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Spotted fever group rickettsioses (SFGR) pose a global threat as emerging zoonotic infectious diseases; however, timely and cost- 
effective diagnostic tools are currently limited. We used data from 449 patients presenting to 2 hospitals in northern Tanzania 
between 2007 and 2008, of which 71 (15.8%) met criteria for acute SFGR based on ≥4-fold rise in antibody titers between acute 
and convalescent serum samples. We fit random forest classifiers incorporating clinical and demographic data from hospitalized 
febrile participants as well as Earth observation hydrometeorological predictors from the Kilimanjaro Region. In cross- 
validation, a prediction model with 10 clinical predictors achieved an area under the receiver operating characteristic curve of 
0.65 (95% confidence interval, .48–.82). A combined prediction model with clinical, hydrometeorological, and environmental 
predictors (20 predictors total) did not significantly improve model performance. Novel strategies are needed to improve the 
diagnosis of acute SFGR, including the identification of diagnostic biomarkers that could enhance clinical prediction models.
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Spotted fever group rickettsioses (SFGR) are a group of tick- 
borne illnesses caused by bacteria from the genus Rickettsia 
that include endemic, new, and emerging zoonotic infectious 
diseases with a worldwide distribution. In several African coun
tries, SFGR have been identified as the infectious etiology in 
5%–22% of febrile hospital admissions [1–3]. Prompt recogni
tion and treatment of SFGR are important as multiple studies 
have shown that delay in initiation of tetracycline antimicrobi
als is associated with increased morbidity and mortality [4–6]. 

However, current diagnostic methods do not allow for timely 
and accurate diagnosis. The most sensitive reference standard 
diagnostic, a ≥4-fold rise in immunofluorescent antibody 
(IFA) titer between paired acute and convalescent serum sam
ples, requires convalescent serum collection, and therefore by 
definition cannot establish the diagnosis at the time of presen
tation [7]. In the case of Rickettsia africae and Rickettsia conorii, 
SFGR of importance in African countries, seroconversion may 
not occur until 4 weeks after illness onset [8].

Rickettsiae are intracellular species and do not circulate ex
tensively in the bloodstream, limiting the sensitivity of poly
merase chain reaction on blood specimens to around 60% 
[7]. Laboratory values such as thrombocytopenia, hyponatre
mia, and elevated transaminases are supportive features, but 
cannot be relied on to guide early management as they are non
specific findings and often within normal limits or only slightly 
above the reference range early in the course of illness [9]. 
Clinical diagnosis relying on the triad classically associated 
with SFGR—a history of a tick bite, rash, and fever—only oc
curs in a third of cases [9]. Incorporating tetracycline therapy 
into the empiric syndromic management of febrile illness in 
high-prevalence settings would not only exacerbate antimicro
bial resistance, but also subject children to the risks of tetra
cycline therapy, including bone growth suppression and 
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permanent tooth discoloration [10, 11]. Thus, more accurate, 
timely, and cost-effective tools are needed for diagnosis of 
SFGR.

Clinical decision support systems (CDSSs) incorporating pre
diction models have the potential to improve management of in
fectious diseases. CDSSs have proven effective at enhancing 
therapeutic management and reducing unnecessary diagnostic 
tests in both high-income countries [12] and low- and middle- 
income countries [13–15]. Traditional predictive models general
ly incorporate clinical information that is obtained solely from the 
presenting patient. However, as with other zoonoses and 
tick-borne diseases, the range and incidence of SFGR have been 
associated with hydrometeorological-related environmental fac
tors [16, 17]. Vegetation indices, including the Normalized 
Difference Vegetation Index (NDVI), the Enhanced Vegetation 
Index (EVI), and the Normalized Difference Water Index 
(NDWI), are hydrometeorological-related environment indices 
that correlate well with fluctuations in tick populations and 
have been used to estimate tick-borne disease incidence [18– 
22]. These indices are measured using Earth observation (EO) 
satellites, which allow for the monitoring of these environmental 
conditions over large areas. Incorporating location-specific pa
rameters, such as hydrometeorological and environmental data, 
into a prediction model may increase diagnostic accuracy [15, 
23, 24].

In this study, our primary aim was to derive and internally 
validate a clinical prediction rule for SFGR, with the goal of de
veloping an accessible and cost-effective CDSS to assist clini
cians in diagnosing SFGR. A secondary aim was to examine 
the impact of the inclusion of hydrometeorological and envi
ronmental data on prediction discrimination. To achieve this, 
we used data from a clinical study of febrile illness in an 
SFGR-endemic region in northern Tanzania [25], along with 
EO-hydrometeorological and environmental data.

METHODS

Study Design, Setting, and Data Source

For the derivation and validation of a prediction model, we used 
de-identified data from a study of participants presenting with 
febrile illness to 2 hospitals in the Kilimanjaro Region of north
ern Tanzania in 2007–2008 [26, 27]. Prior to data collection, the 
Kilimanjaro Region had a population of 1 380 000 in a mostly ru
ral and semirural setting [28, 29]; Moshi, the administrative cen
ter of the region, had a population of approximately 144 000 [29]. 
The climate is characterized by a long rainy period (March–May) 
and a short rainy period (November–December). Febrile partic
ipants presenting to Kilimanjaro Christian Medical Centre 
(KCMC) or Mawenzi Regional Hospital (MRH) in Moshi, 
Tanzania, from September 2007 through August 2008 were eli
gible for enrollment. Complete study methods have been de
scribed elsewhere [26, 27]. KCMC is a tertiary care hospital 

serving several regions in northern Tanzania; at the time of the 
study KCMC had 458 inpatient beds. MRH, the regional hospital 
for Kilimanjaro, had 300 beds at the time of the study. Together, 
KCMC and MRH served as major providers of hospital-based 
care in the Moshi area.

For pediatric participants aged 2 months to 12 years, inclu
sion criteria were a history of fever in the past 48 hours or a 
measured axillary temperature ≥37.5°C or rectal temperature 
≥38°C. For adolescent and adult participants (≥13 years of 
age), the inclusion criterion was an oral temperature ≥38°C 
on admission to the hospital. All participants required paired 
sera for inclusion in this analysis. Blood specimens were col
lected for a complete blood count (CBC) and serologic infec
tious disease diagnostics. Participants were also tested for 
human immunodeficiency virus (HIV) and malaria with rapid 
diagnostic testing. After obtaining informed consent, a trained 
study team member collected standardized demographic data, 
clinical history, and physical examination findings. Participants 
were asked to return 4–6 weeks after enrollment for collection 
of a convalescent serum sample.

Acute and convalescent serum samples collected for SFGR 
testing were sent to the Rickettsial Zoonoses Branch of the 
US Centers for Disease Control and Prevention (CDC). 
Serum samples were tested for SFGR by immunoglobulin G 
IFA to R conorii (Moroccan strain). SFGR was defined as a 
≥4-fold increase in IFA titer to R conorii between acute and 
convalescent serum in a participant. Participants with a 
<4-fold rise in IFA titer to R conorii were considered to have 
non-SFGR febrile illness.

For each participant, a trained study team member collected 
standardized demographic data, clinical history, admission vi
tal signs, and physical examination findings. As the presenta
tion of infectious disease can differ between pediatric and 
adult participants, several of the clinical variables were only ob
tained for either pediatric or adult participants. For our clinical 
prediction modeling, we only included variables that were col
lected for both groups. Consequently, certain predictors associ
ated with SFGR, such as the presence of rash, were excluded 
from our analysis because they were collected exclusively 
from adult participants. We included the following predictors 
in our analysis: age, heart rate, respiration rate, blood pressure, 
oxygen saturation, height, weight, body mass index, cough, di
arrhea, emesis, hematochezia, dyspnea, seizures, crepitations, 
hepatomegaly, splenomegaly, pallor, lymphadenopathy, oral 
candidiasis, meningeal signs, HIV rapid diagnostic result, ma
laria rapid diagnostic result, and if the participant resided in a 
rural setting. We recorded clinical symptoms and physical ex
amination findings as binary variables and age, vital signs, and 
CBC results as continuous variables.

2 • OFID • Williams et al



Hydrometeorological-Related Environmental Data

We extracted hydrometeorological-related environmental 
data from the MODIS (Moderate Resolution Imaging 
Spectroradiometer) sensor, a part of the NASA Earth 
Observing System, for the Kilimanjaro Region, Tanzania. 
These data included the NDVI, the EVI, and the NDWI. 
Respectively, these indices reflect the vegetation health, vegeta
tion structure, and water content in the landscape and have 
been shown to correlate with tick population abundance and 
tick-borne disease incidence [18–22, 30, 31]. Likewise, evapo
transpiration and surface temperature have been found to be im
portant predictors of active tick questing, tick survival, and 
pathogen transmission [22, 32–34]. More information regarding 
these predictors is provided in Supplementary Table S1. NDVI 
and EVI indicators are based on a 16-day time series composite 
image at 1 km × 1 km spatial resolution and were obtained from 
MODIS product MOD13A2. Surface temperatures, acquired 
from MODIS product MOD11A1, are daily measurements at 
1 km × 1 km spatial resolution. Evapotranspiration is based on 
an 8-day time series composite image at 500 m × 500 m spatial 
resolution and obtained from MOD16A2GF. Finally, using 
MODI09A1, a 500 m × 500 m 8-day composite time series, we 
calculated NDWI from near-infrared (MODIS band 2) and 
short-wave infrared (MODIS band 6) reflectances [35, 36]. We 
consolidated all hydrometeorological-related environmental 
data within a uniform 16-day time series window; for shorter 
time series, we computed the mean for each 16-day window. 

For example, data from 1 January through 16 January 2007 con
stituted 1 window, followed by measurements from 17 January 
through 2 February 2007 in the subsequent window. To account 
for recent environmental patterns that may influence SFGR inci
dence, we lagged each 16-day times series at 1, 2, and 3 months. 
Finally, we aligned the lagged measurements with the admission 
dates of study participants. For instance, a participant presenting 
on 4 April 2007 would have data from the window containing 4 
March (1-month lag), 4 February (2-month lag), and 4 January 
(3-month lag). Details of the exact 16-day time resolution win
dows used in our study are shown in Supplementary Table S2.

Statistical Analysis and Modeling

To compare acute SFGR versus non-SFGR febrile illness groups 
on univariate analysis, we used the Wilcoxon rank-sum test due 
to the nonnormal distribution of age data. We used Pearson χ2 

test and Fisher exact test for categorical variables. We used the ran
dom forest algorithm to fit a model to predict risk of participants 
having acute SFGR versus non-SFGR febrile illness. Random for
ests are a machine learning algorithm that constructs a multitude 
of decision trees and averages over them to obtain a prediction ro
bust to nonlinearities and interactions between covariates; ran
dom forests algorithms have been widely applied to biomedical 
sciences for both classification and regression [37, 38].

We excluded predictors with highly skewed binary predic
tors (predictors with 95% or more values concentrated as either 
0 or 1) from analysis. For the remaining predictors, we imputed 

Figure 1. Study flow diagram. Screening and enrollment of patients hospitalized at Kilimanjaro Christian Medical Centre and Mawenzi Regional Hospital.  
Abbreviations: IFA, immunofluorescence assay; KCMC, Kilimanjaro Christian Medical Centre; MRH, Mawenzi Regional Hospital.
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missing data using the “missRanger” package in R. When deter
mining which predictors to include in our analysis, we fit 2 dis
tinct models (1 utilizing solely EO-hydrometeorological and 
environmental data and another incorporating clinical and de
mographic data) and assessed each separately. We used the 
“permimp” package in R to assess the variable importance 
using permutation-based methods. This method involves sys
tematically shuffling or permuting the values of individual pre
dictors to evaluate their impact on performance. Next, we 
identified the top 10 predictors from each model based on their 
respective permuted importance scores. We included these pre
dictors in our final analysis.

To assess predictive performance for each random forest 
model, we used repeated cross-validation using 80% training/ 

20% testing splits with 100 iterations. In each iteration, we 
trained models on 80% of the data, made predictions on the 
20% test set, and obtained measures of performance. We deter
mined overall model performance by averaging the area under 
the receiver operating characteristic curve (AUC) and confi
dence intervals (CIs) across the 100 iterations. To determine 
statistical significance in the AUC between models, we used a 
bootstrap method over 100 iterations within cross-validation. 
The bootstrap method involves resampling the data with re
placement multiple times to create bootstrap samples. For 
each bootstrap sample, we generated the receiver operating 
characteristic and computed the difference in AUC between 
the curves. We completed all analyses using R version 4.2.0, 
and model development/validation was completed in 

Table 1. Clinical Characteristics and Complete Blood Count Results for Febrile Participants With or Without Spotted Fever Group Rickettsioses, Northern 
Tanzania, 2007–2008

Characteristic Overall (n = 449) Non-SFGR Febrile Illness (n = 378) Acute SFGR (n = 71) P Valuea

Age, y 9 (2–32) 8 (1–31) 24 (4–39) .003

Rural residency 211 (47%) 168 (45%) 42 (59%) .03

Admission temperature, °C 38.40 (38.00–39.10) 38.40 (38.00–39.00) 38.60 (38.00–39.20) .4

Heart rate, beats/min 112 (97–131) 112 (98–132) 108 (96–124) .2

Respiration rate, breaths/min 32 (24–44) 32 (26–45) 28 (24–35) <.001

Oxygen saturation, % 96.0 (94.0–98.0) 96.0 (94.0–98.0) 97.0 (94.0–98.0) .5

Systolic blood pressure, mm Hg 108 (100–120) 108 (100–120) 108 (100–117) .4

Diastolic blood pressure, mm Hg 68 (60–74) 68 (60–74) 67 (60–73) .7

BMI, kg/m2 17.2 (14.4–21.6) 17.0 (14.3–21.0) 19.2 (15.6–22.5) .06

Weight, kg 22 (10–55) 20 (10–55) 49 (14–61) .01

Height, m 1.25 (0.82–1.62) 1.19 (0.81–1.62) 1.54 (1.05–1.63) .01

Cough 293 (65%) 252 (67%) 41 (58%) .1

Oral Candida 43 (9.6%) 39 (10%) 4 (5.6%) .2

Crepitations 196 (44%) 165 (44%) 31 (44%) >.9

Hepatomegaly 34 (7.6%) 27 (7.2%) 7 (9.9%) .4

Diarrhea 90 (20%) 77 (20%) 13 (18%) .7

Emesis 132 (29%) 109 (29%) 23 (32%) .5

Dyspnea 152 (34%) 132 (35%) 20 (28%) .3

Seizure 41 (9.2%) 37 (9.8%) 4 (5.6%) .3

Pallor 32 (7.2%) 27 (7.2%) 5 (7.0%) >.9

Lymphadenopathy 39 (8.7%) 34 (9.0%) 5 (7.0%) .6

Rapid malaria diagnostic 19 (4.2%) 16 (4.2%) 3 (4.2%) >.9

Rapid HIV diagnostic .13

Positive 103 (23%) 92 (24%) 11 (15%)

Indeterminant 8 (1.8%) 8 (2.1%) 0 (0%)

WBC count, K/µL 9 (6–13) 9 (6–13) 7 (5–13) .1

RBC count, M/µL 4.28 (3.66–4.79) 4.24 (3.59–4.79) 4.43 (3.97–4.82) .2

Hemoglobin, g/dL 10.80 (9.00–12.40) 10.70 (9.00–12.28) 11.30 (9.95–12.75) .1

Hematocrit, % 32 (28–37) 32 (27–36) 33 (30–37) .08

Platelet count, K/µL 267 (161–391) 275 (164–404) 225 (130–360) .07

Neutrophils, % 62 (42–76) 62 (42–76) 65 (45–79) .3

Lymphocytes, % 25 (16–43) 26 (16–44) 22 (13–42) .2

Monocytes, % 8.5 (5.9–11.5) 8.5 (5.9–11.6) 7.8 (5.3–10.5) .3

Eosinophils, % 0.20 (0.00–0.90) 0.20 (0.00–1.00) 0.20 (0.00–0.70) .3

Basophils, % 0.80 (0.40–1.20) 0.80 (0.40–1.20) 0.80 (0.45–1.10) >.9

Data are presented as No. (%) or median (interquartile range).

Abbreviations: BMI, body mass index; HIV, human immunodeficiency virus; RBC, red blood cell; SFGR, spotted fever group rickettsioses; WBC, white blood cell.
aPearson χ2 test; Wilcoxon rank-sum test; Fisher exact test.
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accordance with the Transparent Reporting of a Multivariable 
Prediction Model for Individual Prognosis or Diagnosis 
(TRIPOD) checklist (Supplementary Table S3).

Patient Consent Statement

The primary study was approved by the Kilimanjaro Christian 
Medical University College Health Research Ethics Committee, 
the Tanzania National Institutes for Medical Research National 
Health Research Ethics Coordinating Committee, and the insti
tutional review boards (IRBs) of Duke University Medical 
Center and the CDC. The secondary data analysis was reviewed 
by the IRB of the University of Utah and determined to be ex
empt (IRB_00164810). All minors had written informed consent 
given from a parent or guardian, and all adult participants pro
vided their own written informed consent.

RESULTS

Of the 870 participants enrolled in the study, 449 (51.6%) un
derwent follow-up for the collection of convalescent serum. 
Of these 449 participants, 71 (15.8%) met criteria for acute 
SFGR (Figure 1). To address the potential for ascertainment 
bias, where individuals living closer to the study sites might 
be more likely to complete follow-up for convalescent serum 
collection, we compared the demographic and location charac
teristics of those who completed follow-up versus those who 
were lost to follow-up. Our analysis did not reveal statistically 
significant differences between the 2 groups (Supplementary 
Table S4). Mapping the locations of participants who complet
ed follow-up versus those who were lost to follow-up showed 
no discernible patterns (Supplementary Figure S1).

We excluded the highly skewed predictors hematochezia, 
meningeal signs, and the malaria rapid diagnostic from our 
analysis. We found statistically significant differences in several 
clinical variables including vital signs, clinical symptoms, and 
laboratory results between acute SFGR and non-SGFR febrile 

illness (Table 1). Overall, acute SFGR participants were older 
(median age, 24 vs 8 years; P = .003) with significantly higher 
height and weight. Participants with acute SFGR had a lower 
respiratory rate than non-SFGR febrile illness participants (me
dian, 28 vs 32 breaths per minute; P < .001) and were more like
ly reside in a rural setting (59% vs 45%; P = .025). There were 
no significant differences in the CBC results between the 2 
groups, although platelet count and hematocrit had a P value 
of .07 and .08, respectively.

We also found several significantly different hydrometeoro
logical and environmental predictors between participants 
with acute SFGR and those with non-SFGR febrile illness 
(Supplementary Table S5). Acute SFGR was associated with 
higher recent temperatures—significantly higher nighttime 
mean (odds ratio [OR], 1.17 [95% CI, 1.03–1.34]; P = .01) 
and nighttime maximum (OR, 1.16 [95% CI, 1.02–1.32]; 
P = .02) temperature at 1-month lag and daytime minimum 
(OR, 1.08 [95% CI, 1.00–1.17]; P = .03) temperature at 
1-month lag—as well as lower minimum NDWI (a proxy for 
plant water stress, where lower values signify increased plant 
stress) at 1- and 2-month lags (OR, 0.20 [95% CI, .05–.71], 
P = .01; OR, 0.09 [95% CI, .02–.38], P < .001, respectively). 
Additionally, acute SFGR participants had lower minimum 
evapotranspiration rates at a 2-month lag (OR, 0.78 [95% CI, 
.64–.96]; P = .02) and higher maximum evapotranspiration 
rates at a 3-month lag (OR, 1.06 [95% CI, 1.01–1.12]; P = .03).

Model Performance With Parsimonious Variable Selection

To create a model that would not require overly burdensome 
input from the clinician, we limited our model assessment to 
the best-performing 5–10 clinical predictors (measured by 
change in AUC within cross-validation). Starting with 5 clinical 
predictors, we used a random forest classifier to analyze the im
provement in model performance with each additional clinical 
variable included (Figure 2). Model performance improved 
with the inclusion of each predictor; a model with the best- 
performing 10 clinical predictors had an AUC of 0.65 (95% 
CI, .48–.82). This model would include the following clinical 
predictors: respiration rate, admission temperature, oxygen 
saturation, cough, HIV status, platelet count, hemoglobin, 
red blood cell count, basophil count, and hematocrit. Using 
the Youden index, this model had a sensitivity of 91%, a specif
icity of 32%, a negative predictive value (NPV) of 63%, and a 
positive predictive value (PPV) of 71%.

The Addition of Hydrometeorological and Environmental Predictors 
Did Not Significantly Improve Model Performance

We then assessed model performance using only the 10 best- 
performing hydrometeorological and environmental predic
tors (AUC, 0.61 [95% CI, .47–.77]). Next, we fit a model within 
cross-validation using the 10 best-performing clinical and the 
10 best-performing hydrometeorological and environmental 

Figure 2. Average area under the receiver operating characteristic curve 
(AUC; solid line) and 95% confidence intervals (dotted lines) from cross-validation 
(100 iterations) for each model by number of predictors included in the model.
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predictors and assessed how this model compared to a model 
with only the 10 best-performing clinical predictors. By com
bining clinical, hydrometeorological, and environmental pre
dictors, the AUC improved to 0.72 (95% CI, .57–.86), though 
this improvement was not statistically significant (median 
P = .3, 12% of P values <.05). Figure 3 shows a heat map of the 
best-performing predictors by change in AUC for each model.

DISCUSSION

Using data from a 2-center clinical study of febrile illness from 
northern Tanzania, we show the derivation and cross- 
validation of a diagnostic prediction model for SFGR, a febrile 
illness lacking an accurate laboratory diagnostic during acute 

illness. A parsimonious model with 10 clinical predictors in
cluding 3 vital signs, 5 results from CBC, 1 symptom, and 
HIV status had an AUC of 0.65 (95% CI, .48–.82). The opti
mum threshold for the parsimonious clinical model resulted 
in a sensitivity of 91%, a specificity of 32%, PPV of 71%, and 
NPV of 63%. A sensitivity of 91% indicates that this model 
would be useful for identifying patients who should receive em
piric tetracycline therapy, ensuring that the majority of true 
SFGR cases are promptly treated. Models with higher specific
ities had much lower sensitivities (ie, high potential for false- 
negative results); a model with a specificity of 80% and 90% 
had a sensitivity of 43% and 23%, respectively. While our pre
dictive model offers an improvement over existing clinical pre
diction models published for SFGR [39], given the suboptimal 

Figure 3. Heatmap of the top-performing predictors for each model. The environmental and clinical models include the 10 best-performing predictors and the clinical +  
environmental models include the both the top-performing environmental and clinical predictors. Performance was determined by the change in the area under the receiver 
operating characteristic curve after permutation. Values in parentheses indicate the number of lag-months. Abbreviations: AUC, area under the receiver operating charac
teristic curve; EVI, enhanced vegetation index; HIV, human immunodeficiency virus; NDVI, normalized difference vegetative index; NDWI, normalized difference water index.
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performance of these models, there is a critical need for the ex
ploration and validation of specific biomarkers that could 
enhance diagnostic precision of SFGR clinical prediction mod
els and contribute to more effective management strategies in 
regions affected by this potentially fatal bacterial disease. We 
propose assessing candidate biomarkers such as proteins, pep
tides, and nucleic acids, including routine clinical analytes (eg, 
fibrinogen) and vetted translational research assays (eg, endo
thelial activation markers such as angiopoietein-2) that are rel
evant to SFGR’s known pathophysiology of endothelial 
infection and inflammation.

The use of satellite imagery has been shown to facilitate 
modeling of population dynamics of ticks [19, 40], the vector 
for transmission of SFGR. In our prediction modeling, 
EO-hydrometeorological and environmental predictors did 
not improve the AUC of our internally validated model in a 
statistically significant manner. Notably, NDVI, EVI, and 
NDWI undergo variations influenced by extreme weather 
events, land use changes, and other anthropogenic impacts 
[41–43]. Therefore, their dynamic nature would likely impose 
limitations on their applicability within models spanning sever
al years. In this case, incorporating EO-variables resulted in 
only a modest and nonsignificant improvement in prediction 
model performance and their inclusion may not be worth the 
associated costs (eg, time, funding, computational skill, and 
infrastructure).

Similar to what has been reported in the literature, we found 
that a higher body temperature on admission was one of the 
top clinical predictors associated with acute SFGR infection 
[44, 45]. CBC results including thrombocytopenia, leukopenia, 
and lymphopenia have been shown to be significantly different 
between acute SFGR and non-SFGR febrile illness. In our mod
el, platelet count, hemoglobin, and hematocrit were important 
CBC predictors; however, lymphopenia and leukopenia were 
not. Our model also found that respiration rate and oxygen sat
uration contribute to discrimination between acute SFGR and 
non-SFGR febrile illness. While our dataset did not have com
plete information on classic SFGR symptoms including head
ache, myalgias, and rash [46], these symptoms have been 
found to occur in similar proportions among acute SFGR 
and non-SFGR febrile illness [9, 47, 48].

A major limitation of our study is lack of external validation. 
The lack of external validation, coupled with the fact that we 
constructed our model using data from a single endemic region 
in northern Tanzania over a 1-year duration, potentially hin
ders the model’s generalizability to a broader population. 
Given the intricate interplay between vector and host, the 
hydrometeorological-related environmental indices that affect 
SFGR may vary between regions or over time. Furthermore, 
this model was constructed on data from hospitalized patients, 
which represent the most severe presentations of disease. 
Additionally, while we used a robust case definition for acute 

SFGR based on ≥4-fold rise in antibody titer between acute 
and convalescent IFA, the requirement for convalescent sample 
collection could have introduced selection bias to our analysis. 
However, we did not find any significant differences when 
comparing the demographic and location characteristics of 
those who completed follow-up and those who were lost to 
follow-up. Finally, our model lacks covariates on rash or eschar 
as well as other laboratory values that have shown to be corre
lated with SFGR infection (eg, sodium [44, 49], transaminases 
[44, 49–51], lactic dehydrogenase [49, 51], and fibrinogen [52]); 
inclusion of these laboratory parameters may have improved 
model performance.

In conclusion, using an existing dataset of acute SFGR and 
non-SFGR febrile illness in Tanzania, we demonstrated the der
ivation and internal validation of a clinical prediction model for 
SFGR, adding to the paucity of existing diagnostic clinical pre
diction models for this emerging zoonotic pathogen. Further 
research should expand upon this analysis by incorporating 
data from additional febrile cohorts, exploring the inclusion 
of clinical biomarkers, and assessing the performance of this 
model in diverse settings endemic for SFGR to ensure its 
generalizability.
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