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Abstract 

Introduction: Dengue fever is a re-emerging viral disease commonly occurring in tropical and subtropical areas. The clinical 

features and abnormal laboratory test results of dengue infection are similar to those of other febrile illnesses; hence, its 

accurate and timely diagnosis for providing appropriate treatment is difficult. Delayed diagnosis may be associated with 

inappropriate treatment and higher risk of death. Early and correct diagnosis can help improve case management and optimise 

the use of resources such as hospital staff, beds, and intensive care equipment. The goal of this study was to develop a 

predictive model to characterise dengue severity based on early clinical and laboratory indicators using data mining and 

statistical tools.  

Objective: To find out clinical Profile and laboratory indicators in children on admission based Predicting the severity of 

dengue fever.  

Methods: We retrieved data from a study of febrile illness in children in Dhaka Shishu (Children) Hospital, Dhaka, 

Bangladesh Of 325 febrile episodes recorded, 198 patients were confirmed to have dengue. A classification and regression tree 

(CART) was used to construct a predictive decision tree for severe dengue, while logistic regression analysis was used to 

independently quantify the significance of each parameter in the decision tree.  

Results: This study was 325 patient admissions during the study year, of which 251 (77.23%) met the inclusion criteria. 

Clinical manifestations of 198 patients with dengue infection, including 38 with severe disease. Of these, 74 (22.76%) were 

not enrolled, leaving 125 febrile episodes in 180 children, with 144 children having a single episode, 31 children having two 

episodes, one child having three episodes, and four children having four episodes. A decision tree algorithm using haematocrit, 

Glasgow Coma Score, urine protein, creatinine, and platelet count predicted severe dengue with a sensitivity, specificity, and 

accuracy of 60.5%, 65% and 64.1%, respectively.  

Conclusions: The decision tree we describe, using five simple clinical and laboratory indicators, can be used to predict severe 

cases of dengue among paediatric patients on admission. This algorithm is potentially useful for guiding a patient-monitoring 

plan and outpatient management of fever in resource-poor settings. 
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1. Introduction 

Dengue fever causes a high burden of disease and mortality 

across tropical and subtropical regions in Southeast Asia, 

Africa, the Western Pacific, and the Americas [1]. Dengue 

virus comprises four serotypes, DENV-1, DENV-2, DENV-

3, DENV-4 which are transmitted by Aedes aegypti 

mosquitoes [2–4]. An estimated 2.5 billion people worldwide 

are at risk of dengue. More than 50 million dengue 

infections are esti-mated to occur annually, of which 

approximately 500,000 result in hospital admissions for 

severe dengue in the form of dengue haemorrhagic fever 

(DHF) or dengue shock syndrome (DSS), principally among 

children [5]. Dengue infection is frequently confounded with 

other febrile illnesses (OFI), presenting with non-specific 

clin-ical symptoms and clinical features analogous to OFI. 

During the early stages of dengue, the presence of non-

specific febrile illness makes precise diagnosis strikingly 

difficult, resulting in inefficient treatment and possible 

increases in morbidity and mortality [2, 6]. Severe dengue 

fever, if not appropriately managed, may lead to rapid death, 

particularly in children [7, 8]. In addition, the lack of 

necessary laboratory facilities, particularly in remote, rural 

areas, may cause difficultly in discriminat-ing dengue 

infection from OFI [9]. Dengue is one of the most common 

vector-borne diseases in Southeast Asia, and one of the most 

important mosquito-borne viral dis-eases with an epidemic 

potential in the world [10]. Dengue was first included in 

Cambodia’s national surveillance programme in 1980. Since 

2000, between 10,000 and 40,000 dengue cases have been 

reported an-nually by the Dengue National Control Program 
[11], from a total population of approximately 13.5 million 

people [12]. The true incidence of the burden of disease in 

Cambodia remains under-reported due to difficulties in 

diagnosing dengue infection, especially in hospitals [13]. In 

this study, data from a cohort of children that were admitted 

with febrile illness to Angkor Hospital for Children, Siem 

Reap, Cambodia, during a one-year period were 

retrospectively analysed using a data mining approach. This 

approach used a classification and re-gression tree, or 

CART, which was first introduced by Breiman et al. [14] 
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This is a common tool used in data mining, which creates a 

model or algorithm that predicts the value of a target 

variable based on several input vari-ables. In our study, 

CART was constructed to predict the severity of dengue 

infection based on early clinical and laboratory indicators. 

The model was then evaluated against the final diagnoses. 

 

2. Objective 

a) To find out clinical Profile and laboratory indicators in 

children on admission based Predicting the severity of 

dengue fever. 

 

3. Methods 

We conducted a retrospective study of data derived from an 

investigation of febrile illness in children (“the fever study”) 

in Dhaka Shishu (Children) Hospital, Dhaka, Bangladesh. 

We retrieved data from a study of febrile illness in children 

in Dhaka Shishu (Children) Hospital, Dhaka, Bangladesh Of 

325 febrile episodes recorded, 198 patients were confirmed 

to have dengue. A classification and regression tree (CART) 

was used to construct a predictive decision tree for severe 

dengue, while logistic regression analysis was used to 

independently quantify the significance of each parameter in 

the decision tree. This is an in Dhaka Shishu (Children) 

Hospital, Dhaka, Bangladesh, which provides free, 

comprehensive healthcare to children aged less than 16 

years of age, and includes specialised medical and surgical 

in-patient and outpatient care. For the fever study, the 

inclusion criteria were age < 16 years, documented axillary 

temperature ≥ 38.0 °C within 48 h of admission, and 

informed consent by a parent or caregiver. Children who 

developed fever ≥ 48 h after admission or following surgery 

were excluded since they could be considered as having 

acquired a healthcare-associated infection [16, 17]. Integrated 

Management of Childhood Illness (IMCI) was used for the 

assessment and decision-making on whether to admit a 

patient to the hospital [18]. Data were collected on admission 

by clinicians using a specific case report form. Admission 

blood samples and, where possible, a convalescent serology 

sample taken on discharge, or seven days after admission, 

were taken for IgM antibody and NS1 antigen testing. All 

admitted patients were reviewed twice daily for eligibility 

and data collection quality. Data were collected between 

12th October 2017 and 12th October 2018 from patients 

who were admitted. Patients were classified as having 

dengue virus infec-tion if NS1 antigen was detected in their 

serum by ELISA, or if paired sera from acute and 

convalescent time points (≥7 days following the acute 

sample) showed rising or static anti-dengue IgM (and anti-

dengue IgM was greater than anti-Japanese encephalitis 

IgM) [15]. NS1 antigen and IgM antibody results were 

combined in a Boolean manner using AND/OR operators to 

ensure that the entire temporal spectrum of patient presenta-

tions during the acute phase of dengue infection were 

covered, with NS1 antigen present in the serum in the early 

phase of infection and dengue IgM antibodies usu-ally 

present after 2–5 days of infection [19]. The ratio of anti-

dengue to anti-JEV IgM levels was used to determine if the 

infection was dengue or Japanese encephalitis virus, whose 

antibodies often have some cross-reactivity when co-

circulating in the same area. Children less than 60 days old 

were not tested for dengue virus infection. All confirmed 

dengue cases were further categorised as either severe or 

non-severe dengue. From our litera-ture review we noted 

that, although the revised 2009 WHO classification was said 

to be an improvement on the 1997 WHO classification, 

there was still a need for training, dissemination of relevant 

information, and fur-ther research on the warning signs of 

severe dengue [20]. The classification was also considered by 

many to be too broad, requiring more specific definitions of 

the warning signs [21], that it increased the workload for 

health care personnel, and was not simple or user-friendly 

enough [22]. In our study we categorised dengue cases as 

severe based on a two–step process. The first step was to 

take into account all confirmed dengue cases with intensive 

care unit (ICU) admission, together with the 2009 WHO 

dengue classification. Secondly, two independent 

pediatricians’ assessments were considered to a) exclude 

any ICU-admitted cases that might not have had severe 

dengue as their primary diagnosis and b) to include any non-

ICU-admitted cases which may have actually presented with 

severe dengue but were not admitted for some reason, 

usually because of resource limitations. The presence of 

bleeding was not assessed other than by examining stool 

samples for blood. The case-by-case assessment and 

verification by the two clinicians was used as the reference 

for the predictive model. 

 

Data analysis and construction of a predictive model 

The demographics and clinical characteristics of severe and 

non-severe dengue cases were described using the mean ± 

standard deviation (SD) if the data were normally 

distributed, or by median and range otherwise. Compari-

sons between the two groups were performed using the 

Student’s t-test for continuous variables if the data were 

normally distributed, otherwise the Mann–Whitney U test 

was used. A chi-square test was used for categorical data. A 

p value < 0.05 was considered significant. A classifica-tion 

and regression tree (CART) was constructed for pre-dicting 

the severity of dengue cases based on their early clinical 

features and laboratory indicators on admission. The J48 

algorithm was used for generating decision trees because it 

is able to handle nominal, categorical and nu-merical data, 

as well as missing values. The loss matrix was specified to 

differently weight misdiagnoses. In this study we assigned 

five times greater weight to false negatives when compared 

with false positives, i.e. the cost of misdiagnosing a patient 

with severe dengue was five times greater than a non-severe 

case being misdiagnosed as severe. Pruning and tuning 

parameters were applied to optimise the predictive model by 

avoiding an over-complex tree, and thus increasing the 

model’s accuracy. The 10-fold cross-validation function 

provided by Weka was used to estimate the out-of-sample 

accuracy, given the constraint on data availability and 

avoiding the over-fitting issue. Put simply, it split the data 

set into ten parti-tions, nine of which were for training, with 

one partition for testing. The tree model was built on the 

training set, and applied to the testing set. To reduce 

variability, mul-tiple rounds of cross-validation were 

performed using dif-ferent partitions, and the validation 

results were combined over the rounds to estimate the 

model’s performance [23]. Once the final tree was obtained, 

the significance of each predictive factor was then 

quantified through multiple logistic regression with the 

‘enter’ method of selection (i.e. all variables were included 

in the model) and reported as an odds ratio (OR) and 95% 

confidence interval (95% CI). Descriptive analysis and 

multiple lo-gistic regression were performed using the 



International Journal of Medical and Health Research 

124 

Statistical Package for the Social Sciences (SPSS) software, 

version 13.0. 

 

Parameterisation 

Before data mining algorithms can be used, a target data set 

must be assembled and pre-processed, which in-volves 

cleaning, removing, grouping, and transforming the data. 

There were 24 variables originally available for the analysis. 

However, three variables were excluded from the analysis 

i.e. tourniquet test result was with more than 15% missing 

data points where as pulse rate and respiratory rate were 

age-dependent parameters. The latter ones were excluded 

from the analysis since they would not be practical to refer 

to if presented in the final model. For other variables with 

fewer than 15% missing values, the missing values were 

imputed using a one-by-one single imputation approach. 

The advantage of the imputation method over the tree-based 

mining al-gorithm within CART [24] is that it separates the 

miss-ing data problem from the prediction problem, 

allowing different predictive modelling methods to be 

applied to the imputed data set [25]. In our study, some 

missing values were imputed with a single value, including 

the mean value for some variables (number of days of fever, 

capillary refill time, Glasgow Coma Score, and urea result) 

and the median value for others (haematocrit, creatinine, 

ALT, respiratory rate of infant, urinary protein and RBC, 

and WBC, neutrophil, lymphocyte, and platelet counts). 

 

4. Results 

This study was 325 patient admissions during the study 

year, of which 251 (77.23%) met the inclusion criteria. 

Clinical manifestations of 198 patients with dengue 

infection, including 38 with severe disease. Of these, 74 

(22.76%) were not enrolled, leaving 125 febrile episodes in 

180 children, with 144 children having a single episode, 31 

children having two episodes, one child having three 

episodes, and four children hav-ing four episodes. The 

patients were mainly diagnosed as having lower respiratory 

tract infection (38.3%), undif-ferentiated fever (25.5%), or 

diarrhoeal disease (19.5%) [15]. Out of 180 enrolled children, 

there were 19 deaths, the causes of which were: clinical 

pneumonia with no organism/virus identified (12 cases, 

27.5%), dengue virus infection (eleven cases, including one 

with co-existent melioidosis, two with co-existent scrub 

typhus, and four with coexistent clinical pneumonia, 

15.9%), and melioidosis (four cases, 5.8%). 41 non-dengue 

episodes and 86 episodes with no samples available were 

excluded from this analysis. Further details can be found in 

the original report [15]. Out of 198 confirmed dengue 

episodes, 43 episodes required ICU admission, with 29 of 

those classified as severe dengue based on their clinical 

signs, supported by two independent clinical opinions. Nine 

additional severe dengue episodes were included from non-

ICU ad- missions, making a total of 38 episodes of severe 

dengue. There were eleven in-hospital deaths amongst all 

ICU- admitted patients with dengue virus infection, 

however dengue was the primary diagnosis in just five of 

these. Therefore, only these five cases were included in the 

severe dengue group. The flowchart of the study is shown in 

Fig. 1. The three most common features among patients 

with severe disease were ICU admission (76.3%), rapid 

respiratory rate (81.5%), and rapid pulse (65.7%). Severe 

dengue was more prevalent in children aged less than five 

years old. Vomiting and abdominal pain were significantly 

more common in the severe dengue group, as were rapid 

pulse and respiratory rate, increased capillary refill time, 

and low GCS. A significantly higher pro- portion of patients 

with severe dengue presented with a lower hematocrit, 

higher WBC and lymphocyte count, higher ALT level, 

together with the presence of urinary RBC (Table 2). The 

final decision tree algorithm included five clinical and 

laboratory parameters: hematocrit, GCS, urinary protein, 

creatinine, and platelet count. The sensitivity and specificity 

of the model were 60.5% and 65%, respectively (Fig. 2). 

The accuracy of the model was 64.1% where the clinical 

diagnosis was used as the reference value. The area under 

the receiver operating characteristic (ROC) curve for 

logistic regression was 0.616. The final decision tree was 

then restructured using logistic regression analysis to 

estimate the impact of each CART-selected variable as 

represented by the OR and 95% CI. Table 3 gives the 

estimated OR for each parameter selected by CART. Low 

hematocrit, low GCS, low platelet count, presence of urine 

protein, and high creatinine in- creased the probability of a 

diagnosis of severe dengue, with significant OR ranging 

from 1.47 to 13.73. This study did not specific-ally focus on 

children and included only female patients. The sensitivity 

and specificity achieved in its decision algorithm were 81% 

and 54%, respectively. 

 
Table 1: Clinical features and laboratory indicators of 38 severe 

dengue cases based on the 2009 WHO dengue classification. 
 

Factor N (%) 

ICU admission 29 (76.3) 

Average number of ICU days 4.6 days 

Vomiting 15 (39.4) 

Blood in stool (21) 

Rapid respiratory rate (81.5) 

Rapid pulse 25 (65.7) 

Liver enlargement 22 (57.8) 

Abdominal pain (23.6) 

Low WBC count 10 (26.3) 

High WBC count 13 (34.2) 

Low haematocrit 22 (57.8) 

High haematocrit (7.8) 

Low platelet count 12 (31.5) 

Low Glasgow Coma Scale (21) 

High urea (23.6) 

High creatinine 21 (55.2) 

ALT > 1000 (5.2) 

Urine protein > 100 (13.1) 

Urine red blood cells 12 (31.5) 

Death (13) 

 

Clinical features, including blood in the stool, liver 

enlargement, ICU admission, number of days in ICU, low or 

high hematocrit, low or high WBC count, high creatinine, 

high urea, low platelet count, rapid pulse, rapid respiratory 

rate, low Glasgow Coma Score (GCS), pleural effusion 

(only one case), abdominal pain, urinary protein, urinary 

RBC, and high ALT, were considered on a case-by-case 

basis when clinicians classified dengue as severe or non-

severe. The clinical features and laboratory indicators of the 

38 severe dengue cases are shown in Table 1. 
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Fig 1: The flowchart of the study. Boxes show the total number of patients enrolled in the study, reasons for exclusion from the analysis, 

model construction and evaluation. 
 

There were eleven in-hospital deaths amongst all ICU- 

admitted patients with dengue virus infection, however 

dengue was the primary diagnosis in just five of these. 

Therefore, only these five cases were included in the severe 

dengue group. The flowchart of the study is shown in Figure 

1. 

 
Table 2: Clinical manifestations of 198 patients with dengue infection, including 38 with severe disease. 

 

Variables Non-severe Severe p value 

 (n = 160) (n = 38)  

Demographics 

Male (n, %) 84 (52.5) 23 (60.5) 0.372 

Age: 28 days to 1 year (n, %) 40 (25.0) 16 (42.1)  

≥ 1 year to < 5 years 45 (28.1) 14 (36.8) 0.012 

≥ 5 years to < 16 years 75 (46.9) 8 (21.1)  

History/symptoms    

Number of days of fever 4.31 4.10 0.683 

Vomiting (n, %) 94 (58.7) 15 (39.4) 0.032 

Abdominal pain (n, %) 75 (46.8) 9 (23.6) 0.012 

Headache or retro-orbital pain (n, %) 63 (39.3) 8 (21) 0.101 

Clinical parameters 

Rash (n, %) 18 (11.2) 1 (2.6) 0.153 

Temperature (°C) 38.76 38.63 0.234 

Pulse/min 131.49 152.26 < 0.001 

Capillary refill time 2.03 2.24 0.001 

Respiratory rate 38.40 46.42 0.002 

Liver enlargement (n, %) 64 (40.0) 22 (57.8) 0.127 

Glasgow Coma Score 14.60 13.42 0.003 

Laboratory parameters 

Haematocrit (%) 32.56 28.84 0.004 

Platelets (per 103/μl) 267.87 294.16 0.477 

White blood cells (per103/μl) 9.46 14.25 0.006 

Neutrophils 5.64 8.01 0.46 

Lymphocytes 2.76 5.14 < 0.001 

Urea (mmol/L) 4.64 4.95 0.712 

Creatinine (μmol/l) 68.29 68.71 0.932 

Alanine transaminase, IU/l 78.99 177.08 0.002 

Urine protein mg/dL 12.34 24.13 0.088 

Urine red blood cells 2.84 10.32 0.009 
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Fig 2: Clinical decision tree to distinguish severe dengue from all 

cases of dengue (HCT = haematocrit, GCS = Glasgow Coma 

Score, PLT = platelets). 

 

Using a data mining approach, we have developed an 

algorithm using both simple clinical manifestations and 

laboratory indicators to predict the severity of dengue 

during the early phase of the illness. The final algorithm for 

predicting severe dengue (Figure 2) comprised six 

components in order of their significance.  

 
Table 3: Output from logistic regression using the decision tree 

algorithm to predict severe dengue infection. 
 

Variable OR 95% CI  p value 

  Lower Upper  

Haematocrit (> 28%) 1    

Haematocrit (≤ 28%) 7.114 3.000 16.869 < 0.001 

Glasgow Coma Score (> 11) 1    

Glasgow Coma Score (≤ 11) 13.731 3.460 54.501 < 0.001 

No urine protein 1    

Urine protein 1.832 0.777 4.319 0.167 

Creatinine (≤ 84 μmol/l) 1    

Creatinine (> 84 μmol/l) 1.471 0.509 4.247 0.476 

Platelets (> 146 × 103/μl) 1    

Platelets (≤ 146 × 103/μl) 2.334 0.946 5.763 0.066 

 

The parameters that were statistically associated with severe 

dengue were 1) low hematocrit (OR = 7.114, 95% CI 

=3.00–16.87, p < 0.001) and 2) low GCS (OR = 13.73, 95% 

CI = 3.46–54.50, p < 0.001). Although low platelet count 

(OR = 2.33, 95% CI = 0.95–5.76), presence of urine protein 

(OR = 1.83, 95% CI = 0.78–4.32) and increased serum 

creatinine (OR = 1.47, 95% CI = 0.51–4.25) were associated 

with an increased risk of severity, they were not shown to be 

statistically significant by regression analysis (Table 3). 

 

5. Discussion 

Using a data mining approach, we have developed an 

algorithm using both simple clinical manifestations and 

laboratory indicators to predict the severity of dengue 

during the early phase of the illness. The final algorithm for 

predicting severe dengue (Figure 2) comprised six 

components in order of their significance. The most 

significant factor in predicting severe dengue was low 

haematocrit, followed by a GCS of 11 or below as the 

second split if hematocrit was greater than 28, the pres-ence 

of urine protein and creatinine above 84 μmol/l as the third 

split if GCS was above 11, and finally a platelet count of 

146,000 per mm3 or less as the final split, if the presence of 

urine protein and creatinine was below 84 μmol/l. 

Comparing the algorithm we derived with those re-ported in 

previous studies, we found both similarities and differences. 

Potts et al. constructed decision algo-rithms for predicting 

dengue shock syndrome (DSS) or dengue with significant 

pleural effusion [26]. The algorithm achieved a high 

sensitivity of 97%. Both low hematocrit and platelet counts 

were also identified as predictive factors in their work, 

although the cut-off values used in our algorithm were more 

extreme, i.e. for haematocrit ≤ 28 vs. ≤ 40, and for platelet 

count ≤ 146,000 vs. ≤ 160,200. The mechanism by which 

thrombocyto-paenia is caused by dengue virus is complex 
[27]. Previous studies suggest that the virus probably 

contributes to bone marrow suppression and platelet 

destruction [28, 29]. To meet the WHO guidelines for 

classifying patients with DHF, thrombocytopaenia (platelet 

count ≤ 100,000) is re-quired. Srikiatkhachorn et al. 

demonstrated that thrombo-cytopaenia was related to 

dengue severity and that not all severe cases would have 

been classified as DHF according to the WHO criteria [30]. 

Although thrombocytopaenia suggests that dengue infection 

is severe, a low platelet count is also common among OFI 

such as malaria and scrub typhus [31]. The 1997 WHO 

definition of DHF stated that a low platelet count (≤ 

100,000), together with an increased haematocrit of ≥ 20% 

above the baseline value, is indicative of plasma leakage. In 

contrast, our re-sults and those of Potts et al. suggested a 

drop in haem-atocrit as a sign of severity, especially among 

patients with internal bleeding in areas such as the 

gastrointestinal tract [26]. Our results also suggested a more 

extreme haemato-crit value compared with the previous 

study (28% vs 40%) [27]. Although Potts et al. identified 

WBC count and monocyte percentage as important, our 

analysis did not identify monocyte results as significant 

even when in-cluded in the decision tree algorithm. In 

addition, Potts et al. evaluated predictors for DSS and 

dengue with significant pleural effusion, whereas in our 

study severe dengue was differentiated based on clinical 

features and laboratory indicators. Another recent study, by 

Tamibmaniam et al., used simple logistic regression and 

identified three parame-ters, including vomiting, pleural 

effusion, and low sys-tolic blood pressure, to predict severe 

dengue based on the 2009 WHO criteria [32]. This study did 

not specific-ally focus on children and included only female 

patients. The sensitivity and specificity achieved in its 

decision algorithm were 81% and 54%, respectively. Of the 

three parameters they identified, vomiting was the only par-

ameter available in our study, and although it initially 

appeared to be significant in the severe group, it was not 

selected for the final tree. Despite using a similar approach 

to predict somewhat similar outcomes to the aforementioned 

studies, we identified additional parameters that related to 

the sever-ity of dengue, including GCS, urine protein, and 

serum creatinine. There are a number of possible 

explanations for these differences, as outlined below. GCS 

is used to measure the level of consciousness (mental status 

changes) [33]. In our results, the node with GCS ≤ 11 

(considered to be moderate) in the model was significant. 

Rao et al. showed that patients with den-gue encephalitis 

had a GCS of 7–8 and recommended intubation and 

mechanical ventilator support during their hospitalization 
[34]. Previous studies in which urine protein was associated 

with DHF or DSS used the urine protein-to-creatinine ratio 
[35, 36], but we used only a urine dipstick for this measure. 

The presence of urine protein in severe dengue could be due 
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to plasma leakage. An increased serum creatinine level 

indicates kidney dysfunction. In patients with DHF, a mild 

increase in serum creatinine is common, in contrast to the 

higher levels seen in severe dengue cases. Our model 

showed that a serum creatinine level > 84 mmol/l (4.6 

mg/dl) was associated with severe dengue, a value similar to 

that found in Thai paediatric patients with DHF, whose 

mean serum creatinine was 4.9 mg/dl. That analysis also 

showed that 24 of 25 patients with acute kidney injury 

(AKI) had DSS as a final diagnosis. Of the 25 patients with 

DHF-associated AKI, 16 (64%) died as a result of profound 

shock, together with other conditions such as liver failure, 

respiratory failure, and severe bleeding [37]. Studies in adults 

have reported an AKI incidence of 14.2% among dengue 

patients, and those with AKI saw significant morbidity and 

mortality, longer hospital stays, and poor renal outcomes 
[38]. Early diagnosis of dengue infection, known clinical and 

laboratory characteristics and risk factors together with early 

detection of AKI using appropriate criteria [39], and 

monitoring for warn-ing signs of severe dengue, are 

essential if AKI and other complications are to be avoided 
[40]. Although the two sets of WHO criteria from 1997 and 

2009 are still debatable in terms of their ability to appro-

priately differentiate dengue from OFI and to classify 

disease severity [20-22, 41, 42], the problem is com-pounded by 

a lack of key data in resource-poor settings, making it 

difficult to apply the criteria. For instance, we lacked 

information on clinical bleeding sites, and were only able to 

detect gastrointestinal bleeding based on stool examinations. 

In addition, there was a lack of in-formation on blood 

pressure or narrow pulse pressure to indicate whether a 

patient was in shock [43], no data on restlessness suggestive 

of circulatory failure, and no chest X-ray results to evaluate 

pleural effusion or ab-dominal ultrasound to detect ascites, 

both of which are important for identifying plasma leakage. 

The 1997 and 2009 WHO dengue guidelines also include a 

tourniquet test as a diagnostic tool for dengue in the early 

febrile phrase. However, the tourniquet test has been shown 

to have low sensitivity for dengue diagnosis, such that a 

negative result does not exclude dengue infection [44–46]. The 

tourniquet test had not been performed for the ma-jority of 

patients in our data set and was thus not included in the 

analysis. Regarding the two approaches used in this study, 

CART versus the more conventional approach of logistic 

regres-sion, some points are worth mentioning here. Firstly, 

our main focus was on building the decision tree model 

from CART analysis. CART is non-parametric, and can ma-

nipulate numerical data which may be highly skewed, multi-

modal, ordinal or non-ordinal in structure. CART is not 

significantly impacted by outliers in the input vari-ables. 

The output of CART in the form of a decision tree is easy to 

follow and gives some visual information on the 

hierarchical importance of the variables from the top to the 

bottom of the tree, although calculating the im-portance 

matrices of the predictors in CART is not straightforward. 

In this study, therefore, we quantified the importance of 

each decision tree predictor via the odds ra-tio as calculated 

by logistic regression. Secondly, the ways in which the 

decision boundaries are generated in the two approaches are 

different. While the logistic regression generates a single 

boundary, a decision tree essentially partitions the data 

space into half-spaces using axis-aligned linear decision 

boundaries, giving a non-linear de-cision boundary. Either 

approach may be more applicable depending on the setting. 

Finally, the model’s accuracy was measured in different 

ways for each of the two ap-proaches. For the decision tree 

model, the out-of-sample accuracy was estimated via cross-

validation, i.e. the 10-fold cross-validation function in Weka 

allowed us to conveniently perform the cross-validation and 

directly re-port the model’s accuracy. For the logistic 

regression, however, the model’s accuracy was estimated 

from the classification table, which showed the number of 

observed against predicted outcomes, using a default cut-off 

value of 0.5 for the predicted probability. For all of the 

above reasons, it would have been difficult to compare the 

rela-tive merits of the two methods used in our study. There 

were several limitations with regard to the data-set used for 

this study. Firstly, the data came from just one hospital, a 

further indicator of the poor resources in the Southeast Asia 

region where dengue is endemic. Sec-ondly, due to the lack 

of IgG antibody results it was not possible to interpret 

whether cases were primary or sec-ondary dengue 

infections. This information could poten-tially be a useful 

early indicator for the severity of a dengue infection. 

Thirdly, the algorithm was derived from data collected 

within 48 h of admission among children aged less than 16 

years old. If the model were to be used for older patients or 

in different regions, some adjustments to it may be 

necessary. Although the cohort of 198 patients with 

confirmed dengue was relatively small, with an even smaller 

subset of just 38 severe dengue cases, the simple model we 

de-rived is still likely to be useful because it includes a 

small number of predictive variables that would probably be 

available in similar settings. In addition, a previous study by 

Carter et al. showed that the DENV rapid diagnostic test 

(RDT) had low sensitivity for the diagnosis of den-gue 

infection [47]. However, the development of diag-nostic tests 

for dengue has advanced rapidly. The NS1 test in particular 

has become widely available in many resource-limited 

settings. It is simple to use and has ac-ceptable accuracy. If 

rapid diagnosis of dengue using NS1 can be achieved, our 

algorithm would prove very useful. This also highlights the 

importance of children attending for testing as soon as 

dengue is suspected, be-cause NS1 detection is optimal 

during the first seven days of infection. The algorithm will 

become more rele-vant and useful as the rapid diagnosis of 

dengue be-comes more common. By using our simple 

algorithm to help identify and predict severe dengue, we 

believe that there would be more room to focus on other, 

more ser-ious bacterial diseases, which are all-too-common 

in these types of resource-poor settings. 

 

6. Conclusions 

Our call tree rule mistreatment straightforward clinical and 

laboratory indicators contains a moderate classification 

accuracy for predicting the event of severe break bone fever 

among pediatric patients with confirmed DENV infection. 

The model demonstrates the importance of hematocrit and 

blood platelet levels for observation the severity of dengue 

fever, as indicated by the WHO criteria and previous 

studies. Our rule offers straightforward indicators for 

severity, as well as hematocrit, GCS, excreta 

macromolecule, creatinine, and blood platelet count, all of 

that area unit measured on admission. This model is 

probably helpful for guiding inmate observation and patient 

management of fever cases. The model will need additional 

validation against alternative datasets from cohort studies 

conducted in an exceedingly style of settings, with the goal 
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of building a universal rule for guiding clinical management 

of severe dengue fever in resource-limited settings. 
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shock syndrome; 
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