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A B S T R A C T

Background: Conflict-affected populations face disproportionate psychological distress, yet humanitarian settings 
lack efficient tools for identifying those most in need. We examined whether routinely collected displacement 
survey indicators can distinguish adults at high versus low concurrent burden of depressive and post-traumatic 
stress symptoms.
Methods: Cross-sectional baseline data (2019) from the Cox's Bazar Panel Survey were analysed among camp- 
resident displaced Rohingya adults (N = 4598). Outcomes were elevated depressive symptoms (PHQ −

9 ≥ 10) and PTSD symptoms (HTQ Part IV ≥ 2.5). L2-logistic regression, elastic net, and XGBoost (with nested 
hyperparameter tuning) were evaluated via household-grouped 5-fold cross-validation. Geographic validation 
used held-out primary sampling units (PSUs). SHAP identified key correlates mapped to the IASC MHPSS 
intervention pyramid.
Results: Among camp adults (56% female; mean age 33.7), 23.7% screened positive for elevated depressive 
symptoms and 5.9% for PTSD symptoms (Cronbach's α: PHQ-9 = 0.83, HTQ = 0.87). Tuned XGBoost achieved 
AUC = 0.819 internally and 0.814 in PSU-holdout geographic validation. Risk tertiles showed depression 
screening prevalence of 0.8% (low), 7.0% (medium), and 62.1% (high). Food insecurity, trauma exposure, crime 
or conflict experience, and healthcare barriers were the most influential modifiable correlates.
Conclusions: Displacement survey indicators meaningfully stratify concurrent mental health symptom burden. 
Cross-sectional design precludes prognostic claims; prospective validation and implementation research are 
needed before operational deployment.

1. Introduction

Armed conflict and forced displacement are among the strongest 
determinants of population mental health burden. A seminal meta- 
analysis by Charlson et al. [1] estimated that 22.1% of individuals in 

conflict-affected settings experience depression, anxiety, or 
post-traumatic stress disorder (PTSD) at any given time, substantially 
exceeding global baselines. Steel et al. [2] found that cumulative trauma 
exposure and post-migration living difficulties independently predict 
mental health outcomes among refugees and conflict-affected 
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populations. Nearly all conflict-exposed individuals experience some 
psychological distress, making mental health a system-wide concern in 
humanitarian emergencies [3,4] (see Figs. 1–9).

Despite this burden, mental health services in displacement settings 
are chronically underfunded. The WHO estimates a treatment gap 
exceeding 75% in low- and middle-income countries [5]; during active 
conflict, this gap widens as infrastructure collapses and qualified 
personnel are lost [6]. Effective mental health and psychosocial support 
(MHPSS) programming therefore requires efficient resource allocation: 
identifying who carries the highest symptom burden and where services 
should be directed 7–9].

In displacement contexts, psychological distress is shaped not only 
by pre-migration trauma but equally by post-migration living diffi
culties, food insecurity, housing strain, restricted mobility, safety 
threats, and barriers to healthcare [2,10,11]. Miller and Rasmussen [12] 
argued that daily stressors in displacement may be as important as 
war-related trauma in maintaining psychological distress, a framework 
supported by subsequent empirical work [13,14]. These contextual de
terminants are potentially modifiable through humanitarian program
ming, making them relevant targets for intervention design. The IASC 
Guidelines on MHPSS in Emergency Settings [9] provide a layered 
framework from basic services through specialised care that can oper
ationalise such targeting.

Prior research on the Rohingya displacement crisis, the largest 
refugee camp complex globally with over 900,000 people in Cox's Bazar, 
Bangladesh, has documented extremely high rates of distress [15,16]. 
Riley et al. [17] and analyses using the Cox's Bazar Panel Survey (CBPS) 
[15,18] have identified correlates through conventional regression ap
proaches. However, to our knowledge, no prior study has applied 
explainable machine learning (ML) with systematic policy translation to 
this population.

Machine learning approaches have been increasingly applied to 
mental health prediction in clinical [19,20] and population-based 

settings [21,22], as well as other clinical domains including neurode
generative disease screening [23] and surgical outcome prediction [24], 
typically using SHAP (SHapley Additive exPlanations) [25] for model 
interpretability, alongside emerging approaches for handling class 
imbalance and limited training data [26,27]. However, as Christodoulou 
et al. [28] and van der Ploeg et al. [29] demonstrated, in many clinical 
prediction contexts, complex ML models offer negligible performance 
gains over logistic regression, a finding with direct implications for 
deployability in resource-constrained humanitarian settings.

Several important caveats frame this work. First, the CBPS baseline is 
cross-sectional; we characterise concurrent risk profiles, not prognostic 
predictions. The distinction is fundamental: a cross-sectional model 
identifies who currently has elevated symptoms, not who will develop 
them [30]. Second, the PHQ-9 and HTQ are screening instruments, not 
diagnostic tools; depressive symptoms and PTSD symptoms denote 
symptom burden above screening thresholds [31,32]. Third, these in
struments have not been formally validated in the Rohingya language, 
although internal reliability in the present sample was good (reported 
below) and prior use in this population has been documented [15,17].

This study has three objectives: 1) to evaluate whether models based 
on routinely collected displacement survey indicators can meaningfully 
stratify concurrent symptom burden; 2) to identify which indicators 
contribute most, distinguishing fixed from modifiable factors; and 3) to 
map modifiable correlates onto the IASC MHPSS pyramid [9] as hy
potheses for programmatic prioritisation, while acknowledging that 
cross-sectional associations require prospective and interventional evi
dence before informing causal claims.

2. Methods

2.1. Data source

We used baseline data (March–August 2019) from the CBPS, 

Fig. 1. Sample selection flowchart. CBPS baseline (2019) filtering from 9090 filtered adults to camp-resident analytic sample (N = 4598 with valid PHQ-9).
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implemented by Innovations for Poverty Action in partnership with Yale 
University, the World Bank, and the GAGE programme [15,18]. Data are 
available through the Harvard Dataverse (https://doi.org/10.7910/D 
VN/V614VB). We note that these data precede the COVID-19 
pandemic, camp fires, Bhasan Char relocations, and subsequent shifts 
in conditions [33]; temporal applicability to the current situation is 
uncertain and represents a key limitation.

2.2. Study population

The CBPS surveyed 5019 households across three strata: camp- 
resident displaced Rohingya, high-exposure host communities (within 
15 km), and low-exposure host communities. Adult interviews were 
conducted with two randomly selected household members aged ≥ 15 
years (9681 total). After applying the recommended sample filter 
(cbps final selection ∈ {1, 2}), 9090 adults were retained: 4601 camp 

Fig. 2. Distribution of PHQ-9 severity categories and probable PTSD prevalence among camp-resident displaced adults (N = 4598). Left panel: PHQ-9 severity 
categories; 1089 adults (23.7%) scored ≥ 10, indicating moderate-or-greater depressive symptom burden. Right panel: 268 adults (5.9%) met the HTQ Part IV ≥ 2.5 
threshold for probable PTSD. These estimates reflect screening-level classification, not clinical diagnoses.

Fig. 3. SHAP feature importance for depression (PHQ − 9 ≥ 10). Self-rated health, food insecurity, and age are the strongest correlates.
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residents and 4489 host community residents. The primary analysis used 
the camp sample (N = 4, 598 with valid PHQ-9). The host community 
served as a secondary cross-population comparison.

2.3. Outcomes

The primary outcome was elevated depressive symptoms (PHQ −

9 total ≥ 10). The PHQ-9 comprises nine items scored 0–3 (range 0–27); 
a threshold of 10 identifies moderate-or-greater symptom burden [31]. 
We emphasise this is a screening classification, not a clinical diagnosis. 
Prorated scores were computed when 7–8 of 9 items were answered.

The secondary outcome was elevated PTSD symptoms (HTQ Part IV 
mean ≥ 2.5). The HTQ Part IV comprises 16 items scored 1-4 [32]; the 

2.5 threshold has been applied in prior Rohingya research [15]. We 
required ≥ 12 items for a valid mean.

Internal consistency was assessed via Cronbach's alpha; one- 
dimensionality was examined via single-factor analysis.

2.4. Predictors

Because the data are cross-sectional, all predictor-outcome associa
tions are concurrent [30]. We use correlate rather than risk factor 
throughout. Seventeen candidate variables were drawn from six blocks:

Demographics (4): age, sex, marital status, ever attended school. 
Trauma history (2): HTQ Part I event count (12 events); binary ≥ 4 
events. Post-displacement stressors (2): neighbourhood issue count; 

Fig. 4. SHAP feature importance for PTSD (HTQ ≥ 2.5). Trauma, self-rated health, and crime/conflict exposure dominate.

Fig. 5. ROC, precision-recall, and calibration curves for depression models. AUC ranges 0.809–0.819 across architectures.

S.-A. Sadegh-Zadeh et al.                                                                                                                                                                                                                     Geopsychiatry 4 (2026) 100115 

4 



experienced crime/conflict count. Access to care (3): transit time to 
health facility; health spending; self-rated health (SRH). Economic 
vulnerability (1): current employment. Living conditions and food 
insecurity (5): rooms; electricity; shared dwelling; food insecurity count; 
binary food insecurity.

We are pre-specified that SRH may exhibit construct overlap with 
depression [34] and included a sensitivity analysis excluding it. Multi
collinearity was assessed via variance inflation factors (VIF); all were 
below 5 (maximum 3.01), indicating no problematic collinearity. Vari
ables not available in the CBPS, perceived social support, religious 
coping, prior psychiatric history, represent unmeasured confounders.

2.5. Addressing the triage tool paradox

This model is not designed to replace direct symptom screening 
(PHQ-9 = 9 questions). Its value lies in three use cases: 1) population- 
level stratification using administrative/survey data already collected 
for other purposes (food security monitoring, protection assessments), 
guiding where to deploy PHQ-9 screening; 2) identifying which 
contextual factors carry the strongest concurrent associations with 
symptom burden, informing programme design; and 3) testing whether 
ML complexity adds value over simpler approaches. In settings where 
systematic mental health screening is not yet implemented, which de
scribes most humanitarian emergencies [5,6], risk profiling from exist
ing data could guide resource allocation for screening deployment.

2.6. Missing data

Missingness was minimal: 94.3% complete cases; maximum single- 
variable missingness was 4.8% (transit time). Primary analysis used 
within-fold median imputation. Sensitivity analysis used iterative 
imputation (IterativeImputer, analogous to MICE [35] with 10 iterations 
per fold.

2.7. Model development

Three models per outcome:
L2-logistic regression (C = 1.0), transparent baseline. Elastic net 

(C = 0.1, L1 ratio = 0.5), penalised variable selection. XGBoost, 
hyperparameters tuned via grid search in inner CV folds 
(n estimators ∈ {100, 300}; max depth ∈ {3, 5}; learning rate ∈ {0.05,
0.1}; min child weight ∈ {5,10}).

2.8. Validation strategy

Internal: Nested cross-validation with 5 household-grouped outer 
folds and 3 inner folds for tuning. Within-household PHQ-9 correlation 
was r = 0.40; grouped splitting prevents leakage [36].

Geographic (PSU-holdout): Twenty percent of primary sampling 
units (39/195 PSUs) were held out entirely from training. The model 
was trained on the remaining 80% and tested on the held-out PSUs 

Fig. 6. ROC, precision-recall, and calibration curves for PTSD models. AUC ranges 0.793–0.802.

Fig. 7. Calibration before (left) and after Platt scaling (right). Slope improved from 0.11 to 0.21.
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(N = 941), providing geographic validation within the camp population.
Cross-population: The full camp-trained model was tested on the host 

community (N = 4486) to assess transportability to a demographically 
different population. We note this is not independent external validation 
per TRIPOD + AI criteria [37], it shares survey methodology and time 
period, but tests population-level transferability.

Recalibration: Platt scaling [38] was applied within the CV frame
work to address observed miscalibration. Calibration plots are presented 
before and after recalibration.

2.9. Performance metrics

ROC-AUC with bootstrap 95% CIs (500 resamples); PR-AUC; Brier 
score; Brier Skill Score (BSS = 1 – Brier or Brier_null) [39]; calibration 
intercept and slope; sensitivity, specificity, PPV, NPV at 0.5 threshold. 

For PTSD, Youden-optimal and cost-sensitive thresholds (miss cost = 5×
false positive) are reported given the 5.9% base rate [40].

2.10. Explainability

SHAP values [25] from the tuned XGBoost quantified feature 
importance. Feature contribution analysis has been shown to improve 
interpretability across diverse clinical domains [41]. Global summary 
plots, dependence plots for key modifiable correlates, and tertile-based 
risk stratification are presented.

2.11. Pre-specified sensitivity analyses

1) Excluding SRH (construct overlap); 2) survey-weighted logistic 
regression; 3) iterative imputation; 4) PSU-grouped CV; 5) excluding 

Fig. 8. Modifiable SHAP correlates mapped to the IASC MHPSS intervention pyramid.

Fig. 9. Decision curve analysis for depression. Positive net benefit across all thresholds 1%–60%.
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trauma history; 6) modifiable correlates only; 7) continuous outcomes; 
8) cross-population test on host community.

2.12. Ethical considerations

The CBPS data are publicly available and de-identified; no additional 
ethical approval was required.

2.13. Reporting and reproducibility

This study follows the TRIPOD + AI checklist [37] and clinical AI 
reporting guidelines [42] (supplement). We characterise this as a model 
development study with internal and geographic validation, not a fully 
validated tool. Analysis code is available at https://github.com/salisad 
egh/Symptoms-Among-War-Displaced-Adults.

2.14. Role of generative AI

Claude (Anthropic) assisted with Python code generation and initial 
manuscript drafting. All study design, analytical decisions, interpreta
tion, and scientific claims were made by the authors. All text was criti
cally reviewed, revised, and verified by the authors, who take full 
intellectual responsibility. AI was not used to generate, select, or alter 
results. Specific AI contributions: data processing scripts, model training 
pipelines, SHAP visualisation code, and paragraph-level drafts subse
quently rewritten by authors.

3. Results

3.1. Sample characteristics

Among 4598 camp-resident adults, 56.0% were female, mean age 
was 33.7 years (SD 14.6), 57.5% had ever attended school, and 43.3% 
reported current employment. Food insecurity was pervasive (79.9% 
reporting ≥ 1 indicator; mean score 3.7/9). Only 4.3% had electricity. 
Mean trauma event count was 1.7 (SD 1.9); 15.6% reported ≥ 4 events. 
Mean transit time to health facility was 25 min. Missingness was mini
mal (maximum 4.8% for transit time; all other variables < 1%). Table 1
presents full characteristics.

3.2. Instrument reliability and factor structure

Cronbach's alpha was 0.830 for the PHQ-9 and 0.872 for the HTQ 
Part IV, indicating good-to-excellent internal consistency [43]. 
Single-factor analysis confirmed unidimensional structure for both in
struments, consistent with their intended use as summary screening 
scores. These reliability estimates are comparable to those reported in 
other South Asian refugee populations [44].

3.3. Prevalence of elevated symptoms

Among camp adults, 23.7% (n = 1089) exceeded the PHQ-9 ≥ 10 
threshold (mean 6.75, SD 4.53). By severity: 36.5% none/minimal, 
30.2% mild, 18.3% moderate, 10.3% moderately severe, 4.8% severe. 
Elevated PTSD symptoms (HTQ ≥ 2.5) were present in 5.9% (n = 268; 
mean 1.68, SD 0.46). These are screening-level estimates and may differ 
from clinical diagnostic prevalence [45].

The depression figure aligns with the meta-analytic estimate of 
~22% in conflict-affected populations [1].

3.4. Model performance

Depression, internal validation. Tuned XGBoost: AUC = 0.819 (95% 
CI 0.805–0.832); BSS = 0.252; Brier = 0.139. L2-logistic regression: 
AUC = 0.809 (0.795–0.823). Elastic net: AUC = 0.809 (0.797–0.823). 
The near equivalence confirms that concurrent associations are 

predominantly linear and additive, consistent with findings from 
Christodoulou et al. [28] and van der Ploeg et al. [29].

Depression, geographic validation (PSU-holdout). AUC = 0.814 
(N = 941 from 39 held-out PSUs). This minimal degradation from in
ternal validation (0.819 to 0.814) indicates geographic stability within 
the camp population.

Depression, cross-population (host community). AUC = 0.698 
(N = 4486; prevalence 30.1%). The substantial decline reflects genuine 
population-level differences (displacement history, socioeconomic 
composition, service environment) and underscores limited trans
portability to non-camp settings. This is expected and does not invali
date within-camp risk profiling.

Calibration. Raw model calibration showed systematic under- 
confidence (intercept = 0.44, slope = 0.11). After Platt scaling [38], 
calibration improved (intercept = 0.52, slope = 0.21) though remained 
imperfect. This underscores that absolute risk estimates require 
population-specific recalibration before operational use [39].

PTSD, internal validation. XGBoost: AUC = 0.802 (0.777–0.829). At 
the 0.5 threshold, sensitivity was 0.06, clinically useless. At the Youden- 
optimal threshold (0.047), sensitivity = 0.716, specificity = 0.779, 
PPV = 0.169. At the cost-sensitive threshold, sensitivity = 0.959, 
specificity = 0.332. Threshold selection must weigh over-referral costs 
against missed-case consequences [40].

3.5. Key correlates (SHAP analysis)

For depression, the top correlates by mean |SHAP| were self-rated 
health (0.628), food insecurity (0.479), age (0.373), trauma count 
(0.367), crime/conflict (0.319), neighbourhood issues (0.300), female 
sex (0.219), transit time to health (0.181), health spending (0.177), 
employment (0.143). Dependence plots (Supplement) show monotonic 
relationships for food insecurity and trauma, supporting additive 
interpretation. Top-feature correlations were low (maximum r = 0.33 
between age and SRH), indicating distinct information contributions.

Table 1 
Sample characteristics of camp-resident displaced adults (N = 4598).

Variable n (%) or Mean (SD) Missing n (%)

Demographics ​ ​
Age (years) 33.7 (14.6) 0
Female sex 2575 (56.0%) 0
Ever attended school 2644 (57.5%) 0
Currently employed 1992 (43.3%) 0

Trauma and conflict exposure ​ ​
Trauma event count 1.7 (1.9) 0
High trauma (≥4 events) 717 (15.6%) 0
Crime/conflict exposure count 0.8 (1.2) 0
Neighbourhood issues count 1.4 (1.7) 0

Food security ​ ​
Food insecurity score (0–9) 3.7 (2.8) 0
Any food insecurity 3674 (79.9%) 0

Health access and housing ​ ​
Self-rated health (1–5) 3.2 (0.9) 12 (0.3%)
Transit time to health facility (min) 25.0 (18.4) 221 (4.8%)
Health spending (BDT) 482.3 (1247.5) 15 (0.3%)
Rooms in dwelling 1.3 (0.6) 0
Has electricity 198 (4.3%) 0
Shared dwelling 1847 (40.2%) 0

Mental health outcomes ​ ​
PHQ-9 total score 6.75 (4.53) 0
Depression (PHQ-9 ≥10) 1089 (23.7%) 0
HTQ-IV mean score 1.68 (0.46) 56 (1.2%)
PTSD (HTQ ≥2.5) 268 (5.9%) 56 (1.2%)

Instrument reliability ​ ​
Cronbach α PHQ-9 0.830 ​
Cronbach α HTQ-IV 0.872 ​

BDT = Bangladeshi Taka. PHQ-9 = Patient Health Questionnaire-9. HTQ =
Harvard Trauma Questionnaire Part IV. Food insecurity score based on 9 binary 
indicators from the CBPS food security module. Self-rated health scored 1 
(excellent) to 5 (poor).
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For PTSD, rankings were similar: SRH, trauma, crime/conflict, food 
insecurity, age, neighbourhood issues, health spending, transit time, 
employment, rooms.

Among the top 10 for both outcomes, 6 of 10 are potentially modi
fiable: food insecurity, healthcare access (transit, cost), neighbourhood 
safety, crime/conflict, and employment. Modifiable correlate denotes 
concurrent association; causal modifiability requires interventional 
evidence.

3.6. Construct overlap sensitivity

Excluding SRH reduced depression AUC from 0.819 to 0.782 and 
PTSD from 0.802 to 0.769. The remaining predictor ranking was stable. 
We recommend the SRH-excluded model (AUC = 0.782) as the con
servative benchmark, free from construct overlap concerns. Even this 
estimate substantially exceeds chance and retains clinical utility [46].

3.7. Risk stratification and screening efficiency

Tertile-based groups for depression showed: low-risk (33%) preva
lence 0.8%; medium (33%) 7.0%; high (34%) 62.1%. Screening only the 
top tertile captures 72% of cases; NNS = 2.0. In humanitarian contexts 
where universal PHQ-9 screening is infeasible, this targeted approach 
could improve detection efficiency by directing limited screening re
sources to the highest-burden subgroup [7]. We note this is concurrent 
classification efficiency, not prospective yield, and requires longitudinal 
validation.

3.8. Further sensitivity analyses

Results were robust. Weighted logistic: AUC = 0.807. MICE-like 
imputation: AUC = 0.809. PSU-grouped CV: AUC = 0.807. Without 
trauma: AUC = 0.794 (depression), 0.767 (PTSD). Modifiable only: 
AUC = 0.714 (depression), 0.685 (PTSD). Continuous outcome: 
R2 = 0.37 (PHQ-9), 0.26 (HTQ).

3.9. Policy mapping

We map modifiable SHAP correlates to the IASC pyramid [9] as 
testable hypotheses, not established causal pathways:

Basic services: Food security programmes (correlate #2); mobile 
health teams and fee removal (correlates #8, #9); community safety 
(#6); livelihoods support (#10). These align with WHO [5] and UNHCR 
[40,47,48] guidance.

Community supports: Psychosocial support, peer networks, family 
strengthening. Informed by neighbourhood stressor findings.

Focused non-specialised: For moderate symptom burden, Problem 
Management Plus (PM+) [47], a five-session scalable intervention, and 
mhGAP-HIG [49] integration.

Specialised services: For severe cases (PHQ ≥ 20, HTQ ≥ 2.5), 
specialist referral where available (see Figs. 10–12).

4. Discussion

4.1. Summary

Using 17 concurrent indicators from a representative displacement 

Fig. 10. Stepped care model derived from PHQ-9 severity distribution and comorbidity analysis.
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survey, we demonstrate that mental health symptom burden can be 
meaningfully stratified among camp-resident Rohingya adults. All 
model architectures achieved similar AUC (≈0.81 for depression; 0.80 
for PTSD), confirming predominantly additive associations. Geographic 
validation within camp PSUs was strong (AUC = 0.814), while cross- 
population transportability to the host community was limited 
(AUC = 0.698). Risk tertiles showed a 78-fold prevalence gradient (0.8% 
vs 62.1%), and targeted screening of the top tertile captures 72% of 
elevated-symptom cases.

4.2. What this study does and does not claim

We are explicit about the boundaries of inference. This is a model 
development study based on cross-sectional data [30,37]. It identifies 
concurrent correlates of elevated symptom burden and quantifies their 
relative contributions. It does not: predict future symptom onset; 
establish causal pathways; provide a validated triage tool ready for 
deployment; or demonstrate that modifying the identified correlates will 
reduce symptom burden. These claims require, respectively: longitudi
nal cohorts, randomised experiments, prospective implementation 
studies, and intervention trials. Our policy mapping generates hypoth
eses for these next steps, grounded in the existing IASC framework [9].

4.3. Model equivalence as a central finding

The identical performance of logistic regression and XGBoost extends 
prior work showing ML rarely outperforms regression for structured 
clinical data [26,28,29]. In humanitarian settings, this has a practical 
implication: the simplest model suffices, reducing implementation bar
riers. We acknowledge this finding is not novel per se [28], but its 
demonstration in a displacement-affected population adds 
context-specific evidence.

4.4. Geographic versus cross-population validation

The PSU-holdout AUC of 0.814 (vs 0.819 internal) demonstrates that 
within the camp population, the model is geographically stable, not 
overfit to specific camp blocks. The host community AUC of 0.698 re
flects genuine population-level differences rather than methodological 
failure. This dual finding carries an important message: the model works 
well within its target population but should not be assumed transport
able without local recalibration [39].

We acknowledge this does not satisfy TRIPOD + AI criteria for fully 
independent external validation [37]. No temporally separate CBPS 
cohort was available for this analysis. Future work should apply this 
framework to any future survey waves that include mental health 
modules, or to independent datasets from other displacement settings.

4.5. Data vintage and contemporary relevance

The 2019 data predate COVID-19, campfires, Bhasan Char re
locations, and evolving political dynamics [33]. We cannot assume 
stable predictor–outcome associations. However: 1) the analytical 
framework, using existing survey data for symptom burden stratifica
tion, is transferable regardless of specific parameter estimates; 2) the 
broad predictor domains (food security, safety, healthcare access) are 
identified across displacement contexts [2,10–12], not specific to 2019 
Cox's Bazar; and 3) replication with more recent data is explicitly rec
ommended as a priority. We frame this as a methodological 
proof-of-concept, not a contemporary needs assessment.

4.6. Construct overlap

SRH is the strongest correlate, but self-rated health and depression 
share common-method variance (both self-report) and conceptual 
overlap (somatisation, negative affectivity) [34]. Our conservative 
model excluding SRH (AUC = 0.782) represents the floor estimate. That 
food insecurity, trauma, and crime/conflict retain strong contributions 

Fig. 11. Depression–PTSD comorbidity. 86% of PTSD cases also meet depres
sion threshold.

Fig. 12. Geographic priority map by camp block (PSU). Left: ranked predicted burden. Right: predicted vs observed prevalence.
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without SRH confirms that the model captures genuine contextual as
sociations, not merely a psychometric artefact.

4.7. Calibration and operational readiness

The observed miscalibration (slope 0.11 raw, 0.21 after Platt scaling) 
means absolute predicted probabilities should not be used for 
individual-level decision-making without population-specific recalibra
tion [39]. The model's value lies in risk ranking (discrimination), not risk 
estimation. For screening triage (high vs low priority), relative ranking 
suffices; for clinical decision-making, recalibration to the local popula
tion is required.

4.8. Comparison with prior work

Our depression screening prevalence (23.7%) aligns with Charlson 
et al.’s meta-analytic 22.1% [1] and CBPS-based estimates [15,18]. 
PTSD at 5.9% is lower than some Rohingya studies [16,17], reflecting 
the conservative HTQ ≥ 2.5 threshold. Our methodological contribu
tion, ML with SHAP, IASC mapping, NNS calculation, geographic vali
dation, is incremental rather than transformative. The advance lies in 
operationalising risk profiling with transparent sensitivity analyses, not 
in methodological novelty.

4.9. Implications for humanitarian practice

If prospectively validated, this framework could inform two opera
tional questions in humanitarian settings: 1) Where to screen: Deploying 
PHQ-9/HTQ screening to camp blocks or subpopulations with the 
highest predicted symptom burden, guided by routinely collected survey 
data, could improve detection efficiency over universal screening [7]. 2) 
What to prioritise: The prominence of food insecurity, healthcare access 
barriers, and safety concerns as correlates supports the IASC emphasis 
on basic services as the foundation of MHPSS response [9]. This aligns 
with WHO's building-back-better framework [6] and evidence for PM +
[47] and mhGAP-HIG [49].

We note that cost-effectiveness analysis, comparing targeted versus 
universal screening per case identified, and assessing whether this ex
ceeds GDP-per-capita thresholds, was beyond the scope of this study and 
represents a critical next step.

4.10. Ethical implications of misclassification

In humanitarian contexts, both Type I errors (false positives causing 
unnecessary referrals) and Type II errors (false negatives missing 
genuine distress) carry consequences. False positives burden an already 
overstretched system; false negatives leave vulnerable individuals un
served. The choice of operating threshold must balance these costs 
locally, ideally through decision-analytic methods incorporating 
community-specific values [40].

4.11. Strengths

1) Large representative sample (N = 4598) with validated in
struments (α > 0.80) [36]. 2) Genuine nested CV with inner-loop tuning. 
3) Geographic (PSU-holdout) validation demonstrating 
within-population stability. 4) Comprehensive metrics including BSS, 
calibration, and cost-sensitive thresholds. 5) Eight sensitivity analyses 
including SRH exclusion and MICE imputation. 6) Transparent framing 
of cross-sectional limitations throughout.

4.12. Limitations

1) Cross-sectional design, the fundamental limitation precluding 
prognostic or causal claims [30]. 2) No prospective external validation, 
PSU-holdout is geographic validation within a single cross-section; 

temporal validation (future CBPS waves) is needed. 3) Screening in
struments, not diagnoses, PHQ-9 and HTQ have not been formally 
validated in Rohingya; reliability was satisfactory but construct validity 
requires further study [44,45]. 4) Data vintage (2019), conditions have 
changed substantially [33]; current applicability is uncertain. 5) SRH 
construct overlap, conservative model excluding SRH provides the floor 
estimate (AUC = 0.782). 6) Limited predictor set, social support, coping, 
religious practices, prior psychiatric history were unavailable. 7) Triage 
paradox, the model requires more items than PHQ-9; value is in 
population-level stratification, not individual screening replacement. 8) 
Calibration imperfect, recalibration needed before absolute risk esti
mation [39]. 9) No cost-effectiveness analysis, screening efficiency 
(NNS) is reported but formal economic evaluation was not conducted.

4.13. Future directions

Priority next steps: 1) temporal validation using future survey rounds 
with mental health modules in Cox's Bazar or comparable displacement 
settings; 2) prospective study assessing whether high-risk classification 
predicts sustained or worsening symptoms at 6–12 months; 3) imple
mentation research on risk-stratified screening versus universal 
screening; 4) cross-cultural validation of PHQ-9 and HTQ in the 
Rohingya language; 5) cost-effectiveness analysis of targeted screening 
strategies.

5. Conclusion

Routinely collected displacement survey indicators can meaningfully 
stratify concurrent depressive and PTSD symptom burden among war- 
displaced adults. Targeted screening of the highest-risk tertile captures 
72% of elevated-symptom cases. Model performance is geographically 
stable within the camp population (PSU-holdout AUC = 0.814) but 
shows limited cross-population transportability (host AUC = 0.698). 
This work should be understood as a development study generating 
testable hypotheses for future prospective validation and implementa
tion research, not a ready-to-deploy triage tool.
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