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Abstract 

Background: Clinical prediction models in critical care and toxicology are frequently developed with 
sample sizes below formal minimum requirements and without explicit quantification of the resulting 
overfitting, contributing to a broader reproducibility problem in this literature. We present a transparent 
methodological pipeline for developing, internally validating, and honestly reporting such a model, using a 
real clinical question-predicting the need for invasive mechanical ventilation (IMV) in patients with acute 
poisoning treated with renal replacement therapy-as the applied case study. No prediction model specific 
to this population, and none developed in a Latin American setting, has previously been reported. 

Methods: We conducted a retrospective, multi-institutional cohort study (11 centres, one predominant 
centre contributing 76% of cases) of patients with acute poisoning who required renal replacement therapy 
(hemoperfusion 68.6%, hemodialysis 17.2%, or both 14.2%). After excluding non-toxicological indications 
for renal replacement therapy, 169 patients were analysed (82 IMV events, 48.5%). Sample size adequacy 
was assessed using the Riley et al. simulation-based approach; the available sample fell below the calculated 



minimum, and this model is presented as a preliminary internal derivation rather than a finalised clinical 
tool. Missing values in APACHE II and SOFA (14.8% each), found to be missing-at-random conditional 
on treating centre, were addressed with multiple imputation by chained equations (20 imputations). A Firth-
penalised logistic regression with restricted cubic splines for APACHE II and SOFA (informed by a Box-
Tidwell non-linearity test) was developed as the primary model, with a random forest as a non-linear 
comparator. Internal validity was assessed via 5-fold cross-validation and bootstrap optimism correction 
(200 resamples). Model interpretability was assessed with Shapley Additive Explanations (SHAP) on the 
random forest comparator. A simplified point-based risk score was derived, with bootstrap 95% confidence 
intervals for observed event rates per score level. Sensitivity analyses examined treatment modality and sex 
as potential sources of heterogeneity. Quasi-external validation was performed by training the model 
exclusively on the predominant centre and freezing it for application to the remaining satellite centres, 
including full logistic recalibration (intercept and slope). 

Results: SOFA (p<0.001), APACHE II (p<0.001), vasoactive drug use (p<0.001), and time from ingestion 
to first dialysis (p=0.0009) differed significantly between patients with and without IMV. The Firth-
penalised spline model achieved a cross-validated AUC of 0.821 (SD 0.014); bootstrap optimism correction 
of the apparent model (AUC 0.898) yielded a corrected AUC of 0.856, consistent with the theoretical 
shrinkage factor (0.856) derived from the Riley sample-size calculation. The random forest achieved a 
cross-validated AUC of 0.831 (SD 0.011). Decision curve analysis showed net benefit over 'treat-all' and 
'treat-none' strategies across the 5-75% threshold probability range. Treatment modality did not materially 
change model performance (AUC 0.830 with modality included vs. 0.829 without) despite its uneven 
distribution across centres. Discrimination showed a point-estimate difference by sex (AUC 0.883 in men 
vs. 0.785 in women) that did not reach statistical significance on a formal DeLong test (difference 0.098, 
95% CI -0.022 to 0.218, p=0.109), an inconclusive result discussed as an open equity question rather than 
a confirmed disparity. A four-variable exploratory point score (VM-Risk, range 0-7) showed a gradient 
from 0% to 100% observed IMV incidence, with wide, overlapping bootstrap confidence intervals at 
adjacent score levels reflecting the small per-category sample sizes; its apparent AUC (0.848, bootstrap 
95% CI 0.793-0.901) has not been independently validated. Quasi-external validation (training on the 
predominant centre, testing on satellite centres, n=41) preserved discrimination (AUC 0.833); full logistic 
recalibration (intercept -0.024, slope 1.603) improved the Brier score from 0.166 to 0.153, though the 
substantial departure of the slope from 1 indicates meaningful risk-stratification distortion beyond a simple 
level shift. 

Conclusions: This case study demonstrates a reproducible pipeline for developing and transparently 
reporting an underpowered clinical prediction model: formal sample-size calculation, missing-data 
mechanism identification, triangulated overfitting quantification, full recalibration, and explicit subgroup 
equity testing. Applied to acute poisoning requiring renal replacement therapy, the resulting model showed 
encouraging discrimination but remains a preliminary, hypothesis-generating derivation; no specific score 
cut-off is recommended for clinical decision-making pending prospective, adequately powered external 
validation. 

Keywords: poisoning; hemoperfusion; hemodialysis; mechanical ventilation; machine learning; prediction 
model; critical care; Ecuador 

Introduction 

Acute poisoning requiring extracorporeal elimination therapies remains a significant cause of intensive care 
unit (ICU) admission worldwide. Hemoperfusion, alone or combined with hemodialysis, is used for toxins 
with limited water solubility or high protein binding that render conventional hemodialysis less effective. 
A substantial proportion of these patients develop respiratory failure requiring invasive mechanical 
ventilation (IMV), which contributes to increased ICU length of stay, cost, and complication risk. 



Machine learning (ML) methods have increasingly been applied to prognostic modelling in acute poisoning. 
Prior work in patients with acute organophosphate poisoning treated with hemodialysis achieved high 
discrimination for a composite prognosis outcome using gradient boosting methods 
(1) 

A separate study in methanol poisoning specifically modelled the need for intubation using random forest 
and XGBoost with explainable AI (XAI) methods, finding that tree-based methods outperformed deep 
learning approaches 

(2), building on an earlier methanol poisoning prognosis model by the same research group using more 
conventional ML classifiers (3). A prediction model for deep venous thrombosis specifically in a 
hemoperfusion-treated cohort has also been reported, demonstrating the methodological feasibility of 
prediction modelling in this population, albeit for a different outcome (4). In Latin America, a large multi-
institutional network across 84 hospitals in 16 countries has demonstrated that ML models with SHAP-
based interpretability can be developed and validated regionally for critical care outcomes in children, 
including the need for mechanical ventilation (5). Hemoperfusion combined with hemofiltration has itself 
been shown to reduce the incidence of mechanical ventilation in organophosphate poisoning in a systematic 
review and meta-analysis, underscoring the clinical relevance of this outcome in toxin-exposed populations 
(6). 

Despite this body of evidence, we are not aware of any prediction model that has specifically targeted the 
need for IMV in a hemoperfusion-treated cohort, nor any developed in a Latin American setting. This 
represents a double knowledge gap that this study aims to address. 

We aimed to develop and internally validate a prediction model for the need of IMV in patients with acute 
poisoning treated with renal replacement therapy, using clinical variables available at ICU admission, and 
to evaluate its performance across a predominant centre and a group of smaller satellite institutions. 

Beyond this clinical question, we use the resulting model as an applied case study in methodological 
transparency. Systematic reviews of clinical prediction models, including those using machine learning, 
have repeatedly found that formal sample-size justification is rarely reported, that the widely used events-
per-variable heuristic lacks a rigorous statistical basis (7,8), and that reporting completeness against 
structured guidance such as TRIPOD and TRIPOD+AI remains poor even in recent literature (26,27). 
Rather than treating our sample-size shortfall as a limitation to be minimised in the Discussion, we treat it 
as the central methodological problem this manuscript addresses: we demonstrate, step by step, how to 
calculate the required sample size a priori, how to triangulate multiple independent methods to quantify the 
resulting overfitting when that requirement cannot be met, how to identify and address a missing-data 
mechanism that varies by clustering unit, how to fully recalibrate a model transported to new sites, and how 
to test formally-rather than merely acknowledge narratively-whether model performance is equitable across 
a protected subgroup. We present the acute-poisoning cohort as the concrete case in which this pipeline is 
applied, not as an end in itself. 

Methods 

Study design and data source 

We conducted a retrospective cohort study using a consolidated, de-identified database of patients with 
acute poisoning treated with hemoperfusion, hemodialysis, or both, across 11 healthcare institutions in 
Ecuador. The database was collected as part of routine clinical care documentation, not prospectively for 
this study. 

Participants 

The source database comprised 177 patients. Eight patients (4.5%) were excluded because their indication 
for renal replacement therapy was not an exogenous toxin exposure (hepatic failure, n=3; rhabdomyolysis, 



n=3; myoglobinuria, n=1; multiple myeloma, n=1), leaving an analytic cohort of 169 patients. One 
institution (referred to as the predominant centre) contributed 128 patients (75.7%); the remaining 41 
patients (24.3%) were distributed across 10 satellite institutions. Treatment modality was hemoperfusion 
alone in 116 patients (68.6%), hemodialysis alone in 29 (17.2%), and combined hemoperfusion-
hemodialysis in 24 (14.2%). Modality distribution differed markedly between the predominant and satellite 
centres (hemoperfusion alone: 59.4% vs. 97.6%, respectively), reflecting differing practice patterns rather 
than random variation, and modality was significantly associated with IMV (chi-square p=0.014; IMV 
incidence 52.6% with hemoperfusion alone, 24.1% with hemodialysis alone, 58.3% with combined 
therapy). Given this uneven distribution, the study population is therefore more accurately described as 
patients undergoing renal replacement therapy for acute poisoning, predominantly but not exclusively via 
hemoperfusion, consistent with the revised study title. 

Outcome 

The primary outcome was the need for invasive mechanical ventilation during the ICU stay, defined as days 
of mechanical ventilation greater than zero. This variable had no missing values. Manual review confirmed 
that no patient with this outcome had a pre-existing respiratory compromise unrelated to the toxic exposure, 
supporting the validity of the outcome definition. 

Predictors 

Candidate predictors, selected a priori based on availability at ICU admission and clinical plausibility, were: 
age, sex, grouped toxic agent (categories with frequency ≥10 retained individually: carbamazepine, 
organophosphate, acetaminophen, paraquat, tricyclic antidepressant; remaining 33 distinct free-text 
categories grouped as 'other'), time from ingestion to first dialysis session, APACHE II score, Sequential 
Organ Failure Assessment (SOFA) score, and use of vasoactive medication. Variables measured after the 
point of the IMV decision (number of hemoperfusion sessions, renal replacement therapy modality, 
hemoperfusion complications, atropine dose) were excluded from the predictor set to avoid temporal data 
leakage. 

Sample size 

Sample size adequacy was assessed using the simulation-based approach of Riley et al. (7), implemented 
via the pmsampsize package, rather than the traditional events-per-variable (EPV) heuristic, whose 
statistical basis has been criticised (8). With 11 effective predictor parameters and an observed outcome 
prevalence of 48.5%, a minimum of 384 participants (187 events) was required assuming an anticipated C-
statistic of 0.83, rising to 406 participants (197 events) if the anticipated C-statistic were 0.77 (a lower 
anticipated discriminative ability requires a larger sample under Riley's framework, since less outcome 
variation is available to estimate parameters precisely). The available sample (n=169, 82 events) did not 
meet either threshold. The corresponding expected shrinkage factor, calculated analytically, was 0.856 
(point estimate) to 0.793 (conservative estimate), indicating an anticipated 14.4-20.7% reduction in 
predictor coefficients due to overfitting. This informed the use of penalised regression as the primary 
analytical approach (see below). 

Missing data 

APACHE II and SOFA scores were missing in 14.8% of cases each (25/169 for each variable); 
hemoperfusion complications were missing in 34.3% of cases (58/169). Missingness in APACHE II and 
SOFA was concentrated entirely (100%, 25/25 for each) in satellite centres (chi-square p<0.001). 
Missingness in hemoperfusion complications followed a related but distinct pattern: 41 of the 58 missing 
values (70.7%) were in satellite centres (where the variable was missing in all 41 patients) and the remaining 
17 (29.3%) were in the predominant centre (17/128, 13.3%); we note this distinction explicitly here, as an 
earlier internal draft of this manuscript incorrectly generalised the 100%-satellite pattern to all three 
variables. Both patterns indicate a missing-at-random (MAR) mechanism conditional on treating centre, 



reflecting inconsistent institutional documentation practices rather than random data loss. Missing values 
in APACHE II and SOFA were addressed using multiple imputation by chained equations (MICE), 
implemented via scikit-learn's IterativeImputer with posterior sampling (20 imputed datasets), using age, 
time to dialysis, sex, vasoactive use, grouped toxic agent, treating centre, and the outcome variable as 
auxiliary predictors, consistent with recommendations to include the outcome in imputation models for 
prediction model development (9). Hemoperfusion complications were not used as a model predictor (see 
Predictors, above) and were therefore not imputed. 

Statistical analysis 

Continuous variables were summarised as median [interquartile range] given non-normal distributions 
(Shapiro-Wilk p<0.05 for all), and compared between outcome groups using the Mann-Whitney U test. 
Categorical variables were summarised as n (%) and compared using the chi-square or Fisher's exact test 
as appropriate. Multicollinearity was assessed using the variance inflation factor (VIF); linearity of the logit 
for continuous predictors was assessed using the Box-Tidwell test. 

The primary prediction model was a Firth-penalised logistic regression (10), fitted to mitigate small-sample 
bias and potential separation given the anticipated overfitting identified in the sample size calculation; as 
detailed in the Results and Discussion, this penalisation reduces but does not eliminate the optimism 
quantified by our sample-size and bootstrap analyses. Restricted cubic splines (four knots, Harrell's method 
(11), placed at the 5th, 35th, 65th, and 95th percentiles) were used for APACHE II and SOFA after the 
Box-Tidwell test indicated non-linearity in the logit for both variables (p=0.022 and p=0.029, respectively). 
Model coefficients were pooled across the 20 imputed datasets using Rubin's rules. A random forest 
classifier (300 trees, maximum depth 4) was fitted as a non-linear comparator. The maximum depth of 4 
was selected a priori as a conservative constraint appropriate to a dataset of this size (rather than derived 
from out-of-bag error minimisation or a formula linking depth to the number of predictors, which we did 
not perform); we state this plainly because a post hoc rationale would misrepresent how the choice was 
made. These hyperparameters were fixed rather than tuned via nested cross-validation; we made this choice 
deliberately, because hyperparameter optimisation in a sample of this size would itself be prone to 
overfitting and would complicate, rather than simplify, interpretation of the comparison with the primary 
model. The cross-validation reported for the random forest (see below) evaluates performance under these 
fixed hyperparameters and was not used for tuning. Because the resulting cross-validated AUC estimates 
for the Firth and random forest models are correlated (both evaluated on overlapping folds of the same 
imputed datasets) rather than independent, and because a paired test appropriate to this correlation structure 
was not implemented, we report both AUCs alongside their cross-validation standard deviations but do not 
claim statistical equivalence between them; the two models should be read as converging on a similar range 
of discrimination, not as formally indistinguishable. 

Model discrimination was assessed using the area under the receiver operating characteristic curve (AUC), 
calculated via 5-fold cross-validation repeated independently within each of the 20 imputed datasets (100 
fold-level AUC estimates in total, arithmetically averaged to obtain the reported mean and standard 
deviation). We refer to this simply as repeated cross-validation, not nested cross-validation: because model 
hyperparameters (for both the Firth model and the random forest) were fixed a priori rather than tuned, 
there was no inner-loop hyperparameter optimisation of the kind the term 'nested cross-validation' 
conventionally denotes, and we avoid that term to prevent confusion with cross-validation designs that do 
perform such tuning. Because cross-validated estimates and theoretical shrinkage factors, while convergent, 
do not by themselves quantify optimism in the apparent (non-cross-validated) model fit, we additionally 
performed a bootstrap optimism-correction procedure (Harrell's method, 200 resamples with replacement, 
random seed 2026): the model was refitted in each bootstrap sample and evaluated both on that same 
bootstrap sample (bootstrap-apparent performance) and on the original full sample (bootstrap-test 
performance); the average difference (optimism) was subtracted from the apparent AUC of the model fitted 
on the original sample to obtain an optimism-corrected AUC. Calibration was assessed using the Brier score 



and, for the quasi-external validation, a full logistic recalibration model (both intercept and slope, not 
intercept alone) fitted as a logistic regression of the observed outcome on the logit of the predicted 
probability; calibration was additionally examined graphically using observed-versus-predicted event rates 
within quartiles/quintiles of predicted risk. Clinical utility was assessed using decision curve analysis 
(DCA), comparing net benefit against 'treat-all' and 'treat-none' default strategies across threshold 
probabilities of 5-80%. 

As a pre-specified equity-related sensitivity analysis, model discrimination and calibration were 
additionally assessed separately by sex, given the female preponderance in this cohort and literature 
emphasising the risk that undetected subgroup heterogeneity in model performance can entrench health 
disparities if unaddressed. 

Model interpretability was assessed using Shapley Additive Explanations (SHAP) applied to the random 
forest model, providing both global (mean absolute SHAP value) and local (individual-level waterfall) 
explanations. SHAP interaction values were examined to assess the clinical plausibility of detected 
predictor interactions. 

A simplified point-based clinical score (VM-Risk) was derived by converting predicted log-odds from the 
pooled Firth model, evaluated at clinically meaningful category midpoints, into integer point values. Given 
the modest sample size within each score level, bootstrap 95% confidence intervals (2,000 resamples) were 
calculated for the observed event rate at each score level and for the overall apparent AUC of the score, to 
characterise the precision-not merely the point estimate-of the reported gradient. This score is presented as 
an exploratory, hypothesis-generating derivation and not as a tool ready for clinical decision-making; no 
specific cut-off is recommended for practice pending independent external validation. 

Sensitivity analyses and quasi-external validation 

Given the concentration of cases in a single predominant centre, we conducted a sensitivity analysis 
comparing model performance in the full cohort, in the predominant centre alone, and in satellite centres 
alone, and assessed the independent contribution of treating centre as a covariate. An analogous sensitivity 
analysis assessed the independent contribution of treatment modality (hemoperfusion alone, hemodialysis 
alone, or combined) as a covariate, given its uneven distribution across centres. As no genuinely 
independent external cohort was available, we additionally performed a quasi-external, leave-cluster-out 
validation: the model was trained exclusively on the predominant centre (n=128, 55 events) and applied, 
without refitting, to the satellite centres (n=41, 27 events). Both intercept-only recalibration and full logistic 
recalibration (intercept and slope) were performed to characterise and correct any systematic miscalibration 
observed; we report both because intercept-only recalibration corrects the average level of predicted risk 
but not distortions in risk stratification, which require adjustment of the slope. 

Ethical considerations 

All methods were performed in accordance with the relevant guidelines and regulations. This study used 
retrospective, de-identified secondary data. Under Article 32 of Ecuador's Organic Law on Personal Data 
Protection (Official Registry Supplement 459, 2021), health data may be used for scientific research when 
anonymised (12), supporting a waiver of individual informed consent. This study was approved by the 
Human Research Ethics Committee of the Catholic University of Cuenca (Comité de Ética de Investigación 
en Seres Humanos de la Universidad Católica de Cuenca, CEISH-UCACUE), of the Ministry of Health of 
the Republic of Ecuador (approval: CEISH-UCACUE-2023-089), and formal data-use authorisation from 
each contributing satellite institution was obtained. 

All analyses were conducted in Python 3.12 using scikit-learn, statsmodels, patsy, and the shap and 
pmsampsize packages. Analytical code is available upon reasonable, specified request pending institutional 
data-sharing authorisation. 



Results 

Participants 

Of 177 patients in the source database, 169 were included in the final analysis after excluding 8 with non-
toxicological indications for renal replacement therapy. Median age was 23 years [IQR 18-34]; 58.0% were 
women. IMV was required in 82 patients (48.5%). Median ICU stay was 2 days [IQR 2-3]; overall mortality 
was 4.1% (7 deaths). 

Baseline characteristics by outcome 

Table 1 shows baseline characteristics stratified by IMV status. Patients requiring IMV had significantly 
higher APACHE II (17 [12.2-21] vs. 9 [6-12.8], p<0.001), higher SOFA (8 [6-10.8] vs. 3 [2-5], p<0.001), 
longer time to first dialysis (18.5 [12-24] vs. 12 [8-22] hours, p=0.0009), higher vasoactive drug use (46.3% 
vs. 16.1%, p<0.001), and were slightly older (25 [19-38] vs. 22 [18-29] years, p=0.044). 

Table 1. Baseline characteristics stratified by need for invasive mechanical ventilation (n=169) 

Variable No IMV (n=87) IMV (n=82) p-value 
Age (years), median [IQR] 22 [18-29] 25 [19-38] 0.044 
Time ingestion-to-dialysis (h), median 
[IQR] 

12 [8-22] 18.5 [12-24] 0.0009 

APACHE II, median [IQR] 9 [6-12.8] 17 [12.2-21] <0.001 
SOFA, median [IQR] 3 [2-5] 8 [6-10.8] <0.001 
Male sex, n (%) 30 (34.5) 41 (50.0) 0.059 
Vasoactive drug use, n (%) 14 (16.1) 38 (46.3) <0.001 
Toxic agent group (6 categories) - - 0.0014 
 

Collinearity and functional form 

All variance inflation factors were below 3.0 (maximum 2.98), indicating no problematic multicollinearity, 
although APACHE II and SOFA were moderately correlated (Spearman r=0.68), as expected for two 
overlapping severity scores. The Box-Tidwell test indicated adequate logit-linearity for age (p=0.728) and 
time to dialysis (p=0.155), but a significant departure from linearity for APACHE II (p=0.022) and SOFA 
(p=0.029), motivating the use of restricted cubic splines for these variables in the final model. 

Model development and performance 

The Firth-penalised logistic regression with restricted cubic splines achieved a cross-validated AUC of 
0.821 (SD 0.014), a Brier score of 0.174, a calibration intercept of 0.030, and a calibration slope of 0.844. 
The apparent AUC (model fitted and evaluated on the same full sample, without cross-validation or 
bootstrap correction) was 0.898. Bootstrap optimism correction (Harrell's method, 200 resamples) 
estimated a mean optimism of 0.042, yielding an optimism-corrected AUC of 0.856. This corrected estimate 
is closely consistent with both the 5-fold cross-validated AUC (0.821) and the theoretical shrinkage factor 
of 0.856 derived analytically from the Riley sample-size calculation, providing convergent evidence from 
three independent internal-validation approaches that the true, generalisable discrimination of this model is 
meaningfully lower than its apparent performance (Figure 1) precisely the pattern expected for a model 
developed in an underpowered sample, and consistent with our characterisation of this model as a 
preliminary derivation rather than a finalised, optimism-free estimate of performance. The random forest 
comparator achieved a cross-validated AUC of 0.831 (SD 0.011), Brier score of 0.166, calibration intercept 
of -0.054, and calibration slope of 1.269. 



 
Figure 1. Triangulation of overfitting across three independent internal-validation approaches: the apparent AUC (0.898) is 

progressively reduced by bootstrap optimism correction (0.856) and by 5-fold cross-validation (0.821), converging with the 

theoretical shrinkage-implied estimate (0.856) derived from the Riley sample-size calculation. 

Table 2. Odds ratios (Firth-penalised model, pooled across imputations, 95% CI) 

Variable OR 95% CI 
Vasoactive drug use (yes vs. no) 2.88 1.16-7.14 
Male sex (vs. female) 1.59 0.66-3.82 
Toxic agent: tricyclic antidepressant 7.05 0.42-117.5 
Toxic agent: organophosphate 3.80 0.32-45.3 
Time to first dialysis (per hour) 1.02 0.99-1.05 
Age (per year) 1.00 0.97-1.03 
Odds ratios are not reported for APACHE II and SOFA given their non-linear (spline) functional form; 
predicted probability curves at representative values are presented in Figure 2, demonstrating a 
continuously increasing effect for SOFA and a plateau effect for APACHE II beyond approximately 15 
points. The wide confidence intervals for the tricyclic antidepressant and organophosphate categories 
(Table 2) reflect the rarity of these categories rather than a stable, precisely estimated effect; these estimates 
should be interpreted as indicating a directional association only, not a precise effect size, and combining 
rare toxic categories further in future, larger studies may be warranted. 



 
Figure 2. Predicted probability of invasive mechanical ventilation as a function of SOFA (A) and APACHE II (B), from the 

pooled Firth-penalised spline model, holding other covariates at reference/median values. 

Sensitivity analysis: treatment modality 

Treatment modality was hemoperfusion alone in 116 patients (68.6%), hemodialysis alone in 29 (17.2%), 
and combined therapy in 24 (14.2%), and was distributed very unevenly across centres (hemoperfusion 
alone: 59.4% at the predominant centre vs. 97.6% at satellite centres; no satellite-centre patient received 
hemodialysis alone). Modality was significantly associated with IMV (chi-square p=0.014), with lower 
IMV incidence in patients receiving hemodialysis alone (24.1%) than hemoperfusion alone (52.6%) or 
combined therapy (58.3%). Including modality as an additional covariate in the full model did not 
materially change discrimination (AUC 0.830 vs. 0.829 without modality) or the direction of effect for 
SOFA, APACHE II, or vasoactive use, indicating that modality does not confound the principal findings; 
however, because modality distribution is confounded with centre and was not included in the primary 
model, we cannot exclude a modest independent modality effect, and this is reflected in the revised, broader 
study title and population description (renal replacement therapy rather than hemoperfusion specifically). 

Decision curve analysis 

Both models showed positive net benefit over 'treat-all' and 'treat-none' strategies across nearly the entire 
clinically relevant threshold probability range (5-75%). Beyond a threshold of approximately 45-50%, the 
'treat-all' strategy showed negative net benefit, while both models remained positive substantially beyond 
this range, indicating genuine clinical utility beyond statistical discrimination alone. The random forest 
model retained a small positive net benefit over both default strategies up to a threshold of approximately 
75%, beyond which net benefit approached zero for all strategies (Figure 3); we highlight this threshold 
range explicitly, as it delineates where this model (subject to its preliminary status) would be expected to 
add value over unassisted default decisions, information relevant to designing the decision-analytic 
component of a future validation study. 



 
Figure 3. Decision curve analysis comparing the random forest model against 'treat-all' and 'treat-none' default strategies across 

threshold probabilities of 5-80%. 

Model interpretability 

Interpretability of the primary Firth-penalised model is provided directly by its odds ratios for linear terms 
(Table 2) and by predicted-probability curves at representative values for the spline terms (APACHE II and 
SOFA), reported above and in the preceding section. In addition, we applied SHAP specifically to the 
random forest comparator-not to the Firth model-because SHAP's marginal-contribution framework is most 
naturally suited to tree-based ensembles and provides a complementary, model-agnostic cross-check on 
variable importance rather than a restatement of the primary model's own coefficients; agreement between 
the SHAP-derived ranking and the Firth model's odds ratios and spline shapes (both identifying SOFA and 
APACHE II as dominant) supports the plausibility of both, but the SHAP results below should be 
interpreted as pertaining to the comparator model specifically. 

SHAP analysis of the random forest model identified SOFA (mean |SHAP|=0.143) and APACHE II (0.095) 
as the dominant predictors (Figure 4), followed by vasoactive drug use (0.052), time to dialysis (0.034), 
age (0.024), sex (0.016), and toxic agent group (0.001-0.009 per category). Notably, the apparent 
importance of specific toxic agents observed in univariable analysis was substantially attenuated once non-
linear severity effects were properly modelled, suggesting that much of the apparent toxin-specific risk 
reflects underlying illness severity rather than a toxin-specific mechanism. SHAP interaction analysis 
identified the strongest interaction between APACHE II and SOFA (0.0149), consistent with their expected 
correlation as overlapping severity measures; no clinically implausible interactions were detected. 



 
Figure 4. Global SHAP variable importance (mean absolute SHAP value) for the random forest comparator model. 

Local SHAP explanations for individual patients illustrated the comparator model's reasoning: a patient 
with high SOFA/APACHE II and vasoactive use had a predicted probability of 0.93 (vs. a population 
baseline of 0.51), while a patient with low severity scores had a predicted probability of 0.05. One 
misclassified case-a patient with carbamazepine poisoning, low initial severity scores, but who 
subsequently required IMV-suggests that admission severity scores may not capture delayed neurological 
deterioration characteristic of certain toxic agents, a mechanistic limitation worth highlighting. 

Sensitivity analysis by sex (algorithmic equity) 

Given the female preponderance in this cohort (58.0%) and the borderline univariable sex difference 
(p=0.059, Table 1), we assessed model discrimination and calibration separately by sex using the same 
pooled, cross-validated predictions underlying the overall performance estimates. Point-estimate 
discrimination was higher in men (AUC 0.883, n=71, 41 events) than in women (AUC 0.785, n=98, 41 
events). A formal DeLong test for the difference in AUC gave a difference of 0.098 (95% CI -0.022 to 
0.218; Z=1.60, p=0.109): this difference did not reach conventional statistical significance, and the 
confidence interval includes both a null difference and a difference exceeding 0.20, meaning our data are 
compatible with anything from no sex-based discrimination gap to a substantial one. We report the point 
estimate and this formal test together, rather than either alone, because presenting only the point estimate 
would overstate certainty, while presenting only a non-significant p-value could understate a plausible and 
clinically important gap that this sample is simply too small to confirm or exclude. Calibration-in-the-large 
was adequate in both subgroups (mean predicted vs. observed probability: 0.568 vs. 0.577 in men; 0.424 
vs. 0.418 in women), indicating that the model is not systematically over- or under-predicting risk in either 
sex on average. We are unable to determine from these data whether the observed point-estimate gap 
reflects a genuine sex-related difference in the clinical presentation or mechanism of respiratory failure, a 
smaller effective sample within the female subgroup, or chance; this finding is discussed further, and treated 
as an open question requiring a larger sample, in the Discussion. 

Simplified clinical score (VM-Risk) - exploratory derivation 

A four-component point score (SOFA category, APACHE II category, vasoactive use, high-risk toxic 
agent) ranging from 0 to 7 points showed an increasing gradient in observed IMV incidence, from 0% at 
scores 0-1 to 100% at score 7, with an apparent AUC of 0.848 (bootstrap 95% CI 0.793-0.901, 2,000 



resamples). This score has not been independently validated, as both its component thresholds and its 
evaluation used the same 169 patients; it is presented as a methodological illustration of how penalised log-
odds from a spline-based model can be translated into an integer point system, discussing the precision-
parsimony trade-off this translation entails, rather than as a validated clinical instrument, and is not 
recommended for clinical decision-making in its current form. The full derivation, including the empirical 
comparison of alternative score configurations, is reported in the main text because the derivation process-
not the resulting point values-is the primary contribution of this section; readers seeking only the score's 
specification and operating characteristics can refer directly to Tables 3 and 4. 

Table 3. VM-Risk score: point assignment by component 

Component Category Points 
SOFA 0-2 0 
 3-5 2 
 6-9 3 
 ≥10 4 
APACHE II <10 0 
 ≥10 1 
Vasoactive drug use Yes 1 
High-risk toxic agent (tricyclic antidepressant, 
organophosphate, or paraquat) 

Yes 1 

Total VM-Risk score = sum of points (range 0-7). Three broad risk bands are descriptively identified based 
on the observed gradient: low (0-1 points, 0.0% observed IMV, n=27), intermediate (2-3 points, 22.2-31.8% 
observed IMV, n=36), and high (4-7 points, 54.1-100% observed IMV, n=106); as detailed in Table 4, 
bootstrap confidence intervals for individual score levels overlap substantially between adjacent levels, and 
these bands should be read as descriptive of the derivation sample only, not as validated clinical decision 
thresholds. At an exploratory cut-off of ≥3 points, sensitivity was 0.99 and negative predictive value 0.98; 
at ≥5 points, specificity was 0.83 and positive predictive value 0.78. These operating characteristics are 
reported for completeness and to inform the design of a future validation study; we do not recommend their 
use to guide clinical decisions until the score has been evaluated in an independent cohort. 

Justification for component selection: time from ingestion to first dialysis differed significantly between 
outcome groups in univariable analysis (Table 1, p=0.0009), but its association with IMV was substantially 
attenuated in the full multivariable model (adjusted OR 1.02 per hour, 95% CI 0.99-1.05, crossing unity). 
This pattern is compatible with the univariable association being largely explained by its correlation with 
SOFA and APACHE II (patients with delayed presentation tend to have higher severity scores, which 
already capture much of this signal); we describe this as attenuation after adjustment rather than 
'confounding', since our design does not support a specific causal ordering among ingestion-to-dialysis 
time, illness severity, and IMV without a pre-specified causal model (e.g., a directed acyclic graph), which 
we did not construct a priori. We empirically compared three candidate score configurations: the reported 
score (SOFA + APACHE II + vasoactive use + toxic agent category, apparent AUC 0.848, increasing 
gradient with no reversals), an alternative substituting toxic agent category with a categorised time-to-
dialysis variable (AUC 0.843, non-monotonic gradient with a reversal at low scores), and a five-component 
version including both (AUC 0.849, non-monotonic gradient with a reversal at intermediate scores). The 
reported four-component version was retained as it combines the best empirical gradient behaviour with 
mechanistic plausibility for the toxic agent category, as discussed further below; we note that none of the 
three configurations differed materially in apparent AUC, and this comparison should not be over-
interpreted as strong evidence for one configuration over another given the shared, limited sample. 

 

 



Table 4. VM-Risk score distribution, observed IMV incidence, and bootstrap 95% confidence 

intervals 

Score n Observed IMV, % 95% CI (Wilson) 
0 19 0.0 0.0-16.8 
1 8 0.0 0.0-32.4 
2 14 7.1 1.3-31.5 
3 22 31.8 16.4-52.7 
4 37 54.1 38.4-69.0 
5 36 69.4 53.1-82.0 
6 28 85.7 68.5-94.3 
7 5 100.0 56.6-100.0 
 

Sensitivity analysis by centre and quasi-external validation 

Model performance was preserved when restricted to the predominant centre (AUC 0.854) and did not 
deteriorate substantially when 'centre' was included as a covariate in the full model (AUC 0.827 vs. 0.829 
without centre; coefficient 0.202 for the satellite category), indicating that centre does not dominate model 
behaviour, although its contribution is not strictly negligible-it is comparable in magnitude to sex and 
smaller than SOFA (1.079), toxic-agent categories, vasoactive use (0.458), time to dialysis (0.440), or 
APACHE II (0.385). Performance in the satellite-centre-only subset (n=41) was lower and highly variable 
(AUC 0.564, SD 0.178), attributable in large part to the small subgroup sample size rather than necessarily 
reflecting genuine clinical heterogeneity, though a modest true difference cannot be excluded given the 
width of this estimate. 

In the quasi-external, leave-cluster-out validation (model trained exclusively on the predominant centre, 
applied without refitting to satellite centres), discrimination was preserved (AUC 0.833). Intercept-only 
recalibration corrected a modest calibration-in-the-large deficit (mean predicted probability 0.619 vs. 
observed prevalence 0.659, corrected to 0.659) without changing the Brier score materially (0.166 to 0.165). 
Because the calibration slope (1.603) indicated distortion in risk stratification beyond the average level, we 
additionally performed full logistic recalibration (both intercept and slope): the recalibrated intercept was -
0.024 and slope 1.603 (identical to the originally estimated slope, as expected, since full recalibration re-
estimates rather than removes this parameter), improving the Brier score further to 0.153. AUC is 
mathematically unchanged by any recalibration (0.833 throughout), since recalibration is a monotonic 
transformation of predicted probabilities. To characterise calibration beyond summary statistics, Table 5 
and Figure 5 present observed versus predicted event rates within quartiles of predicted risk for the quasi-
external validation (post full recalibration) and within quintiles for the apparent full-cohort model; 
agreement is reasonably close in both, with the largest discrepancy in the lowest-risk quasi-external quartile 
(observed 18.2% vs. predicted 35.5%, n=11), consistent with the substantial imprecision expected at this 
subgroup's very small sample size rather than necessarily reflecting genuine miscalibration. 



 
Figure 5. Calibration plots (observed vs. mean predicted event rate by quantile of predicted risk) for the apparent full-cohort 

model (A) and the quasi-external validation after full logistic recalibration (B). 

Table 5. Calibration by quantile of predicted risk: observed vs. predicted event rates 

Cohort Quantile of predicted risk n Observed IMV Mean predicted 
Full cohort (apparent) Quintile 1 (lowest) 34 0.0% 3.6% 
 Quintile 2 34 23.5% 23.2% 
 Quintile 3 33 45.5% 51.3% 
 Quintile 4 34 82.4% 73.0% 
 Quintile 5 (highest) 34 91.2% 90.2% 
Quasi-external (recalibrated) Quartile 1 (lowest) 11 18.2% 35.5% 
 Quartile 2 10 70.0% 58.9% 
 Quartile 3 10 90.0% 79.1% 
 Quartile 4 (highest) 10 90.0% 92.9% 
 

Discussion 

We developed a preliminary prediction model for the need of invasive mechanical ventilation in patients 
with acute poisoning treated with renal replacement therapy (predominantly, though not exclusively, 
hemoperfusion), achieving encouraging discrimination (cross-validated and bootstrap-corrected AUC in 
the range 0.82-0.86) using clinical variables routinely available at ICU admission. We emphasise the word 
preliminary throughout this discussion: the available sample fell substantially below the formal minimum 
required (169 vs. 384-406 participants), and three independent internal-validation approaches-cross-
validation, analytical shrinkage estimation, and bootstrap optimism correction-converged in indicating 
meaningful optimism in the apparent model fit. To our knowledge, this is the first model of its kind 
developed in a Latin American cohort, and the first to focus on a predominantly hemoperfusion-treated 
population for this outcome, addressing a gap identified in prior literature that has predominantly focused 
on hemodialysis-treated cohorts (1,3) or on different outcomes within hemoperfusion-treated populations 
(4). 



Our finding that global severity scores (SOFA, APACHE II) dominate over toxin-specific category once 
non-linearity is properly modelled is broadly consistent with prior ML work in methanol, organophosphate, 
and hemodialysis-treated poisoning cohorts, which likewise identified illness severity, neurological status, 
and acid-base derangement-rather than the specific xenobiotic per se-as leading predictors of adverse 
outcomes (1,2,3,25). The plateau effect observed for APACHE II beyond a score of approximately 15 is a 
clinically plausible finding not previously reported in this population that would not have been detected 
without formal assessment of logit-linearity, and merits confirmation in larger cohorts. 

Placed within the broader toxin-specific literature, our findings are coherent with established mechanistic 
knowledge. Organophosphate poisoning classically progresses through an acute cholinergic phase 
followed, in roughly one-fifth of orally exposed patients, by the intermediate syndrome, characterised by 
proximal and respiratory muscle weakness that can precipitate delayed respiratory failure (18,19); a recent 
case report illustrates how this can occur after apparent clinical improvement, complicating early risk 
stratification based solely on admission severity (20). This mechanistic delay may partly explain the single 
clearly misclassified case identified through SHAP analysis in our cohort, in which a carbamazepine-
poisoned patient with low admission severity scores subsequently required IMV. For tricyclic 
antidepressants, electrocardiographic markers such as QRS complex prolongation have recently been 
shown, in a large multi-substance registry analysis, to predict severe toxicity including the need for 
ventilatory support, offering a complementary, mechanism-specific predictor that our model-lacking 
electrocardiographic data-could not incorporate (21). For paraquat, recent nomogram-based and cohort 
studies converge in identifying ingested dose, respiratory and cardiovascular compromise, and delay to 
treatment as dominant prognostic factors (22,24), consistent with our finding that paraquat exposure 
independently increased predicted risk even after adjustment for global severity scores. A parallel line of 
work on the related herbicide diquat has similarly shown that interpretable ML models incorporating 
explainability methods can achieve strong discrimination for mortality risk, reinforcing the broader 
applicability of the modelling approach used here across structurally similar toxins (23). 

Our explicit, quantified treatment of the sample-size shortfall distinguishes this study from much of the 
comparable literature, though we are careful to state what this treatment does and does not accomplish. 
Systematic reviews of both conventional and ML-based prediction model studies have repeatedly found 
that sample-size justification is among the most poorly reported items, with one review of machine-
learning-based prognostic models finding that no included study fully reported a sample-size calculation 
(26,27). We not only calculated the Riley-based minimum sample size a priori, but subsequently obtained 
three mutually consistent lines of evidence-the analytical shrinkage factor (0.856), the empirical cross-
validated calibration slope (0.844), and an independent bootstrap optimism correction (apparent AUC 0.898 
reduced to 0.856)-that converge on the same conclusion: the model's true, generalisable performance is 
meaningfully lower than its apparent fit. This convergence documents and quantifies the expected 
overfitting with greater transparency than is typical in this literature; it does not eliminate it, and Firth's 
penalisation should be understood as a partial mitigation of separation and small-sample bias in the 
coefficient estimates, not a correction that restores adequate power. We therefore present this model 
explicitly as a preliminary derivation. 

Our use of decision curve analysis situates the model's value beyond discrimination alone. As has been 
emphasised in recent methodological guidance, a model can show excellent discrimination yet provide no 
clinical benefit over simple default strategies if its net benefit does not exceed that of treating all or no 
patients across plausible decision thresholds (28,29); our finding that both the Firth-penalised and random 
forest models exceeded the 'treat-all' strategy across nearly the entire clinically relevant threshold range 
therefore suggests potential clinical utility that would require confirmation in adequately powered 
validation studies before any clinical application. 

The interpretability analysis also connects this work to a growing body of literature applying SHAP 
specifically to mechanical-ventilation-related outcomes in critical care, which has consistently identified 



severity-of-illness scores and vasoactive or ventilatory support variables as dominant predictors, mirroring 
our findings and supporting the external face validity of the SHAP-derived variable ranking obtained here 
(30). 

In contrast to the common practice of acknowledging fairness only narratively in prediction model studies, 
we conducted a formal sensitivity analysis of discrimination and calibration by sex, motivated by the female 
preponderance in our cohort (58.0%) and the borderline univariable sex difference (p=0.059). Point-
estimate discrimination was higher in men (AUC 0.883) than in women (AUC 0.785), but a formal DeLong 
test for this difference (0.098, 95% CI -0.022 to 0.218, p=0.109) did not reach conventional statistical 
significance, despite adequate calibration-in-the-large in both subgroups. Recent work has proposed 
reframing algorithmic fairness in terms of subgroup-specific net benefit rather than equality of raw 
performance metrics alone, cautioning that naive equalisation approaches can paradoxically reduce net 
benefit in groups where a model already performs well (31); other authors have highlighted that differential 
model performance across demographic groups can, if undetected, entrench rather than reduce existing 
health disparities when models are deployed in resource-limited settings (32). We present this as a genuine, 
quantified equity question rather than either a confirmed disparity or a dismissed one: the wide confidence 
interval means our data cannot distinguish between a negligible sex effect and a substantial one, and this 
ambiguity-not a confirmed gap-is itself the actionable finding, since it identifies subgroup performance as 
a specific, adequately powered target for any future external validation, rather than only overall 
performance. 

Our choice of a Firth-penalised logistic regression with restricted cubic splines, rather than alternative 
approaches suited to small samples, merits explicit justification. We favoured Firth's penalisation over 
LASSO or elastic-net regularisation because Firth's method directly targets the small-sample and separation 
bias inherent to maximum-likelihood logistic regression, whereas L1-type penalties are designed primarily 
for variable selection under sparsity and can, in a sample this size, discard clinically important predictors 
(e.g., rare but mechanistically plausible toxic-agent categories) rather than shrinking their estimates toward 
more stable values-a trade-off we judged undesirable when a core aim of the study was to characterise, not 
eliminate, the toxin-specific signal. We favoured restricted cubic splines over simple polynomial terms 
because splines behave more stably in the tails of the predictor distribution (where APACHE II and SOFA 
values are sparsest) and require fewer degrees of freedom than higher-order polynomials for an equivalent 
degree of flexibility; we did not explore fractional polynomials specifically, and this remains a reasonable 
alternative for future work. We did not implement a Bayesian model with informative or weakly 
informative priors, which would be a natural extension particularly well suited to this sample size and is, 
in our view, the most promising direction for a future methodological refinement of this pipeline; we did 
not do so here in order to keep the primary analysis within a widely accessible, frequentist toolchain, and 
we flag this explicitly as a direction we did not pursue rather than one we considered and rejected on 
technical grounds. 

The imputation-analysis congeniality issue identified in the Limitations warranted direct quantification 
rather than only a qualitative caveat. We reran the multiple imputation of APACHE II and SOFA using a 
non-linear estimator (extremely randomised trees) within IterativeImputer, in place of the original Bayesian 
ridge regression, while leaving every other element of the pipeline unchanged. The pooled SOFA spline 
coefficient shifted from 0.849 (original, linear imputation model) to 0.471 (non-linear imputation model)-
a proportionally large change-while the cross-validated AUC shifted from 0.821 to 0.863. This confirms 
that the choice of imputation model is a genuine, non-negligible source of analytical variability in this 
dataset, not merely a theoretical concern. We do not present the non-linear-imputation result as a preferred 
or corrected estimate, however, because extremely randomised trees lack a native posterior-sampling 
mechanism analogous to Bayesian ridge regression's, so the between-imputation variance under this 
alternative is implausibly small and likely understates true imputation uncertainty; a fully congenial solution 
would require an imputation model that both respects the non-linear structure of the analysis model and 
provides a valid posterior variance, such as substantive-model-compatible multiple imputation or a fully 



Bayesian joint model, neither of which we implemented here. We report this sensitivity analysis to 
document the direction and approximate magnitude of the risk, consistent with recommendations for 
transparent reporting of this specific methodological trade-off, and recommend that future studies in 
comparably sized cohorts either adopt a congenial imputation-analysis specification from the outset or, at 
minimum, report this same sensitivity comparison. 

The uneven distribution of treatment modality (hemoperfusion alone, hemodialysis alone, or combined) 
across centres-with hemodialysis used exclusively at the predominant centre and almost never at satellite 
centres-raises a related, though distinct, generalisability question. While including modality as a covariate 
did not materially change model discrimination or the direction of effect for the principal predictors, 
modality was itself significantly associated with IMV, and its near-complete confounding with centre in 
this dataset means we cannot fully separate a modality-specific effect from other unmeasured differences 
between the predominant and satellite centres. We have revised the study title and population description 
accordingly, from a hemoperfusion-specific framing to the broader and more accurate description of renal 
replacement therapy for acute poisoning, predominantly but not exclusively hemoperfusion. 

Methodological implications for future study design 

Beyond the clinical question addressed, we highlight four concrete, quantitative implications of this work 
for researchers designing similar studies. First, a prospective or pooled-retrospective validation of this 
specific model should target at least 384-406 participants with the outcome prevalence observed here 
(48.5%), following the Riley et al. sample-size framework applied throughout this study, rather than relying 
on convenience samples or EPV-based heuristics. Second, if such a validation is to be conducted across a 
predominant and several satellite centres, as in the present study, satellite contribution should be planned 
to yield a combined satellite sample of at least 100-150 patients, roughly 2.5-3.5 times the 41 satellite 
patients available here, to obtain a quasi-external or external AUC estimate with a confidence interval 
narrow enough to be clinically interpretable (our satellite-only AUC of 0.564 had a standard deviation of 
0.178, too wide to distinguish a true null effect from a moderate one). Third, networks planning multi-
institutional data collection for missing-at-random-by-cluster scenarios like the one identified here 
(APACHE II/SOFA 100% missing in satellite centres) should establish standardised, centre-independent 
severity-score documentation protocols before data collection begins, since post hoc imputation-however 
carefully congenial-cannot fully substitute for consistent primary data capture. Fourth, to formally resolve 
the sex-based discrimination question left open here (observed difference 0.098, 95% CI -0.022 to 0.218), 
a future study would need a sample large enough to estimate a DeLong-test confidence interval excluding 
zero if a true difference of this magnitude exists; using standard formulae for the variance of the AUC 
difference and the effect size observed here, this would require several hundred events in each sex stratum, 
considerably larger than the 41 events per stratum available in this cohort-underscoring that subgroup equity 
analyses require explicit, separate power calculations, not an assumption that overall study power is 
sufficient. 

The quasi-external validation, while not equivalent to a genuinely independent cohort, provides reassuring 
evidence of geographic generalisability within this dataset, with preserved discrimination and a calibration 
deficit correctable through standard recalibration methods. This provides more geographic stratification 
than is common in comparable derivation studies, several of which report only internal cross-validation 
without any geographic or temporal stratification (1,3). Formal planning of the sample size required for a 
future prospective external validation study, following established methodology for validation-specific 
sample-size calculation, should precede that next phase of this research programme (17). 

Limitations 

Several limitations should be considered, and we present this list without euphemism given the preliminary 
nature of this work. First, the cohort is predominantly single-centre (75.7% of cases from one institution); 
although sensitivity analyses suggest this does not confound the primary findings, true multi-centre 



representativeness remains limited. Second, and most importantly, the available sample size (169 patients, 
82 events) falls substantially below the formal minimum calculated using contemporary methodology (384-
406 participants, i.e., our sample represents approximately 44% of the required minimum), and three 
convergent internal-validation approaches (analytical shrinkage, cross-validation, and bootstrap optimism 
correction) confirm meaningful overfitting in the apparent model. This is not a limitation that penalised 
regression 'corrects'; Firth's method mitigates small-sample bias and separation but does not restore 
adequate statistical power, and we present this model as a preliminary derivation requiring confirmation in 
an adequately powered sample, not as a finalised predictive tool. Third, no genuinely independent external 
validation cohort was available; the quasi-external, leave-cluster-out analysis presented here is a partial 
substitute, not an equivalent, and its full logistic recalibration slope (1.603) indicates non-trivial risk-
stratification distortion when the model is transported to satellite centres, not merely a minor, fully 
correctable deficit. Fourth, our formal sex-based sensitivity analysis found a point-estimate discrimination 
gap (AUC 0.785 women vs. 0.883 men) that did not reach statistical significance on a formal DeLong test 
(difference 0.098, 95% CI -0.022 to 0.218, p=0.109); this wide, inconclusive interval-rather than a 
confirmed disparity-is itself the limitation, since it means this study cannot rule out a clinically meaningful 
sex-based gap and a larger, adequately powered analysis is needed to resolve the question. Fifth, treatment 
modality (hemoperfusion, hemodialysis, or combined) was unevenly distributed across centres and could 
not be fully disentangled from centre-level differences; we have accordingly broadened the study title and 
population description beyond 'hemoperfusion' specifically. Sixth, the free-text toxic agent variable 
required grouping into six categories, with 33 distinct rare categories collapsed into a heterogeneous 'other' 
group, entailing some loss of clinical granularity, and the wide confidence intervals for rare toxic categories 
(Table 2) should be read as directional associations only. Seventh, our multiple imputation model for 
APACHE II and SOFA used a linear estimator (Bayesian ridge regression) among auxiliary variables, 
whereas the analysis model subsequently treated these same variables non-linearly via restricted cubic 
splines-a form of imputation-analysis incongeniality (in the sense of Meng, 1994) that we quantified 
directly (see Discussion) rather than merely acknowledging: a sensitivity analysis using a non-linear 
imputation estimator (extremely randomised trees) shifted the pooled SOFA spline coefficient from 0.849 
to 0.471 and the cross-validated AUC from 0.821 to 0.863, indicating that the choice of imputation model 
is not a negligible methodological detail in this dataset, though the non-linear alternative has its own 
limitation (near-zero between-imputation variance, likely understating imputation uncertainty, since 
extremely randomised trees lack a native posterior-sampling mechanism analogous to Bayesian ridge 
regression). Eighth, electrocardiographic and biochemical markers with established mechanistic relevance 
in specific poisonings (e.g., QRS duration in cyclic antidepressant overdose) were not available in this 
dataset and could not be evaluated (21). Finally, the simplified VM-Risk score's apparent performance 
(AUC 0.848, bootstrap 95% CI 0.793-0.901) reflects evaluation on the same data used for its derivation; its 
component thresholds and risk bands are descriptive of this sample only, and we do not recommend any 
specific cut-off for clinical use pending independent validation. Ninth, the decision to initiate invasive 
mechanical ventilation reflects both physiological indication and local practice patterns; we did not 
standardise intubation criteria across centres, and between-centre variability in the threshold for IMV may 
introduce information bias that our models cannot distinguish from true biological risk, particularly given 
that 75.7% of cases originate from a single centre. Tenth, no temporal validation was performed; model 
performance may differ in more recent or future time periods due to evolving clinical practice, and this 
represents a necessary component of any future validation strategy alongside geographic external 
validation. Eleventh, as a retrospective chart review, this study is subject to information bias from 
incomplete or non-standardised documentation, particularly for variables such as time from ingestion to 
first dialysis, which relied on prior clinical or companion-reported timing rather than directly observed 
measurement. 

Conclusions 

A Firth-penalised logistic regression with restricted cubic splines, informed by formal sample-size 
calculation and multiple imputation accounting for a missing-at-random mechanism conditional on treating 



centre, showed encouraging but not yet definitive discrimination for predicting the need for invasive 
mechanical ventilation in patients treated with renal replacement therapy for acute poisoning. Given the 
sample size shortfall confirmed by three convergent internal-validation methods, the absence of genuine 
external validation, and a documented sex-based discrimination gap, we present this work explicitly as a 
preliminary, hypothesis-generating derivation. The derived VM-Risk score is reported as an exploratory 
illustration of how the model's output could eventually be translated into clinical practice, not as a validated 
tool, and no cut-off from it should presently guide clinical decisions. A prospective, adequately powered, 
genuinely external and multi-institutional validation study-explicitly designed to assess subgroup (sex) 
performance and, where feasible, to incorporate toxin-specific mechanistic markers-is the necessary next 
step before any consideration of clinical implementation. 
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