
adfa, p. 1, 2011. 

© Springer-Verlag Berlin Heidelberg 2011 

Data quality as a bottleneck in developing a social-

serious-game-based multi-modal system for early 

screening for ‘high functioning’ cases of autism spectrum 

condition 

A private copy of the author-final manuscript. 

Reference of the final, published version: 

Gyori, M, Borsos, Zs, Stefanik, K, Csákvári, J (2016): Data quality as a bottleneck in developing a social-

serious-game-based multi-modal system for early screening for ‘high functioning’ cases of autism spectrum 

condition. In K. Miesenberger et al. (Eds.): Computers Helping People with Special Needs, ICCHP 2016, 

Part II. Lecture Notes in Computer Science 9759, pp. 358–366. Springer. 

The final publication is available at Springer via http://dx.doi.org/10.1007/978-3-319-41267-2_51 

 

Miklos Gyori1, Zsófia Borsos1, Krisztina Stefanik2, Judit Csákvári1 

1 Institute for the Psychology of Special Needs, ELTE University, Budapest, Hungary 

gyorimiklos@elte.hu, {zsofia.borsos, 

judit.csakvari}@barczi.elte.hu 
2 Institute of Special Education for Atypical Cognition and Behavior, ELTE University, Buda-

pest, Hungary 

krisztina.stefanik@barczi.elte.hu 

Abstract. Our aim is to explore raw data quality in the first evaluation of the first 

fully playable prototype of a social-serious-game-based, multi-modal, interactive 

software system for screening for high functioning cases of autism spectrum con-

dition at kindergarten age. Data were collected from 10 high functioning children 

with autism spectrum condition and 10 typically developing children. Mouse and 

eye-tracking data, and data from automated emotional facial expression recogni-

tion were analyzed quantitatively. Results show a sub-optimal level of raw data 

quality and suggest that it is a bottleneck in developing screening/diagnostic/as-

sessment tools based on multi-mode behavioral data. 
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1 Background 

1.1 Autism spectrum conditions and their early recognition 

Autism spectrum conditions (ASC) are underlain by atypical neurocognitive develop-

ment, resulting in atypical patterns of abilities and behaviors in social interactions, so-

cial communication, and the adaptive, flexible organization of one’s own behaviors and 

interests. Medical diagnostic systems categorize affected individuals under the labels 

of pervasive developmental disorders [1] and autism spectrum disorders [2]. Important 

discussions are ongoing, however, whether it is appropriate to regard (all cases of) these 

conditions as cases of a disorder and/or a disability [3]. 

Regardless of these debates, early recognition of ASC is a key task, as most of the 

affected individuals benefit significantly from autism-specific interventions, especially 

if started early [4]. In developed countries, most of the more severe cases are diagnosed 

between 30 and 60 months of age. ‘High functioning’ (HF) cases – individuals with 

ASC but without impairments in intellectual and linguistic skills – tend to be identified 

significantly later, mostly at school-age [5]. Bringing this later wave to an earlier age 

remains an important goal, and is the motivation for our R+D project, described below. 

To date, both screening and diagnosis of ASC are based on behavioral data. In line 

with this, established screening tools in use today are low-tech psychometric ones, re-

lying on reports from human observation and the ratings of observed behaviors [6]. 

1.2 Current trends in developing technology-augmented tools for the 

recognition of ASC 

There has been a strong trend over the last decades to attempt to develop technologi-

cally more advanced screening/diagnostic tools that may potentially enhance the preci-

sion of diagnostic decisions and/or bring the age of diagnosis earlier. A review of these 

works would exceed the scope of this paper; we briefly point to trends and examples. 

Several projects have focused on enhancing well-established screening/diagnostic 

tools by technological means. Attempts have been made to use machine learning to 

redesign a diagnostic tool to enhance its efficiency [7]; to develop computerized rating 

procedures for existing observational diagnostic tool [8]; to develop technological so-

lutions to assist data collecting and evaluating [9]; and to make the training of profes-

sionals in autism screening and diagnosis more effective [10]. 

Efforts have also been made to create essentially new diagnostic or screening tools. 

A part of them utilize data from the neural level, collected mainly by neuroimaging 

and/or electrophysiological methods [11]. Another set of projects, being most closely 

related to our goals, target the development of novel, essentially technology-based 

screening/diagnostic systems using behavioral data, often of multimodal nature. Some 

of these exploit robotic technology [12]. 

None of these systems has been developed to the stage of applicability in daily prac-

tice. Arguably, however, the technological approach has key potentials, and therefore 

this focus of R+D expectedly remains a key one. 



2 Objectives 

2.1 Project objectives 

The main objective of the R+D project in the focus of this paper is designing, imple-

menting and evaluating a social-serious-game-based, multi-modal, interactive software 

system for screening for HF cases of ASC at kindergarten age, in an autonomous, robust 

and cost-efficient way [13]. The system is intended to collect mouse state, gaze focus 

and emotional facial expression data during the game sessions and assess the risk of 

the presence of ASC in the player on the basis of complex patterns of these data. What 

makes this project unique is primarily its focus on kindergarten-age HF children with 

ASC. 

The first prototypes of the game component of the system were designed via an ev-

idence-driven iterative process. A partial and then a full game prototype were created, 

with data recording functionality but without the decision making (risk evaluation) 

component yet. A user experience test was completed on the partial prototype [13]. A 

first sweep of evaluation was started with the full and playable game prototype. 

2.2 Research questions of this paper 

We see data quality as a key issue for at least two reasons. (1) Available mainstream 

technologies for collecting behavioral data (such as eye-tracking and automated emo-

tional facial expression recognition) were developed with neurotypical (NT) users in 

the focus, and studies found that they are less effective when collecting data from neu-

rocognitively atypical individuals [14]. (2) As there is no single behavioral biomarker 

for ASC, expectedly, it is of decisive importance for successful screening to combine 

rich bodies of behavioral data of various kinds, in order to identify their specific com-

bined patterns as predictive markers. 

Data quality is a key and complex issue in eye-tracking methodologies [15]. In con-

trast to our goal to develop a screening game to be used in a playful and natural way 

(e.g., head movements being not constrained), the majority of the available studies seem 

to focus on data quality in laboratory-based use of the technique. The situation seems 

to be similar in the field of automated emotional facial expression recognition [16]. 

The objective of the present paper is to explore the quality of raw data, collected in 

the first evaluation study with the first full, playable prototype of our game. More spe-

cifically, we formulated an exploratory research question and a hypothesis: 

1. Exploratory research question: What are the basic characteristics of the quality of 

our raw data, collected via mouse responses, automated facial expression recogni-

tion, and gaze tracking? We examine these via means and distributions, group dif-

ferences (ASC vs. NT), temporal trends, and outliers. 

2. Hypothesis: Since both automated emotional facial expression recognition and eye-

tracking technologies are sensitive to head/face position and movements, we expect 

a positive relationship between the qualities of these two kinds of behavioral data. 



3 Methods 

Subjects. Results from the matched samples of 10 HF kindergarten-age children with 

ASC (mean age: 64.27 months; SD: 9.45; range: 49-78; mean IQ: 121.00; SD: 18.11; 

range: 91-147) and 10 NT children (mean age: 55.80 months; SD: 9.10; range: 41-70; 

mean IQ: 124.50; SD: 19.72; range: 100-161) are reported here. Independent samples 

t-tests indicate a difference between the two groups in age, on the margin of statistical 

significance (t(19) = 2.89; p = 0.05); and lack of difference in IQ. Diagnostic and as-

sessment procedures and parental reports were used to ensure that none of the partici-

pants had any accompanying developmental or ophthalmological disorder, visual or 

motor impairment, or difficulty with using a computer mouse to control screen events. 

All children participated with consents from them and their parents, and were in-

formed adequately about the purpose of the study and that they could interrupt their 

participation at any time. Children received the individualized reward items which they 

collected in the game at the end of the game session; families received a shopping cou-

pon of approx. 30 € value for their participation in the project. 

Game script and presentation. The main theme of the game is based on scenarios 

from a developmental psychological study by Sodian and Frith [17]. This examined the 

ability to use deception and sabotage as social strategies in children with and without 

autism. Accordingly, there are 8 social micro-experiments (scenes) at the center of our 

game script, where the player can influence the behaviors of a competitor and a co-

operator strategically, in order to maximize her/his own reward. Mostly these scenes 

contain ‘presses’ that are expected to evoke behavioral responses potentially relevant 

to making the screening estimates. The game has 4 further scenes: an additional micro-

experiment scene to detect perceptual preferences, two introductory-instruction scenes, 

and a closing one. The scheme of the game script and the key functions of the scenes 

are shown in Table 1. 

Table 1. The scheme of the game script. 

 scene theme scene function 

1 ‘perceptual preferences’ to evoke gaze and emotional responses 

2 introduction and instruction, 1 to familiarize the child with characters, task, controls 

3 sabotage, co-operative context 

to evoke behavioral, gaze and emotional responses 
4 sabotage, competitive context 

5 sabotage, co-operative context 

6 sabotage, competitive context 

7 introduction and instruction, 2 to familiarize the child with task and controls 

8 deception, co-operative context  

to evoke behavioral, gaze and emotional responses 
9 deception, competitive context 

10 deception, co-operative context 

11 deception, competitive context 

12 closing to close the game 

 



Visual elements of the game are presented on a 22-inch LCD monitor, auditory ele-

ments via desktop speakers. The competitor and the co-operator are represented as an-

imated 2D cartoon figures of children, the narrator is a more adult-like 2D cartoon fig-

ure. The player can influence the actors’ behaviors by manipulating two control sur-

faces on the screen by mouse clicks. 

Technological setting. The game prototype was developed using the Unity game en-

gine (Unity Technologies), and is running on a standard desktop-mounted, binocular 

eye-tracking PC (Eyefollower 2 by LC Technologies), with a 120 c/sec recording rate, 

in a Microsoft Windows 7 environment. The game software receives and records mouse 

positions and actions, and gains gaze focus coordinates from the eye-tracker software, 

in real time. These data were logged at a 590 c/sec mean rate in this study. A web-

camera positioned below the monitor makes video recordings of the players’ face. 

These are analyzed later, in an off-line way, by an emotional facial expression recogni-

tion software, the Noldus FaceReader (v5.1, by Noldus Information Technology). Fac-

eReader attempted to assign emotional states at a 22.77 c/s mean rate, in the total sam-

ple. 

Procedure and additional means of data collecting. In the recruitment phase, data 

were collected on children’s use of, and experience with, ICT devices from their par-

ents. Game sessions took place individually in a lab room, and were managed by the 

second author, having significant experience in working with children with ASC and 

using the equipment. If the child or the parent wished so, the parent was present at the 

game session; otherwise she/he was awaiting in a neighboring room. A short and simple 

game for warming up and practicing mouse-using skills was administered first, fol-

lowed by the administration of the game prototype. After completing it, data were col-

lected on children’s experiences about the game via a questionnaire. The sessions lasted 

for 30-40 minutes; within that, playing with the prototype took 15-25 minutes. 

Analysis. Log files from the game software – containing mouse coordinates, mouse 

actions, and gaze coordinates – and the FaceReader output files served as input for 

analysis. Quality of raw data was quantified as the ratio of data points with successful 

data acquisition (‘valid data’ in the followings) within the total amount of data points 

for which data acquisition was attempted. Data quality was analyzed in 3 time slots: in 

the first and last 5 minutes of the game (time slots 1 & 3), and in two consecutive scenes 

in between (time slot 2), lasting for 170-249 seconds. Statistics was done by the IBM 

SPSS Statistics software, version 23 (IBM Corp.). 

4 Results 

4.1 Background variables 

We explored subjects’ performance in the game (the amount of correct mouse re-

sponses): it was close to ceiling (24) in the total sample (mean score = 22.6, range: 20-

24); the Mann-Whitney test showed no group difference. We also explored the scores 

given by the children in the user experience questionnaire. It was, too, close to ceiling 

(33) in the total sample (mean score = 26.93; range: 16-33); the Mann-Whitney test did 

not show group difference. That is, completing the game successfully was well within 



the reach of the participants, in both groups; and they, overall, found the game attractive 

and engaging. This suggests that potential sub-optimal data quality is not an effect of 

frustration, non-effective efforts, or an overall dissatisfaction with the game. 

4.2 Data quality 

Mouse response data were fully valid in both groups: at all data points, the game soft-

ware was able to gain the mouse coordinates and the mouse state (action) from the 

operating system. 

Emotional facial expression and eye-tracking data quality. Beyond the ratio of valid 

data points, we generated two further data quality indicators from FaceReader output: 

the ratio of data points where FaceReader was unable to find the face on the video frame 

(‘find failed ratio’); and the ratio of data points where FaceReader was able to find the 

face, but was unable to fit an emotion pattern onto it (‘fit failed ratio’). Table 2 below 

presents basic descriptive data quality indicators along these variables. 

Table 2. Descriptive characteristics of indicators of raw data quality. 

 Time slot 1 Time slot 2 Time slot 3 Aggregated 

FaceReader 

find failed ratio 

mean: 6.284% 

SD: 9.013% 

mean: 10.263% 

SD: 13.204% 

mean: 14.325% 

SD: 14.704% 

mean: 9.796% 

SD: 9.441% 

FaceReader 

fit failed ratio 

mean: 23.877% 

SD: 26.269% 

mean: 22.033% 

SD: 26.415% 

mean: 22.200% 

SD: 20.514% 

mean: 22.201% 

SD: 22.401% 

FaceReader 

valid data ratio 

mean: 69.839% 

SD: 27.336% 

mean: 67.703% 

SD: 28.488% 

mean: 63.475% 

SD: 24.066% 

mean: 68.003% 

SD: 23.416% 

Eye-tracking 

valid data ratio 

mean: 81.581% 

SD: 21.349% 

mean: 75.324% 

SD: 29.122% 

mean: 66.863% 

SD: 28.327% 

mean: 75.426% 

SD: 22.976% 

 

No significant difference was found between the two subject groups by Mann-Whit-

ney tests, in any of the raw data quality indicators. Data above are influenced by 3 

significant outliers: one subject served with extremely low (7.52%) valid FaceReader 

data ratio; two subjects with extremely low (14.502% and 5.805%) valid eye-tracking 

data ratio. Inspection of video recordings showed that all of them produced a lot of 

intensive head movements, largely towards their parents and/or the experimenter. 

According to Wilcoxon Signed Rank tests on valid data ratios, FaceReader data qual-

ity did not change significantly across the 3 subsequent time slots; eye-tracking data 

quality, however, decreased significantly (z = -2.668, p = 0.007 between time slots 1 

and 3; z = -2.725, p = 0.006 between time slots 2 and 3). 

4.3 The relationship between data qualities 

We calculated Spearman’s rho for the relationships between the three FaceReader data 

quality indicators (described above), and the eye-tracking data quality variable, for the 

3 time slots and for the aggregated data sets, separately. Using a Bonferroni correction, 



we set the threshold of statistical significance at p = 0.008. Significant and moder-

ate/strong negative relationships were found between (FaceReader) find failed ratio and 

eye-tracking valid data ratio in the 1st time slot (rho = -0.688; p = 0.001), in the 2nd 

time slot (rho = -0.630; p = 0.004), and in the aggregated data set (rho = -0.602; p = 

0.005). 

This pattern of results confirms a refined form of our hypothesis about a relationship 

between data qualities. Head movements seem to influence both data qualities nega-

tively: more head movements seem to lead to higher find failed ratio in the emotion 

recognition data set, and, correspondingly, to lower valid data ratio in eye-tracking data. 

5 Conclusions and perspectives 

There does not exist any objective or consensual reference threshold for satisfying ratio 

of valid raw data in eye-tracking or in automated emotional facial expression recogni-

tion research. Some researchers suggest a 50% critical threshold for eye-tracking data 

in research [18]. Although we found higher valid data ratio in all variables, we interpret 

our results as indicating a clearly sub-optimal level of data quality, for four reasons. 

Firstly, inter-individual differences in raw data quality were remarkable, even in this 

relatively small sample, as indicated by high SD values. Secondly, a few outlier subjects 

produced ‘dramatically’ sparse valid data. Although they would be excluded from fur-

ther analyses in standard lab-based research, their exclusion could decrease the sensi-

tivity of the screening process in the present context. Thirdly, the positive relationship 

between emotional facial expression data and eye-tracking data qualities decreases the 

expected robustness of the screening system. Fourthly, it is important to emphasize that 

our sample has been ‘optimized’ for data quality already in the recruiting/inclusion 

phase, as we excluded subjects without enough experience with using a mouse, or with 

atypical motor development, or with eye or visual impairment, etc. These considera-

tions suggest that data quality is a bottleneck and a key issue to be addressed in devel-

oping screening/diagnostic/assessment technologies based on multi-mode behavioral 

data, including automated emotional facial expression recognition and eye-tracking. 

A few ways of addressing this issue plausibly arise. The decrease in eye-tracking 

data quality along game time raises the possibility that maintaining or increasing user 

engagement may reduce head movements. The finding that outlier subjects seemed to 

show a lot of interactions towards others present suggests that making the system more 

suitable for autonomous, independent use may reduce this source of data loss. Using 

wearable eye-tracker may fully eliminate data loss due to head movement, although it 

makes data processing and analysis more complex. Emotional facial expression raw 

data quality may potentially be enhanced by more than one recording cameras. 

Finally, we wish to emphasize that this study is only a first step in exploring and 

understanding data quality issues in the context of our project objectives; its conclu-

sions need further confirmation. Studies with significantly bigger samples and deeper 

analyses are clearly needed. Our intention is to continue research in this direction. 
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