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Background. Effective screening is important to combat the raising burden of depression and
opens a critical time window for early intervention. Clinical use of non-verbal depression
screening is nascent, yet a promising and viable candidate to supplement verbal screening.
Differential self- and emotion-processing in depression patients were previously reported by
non-verbal behavioural assessments, corroborated by neuroimaging findings of distinct
neuroanatomical markers, Thus non-verbal validated brain-behavior based self- emotion- related
assessment data reflect physiological differences and may support individual level screening of
depression.

Methods. In this pilot study (n = 84) we collected two longitudinal sessions of behavioural
assessment data in a laboratory setting. Depression was assessed using Beck Depression
Inventory II (BDI-II), to explore optimal screening methods with machine-learning, and to
establish the validity of adapting a novel behavioural assessment focusing on self and emotions
for depression screening.

Results. The best machine-learning model achieved high performance in depression screening,
10-Fold cross-validation (CV) Area Under the receiver operating characteristic Curve (AUC) of
0.90 and balanced accuracy of 0.81, using a Gradient Boosting algorithm. Prospective prediction
using a model trained with session 1 data to predict session 2 depression status achieved a 10-
Fold CV AUC of 0.77 and balanced accuracy of 0.66. We also identified interpretable
behavioural signatures for depression patients based on the best model.

Conclusion. The study supports the utility of using behavioural data as a viable and cost-
effective solution for depression screening, with a potential wide range of applications in clinical
settings. Keywords: Depression, self, machine-learning, matching technique, sensitive objective

measurement.
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Depression screening using a non-verbal self-association task: A machine-learning based
pilot study
Depression is highly prevalent and will become the most burdensome disease world wide

by 2030 (World Health Organization, 2008). Early identification and intervention could be an
effective first step for harm reduction and prevention (Hall and Reynolds, 2014; James et al.,
2018). Currently, popular depression screening tools often rely heavily on screening questions,
asked by the clinicians directly, or administered as a self-reported questionnaire. While this
mode of screening usually works well, the utility is impacted by subject’s cognitive functions
(e.g., aphasia), subjective biases (e.g., interpreting questions and Likert scale items differently),
and personal agenda of the patients (e.g., manufacturing symptoms or exaggerating symptoms of
depression or trying to avoid detection). The impact of these limitations may be cumulative if the
same screening tools are used repeatedly on the same patient. Though depression screening may
use multiple information sources, here we broadly refer to screening methods that utilize
patients’ verbal responses as verbal screening methods, and methods that do not utilize patients’
verbal responses as non-verbal screening methods. Given the limitations of existing assessments,
non-verbal alternatives of depression screening are desirable, and may complement and facilitate
screening accuracy of verbal assessments. Although not widely adopted in clinical settings,
various non-verbal depression screening methods have already been explored, including facial
perception behavioural assessment (Guekht et al., 2013), eye gaze pattern analysis (Alghowinem
et al., 2015), facial visual features and voice analysis (Pampouchidou et al., 2019; Scibelli et al.,
2018), and there’s a plethora of research on identifying depression using neuroimaging data and
machine-learning (ML) (Janssen et al., 2018). A common issue with the non-verbal depression

screening methods such as EEG and MRI are the high cost (CostHelper, 2021; Sahu et al., 2020)
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with poor interpretability (Schnack, 2019). Comparing with non-verbal screening methods
relying on EEG and MRI data, costs are less prohibitive for methods relying on video and audio
features of the patients, yet costs on additional hardware (e.g., video camera, microphone) and
technology-based services (e.g., secure storage and handling of patient’s video and audio data)
and resource intensive computational pipelines to process video/audio data may prohibit patient
access (Pampouchidou et al., 2019). Thus, an effective, yet low-cost alternative non-verbal
screening method for depression screening is desirable

Recently, the concept of self-related processing has been proposed as a potential marker
for mental illnesses (Sui et al., 2021; Sui and Gu, 2017). Also, self-related processing may have
utility in identifying neurodevelopmental disorders, where different behavioural signatures were
observed in autistic people compared to non-autistic subjects (Moseley et al., 2021). Bias in self-
related processing and emotion processing has already been linked to real-life behaviours (e.g.,
habits; Verplanken and Sui, 2019), and outcomes (e.g., loneliness, anxiety, and depression;
Feldborg et al., 2021; Hobbs et al., 2021). People who are depressed are more sensitive to
negative affect and show a negativity bias when interpreting ambiguous stimuli (Sui et al., 2016).
In addition, a bias towards perceiving ambiguous emotions as sad may change behaviour, which
may elicit negative reactions from others and thus sustain these biases in people with depression
(Stolte et al., 2017). Further, the findings of differential behavioural patterns between depressed
and non depressed people on the self-referential task are corroborated by neuroimaging findings
of district underlying neuroanatomical structure of the self (e.g., the medial prefrontal cortex, the
posterior cingulate cortex and dorsolateral prefrontal cortex) (Delaveau et al., 2015; Freton et al.,
2014; Nejad et al., 2019; Northoff, 2014) and emotional processing (Delaveau et al., 2011;

Enneking et al., 2020; Lemogne et al., 2011; Northoff et al., 2009). This suggests nuances in
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self- and emotion- related behavioural patterns reflect physiological differences and may better
differentiate depression than using simple response patterns (e.g., mean response time and
accuracy). Further, the self- and emotion behavioural assessments are easy to access and has low
adaptability barriers, demonstrated by prior successful applications on patients with brain lesions
(Sui and Humphreys, 2017) and children between 6 to 10 years old (Maire et al., 2020). The
earlier behavioural and neuroimaging evidence, and evidence for ease of access probed us to ask
whether accurate detection of depression is achievable using the validated brain-behaviour based
self- and emotional- assessments (Sui et al., 2013; Yankouskaya and Sui, 2021). No prior studies
have directly tested whether the non-verbal behavioural signatures from self-related and
emotional processing could be used directly for screening of depression, and whether the
behavioural signatures are meaningful and interpretable.

The adaptation of behavioural assessments for depression screening requires predictive
modeling, building models capable of making accurate predictions on subjects’ depression
status. Traditional statistical models are mainly used for identifying associations between the
explanatory variables and the outcome (e.g., How behavioural assessments are associated with
depression?), and are not optimized for making individual level predictions. On the other hand,
ML-based approaches are excellent for building generalizable predictive models for such a
purpose, at the expense of computational complexity (Bzdok et al., 2018). The first aim of the
current study was to optimize the model’s predictive accuracy of identifying depression, rather
than exploring group-level risk factors. Thus, we choose an ML approach rather than traditional
multivariate statistical models for prediction.

The second aim was to adopt a new procedure for examining social biases (based on self

and emotion) and the underlying neural architecture (Humphreys and Sui, 2016; Stolte et al.,
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2017; Sui et al., 2012) for depression screening. We used two non-verbal behavioural tasks: a
self perceptual matching task, in which geometric shapes were arbitrarily assigned to the self, a
friend, or a stranger, and an emotion matching task, in which shapes are associated with happy,
neutral or sad emotion. Participants then judged whether shape-label pairs were as originally
shown or re-paired. Response times and accuracy of different trial types were measured and used
as behavioural features. Beck Depression Inventory II (BDI-II) (Beck et al., 1996) was used to
identify depression. We collected longitudinal data from two separate within-subject sessions
and evaluated performance of various models, including linear logistic regression model with or
without Lasso type regularization and the nonlinear Gradient Boosting (GB) model (Friedman,
2001) on within session (model 1 and 2), and across-session (model 3) depression classification.
We also tested prospective prediction of depression between sessions, and further identified
behavioural signatures from this novel approach.

Methods
Behavioural Experiment

Participants

University students were recruited through volunteer sampling. Participants were
screened using the BDI-II to ensure balanced levels of depression from no depression, mild
depression (BDI-II: 14-19), moderate to severe depression (29-63). Eighty-four subjects
participated in this two-session study. All participants had normal or corrected-to-normal vision.
Informed consent was obtained from all participants prior to the experiment according to
procedures approved by the University of Bath’s ethics committee.

Depression symptoms over the last two weeks was assessed using the BDI-II (Beck et al.,
1996). This measure consists of 21 questions associated with depression; each question has an

integer score with a range of 0 to 3. A total score is calculated by summing individual question
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scores. Higher total score indicate more severe depressive symptoms, where a score of 0 to 13
suggest minimal depression symptoms (Beck et al., 1996). Participants with BDI-II score <= 13
were considered as the control group, and participants with a BDI-II score > 13 were considered
as the depression group. BDI-II was selected based on previous research, that it can achieve a
high sensitivity to screen for clinical depression, reaching a high balanced accuracy, an average
of sensitivity and specificity, of 0.82 (von Glischinski et al., 2019). The participants were
assessed in two different sessions, which took place one week apart. In session 1, the depression
group included 59 subjects, and the control included 25 subjects (Table 1). In session 2, the

depression group included 54 subjects and the control group included 29 (Table 1).

--- Insert Figure 1 Here ---

The self-association was measured using a perceptual matching task, where three
geometric shapes (triangle, circle, and square) were respectively assigned to three personal labels
representing the participant, their named best friend (whom the participant were asked to name),
and a stranger (the participant was asked to select a name that was familiar but not held by
anyone they knew) (Sui et al., 2012). The assignment of shapes to the different people was
counterbalanced across individuals. After the associative instruction, participants immediately
underwent a shape-label matching task to judge whether a shape-label pair matched. A shape
with 3.5° x 3.5° of visual angle appeared above a white central fixation cross with 0.8° x 0.8°of
visual angle. One of three labels (‘You’, ‘Friend, or ‘Stranger’ [covering 1.76°/2.52° x 1.76° of
visual angle]) was displayed below the fixation cross. The task was to decide whether the shape-

label pair was the same as initially shown or whether the shape and label were mismatched
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(Figure 1). All stimuli were displayed on a grey background. E-prime software (version 2.0)
(Schneider et al., 2002) was used to present the stimuli and to record responses. The experiment
was run on a PC with a 22-in monitor (1920 x 1080 pixels) at 60 Hz.

The emotion-association measurement was identical to that in the self-association
measurement, except that the three different geometric shapes were used (e.g., diamond,
hexagon, pentagon) and were respectively assigned to drawings of faces, one with a happy
expression, one with a neutral expression, and the third with a sad expression.

Procedure

Two testing sessions (session 1 and session 2) took place one week apart. In each session,
participants completed the BDI-II first, following by the self-perceptual matching task, and then
emotion perceptual matching task. In each session, the order of self and emotion tasks was
counterbalanced across participants.

In the perceptual matching task, participants were first asked to name one of their best
friends. To measure the familiarity with their best friend, participants were instructed to rate how
long they have known each other (years), how familiar with a 1-7 scale (1 = not familiar at all, 7
= highly familiar), how often they meet with a 1-7 scale (1 = not frequent at all, 7 = very
frequent), and how often (daily, weekly, monthly, yearly). Participants then selected a sex-
matched stranger from a common name list not corresponding to anyone they knew. In the self-
matching task, participants were instructed to associate three shapes with the self, their best
friend, and the stranger, and three shapes with happy, neutral, or sad line drawings in the emotion
task respectively. There were no images of stimuli displayed during the instruction stage. After
the instruction, participants were asked to judge whether a simultaneously presented shape and

label pair matched. Each trial started with a central fixation cross for 500 ms, followed by a
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shape-label pair at the centre of the screen for 100 ms in the self task and for 150 ms in the
emotion task. Half the pairings of the shape and label/line drawing conformed to the instruction
and were responded to as match trials; on the remaining trials the shapes and labels/line drawings
were re-paired to form mismatch trials. For mismatch trials, a shape was paired with the other
labels (e.g., self shape with friend and stranger labels in the self task, or happy associated shape
with neutral and sad emotions in the emotion task.). The next frame was a 1000 ms blank field.
Participants were encouraged to make a response as quickly and accurately as possible within
this 1000 ms interval. A feedback message (correct, incorrect, or too slow) was then given in the
centre of the screen for 500 ms (see Figure S3). Participants were also informed of their overall
accuracy at the end of each block. There were three blocks of 60 trials following 12 practice
trials. Thus, there were 30 trials for each match and mismatch condition in each task. Data on
reaction time and accuracy in each condition were analysed. For both sessions, all reaction time
and accuracy related variables in depression and control groups are presented in supplementary
Table S1.
Data processing and ML model development
Data Preparation and Pre-processing

To build machine-learning compatible features, response time and accuracy were
aggregated based on the trial types, including all combinations of [response time, accuracy] x
[self, friend, stranger, happy, neutral, sad] x [match, mismatch], and we also added the overall
ACC of the self-task and emotion task to control for baseline performance, resulting in a total of
26 predicting behavioural features. Then, these 26 behavioural features coupled with sex and age
features were used to classify whether the subject was in the depression group or in the control

group. Subjects with over 50% missing values of the behavioural features or without
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measurements on BDI were excluded from the analysis (one in session 1, and six in session 2).
The median imputation method was applied to impute missing values. Also, the sex feature was
coded with male as numeric 0 and female as numeric 1. Following the data pre-processing step, a
total of 83 subjects (58 in the depression group and 25 in the control) were included in the
session 1 data and 78 subjects (49 in the depression group and 29 in the control) were included in
session 2 data. Three of the 25 control subjects in session 1 got BDI >13 in session 2, while
seven of the 58 depression subjects in session 1 got BDI<=13 in session 2.
ML model development

We applied the nonlinear Gradient Boosting (GB) model (Friedman, 2001) for classifying
individuals in the depression group from those in the control group. In the GB model, multiple
shallow decision trees, recursively partitioning feature space into a small number of regions with
the purpose to assign subjects in different classes to different regions, are combined sequentially
to achieve optimal classification performance (Friedman, 2001). We selected the GB model as it
is capable to model complex nonlinear and interaction effects between features and outcome, and
has shown promising performance in previous research (Bracher-Smith et al., 2020; Parikh et al.,
2019; Walss-Bass et al., 2018). See (Friedman, 2001) for detailed explanation about the GB
model. Because tree-based models are insensitive to the scales of the features, no further
transformation was applied. The standard logistic linear regression model was used as the
baseline model for model comparison. Furthermore, to demonstrate the benefit of nonlinear GB
model compared to linear ML models, we also compared one of the most commonly used linear
ML models, logistic linear regression model with lasso type regularization, in which the

regularization was added on the coefficients to mitigate the impact of multi-collinearity. The
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details about these models and the associated model selection procedures are presented in the
supplementary material.

The hyperparameters of the GB model, the number of trees and the max depth of the base
decision tree, were selected using the Bayesian Optimization algorithm (Snoek et al., 2012).
Because the performance measured on the subjects used to fit the model tends to overestimate
the model’s performance on the unseen subjects, we used 10-Fold cross-validation (CV) (Wong,
2015) coupled with the metric, logistic loss, to measure the model’s generalizability to unseen
subjects during model selection. In a 10-Fold CV, the subjects are split into 10 folds and each
fold will be left out as test set for model evaluation while other folders are training set for fitting
model. Logistic loss was computed based on the model’s predictions on the left-out test sets
during the 10-Fold CV process. After model selection, 10-Fold CV AUC, which is invariant to
the imbalanced labels of the outcome and represents the probability that the model will rank the
subjects in depression group higher than the controls, was used as the main metric to evaluate the
selected model. In addition, the selected model was further evaluated with respect to other
commonly used metrics, i.e., sensitivity, specificity, balanced accuracy, positive and negative
predictive values. Sensitivity refers to the probability that the subjects in the depressed group are
correctly identified as depressed subjects; specificity is the probability that the control subjects
are correctly identified as control; balanced accuracy is the average of sensitivity and specificity;
positive predictive value is the probability that subjects predicted to have depression by the
model actually have depression; negative predictive value is the probability that subjects
predicted to not have depression by the model actually not have depression.

The variance of the evaluating metrics was mainly estimated through repeated 10-Fold

CV, repeatedly applying 10-Fold CV on the selected models, or bootstrapping when applying
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repeated 10-Fold CV is not feasible. See supplementary materials for more details on model
evaluation methods.
Modelling Procedure

To evaluate model’s consistency and generalizability, within session, between session
classification of depression were explored. Models were built for the following three different
classification problems, with-session classification using behaviour features at session 1, age and
sex to predict depression status at session 1 (model 1), using behaviour features at session 2, age
and sex to predict depression status at session 2 (model 2), and across-session classification
using behaviour features at two sessions, age and sex to predict depression status at session 2
(model 3). We also evaluated model 1’s between-session performance in predicting the
prospective depression status at session 2. In addition, based on the same modeling procedure,
we evaluated a model based on mean response times and mean accuracy only for a baseline
prediction performance comparison (See Table S2 for response time and accuracy summary).
Also, we further evaluated models focusing on the self task only, or emotion task only. The
models were selected in the same way described above except only self task or emotion task

related variables coupled with age and sex were used as the predictors.

Variable Importance

The contribution of the behavioural features in the selected GB model on predicting the
depression status can be measured by variable importance (Friedman, 2001). We applied a
resampling procedure (Efron, 1992) to approximate the variance of the estimated variable
importance. Specifically, the GB model was selected and fitted on the resampled data (randomly

sampling 90% subjects from the original data without replacement) for 500 times. Then, the
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means of the variable importance measures derived from the selected models and their variance
were used to evaluate the impact of the features on the classification of individuals in the
depression and the control groups.

To further validate the identified features with high variable importance, we tested if the
behavioural measures are significantly different in the control and in the depression group
posthoc. Because many behavioural measures are not approximately normally distributed, we
applied the nonparametric Kolmogorov—Smirnov test procedure (Berger and Zhou, 2014) to test
if the distributions of a feature in control and depression groups are significantly different. False
discovery rate (FDR), Benjamini-Hochberg Procedure (Benjamini and Yekutieli, 2001), was
used to correct the multiple testing issue. The threshold of FDR was set to 0.1, which indicates at
most 10% of the significant findings are false.

Results
Model performance

For all classification models, the nonlinear GB models consistently outperformed the
linear counterparts (Figure S1). The GB algorithm achieved 10-Fold CV area under the receiver
operating characteristic curve (AUC) of 0.800 + 0.020 for model 1, 0.822 + 0.024 for model 2,
and 0.896 + 0.018 for model 3 (Figure S2). Among the linear models, the regularized logistic
linear model always outperformed the standard one (Figure S1). The regularized logistic linear
model achieved AUC 0.774 £ 0.017 for model 1, 0.734 + 0.027 for model 2 and 0.795 + 0.021
for model 3 (Figure S1). In addition, the performance of the selected models improved from
session 1 to session 2 and can be further improved when prior records from session 1 were used

in conjunction with records from session 2 (Figure S2).



NON-VERBAL DEPRESSION SCREENING 14

For a baseline performance comparison, GB model with only mean reaction time and
mean accuracy achieved AUC 0.648 + 0.022 in predicting depression status in session 1 and
AUC 0.657 + 0.035 in predicting depression status in session 2, performing worse than model 1
and model 2 (P < 0.001, derived from the t-test on repeated 10-Fold AUCs).

In addition, for the prediction of depression status in session 1, self task related features
achieve AUC 0.746 + 0.025 and emotion task related features achieve 0.690 + 0.029, both
perform significantly lower than the best-fitting model using features from both self and emotion
tasks (p < 0.001). For the prediction of depression status in session 2, self task related features
achieve AUC 0.779 £+ 0.019 and emotion task related features achieve AUC 0.797 + 0.025, both
perform significantly lower than model 1 and model 2 (p <0.001) using all features from both

the self- and emotion tasks.

---Insert Table 1 here---

Furthermore, for prospective predictions, where model trained at session 1 is applied
directly to explanatory variables and outcome label at session 2, model 1 performed adequately
on prediction the depression status at session 2 (AUC 0.774 = 0.047). The selected GB models
were also evaluated with respect to other metrics: sensitivity, specificity, balanced accuracy, and

positive and negative predictive values. The results are shown in Table 2.

---Insert Table 2 here---

Important predicting features
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The primary goal of building ML models is to make accurate predictions. Interpreting the
important variables contributing to machine-learning models is a challenging task, especially
when behavioural features are highly correlated. Here we choose to focus on interpreting
overlapping features from the models while briefly commenting on other nonoverlapped top
features. However, this does not suggest other features not discussed are unimportant (Table 3).
The top 10 important features in the selected GB models are shown in Figure 2 (See Table S1 in
the supplementary materials for all feature’s description). The four features, which appear
consistently as the top 10 contributing features for both model 1 and model 2, are the response
time of sad matching trials (rt sad), friend mismatch trials (rt mismatch friend), accuracy of self
mismatch trials (acc mismatch self), and self matching trials (acc self). Those features are also

among top features contributed to model 3, except for the accuracy of self-matching trials.

---Insert Figure 2 here---

Posthoc analysis of the direction of the effects are shown in Table 3. The direction of
effects for shared features including response time of sad matching trials, accuracy of self-
mismatch trials and accuracy of self matching trials are consistent between session 1 and session
2. Compared to the control group, the response time of sad matching trials are slower in the
depression group, the accuracy of self mismatch trials is more accurate in the depression group,
and the self matching trials are less accurate in the depression group in both sessions, even
though this nominal difference failed to meet statistical significance in session 1. Other top
contributing features identified in all 3 models generally follow the pattern that the depression

group is nominally more accurate, but slower than controls in both sessions. The cross session
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behavioural performance echoes a general learning or practice effect, where session 2
performances are generally enhanced. Accuracy of self-matching trials and response time for
friend mismatching trials are the only two exceptions where posthoc comparisons between
depression and control group are statistically significant but in the opposite direction. Note that
both response time and accuracy features have a theoretical ceiling, thus differences between

groups using those measures may be reduced when performance increases in session 2.

---Insert Table 3 here---

Discussion and conclusion

In this interdisciplinary pilot study that integrates both behavioural experiments and ML
analysis, we successfully demonstrated that behavioural data from non-verbal self and emotional
processing assessments can be applied to identify depression status for individual subjects. Using
models trained on two separate sessions of data, we show the ML models can predict depression,
with a cross-validated AUC of 0.800, and 0.822, for session 1 and 2, respectively, outperforming
models based on simple response patterns and models based on the self- and emotion- assessing
behavoural task alone. We also report the model performance can be further enhanced if
behavioural data across session is provided to the model, with a cross-validated AUC of 0.896.
The best performing model achieved a balanced accuracy of 0.808, with a positive predictive
value of 0.846 and negative predictive value of 0.834 (Table 2). The positive predictive values of
the GB models are consistently above 0.8 for the three models. We also reported an adequate
prospective prediction performance using a model built with session 1 data to predict session 2

performance, achieving an AUC of 0.774 and a balanced accuracy of 0.646. Further, we
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identified the core features as behavioural signatures that contribute to the model’s prediction
performance.

Comparing with verbal screening, non-verbal based depression screening is more
inclusive, and is often inconspicuous, thus better suited for routine screening. We showed the
self and emotional processing assessment, with a machine-learning based algorithm, can
successfully capture behavioural signatures of depressed individuals in risk screening, and make
reliable positive screening predictions regardless of prior exposure to the assessment tool. The
prediction performance is further enhanced by capturing the differential change in behavioural
pattern over a course of subsequent assessment. In both routine risk screening and clinical
practices, multi-session assessment could be easily arranged to facilitate screening accuracy, e.g.,
subject complete the task at home while booking an appointment, and complete the same task at
the time of appointment. With the ubiquity of access to smartphones, tablets and personal
computers, the cost of behavioural assessment is relatively low compared to models based on
specialty neuroimaging devices, and could be more patient accessible and less computational
demanding comparing to models relying on video/audio hardware. This non-verbal screening
approach could also be incorporated in the existing clinical depression screening pipeline and
can provide additional sources of information to facilitate clinician’s diagnostic decisions, as
well as tracking for treatment efficacy and symptom remission.

Our current results support a promising approach to leverage a non-verbal self- and
emotional- behavioural assessment to depression screening, showing adequate prospective
prediction performance and good cross-validation performance when subjects are more familiar
with the task and previous test session’s information is made available, warranting larger scale

future studies on this approach.
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The machine-learning algorithm is adapted to optimize for classification performance,
and is agnostic of theoretical constructs of the features, thus may only rely on a sufficient set of
features. In this study, subjects were less familiar with the task in the first session, performing
with a lower overall accuracy and slower response time in session 1 compared session 2. Due to
the ceiling effects in behavioural measurements, the performance difference between the
depression group and control may be reduced as overall performance increase, resembling
performance by session 2-way interactions (Figure S3). Despite this limitation, we identified four
important behavioural signatures that are consistent across session 1 and session 2, with
significant differences between groups in post hoc analysis.

Earlier findings of behavioural and neuroimaging studies converged on supporting neuro-
anatomical differences underpinning depressed and non depressed people, leading to key
behavioural differences characterized as increased self-focus, body focus, decreased
environmental focus, attributing negative emotion to oneself, and increased self-processing or
rumination, for depressed patients (Northoff, 2014). In the current study the response time of the
sad matching trials are consistently slower in the non-clinical depression group than controls, and
this pattern is complemented by an increased accuracy for sad matching trials. This behavioural
signature suggests depressed subjects are biased towards processing negative emotions, thus may
have difficulty disengaging from negative stimuli (Northoff, 2014). The response time of
mismatching trials for friends is inconsistent with the accuracy pattern for mismatching trials for
friends in session 1; however, in session 2 the depression group has a faster response time and
more accurate responses for those trials that may reflect practice effect over time. This
differential behavioural pattern would lead to reduced performance for model 1 on prospective

prediction of depression in session 2, but may contribute to model 3’s superior performance.
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The accuracy of self-mismatching trials is higher in the depressed group than control,
complemented by a slower response time, where the accuracy for self-matching trials is showing
the opposite pattern. This line of results suggest depressed subjects can negate the mismatching
trials more easily compared with controls in general, and there’s a heightened focus on the self
for depressed subjects, which may lead to other construct (e.g., a shape) more difficult to
associate with the self (Northoff, 2014; Northoff and Hayes, 2011; Sheline et al., 2009).

Future research needs to target test-retest consistency, as the current study suggests
differential speed accuracy trade offs of the depressed and control subjects. This trade off may
have been caused by differential task learning rates of the depressed subjects and partially
explained by a ceiling effect in behavioural measurement data. Also, the current study was
conducted on a sample of university students without a comprehensive clinical screening
including checking recent medication history, future studies need to test on a more diverse
sample and screen for other sources influencing depression symptoms, to further establish
generalizability. Another area of focus is to upscale the sample size to further validate the current
findings. Further, depression status was determined by BDI-II alone, where the cut-off score
based classification of depression may cause label changes if the subject’s score fluctuates
around the cut-off point. Although BDI-II is effective in identifying clinical depression (von
Glischinski et al., 2019), additional outcome measurements such as clinical diagnoses and other
depression screening tools can be implemented in addition to BDI-II scale, to facilitate the
accuracy of depression identification. Moreover, the current experimental procedure of the
behavoural assessments should be viewed as a proof of concept instead of a final product. From
the patient’s perspective the behavioural assessment could be more cumbersome compared to

other non-verbal screening methods, but this may no longer be the case with further evidence-
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based methodology refinements. For instance, self task related features alone achieved
reasonable depression screening performance (AUC = 0.746), suggesting significant reduction in
screening time by cutting down emotion assessment can be achieved at a minor cost of accuracy.
Future research should focus on refining the procedure to provide a more streamlined patient
experience without compromising screening efficacy.

This study provides direct support for the utility of the validated brain-behaviour self-
and emotional matching tasks on classifying depression, demonstrating a viable and cost-
effective solution to provide routine depression screening, with a potential wide range of

applications in clinical settings.
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Figures
Figure 1.
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Figure Captions
Examples of The Stimuli and Trial Procedure in The Matching Task.
Note. For the 2-Alternative Forced Choice (2AFC) task, possible trial types are Match and

Mismatch. For the response feedback, possible feedback are Correct, Incorrect and Too slow.
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Figure 2
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The Variable Importance of The Top Features in The Three Selected GB Models

Note. A: the variable importance of the top 10 features derived from the GB models in model 1;
B: the variable importance of the top 10 features derived from the GB models in model 2; C: the
variable importance of the top 10 features derived from the GB model in model 3. Bars filled

with black color indicates the corresponding variables are selected as top features in both task 1

and task 2.
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Table 1

Demographic Data of Participants

Tables

Session Variable Depression group Control group
(BDI >13) (BDI<13)
Time 1 Age, mean (range, SD) 20.60 (18-32, 2.25) 20.60 (19-22, 0.87)
BDI-II, male/total, n 20/59 9/25
Mild (14-19) 7/15
Moderate (20-28) 11/25
Severe (29-63) 2/19
BDI-II, mean (SD) 26.10 (9.76) 5.04 (3.42)
Mild (14-19) 17.30 (2.06)
Moderate (20-28) 22.40 (2.52)
severe (29-63) 37.80 (8.26)
Time 2 Age, mean (range, SD) 20.70 (18-32, 2.26) 20.50 (18-23,1.12)
BDI-II, male/total, n 18/54 11/29
Mild (14-19) 8/12
Moderate (20-28) 9/31
Severe (29-63) 1/11
BDI-II, mean (SD) 24.90 (10.40) 5.38 (3.57)

Mild (14-19)

Moderate (20-28)

16.70 (2.06)

21.80 (1.78)
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severe (29-63) 42.60 (9.97)
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Table 2

The Core Metrics for The Selected GB Models

Metric Model 1 Model 2 Model 3 Model 1 to 2

M SD M SD M SD M SD

Sensitivity  0.821 0.033 0.890 0.027 0.925 0.019 0.899 0.070
Specificity  0.544 0.052 0.622 0.057 0.692 0.061 0.393 0.153

Balanced 0.682 0.028 0.756 0.030 0.808 0.035 0.646 0.053

Accuracy
PPV 0.807 0.017 0.800 0.024 0.846 0.027 0.738 0.038
NPV 0.569 0.049 0.772 0.044 0.834 0.041 0.695 0.100

Note. Model 1 to 2: Model 1 on session 2 data. The mean and standard deviation are calculated
based on 30 times repeated 10-Fold CV for Model 1, Model 2, Model 3, and based on 30 times
bootstrap for applying Model 1 on session 2 data. PPV: Positive predictive value; NPV: Negative

predictive value.
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Table 3

Summary of Top Ranked Features

Top 10 Features Session 1 Session 2
MbDepresion Mcontrol p MbDepresion  Mcontrol p

a) Task 1 and 2 common
rt sad 833 679 <0.000%** 707 633 0.028*
rt mismatch friend 798 703 0.002%** 734 770 0.007**
acc mismatch self 0.812 0.736 0.027* 0.861 0.784 0.028*
acc self 0.797 0.837 0.282 0.783 0.926 0.050%*
b) Task 1
acc mismatch friend 0.826 0.709  <0.000***  0.841 0.777 0.014*
acc emotion overall 0.775 0.672 0.013* 0.843 0.787 0.203
acc stranger 0.769 0.623 0.009%** 0.896 0.862 0.225
acc mismatch stranger 0.848 0.763 0.012* 0.872 0.821  0.010**
rt stranger 772 696 0.158 736 693 0.174
acc mismatch sad 0.802 0.667 0.003** 0.889 0.793 0.233
c) Task 2
acc mismatch neutral 0.799 0.673 0.008** 0.875 0.764 0.034*
acc sad 0.773 0.645 0.046* 0.870 0.750  0.009**
acc friend 0.708 0.713 0.986 0.794 0.855 0.077
acc neutral 0.696 0.630 0.065. 0.784 0.763 0.342
rt friend 744 678 0.333 746 676 0.280
rt mismatch stranger 798 717 0.069. 775 739 0.010%**
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d) Task 3 only

rt mismatch self 785 745 0.244 776 758 0.021*

Note.p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001. P-values computed from Kolmogorov—
Smirnov test. M denotes mean. The units for response time and accuracy are in milliseconds and
proportion correct, respectively. A list of top ranked features a) shared by task I and task 2. b)

appeared only in task 1, c) appeared only in task 2, and d) appeared only in task 3.
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