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A B S T R A C T

Background: Major depressive disorder (MDD) is associated with high relapse rates, with around 20% of in
patients experiencing readmission within 90 days after discharge. Routinely collected clinical information may 
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help identify individuals at higher risk of readmission. Machine learning (ML) models could complement more 
traditional statistical approaches by exploring complex relationships among multiple vulnerability factors.
Methods: The DEEP READ study is a prospective, multicentre cohort study conducted across 13 Italian provinces, 
enrolling adults aged 18–65 years with a DSM-5-TR MDD diagnosis between January 2024 and December 2025. 
The primary outcome was unplanned psychiatric readmission within 90 days. Sociodemographic and clinical 
features (including Hamilton Depression Rating Scale scores and DSM-5 specifiers), comorbidities, and phar
macological treatment at discharge were recorded. A Random Forest classifier was trained on 22 predictors and 
internally evaluated using stratified 5-fold cross-validation.
Results: The sample included 322 individuals (mean age 43.0 years; 38.5% men), of whom 15.5% (n = 50) were 
readmitted within 90 days. The model achieved a mean test AUC of 0.74 (range: 0.59–0.87). Suicide attempts, 
prior hospitalisations, anticonvulsant prescription, cluster B personality disorder, female sex, and anxious 
distress ranked among the leading predictors. Although exploratory, lithium prescription showed a negative 
SHapley Additive exPlanations (SHAP) pattern.
Conclusions: A ML model based on routinely collected data showed moderate discrimination for 90-day read
mission in MDD. These findings suggest that standard clinical variables may hold predictive value for early 
readmission. However, external validation, assessment of model calibration, and clinical utility are needed prior 
to clinical implementation.

1. Introduction

Major depressive disorder (MDD) is characterized by depressed 
mood, anhedonia, loss of energy, and recurrent thoughts of death (Marx 
et al., 2023), with increasing prevalence rates and relevant burden 
worldwide (Yan et al., 2024). Consistent with its recurrent course, 
approximately half of adults with MDD experience a clinical relapse 
within 5 years (Desai Boström et al., 2025), leading to significant 
functional impairment, suicidal behaviours, and physical health prob
lems (Lye et al., 2020). While relapses are key determinants of hospital 
admissions in people with MDD, early rehospitalisation is associated 
with several individual, social, and contextual factors (Innes et al., 
2015), possibly reflecting inadequate post-discharge stabilization and 
contributing to subsequent higher healthcare costs (Citrome et al., 
2019). In particular, hospital readmission within 90 days of discharge 
is commonly used as an indicator of clinical vulnerability, affecting 
approximately 20% of individuals with MDD (Eseaton et al., 2023). In 
the United States, for example, early readmissions for MDD were esti
mated to cost nearly 300 million US dollars and 254,746 hospital days in 
2018 (Eseaton et al., 2023). The identification of individuals at higher 
risk of early hospital readmission after discharge is thus an important 
clinical priority. This risk may involve different variables including 
sociodemographic characteristics, clinical features, and treatments 
(Citrome et al., 2019; Parami et al., 2021; Teigland et al., 2024), that are 
generally easy to collect, cost-effective, and readily available in clinical 
practice. However, traditional approaches, such as regression-based 
analyses, may be limited in capturing the complex interconnections 
across these factors. Machine learning (ML) methods, offering a com
plementary framework that can flexibly model interactions and non- 
linear associations across multiple variables, may be useful to predict 
the clinical course of MDD (Teutenberg et al., 2025). While ML ap
proaches have shown promise in studies integrating complex informa
tion on genetics, neuroimaging, and biological biomarkers (e.g., Jiang 
et al., 2026; Winter et al., 2024), their performance using routinely 
collected variables in real-world clinical settings remains less estab
lished. To our knowledge, no prospective multicentre study has specif
ically evaluated the predictive contribution of variables routinely 
collected during hospitalisation, such as sociodemographic character
istics, clinical history, clinical features, and pharmacological treatments, 
using a ML framework for early readmission in MDD. In this study, we 
therefore evaluated the predictive performance of an exploratory ML 
model for 90-day unplanned readmission in a prospective cohort of in
patients with MDD consecutively admitted to psychiatric inpatient units 
across Italy. In addition, we assessed feature importance to provide a 
descriptive evaluation of the relative contribution of individual pre
dictors to the likelihood of readmission.

2. Methods

2.1. Study design and setting

The DEEP READ (DEprEssion-related Predictors of hospital RE- 
ADmission) study is a prospective multicentre cohort study conducted 
across several psychiatric inpatient units affiliated with university and 
hospital centres in 13 different Italian provinces (Supplementary 
Fig. S1). The study was approved by the ethics committee of the coor
dinating centre (Comitato Etico Territoriale Lombardia 3 – ID 4371) in 
January 2024 and by relevant local ethics committees. It was carried out 
in accordance with the Declaration of Helsinki and reported following 
the Strengthening the Reporting of Observational Studies in Epidemi
ology (STROBE) statement (von Elm et al., 2008). Where applicable, 
prediction model reporting was additionally guided by the Transparent 
Reporting of a multivariable prediction model for Individual Prognosis 
Or Diagnosis with Artificial Intelligence (TRIPOD+AI) principles 
(Collins et al., 2024).

2.2. Participants

We included individuals aged 18–65 years consecutively admitted 
with a diagnosis of current major depressive episode according to DSM- 
5-TR criteria (American Psychiatric Association, 2022), residing in the 
catchment area of the enrolling psychiatric inpatient unit. Participants 
were enrolled between January 2024 and December 2025, with the last 
observation at follow-up for the study outcome completed in March 
2026. Subjects were excluded if they had a DSM-5-TR diagnosis of bi
polar disorder or other severe mental illness, a depressive disorder 
induced by alcohol or substance use (while comorbid alcohol/substance 
use disorder was retained as a clinical predictor variable), depressive 
symptoms secondary to a general medical condition or other organic 
cause (American Psychiatric Association, 2022), or were unable to 
provide written informed consent.

2.3. Hospital readmission

The outcome was defined as an unplanned psychiatric readmission 
within 90 days after the index discharge, ascertained through hospital 
records or clinical charts at each participating centre. The 90-day 
timeframe was selected on the basis of evidence indicating that this 
period captures the peak of post-discharge clinical vulnerability in MDD 
(e.g., Eseaton et al., 2023; Zhu et al., 2022). We changed our primary 
outcome from a 1-month to a 3-month readmission window prior to 
formal ML analysis, based on the recognition that the number of 30-day 
readmission events would be insufficient for reliable model 
development.
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2.4. Variables and measures

Data were collected during the index admission using standard 
clinical interviews, chart review, and individual clinical records. Infor
mation included sociodemographic characteristics, participants' clinical 
history, clinical features, and prescribed pharmacological treatment at 
discharge. Sociodemographic variables included age, sex, and marital 
and living status. Clinical history included information on length of stay 
of the index hospitalisation, previous psychiatric hospitalisations, life
time history of suicide attempts, and previous contacts with Adult and/ 
or Child & Adolescent Psychiatry services. In terms of clinical features, 
we considered symptom severity, as measured by the Hamilton 
Depression Rating Scale (HDRS) (Hamilton, 1960), including a specific 
evaluation of current suicidal ideation according to HDRS item 3. We 
also assessed whether DSM-5 criteria for depressive episode specifiers, 
including anxious distress (Bartoli et al., 2024) and melancholic features 
(Valerio et al., 2023), were met. Information on comorbid conditions, 
such as personality clusters and alcohol/substance use disorders, was 
also collected. Finally, we recorded prescribed pharmacological treat
ments by class at discharge, including selective serotonin reuptake in
hibitors (SSRIs), serotonin and noradrenaline reuptake inhibitors 
(SNRIs), other antidepressants (including bupropion, mirtazapine, 
trazodone, and vortioxetine), atypical and typical antipsychotics, 
lithium, and anticonvulsants.

2.5. Data analysis

A Random Forest classifier, combining predictions from multiple 
decision trees, was trained to predict 90-day hospital readmission (bi
nary outcome). Model performance was evaluated using stratified 5-fold 
cross-validation (i.e., the sample is divided into five folds with each fold 
used once for testing and the remaining folds for model development), 
preserving the original class distribution across folds. Class imbalance 
was addressed through a combination of class weighting and Synthetic 
Minority Over-sampling Technique (SMOTE), applied within each 
training fold. To prevent data leakage, all preprocessing steps, including 
imputation to address missingness, were conducted within each cross- 
validation fold, with parameters estimated on the training set and 
applied to the corresponding test data. Model performance was pri
marily evaluated using the area under the receiver operating charac
teristic curve (AUC-ROC), averaged across folds, with related range and 
95% confidence interval (CI). Additional threshold-dependent metrics 
(sensitivity, specificity, positive predictive value [PPV], negative pre
dictive value [NPV], and F1-score – defined as the harmonic mean of 
precision and sensitivity [or recall]) were also examined. Precision- 
Recall analysis was carried out as a complementary evaluation of 
model performance, relative to the baseline determined by the preva
lence of the positive class. We also expanded the evaluation of model 
performance including an assessment of calibration, by estimating the 
Brier score and generating the internal calibration plot. ROC curves were 
used to describe the performance of the full model and the incremental 
contribution of variable domains (sociodemographic characteristics, 
clinical history, clinical features, and prescribed pharmacological 
treatments). Feature importance scores were derived from the final 
model and interpreted as exploratory outputs, without formal inferential 
testing and a priori hypotheses. Model interpretability was further 
explored using SHapley Additive exPlanations (SHAP) values to quantify 
the direction and magnitude of individual feature contributions to 
model predictions. For each feature value (e.g., blue = 0 and red = 1 for 
categorical variables), positive SHAP values indicate a contribution to
ward a higher predicted risk of readmission, whereas negative SHAP 
values indicate a contribution toward a lower predicted risk. These as
sociations were interpreted as descriptive rather than causal, acknowl
edging potential instability in the presence of correlated features. All 
analyses were conducted in Python (release 3.13.12).

3. Results

3.1. Sample characteristics

We included 322 participants (mean age: 43.0 ± 15.7 years; men: 
38.5%) with a diagnosis of MDD. Table 1 shows full sample character
istics. Among them, 15.5% (n = 50) experienced an unplanned psychi
atric readmission within 90 days of the index discharge, with 
approximately half (n = 27/50) experiencing rehospitalisation within 
30 days.

3.2. Machine-learning model performance

The Random Forest classifier was evaluated on a set of 22 variables. 
DSM-5 depressive episode specifiers with low prevalence (<10%) – 
including psychotic, mixed, atypical, and catatonic features – were 
excluded to reduce instability associated with sparse predictors. The 
model achieved a mean test AUC of 0.74 (range: 0.59–0.87; 95%CI: 
0.67–0.82), with specificity of 0.62 (range:0.52–0.70; 95%CI: 
0.57–0.68), sensitivity of 0.72 (range: 0.50–0.90; 95%CI: 0.60–0.84), 
PPV of 0.26 (range: 0.17–0.33; 95%CI: 0.22–0.31), NPV of 0.92 (range: 
0.86–0.97; 95%CI: 0.89–0.95), and F1-score of 0.38 (range: 0.26–0.49; 
95%CI: 0.33–0.45). The mean ROC curve across folds is shown in Fig. 1.

Precision-Recall analysis indicated performance above the no-skill 
baseline, although variability across folds was observed (pooled 
Average Precision = 0.42, fold range 0.37–0.56; Supplementary Fig. S2). 
The Brier score was 0.14 (range: 0.12–0.16; 95%CI: 0.13–0.15; cali
bration intercept − 0.88 and slope 1.20) and the calibration plot (Sup
plementary Fig. S3) suggested a possible overestimation of readmission 

Table 1 
Sample characteristics.

Sociodemographic characteristics
Age (years), mean ± SD 43.0 ± 15.7
Male sex, n (%) 124 (38.5%)
Single, n (%) 151 (47.0%)
Living alone, n (%) 68 (21.4%)

Clinical history
Length of stay (days), mean ± SD 14.0 ± 11.5
Prior contacts with adult mental health services, n (%) 238 (73.9%)
Prior contacts with CAP services, n (%) 37 (11.5%)
Prior psychiatric hospitalisations, n (%) 163 (50.6%)
Lifetime suicide attempts, n (%) 155 (48.1%)

Clinical features
Cluster B personality disorder, n (%) 106 (32.9%)
Alcohol/substance use disorder, n (%) 50 (15.6%)
Anxious distress, n (%) 145 (45.0%)
Melancholic features, n (%) 41 (12.7%)
Psychotic features, n (%) 22 (6.8%)
Catatonic features, n (%) 4 (1.2%)
Mixed features, n (%) 7 (2.2%)
Atypical features, n (%) 5 (1.6%)
HDRS total score, mean ± SD 20.9 ± 7.3
HDRS item 3 (suicidal ideation), mean ± SD 2.0 ± 1.4

Pharmacological treatment at discharge
SSRIs, n (%) 162 (50.3%)
SNRIs, n (%) 51 (15.8%)
Other antidepressants, n (%) 98 (30.4%)
Atypical antipsychotics, n (%) 234 (72.7%)
Typical antipsychotics, n (%) 24 (7.5%)
Anticonvulsants, n (%) 113 (35.1%)
Lithium, n (%) 79 (24.5%)

Missing values: single n = 1; living alone n = 4; alcohol/substance use disorders 
n = 2; HDRS total score n = 2; HDRS item 3 n = 2.
Abbreviations: CAP = Child & Adolescent Psychiatry; HDRS = Hamilton 
Depression Rating Scale; SNRI = Serotonin and Noradrenaline Reuptake In
hibitors; SSRI = Selective Serotonin Reuptake Inhibitors.
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risk, particularly at intermediate-to-higher predicted probabilities, 
while calibration was closer to the ideal line in the lower-risk range.

The incremental contribution of variable domains is shown in Fig. 2.
The full feature importance ranking and SHAP values – providing a 

descriptive indication of the relative contribution and direction of in
dividual predictors within the model – are shown in Figs. 3 and 4, 
respectively. Lifetime suicide attempts, prior psychiatric hospital
isations, and cluster B personality disorder (mainly borderline person
ality disorder) ranked among the most influential predictors in the 
model, followed by sex and anxious distress. In particular, while lifetime 
suicide attempts, previous psychiatric hospitalisations, cluster B per
sonality disorder, and anxious distress showed patterns consistent with 
higher model-predicted readmission risk, male sex (in red in Fig. 4) was 
predominantly associated with negative SHAP values, indicating that, 
within the fitted model and conditional on the other included features, 
male sex tended to shift predictions toward a lower probability of 90-day 
readmission. Among pharmacological variables, anticonvulsant pre
scription at discharge was associated with higher feature importance 
values. In contrast, antidepressant class variables and antipsychotics 
consistently ranked in the lowest third of the feature importance dis
tribution. Lithium at discharge showed an intermediate level of phar
macological importance and a negative SHAP value pattern. This result 
should be interpreted as a model-specific, non-causal association.

4. Discussion

4.1. Summary and interpretation of findings

In this prospective multicentre study we evaluated a ML model for 
predicting 90-day psychiatric rehospitalisations in 322 inpatients with 
MDD across different psychiatric hospital units in Italy. Specific clinical 

and sociodemographic features achieved an internally validated AUC of 
0.74, with moderate sensitivity and specificity. Overall, these results 
suggest preliminary discriminatory ability, warranting additional clin
ical evaluation. Our findings support the use of ML approaches to 
investigate the complex interplay between the numerous clinical and 
individual factors in the course of MDD (Teutenberg et al., 2025). To 
better contextualize these results, it is worth noting that they are 
consistent with those reported in previous studies using similar ap
proaches, though comparisons should be interpreted cautiously. For 
instance, a multimodal panel achieved an AUC of 0.68 when predicting 
hospital readmissions in people with a major depressive episode, despite 
investigating a longer period of up to two years after discharge (Cearns 
et al., 2019). Moreover, in a large, although retrospective, dataset 
comprising 13,177 individuals, the model showed an AUC slightly 
higher (0.80; 95%CI: 0.75–0.85) for hospital readmissions within 90 
days (Zhu et al., 2022). However, direct comparison with such studies is 
limited by substantial methodological differences (follow-up duration, 
predictor sets, and modelling frameworks). Nonetheless, while multi
modal data may provide additional value under specific modelling and 
validation conditions, our findings suggest that routinely collected fea
tures of MDD may already capture a substantial proportion of the pre
dictive signal. While not yet establishing clinical readiness, this may 
have practical implications for feasibility and scalability, as it suggests 
that acceptable predictive performance may be achievable without 
relying exclusively on more resource-intensive, less accessible multi
modal assessments in daily clinical practice. However, this apparent 
comparability should be interpreted with caution, as it does not imply 
that these approaches are interchangeable.

Analyses identified lifetime history of suicide attempts, prior psy
chiatric hospitalisations, co-occurring personality disorders, and 
anxious distress among the most influential predictors of early 

Fig. 1. Receiver operating characteristic (ROC) curves from 5-fold cross-validation of the Random Forest model.
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readmission. In our study, individuals with MDD at higher predicted risk 
were thus more likely to present markers of recurrent illness course and 
suicidality, possibly driven by personality vulnerability and a prominent 
anxiety component. This pattern is broadly consistent with theoretical 
models suggesting bidirectional relationships between anxiety and 
depressive features (Jacobson and Newman, 2017), as well as their in
terconnections with both suicidality and relapses (Doering et al., 2024). 
In addition, the importance of previous hospitalisations among influ
ential predictors aligns with available evidence showing that service 
utilisation may be a key determinant of rehospitalisation in severe 
mental disorders (e.g., Bartoli et al., 2020; Berardelli et al., 2022), 
including MDD (Lin et al., 2007). Sex ranked among the top predictors in 
our model, indicating a lower model-predicted probability of read
mission within 90 days among men. This is consistent with prior studies 
reporting higher psychiatric rehospitalisation rates in women with 
depressive disorders (Zhu et al., 2022), especially among younger sub
jects (Seizer et al., 2025). Indeed, research consistently suggests that 
mood disorders represent a more frequent reason for rehospitalisation in 
women than in men (Vigod et al., 2016), and that the risk of recurrence 
after a major depressive episode is higher in women compared with men 
(Bertschy et al., 2016).

An additional point concerns the role of anticonvulsants within the 
model for hospital readmission. While systematic cross-national data on 
anticonvulsant use in unipolar depression are limited, the relatively high 
prevalence of anticonvulsant prescription in our sample may reflect 
confounding by indication, as a treatment with anticonvulsants may 
represent a proxy for underlying clinical severity of complex depressive 
presentations for which standard antidepressant monotherapy was 
insufficient. Indeed, anticonvulsants, such as carbamazepine, lamo
trigine, and valproate, generally prescribed for individuals with bipolar 
disorder (Bowden, 2009), are often used also for patients with recurrent 
MDD and high levels of irritability or agitation (Vigo and Baldessarini, 

2009). Moreover, the use of anticonvulsants, such as gabapentin and 
pregabalin, is common in the treatment of anxiety symptoms 
(Greenblatt and Greenblatt, 2018; Hong et al., 2022), which are among 
the most significant predictors of readmission in our study. However, 
this interpretation remains speculative and cannot be inferred from 
feature importance alone, as the prescription of antipsychotics – often 
useful augmentation strategies for difficult-to-treat depression 
(Kishimoto et al., 2022) – ranked lower in the feature importance dis
tribution, suggesting a more limited contribution within the model. 
Moreover, lithium at discharge was associated with lower model- 
predicted probabilities of hospital readmission. Although this pattern 
is compatible with the established role of lithium in recurrence and 
suicide prevention (Ercis et al., 2023), it should be interpreted 
cautiously in the context of the present analysis. Within the context of a 
clinician-mediated prescription at discharge, this may reflect residual 
confounding related to adherence, illness profile or severity, centre- 
specific practices, or other unmeasured factors. Therefore, the SHAP 
pattern should be considered hypothesis-generating and interpreted in 
an exploratory rather than causal framework.

Overall, our study, based on a multicentre sample across different 
psychiatric units in Italy, provides support for the promising yet chal
lenging usefulness of ML-based tools for predicting hospital read
mission. This approach may have potential clinical relevance, for 
instance by supporting clinicians in identifying patients who would most 
benefit from transitional care interventions in the critical post-discharge 
period (Mitchell et al., 2022). Meta-analytic evidence shows that post- 
discharge transitional interventions, regardless of the specific inter
vention strategy, may reduce the risk of readmission during follow-up 
(Holzinger et al., 2017). However, the translation of ML models into 
clinical decision support tools remains challenging, particularly when 
methodological, ethical, and implementation issues must be carefully 
addressed (Crocamo, 2026). In particular, further work is needed to 

Fig. 2. ROC curves by variable domain.
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assess model calibration, clinical utility, and robustness across inde
pendent populations. Prospective validation, external replication, and 
careful consideration of implementation barriers in routine psychiatric 
care are essential prerequisites for clinical translation (Chekroud et al., 
2021; Koutsouleris et al., 2022).

4.2. Limitations

Findings of this study should be interpreted with caution due to 
several limitations. First, while the multicentre design enhances the 
diversity of the sample, it does not ensure full representativeness of in
patients with MDD and cannot be considered a substitute for external 
validation. In particular, heterogeneity across catchment areas should 
be acknowledged. It is likely that local factors, such as available mental 
health care resources, the number of hospital beds, and different clinical 
approaches, may influence the readmission rates. However, given the 
limited sample size and number of outcome events within individual 
centres, centre-specific effects could not be reliably assessed, and leave- 
one-centre-out validation would have yielded unstable performance 
estimates. Second, while the preliminary protocol aimed at investigating 
1-month readmissions, the analysis focused on the 3-month window to 
ensure an adequate number of outcome events for model development. 
While this timeframe is supported by previous evidence of a peak in 
post-discharge vulnerability among people with MDD (Eseaton et al., 
2023; Zhu et al., 2022), it represents a deviation from the original 
protocol; this decision was not data-driven and preceded ML analysis. 

Another limitation is the possibility that some readmissions occurred at 
facilities outside the enrolling network and were not captured, poten
tially underestimating the true readmission rate. This may also include 
rehabilitation or residential admissions occurring between the index 
discharge and the 90-day endpoint. However, given the territorial, 
catchment-based organisation of Italian psychiatric services (Ruggeri 
et al., 2008), the likelihood of undetected out-of-network readmissions 
may be relatively limited. Moreover, from a methodological standpoint, 
this analysis is shaped by challenges related to the curse of dimension
ality. The relatively small sample size, combined with the number of 
predictors and the low outcome prevalence, may increase susceptibility 
to overfitting and instability in model estimates, while correlated clin
ical variables may further affect interpretability and generalisability. 
Consistent with this, the observed gap between training and test per
formance suggests partial capture of sample-specific patterns, warrant
ing cautious interpretation. However, to mitigate these issues, stratified 
cross-validation was used to preserve class balance, and synthetic 
oversampling (SMOTE) was applied within each training fold to improve 
representation of the minority class. Model complexity was further 
constrained by specifying hyperparameters a priori (e.g., limited tree 
depth) to reduce the risk of overfitting and improve model robustness. 
This modelling choice was supported by the results of a nested cross- 
validation analysis. In addition, feature importance and SHAP patterns 
need to be considered for their explorative value and do not imply causal 
relationships. Future studies should adopt a prospective, hypothesis- 
driven design to investigate the contribution of the specific variables 

Fig. 3. Feature importance.
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identified in our study and seek to confirm these findings in independent 
cohorts.

5. Conclusions

Using a prospective design and multicentre recruitment, study found 
that a ML model achieved moderate discrimination for 90-day read
mission in individuals with MDD. Routinely collected, patient-level 

Fig. 4. SHAP (SHapley Additive exPlanations) summary plot.
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clinical profiles at discharge may carry meaningful predictive informa
tion for early readmission. However, external validation, calibration 
assessment, clinical utility analyses, and broader pharmacological 
characterization will be important next steps toward clinical risk strat
ification. Our findings should therefore be interpreted as hypothesis- 
generating for confirmatory prospective studies in larger samples.
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