonstrated by the results obtained for the
15-second advertisements and their accelerated 6-second versions. The research showed that in both groups, the view-
ing time, the ratio of viewing time to time spent on reading the texts, the number of visits, and the number of fixations
on the videos increased with the level of dynamicity. Although the analysis of the second group of advertisements (6-
second ads and their slowed-down versions) did not confirm this through the average dynamicity advertisement, the
regularity can be observed in the results obtained for low and high dynamicity (the results are always better for high
dynamicity level). A weak point of this experiment was that, in order to maintain a relatively short and non-fatiguing
duration (below 10 minutes), experts selected only one advertisement for each dynamicity level, video length, and
tempo. The small research group (19 people) also did not allow for selecting more than one advertisement per variant
and dividing the experiment into multiple research groups, which would have allowed for maintaining a short du-
ration for the entire study. Therefore, there are indications to suspect that the average dynamicity advertisement in
the 6-second video group may have been inaccurately selected, resulting in results that do not converge with those
obtained for the 15-second video group.

The results also do not clearly indicate that slowing down or accelerating the video, while maintaining the entirety
of the original content, significantly affects the average viewing time without considering the advertisement’s dynam-
icity. The same can be said for the other categories. The number of fixations, visits, and the ratio do not seem to be
dependent on the length and tempo of the videos. The only thing that seems noticeable is that the slowed-down videos
(from 6 seconds to 15 seconds) with low and high dynamicity, on average, achieve results that are half as good in
all categories except the number of visits. However, the film with average dynamicity did not achieve similar results,
which, as mentioned earlier, may have been inappropriately selected for its function. Nevertheless, the results gath-
ered in Table 5 show that the slowed-down videos consistently performed the worst in all categories compared to the
other variants. However, this area would require further and deeper research to unequivocally determine whether user
engagement actually decreases when the video is slowed down.

Analyzing the results of all advertisements without dividing them into any other groups than classifying them based
on three levels of video dynamicity, it can be observed that in all categories, the results improve with an increase in
dynamicity level. This is evidenced by the results presented in Table 4.

From the conducted studies, one general conclusion can be drawn, stating that video dynamicity has a real impact
on user engagement. The results indicate that as the level of dynamicity increases, user engagement, perceived as
both viewing time and the number of visits to the video display area and fixations, seems to increase. However,
studies showing that the average level of visual stimulation is perceived as the most satisfying ([6], [12]) may suggest
that excessive dynamicity in video content should be avoided, as it may have the opposite effect to increased user
engagement.

Effective marketing video content requires the integration of several elements to enhance user engagement based
on emotional appeal, dynamics, and attention-grabbing techniques[11]. Despite well-designed content, the intensive
use of video content for marketing purposes leads to avoidance behaviors, skipping, or blocking video ads. The user’s
acceptable video length has been reduced to a few seconds. In such conditions, it is worthwhile to explore methods
that allow for the design of effective content without resorting to techniques that spoil the user experience. In the
proposed approach, it has been shown that video content creators can attempt to control consumer engagement using
scenes with different levels of dynamism.

Future research aims to identify not only video features based on color differences but also object features within
the frame to enable the assessment of differences based on scene elements rather than just visual intensity.
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Abstract

Habituation is a common phenomenon in learning, where the response to a repeated stimulus decreases over time. In Multi-
Armed Bandits (MAB) algorithms used for visual content delivery optimization, habituation can lead to suboptimal performance.
For example, if an agent becomes habituated to a suboptimal arm, it may continue to choose that arm even if better options are
available. Habituation can be modeled as a form of “forgetting”, where the agent gradually loses confidence in its estimates of the
reward probabilities for each arm as time passes. Proposed approach allows updating estimates according to habituation model,
while also exploiting the arm with the highest estimated reward probability. The results showed that it is a very good solution to
introduce breaks in the multi-armed bandit habit model, which was implemented and tested in our study.
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1. Introduction

Habituation is a process in which an organism becomes accustomed to a repeated, unchanging stimulus, leading to
a decrease in responsiveness over time[20]. This phenomenon is widely observed in animals, including humans, and
is thought to be an adaptive mechanism that allows organisms to filter out irrelevant or redundant stimuli and allocate
their attention and resources to more important or novel information[23]. Habituation is a form of non-associative
learning and is characterized by a decline in responsiveness that is specific to the habituated stimulus, as well as the
recovery of responsiveness after a period of non-exposure[22]. Habituation is a basic form of learning and is thought
to be the foundation of more complex forms of learning such as classical and operant conditioning. Habituation is
used in many fields as a tool to understand the mechanisms of learning, memory, attention and neural plasticity.There
are several ways to address habituation in MAB algorithms. One approach is to use an adaptive exploration strategy
that takes into account the agent’s past behavior[18]. For example, a strategy called “optimism in the face of uncer-
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tainty” starts with high estimates for the expected rewards of all arms and updates them as the agent explores. This
approach encourages the agent to explore new arms and reduces the chance of becoming habituated to a suboptimal
arm[16]. Another approach is to use a “restless bandit” algorithm, which periodically resets the agent’s estimates of
the expected rewards for all arms. This approach also encourages exploration and reduces the chance of habituation.As
proposed in this paper habituation-based exploration in multi-armed bandits is a strategy that incorporates the concept
of habituation into the multi-armed bandit (MAB) problem[10]. In this strategy, the algorithm adapts to the repeated
selections of the same arm by decreasing its responsiveness, encouraging the exploration of other arms. As stated by
Auer[5] in their seminal paper on the subject, “Habituation can be seen as a form of exploration, as the agent is forced
to try other actions when the current action becomes ineffective.” Habituation-based exploration in MAB algorithms
has been shown to improve performance by balancing exploration and exploitation and achieving a better trade-off
between exploration and exploitation than traditional MAB algorithms. The article was divided into an experiment
setup where it was divided into two parts: MAB algorithm with habituation and MAB algorithm with habituation and
breaks. Then, the results for both groups of analyzes are presented. Finally, a conclusion was presented with guidelines
for future research.

2. Literature review

Habituation, a form of non-associative learning, is defined as the gradual decrease in responsiveness to a repeated,
unchanging stimulus[14]. It is a widely observed phenomenon across a range of organisms, including humans, and is
thought to be an adaptive mechanism that allows organisms to filter out irrelevant or redundant stimuli and allocate
their attention and resources to more important or novel information[21]. As stated by Donald Hebb, a Canadian
psychologist, "Habituation is the first and most elementary form of learning” and it is considered as the foundation
of more complex forms of learning such as classical and operant conditioning[12]. Habituation is characterized by a
decline in responsiveness that is specific to the habituated stimulus, as well as the recovery of responsiveness after a
period of non-exposure[20]. Habituation has been widely studied in many fields, including neuroscience, psychology,
and biology, to understand the mechanisms of learning, memory, attention, and neural plasticity. Other approach is to
use a “contextual bandit” algorithm, which takes into account the current context of the agent, such as its location,
time of day, or task, when making its arm selections[13]. This approach can help to reduce habituation by providing
the agent with a more diverse set of options to choose from[18]. It’s important to note that this is a general overview
and further research and studies are needed for a more detailed and complete paper. One of the key challenges in
MAB research is the trade-off between exploration and exploitation[9][25]. An agent must explore different options
in order to learn about their expected rewards, but it must also exploit the options that it has learned are the most
promising[5][11]. Habituation can occur when an agent becomes too focused on exploiting a suboptimal option, and
neglects to explore other options[6]. One approach to addressing habituation in MAB algorithms is to use a method
called “e-decreasing” exploration[17]. This method starts with a high value of &, which represents the probability
of the agent choosing to explore an arm, rather than exploit an arm[15]. As the agent continues to play, the value
of ¢ is gradually decreased[2], thus encouraging the agent to explore less and exploit more[4][1]. Next approach
is to use a method called "Thompson Sampling” exploration[24]. Thompson sampling algorithms sample from the
posterior distribution of the expected rewards for each arm. The agent then chooses the arm with the highest sample.
As the agent plays more, the posterior distribution for each arm becomes more certain, thus encouraging the agent
to explore less and exploit more. As noted by Bengio et al., habituation is a major factor to take into account in
order to properly balance exploration and exploitation in reinforcement learning. They explain that “when a reward is
repeatedly received from a given arm, an agent will tend to become less interested in this arm over time,” which can
be beneficial if the arm’s reward is low, but detrimental if the reward changes over time[7].

3. Experiment Setup
3.1. MAB algorithm without habituation

The classic MAB algorithm typically involves the following steps:
1. Initialize the estimates or statistics for each arm, such as the average reward or expected value.
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2. Based on a selection strategy, the algorithm decides which arm to choose in each iteration. Common strategies
include epsilon-greedy (balancing exploration and exploitation based on a predefined exploration rate),

3. The algorithm selects an arm and receives a reward based on the underlying reward distribution associated with
that arm. The reward could be stochastic or deterministic, depending on the problem setting.

4. After receiving a reward, the algorithm updates the estimates or statistics for the selected arm, incorporating the
new information. This update helps refine the estimates of the arm’s expected reward over time.

5. Steps 2-4 are repeated iteratively for a predefined number of interactions or until a stopping condition is met.

The purpose of the classic MAB algorithm is to strike a balance between exploration and exploitation to maximize
the cumulative reward obtained over time. It is used in various applications, such as online advertising, clinical trials,
recommendation systems, and resource allocation, where the agent needs to make sequential decisions with limited
information. By exploring different arms and learning from the observed rewards, the algorithm gradually improves
its ability to select the most rewarding arm while minimizing regret (the difference between the expected reward and
the maximum achievable reward).
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Fig. 1. Example depicting the shape of the responsiveness decline curve with continuous exposure (A) and with intermittent exposure breaks (B).
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Fig. 2. A graphic illustrating the performance of a Multi-Armed Bandit algorithm in our experiment with the added effect of habituation, with
continuous exposure(A) and with intermittent exposure breaks(B).
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3.2. MAB algorithm with habituation

In the context of MAB with habituation, habituation refers to the phenomenon where an organism’s response to
a stimulus decreases over time with repeated exposure to the same stimulus, when the stimulus is no longer relevant
[8]. In MAB algorithms, habituation can be modeled by assigning lower values to arms that have been played more
frequently, so that they become less likely to be selected in the future, while arms that have been played less frequently
will have higher values and are more likely to be selected.

To mitigate the negative effects of habituation on an agent’s performance, various strategies have been developed
to balance exploration and exploitation in MAB problems. One popular strategy is e-greedy, which involves choosing
the arm with the highest expected reward with probability (1 - €) and a random arm with probability & . Therefore,
it is important to consider these factors when designing MAB algorithms that are robust to habituation. To integrate
habituation into MAB, each action is assigned a reactivity level of R, which is used to calculate the probability of
selecting an arm at a given stage of the simulation. The responsiveness decreases at each stage, which is taken into
account by reducing the sampling range according to the habituation curve. If R < 1.0, then for a given P, its new
value for a given action is calculated according to the formula Py = P * R.

By balancing exploitation (selecting the arm with the highest expected reward) and exploration (trying arms with
potentially higher reward), the algorithm can converge towards the optimal arm over time.

When an unsuccessful attempt is made, the responsiveness is calculated according to Formula (1):

y =30 - (1 - exp( L) ()
a T

where y, represents the initial habituation value. For inactive contacted arms, it is valid for each discreet time point
t. S represents stimulus exposition and in this experiment always takes the value of 1 because of the number of actions
in the current time step. « is responsible for the recovery rate. 7 is a constant influencing habituation process. ¢ is valid
for the time that has passed since responsiveness began to drop.

An increase in responsiveness in the MAB can occur when there is no interaction between the drawn value of the
probability of each arms. As we have mentioned, there are no interruptions in the MAB, so the following method was
added for the universality of the algorithm and in terms of future research. Growth can be calculated using Formula
2):

v =0 - (0 = ) exp(— ) @)
where yo represents the initial responsiveness value, equal to 1.0, y; refers to the responsiveness value reached
during the decrease periods, and ¢, in this case, represents the time passed from the beginning of the recovery process.

The algorithm discussed in the article belongs to the class of multi-armed bandit algorithms, which are closely
related to machine learning and probability theory. The problem of multi-armed bandit algorithms is to distribute
limited resources among possible, competing decisions in order to maximize expected gain[19]. The gain parameters
of a given decision are not known or are only partially known before the distribution of resources begins. The gain
parameters of a given decision are learned as resources are allocated to it. There are two phases of resource distribution
among decisions: exploration and exploitation.

During the exploration phase, available resources are distributed among different decisions in order to better un-
derstand the gain parameters and the profitability of the decisions. During the exploitation phase, available resources
are used only on one decision with the highest expected gain. The resources used only result in better understanding
of the exploited decision’s parameters

The algorithm discussed in the article is based on the assumptions of the e-greedy strategy, in which in each
iteration, with probability (1 - &), the decision with the highest expected gain is selected, and with probability &, a
random decision is selected (with the same probability).

The algorithm has been extended with a mechanism for changing the responsiveness of decisions, which can be
compared to habituation, involving becoming accustomed to a repeated, unchanging stimulus. This mechanism is
intended to affect the length and distribution of the exploration and exploitation phases of decisions. By reducing the
use (reducing the length of the exploitation phase) of the decision with the highest expected gain, and increasing the
use (increasing the number of exploration phases and the length of the exploitation phase) of decisions with lower
expected gains.
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This modification, in addition to the & parameter, also uses the alpha and tau parameters. Each decision, in addition
to the gain parameters, also stores its responsiveness level, number of consecutive uses, and number of consecutive
non-uses. In each iteration, one decision is used whose responsiveness level drops depending on the number of con-
secutive uses and the alpha and tau parameters. For the remaining unused decisions, the responsiveness level increases
depending on the number of consecutive non-uses and the alpha and tau parameters.

Habituation-based exploration in multi-armed bandits is a strategy that incorporates the concept of habituation into
the multi-armed bandit (MAB) problem. In this strategy, the algorithm adapts to the repeated selections of the same
arm by decreasing its responsiveness, encouraging the exploration of other arms. As stated by Auer et al. in their
seminal paper on the subject, “Habituation can be seen as a form of exploration, as the agent is forced to try other
actions when the current action becomes ineffective.” [3]. Habituation-based exploration in MAB algorithms has been
shown to improve performance by balancing exploration and exploitation and achieving a better trade-off between
exploration and exploitation than traditional MAB algorithms.

Habituation in Multi-Armed Bandits (MAB) can be represented conceptually as a process where a player becomes
less sensitive to rewards from an arm as they repeatedly pull it what is shown on Figure 1 (B). The normal behavior
of the algorithm under ideal conditions reflects Figure 1 (A). The player’s behavior and choices are shaped by the
rewards they receive, and over time, as the rewards from a particular arm become more predictable, the player will
tend to invest less effort into exploring that arm and instead focus on other arms that might offer higher rewards.
Figure 3 (A) illustrating the performance of a Multi-Armed Bandit algorithm with the added effect of habituation,
with continuous exposure.

3.3. MAB algorithm with habituation and breaks

Figure 3 (B) shows performance of a Multi-Armed Bandit algorithm with the added effect of habituation with inter-
mittent exposure breaks which significantly increase the total reward compared to the approach without interruptions.

In a Multi-Armed Bandit (MAB) problem, the agent must choose which arm to pull in order to maximize the
expected reward. However, as the agent pulls the same arm repeatedly, they can become habituated to it, causing a
decrease in the level of responsiveness and a decrease in the reward obtained. The consequence of this is that the agent
may switch to a new arm, but this process can also be repeated if the content is not properly dosed.

To address this issue, the solution is to take breaks in exposure to the stimulus, even if it is desired by the user. These
breaks reduce the level of arm switching, reducing the level of exploration, while causing a simultaneous increase in
the level of exploitation. The breaks in exposure are introduced as a parameter to reduce the impact of the habituation
phenomenon.

In the MAB problem, every pull has a chance of yielding ”information”. In the example given, the first two pulls
resulted in unsuccessful attempts to upload content, leading to a decrease in responsiveness. On the third pull, the
user was not exposed to the stimulus, partially recovering the curve. However, further unsuccessful attempts in the
following pulls caused a further decrease in responsiveness. The breaks in exposure are introduced to reduce the
impact of habituation by controlling the habituation process.

Breaks in habituation in the context of the multi-armed bandit problem can be represented mathematically as
follows:

Let p be a variable representing the probability of a break in the habituation process, a variable that describes the
chances of a break . Then, the probability of selecting an arm for the next pull, taking into account the possibility of a
breakout, can be expressed by the formula:

P(a; = i) = (1 = p)g,(i) + p * (1/K) 3)

where q, is the arm selected for the ¢ — th pull, i represents the index of the arm, g,(i) is the estimated value of the
i —th arm at time ¢, K is the total number of arms, and (1 — p)q,(i) is the probability of selecting the i — th arm without
a break, while p * (1/K) is the probability of selecting any arm at random during a break.

This formula allows for a controlled implementation of breaks in habituation, with the probability of a break being
randomly determined at each pull according to the specified range. By introducing breaks, the impact of habituation
on the responsiveness of the arms can be reduced, leading to better overall performance in the MAB algorithm This is
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a chance to take a break while restoring the responsiveness of the other unused arms. The breaks are implemented as a
condition that randomly selects from the range of 0 to 1 (e.g. 0.2, 0.3, etc.), determining the probability that the oper-
ated arm will rest at a given moment. Observations show that breaks improve results in relation to the implementation
of habituation. This may be due to a wider reconstruction of the responsiveness of given arms and a smaller impact of

habituation alone on the process.
In the study, the researchers introduced several breaks: 10%, 20%, 30%, 40%, and 50%, to verify their impact on

the process. The breaks in exposure can help to control the habituation process and improve the overall performance
of the MAB algorithm.

4. Results

The following figure displays a portion of the results obtained from our experiments, illustrating the mean number
of decisions made in favor of the option with the highest reward, with a step of 100 over a range of 0 to 3000 iterations.

tau=1,5,25
alpha =1.05,1.2

MAB algoritm

’ £=0.05,0.15

MAB algoritm
o tau=1,5,25 propability of
£50:05,0.15 alpha = 1.05, 1.2 breaks = 10% - 50%

Fig. 3. The flowchart presents two paths of the experiment. Figure (A) depicts the experiment with the implemented habituation method in MAB.
On the other hand, figure (B) illustrates the course of the experiment assuming breaks.
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Fig. 4. Figure (A) shows average cumulative reward for four curves:
without habituation, with 10% breaks to 50% breaks and averaged
curves for all combinations of tau and alpha.

Fig. 5. Bar graph with a division into alpha and tau parameters in various
variants in combination with pairs of parameters.

The results vary depending on the chosen values of &, alpha, and tau parameters, as well as the presence or absence
of habituation. The selected parameter values fall within the recommended ranges found in the literature.

Changing the value of & does not significantly alter the shape of the graph, but increasing its value does lead to
lower adopted values. The same holds true for the use of habituation. Here is a general overview of all the curve
variations. In the following sections, we will discuss individual groups and divisions.



K.Bortko et al. | Procedia Computer Science 00 (2023) 000000

4.1. MAB algorithm with habituation

It can be observed that changing the accepted values of the alpha parameter with tau remaining unchanged has a
greater impact on the values when the value of tau is smaller. Increasing the alpha value results in higher obtained

values. The obtained results increase with an increase in tau, but the increase is not proportional.

The results indicate that the habituation mechanism in combination with the e-greedy strategy reduces the degree
of exploitation of the most profitable decision, which increases the exploration and exploitation of decisions with a

lower gain.

Figure 5, we can see a curve without habituation with two types of &€ = 0.05. We use different habituation pa-
rameters: alpha values of 1.05 and 1.2, and tau values of 1, 5, and 25.The parameter pairs shape the results, and the
best configuration is achieved by using alpha = 1.05 and tau = 25. The worst pair is alpha = 1.2 and tau = 1. The
general trend that can be observed is that it is better to choose a lower alpha, such as 1.05, and tau in direct proportion,

meaning the lowest value.

4.2. MAB algorithm with habituation and breaks
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Fig. 6. Figure B1-3 shows all combinations for £=0.05 - non-habituation, habituation and breaks 30% and 50%. Figures C1-3 shows all combina-

tions for £=0.15 same as the previous group.
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Fig. 7. Bar chart with the division into alpha and tau parameters in differ- ~ Fig. 8. Bar chart with the division into alpha and tau parameters in differ-
ent variants of gaps (A) and variants of gaps in combination with pairs ent variants of gaps (A) and variants of gaps in combination with pairs
of parameters (B) for epsilon = 0.05. of parameters (B) for epsilon = 0.15.

Each combination with the habituation parameters shows the cumulative reward for each option. Cumulative reward
with the right parameter will never reach the expected most desirable variant, which is ideal. The true reflection of the
approach is the implemented habituation mechanism, which shows how the user behaves naturally.

Figure with imposed gaps indicate an increase in cumulative reward with each approach towards the curves with
habituation. Breaks have a positive effect, allowing us to make up for the lost score with a significant number of pulls.
The breaks allow for better results compared to the regular habituation approach for individual parameters.

Figure 4 (A) shows the overall average trend of each curve from each approach that we examined. We see here
the approach without habituation, the approach with habituation (averaged rewards from each combination of tau and
alpha parameters), and few curves with 10%, 20%, 30%, 40% and 50% breaks. We can clearly see the impact of
breaks on the non-habitation approach.

The 10% breaks result in approximately 15% gain compared to habituation approaches, while the approach with
20% breaks shows an increase of almost 38% between the habituation curve and the non-habituation curve. The best
result is achieved with a 30% break, which is nearly 50% better. This means that we can recover the “’lost” cumulative
reward by introducing breaks. Slightly more frequent breaks lead to better results. On the other hand, we observe
a downward trend with 40% breaks, where the cumulative value remains at a similar level to the 20% breaks. 50%
breaks seem to converge towards the 10% break.

Figure 6 with intervals overlaid indicates a cumulative reward increase with each approach towards the curves with
habituation. The intervals have a positive impact, allowing us to recover lost cumulative reward with a significant
number of pulls. The charts with habituation parameters show a close to 30-40% drop in cumulative reward compared
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to the non-habitation MAB approach. As seen in Figure 6 (B1), the parameters themselves do not differ significantly
from each other. The intervals allow for better results compared to the regular habituation approach for individual
parameters. Figures 6 (B2) and 6 (C2) show 10% intervals. The results improved by almost 12% in each iteration
compared to the interval-free runs. Figures 6 (B3) and (C3) show 20% breaks. Here, there is a change of almost 35%
in cumulative reward results compared to the curves with habituation parameters. The 10% and 20% intervals have a
significant impact, bringing us closer to the expected growth and desired results.

Figure 7 (A) and (B) shows the cumulative reward bars for 6 different variants, divided into 6 different groups of
alpha and tau parameters. They represent the approach with implemented habituation without breaks and habituation
with breaks ranging from 10% to 50%. Upon examining the results, we can conclude that the best parameters for
each of the variants are the set of alpha=1.05 and tau=25, followed by alpha=1.2 and tau=25. The worst result was
obtained with the set of parameters alpha=1.05 and tau=1, and alpha=1.2 and tau=1. If we divide them into specific
variants, we can see that increasing tau and decreasing the alpha parameter is the most optimal here.

By analyzing the approach with a division into specific sets of tau and alpha parameters, a division into break
groups was made. We can see that in each case, a 30% break is the most optimal for each approach. 30% breaks
achieve a cumulative reward balance of almost twice as good as other break levels.

By analyzing the sets of parameter pairs and comparing them with the break variants, we can unambiguously
conclude that the best option when choosing a combination is to use a 30% break in combination with the set of
parameters alpha=1.05 and tau=25, followed by a slightly worse pair of alpha=1.2 and tau=25.

Referring to the Figure 8 (A) and (B) approach, a similar trend to the previous epsilon 0.05 is observed. The cumu-
lative reward bars for six different variants, divided into six different groups of alpha and tau parameters, are depicted
in the Figure 8. The variants represent the approach with implemented habituation without breaks and habituation
with breaks ranging from 10% to 50%. Upon examining the results, it can be concluded that the optimal parameters
for each of the variants are the set of alpha=1.05 and tau=25, followed by alpha=1.2 and tau=25. The worst result
was obtained with the set of parameters alpha=1.05 and tau=1, and alpha=1.2 and tau=1. When dividing the variants
into specific sets, it is observed that increasing tau and decreasing the alpha parameter is the most optimal approach.

The approach was further analyzed by dividing it into specific sets of tau and alpha parameters, and grouping them
based on breaks. It is observed that in each case, a 30% break is the most optimal for each approach. 30% breaks
achieve a cumulative reward balance of almost twice as good as other break levels.

By analyzing the sets of parameter pairs and comparing them with the break variants, it can be unambiguously
concluded that the best option when choosing a combination is to use a 30% break in combination with the set of
parameters alpha=1.05 and tau=25, followed by a slightly worse pair of alpha=1.2 and tau=25.

5. Conclusion

Overall, habituation is a complex phenomenon that can affect the performance of MAB algorithms. However,
by using adaptive exploration strategies, restless bandit algorithms, or contextual bandit algorithms, researchers can
reduce the chance of habituation and improve the performance of MAB algorithms. It’s important to note that this is a
general overview and further research and studies are needed for a more detailed and complete paper. In conclusion,
habituation is a key aspect of Multi-Armed Bandit (MAB) algorithms, as it helps the agent to balance exploration and
exploitation. By modeling habituation as a form of “forgetting”, the agent is able to continue updating its estimates
of the reward probabilities for each arm while also exploiting the arm with the highest estimated reward probability.
Overall, habituation is an important factor to consider in the design and implementation of MAB algorithms to achieve
optimal results. In addition to reducing the impact of habituation, breaks in exposure to stimuli in the MAB problem
have several other benefits. Firstly, they allow the user to access other arms of the algorithm, which can lead to
the discovery of more advantageous decisions. Secondly, breaks prevent the quick depletion of the best arm and
prevent the algorithm from getting stuck in suboptimal solutions. In the case of recommendation systems, breaks in
habituation can also improve the user experience by preventing the display of the same recommendations too often
and increasing the diversity of proposed content. This can have a positive impact on the length of user sessions and
increase engagement with the platform.
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Finally, applying breaks in exposure to stimuli can improve the stability and efficiency of the MAB algorithm,
reducing the impact of randomness on results and increasing the precision of decisions. Overall, breaks in habituation
are an important tool in the MAB problem and can help achieve better results and user experiences.

In the real world, such as the advertising world he goal of the advertising campaign is to maximize revenue from
displaying ads. The advertiser earns money each time a user clicks on the offer. Similar to the case of MAB , there is a
trade-off between exploration, which aims to gather information about the effectiveness of the ad using click-through
rates, and exploitation, in which we stick to the ad that has been the best so far. Future research should focus on testing
different models of multi-armed bandits and test various combinations of tau and alpha.
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