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Figure 3. Forest plot comparing mortality of P. falciparum malaria treated with artesunate and 
quinine22. 

 

 
This evidence, regardless of the age of the patient, clearly supported the superiority of 

parenteral artesunate over quinine, prompting revisions and changes in global 

treatment guidelines. Nowadays, artesunate and artemisinin-based combination 

therapies (ACT) are indisputably the first-line treatment for severe and uncomplicated 

malaria worldwide. 23 
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between 2010 and 202129 . However, ECDC only receive data from passive surveillance 

and information about clinical outcomes are missing in almost 50% of cases. In the same 

way, large cohorts specifically describing imported SM cases in non-endemic regions are 

scarce. A small cohort of 20 patients attended in an intensive care unit in the Hospital 

Clinic of Barcelona between 1991 to 2007, described a mortality as high as 25%30 in the 

pre-artesunate era. Besides, one of the most representative studies addressing SM is a 

French cohort with 400 patients, that collected data from 2000–2006. In the mentioned 

cohort, the reported mortality of severe cases was 10.5%31, showing that referral 

centers concentrate the most severe cases and higher mortality rates.  

Fortunately, the introduction of artesunate shifted the paradigm in the management of 

malaria. After WHO recommended using artesunate as a first-line treatment for SM, 

non-endemic countries also started to change their guidelines, even though controlled 

trials were not conducted in non-endemic settings due to the strong evidence already 

collected in endemic regions. European guidelines for the management of malaria were 

drafted in 201232, and incorporated artesunate as first-line therapy. Since then, the 

introduction of intravenous artesunate into treatment practice has been slow because 

a formulation meeting standards of Good Manufacturing Practice (GMP) as well as 

prospective clinical safety data required for regulatory approval were not available. To 

address this issue, a first retrospective multicentric study was conducted, monitoring 

the treatment practices and outcomes of 185 patients with SM across 12 European 

countries between 2006 and 201433. The study added evidence in favor of artesunate 

demonstrating that artesunate reduced the duration of Intensive Care Unit (ICU) and 

hospital stay, with faster parasite clearance time (median, 36 vs 48 hours; p = 0.02, n = 

100). Subsequently, a propensity-score analysis obtained similar results in terms of 

reduction of ICU stay34. However, the latter study, which included patients treated for 

SM in France between 2011 to 2017 (n = 1544), did not find any differences in terms of 

28-day mortality when comparing quinine and artesunate groups. On top of that, in

Spain, the availability of artesunate has been related with a decrease in mortality35. 
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Pathophysiology of severe malaria 
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Figure 4: Plasmodium

Identification of severe cases through WHO definitions 

Table 1)
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Multiple 

convulsions 
More than two episodes within 24 h Not formulated initially 

Body temperature Removed > 39 °C (Hyperpyrexia) was a criterion

Hemoglobinuria Removed Its presence was a criterion 

Table 1. Severity criteria changes according to initial definitions. Adapted. 

Challenges of malaria management in non-endemic areas 

Regardless of the perspective from which the severity of malaria is viewed, it can be an 

aggressive disease, with imported cases presenting unique challenges that complicate 

their definition. Early diagnosis is the first step to implementing the subsequent 

measures, and the WHO recommends the prompt initiation of artesunate and 

management at the highest monitoring level available at hospital for severe malaria. 

Although expert ICU management is essential for the most severe cases (we must not 

forget that the mortality of imported cases remains up to 5% 29,37 ), the pandemic has 

evidenced that a high level of healthcare is a precious resource not universally 

accessible. Additionally, it must be considered that the population attended in non-

endemic areas consists mainly of adults without previous exposure to the infection (or 

with a distant past exposure), which is why the response to the infection may diverge. 

With all this in mind, malaria in non-endemic regions faces some particular challenges.  

First challenge for malaria in non-endemic settings: Identification of 
malaria cases  

Unraveling the etiology of febrile illnesses after international travel can be complicated: 

practitioners in non-endemic areas should consider cosmopolitan pathogens and 

microorganisms of imported origin, which are less familiar to them . Besides, there 

is frequently a clinical overlap between life-threatening diseases such as malaria and 

self-
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thanks to HRP2 performance. However, false-negative results can be obtained due to 

low parasite density, non-falciparum species or “prozone” effect in severe cases, and 

positive results can be detected after treated infections.55,62,66,67 In addition, some 

malaria-endemic areas (mainly the Amazon basin and the horn of Africa) are menaced 

by the deletion of the gene HRP2, which hinders the performance of RDTs14. Ideally, in 

non-endemic areas, RDTs should not replace the blood smear but rather serve as a 

supportive tool or first-line test when a microscopist is not available. Finally, PCR tests 

are at least 10-fold more sensitive than microscopy68, the limit of detection for PCR being 

approximately 0.2–6 parasites per μL of blood 55,68. Although PCR is the most sensitive 

tests, it is a time-consuming, expensive technique, only available in referral centers that 

is not suitable as a valid tool for early diagnosis. 

 
Figure 5. Illustration of different diagnostic tests and their principal characteristics.7,69–71 

 
Above all, regardless of the method used, testing should be available and performed 24 

hours/day, 7 days/week due to the potentially life-threatening nature of the infection. 

If these standards along with the availability of an expert microbiologist are not 

achieved, access to diagnosis is jeopardized and physicians attending a returned traveler 

with fever must decide to wait an unacceptable time until results are available or need 

to transfer a patient with a diagnostic suspicion (any febrile patient returning from a 



35



Second challenge for malaria in non-endemic settings:  Case 
management and disease severity stratification 

Figure 6
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Figure 7.
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Third challenge: Identification of severity biomarkers 

Parasite’s biomarkers: HRP2, pLDH and aldolase. 

P. falciparum
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Plasmodium

Host biomarkers: Angiopoietins, CRP, sTREM-1 and others. 
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Abstract

Background: Early diagnosis is key to reducing the morbi-mortality associated with P. falciparum malaria among
international travellers. However, access to microbiological tests can be challenging for some healthcare settings.
Artificial Intelligence could improve the management of febrile travellers.
Methods:Data from a multicentric prospective study of febrile travellers were obtained to build a machine-learning
model to predict malaria cases among travellers presenting with fever. Demographic characteristics, clinical and
laboratory variables were leveraged as features. Eleven machine-learning classification models were evaluated by
50-fold cross-validation in a Training set. Then, the model with the best performance, defined by the Area Under
the Curve (AUC), was chosen for parameter optimization and evaluation in the Test set. Finally, a reduced model
was elaborated with those features that contributed most to the model.
Results: Out of 11 machine-learning models, XGBoost presented the best performance (mean AUC of 0.98 and
a mean F1 score of 0.78). A reduced model (MALrisk) was developed using only six features: Africa as a travel
destination, platelet count, rash, respiratory symptoms, hyperbilirubinemia and chemoprophylaxis intake. MALrisk
predicted malaria cases with 100% (95%CI 96–100) sensitivity and 72% (95%CI 68–75) specificity.
Conclusions: The MALrisk can aid in the timely identification of malaria in non-endemic settings, allowing the
initiation of empiric antimalarials and reinforcing the need for urgent transfer in healthcare facilities with no access
to malaria diagnostic tests. This resource could be easily scalable to a digital application and could reduce the
morbidity associated with late diagnosis.

Key words:Malaria, travellers, machine-learning

Background

Unravelling the aetiology of febrile illnesses after international
travel is challenging: practitioners in non-endemic areas should
consider cosmopolitan pathogens and microorganisms of
imported origin, which are less familiar to them.1,2 Besides,
there is frequently a clinical overlap between life-threatening
diseases and self-limited or benign conditions, which hinders the
management of these patients.3

Plasmodium falciparum malaria is one of the deadliest
infection among travellers and migrants presenting with acute

undifferentiated febrile illnesses.3,4 The introduction of arte-
sunate in endemic regions has led to an improved management
of severe malaria and a significant reduction in mortality rates.5

However, despite the availability and introduction of artesunate,
the mortality attributable to severe imported cases still remains
unacceptably high, up to 5%.6,7 Hence, early diagnosis is the
cornerstone to minimize morbidity and mortality associated
with this infection.

The gold standard to diagnose Plasmodium infection is
the thick and thin blood smear. Ideally, the time since sample
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collection to result should not exceed 4 hours according
to national and international guidelines in non-endemic
countries.8–10 Notwithstanding, this technique requires the
presence of an expert microbiologist, usually located in tertiary
centres. Rapid diagnostic tests based on antigen detection are
an alternative for Plasmodium detection when the laboratory
capacities are not feasible, but its availability is not generalized
in non-endemic regions. Thus, access to microbiological tests for
malaria diagnosis is demanding for some clinicians, who have to
wait an unacceptable time for laboratory results or are forced
to transfer the patient elsewhere with an undiagnosed febrile
illness.

To overcome the diagnostic difficulties, several studies iden-
tified the most relevant clinical and analytical characteristics
associated with malaria, and Taylor SM et al. systematically
reviewed them,11 concluding that among travellers, the presence
of splenomegaly, jaundice or pallor were clinical findings signifi-
cantly increasing the risk of malaria, whereas thrombocytopenia
and hyperbilirubinemia were the laboratory values demonstrat-
ing the highest likelihood ratios. Moreover, different scoring
systems were proposed for endemic areas, but no predictive score
was suggested for non-endemic settings.

Machine learning (ML) is a branch of artificial intelligence,
and unlike traditional programming methods, ML algorithms
are designed to autonomously discern patterns and rules from
data.12,13 ML models have gained widespread recognition
and acceptance in various domains, including healthcare,
demonstrating to be valuable resources for the unmet diagnostic
needs in infectious diseases,14 as well as in chronic conditions.15

Particularly in malaria, efforts have mainly been directed
at improving laboratory diagnosis,16,17 but the potential
usefulness of ML in predicting imported malaria has not been
explored.

Common ML types include supervised and unsupervised
learning models (e.g. clustering algorithms).18 Apart from logistic
regression, which uses a linear approach, ML includes mod-
els enabling the interpretation of non-linear relationships (tree-
based models), along with other models that assume an under-
lying probabilistic model.19,20 The broader approach of ML,
which incorporates models that employ various pathways, might
improve the predictive capacity of conventional methods.

Our goal was to develop an ML-based predictive model
designed to serve as a clinical decision support system, in order to
supply a probability assessment for suspected malaria in patients
exhibiting fever following international travel. Its purpose is to
offer guidance to healthcare professionals working in settings
where rapid malaria diagnostics are not readily available.

Methods

Study site and data

This study was conducted as an ancillary study within a
prospective multicentre cohort study of international returning
travellers or recently arrived migrants with fever, that enrolled
patients from November 2017 to November 2019.21 The
participants were recruited in three referral centres: Hospital
Clinic of Barcelona/Barcelona Institute for Global Health, Spain,
Tropical Medicine in Antwerp, Belgium and Primary Care and

Public Health, University of Lausanne, Switzerland. Patients
above 18 years presenting with axillary temperature≥37.5◦C
(or equivalent symptoms of fever) were eligible to participate.
After obtaining informed consent on the day of inclusion, a
predefined clinical algorithmwas applied with defined diagnostic
procedures, published elsewhere.21 Briefly, a blood smear was
performed in all patients returning from malaria endemic
areas. In patients with acute fever with no focal signs, once
malaria was ruled out, targeted polymerase chain reaction
(PCR) test and paired specific antibody tests against dengue,
chikungunya and Zika viruses were performed in all patients.
Serologies and targeted PCRs against Leptospira spp. and
Rickettsia spp., blood cultures, HIV tests, as well as other
microbiological test were performed according to the clinician’s
suspicion. Diagnosis of Plasmodium infection was defined by a
positive microscopy of stained thick and thin blood smear. In
febrile patients with previous antimalarial intake and a negative
blood smear, diagnosis of malaria was also assumed if rapid
diagnostic antigen test (Bioline™Malaria Ag P.f/pan) or targeted
PCR resulted positive, in absence of alternative diagnosis. For
the non-malarial diagnoses, microbiologically confirmed cases
were collected. These consisted of arboviral diseases and other
viral diagnoses, bacterial and fungal infections. Also, specific
syndromic diagnoses were included: travellers’ diarrhoea,
respiratory infections, skin and soft tissue infections and urinary
tract infections. Finally, the group of undiagnosed non-malarial
fevers was integrated as well.

A total of 764 patients with fever were included in the study
period and used as dataset. For the design of the model, 70
features of the participants were used, including demographics,
previousmedical conditions, travel history and exposures, as well
as symptoms, physical examination and laboratory data. The
complete list of features used to build the model is shown in
Supplementary Table 1.

Pearson χ 2 test or Fisher’s exact test was used to compare
categorical variables between groups, and for quantitative vari-
ables with non-normal distribution Mann–Whitney U test or
Kruskal–Wallis tests were applied.

Model development

We employed an ML approach to develop a predictive model
for malaria in patients with imported fever. Missing data were
completed by multiple imputation without including the malaria
infection variable. In the supervised learning workflow, all mod-
els undergo validation using a portion of the data known as
the training set, typically comprising 80% of the dataset. Subse-
quently, they are evaluated on the test set, which constitutes the
remaining 20% of the data. The model exhibiting the highest per-
formance is selected and further optimized to enhance accuracy.
The Training set was used to train 11 machine-learning classi-
fication models: Support vector machines (SVM), Radial Basis
Function SVM (RBF-SVM), Gaussian Process Classifier (GPC),
Decision Tree (DT), Random Forest (RF),Multi-layer Perceptron
classifier (MLPC), AdaBoost (AB), Gaussian Naive Bayes classi-
fier (GNBC), Quadratic Discriminant Analysis (QDA), XGBoost
(XGB) and Logistic Regression (LR) whose performance was
compared by 50-fold cross-validation using the area under the
ROC curve (AUC) and F1 score (F1) as the scoringmetric. In each
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MALrisk 3

Figure 1 Model building

validation fold, 70% of training was used to train the model and
30% of the Training set was used to evaluate it. For the cross-
validation procedure, we used all the variables and the default
parameters of each model according to the scikit-learn Python
library.22 Figure 1 shows a visual representation of model’s con-
struction. For each model, the mean and standard deviation of
AUC and F1 in the cross-validation were determined. The model
with the best AUC and F1 values was chosen for parameter
optimization.

The features were ranked according to their predictive con-
tribution to the model by SHAP values,23,24 taking into account
that some features increased the likelihood of malaria and oth-
ers decreased it. Those that contributed most to the model
were selected to generate a reduced model, called MALrisk.
As the classification model was designed to serve as a screen-
ing tool, a probability threshold that achieved high sensitivity
was prioritized. Finally, a description of misclassified cases was
done to assess its distribution between different aetiologies and
the potential clinical impact. In this subgroup of misclassified
patients, arboviral diseases were comprehensively analysed due
to their high prevalence among undifferentiated febrile illnesses.
The machine learning model was developed out with the scikit-
learn Python library.22

Ethics

The study was approved by the Institutional Review Board
and the Ethics Committee of the Hospital Clinic of Barcelona

(HCB/2017/0612), the Institutional Review Board of the Insti-
tute of Tropical Medicine and the Ethics Committee of the
University Hospital in Antwerp (ITG 1235/18) and the Ethics
Committee of the canton of Vaud of Switzerland (CER-VD2018–
00672). Written informed consent was obtained from all study
participants. The study was designed in compliance with Good
Clinical Practice and following the Declaration of Helsinki.

Results

Dataset

Regarding the 764 patients included in the cohort, the median
age was 36 years (IQR: 28–47) and 405 (53.0%) were men.
The main reason for travelling was visiting friends and fam-
ily, in 133 (17.4%) patients. A total of 96 (12.6%) patients
were diagnosed with malaria, of whom 32 (33.3%) had severe
malaria, with no fatalities. Concerning to diagnostic methods, in
all malaria cases a blood smear was performed. In 8/96 patients
the blood smear was negative at presentation. Among them, 6/8
had a positive PCR and 2/8 had a positive RDT. Both patients
were repatriated after initiating anti-malarial treatment and had
<100.000 109/L platelet count and no alternative diagnosis. The
remaining 668 (87.4%) patients had fever with a non-malarial
diagnosis. The most common diagnoses in this last group were
traveller’s diarrhoea, respiratory infections and arboviral dis-
eases, with 160 (20.9%), 154 (20.2%) and 85 (11.1%) partici-
pants, respectively. Besides, 155 (23.2%) patients remained with
an undiagnosed condition (after excluding malaria) at the end
of the diagnosis work-up. Relevant demographic and clinical
characteristics of patients with malaria as well as non-malaria
cases are summarized in Table 1. Regarding malaria cases, 31
(32.2%) had a previous medical condition, and among them,
10 (32.6%) were immunosuppressed. With regard to the visited
continent, 94 (97.9%) came from Africa. Apart from having
fever, which was an inclusion criterion for the study, clini-
cal presentation was characterized by headache in 75 (78.1%)
cases, followed by gastrointestinal symptoms in 57 (59.4%)
and myalgia in 45 (46.9%) participants. These three nonspe-
cific symptoms were also present in patients without malaria,
accounting for 439 (65.7%), 403 (60.3%) and 361 (54.0%),
respectively.

Predictive model: MALrisk

After assessing all 11 models, the XGBoost model had the best
performance in the cross-validation, with a mean AUC of 0.98
and a mean F1 of 0.78 in the Training set (Table 2). After
parameters’ optimization, we obtained a XGBoost model with
70 features and an AUC of 0.92 in the Test set (Figure 2a). To
enable the clinical application of the model, we selected the most
contributing features to create a reduced model (MALrisk). The
model is based on six features: Africa as a travel destination,
platelet value, presence or absence of rash, presence or absence
of respiratory symptoms, bilirubin value and chemoprophylaxis
intake. Regarding its performance, MALrisk showed a high-
predictive capacity, with an AUC of 0.95 in Test set evaluation
(Figure 2a). Within the model, the contribution of each feature
in the MALrisk was calculated with the SHAP values, and were
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Table 1 Baseline characteristics of patients with malaria and non-malarial fever

Non-malarial fevers

(n =668)

Malaria (n =96) P value

Age Median (IQR) 35.5 (28–47) 40.5 (31–50.5) 0.006
Men, n (%) 334(50.0) 71 (74.0) <0.001
Previous medical condition, n (%) 191 (28.6) 31 (32.3) 0.450
Travel destination: <0.001

Africa, n (%) 241(36.1) 94 (97.9)
Asia, n (%) 257(38.5) 0
America, n (%) 152(22.8) 1 (1.0)
Oceania, n (%) 6(0.9) 0
Europe, n (%) 12(1.8) 1(1.0)∗

Travel reason
Tourism, n (%) 429 (64.1) 9 (9.4) <0.001
Business, n (%) 81 (12.1) 9 (9.4) 0.437
Cooperation, n (%) 70(10.5) 20 (20.8) 0.003
VFR and recent arrived migrants n (%) 86 (12.9) 57 (59.4) <0.001

Antimalarial chemoprophylaxis n (%) 61 (9,1) 1 (1.04) 0.007

SYMPTOMS & SIGNS
Seizures, n (%) 15 (2.3) 2 (2.1) 0.920
Headache, n (%) 439 (65.7) 75 (78.1) 0.015
Retro-orbital pain, n (%) 147 (22.0) 9 (9.4) 0.004
Myalgia, n (%) 361 (54.0) 45 (46.9) 0.188
Arthralgia, n (%) 216 (32.3) 35 (36.5) 0.421
Sore throat, n (%) 176 (26.3) 10 (10.4) 0.001
Rhinorrhoea, n (%) 140 (21.0) 5 (5.2) <0.001
Ear pain, n (%) 32 (4.8) 0 0.028
Respiratory symptoms, n (%)∗∗ 340 (50.9) 23 (24.0) <0.001
Gastrointestinal symptoms, n (%)∗∗ 403 (60.3) 57 (59.4) 0.858
Hypotension, n (%) 28 (4.2) 12 (12.5) 0.001
Tachycardia (>100 bpm), n (%) 80 (12.0) 30 (31.3) <0.001
Tachypnoea (>25 bpm), n (%) 32 (4.8) 13 (13.5) 0.001
Glasgow coma scale alteration, n (%) 4 (0.60) 4 (4.2) 0.001
Haemorrhagic sign, n (%) 6 (1.0) 0 0.351
Conjunctival suffusion/Conjunctivitis, n (%) 34 (5.09) 1 (1.0) 0.076
Jaundice, n (%) 7 (1.1) 16 (16.7) <0.001
Crackles, n (%) 18 (2.7) 4 (4.2) 0.420
Hepatomegaly, n (%) 22 (3.3) 12 (12.5) <0.001
Splenomegaly, n (%) 7 (1.1) 6 (6.3) <0.001
Rash, n (%) 163 (24.4) 3 (3.1) <0.001
Tache noire, n (%) 19 2.84 0 0.094

LABORATORY PARAMETERS
Neutrophils 109/L∗∗∗ 4.0 (2.5–5.9) 3.2 (2.5–4.3) 0.001
Lymphocytes 109/L 1.3 (0.8–1.7) 0.9 (0.5–1.2) <0.001
Platelet count 109/L∗∗∗∗ 214.5 (172.0–270.0) 97.5 (58.0–163.0) <0.001
Haemoglobin, g/dL∗∗∗ 141 (131–150) 132 (118–145) <0.001
Creatinine, mg/dL∗∗∗ 0.84(0.71–0.99) 0.99 (0.8–1.16) <0.001
ASAT/GOT, U/L∗∗∗ 26 (20–40) 37.5 (28–71) <0.001
LDH, U/L 201.5 (172–251) 308 (230–457) <0.001
Bilirubin, mg/dL 0.5 (0.4–0.7) 1.40 (0.76–2.1) <0.001
C-reactive protein, mg/dL 2.26 (0.6–6.09) 9.1 (3.5–16.1) <0.001

∗Heart transplanted patient, did not travel. ∗∗Respiratory symptoms include cough, dyspnoea and pleural effusion. Gastrointestinal symptoms include nausea, vomiting, diarrhoea and
abdominal pain. ∗∗∗Statistically significant, without clinical value. ∗∗∗∗Thrombocytopenia was defined as a platelet value lower than 150x109/L.

as follows: Africa was the feature with the highest contribution
(41%), followed by the quantitative platelet value (26%), rash
(10%), respiratory symptoms (9%) and bilirubin values above
1.2 mg/dL (9%). The feature that contributed least to the model
was the correct chemoprophylaxis intake (5%). The presence of

rash and respiratory symptoms, as well as the chemoprophylaxis
intake reduced the risk of malaria. Coming from Africa and
high-bilirubin value increased the risk of having malaria. For
platelets, normal value decreased the risk whereas thrombocy-
topenia increased the risk of having malaria (Figure 3) Based on
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Table 2 Performance of machine learning models in 50-folds cross validation in the Training set

Model Mean AUC in

cross-validation

SD AUC in

cross- validation

Mean F1 in

cross-validation

SD F1 in

cross-validation

XGBoost (XGB) 0.98 0.01 0.78 0.06
Logistic Regression (LR) 0.98 0.01 0.77 0.05
Support vector machines (SVM) 0.97 0.01 0.74 0.05
AdaBoost (AB) 0.93 0.02 0.74 0.05
Gaussian Naïve Bayes Classifier (GNBC) 0.92 0.03 0.66 0.07
Random Forest (RF) 0.91 0.03 0.09 0.16
MLPC 0.86 0.08 0.57 0.1
Decision Tree (DT) 0.84 0.04 0.63 0.07
Quadratic Discriminant Analysis (QDA) 0.66 0.06 0.04 0.05
Radial Basis Function SVM (RBF-SVM) 0.5 0.01 0.1 0
Gaussian Process Classifier (GPC) 0.5 0.01 0.14 0.08

Figure 2 Performance of XGBoost models with 70 features and MALrisk. a. AUC in the Test set. b. Positive predictive value- Sensitivity curve. c.
Confusion matrix of MALrisk applied to the whole data set

Figure 3 MALrisk SHAP values. Each point represents a patient. For
quantitative features, high values are represented in red and low values
in blue. For dichotomic features, affirmative answers are represented
in red and negative answers in blue. The corresponding SHAP value is
observed on the x-axis

AUC of Figure 2a, a cut-off value that showed a sensitivity of
100% (95% CI 96–100) with a specificity of 72% (95% CI 68–
75) was obtained. Consequently, MALrisk labelled as suspected
malaria cases all severe and non-complicated malaria cases, as
well as all P. falciparum and non-falciparum malaria infections.

MALrisk model showed a low range of error among the
main diagnoses for the non-malarial fevers. Overall, a total of
189 (28%) of non-malarial fevers were incorrectly classified
as malaria cases (Figure 2c). All misclassified patients had at
least one of the following conditions, regardless of their final

diagnosis: 162 of 189 (85.7%) came from African countries and
108 (57.1%) presented with thrombocytopenia at first evalua-
tion. Furthermore, 81 (42.9%) patients shared both conditions.
Table 3 details the non-malarial fever diagnoses and the incor-
rectly classified patients in each category. Regarding patients
with diarrhoea, 43 of 160 (27%) were misclassified, as well as
38 of 154 (25%) patients with respiratory infections. Regarding
arboviruses, MALrisk incorrectly classified as malaria cases, 13
of the 77 (17%) dengue cases. As for the dengue cases, it is
important to note that individuals incorrectly classified as
suspected malaria cases had a significantly lower median platelet
count compared to those correctly classified (66x109/L vs.
83x109/L, P = 0.045). Among bacterial infections with no
focal signs, the MALrisk incorrectly classified 20 of the 57
(35%) Rickettsia spp. infections, seven (41%) of the 17 (41%)
Coxiella spp., as well as two of the 13 (15%) Leptospirosis cases.
Moreover, 50 of the 155 (32.3%) undiagnosed non-malarial
fevers were misclassified.

Discussion

MALrisk is a clinical decision support system to promptly sus-
pect malaria in patients with imported fever. With only six
variables that are easy to obtain through medical history (travel
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Table 3 Causes of fever in non-malarial fevers and percentage of incorrectly classified cases as suspected malaria

Cause of fever Incorrectly classified as a suspected malaria case∗

BACTERIAL INFECTIONS with no focal signs
Rickettsia spp. (n = 57) 20 (35%)
Coxiella spp. (n = 17) 7 (41%)
Bartonella spp. (n = 15) 2 (13%)
Leptospirosis (n = 13) 2 (15%)
Anaplasma spp. (n = 10) 1 (10%)
Typhoid fever (n = 6) N/A
Non-typhoid salmonella bacteraemia (n = 4) N/A
Orientia spp. (n = 3) N/A
Melioidosis (n = 1) N/A
Syphilis (n = 5) N/A
Lyme (n = 1) N/A

ARBOVIRUS∗∗
Dengue (n = 77) 13 (17%)
Chikungunya (n = 7) N/A
Zika (n = 2) N/A

OTHER VIRAL DISEASES
New HIV diagnosis (n = 4) N/A
CMV (n = 3) N/A
Hepatitis A (n = 2) N/A
Hantavirus (n = 1) N/A

OTHER INFECTIONS
Histoplasma (n = 3) N/A
Amebiasis (n = 4) N/A
Mycobacteria (n = 3) N/A
Aseptic meningitis (n = 2) N/A
Katayama syndrome (n = 1) N/A

SYNDROMIC DIAGNOSIS
Traveller’s diarrhoea (n = 160) 43 (27%)
Respiratory tract infection (n = 154) 38 (25%)
Skin and soft tissue infection (n =22) 7 (32%)
Urinary tract infection (n = 18) 6 (33%)

UNDIAGNOSED NON-MALARIAL FEVERS (n = 155) 50 (32.3%)

All diagnoses were microbiologically confirmed, except from syndromic diagnosis. Among traveller’s diarrhoea, 145(90.6%) had a positive stool test. ∗Diagnoses with n <10 patients
were excluded from the statistical analysis. ∗∗There was one co-infection among arboviral infections.

destination, chemoprophylaxis intake, presence of rash and res-
piratory symptoms) and basic laboratory results (platelet count
and bilirubin level), MALrisk achieved 100% sensitivity and
72% specificity in the Test set. This ML tool aims to offer guid-
ance to clinicians working in healthcare settings without rapid
access to malaria diagnostic tests. In the evaluated population,
all malaria cases, regardless malaria species or severity, were
correctly classified by MALrisk.

Apart from the study of Taylor SM et al., other studies have
also described afterwards the most frequent variables associated
with imported malaria.3,11,21 Consistently with previous reports,
the MALrisk included epidemiological variables such as return-
ing from Africa and chemoprophylaxis intake, while symptoms
classically associated with malaria such as abdominal pain, vom-
iting, headache or myalgia did not show enough discriminatory
power (as they are also common symptoms in other infections).
In addition to hyperbilirubinemia, thrombocytopenia is the main
laboratory value associated with malaria in literature, and a
normal platelet count has a high-negative predictive value.3,25

For MALrisk, platelet value was the second most important
feature for risk prediction. On the other hand, arboviruses and

respiratory infections were two of the main diagnoses in trav-
ellers with non-malarial fevers. Not surprisingly, features, such
as rash (classically associated with arboviral infections) and
respiratory symptoms,were negatively associated with malaria.26

Identifying characteristics that increase diagnostic probabili-
ties of malaria is a fundamental and necessary step when assess-
ing a patient with fever. One effective way to incorporate these
variables into clinical practice is through algorithms or score
systems. Although such systems have been proposed for malaria
in endemic areas or for arbovirus infections in non-endemic
regions,11,26 there is currently a lack of scores specifically tailored
for travel-related malaria. At the same time, ML involves an
interesting step forward in terms of considering clinical variables
of predictive value. ML contributes to the development of these
scores by providing a comparable level of accuracy while offering
adaptability. This adaptability stems from themodel’s capacity to
be trained with diverse populations, enabling it to handle large
sets of variables and demographics, while maintaining an easy-
to-use approach for the MALrisk application by a clinician: A
digital application that asks 5 ‘yes or no’ questions and needs a
number to be registered for the platelet value.
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On the other hand, ML has been mainly applied to optimize
the blood smear interpretation.17 Only two studies have
addressed malaria diagnosis with a ML-based tool: One of
these studies extracts information from PubMed case reports
and abstracts, but its practical approach needs to be defined.27

The other study was not developed for the prediction of
imported malaria and uses laboratory parameters (platelet
values, haemoglobin and leucocytes) to predict malaria in
endemic settings.28 To the best of our knowledge to date, this
is the first predictive model using both clinical and laboratory
features, designed for imported malaria diagnosis.

Despite the wax and wanes of malaria incidence observed in
endemic countries during the last years,most countries are geared
towards malaria control and eradication.29 Notwithstanding,
imported malaria cases barely have changed in the past, and
during pandemics, a higher risk for severe malaria was described
due to delay in diagnosis.30 Also, COVID-19’s irruption has
changed the diagnostic probabilities of acute fever, and clinicians
should be again prepared to evaluate febrile patients after inter-
national travel. In this sense, self-limited viral illnesses may be
indistinguishable from malaria, which could lead to underesti-
mate the odds of severe outcomes. At the same time, the key to
reducing morbidity and mortality from imported malaria is early
diagnosis. Since MALrisk identifies patients with high risk of
having malaria, the result should encourage clinicians to start an
urgent package of measures, which may range from transferring
patients to a referral centre where the workup can be completed
to initiating empirical treatment while awaiting results. Albeit
the use of empirical antibiotic therapy is widely implemented, the
prescription of empirical antimalarials is not widespread, despite
the safety of antimalarials have been demonstrated over time.31

Therefore, MALrisk could support clinicians to start an urgent
treatment, if diagnostic tests are unavailable within a few hours
or if the clinical severity of the patient requires it.

On the other hand, the model misclassified 28% of non-
malarial febrile patients as suspected malaria cases. This implies
that, in less than one-third of patients, the model recommends
urgent testing and supports a decision to start an empirical
treatment. To understand this outcome, it is important to point
out that for MALrisk, platelet value and coming from an African
country were the features that contributed most to the model,
and this is the reason why in the incorrectly classified cases
these two features were often present. However, we believe that
emphasizing the need to quickly rule out malaria in febrile
travellers returning from Africa or presenting with thrombocy-
topenia, is still key in clinical practice, as the main problem for
malaria in non-endemic countries is delayed diagnosis.

However, this study presents several limitations. Further
studies allowing robust external validation in an independent
cohort with large populations would be necessary to evaluate
the performance of MALrisk, especially in different populations,
presenting not only with fever but a wider variety of symptoms
(e.g. diarrhoea or joint pain only). This fact could also alter
the contribution of the selected features to the model, making
hypothetically Africa as a travel destination and platelet value
less decisive.However, if these steps could be executed, the model
could be trained to upgrade the performance and could be easily
integrated into computers’ software or into a digital application.
Finally, studies evaluating the feasibility should be performed to

make possible a real and practical impact in different healthcare
settings.

To summarize, the MALrisk is a promising tool to promptly
identify suspected malaria cases in patients with imported
fever in all clinical settings, allowing the initiation of empiric
antimalarials and reinforcing the need for urgent transfer. This
resource could be easily scalable to a digital application and
could help clinicians in the decision-making process of the
patient. Finally, this measure could reduce the morbi-mortality
associated with this infection, pending universal access to
microbiological tests.

Supplementary data

Supplementary data are available at JTM online.
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SUPPLEMENTARY TABLES

Supplementary table 1

DEMOGRAPHIC AND TRAVEL 
RELATED VARIABLES

SYMPTOMS AND SIGNS PHYSICAL EXAMINATION LABORATORY VALUES*** 

Age Duration of fever before 
consultation 

Fever 
Leucocyte count 

Sex Minimum incubation 
period 

Hypotension Neutrophil count 

Born in a non-endemic 
country Neurologic impairment Tachycardia Lymphocyte count 

Visiting Friends and 
Relatives Chills Tachypnea Eosinophil count 

Previous malaria 
episode Seizures 

Glasgow coma scale 
alteration Platelet count 

Correct 
chemoprophylaxis 

intake 
Headache Coma Hemoglobin 

Travel destination Asia Retro-orbital pain Hemorrhagic signs Creatinine 

Travel destination Africa Myalgia Conjunctivitis ASAT 

Travel destination 
America Arthralgia Abscess ALAT 

Travel destination 
Europe Sore throat* Jaundice GGT 

Travel destination 
Oceania Rhinorrhea* Crackles Alkaline phosphatase 

Number of countries 
visited/stayed Ear pain Heart murmur LDH 

Travel duration (days) Cough* Abdominal tenderness Bilirrubin 

Contact with rural area Pleuritic pain* 
Painful hepatic 

percussion 
C-reactive protein

Contact with animals Dyspnea* Hepatomegaly Glucose 

Nausea** Splenomegaly 
Vomiting** Lymphadenopathies 

Abdominal pain** Rash 

Diarrhea** Tache noire 
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Supplementary figure 1. 
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ARTICLE 2 
Not all severe malaria cases are severe: Is it time to 
redefine severity criteria for malaria in non-endemic 

regions? 
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Supplementary table B.

Parameters, median (IQR) 

TOTAL 

n = 506 

UM group

n = 330 

SM group 

n = 176 
p value 

Glucose mg/dL 

Creatinine mg/dL 

C-reactive protein mg/dL

Bilirubin mg/dL  

Alanine aminotransferase U/L  

Alkaline phosphatase U/L 

Gamma-glutamyltransferase U/L 

LDH U/L 

Platelets 10 /L  

Hemoglobin g/dL  

Leukocytes 10 /L 

Neutrophils 10 /L 

Lymphocytes 10 /L 

Prothrombin % 
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SUPPLEMENTARY TABLES 

Supplementary Table A.

Species TOTAL 
n = 506 

UM group 
n = 330 

SM group 
n = 176 

p-value

Plasmodium falciparum 

Non-falciparum1  
P.vivax
P. ovale
P. malariae

Parasitemia at diagnosis 
P.falciparum parasitaemia
P.vivax parasitaemia

Plasmodium 
Plasmodium knowlesi

P.falciparum
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ARTICLE 3 
Host biomarkers for early identification of severe 

imported Plasmodium falciparum malaria 
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SUPPLEMENTARY TABLES 

Supplementary table A. STROBE Statement—Checklist of items that should be included in 
reports of case-control studies. 

No Localization in the text 
Title and abstract 1 Title 

Abstract 

Introduction 
Background/rationale 2 Background 
Objectives 3 Background section, last paragraph 

Methods 
Study design 4 Methods, study design and population, first paragraph 
Setting 5 Methods, study design and population, first paragraph. 

Data collection section.   

Participants 6  Methods, study design and population, first and second 
paragraphs.  

Variables 7 Methods, data collection and laboratory procedures section. 

Data sources/ 
measurement 

8 
Methods, statistical analysis section 

Bias 9 Methods, statistical analysis section 
Study size 10 Methods, data collection and laboratory procedures section. 
Quantitative variables 11 Methods, statistical analysis section 

Statistical methods 12 Methods, statistical analysis section 

Results Results section 

Participants 13 Results section, baseline characteristics and patients with 
severe malaria sub-sections.Tables 1,2.   

Descriptive data 14 Tables 1,2 

Outcome data 15 Methods, statistical analysis section, and tables 3,4 
Main results 16 Results, figure 1, table 3, 4, figure 2. 

Other analyses 17 Results, supplementary tables, table 4. 

Discussion 

Key results 18 Discussion, first paragraph.  

Limitations 19 Discussion section, limitations sub-section. 

Interpretation 20 Discussion, last paragraph.  
Generalisability 21 Discuss the generalisability (external validity) of the study results 

Other information 

Funding 22 Last paragraph of the text 
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Supplementary table B. Diagnosis of the non-malaria group. 

80



Supplementary Table C. Clinical presentation of patients with malaria. 

TOTAL MALARIA 
CASES
n = 82

UM group SM group 

Days until diagnosis, median (IQR)     

Fever, n (%)     

Headache, n (%)     

Vomits, n (%)     

Diarrhea, n (%)     

Hepatomegaly, n (%)     

Splenomegaly, n (%)     

Jaundice, n (%)     

Impaired consciousness, n (%)     
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Supplementary table D. Severity criteria frequency 

SEVERITY CRITERIA Total n = 52 n (%)

1 severity criteria 

> 1 severity criteria

Hyperparasitaemia 

Hyperbilirrubinemia 

Shock 

Prostration 

Acidosis 

Acute kidney injury 

Decreased level of consciousness 

Pulmonary aedema 

Hipoglycemia 

Seizures 

Anaemia 

Major bleed 
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SUPPLEMENTARY FIGURES

Supplementary figure A. Model 2 nomogram, based con Ang-2 and CRP. 
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ARTICLE 4 
LDH as a prognostic biomarker in imported malaria: 
Implementing smartphone-based analysis for rapid 

clinical decision-making 
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Pedreira J¹ , Balerdi-Sarasola L² , Fleitas P¹, Villanueva G¹, Petrone P¹, Muñoz J², 
Camprubí-Ferrer D², Parolo C³.  

1: ISGlobal, Barcelona, Spain. 

2: ISGlobal, Barcelona, Spain; International Health Department, Hospital Clínic de 
Barcelona, Barcelona, Spain; Facultat de Medicina i Ciències de la Salut, Universitat de 
Barcelona (UB), Barcelona, Spain 

3: ISGlobal, Barcelona, Spain; Facultat de Medicina i Ciències de la Salut, Universitat de 
Barcelona (UB), Barcelona, Spain 

86



BACKGROUND 

METHODS 

RESULTS 

CONCLUSIONS 

87



INTRODUCTION 
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P. falciparum
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Plasmodium spp.
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METHODS 
Study design and population 

P. falciparum

P. falciparum
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Figure 1. Summary of the current situation of imported malaria management and proposed methodology 
workflow for  based on RDT interpretation.  

Data collection and laboratory procedures 

 P. falciparum

pfHRP2 and pfLDH reference materials
P. falciparum

Biotinylation of detection monoclonal antibodies (mAbs) 
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Coupling of mAbs to magnetic beads 

Luminex procedure 
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Figure 1: Experimental procedure for quantifying pfHRP2 and pLDH levels using the Luminex xMAP® 
technology. Top Left: A schematic of a 96-well plate with calibration curves and sample dilutions. Top 
Right: Step-by-step process: 1) Addition of samples and controls, 2) Addition of detection antibodies (anti-
HRP2 and anti-LDH), 3) Addition of streptavidin-PE. Bottom Right: Visualization of antibody-antigen 
binding and signal enhancement via streptavidin-PE. Bottom Left: Sample analysis with detection of 
fluorescence signals from bound analytes. 

Luminex results analysis 

LFA procedure 
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Figure 2: Lateral flow assay for detecting malaria antigens, including pfHRP2 and pLDH. The diagram 
shows the structure of the LFA strip, including the sample pad, conjugate pad, reaction membrane, and 
absorbent pad. Key Steps: A blood sample is placed on the sample well, followed by the addition of assay 
diluent. The test strip displays results within 15 minutes, with specific regions indicating the presence of 
pfHRP2, pLDH, and control lines. 
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RESULTS 

Clinical assessment  

Figure 3: Patient classification based on malaria status and severity. A total of 121 patients were 
assessed and classified in Non-Malaria Febrile (NMF) conditions, or malaria infected. Among the malaria 
patients they were categorized between Uncomplicated Malaria (UM) or Severe Malaria (SM), meeting at 
least one severe malaria criteria listed on the table. The table details the specific severe malaria criteria 
and the frequency of each condition among the SM patients. 
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Luminex results 

HRP2 Luminex results

 

  

: 

LDH Luminex results 

Prognostic value of the combination of HRP2 and LDH 
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Table 1: Parasite biomarker concentration in Luminex (ng/mL) 

A. Diagnostic Total (n=121) NMF (n=46) Malaria (n=75) p-value

B. Prognostic Malaria (n=75) UM group (n=25) SM group (n=50) p-value
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Figure 4: Performance Metrics of Biomarkers in Diagnosing and Predicting Malaria Severity measured 
by Luminex. A) Luminex boxplots. A.1) pfHRP2 Concentrations across patient groups: Distribution of 
pfHRP2 concentrations (μg/ml) among different patient groups: SM, UM, NMF. The boxplot indicates 
higher median pfHRP2 levels in SM compared to UM and NMF groups (p < 0.001). A.2.) pLDH 
concentrations across patient groups: Distribution of pLDH concentrations (μg/ml) among different 
patient groups: SM, UM, NMF. The boxplot shows elevated pLDH levels in the SM group compared to UM 
and NMF (p < 0.001). B) Diagnostic performance. B.1) AUC-ROC Curve for pfHRP2: As a diagnostic marker 
shows an Area Under the Curve (AUC) of 1.000 (1.000 - 1.000), indicating perfect diagnostic performance.  
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B.2) AUC-ROC Curve for pLDH: As a diagnostic marker, with an AUC of 0.927 (0.860 - 0.987),
demonstrating high diagnostic accuracy. C) Prognostic performance. C.1) AUC-ROC Curve for pfHRP2: The
prognostic performance of pfHRP2, with an AUC of 0.881 (0.773 - 0.948), indicates good predictive
capability. C.2) AUC-ROC Curve for pLDH: The prognostic performance of pLDH, with an AUC of 0.878
(0.789 - 0.958), suggests a suggests a strong prognostic ability. (Calibration curves are provided in the SI)
C.3) AUC-ROC Curve for Combined HRP2 and LDH: The prognostic performance of the combination of
pfHRP2 and pLDH, with an AUC-ROC of 0.879 (95% CI: 0.798-0.96) suggests a suggests a strong prognostic
ability with no significantly improved performance compared to the individual biomarkers.

LFA results picture quantification 
HRP2 Picture quantification 

 

LDH Picture quantification
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Prognostic value of the combination of HRP2 and LDH 

Table 2: Parasite biomarker concentration in LFA (ng/ml) 

A. Diagnostic Total (n=87) NMF (n=16) Malaria (n=71) p-value

pfHRP2 (IQR) 
1331.2 (648.6-

2262.2) 
0 

(0-0) 
1577.1 (1092.8-

2351.2) 
< 0.001 

177.6 
(0-422.5) 

0 
(0-0) 

219.8 
(0-441.4) 

< 0.001 

B. Prognostic Malaria (n=71) UM group (n=25) SM group (n=46) p-value

1577.1 (1092.8-
2351.2) 

1577.1 (1165.5-
2351.2) 

1568.3 (1040.9-
2298.4) 

0.847 

219.8 
(0-441.4) 

0 
(0-187.7) 

381.5 (200.0-
543.4) 

< 0.001 
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Figure 5: Performance Metrics of Biomarkers in Diagnosing and Predicting Malaria Severity measured 
by LFA. A) LFA boxplots. A.1) pfHRP2 Concentrations across patient groups: Distribution of pfHRP2 
concentrations (μg/ml) among different patient groups: SM, UM, NMF. The boxplot indicates similar 
median pfHRP2 levels in the SM and UM groups (p = 0.847) , both of which are higher compared to the 
NMF group (p < 0.001). A.2.) pLDH concentrations across patient groups: Distribution of pLDH 
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concentrations (μg/ml) among different patient groups: SM, UM, NMF. The boxplot shows elevated pLDH 
levels in the SM group compared to the UM and NMF groups (p < 0.001), but there is no significant 
difference between UM and NMF (p = 0.013). B) Diagnostic performance. B.1) AUC-ROC Curve for pfHRP2: 
As a diagnostic marker shows an Area Under the Curve (AUC) of 1.000 (1.000 - 1.000), indicating perfect 
diagnostic performance.  B.2) AUC-ROC Curve for pLDH: As a diagnostic marker, with an AUC of 0.924 
(0.746 - 0.994), demonstrating high diagnostic accuracy. C) Prognostic performance. C.1) AUC-ROC Curve 
for pfHRP2: The prognostic performance of pfHRP2, with an AUC of 0.516 (0.373 - 0.655), indicating 
moderate predictive capability. C.2) AUC-ROC Curve for pLDH: The prognostic performance of pLDH, with 
an AUC of 0.818 (0.746 - 0.892), suggests a suggests a strong prognostic ability. (Calibration curves are 
provided in the SI) C.3) AUC-ROC Curve for Combined HRP2 and LDH: The prognostic performance of the 
combination of pfHRP2 and pLDH, with an AUC-ROC of 0.866 (95% CI: 0.779-0.953) suggests a suggests a 
strong prognostic ability with no significantly improved performance compared to the individual 
biomarkers. 
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Table 3: Performance of HRP2, pLDH and HRP2/pLDH combination for the diagnosis and prognosis* 
of imported P. falciparum malaria. 

Sensitivity 
% (95%CI) 

Specificity 
% (95%CI) 

PPV 
% (95%CI) 

NPV 
% (95%CI) 

Cut-off 
value 

AUC-ROC 
% (95%CI) 

A. Luminex

HRP2 Diagnostic 

Prognostic 

LDH Diagnostic 

Prognostic 

LDH/H
RP2 

Diagnostic 

Prognostic 

B. LFA

HRP2 Diagnostic 

Prognostic 

LDH Diagnostic 

Prognostic 
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*Prognosis of imported malaria was defined as the identification of severe malaria (SM) cases based on
WHO criteria except for hyperparasitaemia (threshold of 2% according to European and Spanish guidelines)

LDH/H
RP2 

Diagnostic 

Prognostic 
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Figure 6: Results of the LFA for detecting malaria. Top: Photographic images of the LFA test strips under 
different conditions. Images 1-3 represent positive patients (with image 2 being a false negative), while 
image 4 shows a negative patient. Bottom: Observer 1 accurately detected both pfHRP2 and pLDH in the 
positive cases. Observer 2 also correctly identified pfHRP2 and pLDH, but showed slight discrepancies in 
the detection of pLDH in test 3. 
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DISCUSSION 

P. falciparum
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CONCLUSIONS 
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Table a.0. STROBE checklist 

Nº Localization in the text 
Title and abstract 

Introduction 

Methods 

Results 

Discussion 
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Table a1.1- Patients’ baseline 
characteristics. 

All groups 
(n=121)

NMF 
(n=46)

Malaria 
(n=75)

p-
value

Female, n(%)

Age, Md (IQR)

Previous malaria episodes, n (%) 

Previous medical condition 

HTA, n (%)

Obesity, n (%)

Diabetes, n (%)

Immunosuppression, n (%)

Travel destination: WHO regions

Africa, n (%)

 Travel reason

Tourism and work, n (%)

VFR, n (%)

Cooperation and expatriate, n (%)

Migration, n (%) 

Treatment

Profilaxis, n (5) 

Treatment before malaria, n (%)
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UCI

UCI, n (%)

Length stay UCI, Md (IQR)

Table a1.2- Patients’ baseline 
characteristics. Malaria.  

Malaria 
(n=75) 

UM (n=25) SM (n=50) p-
value* 

Female, n(%) 

Age, Md (IQR) 

Previous malaria episodes, n (%) 

Previous medical condition 

HTA, n (%) 

Obesity, n (%) 

Diabetes, n (%) 

Immunosuppression, n (%) 

Travel destination: WHO regions 

Africa, n (%) 

 Travel reason 

Tourism and work, n (%) 

VFR, n (%) 

Cooperation and expatriate, n (%) 

Migration, n (%) 

Treatment 

Profilaxis, n (5) 
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Text a1. Biotinylation of detection mAbs.

Treatment before malaria, n (%) 

UCI 

UCI, n (%) 

Length stay UCI, Md (IQR) 

Table a2.- Severity criteria 

Jaundice, n (%) 

Prostration, n (%) 

Shock, n (%) 

Acidosis, n (%) 

Renal insufficiency, n (%) 

Glasgow, n (%) 

Pulmonary edema, n (%) 

Hypoglycemia, n (%) 

Anemia, n (%) 

Bleed, n (%) 

Seizure, n (%) 

Hyperparasitemia >2%, n (%) 

  Hyperparasitemia 2-10, n (%) 

  Hyperparasitemia >10%, n (%) 
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Figure 6: Calibration curves. A) Luminex pfLDH B) Luminex pfHRP2 C) LFA pfLDH D) LFA 
pfHRP2  

118



VIII.DISCUSSION

119



.

article 1

120



121



122



 article 2 

.

123



124



125



 article 2

 article 3 and 4

article 3 and 4

article 3

126



Salmonella

127



128



article 4

P. falciparum

129



130



131



IX.CONCLUSIONS

132



133



X.REFERENCES

134



135



136



137



138



139



140



141



142



143



144



145



146



147



–

148


	LBS_COVER
	TESI_FINAL PRINTB



