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Abstract

In the absence of microscopy and rapid tests, malaria diagnosis is presumptive in many clinics in Africa,
leading to overuse of drugs and masking other causes of fever. It has been proposed, based on pre-test data
(e.g., symptoms, clinical notes, patient voice), to use standard ML models as triage tools. We searched
PubMed and Scopus for studies from 2010 to 2026 that trained and evaluated standard ML models on
pre-test clinical data to paint a high RQ1 for malaria diagnosis or on voice or clinical text for other
infectious diseases (RQ1) and followed PRISMA 2020. We included 146 studies (RQ1=43; RQ2=103) out
of 2598 studies. A modified PROBAST assessed the risk of bias. No malaria studies used speech, and only
four used free text or language models. Excluding laboratory reference standard, 27 (63%) out of 43
studies for malaria employed 95% or greater accuracy, found in 14 out of 17 studies. Those with laboratory
labelling (and independent adjudications) found discrimination modest, with AUCs between 0.60—0.95.
However, chance-level predictions were observed when new speakers, recording devices, and entirely new
datasets were used; only 14 of 103 studies mention independent data. These data justify pre-test malaria
triage only if subsequent models include parasitological classification, patient-level speaker-independent
splits, symptom-matched controls, external validation, and combined and separate reporting from each
input.
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I. INTRODUCTION

Malaria is one of the leading infectious diseases contributing to morbidity and mortality in sub-Saharan
Africa. In 2024, there were an estimated 282 million malaria cases and 610,000 deaths, with 95% of these
deaths occurring in the WHO African Region (World Health Organisation, 2025b). The burden of the
disease is only in one country, Nigeria (World Health Organisation, 2025b). The World Health
Organisation recommends that all suspected cases be confirmed by microscopy or rapid diagnostic tests
(RDTs) before treatment (World Health Organisation, 2025a). However, in practice, such testing is often
limited (due to lack or shortage of the tests themselves) and many health workers just manage febrile
patients based on clinical symptoms. Such presumptive treatment is a common practice in Nigerian health
facilities and leads to over-reliance on artemisinin-based treatments and ignores many other causes of fever
(Anjorin et al., 2023).

Machine learning presents an opportunity of assisting care providers in determining the actual cause of
malaria when they attend to their patients before undergoing diagnosis. The model described may utilise
the symptoms patient report, as well as notes on what clinical staff observe most often, at first patient
contact, to score patients for the likelihood of malaria. Moreover, the approach may be useful in
low-resource settings where laboratory tools are not always available, especially if features are extracted
from speech recordings and unstructured clinical notes. Previous reviews have focused on either blood
smear images or on NLP applications to public health in Africa; none have critically examined models
based on clinical information prior to testing or addressed whether there is experience with speech
recognition models for other infectious diseases.

The aims of this review are: RQI1: Identify and evaluate ML models developed and tested for malaria
diagnosis using pre-parasitological clinical information (structured and free text) and assess how much
they have been validated; RQ2: Investigate what can be learned from ML models using speech or text
analysis for other infections (with emphasis on validation, as no speech model for malaria was expected).
The rest of the paper reviews related work, describes the research methodology used in this work, provides
the results and discussion, and finally concludes with the achievements of this work.

The contributions of this work are:

i. a PRISMA-implemented systematic review of 146 studies and an adapted PROBAST risk-of-bias
assessment;
i1.  evidence that reported accuracy 1is label- and validation-dependent, not just model
classification-dependent;
iii.  guidance on core design principles and reporting standards for developing effective multimodal
triage strategies for pre-testing prioritisation in malaria.

II. RELATED WORKS
Malaria Diagnosis and the Decision before Testing

Microscopy of stained blood films remains the reference method for malaria diagnosis, and RDTs that
detect parasite antigens have widened access in primary care (World Health Organisation, 2025a). Both
depend on staff, supplies and laboratory capacity that are often missing in rural African clinics, and in
Nigeria many febrile patients still receive antimalarials without a test (Anjorin et al., 2023). Clinical
algorithms such as the Integrated Management of Childhood Illness guide decisions when testing is
limited, but symptoms such as fever, headache and chills are shared with typhoid, viral infections and other
causes of fever, so symptom-based rules have limited specificity (McLaughlin et al., 2022; Taneja et al.,
2021). This is the decision that pre-test prediction models aim to improve.
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Machine Learning for Malaria

Most malaria ML studies have conducted research on images of blood smears. Convolutional networks
now classify infected and uninfected cells with very high accuracy on public datasets (Ahamed et al.,
2025; Boit & Patil, 2024; Hoyos & Hoyos, 2024), and reviews have described the move from these
unimodal image models to multimodal approaches (Amrevuawho et al., 2025). But image models need a
smear and a microscope so that they only support the test rather than the decision before it. A smaller body
of work predicts malaria as a result of symptoms, demographic data or routine laboratory values, typically
using logistic regression, tree ensembles or shallow neural networks (Balerdi-Sarasola et al., 2024;
Nyengera et al., 2026; Ojurongbe et al., 2023). There has been discussion of opportunities and risks with
Al in African malaria programmes, but there has been a lack of assessment of the validity of Al models
(Obeagu & Ogenyi, 2025).

Speech as a Health Signal

Speech reflects the respiratory, laryngeal and articulatory systems, and acoustic features such as
Mel-frequency cepstral coefficients have long been used for pathological voice analysis. During the
COVID-19 pandemic, crowdsourced databases of voice, cough and breath recordings were released
(Sharma et al., 2020) and international challenges benchmarked detection systems (Coppock et al., 2023;
Muguli et al., 2021). These efforts produced the largest body of evidence on speech for infectious disease,
together with clear warnings about confounding: a controlled analysis of a large PCR-linked dataset found
that audio classifiers did not outperform a simple symptom checker (Coppock et al., 2024). No comparable
work exists for malaria.

Clinical Text and Language Models

Clinical notes record the presenting complaint, history and examination in free text. Deep learning on
electronic health records (Shickel et al., 2018) and NLP for clinical decision support (Eguia et al., 2024)
have grown rapidly, and multimodal large language models are now being applied to clinical text (AlSaad
et al., 2024). In Africa, NLP for health is limited by scarce digital records and few resources for local
languages (Hu et al., 2025). A specific risk for diagnostic models is that notes written after a test may
contain the result or the diagnosis, which turns prediction into information retrieval (Kapoor & Narayanan,
2023).

Multimodal Fusion, Sequence Models and Optimisation

Multimodal machine learning combines heterogeneous inputs by early fusion of raw features, intermediate
fusion of learned representations or late fusion of predictions (Baltrusaitis et al., 2019). Reviews in health
care report that intermediate fusion is the most common choice and that gains over the best single modality
are frequent but not guaranteed (Acosta et al., 2022; Kline et al., 2022; Stahlschmidt et al., 2022).
Recurrent networks such as the long short-term memory (Hochreiter & Schmidhuber, 1997) and the gated
recurrent unit (GRU) (Cho et al., 2014), often with attention (Bahdanau et al., 2015), are used for
sequential speech and text. Metaheuristic algorithms are widely used for feature selection and
hyperparameter tuning in disease diagnosis (Kaur, Kumar, et al., 2023), but their advantage over random
search at an equal computational budget is rarely tested (Bergstra & Bengio, 2012; Bischl et al., 2023).

Methodological Standards for Prediction Models

PROBAST assesses the bias risk on prediction models (Wolff et al., 2019) and TRIPOD+AI defines a
standard of reporting for machine learning models (Collins et al., 2024). Both frameworks stress the need
for a reliable reference standard, ensuring predictors are assessed without prior knowledge of the
outcomes, an adequate sample size and data used independently. Commonly, one of the reasons for the
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poor results in machine learning is the contamination between training data and test data (Kapoor &
Narayanan, 2023). These standards are the basis for the analysis in this review.

Research Gap

Existing reviews fail to view pre-test malaria models as a single category, do not address the evaluation
process of their labels and validation, and do not explore speech or clinical text in malaria. Since speech
and text models for malaria are not likely to be common, it is necessary to draw on the evidence from other
infections to assess possible challenges. This review aims to fill these gaps.

III. METHODOLOGY
Protocol and Reporting

The evaluation was performed and described following PRISMA 2020 guidelines (Page et al., 2021). A
process was developed for research questions, eligibility criteria, search terms, and data extraction forms
before screening.

Eligibility Criteria

Table 1 summarises the eligibility criteria. Any research design was considered if it involved training or
evaluating a ML or language model using data from actual patients, accompanied by reported diagnostic
performance metrics. For research question 1 (RQ1), we used malaria as the target condition and needed to
have the inputs to perform a parasitological test before the diagnosis and included symptoms, signs,
demographic information, exposure history and routine haematology results as well as free text or speech
data. No models that are solely based on images of blood smears were included in that group. For research
question 2 (RQ2), we used any infectious disease as the target condition and the input was either voice
communication or clinical text from a patient. We excluded input limited exclusively to cough sounds,
breath sounds or lung auscultation (not images) as they do not contain spoken or written language that can
be used to build a malaria triage tool. We also excluded reviews and editorials; descriptions of datasets
lacking associated models; retracted publications; synthetic patient scenarios; and research focused
primarily on information extraction rather than accurate diagnoses.

Table 1: Eligibility Criteria

Criterion RQ1 (malaria) RQ?2 (other infections)
Population Patients assessed for malaria Patients assessed for an infectious
disease
Index model ML or language model using pre-test ML or language model using speech
information: symptoms, signs, or voice, or clinical or patient text,
demographics, exposure, routine alone or with clinical data

haematology, text or speech

Reference Any stated diagnosis (laboratory Any stated diagnosis
reference recorded for appraisal)

Outcome Diagnostic performance Diagnostic performance

Excluded Smear images only; synthetic data; Cough, breath or images only;
reviews; no model extraction-only outcomes; synthetic

data; reviews

Period 2010 to 2026 2010 to 2026
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Information Sources and Search

PubMed was searched for RQ1, and Scopus for RQ1 and RQ2, for records published from 2010 to 2026.
Each search combined four concept blocks: the disease (malaria or Plasmodium for RQ1; infectious,
febrile, respiratory and named infections for RQ2), the method (machine learning, deep learning, neural
networks, NLP), the task (diagnosis, classification, prediction, detection) and the input (clinical,
symptoms, records, text, speech, voice, audio, multimodal). The full strings are given in the supplementary
material. No language or document-type filters were applied at search time.

Selection Process

Delineation of entries was made by DOI first, then PubMed identifier and finally by standardised title. The
proceedings front matter, reviews and editorials, notes, correspondence, errata, retracted items and other
non-English records were checked by rule-based filters. Screening of titles and abstracts was done directly
by the authors. The primary author and the secondary author evaluated the screening process and made the
decisions. The primary author recorded different decisions in the screening workbook, and any
discrepancies were discussed and recorded. The correlation between the primary author and the initial pass
was 97.8% (Cohen's kappa 0.85 with unmarked rows given as agreement).

Data Items and Risk of Bias

For each study included in our analysis, we extracted the study setting and country, data sources, samples,
inputs to be used for modelling, reference standards (labels), models to be selected, and feature selection
and optimisation. We also discussed the validation design, the imbalanced class problem, and the reported
best results for all the studies. Using PROBAST (Wolff et al., 2019), we rated biases in four domains:
participants (e.g., crowdsourced vs. case-control/case-report samples); predictors and labels (e.g., labels
based on symptoms vs. based on test results, labelled as predictive vs. not predictive); and analytical
systems (e.g., random split vs. resampling before splits). Each aspect was graded as low, moderate, or high
risk of bias.

Synthesis

The datasets and targets were too heterogeneous to be considered for meta-analysis. Results were collected
in a narrative style and summarised in tables according to input type, reference standard and validation
design. For RQ2, studies were also considered to have strong validation if they used participant-disjoint,
speaker-independent, temporal, cross-dataset or external evaluation.

IV. RESULTS AND DISCUSSION
Study Selection

A total of 2,598 records were identified (see Fig. 1). After excluding 306 duplicates and 498 reports that
were ineligible by type or language, the remaining 1,794 records had their titles and abstracts screened.
Two hundred reports were sought, with twenty-two not found. The remaining 178 were reviewed in detail,
of which 32 were excluded due to ineligible inputs (coughs, images, or EEG data alone; n = 9), use of
synthetic data sets (n = 6), poor reporting (n = 6), non-diagnostic (n = 6), lack of original model (n = 4), or
withdrawal from publication (n = 1). Thus, there are 146 studies that were considered in this review: 43 for
RQ1 and 103 for RQ2. The complete extraction table is available in the supplementary materials.
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Figure 1: PRISMA 2020 flow diagram of study selection
RQ1: Characteristics of Malaria Studies

Table 2 summarises the 43 malaria studies. The field is recent and concentrated in a few countries: 42
studies were published from 2019 onwards and 23 from 2024, and 18 used Nigerian data. Thirty-three used
structured symptoms and clinical signs, five used routine laboratory or haematology values, three used
household or survey variables and four used free text or a language model. None used speech. One study
described a fusion of voice, text, image and video features with recurrent networks but reported no data
source, labels or absolute performance (Achary et al., 2025). Several datasets were reused across papers: a
337-patient Nigerian dataset appeared in four studies (Awe et al., 2025; Ayalew et al., 2024; Deepika &
Pradeep Kumar, 2025; Okagbue et al., 2021) and a febrile-illness dataset from the Niger Delta in three
(Amannah et al., 2025; Attai et al., 2024; Attai et al., 2025), so the 43 studies represent fewer independent
samples than their number suggests.

Table 2: Characteristics of the 43 Malaria (RQ1) Studies

Characteristic Studies
Published 2019 to 2023 / 2024 to 2026 42/23
Data from Nigeria / India / other Africa 18/10/8
Data from Asia / Latin America 4/3
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Inputs: structured symptoms and signs 33
Inputs: routine laboratory or haematology 5
Inputs: household or survey variables

Inputs: free text or language model 4
Inputs: speech

Laboratory reference (microscopy, RDT, PCR, QBC) 16

Clinician, dataset or unstated label 27

Reported accuracy of 95% or more 17 (3 with laboratory reference)
Independent (external) evaluation 2

Overall risk of bias: low / moderate / high 1/17/25

RQ1: Reference Standards and Label Validity

Only 16 studies labelled malaria with microscopy, an RDT, PCR or a quantitative buffy coat test. The other
27 used a clinician's diagnosis, a label inherited from a public dataset, or did not state how malaria was
confirmed. In some studies the label could be reconstructed from the inputs. Three studies from one
Nigerian hospital trained models to predict likelihood classes that clinicians had assigned from the same
symptoms, without laboratory confirmation, and reported detection rates of 97 to 98% (Oguntimilehin et
al., 2019; Oguntimilehin, Babalola, et al., 2024; Oguntimilehin, Berida, et al., 2024). One study included
the laboratory result among the predictors and reported 100% accuracy (Atoyebi et al., 2024), and another
included diagnostic codes and a risk score and also reported 100% (Padmakala, 2026). Of the 17 studies
that reported accuracy of 95% or higher, only three used a laboratory reference.

RQ1: Performance under Rigorous Evaluation

Studies with laboratory labels and careful validation told a different story. A Bayesian network built from
3,441 paediatric encounters in a national survey of Malawian facilities, with mRDT labels, reached an area
under the curve (AUC) of 0.60 (Taneja et al., 2021). In Nigerian children, a tree ensemble improved on the
Integrated Management of Childhood Illness algorithm but reached a sensitivity of 60% and a specificity
of 79% against mRDT (McLaughlin et al., 2022). A penalised logistic regression from four Nigerian
primary health centres, with nested cross-validation and feature selection inside the folds, reported a test
AUC of 0.83 with a 95% confidence interval of 0.63 to 1.00, reflecting 35 positive cases (Ojurongbe et al.,
2023). Higher discrimination was reported when routine laboratory values were added, for example an
AUC of 0.92 to 0.95 in febrile travellers (Balerdi-Sarasola et al., 2024) and 0.866 for haematology
parameters in Ghana (Morang’a et al., 2020), and when a haematology analyser's malaria flags were
evaluated externally against blinded microscopy, with an AUC of 0.90 for vivax malaria (Dharap &
Raimbault, 2020). Only two studies evaluated a model on data fully independent of its development
(Dharap & Raimbault, 2020; Yelin et al., 2025). Table 3 lists the 16 studies with a laboratory reference
standard.

Table 3: Malaria Studies with a Laboratory Reference Standard

Study Setting, sample Inputs Best result

Taneja et al. (2021) Malawi, 3,441 Symptoms, signs AUC 0.60
McLaughlin et al. (2022) Nigeria, >555 children ~ IMCI data, symptoms Sens 60%, spec 79%
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Ojurongbe et al. (2023)

Bria et al. (2021)
Khan et al. (2026)

Mthethwa and Melesse
(2025)

Ashaolu et al. (2025)
Loum et al. (2019)
Shenoy et al. (2022)
Morang’a et al. (2020)

Dharap and Raimbault
(2020)

Balerdi-Sarasola et al.
(2024)

Ruban et al. (2026)

Nigeria, 200

Indonesia, 472
Nigeria MIS, children
Nigeria MIS, 10,655

Nigeria IDP camps, 693
Senegal, 15,523

India, 800

Ghana, 2,207

India, 1,420

Europe, 764 travellers

India, 1,455

Volume 1 | Issue 6 | 2026

Symptoms,
environment

Symptoms, history
Household survey

Household survey

Household, caregiver
Symptoms, rainfall
Clinical, laboratory
Haematology
Analyser flags

Clinical, laboratory

Symptoms, signs

AUC 0.83 (0.63-1.00)

Accuracy ~85%
Recall 83%
AUC 0.80*

AUC 0.89

~92% (simulated test)
Accuracy 79-84%
AUC 0.87

AUC 0.90 (external)

AUC 0.92-0.95

AUC 0.96

Mariki et al. (2022) Tanzania, 2,556 Symptoms, Accuracy 82-95%
demographics

Nyengera et al. (2026) Zimbabwe, 637 Symptoms, AUC 0.98*
demographics

Barraclough et al. (2025) Kenya, 2,000 Symptoms, vitals Accuracy 98.3%

Two studies applied SMOTE oversampling to the whole dataset before splitting, which leaks synthetic
copies of test cases into training (Kapoor & Narayanan, 2023; Mbaye et al., 2021; Mthethwa & Melesse,
2025). Most studies used a single random split of a small sample, and few reported calibration, confidence
intervals or decision thresholds. One overall rating was low risk of bias, 17 were moderate and 25 were
high.

RQ1: Differential Diagnosis and Explanation

Six studies addressed malaria within a wider differential diagnosis, which is closer to the clinical question
in febrile patients. Accuracy fell as the task became more realistic. A four-class model for malaria,
typhoid, both or neither in Niger Delta data reached 72% accuracy (Attai et al., 2024). Among 800 patients
with dengue, malaria, leptospirosis or scrub typhus, one-versus-rest logistic regression reached 79 to 84%
accuracy while more complex learners reached 55 to 60% (Shenoy et al., 2022). In Senegal, separating
malaria from arboviral infections relied on rebalanced and simulated evaluation data (Loum et al., 2019).
A model separating Lassa fever from malaria reported 98.7% accuracy, with SMOTE correctly restricted
to the training set (Esan et al., 2026). Explanation methods were added in several studies, including LIME
and SHAP (Awe et al., 2025; Deepika & Pradeep Kumar, 2025) and explanations generated by language
models (Amannah et al., 2025; Attai et al., 2025). These describe what a model has learned but cannot
correct a model trained on circular or leaked labels.

RQ1: Free Text, Language Models and Feature Optimisation

Four studies used language. Clinical notes digitised by optical character recognition gave an F1 score of
0.76 for malaria (Ruban et al., 2021), and features extracted from published case reports gave a malaria
© 2026 The Authors. Published by Bexford Publishing Ltd
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recall of at most 0.46 (Lee et al., 2021). A zero-shot evaluation of a general-purpose language model on
case summaries of hospitalised febrile travellers reported a sensitivity of 100% and specificity of 94% for
malaria (Yelin et al., 2025); the summaries included laboratory results, so the result is not a pre-test
estimate. A symptom chatbot reported 98% detection but was trained on clinician-assigned labels
(Oguntimilehin, Babalola, et al., 2024). Metaheuristic optimisation was rare: one study used an artificial
immune algorithm to select symptoms for dengue, leptospirosis and malaria (Caicedo et al., 2012), and
others used grid or random search for hyperparameters. No study combined structured clinical data with
free text or speech for malaria.

RQ2: Speech and Clinical Text in Other Infections

The 103 RQ2 studies were dominated by COVID-19 (84 studies). The others covered tuberculosis,
influenza and other respiratory infections, pneumonia, sepsis, urinary tract infection, invasive fungal
disease, dengue and multi-disease symptom checkers. No RQ2 study targeted malaria. Table 4 groups the
studies by input type. Sixty used speech or voice audio, often with cough or breath recordings; 13
combined voice or audio with clinical or symptom data; three converted spoken symptom descriptions to
text or intents; 21 used clinical text alone; and six combined text with structured data. Thirty-nine used
strong validation, but only 14 tested on external, temporal or cross-dataset data. Risk of bias was high in
51 studies, moderate in 48 and low in four (Figure 2).

Table 4: RQ2 Studies by Input Type and Validation

Input type Sample Strong validation  External or
cross-dataset

Speech or voice audio 60 28 8

Speech or audio with clinical or symptom data 13 3 2

Spoken symptoms (speech to text or intent) 3 0 0

Clinical text only 21 3

Clinical text with structured data 6 2 1

Total 103 39 14

s Low Moderate Il High

RQ1 malaria (n = 43) 17

RQ2 other infections (n = 103) 48

0 20 40 60 80 100

Percent of studies

Figure 2: Overall risk of bias of included studies (adapted PROBAST); numbers in bars are study counts
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RQ2: Generalisation of Speech Models

Within a single dataset, speech and voice models often reported accuracy above 90%, with some reports
near 100% from sustained vowels or small clinical recordings (Costantini et al., 2022; Gidaye et al., 2025).
Those results did not survive independent testing. When systems were trained on one challenge dataset and
tested on another, performance fell sharply (Akman et al., 2022), in one comparison to chance level (Zhu
et al., 2022). A Brazilian model for respiratory insufficiency that reached 96.5% accuracy on its first
cohort fell below 39% on a later cohort that included other causes and hospital controls (Gauy et al., 2023).
A system evaluated on four external datasets ranged from an AUC of 0.64 to 0.87 and degraded with
recording device, background noise and symptom status (Grant et al., 2022). Speaker-dependent splits
inflated results (Triantafyllopoulos et al., 2024), and when COVID-19 positive and negative speakers were
balanced for symptoms, neither clinicians nor a baseline model could separate them (Hecker et al., 2021).
The largest controlled analysis, not included here because it was not retrieved by our search, reached the
same conclusion: audio classifiers did not outperform a simple symptom checker once confounders were
controlled (Coppock et al., 2024). The most robust speech results were modest. A multi-site, multilingual
vocal biomarker evaluated against PCR reached a sensitivity of 73.2% and specificity of 62.9% (Kaur,
Larsen, et al., 2023), and participant-disjoint challenge benchmarks reported unweighted average recall of
about 0.72 to 0.76 (Coppock et al., 2023; Koike et al., 2023).

Sequence and attention architectures appeared mainly in this group. A recurrent model of longitudinal
voice, cough and breath recordings reached an AUROC of 0.79 with participant-level splits (Dang et al.,
2022), contextual attention over self-supervised speech representations reached an AUC of 0.81
(Mallol-Ragolta et al., 2022), and transformer attention over three sound types reached 0.70 (Chang et al.,
2021). In these studies the gain from the architecture was smaller than the losses caused by dataset shift.

RQ2: Fusion of Speech or Text with Clinical Data

Fusion methods are complex. For instance, symptoms and metadata combined with audio improved one
challenge system AUC from 0.866 to 0.922 (Reiter & Pernkopf, 2025). Additionally, nine categories of
audio and self-reported symptoms showed better performance compared with models using one audio
category (Liu et al., 2026). Similarly, voice analysis was of comparable accuracy at 83 and 80%,
respectively, to a six-symptom survey (Shimon et al., 2021). For instance, in Colombian tuberculosis
records, two feature sets (structured clinical data and natural language processing features of clinical text)
did not perform better when combined than just the structured clinical data (Orjuela-Cafién et al., 2025).
However, for pneumonia diagnosis, imaging report text was important to the data, whereas symptom
descriptions from clinical notes were not (DeLisle et al., 2013). In addition, an integrated model of
urinalysis and symptom information from NLPs attained a urinary tract infection AUC of 0.93 (Iscoe et al.,
2026). Most studies that obtained the near-perfect AUC using fusion, however, used different subjects' or
sample-level splits in sample-level analysis or specified modalities (Jayachitra et al., 2021; Nguyen-Trong
& Nguyen-Hoang, 2023).

RQ2: Clinical Text and Spoken Symptoms

Clinical-text models with laboratory-confirmed labels reported useful but not perfect discrimination, such
as an AUC of 0.88 to 0.93 for influenza from emergency-department notes (Lopez Pineda et al., 2015) and
an F1 score of 0.56 for COVID-19 from hospital notes (Wang et al., 2023). Text models were vulnerable to
drift: an NLP model for COVID-19 in primary-care notes lost performance sharply on later data (Hendrix
et al., 2025), and a fine-tuned language model for tuberculosis from radiology reports fell to an F1 of 0.48
at an external hospital while a prompted general model held 0.86 (Li et al., 2025). Radiology reports and
case reports often contain the diagnosis itself, which explains some very high accuracies (Khanday et al.,
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2020; Qomariyah et al., 2022). Three studies classified diseases from spoken symptom descriptions; all
used read or scripted speech and could only separate broad groups of conditions (Abdulmohsin, 2022;
Abdulmohsin et al., 2022; Hossen et al., 2024).

Principal Findings

There are few studies on the subject of combining structured clinical data and free text or free verbal
communication within the framework of malaria diagnosis, and none of them considers speech only as a
means of diagnosing malaria. There are such studies that predict malaria before testing, and most of them
are small, single-site studies focusing on symptoms. Accuracy depends greatly on the construction of
diagnostic labels and data segmentation procedures. When parasitological testing was used to establish
diagnostic labels and independent evaluations, symptom-based diagnostic models achieved 0.60-0.95 AUC
and scored higher only when laboratory results were included. Such variability fits with current clinical
understanding of overlap of symptoms between malaria and other febrile diseases.

Conversely, speech studies of other infectious diseases serve as a caveat rather than a recipe to follow.
While aspects of voice provide reflection of diseases of the respiratory tract, uncontrolled factors of
speaker differences, device differences, language differences, and recruitment methods used to draw cases
and controls will conflate and exaggerate performance indicators based on data. When controlling for these
factors, speech features did not add much to the symptomatology (Coppock et al., 2024; Hecker et al.,
2021). However, in some cases, data fusion was successful and in others, not, even after changing the
structure of data.

Language, Setting and Language Models

In Nigeria, for example, patients collect their health problems in different languages spoken between them
(English, Nigerian Pidgin, Yoruba, Hausa, Igbo, etc.). Speech models built for a certain language and in a
certain recording environment do not perform well if they are used in another one (Gauy et al., 2023; Grant
et al., 2022). We should therefore analyse malaria-related speech models by patient language and device
type. General language models performed well on carefully selected case summaries (Yelin et al., 2025)
and outperformed specific fine-tuned language models at an external hospital (Li et al., 2025), which
suggests their potential for text input. Nevertheless, their use for triage pre-testing should be restricted to
information known prior to testing and locally validated.

Implications for Pre-Test Malaria Models

Table 5 converts these results to prerequisites for any future multimodal model for pre-test malaria triage.
Parasitological labels, patient-specific and speaker-neutral divisions, controls from febrile patients with
negative results and not healthy volunteers, external validation performed at another location and ablations
that capture each input individually and collectively are essential. All reporting should follow TRIPOD+AI
(Collins et al., 2024), encompassing calibration and decision-curve or threshold analysis, as the
effectiveness of a triage tool should be based on the changes it makes to the testing and treatment decision
rather than precision. Free text should be restricted to the period prior to test results to avoid loss of
information in radiology and case report analysis.

Table 5: Requirements for Pre-Test Multimodal Malaria Models

Requirement Evidence from this review
Label every case with microscopy, RDT or Clinician or dataset labels in 27 of 43
PCR RQ1 studies; inflated accuracy
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Exclude test results and diagnoses from inputs,  100% accuracy when the result or

including text written after the test codes were inputs; leakage in report
text

Split by patient, and by speaker for voice; SMOTE before splitting;

resample only training folds speaker-dependent splits inflated
results

Use febrile, test-negative controls and balance ~ Healthy-volunteer controls and

symptoms symptom imbalance drove speech
results

Validate externally on another site or period Only 2 of 43 RQI and 14 of 103 RQ2
studies; large drops when done

Report each input alone and fused, against a Fusion helped in some studies and not

symptom-only baseline in others

Report calibration, thresholds and confidence Rarely reported in either group

intervals (TRIPOD+AI)

Limitations

The search covered two major databases (Scopus and PubMed), so studies indexed only in IEEE Xplore,
the ACM Digital Library or Web of Science were not included. Only English-language records were
included. Twenty-two reports could not be retrieved. Screening, extraction and verification were done by
the authors. Risk-of-bias ratings rely on what studies reported, and many reported too little to judge. The
RQ2 evidence is dominated by COVID-19, whose acoustic effects may differ from those of malaria.

V. CONCLUSION

Machine learning applications for diagnosis of malaria prior to testing are still under development.
However, most existing models are not reliable for clinical use due to lack of labelling or validation to
substantiate their accuracy. Speech and clinical text as potential diagnosis variables for malaria are still not
addressed, even though evidence from other infectious diseases shows that their effectiveness can only be
confirmed using symptom-matched controls, patient-based analyses, speaker-independent divisions, and
external validation. Future studies should focus on multimodal pre-test models based on prospectively
collected data from parasitologically confirmed febrile cohorts in endemic regions to comply with the
TRIPOD+AI reporting standards.
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