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Abstract. Diagnosing dengue in endemic areas remains problematic because of the low specificity of the symptoms
and lack of accurate diagnostic tests. This study aimed to develop and prospectively validate, under routine care, dengue
diagnostic clinical algorithms. The studywascarried out in twophases. First, diagnostic algorithmsweredeveloped using
a database of 1,130 dengue and 918 non-dengue patients, expert opinion, and literature review. Algorithms with > 70%
sensitivitywere prospectively validated in a single-group quasi-experimental trial with an adaptiveBayesian design. In the
first phase, the algorithms that were developed with the continuous Bayes formula and included leukocytes and platelet
counts, in addition to selected signs and symptoms, showed the highest sensitivities (> 80%). In the second phase, the
algorithms were applied on admission to 1,039 consecutive febrile subjects in three endemic areas in Colombia of whom
25 were laboratory-confirmed dengue, 307 non-dengue, 514 probable dengue, and 193 undetermined. Including pa-
rameters of the hemogramconsistently improved specificitywithout affecting sensitivity. In the final analysis, considering
only confirmed dengue and non-dengue cases, an algorithm with a sensitivity and specificity of 65.4% (95% credibility
interval 50–83) and40.1% (34.7–45.7)was identified. All tested algorithmshad likelihood ratios close to 1, andhence, they
are not useful to confirm or rule out dengue in endemic areas. The findings support the use of hemograms to aid dengue
diagnosis and highlight the challenges of clinical diagnosis of dengue.

INTRODUCTION

Dengue has a high impact on global health; it is endemic in
approximately 130 tropical andsubtropical countries. Anannual
occurrence of 390million infections caused by the dengue virus
has been estimated, with close to one million severe cases and
9,221 related deaths.1 This disease can constitute a public
health emergency at the international level because of its rapid
spread, the increase in the incidence, and the intensity of out-
breaks with high human and economic costs.2 However, its
diagnosis is difficult because of the unspecific nature of its
clinical manifestations, which makes it almost indistinguishable
fromother febrilediseases, and thecross reactivityofdiagnostic
tests due to the co-circulation of other flaviviruses such as
yellow fever, Japanese encephalitis virus, West Nile virus, and
Zika. Inaccurate or delayed detection of dengue cases is as-
sociated with subsequent increased severity and mortality.3–5

Currently, theWHOclassificationofdenguewithandwithout
warning signs and severe dengue is available in clinical prac-
tice.6 The diagnostic capability of this classification has been
evaluated in several retrospective and prospective studies
showing high sensitivity (87–95%) but very low specificity
(6–20%).7–11 The latter is partly explained by this classification
having been developed for prompt identification of dengue
complications and hence to inform treatment decisions but not
for differential diagnosis.12 Several technologies are available
for laboratory-based diagnosis of dengue; however, their
sensitivity is affected by host and viral factors (such as days of
fever, history of dengue, and viral serotype), and somemay not
be suitable for resource-limited settings.13 Reverse transcrip-
tion polymerase chain reaction (RT-PCR) can confirm dengue
in thefirst daysof fever, but it takesseveral hours toyield results

and requires specialized infrastructure. Enzyme-linked inmu-
nosorbent assay (ELISA) tests that detect nonstructural protein
1 (NS1) of the virus or specific immunoglobulins IgM and IgG
are less technically demanding than molecular methods, but
the results still take a couple of hours and require equipment
and highly trained personnel.14 Different point-of-care rapid
tests that detect NS1 and/or IgM and IgG are commercially
available, but they show variable sensitivities with up to 50%
false negative results.15–18 All these factors limit the availability
of accurate dengue laboratory diagnostic methods for use in
both the clinical and public health contexts.5

Until now, different clinical scores or algorithms have been
developed to diagnose dengue, but they have not completed
the established validation processes that allow their adoption
in routine medical practice.19–33 These clinical classification
tools have been developed by researchers from different en-
demic countries where the availability of information of the
affected population is an advantage. In addition, there exists
the technological capacity and human resources to develop
mHealth-type devices that facilitate the application of clinical
algorithms. Colombia has more than 752 municipalities with
endemic dengue transmission.34 Four dengue serotypes cir-
culate, and the country has been affected by Zika and chi-
kungunya epidemics. A network of dengue researchers
(AEDES Network) was established in 2008 to conduct clinical
and epidemiological studies and laboratory-based research
aiming to contribute to sustainable arbovirus control in
Colombia (http://www.redaedes.org). This is an appropriate
context to address the problem of diagnosis of dengue with
local research and development (R&D) capacities; therefore,
this study aimed to develop and prospectively validate in en-
demic areas dengue diagnostic clinical algorithms.

METHODS

Study design. The study was carried out in two phases. In
the first phase, diagnostic clinical dengue algorithms were
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developed using existing data. Algorithms with a sensitivity
> 70% in the first phase were considered suitable for
prospective validation during the second phase (Figure 1).
For the prospective validation, a quasi-experimental (non-
randomized) single-group trial was conducted.35–37 An
adaptive Bayesian design was used, which included in-
termediate analyses of the performance of the clinical algo-
rithms and adjustments of these algorithms. Decision rules to
either implement the planned adjustments or stop recruitment
were pre-established. Intermediate analyses were performed
to assess the sensitivity of each clinical algorithm, if it was
< 70%, the algorithm was adjusted. The adjustments to the
algorithms consisted in changing the variables and/or of their
cutoff values. The stopping criteria were to reach a sensitivity
of 95% and a specificity between 70% and 95%. These tar-
gets were based on an expected higher sensitivity of the
clinical algorithms than that of the 2009 WHO dengue classi-
fication and an expected range of false positives. As the al-
gorithms were under validation, they did not contribute to
management decisions on study participants.
Ethical approval. This study was conducted according to

the principles of the Declaration of Helsinki and the National
Ethical FrameworkResolution 8430 of 1993.38 It was reviewed
and approved by the Human Ethical Review Institutional
Committee of Universidad del Valle (No.144-016), Ethics
Committee in Scientific Research of Universidad Industrial de
Santander (No. 03989), and COMFANDI. Written informed
consent from adult patients, informed consent from parents,
and informed assent from children were obtained for all par-
ticipants during the second phase. The trial was registered in
ClinicalTrials.gov with number NCT04063774.
Development of diagnostic clinical algorithms. For the

development of clinical diagnostic algorithms, we used a
multicenter cohort database provided by the AEDES Network
in Colombia. This cohort study was conducted in healthcare
institutions in four dengue endemic areas in Colombia be-
tween 2003 and 2011. Briefly, it recruited individuals aged
between 5 and 86 years, with acute febrile syndrome of un-
knownorigin of less than 96 hours of onset, and followed them
until symptom resolution or death.39,40 Subjects were exam-
ined by dengue-trained physicians and underwent gold
standard dengue diagnostic tests performed at research vi-
rology labs in Colombia. These diagnostics included a com-
bination of in-house dengue IgM capture ELISA,41 Panbio
Dengue IgM and IgG capture assays (Panbio®, Standard Di-
agnostics, Inc.), in-house nested RT-PCR based on the pro-
tocol of Lanciotti et al.,42 ELISA test for the capture of the

antigen NS1 of dengue (Panbio, Standard Diagnostics, Inc.,
Suwon, South Korea), and the hemagglutination inhibition (HI)
test.43 A case of dengue was defined by seroconversion (from
negative to positive) or quadrupling the antibody titer in paired
sera, positive RT-PCR, positive NS1, or HI titers ³ 1:2,560. In
the database, 1,130 met these criteria and were classified as
dengue cases and the remaining 918 as non-dengue.
To identify key variables to be included in the diagnostic

algorithms, we reviewed scientific articles, elicited expert
opinions from Colombian clinicians and dengue scientists,
and conducted a bivariate analysis of the database. From this
initial step, 25 signs and symptoms were selected as in-
formative for theconstructionofdiagnostic algorithms.Similar
signs and symptoms were grouped into categories to reduce
the number of variables to a maximum of 12 considered as
manageable in practice. The presence of at least one sign or
symptom within each category indicative of dengue was
coded as 1 and the absence of all as 0. Conversely, in
the categories considered as indicative of non-dengue, the
absence of signs and symptoms was coded as 1 and the
presence as 0. Similarly, laboratory-based variables were
explored, from which leukocyte and platelet counts were se-
lected. Cutoff values for leukocyte and platelet counts were
defined by expert consultation and by receiver operating
characteristic (ROC) curve analysis. Dengue-related cutoff
values defined by experts were leukocytes £ 4,500/mm3 and
platelets £ 160,000/mm3, and values defined by ROC curve
analysis were leukocytes £ 4,200/mm3 (sensitivity: 75.5%;
specificity: 68.3%) and platelets £ 165,000/mm3 (sensitivity:
68.2%; specificity: 63.4%). Values less than or equal to the
established cutoff were coded as 1 and those above as 0.
Clinical algorithms were constructed using the Bayes for-

mula for both the discrete and continuous cases. Vectors of all
possible combinations of categories of signs and symptoms
were defined for all individuals in the database. Then, the
predictive probability of each vector was calculated using the
Bayes formula for events (discrete case), assuming condi-
tional independence,44–47 and for continuous random vari-
ables (continuous case). The leukocyte and platelet counts
were dichotomized using the defined cutoff values and then
the binary variables were incorporated into the calculation of
predictive probabilities, this time considering the sequential
nature of Bayes’ theorem.48 Nonparametric ROC curves and
Youden indexes were estimated with the predictive proba-
bilities for all vectors and used to identify the cutoff value for
each diagnostic algorithm that most accurately classified in-
dividuals as dengue or non-dengue.49 These cutoff values
were applied to all subjects in the database to classify themas
dengue or non-dengue, according to whether or not the cor-
responding predictive probability was at least as high as the
established cutoff value for each algorithm.
Prospective validation of diagnostic clinical algorithms.

The prospective validation of the diagnostic algorithms was
carried out between December 2016 and July 2018 in three
dengue endemic areas in Colombia; Cali is located in the
southwest of the country, whereas Yopal and Piedecuesta are
located in the east-central region. Individuals of all ages who
sought medical care because of fever of less than 15 days at
primary or secondary level (Cali and Piedecuesta), and tertiary
level (Yopal) of care institutions were included. Those in whom
the treating physician clearly identified the cause of fever were
excluded (e.g., urinary tract infection, skin infection, and

FIGURE 1. Study design for the development and prospective vali-
dation of dengue diagnostic clinical algorithms.
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pneumonia). Subjects were recruited consecutively on ad-
mission to the health services to reduce spectrum bias.
Trained study physicians examined all participants, registered
clinical variables, and applied the diagnostic algorithm to all
participants usinganapp installed in amobile devicedesigned
for this purpose (named “calculadora dengue” in Spanish or
“dengue calculator” in English). A maximum sample size of
2,000 subjects was estimated based on an expected 95%
sensitivity of diagnostic algorithms, 3% error, 95% CI, and
10% dengue prevalence.6,50 For the intermediate analyses,
the sample sizewasestimatedbymodelingBayesian effective
sample size scenarios.51 Five intermediate analyses were
performed with sample sizes of 177, 352, 530, 711, and 893,
respectively. The final analysis included 1,039 observations.
The adjustments consisted of dropping or adding clinical
variables and new cutoff values for leukocyte and platelet
counts according to the prior intermediate analysis or during
updated literature reviews. For hemogram results, mono-
cytosis (³1,000/mm3), lymphocyte/neutrophil ratio (³0.8), and
new cutoff values for leukocytes (£ 4,600/mm3) and platelets
(£ 186,000/mm3) were defined.
Laboratory analysis. Blood samples were drawn from

participants in the acute phase of disease after being exam-
ined by the study physicians (within 14 days of symptoms
onset) and during the convalescent phase of disease (14–
29 days after symptoms onset), and then sent refrigerated to
the virology laboratory at Universidad del Valle in Cali, where
dengue diagnostics were carried out by experienced per-
sonnel blinded to participants’ characteristics and clinical al-
gorithm results. Part of the acute-phase venous blood sample
was used for a complete hemogram test performed in au-
tomatized equipment in the corresponding healthcare in-
stitution. Dengue diagnosis was confirmed on the basis of one
or more of the following criteria: 1) positive result of RT-PCR
following an in-house method based on the protocol of
Lanciotti et al.,42 2) positive dengue NS1 ELISA (Panbio,
Standard Diagnostics, Inc.), or 3) seroconversion in dengue-
specific IgM (Panbio, Standard Diagnostics, Inc.) or IgG (Pan-
bio®, Standard Diagnostics, Inc.) antibodies from the acute
phase to convalescent phase. An individual with positive re-
sults of the IgM or IgG ELISA in both the acute and convales-
cent phases, or with positive results in the acute phase but
without convalescent phase results, was classified as a prob-
able case of dengue. An individual with negative results in all
the acute tests and without sample in the convalescent period
was considered as undetermined diagnosis. An individual with
negative results in all tests both at acute and convalescent
phases, or did not meet the aforementioned criteria was clas-
sified as non-dengue. Equivocal results were repeated once
and, if equivocal again, were not considered for the classifi-
cation of the case. Primary and secondary infections were
defined by a negative and positive IgG (Panbio Dengue IgG
Capture ELISA assay) in the acute sample, respectively.
Statistical analysis. A descriptive analysis of dengue and

non-dengue cases in both the cohort database and trial par-
ticipantswasperformed, followedbyabivariate analysis using
Fisher’s exact test52 for categorical variables and the Wil-
coxon rank sum test53 for continuous variables.During the first
phase (development of diagnostic algorithms), the Bayes
formula was applied44 in the discrete case using a dengue
prevalence of 10%,whereas in the continuous case, a uniform
(0,1) distribution of probability was used.46 For the calculation,

1,000 probability values were simulated, and the average
predictive probability for each vector was obtained. Because
of the relatively large sample size in the database, the reported
final sensitivities andspecificitieswith corresponding95%CIs
were estimated using the maximum likelihood method with
sensitivity = true positive (TP)/(TP + false negative [FN]) and
specificity = true negative (TN)/(TN + false positive [FP]) where
TP, FN, TN, and FP are numbers of true positives, false neg-
atives, true negatives, and false positives, respectively. Sub-
jects with laboratory-confirmed dengue in whom the clinical
diagnostic algorithm had a predictive probability greater or
equal than the estimated cutoff valuewere TPs and thosewith
probability less than the estimated cutoff value were FNs.
Subjects classified as non-dengue in whom the clinical di-
agnostic algorithm had a predictive probability greater or
equal than the estimated cutoff valuewere FPs and thosewith
probability less than the estimated cutoff value were TNs.
During the second phase, sensitivity and specificity were

estimated assuming that both were random variables with
uniform (0,1) distribution, and the posterior estimates were
used toobtain their corresponding 95%credible intervals. The
prior distributions of the algorithms were not updated to be
consistent with those obtained during the development stage.
The estimates were obtained with a custom web application
written using the R package “Shiny” in R (Rstudy, Boston,
MA).54 The script is available in an online R repository un-
der the name of “Bayesian classifier for discrete data using
the beta distribution (BetaBsClassifier).”55 These estimates of
sensitivity and specificity were used to calculate positive
predictive values (PPVs) andnegativepredictive values (NPVs)
and positive likelihood ratio (LR+) and negative likelihood ratio
(LR−) as follows: PPV = (prevalence × sensitivity)/(prevalence
× sensitivity + [1−specificity] × [1−prevalence]), NPV =
(1−prevalence) × specificity/([1−prevalence] × specificity) +
([1−sensitivity] ×prevalence]), LR+=sensitivity/(1−specificity),
LR− = (1−sensitivity)/specificity. The credible interval of each
performance measure was estimated from 1,000 draws from
its posterior distribution. For these calculations, indeterminate
diagnostic results and missing data were excluded. All other
analyses were performed in STATA 11 (StataCorp LLC, Col-
lege Station, TX) and R.56,57 For the algorithm with the
highest sensitivity, sources of heterogeneity potentially
influencing its sensitivity were explored. Such sources in-
cluded study location, age of participants (< 5, ³ 5 years old),
level of care (primary/secondary or tertiary), days of symp-
tomson inclusion (£3, 4–5,³6days), disease severity (severe
or non-severe dengue), dengue serotype (DENV-1 or 2), and
type of infection (primary or secondary).

RESULTS

Development of diagnostic clinical algorithms. In the
literature review and expert consultation, 23 signs and
symptoms related to dengue were identified: arthralgia,
headache, retroocular pain, myalgia, absence or presence of
diarrhea, abdominal pain, hepatomegaly, vomiting, edema,
chills, hyporexia, facial erythema, rash, hemorrhages, pete-
chiae, absence of jaundice, irritability, insomnia, drowsiness,
absence of rhinorrhea, absence of odynophagia, conjunctival
hyperemia, and absence of cough. In addition to these, pru-
ritus, altered consciousness, and any sign of bleeding (gin-
givorrhagia, epistaxis, hematemesis, and petechiae) were
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identified during analysis of the cohort database. Specifically,
the cohort database had 1,130 dengue and 918 non-dengue
cases, both with a median of 4 days of fever on admission. A
significantly higher proportion of skin rash, bleeding signs,
edema, hepatomegaly, and altered consciousness were
found in dengue than non-dengue cases. Likewise, statisti-
cally significant differences were found in the median of the
leukocyte and platelet counts, being both lower in the dengue
group. Conversely, median of age, headache, hyporexia, sore
throat, and rhinorrheaweremore frequent in non-dengue than
dengue cases (Table 1).
A total of 12 diagnostic algorithms were developed

(Supplemental Table 1) fromwhich, eight showed sensitivities
above 70%. Three algorithms which included leukocytes and
platelet counts and were developed using the continuous
Bayes formula showedsensitivities above80%.Thealgorithm
of eight categories of symptoms and cutoff values of
leukocytes £ 4,200/mm3 and platelets £ 165,000/mm3

reached the highest sensitivity (85.8%, 95% CI: 82.0, 89.5),
followed by the algorithm of 12 symptoms plus the same
cutoff values for leukocytes and platelets (81.3%, 95% CI:
78.3, 84.2). The latter also reached the highest specificity
(88.2%, 95% CI: 85.6, 90.7) (Table 2, Supplemental Table 2).
Prospective validation of diagnostic clinical algorithms.

From December 2016 to July 2018, a total of 1,039 febrile
subjects were included for the prospective validation of the
diagnostic algorithms, of whom25were laboratory-confirmed
dengue, 307 were classified as non-dengue, 514 as probable
dengue, and 193 as undetermined (Figure 2). Among con-
firmeddengue cases, therewere 12primary and13 secondary
infections; eight were dengue without warning signs, 12 with
warning signs, and five were severe. Dengue serotypes were
identified in 13 cases (eightDENV-1 and fiveDENV-2). The trial
ended because of the completion of the AEDES Network–
funded program.
Considering the332 laboratory-confirmeddengueandnon-

dengue cases, the majority (> 80%) were > 15 years old.
However, the dengue cases tended to have longer duration of
fever on admission (4 versus 2 days) and to attend higher level
facilities than non-dengue cases. Hyporexia, rash, signs of
bleeding, altered consciousness, conjunctival hyperemia,
leukocytes count £ 4,500/mm3, and platelet count £ 165,000/
mm3 were statistically significantly more frequent in dengue

cases. Retroocular pain, proximal arthralgias, and persistent
vomiting were also more frequent in the dengue group but did
not reach statistical significance. Only rhinorrhea and non-
colic abdominal pain were more frequent in the non-dengue
group but without statistically significant differences (Table 3).
The first intermediate analysis was performed when a total

of 177 participants were included of whom five were
laboratory-confirmed dengue, 35were non-dengue, 112were
probable, and 25 were undetermined. In this analysis, the
highest sensitivity and specificity were 43% and 84%, re-
spectively, with the algorithm that included 12 symptoms
(headache, chills, hyporexia, odynophagia, rash, pruritus,
vomiting, altered consciousness, edema, hepatomegaly, rhi-
norrhea, and bleeding signs) plus cutoff values of leukocytes
£ 4,200/mm3 and platelets £ 165,000/mm3, both by the dis-
crete and continuous Bayes formula (Table 4). Consequently,
the clinical algorithms were adjusted, and their performance
assessed in the next intermediate analyses. The adjustments
included modified cutoff values of leukocyte and platelet
counts and replacing symptoms (Supplemental Table 3).
During the subsequent intermediate analyses, likelihood ra-
tios were all close to 1, and the highest sensitivity (60.2%)was
observed with the algorithm that included 12 symptoms
(headache, chills, hyporexia, odynophagia, rash, pruritus,
vomiting, altered consciousness, rhinorrhea, bleeding signs,
arthralgia, and monocytes ³ 1,000/mm3), leukocyte count
£ 4,600/mm3, platelet count £ 186,000/mm3, and used the
continuous Bayes formula. However, the specificity decreased
to 37% (Table 4).
In the final analysis, the highest sensitivity (65.4%) and

specificity (43%)wasobservedwith the algorithmthat included
12 symptoms (headache, chills, hyporexia, odynophagia, rash,
pruritus, vomiting, altered consciousness, rhinorrhea, bleeding
signs, arthralgia, and lymphocytes/neutrophils ratio ³ 0.8),
plus cutoff values of leukocytes £ 4,600/mm3 and platelets
£ 186,000/mm3, and the continuous Bayes theorem. The high-
est specificity (65.2%) was observed with the algorithm that
included 12 symptoms (headache, chills, hyporexia, odyno-
phagia, rash, pruritus, vomiting, altered consciousness, edema,
hepatomegaly, rhinorrhea, and bleeding signs), plus cutoff val-
ues of leukocytes £ 4,600/mm3 and platelets £ 186,000/mm3,
and the continuous Bayes theorem; but its sensitivity
was 51.7%. In all cases, the likelihood ratios were close to 1

TABLE 1
Bivariate analyses of the cohort database used for the development of clinical diagnostic algorithms

Characteristics Dengue n = 1,130 Non-dengue n = 918 P-value

Median years of age (range) 16 (1–86) 18 (1–81) < 0.0001
Median days of fever (range) 4 (1–9) 4 (1–11) 1
Headache (%) 940 (83.2) 835 (91.0) < 0.0001
Chills (%) 935 (82.7) 811 (88.3) < 0.0001
Hyporexia (%) 602 (53.3) 634 (69.1) < 0.0001
Sore throat (%) 290 (25.7) 387 (42.2) < 0.0001
Rhinorrhea (%) 290 (25.7) 454 (49.5) < 0.0001
Skin rash (%) 406 (35.9) 229 (25.0) < 0.0001
Pruritus (%) 344 (30.4) 211 (23.0) < 0.0001
Vomiting (%) 490 (43.4) 298 (32.5) < 0.0001
Altered consciousness (%) 460 (40.7) 175 (19.1) < 0.0001
Palpebral edema (%) 227 (20.1) 99 (10.8) < 0.0001
Hepatomegaly (%) 174 (15.4) 68 (7.4) < 0.0001
Bleeding signs (%) 703 (62.2) 476 (51.8) < 0.0001
Median leukocytes/mm3 (range) 3,400 (1,100–45,400) 4,800 (1,500–17,000) < 0.0001
Median platelets/mm3 (range) 131,000 (11,500–734,000) 199,500 (22,000–474,000) < 0.0001
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(Table 4). When probable dengue cases were added to
laboratory-confirmed dengue cases (n = 539), sensitivity de-
creased for all algorithms, and the highest sensitivity (56.4%)
and specificity (40%) were observed with the algorithm that
included 12 symptoms plus cutoff values of leukocytes £ 4,600/
mm3 and platelets £ 186,000/mm3, named dengue calculator
AC12-Adj_12 (Table 5).
A higher sensitivity of the dengue calculator A12C-Adj_12

was observed in subjects included in Yopal; who attended a
tertiary level of care institution compared with primary/
secondary level; with ³ 6 days of fever on admission; < 5
years old; classified as severe cases; and with DENV-2 sero-
type infections (Table 6).

DISCUSSION

The diagnosis of dengue based solely on the patient�s signs
and symptoms is complex because of the wide spectrum of
clinical characteristics and their low specificity. R&D of den-
gue diagnostic clinical algorithms using locally available data
and resources could provide useful tools for routine care. This
study developed and field tested several dengue diagnostic
clinical algorithms, none of which reached the desired sensi-
tivity (95%) andspecificity (> 70%). Thehighest sensitivitywas
observed in algorithms that included parameters of the
hemogram, of which leukocyte and platelet counts were most
useful in both the development and validation stages (Tables 2
and 4). Leukocyte counts have been included in other di-
agnostic algorithms such as those reported by Acosta Torres
et al.28 (cutoff of 6,500/mm3), Kumar32 (7,950/mm3), Tanner
et al.27 (6,000/mm3), and Daumas et al.23 (7,500/mm3); as well
as platelet counts by Gregory et al.58 (204,000/mm3), Diaz
et al.19 (180,000/mm3), and Tanner et al.27 (193,000/mm3).
Other parameters, such as lymphocytes/neutrophils ratio
(³ 0.8) and monocytes (³ 1,000/mm3) could be further ex-
plored. Tanner et al.27 included lymphocyte count (> 0.58 ×
1,000 cells/mm3) reaching 71.2% sensitivity, and Cucuna-
wangsih et al.31 included relative monocytosis (> 9%) reaching
79%sensitivity. Thediscriminativecapacityof the lymphocytes/
neutrophils ratio and monocytosis could vary with days of
symptoms, given that the underlying parameters do so.59 These
findings support the use of the hemogram to improve

FIGURE 2. Study population selection and laboratory analyses in prospective validation. (In this study, Figure 2 was constructed considering
consolidated standards of reporting trials (CONSORT) and standards for reporting of diagnostic accuracy studies (STARD), because it was a clinical
trial of diagnostic tests. However, we want to highlight that there were several prototypes of clinical diagnostic algorithms of dengue under test and
not a single “index test.”)

TABLE 2
Performance of developed dengue clinical diagnostic algorithms in
the database cohort

Dengue calculator Sensitivity % (95% CI) Specificity % (95% CI)

A8C 72.2 (68.7, 75.6) 60.3 (54.9, 65.6)
A8C_Y 85.8 (82.0, 89.5) 52.0 (43.2, 60.7)
A8C_E 71.9 (67.2, 76.6) 69.5 (61.5, 77.5)
A12D_Y 76.0 (72.8, 79.3) 72.4 (68.8, 75.8)
A12D_E 74.5 (71.2, 77.8) 69.5 (65.9, 73.1)
A12C 75.7 (73.1, 78.2) 81.6 (79.0, 84.1)
A12C_Y 81.3 (78.3, 84.2) 88.2 (85.6, 90.7)
A12C_E 80.9 (77.9, 83.9) 86.0 (83.3, 88.7)
A8 = dengue calculator—eight categories of symptoms; A12 = dengue calculator—12

symptoms; D = discrete Bayes formula; C = continuous Bayes formula; E = leukocytes £
4,500/mm3 or platelets £ 160,000/mm3; Y = leukocytes £ 4,200/mm3 and platelets £
165,000/mm3.
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the accuracy of the clinical diagnosis made by physicians in
dengue-endemic areas.
Signs and symptoms such as mucosal bleeding and rash

were included in all algorithms as indicative of dengue. Almost
all the dengue diagnostic algorithms published to date have
also included hemorrhagic manifestations and rash with
sensitivities between 41% and 90%.21,22,25,30 In the pro-
spective validation, the highest sensitivity (65%) and speci-
ficity (43%) was observed with algorithms that included the
following variables as indicative of dengue: hyporexia, chills,
headache, arthralgia, itch, rash, vomiting, altered conscious-
ness, hemorrhagic manifestations, or retroocular pain, the
ratio of lymphocytes/neutrophils ³ 0.8, leukocytes £ 4,600/
mm3 or platelets £ 186,000/mm3, and as indicative of non-
dengue rhinorrhea. However, likelihood ratioswere all close to
1, and hence, these algorithms are useful neither to confirm
nor rule out dengue. As expected, the diagnostic performance
of clinical algorithmswashigher during thedevelopment stage
than the field validation. A relative high sensitivity is expected
when the same database is used to develop and assess the
performance of diagnostic algorithms. Conversely, a lower
value is expected when it is applied to a different population
and when the occurrence of other febrile diseases varies in
time.16,25 For example, the predictive probability of arthralgia
or rash as indicative of dengue could decrease in the presence
of chikungunya and Zika (which also manifest with varying
degrees of arthralgia or rash, respectively) among the

population included during the validation stage but not pre-
sent in the population during the development stage, sug-
gesting the need to keep clinical diagnostic algorithms
updated.
One important consideration in the development and vali-

dation of diagnostic clinical algorithms is the gold standard
used. Although we use a combination of dengue diagnostic
reference laboratory tests, it was not possible to confirm or
rule out dengue in all participants. Some limitations were un-
availability of sera samples in the convalescent phase in 18%
of the study population, and the acute sample being
collected ³ 5 days in 14%of participants which decreases the
sensitivity of RT-PCR and NS1. Moreover, secondary dengue
infections are difficult to confirm in endemic areas based on
currently available ELISA IgM and IgG diagnostic assays.60–62

Misclassification caused by adding probable cases to those
laboratory-confirmed is likely to explain the observed lower
sensitivities compared with those estimated with only
laboratory-confirmed dengue cases. Also, misclassification in
dengue laboratory-confirmed cases due to cross-reaction
with Zika-specific IgM and IgG could have occurred. Methods
that considered an imperfect reference test would be needed
to validate dengue diagnostic tools in routine care to over-
come this limitation.63 In the present study, the clinical algo-
rithms that achieved the highest accuracy were constructed
with the continuousBayesian formula. Others havedeveloped
dengue diagnostic clinical algorithms with Bayesian networks

TABLE 3
Clinical characteristics of confirmed dengue and non-dengue cases included in the prospective validation of diagnostic clinical algorithms

Characteristics Dengue, n = 25 (%) Non-dengue, n = 307 (%) P-value

Gender
Female 14 (56) 166 (54.1) 0.8
Male 11 (44) 141 (45.9)

Age (years)
< 5 4 (16) 27 (8.8) 0.2
5 and 15 0 25 (8.1)
> 15 21 (84) 255 (83.1)

Level of care
Primary/secondary 14 (56) 288 (93.8) 0.03
Tertiary 11 (44) 19 (6.2)
Median days of fever (range) 4 (1–10) 2 (1–13) < 0.0001

Signs and symptoms
Chills 22 (88) 265 (86.3) 1
Hyporexia 25 (100) 236 (76.9) 0.004
Headache 22 (88) 270 (87.9) 1
Retroocular pain 12 (48) 94 (30.6) 0.07
Myalgias 21 (84) 239 (77.8) 0.61
Proximal arthralgias 14 (56) 117 (38.1) 0.07
Persistent vomiting 3 (12) 11 (3.6) 0.08
Non-colic abdominal pain 9 (36) 159 (51.8) 0.13
Hepatomegaly 1 (4) 3 (1) 0.27
Skin rash 7 (28) 31 (10.1) 0.007
Pruritus 4 (16) 24 (7.8) 0.15
Rhinorrhea 10 (40) 180 (58.6) 0.07
Sore throat 11 (44) 152 (49.5) 0.6
Conjunctival hyperemia 11 (44) 70 (22.8) 0.02
Jaundice 0 1 (0.3) 1
Edema 0 2 (0.6) 1
Bleeding signs 8 (32) 37 (12) 0.005
Altered consciousness 8 (32) 46 (15) 0.03

Hemogram
Median leukocytes/mm3 (range) 7,000 (1,100–15,860) 7,180 (2,220–32,110) 0.3
Leukocytes £ 4,500/mm3 9 (36) 40 (13) 0.002
Median platelets/mm3 (range) 198,000 (29,000–414,000) 238,000 (49,000–668,000) < 0.0001
Platelets £ 165,000/mm3 11 (44) 42 (13.7) < 0.0001
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which reached 73% sensitivity64 and Bayesian naive systems
yielding sensitivities between 72% and 99%.65–67 Bayesian
approaches have the advantage that they reflect the “natural”
diagnostic process and quantify the associated uncertainty in
the diagnosis of dengue as a predictive probability. Precisely
to reflect real-life conditions, the prior probability of dengue in
the prospective validation was not fixed. Exploring sources of
heterogeneity in test performance complement the validation
of diagnostic tools. The dengue calculator showed relative
high sensitivities (³ 80%) in Yopal, in those attending tertiary
level of care, ³ 6 days of fever, children younger than 5 years,
severe cases, or DENV-2 infections. Hence, these potential
differences could suggest the need to develop and validate
diagnostic algorithms in targeted subgroups or asmodifiers in
the score or the posterior probability. We did not find other
studies that explore the heterogeneity of prospectively vali-
dated diagnostic algorithms, in spite of suggested differences
in dengue clinical presentations.68

Generally, diagnostic tests and other health products are
developed in high-income countries, and then transferred to
countries where the disease is endemic. This technology
transfer could result in performance and implementation de-
ficiencies and decreased effectiveness.69,70 Technologies
based on mHealth can be an alternative to support the di-
agnostic process in routine health care in resource-limited
settings.71 During the prospective validation stage, the clinical
algorithms were implemented in an app designed to be used
on mobile devices such as tablets or smartphones. In its de-
sign, physicians who were representative of potential users of
the technology contributed their knowledge on key charac-
teristics such as usability and appearance. The research
physicians who used the app considered it as adequate. One
advantage of the Bayesian adaptive design is that it allows
incorporating in the design a series of pre-established modi-
fications in different elements of a study to handle the

uncertainty typical of the R&D processes.72,73 This design
includes multiple interim analyses to have more informed
validationsusing theaccumulateddata and, hence, toperform
trials with relative smaller sample sizes in a shorter time.
Nevertheless, its implementationpresents challenges in terms
of the availability of infrastructure, resources, and logistical
support required for managing information in real time. In the
design of the present study, several biases were anticipated.
First, febrile subjects who attended health institutions of dif-
ferent levels of care were included to address extrapolation
bias. In spite of this, children appear to be underrepresented.
Toavoid verificationbias, both the algorithmand the reference
diagnostic tests were applied to all participants. Potential er-
rors in the confirmatory tests were reduced by performing an
independent blinded quality control by an expert in dengue
and Zika diagnosis. On the one hand, the current study has
some limitations such as not being able to perform the dif-
ferential diagnosis with other arboviruses or other infectious
diseases. There were 18%of participants who did not provide
the convalescent blood sample, so their dengue status could
not be determined. This occurred mainly in the most popu-
lated town, in children, and cases with mild symptoms or
those who resolved relatively early, reasons that presumably
reducedparticipants’ interest in contributing the convalescent
sample. On the other hand, some advantages were the exe-
cution of the study under real-life conditions in the post-
epidemic period of chikungunya and Zika, in children and
adults from different geographical contexts, in different levels
of care where dengue diagnostic clinical algorithms are
expected to be implemented. To build on this work, further
studies would include the development of clinical algorithms
that allow inclusionof newclinical data that becomesavailable
during patient follow-up and exploring the potential contri-
bution of the current diagnostic clinical algorithms to reduce
misclassification in the dengue surveillance system.

TABLE 5
Performance of diagnostic clinical algorithms during prospective validation including probable dengue cases as dengue.

Dengue
calculator

Measure of diagnostic performance

True
positive

False
negative

True
negative

False
positive

Sensitivity%
(95% CI)

Specificity %
(95% CI)

Positive predictive
value % (95% CI)

Negative predictive
value % (95% CI)

Positive likelihood
ratio (95% CI)

Negative likelihood
ratio (95% CI)

A12C-
Adj_1

170 369 200 107 31.6 (27.6, 35.2) 65.1 (59.3, 70.4) 61.4 (57.1, 66.2) 35.1 (32.6, 37.0) 0.9 (0.8, 1.1) 1.0 (0.9, 1.2)

A12C-
Adj_5*

287 246 129 171 53.8 (50.0, 58.0) 43.0 (37.3, 49.0) 62.7 (59.8, 65.8) 34.4 (31.0, 38.2) 0.9 (0.8, 1.1) 1.1 (0.9, 1.3)

A12C-
Adj_7

298 235 112 188 55.9 (51.7, 60.2) 37.4 (32.0, 42.7) 61.4 (58.8, 63.9) 32.3 (28.6, 35.9) 0.9 (0.8, 1.0) 1.2 (1.0, 1.4)

A12C-
Adj_9*

264 269 136 164 50.0 (45.2, 53.3) 45.3 (39.3, 51.0) 61.7 (58.3, 64.7) 33.6 (29.9, 36.7) 0.9 (0.8, 1.0) 1.1 (1.0, 1.3)

A12C-
Adj_
10*

265 268 135 165 50.0 (45.2, 54.3) 45.0 (39.3, 51.0) 61.6 (58.4, 65.2) 33.5 (30.0, 37.2) 0.9 (0.8, 1.0) 1.1 (0.9, 1.3)

A12C-
Adj_
11*

263 270 135 165 49.4 (45.2, 53.6) 45.0 (39.3, 51.0) 61.5 (58.1, 64.7) 33.4 (29.8, 36.8) 0.9 (0.8, 1.0) 1.1 (1.0, 1.3)

A12C-
Adj_
12*

301 232 120 180 56.4 (52.5, 60.4) 40.0 (34.7, 45.7) 62.6 (59.8, 65.2) 34.1 (30.4, 37.7) 0.9 (0.8, 1.0) 1.1 (0.9, 1.3)

A12C=denguecalculator—12symptomsbasedonBayes formula continues;Adj_1= leukocytes£4,600/mm3andplatelets£186,000/mm3;Adj_5= replaceedemabyarthralgias+hepatomegaly
by lymphocytes/neutrophils ratio ³ 0.8 + leukocytes £ 4,600/mm3 and platelets £ 186,000/mm3; Adj_7 = replace edema by arthralgias + hepatomegaly bymonocytes ³ 1,000/mm3 + leukocytes £ 4,600/mm3

andplatelets£ 186,000/mm3;Adj_9= replace edemaby arthralgias +hepatomegaly by lymphocytes/neutrophils ratio ³ 0.8+replace sore throat by retroocular pain +change rhinorrheaby absence rhinorrhea+
leukocytes£4,600/mm3andplatelets£186,000/mm3;Adj_10=replaceedemabyarthralgias+hepatomegalyby lymphocytes/neutrophils ratio³0.8+replacesore throatby retroocularpain+change rhinorrhea
by absence rhinorrhea + leukocytes £ 4,600/mm3 or platelets £ 186,000/mm3; Adj_11 = replace edemaby arthralgias +hepatomegaly by lymphocytes/neutrophils ratio ³ 0.8 + replace sore throat by retroocular
pain+ leukocytes£ 4,600/mm3andplatelets£ 186,000/mm3;Adj_12= replaceedemabyarthralgias+hepatomegalyby lymphocytes/neutrophils ratio³ 0.8+replacesore throatby retroocularpain+leukocytes
£ 4,600/mm3 and platelets £ 186,000/mm3; CI = credible interval.
* One confirmed dengue and seven non-dengue cases had missing lymphocyte count data.
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