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A B S T R A C T   

Dengue, like other arboviruses with broad clinical spectra, can easily be misdiagnosed as other 
infectious diseases due to the overlap of signs and symptoms. During large outbreaks, severe 
dengue cases have the potential to overwhelm the health care system and understanding the 
burden of dengue hospitalizations is therefore important to better allocate medical care and 
public health resources. A machine learning model that used data from the Brazilian public 
healthcare system database and the National Institute of Meteorology (INMET) was developed to 
estimate potential misdiagnosed dengue hospitalizations in Brazil. The data was modeled into a 
hospitalization level linked dataset. Then, Random Forest, Logistic Regression and Support Vector 
Machine algorithms were assessed. The algorithms were trained by dividing the dataset in 
training/test set and performing a cross validation to select the best hyperparameters in each 
algorithm tested. The evaluation was done based on accuracy, precision, recall, F1 score, sensi
tivity, and specificity. 

The best model developed was Random Forest with an accuracy of 85% on the final reviewed 
test. This model shows that 3.4% (13,608) of all hospitalizations in the public healthcare system 
from 2014 to 2020 could have been dengue misdiagnosed as other diseases. The model was 
helpful in finding potentially misdiagnosed dengue and might be a useful tool to help public 
health decision makers in planning resource allocation.   

1. Introduction 

Dengue is a mosquito-borne viral illness caused by 4 serotypes that is clinically characterized by a wide spectrum of signs and 
symptoms ranging from a mild acute febrile illness to potentially fatal severe dengue [1]. Classic dengue fever is a self-limited acute 
febrile illness with sudden onset of fever that is accompanied by non-specific signs and symptoms [2]. However, approximately 1 in 20 
patients with dengue may progress to a severe, life-threatening disease owing to a variety of risk factors, including secondary exposure 
to a different serotype [3,4]. There is no specific treatment for dengue and case management relies mostly on supportive measures. 
Since confirmatory tests are not mandatory, clinical-epidemiological criteria can be used to guide treatment [5]. As a result, these tests 
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are frequently not promptly available, and a considerable proportion of hospitalized cases are not laboratory confirmed. According to 
the Pan American Health Organization (PAHO), only 43% of hospitalized cases of dengue had a confirmatory test in 2019 [6]. In 
addition, the emergence of other circulating febrile diseases with similar clinical manifestations in Brazil, such as chikungunya 
(CHIKV) and Zika (ZIKV), especially in the last decade, has become a potential source of misdiagnosis of dengue [7,8]. Misdiagnosis 
not only hinders epidemiological understanding of the burden of affected diseases but also may have a profound impact on patients’ 
outcomes by delaying dengue-specific supportive treatment and might increase lethality [4,9]. 

In Brazil, the majority of hospitalized dengue cases are treated by the Public Healthcare System (SUS), which provides care to 75% 
of the population [10]. As with any notifiable disease, dengue hospitalization should be reported in two databases: the National 
Notifiable Diseases Information System (SINAN) and the Hospital Information System (SIH). Both are managed by and stored at a large 
data system, the Department of Information Technology (DATASUS) and are publicly available at (https://datasus.saude.gov.br/). 
Although reporting is mandatory, both databases are known to lack sensitivity and completeness [7,11,12]. In addition, it is also likely 
that a significant proportion of hospitalizations in SIH may have been misdiagnosed as other diseases, especially because there is a 
considerable overlap of dengue clinical signs and symptoms with other infectious diseases [11]. 

The use of secondary data in health outcomes research is attractive as they represent a quick and less expensive way to conduct 
exploratory analyses of large volumes of information with population and geographic variability. As a result of increasing availability 
of data sources, the literature on the use of regression methods to evaluate multiple predictors in disease modeling [13,14] is 
mounting, and so is the search for approaches that incorporate new technologies. Machine learning (ML) is one such example, given its 
ability to analyze highly complex data without the constraints of the traditional modeling requirements. Most ML studies in dengue are 
done either in diagnostic, intervention or epidemic forecast [15]. Some studies focus on the early diagnosis of dengue using clinical, 
laboratory and demographic data [16], or the differentiation of dengue from other arboviruses [17]. For intervention, only few models 
have been developed; they focus on biological control [18], vaccination [19] and fumigation [20]. A literature review conducted in 
Latin America for dengue prediction using ML determined that many factors can act as predictors for dengue outbreak [21]. The most 
explored factor was climate data in different countries: Argentina [22], Brazil [15] and Colombia [23]. To our knowledge, ML has 
never been used to evaluate potential dengue hospitalizations misclassified in the public system. In this study, the aim was to use a ML 
model to predict the potential number of hospitalized cases reported in the SIH that could have been misdiagnosed cases of dengue. For 
this purpose, surveillance, hospitalization and climate data from large publicly available datasets were used. The model can be a useful 
tool to identify hospitalized patients with misdiagnosed dengue and help health care decision makers to better allocate resources. 

2. Methods 

2.1. Data sources and feature selection 

Data from three publicly available datasets were used to develop this ML model. SIH [24], SINAN and Meteorological Database 
from the National Institute of Meteorology (INMET) [25]. SIH is an administrative database for reimbursement purposes. Adminis
trative claims data are presented as procedure codes from billing records and include demographic information, procedures performed 
(type and number), costs of procedures, and other information. Procedure codes and reference names are available in SIGTAP, which is 

Fig. 1. Dengue probable cases (SINAN) and hospitalizations (SIH), Brazil, 2014–2020.  
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the database of standardized procedures approved within SUS [26]. Due to its administrative nature, SIH does not contain clinical data 
(e.g., signs and symptoms). Thus, cause of admission (as per International Classification of Diseases (ICD) code) and procedures 
performed during the hospitalization were used as predictor variables. Additionally, data related to patient’s age, municipality of 
hospitalization, hospitalization date, diagnosis at entry (ICD based), final diagnosis (ICD based), procedures prescribed and performed, 
and length of stay (days) were also extracted (Table S1). 

To build the model, a list of ICD-10 codes was created considering symptoms linked to dengue, as well as a list of procedures used 
for the management of dengue fever, based on the literature [8,17,27–31]. These lists were then validated by a group of dengue experts 
and are presented at Supplementary Material (Tables S1–S3). 

For dengue incidence and hospitalization events, SINAN and SIH databases were used. Finally, since dengue is a seasonal disease, 
with greater transmission in seasons with high temperatures and precipitation, INMET was assessed for information on the average 
precipitation from the entire country. The model considered the weekly average of rainfall and temperature around hospitalization 
dates. The final dataset generated by the model was also compared to that in SIH. 

2.2. Cohort generation 

Hospitalizations registered in DATASUS with the selected ICD-10 codes from January 2014 to December 2020 (based on hospital 
admission date) were included in the cohort. The study period was defined to cover the more recent dengue epidemics in Brazil (Fig. 1), 
as well as to cover the emergence of other febrile diseases circulating in Brazil in recent years. The data from the three different sources 
were merged in a consolidated dataset, grouping with counting, and summing of procedures and ICD codes (Fig. 2). No statistical 
approach was taken to handle missing data. The categorical variables were converted with One Hot Encoder and a missing data was 
represented by zero and no records were excluded from the analysis. 

2.3. Machine learning model 

All machine learning analyses were performed in Python (using numpy, pandas, pyspark, sklearn 0.24.2, matplotlib, datetime and 
imblearn 0.8). Following recent publications to predict hospitalizations for a specific disease [32,33], three different supervised al
gorithms (logistic regression, support vector machine, and random forest) were used, so the one with the best performance could be 
chosen. The first step of the ML approach was to separate a subset of 500 hospitalizations for further manual review and a “real world 
test”. Then, training was performed on the training input dataset with a train-to-test split ratio of 80:20 based on the Pareto principle 
and following guidance from the literature [34], using the aforementioned cohort with stratified approach. Each hospitalization was 
labeled as dengue (ICD-10 A90.0 or A91.0) or not dengue (any other selected ICD-10 code). A cross validation technique was per
formed using grid search with fivefold [35] and SMOTE oversampling [36] on minority only on the training set of the fold, to select the 
best hyperparameters and generate a tuned model for each algorithm tested (Step 2) (Fig. 3). The tuned models were trained on the 
training set (80%) and tested in the 20% holdout sample. The evaluation was done based on accuracy, precision, recall, F1 score, 
sensitivity, and specificity (Fig. 4). 

The random forest model was the algorithm with the best performance (as evaluated by the F1 score and by the trade of between 
sensitivity and specificity) and was carried forward for further final testing. The final model test was performed using the subset of all 
data separated at step 1 (test dataset with 0.1% of all hospitalizations in the study period) that was manually reviewed and labeled by 
two independent researchers who checked the hospitalization classifications according to dengue’s guidelines. 

An important point on this job was the use of the model to proceed with the analysis. The result of the classification of the model 
was used to create a new class defined as “Dengue-like” to be statistically evaluated. It represents those hospitalizations not diagnosed 
as dengue (neither A90 nor A91) but classified as dengue by the model and which also had at least one record of dengue treatment OR 
at least one mandatory test AND a complementary test (Table S4). In addition, to define dengue-like hospitalization. 

The year of hospitalization (years known to be epidemic for dengue: 2015, 2016, 2019) and the incidence of dengue for each 
analyzed year were observed, according to the epidemiological reports of the Ministry of Health (Fig. 1). 

Fig. 2. Flowchart of data acquisition for consolidated dataset and final dataset.  
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2.4. Data analysis 

The data analyses were performed after classification of the hospitalizations by the ML model using Python version 3.6.9. Cate
gorical variables (number and proportion of dengue-like hospitalizations) were described by simple and crossed contingency tabu
lation with frequencies and absolute percentages and stratified by year and age group. Dengue-like hospitalization rates were 
calculated by the number of hospitalizations classified as dengue-like per year divided per the total Brazilian population per year and 
multiplied by 100,000. The proportional rates of the model defined dengue-like cases to dengue cases and age-group distribution were 
compared by dividing events of dengue and dengue like cases by their respective totals to better describe how the model performed. 

3. Results and discussion 

In this study, we propose a predictive model based on machine learning techniques in identifying dengue-like cases from retro
spective data. Our approach provides a novel and efficient way to analyze large datasets, particularly in the context of infectious 
diseases where timely and accurate diagnosis is crucial. By leveraging a comprehensive set of features, including clinical and de
mographic data, we were able to build a predictive model. Our study used a ML model to predict the amount of potential misdiagnosed 
cases of dengue in the SIH database from 2014 to 2020 and found that as many as 3.4% of all hospitalizations reported could have been 
due to dengue. The final validated ML model showed a good performance in classifying dengue-like hospitalizations, predicting 99% of 
dengue hospitalizations and around 76% of not dengue hospitalizations with an accuracy of 85% (Fig. 4). To our knowledge, this is the 
first time that a ML model is used to assess potential dengue misdiagnosis in the Brazilian hospital setting. 

A total of 400,202 hospitalizations were predicted by the model in the SIH database for the selected ICD-10 codes from 2014 to 
2020 and are summarized in Table 1 (A). Of this total, the model classified 13,608 (3.4%) as dengue-like hospitalizations, 294,658 

Fig. 3. Step 1 and 2 for the machine learning approach.  

Fig. 4. Results from test model and results from final test validated model.  

C.Y. Santos et al.                                                                                                                                                                                                      



Heliyon 9 (2023) e16634

5

(73.6%) as dengue and 91,936 (23.0%) as not dengue hospitalizations. 
The model classification was also compared against the SIH data in Table 1 (B). From 2014 to 2020, 13,608 dengue-like hospi

talizations were identified by the model. Of these, 10,508 records were not in SIH, and 3,100 dengue hospitalizations in SIH were not 
classified as dengue by the model. The years with most cases missed by the model were 2015 and 2019 with 1,013 and 1,326 
respectively. In 2020, however, the model predicted 408 potential dengue cases in addition to the already predicted hospitalizations 
registered in SIH. 

Regarding diagnoses reported as the dengue-like hospitalizations, the most frequent ICD-10 codes found in the dengue-like hos
pitalizations were those related to febrile diseases, accounting for more than 80% of hospitalizations (Table S5). This finding was 
expected as similarities in the febrile course and manifestations of some infectious diseases may lead to clinical misdiagnosis. In 
addition, the uncertainty and pressure of a new infectious agent can introduce unconscious cognitive biases leading to diagnostic errors 
[37] and also reporting bias. This is particularly true in settings where confirmatory diagnostic tests are inaccessible and not crucial to 
guiding treatment. For example, Silva et al. [38] compared clinically diagnosed dengue following WHO 2009 guidelines with labo
ratory confirmed cases and found substantial variation in sensitivity, specificity, negative and positive predictive value. Most public 
health hospitals in Brazil lack diagnostic capabilities and notifiable diseases data rely heavily on clinical and syndromic approaches 
which have low specificity. Consequently, the introduction in 2014 and 2015 of CHIKV and ZIKV, two febrile diseases with similar 
clinical presentations and transmitted by the same vectors, may have resulted in an increased likelihood of misdiagnosis, which is 
further discussed in detail in the next paragraphs. 

Table 2 shows the frequency of the ICD-10 codes for dengue-like hospitalizations per year. 
The model classification showed an increasing trend of dengue-like hospitalizations in 2015 which peaks in 2016 while dengue 

hospitalizations reached a peak in 2015, followed by a decreasing trend from 2016 until 2019, when a large outbreak occurred in Brazil 
[39]. Although ICDs for Zika and chikungunya were excluded from the pool of potential dengue-like cases, these trends could well be 
depicting an overlap of these diseases that resulted in misdiagnosed cases for all three conditions. Indeed, a modeling exercise by 
Oidtman et al. [40] showed that there could have been a significant misdiagnosis of Zika from 2015 to 2017 in Brazil. In another study, 
Oliveira et al. [8] used a multivariate time series analysis to understand how dengue notified cases were impacted by the introduction 
and spread of chikungunya and Zika virus in Brazil and found that dengue was significantly impacted by Zika, and vice versa. Although 
mild cases may be clinically indistinguishable from dengue, severe Zika is most likely to present as a neurological disease such as 
Guillain Barre Syndrome, encephalitis or encephalomyelitis [41], which are rare manifestations of dengue. In the same line, while 
chikungunya is highly debilitating, it rarely requires hospitalization [42,43]. Therefore, it is reasonable to suppose that the high rate of 
dengue-like hospitalizations seen in 2015 and 2016 in the context of this triple epidemic was a result of the lack of accuracy of clinical 
diagnosis by health care professionals and could have been misdiagnosed cases dengue. This is in line with the findings of a large 
meta-analysis that showed a lack of diagnostic accuracy of World Health Organization (WHO) dengue clinical definitions, in particular 
with co-circulation of other febrile infectious diseases, such as COVID-19 [44]. 

Fig. 5 shows the hospitalization rates (per 100,000) as well as proportional rates of year distribution for dengue and dengue-like 
hospitalizations. Higher hospitalization rates were observed in 2015, 2016 and 2019 for dengue (42.04, 36.43 and 31.85 per 100,000 
hospitalizations, respectively). As for dengue-like hospitalizations, although the highest incidences were observed in 2016 and 2019 
(1.62 and 1.6 per 100,000 hospitalizations, respectively), the trend was maintained during 2017 and 2018 (1.37 and 1.25 per 100,000 
hospitalizations, respectively) (Fig. 5). The proportional contribution of years 2017 and 2018 were also high for dengue-like hospi
talizations when compared to dengue (Fig. 6). 

During these inter-epidemic years, the rate of dengue-like hospitalization was proportionally higher than that of dengue; these were 
years where the model may have proven a useful tool. Decreased dengue awareness due to low prevalence in these years may have led 

Table 1 
Total dengue and dengue-like hospitalizations according to the model (A) and comparison with the National Hospitalization Information System (B) 
from 2014 to 2020.   

Total 2014 2015 2016 2017 2018 2019 2020 

(A) Dengue and dengue-like hospitalizations according to the model 

Status of final model classification, N (%) 
Not dengue 91,936 

(23.0) 
9,044 
(19.6) 

11,141 
(13.3) 

12,772 
(16.6) 

12,267 
(36.4) 

12,570 
(39.0) 

14,678 
(20.4) 

19,464 
(34.9) 

Dengue [1] 294,658 
(73.6) 

36,391 
(78.9) 

71,093 
(85.0) 

61,396 
(79.8) 

19,167 
(56.9) 

17,649 
(54.7) 

54,504 
(75.8) 

34,458 
(61.8) 

Dengue-like [2] 13,608 (3.4) 690 (1.5) 1,384 (1.7) 2,728 (3.5) 2,226 (6.6) 2,041 (6.3) 2,737 (3.8) 1,802 (3.2) 
Total Dengue + Dengue Like [3] 308,266 37,081 72,477 64,124 21,393 19,690 57,241 36,260 
(B) Comparison with the National Hospitalization Information System (SIH) 
Total hospitalizations registered in 

SIH [4] 
297,758 36,809 72,106 61,646 19,467 17,850 55,830 34,050 

Difference from Model to SIH(3-4) 10,508 272 371 2,478 1,926 1,840 1,411 2,210 
SIH hospitalizations not captured by 

the model(4-1) 
3,100 418 1,013 250 300 201 1,326 0a 

The model classified 13,608 (3.4%) as dengue-like hospitalizations, 294,658 (73.6%) as dengue and 91,936 (23.0%) as not dengue hospitalizations. 
The predictive model correctly classified 99% of dengue hospitalizations, but it was considered a 100% prediction for the analyses. 

a All cases of dengue hospitalizations registered in SIH were potentially predicted by the model. 
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Table 2 
Frequency of the ICD-10 codes most presented as dengue-like hospitalization.   

2014 2015 2016 2017 2018 2019 2020 

A94 Arthropod-borne viral fever, unspecified n (%) 531 (45.6) 403 (23.1) 658 (19.9) 1086 
(34.1) 

836 (29.9) 1189 
(31.5) 

607 (26.2) 

A92.9 Mosquito-borne viral fever, unspecified 113 (9.7) 403 (23.1) 1141 
(34.6) 

856 (26.9) 811 (29.0) 1210 
(32.0) 

556 (24.0) 

A92.8 Other specified viral fevers transmitted by 
mosquitoes 

35 (3) 97 (5.6) 495 (15.0) 340 (10.7) 310 (11.1) 247 (6.5) 167 (7.2) 

B34.9 Unspecified viral infection 92 (7.9) 189 (10.8) 248 (7.5) 129 (4.0) 135 (4.8) 194 (5.1) 347 (15.0) 
A99 Unspecified viral hemorrhagic fevers 98 (8.4) 103 (5.9) 196 (5.9) 316 (9.9) 209 (7.5) 246 (6.5) 138 (6.0) 
K76.9 Liver disease, not otherwise specified 91 (7.8) 207 (11.8) 138 (4.2) 62 (1.9) 40 (1.4) 198 (5.2) 0 (0) 
Others 205 (17.6) 344 (19.7) 418 (12.7) 397 (12.5) 452 (16.2) 492 (13.0) 498 (21.5) 
Total 1165 

(100) 
1746 
(100) 

3294 (100) 3186 (100) 2793 
(100) 

3776 (100) 2313 
(100)  

Fig. 5. Annual rates per 100,000 for dengue and dengue-like hospitalizations.  

Fig. 6. Proportional rates of year distribution for dengue and dengue-like hospitalizations.  
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to underreporting of dengue and the model captured hospitalization cases that could have been dengue. Indeed, during non-epidemic 
times, dengue surveillance requires that a suspected case be confirmed by a laboratory test while in an epidemic, an epidemiological 
link is sufficient for a case to be reported [5]. This hypothesis could be tested in a validation study where a representative sample of 
dengue-like cases is confirmed through appropriate laboratory tests. 

In the following years (2019 and 2020), the shape of incidence curves for dengue and dengue-like hospitalizations were similar. The 
year of 2019 was marked by a large dengue outbreak in several Brazilian states. In the absence of competing causes of hospitalizations, 
it appears that misdiagnosis of dengue followed a similar pattern to that observed in 2016. Thus, it is possible that these could be true 
dengue cases that were misdiagnosed. Finally, in 2020, with a concomitant circulation of SARS-CoV2 and dengue, the model found 
more dengue-like cases in SIH than were reported. Although records with COVID-19 ICD codes were not considered to be classified as 
potentially dengue-like, it is not possible to distinguish the real contribution of COVID-19 to the misdiagnosis of dengue and vice-versa. 
Clinically, mild forms of dengue and COVID-19 share similarities, and although severe cases may differ, particularly on cough and 
dyspnea (more frequent among COVID-19 patients), there have been reports of coinfection and difficulties establishing differential 
diagnosis [45–47]. Since there was an increased awareness and tendency to over diagnose COVID-19, it is also possible that dengue 
cases were misdiagnosed as COVID-19. 

Regarding demographic characteristics, the ML model identified a high proportion of dengue-like hospitalizations in the 0–9 age- 
group suggesting that dengue may have been more misdiagnosed in younger patients (Fig. 7). Compared to dengue cases, proportional 
rates of younger age-groups were higher in dengue-like hospitalizations (5% vs 2%, 12% vs 5%, and 12% vs 9% for <1 year, 1–4 and 
5–9 age-groups, respectively). Children infected with dengue virus may develop influenza-like illness or atypical symptoms that are 
indistinguishable from other viral diseases resulting in misdiagnosis. However, seasonal patterns of influenza and other respiratory 
infections are usually distinct from dengue: while respiratory infections are common during the winter months, dengue cases occur 
mostly in the summer. Since in Brazil most dengue hospitalizations are typically reported in the age group of 20 to 49 years, our results 
suggest that dengue may be confounded with other viral diseases with similar clinical presentation and may have been misdiagnosed in 
children. It is generally accepted that adults have higher risk for severe dengue and frequency of hospitalization than children, partly 
due to the fact that subsequent infections by distinct DENV serotypes can result in severe forms of the disease. Thus, primary infection 
could be a protective factor against the severe forms of dengue in children [48,49]. However, as reported in the years of 2002 and 
2003, reintroduction of a serotype in a highly endemic area may shift this pattern towards younger age-groups [39]. The model 
indicated that dengue-like hospitalizations disproportionally impacted children between 1 and 4 years of age during 2014 and children 
between 1 and 9 years of age in 2019 as well. This pattern could be signaling the reintroduction of serotypes in young cohorts that have 
already been highly exposed to dengue and may be a helpful tool to alert public health decision makers. In addition, although less of a 
problem for hospital presentations, it is known that clinical case definitions for dengue used by surveillance guidelines lack sensitivity 
in younger patients [44]. 

Our study has limitations. First, as in any ML model, interpretation of some variables may be difficult as it is not specific to a given 
hospitalization but rather to a set of characteristics. The main goal of ML is to find a configuration that produces a model that is 
generalizable and able to perform in a satisfactory way when dealing with previously unseen new data. Second, the use of adminis
trative databases is subject to intrinsic problems, such as missing information and potential reporting biases. For example, there may be 
under- or over-coding of a given procedure due to financial incentives [50]. Finally, ML models are prone to overfitting. To deal with 
overfitting, our model has been built in a straight methodological framework, with checks for leaking data, cross validation on the 
training step, and testing on unseen and reviewed data. It is important to stress that some features here assessed, such as meteorological 
parameters and disease course, may evolve over time. Active monitoring and retraining of the model are key to maintaining its 
performance and validity. 

Further research is necessary to validate our results in real world scenarios. The review of hospitalization charts may help not only 
to validate our results, but also to highlight the determinants of misdiagnosis. The number of dengue hospitalizations and deaths has 
dramatically increased in Brazil and Latin America since 2005. In this context, continuous medical education programs are essential to 
assure adequate diagnosis and management of infectious diseases, especially dengue-like illnesses in endemic areas. 

4. Conclusion 

In conclusion, the ML model we developed using large publicly available datasets predicted that 3.4% of all hospitalizations re
ported could have been due to dengue and was particularly helpful finding potentially misdiagnosed dengue both in non-epidemic 
years and among children in the Brazilian public hospital system. Considering the study limitations, future research would be 
needed to confirm the utility of the model, by validating the data on a subset of laboratory confirmed dengue cases. Since misdiagnoses 
of infectious diseases are common, the adoption of similar models could be a useful tool for public health decision makers to better plan 
resources as well as to increase the sensitivity of the dengue and other infectious disease surveillance systems in Brazil. Finally, 
accurately understanding the incidence of dengue and other neglected tropical diseases is fundamental to determining the real burden 
and impact of these diseases and to supporting the necessary funding for disease prevention programs. 
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