
Telematics and Informatics 74 (2022) 101880

Available online 8 September 2022
0736-5853/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Identiying the psychological processes delineating non-harmul

rom problematic binge-watching: A machine learning

analytical approach

Ma�eva Flayelle a,*, Jon D. Elhai b, Pierre Maurage c, Claus Vögele d,
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A B S T R A C T

As on-demand streaming technology rapidly expanded, binge-watching (i.e., watching multiple

episodes o TV series back-to-back) has become a widespread activity, and substantial research

has been conducted to explore its potential harmulness. There is, however, a need or dier-

entiating non-harmul and problematic binge-watching. This is the rst study using a machine

learning analytical strategy to urther investigate the distinct psychological predictors o these

two binge-watching patterns. A total o 4275 TV series viewers completed an online survey

assessing sociodemographic variables, binge-watching engagement, and relevant predictor vari-

ables (i.e., viewing motivations, impulsivity acets, and aect). In one set o analyses, we modeled

intensity o non-harmul involvement in binge-watching as the dependent variable, while in a

ollowing set o analyses, we modeled intensity o problematic involvement in binge-watching as

the dependent variable. Emotional enhancement motivation, ollowed by enrichment and social

motivations, were the most important variables in modeling non-harmul involvement. Coping/

escapism motivation, ollowed by urgency and lack o perseverance (two impulsivity traits), were

ound as the most important predictors o problematic involvement. These ndings indicate that

non-harmul involvement is characterized by positive reinorcement triggered by TV series

watching, while problematic involvement is linked to negative reinorcement motives and

impulsivity traits.

1. Introduction

As the worldwide adoption o Subscription-Video-on-Demand services (e.g., Netfix, Hulu, Disney�) continues to increase rom
year to year (Statista, 2020a), binge-watching (i.e., watching multiple episodes o TV series in one sitting) became the viewing norm
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or many (Business Wire, 2019; Rubenking and Bracken, 2021; Statista, 2020b). Such remarkable evolvement in watching habits

essentially stems rom the availability o the endless user-centered access to hundreds o compelling TV series, at whatever time and in

whatever manner (i.e., through nearly any kinds o digital media).

With this evolution in the way TV series are consumed, there has been growing international interest in research on the antecedents

and consequences o binge-watching behaviors, as witnessed by the rst systematic literature reviews conducted on the topic (Flayelle

et al., 2020a; Starosta and Izydorczyk, 2020). These reviews come to the same conclusion in that binge-watching refects a two-sided

phenomenon. On the one hand, binge-watching can be an inherently benecial and ullling experience involving positive media

eects on viewers—�well-being (Granow et al., 2018; Pittman and Steiner, 2021). On the other hand, this highly immersive on-demand

experience may generate loss o control on time spent watching (i.e., watching or ar longer than intended; Castro et al., 2021; Riddle

et al., 2017), thereby potentially triggering signicant guilt and eelings o regret (Granow et al., 2018; Shim et al., 2018), or even

unctional impairments (e.g., sleep disturbances, decrease o work perormance; Exelmans and Van den Bulck, 2017; Rubenking et al.,

2018). There is, thereore, growing agreement that non-harmul involvement needs to be separated rom problematic involvement in

binge-watching to prevent over-pathologizing this activity. There is a lack, however, o research identiying the specic eatures and

underlying mechanisms behind these two dierent watching patterns, and the specic conditions or actors that avor the shit rom

one to the other (Flayelle et al., 2020a; Flayelle and Lannoy, 2021; Steins-Loeber et al., 2020). The current study was designed to

address this shortcoming by investigating the distinct psychological predictors o non-harmul and problematic binge-watching

patterns.

2. Literature review

Such emphasis on questioning the core dierences between these two behavioral patterns notably builds on the conceptual rame o

the Dualistic Model o Passion (DMP; Vallerand, 2015; Vallerand et al., 2003), according to which any time-consuming activity that one

considers as personally important and meaningul alls within the scope o either the Harmonious or Obsessive type o passion. Char-

acterized by ree will and sel-control, Harmonious Passion is generally perormed in harmony with other spheres o daily lie, thus

promoting a broad range o positive aective, cognitive, and behavioral outcomes which globally add to the individual—s existence
(Curran et al., 2015). A strong attachment to the passionate activity thereore develops naturally as a result o the various short and

long-term benets this activity may bring (Lalande et al., 2017). Obsessive Passion, however, maniests itsel through rigid and

infexible behavior patterns characterized by sel-control deciencies, in which the activity intereres with other aspects o everyday

lie, thereby promoting negative outcomes at the aective, cognitive, and behavioral levels (Curran et al., 2015). Such overreliance on

the passionate activity was proposed as refecting a compensatory behavior in response to low psychological needs satisaction in

important lie areas (Lalande et al., 2017). Thus clinging to their passionate activity in a compulsory way to help lling a void, in-

dividuals—�involvement would in this view gradually translate into maladaptive attachment to the activity that may be o a unctionally
impairing nature. Previous research has indeed shown positive associations between both adaptive correlates o TV series watching (e.

g., sel-development, ofine chatting) and Harmonious Passion, and maladaptive outcomes (e.g., confict with other activities) and

Obsessive Passion (Tóth-Király et al., 2019).

In keeping with this theoretical ramework, and coherent with the recent concept o digital emotion regulation implying that people

adjust their emotional states through the use o digital technologies (Wadley et al., 2020), the assumption that maladaptive coping or

emotion-regulation strategies underlie problematic binge-watching (Boursier et al., 2021; Flayelle et al., 2019a; Sigre-Leirós et al.,

2022) may reveal an important role in the genesis o such delineation between binge-watching development either rom a comple-

mentary (i.e., resulting in non-harmul involvement, or Harmonious Passion) or compensatory (i.e., leading to problematic involve-

ment, or Obsessive Passion) understanding. According to this view, positive and negative aect are at the roots o this dichotomy.

Classic hedonic entertainment theories (e.g.,MoodManagement Theory; Reinecke, 2017) conceptualize media use as an eective means

to enjoy gratiying experiences, thereby engendering positive aective states while lessening negative aective states in media users

(Vorderer and Reinecke, 2015). While promoting positive emotions per se (through intensied enjoyment while viewing; Granow et al.,

2018; Merrill and Rubenking, 2019) and more general positive aective outcomes (e.g., viewers—�hedonic and eudaimonic well-being;
Halmann and Reinecke, 2021; Muñiz-Velázquez and Lozano Delmar, 2021), binge-watching completely alls within this ramework as

it has also been associated with mental health conditions which one would seek to alleviate, such as anxiety and depression (Ahmed,

2017; Teertiller and Maxwell, 2018). Further supporting this notion is the act that available evidence demonstrates the co-existence

o hedonic motivations (i.e., entertainment, enjoyment) »�best-known inducers o engagement in leisure activities »�and emotion-
ocused avoidance coping motivations as two main motivational actors in binge-watching (Flayelle et al., 2020a), beyond other

prime-order expected gratications such as eudaemonic (e.g., personal enrichment; Flayelle et al., 2017; Merrill and Rubenking, 2019)

or socialization (Granow et al., 2018; Panda and Pandey, 2017) derived benets. Lying at the heart o classic hedonic entertainment

conceptualizations, such emotionally motivated or mood-repair related media use is assumed to explain why consumption o enter-

tainment media, initially perceived as enjoyable and ullling, might become dysunctional over time when repeatedly invested as the

primary option to escape rom negative aective states, thereby ueling a misguided sel-reinorcing loop (Reer et al., 2021). The drive

to engage in appetitive behaviors to relieve negative emotional states is indeed a well-supported risk actor associated with prob-

lematic recreational involvement across various domains (e.g., video gaming, gambling, cybersex; Blasi et al., 2019; Canale et al.,
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2015; Wéry and Billieux, 2016), ultimately expressing potential maladaptive compensation or insucient satisaction o real-lie

needs (e.g., Allen and Anderson, 2018). Whether these media use coping strategies become maladaptive, however, seems to

strongly depend on individual dierences in sel-control abilities according to the DMP. Interestingly, in addition to emphasizing

positive links between binge-watching and sel-regulation deciencies (Merrill and Rubenking, 2019; Hasan et al., 2018), previous

research has demonstrated that only unintentional binge-watching (i.e., occurring unexpectedly) is related to impulsivity (Riddle et al.,

2017). While impulsivity is a psychological actor o key importance or addictive behaviors (Jentsch et al., 2014), emotion-related

impulsivity (i.e., the ’urgency“� component o impulsivity according to the UPPS model o impulsivity; Cyders and Smith, 2008;
Whiteside and Lynam, 2001), which is considered a transdiagnostic actor o psychopathology (Berg et al., 2015), notably stands out

because o its well-known role in predicting maladaptive behaviors aimed at alleviating negative emotional states (Anestis et al., 2007;

Billieux et al., 2010; Nock et al., 2008).

According to this line o reasoning, three psychological actors (i.e., aect, viewing motivations, and impulsivity) thus emerge as a

combination o prime candidates to better capture what is at the core o the dierentiation between non-harmul (i.e., viewers

engaging in needs-satisying daily lives who integrate binge-watching in a complementary and healthy manner) and problematic (i.e.,

viewers with low day-to-day needs satisaction who use binge-watching in a compensatory and unhealthy manner) involvement in

binge-watching based on the hypothesis that emotion regulation may constitute a pivotal mechanism through which binge-watching

unolds.

2.1. The current study

At a time when research is needed to move orward in the comprehension o non-harmul versus problematic involvement in binge-

watching, the main aim o this exploratory study was to investigate the distinct psychological predictors o these two watching pat-

terns. To this end, this study is the rst one capitalizing on machine learning analyses to model binge-watching intensity, both rom an

adaptive and maladaptive perspective, based on our model o relevant predictor variables (i.e., aect, viewing motivations, and

impulsivity). Specically, we used supervisedmachine learning, which implements statistical and computational methods to recognize

patterns in example/training data or the purpose o improving predictions in other sets o data (Hastie et al., 2016; Kuhn and Johnson,

2013). Because o using a large set o example data to initially train a statistical model prior to application, and unlike traditional

statistics which use a one-shot approach in data modeling, supervised machine learning has a record o generally outperorming

traditional statistical methods (LeCun et al., 2015). As detailed below, we began with a large sample and divided it into a large training

subset (i.e., 80 % o the participants) and a testing subset (i.e., 20 %) randomly to ensure comparability o the two subsets. We used the

rst subset to train our statistical model in modeling the dependent variables (i.e., high involvement and problematic involvement).

Through training across many iterations (including small sets o example data), we aimed at nding optimal regression weights,

subsequently applied to the remaining test subset (i.e., 20 %) in modeling the dependent variable. Moreover, in addition to these

improved prediction advantages o training and testing in supervised machine learning, we employed specic types o machine

learning algorithms (also detailed below) that overcome the usual limits o more common statistical approaches (e.g., general linear

modeling) such as collinearity and predictor variable overlap, two-dimensional relationship modeling, and overtting (discussed

below in the Statistical Analysis section). By overcoming these limitations, the use o such machine learning algorithms has resulted in

improved accuracy and diminished replicability issues (Orrù et al., 2020). Because o these advantages, machine learning has been

increasingly used in recent psychiatry and psychology research (Dwyer et al., 2018; Shatte et al., 2019). In the absence o established

diagnostic criteria or problematic binge-watching, we employed regression-based orecasting within machine learning to model

adaptive versus maladaptive binge-watching intensity (i.e., non-harmul versus problematic involvement) as two distinct continuous

dependent variables.

3. Method

3.1. Participants and procedure

French-speaking TV series viewers were recruited rom various Facebook groups and discussion orums dedicated to TV series—�
enthusiasts in November and December 2016. They were invited to anonymously ll in an online questionnaire about their viewing

practices. This study was approved by the Psychological Sciences Research Institute Ethics Committee o the Université catholique de

Louvain (Belgium). Beore taking part in the assessment, inormed consent was systematically collected rom the participants who

obtained no compensation. Subsets o the data currently gathered were the subject o previously published work involving distinct

research objectives (Flayelle et al., 2019b, 2019c), where urther methodological details regarding the study setting can also be ound.

The data and materials underlying this article can be consulted in the Open Science Framework (OSF), at: https://os.io/unjzq/?view_

only=1844eb757d4ed1b4988e116d9c268 (DOI:10.17605/OSF.IO/UNJZQ).
For this study, our eective sample size included 4275 participants (not diering rom the original 6882 sample respondents in

terms o age and gender),
1
as only data related to the measures o interest described below were considered or analysis. The average

age was 24.82 years (SD = 7.54). The majority o participants were women (n = 3398, 79.5 %), and had pursued higher education

1
These data are also available in the OSF at: https://os.io/unjzq/?view_only=1844eb757d4ed1b4988e116d9c268.
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beyond high school (n = 3556, 83.2 %); a much smaller proportion o 719 participants (16.8 %) only had high school education. Just

over hal o the sample were single (n = 2340, 54.7 %), with 1935 (45.3 %) in a relationship. Participants reported watching TV series

on average 2.41 (SD = 1.62) hours on a typical working day and 3.61 (SD = 1.70) hours on a typical day o, with a mean number o

3.67 (SD = 1.77) episodes seen during a typical viewing session (see descriptive statistics regarding participants—�viewing habits in
supplementary analyses at: https://os.io/unjzq/?view_only=1844eb757d4ed1b4988e116d9c268).

3.2. Instruments

Ater answering a short sociodemographic questionnaire (age, gender, education background, and relationship status), participants

were administered the ollowing set o sel-reported measures.

3.2.1. Binge-Watching engagement and symptoms questionnaire (BWESQ)

The BWESQ (Flayelle et al., 2019b, 2020b) consists o 40 items measuring involvement in binge-watching as well as indicators o

problematic binge-watching across the seven ollowing dimensions: engagement, positive emotions, pleasure preservation, desire/savoring,

binge-watching, dependency, and loss o control. As the current study ocuses on non-harmul and problematic binge-watching, we only

used the subscales engagement (i.e., 8 items assessing the degree o non-harmul recreational engagement in TV series watching, or

example,  In my opinion, TV series are a part o my lie and they contribute to my welare. «) and loss o control (i.e., 7 items assessing
adverse outcomes associated with problematic and uncontrolled binge-watching, or example,  My school, university or work results
are suering rom the amount o time I spend watching TV series. «) to measure the two viewing patterns o interest. Items are rated on
a 4-point Likert scale ranging rom 1 (strongly disagree) to 4 (strongly agree), and a mean score is computed or each subscale. The

current sample—s internal consistency estimates were 0.80 (engagement) and 0.82 (loss o control).

3.2.2. Watching TV series motives questionnaire (WTSMQ)

The WTSMQ (Flayelle et al., 2019b, 2020b) comprises 22 items measuring TV series watching motivations along our acets: social

(e.g.,  I watch TV series because I bow to my close circle—s pressure when they advise me to watch a given series. «); emotional
enhancement (e.g.,  I watch TV series to eel strong emotions like the excitement or the thrill they give me. «); enrichment (e.g.,  I
watch TV series to discover whole new worlds and to increase my knowledge on a number o subjects. «); and coping/escapism (e.g.,  I
watch TV series to get away rom the daily hassles. «). Items are rated on a 4-point Likert scale ranging rom 1 (not at all) to 4 (to a great

extent), and a mean score is computed or each subscale. Internal consistency in the current sample ranged rom 0.64 (emotional

enhancement) to 0.80 (coping/escapism).

3.2.3. Short impulsive behavior scale (s-UPPS-P)

The s-UPPS-P (Billieux et al., 2012) contains 20 items assessing ve impulsivity traits: negative urgency (e.g.,  I oten make matters
worse because I act without thinking when I am upset. «), positive urgency (e.g.,  When overjoyed, I eel like I can—t stop mysel rom
going overboard. «), lack o premeditation (e.g.,  My thinking is usually careul and purposeul. «), lack o perseverance (e.g.,  I nish
what I start. «), and sensation seeking (e.g.,  I quite enjoy taking risks. «). Items are rated on a 4-point Likert scale ranging rom 1

(strongly agree) to 4 (strongly disagree), and a mean score is computed or each subscale. In view o the current high correlation (r =
0.50, p �.001) between the negative and positive urgency—s subacets, and considering previous research showing that distinguishing
between positive and negative urgency as separate psychological constructs is not necessarily tenable (Berg et al., 2015; Billieux et al.,

2021), negative and positive urgency—s scores were aggregated as a unique score under the label urgency. Internal consistency in this
sample ranged rom 0.82 (lack o premeditation, sensation seeking) to 0.89 (lack o perseverance, urgency).

3.2.4. Positive and negative aect schedule (PANAS)

The PANAS (Gaudreau et al., 2006) includes two 10-item measures o positive aect (e.g., ’Enthusiastic“) and negative aect (e.g.,
’Distressed“). Participants were invited to assess how much they generally eel each individual emotion using Likert-type responses o
1 (not at all) to 5 (very much). A mean score is calculated or each subscale. Internal consistencies or the current sample were 0.73

(positive aect) and 0.84 (negative aect).

3.3. Statistical analysis

R statistical sotware, version 3.6.2 (R Core Team, 2020), was used with the ollowing packages or preliminary analyses: msb (or

internal consistency), pastecs (descriptives), and mice (missing data imputation). R—s caret package was used to conduct machine
learning, with the ollowing packages or particular machine learning algorithms: glmnet (or ’shrinkage“�algorithms discussed below),
kernlab (support vector machine), randomForest (random orests), and xgboost (extreme gradient boosting).

O the current sample o 4275 participants, 288 (6.7 %) were missing one o the scale variables, so we estimated and imputed those

missing values using the expectation maximization algorithm. All continuous predictor and dependent variables were within normal
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limits or univariate normality. Pearson—s correlations were computed or these variables, along with coecient alphas.
We randomly shufed the sample—s participant rows using a xed number seed or later consistent replication. Ater shufing, we

randomly selected 80 % o the sample (n= 3420) as the training sample, and the residual 20 % (n= 855) as the hold-out test sample, a

common practice in supervised machine learning (Elhai and Montag, 2020). We preprocessed the data, centering and scaling the

predictors and dependent variables as z-scores, ater allocation to the training and test samples (Kuhn and Johnson, 2013).

Then, the machine learning analyses were perormed. We rst tested our model o predictor variables in modeling non-harmul

involvement as the dependent variable. Next, we tested the same model o predictors in modeling problematic involvement as the

dependent variable.

Six machine learning algorithms were tested. We employed three ’shrinkage“�or ’penalty“�algorithms »�lasso, ridge and elastic net.
Unlike traditional statistical methods, these algorithms impose a penalty on regression coecients rom substantially collinear var-

iables, reducing coecient sizes to reduce the adverse impact o collinearity. Ridge regression shrinks coecients toward (but not

exactly to) zero, while lasso and elastic net can shrink coecients to precisely zero in order to conduct variable subset selection or a

more parsimonious model (Zou and Hastie, 2005). Note that the orms o subset selection in machine learning result in substantially

more generalizable results than the more ’greedy“�and traditional stepwise regression method (Peres and Fogliatto, 2018). We also
employed a support vector machine algorithm with a radial basis unction kernel, with the advantage o mapping relations in a three-

dimensional space to improve linear separability in the dependent variable. Finally, we included two ensemble algorithms »�extreme
gradient boosting, and random orests »�where weaker learners (subsets o predictors and participants) are iteratively tested and
aggregated to orm a stronger model, which results in decreased overtting and reduced variance. The algorithms were compared with

one another by relying on the ollowing t indices: root mean square error (RMSE), mean absolute error (MAE), and R-squared values.

We compared their perormance using objective statistical tests.

We trained and tested our predictor models in two ways, rst through simulation, and then through hold-out sample testing. For

simulation, k-olds repeated cross-validation was used (Hastie et al., 2016; Kuhn and Johnson, 2013), by splitting the training sample

into 5 non-overlapping subsets (olds) o participants, training the rst our subsets and simulating testing on the th one. Such

process was conducted our more times with the training sample, so that each subset served as the simulated test sample once; then, we

repeated the whole procedure across nine additional iterations, or a total o 50 simulated cross-validations (Hastie et al., 2016; Kuhn

and Johnson, 2013). Finally, we took the nal aggregated model and tested it with the hold-out test sample.

4. Results

Table 1 presents the bivariate (unadjusted) correlation matrix o continuous variables, along with descriptive statistics and internal

consistency estimates. Further correlation analyses (involving non-harmul/problematic involvement in binge-watching and partici-

pants—� viewing habits) are also available in the OSF at: https://os.io/unjzq/?view_only=1844eb757d4ed1b4988e116d9c268.
These supplementary results demonstrate that sel-reported viewing duration and number o episodes seen during a typical viewing

session are each more strongly associated with non-harmul involvement in binge-watching. This is consistent with the results o

previous studies having examined viewing patterns in non-problematic and problematic binge-watchers (e.g., Flayelle et al., 2020c),

and supports the notion that quantiable markers (such as number o episodes seen and hours spent viewing) are not necessarily a

reliable indicator o problematic involvement in binge-watching (Flayelle et al., 2019c; Ort et al., 2021).

The comparison o the algorithms in modeling non-harmul involvement in binge-watching (Table 2) suggests that the shrinkage

algorithms perormed best. Bonerroni corrected pairwise tests show that the shrinkage algorithms were signicantly better tting

than the other algorithms, but not better than one another. Tests o the hold-out sample showed similar results. The model accounted

or about 26 % o the variance in the dependent variable using the shrinkage algorithms. As an illustration to demonstrate the relative

importance o predictor variables, we display Fig. 1 using elastic net regression—s variable importance estimates (as an example, as one
o the best perorming algorithms), interpreted as standardized, adjusted regression coecients as we standardized variables using z-

scores. Emotional enhancement, enrichment, and social motives conerred the highest relative importance in modeling the continuous

dependent variable.
2

Next, we present the comparison o algorithms in modeling problematic involvement in binge-watching. Table 3 indicates that the

shrinkage algorithms generally outperormed the others, except or support vector machine perorming best on MAE. Using

Bonerroni-adjusted p-values or pairwise comparisons, the shrinkage algorithms outperormed most other algorithms, but did not

signicantly outperorm each other. A similar pattern o ndings emerged or comparisons with the hold-out sample. The variance

accounted or was approximately 29 % among the shrinkage algorithms. We again used elastic net regression—s variable importance
estimates, presented in Fig. 2, indicating that coping/escapism motive, ollowed by urgency and lack o perseverance, had the greatest

relative importance in modeling the continuous dependent variable.
3

2
Consistent results were obtained via traditional statistical approaches (i.e., linear regressions), whether by accounting or the whole sample or by

excluding participants who usually watch only 1 episode per viewing session (3.9% o the sample), see supplementary analyses at: https://os.io/

unjzq/?view_only=1844eb757d4ed1b4988e116d9c268.
3
Again, consistent results were obtained via traditional statistical approaches (i.e., linear regressions), whether by accounting or the whole

sample or by excluding participants who usually watch only 1 episode per viewing session (3.9% o the sample), see supplementary analyses at:

https://os.io/unjzq/?view_only=1844eb757d4ed1b4988e116d9c268.
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Table 2

Comparison o the six machine learning-based regression algorithms in predicting non-harmul involvement in binge-watching.

Fit indices or the Training Sample Fit indices or the Test Sample

RMSE MAE R
2

RMSE MAE R
2

Lasso 0.8699 0.7037 0.2441 0.8605 0.7023 0.2595

Ridge 0.8699 0.7038 0.2441 0.8606 0.7027 0.2595

Elastic Net 0.8699 0.7037 0.2441 0.8605 0.7024 0.2596

Support Vector Machine 0.8839 0.7164 0.2218 0.8664 0.7043 0.2490

Extreme Gradient Boosting 0.8752 0.7095 0.2350 0.8692 0.7064 0.2444

Random Forest 0.8831 0.7180 0.2231 0.8740 0.7141 0.2385

Note. RMSE = root mean squared error; MAE = mean absolute error.

Fig. 1. Variables importance in modeling non-harmul involvement in binge-watching.

Table 3

Comparison o the six machine learning-based regression algorithms in predicting problematic involvement in binge-watching.

Fit indices or the Training Sample Fit indices or the Test Sample

RMSE MAE R
2

RMSE MAE R
2

Lasso 0.8615 0.6856 0.2586 0.8445 0.6861 0.2872

Ridge 0.8614 0.6861 0.2587 0.8447 0.6862 0.2876

Elastic Net 0.8614 0.6858 0.2586 0.8445 0.6861 0.2874

Support Vector Machine 0.8752 0.6848 0.2460 0.8485 0.6768 0.2853

Extreme Gradient Boosting 0.8658 0.6884 0.2514 0.8484 0.6850 0.2802

Random Forest 0.8756 0.7022 0.2369 0.8525 0.6930 0.2801

Note. RMSE = root mean squared error; MAE = mean absolute error.
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5. Discussion

As binge-watching research continues to make progress, there is increasing evidence that such behavior may be both benecial or

harmul to viewers, thus calling or an expanded understanding o the actors associated with non-harmul versus problematic

involvement in such a popular leisure activity (Flayelle et al., 2020a; Flayelle and Lannoy, 2021; Steins-Loeber et al., 2020; Tóth-Király

et al., 2017). In this respect, one emerging hypothesis is that problematic binge-watching refects maladaptive coping or emotion-

regulation strategies (Boursier et al., 2021; Flayelle et al., 2019a; Sigre-Leirós et al., 2022), which may constitute an important

demarcation line between the two. Thereore, the present study was aimed at examining the respective weight o relevant psycho-

logical predictor variables (i.e., aect, viewing motivations, and impulsivity acets) associated with these distinct behavioral patterns,

or the rst time using machine learning approaches to model binge-watching intensity, both rom adaptive and maladaptive per-

spectives. While expanding prior research on the topic, the present results point towards a clear delineation between non-harmul and

problematic binge-watching, the interpretation o which being consistent with a complementary vs compensatory-derived model; the

Dualistic Model o Passion (DMP).

The combination o emotional enhancement, enrichment, and social motivations or TV series watching proved to be best in

modeling non-harmul binge-watching engagement. This is ully in line with the understanding that media entertainment use is

essentially driven by satisaction o a variety o needs, which is at the core o the Uses & Gratifcations theoretical ramework (Katz

et al., 1973; Rubin, 2009). Likewise, the current variable rankings in terms o relative dominance clearly suggest the prominent role o

hedonistic motivations (i.e., entertainment, enjoyment) behind binge-watching (e.g., Castro et al., 2021; Starosta et al., 2019), while

lending urther support to the notion that enjoyment acts as the most infuential driver in prompting standard media use (Baran and

Davis, 2015; Tamborini et al., 2010). As binge-watching is known to involve higher levels o enjoyment, notably through enhanced

experiences o narrative transportation and emotional bonding with ctional characters (Anghelcev et al., 2021; Erickson et al., 2019;

Granow et al., 2018), it can thus be argued that non-harmul engagement in this activity stems primarily rom the resulting pleasure.

Nevertheless, gratiying media eects are not limited solely to experiencing pleasure. Instead, media entertainment may be also

experienced as particularly rewarding on other dimensions, typically those involving cognitive and social needs (Bartsch and Vieho,

2010). The present ndings ully support the latter, as enrichment and social motivations or TV series watching conerred the two

subsequent largest contributions in modeling non-harmul involvement in binge-watching. Not only consistent with previous evidence

attesting to the signicant role o sel-development (or thought-provoking) and social communication incentives in binge-watching

(Anghelcev et al., 2022; Flayelle et al., 2017; Mikos, 2016; Shim and Kim, 2018), these results are also mainly in line with the

widely held notion that media use is typically driven by one—s search or deeper insight in lie, and derived benets in terms o

Fig. 2. Variables importance in modeling problematic involvement in binge-watching.

M. Flayelle et al.



Telematics and Informatics 74 (2022) 101880

9

socialization (Chandler andMunday, 2011; Oliver and Raney, 2011; Ruggiero, 2000). By allowing viewers to indulge in the concurrent

gratication experiences inherent in TV series watching (i.e., experiencing pleasure upon being immersed in the ctional world o a TV

show, while developing critical thinking and social conversations) to a greater extent, but not at the expense o other areas o lie, non-

harmul binge-watching engagement appears to be driven by positive reinorcement mechanisms, thus bringing this viewing pattern

closer into line with the DMP—s understanding o a Harmonious level o Passion or TV series watching.
Considering problematic binge-watching, a striking eature o the current results is that coping/escapism motivation or TV series

watching showed the greatest relative importance by ar, in modeling such maladaptive viewing engagement. Interestingly, individual

dierences within two impulsivity components, headed by urgency (i.e., emotion-laden impulsivity), then accounted or the next

greater amounts o variance in this respect. While in line with earlier evidence o positive relationships between binge-watching and

both coping motivations (Castro et al., 2021; Starosta et al., 2019) and higher levels o impulsivity (Riddle et al., 2017; Steins-Loeber

et al., 2020), the current ndings point to some compensatory-like dynamics which may put viewers at risk to develop maladaptive

patterns o binge-watching. Negative reinorcement motives (e.g., loneliness management, escapism rom everyday worries), which

act as a common and prominent process underlying problematic involvement in various online activities (e.g., cybersex, social

networking, video gaming, Internet use; Bowditch et al., 2018; Hormes et al., 2014; Kardeelt-Winther, 2014; Laier and Brand, 2014),

may interact with dispositional emotion-related impulsivity, generally constituting a vulnerability actor or emotion dysregulation,

which is also characteristic o problematic behaviors—�development and maintenance (Billieux et al., 2010; Cyders and Smith, 2008;
Selby et al., 2008). Finally, although somewhat less important in its contribution to problematic involvement intensity, a lack o

perseverance (i.e., having diculty to stay ocused on uninteresting and/or dicult tasks, or being easily distracted) may exert a

sustaining infuence on the whole process in a context where indulging in binge-watching behaviors has never been more tempting. By

suggesting that an overreliance on binge-watching negatively impacting other lie areas probably involves emotional regulation

diculties and, thereby, logics o compensation, the current results urther support the notion that problematic involvement in binge-

watching most likely operates as a maladaptive coping or emotion regulation strategy (Boursier et al., 2021; Flayelle et al., 2019a;

Sigre-Leirós et al., 2022). Problematic binge-watching should, thereore, be seen as mainly driven by negative reinorcement mech-

anisms, and interpreted as denoting an Obsessive level o Passion or TV series watching, according to the DMP—s theoretical rationale.
With the notion o problematic binge-watching as a maladaptive emotion regulation strategy becoming more popular, a promising

way orward to improve our understanding o binge-watching would be to dissect the various types o (rst-order) emotion regulation

strategies that viewers are bringing into play through binge-watching. Inormation and Communication Technologies (ICTs) nowmake

24/7 access to media content possible, thereby also oering plenty o opportunities to instantly regulate emotional states (as endorsed

in the emerging concept o digital emotion regulation; Wadley et al., 2020). It is thus crucial to investigate how viewers—�binge-watching
behaviors translate into specic strategies aimed at modulating their emotional experiences, and whether these conorm to (adaptive

and maladaptive) emotion regulation strategies established by previous research. In this respect, the ollowing provides a rst attempt

at such linkages to give impetus, and possibly direction, to such avenue or urther academic eorts at the crossroads o entertainment

and psychology research.

According to one o the most important models in the eld o emotion regulation, the Gross»s process model (1998, 2015), emotion
regulation strategies can be sub-divided into ve main categories, depending on when they take place in the emotion-generation

process. At the very rst stage, individuals may intervene to shape their emotional experience by situation selection (i.e., selecting

situations that could generate desired emotions while avoiding situations that could produce undesirable ones). Once acing the sit-

uation, other strategies can then be applied by acting directly on the external situation to which one is exposed to through situation

modication (i.e., modiying tangible aspects o the situation) or by taking action at amore internal level via attentional deployment (i.

e., shiting one—s ocus o attention toward or away rom an emotionally relevant situation) and cognitive change (i.e., reappraising an

emotion-eliciting situation to modulate its whole impact). Finally, ater experiencing an emotion, individuals may employ response

modulation (i.e., modiying the experiential, behavioral or physiological eects o a generated emotion). In line with others who

recently postulated that media use might refect such antecedent/response ocused regulation strategies in the context o both external

and media-related emotion-eliciting situations (Vandebosch and Poels, 2021), we propose in Fig. 3 a preliminary taxonomy o ex-

emplars o such strategies with respect to binge-watching, selected on the basis o qualitative evidence (derived rom ocus-groups and

in-depth interviews exploring specic habits and routines o binge-watchers; see the set o studies cited below). Through examples

drawn rom such literature, relevant strategies are thus classied according to their adaptive and maladaptive value or, ollowing the

line o reasoning described in the current study, their representativeness or binge-watchers displaying non-harmul involvement on

the one hand, and problematic binge-watchers, on the other hand.

In keeping with the understanding o non-harmul binge-watching in a complementary perspective (i.e., such activity adds to one—s
lie), some prototypical patterns o TV series consumption related-behaviors identied in qualitative studies may be understood as

situation selection and modication strategies alling under a healthy, positively reinorcing drive that passionate individuals may

demonstrate towards binge-watching. This includes, or example: 1) binge-watching to reward onesel ater a long productive day

(Devasagayam, 2014; Rubenking et al., 2018) or to all asleep more easily (Flayelle et al., 2017; Gangadharbatla et al., 2019; Steiner

and Xu, 2020); 2) implementing pleasure preservation or enhancement strategies (e.g., waiting until the whole series is out to initiate

binge-watching or all the seasons, developing proactive attitudes to avoid getting spoiled as much as possible–�whichmight resemble
problem-ocused coping–, planning when and how binge-watching in order to maximize the related pleasure; Flayelle et al., 2017;

Steiner and Xu, 2020); 3) re-watching a whole series to relive the thrill or joy previously experienced (Flayelle et al., 2017; Rubenking

et al., 2018; Steiner and Xu, 2020); and, in a more instrumental manner, 4) putting series as background music to make perorming

everyday chores more pleasant or ecient (Devasagayam, 2014; Flayelle et al., 2017; Steiner and Xu, 2020). Within this category o

viewers, and through personal enrichment they typically derive rom such activity, binge-watching may also underpin more cognitive

M. Flayelle et al.
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emotion regulation strategies such as cognitive reappraisal. Indeed, binge-watchers report broadening their views and embracing

alternative perspectives about a number o topics by watching TV series (Flayelle et al., 2017; Irwansyah, 2020), which is likely to lead

them to cognitively reappraise their own experiences. Along the same lines, a key determinant o content selection and binge-watching

engagement lies in emotional connection (i.e., the extent to which the storyline is echoing one—s real-lie experiences and personal
eelings or emotional state) with the narrative (Flayelle et al., 2017); binge-watchingmay likewise support emotional release through a

cathartic eect. The latter suggests that media consumption may oer an avenue or recognizing and modulating one—s emotions by
vicariously experiencing them while viewing ction (Vandebosch and Poels, 2021). This would make binge-watching a potential

vehicle to emotion expression in terms o response modulation. Finally, the undamentally social dimension o binge-watching, re-

fected by the widespread adoption o co-viewing practices (i.e., binge-watching TV series with riends, amily and signicant others;

Flayelle et al., 2017; Mikos, 2016; Rubenking et al., 2018) and social media postings or the purpose o experience-sharing (Ahmed,

2020; Irwansyah, 2020; Steiner and Xu, 2020), also aords opportunities or emotion sharing, thus supplementing other adaptive

response modulation strategies likely to be deployed by individuals driven by a healthy enthusiasm or binge-watching.

Other typically encountered patterns o behaviors such as binge-watching as a way o procrastinating work tasks (Ahmed, 2020;

Gangadharbatla et al., 2019; Rubenking et al., 2018), to avoid boredom or as a gap-lling strategy (Flayelle et al., 2017), might be

examples o situation selection strategies that apply to problematic binge-watching, by refecting an avoidance coping strategy

embedded at the core o its compensatory understanding (i.e., problematic binge-watchers rely on such activity in a substitutive

manner). According to the latter, binge-watching as a way to escape reality (Da Costa et al., 2021; Flayelle et al., 2017; Panda and

Pandey, 2017; Rubenking et al., 2018), which may be understood as an attentional deployment strategy in providing maladaptive

distraction and thought suppression, would thereore constitute the hallmark o such escapist-suppressive, negatively reinorcing,

mechanisms underlying a problematic pattern o binge-watching aimed at detracting rom one—s lie.

Fig. 3. Examples o typical binge-watching related behaviors potentially instantiating emotion regulation strategies according to the Gross»s process
model. Note. ER: Emotion Regulation. Binge-watching related behaviors deemed equivalent to adaptive ER tactics are indicated by the blue arrow in

the let side o each strategies—�amily box whereas others deemed equivalent to maladaptive ER tactics are indicated by the red arrow in the right

side o each strategies—�amily box. (For interpretation o the reerences to colour in this gure legend, the reader is reerred to the web version o
this article.)
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These considerations open up new avenues towards a more ne-grained conceptualization o binge-watching as a (mal)adaptive

emotion regulation strategy at a time when digital technologies themselves also oer promising research prospects to measure and

continuously monitor binge-watching activity and related emotional states. The latest developments in this respect include, or

example, the Binge-Watching Data Analysis Tool (BWDAT), a smartwatch app designed to record in real time (e.g., directly at home)

viewers—�interactions with video-on-demand (VOD) platorms and physiological indicators o emotion regulation such as heart rate
variability (Cordeiro et al., 2021). Such synchronous measurement o physiological parameters and content watched may thus

acilitate the naturalistic examination o varying emotion regulation strategies embodied in binge-watching, and other closely related

issues (e.g., individual dierences in binge-watching emotion regulation styles, identication o binge-watched contents that prove

most suited or emotion regulation). This approach may also contribute to a deeper understanding o the broader area o emotion

regulation through entertainment media consumption (Reinecke, 2017; Vandebosch and Poels, 2021).

Applying a process-based approach to potentially problematic online behaviors (Flayelle et al., 2019d), the current ndings

demonstrate that dierent motivations (i.e., positively reinorcing vs negatively reinorcing) lead to dierent outcomes (i.e.,

harmonious vs obsessive involvement, or non-harmul vs problematic involvement) o the same behavior (i.e., binge-watching), thus

holding additional important theoretical and clinical implications. First and oremost, they urther substantiate the recent call or a

systematic dierentiation between non-harmul versus problematic involvement in binge-watching (Flayelle et al., 2020a; Flayelle and

Lannoy, 2021; Steins-Loeber et al., 2020), as in other online recreational activities (e.g., video gaming; Billieux et al., 2019). Second, by

inorming the central nature o the contributing mechanisms to a potential shit rom one to the other–�that ollow a compensation

logic rather than one o reward –�these ndings suggest the relevance o interventions aiming to improve emotion regulation stra-
tegies in problematic binge-watchers or whom such a recreational activity is no longer perormed or its own sake.

Still, the design o the current study carries with it limitations, which should be acknowledged. First, its cross-sectional character

prevents causal conclusions to be drawn (especially concerning the relationships between aect and binge-watching). Second, its

reliance on sel-report measures may have involved a number o biases (e.g., general infuence o mood, social desirability or mere lack

o recall). Third, relatively young age prole o the sample (M= 24.82 years old) may have impacted the generalizability o our results.
Fourth, some Cronbach—s alpha values or the WTSMQ subacets were slightly below the commonly recommended threshold o 0.70

(Hunsley and Mash, 2008). More generally, another weakness is the lack o consideration o urther variables that could have been o

interest or relevance to the present research, such as emotion regulation parameters. Finally, although binge watching habits appear

quite stable over time (Rubenking and Bracken, 2021), uture studies should explore whether the results observed here remain

constant with the potential evolution o this behavior.

Despite these limitations, by taking advantage o training/testing and improved algorithms, machine learning remains a partic-

ularly useul approach to build upon or uture studies aimed at urther examining key predictors o non-harmul and problematic

patterns o engagement in binge-watching; a direction that binge-watching research should more than ever ocus on.
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Flayelle, M., Verbruggen, F., Schiel, J., Vögele, C., Maurage, P., Billieux, J., 2020c. Non-problematic and problematic binge-watchers do not dier on prepotent

response inhibition: A pre-registered pilot experimental study. Human Behavior and Emerging Technologies 2, 259»268. https://doi.org/10.1002/hbe2.194.
Gangadharbatla, H., Ackerman, C., Bamord, A., 2019. Antecedents and consequences o binge-watching or college students. First Monday 24. https://doi.org/

10.5210/m.v24i12.9667.

Gaudreau, P., Sanchez, X., Blondin, J.-P., 2006. Positive and negative aective states in a perormance-related setting: Testing the actorial structure o the PANAS

across two samples o French-Canadian participants. European Journal o Psychological Assessment 22, 240»249. https://doi.org/10.1027/1015-5759.22.4.240.
Granow, V., Reinecke, L., Ziegele, M., 2018. Binge-watching & psychological well- being: Media use between lack o control and perceived autonomy. Communication

Research Reports 35, 392»401. https://doi.org/10.1080/08824096.2018.1525347.
Gross, J.J., 1998. The emerging eld o emotion regulation: An integrative review. Review o General Psychology 2, 271»299.
Gross, J.J., 2015. Emotion regulation: Current status and uture prospects. Psychol. Inq. 26, 1»26. https://doi.org/10.1080/1047840X.2014.940781.
Halmann, A., Reinecke, L., 2021. Binge-watching as a case o escapist entertainment use. In: Vorderer, P., Klimmt, C. (Eds.), The Oxord Handbook o Entertainment

Theory. Oxord University Press, Oxord.

Hasan, R., Kumar Jha, A., Liu, Y., 2018. Excessive use o online video streaming services: Impact o recommender system use, psychological actors, and motives.

Comput. Hum. Behav. 80, 220»228. https://doi.org/10.1016/j.chb.2017.11.020.
Hastie, T., Tibshirani, R., Friedman, J., 2016. The elements o statistical learning: Data mining, inerence, and prediction, 2nd ed. Springer, Berlin, Germany.

Hormes, J.M., Kearns, B., Timko, C.A., 2014. Craving Facebook? Behavioral addiction to online social networking and its association with emotion regulation decits.

Addiction 109, 2079»2088. https://doi.org/10.1111/add.12713.

M. Flayelle et al.



Telematics and Informatics 74 (2022) 101880

13

Hunsley, J., Mash, E.J., 2008. A guide to assessments that work. Oxord University Press.

Irwansyah, S.R., 2020. Fragmentation and audience activity on video-on-demand platorm: Netfix and the ’binge-watching“. Jurnal InterAct 9.
Jentsch, J.D., Ashenhurst, J.R., Cervantes, M.C., Groman, S.M., James, A.S., Pennington, Z.T., 2014. Dissecting impulsivity and its relationships to drug addictions.

Ann. N. Y. Acad. Sci. 1327, 1»26. https://doi.org/10.1111/nyas.12388.
Kardeelt-Winther, D., 2014. A conceptual and methodological critique o Internet addiction research: Towards a model o compensatory Internet use. Comput. Hum.

Behav. 31, 351»354. https://doi.org/10.1016/j.chb.2013.10.059.
Katz, E., Blumler, J.G., Gurevitch, M., 1973. Uses and gratications research. Public Opinion Quarterly 37, 509»523. https://doi.org/10.1086/268109.
Kuhn, M., Johnson, K., 2013. Applied predictive modeling. Springer, New York, New York.

Laier, C., Brand, M., 2014. Empirical evidence and theoretical considerations on actors contributing to cybersex addiction rom a cognitive-behavioral view. Sexual

Addiction and Compulsivity 21, 305»321. https://doi.org/10.1080/10720162.2014.970722.
Lalande, D., Vallerand, R.J., Lareni�ere, M.-A.-K., Verner-Filion, J., Laurent, F.-A., Forest, J., et al., 2017. Obsessive passion: A compensatory response to unsatised

needs. J. Pers. 85, 163»178. https://doi.org/10.1111/jopy.12229.
LeCun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521, 436»444. https://doi.org/10.1038/nature14539.
Merrill, K., Rubenking, B., 2019. Go long or go oten: Infuences on binge-watching requency and duration among college students. Soc. Sci. 8, 10. https://doi.org/

10.3390/socsci8010010.

Mikos, L., 2016. Digital media platorms and the use o TV content: Binge watching and video-on-demand in Germany. Media and Communication 4, 154»161.
https://doi.org/10.17645/mac.v4i3.542.
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Reinecke, L., 2017. Mood management. In: Rössler, P. (Ed.), The International Encyclopedia o Media Eects. Wiley-Blackwell, New York, pp. 1271»1284.
Riddle, K., Peebles, A., Davis, C., Xu, F., Schroeder, E., 2017. The addictive potential o television binge-watching: Comparing intentional and unintentional binges.

Psychology o Popular Media Culture 7, 589»604. https://doi.org/10.1037/ppm0000167.
Rubenking, B., Bracken, C.C., 2021. Binge watching and serial viewing: Comparing new media viewing habits in 2015 and 2020. Addict. Behav. Rep. 14, 100356

https://doi.org/10.1016/j.abrep.2021.100356.

Rubenking, B., Bracken, C.C., Sandoval, J., Rister, A., 2018. Dening new viewing behaviours: What makes and motivates TV binge-watching? International Journal

o Digital Television 9, 69»85. https://doi.org/10.1386/jdtv.9.1.69_1.
Rubin, A.M., 2009. Uses-and-gratications perspective on media eects. In: Bryant, J., Oliver, M.B. (Eds.), Media Eects: Advances in Theory and Research.

Routledge, New York, pp. 165»184.
Ruggiero, T.E., 2000. Uses and gratications theory in the 21st century. Mass Communication & Society 3, 3»37.
Selby, E.A., Anestis, M.D., Joiner, T.E., 2008. Understanding the relationship between emotional and behavioral dysregulation: emotional cascades. Behav. Res. Ther.

46, 593»611. https://doi.org/10.1016/j.brat.2008.02.002.
Shatte, A.B.R., Hutchinson, D.M., Teague, S.J., 2019. Machine learning in mental health: A scoping review o methods and applications. Psychol. Med. 49 (9),

1426»1448. https://doi.org/10.1017/S0033291719000151.
Shim, H., Kim, K.J., 2018. An exploration o the motivations or binge-watching and the role o individual dierences. Computers in Human Behaviors 82, 94»100.

https://doi.org/10.1016/j.chb.2017.12.032.

Shim, H., Lim, S., Jung, E.E., Shin, E., 2018. I hate binge-watching but I can—t help doing it: the moderating eect o immediate gratication and need or cognition on
binge-watching attitude-behavior relation. Telematics Inorm. 35, 1971»1979. https://doi.org/10.1016/j.tele.2018.07.001.

Sigre-Leirós, V., Billieux, J., Maurage, P., King, D.L., Schimmenti, A., Mohr, C., & Flayelle, M. (2022). Binge-watching behaviors in times o COVID-19: A longitudinal

examination o changes in aect and TV series consumption patterns during lockdown. Psychology o Popular Media. Advance online publication. https://doi.org/

10.1037/ppm0000390.

Starosta, J., Izydorczyk, B., Lizinczyk, S., 2019. Characteristics o people—s binge- watching behavior in the ’entering into early adulthood“�period o lie. Health
Psychology Report 7, 149»164. https://doi.org/10.5114/hpr.2019.83025.

Starosta, J., Izydorczyk, B., 2020. Understanding the phenomenon o binge-watching »�A systematic review. Int. J. Environ. Res. Public Health 17, 4469. https://doi.
org/10.3390/ijerph17124469.

Statista (2020a). Video-on-Demand »�worldwide. Retrieved rom https://www.statista.com/outlook/201/100/video-on-demand/worldwide.

Statista (2020b). Binge viewing TV and movies: penetration rate in the U.S 2020, by age group. Retrieved rom https://www.statista.com/statistics/289559/binge-

viewing-penetration-rate-us/.

Steiner, E., Xu, K., 2020. Binge-watching motivates change: Uses and gratications o streaming video viewers challenge traditional TV research. Convergence 26,

82»101. https://doi.org/10.1177/1354856517750365.
Steins-Loeber, S., Reiter, T., Averbeck, H., Harbarth, L., Brand, M., 2020. Binge-watching behaviour: The role o impulsivity and depressive symptoms. Eur. Addict.

Res. 26, 141»150. https://doi.org/10.1159/000506307.
Tamborini, R., Bowman, N.D., Eden, A., Grizzard, M., Organ, A., 2010. Dening media enjoyment as the satisaction o intrinsic needs. Journal o Communication 60,

758»777. https://doi.org/10.1111/j.1460-2466.2010.01513.x.
Teertiller, A.C., Maxwell, L.C., 2018. Depression, emotional states, and the experience o binge-watching narrative television. Atlantic Journal o Communication 26,

278»290. https://doi.org/10.1080/15456870.2018.1517765.
Tóth-Király, I., Böthe, B., Tóth-Fáber, E., Gyözö, H., Orosz, G., 2017. Connected to TV series: Quantiying series watching engagement. J. Behav. Addict. 6, 472»489.

https://doi.org/10.1556/2006.6.2017.083.
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