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Background & Motivation

Suicide Deaths, 2000-2024

Falling suicide rates in Singapore, but not the actual numbers

Crude Suicide Rates, 2000-2024

Background: Suicide Risk and the Case for Prediction Models

Singapore: persistent suicide burden → motivation for AI-enabled 
early risk identification

AI focus: Evidence-based benchmarking of 
suicide-risk prediction models to support 
Singapore’s Smart prevention workflows.

Sources: WHO GHO (accessed 26 Sep 2025); MOH (2024); MHA (2025); Project Hayat (2024).



Background & MotivationMotivation: Why Comparative Evidence Across Algorithms Matters

Many model options

LR, RF, GBT, SVM, NN, LASSO, 
CR etc. are widely used in EHR 
and administrative data.

Sparse comparisons

Few head-to-head studies; 
most models are compared 
only against a single baseline.

Evidence-based selection

We benchmark algorithms 
using AUC-based NMA before 
local validation and integration 
into SMART workflows.

NN
RF

LR

SVM GBT

Challenging problem

Persistent burden motivates 
earlier, data-driven 
identification of individuals at 
elevated risk.

CR

LASSO



⚫ Baseline evidence (Lejeune et al., 

2022): Synthesises AI/ML approaches for 

suicide prevention.

⚫ Key limitation: Substantial heterogeneity 

across studies (populations, predictors, 

settings, validation strategies) limits direct 

comparability.

⚫ Comparative gap: Sparse head-to-head 

comparisons prevent a coherent, unified 

cross-algorithm ranking and pooled relative-

effect estimates.

Our contribution: We translate the review into comparative evidence by extracting harmonised AUC inputs 

and conducting a reproducible network meta-analysis (NMA) in Stata.

From Systematic Review to Comparative Synthesis (NMA)



Evidence Identification and Study Selection (PRISMA)

Source: base systematic review PRISMA flowchart.

⚫ Search & screening: 296 records identified 
→ 17 studies included in the systematic review.

⚫ Review → NMA subset: Only 10 studies 
reported extractable AUC suitable for 
harmonisation and inclusion in an AUC-based 
NMA.

⚫ Implication: Even within AUC-reporting studies, 

head-to-head evidence is sparse and the 

network is imbalanced across algorithms; a 

structured synthesis (NMA) is needed for 

cross-algorithm comparison.

Our approach: Retain the review scope, extract harmonised AUC inputs, and apply NMA to jointly compare multiple 

algorithms by combining all available direct and indirect comparisons, yielding relative performance estimates (ΔAUC 

vs LR) with 95% confidence intervals (CIs).



Included Studies and Algorithms (AUC Evidence Base)

Base paper Table 1 (AUC by algorithm; 10 integrated studies)

1. Sanderson et al. (2019) [22] — Administrative health system data; NN / GBT etc.
2. Sanderson et al. (2019) [24] — Feedforward NN vs LR (administrative data).
3. Sanderson et al. (2020) [23] — Post-ED parasuicide visit prediction (ML + admin data).
4. Choi et al. (2018) [25] — 10-year prediction using Cox regression + ML (South Korea).
5. Walsh et al. (2018) [27] — Adolescent suicide attempts (longitudinal clinical data + ML).
6. Zheng et al. (2020) [28] — Deep learning + EHR early warning for high-risk patients.
7. Simon et al. (2019) [29] — Required EHR data for accurate prediction (LR/LASSO/ML).
8. Ryu et al. (2019) [30] — Suicide prediction with machine learning (Korea).
9. Gradus et al. (2019) [31] — Sex-specific suicide risk (Denmark registries; ML).
10. Miché et al. (2019) [32] — Prospective prediction in community adolescents/young adults.

Included studies for NMA (n = 10; same as base paper)

⚫ Common comparator: Logistic 

Regression (LR) as the reference to 

connect algorithms.

⚫ Algorithms compared: NN, LASSO, 

XGB/GBT, CR, SVM, RF.

⚫ Outcome metric: AUC as the 

harmonized discrimination measure 

across studies.

Abbreviations: LR = logistic regression; NN = neural network; LASSO = 

least absolute shrinkage and selection operator; GBT = gradient boosting 

trees; XGB = extreme gradient boosting; RF = random forest; SVM = 

support vector machine; CR = Cox regression.



Why Network Meta-Analysis (NMA)?
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✓ Pairwise meta-analysis compares 
one pair at a time (A vs B).

✓ In practice, many models exist 
but head-to-head evidence is 
sparse.

➢ NMA compares multiple models 
simultaneously using a connected evidence 
network.

➢ Network meta-analysis combines direct and 
indirect evidence to enable a joint 
comparison of multiple algorithms on a 
common performance scale.

Network meta-analysis (NMA), also 
termed multiple treatment meta-
analysis or mixed treatment 
comparisons, was developed as an 
extension of pairwise meta-analysis 
to allow comparisons of more than 
two interventions in a single 
coherent analysis of all the relevant 
studies.



Key Assumptions and Diagnostics for NMA

Three core assumptions

Similarity
Studies comparing different model pairs are sufficiently 
comparable.

Transitivity
No systematic differences in effect modifiers across comparisons.

Consistency
Direct and indirect evidence agree within the network.

Issues we explicitly evaluate

Treatment contrasts network table / forest

Heterogeneity random-effects meta 
model

Inconsistency network sidesplit 
(node-splitting)

Within-study error SE(AUC) + sensitivity 
checks

In Stata:  network meta consistency  +  network sidesplit all +  network map + forest



⚫ 10 studies reported 

AUCs

⚫ Models: LR (ref), NN, 

RF, GBT/XGB, SVM, 

LASSO, CR

⚫ Discrimination: AUC

⚫ Effect size: ΔAUC vs 

LR

⚫ SE(AUC) 

reconstructed 

via Hanley–McNeil

⚫ Random-effects 

multivariate model 

with between-study 

correlation

⚫ Sensitivity: effective 

sample-size 

assumptions for 

cross-validated AUCs

⚫ Consistency NMA 

(REML) in Stata 

(mvmeta/network)

⚫ Diagnostics: 

heterogeneity (τ) 

and node-splitting (direct 

vs indirect)

⚫ Outputs: ranking (SUCRA 

/ PrBest)

Evidence Outcome Uncertainty handling Model & checks

01 02 03 04

Methods Summary: NMA Implementation in Stata



Reconstructing SE(AUC) When Not Reported (Hanley–McNeil)

Most included papers reported AUC without a 95% CI.
Network meta-analysis requires an SE for each study–
algorithm AUC estimate.

We performed the network meta-analysis on the original 
AUC scale (primary analysis). Where 95% CIs were missing 
we reconstructed SE(AUC) using Hanley–McNeil (1982) 
based on AUC and case/control counts (n1/n0). Sample-size 
sensitivity analyses were run to check robustness.

Hanley–McNeil (1982): SE(AUC)
Q1 = A / (2 − A)
Q2 = 2A² / (1 + A)
Var(A) = { A(1−A)   (n1−1)(Q1−A²)   
(n0−1)(Q2−A²) } / (n1·n0)
SE(A) = √Var(A)

A = AUC; n1 = cases (positives); 
n0 = controls (negatives).

Source: Hanley JA & McNeil BJ (1982) Radiology. Used to derive SE(AUC) when CI is not reported.



Reconstructing SE(AUC) When Not Reported (Hanley–McNeil)



Results: Evidence Network (Network Map)

Network plot from Stata: network map.

⚫ Node size reflects how frequently each algorithm is 
evaluated across the included studies; edge 
thickness reflects the amount of direct head-to-
head evidence for a given pair.

⚫ The network is anchored by LR and NN. Direct evidence 
is densest for LR–NN–GBT–RF, 
whereas LASSO/SVM/CR are supported by fewer direct 
comparisons, implying sparser evidence and wider 
uncertainty for those nodes.



Results: Network Table (Study × Algorithm Inputs)

⚫ Inputs: Study × model AUC and within-study SE(AUC).

⚫ Network contribution: 10 studies reported AUCs; 7 had 

sufficient information to obtain comparable SE(AUC) and 

entered the primary NMA network.

⚫ Implication: Network is connected (anchored by LR/NN), 

but sample sizes vary and some models are supported by few 

studies.



Results: Primary Pooled Contrasts (Forest Plot)

Reading guide: blue squares = study-level estimates; red line = pooled overall effect for each 
contrast (mean difference in AUC).

Forest plot from Stata: network forest.

⚫ Effect measure: Pooled mean difference 
in AUC (ΔAUC) from a random-effects 
consistency NMA.

⚫ Main finding: All pooled contrasts were 
small and 95% CIs included 0, 
indicating no statistically detectable 
improvement over LR.

⚫ Interpretation: RF and NN showed the 
largest positive point estimates, but 
uncertainty remained substantial—
especially for algorithms supported by 
sparse direct evidence.



Results: Consistency Model Estimates (vs LR)

⚫ None of the alternative algorithms demonstrated 
a statistically significant improvement over LR, as 
all 95% confidence intervals for ΔAUC crossed 0.

⚫ The largest point estimate was observed for RF 
versus LR (mean ΔAUC ≈  0.098; p = 0.101).

⚫ Uncertainty remained substantial, evidenced by 
wide confidence intervals, which likely reflects 
sparse head-to-head evidence and between-
study heterogeneity under the random-effects 
framework.

Table excerpt: network meta consistency (REML).



Consistency Check: Node-Splitting (Direct vs Indirect Evidence)

⚫ Node-splitting compares direct versus indirect 
evidence for each contrast.

⚫ Most contrasts show no evidence of inconsistency 
(p>0.05).However, LASSO–LR and LASSO–RF show 
inconsistency (p=0.018), possibly reflecting 
heterogeneity and/or sparse/imbalanced evidence; 
ranking claims involving LASSO should be 
interpreted cautiously.

⚫ Overall consistency was generally acceptable, with 
inconsistency limited to LASSO-related contrasts.

Table excerpt: network sidesplit all.



Model uncertainty: heterogeneity (τ  & between-study correlation (ρ 

➢ Between-study heterogeneity (τ ≈ 0.084 : Random-
effects SD of treatment effects across studies.

➢ Between-study correlation (ρ = 0.5; exchangeable 
structure): Specified common correlation among study-
specific random effects in the multivariate random-
effects model (bscovariance(exch 0.5)).

➢ Interpretation: With τ>0, uncertainty increases; 
interpret pooled effects and rankings cautiously, 
especially with sparse/imbalanced networks.

Stata output: estimated between-study SDs and
correlation matrix for multivariate random effects.



Ranking Metrics: PrBest and SUCRA

⚫ RF is most likely to be best (PrBest ≈ 32.8%; SU RA ≈ 71.9 , 
but uncertainty remains.

⚫ Consistent with the NMA effect estimates, no model shows 
a statistically significant improvement over LR (95% CIs for 
ΔAUC overlap 0).

⚫ Rankings are probabilistic—interpret alongside ΔAUC, CIs, 
and network/consistency checks.

Note: Rankings are probabilistic; do not infer superiority without ΔAUC and 95% CIs.



Sensitivity Analysis: Effective Sample Size Under Cross-Validation

Sensitivity set-up: For AUCs obtained via internal validation, SE(AUC) depends on the effective test sample size. Because 
reporting of validation procedures varied, we treated the reported total N as an upper bound and re-derived SE(AUC) 
under conservative effective-N scenarios (80/50/20% of N; per-fold test N when k was reported), then re-ran the same 
NMA.

Robustness: Conclusions were unchanged under conservative assumptions (similar point estimates; slightly 
wider CIs, still including 0).

Study Validation / evaluation approach k (if CV)

Sanderson et al. (2019) 
[22]

k-fold cross-validation 10

Sanderson et al. (2019) 
[24]

k-fold cross-validation 10

Sanderson et al. (2020) 
[23]

k-fold cross-validation 10

Choi et al. (2018) [25] Train/validation split + CV used for model tuning 10 (tuning)

Walsh et al. (2018) [27] Bootstrap internal validation (optimism-correction) N/A

Zheng et al. (2020) [28]
Separate validation cohort (hold-out / temporal validation); CV 
mentioned but k not reported

N/A / NR

Simon et al. (2019) [29] k-fold cross-validation 10

Ryu et al. (2019) [30] Train/test split; feature selection via k-fold CV within training set 10 (within training)

Gradus et al. (2019) [31] k-fold cross-validation 10

Miché et al. (2019) [32] Nested repeated k-fold cross-validation
10 
(nested/repeated)

Primary

Conservative



Discussion & conclusion

I. Evidence base: 10 studies reported AUCs across 6 ML models + LR, 
forming a network anchored by LR/NN. Evidence was strongest for 
LR–NN–GBT–RF, with sparser links for LASSO/SVM/CR.

II.  Main findings: Pooled ΔAUC vs LR were small and 95% CIs included 
0, indicating no statistically clear superiority of any ML model over 
LR. Ranking suggested RF as most likely best (PrBest ≈ 32.9%; 
SU RA ≈ 72), but ranking is probabilistic and not a decisive winner.

III. Interpretation: NMA synthesises direct and indirect evidence to 
support cross-model comparison; conclusions should be interpreted 
cautiously given uncertainty and sparse evidence.

AUC discrimination is broadly 
similar across models; no ML 
model shows robust superiority 
over LR.



Limitations

I. Sparse/imbalanced evidence: Several contrasts were 
informe  by few stu ies → wi e un ertainty.

II. Heterogeneity & comparability: Differences in 
populations, predictors, horizons, and validation may 
affect transitivity.

III. Incomplete reporting: SE/95% CI and CV details (k, 
effective n1/n0) were often missing, requiring 
reconstruction and sensitivity checks.
IV. AUC-only: Calibration and clinical utility were 
rarely reported.

Next steps

I. Transparent reporting standards: Standardised 
reporting of AUC uncertainty (SE/95% CI), 
n1/n0, and validation specifications (CV folds 
and how AUCs were aggregated) would 
improve cross-study comparability.

II. Stronger comparisons: More head-to-head, 
multi-model evaluations on shared 
datasets/pipelines.

III. Translation: External validation and 
implementation studies (plus 
calibration/decision-utility, not AUC alone).

Limitations & Next steps
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