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Traditional methods for screening and diagnosis of alcohol dependence are typically administered by trained clinicians in
medical settings and often rely on interview responses. These self-reports can be unintentionally or deliberately false, and
misleading answers can, in turn, lead to inaccurate assessment and diagnosis. In this study, we examine the use of user-game
interaction patterns on mobile games to develop an automated diagnostic and screening tool for alcohol-dependent patients.
Our approach relies on the capture of interaction patterns during gameplay, while potential patients engage with popular
mobile games on smartphones. The captured signals include gameplay performance, touch gestures, and device motion,
with the intention of identifying patients with alcohol dependence. We evaluate the classification performance of various
supervised learning algorithms on data collected from 40 patients and 40 age-matched healthy adults. The results show that
patients with alcohol dependence can be automatically identified accurately using the ensemble of touch, device motion,
and gameplay performance features on 3-minute samples (accuracy=0.95, sensitivity=0.95, and specificity=0.95). The present
findings provide strong evidence suggesting the potential use of user-game interaction metrics on existing mobile games as
discriminant features for developing an implicit measure to identify alcohol dependence conditions. In addition to supporting
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healthcare professionals in clinical decision-making, the game-based self-screening method could be used as a novel strategy
to promote alcohol dependence screening, especially outside of clinical settings.

CCS Concepts: • Human-centered computing → Touch screens; Haptic devices; Ubiquitous and mobile computing
design and evaluation methods; • Applied computing→ Health informatics.

Additional Key Words and Phrases: screening measures, serious games, alcohol dependence, mobile health
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1 INTRODUCTION
Heavy chronic alcohol consumption behaviour is associated with increased risk of diseases, including mental
health disorders, physical injuries, as well as other social and legal problems [7]. As defined in the International
Classification of Diseases, Tenth Revision (ICD-10) [39], harmful alcohol use is a pattern of alcohol consumption
that causes damages to physical or mental functioning, which can lead to adverse social consequences. Alcohol
dependence is a more severe form of harmful alcohol use, which often develops after long-term excessive alcohol
consumption. Typically, patients with alcohol dependence have impaired control over their use of alcohol and
may report multiple unsuccessful attempts to quit despite the obvious harmful consequences. Unfortunately,
it is common for individuals with covert symptoms of health conditions to remain unrecognised until serious
complications have developed. In England, there are approximately more than half a million dependent drinkers.
However, only 18% of those ever receive treatment [12, 13]. Globally, the World Health Organisation (WHO)
estimates that 3 million people die prematurely every year as a result of excessive alcohol drinking, which is 5.3%
of all global deaths [1]. Diagnostic interviews are standard measures for the diagnosis of alcohol dependence,
which require both time and qualified professionals in administration to establish a reliable diagnosis.

Despite being regarded as a quick and easy screening instrument widely used in primary health care, the
Alcohol Use Disorders Identification Test (AUDIT) was not explicitly developed to identify alcohol dependence, but
rather to identify people with alcohol abuse who are likely to develop dependence symptoms based on hazardous
drinking behaviours [22]. Moreover, this questionnaire-based measure significantly relies on retrospective self-
reports, which are subject to unintentional or deliberate bias as respondents may be unaware of their actual
alcohol intake or even deliberately mislead the counsellors to avoid embarrassment and, thus, may falsely report
the amount of their alcohol use [37].

These limitations have led a call for an alternative method that is quick and easy to administer, yet provides a
reliable and accurate assessment to improve the screening rate and accuracy for the early detection of alcohol
dependence (especially one appropriate for use outside of clinical settings). Our work was motivated by the
findings from previous studies which demonstrated that individuals with several medical conditions associated
with cognitive impairment exhibited reduced abilities to fine motor movement [34, 45, 48, 49]. In particular, it
was found in a recent study that by using a tablet to measure finger dexterity, patients with MCI and Alzheimer’s
Disease demonstrated significantly slower responses and higher contact duration fluctuation when compared to
healthy adults [48]. Furthermore, touch gestures and device movement patterns were used as key features in an
automated screening tool to identify children with autism from typically-developing children [6]. Collectively, this
body of literature provides encouraging evidence suggesting that the combination of user-game behavioural data
passively collected via multisensory input could produce fruitful results for identifying people with cognitively
impaired conditions, especially with fine motor disturbance. Most importantly, prior work has demonstrated that
alcohol dependence is strongly linked to both declines in cognitive abilities [20, 26], and irregular motor function
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of patients’ hands [11, 33, 52]. Given that the interaction mode in mobile games typically involves touch gestures
and device motions, we consider that smartphone games have the potential to capture both of these types of
discriminant factors and therefore help develop an automated system for the diagnosis of alcohol dependence.
In this work, we introduce a novel approach to identify patients with alcohol dependence using user-game

interaction patterns. We evaluate the classification performance of various supervised learning algorithms
based on the game interaction-based data collected from a total of 40 alcohol-dependent patients and 40 age-
matched healthy adults. Furthermore, to examine the feasibility of our automated system as a short self-screening
instrument, we also assess and compare the model performance on data with different gameplay durations.
Our results show that patients with alcohol dependence can be automatically identified accurately using an

ensemble of touch, device motion, and gameplay performance features on 3-minute samples, with accuracy
of 0.95 (sensitivity=0.95, and specificity=0.95). These findings provide strong evidence for the potential use of
user-game interaction metrics on existing mobile games as discriminant features for developing an implicit
measure to identify alcohol dependence conditions.

To the best of our knowledge, this is the first work to explore the use of gameplay behaviours through gameplay
performance, device motion, and touch-based interaction features in an attempt to differentiate between healthy
adults and those with alcohol-related problems.

2 RELATED WORK

2.1 Risks Associated with Excessive Alcohol Use and Alcohol Dependence
Apart from social harms, long-term alcohol misuse often poses a substantial risk to several severe physical and
mental health conditions, for instance, high blood pressure, stroke, liver disease, neurological complications,
depression, including dementia [26, 42]. Previous studies have shown that excessive alcohol consumption can cause
cumulative brain damage and cognitive dysfunction through life, even among the young [26, 54]. Uncontrolled
shaking of hands, also known as alcohol shake, is common among alcohol dependence. Possible causes of the
involuntary hand movement include acute alcohol withdrawal, liver disease, and alcohol-related brain damage.
Such hand tremors are most noticeable in a goal-oriented movement toward an object. Alcohol-related brain
impairment can also cause problems with coordination, balance, and fine motor movement, including cognitive
functioning [11, 33, 52]. It has been found in a growing number of studies that chronic heavy drinkers typically
demonstrate deficits in specific cognitive functions, i.e., visuospatial ability, working memory, attention, and
executive function [20, 26]. Excessive drinking at younger ages increases the risks of developing long-term
cognitive impairment related to alcohol. Unlike other types of cognitive impairment, which typically demonstrate
progressive cognitive decline over time, cognitive functions in young chronic alcohol abusers can improve
or remain stable with continued alcohol abstinence [26]. Thus, early detection of early-onset alcohol-induced
cognitive impairment would greatly facilitate timely intervention [20].

2.2 Limitations of Current Clinical Screening and Diagnostic Instruments
Where sufficient resources exist, alcohol dependence syndrome can be identified through an extensive series of
diagnostic measures administered by trained medical staff. The diagnostic procedure often requires diagnostic
interviews and other physical or psychological measures to establish a diagnosis. In low-resource settings, such
as medical facilities with a shortage of trained clinicians, it is common to use alcohol screening instruments to
identify those at risk for alcohol use problems with referral to further diagnostic evaluation for alcohol dependence
only if required [24].
The Alcohol Use Disorders Identification Test (AUDIT) is one of the most widely accepted screening tools

for alcohol abuse and alcohol dependence in clinical practice. It consists of 10 questions (max score of 40) with
regard to alcohol consumption behaviour and social problems caused by chronic drinking and excessive alcohol
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intake. A score of eight or more is typically used as the cut-off point for identifying individuals with alcohol
problems [7]. The AUDIT displayed high sensitivity and specificity values, which were superior to those of other
screening instruments [10]. The AUDIT-C, a shortened version of the AUDIT, was developed for use in busy
medical settings. It adapts only the first three questions with regard to alcohol consumption of the original AUDIT.
The summed scores of all items can range from 0 to 12. Cut-off scores of 5 or 6 are generally recommended for a
positive screen with a high risk of alcohol problems [27].

Despite the compelling evidence of the validity and reliability of the tests, at times, clinicians face challenges
to evaluate and interpret the results as responses can be ambiguous or evasive. Indeed, the tests rely heavily on
self-reports, which can be deliberately falsified to avoid embarrassment and thus are subjective to potential biases
[7]. For instance, the actual volume of alcohol consumption is likely to be under-reported among alcohol drinkers
[16]. Such response biases could lead to inaccurate screening results. To accurately quantify actual alcohol intake,
asking for clarification and clinical observations are often required to probe for the most accurate responses
when conducting the assessment [7]. Most importantly, both AUDIT and AUDIT-C were not originally designed
with the explicit purpose of identifying alcohol dependence. In fact, these screening measures are used to identify
individuals with hazardous and harmful alcohol drinking patterns before developing dependence. Based on the
original document, the AUDIT scores of 20 or above are suggested to affirm the need for further diagnostic
evaluation for alcohol dependence [7, 22]. In other words, to indicate the possibility of alcohol dependence, the
obtained AUDIT scores need to be much greater than the recommended cut-off widely used in primary care.

2.3 The Use of Technologies in Alcohol Screening
In order to overcome these limitations of conventional alcohol screening tools, there has been an extensive
number of studies that explored the use of computer technologies to allow more widespread implementation and
to improve alcohol screening rates. Given the ubiquitous computing power of modern mobile devices, electronic
screening can be used at home or in a waiting area, allowing patients to perform self-screening prior to a clinical
appointment [14, 19]. Automatic feedback from such computer-based measures could provide an understanding
of their current conditions and prepare them to discuss further when seeing a therapist. Furthermore, one of
the reasons for the inadequate implementation of conventional alcohol screening was the fear of offending
patients when asked about their drinking behaviour [5]. A relevant study found positive changes in attitudes
among nurses when using the computer-assisted approach, as most of them found it easier to obtain patients’
information about their alcohol consumption due to its simplicity [8]. Various studies have also argued that
health professionals could take advantage of these technology-based approaches to improve the detection of risky
drinking behaviours for early intervention in adolescents who are familiar and highly engaged with technologies
[19, 32]. In particular, a recent study demonstrated the feasibility of using of behavioural data derived from
built-in mobile sensors along with a self-report survey to infer drinking behaviour of young individuals. An
overall accuracy of 76.6% was reportedly achieved by their classifier when using a combination of both self-report
and sensor features as input [44].

2.4 The Use of Games in Developing Automated Classification Systems in Clinical Research
Over the past few years, there has been emerging interest in the clinical application of games in evaluation and
screening for individuals with underlying health conditions, for instance, people with cognitive impairment
[2, 31, 51, 53, 55], and children with autism [6]. Vallejo et al. [53] developed a game-based cognitive measure,
which simulates daily living tasks. Several in-game tasks were integrated and used to examine various cognitive
functioning. They found significant differences in task performance, especially in complex tasks involving
extensive cognitive processes between people with dementia and age-matched healthy controls. In particular,
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patients demonstrated lower gameplay performance in terms of time and percentage of task successfully completed.
Regarding usability, the game-based assessment was found to be well-accepted among users, including the elderly
population. Their findings appear to be consistent with significant correlations between gameplay performance
and standard cognitive measures reported in other studies [25, 31, 51, 55]. While existing studies tend to mainly
focus on gameplay performance, researchers have also examined links between gestural and movement patterns
during gameplay and cognitive abilities. For instance, Intarasirisawat et al. [25] conducted a similar study with
mobile game-based assessment, investigating relationships between underlying patterns of user-game interaction
and cognitive performance. Notably, they reported that a higher degree of phone movement variability during
the gameplay was associated with lower cognitive performance on standardised tests. Furthermore, swipe length
and swipe speed were found to be significantly correlated with performance on multiple cognitive functions.
Another study that employed the motor patterns in an attempt to identify children with autism was conducted by
Anzulewicz et al. [6], in which two mobile games were employed on a smart tablet to collect touch and inertial
movement patterns of the device during the gameplay. Their best machine learning model could identify children
with autism from typically-developing children with 93% accuracy. With respect to the autism motor signature,
they reported significant different gestural and inertial movement patterns in autistic children as compared to
their age-matched controls. Specifically, children with autism demonstrated greater force, including faster and
more distal gestures with greater variation in the given goal-directed motor tasks [6].
These studies highlighted the advantages of game-based measures over traditional approaches. In that, the

game-based modalities provided the ability to control stimuli presentation with precise timing and more accurate
measurement. Furthermore, the game-based measures were reportedly well-accepted among participants to
perform given tasks with minimal instructions. The entertaining nature of the gameplay appears to enhance
engagement and sustain participants’ attention to complete the given tasks. As such, the game-based approach
shows promise as a novel means of supporting healthcare professionals in clinical decision making and screening
activities, especially outside clinical settings.
Previous studies have shown that cognitive and motor deficits resulting in continued disruption of hand

movement are commonly found among alcoholics. Hence, in the present work, we examined the use of gesture
and device motion patterns along with gameplay performance in developing an automated game-based diagnostic
tool for rapid and robust identification of individuals with alcohol dependence within a population of healthy
adults.

3 APPROACH
Alcohol dependence is often manifested with specific cognitive and physiological changes such as cognitive
decline [20, 26] and changes in the motor functions of their hands [11, 33, 52]. We consider that both of these
changes can influence the way users interact with mobile games. In particular, prior work has shown that both
game performance metrics and characteristics of touch gestures during gameplay are correlated with cognitive
decline [25]. Furthermore, potential alcohol dependence related changes in motor function may be manifested in
the movement of the mobile device, and the way touch gestures are performed during gameplay.
These considerations have led us to explore the design of a game-based diagnosis tool that aims to identify

people with alcohol dependence. Specifically, the intended system is based around the augmentation of existing
smartphone games, such as Tetris, Fruit Ninja, and Unblock Puzzle (see section 5 for details), with the ability to
collect data about the user performance, touch gestures on the screen, and device movement recorded through the
smartphone’s accelerometer and gyroscope. Our objective is to develop a classifier that can identify individuals
with alcohol dependence, using these signals as input. To this end, we conducted a controlled study involving 40
individuals diagnosed with alcohol dependence and a control group of 40 healthy individuals. The datasets from
multiple gameplay sessions were used to train and validate a classifier for the diagnosis of alcohol dependence.
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4 DATA COLLECTION
This study protocol was approved by the University of Kent Psychology Research Ethics Committee, UK (Ref. No.
201815420117865237). All participants gave written informed consent to participate after a complete description
of the study.
The study was carried out at two locations, i.e., a speciality substance use disorder hospital and a university,

for the patient and the control (healthy participants) groups, respectively. It is worth noting that participants
in the patient group were clinically diagnosed with alcohol dependence. Only those who were admitted to a
residential treatment program after being detoxified were recruited to enter the study, given the fact that patients,
during the detoxification phase, often experience effects of withdrawal and can be easily tired and unable to focus
on tasks at hand [3]. The experiments were conducted individually in a quiet room. All participants completed
the AUDIT [4] and the Hospital Anxiety and Depression Scale (HADS) [47] questionnaire prior to commencing
the data collection session. Those in both group, who scored a total of 8 points or higher in either Anxiety or
Depression categories, were excluded from the study. It is worth noting that the use of the Hospital Anxiety and
Depression Scale (HADS) was recommended by a clinical consultant who works closely with our research group.
In particular, with the aim to evaluate symptoms of both anxiety and depression, the Patient Health Questionnaire
(PHQ-9) was not chosen as it was designed to assess only depression severity [18]. Given that Beck Depression
Inventory-II (BD-II) consists of 42 items when combining items from both anxiety and depression subscales,
BD-II is a longer test when compared to HADS, which has only 14 items in total. Additionally, BD-II is licensed
while HADS can be used for free [41]. HADS was, thus, chosen in our study.

A growing number of studies have shown that chronic binge drinkers typically demonstrate deficits in
specific cognitive functions, i.e., visuospatial ability, working memory, attention, and executive function [20, 26].
Participants’ cognitive function was therefore examined by a research assistant who has received clinical
training in cognitive assessment administration. The cognitive assessment battery included the Mini-Mental State
Examination (MMSE) [50], the Montreal Cognitive Assessment (MoCA) [38], and the Stroop Colour-Word Test
[23]. These cognitive measures assess a variety of cognitive functions, including orientation, attention, memory,
language, executive function, and inhibition control. Participants were given an introduction on how to play all
three games pre-installed on a mobile phone (Samsung S6) without a screen protector. To reduce the effect of
participants’ prior game experience in the study, they were asked to familiarise themselves with the games, each
game for 5 minutes. Participants were instructed to hold the phone firmly with one hand and play the games
with another hand while sitting on a stationary chair without an armrest. The instruction on handgrip and body
posture was to eliminate the effects of hand size and finger length on the touch patterns and to maximise phone
movement. Only one finger was allowed on the screen at one time to simplify touch interactions in the analysis.
No data was recorded during this game training session. Afterwards, participants were asked to play each of the
three games for 10 minutes in random order to avoid order effects. After the completion of each game, touch
interaction, device motions, as well as gameplay activities collected during the gameplay, were stored on the
phone.

5 MOBILE GAMES
In this study, we used three casual games on the mobile platform, i.e., Tetris, Fruit Ninja, and Unblock Puzzle.
Previous studies have shown that long-term excessive alcohol use commonly found in alcohol-dependent drinkers
is strongly associated with cumulative brain damage impairing cognitive functions (e.g., attention, visuospatial
function, executive function and decision-making). Apart from being highly engaging and easy to learn, the three
games were selected based on their particular game mechanics that place specific cognitive demands, particularly
in the domains which are often found impaired in patients with alcohol dependence, i.e. visuospatial function
in Tetris [28], executive function in Fruit Ninja [29], and problem-solving in Unblock Puzzle. The games were
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Fig. 1. A screenshot of a variation of Fruit Ninja in Unity3D asset store. As multiple fruits are thrown in the air in random
directions, players must slice all the fruits by swiping their finger across the screen to cut them in half. The game instantly
ends if three pieces of fruit are missed, or players slash bombs that are occasionally thrown onto the screen. The game
consists of a single level where the game speed remains stable and the number of fruits and bombs are randomly generated
throughout the game.

developed based on game assets in the Unity3D asset store to replicate the look and feel of their commercial
version. The games were modified to allow touch interactions, device motions, and gameplay activities to be
tracked through built-in sensors on the mobile device. Data were continuously recorded with timestamps at the
sampling rate of maximal 30Hz. The games automatically ended after 10 minutes and stored the data in JSON
files.

6 PARTICIPANTS
There were two groups of participants, an experimental group of alcohol-dependent patients and a control group
of healthy adults.

6.1 Experimental Group
The study sample was drawn from adult male patients admitted to a residential treatment program for alcohol
detox and rehabilitation at the hospital. Patients were only considered for inclusion if they: i) were diagnosed with
alcohol dependence according to ICD-10 criteria (coded as F10.2) [39]; ii) abstained from alcohol consumption
for at least two weeks prior to the study; and iii) were attending the rehabilitation phase of treatment. Potential
study participants were contacted and screened for eligibility by the research assistants who were the counsellors
of the treatment program.
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Fig. 2. (Left) A screenshot of a variation of Tetris in the Unity3D asset store. In the game, by moving and rotating the falling
shape with finger swipes and taps, players must complete a 10-block horizontal line without gaps. When such a line is
created, it disappears, and all blocks above the deleted line will fall. Swiping left/right is to move the shape to the left/right
one block unit at a time while swiping down is to force it to fall into the stack instantly. Tapping the screen is to rotate it
by 90 degrees. Even though the game consists of only one level where the game speed remains stable along the course of
the game, the gameplay becomes more difficult when the falling shapes are stacked up high close to the upper boundary.
Therefore, players are required to strategically place falling blocks to complete an entire line horizontally to clear as many
lines as possible and get more space to stack the blocks. (Right) A screenshot of a variation of Unblock Puzzle in the Unity3D
asset store. Players are required to rearrange the given blocks with different shapes of pipes in order to make the ball roll to
the goal block. Once completed, players are moved up to the next level where the level of difficulty gradually increased, e.g.
the number of sliding tiles to solve the puzzle. Scores are calculated based on the number of moves to resolve the puzzle in
each level.

6.2 Control Group
Age and gender-matched healthy adults were recruited through public advertising for voluntary participation in
the study. Volunteers were given £10 for their research participation upon the completion of the data collection
session. Potential participants were excluded if they: i) consumed alcohol in the past 24 hours; ii) had symptoms
of hazardous or harmful alcohol use as screened by AUDIT (at the cut-off point of ≥ 8); iii) had a medical history
including severe mental illness, drug or alcohol abuse; or iv) were receiving psychoactive medication.
In addition, potential participants in both groups were excluded if they: i) were under 18 years old; ii) had

visual conditions affecting daily activities; iii) were diagnosed with Parkinson’s disease; iv) had symptoms of
generalised anxiety disorder or depression screened by HADS; v) were unable to use smartphones through touch
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controls; or vi) played video games excessively over 3 hours a day in the past 6 months. Informed consent of 46
patients and 45 healthy participants were acquired, with six patients and five control participants excluded due
to exclusion criteria. Thus, the final sample was comprised of 40 alcohol-dependent patients (37 right-handers
and 3 left-handers) and 40 healthy participants (37 right-handers and 3 left-handers). All included participants
were male aged between 24 – 65 and had completed primary education (as a minimum). We computed two-tailed
independent-samples t-tests for the comparison of alcohol-dependent patients (AD) and healthy controls. The
mean age of alcohol-dependent participants (M=42, SD=10.29) was comparable with healthy adults (M=40.75,
SD=10.20). There was a significant difference in mean AUDIT scores between patients and controls (t49.649=30.135,
p < 0.001). Overall, patients with alcohol dependence had significantly lower cognitive performance in all measures
as compared to healthy controls (p<0.05). The participants’ clinical characteristics are shown in Table 1.

Table 1. Summary of participant characteristics

Variable AD Patients (n=40) Healthy Controls (n=40) P Value (two-tailed)

Gender (female/male) 0/40 0/40 N/A
Handedness (right/left) 37/3 37/3 N/A
Age (years)[means(SD)] 42.08 (10.29) 40.75 (10.20) 0.82
AUDIT [mean(SD)] 35.95 (6.62) 2.28 (2.47) <0.001
MMSE score [mean(SD)] 26.85 (2.92) 28.10 (1.33) 0.001
MMSE score distribution

MMSE<=24 7 0
MMSE 25-30 33 40

MoCA score [mean(SD)] 21.67 (4.66) 26.33 (2.73) 0.003
MoCA score distribution

MoCA<=25 32 14
MoCA 26-30 8 26

TMTA completion time [mean(SD)] 49.68 (28.71) 25.07 (7.35) <0.001
Response Inhibition [mean(SD)] 0.29 (1.06) 0.27 (0.22) 0.035

7 DATA PROCESSING AND FEATURE SELECTION
User game interaction patterns were captured for 10 minutes during the gameplay session. Raw data of three
different data types, i.e., touch, device motion, and gameplay, were recorded in separated JSON files. In order to
avoid inaccurate data analysis, we performed data cleansing to eliminate irrelevant data samples, i.e., the faulty
touch data points at the edges of the phone, which were speculated to occur while participants were holding
the phone in their palm. The data were then converted into XLS format prior to feature extraction. Features
were computed using the entire data samples from each participant. The min-max scaling method was used to
transform the features’ values to the range of 0 to 1.

7.1 Touch Data
To remove artefacts from the collected samples, touch coordinates were plotted to identify unintentional touches
with participants’ palm along the edge of the phone. These faulty touches were removed by thresholding the
distance and speed between two data points within a given touch interaction. Four measures: count, length,
speed and directness index were used to extract features across the four directions of swipes as proposed in
[25]. Previous studies have shown that chronic alcohol abuse or withdrawal can cause a tremor or uncontrolled
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shaking of hands in patients with alcohol dependence [11, 33, 52]. We, therefore, anticipated less consistent
touch movement patterns, precisely, a higher degree in movement variability in patients. As a result, the mean
value and the standard deviation of features were computed except for the count features. Research findings also
suggested that different game mechanics and cognitive demands associated with the given game tasks made some
swipe characteristics patterns more relevant than others[25]. Hence, different subsets of touch-based features
were chosen for each game, as listed in Table 2.

Table 2. Extracted touch features for each game

Feature Mean and SD Tetris Fruit Ninja Unblock Puzzle

Total number of swipes by directiona ✓ ✓

Total number of swipes in horizontalb or verticalc ✓ ✓
Total number of overall swipes ✓ ✓
Total number of taps ✓
Swipe length by directiona ✓ ✓ ✓

Swipe length in horizontalb or verticalc ✓ ✓ ✓
Overall swipe length ✓ ✓ ✓ ✓
Swipe speed by directiona ✓ ✓ ✓
Overall swipe speed ✓ ✓ ✓ ✓
Starting point on the x-axis of swipes by directiona ✓ ✓ ✓
Starting point on the y-axis of swipes by directiona ✓ ✓ ✓

Starting point on the x-axis of swipes in horizontalb or verticalc ✓ ✓ ✓

Starting point on the y-axis of swipes in horizontalb or verticalc ✓ ✓ ✓
Starting point on the x-axis of overall swipes ✓ ✓ ✓ ✓
Starting point on the y-axis of overall swipes ✓ ✓ ✓ ✓
Centre of mass on the x-axis of overall swipes ✓ ✓
Centre of mass on the y-axis of overall swipes ✓ ✓

Directness indexd of swipes by directiona ✓ ✓ ✓

Directness indexd of swipes in horizontalb or verticalc ✓ ✓ ✓

Directness indexd of overall swipes ✓ ✓ ✓ ✓
aRight, left and down in Tetris and all four directions in Unblock Puzzle
bDenote swipes in both left and right directions
cDenote swipes in both up and down directions
dA feature to quantify the swipe straightness. Its value is computed by the total distance of an interaction divided by the
displacement. As such, the value of 1 indicates a perfectly straight line, while a curved swipe has a greater value.

7.2 Sensor Data
We hypothesised that patients with alcohol dependence would exhibit different device motion patterns from
healthy adults during the gameplay session. Therefore, device acceleration and rotational motion were captured
using the built-in 3-dimensional motion sensors. Based on the entire samples within the allotted game time, we
computed a total of 16 features using the mean and the standard deviation values in each axis, including the
magnitude of the 3D vector for acceleration and rotational motion.
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7.3 Gameplay Data
Previous studies have shown that gameplay performance was associated with standard cognitive measures [30, 51].
Most alcoholics exhibit cognitive impairment in multiple domains, especially, visuospatial function, executive
functions, and memory [33, 40]. Thus, gameplay metrics were included as features. The game interaction and
activities are shaped by a set of rules and game mechanics defined explicitly in the game. Therefore, we extracted
different sets of gameplay features for each game, as listed in Table 3.

Table 3. Extracted gameplay features for each game.

Feature Description

Tetris
Max score The maximum score achieved in the allotted game time
Mean first response x pos The average position on the x-axis of the first response on the screen of each falling shape
Mean first response y pos The average position on the y-axis of the first response on the screen of each falling shape
Mean stack height The average stack height when touch interaction performed on the screen
Mean delta first response y pos stack height The mean difference between the position on the y-axis of the first response and the stack height
Mean response time The average response time of all touch interaction on each falling shape
Mean time to first response The average response time of the first response on the screen of each falling shape
Mean no of taps per shape The average number of taps performed on each falling shape
Mean no of horizontal swipes per shape The average number of horizontal swipes performed on each falling shape
Mean no of down swipes per shape The average number of downward swipes performed on each falling shape
Mean no of swipes per shape The average number of overall swipes performed on each falling shape
Fruit Ninja
Max score The maximum score achieved in the allotted game time
No of times to startover The number of times the game was started over
Mean overall air time The average time a ball was in the air including the missing balls
Mean air time before being cut The average time a ball was in the air before being cut
Mean cut position x The average cut position in x axis
Mean cut position y The average cut position in y axis
Unblock Puzzle
Max level The maximum level achieved in the given duration
Mean response time The average response time of all touch interactions in the given duration
Mean response time to complete level The average response time of touch interactions to complete a level in the given duration
Mean total time to complete level The average total time to complete a level in the given duration
Mean complete level no of moves The average number of moves performed to complete a level in the given duration

8 MODEL VALIDATION
In this work, we employed three supervised machine-learning methods to classify patients with alcohol depen-
dence and healthy controls: Logistic Regression (LR), Linear Support Vector Machine (LSVM), and Random Forest
(RF). "Alcohol Dependence’ and ’Healthy Controls’ were used as our class labels. Samples from participants,
who were clinically diagnosed with alcohol dependence and were admitted to a residential treatment program,
were labelled as ’alcohol dependence’. Samples from healthy participants were labelled as ’healthy control’.
Only in the control group of healthy participants, the AUDIT with the cut-off point of ≥ 8 was used to screen
symptoms of hazardous or harmful alcohol use. As a result, participants in the control group with an AUDIT
score ≥ 8 were excluded from the study. As the observed class labels were balanced (40 alcohol dependence and 40
healthy controls), classification accuracy was used to evaluate the models’ performance. K-fold cross-validation
technique was applied when building models to generalise our results to unseen data. In particular, stratified
K-fold cross-validation (K = 10) was used to generate test sets with a balanced distribution of classes. In each
iteration, the models’ performance was assessed on a random selection of 4 patients and 4 healthy adults. Feature
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selection was performed within the cross-validation on the training sets using the Correlation-based Feature
Selection algorithm (CFS) [17] to remove collinear features. In each K-fold iteration, grid-search with 10-fold
cross-validation was used for hyper-parameter tuning to maximise the model classification accuracy. The models’
performance on the completely unseen test sets were evaluated using the corresponding selected features. It is
noteworthy that owing to a procedural error during the data collection, the recording was incomplete in one of
the participants and therefore was excluded, leaving a final data set of 79 samples to analyse with Unblock Puzzle.
Quantitative comparisons were made on classifier performance over five different feature sets to investigate

the effect on accuracy. Particularly, the feature sets included Touch (T), Sensor (S), Gameplay (G), Combined
Touch and Sensor (TS), and Combined Touch, Sensor and Gameplay (TSG). Mean accuracy and standard error of
the mean were computed for each classifier, as shown in Fig. 3.

By comparing the overall results, classifiers built on Tetris features performed better than those of Fruit Ninja
and Unblock Puzzle. Using combinations of multiple feature sets (touch, sensor, and gameplay) as input improved
the models’ performance in classification accuracy as compared with using a single set of features. Logistic
Regression yielded the highest mean accuracy of 0.96 when using the ensemble of touch and sensor features
from Tetris. However, with the same feature sets, Random Forest outperformed other classification algorithms in
general, where the mean accuracies were well above 0.90 in the other two games. Moreover, the low standard
errors of the mean accuracy (0.02 – 0.03) found in these classifiers indicate that the models generalised well
against unseen data.
Our main aim in developing these classification models was to investigate their effectiveness as a quick and

accurate diagnostic instrument for the identification of alcohol-dependent patients. In current clinical practice,
diagnostic interviews are used to diagnose patients with alcohol dependence according to ICD-10 criteria. Despite
being regarded as a gold standard, these clinical interviews require trained clinicians to administer and often
involve a series of additional measures to establish a reliable diagnosis, e.g., physiological tests and cognitive
assessments [24]. In order to support diagnostic team members, this novel game-based diagnostic tool was aimed
to provide accurate results within a short time. Therefore, we examined the classifier performance on different
gameplay durations, i.e., 3, 4, 5, 6, 7, 8, 9, and 10 minutes. For this reason, the first part of the original 10-minute
data was truncated for the given durations accordingly. Based on the findings above, Logistic Regression and
Random Forest achieved the best accuracies. Therefore, these classification models were selected and trained on
the combinations of multiple feature sets (TS and TSG).
The average classification accuracies of Logistic Regression and Random Forest were evaluated against the

combined TS and the combine TSG feature sets, as shown in Table 4 and Table 5, respectively. When using
the combined TSG, both classifiers yield better overall performance for the given durations in Fruit Ninja and
Unblock Puzzle. In contrast for Tetris, the mean accuracy for TSG was slightly lower than TS for most durations.
With regard to classification methods, Random Forest classifiers generally outperformed Logistic Regression
models in most cases, especially on input with short gameplay durations of 3 – 6 minutes. In particular, even with
the gameplay durations as short as 3 minutes, the random forest was able to give relatively high classification
accuracies of 0.94, 0.89, and 0.95 in Tetris, Fruit Ninja, and Unblock Puzzle respectively.
It is also worth noting that the best performing model on 10-minute samples was the Logistic Regression on

combined TS features of Tetris with 0.96 accuracy. However, the model performance continued to decline when
reducing the gameplay duration in which the performance dropped to 0.89 when training on 3-minute samples.
By contrast, Random Forest classifiers on Unblock Puzzle data using all features performed consistently well
above 0.92 across different gameplay durations. The mean accuracies only changed slightly within the range of
0.92 – 0.95 over the given durations. In general, Fruit Ninja seemed to yield the worst classification performance
among the three games.
We observe that there is a somewhat mixed picture of classification performance among the three games

when reducing the allotted game time. Specifically, irrespective of the algorithm used for the classifier, model
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Fig. 3. Illustrates the 10-fold cross-validation performance of each classifier over five different data types using data taken
from the three games

performance in Fruit Ninja and Unblock Puzzle seemed to remain relatively stable for different durations (with
a slight drop when using shorter intervals of data as input). In Tetris, however, the two classifiers seem to be
affected differently with changes in duration. Logistic Regression demonstrated a downward trend in performance
similar to the other two games, while the Random Forest classifiers seemed to perform slightly better when using
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Table 4. Mean accuracies of Logistic Regression Classifiers

Duration Tetris Fruit Ninja Unblock Puzzle
TS TSG TS TSG TS TSG

10 Minutes 0.96 (0.02) 0.93 (0.03) 0.78 (0.03) 0.88 (0.03) 0.89 (0.04) 0.90 (0.03)
9 Minutes 0.95 (0.03) 0.90 (0.03) 0.80 (0.04) 0.84 (0.03) 0.88 (0.03) 0.90 (0.03)
8 Minutes 0.93 (0.03) 0.91 (0.03) 0.83 (0.04) 0.85 (0.04) 0.87 (0.04) 0.90 (0.03)
7 Minutes 0.93 (0.03) 0.91 (0.03) 0.76 (0.04) 0.84 (0.04) 0.89 (0.03) 0.90 (0.03)
6 Minutes 0.91 (0.03) 0.90 (0.03) 0.75 (0.04) 0.83 (0.04) 0.89 (0.03) 0.93 (0.03)
5 Minutes 0.89 (0.04) 0.91 (0.03) 0.80 (0.05) 0.85 (0.03) 0.89 (0.03) 0.89 (0.03)
4 Minutes 0.89 (0.03) 0.90 (0.03) 0.79 (0.05) 0.79 (0.04) 0.90 (0.02) 0.87 (0.02)
3 Minutes 0.89 (0.03) 0.88 (0.03) 0.78 (0.04) 0.81 (0.05) 0.89 (0.03) 0.90 (0.03)
a(1 standard error either side of the mean)
bTable numbers in boldface highlight a better feature set in classification performance between combined TS and combined
TSG

Table 5. Mean accuracies of Random Forest Classifiers

Duration Tetris Fruit Ninja Unblock Puzzle
TS TSG TS TSG TS TSG

10 Minutes 0.91 (0.03) 0.90 (0.03) 0.91 (0.03) 0.95 (0.03) 0.94 (0.03) 0.92 (0.02)
9 Minutes 0.91 (0.03) 0.93 (0.03) 0.84 (0.02) 0.90 (0.02) 0.94 (0.03) 0.96 (0.02)
8 Minutes 0.91 (0.03) 0.93 (0.03) 0.86 (0.02) 0.93 (0.02) 0.92 (0.03) 0.94 (0.02)
7 Minutes 0.91 (0.03) 0.91 (0.03) 0.88 (0.03) 0.91 (0.02) 0.91 (0.03) 0.95 (0.02)
6 Minutes 0.94 (0.02) 0.91 (0.03) 0.85 (0.03) 0.86 (0.03) 0.94 (0.02) 0.95 (0.02)
5 Minutes 0.93 (0.03) 0.90 (0.04) 0.86 (0.04) 0.90 (0.03) 0.92 (0.02) 0.95 (0.02)
4 Minutes 0.91 (0.03) 0.93 (0.03) 0.85 (0.04) 0.91 (0.03) 0.89 (0.04) 0.93 (0.03)
3 Minutes 0.94 (0.03) 0.93 (0.03) 0.86 (0.04) 0.89 (0.03) 0.90 (0.04) 0.95 (0.02)
a(1 standard error either side of the mean)
bTable numbers in boldface highlight a better feature set in classification performance between combined TS and combined
TSG

shorter intervals of Tetris data as input. Although the differences are very small to consider them significant, we
speculate that such patterns could be explained by the differences in gameplay mechanics and the inherent nature
of the two machine learning algorithms. Nevertheless, we do not have sufficient evidence to draw a conclusion.

We move on to examine the sensitivity and specificity of our models, as they are more common measures for
assessing the performance of clinical tests [35]. Sensitivity refers to the ability of the clinical test to correctly
identify those patients with the condition while specificity tells us how well the tests can correctly identify those
without the condition. Therefore, we evaluated and compared the sensitivity and specificity of Logistic Regression
and Random Forest classifiers on 3-minute data and 10-minute data, as presented in Table 6 and Table 7.
Overall, all classifiers showed promising classification performance in terms of sensitivity (0.80 – 0.98) and

specificity (0.75 – 0.98). In particular, using 10-minute samples, the Logistic Regression classifier on combined TS
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Table 6. Sensitivity and specificity of Logistic Regression Classifiers

Game 3-Minute Samples 10-Minute Samples
Combined TS Combined TSG Combined TS Combined TSG

Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity

Tetris 0.85 (0.04) 0.93 (0.04) 0.83 (0.06) 0.93 (0.04) 0.98 (0.02) 0.95 (0.03) 0.90 (0.05) 0.95 (0.03)
Fruit Ninja 0.80 (0.05) 0.75 (0.09) 0.80 (0.05) 0.83 (0.08) 0.80 (0.06) 0.75 (0.07) 0.90 (0.04) 0.85 (0.05)
Unblock Puzzle 0.83 (0.06) 0.95 (0.03) 0.88 (0.06) 0.93 (0.04) 0.83 (0.05) 0.95 (0.05) 0.83 (0.06) 0.98 (0.02)
a(1 standard error either side of the mean)

Table 7. Sensitivity and specificity of Random Forest Classifiers

Game 3-Minute Samples 10-Minute Samples
Combined TS Combined TSG Combined TS Combined TSG

Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity

Tetris 0.98 (0.02) 0.90 (0.05) 0.93 (0.04) 0.93 (0.04) 0.95 (0.03) 0.88 (0.05) 0.90 (0.05) 0.90 (0.04)
Fruit Ninja 0.85 (0.05) 0.88 (0.07) 0.85 (0.05) 0.93 (0.05) 0.88 (0.06) 0.95 (0.03) 0.93 (0.05) 0.98 (0.02)
Unblock Puzzle 0.93 (0.04) 0.88 (0.07) 0.95 (0.03) 0.95 (0.03) 0.93 (0.05) 0.95 (0.03) 0.93 (0.04) 0.93 (0.04)
a(1 standard error either side of the mean)

features of Tetris yielded the highest sensitivity of 0.98 with a specificity of 0.95. On the contrary, the highest
specificity of 0.98 was obtained from the classifiers using the ensemble of all features of Fruit Ninja and Unblock
Puzzle but with lower sensitivities of 0.93 and 0.83, respectively. These results suggest that the Logistic Regression
classifier on 10-minute combined TS features of Tetris has the best capability in screening patients. On the other
hand, by using 10-minute samples and all feature sets, the Logistic Regression model on Unlock Puzzle and the
Random Forest model on Fruit Ninja seem to be better options for diagnosis purposes in which a high specificity
value is preferred.

Considering our aim to reduce the administration time, the classifiers on 3-minute samples still showed
promising results, particularly those based on the Random Forest algorithm. Using combined TSG features of
Unblock Puzzle, the model achieved a sensitivity of 0.95 and specificity of 0.95. Interestingly, the aforementioned
algorithm on the combined TS features of Tetris had the highest sensitivity of 0.98 but a lower specificity value of
0.90. These results demonstrate that even for the relatively short duration of 3 minutes, our game-based classifiers
yielded consistently high sensitivities and specificities with low standard errors of the mean. The 10-fold cross-
validation performance of the models indicates that our game-based approach provides the ability to effectively
diagnose alcohol-dependent patients with overall good generalisation capabilities and short administration time.

9 FEATURE IMPORTANCE
Further investigations into appropriate game features and their importance can provide useful insights to improve
classification performance, model complexity, and speed. To this end, we investigate which user-game interaction
features are most important for building the automated game-based measure for screening patients with alcohol
dependence. The analysis was conducted on the Random Forest classifier on the ensemble of all feature sets
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of Unblock Puzzle as the model shows the best classification performance among the compared classifiers on
3-minute samples.
Tree-based models such as the Random Forests use node impurity or information gain to split nodes and

construct an ensemble of decision trees. For each tree, feature importance is determined by the amount of
information gained from the feature weighted by the number of observations in the node. The model provides
feature importance scores by averaging values of feature importance across all decision trees. The higher the
importance score, the more informative the feature is. In this work, we ran 10-fold cross-validation on Random
Forests and ranked the feature importance scores using the feature_importances_ attribute in the scikit-learn
machine learning library. Feature selectionwas performed in the data processing step tomaximise the classification
accuracy by removing redundant features and thus improve the interpretability of the classification model. In
that, the Correlation-based Feature Selection (CFS) technique was performed within the cross-validation to select
a subset of relevant features out of all original features.
We extracted feature importance values at each cross-validation iteration and determined the overall ten

top-ranked features with the highest median variable importance. We statistically tested whether there was a
significant difference between patients and control groups. Due to the small sample size, the Shapiro-Wilk test
was used to determine the normality of the selected features. In a handful of the features (8 out of 10), the results
indicated that the data significantly deviated from normal distributions (p<0.05). Therefore, the statistical results
were derived from the non-parametric Mann Whitney U Test, as shown in Table 8.

Table 8. Top 10 features with the highest median feature importance

Feature Type Feature Importance Median Feature Value U Test Statistic P Value
Controls Patients (ncontrol=40,npatients=40) (two-tailed)

Mean Acceleration Magnitude Sensor 0.228 0.996 1.028 202 <.001
Mean Response Time to Complete Level Gameplay 0.174 1963.84 5787.93 60 <.001
Mean Response Time Gameplay 0.126 1598.60 4377.47 142 <.001
Max Level Gameplay 0.097 9 4 140 <.001
Mean Speed Swipe Up Touch 0.048 2945.74 1627.54 196 <.001
Mean Speed Swipe Right Touch 0.038 2623.65 1642.09 232 <.001
Mean Total Time to Complete Level Gameplay 0.027 12468.67 25135.9 276 <.001
Mean Length Swipe Left Touch 0.020 553.63 428.32 331 <.001
Mean Speed Swipe Left Touch 0.019 2541.73 1501.30 273 <.001
Standard Deviation Acceleration Magnitude Sensor 0.013 0.040 0.041 762 0.86
aBonferroni critical value p<0.005 (0.05/10)

Results of the statistical analysis revealed significant differences (p<0.001) in all these features between the
two groups except for the standard deviation acceleration magnitude. The mean acceleration magnitude by
far is the strongest predictive variable with the highest median feature importance value. As such, patients
tend to exhibit a statistically larger degree of device movement (1.028) comparing to healthy controls (0.996).
The finding is consistent with previous research, where hand tremors are commonly found in patients with
alcohol dependence [11, 33, 52]. It is therefore not unexpected to find that the device motion feature could be
an important marker to discriminate patients from healthy controls. With regard to the gameplay performance,
patients demonstrated lower performance comparing to healthy adults in terms of the mean response time to
complete level (patients=5787.93, controls=1963.84), the overall response time (patients=4377.47, controls=1598.60),
the max level completed (patients=4, controls=9), including the mean total response time (patients=25135.9,
controls=12468.67). These seem to be coherent with the findings in several studies [11, 33, 52]. In that, long-term
excessive alcohol consumption can cause problems with cognitive functioning, in this context, adversely affecting
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Fig. 4. Illustrates the 10-fold cross-validation performance of Random Forest Classifier over five different data types using
3-minute data taken from Unblock Puzzle.

gameplay performance in such high cognitive demand tasks. Furthermore, significant differences in touch patterns
between both groups were observed. Specifically, patients’ swipe patterns are significantly shorter and slower as
compared to healthy controls.
In addition, we compared the classification performance over different feature sets to investigate whether

the use of a combination of all feature sets can significantly improve classification accuracy comparing to the
use of device motion-based features alone. As shown in Fig 4, when using only a single set of features as input,
the classification performance is 0.84, 0.87, 0.86 for touch, sensor, and gameplay, respectively. By using the
combination of all sources of features, the classification accuracy significantly improved to 0.95. These results
appear consistent with the findings we found earlier in 10-min samples, where the model performance was
maximised by using an ensemble of multiple feature sets as input.

10 PARTICIPANTS’ FEEDBACK
At the end of the experiment session, a brief interview was carried out to obtain participants’ views regarding
the acceptability and practical application of the game-based approach. Most participants (65 out of 80) reported
enjoying themselves and being engaged with the games. Moreover, the game-based method was reported to
reduce their anxiety as compared to the paper-based version. Nevertheless, the majority of them (69 out of 80)
found their game experience in Tetris quite frustrating due to difficulty in controlling the Tetris block movement
with touch. Unlike the traditional controls, on a touchscreen, players have to drag their finger left or right to
move the falling shape. As such, many participants expected that the touched piece would move proportionally
based on the distance the finger has moved on the screen. The fact that the block only moves one block unit at
a time might be confusing, which may lead to a less engaging game experience. More training may have been
beneficial to allow participants to familiarise themselves with the game controls. On the other hand, several
participants highly enjoyed the Unblock Puzzle as the in-game tasks challenge their problem-solving skills and
creativity. Despite requiring improvement in certain areas, most participants nonetheless felt comfortable and
relaxed during the gameplay. These overall positive feedbacks suggest that the game-based screening platform is
well-accepted with regard to usability.
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11 DISCUSSION
This work presents a novel approach based on machine learning algorithms to provide an alternative method
for home-based screening for alcohol dependence. In this study, we examined the use of user-game interaction
features from the three popular mobile games to classify patients and healthy adults. The ensemble of features
extracted from 10-minute samples through touch interaction, device motion, and gameplay performance was used
as input for the proposed classification models. A set of evaluation metrics, specifically the accuracy, sensitivity,
and specificity, were used to quantify the classifier performance on entirely independent data sets using a
stratified 10-fold cross-validation scheme. Our Logistic Regression classifier based on Tetris samples was capable
of identifying the alcohol dependence condition with the accuracy of 0.96. The relatively high sensitivity of 0.98
indicates that our game-based model could be used as an effective screening tool for such a condition. A practical
implementation of such a screening instrument should not only provide accurate and reliable outcomes but
should also be inexpensive and time-efficient. Our classifiers show the promise to provide such an instrument
as they perform consistently well even with sample lengths of 3 minutes in terms of accuracy, sensitivity, and
specificity.
Generally, in medical screening and diagnosis, there is always a trade-off between specificity and sensitivity,

and the decision must be made based on their relative clinical importance. In the screening process, it is important
to identify as many patients with the condition as possible. Missing cases could lead to delayed treatment or
no treatment at all. As a result, for early detection of health conditions, a screening tool with a high sensitivity
value is preferred. In contrast, high specificity allows healthcare professionals to regard individuals as having a
condition confidently. Thus, specificity is a useful attribute in a diagnostic procedure to avoid provoking anxiety,
including unnecessary follow-up tests and treatment [35]. Despite a slightly lower specificity of 0.90, results show
that TS features of Tetris samples with the Random forest classifier has the best screening properties (sensitivity
of 0.98) when compared to other classifiers. Nevertheless, considering the trade-off between false positive and
false negatives, we recommend the Random Forest model using the combined TSG features of Unblock Puzzle as
it has the best combination of specificity (0.95) and sensitivity (0.95) for a reliable screening instrument.

11.1 Comparison to Conventional Screening Tools
To fully evaluate the performance and practicality of our proposed game-based method, it is essential to compare
the results with current clinical screening tests. In 2009, a systematic review of alcohol use disorder screening
instruments evaluated an exhaustive number of studies on the validation of AUDIT and AUDIT-C as screening
instruments for alcohol-related problems [10]. Derived from the review, Table 9 reveals the screening and
diagnostic performance of AUDIT and AUDIT-C for identifying alcohol dependence found in previous studies
[15, 43, 46]. The findings show that both tests were sensitive to alcohol dependence with sensitivity above 0.82 at
relative cut-off points. Of note, at a cut-off point of 5, the AUDIT-C yielded a relatively high sensitivity of 0.94,
which appears to be superior to that of the full-scale version. Nonetheless, the specificity was only 0.58 [46]. In
other words, 42% of non-alcohol dependent individuals were misclassified. Slightly lower sensitivity values were
found in other studies, i.e., 0.88 [15, 43] and 0.82 [9]. However, the results yielded significant improvement in
specificity (>= 0.77). Among these studies, Rumpf et al. [43] reported a sensitivity of 0.88 and a specificity of
0.81 using an optimal cut-off point of four, which is much lower than the standard cut-off point of >=8 for the
AUDIT [4]. Nevertheless, these studies seem to present varying empirical results with very low specificities. One
possible explanation could be that these conventional screening tools typically involve questionnaire techniques
which heavily rely on respondents’ feedback. It was found that several patients with alcohol-related problems are
unable to quantify the actual amount of their alcohol consumption [16]. Their responses may also be confounded
with dishonest answers to avoid embarrassment. Thus, these self-reported response biases may lead to inaccurate
and unreliable results [36].
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Table 9. Sensitivity and specificity of paper-based screening tools for alcohol dependence

Study Test Cutoff Sensitivity Specificity

Rumpf et al. [43] AUDIT 4 0.88 0.81
Giang et al. [15] AUDIT 7 or 8 0.88 0.77
Dawson et al. [9] AUDIT-C 6 0.82 0.80
Seale et al. [46] AUDIT-C 5 0.94 0.58

Comparing to the results obtained from our game-based classification models, based on 3-minute samples
from the Unblock Puzzle game, the Random Forest classifier was found to have identified the alcohol dependence
condition at a greater sensitivity (0.95) and specificity (0.95) than the conventional paper-based instruments.
Besides the excellent sensitivity for such a condition, the screening process using our proposed game-based
approach is as brief as 3 minutes, which is comparable or even faster than the paper-based modalities.

11.2 Comparison to EEG-based Screening Tools
Other than the traditional paper-based tools, a number of literature reviews reported the clinical relevance between
various electroencephalogram (EEG) features and the alcohol user disorder, for instance, inter-hemispheric
coherence and phase delay [21]. Another review, published in 2017, identified several studies that evaluated the
clinical application of EEG-based methods to classify patients with alcohol problems and healthy adults [36].
Various machine learning techniques were employed on EEG signals recorded from multiple scalp electrodes in
response to stimuli or cognitive events. The EEG-based classifiers showed a great capability in detecting AUD
patients. Overall, the machine learning techniques utilised in these studies achieved relatively high accuracies
(>0.90) [36]. Similarly, the classification models of Mumtaz et al. [37] employed the EEG features computed from
each of 19 electrode signals. These EEG data were captured in participants’ resting state with 5-min of eye-closed
and 5 min of eyes-open. By integrating all EEG features, their classifiers yielded similar results with an accuracy
of 0.89. Even though the EEG modalities show very promising results, these technology-based screening methods
have a number of barriers to applying in field settings. For instance, artefacts caused by eye movement and
muscle activities need to be removed prior to data analysis [37]. Most importantly, the EEG data acquisition
often takes a long time for equipment set-up and calibration to ensure precise placement of multiple electrodes
on the scalp. For these reasons, it can be administered only by trained clinical staff within clinical premises.
These limitations make the EEG approach less effective and not popular in clinical practice as compared to the
conventional paper-based tools [36].
On the contrary, our proposed method exploits the sensing capabilities of mobile devices to passively collect

the user-game interaction behaviours from the 3-minute gameplay. With the entertaining features of the games,
we anticipated that individuals would be less likely to have test anxiety as reported in [30] and, therefore, this
game-based measure could potentially promote self-screening for early detection of potential alcohol dependence.
As well as providing accurate outcomes, the game-based approach is relatively fast and inexpensive (as it can
be installed on almost any smartphone). In addition, the game-based screening instrument is robust, portable
and requires only minimal effort to implement. As such, our automated system could be adapted by health
professionals as a home-based screening tool to help identify individuals who are at risk of having a subtle sign
of the alcohol dependence condition.
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11.3 Limitations and Future Work
Despite the promising results, the findings of this study are subject to two major limitations. First, since almost all
patients admitted to the speciality facility where the experiment was carried out are male. Hence we restricted our
sample collection to males exclusively. Second, in order to remove the possible confounding factors, individuals
with excessive gaming experience or symptoms of anxiety or depression were excluded from our study. As our
proposed technique focuses on the use of touch interaction and device motion, a tremor symptom found in other
cognitive disorders could have an adverse impact on our technique and potentially confound our results. Therefore,
we also excluded individuals with health conditions often exhibiting hand tremors (e.g. Parkinson’s disease)
from our study. In addition, impaired visuo-motor coordination and hand-eye coordination could adversely
affect participants’ gameplay performance and user-game behavioural patterns. Therefore, visually impaired
individuals were excluded. For these reasons, our results should be interpreted with caution. Due to this limited
scope, our results cannot be generalised to the entire relevant subgroup of our target population. These limitations
could be overcome by further research to investigate the potential effects of these factors on model classification
performance and validate the findings we drew from this study.

It is worth noting that the variations in levels of game difficulty over the course of the games could potentially
have impacts on classification performance in these games. For example, in Tetris, due to there being a shorter
amount of time to place blocks, there are periods of greater and lesser difficulty, partly depending on early
choices and partly on chance, within the game. It is speculated that players with better visuospatial function can
anticipate and mitigate against these periods of greater difficulty and hence its choice as a tool to distinguish
between those with impairment of that function and those without. In Unblock Puzzle, given that the game places
demands on cognitive function related to problem-solving, we speculate that as the level of difficulty gradually
increases when progressing through levels, patients with impaired problem-solving abilities would take longer to
solve the puzzle, leading to completing fewer levels when compared to healthy individuals. This is indeed in line
with the results in Table 8, where the maximum level achieved by alcohol-dependent patients was found to be
significantly lower than that of healthy participants. However, in the present work, we do not have sufficient
data to perform an in-depth analysis whether such variations in levels of game difficulty over the course of the
game could potentially affect our classification technique based on user-game behaviours. This issue might be
addressed in future research.

Future research could examine the feasibility of using such gameplay behaviour patterns to determine the risk
of relapse in detoxified alcohol-dependent patients. The practical implementation in a large-scale setting may
require additional features such as an automatic notification system to notify the results to clinicians so that
timely intervention and appropriate treatment strategies can be given to prevent further development of more
severe conditions.

12 CONCLUSION
We believe that this is the first work that evaluates the application of user-game interaction patterns in game-based
classifiers for screening and diagnosis of an alcohol dependence condition. We present our novel game-based
approach as a fast and inexpensive home-based self-screening tool. In comparison with the paper-based and
EEG-based methods, our models demonstrated equal or superior classification performance in terms of accuracy,
sensitivity, and specificity. We envision that our home-based self-screening instrument could be used to establish a
practical and cost-effective screening strategy to increase screening rates for early detection of alcohol dependence
in primary care, hospitals or rehab centres.
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