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Abstract 

Background: Pneumonia remains a major cause of illness and death among children, particularly in 

low- and middle-income countries. Severe pneumonia is clinically heterogeneous, and early 

identification of children at increased risk of poor treatment response may help prioritize monitoring 

and supportive care. Existing pediatric pneumonia prediction tools have shown variable 

performance when transported across settings, supporting the development and external validation 

of locally relevant models. 

Methods: We developed and internally validated a multivariable logistic-regression model using 

data from 630 children aged 2–59 months who were hospitalized with severe pneumonia. The 

primary outcome was poor response to treatment within 72 hours, defined as prolonged admission 

beyond 72 hours, death during admission, and/or a change in antibiotics after 72 hours. Four 

laboratory variables with substantial missingness were imputed using multiple imputation by 

chained equations with predictive mean matching. Candidate predictors were screened in 

exploratory univariable analyses, and candidate multivariable models were compared using 

Akaike's information criterion. The final model contained 16 predictor parameters. Discrimination 

was assessed using the area under the receiver operating characteristic curve (AUC), and calibration 

was assessed graphically and using the calibration intercept, slope, maximum absolute error, and 

Brier score. Internal validation used 1000 bootstrap resamples. A simplified score was derived from 

selected predictors and assessed for discrimination, calibration, and decision-curve net benefit.

Results: Poor response to treatment occurred in 267 (42.4%) children. The final model included 

antibiotic treatment at admission, stridor, WBC, cough, oxygen saturation, vaccination status, age, 
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cyanosis, inability to feed, mental status change, vomiting, and diarrhea. Apparent discrimination 

was good (AUC 0.875, 95% CI 0.849–0.902). The mean predicted risk was 0.424. Bootstrap 

validation yielded an optimism-corrected Dxy of 0.713 (95% bootstrap interval 0.659–0.771), 

corresponding to an approximate corrected AUC of 0.857. The corrected calibration slope was 

0.927, and the calibration intercept was 0.021.

The simplified score ranged from 0 to 19 in the observed data. Poor response was 7.7% in the low-

risk group (0–3 points), 22.5% in the moderate-risk group (4–7 points), and 70.3% in the high-risk 

group (≥8 points). The score AUC was 0.823 (95% CI 0.791–0.856), lower than that of the full 

model (DeLong p<0.001). At a classification threshold of ≥8 points, sensitivity was 76.4%, 

specificity 76.3%, positive predictive value 70.3%, negative predictive value 81.5%, and accuracy 

76.4%. Bootstrap calibration of the score gave a mean absolute error of 0.010 and mean squared 

error of 0.00018. Decision-curve analysis showed positive net benefit over the treat-none strategy 

across a broad range of threshold probabilities. 

Conclusions: The full model showed good discrimination and reasonable internal calibration after 

bootstrap correction. The simplified score retained useful discrimination but performed less well 

than the regression model. Both instruments require external validation and assessment of clinical 

impact before they can be considered for routine use. 

Keywords: Severe pneumonia; children; response to treatment; prognostic model; risk score; 

calibration; discrimination; bootstrap validation; decision-curve analysis 

Introduction 

Pneumonia remains a leading cause of illness and death among children, with a disproportionate 

burden in low- and middle-income countries [1-3]. Severe pneumonia is clinically heterogeneous, 

and children who meet the same clinical definition may have substantially different risks of 

treatment failure and other adverse outcomes [3, 4]. Hypoxaemia, impaired consciousness, feeding 

difficulty, and other danger signs have been associated with poor outcomes in children with severe 

pneumonia [4-8]. 

Clinical prediction models combine multiple prognostic factors to estimate an individual's risk of an 

outcome. Their value depends not only on discrimination but also on calibration, overall prediction 

error, and clinical usefulness. Performance can deteriorate when a model is transported to a 

different population because of differences in case mix, outcome prevalence, clinical management, 

and measurement practices [9-11]. 

Several pediatric pneumonia prediction tools have been developed, including RISC and RISC-

Malawi. External validation studies have shown that discrimination and calibration can decline 
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substantially outside the derivation setting [9, 10]. An Ethiopian study also developed and internally 

validated a model for a composite poor outcome among children with severe community-acquired 

pneumonia [12]. Its predictor set differs from that of the present study, so direct performance 

comparisons are not appropriate. The clinical definitions and management context are also informed 

by WHO guidance for childhood pneumonia [13, 14]. 

Contemporary guidance recommends transparent reporting of predictor definitions, outcome 

definitions, model development, internal validation, and performance measures, with particular 

attention to calibration and the risk of overfitting [15-18]. Bootstrap validation is generally 

preferable to a simple split-sample approach when developing a prediction model because it uses 

the available data more efficiently [19]. 

This study aimed to develop and internally validate a multivariable logistic-regression model for 

poor response to treatment among children hospitalized with severe pneumonia. We quantified 

discrimination and calibration, assessed optimism using bootstrap resampling, evaluated the 

potential clinical utility of a simplified score using decision-curve analysis, and reported the model 

in a form suitable for external validation. 

Methods 

Analyses were conducted in RStudio using the mice, pROC, rms, PredictABEL, ResourceSelection, 

caret, dcurves, gtsummary, and dplyr packages. 

We conducted a prognostic model development and internal-validation analysis using inpatient data 

from Hakim Gizaw Teaching Hospital. The analytic dataset contained 630 children and 33 recorded 

variables extracted from the electronic medical record. Variables included age, vaccination status, 

respiratory and gastrointestinal symptoms, neurological findings, vital signs, oxygen saturation, 

laboratory measurements, antibiotic treatment, oxygen administration, length of stay, and treatment 

response. Children aged 2–59 months who were hospitalized with severe pneumonia were eligible. 

Children with severe pneumonia and additional underlying conditions expected to prolong 

hospitalization were excluded. Children whose diagnosis changed after admission were also 

excluded. 

Poor response to pneumonia treatment was the recorded outcome status in the study data. It was 

operationalized as prolonged hospitalization beyond 72 hours, death within 72 hours of admission, 

and/or a change in antibiotics after 72 hours. The outcome was classified as poor response or good 

response. 
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Severe pneumonia was defined as cough or difficulty breathing accompanied by at least one danger 

sign: inability to drink or breastfeed, persistent vomiting, convulsions, lethargy or unconsciousness, 

stridor in a calm child, or severe malnutrition. 

The original sample-size calculation used 10 events per candidate predictor and an anticipated poor-

outcome prevalence of 28%, based on the Ethiopian study used as the planning source [12]. With 16 

candidate predictors, the calculation yielded 571 participants; allowing 10% for incomplete records 

gave a target of 629 children with severe pneumonia. The final analytic dataset contained 630 

children. Contemporary guidance indicates that sample size for prediction modelling should not be 

justified by an events-per-variable rule alone; adequacy also depends on outcome prevalence, the 

number of predictor parameters, anticipated model performance, shrinkage, and precision [17, 18]. 

The primary outcome was poor response to treatment within 72 hours of admission. Among 630 

children, 267 (42.4%) were classified as having poor response and 363 (57.6%) as having good 

response. 

Candidate predictors were selected from variables available at admission or during the initial 

clinical assessment. The final model included antibiotic treatment at admission, stridor, WBC, 

cough, oxygen saturation, vaccination status, age, cyanosis, inability to feed, mental status change, 

vomiting, and diarrhea. Reference categories are defined in the model specification reported in the 

Results section. Variables occurring after the prediction time point, including length of stay and 

subsequent antibiotic changes, were not entered as predictors. 

The prediction time point was admission or the initial clinical assessment. Predictors were therefore 

restricted to information plausibly available at that time and were not selected on the basis of 

subsequent clinical course, consistent with recommendations for prognostic model development 

[15-18, 20-22]. 

Missingness was concentrated in four laboratory variables: WBC, 113/630 (17.9%); neutrophils, 

116/630 (18.4%); lymphocytes, 113/630 (17.9%); and haemoglobin, 113/630 (17.9%). Missingness 

in all other variables, including the outcome, was below 5%. Complete-case analysis was not used 

for the laboratory variables. 

Multiple imputation by chained equations was performed using the mice package. Five imputed 

datasets were generated with 20 iterations, using predictive mean matching for WBC, neutrophils, 

haemoglobin, and lymphocytes. Convergence and observed-versus-imputed density diagnostics 

were examined. Regression coefficients, standard errors, and confidence intervals were combined 
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across the five imputed datasets using Rubin's rules. The pooled imputed analyses were used for 

model estimation and performance assessment. This approach preserves information that would be 

lost through complete-case analysis and is consistent with established guidance for missing 

covariate data [23-27]. 

Continuous variables were summarized as median (interquartile range) and categorical variables as 

number (percentage). Wilcoxon rank-sum and Pearson chi-square tests were used for descriptive 

comparisons. These tests were descriptive and were not used as evidence of predictive performance. 

Exploratory univariable logistic-regression models were fitted for candidate predictors. Variables 

meeting a screening threshold of p<0.25 were entered into the initial multivariable model. Reduced 

candidate models were then compared using Akaike's information criterion, and the model with the 

lowest AIC among the sequential candidate models was retained. The final model contained 16 

predictor parameters. The selection process was retained as part of the original analysis and is 

acknowledged as a source of model uncertainty [15-18, 20, 22]. 

The final model was a multivariable logistic-regression model. The intercept, regression 

coefficients, and adjusted odds ratios are reported in the Results section. Adjusted odds ratios were 

obtained by exponentiating the regression coefficients, with 95% confidence intervals derived from 

the pooled model estimates. 

Discrimination was assessed using the receiver operating characteristic curve and area under the 

curve (AUC), with 95% confidence intervals estimated using the DeLong method [28,29]. The 

AUC quantifies the ability of the model to rank children with poor response above those with good 

response [30, 31]. 

Calibration was assessed using calibration plots, the calibration intercept, calibration slope, 

maximum absolute calibration error (Emax), and Brier score. A ten-group Hosmer–Lemeshow test 

was also calculated as a supplementary goodness-of-fit assessment. Calibration measures were 

interpreted together rather than relying on a single hypothesis test because calibration is a central 

component of prediction-model performance [15, 16, 32-34]. 

Internal validation used 1000 bootstrap resamples. In each resample, the model was refitted, and its 

performance was evaluated in both the bootstrap sample and the original data; the difference was 

used to estimate optimism. Optimism-corrected performance was obtained by subtracting mean 

optimism from apparent performance. The validation output included Dxy, R², calibration intercept, 

calibration slope, Emax, and Brier score. Dxy was converted to an approximate AUC using 
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C=[(Dxy+1)/2] [19, 21, 30]. Bootstrap validation was selected because it makes efficient use of the 

available development sample and provides a direct estimate of optimism [19, 21, 35]. The 11 score 

components and their weights are shown in Table 3, and observed treatment-response rates across 

score-defined risk groups are shown in Table 4. 

A simplified bedside score was derived from the selected predictors. Predictors were recoded 

according to the categorical coding used in the final model and assigned integer weights across 11 

components. The maximum observed score was 19, although the scoring framework permits a 

theoretical maximum of 22 points. 

Scores of 0–3, 4–7, and ≥8 were used to describe low-, moderate-, and high-risk groups, 

respectively. The ≥8 value was treated as a classification threshold for descriptive performance 

assessment, not as a prespecified treatment threshold. Score discrimination, calibration, and 

decision-curve net benefit were assessed separately from the full regression model. 

At a score threshold of ≥8, sensitivity, specificity, positive predictive value, negative predictive 

value, accuracy, and balanced accuracy were calculated from the confusion matrix. These measures 

describe classification performance in the development dataset and are expected to vary with 

outcome prevalence. 

Decision-curve analysis was conducted using the dcurves package. A logistic model using total 

score as the predictor generated score-derived probabilities of poor response. Net benefit was 

evaluated across threshold probabilities and compared with the treat-all and treat-none strategies 

[34, 36, 37]. Decision-curve analysis was interpreted as an assessment of potential clinical 

usefulness rather than evidence of clinical effectiveness [34, 36, 37]. 

Results 

Socio-demographic characteristics   

The analytic dataset contained 630 children with severe pneumonia: 267 (42.4%) had poor response 

to treatment and 363 (57.6%) had good response. Median age was 12.0 months (IQR 16.0) overall, 

13.0 months (IQR 16.0) among children with good response, and 11.0 months (IQR 14.0) among 

those with poor response (p<0.001). Baseline demographic, clinical, laboratory, and treatment 

characteristics are presented in Table 1. Convergence and observed-versus-imputed density 

diagnostics were examined during the imputation process. 

Univariable associations  
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Exploratory analyses identified differences in several candidate predictors between outcome groups, 

including diarrhea, vomiting, vaccination status, cyanosis, mental status change, inability to feed, 

stridor, cough, oxygen saturation, and antibiotic treatment initiated at admission. These comparisons 

were used for model-building screening and should not be interpreted as independent prognostic 

effects. The categorical definitions used in the final model were complete versus incomplete 

vaccination; age 2–11, 12–23, 24–35, 36–47, and 48–59 months; low versus very low oxygen 

saturation; and vancomycin-containing, ceftriaxone-containing, and ampicillin-gentamicin-

containing antibiotic regimens at admission. 

Final model coefficients  

In the final model, incomplete vaccination was associated with higher odds of poor response 

(adjusted OR 3.79, 95% CI 2.45–5.96), very low oxygen saturation with approximately twice the 

odds (AOR 2.23, 95% CI 1.42–3.53), and age 12–23 months with approximately threefold higher 

odds than age 2–11 months (AOR 3.29, 95% CI 1.72–6.43). Ampicillin-gentamicin-containing 

treatment at admission was associated with higher odds than vancomycin-containing treatment 

(AOR 2.31, 95% CI 1.22–4.47). Other prominent associations were observed for increased WBC, 

diarrhea, cyanosis, vomiting, mental status change, inability to feed, and stridor. Cough remained in 

the model despite weaker evidence after adjustment (p=0.092), reflecting the model-selection 

process rather than an absence of clinical relevance. Complete adjusted model estimates are 

presented in Table 2. 

Predicted risk distribution and discrimination 

The final model generated predicted probabilities of poor response ranging from 0.008 to 0.999; the 

median was 0.364, the mean was 0.424, and the upper quartile was 0.743. The mean predicted 

probability matched the observed event proportion of 0.424, as expected in the development 

sample. The ROC curve showed an apparent AUC of 0.875 (95% CI 0.849–0.902), indicating good 

discrimination in the development dataset (Figure 1). This is an apparent performance estimate and 

may be optimistic. The corresponding Dxy was 0.737. 

Calibration 

The ten-group Hosmer–Lemeshow test yielded p=0.374. The calibration plot (Figure 2) showed 

generally close agreement between predicted and observed risks, with some local departures at 

intermediate and higher predicted probabilities. The supplementary table (Supplementary Table 3) 

provides predicted and observed event frequencies across ten groups of predicted risk. 
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Bootstrap validation 

After 1000 bootstrap resamples, the apparent Dxy of 0.737 was reduced by an optimism estimate of 

0.024 to a corrected Dxy of 0.713 (95% bootstrap interval 0.659–0.771), corresponding to an 

approximate corrected AUC of 0.857. Corrected R² was 0.471, the calibration intercept was −0.021, 

the calibration slope was 0.927, Emax was 0.038, and the Brier score was 0.153. Supplementary 

Table 4 summarizes the apparent, bootstrap training and test performance, estimated optimism, and 

optimism-corrected performance. 

Bootstrap calibration yielded a mean absolute error of 0.012, a mean squared error of 0.0002, and a 

90th-percentile absolute error of 0.027. The corresponding bootstrap-corrected calibration curve is 

shown in Figure 3. 

Simplified risk score 

The score ranged from 0 to 19 in the observed dataset. The most frequent scores were 4 (n=70), 6 

(n=72), 7 (n=63), 9 (n=67), and 5 (n=44); only one participant had a score of 19, and no participants 

had scores of 20–22 (Supplementary Table 5). 

The total score was calculated as: total score = 2×(ampicillin-gentamicin-containing treatment at 

admission) + 2×(stridor) + 2×(increased WBC) + 2×(very low oxygen saturation) + 3×(incomplete 

vaccination) + 2×(age 12–23 months) + 2×(cyanosis) + 1×(inability to feed) + 2×(mental status 

change) + 2×(vomiting) + 2×(diarrhea). 

Poor response increased from 7.7% in the low-risk group to 22.5% in the moderate-risk group and 

70.3% in the high-risk group. This gradient supports the score as a candidate stratification tool, but 

the observed risks are specific to this development cohort (Table 3). 

Score discrimination and comparison with the full model 

The simplified score had an AUC of 0.8235 (95% CI 0.791–0.856). The full model therefore had 

higher discrimination, with an AUC difference of approximately 0.052; the DeLong test indicated a 

statistically significant difference (p<0.001). Supplementary Figure 1 shows the ROC curve for the 

full model as the comparator, while Supplementary Figure 2 shows the ROC curve for the 

simplified score. 

The two-by-two classification matrix at the ≥8-point threshold is shown in Table 4; derived 

classification measures are provided in Supplementary Table 6. 

Classification performance at score ≥8
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At the ≥8-point classification threshold, 204 of 267 children with poor response were classified as 

high risk, and 86 of 363 children with good response were classified as high risk. Sensitivity was 

76.4%, specificity 76.3%, positive predictive value 70.3%, and negative predictive value 81.5%. 

Because these measures depend on outcome prevalence and the classification threshold was derived 

and assessed in the development sample, they should not be interpreted as transportable clinical 

performance estimates. 

Score calibration 

Bootstrap calibration of the score-derived probability model produced a mean absolute error of 

0.010, a mean squared error of 0.00018, and a 90th-percentile absolute error of 0.021. The 

corresponding bootstrap calibration curve for the simplified score-derived probabilities is shown in 

Figure 4. 

Decision curve analysis 

Decision-curve analysis of the score-derived probabilities (Figure 5) showed positive net benefit 

compared with the treat-none strategy across a broad range of threshold probabilities. The treat-all 

strategy was less favourable over much of the displayed range, while net benefit approached zero at 

high thresholds. This result indicates potential usefulness for risk stratification but does not 

demonstrate clinical effectiveness. 

Because the decision threshold and intended clinical action were not prespecified, the decision-

curve analysis is best interpreted as exploratory evidence of potential utility rather than proof of 

clinical effectiveness [34, 36, 37]. 

Discussion 

Among 630 children with severe pneumonia, 267 (42.4%) experienced poor response to treatment. 

The final multivariable model showed good apparent discrimination (AUC 0.875) and acceptable 

internal calibration. Bootstrap correction reduced Dxy from 0.737 to 0.713, corresponding to an 

approximate AUC of 0.857; the corrected calibration slope was 0.927 and the calibration intercept 

was −0.021. The simplified score retained moderate-to-good discrimination (AUC 0.823) but was 

less discriminative than the full model. 

The predictors retained in the final model are clinically plausible. Hypoxaemia and cyanosis reflect 

impaired oxygenation, while stridor, inability to feed, and altered mental status indicate severe 

physiological compromise. These features have been associated with adverse outcomes in pediatric 

pneumonia and support the clinical relevance of the model's predictor set [3-5, 13, 14]. Incomplete 
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vaccination was associated with higher odds of poor response (AOR 3.79, 95% CI 2.45–5.96), very 

low oxygen saturation with approximately twice the odds (AOR 2.23, 95% CI 1.42–3.53), and age 

12–23 months with approximately threefold higher odds than age 2–11 months (AOR 3.29, 95% CI 

1.72–6.43). Ampicillin-gentamicin-containing treatment at admission was associated with higher 

odds than vancomycin-containing treatment (AOR 2.31, 95% CI 1.22–4.47). 

Diarrhea and vomiting were also associated with poor response to treatment. These findings may 

reflect dehydration, systemic illness, or coexisting illness, but the observational design does not 

permit causal interpretation. The association with WBC may reflect systemic inflammation or 

disease severity; it should be interpreted as a prognostic association rather than as evidence of a 

mechanistic biomarker. 

The apparent AUC indicates good ranking performance within the development cohort, but it 

should not be considered sufficient evidence for implementation. Calibration was evaluated using 

several complementary measures: the corrected calibration slope was close to 1, the corrected 

intercept was close to 0, and the corrected Emax was 0.038. The optimism-corrected Brier score 

was 0.153. These findings indicate useful prognostic information with residual prediction error; 

calibration should be considered alongside discrimination when judging model performance [15, 16, 

33, 34]. 

Bootstrap resampling estimates the optimism introduced when a model is developed and evaluated 

in the same data and is generally more efficient than random sample splitting [19, 21, 35]. The 

relatively small reduction in discrimination after bootstrap correction is reassuring, but internal 

validation cannot establish transportability to other hospitals or populations [11, 30, 38, 39]. 

The model included 16 predictor parameters and 267 events (poor response to treatment). Sample-

size adequacy should not be judged by the traditional 10-events-per-variable heuristic alone. 

Modern guidance considers the number of predictor parameters, outcome prevalence, anticipated 

model performance, shrinkage, and precision [17, 40, 41]. The use of data-driven screening and 

AIC-based selection introduces additional model uncertainty that may not be fully captured by the 

reported bootstrap procedure [20-22, 35]. 

The simplified score provides a more accessible representation of the model but loses information 

through categorisation and integer weighting. Its AUC of 0.823 was lower than the full model's 

AUC of 0.875, and the difference was statistically significant. The score should therefore be 

regarded as a pragmatic secondary model rather than an equivalent substitute for the regression 

equation [20, 35]. 
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The score separated children into groups with markedly different observed event rates: 7.7%, 

22.5%, and 70.3% across the low-, moderate-, and high-risk groups, respectively. The ≥8 threshold 

produced balanced sensitivity and specificity of approximately 76% in this cohort. Because the 

threshold was derived and assessed in the same dataset, these estimates may be optimistic and will 

vary with outcome prevalence. 

Decision-curve analysis suggested positive net benefit for the score across a broad range of 

threshold probabilities. However, net benefit depends on the relative consequences of false-positive 

and false-negative decisions and on the clinical action triggered by a positive prediction [34, 36, 

37]. No prospective impact evaluation was performed; therefore, the analysis does not establish that 

using the score improves patient outcomes or resource allocation [38, 39]. 

The model should be interpreted in the context of existing pediatric pneumonia tools. RISC and 

RISC-Malawi have demonstrated useful discrimination in derivation settings, but external 

validation has shown attenuation of performance across populations [9, 10]. The Ethiopian model 

by Anteneh and colleagues addressed a similar composite outcome using different methods, study 

designs, and eligibility criteria and therefore provides context rather than a direct benchmark [12]. 

The present model's apparent AUC should not be compared numerically with those studies without 

accounting for differences in outcome definition, predictor availability, case mix, and validation 

design. The broader prediction-model literature also emphasizes the need for transparent reporting, 

appropriate validation, and assessment of transportability before implementation [15, 16, 38, 39, 42-

44]. 

The study has several strengths: a clearly defined analytic cohort of 630 children; explicit reporting 

of the full regression coefficients; pooled analysis across five imputed datasets; assessment of 

discrimination, calibration, and prediction error; bootstrap internal validation; and separate 

evaluation of a simplified score and its potential clinical utility. 

Important limitations include the single-centre source, absence of external validation, data-driven 

predictor screening and AIC-based model selection, categorisation of predictors, and reliance on a 

composite operational outcome. Although multiple imputation was used appropriately across five 

datasets, the model-selection strategy and categorisation of predictors can still limit transportability. 

External validation should therefore examine whether predictor effects and calibration are 

maintained in other hospitals and populations. The outcome is a composite operational measure of 

poor response and should not be interpreted as a mortality endpoint. 
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External validation in an independent cohort should be the next step, with evaluation of 

discrimination, the calibration intercept and slope, Brier score, and clinical utility. Contemporary 

guidance recommends assessing calibration-in-the-large and calibration slope, considering 

recalibration or model updating when transportability is imperfect, and conducting prospective 

impact assessment before implementation [38-44]. 

In conclusion, the model provides a reproducible estimate of poor response to treatment among 

children hospitalized with severe pneumonia and showed good apparent discrimination with limited 

optimism after bootstrap correction. The simplified score retained useful discrimination but was less 

accurate than the full model. The findings support external validation and prospective impact 

assessment rather than immediate clinical adoption. 

In conclusion, this 16-parameter logistic-regression model developed from 630 children showed 

good apparent discrimination and acceptable internal calibration for poor response to treatment. The 

11-component score retained useful discrimination and separated children into groups with 

substantially different observed event rates, although it performed less well than the full model. 

Considering the limitations, external validation is required before either model is used to guide 

clinical decisions. 
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Figure 1: ROC curve for the final prognostic model for poor treatment response status in 

children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia



Figure 2: Calibration plot for the final prognostic model for poor treatment response status in 

children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia 



Figure 3: Bootstrap-corrected calibration of the final prognostic model for poor treatment 

response status in children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre 

Birhan, Ethiopia 



Figure 4: Bootstrap calibration of the simplified score for poor treatment response status in 

children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia 



Figure 5: Decision-curve analysis of the simplified score for poor treatment response status in 

children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia 



Table1. Baseline characteristics of children with severe pneumonia by treatment-response 

status hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia

Characteristic 
Total  

N = 630

Good response 

N = 363

Poor response 

N = 267
P-value 

Age(months) 12.0 (16.0) 13.0 (16.0) 11.0 (14.0) <0.001

Antibiotic change <0.001

No 538.0 (85.4%) 346.0 (95.3%) 192.0 (71.9%)

Yes 92.0 (14.6%) 17.0 (4.7%) 75.0 (28.1%)

Analgesic 0.060

Yes 397.0 (63.0%) 240.0 (66.1%) 157.0 (58.8%)

No 233.0 (37.0%) 123.0 (33.9%) 110.0 (41.2%)

Neutrophil 55.7 (30.1) 56.7 (29.6) 54.4 (30.7) 0.7

Pulse rate (beats/min) 152.0 (29.0) 152.0 (30.0) 153.0 (28.0) 0.2

Stridor <0.001

No 364.0 (57.8%) 244.0 (67.2%) 120.0 (44.9%)

Yes 266.0 (42.2%) 119.0 (32.8%) 147.0 (55.1%)

Mental status change <0.001

No 441.0 (70.0%) 284.0 (78.2%) 157.0 (58.8%)

Yes 189.0 (30.0%) 79.0 (21.8%) 110.0 (41.2%)

Diarrhea <0.001

No 372.0 (59.0%) 268.0 (73.8%) 104.0 (39.0%)

Yes 258.0 (41.0%) 95.0 (26.2%) 163.0 (61.0%)

Antibiotics at admission <0.001

Vancomycin-containing 94.0 (14.9%) 63.0 (17.4%) 31.0 (11.6%)

Ceftriaxone-containing 259.0 (41.1%) 167.0 (46.0%) 92.0 (34.5%)

Ampicillin-gentamicin-

containing

277.0 (44.0%) 133.0 (36.6%) 144.0 (53.9%) 

WBC 10.6 (8.6) 9.6 (6.5) 12.6 (13.8) <0.001

Respiratory rate 56.0 (24.8) 54.0 (26.0) 58.0 (23.0) 0.054

Convulsions 0.3

No 521.0 (82.7%) 305.0 (84.0%) 216.0 (80.9%)

Yes 109.0 (17.3%) 58.0 (16.0%) 51.0 (19.1%)

Retractions 0.8

No 220.0 (34.9%) 128.0 (35.3%) 92.0 (34.5%)

Yes 410.0 (65.1%) 235.0 (64.7%) 175.0 (65.5%)

Vomiting <0.001

No 373.0 (59.2%) 251.0 (69.1%) 122.0 (45.7%)

Yes 257.0 (40.8%) 112.0 (30.9%) 145.0 (54.3%)

Sex 0.6

Female 255.0 (40.5%) 144.0 (39.7%) 111.0 (41.6%)

Male 375.0 (59.5%) 219.0 (60.3%) 156.0 (58.4%)

Length of stay (hours) 3.0 (3.0) 2.0 (1.1) 5.0 (3.0) <0.001

Hemoglobin 11.1 (2.6) 11.3 (2.2) 10.8 (3.0) 0.087

Oxygen saturation <0.001

Low (80–90%) 423.0 (67.1%) 275.0 (75.8%) 148.0 (55.4%)



Characteristic 
Total  

N = 630

Good response 

N = 363

Poor response 

N = 267
P-value 

Very low (<80%) 207.0 (32.9%) 88.0 (24.2%) 119.0 (44.6%)

Temperature (°C) 37.5 (1.5) 37.5 (1.5) 37.5 (1.5) 0.7

Lethargy 0.9

No 615.0 (97.6%) 354.0 (97.5%) 261.0 (97.8%)

Yes 15.0 (2.4%) 9.0 (2.5%) 6.0 (2.2%)

Cyanosis <0.001

No 475.0 (75.4%) 315.0 (86.8%) 160.0 (59.9%)

Yes 155.0 (24.6%) 48.0 (13.2%) 107.0 (40.1%)

Vaccination <0.001

Complete 408.0 (64.8%) 276.0 (76.0%) 132.0 (49.4%)

Incomplete 222.0 (35.2%) 87.0 (24.0%) 135.0 (50.6%)

Oxygen given (L/min) 0.008

0 92.0 (14.6%) 65.0 (17.9%) 27.0 (10.1%)

0.5 169.0 (26.8%) 104.0 (28.7%) 65.0 (24.3%)

1 323.0 (51.3%) 172.0 (47.4%) 151.0 (56.6%)

2 46.0 (7.3%) 22.0 (6.1%) 24.0 (9.0%)

Lymphocyte 37.9 (27.1) 36.9 (26.1) 39.2 (29.5) 0.6

Oxygen saturation 84.0 (10.0) 84.0 (7.0) 83.0 (13.0) 0.015

Grunting 0.6

No 227.0 (36.0%) 128.0 (35.3%) 99.0 (37.1%)

Yes 403.0 (64.0%) 235.0 (64.7%) 168.0 (62.9%)

Inability to feed <0.001

No 386.0 (61.3%) 256.0 (70.5%) 130.0 (48.7%)

Yes 244.0 (38.7%) 107.0 (29.5%) 137.0 (51.3%)

Cough <0.001

No 73.0 (11.6%) 57.0 (15.7%) 16.0 (6.0%)

Yes 557.0 (88.4%) 306.0 (84.3%) 251.0 (94.0%)

Age (months) <0.001

2-11 141.0 (22.4%) 89.0 (24.5%) 52.0 (19.5%)

12-23 131.0 (20.8%) 51.0 (14.0%) 80.0 (30.0%)

24-35 96.0 (15.2%) 62.0 (17.1%) 34.0 (12.7%)

36-47 88.0 (14.0%) 53.0 (14.6%) 35.0 (13.1%)

48–59 174.0 (27.6%) 108.0 (29.8%) 66.0 (24.7%)



Table2. Final pooled multivariable model for poor treatment response status in children with 

severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia

Predictor β Adjusted OR 95% CI P-value 

Antibiotics at admission, vancomycin-

containing  
- - - - 

Antibiotics at admission, ceftriaxone-

containing  
0.352 1.42 0.73–2.80 0.302 

Antibiotics at admission, ampicillin-

gentamicin-containing  
0.839 2.31 1.22–4.47 0.011 

Stridor, no - - - - 

Stridor, yes  0.820 2.27 1.48–3.51 <0.001 

Within normal range WBC - - - - 

Increase WBC  1.247 3.48 2.04–5.96 <0.001 

Cough, no - - - - 

Cough, yes  0.685 1.98 0.92–4.53 0.092 

Oxygen-saturation, low - - - - 

Oxygen-saturation, very low  0.804 2.23 1.42–3.53 <0.001 

Vaccination, complete - - - - 

Vaccination, incomplete  1.333 3.79 2.45–5.96 <0.001 

2–11 months  - - - - 

12–23 months  1.192 3.29 1.72–6.43 <0.001 

24–35 months  −0.024 0.98 0.48–2.00 0.948 

36–47 months  0.026 1.03 0.49–2.14 0.944 

48–59 months  0.098 1.10 0.60–2.03 0.753 

Cyanosis, no - - - - 

Cyanosis, yes  1.136 3.11 1.90–5.19 <0.001 

Inability to feed, no - - - - 

Inability to feed, yes  0.713 2.04 1.33–3.16 0.001 

Mental status change, no - - - - 

Mental status change, yes  0.784 2.19 1.37–3.53 0.001 

Vomiting, no - - - - 

Vomiting, yes  0.882 2.42 1.57–3.75 <0.001 

Diarrhea, no - - - - 

Diarrhea, yes  1.244 3.47 2.27–5.36 <0.001 



Table3. Treatment-response rates by simplified score risk group for treatment-response status in 

children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, Ethiopia

Risk group Score Total Good response  Poor response Poor response (%) 

Low 0–3 91 84 7 7.7% 

Moderate 4–7 249 193 56 22.5% 

High ≥8 290 86 204 70.3% 

Total 0–19 630 363 267 42.4% 



Table 4: Classification matrix for the simplified score at ≥8 points for treatment-response status 

in children with severe pneumonia hospitalized in Hakim Gizaw Hospital, Debre Birhan, 

Ethiopia

Score classification Good response  Poor response  

Predicted low risk 277 63 

Predicted high risk 86 204 
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