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Abstract

The deployment of artificial intelligence models in psychiatric care faces a crit-
ical challenge: models trained in one healthcare institution often fail to gener-
alize across different populations, clinical practices, and healthcare systems.
This study investigates domain adaptation and robustness techniques to ensure
psychiatric AI models maintain predictive accuracy when deployed across di-
verse institutional settings. We developed a comprehensive framework inte-
grating transfer learning, adversarial domain adaptation, and federated learn-
ing approaches to address cross-institutional heterogeneity. Using synthetic
clinical datasets representing six distinct hospitals with varying patient de-
mographics, treatment protocols, and documentation practices, we evaluated
model performance under realistic non-independent and identically distrib-
uted conditions. Our domain adaptation approach achieved mean AUC-ROC
of 0.847 (95% CI: 0.815 - 0.879) across target institutions, representing a 9.1%
improvement over direct model deployment without adaptation. Feature im-
portance analysis identified age, depression severity scores, prior hospitaliza-
tions, and medication adherence as domain-invariant predictors, while hospi-
tal type and documentation style emerged as domain-specific confounders.
Risk stratification analysis demonstrated consistent performance across insti-
tutions, with observed readmission rates ranging from 7.5% - 8.9% in the low-
est risk category to 79.5% - 83.8% in the highest risk category. These findings
establish that domain adaptation techniques can effectively mitigate institu-
tional heterogeneity, enabling reliable deployment of psychiatric AI models
across diverse healthcare settings while maintaining predictive accuracy and
clinical utility.

DOI: 10.4236/0alib.1115350 May 27, 2026 1

Open Access Library Journal


https://doi.org/10.4236/oalib.1115350
http://www.oalib.com/journal
https://orcid.org/0000-0001-9101-072X
https://orcid.org/0000-0002-5102-4999
https://doi.org/10.4236/oalib.1115350
http://creativecommons.org/licenses/by/4.0/

R. de Filippis, A. Al Foysal

Subject Areas

Artificial Intelligence, Psychiatry & Psychology

Keywords

Domain Adaptation, Transfer Learning, Psychiatric Ai, Cross-Institutional
Generalization, Federated Learning, Machine Learning Robustness, Precision
Psychiatry, Clinical Decision Support

1. Introduction

Artificial intelligence and machine learning have demonstrated substantial poten-
tial for improving psychiatric care through predictive modelling, diagnostic assis-
tance, and treatment optimization [1]. Recent advances in deep learning and en-
semble methods have enabled the development of sophisticated models capable
of predicting clinical outcomes such as hospital readmission, treatment response,
and suicide risk with accuracies approaching or exceeding traditional clinical as-
sessment [2]. However, a critical barrier to widespread clinical deployment is the
challenge of cross-institutional generalization: models trained in one healthcare
setting often exhibit significant performance degradation when applied to patient
populations from different institutions [3].

The generalization challenge in psychiatric Al stems from multiple sources of
institutional heterogeneity. Patient populations differ across hospitals in demo-
graphic composition, socioeconomic status, illness severity, and comorbidity
profiles [4]. Clinical practices vary in treatment protocols, medication prefer-
ences, and discharge planning procedures. Documentation practices differ in
coding conventions, assessment instruments, and electronic health record struc-
tures [5]. These variations create domain shifts that can substantially degrade
model performance when models are deployed outside their training environ-
ment [6].

Domain adaptation techniques offer a promising approach to addressing cross-
institutional heterogeneity [7]. These methods aim to learn representations that
are invariant across domains while preserving predictive power for the target task.
Transfer learning approaches leverage knowledge from a source domain to im-
prove learning in a related target domain [8]. Adversarial training methods learn
domain-invariant features by training a classifier to distinguish between domains
while the feature extractor learns to confuse it [9]. Federated learning enables col-
laborative model training across institutions without centralizing sensitive patient
data [10].

Figure 1 illustrates our proposed cross-institutional domain adaptation frame-
work for psychiatric AI models. The framework integrates multiple adaptation
strategies to enable model generalization from a source hospital to diverse target

institutions while maintaining predictive accuracy and clinical utility.
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Cross-institutional domain adaptation framework for psychiatric Al
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Figure 1. Cross-Institutional domain adaptation framework. The framework integrates
transfer learning, adversarial training, and feature alignment to enable model generaliza-
tion from a source hospital to diverse target institutions while maintaining predictive ac-
curacy.

This study makes the following key contributions:

1) We develop a comprehensive domain adaptation framework specifically de-
signed for psychiatric Al applications, integrating transfer learning, adversarial
training, and federated learning approaches.

2) We characterize the sources and impact of institutional heterogeneity on psy-
chiatric prediction models using realistic synthetic datasets representing diverse
hospital settings.

3) We identify domain-invariant features that maintain predictive power across
institutions versus domain-specific confounders that contribute to performance
degradation.

4) We demonstrate that domain adaptation techniques can achieve centralized-
level performance across diverse target institutions while preserving data privacy
and regulatory compliance.

5) We provide practical guidance for implementing cross-institutional Al de-

ployment in psychiatric care settings.

2. Related Work
2.1. Domain Adaptation in Healthcare Al
Domain adaptation has emerged as a critical area in machine learning research,

addressing the problem of training models on data from a source domain that

must perform well on a different but related target domain [11]. In healthcare
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applications, domain adaptation techniques have been applied to medical imag-
ing, electronic health record analysis, and clinical prediction tasks [12]. Early ap-
proaches focused on feature-based methods that transform data to minimize dis-
tribution differences between domains [13]. More recent work has explored deep
learning approaches that learn domain-invariant representations through adver-

sarial training or discrepancy-based methods [14].

2.2. Cross-Institutional Generalization Challenges

The challenge of model generalization across healthcare institutions has been
documented across multiple medical specialties [15]. Studies have shown that
machine learning models for sepsis prediction, mortality risk stratification, and
length-of-stay estimation exhibit substantial performance degradation when
transferred between hospitals [16]. These failures have been attributed to differ-
ences in patient populations, clinical practices, data collection procedures, and
documentation conventions [17]. The psychiatric context presents unique chal-
lenges due to the subjective nature of symptom assessment, variability in diag-
nostic practices, and the influence of cultural and social factors on illness presen-

tation [18].

2.3. Federated Learning for Privacy-Preserving Collaboration

Federated learning has emerged as a promising paradigm for training machine
learning models across decentralized data sources without sharing raw patient
data [19]. In this approach, model parameters are shared and aggregated centrally
while training data remains at each institution [20]. This approach addresses pri-
vacy regulations such as HIPAA and GDPR while enabling collaborative model
development on larger, more diverse datasets [21]. Recent work has explored fed-
erated learning for healthcare applications including medical imaging, clinical

prediction, and drug discovery [22].

3. Methods
3.1. Study Design and Data Sources

We conducted a simulation study modelling six distinct hospitals with heteroge-
neous psychiatric patient populations. The source hospital represented a large ac-
ademic medical center with comprehensive psychiatric services. Five target hos-
pitals represented diverse clinical settings: a community health center serving un-
derserved urban populations, a veteran’s affairs hospital, a private psychiatric in-
stitute, a rural regional hospital, and a university-affiliated tertiary care center
[23].

3.2. Synthetic Data Generation

Patient data were synthesized using a multivariate Gaussian framework. Each pa-

tient was represented by 18 clinical features drawn from a multivariate normal
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distribution N(, Zs), where 1 and X are site-specific mean vectors and covari-
ance matrices calibrated to published psychiatric cohort statistics [24]-[26]. Co-
variance structure was specified to reflect known clinical correlations: PHQ-9 and
GAD-7 scores were correlated at r = 0.62; prior hospitalizations and illness dura-
tion at r = 0.54; medication adherence and readmission probability at r = —0.48.
The 30-day readmission label was generated via a logistic function of a weighted
linear combination of the 18 features, with coefficients derived from published
readmission risk literature [18] [19]: P(readmission) = o( % + fi-PHQ9 + B>-pri-
orAdmissions + Sr-adherence + €), where e~N (0, 0.1) introduces label noise. Site-
specific distribution shifts were introduced along three axes: 1) covariate shift g
was shifted by a site-specific offset vector drawn from U (-1.5, 1.5) per feature; 2)
missingness each target site had a randomly assigned missing-at-random rate of
5% - 20% per feature, imputed using multivariate mean imputation computed
from source training data; 3) label noise target sites received an additional Ber-
noulli noise term on readmission labels with site-specific flip probability drawn
from U (0.02, 0.08), simulating diagnostic coding variability. Source hospital: n =
2500. Target hospitals A-E: n = 500, 600, 650, 750, 800 respectively, reflecting re-

alistic multi-site recruitment asymmetry.

3.3. Domain Adaptation Approaches

We evaluated three domain adaptation approaches: 1) Transfer learning with fine-
tuning, where a base model trained on source data is adapted to target data
through continued training with reduced learning rates [27]; 2) Adversarial do-
main adaptation, which trains a domain discriminator to distinguish between
source and target features while the feature extractor learns to produce domain-
invariant representations [28]; and 3) Federated learning with domain aggrega-
tion, which trains a global model across all institutions while preserving data lo-
cality [29].

Site Proxy Variables at Deployment: Variables including hospital type, treat-
ment protocol, documentation style, and geographic region (identified as do-
main-specific confounders in Section 4.3) were included as model inputs during
source training but were explicitly excluded from the final prediction head at de-
ployment. This separation was implemented to prevent the model from exploiting
site identity as a shortcut predictor, which would inflate apparent adaptation per-
formance and reduce real-world portability. At deployment, only the 12 domain-
invariant clinical features (PHQ-9, GAD-7, prior hospitalizations, medication ad-
herence, age, illness duration, gender, socioeconomic status, substance use, social
support, trauma history, diagnosis) were passed to the prediction head. The six
site-proxy features were used only by the domain discriminator during adversarial
training and discarded thereafter. Target Data Availability per Adaptation
Method. The three evaluated methods differed in what target-site data were avail-
able during adaptation. 1) Transfer learning with fine-tuning: required a small,

labelled target set (n = 50 - 100 labelled patients per site), used exclusively for
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continued gradient updates on the pre-trained source model. 2) Adversarial do-
main adaptation: used unlabelled target data only during domain discriminator
training; labels from the target site were withheld during feature-extractor train-
ing to simulate an unsupervised adaptation setting. 3) Federated learning: each
target site contributed both labelled local data and participated in federated aver-
aging rounds; no raw data left the local site. In all cases, adaptation data were
drawn from a held-out partition of each target hospital’s dataset, separate from

the test set used for final evaluation.

3.4. Model Architecture and Training

The base predictive model was a gradient boosting classifier (GBM; 200 estima-
tors, max depth 5, learning rate 0.1), selected for its strong performance with tab-
ular clinical data. This GBM served as the prediction head in all three adaptation
pipelines. For transfer learning, the GBM was re-fitted on target labeled data using
source-trained leaf weights as initialization via warm-starting. For adversarial do-
main adaptation, the GBM feature layer was replaced with a two-layer MLP en-
coder (256 > 128 units, ReLU activations), producing a 128-dimensional embed-
ding fed to both the GBM prediction head and a gradient-reversal domain dis-
criminator (two fully connected layers, sigmoid output); the entire system was
trained end-to-end using gradient reversal, with convergence assessed over 50
epochs using early stopping on validation AUC. For federated learning, a global
GBM was aggregated using FedAvg across all six sites over 20 communication
rounds [30]. The gradient boosting base model was not used standalone for ad-
versarial training; the MLP encoder described above was the feature extractor in

that pipeline.

3.5. Evaluation Metrics

Primary performance metrics included area under the receiver operating charac-
teristic curve (AUC-ROC), accuracy, precision, recall, and F1-score [31]. Calibra-
tion was assessed using Brier score and calibration plots [32]. Cross-institutional
consistency was evaluated using correlation of performance metrics and predic-
tion distributions across hospitals. Feature importance was quantified using
SHAP values to identify domain-invariant versus domain-specific predictors [33].
All reported mean performance values and 95% confidence intervals were com-
puted over 20 independent simulation replicates with different random seeds
(seeds 1 - 20), each producing a fresh synthetic dataset, train/test partition, and
model initialization. CIs were derived as the 2.5th and 97.5th percentiles of the
replicate distribution. The train/test split was 80/20 within each hospital, stratified
by readmission label. Hyperparameter selection (number of estimators, max
depth, learning rate, MLP hidden size, adversarial loss weight 1) was performed
by grid search on a held-out 10% validation partition from the source hospital

only, prior to any target-site evaluation.
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4. Results

4.1. Performance Comparison Across Institutions

The source model achieved AUC-ROC of 0.891 (95% CI: 0.872 - 0.910) on held-
out test data from the source hospital. When directly deployed to target hospitals
without adaptation, performance degraded substantially with mean AUC of 0.756
(95% CI: 0.728 - 0.784) across target institutions. Domain adaptation techniques
recovered much of this performance loss, achieving mean AUC of 0.847 (95% CI:
0.815 - 0.879) across target institutions, representing a 9.1% improvement over
direct deployment without adaptation.

Figure 2 presents the performance comparison across healthcare institutions.
The domain adaptation approach achieved clinically acceptable performance
(AUC greater than 0.80) at all target hospitals, whereas direct deployment without
adaptation fell below the clinical utility threshold at three of five target institu-

tions. Table 1 presents detailed performance metrics across all institutions.

Model Performance Across Healthcare Institutions
With and Without Domain Adaptation

o
@
&

Performance Score
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S
&
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Figure 2. Model performance across healthcare institutions. Comparison of AUC-ROC
and accuracy for source hospital, target hospitals without adaptation, and with domain ad-
aptation. Error bars represent 95% confidence intervals. The dashed line indicates the clin-
ical utility threshold (AUC = 0.80).

Table 1. Full per-institution performance metrics across all baselines and adaptation methods. Values are means over 20 simulation

replicates; 95% ClIs omitted from table for readability but reported in text.

Hospital Approach AUC-ROC Accuracy Precision Recall F1 Brier

Source Source model 0.891 82.5% 0.78 0.81 0.79 0.141
Target A No adaptation 0.748 70.1% 0.63 0.67 0.65 0.203
Target A Transfer learning 0.831 77.4% 0.72 0.76 0.74 0.162
Target A Adversarial DA 0.847 79.2% 0.74 0.78 0.76 0.156
Target A Federated learning 0.839 78.1% 0.73 0.77 0.75 0.159
Target B No adaptation 0.741 69.3% 0.62 0.65 0.63 0.211
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Continued
Target B Transfer learning 0.812 75.6% 0.70 0.73 0.71 0.171
Target B Adversarial DA 0.823 76.8% 0.71 0.75 0.73 0.163
Target B Federated learning 0.817 76.2% 0.71 0.74 0.72 0.166
Target C No adaptation 0.763 72.4% 0.66 0.70 0.68 0.194
Target C Transfer learning 0.841 78.8% 0.75 0.77 0.76 0.158
Target C Adversarial DA 0.856 80.1% 0.76 0.79 0.77 0.151
Target C Federated learning 0.848 79.5% 0.75 0.78 0.76 0.154
Target D No adaptation 0.752 70.8% 0.64 0.67 0.65 0.208
Target D Transfer learning 0.819 76.3% 0.71 0.74 0.72 0.167
Target D Adversarial DA 0.838 78.4% 0.73 0.77 0.75 0.158
Target D Federated learning 0.829 77.6% 0.72 0.76 0.74 0.162
Target E No adaptation 0.776 73.2% 0.67 0.71 0.69 0.187
Target E Transfer learning 0.848 79.3% 0.75 0.78 0.76 0.157
Target E Adversarial DA 0.861 80.9% 0.77 0.80 0.78 0.149
Target E Federated learning 0.853 80.1% 0.76 0.79 0.77 0.152
Mean (adapted) Adversarial DA 0.847 79.2% 0.74 0.78 0.76 0.156

Across all five target hospitals, adversarial domain adaptation consistently out-
performed both no-adaptation and transfer learning baselines on AUC-ROC, ac-
curacy, and Brier score. Federated learning ranked second overall, achieving AUC
values within 0.01 of adversarial DA while requiring no labelled target data cen-
tralization. The largest absolute gain from adaptation was observed at Target B
(AAUC = +0.082) and the smallest at Target E (AAUC = +0.085), indicating con-
sistent benefit across heterogeneous site profiles.

4.2. ROC Analysis

ROC curves demonstrated excellent discrimination for the domain adaptation ap-
proach, with AUC values significantly exceeding the 0.80 threshold for clinical
utility across all target hospitals [34]. Figure 3 presents the ROC curves compar-
ing the source model, target deployment without adaptation, domain adaptation,
and federated learning approaches. The source model without adaptation showed
inferior performance, particularly at low false positive rates where clinical utility

is maximized.

4.3. Feature Importance Analysis

Feature importance analysis revealed distinct patterns for domain-invariant versus
domain-specific features. Figure 4 presents the SHAP-based feature importance
analysis. Clinical variables including PHQ-9 depression scores, prior hospitaliza-
tions, medication adherence, age, illness duration, and GAD-7 anxiety scores
showed consistent importance across all institutions, identifying them as domain-
invariant predictors. In contrast, institutional variables such as hospital type,

treatment protocol, insurance status, documentation style, geographic region, and
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staff training showed variable importance across sites, indicating their role as do-

main-specific confounders [35].
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Figure 3. Receiver operating characteristic curves for cross-institutional generalization.

Comparison of source model, target deployment without adaptation, domain adaptation,
and federated learning approaches. The optimal operating point (sensitivity = 0.79, speci-
ficity = 0.85) is indicated by the red star.

Feature Importance Analysis: Domain Adaptation
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Figure 4. Feature importance analysis using SHAP values. Domain-invariant features (left) maintain consistent predictive power
across institutions with lower variability, while domain-specific features (right) show higher variability across institutions.
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4.4. Calibration Analysis

Calibration plots assessed the reliability of predicted probabilities for clinical de-
cision-making. Figure 5 presents the calibration curves for the source hospital,
target hospital without adaptation, and target hospital with domain adaptation.
The domain adaptation approach demonstrated well-calibrated probability esti-
mates across all target hospitals, with predicted probabilities closely matching ob-
served frequencies (Brier score = 0.156). Direct deployment without adaptation
showed systematic miscalibration (Brier score = 0.198), with overestimation of

risk at lower probability ranges and underestimation at higher ranges [36].

Calibration Plot: Cross-Institutional Model Performance
Reliability of Predicted Probabilities
1.0- -
== Perfect Calibration ’,
=@~— Source Hospital (Brier = 0.142)
-l Target A (No Adapt, Brier = 0.198)
=&— Target A (Adapted, Brier = 0.156)

0.8 -

o
o

Observed Frequency
o
=~

Overestimation
without adaptation

0.2-

02 0.4 056 0.8 10
Mean Predicted Probability

Figure 5. Calibration plot for cross-institutional model performance. Perfect calibration
indicated by the diagonal dashed line. The domain adaptation approach achieves well-cal-
ibrated predictions comparable to the source hospital, while deployment without adapta-
tion shows systematic miscalibration.

4.5. Confusion Matrix Analysis

Confusion matrices revealed the impact of domain adaptation on classification
accuracy. Figure 6 presents the confusion matrices for the source hospital, target
hospital without adaptation, and target hospital with domain adaptation. Without
adaptation, target hospitals showed increased false positives and false negatives
compared to source performance. Domain adaptation reduced both error types,
approaching source-level performance. The largest improvements were observed
in reducing false negatives, which are particularly critical for patient safety in re-

admission prediction [37].
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Confusion Matrices: Impact of Domain Adaptation on Classification Performance
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Target A (With Adaptation)
Accuracy: 82.5% Accuracy: 71.2%

Accuracy: 78.4%

400
350 160

300

No Readmission
No Readmission
No Readmission

- 250

Actual
Count
Actual

-200

- 100

Readmission
Readmission
Readmission

-150

- 80
-100

No Readmission Readmission No Re i d No Readmission Readmission
Predicted Predicted Predicted

Figure 6. Confusion matrices showing impact of domain adaptation. Classification performance at source hospital (left), target

without adaptation showing degraded performance (center), and target with domain adaptation showing recovered performance
(right).

4.6. Learning Curve Analysis

Learning curves demonstrated the convergence behaviour of domain adaptation
over training epochs. Figure 7 presents the learning curves for different ap-
proaches. The domain adaptation approach showed steady improvement during
the first 12 epochs, converging to stable performance by epoch 35. Without adap-
tation, target performance remained suboptimal throughout training, indicating
that additional training data from the source domain alone cannot overcome in-

stitutional heterogeneity [38].

Learning Curve: Domain Adaptation Convergence
Performance Improvement Over Training Epochs
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Figure 7. Learning curve showing domain adaptation convergence. Performance improve-
ment over training epochs demonstrating that domain adaptation converges to near-source

performance while training without adaptation plateaus at lower performance levels.

4.7. Risk Stratification Consistency

Risk stratification analysis evaluated the consistency of predicted risk categories
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across institutions. Figure 8 presents the observed readmission rates by predicted
risk category across hospitals. Patients were stratified into five risk categories
based on predicted readmission probability. Observed readmission rates showed
consistent patterns across hospitals, with the lowest risk category showing 7.5% -
8.9% readmission rates and the highest risk category showing 79.5% - 83.8% rates.
This 10-fold risk gradient supports the clinical utility of the domain adaptation
approach for identifying high-risk patients regardless of institutional setting [39].

Risk Stratification Consistency Across Institutions
Observed vs. Predicted Readmission Rates
100 -
W Source Hospital
W Target Hospital A
B Target HospitalB e
B Target Hospital C

80 -

60 -

40 -

Consistent risk str
across all i ns
(p < 0.001)

Observed Readmission Rate (%)

. I

Very Low Low Moderate High Very High
(<20%) (20-40%) (40-60%) (60-80%) (>80%)

Predicted Risk Category

Figure 8. Risk stratification consistency across institutions. Observed readmission rates by
predicted risk category demonstrate consistent performance across source and target hos-
pitals, supporting clinical utility for identifying high-risk patients.

5. Discussion

5.1. Principal Findings

This study demonstrates that domain adaptation techniques can effectively ad-
dress cross-institutional heterogeneity in psychiatric AI models. The key finding
is that domain adaptation achieved centralized-level performance across diverse
target institutions, with mean AUC-ROC of 0.847 compared to 0.756 for direct
deployment without adaptation. This 9.1% improvement represents a clinically
meaningful enhancement in predictive accuracy that could translate to improved
patient outcomes through better risk stratification [40].

The identification of domain-invariant features provides important insights for
model development. Clinical variables such as PHQ-9 depression scores, prior
hospitalizations, medication adherence, age, illness duration, and GAD-7 anxiety
scores maintained consistent predictive power across institutions, suggesting they
capture fundamental biological and behavioural risk factors. In contrast, institu-
tional variables such as hospital type, treatment protocol, and documentation style
contributed to performance degradation when models were transferred across set-
tings [41].
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5.2. Clinical Implications

These findings have several important implications for clinical deployment of psy-
chiatric AI models. First, domain adaptation should be considered a standard
component of multi-site model deployment, particularly when target institutions
differ substantially from the training environment. Second, models should prior-
itize domain-invariant clinical features over institution-specific variables to max-
imize generalizability [42]. Third, calibration assessment should be performed at
each deployment site to ensure reliable probability estimates for clinical decision-
making.

The risk stratification consistency observed across institutions supports the
clinical utility of domain-adapted models for identifying high-risk patients who
may benefit from enhanced discharge planning, intensive case management, or
transitional care interventions [43]. The ability to reliably identify patients in the
highest risk category, with observed readmission rates exceeding 80%, enables tar-

geted resource allocation to those most likely to benefit.

5.3. Comparison with Prior Work

Our findings align with and extend prior research on domain adaptation in
healthcare AI. Previous studies in medical imaging and general medicine have
documented performance degradation with cross-institutional deployment and
demonstrated benefits from domain adaptation techniques [44]. Our work ex-
tends this literature to psychiatric applications, where heterogeneity in symptom
assessment and diagnostic practices creates unique challenges. The magnitude of
improvement we observed with domain adaptation is consistent with prior
healthcare studies, which have reported AUC improvements of 3-10% with vari-

ous adaptation approaches [45].

5.4. Limitations

Several limitations should be considered when interpreting these findings. First,
the use of synthetic data, while necessary for controlled evaluation, cannot fully
replicate the complexity of real clinical data [46]. Second, our evaluation focused
on a single prediction task (readmission risk) and may not generalize to other
psychiatric outcomes. Third, we did not evaluate all possible domain adaptation
techniques, and alternative approaches may achieve different performance. Fourth,
the binary readmission outcome does not capture the full spectrum of post-dis-

charge clinical trajectories.

5.5. Future Directions

Future research should prioritize validation in real-world clinical datasets with
actual multi-site implementation. Integration of additional data modalities such
as neuroimaging, genetic markers, and digital phenotyping may enhance predic-
tion accuracy and generalizability. Development of adaptive models that contin-

uously learn from new institutional data could further improve performance over
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time. Investigation of fairness and equity across demographic subgroups within

and across institutions is essential to ensure equitable model performance.

6. Conclusions

This study establishes that domain adaptation techniques can effectively enable
cross-institutional generalization of psychiatric AI models. Our comprehensive
framework integrating transfer learning, adversarial training, and federated learn-
ing achieved centralized-level performance across diverse target hospitals, repre-
senting a 9.1% improvement over direct deployment without adaptation. The
identification of domain-invariant clinical features versus domain-specific con-
founders provides practical guidance for model development and deployment.
The consistent risk stratification performance across institutions supports the
clinical utility of domain-adapted models for identifying high-risk patients who
may benefit from targeted interventions. These findings address a critical barrier
to widespread clinical deployment of psychiatric Al and establish a foundation for
multi-site implementation while maintaining data privacy and regulatory compli-
ance. Future work should focus on real-world validation, integration of multi-
modal data, and continuous adaptive learning to further enhance generalizability

and clinical impact.
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