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Abstract

Background. For individuals with dengue-like symptoms arriving at hospitals, early
detection of those likely to progress to—or not progress to—severe dengue can be of great

use.

Methods. We studied 237 Cambodian children hospitalised in Kampong Cham hospital with
dengue-like symptoms. Using dengue severity as primary endpoint, we ran univariate
analyses and built multivariate random forest classifiers to predict this endpoint using early

clinical and laboratory data.

Findings. In a random forest analysis using 56 available variables we obtained AUC = 0-94,
and for a sensitivity of 90%: specificity = 89%, positive predictive value (PPV) = 74%, and
negative predictive value (NPV) = 96%. Platelet count, HDL cholesterol, and ultrasound
pleural effusion and ascites were the four variables most associated with severe dengue
outcomes. A random forest on only these four variables gave AUC = 0-88, and for a

sensitivity of 90%: specificity = 82%, PPV = 64%, and NPV = 96%.

Interpretation. Future severe dengue with significant vascular leakage can be correctly
predicted at hospital arrival in a large majority of cases using multivariate random forests. In
addition to platelet count and ultrasound pleural effusion and ascites, HDL cholesterol level

on the day of admission is also a strong predictor of severe dengue.

Keywords: dengue fever, dengue severity, random forest algorithm, Cambodia
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Introduction

Dengue is an arboviral disease carried by mosquitos, leading to an estimated 390 million
infections per year, including around 20,000 deaths." Dengue is one disease entity with
different clinical presentations and often unpredictable clinical evolution and outcome.? No
specific therapies exist, and treatment essentially involves giving intravenous fluids and
acetaminophen. There is one licensed dengue vaccine, though with limited use and efficacy.>
— Dengue control relies on mosquito control strategies and social mobilisation campaigns,
which are not necessarily efficient or sustainable, and thus the dengue virus can re-emerge or

spread to uninfected areas.®’

Dengue is associated with a large range of symptoms, from mild to life-threatening. Mild
symptoms include headaches, retro-orbital pain, myalgia, arthralgia, rashes, and possibly
minor haemorrhagic events. Extreme symptoms include vascular and plasma leakage, which
often come with changes in haemostasis and thrombocytopenia.® If leakage is significant, it

can lead to severe dengue (SD), including life-endangering dengue shock syndrome (DSS).

When individuals arrive at a hospital or clinic with a range of dengue-like symptoms, these
clinical features do not always easily distinguish between severe and non-severe dengue
cases.? In addition, it is not possible to know at hospital arrival if individuals have been
previously exposed to the dengue virus, which would mean they possibly have a higher
chance of developing a severe form of dengue. The question then is: who should be
hospitalised and treated, and who can safely be sent home? The available literature suggests
that it is difficult to find clinical, laboratory, or transcriptomic variables that are sufficiently

predictive not to “miss” many individuals who later develop SD. Discrepancies between two
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different ways to define dengue severity: the WHO 1997 ° and WHO 2009 ? classification

criteria, have not helped.****

The WHO 1997 dengue case classification defines dengue fever (DF), dengue hemorrhagic
fever (DHF), and dengue shock syndrome (DSS). It was developed in 1975 based on studies
on Thai children in the 1950s and 1960s, then revised in 1997.° It looks for changes in
haematocrit of more than 20% (percentage of cellular compartment in whole blood), a platelet
count below 100x10%L, and signs of plasma leakage, e.g., ascites and pleural effusion, to
define DHF and DSS. However, it remains difficult to apply prospectively in terms of DHF
and DSS. Moreover, DHF criteria vary widely in frequency of occurrence. In reality, the
existence of a continuous spectrum of dengue disease rather than two separate disease entities
suggests that the WHO 1997 scheme acts as a longitudinal dengue-case classifier, using
prerequisite clinical and/or biological signs to move from one clinical phase (e.g., DF) to the
next (e.g., DHF).**! Also, it turns out to be overly stringent: some patients showing
symptoms of severe disease can be misclassified as non-severe cases if the rules are followed

exactly.***

The more recent WHO 2009 dengue classification scheme includes appropriate triage and
clinical management of patients, and considers that dengue is one disease entity with different
clinical presentations that evolves with unpredictable outcomes.?*® It encompasses dengue
without warning signs (DWoWS), dengue with warning signs (DWWS) requiring medical
care, and severe dengue (SD). Although WHO 2009 is well-adapted to clinical management
of dengue-hospitalised patients, the classification criteria are less strictly defined in it,
opening the way for arbitrary interpretation. For instance, the list of warning signs is rather

broad, ranging from subjective symptoms (such as abdominal pain or tenderness, persistent
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vomiting, lethargy, restlessness) and objective signs (mucosal bleeding, liver enlargement,
clinical fluid accumulation) to laboratory results (increase in haematocrit concurrent with
rapid decrease in platelet count), and due to the unpredictable possibility of evolution towards
severe dengue, this broadness can result in unnecessary admission of mild dengue cases. In

addition, even dengue patients without warning signs may develop severe dengue.’

Many groups have attempted to build models to predict future dengue severity, with mixed
results.X”** Among the more successful, Potts et al.”® used classification and regression trees
to predict DSS in Thai children, with high sensitivity (97%) but low specificity (48%) using
5-fold cross-validation under the WHO 1997 criteria. In contrast, Pang et al.?* used the WHO
2009 criteria, with data involving both clinical variables and RNA microarray and protein
assays. However, instead of trying to predict future SD, they aimed to predict whether
patients would develop DWWS or not. They obtained sensitivity and specificity respectively

of up to 83% and 84% on the original dataset, and up to 96% and 55% on a validation set.

Two recent articles provide more focused attempts to predict future SD cases using early
clinical data. First, Lee et al.?? used 85% of a retrospective cohort of 69 SD and 1184 non-SD
adult patients from Taiwan to build logistic regression models, which were then tested on the
remaining 15% of the cohort. The most significant variables, on which their models were
based, were: age>65, minor gastrointestinal bleeding, leukocytosis, and platelet count below
100x10%L. On the training set, they obtained an AUC (area under ROC curve) of 0.85 and
sensitivity and specificity of 70% and 91% respectively. On the test set, they had an AUC of
0.90 and sensitivity and specificity of 89% and 76% respectively. The large difference
between the training and testing results indicates possible problems in generalising the model

to new patients. Logistic models also can miss interesting interactions between variables



126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

which can be picked up by tree-based classifiers such as CART and random forest. As child
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and adult clinical manifestations of dengue fever are known to differ, one should also be

careful when comparing results between studies involving different age groups.

Second, Nguyen et al.'’

performed a prospective study on 7,563 Vietnamese children
presenting at outpatient clinics, of which 2,060 had lab-confirmed dengue and 117 reached
the WHO 2009 criterion for SD. Using multivariate logistic modeling on up to 16 pre-defined
variables, they discriminated between the 117 SD and the other 7,446 patients, obtaining an
AUC of 0-95, sensitivity and specificity of 87% and 88% respectively, and positive (PPV)
and negative (NPV) predictive values of 10% and 99-8%. Their final model included history

of vomiting, platelet count, aspartate aminotransferase (AST) level, and NS1 rapid test status.

In this study, we have investigated a cohort of Cambodian children hospitalised at Kampong
Cham City Provincial Hospital with clinical presentation of dengue-like symptoms during
2011-2012. Our goals were: (i) detect variables individually associated with SD including
significant vascular leakage, (ii) build a quality multivariate classifier to predict dengue
severity (as defined by the WHO 2009 criteria) using early clinical and laboratory data of
hospitalised dengue-suspected patients, and (iii) assess the performance of this predictive

model.

Methods

Data collection. Patients presenting at Kampong Cham City Provincial Hospital with dengue-
like illness during the two consecutive dengue epidemic seasons of June to October during
2011 and 2012 were enrolled. Inclusion criteria were children between 2 and 15 years old

who had fever or history of fever at presentation, and onset of at least two of the following
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symptoms within the previous 72 hours: headache, retro-orbital pain, muscle pain, joint pain,
rash, or any bleeding signs. Exclusion criteria were symptoms inconsistent with dengue,
obvious non-dengue acute infections (e.g., otitis media, pneumonia, meningitis), or a known
chronic illness. Briefly, for all included patients, the first visit was conducted shortly after
admission and whole blood was collected for confirming the dengue diagnosis and obtaining
biochemical and haematological parameters. The day of fever onset was defined as day 0 of
illness and clinical signs related to dengue disease were recorded according to the WHO 2009
classification. A clinical and biological follow-up was conducted during their hospitalisation
at defervescence and at discharge as described in Dussart et al.*® Ultrasonographic
examination of the abdomen was also systematically performed at the three time points to
identify any evidence of plasma leakage, severe dengue, or recovery. Finally, all dengue
patients were classified using an adapted WHO 2009 classification for SD case definition as

described in Dussart et al.®®

Dengue diagnosis and classification of dengue cases. The laboratory dengue diagnosis was

performed as previously described in Dussart et al.’®; see also Supplementary Methods S4

and further references.?’ ! We then placed patients into one of two groups according to these
diagnoses: dengue-infected patient or non-dengue patient, as shown in Supplementary Table
S1. Next, classification as SD or non-SD patient for acute or recent dengue cases was
performed according to an adapted WHO 2009 classification for SD criteria using clinical,
biological and ultrasound data recorded at admission, defervescence, and discharge as

1
.15

previously described in Dussart et al.”™ (Supplementary Methods S4). For the purposes of this

17

study, and as was done in a previous study,”” non-dengue patients and infected non-SD

patients were then combined to form the non-SD class.
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Variable filtering. We focused on variables of physiological interest including a large
number of clinical and laboratory variables from the original dataset at admission and basic
demographic variables; this gave 56 variables (Supplementary Table S2). Variables were
either continuous or binary categorical (mostly presence/absence of a given symptom).
Although the immune status (primary versus secondary dengue) may have an impact on the
course or outcome of the disease, as we were only working from clinical and biological data
available at hospital admission, we chose not to include this variable. Extremely rare cases of

missing data were imputed using mean imputation or linear regression.

Univariate statistical analysis. Univariate analyses were performed on each of the dataset’s
original 56 variables using Student's t-test for continuous variables and Fisher exact tests for

categorical variables (N=237).

Multivariate analysis: random forest. A random forest is a collection of standard
hierarchical decision trees. A forest’s prediction for a new patient is simply the average
prediction across all trees. Each tree in the forest is constructed exactly like a standard
decision tree is, on a training set, except that a random subset of the patients is used as the
training set to construct each tree, and furthermore the “best” variable at each split is not
chosen from all available variables, but from a random subset of them. This tends to create a
forest that outperforms a single decision tree in terms of prediction accuracy.** Since for each
tree a random subset of around one third of the patients is left-out when constructing it, these
patients can be used as a validation set for that specific tree. No supplementary validation set

is therefore required.
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In this article, we ran the random forest** algorithm using the randomForest package in R*
with 20,000 trees and otherwise default parameters on the full set of 56 variables. Unlike
logistic regression, no preselection of a small number of variables is required for stable
modeling, meaning that potentially important interactions between variables are not thrown
away before modeling begins. The trade-off is that detection of important variables remains
more intuitive when using logistic regression, though attempts have been made to improve

variable selection for random forests.*

Prediction. We built a random forest on the original dataset of 62 SD patients as previously
defined (Ref. 15) (labelled 1) and 175 febrile non-SD, of which 128 were eventually found to
be dengue and 47 non-dengue patients, both labelled 0. As dengue status at admission was
only suspected, it would be artificial to remove the a posteriori non-dengue patients when
building a SD prediction model at hospital admission. This same choice follows Nguyen et
al.'” In the same way, we did not excluded children at admission who had moderate or
abundant fluid on their first scan, but considered all clinical and biological signs observed at
the time of admission, regardless the final dengue status. The regression version of random
forest outputs a prediction between 0 and 1 for each of the randomly left-out patients of each
tree. The final prediction for each individual is then the average of these predictions over all
trees in which they were left-out. Our main results (specificity, positive and negative
predictive values) are reported with respect to a predefined sensitivity of 90%. The area under
the ROC curve (AUC) is also reported. We further report results when the sensitivity is set to

85% and 95%, as well as an overall sensitivity-specificity plot.

Results
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Univariate statistical analyses. Supplementary Table S2 presents demographic data and
shows that around one third of the variables were statistically significant at the 0.01 level. The
four most significant variables were ascites via ultrasound, pleural effusion via ultrasound,

HDL cholesterol, and platelet count (all p < 0.0001).

Multivariate model. Using the random forest algorithm with internal out-of-bag validation
on the full set of 56 variables (see Methods), we obtained: AUC = 0.94 (95%CI: [0.93, 0.95])
and for a sensitivity of 90%, the specificity was 89% (95%CI: [85, 91]) (Table 1). The PPV
was 74% (95%CI: [67, 79]) and the NPV was 96% (95%CI: [96, 96]). We also built and
tested a random forest on the model with the four most individually statistically significant

variables (Table 1).

Table 1. Predicting severe dengue using random forest modeling

AUC Sensitivity Specificity =~ PPV NPV

(ascites, pleural

effusion. 0.88 [0.88, 0.89] 90% 82% [78,84] 64% [60, 67] 96% [96, 96]

HDL, platelet
count)
multivariate

G VI g 0.94[0.93,0.95] 90% 89% [85,91] 74% [67,79] 96% [96, 96]

90% sensitivity)
multivariate

(56 variables, ULCY CRENVER) 85% 94% [89, 95] 84% [74,87] 95% [95, 95]

85% sensitivity)

multivariate
(56 variables, 0.94 [0.93, 0.95] 95% 59% [48, 76] 45% [39,58] 97% [97, 98]

(95% sensitivity)

multivariate
(56 variables, < 4 0.92 [0.90, 0.93] 90% 73% [68, 82] 46% [42,57] 97% [96, 97]

days)

10



238  Out-of-bag prediction results for three random forest models. AUC = area under ROC curve; PPV = positive
239 predictive value; NPV = negative predictive value. [a, b] corresponds to a 95% CI. Units: HDL cholesterol:
240  mmol/L; Platelets: 10%L. Best values are shown in bold.

241

242

243  To further compare univariate and multivariate prediction performances, we calculated and
244  plotted the sensitivity and specificity across all decision cut-offs between 0 and 1; see Fig. 1.
245

246
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251  Fig 1. Inter-model comparison of sensitivity vs specificity.
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Analysis of SD individuals using adapted WHO 2009 classification predicted non-SD.
Among the 62 SD patients in the Kampong Cham cohort, six were predicted non-SD by the
random forest model when the sensitivity was fixed at 90%. All six of these dengue-
confirmed patients were hospitalised between one and four days after onset of fever. All of
them developed significant vascular leakage (as defined by clinical and biological variables)
at defervescence and/or post-defervescence phases, characterised by detection of ascites and
moderate pleural effusion by ultrasound and signs of severe plasma leakage.? Demographic,
clinical and biological characteristics of these six SD patients with significant vascular
leakage at admission, defervescence and/or post-defervescence phases are presented in

Supplementary Table S3.

At most four days after fever. Recent studies have attempted to limit prediction of SD to
individuals arriving at clinics/hospitals at most three or four days after fever onset.*”?? To see
whether inclusion of patients arriving later than four days after fever onset had any influence
on our results, we ran a random forest algorithm on the subset of 194 individuals arriving at
most four days after fever onset from our own study; this included 40 SD and 154 non-SD.
The AUC dropped minimally to 0.92 while for a fixed sensitivity of 90%, the specificity fell

slightly to 73% (95%CI: [68, 82]).

Comparison with previous results. We performed a comparison of our model and results
with the state-of-the-art results in Nguyen et al.!” First, their reported sensitivity, specificity,
PPV and NPV results on their data were broadly similar to ours, despite involving a different
model, country (Vietnam), predictive variables, and ratio of SD to non-SD patients. Second,
we tested several scenarios using both our random forest and their (logistic) model on the

Cambodian data for various sets of variables (Table 2). The four variables selected by Nguyen

12



278 et al.'’ (history of vomiting, platelet count, AST level, and NS1 rapid test status) performed
279  acceptably on the data under both models, suggesting that these variables generalise to
280  entirely new data. Our four-variable set performed better on the Cambodian data (for both
281  random forests and logistic regression). It was interesting to note that the prediction results
282  using only platelet count for a univariate logistic regression on the Cambodian data were
283  essentially indistinguishable from the results for the four-variable model from Nguyen et al.*’
284  (Table 2), suggesting that perhaps most if not all of the predictive power in their model came
285  from platelet count alone. Note finally that the full 56-variable random forest strongly
286  outperformed all other models in predicting SD (Table 2).

287

Table 2. Model comparisons

13



4 N2017 RF 0.85 90% 63% 42% 95%

[0.84, 0.87] [55, 67] [41,50] [94,95]
4 N2017 logistic  0.87 90% 65% 48% 95%
[0.85, 0.87] [60, 67] [44,50] [95, 95]
Platelet logistic  0.86 90% 62% 46% 95%
[0.85, 0.86] [57, 64] [43,47] [94,95]
MR 4 B2021 RF 0.88 90% 82% 64% 96%
study [0.88, 0.89] [78, 84] [60, 67] [96, 96]
4 B2021 logistic ~ 0.90 90% 83% 65% 96%
[0.89, 0.91] [75, 84] [57,67] [96, 96]
Full B2021 RF 0.94 90% 89% 74% 96%
[0.93,0.95] [85, 91] [67,79] [96, 96]

290  AUC = area under ROC curve; PPV = positive predictive value; NPV = negative predictive value; RF = random
291  forest; 4 N2017 = the four variables from Nguyen et al.™": history of vomiting, platelet count, AST level, and
292 NS1 rapid test status; 4 B2021 = the four variables from the present study: ultrasound ascites, ultrasound pleural
293  effusion, HDL cholesterol level, and platelet count; full B2021 means the full 56-variable model from the

294 present study. [a, b] corresponds to a 95% CI. Best values are shown in bold.

295
296
297

298

299  Discussion
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We have proposed a random forest model that is very effective in predicting future SD using
an adapted WHO 2009 classification for SD case definition in Cambodian children at hospital

17,22 in

arrival. Our results are comparable and often better than those in recent previous studies
terms of AUC, sensitivity, specificity, and PPV and NPV. Furthermore, as Fig. 1 showed,
moving from univariate to four variables and then to a full multivariate model significantly
improved specificity for a fixed sensitivity (and vice versa) over a large range of sensitivities

(60% to 90%) and specificities (70% to 90%), demonstrating the distinct advantage of a full

multivariate random forest approach for predicting SD including significant vascular leakage.

There remain major complicating factors in dengue severity prediction. For instance, children
and adults are not necessarily affected by dengue in the same way and with the same
symptoms, making cross-comparisons between children and adults difficult. 2 2%3*% we do
not expect our results to necessarily generalise to adults. Further, it appears that the fraction of
patients at clinic or hospital arrival with dengue-like symptoms who eventually develop
severe dengue varies between countries, even in the same region, due to different virus

serotypes/genotypes, human genetics, and clinical management.

In our study, in addition to platelet count (note that below 100x10%L on day of admission
gave 85% sensitivity for 66% specificity), which has been used in both WHO dengue case
classifications, we identified three other highly univariately-significant prognostic markers:
HDL cholesterol level, pleural effusion, and ascites, the latter two detected by
ultrasonographic examination at admission. On their own, each performed fairly well for
certain sensitivity/specificity trade-offs, rather than for a wide range of them. Using the four

together to learn a random forest was better, though not as good as using all 56 variables. This

15
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suggests that there is a trade-off to be made between interpretability (simple model) and

predictive performance (full multivariate random forest model).

It has previously been noted that serial ultrasonography allows better identification of patients
at risk of developing severe dengue.*’ Furthermore, we have demonstrated here that
ultrasonographic examination at admission to detect extravascular fluid in lung and
abdominal cavities improved prediction with respect to platelet count alone. Considering the
affordable cost of mobile ultrasonogram units and their usefulness for other diseases, we
recommend that this non-invasive and inexpensive procedure be used routinely, not
exclusively in referral hospitals for overall assessment during the febrile phase, but in mid-
level healthcare facilities as well, which are responsible for emergency and ambulatory triage
assessment and treatment in endemic areas. Moreover, we suggest that the use of
ultrasonographic examinations and training should also be included in general guidelines for

dengue patient management.

Previous studies have shown a relationship between circulating lipids and dengue virus
infection. Indeed, lower levels of plasma and serum cholesterol in severe compared to less
severe dengue cases or healthy controls have been observed.**° Total cholesterol is
comprised of low-density lipoprotein (LDL) cholesterol, high-density lipoprotein (HDL)
cholesterol, and to a lesser extent very low-density lipoprotein (VLDL) cholesterol and
triglycerides. The assembly of NS1-HDL complexes triggers the production of pro-
inflammatory cytokines in human primary macrophages while NS1 protein in complex with
HDL and LDL particles was detected in the plasma of hospitalized dengue patients (Ref.).
However, the relationships between severe dengue and total, HDL, and LDL cholesterol,

respectively, remain unclear. In previous studies, total cholesterol and LDL cholesterol levels

16
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decreased over the course of illness and were generally lower with increasing dengue severity,
suggesting that LDL cholesterol levels might be more specific to dengue infection than HDL
ones.*** However, in this study, we have demonstrated that a low HDL cholesterol level,

15,38

which has been observed in previous studies, can indeed be used as a prognostic marker.

Furthermore, even though we did not measure the LDL cholesterol level directly in our cohort

(instead, we used the calculation method of Friedewald et al.*®

), this was indeed highly
significantly related to severe dengue also (Supplementary Table S2). Finally, we remark that
the role of lipid metabolism in the pathogenesis of dengue has also been identified in genetic

studies.”*** However, the underlying mechanisms involved still require further investigation.

One further important issue in dengue severity prediction is the desire for “early” prediction.
This is why more recent studies have focused on individuals arriving for treatment after at
most three or four days of fever.}”?> Though our study also included patients arriving later
than this, we showed that on those arriving early (at most four days after fever) the predictive
performance dropped only slightly. Note also that it is not realistic to expect that all patients
will come to a clinic/hospital after only one or two days of fever, and thus only focusing on

these patients may in fact add new biases to an analysis.

We also took a closer look at the six SD patients who were predicted to be non-SD by the
random forest algorithm, to see if we could gain any knowledge as to why. We found that five
of the individuals arrived at the hospital shortly after fever onset, and for all intents and
purposes had clinical and laboratory data that strongly resembled that of non-SD individuals
at early stages. The sixth patient was admitted later (day 5 after onset of fever) and presented
clinical and laboratory signs suggestive of SD with significant vascular leakage on admission.

Using an adapted WHO 2009 classification for SD case definition, this case therefore

17
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represents the border between ‘obviously SD’ and ‘not obviously SD’. Generally speaking, it
appears likely that some very-early dengue patients simply do not exhibit differences, in terms

of currently-used clinical and laboratory variables, from non-SD patients.

The search for other laboratory markers and/or transcriptional markers*® to complement or
replace clinical variable studies therefore remains an important goal, as does transferring our

prediction algorithm to practice for improving triage.
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