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Abstract

We present an initial study of robot-mediated
multimodal mental-health screening for Chi-
nese adolescents aged 12–15. MAPS (Mul-
timodal Adolescent Psychological Screening)
combines facial, acoustic, textual, and re-
motely estimated physiological signals col-
lected through a standardized protocol of ques-
tionnaires, emotionally evocative tasks, and
question answering. From 3,783 participants,
968 records were retained after consent, com-
pleteness, and quality-control filtering. We in-
troduce GAME (Generalized Model with At-
tention and Multimodal EmbraceNet), a fu-
sion model combining eight unimodal repre-
sentations with relation-graph and attention
features. Separate models are trained for
12 questionnaire- and expert-derived screen-
ing targets. Stratified 10-fold cross-validation
yields 73.04–92.77% accuracy and 71.32–
91.06% weighted F1. Feature ablations and
descriptive contribution analyses suggest that
representation use varies across targets. This
initial study connects a portable interaction
protocol with task-specific multimodal model-
ing in a Chinese school setting and provides
a basis for further research on screening-label
prediction. Future work will expand data col-
lection, refine the fusion and training proce-
dures, and evaluate generalization and screen-
ing utility through external and clinically su-
pervised validation.

1 Introduction

Adolescent mental-health problems often emerge
during a period in which communication with

adults and access to professional support are con-
strained, and mental disorders are associated with
later suicidal behavior (Gili et al., 2019). Screen-
ing instruments and interviews remain important,
but they can be affected by recall, stigma, response
style, and the limited observability of short en-
counters. Multimodal interaction offers a comple-
mentary perspective: speech prosody, facial be-
havior, language, and physiological responses can
be recorded while a participant engages with the
same set of prompts and stimuli. A standardized
interaction protocol places these signals in a com-
mon elicitation context, enabling analysis of how
their predictive contributions differ across screen-
ing targets.

Prior work has used language, speech, wear-
able sensors, and digital phenotyping for mental-
health modeling, but many systems focus on a
single condition or modality (Moura et al., 2023;
Dwyer and Koutsouleris, 2022; Cohen et al.,
2020). Multimodal fusion can improve robustness,
yet missing or noisy channels, class imbalance,
and opaque feature aggregation remain practical
obstacles (Huang et al., 2021; Ma et al., 2021). In-
teractive robots have also been studied as accept-
able interfaces for youth mental-health interaction,
but their use as a multimodal screening platform
is less explored (Rasouli et al., 2022; Abbasi et al.,
2022; Li et al., 2023).

We address this problem through an integrated
collection and modeling workflow. Our contribu-
tions are: (1) MAPS, a Chinese adolescent screen-
ing collection with four signal modalities and 12
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screening targets; (2) GAME, a fusion model
trained independently for each target, combining
eight unimodal representations with cross-modal
relation and attention features; and (3) a strati-
fied 10-fold evaluation with feature-wise classical
comparisons, feature ablations, and target-specific
contribution analysis. Together, these components
connect the interaction protocol to the evidence
used by each screening model.

2 Related Work

Clinical NLP and mental-health assessment.
Clinical NLP highlights the importance of label
validity and supporting evidence. Expert review
can reveal false positives in depression annotations
(Milintsevich et al., 2024), while the CLPsych
2024 shared task evaluates evidence supporting
suicidality labels (Chim et al., 2024). Recent work
also advocates validated, dimensional, and transdi-
agnostic measures (Shani and Stade, 2025). These
studies motivate our distinction between predict-
ing screening labels and establishing clinical diag-
noses.

Multimodal modeling. Mental-health research
draws on language, speech, facial behavior,
and physiological measurements, including non-
contact sensing such as PhysioCam (Davila et al.,
2017). Wearable approaches include ultrathin
ionic electrodes for electrophysiological recording
and depression-related EEG analysis (Zhang et al.,
2025); our protocol instead derives physiological
signals from facial video. Their predictive value
can depend on the elicitation context: Mandal
et al. (2025) model question-wise modality con-
tributions for depression estimation, and TelME
uses cross-modal supervision for emotion recogni-
tion (Yun et al., 2024). Our setting combines four
signal modalities within a standardized robot inter-
action protocol. A common fusion architecture is
trained separately for each screening target, allow-
ing feature contributions to vary across outcomes.

Cultural and linguistic validity. Mental-health
expressions depend on language, school context,
and local understandings of distress. Haval-
dar et al. (2024) model cultural variation with
knowledge-guided lexica and document limita-
tions in language models’ handling of culturally
situated language. Our Chinese school-based col-
lection provides a specific linguistic and cultural
setting for multimodal research. Its measure-

Figure 1: Robot-mediated acquisition and label distri-
bution. The interaction combines questionnaire screen-
ing, interactive tasks, and question answering; the re-
sulting collection contains four signal modalities and
imbalanced screening labels.

ment instrument and recruitment context define
the scope within which the reported results should
be interpreted.

3 System and Dataset

3.1 Robot-mediated interaction

The platform is a portable robot with a touch
screen, camera, speaker, and microphone. An
Android application presents three consecutive
stages: questionnaire-based screening, emotion-
ally evocative tasks, and question answering. The
interaction design draws on hyper-emotion the-
ory (Johnson-Laird et al., 2006), which motivates
examining responses to shared emotional stimuli.
The interface was designed with input from psy-
chologists, school counselors, and parents. Video
and audio are recorded during interaction, while
the backend extracts features for screening-task
prediction rather than diagnosis. The design
aims to reduce the formality of data collection in
schools.

3.2 MAPS collection

The collection involved 3,783 Chinese middle-
school students aged 12–15 recruited across mul-
tiple schools in one province of China. The ana-
lyzed MAPS subset contains 968 records retained
after consent, completeness, and quality-control
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filtering. Each record is associated with labels de-
rived from the Mental Health Inventory of Middle
School Students (MMHI-60; Wang et al., 1997)
and additional expert assessment for suicidal ten-
dency. The 12 binary screening targets are depres-
sion, interpersonal sensitivity, anxiety, obsessive-
compulsive tendencies, paranoid ideation, hostil-
ity, academic stress, maladaptation, emotional dis-
turbance, psychological imbalance, suicidal ten-
dency, and overall mental-health status.

The collection is culturally grounded in a Chi-
nese school context and uses a Chinese adolescent
instrument rather than translating a clinical mea-
sure developed for another population. This makes
it useful for studying cultural and linguistic valid-
ity, but it also limits direct transfer to other lan-
guages, age groups, and health systems. As shown
in Figure 1, positive-label prevalence ranges from
10.54% (psychological imbalance) to 37.81% (aca-
demic stress). Positive cases are the minority for
every target, motivating stratified evaluation and
class-aware interpretation.

3.3 Modalities and preprocessing
The four modalities are face video, audio, text tran-
scripts, and remote physiological signals. Face
processing uses facial landmarks and iris track-
ing; audio is represented by MFCC and wav2vec
2.0 embeddings (Baevski et al., 2020); transcripts
are represented by Chinese RoBERTa (Liu et al.,
2019) and PERT (Cui et al., 2022), using BERT-
family encoders (Devlin et al., 2019); and phys-
iological time series are summarized using time-
series features (Christ et al., 2018). Audio record-
ings are standardized to a 10-second window
through truncation or zero padding. All extracted
features are z-score normalized before fusion.
Open responses are transcribed with the Iflyrec
speech-recognition service. The three multiple-
choice responses are represented by their full se-
lected wording, yielding eight textual responses
alongside five audio responses per participant.

3.4 Interaction protocol and quality control
The protocol was designed to elicit complemen-
tary responses without requiring wearable sensors.
In the first stage, participants complete MMHI-60
in a classroom setting. In the second stage, they
interact with three interactive tasks: Gold Miner,
Minesweeper, and a construction task combining
elements of the House–Tree–Person and Lowen-
feld Mosaic paradigms. The first two tasks ex-

Prompt or scenario

O1 Briefly introduce your interests and hobbies.
O2 Who is your favorite idol? Why?
O3 Who do you admire most? Why?
O4 Share one of the happiest things that happened re-

cently.
O5 Share something that recently bothered you or made

you unhappy.

S1 No classmates make friends with you: remain alone
or initiate contact?

S2 Effort brings poor grades and negative comments:
give up or continue working?

S3 Your parents argue every day: remain silent or ask
them to stop?

Table 1: Question inventory, condensed from the doc-
umented English protocol. Open responses (O) yield
audio and text; situational choices (S) are encoded as
the full selected wording.

pose participants to reward and loss events, while
the construction task records choices and visual
behavior. In the third stage, the robot presents
five open questions and three situational multiple-
choice questions (Table 1). These prompts were
selected with psychologists and school counselors
to cover everyday adolescent experiences without
presenting a diagnostic interview.

Of 3,783 participants, 891 records were ex-
cluded for missing guardian consent, 426 for un-
available facial data, 254 for missing physiological
signals, 391 for missing voice recordings, 299 for
missing transcripts, and 554 for insufficient qual-
ity. The remaining 968 records (25.6% of the ini-
tial cohort) form a complete-case subset. Consent,
availability, and quality filtering may select par-
ticipants with different characteristics or record-
ing conditions. The results therefore describe this
retained subset, not all 3,783 participants. Fa-
cial video is recorded at 30 frames per second
during the interactive tasks and question answer-
ing. The backend estimates physiological signals
from this video using remote photoplethysmogra-
phy (rPPG), retaining corresponding facial frames
and physiological estimates when extraction suc-
ceeds. Thus, facial and physiological representa-
tions share a recording source; a video-quality fail-
ure can affect both.

4 GAME: Task-Specific Multimodal
Fusion

4.1 Unimodal representations
For each participant, the fusion model uses eight
unimodal representations: expression, expres-
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sion nuance, eye movement, physiological signs,
MFCC, wav2vec, PERT, and RoBERTa. These
representations preserve complementary informa-
tion at different temporal and semantic scales.
The text checkpoints are Chinese-roberta-wwm-
ext-large and Chinese-pert-large. Features from
eight textual responses and five audio responses
are averaged within each participant. We use fixed
pretrained feature extractors where applicable and
train the downstream fusion and prediction layers
separately for each target.

The extracted dimensions before projection are
heterogeneous. MFCC is represented as a 13 ×
999 matrix flattened to 12,987 dimensions and
wav2vec 2.0 produces a 1,024-dimensional vec-
tor. Chinese RoBERTa and PERT each pro-
duce 1,024-dimensional representations for the
responses. Face landmarks form an n × 3 ×
468 sequence. Averaging landmarks yields a
1,404-dimensional expression vector; averaging
differences between successive landmark frames
yields a 1,404-dimensional expression-nuance vec-
tor. Iris coordinates are zero-padded to 694×4 and
flattened to a 2,776-dimensional eye-movement
vector. Tsfresh produces a 4,722-dimensional
physiological vector. The 8 × 8 relation matrix is
flattened to 64 dimensions; the attention represen-
tation has 26,365 dimensions. A multilayer per-
ceptron projects every representation to the com-
mon embracement size of 32. The projection
makes these different input sizes compatible with
the embracement layer.

4.2 Cross-modal relation and attention
The first cross-modal feature is a relation graph.
Each unimodal representation is a node, and edges
encode pairwise DTW distances. The extracted
feature vectors are treated as sequences, and dy-
namic time warping (DTW) is used to compare
their unequal lengths. The second feature is an
attention representation. For each unimodal fea-
ture in turn, distances to the remaining features are
converted to normalized weights, and weighted
aligned representations are combined with the ref-
erence feature. Concatenating the eight reference-
specific outputs yields an additional cross-modal
representation.

For two sequences X and Y , we use a squared
point-wise distance and dynamic programming to
compute the alignment cost:

D(i, j) = ∥xi − yj∥22 +min
ℓ∈△

D(ℓ), (1)

where △ = {(i−1, j), (i, j−1), (i−1, j−1)} con-
tains the three admissible predecessors. The final
DTW distance is D(m,n), with D(0, 0) = 0 and
infinite costs on the remaining zero-index bound-
aries. For a reference feature, a softmax transfor-
mation of its pairwise DTW distances produces
normalized weights for the other features. The
weighted aligned sequence is added to the refer-
ence representation. Repeating this operation for
all eight references produces eight aligned views,
which are concatenated into the attention feature.
This is a heuristic over ordered feature coordinates,
not temporal alignment of the original signals. Co-
ordinates from different encoders do not share a
semantic axis, and the cost depends on coordi-
nate order and sequence length; z-score normal-
ization alone does not remove these differences.
The resulting weights should therefore not be inter-
preted as calibrated cross-modal similarity. Joint-
representation metrics such as MAJORScore (Du
et al., 2025) offer an alternative approach to as-
sessing relevance across three or more modalities;
their applicability to these heterogeneous screen-
ing features remains to be tested.

4.3 EmbraceNet fusion and target-specific
prediction

The eight unimodal features and two cross-modal
features are projected into a common docking
space and fused with EmbraceNet (Choi and Lee,
2019). We train a separate model for each of the
12 binary screening targets. For task t,

ŷt = gt
(
Embracet

(
{dk,t}10k=1

))
, (2)

where dk,t denotes a representation docked by the
model for target t. The embracement size is 32.
The architecture and feature-extraction procedure
are reused across targets, but fusion and predic-
tion parameters are learned independently. Target-
specific feature use arises through this indepen-
dent supervised training.

EmbraceNet uses a docking layer for each in-
put and a probability-based embracement layer.
For input x(k), the kth docking output is d(k) =
fa(W

(k)x(k) + b(k)). For each embracement coor-
dinate, a one-hot sample from a multinomial dis-
tribution selects one docked representation, and
the selected vectors are summed. This stochastic
selection provides an interface for future modal-
ity dropout. In the present experiments, however,
evaluation is performed on the complete-case sub-
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set; robustness to systematically missing modali-
ties is therefore an open empirical question rather
than an established property of this study.

5 Experimental Setup

5.1 Evaluation protocol

We use stratified 10-fold cross-validation, preserv-
ing the class ratio for each target. Accuracy,
weighted precision, weighted recall, and weighted
F1 are computed for each fold and then averaged.
The use of stratification is important because sev-
eral targets are substantially imbalanced. The
reported results are screening-task performance
against questionnaire- and expert-derived labels;
they do not establish psychiatric diagnosis, treat-
ment benefit, or clinical deployment readiness.

We compare with SVM-RBF, random forest,
and gradient boosting; SVM-Polynomial was also
evaluated but is omitted from the compact ta-
ble. Classical results are averages across sepa-
rate feature-wise experiments using unimodal and
cross-modal representations, whereas the fusion
model combines all ten representations. These are
descriptive comparisons, not matched all-feature
baselines, and they cannot isolate the effect of the
proposed fusion architecture. Matched concate-
nation and EmbraceNet-only baselines would fur-
ther isolate the contribution of the cross-modal fea-
tures.

5.2 Labels and measurement interpretation

MMHI-60 contains 60 Likert-style items scored
from 1 to 5. Ten subscales correspond to depres-
sion, interpersonal sensitivity, anxiety, obsessive-
compulsive tendencies, paranoid ideation, hostil-
ity, academic stress, maladaptation, emotional dis-
turbance, and psychological imbalance. A sub-
scale mean of at least 2 is treated as positive.
Overall mental-health status is positive when the
sum of the 60 item scores exceeds 120, and suici-
dal tendency uses the questionnaire together with
psychiatrist-provided screening advice. These la-
bels are useful operational targets for a screening
study, but they are not equivalent to structured clin-
ical diagnoses. Throughout the paper, a positive
label indicates a screening outcome.

5.3 Metrics and statistical protocol

For each target, we calculate accuracy, weighted
precision, weighted recall, and weighted F1. If nc

is the number of examples in class c, the weighted

score is
∑

c(nc/N)mc, where mc is the class-
specific metric. We report fold means from ten
stratified folds. For class-aware analysis, we ad-
ditionally use the original confusion matrices, ob-
tained by averaging fold counts and then normal-
izing over all cells. From their four-decimal en-
tries, we derive sensitivity TP/(TP+FN), speci-
ficity TN/(TN + FP ), balanced accuracy (their
mean), and macro-F1 (the unweighted mean of
positive- and negative-class F1). These approxi-
mate aggregate metrics differ from means of fold-
level scores. We do not claim statistical signifi-
cance from the cross-validation means because the
evaluation does not include independent repeated
trials or an external test cohort.

5.4 Main results
Table 2 reports results for all 12 tasks. The fu-
sion model obtains weighted F1 values between
71.32% and 91.06%, with the lowest scores on
obsessive-compulsive tendencies and the highest
score on psychological imbalance. Accuracy
ranges from 73.04% to 92.77%. Across targets,
the model exceeds the reported feature-wise clas-
sical averages, although the absolute difference
varies with prevalence and label separability.

The highest raw GAME accuracy is for psy-
chological imbalance (92.77% accuracy; 91.06%
weighted F1), whereas obsessive-compulsive ten-
dencies have the lowest scores. Class preva-
lence provides essential context: Figure 1 re-
ports 89.46% negative labels for psychological
imbalance, so the reported accuracy exceeds an
always-negative predictor by only 3.31 percentage
points. The class-aware analysis below shows why
this difference alone does not establish practical
screening benefit.

For comparison, academic stress reaches
74.18% accuracy against 62.19% negative-class
prevalence, a gap of 11.99 percentage points. For
obsessive-compulsive tendencies, the gap is 10.64
points (73.04% versus 62.40%). These cohort-
based reference calculations show that the high-
est raw accuracy need not indicate the largest im-
provement over a constant prediction rule.

5.5 Class-aware screening performance
Table 3 summarizes the existing aggregate confu-
sion matrices. Sensitivity ranges from approxi-
mately 24.9% to 52.4%, while specificity ranges
from 87.4% to 99.9%. Balanced accuracy is
62.4–70.5%, substantially below the raw accuracy
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Figure 2: Overview of feature extraction and GAME fusion. Four signal modalities yield eight unimodal represen-
tations; relation-graph and attention features are then fused by an EmbraceNet backbone for 12 screening tasks.

range. For suicidal tendency, sensitivity is 30.4%,
specificity 99.2%, balanced accuracy 64.8%, and
macro-F1 68.6%; about 69.6% of positive screen-
ing labels are missed. For psychological imbal-
ance, sensitivity is 33.3% despite 92.77% accu-
racy. Thus, the evaluated models favor the major-
ity negative class and cannot be regarded as vali-
dated stand-alone screening tools.

These values are recomputed from rounded
summaries, without retraining or changing the de-
cision rule. Fold-level predictions are needed to
quantify uncertainty and compare models reliably;
aggregate matrices alone do not recover fold vari-
ability. Further evaluation should report confi-
dence intervals and examine sensitivity–specificity
trade-offs with threshold selection confined to
training/validation data.

6 Analysis and Discussion

6.1 Feature ablation

Removing one representation at a time shows
that feature value is task dependent. In accuracy,
wav2vec and facial expression features have the

largest average effects, followed by RoBERTa, ex-
pression nuance, relation graph, eye movement,
PERT, attention, physiological signs, and MFCC.
For weighted F1, attention and RoBERTa are espe-
cially influential. For example, removing attention
substantially reduces performance on anxiety and
obsessive-compulsive tendencies, while removing
wav2vec affects emotional-disturbance prediction.
These findings argue against treating one channel
as a universal proxy for mental state.

Accuracy and weighted F1 yield different fea-
ture rankings (Figure 3). Because weighted F1
weights class-specific scores by support, an im-
provement does not establish minority-class sta-
bility. Ablations describe model dependence on
features; they do not identify causal biomarkers
or provide a clinical explanation (Chaddad et al.,
2023).

6.2 Target-specific feature contributions
The contribution profiles in Figure 3(c) comple-
ment the removal experiments. Attention has
the highest reported contribution for depression;
physiological features for interpersonal sensitiv-
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Accuracy (%) Weighted F1 (%)
Target SVM-RBF RF GBDT GAME SVM-RBF RF GBDT GAME

Overall mental health 70.15 83.08 82.23 89.26 69.78 76.82 76.86 87.49
Depression 60.98 72.86 71.30 80.16 56.87 63.35 64.19 76.80
Interpersonal sensitivity 70.29 80.15 79.07 85.85 68.56 72.59 72.88 82.76
Anxiety 57.04 68.38 66.44 77.58 52.01 58.21 59.49 74.83
Obsessive-compulsive 53.67 60.87 59.25 73.04 49.44 52.50 54.89 71.32
Paranoid ideation 72.17 82.58 81.38 87.08 70.13 75.71 75.74 83.59
Hostility 70.95 81.47 80.41 86.78 69.21 74.24 74.50 83.54
Academic stress 57.10 61.11 59.53 74.18 49.52 53.02 54.98 73.06
Maladaptation 68.16 86.30 84.83 90.08 67.17 80.67 80.32 87.65
Emotional disturbance 55.67 68.74 66.61 77.17 50.56 59.22 59.70 73.00
Psychological imbalance 75.15 89.25 88.25 92.77 76.19 84.44 84.43 91.06
Suicidal tendency 68.45 79.53 78.20 85.43 65.71 71.27 71.70 82.20

Table 2: Screening performance under stratified evaluation. Classical columns average separate feature-wise ex-
periments; GAME combines all ten representations and reports 10-fold means. Inputs are therefore not matched
across columns. All values are percentages.

Target Sens. Spec. Bal. acc. Macro-F1

Overall mental health 42.1 98.9 70.5 75.5
Depression 33.3 97.5 65.4 67.7
Interpers. sensitivity 30.5 99.4 64.9 68.8
Anxiety 39.3 94.6 66.9 68.6
Obsessive-compulsive 46.2 89.2 67.7 68.4
Paranoid ideation 24.9 99.9 62.4 66.2
Hostility 28.0 99.7 63.9 67.9
Academic stress 52.4 87.4 69.9 70.7
Maladaptation 28.1 99.5 63.8 68.7
Emotional disturb. 30.8 98.2 64.5 65.6
Psychol. imbalance 33.3 99.8 66.5 72.7
Suicidal tendency 30.4 99.2 64.8 68.6

Table 3: Approximate class-aware metrics (%) derived
from the original rounded, aggregate confusion matri-
ces. These are post-hoc summaries of the existing pre-
dictions, not new experiments or means of fold-level
metrics. Positive labels denote screening outcomes.

ity, paranoid ideation, and psychological imbal-
ance; MFCC for anxiety; and PERT for obsessive-
compulsive tendencies. RoBERTa ranks highest
for hostility, academic stress, and suicidal ten-
dency, while eye movement ranks highest for
maladaptation and overall mental-health status.
Wav2vec ranks highest for emotional disturbance.
These parameter-derived profiles are descriptive
summaries; their ranking is not a validated mea-
sure of clinical importance.

Contribution ratios and ablation effects answer
different questions: the former describe feature
use in a fitted model, whereas the latter measure
the performance change when an input represen-
tation is removed. Their rankings need not coin-
cide. Moreover, removing wav2vec leaves MFCC

available, and removing PERT leaves RoBERTa
available; these experiments do not remove the en-
tire acoustic or textual modality. The results mo-
tivate testing reduced-sensor protocols tailored to
a screening objective, with modality-subset evalu-
ation needed to establish which measurements can
be omitted.

6.3 Cross-target screening associations
We examine associations through label co-
occurrence and cross-target model transfer. Co-
occurrence counts participants positive on pairs of
screening targets. Transfer applies a model trained
for one target to another target’s labels, produc-
ing a task-association matrix. The first reflects the
questionnaire and sampled population; the second
reflects predictive similarity in the fitted models.

The analyses identify depression–anxiety,
anxiety–emotional disturbance, and associations
of suicidal tendency with depression, anxiety,
academic stress, and emotional disturbance.
Transfer patterns also suggest links involving
maladaptation, paranoid ideation, and psycholog-
ical imbalance. These are hypotheses for clinical
follow-up: shared class imbalance and correlated
screening labels can produce cross-target accuracy
without establishing diagnostic comorbidity. This
interpretation follows the emphasis on measure-
ment validity in clinical NLP (Milintsevich et al.,
2024; Shani and Stade, 2025).

6.4 Multicultural and multilingual relevance
Chinese transcripts, school-related prompts, and
MMHI-60 place the collection in a specific linguis-
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Figure 3: Feature ablation and model contributions. Panels (a) and (b) show changes in accuracy and weighted F1
after removing individual representations; negative values indicate decreases. Panel (c) shows the reported feature
contribution ratios for each independently trained target model.

tic and cultural setting. Cross-lingual evaluation,
dialect coverage, and measurement-invariance
tests remain necessary. Translation alone can-
not establish that prompts elicit comparable con-
structs or that screening thresholds have compa-
rable meaning. Parallel studies should report
subgroup performance and examine whether fea-
ture contributions and error profiles remain stable
across settings (Havaldar et al., 2024).

6.5 Missing modalities and deployment

Complete-case evaluation does not represent
deployment-time availability. Head movement,
lighting, or occlusion can impair both facial track-
ing and rPPG; declined recording or failed tran-
scription can remove acoustic or textual inputs.
Although EmbraceNet permits modality selec-
tion, explicit missing-modality conditions were
not evaluated. Future experiments should test
modality subsets and realistic availability patterns,
subject to consent, and report worst-group as well
as average performance.

6.6 Data expansion and model refinement

As an initial study, this work establishes a col-
lection and modeling workflow for subsequent
iteration. We plan to extend data collection
across schools and improve representation of pos-
itive screening cases, subject to consent and eth-
ical approval. Algorithm development will ex-
amine class-aware training objectives and thresh-
old selection within training/validation data to
improve positive-case detection while tracking
false-positive rates. Matched-input baselines
and school-held-out evaluation will help assess
whether revised fusion methods provide repro-
ducible gains beyond the current cohort. These
are planned directions rather than completed ex-
periments.

7 Ethical Considerations

The study was approved by the Life Ethics Com-
mittee of Tsinghua Shenzhen International Gradu-
ate School, Tsinghua University (Protocol No. 41,
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2021; approved June 7, 2021). All participants re-
tained for analysis had written informed consent
from both the adolescent and their legal guardian;
records lacking guardian consent for further anal-
ysis were excluded. Raw audiovisual and psycho-
logical data are not publicly released. Access is
subject to ethical and privacy review, including for
embeddings that may retain identifying informa-
tion.

Any future use must include human review
and an escalation pathway for distress or suicide-
related responses. A prediction alone should not
determine diagnosis or intervention. Consent, re-
tention, access, and deletion procedures must ac-
count for the sensitivity of minors’ data and the
intended use.

8 Limitations

The data come from Chinese adolescents in a lim-
ited geographic and institutional context. Only
25.6% of the initial cohort is retained, and con-
sent or recording-quality selection may alter the
population represented. Retained-versus-excluded
comparisons should use only data permitted by
consent. No school-held-out or external-cohort
evaluation is available, so random stratified folds
do not establish transfer to new schools, cultures,
or age groups.

Labels reflect MMHI-60 and expert screening
assessment rather than structured diagnoses. For
suicidal tendency, the available description does
not establish a reproducible adjudication protocol
or inter-rater agreement. Low positive-class sen-
sitivity limits screening utility, while rounded ag-
gregate metrics cannot establish uncertainty. The
feature-wise classical comparisons do not isolate
architectural gains; matched-input concatenation
and EmbraceNet-only comparisons remain neces-
sary.

DTW over heterogeneous feature coordinates is
a heuristic, and the contribution profiles and abla-
tions do not establish causal biomarkers. Facial,
voice, physiological, and language signals may
encode demographic or cultural biases. Missing-
modality robustness, temporal stability, threshold
calibration, and prospectively supervised clinical
use remain untested.

9 Conclusion

We presented an initial study connecting MAPS
and GAME: a standardized robot interaction pro-

tocol and independently trained multimodal mod-
els for 12 adolescent mental-health screening tar-
gets. The collection and target-specific analy-
ses provide a foundation for further work in Chi-
nese school settings. Next steps are to expand
the cohort, refine the algorithms with attention to
positive-case detection, and assess transfer across
schools. External validation and clinically su-
pervised evaluation remain necessary to establish
practical screening utility.
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