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Abstract 

Malaria remains a major cause of preventable illness and death in sub-Saharan Africa, yet routinely collected hospital data are 

not consistently integrated into objective tools for identifying patients at greatest risk of death. This study developed and 

internally evaluated a five-predictor logistic regression model for in-hospital mortality among malaria patients admitted to 

Nakuru Level 6 Hospital, Kenya. A retrospective observational design was used, drawing on electronic medical records from 

1,500 patients admitted between 2020 and 2026. In-hospital death was the binary outcome, with age, sex, parasite density, 

haemoglobin level, and platelet count included as predictors. Fifty-four patients died, corresponding to a mortality rate of 3.6%. 

The original prespecified linear model showed strong discrimination (AUC = 0.922), but diagnostic testing identified significant 

nonlinearity for age, haemoglobin level, and platelet count. These three predictors were therefore refitted using restricted cubic 

splines while retaining the same five clinical predictors. The corrected nonlinear model significantly improved fit and 

discrimination, with an apparent AUC of 0.962. Bootstrap validation produced an optimism-corrected AUC of 0.955 and a Brier 

score of 0.0275, while repeated stratified cross-validation produced an AUC of 0.954 and a Brier score of 0.0273. Calibration 

intercepts were close to zero, although slopes below one indicated some residual optimism. Parasite density remained positively 

associated with mortality, sex remained non-significant, and nonlinear relationships were observed for age, haemoglobin, and 

platelet count. The conventional 0.5 threshold showed poor sensitivity, while lower thresholds improved detection but were not 

considered clinically established cut-offs. The findings support use of routine hospital data for mortality risk stratification, but 

external validation, possible recalibration, and prospective evaluation of clinical thresholds and utility are required before 

implementation in practice. 
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1. Introduction 

Malaria remains one of the most consequential infectious dis-

eases worldwide, with morbidity and mortality concentrated in 

sub-Saharan Africa. The World Health Organization continues 

to identify the African region as the principal contributor to 
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global malaria cases and deaths [1, 2]. Although prevention, di-

agnostic, and treatment strategies have improved, fatal out-

comes persist among patients who present with severe disease, 

substantial parasite burden, haematological compromise, or de-

layed access to effective care. The continued occurrence of pre-

ventable deaths creates a need for methods that identify high-

risk patients early enough to guide triage and clinical monitor-

ing. 

Kenya is malaria-endemic, but transmission intensity varies 

with altitude, climate, ecology, and population characteristics. 

National malaria policy therefore emphasizes prevention, ef-

fective case management, surveillance, and targeted use of 

limited resources [3]. The heterogeneity of malaria risk across 

Kenyan counties also means that patient profiles and clinical 

outcomes observed in one setting may not be directly transfer-

able to another [4]. Referral hospitals, such as Nakuru Level 6 

Hospital, receive patients with diverse disease severities and 

provide a useful setting for locally grounded prediction re-

search based on information already available in electronic 

medical records. 

Mortality in malaria is multifactorial. Age captures varia-

tion in acquired immunity, physiological reserve, and comor-

bidity. Parasite density reflects infection burden and is associ-

ated with severe anaemia, metabolic disturbance, organ dys-

function, and other complications [5, 6]. Haemoglobin con-

centration provides a direct measure of anaemia-related phys-

iological compromise, while thrombocytopenia is frequently 

observed in malaria and may indicate systemic inflammation 

and severe infection [5, 7]. Sex may also influence exposure, 

biological vulnerability, pregnancy-related risk, and health-

seeking behaviour, although its independent effect can dimin-

ish after adjustment for clinical severity. These predictors are 

attractive for a hospital model because they are routinely 

measured, objective, and available early in the admission 

pathway. 

Logistic regression is widely used for binary clinical out-

comes because it estimates event probabilities while providing 

interpretable regression coefficients, odds ratios, and confi-

dence intervals [8, 9]. Its interpretability is particularly valua-

ble in settings where clinicians need to understand why a pa-

tient has been classified as high risk. Nevertheless, the useful-

ness of a prediction model depends on more than statistical 

significance. Calibration, discrimination, threshold-dependent 

performance, internal validation, and model assumptions must 

be evaluated transparently. This is especially important when 

mortality is rare, because high overall accuracy can conceal 

poor detection of patients who die. 

Previous malaria studies support the relevance of demo-

graphic, parasitological, and haematological predictors, but 

evidence remains context-dependent. Delayed treatment has 

been linked to severe malaria and anaemia [10], while logistic 

models of malaria severity have demonstrated that apparent 

accuracy may coexist with low recall for the severe-outcome 

group [11]. Effects can also vary by transmission intensity, 

patient group, and outcome definition, supporting the devel-

opment of locally calibrated models rather than the direct 

adoption of estimates from other settings. 

This study therefore modelled in-hospital mortality among 

malaria patients admitted to Nakuru Level 6 Hospital using 

age, sex, parasite density, haemoglobin level, and platelet 

count. The objectives were to fit the original prespecified five-

predictor logistic regression model, estimate the associations 

of the predictors with 95% confidence intervals, assess model 

assumptions and functional form, compare the original linear 

specification with a corrected nonlinear specification where 

required, and evaluate model performance using discrimina-

tion, calibration, classification measures, and internal valida-

tion. Model complexity, shrinkage, threshold stability, and po-

tential clinical utility were also examined. 

2. Materials and Methods 

2.1. Study Design and Setting 

A retrospective observational study was conducted using 

routinely collected electronic medical records from Nakuru 

Level 6 Hospital in Nakuru County, Kenya. The hospital is a 

referral facility that manages patients requiring advanced as-

sessment and treatment, including patients admitted with ma-

laria. The design enabled evaluation of real-world demo-

graphic and laboratory measurements without introducing an 

intervention. Records from 2020 to 2026 were considered. 

2.2. Study Population, Eligibility, and Data 

Source 

The study population consisted of admitted patients with a 

documented diagnosis of malaria. A non-probability purpos-

ive approach was used to include eligible records with com-

plete information for mortality status and the selected predic-

tors. Records were excluded when the mortality outcome was 

missing, essential laboratory measurements were unavailable, 

or patient information was inconsistent. Where a patient had 

more than one eligible admission, only the first admission was 

retained to preserve independence of observations. The final 

analytical sample contained 1,500 patient records. 

The outcome was in-hospital mortality, coded 1 when a pa-

tient died during admission and 0 when the patient survived to 

discharge. Predictor variables were age in completed years, 

sex coded female = 0 and male = 1, parasite density measured 

as parasites per microlitre, haemoglobin concentration in 

grams per decilitre, and platelet count in ×109/L. Definitions 

and coding are summarized in Table 1. 
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Table 1. Operational definitions of study variables. 

Variable Operational definition Coding/unit 

Mortality Death during malaria admission 1 = death; 0 = survival 

Age Age at admission Years 

Sex Biological sex in record 0 = female; 1 = male 

Parasite density Parasites detected in blood Parasites/µL 

Haemoglobin Blood haemoglobin concentration g/dL 

Platelet count Circulating platelet concentration ×109/L 

Variables were extracted from de-identified electronic medical records. 

2.3. Data Preparation and Management 

Direct identifiers, including patient names, contact details, 

and medical record numbers, were removed before analysis. 

Records were assessed for completeness, duplicate entries, in-

ternal consistency, and clinically implausible values. Only one 

record per patient was retained. The resulting analytical da-

taset contained the outcome and five prespecified predictors. 

Statistical analysis was performed in Python. 

2.4. Statistical Analysis 

Continuous variables were summarized using means, stand-

ard deviations, medians, quartiles, minima, and maxima. Cat-

egorical variables were summarized using frequencies and 

percentages. Mortality prevalence was reported for the com-

plete sample and selected descriptive subgroups. 

The statistical modelling proceeded sequentially from the 

original five-predictor linear logistic regression model to di-

agnostic assessment, correction of identified nonlinear effects, 

model comparison, and internal validation. In-hospital mortal-

ity was coded as 1 for death and 0 for survival. The same five 

prespecified predictors were retained throughout the analysis: 

age, sex, parasite density, haemoglobin level, and platelet 

count. Sex was coded as 0 for female and 1 for male. Age was 

measured in completed years, haemoglobin level in g/dL, and 

platelet count in ×109/L. Parasite density was divided by 1,000 

for modelling and reporting so that its coefficient represented 

an increase of 1,000 parasites/µL. 

The original analysis used a multivariable binary logistic 

regression model in which the continuous predictors were in-

itially entered as linear terms [8, 9]. Let pᵢ = P (Yᵢ = 1) denote 

the probability that patient (i) died during admission. The orig-

inal five-predictor linear model was specified as 

𝜂ₗᵢ = log (
𝑝ᵢ

1−𝑝ᵢ
) =  𝛽0 +  𝛽1𝐴ᵢ +  𝛽2𝑆ᵢ +  𝛽3𝐷ᵢ +  𝛽4𝐻ᵢ +  𝛽5𝑃ᵢ                        (1) 

where (𝐴ᵢ) denotes age in years, (𝑆ᵢ) denotes sex coded 1 for 

male and 0 for female, (D_i) denotes parasite density divided 

by 1,000, (𝐻ᵢ) denotes haemoglobin level in g/dL, and (𝑃ᵢ) de-

notes platelet count in ×109/L. Predicted mortality probability 

was obtained using the inverse-logit transformation: 

𝑝̂ᵢ =
1

1+exp(−𝜂ᵢ)
                     (2) 

For the original linear model, regression coefficients were 

exponentiated to obtain adjusted odds ratios: 

AOR𝑗  =  𝑒𝛽𝑗                  (3) 

The corresponding 95% confidence interval for each ad-

justed odds ratio was calculated as 

95% 𝐶𝐼(𝐴𝑂𝑅𝑗) = [𝑒𝑥𝑝{𝛽𝑗 − 1.96 𝑆𝐸(𝛽𝑗)}, 𝑒𝑥𝑝{𝛽𝑗 + 1.96 𝑆𝐸(𝛽𝑗)}]                     (4) 

where SE (βⱼ) denotes the standard error of the estimated co-

efficient. 

Model assumptions were evaluated before final interpreta-

tion. The binary-outcome assumption was addressed by cod-

ing mortality as death or survival, and the independence of 

observations was ensured by retaining only one eligible ad-

mission per patient. Multicollinearity was assessed using var-

iance inflation factors, with values below 5 considered evi-

dence against serious multicollinearity. Linearity between 

each continuous predictor and the logit of mortality was as-

sessed using empirical-logit plots and the Box-Tidwell test. 

The diagnostic assessment identified departures from line-
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arity for age, haemoglobin level, and platelet count, while par-

asite density remained compatible with a linear specification. 

The original five-predictor linear model was therefore re-

tained as the prespecified comparator, while a corrected non-

linear logistic regression model using the same five clinical 

predictors was fitted to address the identified violations of 

functional form. Age, haemoglobin level, and platelet count 

were represented using restricted cubic splines with three 

knots [12]. Three knots were selected to achieve clinically rel-

evant curvature while limiting model complexity, given the 

relatively small number of mortality events. Knots were posi-

tioned at the 10th, 50th, and 90th percentiles of each variable. 

In the analytical dataset, these locations corresponded to 9, 44, 

and 78 years for age; 6.0, 10.2, and 14.4 g/dL for haemoglobin 

level; and 68, 198.5, and 316.1 ×109/L for platelet count. Par-

asite density remained a linear term and sex remained binary. 

For a continuous predictor (x), with three ordered knots (k₁ 

< k₂ < k₃), the nonlinear restricted cubic spline basis was de-

fined as 

ℎ(𝑥) =
(𝑥−𝑘1 )+

3 −
𝑘3 −𝑘1 
𝑘3 −𝑘2

(𝑥−𝑘2 )+
3 +

𝑘2 −𝑘1 
𝑘3 −𝑘2

(𝑥−𝑘3 )+
3

(𝑘3 −𝑘1 )2
    (5) 

where 

(𝑧)+ = max(𝑧, 0)  

The corrected nonlinear logistic regression model was spec-

ified as 

𝜂ₛᵢ =  α0 + α1𝐴ᵢ + α2ℎₐ(𝐴ᵢ) + α3𝑆ᵢ + α4𝐷ᵢ + α5𝐻ᵢ + α6ℎ𝐻(𝐻ᵢ) + α7𝑃ᵢ +  α8ℎₚ(𝑃ᵢ)               (6) 

Where (ℎₐ) (𝐴ᵢ), (ℎ𝐻 (𝐻ᵢ)), and (ℎₚ (𝑃ᵢ)) denote the nonlin-

ear restricted cubic spline basis terms for age, haemoglobin 

level, and platelet count, respectively. The corrected specifi-

cation therefore retained the same five clinical predictors as 

the original model. However, it required eight predictor pa-

rameters because age, haemoglobin level, and platelet count 

each contributed one linear and one nonlinear spline term, 

while sex and parasite density each contributed one parameter. 

Individual spline-basis coefficients were not interpreted as 

constant clinical odds ratios because the effect of a nonlinear 

predictor depends on the combination of its linear and nonlin-

ear terms. The nonlinear predictors were therefore interpreted 

using their complete fitted functions, clinically meaningful 

contrasts, and graphical displays [12]. 

The original linear model and the corrected restricted cubic 

spline model were formally compared using log-likelihood, 

Akaike information criterion (AIC), likelihood ratio testing, 

discrimination, and overall prediction error. The contribution 

of nonlinearity for each spline predictor was assessed by com-

paring the complete spline model with a reduced model in 

which the corresponding nonlinear basis term was omitted. 

Statistical significance was evaluated at the 5% level. 

Because the spline specification increased the number of 

predictor parameters without changing the five clinical predic-

tors, model complexity and potential overfitting were assessed 

explicitly. The number of mortality events relative to the num-

ber of predictor parameters was reported descriptively, but a 

fixed events-per-variable rule was not used as the sole crite-

rion of model adequacy. Formal sample-size adequacy was as-

sessed using prediction-model methods that consider the num-

ber of candidate predictor parameters, outcome prevalence, 

anticipated model fit, and the desired degree of shrinkage [13, 

14]. The assessment used eight predictor parameters, the ob-

served mortality prevalence, a conservative anticipated Cox-

Snell (R^2) of 0.05, and a target global shrinkage factor of 

0.90. The numerical result of this assessment is reported in the 

Results section. 

Ridge-penalized logistic regression using the same five pre-

dictors and the same restricted cubic spline representation was 

additionally fitted as a sensitivity analysis for potential over-

fitting [16]. For this analysis, all columns of the model design 

matrix were standardized within the training data before fit-

ting. L2 penalization was applied using candidate inverse-reg-

ularization values (C) ranging from (10^{-3}) to (10^3) across 

25 logarithmically spaced values. The value of (C) was se-

lected using stratified cross-validation with logarithmic loss 

as the optimization criterion. For nested validation of the ridge 

model, penalty selection was performed using five-fold strat-

ified cross-validation within each outer training fold so that 

information from held-out patients did not influence model 

tuning. 

Bootstrap internal validation with 1,000 resamples was 

used to estimate optimism conditional on the corrected re-

stricted cubic spline specification [15]. Each bootstrap sample 

contained the same number of observations as the original an-

alytical dataset and was generated by sampling patients with 

replacement. Within each bootstrap sample, spline-knot loca-

tions were recalculated using the 10th, 50th, and 90th percen-

tile rule, and the corrected five-predictor spline model was re-

fitted. Performance in each bootstrap sample was compared 

with performance when the same fitted model was applied to 

the original dataset. Mean optimism was subtracted from ap-

parent full-sample performance to obtain optimism-corrected 

estimates. Because this bootstrap analysis evaluated the cor-

rected spline specification as a fixed model structure, valida-

tion of the complete model-building process, including func-

tional-form selection, was conducted separately using re-

peated stratified cross-validation. 

Discrimination was assessed using the area under the re-

ceiver operating characteristic curve. Overall probabilistic 

prediction error was assessed using the Brier score: 

𝐵𝑟𝑖𝑒𝑟 =  (
1

𝑛
) ∑ᵢ=1ⁿ(𝑌ᵢ − 𝑝̂ᵢ)2             (7) 
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Bootstrap distributions were used to derive 95% intervals 

for the optimism-corrected AUC and Brier score. Model cali-

bration was assessed using the calibration intercept, calibra-

tion slope, and a smooth calibration curve. The calibration 

model was expressed as 

log [
𝑃(𝑌ᵢ=1)

1−𝑃(𝑌ᵢ=1)
] =  𝑎 +  𝑏 log [

𝑝ᵢ

1−𝑝ᵢ
]            (8) 

where (a) denotes the calibration intercept and (b) denotes the 

calibration slope. Ideal calibration corresponds to (a=0) and 

(b=1). Calibration-in-the-large was estimated by fixing the 

slope at 1 and estimating the intercept, while the calibration 

slope was estimated from the model in Equation (8). The Hos-

mer-Lemeshow test was retained only as a supplementary as-

sessment of gross lack of fit and was not interpreted alone as 

evidence of good calibration. 

Repeated stratified 10-fold cross-validation with 20 repeti-

tions was used to validate the complete modelling process. 

Within each training fold, the Box-Tidwell functional-form 

assessment was repeated for all continuous predictors. A con-

tinuous predictor showing evidence of nonlinearity at p < 0.05 

was represented using a three-knot restricted cubic spline, 

with knot locations recalculated from the 10th, 50th, and 90th 

percentiles of that training sample. Predictors satisfying the 

linearity assumption were retained as linear terms. The result-

ing model was fitted using the training observations only and 

then applied to the corresponding held-out observations. 

Youden threshold selection was also repeated using training 

data only before evaluation in the held-out fold. This proce-

dure ensured that functional-form selection, spline-knot esti-

mation, model fitting, and threshold selection were all per-

formed without information from the validation observations. 

Cross-validated AUC, Brier score, calibration intercept, cali-

bration slope, and threshold-dependent classification 

measures were calculated from held-out predictions. 

Classification analyses were evaluated separately from 

threshold-independent model-performance measures. The 

original analysis considered the conventional probability 

threshold of 0.5 and a threshold selected using Youden's index. 

Youden's index for threshold (t) was defined as 

J(t) = Sensitivity(t) + Specificity(t) − 1        (9) 

Because selecting and evaluating a threshold using the same 

development dataset may produce optimistic performance es-

timates, threshold selection was repeated within the training 

data of each cross-validation fold. The threshold that maxim-

ized (J(t)) in the training data was then applied to the corre-

sponding held-out observations. Sensitivity, specificity, posi-

tive predictive value (PPV), negative predictive value (NPV), 

accuracy, and confusion-matrix counts were reported. Ninety-

five percent confidence intervals for sensitivity, specificity, 

PPV, and NPV were calculated using Wilson score intervals. 

No externally established mortality-risk threshold was 

available for this hospital setting. A predicted mortality 

threshold of 5% was therefore examined only as an illustrative 

screening operating point to quantify the trade-off between 

identifying patients at increased mortality risk and the number 

of patients who would require additional clinical review. The 

5% threshold was not treated as an established or recom-

mended clinical cut-off. 

Decision-curve analysis was used to evaluate the potential 

clinical utility of model-guided risk classification across can-

didate threshold probabilities from 1% to 20% [17]. Net ben-

efit at threshold probability (t) was calculated as 

NB(t) =
𝑇𝑃(𝑡)

𝑛
−

𝐹𝑃(𝑡)

𝑛
(

𝑡

1−𝑡
)             (10) 

where (TP(t)) and (FP(t)) denote the numbers of true-positive 

and false-positive classifications at threshold (t), respectively. 

The model was compared with the default strategies of classi-

fying all patients as high risk and classifying no patients as 

high risk. 

All statistical analyses were performed using Python 3.13.5. 

The principal packages were NumPy 2.3.5, pandas 2.2.3, 

SciPy 1.17.0, statsmodels 0.14.6, scikit-learn 1.8.0, and Mat-

plotlib 3.10.8. The original linear model and the unpenalized 

restricted cubic spline model were fitted by maximum likeli-

hood using statsmodels. Logit with the Newton-Raphson al-

gorithm. Complete-data models were allowed a maximum of 

500 iterations, while unpenalized models fitted within boot-

strap and cross-validation procedures were allowed a maxi-

mum of 200 iterations. No centering or standardization was 

applied to the original linear model or the unpenalized spline 

model apart from expressing parasite density per 1,000 para-

sites/µL. The ridge sensitivity analysis used StandardScaler 

and LogisticRegression with L2 penalization, the lbfgs solver, 

and a maximum of 5,000 iterations. Nested ridge validation 

used 10 outer stratified folds and five inner stratified folds for 

penalty selection. A random seed of 20260818 was used for 

reproducible resampling procedures. The reproducible Python 

analysis code and a data dictionary were prepared as supple-

mentary materials. 

2.5. Ethical Considerations 

Approval and institutional authorization were obtained be-

fore access to hospital records. The analysis used secondary, 

de-identified data and involved no direct patient contact. Data 

were stored in password-protected files accessible only to the 

research team. 

3. Results 

3.1. Patient Characteristics and Mortality 

The analysis included 1,500 malaria admissions. Fifty-four 

patients died in hospital, producing an event rate of 3.60%, 
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while 1,446 patients survived to discharge. The marked im-

balance between deaths and survivals was relevant to interpre-

tation of threshold-based classification performance. 

The mean age was 43.24 years (standard deviation 24.94; 

range 0-85 years). Mean haemoglobin concentration was 

10.19 g/dL, mean parasite density was 105,357.73 para-

sites/µL, and mean platelet count was 194.36 ×109/L. Females 

represented 50.73% of the sample. Patients who died had a 

mean haemoglobin level of 7.42 g/dL compared with 10.30 

g/dL among survivors. Mortality was 5.16% among patients 

classified as anaemic using the 11 g/dL threshold and 1.43% 

among non-anaemic patients. Selected descriptive character-

istics are presented in Table 2. 

Table 2. Selected demographic, laboratory, and outcome character-

istics. 

Characteristic Value Additional detail 

Sample size 1,500 54 deaths; 3.60% 

Age, years 43.24 ± 24.94 Median 44; range 0-85 

Haemoglobin, g/dL 10.19 ± 3.02 
Median 10.20; range 

5.0-15.5 

Parasite density, 

/µL 

105,357.73 ± 

57,357.08 
Median 107,975 

Platelet count, 

×109/L 

194.36 ± 

89.78 

Median 198.50; range 

40-350 

Female sex 761 (50.73%) 30 deaths; 3.94% 

Male sex 739 (49.27%) 24 deaths; 3.25% 

Anaemic (<11 

g/dL) 
872 (58.13%) 45 deaths; 5.16% 

Non-anaemic (≥11 

g/dL) 
628 (41.87%) 9 deaths; 1.43% 

Values are mean ± standard deviation or n (%), unless otherwise 

stated. 

3.2. Model Assumptions and Overall Fit 

The outcome was strictly binary, and no patient contributed 

more than one observation. Variance inflation factors ranged 

from 1.001 to 1.003, indicating negligible multicollinearity 

among the five prespecified predictors. The original linear lo-

gistic regression model contained five predictor parameters 

and 54 mortality events, corresponding to 10.8 events per pre-

dictor. 

The Box-Tidwell assessment showed that parasite density 

was compatible with a linear relationship with the logit of 

mortality (p = 0.519), whereas age, haemoglobin level, and 

platelet count showed significant departures from linearity (all 

p < 0.001). These findings indicated that the original linear 

specification did not adequately represent the functional rela-

tionships of three continuous predictors. The original five-pre-

dictor linear model was therefore retained as the prespecified 

comparator, while age, haemoglobin level, and platelet count 

were represented using restricted cubic splines in the corrected 

model. Sex remained binary and parasite density remained lin-

ear. Importantly, the corrected model retained the same five 

clinical predictors but required eight predictor parameters be-

cause each of the three spline-modelled variables contributed 

one linear and one nonlinear term. 

For the original prespecified linear model, the log-likeli-

hood was -157.739 compared with -232.52 for the intercept-

only model, and McFadden's pseudo-R2 was 0.3216. The 

Akaike information criterion was 327.479. The model was sta-

tistically significant compared with the intercept-only model 

(likelihood-ratio p < 0.001). 

After correcting the identified nonlinear effects, the overall 

model fit improved substantially. The restricted cubic spline 

model had a log-likelihood of -131.410, an Akaike infor-

mation criterion of 280.820, and McFadden's pseudo-R2 of 

0.435. A nested likelihood-ratio comparison between the orig-

inal linear specification and the corrected nonlinear specifica-

tion showed that inclusion of the three nonlinear components 

significantly improved model fit, χ2(3)=52.659, p<0.001. 

Because the corrected model contained eight predictor pa-

rameters, the 54 mortality events corresponded to 6.75 events 

per predictor parameter. The formal sample-size assessment 

specified in Section 2.4 indicated that approximately 1,400 

participants and 51 mortality events would be required under 

the conservative assumptions of an outcome prevalence of 

0.036, anticipated Cox-Snell R2 of 0.05, and target shrinkage 

factor of 0.90. The observed sample of 1,500 patients and 54 

deaths therefore narrowly exceeded this estimated require-

ment, although the relatively small number of outcome events 

continued to justify cautious interpretation and additional pe-

nalized sensitivity analysis. 

For the corrected restricted cubic spline model, the Hosmer-

Lemeshow statistic was 6.524 with 8 degrees of freedom 

(p=0.589). This result indicated that no gross lack of fit was 

detected by the grouped goodness-of-fit test. It was not inter-

preted as evidence of good calibration by itself. Calibration 

intercept, calibration slope, Brier score, smooth calibration as-

sessment, and resampling-based internal validation are re-

ported separately in the model-validation results. 

3.3. Predictors of In-Hospital Mortality 

Under the original prespecified five-predictor linear logistic 

regression model, statistically significant coefficients were es-

timated for age, parasite density, haemoglobin level, and 

platelet count, while sex was not statistically significant. Be-

cause the diagnostic assessment reported in Section 3.2 iden-

tified significant departures from linearity for age, haemoglo-

bin level, and platelet count, the adjusted odds ratios for these 
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three predictors are reported here as estimates from the origi-

nal linear specification and should not be interpreted as con-

stant effects across their complete observed ranges. Their cor-

rected nonlinear relationships are presented in Section 3.4. 

Under the original linear specification, each additional year 

of age was associated with an adjusted odds ratio of 1.036 (95% 

CI 1.022–1.051). Parasite density satisfied the linearity-in-

the-logit assumption and remained positively associated with 

mortality. Each increase of 1,000 parasites/µL was associated 

with an adjusted odds ratio of 1.019 (95% CI 1.012–1.025). 

The original linear model estimated an adjusted odds ratio 

of 0.652 (95% CI 0.569–0.748) for each 1 g/dL increase in 

haemoglobin level and 0.990 (95% CI 0.986–0.994) for each 

increase of 1 ×109/L in platelet count. These haemoglobin and 

platelet estimates summarize the original linear specification 

only because subsequent diagnostic assessment demonstrated 

that their relationships with mortality were nonlinear. Male 

sex was not associated with a statistically detectable differ-

ence in mortality after adjustment for the remaining predictors 

(AOR = 0.930, 95% CI 0.505–1.714; p = 0.816). Complete 

coefficient estimates for the original prespecified model are 

presented in Table 3 and Figure 1. 

Table 3. Complete estimates from the original prespecified linear logistic regression model for in-hospital mortality. 

Model term β SE 95% CI for β AOR (95% CI) p value 

Intercept -2.1454 0.8622 -3.8353 to -0.4556 — 0.013 

Age, per year 0.0354 0.0072 0.0213 to 0.0494 1.036 (1.022–1.051) <0.001 

Male vs female -0.0724 0.3118 -0.6835 to 0.5387 0.930 (0.505–1.714) 0.816 

Parasite density, per 1,000/µL 0.0185 0.0034 0.0120 to 0.0251 1.019 (1.012–1.025) <0.001 

Haemoglobin, per g/dL -0.4271 0.0699 -0.5640 to -0.2901 0.652 (0.569–0.748) <0.001 

Platelet count, per ×109/L -0.0102 0.0020 -0.0142 to -0.0062 0.990 (0.986–0.994) <0.001 

AOR = adjusted odds ratio; CI = confidence interval; SE = standard error. Mortality was coded 1 for death and 0 for survival. Sex was coded 

1 for male and 0 for female. Parasite density was divided by 1,000 before model fitting so that the coefficient and AOR represent an increase 

of 1,000 parasites/µL. 

Substitution of the estimated coefficients into the prespecified linear model produced the following fitted linear predictor: 

𝜂̂𝐿 = −2.145425 + 0.035363𝐴 − 0.072404𝑆 + 0.018548𝐷 − 0.427057𝐻 − 0.010170𝑃          (11) 

where A denotes age in years, S=1 for male and S=0 for fe-

male, D denotes parasite density divided by 1,000, H denotes 

haemoglobin level in g/dL, and P denotes platelet count in 

×109/L. 

Accordingly, an individual patient's predicted probability of 

in-hospital mortality under the original linear model was cal-

culated as 

𝑝̂𝐿 =
1

1+exp [−(−2.145425+0.035363𝐴−0.072404𝑆+0.018548𝐷−0.427057𝐻−0.010170𝑃)]
               (12) 

 
Figure 1. Adjusted odds ratios and 95% confidence intervals from 

the original prespecified linear logistic regression model for in-hos-

pital malaria mortality. 

The age, haemoglobin, and platelet-count estimates in Fig-

ure 1 represent the original linear specification; their corrected 

nonlinear relationships are presented in Section 3.4. 

3.4. Nonlinear Model Refinement 

To address the significant departures from linearity identi-

fied in Section 3.2, the same five prespecified clinical predic-

tors were refitted using a restricted cubic spline logistic re-

gression specification. Age, haemoglobin level, and platelet 

count were represented using three-knot restricted cubic 

splines, while parasite density remained a linear term and sex 

remained binary. The knot locations were 9, 44, and 78 years 

for age; 6.0, 10.2, and 14.4 g/dL for haemoglobin level; and 
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68, 198.5, and 316.1 ×109/L for platelet count. The corrected 

model therefore retained the original five clinical predictors 

but represented them using eight predictor parameters. The 

complete fitted coefficients are presented in Table 4 

Table 4. Complete restricted cubic spline logistic regression model for in-hospital mortality. 

Model term β SE 95% CI for β p value 

Intercept 4.3998 1.3583 1.7376 to 7.0621 0.001 

Age, linear spline term -0.0282 0.0216 -0.0705 to 0.0140 0.190 

Age, nonlinear spline term 0.0794 0.0243 0.0318 to 0.1270 0.001 

Male vs female 0.0730 0.3410 -0.5953 to 0.7414 0.830 

Parasite density, per 1,000/µL 0.0215 0.0038 0.0141 to 0.0289 <0.001 

Haemoglobin, linear spline term -1.0016 0.1590 -1.3131 to -0.6901 <0.001 

Haemoglobin, nonlinear spline term 0.8775 0.2146 0.4569 to 1.2982 <0.001 

Platelet count, linear spline term -0.0334 0.0053 -0.0439 to -0.0229 <0.001 

Platelet count, nonlinear spline term 0.0345 0.0069 0.0211 to 0.0480 <0.001 

CI = confidence interval; SE = standard error. Mortality was coded 1 for death and 0 for survival. Sex was coded 1 for male and 0 for female. 

Parasite density was divided by 1,000 before model fitting. Age, haemoglobin level, and platelet count were each represented by one linear 

and one nonlinear restricted cubic spline basis term. The spline-basis coefficients should not be interpreted separately as constant clinical odds 

ratios 

Substitution of the estimated coefficients into the corrected restricted cubic spline model produced the following fitted linear 

predictor: 

𝜂̂𝑠 = 4.399833 − 0.028226A + 0.079426h𝐴(A) + 0.073034S + 0.021525D − 1.001597H + 0.877539h𝐻(H) −

0.033396P + 0.034536h𝑃(P),                                  (13) 

where A denotes age in years, S=1 for male and S=0 for fe-

male, D denotes parasite density divided by 1,000, H denotes 

haemoglobin level in g/dL, and P denotes platelet count in 

×109/L. The functions h𝐴(A), h𝐻(H), and h𝑃(P)are the non-

linear restricted cubic spline basis functions defined in Equa-

tion (5), using the knot locations reported in Section 2.4. 

Individual predicted mortality probability under the cor-

rected model was therefore calculated as 

𝑝̂𝑠 =
1

1+exp (−𝜂̂𝑠)
               (14) 

For the two predictors that remained in conventional linear 

or binary form, the corrected model produced directly inter-

pretable adjusted odds ratios. Parasite density remained posi-

tively associated with mortality, with an AOR of 1.022 per 

increase of 1,000 parasites/µL (95% CI 1.014–1.029; p < 

0.001). Male sex remained non-significant after adjustment 

for the other predictors (AOR = 1.076, 95% CI 0.551–2.099; 

p = 0.830). 

For age, haemoglobin level, and platelet count, a single con-

stant odds ratio was not appropriate because their associations 

with mortality were nonlinear. Adjusted odds-ratio curves 

were therefore calculated from the complete fitted spline func-

tions using the median value of each predictor as the reference. 

The resulting relationships are shown in Figures 2-4. 

3.4.1. Age Interpretation 

Age showed a nonlinear association with mortality. Using 

44 years as the reference value, the adjusted odds ratio was 

1.29 at age 50 years (95% CI 1.19–1.41), 2.48 at age 60 years 

(95% CI 1.87–3.29), 5.71 at age 70 years (95% CI 3.22–10.12), 

and 14.30 at age 80 years (95% CI 5.74–35.63). The fitted re-

lationship remained relatively low through much of early and 

middle adulthood and then increased progressively at older 

ages. Uncertainty increased toward the extremes of the age 

distribution, as indicated by the wider confidence interval. 
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Figure 2. Adjusted nonlinear relationship between age and in-hos-

pital malaria mortality. Odds ratios are expressed relative to age 44 

years. The solid curve represents the restricted cubic spline estimate, 

the shaded region represents the 95% confidence interval, and the 

dashed curve represents the ridge-penalized sensitivity estimate. 

Vertical dotted lines indicate spline knots at 9, 44, and 78 years. The 

odds-ratio axis is displayed on a logarithmic scale. 

3.4.2. Haemoglobin Interpretation 

Haemoglobin level demonstrated a pronounced nonlinear in-

verse relationship with mortality at lower concentrations. Using 

10.2 g/dL as the reference value, the adjusted odds ratio was 

9.94 at 7 g/dL (95% CI 5.35–18.46), 3.98 at 8 g/dL (95% CI 

2.78–5.69), and 1.85 at 9 g/dL (95% CI 1.58–2.17). At 5 g/dL, 

the estimated odds ratio increased to 72.74 (95% CI 21.35–

247.79), although the wide confidence interval indicates sub-

stantially greater uncertainty at this extreme. Mortality odds de-

clined sharply as haemoglobin approached approximately 10–

11 g/dL, after which the fitted relationship became considerably 

flatter. Estimates at the upper extreme were less precise. 

 
Figure 3. Adjusted nonlinear relationship between haemoglobin 

level and in-hospital malaria mortality. Odds ratios are expressed 

relative to 10.2 g/dL. The solid curve represents the restricted cubic 

spline estimate, the shaded region represents the 95% confidence in-

terval, and the dashed curve represents the ridge-penalized sensitiv-

ity estimate. Vertical dotted lines indicate spline knots at 6.0, 10.2, 

and 14.4 g/dL. The odds-ratio axis is displayed on a logarithmic 

scale. 

3.4.3. Platelet Interpretation 

Platelet count also showed a marked nonlinear relationship 

with mortality. Using 198.5 ×109/L as the reference value, the 

adjusted odds ratio was 17.77 at 75 ×109/L (95% CI 7.62–

41.47), 7.85 at 100 ×109/L (95% CI 4.32–14.28), and 1.98 at 

150 ×109/L (95% CI 1.62–2.42). Estimated mortality odds 

were lowest around approximately 200 ×109/L. At higher 

platelet counts, the fitted curve increased again; for example, 

the adjusted odds ratio at 300 ×109/L was 3.10 (95% CI 1.36–

7.08) relative to 198.5 ×109/L. Confidence intervals widened 

toward both extremes of the platelet distribution, indicating 

greater uncertainty where observations were less concentrated. 

 
Figure 4. Adjusted nonlinear relationship between platelet count and 

in-hospital malaria mortality. Odds ratios are expressed relative to 

198.5 ×109/L. The solid curve represents the restricted cubic spline 

estimate, the shaded region represents the 95% confidence interval, 

and the dashed curve represents the ridge-penalized sensitivity esti-

mate. Vertical dotted lines indicate spline knots at 68, 198.5, and 

316.1 ×109/L. The odds-ratio axis is displayed on a logarithmic scale. 

The nonlinear refinement showed that the constant per-unit 

effects reported for age, haemoglobin level, and platelet count 

under the original linear specification did not adequately de-

scribe their relationships with mortality across the complete 

observed ranges. The corrected spline specification retained 

the direction of the major clinical associations while revealing 

substantial variation in effect magnitude across predictor val-

ues. Formal comparison of the original linear model and the 

corrected nonlinear model is presented in Section 3.5. 

3.5. Comparison of Linear and Nonlinear 

Models 

The original prespecified linear logistic regression model 

and the corrected restricted cubic spline model were compared 

to determine whether accounting for the nonlinear relation-

ships identified during diagnostic assessment improved model 

fit and predictive performance. Both specifications retained 

the same five clinical predictors: age, sex, parasite density, 
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haemoglobin level, and platelet count. The original model 

used five predictor parameters, whereas the corrected model 

used eight predictor parameters because age, haemoglobin 

level, and platelet count each contributed one linear and one 

nonlinear spline term. 

The corrected nonlinear specification provided substan-

tially better overall fit than the original linear specification. 

The log-likelihood improved from -157.739 in the original 

model to -131.410 in the restricted cubic spline model. The 

Akaike information criterion decreased from 327.479 to 

280.820, a reduction of 46.659 points, indicating considerably 

better fit after accounting for nonlinearity. McFadden's 

pseudo-R2 also increased from 0.322 to 0.435. 

A formal nested likelihood-ratio test confirmed that addi-

tion of the three nonlinear spline components significantly im-

proved model fit compared with the original linear model, 

𝜒2(3)=52.659, p<0.001. Separate tests of the nonlinear com-

ponents showed significant evidence of nonlinearity for age, 

𝜒2 (1)=10.884, p=0.001; haemoglobin level, 𝜒2 (1)=16.544, 

p<0.001; and platelet count, 𝜒2(1)=27.614, p<0.001. These 

findings confirmed that the improvement in the corrected 

model was attributable to allowing the relationships of these 

three predictors with mortality to depart from a constant linear 

form. 

Apparent discrimination also improved after correction of 

the functional form. The area under the receiver operating 

characteristic curve increased from 0.922 for the original lin-

ear model to 0.962 for the restricted cubic spline model. The 

apparent Brier score decreased from 0.0296 to 0.0259, indi-

cating lower overall prediction error. These apparent perfor-

mance estimates demonstrate improvement in the develop-

ment sample but do not by themselves establish internal valid-

ity. 

Table 5. Comparison of the original prespecified linear logistic regression model and the corrected restricted cubic spline model. 

Model characteristic or performance measure Original linear model Corrected RCS model 

Clinical predictors 5 5 

Predictor parameters 5 8 

Log-likelihood -157.739 -131.410 

AIC 327.479 280.820 

McFadden pseudo-R2 0.322 0.435 

Apparent AUC 0.922 0.962 

Apparent Brier score 0.0296 0.0259 

AIC = Akaike information criterion; AUC = area under the receiver operating characteristic curve; RCS = restricted cubic spline. Lower AIC 

and Brier score values indicate better performance, whereas higher log-likelihood, pseudo-R2, and AUC values indicate improvement. Both 

models contained the same five clinical predictors. 

The model-comparison results showed that correcting the 

nonlinear relationships of age, haemoglobin level, and platelet 

count significantly improved model fit, apparent discrimina-

tion, and overall prediction error without introducing addi-

tional clinical predictors. The corrected restricted cubic spline 

model was therefore carried forward for the strengthened in-

ternal-validation and calibration analyses. 

3.6. Discrimination, Classification, and Internal 

Validation 

Following correction of the nonlinear functional relation-

ships, the restricted cubic spline model was subjected to 

strengthened internal validation. Bootstrap validation with 

1,000 resamples produced an optimism-corrected area under 

the receiver operating characteristic curve (AUC) of 0.955 (95% 

CI 0.940–0.970), compared with the apparent AUC of 0.962 

reported in Section 3.5. The corresponding optimism-cor-

rected Brier score was 0.0275 (95% CI 0.0208–0.0336). The 

bootstrap calibration intercept was 0.008 (95% CI -0.324 to 

0.390), and the calibration slope was 0.927 (95% CI 0.722–

1.153). The calibration intercept was close to the ideal value 

of zero, while the slope below one indicated a small degree of 

remaining model optimism, with uncertainty reflecting the 

limited number of mortality events. 

Repeated stratified 10-fold cross-validation with 20 repeti-

tions, in which functional-form assessment, spline-knot esti-

mation, model fitting, and threshold selection where internal 

validation repeated within the training data, produced a cross-

validated AUC of 0.954 and a Brier score of 0.0273. Calibra-

tion-in-the-large was 0.002, and the calibration slope was 

0.915. Across the 200 training folds, age, haemoglobin level, 

and platelet count were selected for nonlinear modelling in 

100% of folds, whereas parasite density was selected as non-

linear in only 0.5% of folds. These findings demonstrate that 
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the nonlinear specification identified in the complete dataset 

was highly stable during resampling and that the improved 

predictive performance was not dependent on functional-form 

decisions made using the full dataset. 

The smooth calibration curve based on repeated cross-vali-

dated predictions is presented in Figure 5. Agreement between 

predicted and observed mortality was generally close across 

the lower and intermediate predicted-risk range, where most 

observations occurred. Greater divergence was observed to-

ward the upper end of the predicted-risk distribution, where 

observations and mortality events were less numerous. This 

pattern is consistent with the calibration slope below one and 

indicates greater uncertainty for patients assigned very high 

predicted risks. 

 
Figure 5. Smooth calibration curve based on repeated cross-vali-

dated predictions from the complete model-building process, with 

functional-form assessment repeated within each training fold. 

Table 6. Internal validation of the corrected restricted cubic spline mortality model. 

Validation approach AUC Brier score Calibration intercept Calibration slope 

Bootstrap optimism-corrected RCS model 
0.955 (0.940–

0.970) 

0.0275 (0.0208–

0.0336) 
0.008 (-0.324 to 0.390) 0.927 (0.722–1.153) 

Repeated 20 × 10-fold CV of complete 

modelling process 
0.954 0.0273 0.002 0.915 

Nested 10-fold ridge RCS sensitivity 

model 
0.952 0.0275 0.002 0.946 

AUC = area under the receiver operating characteristic curve; CI = confidence interval; CV = cross-validation; RCS = restricted cubic spline. 

Values in parentheses are 95% bootstrap intervals where available. An ideal calibration intercept is 0 and an ideal calibration slope is 1. 

A ridge-penalized version of the same five-predictor re-

stricted cubic spline model was additionally evaluated as a 

sensitivity analysis for potential overfitting. Nested 10-fold 

cross-validation, with five-fold internal tuning of the penalty 

parameter, produced an AUC of 0.952, a Brier score of 0.0275, 

a calibration intercept of 0.002, and a calibration slope of 

0.946. The median selected inverse-regularization parameter 

was C=7.81. The ridge model therefore produced discrimina-

tion and overall prediction error similar to the unpenalized 

spline model, while its calibration slope was closer to the ideal 

value of one. This finding supported the stability of the cor-

rected model while also indicating a modest benefit from 

shrinkage for calibration. 

The receiver operating characteristic curves based on inter-

nally validated predictions are shown in Figure 6. The original 

linear model achieved a cross-validated AUC of approxi-

mately 0.911, while the corrected restricted cubic spline 

model achieved an AUC of 0.954. The nested ridge-penalized 

spline sensitivity model achieved an AUC of 0.952. The close 

performance of the unpenalized and ridge-penalized spline 

models indicates that the improved discrimination after cor-

rection of nonlinearity was not dependent on an unpenalized 

full-sample fit. 

 
Figure 6. Receiver operating characteristic curves comparing inter-

nally validated predictions from the original linear model, the cor-

rected nonlinear model obtained through repeated functional-form 

assessment, and the ridge-penalized restricted cubic spline sensitiv-

ity model. 

Classification performance was considered separately from 
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threshold-independent measures of model quality. Under the 

original prespecified linear model, the conventional probabil-

ity threshold of 0.5 classified only 6 of 54 deaths as positive. 

This produced sensitivity of 11.11%, specificity of 99.72%, 

positive predictive value of 60.00%, negative predictive value 

of 96.78%, and overall accuracy of 96.53%. The high accu-

racy therefore largely reflected correct classification of the 

much larger survival group and did not indicate adequate de-

tection of mortality. 

In the original development-sample analysis, Youden's in-

dex selected a threshold of 0.0363, reported previously as 

0.036. At this threshold, 49 of the 54 deaths were identified, 

increasing sensitivity to 90.74%, while specificity decreased 

to 80.98%. Positive predictive value was 15.12%, negative 

predictive value was 99.57%, and accuracy was 81.33%. 

These estimates represent apparent classification performance 

because the threshold was selected and evaluated using the 

same development dataset. They should therefore not be inter-

preted as internally validated operating characteristics or as 

evidence that 0.036 is an established clinical threshold. 

Table 7. Development-sample classification performance of the original prespecified linear model. 

Metric Threshold 0.50 Development Youden threshold 0.0363 

True negatives 1,442 1,171 

False positives 4 275 

False negatives 48 5 

True positives 6 49 

Sensitivity 11.11% (5.19–22.19) 90.74% (80.09–95.98) 

Specificity 99.72% (99.29–99.89) 80.98% (78.88–82.92) 

Positive predictive value 60.00% (31.27–83.18) 15.12% (11.63–19.43) 

Negative predictive value 96.78% (95.75–97.56) 99.57% (99.01–99.82) 

Accuracy 96.53% 81.33% 

Values in parentheses are 95% Wilson confidence intervals. The Youden threshold was selected and evaluated in the original development 

sample and therefore represents apparent rather than internally validated classification performance 

To address optimism arising from development-sample 

threshold selection, Youden's index was recalculated sepa-

rately within the training data of every fold during repeated 

stratified cross-validation and was then applied only to the 

corresponding held-out observations. Across the 200 training 

folds, the median selected threshold was 0.0343, with an in-

terquartile range of 0.0313–0.0387. Mean held-out sensitivity 

was 90.97%, mean specificity was 85.26%, mean positive pre-

dictive value was 19.17%, mean negative predictive value was 

99.62%, and mean accuracy was 85.47%. The variation in se-

lected thresholds across training samples confirms that the de-

velopment-data threshold of approximately 0.036 should not 

be interpreted as a fixed clinical cut-off. 

The previously reported mean 10-fold cross-validation mis-

classification error of 0.036 was not retained as evidence of 

model validity. In the original analysis, that value was approx-

imately equal to the observed mortality prevalence of 3.6%, 

making it possible for a model that classified nearly all pa-

tients as survivors to obtain an apparently low error. In the 

revised repeated cross-validation, use of the explicit 0.5 

threshold resulted in a misclassification rate of approximately 

0.0353, confirming that low overall error at this threshold pri-

marily reflected the highly imbalanced outcome rather than 

adequate mortality detection. Discrimination, calibration, 

Brier score, and sensitivity were therefore given greater em-

phasis in the revised validation 

Because no externally established mortality-risk threshold 

was available for Nakuru Level 6 Hospital, a 5% predicted-

risk threshold was examined only as an illustrative operating 

point. It was selected to demonstrate the relationship between 

mortality detection and the number of patients who would re-

quire additional clinical review, not as a recommended clini-

cal cut-off. Performance at 5% was compared with the con-

ventional 50% threshold using averaged held-out predictions 

from repeated cross-validation. 

At the illustrative 5% threshold, 47 of 54 deaths were clas-

sified as high risk, while 165 of the 1,446 survivors were also 

classified as high risk. Sensitivity was 87.04% (95% CI 

75.58–93.58%), specificity was 88.59% (95% CI 86.85–

90.13%), positive predictive value was 22.17% (95% CI 

17.10–28.23%), and negative predictive value was 99.46% 

(95% CI 98.88–99.74%). Overall accuracy was 88.53%. A to-

tal of 212 of 1,500 admissions, or 14.13%, would have been 
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flagged for additional review at this illustrative threshold. 

In contrast, the 50% threshold classified only 11 of the 54 

deaths as high risk. Cross-validated sensitivity was 20.37% 

(95% CI 11.77–32.90%), specificity was 99.31% (95% CI 

98.73–99.62%), positive predictive value was 52.38% (95% 

CI 32.37–71.66%), and negative predictive value was 97.09% 

(95% CI 96.11–97.83%). Although accuracy remained high at 

96.47%, 43 of the 54 deaths were classified as low risk. 

Table 8. Cross-validated confusion counts and classification perfor-

mance at illustrative 5% and conventional 50% mortality-risk 

thresholds. 

Metric Threshold 0.05 Threshold 0.50 

True negatives 1,281 1,436 

False positives 165 10 

False negatives 7 43 

True positives 47 11 

Sensitivity 
87.04% (75.58–

93.58) 

20.37% (11.77–

32.90) 

Specificity 
88.59% (86.85–

90.13) 

99.31% (98.73–

99.62) 

Positive predic-

tive value 

22.17% (17.10–

28.23) 

52.38% (32.37–

71.66) 

Negative pre-

dictive value 

99.46% (98.88–

99.74) 

97.09% (96.11–

97.83) 

Accuracy 88.53% 96.47% 

Values in parentheses are 95% Wilson confidence intervals. Classi-

fication was based on averaged held-out predictions from repeated 

stratified cross-validation. The 5% threshold is presented as an illus-

trative operating point and is not proposed as an established clinical 

cut-off. 

Decision-curve analysis was used to examine whether 

model-guided risk classification provided greater net benefit 

than default strategies across a range of candidate threshold 

probabilities. The corrected restricted cubic spline model 

showed positive net benefit and exceeded both the classify-all 

and classify-none strategies across the evaluated threshold 

range from approximately 1% to 20%. At a 5% threshold, the 

model's net benefit was 0.0255, compared with -0.0147 for 

classifying all patients as high risk and 0 for classifying no 

patients as high risk. The decision curve therefore supports 

potential usefulness of model-guided risk stratification across 

a range of low mortality-risk thresholds, but it does not estab-

lish a single optimal clinical cut-off. Selection of an opera-

tional threshold would require prospective consideration of 

hospital monitoring capacity, the clinical consequences of 

missed high-risk patients, and the acceptable burden of false-

positive alerts. 

 
Figure 7. Decision-curve analysis of the corrected restricted cubic 

spline mortality model across candidate risk thresholds from 1% to 

20%. Net benefit is compared with strategies of classifying all pa-

tients as high risk and classifying no patients as high risk. 

Bootstrap validation, repeated cross-validation, calibration 

assessment, and penalized sensitivity analysis supported the 

improved performance of the corrected nonlinear model. The 

results also confirmed that threshold-dependent accuracy 

alone is unsuitable for evaluating mortality prediction in this 

highly imbalanced dataset. Although lower thresholds sub-

stantially improved mortality detection, no single threshold 

was identified as a definitive clinical operating point. External 

validation and prospective evaluation of clinical consequences 

and available monitoring capacity remain necessary before 

threshold-based implementation. 

4. Discussion 

4.1. Principal Findings 

This study evaluated in-hospital malaria mortality using 

five routinely available clinical variables: age, sex, parasite 

density, haemoglobin level, and platelet count. The original 

prespecified linear logistic regression model identified statis-

tically significant associations for age, parasite density, hae-

moglobin level, and platelet count, while sex was not inde-

pendently associated with mortality. The original model 

demonstrated strong apparent discrimination, with an AUC of 

0.922. Diagnostic assessment, however, showed that the as-

sumption of linearity in the logit was not appropriate for age, 

haemoglobin level, and platelet count. The original linear 

model was therefore retained as the prespecified comparator, 

while these three predictors were re-expressed using restricted 

cubic splines in a corrected model containing the same five 

clinical predictors. Flexible modelling of continuous predic-

tors is appropriate when their relationships with an outcome 

cannot be adequately represented by a single constant linear 

effect [12]. 

The nonlinear refinement materially improved the statisti-
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cal representation of mortality risk. Compared with the origi-

nal linear model, the corrected restricted cubic spline model 

improved log-likelihood, reduced AIC, increased McFadden's 

pseudo-R2, and increased apparent AUC from 0.922 to 0.962. 

The likelihood-ratio comparison confirmed that the additional 

nonlinear components significantly improved model fit. More 

importantly, the refinement altered the interpretation of age, 

haemoglobin level, and platelet count. Their effects were not 

constant across their observed ranges. Mortality risk increased 

more sharply at older ages, the association with haemoglobin 

was strongest at lower concentrations and became flatter as 

haemoglobin increased, and platelet count showed a marked 

nonlinear relationship with particularly high estimated risk at 

low values. Parasite density remained appropriately repre-

sented as a linear predictor, while sex remained non-signifi-

cant. 

The strengthened internal-validation analyses indicated that 

the improvement was not limited to the complete development 

dataset. Bootstrap validation produced an optimism-corrected 

AUC of 0.955, while repeated stratified cross-validation pro-

duced an AUC of 0.954 and a Brier score of 0.0273. Calibra-

tion intercepts were close to zero, although calibration slopes 

below one indicated some remaining optimism. The ridge-pe-

nalized sensitivity analysis produced similar discrimination 

and prediction error and a calibration slope closer to one, sup-

porting the stability of the main findings while also showing 

the value of shrinkage when model complexity increases rel-

ative to the number of outcome events [15, 16]. Importantly, 

repeated cross-validation reproduced the functional-form as-

sessment within every training fold; age, haemoglobin level, 

and platelet count were selected as nonlinear in all 200 train-

ing folds, providing additional evidence that the corrected 

specification was not an artefact of the complete dataset. 

The classification findings also reinforce the distinction be-

tween discrimination and threshold-dependent clinical classi-

fication. In the original analysis, the conventional 0.5 thresh-

old produced high overall accuracy but detected only 11.1% 

of deaths. The original development-data Youden threshold of 

approximately 0.036 substantially increased sensitivity, but 

resampling demonstrated that the selected threshold varied 

across training samples and should not be interpreted as a 

fixed clinical cut-off. This is important because only 3.6% of 

patients died, allowing apparently high accuracy to occur even 

when most deaths are missed. A similar problem has been re-

ported in malaria severity modelling, where overall test accu-

racy remained relatively high despite low recall for the severe-

outcome group [11]. The present findings therefore support 

evaluation of discrimination, calibration, prediction error, sen-

sitivity, and clinical consequences together instead of relying 

on accuracy or a single statistically optimized threshold. 

4.2. Interpretation of Clinical Predictors 

Age remained an important predictor of in-hospital mortal-

ity, but the nonlinear refinement showed that its association 

with mortality was not adequately described by a constant in-

crease in odds for every additional year of age. Under the orig-

inal linear specification, the adjusted odds ratio was 1.036 per 

year; however, the restricted cubic spline analysis demon-

strated that the magnitude of the age effect varied substantially 

across the observed age range. Mortality odds remained com-

paratively lower through much of early and middle adulthood 

and increased progressively at older ages. The World Health 

Organization identifies young children, particularly those un-

der five years, as a population at substantial risk of severe ma-

laria and death because of limited acquired immunity [1]. The 

present findings additionally suggest important vulnerability 

among older admitted patients. This may reflect declining 

physiological reserve, accumulated comorbidity, differences 

in previous malaria exposure, or reduced capacity to tolerate 

severe infection. The widening confidence intervals at the ex-

tremes of the fitted age curve indicate that estimates in the 

youngest and oldest patients should be interpreted cautiously. 

Overall, the spline analysis provides a more appropriate de-

scription of the age-mortality relationship than the constant 

per-year effect from the original linear model [12]. 

Parasite density remained positively associated with mor-

tality and was the only continuous predictor for which the 

tested linearity assumption was not violated. In the corrected 

nonlinear model, each increase of 1,000 parasites/µL was as-

sociated with an adjusted odds ratio of approximately 1.022 

for mortality. Although this change appears small when ex-

pressed per 1,000 parasites/µL, parasite densities in the study 

varied over a very wide range, so differences in total parasite 

burden can translate into substantial differences in estimated 

risk. This association is biologically plausible because high 

parasitaemia may contribute to red-cell destruction, microvas-

cular sequestration, metabolic disturbance, tissue hypoxia, 

and organ dysfunction [5, 6]. The persistence of the associa-

tion after correction of the nonlinear effects of age, haemoglo-

bin, and platelet count supports parasite density as an inde-

pendent indicator of infection burden in this hospital popula-

tion. 

Haemoglobin level showed a pronounced nonlinear inverse 

relationship with mortality. The original linear model esti-

mated an AOR of 0.652 for every 1 g/dL increase in haemo-

globin, but the spline analysis demonstrated that the protective 

association was not constant across the full haemoglobin 

range. Mortality odds declined most sharply at low haemoglo-

bin concentrations, with the greatest risk observed among pa-

tients with severe anaemia, and the relationship became sub-

stantially flatter as haemoglobin approached approximately 

10–11 g/dL. This pattern is clinically plausible because ma-

laria-associated anaemia may result from destruction of in-

fected and uninfected red blood cells, impaired erythropoiesis, 

and other mechanisms that reduce oxygen-carrying capacity 

during severe disease [5]. Mousa et al. also reported that de-

layed malaria treatment was associated with declining haemo-

globin and substantially increased odds of severe malarial 

http://www.sciencepg.com/journal/ajtas


American Journal of Theoretical and Applied Statistics http://www.sciencepg.com/journal/ajtas 

 

227 

anaemia, supporting the importance of haemoglobin as an in-

dicator of disease severity [10]. The present spline findings 

therefore refine the original result by showing that the mortal-

ity gradient is particularly steep at lower haemoglobin levels, 

rather than implying the same percentage reduction in mortal-

ity odds for every 1 g/dL increase across the entire observed 

range. 

Platelet count also showed a marked nonlinear relationship 

with mortality. The original linear specification suggested a 

constant protective association, with an AOR of 0.990 for 

each increase of 1 ×109/L. The corrected spline model showed 

instead that mortality odds were particularly elevated at low 

platelet counts, declined toward the middle of the observed 

platelet distribution, and increased again at the upper end of 

the fitted curve. Thrombocytopenia is frequently observed in 

malaria and may result from immune-mediated platelet de-

struction, splenic sequestration, peripheral consumption, or 

systemic inflammatory activation [7]. The high estimated 

mortality risk at low platelet counts is therefore consistent 

with platelet depletion acting as a marker of more severe sys-

temic disease. However, the apparent increase in mortality 

odds at high platelet values should be interpreted cautiously 

because confidence intervals widened toward the upper end of 

the distribution. The revised findings therefore support inter-

pretation of platelet count through its complete nonlinear 

function rather than as a constant protective effect per unit in-

crease. 

Sex was not independently associated with mortality in ei-

ther model specification. In the original linear model, the 

AOR for male versus female sex was 0.930, while the cor-

rected spline model produced an AOR of approximately 1.076 

with a confidence interval that crossed unity. The consistency 

of the non-significant sex effect after correction of the other 

predictors indicates that sex alone contributed little independ-

ent predictive information in this dataset. This finding does 

not imply that sex-related clinical circumstances are unim-

portant. Malaria risk may differ according to pregnancy, ex-

posure patterns, acquired immunity, access to care, and 

health-seeking behaviour, factors that cannot be represented 

adequately by a single binary sex variable [18, 19]. The preg-

nancy literature, for example, demonstrates that physiological 

and immunological changes during pregnancy can alter ma-

laria susceptibility and clinical outcomes [18]. The present re-

sult should therefore be interpreted specifically as an absence 

of an independent effect of recorded sex after adjustment for 

the other predictors included in this model. 

4.3. Model Performance and Potential Clinical 

Use 

The corrected restricted cubic spline model demonstrated 

strong discrimination while retaining the interpretability of a 

logistic regression framework. Its apparent AUC of 0.962 de-

creased only modestly to an optimism-corrected AUC of 

0.955 after bootstrap validation and to 0.954 during repeated 

stratified cross-validation. The cross-validated Brier score of 

0.0273 also indicated relatively low overall probabilistic pre-

diction error. These findings suggest that routinely collected 

demographic and laboratory variables can meaningfully dis-

tinguish patients at different levels of mortality risk when their 

functional relationships with the outcome are represented ap-

propriately. Logistic regression remains attractive for clinical 

prediction because its mathematical structure and predictor 

contributions can be examined directly, although nonlinear 

terms require interpretation through their complete fitted func-

tions rather than individual spline coefficients [8, 20]. 

Calibration findings provide an important qualification to 

the strong discrimination. The bootstrap calibration intercept 

was close to zero, indicating little evidence of systematic over-

all underprediction or overprediction, while the calibration 

slope of 0.927 suggested some residual optimism. Repeated 

cross-validation produced a similar calibration pattern, with a 

slope of 0.915. The ridge-penalized sensitivity analysis 

yielded comparable discrimination and prediction error but a 

calibration slope closer to one, supporting the use of shrinkage 

when model complexity increases relative to the number of 

outcome events. Internal validation is important for estimating 

optimism in model performance, but it does not establish 

whether predictions will remain accurate in patients from dif-

ferent hospitals or clinical settings [15]. The present model 

should therefore be regarded as internally validated within the 

source population rather than ready for unrestricted clinical 

deployment. 

Classification performance depended strongly on the prob-

ability threshold selected. The original development analysis 

showed that the conventional 0.5 threshold produced high 

overall accuracy while identifying only a small proportion of 

deaths. Although the original Youden threshold of approxi-

mately 0.036 increased sensitivity substantially, its selection 

and evaluation in the same dataset made its apparent perfor-

mance optimistic. When threshold selection was repeated 

within the training samples during cross-validation, the se-

lected thresholds varied, with a median of approximately 

0.0343. This variability demonstrates that a statistically opti-

mized threshold is not necessarily a stable or clinically appro-

priate operating point. 

No mortality-risk threshold has been externally established 

for use at Nakuru Level 6 Hospital. Consequently, the 5% 

threshold examined in the revised analysis should be inter-

preted only as an illustrative operating scenario and not as a 

recommended clinical cut-off. At this threshold, the internally 

cross-validated model identified 87.0% of deaths and had a 

specificity of 88.6%, while approximately 14.1% of all admis-

sions would have been flagged for additional review. The pos-

itive predictive value remained relatively low at 22.2%, 

whereas the negative predictive value was 99.46%. The low 

positive predictive value is expected in a population in which 

mortality prevalence is only 3.6% and means that most pa-

tients classified as high risk would ultimately survive. In a 

clinical setting, such a threshold would therefore need to be 
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judged against available monitoring capacity, the conse-

quences of missed high-risk patients, and the workload gener-

ated by false-positive alerts. 

Decision-curve analysis provided an additional assessment 

of potential clinical usefulness by evaluating net benefit across 

a range of threshold probabilities instead of selecting one 

threshold solely from sensitivity and specificity [17]. The cor-

rected model showed greater net benefit than the classify-all 

and classify-none strategies across the examined low-risk 

threshold range. This supports the potential value of model-

guided risk stratification but does not establish a universally 

optimal cut-off. The clinical consequences assigned to false-

negative and false-positive classifications may differ substan-

tially between hospitals, so threshold selection should ulti-

mately be informed by prospective workflow assessment, 

available resources, and clinician-defined intervention conse-

quences. 

The findings are consistent with previous evidence showing 

that strong overall classification measures may conceal poor 

identification of uncommon severe outcomes. Ansong et al. 

[11] developed a logistic regression model for malaria severity 

among 417 children in Ghana and reported test accuracy of 

0.83, while recall for the severe-malaria class was only 0.36. 

A related problem was observed in the original linear analysis 

of the present study, in which the conventional 0.5 threshold 

produced high accuracy but very low sensitivity. The strength-

ened analysis therefore gives greater emphasis to discrimina-

tion, calibration, Brier score, sensitivity, and clinical net ben-

efit instead of overall accuracy alone. 

The importance of haemoglobin as a component of mortal-

ity-risk assessment is also consistent with findings from 

Mousa et al. [10]. Their pooled multicentre analysis showed 

that treatment delay was associated with declining haemoglo-

bin and substantially increased odds of severe malarial anae-

mia. Although their outcome was progression to severe ma-

laria rather than in-hospital mortality, the findings support the 

biological and clinical importance of anaemia in malaria se-

verity. The present nonlinear analysis extends this interpreta-

tion by showing that the association between haemoglobin and 

mortality was strongest at low concentrations and became sub-

stantially flatter as haemoglobin approached approximately 

10–11 g/dL. 

Finally, despite the favourable internal-validation results, 

the model has not been evaluated in an independent hospital, 

a later temporal cohort, or a prospectively enrolled population. 

Differences in malaria transmission, referral patterns, patient 

characteristics, laboratory measurement, treatment availabil-

ity, and baseline mortality may alter both predictor distribu-

tions and calibration. External validation should therefore pre-

cede clinical implementation. If systematic differences in pre-

dicted and observed risk are identified in a new population, 

recalibration may also be required before prospective evalua-

tion of whether model-assisted risk stratification improves 

clinical decision-making without producing an unacceptable 

alert burden. 

4.4. Strengths and Limitations 

A major strength of this study was the use of 1,500 routinely 

collected hospital records and five clinically available predic-

tors. The revised analysis assessed several aspects of model 

quality, including functional form, discrimination, calibration, 

prediction error, classification performance, and clinical net 

benefit. Significant nonlinear relationships for age, haemoglo-

bin level, and platelet count were addressed using restricted 

cubic splines while retaining the same five prespecified pre-

dictors [12]. Model complexity was also examined formally, 

and bootstrap validation, repeated cross-validation, ridge pe-

nalization, and decision-curve analysis were used to assess op-

timism, overfitting, and potential clinical utility [13-17]. 

Several limitations remain. First, the study was conducted 

at a single referral hospital, and the model has not been exter-

nally validated, so transportability to other settings is uncer-

tain. Second, only 54 deaths occurred. Although the formal 

sample-size assessment indicated that the available sample 

narrowly met the estimated requirement, the limited number 

of events reduced precision, particularly at the extremes of the 

spline curves. Third, complete-case analysis may have intro-

duced selection bias, and retrospective electronic records may 

contain measurement or documentation errors. 

The model was also limited to five predictors and did not 

include potentially important variables such as vital signs, or-

gan dysfunction, comorbidities, pregnancy status, treatment 

delay, treatment received, or referral pathway. Although the 

nonlinear specification improved model fit, the additional 

spline parameters increased model complexity, and calibra-

tion slopes below one suggested some residual optimism. 

Ridge penalization reduced this concern but could not elimi-

nate it completely. 

Finally, no clinically established mortality-risk threshold 

was available for Nakuru Level 6 Hospital. The original 

Youden threshold was development-derived, while the 5% 

threshold was used only as an illustrative operating point. De-

cision-curve analysis suggested potential net benefit across 

low-risk thresholds [17], but any operational threshold should 

be selected prospectively according to clinical consequences, 

monitoring capacity, staffing, and the burden of false-positive 

alerts. 

The most important next step is external validation in geo-

graphically and clinically distinct hospitals, followed by recali-

bration where necessary and prospective assessment of whether 

model-assisted risk stratification improves clinical decision-

making without creating an excessive alert burden [15]. 

5. Conclusions 

Age, parasite density, haemoglobin level, and platelet count 

were associated with in-hospital mortality among malaria pa-

tients at Nakuru Level 6 Hospital, while sex was not inde-

pendently predictive. The original five-predictor linear lo-
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gistic regression model showed strong discrimination, but di-

agnostic assessment identified important nonlinear relation-

ships for age, haemoglobin level, and platelet count. Refitting 

these three variables using restricted cubic splines, while re-

taining the same five clinical predictors, significantly im-

proved model fit and discrimination. 

The corrected model showed strong internally validated 

performance, with an optimism-corrected AUC of 0.955 and 

repeated cross-validated AUC of 0.954. Calibration intercepts 

were close to zero, although calibration slopes below one in-

dicated some residual optimism and uncertainty remained at 

higher predicted risk. Threshold analyses also confirmed that 

the conventional 0.5 cut-off was unsuitable for this rare mor-

tality outcome. Lower thresholds improved sensitivity, but no 

single threshold was established as clinically optimal. 

The model should therefore be considered a promising in-

ternally validated risk-stratification tool rather than a deploy-

ment-ready clinical rule. External validation, possible recali-

bration, and prospective assessment of clinical utility and 

threshold selection are required before routine implementation. 
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