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Abstract
There is an ongoing Oropouche Fever (OF) outbreak in Brazil since 2024. There are dengue and chikungunya prediction models available, but
none to help discriminate dengue, chikungunya, and OF. 

Objective:This study aims to develop and validate clinical prediction models for dengue, chikungunya, OF. 

Methods: This study uses surveillance data from Espírito Santo state / Brazil, from 2023-2025. Epidemiological investigations and biological
samples were used to conclude cases as either (a) clinical-epidemiologically confirmed, (b) laboratory confirmed, or (c) “discarded”. The
predictors were all data related to signs, symptoms, and comorbidities available in the notification forms. The analysis was performed using
random forest regression models, one for each outcome, in development and validation datasets. 

Results: A total of 465,280 observations were analyzed, 261,691 dengue cases (56.6%), 18,676 chikungunya cases (4.0%), 12,174 OF cases
(2.6%), and 179,115 discarded cases (38.6%). All three models had good discrimination and moderate to good calibration after scaling prediction.
The models retained from 26 to 16 predictors each. Leukopenia and vomiting were the most discriminatory predictors for dengue, arthritis,
arthralgia, and rash were the most discriminatory for chikungunya, and epidemiological features were the most relevant for OF. The dengue,
chikungunya, and OF models had ROC AUC of 0.726, 0.851, and 0.896 in the validation set, respectively. 

Conclusion: This research identified predictors most discriminative between dengue, chikungunya, and OF. We developed and validated predictive
models, one for each condition, with moderate to very good performance available at https://pedrobrasil.shinyapps.io/INDWELL/. One may use
them in diagnostic work-up and arbovirus surveillance.

LAY SUMMARY
Dengue fever was by far the most common confirmed infection in the surveillance system (56.6%), followed by chikungunya cases (4.0%),
oropouche cases (2.6%), zika cases (0.2%), with different seasonality. 

Although suspected dengue cases were more laboratory tested, laboratory confirmation was more frequent among oropouche fever cases. It
was possible to develop and validate models for dengue, chikungunya, and oropouche diagnostic investigation, and their performance was
from moderate to very good, with suggested decision limits to aid the users. All attempts to develop Zika models returned models with
unacceptable performance.

We developed an instrument to predict the three conditions with the same predictors and made it available for users at
https://pedrobrasil.shinyapps.io/INDWELL/. 

INTRODUCTION
Oropouche fever (OF) has become a major arboviral disease in Brazil, expanding from its Amazon origin to multiple states since 2024. [1, 2] Over
13,000 cases were confirmed in 2024, making Brazil the leading country for OF infections in the Americas [2]. The spread is linked to climate
variability, deforestation, and urbanization, which promote vector adaptation and viral transmission to new areas [3, 4]. Though common in
northern Brazil, OROV's recent presence in Espírito Santo (southeast) marks a new epidemiological scenario. Initially, due to the absence of
dedicated protocols, OF was inserted into arbovirus control efforts [5–7]

Dengue presents with a heterogeneous symptom spectrum, usually with fever (> 95% of the cases), headache and retro-orbital pain are more
common among adults than children, myalgia (67.5%), arthralgia (typically less severe than in chikungunya), rash (20.5%), thrombocytopenia
(61.4%), and leucopenia [8–11]. Chikungunya is primarily suspected with joint involvement [12, 13], which key features are fever (> 95%), severe
polyarthralgia, morning stiffness (82.4%), joint swelling (35.3%), commonly involving elbow and knee, rash (maculopapular), and myalgia [10, 14,
15]. OF is mainly manifested as fever (97%), headache (86%), myalgia (69%), arthralgia (57%), dizziness/vertigo, odynophagia (28%), and
abdominal pain (15%) [8, 16, 17]. Across arboviruses, key challenges are often present in diagnostic investigation, including co-infections (around
2.1% globally) [18], substantial heterogeneity between studies, variability in laboratory reference standards, differences in timing of sample
collection, and limited representation of real-world primary care settings [2, 11, 18, 19]

The discrimination with signs and symptoms between dengue and chikungunya has been extensively studied [13, 15, 16, 20–24]. Severe
polyarthralgia with morning stiffness and joint swelling, thrombocytopenia, hemorrhagic manifestations, and joint symptoms duration are the
most discriminative [9, 10, 14, 20]. There is very little data regarding dengue and OF discrimination. Odynophagia and abdominal pain are more
frequent in OF, while myalgia, arthralgia, and rash are less frequent in OF than in dengue [3, 8].

Different combinations of signs and symptoms can increase arboviruses probabilities before confirmatory tests. Nevertheless, the exercise of
differential diagnosis with prediction models is incipient [25]. The co-circulation and common clinical presentations usually explain the models’
variable performance, and reinforce laboratory work-up [2]. Additionally, we were able to find only one study attempting to estimate the probability
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of OF with poor performance [26]. This research aims to develop and validate prediction models containing simple signs and symptoms from
surveillance records from March 2023 to July 2025, in an attempt to discriminate OF, dengue fever, and chikungunya in the diagnostic workup.

METHOD

Ethical aspects:
The project was approved by the Research Ethics Committee of INI-FIOCRUZ (CAAE: 92760425.0.0000.5262; Approval No. 7.976.813,
13/11/2025), following CNS Resolution No. 466/2012. Prior authorization was granted by the Special Center for Health Information Systems
(Nesis) of Espírito Santo’s State Health Secretariat (process nº. 2025-61G4S).

Data source and Participants:
Arbovirus surveillance in Espírito Santo follows national standards, tailored to local needs. Suspected cases are identified at health units when
patients have fever plus two nonspecific symptoms like headache and myalgia. Suspected, reported, and investigated cases of arboviruses
registered in the Espírito Santo state surveillance system. An electronic notification form is filled out with clinical and demographic details, and
the case is marked “under investigation” as Dengue, given its prevalence. Epidemiological investigation starts at this stage [27]. Notification
requires collecting biological samples (blood serum, urine, or cerebrospinal fluid) that municipalities send to LACEN-ES. The laboratory analyses
them using RT-qPCR and serology, prioritizing dengue, zika, and chikungunya first, followed by OF and yellow fever, then west nile fever and
mayaro fever. This sequence follows seasonality or outbreak emergency importance [27].

Once laboratory results are confirmed, the notification is reviewed and reclassified as “concluded” within the state surveillance system. If dengue
or chikungunya is confirmed, the case is closed on the original form. If zika, yellow fever, mayaro fever, west nile fever, or OF is diagnosed, the
initial dengue notification is marked as discarded and a new, “concluded” notification is opened for the confirmed agent [28–30].

Outcomes:
The investigation may close by: (a) clinical-epidemiological confirmation, based on an epidemiological link and compatible symptoms; or (b)
laboratory confirmation, through virus detection (RT-PCR) or specific IgM antibodies. If no diagnosis is reached, the case is reclassified as
“discarded” [28].

Predictors:
Predictors included all data on signs, symptoms, and co-morbidities from the dengue notification forms, which were originally optimized for
Dengue and Chikungunya. After the OF outbreak, no further updates were made to data collection or guidance on reporting signs and symptoms.
Variables used were: first symptom week, age at notification, sex at birth, pregnancy, race/skin color, education, address, fever, headache,
vomiting, back pain, arthritis, petechia, tourniquet test, myalgia, exanthema, nausea, conjunctivitis, arthralgia, leukopenia, retro-orbital pain,
diabetes, hepatopathy, arterial hypertension, autoimmune diseases, hematological diseases, chronic renal diseases, and acid peptic diseases
[31–33].

Data preparation:
Data was downloaded from the Espirito Santo Health Secretary in CSV files. Three datasets were used: dengue, chikungunya, and zika/OF. Each
dataset was checked for valid CNS identification, relevant dates, missing outcomes, and replicates (registries with the same CNS and symptoms
within 14 days). The dengue dataset served as primary, as it included all initial symptoms and was the main arbovirus. Zika/Oropouche data were
matched to chikungunya by CNS and symptom date, then both were matched to dengue using the same method (Fig. 1).

Missing data and analysis plan:
The analysis used R-project software with various packages. Data was randomly split, two-thirds for training and one-third for validation. Potential
predictors were empirically selected, missing data patterns analyzed and imputed using random forest models applied to samples of 3,000
observations per outcome, then predicted in the main missing dataset.

Random forest regression models were used to predict each outcome, allowing for probability estimates. Due to frequent co-infections,
multiclass modeling was deemed less suitable. The mtry hyperparameter was optimized by starting at 15 and iteratively adjusting based on Out-
of-Bag (OOB) error until improvements were minimal. Class imbalance was managed by weighting observations inversely to outcome density.
Each tree sampled 16,250 cases, with roughly equal numbers of cases and non-cases selected with replacement across 350 trees.
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Predictors were chosen by comparing their importance with shuffled "shadow" attributes: those performing worse than shadows were removed,
and those outperforming shadows were kept. The marginal effect of each predictor was calculated with other variables fixed to visualize how
predictors relate to outcomes.

After fitting the model, predictions were calibrated using the Platt method. Performance was evaluated on train and test data with ROC AUC, R2,
intercept, slope, and error metrics. Uncertain (≤ 0.55 error from mixed density intersections) and inconclusive ranges (≥ 0.80 sensitivity and
specificity) were defined using scaled predictions. Predictions were dichotomized at the sensitivity-specificity threshold to assess binary
classification performance. A Shiny app for user predictions is available at https://pedrobrasil.shinyapps.io/INDWELL/.

RESULTS
From the initial ~ 600,000 observations, 465,280 were analyzed after removing cases out of the period of interest, without CNS unique identifier,
replicated registries, and binding the different datasets (Fig. 1). In the final dataset, there were 261,691 dengue cases (56.6%), 18,676
chikungunya cases (4.0%), 758 zika cases (0.2%), 12,174 OF cases (2.6%), and 179,115 (38.6%) classified as “discarded”. Dengue fever was
mostly diagnosed by matching clinical-epidemiological criteria; on the other hand, the remaining outcomes were mostly reached with laboratory
confirmation. Chikungunya data were the most incomplete regarding how confirmation was reached and had the highest degree of co-infection
with Dengue fever (Fig. 1).

Dengue and discarded cases had a lower median age, were more evenly distributed by sex, and were more frequent among black individuals.
Urban living was also more frequent among the dengue and discarded cases. Most of the signs and symptoms were not evenly distributed
among the different outcomes. Some comorbidities were evidently more frequent among chikungunya cases (Table 1).
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Table 1
Final dataset variables (including epidemiological, clinical at presentations) counts and frequencies by all arboviruses

diagnostic investigation outcome.
Age at notification Discarded

(N = 179115)

Dengue

(N = 261691)

Chikungunya

(N = 18676)

Zika

(N = 758)

Oropouche

(N = 12174)

         

Mean (SD) 34.2 (19.6) 35.4 (18.6) 43.0 (19.0) 40.1 (18.0) 42.0 (18.2)

Median [Min, Max] 32.0 [0, 106] 33.0 [0, 104] 43.0 [0, 98.0] 40.0 [0, 90.0] 41.0 [0, 99.0]

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Age at notification          

[0,1] 3,402 (1.9%) 1,900 (0.7%) 20 (0.1%) 3 (0.4%) 10 (0.1%)

(1,12] 20,867 (11.7%) 23,448 (9.0%) 663 (3.6%) 46 (6.1%) 448 (3.7%)

(12,18] 16,688 (9.3%) 25,041 (9.6%) 706 (3.8%) 50 (6.6%) 770 (6.3%)

(18,25] 24,893 (13.9%) 41,307 (15.8%) 1,105 (5.9%) 66 (8.7%) 1,270 (10.4%)

(25,35] 31,731 (17.7%) 49,094 (18.8%) 1,829 (9.8%) 115 (15.2%) 2,038 (16.7%)

(35,45] 28,890 (16.1%) 45,025 (17.2%) 2,242 (12.0%) 149 (19.7%) 2,313 (19.0%)

(45,55] 21,066 (11.8%) 32,995 (12.6%) 2,116 (11.3%) 113 (14.9%) 1,960 (16.1%)

(55,65] 14,642 (8.2%) 23,666 (9.0%) 1,880 (10.1%) 106 (14.0%) 1,619 (13.3%)

(65,75] 8,526 (4.8%) 13,092 (5.0%) 1,075 (5.8%) 40 (5.3%) 930 (7.6%)

(75,85] 3,447 (1.9%) 4,528 (1.7%) 409 (2.2%) 12 (1.6%) 331 (2.7%)

(85,95] 922 (0.5%) 1,015 (0.4%) 61 (0.3%) 1 (0.1%) 70 (0.6%)

Missing 4,041 (2.3%) 580 (0.2%) 6,570 (35.2%) 57 (7.5%) 415 (3.4%)

Sex at notification          

Female 94,159 (52.6%) 142,642 (54.5%) 7,535 (40.3%) 399 (52.6%) 5,448 (44.8%)

Male 80,956 (45.2%) 118,514 (45.3%) 4,572 (24.5%) 302 (39.8%) 6,313 (51.9%)

Ignored 9 (0.0%) 7 (0.0%) 0 (0%) 0 (0%) 1 (0.0%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Pregnancy          

No 161,266 (90.0%) 228,559 (87.3%) 11,003 (58.9%) 642 (84.7%) 11,004 (90.4%)

Yes 2,250 (1.3%) 2,575 (1.0%) 228 (1.2%) 24 (3.2%) 246 (2.0%)

Ignored/Unknown 11,608 (6.5%) 30,029 (11.5%) 876 (4.7%) 35 (4.6%) 512 (4.2%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Race or skin color          

White 62,975 (35.2%) 68,668 (26.2%) 3,104 (16.6%) 290 (38.3%) 6,595 (54.2%)

Black 89,629 (50.0%) 145,605 (55.6%) 7,317 (39.2%) 250 (33.0%) 3,880 (31.9%)

Yellow 16,202 (9.0%) 23,399 (8.9%) 1,081 (5.8%) 76 (10.0%) 1,279 (10.5%)

Indigenous 207 (0.1%) 210 (0.1%) 10 (0.1%) 0 (0%) 8 (0.1%)

Ignored/Unknown 6,111 (3.4%) 23,281 (8.9%) 595 (3.2%) 85 (11.2%) 0 (0%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Indigenous ethnicity          

IQR = interquartile range; SD = Standard deviation.
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Age at notification Discarded

(N = 179115)

Dengue

(N = 261691)

Chikungunya

(N = 18676)

Zika

(N = 758)

Oropouche

(N = 12174)

         

Tupiniquim 117 (0.1%) 44 (0.0%) 0 (0%) 0 (0%) 1 (0.0%)

Guarani 20 (0.0%) 23 (0.0%) 0 (0%) 0 (0%) 0 (0%)

Ignored/Unknown 70 (0.0%) 143 (0.1%) 10 (0.1%) 0 (0%) 7 (0.1%)

Not applicable 174,917 (97.7%) 260,953 (99.7%) 12,097 (64.8%) 701 (92.5%) 11,754 (96.6%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Person with special needs          

Yes 83 (0.0%) 374 (0.1%) 46 (0.2%) 1 (0.1%) 1 (0.0%)

No 175,041 (97.7%) 260,789 (99.7%) 12,061 (64.6%) 700 (92.3%) 11,761 (96.6%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Homeless          

Yes 21 (0.0%) 124 (0.0%) 8 (0.0%) 0 (0%) 0 (0%)

No 175,103 (97.8%) 261,039 (99.8%) 12,099 (64.8%) 701 (92.5%) 11,762 (96.6%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Education          

Illiterate 9,907 (5.5%) 9,906 (3.8%) 601 (3.2%) 52 (6.9%) 956 (7.9%)

Elementary School Complete 21,703 (12.1%) 22,523 (8.6%) 1,388 (7.4%) 109 (14.4%) 2,077 (17.1%)

Middle School Complete 19,245 (10.7%) 21,532 (8.2%) 1,036 (5.5%) 72 (9.5%) 1,510 (12.4%)

High School Complete 32,298 (18.0%) 43,553 (16.6%) 2,545 (13.6%) 167 (22.0%) 2,684 (22.0%)

Higher Education Complete 8,797 (4.9%) 12,164 (4.6%) 803 (4.3%) 89 (11.7%) 729 (6.0%)

Ignored/Unknown 83,174 (46.4%) 151,485 (57.9%) 5,734 (30.7%) 212 (28.0%) 3,806 (31.3%)

Missing 3,991 (2.2%) 528 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Home address          

Urban 119,650 (66.8%) 224,116 (85.6%) 10,937 (58.6%) 467 (61.6%) 5,579 (45.8%)

Rural 38,198 (21.3%) 24,978 (9.5%) 565 (3.0%) 159 (21.0%) 5,193 (42.7%)

Peri-urban 398 (0.2%) 962 (0.4%) 13 (0.1%) 6 (0.8%) 68 (0.6%)

Unknown 16,878 (9.4%) 11,101 (4.2%) 592 (3.2%) 69 (9.1%) 922 (7.6%)

Missing 3,991 (2.2%) 534 (0.2%) 6,569 (35.2%) 57 (7.5%) 412 (3.4%)

Fever          

No 55,707 (31.1%) 45,381 (17.3%) 5,814 (31.1%) 136 (17.9%) 1,763 (14.5%)

Yes 123,071 (68.7%) 216,310 (82.7%) 12,862 (68.9%) 577 (76.1%) 10,026 (82.4%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Headache          

No 52,406 (29.3%) 51,298 (19.6%) 7,159 (38.3%) 139 (18.3%) 1,987 (16.3%)

Yes 126,372 (70.6%) 210,393 (80.4%) 11,517 (61.7%) 574 (75.7%) 9,802 (80.5%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Vomiting          

IQR = interquartile range; SD = Standard deviation.
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Age at notification Discarded

(N = 179115)

Dengue

(N = 261691)

Chikungunya

(N = 18676)

Zika

(N = 758)

Oropouche

(N = 12174)

         

No 141,018 (78.7%) 206,468 (78.9%) 16,163 (86.5%) 524 (69.1%) 10,050 (82.6%)

Yes 37,760 (21.1%) 55,223 (21.1%) 2,513 (13.5%) 189 (24.9%) 1,739 (14.3%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Back pain          

No 144,044 (80.4%) 204,508 (78.1%) 13,229 (70.8%) 482 (63.6%) 8,192 (67.3%)

Yes 34,734 (19.4%) 57,183 (21.9%) 5,447 (29.2%) 231 (30.5%) 3,597 (29.5%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Arthritis          

No 167,983 (93.8%) 244,069 (93.3%) 14,939 (80.0%) 621 (81.9%) 10,777 (88.5%)

Yes 10,795 (6.0%) 17,622 (6.7%) 3,737 (20.0%) 92 (12.1%) 1,012 (8.3%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Petechiae          

No 172,432 (96.3%) 247,914 (94.7%) 17,069 (91.4%) 604 (79.7%) 11,529 (94.7%)

Yes 6,346 (3.5%) 13,777 (5.3%) 1,607 (8.6%) 109 (14.4%) 260 (2.1%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Tourniquet test          

No 177,548 (99.1%) 257,288 (98.3%) 18,376 (98.4%) 696 (91.8%) 11,734 (96.4%)

Yes 1,230 (0.7%) 4,403 (1.7%) 300 (1.6%) 17 (2.2%) 55 (0.5%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Myalgia          

No 61,947 (34.6%) 58,114 (22.2%) 6,011 (32.2%) 137 (18.1%) 2,887 (23.7%)

Yes 116,831 (65.2%) 203,577 (77.8%) 12,665 (67.8%) 576 (76.0%) 8,902 (73.1%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Rash          

No 173,255 (96.7%) 248,239 (94.9%) 16,728 (89.6%) 625 (82.5%) 11,533 (94.7%)

Yes 5,523 (3.1%) 13,452 (5.1%) 1,948 (10.4%) 88 (11.6%) 256 (2.1%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Nausea          

No 120,285 (67.2%) 166,011 (63.4%) 13,019 (69.7%) 384 (50.7%) 7,333 (60.2%)

Yes 58,493 (32.7%) 95,680 (36.6%) 5,657 (30.3%) 329 (43.4%) 4,456 (36.6%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Conjunctivitis          

No 177,526 (99.1%) 258,559 (98.8%) 18,260 (97.8%) 701 (92.5%) 11,709 (96.2%)

Yes 1,252 (0.7%) 3,132 (1.2%) 416 (2.2%) 12 (1.6%) 80 (0.7%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Intense arthralgia          

IQR = interquartile range; SD = Standard deviation.
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Age at notification Discarded

(N = 179115)

Dengue

(N = 261691)

Chikungunya

(N = 18676)

Zika

(N = 758)

Oropouche

(N = 12174)

         

No 150,650 (84.1%) 203,175 (77.6%) 8,311 (44.5%) 527 (69.5%) 9,833 (80.8%)

Yes 28,128 (15.7%) 58,516 (22.4%) 10,365 (55.5%) 186 (24.5%) 1,956 (16.1%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Leukopenia          

No 176,809 (98.7%) 255,599 (97.7%) 18,348 (98.2%) 686 (90.5%) 11,603 (95.3%)

Yes 1,969 (1.1%) 6,092 (2.3%) 328 (1.8%) 27 (3.6%) 186 (1.5%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Retro-orbital pain          

No 134,804 (75.3%) 171,429 (65.5%) 13,328 (71.4%) 416 (54.9%) 7,747 (63.6%)

Yes 43,974 (24.6%) 90,262 (34.5%) 5,348 (28.6%) 297 (39.2%) 4,042 (33.2%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Diabetes          

No 174,457 (97.4%) 253,417 (96.8%) 17,308 (92.7%) 688 (90.8%) 11,337 (93.1%)

Yes 4,049 (2.3%) 8,043 (3.1%) 1,283 (6.9%) 25 (3.3%) 450 (3.7%)

Ignored 272 (0.2%) 231 (0.1%) 85 (0.5%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Hepatopathies          

No 178,349 (99.6%) 261,119 (99.8%) 18,539 (99.3%) 712 (93.9%) 11,771 (96.7%)

Yes 159 (0.1%) 343 (0.1%) 45 (0.2%) 1 (0.1%) 16 (0.1%)

Ignored 270 (0.2%) 229 (0.1%) 92 (0.5%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Arterial hypertension          

No 167,372 (93.4%) 241,038 (92.1%) 15,678 (83.9%) 622 (82.1%) 10,546 (86.6%)

Yes 11,136 (6.2%) 20,423 (7.8%) 2,915 (15.6%) 91 (12.0%) 1,241 (10.2%)

Ignored 270 (0.2%) 230 (0.1%) 83 (0.4%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Autoimmune diseases          

No 178,046 (99.4%) 260,568 (99.6%) 18,429 (98.7%) 710 (93.7%) 11,760 (96.6%)

Yes 464 (0.3%) 884 (0.3%) 150 (0.8%) 3 (0.4%) 26 (0.2%)

Ignored 268 (0.1%) 239 (0.1%) 97 (0.5%) 0 (0%) 3 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Hematological diseases          

No 178,380 (99.6%) 261,182 (99.8%) 18,548 (99.3%) 713 (94.1%) 11,778 (96.7%)

Yes 136 (0.1%) 285 (0.1%) 36 (0.2%) 0 (0%) 9 (0.1%)

Ignored 262 (0.1%) 224 (0.1%) 92 (0.5%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

IQR = interquartile range; SD = Standard deviation.
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Age at notification Discarded

(N = 179115)

Dengue

(N = 261691)

Chikungunya

(N = 18676)

Zika

(N = 758)

Oropouche

(N = 12174)

         

Chronic kidney disease          

No 178,258 (99.5%) 261,133 (99.8%) 18,538 (99.3%) 712 (93.9%) 11,778 (96.7%)

Yes 260 (0.1%) 333 (0.1%) 46 (0.2%) 1 (0.1%) 9 (0.1%)

Ignored 260 (0.1%) 225 (0.1%) 92 (0.5%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Peptic acid disease          

No 178,466 (99.6%) 261,272 (99.8%) 18,554 (99.3%) 713 (94.1%) 11,784 (96.8%)

Yes 48 (0.0%) 200 (0.1%) 30 (0.2%) 0 (0%) 3 (0.0%)

Ignored 264 (0.1%) 219 (0.1%) 92 (0.5%) 0 (0%) 2 (0.0%)

Missing 337 (0.2%) 0 (0%) 0 (0%) 45 (5.9%) 385 (3.2%)

Hospitalization          

No 175,739 (98.1%) 255,689 (97.7%) 18,208 (97.5%) 685 (90.4%) 11,717 (96.2%)

Yes 2,995 (1.7%) 5,945 (2.3%) 460 (2.5%) 27 (3.6%) 72 (0.6%)

Ignored 32 (0.0%) 49 (0.0%) 6 (0.0%) 1 (0.1%) 0 (0%)

Missing 349 (0.2%) 8 (0.0%) 2 (0.0%) 45 (5.9%) 385 (3.2%)

IQR = interquartile range; SD = Standard deviation.

All attempts to develop Zika models returned unacceptable performance. From the 28 initially considered as potential predictors for dengue fever,
the following 24 were selected (in order of importance): fever, first symptom week, home address, myalgia, race, education, headache, retro-
orbital pain, age at notification, petechiae, rash/exanthema, leukopenia, back pain, intense arthralgia, arthritis, sex at notification, tourniquet test,
arterial hypertension, nausea, vomiting, diabetes, conjunctivitis, pregnancy, and chronic kidney disease (Fig. 2).

The model's seasonality differs from that of the time series, though dengue cases rise in late summer (weeks 5–15), while age peaks in
childhood and old age. Factors like sex, pregnancy, certain symptoms, diabetes, hypertension, and kidney disease show minimal effect. White
skin, rural residence, limited education, arthritis, and chronic kidney disease lower dengue risk. Other predictors increase the likelihood of dengue
as expected (Fig. 3). Key features distinguishing dengue from other arboviruses include symptom onset week, age, race, headache, vomiting,
petechiae, tourniquet test, myalgia, retro-orbital pain, and leukopenia (Table 2).
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Table 2
Summary comparative discriminative profile of the predictors from the random forest regression models based on the partial effect analysis.

Statistics Training dataset Test dataset

Estimate 95% lower cl 95% upper cl Estimate 95% lower cl 95% upper cl

Sample size: 308,015 --- --- 154,265 --- ---

Prevalence: 0.566 0.564 0.568 0.566 0.564 0.569

Sensitivity: 0.693 0.691 0.695 0.667 0.664 0.670

Specificity: 0.701 0.698 0.703 0.669 0.665 0.672

Positive predictive value: 0.751 0.749 0.753 0.724 0.721 0.727

Negative predictive value: 0.636 0.634 0.639 0.606 0.603 0.610

Positive likelihood ratio: 2.315 2.294 2.335 2.014 1.990 2.038

Negative likelihood ratio: 0.438 0.435 0.442 0.498 0.492 0.503

Diagnostic Odds Ratio: 5.279 5.197 5.362 4.047 3.961 4.134

Error rate: 0.304 0.302 0.305 0.332 0.330 0.335

Accuracy: 0.696 0.695 0.698 0.668 0.665 0.670

Youden J index: 0.393 0.390 0.397 0.336 0.331 0.341

Area under ROC curve: 0.697 --- --- 0.668 --- ---

lower cl = lower confidence limit; upper cl = upper confidence limit; Na = not assigned; Inf = Infinite. Decision limit set as 0.03 (from the
sensitivity equals specificity from the test dataset)

From the 28 initially considered as potential predictors for chikungunya, the following 25 were selected (in order of importance): intense
arthralgia, arthritis, petechiae, sex at notification, education, age at notification, retro-orbital pain, back pain, myalgia, headache, skin color,
leukopenia, home address, tourniquet test, rash/exanthema, conjunctivitis, autoimmune diseases, nausea, first week symptoms, hepatopathies,
arterial hypertension, vomiting, peptic acid disease, hematological disease, and chronic kidney disease (Fig. 4).

Chikungunya is more prevalent in winter (weeks 20–40) and among individuals aged 35 or older. It is less common in males, people with white
skin, and rural residents. Factors like education, vomiting, nausea, leukopenia, retro-orbital pain, hepatopathies, hematological diseases, chronic
kidney disease, and peptic acid disease have minimal impact. Most other predictors raise the likelihood of diagnosis, except for headache. The
top features distinguishing it from other arboviruses are symptom onset week, age, race, back pain, intense arthralgia, arthritis, and rash. The
chikungunya model also retained more comorbidities (see Table 2).

From the 28 initially considered as potential predictors for OF, the following 16 were selected (in order of importance): weeks of first symptoms,
age, education, home address, skin color, arterial hypertension, intense arthralgia, back pain, diabetes, conjunctivitis, sex, arthritis, vomiting,
chronic kidney diseases, tourniquet test, and autoimmune diseases (Fig. 6)

OF is more common in early summer (weeks 45–5), increases with age until stabilizing after 25, and is associated with white skin color, lower
education, and rural residence. Back pain, arthritis, diabetes, hypertension, autoimmune diseases, and chronic kidney disease raise its likelihood,
while other predictors have minimal or negative effects, such as vomiting (see Fig. 7). For discrimination, only epidemiological factors were
relevant (Table 2).

All three models showed good discrimination and moderate to good calibration after prediction scaling. The dengue model had the lowest
discrimination but the best calibration metrics, while the OF model was most discriminative with less optimal calibration (Table 3). The calibration
belt is narrow due to the amount of data and must be interpreted carefully. For the dengue model, observed and predicted values correspond well
in both training and testing. In contrast, OF and chikungunya models provide reasonable predictions up to 0.25 but underestimate observed
values beyond that point (Fig. 8).
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Table 3
Random forest regression selected performance measures estimated from the predicted probabilities, scaled predicted probabilities of Dengue

fever, Chikungunya, and Oropouche on different datasets.
Statistics Train/Development Test/Validation Scaled - Train Scaled - Test

Dengue fever        

C (ROC) 0.769 0.726 0.769 0.726

R2 0.253 0.185 0.273 0.202

Intercept 0.264 0.261 -0.059 -0.000

Slope 1.368 1.086 1.245 1.000

Eavg 0.064 0.054 0.028 0.008

E90 0.103 0.074 0.057 0.014

Emax 0.121 0.075 0.105 0.039

Chikungunya        

C (ROC) 0.950 0.851 0.950 0.851

R2 -1.637 -1.888 0.474 0.295

Intercept -3.295 -2.884 1.002 0.000

Slope 1.685 1.108 1.546 1.000

Eavg 0.242 0.243 0.014 0.008

E90 0.461 0.503 0.011 0.020

Emax 0.477 0.564 0.378 0.240

Oropouche        

C (ROC) 0.958 0.897 0.958 0.896

R2 -2.251 -2.510 0.439 0.297

Intercept -4.019 -3.242 1.328 -0.007

Slope 1.534 0.930 1.664 0.996

Eavg 0.193 0.194 0.011 0.002

E90 0.563 0.585 0.021 0.005

Emax 0.693 0.776 0.361 0.045

C (ROC) = c statistic or area under the ROC curve; Eavg = average error; Train = dataset split used in development; Test = dataset split used in
external validation; E90 = percentile 90 of prediction error; Emax = maximum prediction error. Scaled predictions were obtained from the Platt
(logistic) method

Regression random forest performance measures for Dengue fever with scaled predictions: Training vs. Validation.

For the dengue model, training and testing datasets show overlapping mixed density distributions, with similar values for uncertain intervals,
inconclusive ranges, density intersections, and sensitivity-specificity thresholds. The recommended inconclusive range is 0.47 to 0.67 (Fig. 9). For
the chikungunya model, predictions are left-skewed and don't cover the full 0–1 range; the uncertain and inconclusive intervals are narrower but
less consistent across datasets. Recommended inconclusive limits are 0.025–0.037, with a sensitivity-specificity threshold at 0.031 (Fig. 10). The
OF model showed left-skewed predictions with limited range, similar density overlaps, and narrower uncertain or inconclusive intervals. Its
inconclusive limits with the test set were 0.025 and 0.040, with a sensitivity-specificity threshold of 0.03 (Fig. 11). Some analyses had thresholds
above 0.8 for sensitivity and specificity, which either eliminates inconclusive limits or results in illogical limit values.

Each prediction has sensitivity and specificity that shift with different thresholds. This impacts decisions, especially for the Dengue model, which
is less accurate when predictions overlap and are sparse. We assess classification performance by selecting the threshold where sensitivity
equals specificity (Table 4), noting some loss due to dichotomization. Similar analyses for Chikungunya (Table 5) and OF models (Table 6) yield
comparable interpretations. For these models, the sensitivity and specificity trade-off is less obvious, as their classification limits are narrower.

DISCUSSION
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The main results to be discussed are: (a) it was possible to develop and validate models for differential diagnosis of these arboviruses with good
model performances; (b) although these conditions may have similar seasonality and symptoms in common, there is some preferential
information that makes it possible to rank their likelihood; (c) applicability and integration in ordinary diagnostic investigation is discussed as the
models are not intended to replace laboratory investigation.

From a clinical perspective, predictive models are best understood as decision-support tools rather than replacements for clinical judgment. Their
applicability is particularly relevant in the context of arboviral diseases, where overlapping clinical manifestations—such as fever, myalgia, and
rash—complicate differential diagnosis. By integrating clinical and laboratory variables, these models can improve probabilistic classification and
reduce diagnostic uncertainty, especially in early disease stages [34, 35].

Predictive models for arboviral diseases, particularly dengue and chikungunya, have shown increasing applicability in both epidemiological
surveillance and clinical decision support. Evidence highlights both their promising performance and their practical advantages in supporting
diagnostic investigation, despite important methodological limitations [13, 16, 20, 21, 23, 25, 26, 36–38].

Most predictive models for arboviruses rely on machine learning techniques and demonstrated moderate-to-high discriminatory capacity in
clinical datasets (AUC ≈ 0.80–0.90) [39, 40]. However, very high performance reported in some studies (e.g., accuracy > 99%) is often associated
with small datasets and potential overfitting [34, 41]. For chikungunya, fewer models are available, and most are developed within multi-class
classification frameworks that include dengue, reflecting the substantial clinical overlap between these infections [40]. In contrast, predictive
modeling for OF remains incipient for clinical diagnostic support. This highlights a gap given the increasing recognition of OF as an emerging
arbovirus in Latin America [26, 42, 43].

The advantages of predictive models in diagnostic investigation include improved diagnostic accuracy, earlier case detection, and support for
decision-making in resource-limited. Additionally, they contribute to the standardization of clinical reasoning and optimization of healthcare
resources during outbreaks, particularly in the co-circulation of arboviruses [11, 34, 40].

Epidemiological context further influences both disease occurrence and model performance. Dengue is predominantly an urban disease,
affecting younger populations and disproportionately impacting black children, particularly towards the end of the summer. In contrast, OF fever
has been more frequently associated with rural or peri-urban environments, affecting predominantly adult populations and occurring in the early
summers [2]. Chikungunya, while also transmitted by urban vectors, tends to affect adults more severely with debilitating joint symptoms, and
often extends beyond the dengue season's peak [44, 45]. These findings highlight that both clinical overlap and data quality constraints within
surveillance systems can influence predictive models' performance. Integrating epidemiological variables alongside clinical data may enhance
model performance and support more accurate classification of arboviral diseases in endemic settings [46, 47].

Clinical prediction models for seasonal infectious diseases usually employ one of four primary approaches to incorporate temporal patterns:
rolling windows with dynamic thresholds, sliding window and ensemble methods, direct climate data integration with temporal lags, and temporal
feature engineering. Studies of dengue have used climate variables lagged by 3 months [48], categorical seasonal predictors (monsoon, winter)
[36], or 30-day rolling windows [38], while models for hospital-acquired bacterial infections used sliding windows around the prediction time [49].

Direct climate integration improves dengue prediction accuracy [48], while dynamic thresholds that continuously learned from recent cases
maintained consistent negative predictive values despite seasonal prevalence fluctuations [38]. The effectiveness of different approaches
depended critically on context: local, high-resolution meteorological data with appropriate lag times proved predictive [48], while aggregated
regional climate data did not improve performance [38].

The evidence indicates that seasonal incorporation improves predictive performance across multiple infectious diseases [49], but optimal
implementation requires reasoning regarding transmissibility, data granularity, and geographical context [49]. Considering the characteristics of
the surveillance data in our context, the epidemiological week is a proxy for seasonality. This significantly increased all models’ performance, but
it assumes that the seasonality is stable over time. This may be true for dengue, but we do not know that yet regarding OF. If different seasonality
becomes evident in the future, the models will require an update. In addition, different weeks may be used to best represent seasonality from
other places.

In the broader context of arboviral diseases, including chikungunya, predictive modelling remains predominantly focused on distinguishing
dengue cases from non-dengue febrile illnesses. Rare studies have addressed multiclass classification involving dengue and chikungunya
simultaneously, and virtually none have incorporated emerging arboviruses, such as OF, into diagnostic models, which is relevant where there is
co-circulation of many acute febrile illnesses [21].

Methodological challenges include heterogeneity in study design, lack of standardized datasets, limited external validation, and insufficient
integration of clinical and laboratory variables [21, 22, 25, 38]. Additionally, many models are developed from secondary or tertiary care settings,
limiting their applicability in primary health care contexts where diagnostic uncertainty is highest [25].
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When integrated into decision-support systems, these tools can enhance diagnostic accuracy, support early case identification, and optimize
resource allocation, particularly in resource-limited settings [40, 25]. Furthermore, by incorporating many types of data to predict several
conditions, models may provide a comprehensive approach to arboviral surveillance and diagnosis [22]. Predictive models can be integrated as
decision-support tools to refine the rational use of complementary tests, as patients classified as high risk based on clinical–epidemiological
models may be prioritized for confirmatory testing, while those with lower predicted probability may have early alternative hypotheses [23, 25].
This may optimize the use of limited laboratory resources and improve turnaround times.

CONCLUSIONS
In conclusion, this research was able to identify predictors that most discriminate dengue, chikungunya, and OF, to develop and validate predictive
models, one for each condition, with moderate to very good performance. The applicability is discussed, and it is reasonable to use these models
in diagnostic investigation and surveillance within the Brazilian context. A web application with these models is available at
https://pedrobrasil.shinyapps.io/INDWELL/. Integrating the models in different systems is possible; updating the models may be required, as the
OF seasonality changes from what was observed in previous periods.
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Figures

Figure 1

Inclusion, exclusion, and datasets merge flow diagram.
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Figure 2

Predictors normalized permutations importance compared to shadow features for random forest regression predicting dengue.
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Figure 3

Partial dependency marginal effects for the retained predictors for random forest regression predicting dengue.
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Figure 4

Predictors normalized permutations importance compared to shadow features for random forest regression predicting chikungunya.

Page 19/27



Figure 5

Partial dependency marginal effects for the retained predictors for random forest regression predicting chikungunya.
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Figure 6

Predictors normalized permutations importance compared to shadow features for random forest regression predicting oropouche.

Page 21/27



Figure 7

Partial dependency marginal effects for the retained predictors for random forest regression predicting oropouche.
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Figure 8

Calibration belt plots for regression random forest models predicting dengue, chikungunya, and oropouchee in the train and test datasets.
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Figure 9

Random forest regression mixed densities, sensitivity, specificity trade-off, and gray intervals for dengue on different datasets.
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Figure 10

Random forest regression mixed densities, sensitivity, specificity trade-off, and gray intervals for chikungunya on different datasets.

Page 25/27



Figure 11

Random forest regression mixed densities, sensitivity, specificity trade-off, and gray intervals for oropouche on different datasets
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