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This study aims to develop, validate, and evaluate machine learning algorithms for 
predicting the diagnosis of coronavirus disease (COVID-19), human immunodeficiency 
virus/acquired immunodeficiency syndrome (HIV/AIDS), pulmonary tuberculosis (TB), and  
HIV/TB co-infection. We also investigated potential biomarkers associated with the diagnosis. 
Data from biochemical and hematological tests of infected and controls were collected in a 
single general hospital, totalizing 6,418 patients. The discriminant analysis by partial least 
squares (PLS-DA) model had the highest performance in predicting the diagnosis of COVID-19,  
HIV/AIDS, TB, and HIV/TB co-infection with an accuracy of 94, 97, 95, and 96%, respectively. 
The biomarkers calcium, lactate dehydrogenase, red blood cells  (RBC), white blood cells, 
neutrophils, basophils, eosinophils, hemoglobin, and hematocrit were associated with 
COVID-19. HIV infection was associated with mean corpuscular volume, platelets, neutrophils, 
and mean platelet volume. Red blood cell distribution width and urea were associated with 
infection by Mycobacterium tuberculosis. The following biomarkers were associated with  
HIV/TB co-infection: lymphocytes, RBC, hematocrit, hemoglobin, aspartate transaminase, alanine 
transaminase, and glycemia. The PLS-DA model can optimize COVID-19, HIV/AIDS, TB, and 
HIV/TB co-infection diagnostics. Some biomarkers were potential diagnostic indicators and could 
be evaluated during the screening of these diseases. 
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Introduction

Accessibility to accurate and reliable diagnoses is a 
major challenge for public health systems. In recent years, 
powerful tools such as artificial intelligence (AI) and 
machine learning (ML) have been considered promising 
solutions to complex problems in many domains. Thus, 
machine learning-assisted diagnosis revolutionizes 
healthcare, optimizing early disease detection by providing 

accurate and personalized diagnoses based on patient 
data. The data needs to be robust and sufficiently vast for 
an ML model to be successful and generalizable to new 
cases. The utility of ML in diagnosis is not only beneficial 
in areas with limited resources but also presents universal 
opportunities for health.1,2 

Access to diagnostic tests for coronavirus disease 
(COVID-19) and tuberculosis (TB) is a key step in 
the cascade of care to minimize the transmission of 
both diseases and allow for the proper management of 
affected patients. Thus, it is essential to improve access to 
testing for COVID-19 and tuberculosis by implementing 
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concurrent testing, particularly in countries with a high 
burden of disease, reducing the impact of the pandemic 
on tuberculosis services and identifying people at high risk 
for both illnesses.

With the COVID-19 pandemic and technological 
advances, several medical approaches have become 
available for diagnosis. However, considering that early 
detection, diagnosis, isolation, and treatment are critical 
to prevent the further spread of the disease, it is critical to 
develop accurate and cost-effective detection methods from 
which all countries can benefit.3,4 

Thus, none of the tests currently available has a 
completely satisfactory performance (high diagnostic 
accuracy), and the search for fast, low-cost tests with 
adequate sensitivity is essential. In the literature, 
several methods have been proposed for the diagnosis 
of COVID-19 using ML and Deep Learning approaches 
by researchers.5-8 Some of these studies were previously 
published by our group.9,10 

According to the World Health Organization (WHO),11 
the long COVID is the current challenge in combating 
the COVID-19 pandemic. In a recent study conducted 
by the Fundação Oswaldo Cruz (FIOCRUZ) group 
(Brazil) involving 646 patients with COVID-19 followed 
for 14 months, half of the patients developed long 
COVID, with mental disorders being one of the most 
prevalent symptoms.12 Long COVID is defined as the 
continuation or development of new symptoms 3 months 
after recovery from the initial severe acute respiratory 
syndrome coronavirus-2 (SARS-CoV-2) infection, with 
these symptoms lasting for at least 2 months with no 
other explanation.11 Considering the current scenario 
of the pandemic (long COVID) and the high price of 
performing the real-time reverse transcription polymerase 
chain reaction (RT-PCR) test for COVID-19, studies that 
aim at the development of new, low-cost, accessible, 
and rapid methods for the diagnosis of COVID-19 are 
extremely important, because they allow greater coverage 
in access to diagnosis by the population, rapid treatment of 
patients, avoiding the development of COVID long.3,13‑16 
In addition, the lack of human immunodeficiency virus/
acquired immunodeficiency syndrome (HIV/AIDS) 
and TB diagnostic tests in low-income countries (e.g.,  
Sub-Saharan Africa), may be compounded by the recent 
discovery of the most virulent variant of the HIV (HIV-1 
subtype 1), which is rapidly spreading across Europe at 
a rate five times faster than the previous strains of HIV/
AIDS. Given the above, in this study, we propose an 
alternative method for diagnosing COVID-19, pulmonary 
TB, HIV/AIDS, and HIV/TB co-infection using patient 
biochemical testing and machine learning. We also 

investigated potential biomarkers associated with the 
diagnosis of these diseases.

Experimental

Study design and patients 

The retrospective datasets of patients with COVID-19, 
HIV/AIDS, pulmonary tuberculosis, and HIV/TB 
co‑infected patients were obtained from Hospital Geral do 
Marrere, Mozambique (Universidade Lúrio), a university 
and reference hospital for the COVID-19, HIV/AIDS, and 
TB management from Mozambique. 

Obtaining data and ethical considerations

The study observed the guidelines of the Declaration 
of Helsinki of the World Medical Association. This 
study was previously approved by the research ethics 
committee of the Hospital Geral de Marrere (Universidade 
Lúrio, Mozambique) No. 36.1/Abril/CBISUL/21. As this 
was research with secondary data, the aforementioned 
institution’s ethics committee waived the signing of the 
Free and Informed Consent.

Dataset I: COVID-19 patients

 Regardless of the COVID-19 test (negative or positive 
RT-PCR), patients who presented data from hematological 
and biochemical tests were included (Table 1). Thus, the 
dataset was divided according to the RT-PCR result in 
(i) COVID-19 positive patients (n = 816 samples); and 
COVID-19 negative patients (control, n = 920 samples). 
The data were collected between April-November 2021.

Dataset II: HIV/AIDS, TB, and HIV/TB patients

Regardless of the HIV/AIDS or TB test result (negative 
or positive), patients with hematological and biochemical 
test results were included in the study (Table 1). Thus, 
the dataset was organized into four groups: (i) patients 
with HIV/AIDS (n = 49); (ii) patients with pulmonary TB 
(n = 113); (iii) patients co-infected with HIV/TB (n = 80); 
(iv) patients who tested negative for HIV/AIDS or TB 
(control, n = 4,520). The data were also collected between 
April-November 2021.

Characterization of the control group

The control group used in this study was a subdivision of 
the biochemical dataset, which comprised patients treated at 
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the hospital who suffered from chronic non-communicable 
diseases, the most frequent being diabetes, obesity, and 
high blood pressure. It is essential to highlight that all 
patients in the control group were negative for HIV/AIDS, 
Mycobacterium tuberculosis, and SARS‑CoV-2 infections.

Combination of datasets I and II: descriptive analysis

For the development of machine learning models, 
datasets I and II were analyzed separately. However, a 
general descriptive analysis of the data (data expressed 
as a median and interquartile range) was performed by 
combining datasets I and II into a single final dataset. In 
this combination of datasets, only common biomarkers in 
both datasets were kept in the final database.

Dataset III: external validation samples of machine learning 
models

The Brazilian dataset was used for external validation 
of the machine learning model. That is, data from 
Mozambique were used for the training and validation of 
the model. However, the Brazil dataset was used to test 
whether the model could predict patient samples from an 
external source (external model validation).

Data from patients in Brazil used in this study were 
obtained from the Brazilian public data repository called 
“FAPESP COVID-19 DataSharing/BR”,17 which is a large 
repository of data from COVID-19 patients in the state of 
São Paulo (Brazil). This repository contains demographic 
data, data from clinical and/or laboratory examinations 
of COVID-19 patients and controls from the five main 
hospitals in the State of São Paulo (Brazil), namely: 
(i)  Hospital Israelita Albert Einstein; (ii) Hospital de 
Clínicas of the Faculty of Medicine of the University of São 
Paulo; (iii) Hospital Sírio-Libanês and (iv) Beneficência 
Portuguesa de São Paulo. Most of these patients with 
COVID-19 have several comorbidities such as diabetes, 
high blood pressure, and hypothyroidism.

The FAPESP COVID-19 DataSharing/BR repository17 
and additional information about the repository are 
available in the literature.18 Thus, considering that the data 
used in this study are open access, the bioethics committee 
approval was not necessary.

Univariate analysis

Before developing the machine learning models 
(multivariate analysis), we performed univariate analysis 
to compare the levels of biochemical and hematological 
biomarkers in the four study patient groups (COVID-19, 
HIV/AIDS, HIV/AIDS/TB, and control group). In this 
analysis, the normal distribution of each biochemical and 
hematological biomarker (variable) was initially tested 
using the Shapiro-Wilk test. After that, comparisons of 
the biomarkers of the four groups of patients (COVID-19,  
HIV/AIDS, HIV/TB, and control group) were carried out 
using the Kruskal Wallis non-parametric test, when the 
biomarkers did not present a normal distribution (Kruskal 
Wallis test, p < 0.05). On the other hand, when the biomarkers 
had a normal distribution (Kruskal Wallis test, p > 0.05), 
comparisons between the four groups were performed using 
the one-way-analysis of variance (ANOVA) test. It is also 
important to highlight that biomarkers that did not present a 
normal distribution were reported as median and interquartile 
range (IQR), and those that presented a normal distribution 
were reported as mean ± standard deviation. Significance 
levels p < 0.05 were considered statistically significant and 
all univariate analyzes were performed using SPPS software 
version 2020 (IBM, USA).19

Data pre-processing in machine learning

Pre-processing plays a vital role in preparing your data 
for machine learning models. It can lead to improved model 
performance, better generalization, and more meaningful 

Table 1. Biochemical and hematological tests performed on the patients 
included in the study

Test name Measurement unit

White blood cells (× 109 L-1)

Red blood cells (× 1012 L-1)

Hemoglobin (g dL-1)

Hematocrit %

Mean corpuscular volume fL

Mean corpuscular hemoglobin (g cell-1)

Mean corpuscular hemoglobin (g Hb dL-1)

Platelets count (× 109 L-1)

Platelets count %

Platelets count (× 109 L-1)

Neutrophils count %

Neutrophils count (× 109 L-1)

Monocytes count %

Monocytes count (× 109 L-1)

Creatinine Kinase (U L-1)

Urea (mg dL-1)

Aspartate aminotransferase (U L-1)

Alanine aminotransferase (U L-1)

Glucose (mg dL-1)

Calcium (mmol L-1)

Sodium (mmol L-1)

Potassium (mmol L-1)
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insights from data, ultimately increasing the chances of 
successfully solving a particular problem or task.10 For our 
study, the following five different preprocessing methods 
were tested on datasets (HIV/AIDS, TB, and COVID-19 
diagnostic data) to select which preprocessing best fits 
the data: (i) scaling and centering: autoscale, group scale, 
log decay scaling, mean center, median center, multiway 
center, multiway scale and square root (sqrt) mean scale; 
(ii) transformations: absolute value, log10; (iii) normalization: 
normalize, standard normal variate (SNV) and multiplicative 
scatter correction (MSC-mean); (iv) imputation: missing data 
were replaced by the median values; (v) imputation: missing 
data were replaced by the median values; (vi) filtering: 
baseline (specified points), baseline (weighted least square), 
derivative (Savitzky-Golay), smoothing (Savitzky-Golay), 
detrend, generalized least squares weighting (GLSW), 
orthogonal signal correction (OSC) and external parameter 
orthogonalization (EPO). 

Machine learning models

All machine learning analysis were performed in the 
SOLO Software (Eigenvector Research, USA).20 The ML 
models were developed for each disease class (COVID-19, 
HIV/AIDS, TB, and HIV/TB) versus the control group. 
To acquire an ML model, exploratory data analysis was 
initially performed to recognize data standards, select 
important variables, and detect outliers.21 In this study, 
the exploratory analysis of the data was conducted using 
the principal component analysis (PCA) model, and the 
detection of outlier samples was performed using the 
leverage plot versus student residuals (samples with high 
leverage and residual student values were identified, and 
removed from the dataset).22

Afterward, a total of seven ML models (partial least 
squares discriminant analysis (PLS-DA), artificial neural 
network (ANN), eXtreme Gradient Boosting (XGBoosted), 
K-Nearest Neighbors (KNN), logistic regression (LREG), 
Soft independent modeling by class analogy (SIMCA) and 
Support vector machine (SVM)) were trained, validated, 

and evaluated to predict the diagnosis of COVID-19,  
HIV/AIDS, TB, or HIV/TB co-infection. To ensure 
meaningful representation of training and testing 
data, each of the four patient classes (COVID-19,  
HIV/AIDS, TB, and HIV/TB) were individually analyzed, 
where 70% of the data was used for calibration and 
30% were used for validation, as shown in Table 2. It is 
important to highlight that this proportion of division of 
training and test data was carried out based on studies 
previously published in scientific literature.10 Samples 
were randomly selected using the Kennard-Stone 
algorithm.23 In Table 2, the unbalanced data observed 
between the patients, the patient group (COVID-19,  
HIV/AIDS, TB, and HIV/TB) and the control group can 
be explained due to the prevalence and incidence rates of 
the diseases. For example, the prevalence of HIV/AIDS in 
Mozambique is 13.5, while the incidence of tuberculosis 
is 551 cases per 100 thousand people.24,25 All ML models 
were optimized considering lower values of root-mean-
square error of cross-validation (RMSECV).26 

The model validation (performance) was assessed 
considering specificity (the ability of an ML model to 
correctly classify true negative samples), sensitivity (the 
ability of an ML model to correctly classify true positive 
samples), and accuracy (established to Receiver Operator 
Characteristic (ROC) curves is the ability of an ML model 
to correctly classify negative and positive samples and 
represent the model efficiency).27-29 Equations 1, 2, 3, 4, 5, 
and 6 were used to calculate sensitivity (recall), specificity, 
accuracy, precision, F1 score, and Mattew’s correlation 
coefficient, respectively.

The Variable Importance in Projection (VIP) graph 
was constructed for the model that had high diagnostic 
accuracy, to investigate potential biomarkers associated 
with the diagnosis of COVID-19, HIV/AIDS, TB, and 
HIV/TB co-infection. 

	 (1)

Table 2. Subset of calibration and validation data used for the development of machine learning models to predict diagnosis of COVID-19, HIV/AIDS, 
TB, and HIV/TB patients

Dataset
Training (70%) Testing

Positive Negative (control) Positive Negative Positive Negative

COVID-19 816 920 571 644 245 276

HIV/AIDS 49 4520 34 3164 15 1356

TB 113 4520 79 3164 34 1356

HIV/TB 80 4520 56 3164 24 1356

COVID-19: coronavirus disease; HIV/AIDS: human immunodeficiency virus; TB: tuberculosis.
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	 (2)

	 (3)

	 (4)

	 (5)

	 (6)

where TP: true positive, TN: true negative, FP: false 
positive, FN: false negative, and MCC: Mattew’s 
correlation coefficient. 

Results

Univariate analysis 

The results of the univariate analysis comparing the 
levels of all biochemical and hematological biomarkers 
between COVID-19, HIV/AIDS, pulmonary TB and  
HIV/TB co-infection patients are presented in Table 3. 
The Kruskal Wallis test showed that there were significant 
differences (p < 0.05) in the viability of all these biomarkers 
in the four groups studied.

Multivariate analysis: principal component analysis (PCA)

The results of the exploratory analysis (PCA model) of 
COVID-19 diagnostic data are shown in Figure 1, while 
exploratory analysis for HIV/AIDS, pulmonary TB, and 
HIV/TB co-infection patient data are shown in Figure 2. 
In PCA analysis, a sample is considered a potential outlier 

Table 3. Biochemical and hematological biomarkers used in patients with COVID-19, HIV/AIDS, tuberculosis, and HIV/TB co-infection

Variable 
COVID-19 HIV/AIDS Tuberculosis HIV/TB Control

Median IQRa Median IQRa Median IQRa Median IQRa Median IQRa Pb

Age / years 62.00 51.00-75.00 38.00 32.00-43.00 32.00 24.00-40.00 33.50 28.25-42.75 64.00 45.00-78.00 0.00

White blood cells / 
(×109 L-1)

6.58 5.01-9.58 4.50 3.70-5.60 7.30 5.15-9.75 7.15 4.83-9.98 8.80 6.75-11.31 0.00

Red blood cells / 
(×1012 L-1)

4.67 4.27-5.07 3.93 3.46-4.75 4.48 3.99-4.94 3.73 3.27-4.33 4.50 4.03-4.89 0.00

Hemoglobin / (g dL-1) 13.70 12.31-14.74 12.40 11.25-13.85 11.20 9.85-13.15 10.00 8.53-11.43 13.10 11.53-14.30 0.00

Hematocrit / % 40.50 37.00-43.55 38.10 34.65-40.90 35.00 31.35-39.60 30.30 26.55-34.40 39.03 35.30-42.20 0.00

Mean corpuscular 
volume / fL

87.10 84.00-90.10 98.90 76.95-107.85 73.00 -70.30-83.95 71.05 -73.88-87.78 87.70 84.26-91.24 0.00

Mean corpuscular 
hemoglobin / (g cell-1)

29.40 28.21-30.50 31.20 27.90-34.45 25.20 -19.30-27.75 26.50 -17.75-29.05 29.50 28.10-30.70 0.00

Mean corpuscular 
hemoglobin / (g Hb dL-1)

33.70 32.90-34.35 31.90 29.70-34.55 31.90 30.00-33.25 32.05 28.98-33.80 33.50 32.56-34.20 0.00

Platelets count / 
(×109 L-1)

209.00 162.00-268.75 212.00 159.50-268.50 319.50 226.50-396.00 305.50 226.00-389.75 234.67 187.00 -284.00 0.00

Platelets count / % 15.65 10.16-22.69 41.10 27.85-51.70 27.20 21.00-37.90 24.20 14.80-37.75 18.40 14.18-22.60 0.00

Platelets count / 
(×109 L-1)

1.00 0.71-1.30 2.20 1.75-2.95 2.00 1.50-2.65 1.60 1.10-2.38 1.50 1.20-1.75 0.00

Neutrophils count / % 75.60 66.83-83.50 31.80 20.65-47.35 58.50 52.45-66.60 57.35 47.15-76.75 70.40 66.40-76.10 0.00

Neutrophils count / 
(×109 L-1)

4.80 3.50-7.25 1.80 1.34-2.35 4.40 3.06-6.70 4.30 3.03-6.28 5.95 5.00-7.10 0.00

Monocytes count / % 7.30 5.20-9.50 10.70 8.00-15.15 10.30 8.30-12.80 9.15 7.08-11.88 7.78 6.80-8.70 0.00

Monocytes count / 
(×109 L-1)

0.50 0.30-0.60 0.50 0.35-0.68 0.80 0.60-1.10 0.80 0.50-0.90 0.60 0.56-0.75 0.00

Creatinine kinase / 
(U L-1)

100.00 100.00-100.00 83.85 76.15-91.35 61.83 61.83-61.83 63.41 63.41-63.41 78.00 78.00-78.00 0.00

Urea / (mg dL-1) 34.83 30.00-42.00 3.55 3.10-3.80 3.40 3.40-3.40 4.74 4.74-4.74 35.00 33.00-38.30 0.00

Aspartate 
aminotransferase / (U L-1)

43.00 30.00-63.00 31.00 26.50-34.50 29.30 29.30-29.30 23.40 23.40-23.40 26.00 21.00-33.00 0.00

Alanine 
aminotransferase / (U L-1)

33.85 23.00-54.46 31.00 27.00-38.35 21.00 21.00-21.00 25.20 25.20-25.20 22.00 16.31-31.00 0.00

Glucose / (mg dL-1) 107.00 95.00-129.00 4.41 4.41-4.41 4.70 4.70-4.70 4.82 4.82-4.82 100.75 89.00-118.00 0.00

aIQR: interquaril range; bP: Kruskal Wallis test; COVID-19: coronavirus disease; TB: tuberculosis; HIV/AIDS: human immunodeficiency virus.
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if, and only if, it simultaneously has high Q-residual 
values and high Hotteling T2 values. For both data sets, 
although some samples have high Q-residual values, they 
cannot be considered outliers because they are within 
Hotteling  T2’s 95% confidence interval (Figures  S1 
and S2, in Supplementary Information (SI) section). It 
is important to highlight that both PCA models were 
optimized using the combination of the following process 
methods: normalize + autoscale. To discriminate patients 
from dataset 1 (COVID-19 vs. control) and dataset 2  
(HIV/AIDS vs. TB vs. HIV/TB vs. control) by the PCA 
model, two principal components (90.42% of the variance 
explained) and three principal components (96.89% of the 
variance explained), respectively. From this analysis, no 
outlier samples were detected from COVID-19 diagnostic 
data (Figure S1 in SI section) and HIV/AIDS, pulmonary 
TB, and HIV/TB co-infection diagnostic data (Figure S2 
in SI section).

In Figure 1a, the PCA model was able to discriminate 
the two sample classes (COVID-19 and control). 
According to the loading plot (Figure 1b), the biomarkers 
that were most important in discriminating between the 
COVID-19 group and the controls were: calcium, lactate 
dehydrogenase, C-reactive protein, white blood cells, 
red blood cells, lactate dehydrogenase, hemoglobin, 
hematocrit, lymphocytes, neutrophils, urea and aspartate 
transaminase. It is important to highlight that we only show 
the PC1 loading graph because it represents the majority 
of the explained variance of the dataset, which is 74.39%. 

From Figure 1a, it can be seen that the n = 4520 
samples from the control group are overlapping each other, 
making it difficult to visualize. To understand the source of 
this high overlap of these samples, we constructed a score 
plot of the PCA model using only the samples from the 
control group (n = 4520) applying the same combination 
of the same pre-processing methods (normalize + 
autoscale) used for building the PCA model shown in 
Figure 1a, and we observed high overlap remained (see 
Figure S3 in SI section). Next, we also built a new score 
plot of the PCA model of the same samples but without 
any pre‑processing method and observed a high dispersion 
of all 4520 samples belonging to the control group (see 
Figure  S4 in SI  section). Based on these analyses, we 
conclude that the high overlap between the control 
samples in the control group in Figure 1a (n = 4520) is 
due to the combination of pre‑processing methods used 
to optimize the PCA model, that is, the combination 
normalize + autoscale.

In Figure 2a, the PCA model was able to discriminate 
samples from patients with HIV/AIDS, pulmonary TB, 
HIV/TB co-infection, and control. According to the PC1 
loadings plot (Figure 2b), the most important biomarkers 
in discriminating the four groups of patients (COVID-19, 
HIV/AIDS, HIV/TB and control) were red blood cells, 
hematocrit, mean corpuscular volume concentration, 
platelets, lymphocytes, neutrophils, monocytes, creatinine, 
alanine transaminase, red blood cell distribution width and 
serum glucose.

Figure 1. Exploratory analysis of the COVID-19 dataset. (a) PCA model of the blood samples from 816 patients with COVID-19 diagnosed by RT-PCR 
are represented by the red triangles and blood samples from 920 controls with negative RT-PCR are represented by green circles. (b) The loadings plot 
represents the most important variables in discriminating samples from the COVID-19 group and controls. Only the loadings plot of the first principal 
component is shown as it is the one that captured the highest explained variance of the original data, which was 74.39%.
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Outliers detection

Before developing the classification models, graphs 
of leverage versus student residuals were constructed 
(Figures  S5-S6, SI section). For both data set 1 
(COVID-19  vs. control) and data set 2 (COVID-19 vs.  
HIV/AIDS vs. TB vs. HIV/TB vs. control), although there 
are some samples that presented high leverage values, none 
of them was considered outliers because all samples are 
within ± 2.5 standard deviations of the student residuals 
(Figures S5-S6, SI section). Therefore, all samples 
presented in the two datasets were used to develop machine 
learning models to predict the diagnosis of COVID-19, 
HIV/AIDS, TB and the detection of HIV/TB co-infection.

Multivariate analysis: classification models

All machine learning models classifying different 
patient groups (COVID-19, HIV/AIDS, TB, HIV/TB 
and control) were trained and tested using the same 
processing methods used in the PCA analyzes mentioned 
above (normalize + autoscale). The performance results 

of all seven machine learning models (PLS-DA, ANN, 
XGBoosted, KNN, LREG, SIMCA, and SVM) used to 
predict the diagnosis of COVID-19, HIV/AIDS, pulmonary 
TB, and HIV/TB co-infection are presented in Table 4. 
The PLS-DA model was the one that showed the highest 
performance in predicting the diagnosis of COVID-19, 
HIV/AIDS, TB and HIV/TB due to its high sensitivity, 
specificity, accuracy, precision, F1 score and MCC values, 
varying between 88-96% (Table 4). It is important to 
highlight that the sensitivity (recall), specificity, accuracy, 
precision, F1 score, and Mattew’s correlation coefficient 
(MCC) values were calculated using equations 1, 2, 3, 4, 
5 and 6 shown in the Experimental section. 

These models were trained considering lower values of 
RMSECV (Figures S7-S8, SI section). The PLS-DA model 
had the best performance (higher values of sensitivity, and 
specificity as shown in Table 4). The ROC curves of the 
PLS-DA diagnostic models of HIV/AIDS, pulmonary TB, 
and HIV/TB co-infection are presented in Figure 3.

Figures 4 and S9 (SI section) demonstrate the VIP 
graphs with the biomarkers that most contributed to the 
diagnosis. The x axis represents each biomarker used in the 

Figure 2. Exploratory analysis of the human immunodeficiency (HIV/AIDS), tuberculosis (TB), and HIV/TB co-infection dataset. In (a) it is shown the 
PCA model of the blood samples from 49 patients with HIV/AIDS are represented by the red triangles; 113 patients with pulmonary TB are represented 
by the green stars; 80 patients co-infected with HIV/TB are represented by the green circles and 4,520 controls who tested negative for HIV/AIDS or 
TB are represented by the blue squares (control). In (b) the loadings plot is shown that represents the most important variables in discriminating samples 
from the HIV/AIDS, TB, HIV/TB, and control. Only the loadings plot of the first principal component is shown as it is the one that captured the highest 
explained variance of the original data, which was 71.99%.



Use of Biochemical Tests and Machine Learning in the Search for Potential Diagnostic Biomarkers of COVID-19, HIV/AIDSCobre et al.

8 of 14 J. Braz. Chem. Soc. 2024, 35, 7, e-20240020

study. The y axis shows the VIP score that corresponds to the 
importance of each biomarker in predicting the diagnosis of 
COVID-19, HIV/AIDS and TB. VIP values greater than 1 
(values above the dashed red horizontal line) are considered 
significantly important in predicting diagnosis. Thus, the 
following biomarkers were associated with the diagnosis of 
COVID-19: calcium, lactate dehydrogenase (LDH), white 
blood cell  (WBC), red blood cell (RBC), hemoglobin, 
hematocrit, neutrophils count, aspartate aminotransferase, 
basophils count, and eosinophils count (Figure 4). The 
differences in biomarker levels between the COVID-19 
patient group and the controls are shown in Table 3. It 
is important to highlight that these biomarkers were also 
identified by the PCA model as important in discriminating 
the two groups of patients (COVID-19 vs. control).

The parameters  such as  mean corpuscular 
volume (MCV), platelets, neutrophils, and mean platelet 
volume (MPV) were associated with HIV/AIDS infection. 
The platelets, neutrophils, red blood cell distribution 
width (RBCD), urea, and serum glucose were related 

Figure 3. The area under the ROC curve of PLS-DA model 
performance. The area under the curves (AUC) reflects the accuracy 
of PLS-DA models in predicting patients of different classes of 
patients ((COVID-19, human immunodeficiency virus (HIV/AIDS),  
tuberculosis (TB) and (HIV/AIDS/TB) co-infection)) and control. 
Curves include both sets of samples (training and test samples). 
The AUC values for predicting COVID-19, HIV/AIDS, and  
HIV/TB co-infection were 94 (a), 97 (b), 95 (c), and 96% (d), respectively.

Table 4. Performance comparison of the machine learning models for COVID-19, HIV/AIDS, TB, and HIV/TB co-infection. Only the results of the 
model test are shown

Class Model TP FN TN FP Sensitivity Specificity Accuracy Precision F1 score MCC

COVID-19

PLS-DA 226 19 265 11 0.92 0.96 0.94 0.95 0.94 0.88

ANN 224 21 248 28 0.91 0.90 0.91 0.89 0.90 0.81

KNN 219 26 259 17 0.89 0.94 0.92 0.93 0.91 0.83

SVM 205 40 259 17 0.84 0.94 0.89 0.92 0.88 0.78

SIMCA 238 7 244 32 0.97 0.88 0.93 0.88 0.92 0.85

XGboost 210 35 258 18 0.86 0.93 0.90 0.92 0.89 0.80

LREG 213 32 264 12 0.87 0.96 0.92 0.95 0.91 0.83

HIV/AIDS

PLS-DA 15 0 1310 46 1.00 0.97 0.97 0.25 0.39 0.49

ANN 12 3 1273 83 0.80 0.94 0.94 0.13 0.22 0.30

KNN 12 3 1250 106 0.80 0.92 0.92 0.10 0.18 0.27

SVM 11 4 1261 95 0.73 0.93 0.93 0.10 0.18 0.26

SIMCA 13 2 1213 143 0.87 0.89 0.89 0.08 0.15 0.25

XGboost 15 1255 101 1.00 0.93 0.93 0.13 0.23 0.35

LREG 11 4 1236 120 0.73 0.91 0.91 0.08 0.15 0.23

TB

PLS-DA 31 3 1251 105 0.91 0.92 0.92 0.23 0.36 0.43

ANN 29 5 1247 109 0.85 0.92 0.92 0.21 0.34 0.40

KNN 29 5 1247 109 0.85 0.92 0.92 0.21 0.34 0.40

SVM 31 3 1220 136 0.91 0.90 0.90 0.19 0.31 0.39

SIMCA 25 9 1207 149 0.74 0.89 0.89 0.14 0.24 0.29

XGboost 29 5 1251 105 0.85 0.92 0.92 0.22 0.35 0.41

LREG 24 10 1257 99 0.71 0.93 0.92 0.20 0.31 0.34

PLS-DA 22 2 1343 13 0.92 0.99 0.99 0.63 0.75 0.75

ANN 21 3 1255 101 0.88 0.93 0.92 0.17 0.29 0.37

HIV/TB

KNN 20 4 1238 118 0.83 0.91 0.91 0.14 0.25 0.33

SVM 18 6 1243 113 0.75 0.92 0.91 0.14 0.23 0.30

SIMCA 11 13 1214 142 0.46 0.90 0.89 0.07 0.12 0.15

XGboost 20 4 1252 104 0.83 0.92 0.92 0.16 0.27 0.35

LREG 19 5 1273 83 0.79 0.94 0.94 0.19 0.30 0.36

PLS-DA: partial least squares discriminant analysis; ANN: artificial neural network; XGBoosted: eXtreme Gradient Boosting; KNN: K-Nearest Neighbors; LREG: 
logistic regression; SIMCA: soft independent modeling by class analogy; SVM: Support vector machine; TB: tuberculosis; HIV: human immunodeficiency; 
AIDS: acquired immunodeficiency syndrome; TP: true positive; TN: true negative; FP: false positive; FN: false negative; MCC: Mattew’s correlation coefficient.
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to Mycobacterium  tuberculosis infection (Figure S3, 
SI section). The following biomarkers were associated 
with HIV/TB co-infection: red blood cells, hemoglobin, 
hematocrit, platelets, lymphocytes, neutrophils, red 
blood cell distribution width (RBCD), aspartate 
transaminase  (AST), alanine transaminase (ALT), and 
serum glucose (Figure S3, SI section). The differences in 
biomarker levels between the HIV/AIDS, TB, HIV/TB 
co-infection patient group and the controls are shown in 
Table 3. It is important to highlight that these biomarkers 
were also identified by the PCA model as important in 
discriminating the four groups of patients (HIV/AIDS vs. 
TB vs. HIV/TB vs. control).

Practical applicability of the machine learning model

The robustness of the PLS-DA model was thoroughly 
assessed using 1228 external samples sourced from 
patients in Brazil. These individuals tested negative for 
COVID-19, HIV/AIDS, and TB, yet presented a spectrum 
of other conditions including diabetes, hypercholesteremia, 
hypertriglyceridemia, hypothyroidism, and obesity. The 
model demonstrated exceptional performance, accurately 
classifying these cases with a sensitivity of 98% (1205 
out of 1228 samples) and an error rate of only 2%. This 

underscores the model’s high predictive efficacy in real-
world clinical scenarios (Table 5). 

Discussion

In this study, several machine learning models 
(PLS‑DA, LREG, KNN, XGBoost, SIMCA, ANN, and 
SVM) were tested to predict the diagnosis of COVID-19, 
HIV/AIDS, TB, and HIV/TB co-infection, based on 
data from biochemical. Considering that the data were 
collected between April-November 2021 and considering 
the recent new mutations recorded in samples from patients 
with SARS-CoV-2 (e.g., lambda, gamma, alpha, and 
beta),21‑23 HIV/AIDS (e.g., mutations 67N, 70R, 184V, 
219Q, M184L, and M184T),26,27 and M. tuberculosis (e.g., 
mutations V91W and delta 438A),28,29 the ML models of 
this study are complex. The results of this study showed 
high diagnostic accuracy in detecting SARS-CoV-2 (area 
under the curves (AUC) = 0.94), HIV/AIDS (AUC = 0.95), 
TB (AUC = 0.97), and HIV/TB co-infection (AUC = 0.96). 
These values are similar to other ML models of COVID-19, 
HIV/AIDS, and M. tuberculosis available in the literature 
(AUC ROC 70-99%).30-33

It is important to highlight that, in real-life data 
involving COVID-19 (or HIV/AIDS) patients, the data 

Figure 4. Variable importance in projection (VIP) graph of the most important biomarkers for COVID-19 diagnosis. x axis represents all analyzed metabolites; 
y axis represents the VIP score that reflects the importance of each metabolite in the prediction of the different classes of the samples (COVID-19 and 
control). The red dashed line parallel to the x axis represents the VIP score threshold (VIP score threshold = 1). Metabolites that significantly contribute 
to predicting the diagnosis of COVID-19 are above the threshold (VIP score > 1). 

Table 5. Assessment of the predictive performance of the PLS-DA model in predicting external samples from patients without any of the diseases studied 
(COVID-19, HIV/AIDS and TB) but with other comorbidities

Group of patients Total TP FN Non-error rate Error rate

Diabetes 86 85 1 0.988 0.012

Deslipidemiasa 282 275 7 0.975 0.025

Hypothyroidism 184 181 3 0.984 0.016

Obesity 676 664 12 0.982 0.018

Total 1228 1205 23 0.981 0.019
aPatients with hypercholesterolemia or hypertriglyceridemia. TP: true positive; FN: false negative.
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are almost always unbalanced due to the prevalence of the 
disease, as there are many patients with a negative test result 
than a positive result, as can be seen in the recent studies 
by Alves et al.34 Zuin et al.35 Therefore, this imbalance 
problem was also observed in our study.

In our previous study,10 using plasma and serum 
samples from patients with COVID-19 analyzed by liquid 
chromatography mass spectrometry (LC-MS, metabolomic 
data), the PLS-DA model was able to predict the diagnosis 
and severity of COVID-19 with an accuracy of around 
93%. In addition, potential new diagnostic and severity 
biomarkers were identified (ribothymidine, N-acetyl-
glucosamine-1-phosphate, L-ornithine, and 5,6-dihydro-
5-methyluracil).10 On the other hand, in this present study, 
we propose a new method for diagnosing COVID-19 using 
data from routine examinations of patients (biochemical 
and hematological tests). Although both studies used the 
PLS-DA model to predict the diagnosis of COVID-19, the 
potential of our present study (when compared with the 
previous study)10 stands out since it uses data from routine 
examinations of patients, which are more accessible and 
cheaper, facilitating the application of the PLS-DA model 
developed in clinical practice. Unlike the previous study, 
where it is difficult to implement, given the high cost of 
high performance liquid chromatography (HPLC) and 
mass spectrophotometer equipment, which are both very 
sophisticated and very expensive equipment.36,37 In addition 
to the difference in the analytical techniques used, another 
point to be highlighted is that in this study, we also analyzed 
samples from HIV/AIDS patients, pulmonary TB, and 
HIV/TB co-infected patients, increasing the complexity 
of the PLS-DA model developed. Finally, we identified 
some potential biomarkers associated with the diagnosis 
of COVID-19 (calcium, LDH, RBC, WBC, neutrophils, 
basophils, eosinophils, hemoglobin, and hematocrit) and 
some associated with the diagnosis of HIV/AIDS and TB 
(lymphocytes, RBC, hematocrit, hemoglobin, AST, ALT, 
and glycemia); these biomarkers are different from our 
previous study.

Currently, machine learning and artificial intelligence 
have often been used to aid in the early diagnosis of diseases 
(including COVID-19, HIV/AIDS, and TB).38-40 However, 
most of these studies compromise their model due to the 
small sample size.41-43 In our study, the ML models were 
trained using a relatively large sample (n = 6,498 patients), 
obtaining robust and accurate results. Furthermore, to our 
knowledge, this is the first study where machine learning 
models were trained for the simultaneous detection of 
COVID-19, HIV/AIDS, TB, and HIV/TB co-infection.

Alterations in calcium levels in viral diseases have 
already been demonstrated in previous studies.44,45 

Low calcium is present in COVID-19, according to the 
systematic review and meta-analysis by Alemzadeh.46 
Recent studies have shown a strong correlation between 
the positivity of SARS-CoV-2 infection and the low level 
of calcium in the body, as reported by Cappellini et al.47 
and Yang et al.48 Similar results were also addressed 
in our study, where calcium was considered the main 
biomarker indicative of the diagnosis of COVID-19, 
presenting reduced values when compared to controls. 
In  vitro and in vivo studies involving animals infected 
with SARS-CoV-2 showed that the SARS-CoV-E gene, 
a gene located in the apparatus in the Golgi apparatus, is 
highly synthesized during viral infection and is responsible 
for encoding the transmembrane protein of calcium ion 
channel, allowing the permeabilization of calcium. Thus, 
there is a homeostatic imbalance of intracellular calcium 
that can activate the inflammatory pathways mediated by 
TNF, IL-1b, and IL-6, causing cell damage and edema.45,49 
Given the great genomic similarity between SARS-CoV 
and SARS-CoV-2, the biochemical mechanisms between 
them may be similar.50 

In our study, the PLS-DA model identified LDH as a 
potential diagnostic biomarker of COVID-19, which is in 
agreement with what has been reported in some systematic 
reviews51,52 and our previous study.9 As LDH is present in 
lung cells, possibly patients infected with SARS-CoV-2 
release a greater amount of LDH in the blood as a result 
of the injuries suffered by lung cells caused by the virus.53 
Our study also demonstrated elevated levels of AST and 
ALT in HIV/TB co-infected patients, possibly because 
these enzymes present high levels during the viral infectious 
process.54,55 

Neutropenia in patients infected with SARS-CoV-2, 
HIV/AIDS, and HIV/TB co-infection agrees with previous 
studies in the literature.3,56-58 A potential reason is that 
patients infected with COVID-19 presented transient 
agranulocytosis in the initial disease and for the excessive 
demand for neutrophils in peripheral blood in the face 
of SARS-CoV-2 infection.58 In HIV/AIDS infection (or 
HIV/TB co-infection), neutropenia is due to advanced 
disease progression, which includes low levels of  cluster 
of differentiation 4 (CD4) cells, and high levels of the 
HIV/AIDS-1 ribonucleic acid (RNA) virus that causes 
cytotoxicity.59 Although there is no evidence demonstrating 
that HIV/AIDS directly infects and kills mature neutrophils, 
HIV/AIDS has been shown to have the ability to infect 
and kill multipotent hematopoietic stem cells by the 
Fas-Associated death Domain (FAD)-dependent process 
of apoptosis, and viral proteins are responsible for 
the suppression of proliferation of granulomonocytic 
progenitor cells.60-63 
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Anemia is common in serious infectious diseases such 
as COVID-19, HIV/AIDS infection, and TB, and represents 
one of the main hematological complications caused by 
these viruses, contributing to a reduction in the survival rate 
of patients, low quality of life, and compromised treatment 
success.63-66 In SARS-CoV-2 infection, anemia is attributed 
to the presence of disseminated intravascular coagulation 
and pulmonary thrombotic microangiopathy, which 
results in intravascular hemolysis,64 while in HIV/AIDS, 
multifactorial causes may be related, such as the presence 
of opportunistic infections, nutritional deficiencies, changes 
in the adaptive immune system, pre-existing chronic 
diseases, and HIV/AIDS infection of stromal cells.67-72 In 
the case of M. tuberculosis infection, the nutritional factor 
is the main cause.73 Despite our results being consistent, 
the cross-sectional design adopted in this study constituted 
the main limitation of the work, as this study design does 
not allow for patient follow-up and blood biomarkers may 
vary during the disease.

The main limitation of the study is the imbalance 
between patients (COVID-19, HIV/AIDS, TB, and the 
control group), which can be justified due to the prevalence 
and incidence of these diseases. Two other important factors 
contributed to the imbalance of the data: (i) the study 
data were collected in a hospital in the northern region of 
Mozambique (Africa) with a lack of financial and human 
resources, and this is a sad reality in almost all hospitals 
in Mozambique. We collected this data manually directly 
from patients’ clinical files and there were no electronic 
forms of patients that could facilitate the data collection 
process. This entire process was carried out by the study 
researchers and the study had no funding. (ii) The second 
and last point that contributed to the high imbalance in the 
data is the high stigmatization and discrimination of patients 
living with HIV/AIDS and tuberculosis, and this impacted 
the undercounting of cases and the increase in treatment 
abandonment rates, drastically reducing the number of 
data available for collection, and consequently the high 
imbalance of the groups.

Conclusions

In conclusion, this study successfully developed and 
validated several machine learning algorithms (PLS-DA, 
ANN, XGBoosted, KNN, LREG, SIMCA and SVM) for 
predicting the diagnosis of COVID-19, HIV/AIDS, TB, 
and HIV/TB co-infection using data from biochemical 
and hematological tests. The PLS-DA model demonstrated 
excellent performance in diagnosing these diseases, 
achieving accuracy rates ranging from 94 to 97%.

Moreover, the study identified several potential 

biomarkers associated with each of these diseases, providing 
valuable insights into diagnostic indicators. For COVID-19, 
biomarkers such as calcium, lactate dehydrogenase, red 
blood cells, white blood cells, neutrophils, basophils, 
eosinophils, hemoglobin, and hematocrit were associated. 
HIV/AIDS infection was linked to mean corpuscular 
volume, platelets, neutrophils, and mean platelet volume. In 
the case of Mycobacterium tuberculosis infection, red blood 
cell distribution width and urea were identified as relevant 
biomarkers. Finally, HIV/TB co-infection was associated 
with biomarkers including lymphocytes, red blood cells, 
hematocrit, hemoglobin, aspartate transaminase, alanine 
transaminase, and glycemia. The findings underscore the 
potential of the PLS-DA model for optimizing the diagnosis 
of these diseases and the significance of specific biomarkers 
that may aid in screening and early detection. This research 
contributes to the ongoing efforts to improve diagnostic 
accuracy and early intervention in infectious diseases, 
ultimately benefiting patient outcomes and healthcare 
management.	
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Supplementary information (Figures S1-S9 and 
reference for the tutorial of how to use the FAPESP 
COVID-19 DataSharing/BR repository) is available free 
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