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ABSTRACT: Prompt diagnosis of tuberculosis (TB) enables timely treatment, limiting
spread and improving public health for this disease. Currently, a rapid, sensitive, accurate,
and cost-effective detection of TB still remains a challenge. For this purpose, we engaged a
transmission skill and an attenuated total reflectance (ATR) technique coupled with
Fourier-transform infrared spectrometry (FTIR) to study the IR spectra of the plasma
samples from TB patients (n = 10) and healthy individuals (n = 10). To ensure high-
quality spectral data, spectra were collected in both transmission and ATR modes, with
each measurement consisting of 256 scans at a resolution of 8 cm−1. For the transmission
mode, measurements were repeated five times per sample, while ATR-FTIR measurements
were repeated three times per sample. These parameters were carefully optimized through
rigorous testing to achieve the highest possible signal-to-noise ratio for patient sample
analysis. Using this method, we obtained a total of 100 spectra from 20 samples in the
transmission mode and 60 spectra in the ATR-FTIR mode, ensuring sufficient data for
robust spectral analysis. Further, we applied machine learning techniques to analyze and
classify the IR spectra; by this means, we differentiated those spectra between TB patients and healthy ones. In this work, we
modified the transmission-FTIR setup to improve the absorption sensitivity by focusing the IR light on the interface of the sample;
while, we used a high-refractive-index crystal ZnSe as a medium to reflect the signals in ATR scheme. Routinely, we compared the
spectra obtained from both methods; in their second derivative curves, we notified that there had distinct spectral differences in
protein and lipid regions (3500−3000, 2900−2800, and 1700−1500 cm−1) between TB and healthy groups. Using three machine
learning classifiers�Logistic Regression (LR), Random Forest (RF), and XGBoost (Xg)�we found that the Xg achieved an
accuracy of 0.749, precision of 0.703, recall of 0.901, F1 score of 0.790, and an AUC of the ROC curve of 0.82 for absorption spectra
in the 3500−2700 cm−1 region; additionally, the machine learning practice showed that ATR data possessed performance
parameters of ∼ 80% in accuracy. We randomly assigned participants (rather than individual scans) to 80% training and 20% test
sets to train and validate three machine learning models (LR, RF, and Xg). Based on the results, we concluded that the absorption
spectroscopic method demonstrated its superior performance in TB diagnosis. Thus, we have showed that absorption-FTIR
spectroscopy is a valuable tool for sorting the TB disease from patients. The spectral IR analysis of plasmas can complement clinical
evidence and provides a rapid and accurate diagnosis of TB in clinic.

■ INTRODUCTION
Tuberculosis (TB) is a global epidemic caused by Mycobacte-
rium tuberculosis, primarily infecting the lungs. According to the
World Health Organization (WHO) Global TB Report 2023,
the recounted number of individuals contracted with TB
worldwide was 9.6 million in 2020, increasing to 10.3 million
by 2021, and to 10.6 million by 2022.1 To prevent the spread of
this disease, one of a key factor is an early detection; then, to take
an immediate treatment is possible and crucial. Current
methods of detecting TB are based on chest X-ray radiography,
sputum smear microscopy, mycobacterial culture, polymerase
chain reaction, immunodiagnostic methods (tuberculin skin test
and Interferon (IFN-γ) release assay),2 and etc. Sputum acid-
fast bacilli smear for pulmonary TB screening has a sensitivity of

10−75% and a specificity exceeding 90%, but its effectiveness
declines in regions with high nontuberculous mycobacterium
prevalence, necessitating rapid sputum TB PCR for confirma-
tion.3 Blood-based quantitative PCR can detect circulating
Mycobacterium tuberculosis DNA, but its sensitivity, typically
below 60%, limits its clinical utility.4 To facilitate the diagnosis of
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the TB, many new promising diagnostic techniques have been
recently developed, including probe methods, CRISPR-Cas
assay, mass spectrometry analysis, and immunosensor devices.5

Nevertheless, a rapid, sensitive and simple diagnostic test that is
applicable at point-of-care still needing development.
For the diagnosis of diseases, Fourier-transform infrared

spectroscopy (FTIR) has been used as a spectral tool to analyze
biological specimens for decades.6−8 Various spectral techniques
of FTIR provide the advantages of rapid identification with high
sensitivity and repeatability; also, these transmission or
reflectance methodologies of FTIR are nondestructive and
require little or no preliminary preparation.9,10 Usually, routine
serological diagnosis offers a promising opportunity for
increased testing accessibility, facilitated by simpler sample
collectionmethods in hospitals; particularly, several studies have

identified promising TB products in serum or plasma.11

Recently, blood specimens have been studied with IR spectros-
copy to develop better alternatives for disease diagnosis.12 For
example, IR spectroscopy has reportedly been used to analyze
lung-related diseases.13−15 Among these cases, Yang et al.
proposed that the attenuated total reflectance of Fourier-
transform infrared spectroscopy (ATR-FTIR) combined with
chemometrics could be used effectively to distinguish the serum
of patients with lung cancer from that of healthy people.13 The
findings indicated that the concentrations of protein, lipid and
nucleic acid molecules in the serum of lung cancer patients were
elevated in comparison to those of individuals without health
issues. In addition, using infrared spectroscopy combined with
chemometric analysis, Giamougiannis et al. studied blood
plasma, blood serum, and urine samples from patients with

Figure 1. Direct Transmission-FTIR spectra of the dried films of plasma (A) from TB patients, (B) from healthy groups, (C) mean spectrum and its
standard deviation for each group in (A) and (B), and (D) for the assignments of the main bands. The second derivatives of the averaged spectra in
wavenumber region (E) 3500−2700 cm−1 and (F) 1800−600 cm−1.
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benign gynecological conditions and patients with ovarian
cancer;14 based on their findings, they supported the potential of
ATR-FTIR spectroscopy to identify chemotherapy-related
spectral changes. Adopting a different approach, Sitnikova et
al.15 investigated the ATR-FTIR spectra of serum samples with
methods of multivariate processing and found differences in the
ranges of DNA and RNA between the patients with breast
cancer and healthy people. Based on their results, they
concluded that the spectral technique could play a key role in
breast cancer screening.
FTIR spectroscopy measures the absorption of infrared

radiation for a molecule associated with its vibrations, such as
stretching and bending, providing detailed insights into the
chemical composition and structure of the molecule. The
absorption band in the IR spectrum corresponds to specific

functional groups, for examples, the O−H and C�O stretching
bands reveal around 3200−3600 cm−1 and near 1700 cm−1,
respectively.16 While FTIR offers high sensitivity and molecular
specificity, challenges such as overlapping bands and matrix
effects can complicate spectral interpretation.17 To address
these limitations, chemometric methods and machine learning
algorithms, such as Principal Component Analysis (PCA),
Random Forest (RF), and Support VectorMachines (SVM), are
employed to extract meaningful patterns from complex spectral
data.18 These tools enhance the diagnostic potential of FTIR
spectroscopy, making it a powerful approach for applications
such as identifying disease-specific biomarkers and developing
predictive diagnostic models.19

Integrating FTIR analysis with statistical methods, we can
explore the relationships between spectra and biosample

Figure 2.ATR-FTIR spectra of the dried films of plasma (A) fromTB patients, (B) from healthy groups, (C)mean spectrum and its standard deviation
for each group in (A) and (B), and (D) for the assignments of the main bands. The second derivatives of the averaged spectra in wavenumber region
(E) 3500−2700 cm−1 and (F) 1800 cm−1−600 cm−1.
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constituents, thereby enhancing our understanding of the overall
data results. Based on the existing literature, the combination of
FTIR spectra with algorithms, chemometrics, or machine
learning could be successfully applied to the detection,
diagnosis, and discrimination of different diseases.20−24 For
instance, ATR-FTIR spectroscopy with a subsequent genetic
algorithm−linear discriminant analysis algorithm was adopted
to distinguish between the saliva swab samples of patients with
COVID-19 and healthy controls.20 Khoury et al. used RF
classification in combination with FTIR spectra to detect
multiple sclerosis and amyotrophic lateral sclerosis.21 Gulekan et
al. integrated FTIR spectra with a SVM model as a machine
learning classification algorithm to examine blood serum and
confirm primary myelofibrosis in patients.22 The results from
PCA indicated that it was possible to differentiate between
patients and controls. Wu et al. performed serum analysis using
FTIR and deep learning algorithms of the AlexNet, ResNet,
MSCNN, and MSResNET models to differentiate among
ankylosing spondylitis, rheumatoid arthritis, osteoarthritis, and
healthy control groups successfully.23 McHardy et al. added
Wasserstein generative adversarial network-augmented ATR-
FTIR spectra of each serum sample to improve the convolu-
tional neural network of performance; by this means, they
differentiated between pancreatic-cancer and noncancer sam-
ples.24

To the best of our knowledge, no published literature has
addressed the blood analysis of TB patients using the FTIR
method. This study investigates whether FTIR, paired with
machine learning techniques, can be utilized as a rapid
diagnostic tool to distinguish between plasma samples of TB
patients and healthy controls. We employed the Logistic
Regression (LR), Random Forest (RF) and XGBoost (Xg)
models as machine learning classification algorithms to further
analyze the absorption-FTIR and the ATR-FTIR spectral data,
thereby demonstrating the potential of FTIR spectroscopy as a
predictive tool for the diagnosis of TB.

■ RESULTS
Spectral Analysis. Figure 1A,B show the direct absorption

spectra obtained from transmission mode FTIR of dried plasma
films collected from TB patients and healthy individuals,
respectively; Figure 1C depicts the mean spectrum and its
standard deviation from the groups in Figure 1A,B. Similarly,
Figures 2A−C show the ATR spectra of the ones from the TB
patients, the healthy persons and mean spectrum and its
standard deviation, respectively. For comparison, the intensities
in Figure 1 are greater than those in Figure 2, possibly due to the
optical lengths of the sample films in transmission mode being
longer than the penetration depths of the films in the ATR
method. Typically, the penetration depth of the film for the
ATR-IR process is in the range of 2−5 μm, as it is not constant
throughout the whole IR region. The penetration depth changes
across the spectrum as a function of the wavelength of the IR
light; the depth decreases with increasing wavenumber.
Compared to the absorption spectrum, this effect results in
diminished relative intensities of peaks at higher wavenumbers
for the ATR-IR spectrum.
The main IR absorption bands all appeared in the averaged

spectra of TB patients and healthy individuals taken in both
modes; apparently, there were no significant differences in their
absorption patterns, as can be seen from comparing Figures 1C
and 2C. The typical main bands in each characteristic spectrum
are marked in Figures 1D and 2D for the direct aabsorption and

the ATR spectra, and the assignments of the mainbands are
listed in Table 1.25−27

The absorption band at ∼3294/3078 cm−1 in Figure 1D may
be associated with the vibrational modes such asN−H in protein
amide groups and the stretching of −OH groups in
carbohydrates. Attributed to the hydrogen bonding effect, this
band is broad; also, the H-bond might cause a shift in the
absorption band. The bands at 2958 and 2931 cm−1 are
primarily attributed to the asymmetric stretching modes of CH
groups in the structures of proteins and lipids, 2873 and 2858
cm−1 are symmetric stretching modes of CH groups in protein
and lipid. Obviously, the band near 1735 cm−1 corresponds to
the vibration of the C�O group originating from the
substructures of cholesterol esters and triglycerides. In detail,
the band around 1654 cm−1 is associated with protein amide
groups; the one at 1542 cm−1 is related to stretching of C−N
bonds and the bending vibration of N−H bonds in the amide II
band; those at 1454 and 1342 cm−1 represent the absorptions
from the constitution of the lipid; the one at 1400 cm−1 comes
from the protein or lipid; and that at 1311 cm−1 is from the
amide III related to the protein amide group. The bands at 1245,
1168, 1153, 1103, and 1080 cm−1 may mainly originate from
nucleic acids, carbohydrates, proteins and phospholipids. In
addition, the absorption at 1053 cm−1 is attributed to
carbohydrates, and that at 941 cm−1 is from the DNA and
carbohydrates.
We further examined the averaged spectra by analysis of the

spectral curves for their second derivatives, which are partially
presented in Figures 1E,F and 2E,F. In the second derivative

Table 1. Assignments of the Main Bands in the Relevant IR
Absorption Spectra for Dried Plasma Films, Compiled Based
on Data from References25−27,25−27a

wavenumber assignments source describe

3294 ν(N−H)/ν(OH) protein, carbohydrate
3078 ν(N−H) protein
2958 νas(CH3), νas(CH2), νas(CH) protein, lipid
2931 νas(CH3), νas(CH2), νas(CH) protein, lipid
2873 νsym(CH3), νsym(CH2),

νsym(CH)
protein, lipid

2858 νsym(CH3), νsym(CH2),
νsym(CH)

protein, lipid

1735 ν(C�O) cholesterol ester/triglyceride
1654 ν(C�O) protein
1542 ν(CN), δ(NH) protein
1454 δ(CH2), δ(CH3) lipid
1400 νsym(COO−), δ(CH3) protein, lipid
1342 δ(CH2), δ(CH3) lipid
1311 ν(CN), ν(N−H) protein
1245 ν(PO2

−) nucleic acid
1168 δ(COH), ν(CH), ν(CO),

δ(COC)
carbohydrate, protein

1153 δ(COH), ν(CH), ν(CO),
δ(COC)

carbohydrate

1103 δ(COH), ν(CH), ν(CO),
δ(COC)

carbohydrate

1080 δ(PO2
−), ν(CO), ν(COC),

ν(COH)
phospholipid, carbohydrate,
nucleic acid

1053 ν(CO), ν(COC), ν(COH) carbohydrate
941 δ(COH), ν(CH), ν(CO),

δ(COC)
DNA, carbohydrate

aδ: symmetric bending vibration; νas: asymmetric stretching vibration;
νsym: symmetric stretching.
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curves from the direct absorption in Figure 1F, when the curve
from the TB patients was compared with that from the healthy
individuals, there appeared to be significant spectral changes
near the 1654 cm−1 region, which is responsive to the absorption
of amides in proteins. Meanwhile, notable changes were
observed in the 3500−3000 cm−1 region related to the
absorption of the protein, as shown in Figure 1E. Also, the
curves in the 2997−2965 cm−1 regions, corresponding to the
vibrational asymmetric stretching of CH in lipids and 2900−
2800 cm−1 regions are symmetric stretching modes of CH in
protein and lipid. However, less change was noted in curves
below the 1400 cm−1 regions, which are associated with nucleic
acids, carbohydrates, and DNA.
In the case of the second derivative curves of the ATR-FTIR

spectra, we observed patterns similar to that derived from the
averaged spectrum of TB patients compared to the one from
healthy individuals. Nevertheless, those curves revealed slight
dissimilarity, as shown in Figure 2E,F.
Besides the variation in the spectral profiles, we also noted

shifts of the lines for the second derivative curves in Figures 1E,F
and 2E,F. For example, shifts of the lines occurred in the 1700−
1500 and 3500−3000 cm−1 regions associated with the amide
vibrational frequencies of proteins, and others occurred in the
2900−2800 cm−1 region due to the CH vibrations of lipids.
These shifts of the lines of the second derivative curves derived
from both absorption and ATR spectra indicate that the
vibrational frequencies of protein structures and the CH
vibrations of lipids might be affected by the intrinsic properties
of the plasma in TB patients.
Integrated Report on Machine Learning Models for

Spectral Data Analysis. In this study, we evaluated the
performance of three machine learning models�LR, RF, and
Xg�on analysis of absorption-FTIR and ATR-FTIR spectral
data from 4500 to 600 cm−1 to distinguish the spectral variations
in the plasma between TB patients and healthy individuals. The
analytical results include a comprehensive comparison of
performance metrics, ROC curves, and confusion matrices.

■ PERFORMANCE METRICS
For the absorption-FTIR data (Figure 3A), LR achieved an
accuracy of 0.501, while RF and Xg showed higher accuracies at
0.706 and 0.726, respectively. Precision of LR was 0.502,
compared to 0.650 for RF and 0.669 for Xg. Recall values were
high across all models, with LR at 0.900 and both RF and Xg at
0.901. F1 scores were 0.645 for LR, 0.755 for RF, and 0.768 for
Xg, indicating better overall performance for RF and Xg.
For the ATR-FTIR data (Figure 3B), LR achieved 0.527 in

accuracy, while RF and Xg reached 0.661 and 0.697,
respectively. Precision scores were 0.513 for LR, 0.606 for RF,
and 0.638 for Xg. Recall values remained high, at 0.901 for LR,
0.903 for RF, and 0.901 for Xg. F1 scores were 0.654 for LR,
0.726 for RF, and 0.747 for Xg.
Comparisons of ROC Curves. ROC curves provided a

visual representation of the models’ abilities to distinguish
between TB patients and healthy individuals. For the
absorption-FTIR data (Figure 4A) the AUC was 0.57 for LR,
while RF and Xg achieved higher values of 0.79 and 0.80,
respectively. For the ATR-FTIR data (Figure 4B), the AUCs
were 0.55 for LR, 0.76 for RF, and 0.79 for Xg. With the highest
AUC, the Xg model exhibited superior generalization perform-
ance.
Confusion Matrices. Confusion matrices provide detailed

insights into model classification performance. In the

absorption-FTIR testing set (Figure 5A), Xg achieved 1574
true positives and 946 true negatives, outperforming both LR
and RF. In the training set, both RF and Xg demonstrated
perfect classification with no errors, while LR showed substantial
false positives and false negatives. For the ATR-FTIR testing set
(Figure 5B), Xg again exhibited superior performance, with
1548 true positives and 869 true negatives. In the training set, RF
and Xg maintained perfect classification, whereas LR continued
to display numerous false positives and false negatives. Overall,
Xg consistently outperformed the other models across both
testing and training sets and for both types of spectral data.
Machine Learning in Different Spectral Regions. From

the spectral analyses of the two methods, we further performed
machine learning statistical analysis of plasma from TB patients
and healthy individuals in the chosen region, and then we
examined the performance indicators, AUCs of ROC curves,
and the confusion matrix (Table 2, Figures S1 and S2). In the
spectral region of 3500−2700 cm−1, the performance of all three
models’ predictions was better than in the full region of 4500−
600 cm−1. Among the three models, Xg provided the best
predictions. In the spectral region of 1800−600 cm−1, the
prediction performances of all three models were better than in
the full region. Comparing the two regions of 3500−2700 and
1800−600 cm−1, Xg also provided more accurate predictions in
the former region, i.e., 3500−2700 cm−1. The confusion
matrices indicated that, except for the LR model, the RF and
Xg models showed better classification performance in the
3500−2700 and 1800−600 cm−1 regions in the testing set,
achieving 100% accuracy in the training set. On the other hand,
further comparing ATR-FTIR analysis results (Table 2, Figures

Figure 3. Comparison of accuracy, precision, recall, and F1 scores of
(A) absorption-FTIR and (B) ATR-FTIR based on LR, RF, and Xg
models.
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S3 and S4) revealed that the results in the confusion matrices
were similar to those in the absorption spectra. The machine
learning models performed better on the full region data than on
the two segmented regions, with Xg making better predictions
than the other two models.

■ DISCUSSION
Spectral Measurement. The FTIR spectra obtained from

the plasma of TB patients and healthy individuals, whether in
absorption-FTIR spectra or ATR mode, appear initially similar.
This similarity is understandable, for the vibrations and rotations
of various molecular groups overlap due to the complex
components of whole blood.28 However, the absorption
intensity of each component is consistently higher in the plasma

of patients with TB than in that of healthy individuals. This
difference may be attributed to the FTIR spectra being strongly
dominated by the high concentrations of proteins present in the
serum or plasma, overshadowing other low molecular mass
components.29

Further analysis using the second derivative processing of the
spectra revealed structural changes in proteins (amide) and
lipids in the plasma of TB patients compared to healthy
individuals. This finding aligns with reports that patients with
active TB have significantly higher levels of C-reactive protein
(CRP),30 and the associated IR spectral changes in CRP
correlate with our observed spectral variations.31 Furthermore,
in our previous research,4 we also found that in patients with TB,
TB-specific interferon-γ, a cell signaling protein, is elevated,
monocytes are increased, and lymphocytes are decreased,
consistent with the IR results. However, it remains unclear
whether CRP, interferon-γ, or both specific proteins are
responsible for the spectral changes.
Additionally, regarding the lipid changes observed in the IR

spectra, we hypothesize, based on our current knowledge, that
they might be due to lipoarabinomannan (LAM). LAM is a
glycolipid component of the cell wall of Mycobacterium
tuberculosis, the bacteria that causes TB. Although it has been
reported that LAM is excreted in urine in a soluble form and
LAM assays can help diagnose TB,32 we speculate that this
component might also be present in plasma. In addition, the
spectra measured from the plasma of healthy individuals were
similar to those obtained from the standard plasma (SRM)
purchased from NIST. This SRM represents “normal” human
plasma andwas obtained from 100 individuals. The SRMplasma
samples from an equal number of men and women within a
narrow adult age range (40−50 years) were used. The age
distribution of our clinically healthy samples was similar to SRM
samples, ensuring comparable spectral results. Although the TB
group was significantly older than the control group, the
absorption-FTIR (Figure 1A,B) and ATR-FTIR spectra (Figure
2A,B) in the wavenumber regions 3500−2700 and 1800−600
cm−1 showed no significant changes in peak trends. This
indicates that age does not affect the spectral results.
Comparing the FTIR spectra from the two experimental

modes revealed that the intensity is stronger in absorption-FTIR
spectra than in the ATRmode. Although the intensity variations
are more pronounced in direct absorption-FTIR spectra, the
ATR mode provides more stable results.16 Nevertheless, both
modes yield similar conclusions, with the direct absorption-
FTIR spectra mode displaying more distinct differences.

Figure 4. Plots the ROC curves of the models, and the AUC values represent the areas under the ROC curves. (A) absorption-FTIR and (B) ATR-
FTIR.

Figure 5. Confusion matrices of (a) absorption-FTIR and (b) ATR-
FTIR for the models.
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Data Analysis. Recently, several teams have been actively
working on integrating various experimental methods with
advanced machine-learning algorithms to improve analysis
accuracy.33−35 In our study, to avoid overfitting risks, a 5-fold
cross-validation approach was applied during model training,
partitioning data into five subsets and ensuring each subset was
used for validation. Additionally, ensemble methods like RF and
Xg, known for reducing overfitting relative to single decision
trees, were implemented to enhance generalization, particularly
with limited data sets. Performance evaluation also included a
20% hold-out test set, ensuring unbiased assessment on unseen
data. Beyond accuracy, metrics such as precision, recall, F1
score, and AUC-ROC were employed, with high recall
indicating effective TB patient identification despite sample
size limitations. And due to the limited number of cases, no
drug-resistant TB cases were included in our study. A larger
sample size study is warranted, incorporating different subtypes
of TB patients, including pulmonary vs extrapulmonary TB and
drug-resistant vs drug-sensitive cases, to provide more
comprehensive insights.
To evaluate the differences between the models’ performance,

we employed the DeLong test36 to compare their respective
ROC curves. The results were as follows: LR vs RF yielded Z =
36.891 and a p-value = 0.0000, indicating RF significantly
outperformed LR. Similarly, for LR vs Xg,Z = 36.528 and p-value
= 0.0000 showed that Xg significantly outperformed LR.
However, the comparison between RF and Xg resulted in Z =
−0.332 and p-value = 0.7403, suggesting no significant difference
between RF and Xg.
In addition to the DeLong test results, a comprehensive

analysis of performance metrics, ROC curves, and confusion
matrices demonstrated that Xg consistently outperformed LR
and RF across both the absorption-FTIR and ATR-FTIR data
sets. Specifically, the absorption-FTIR model exhibited higher
predictive accuracy in the 2700−3500 cm−1 region, achieving an
AUC of 0.82, while the ATR-FTIR model performed better
across the full spectral range with an AUC of 0.79. These
findings highlight the superior accuracy and robustness of the Xg
model for spectral data analysis. The superior performance of Xg
can be attributed to several factors. Its boosting mechanism
iteratively refines the model by correcting errors from previous

iterations, leading to higher accuracy and better AUC scores. Xg
effectively captures complex, nonlinear patterns within the data
and automatically identifies and leverages interactions between
features, which is particularly crucial for spectral data. Addi-
tionally, Xg includes built-in regularization techniques that help
prevent overfitting, ensuring that the model generalizes well to
new data. Extensive options for hyperparameter tuning also
allow for optimal model performance.
Moreover, the absorption-FTIR testing set demonstrated

better machine learning analysis outcomes than those of the
ATR-FTIR testing set. This can be attributed to the broader
range of absorption intensity in absorption-FTIR, which
provides richer spectral information. The enhanced spectral
resolution allows machine learning models to identify subtle
differences between TB patients and healthy individuals more
effectively. The absorption-FTIR data, with its higher quality
and detailed absorption features, enables models like Xg to
leverage its advanced capabilities more fully, resulting in
superior classification performance. In contrast, ATR-FTIR
data, while useful, may not capture the same level of detail,
leading to slightly lower performance metrics.
These advanced capabilities make Xg a robust and reliable

model for distinguishing between TB patients and healthy
individuals using spectral data, providing a valuable tool for
medical diagnostics. The superior performance in absorption-
FTIR analysis underscores the importance of high-resolution
spectral data in improving the accuracy and reliability of
machine learning models in medical diagnostics.

■ EXPERIMENTAL SECTIONS
Study Design and Enrollment. This case-control study

included 10 patients with pulmonary TB and 8 healthy controls,
all enrolled at the Department of Chest Medicine, Taipei
Veterans General Hospital, Taiwan (ROC). The healthy
controls had no active lung lesions, no history of TB diagnosis
prior to enrollment, and remained free of TB during a 2-year
follow-up. Additionally, two Standard Reference Material
(SRM) 1950a human plasma samples from healthy individuals
were obtained from NIST, bringing the total number of healthy
subjects to 10.

Table 2. Standard Performance Metrics Calculated for the Machine Learning Models

method IR range (cm−1) model accuracy precision recall F1 score ROC AUC

absorption 4500−600 logistic regression 0.529 0.517 0.900 0.656 0.56
random forest 0.705 0.647 0.903 0.754 0.78
XGBoost 0.726 0.668 0.900 0.767 0.80

ATR 4500−600 logistic regression 0.527 0.513 0.901 0.654 0.55
random forest 0.661 0.606 0.903 0.726 0.76
XGBoost 0.697 0.638 0.901 0.747 0.79

absorption 3500−2700 logistic regression 0.681 0.639 0.901 0.748 0.66
random forest 0.713 0.666 0.908 0.768 0.80
XGBoost 0.749 0.703 0.901 0.790 0.82

ATR 3500−2700 logistic regression 0.587 0.566 0.901 0.695 0.61
random forest 0.605 0.578 0.903 0.705 0.67
XGBoost 0.625 0.592 0.901 0.715 0.72

absorption 1800−600 logistic regression 0.573 0.556 0.901 0.687 0.63
random forest 0.729 0.681 0.903 0.776 0.79
XGBoost 0.745 0.698 0.901 0.787 0.82

ATR 1800−750 logistic regression 0.502 0.508 0.901 0.649 0.54
random forest 0.638 0.595 0.912 0.720 0.70
XGBoost 0.615 0.580 0.901 0.706 0.70
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Characteristics of Patients. The patients with TB were
generally older than the controls (mean ± standard deviation,
63.3 ± 17.8 vs 47.9 ± 16.7 years, p = 0.008), but there were no
statistical intergroup differences in the percentages of male
gender (70% vs 50%, p = 0.630), smoking history (60% vs 13%, p
= 0.066) or diabetes mellitus (20% vs 13%, p = 1.000), nor in
BMI (20.8 ± 2.7 vs 26.4 ± 4.9 kg/m2, p = 0.078). Furthermore,
none of the participants had chronic kidney disease or chronic
obstructive pulmonary disease.
Sample Preparation: Preparations of Plasma Samples.

Ethical approval was granted by Taipei Veterans General
Hospital (IRB No. 2021-05-007CC, 2021-05-006CC, 2022-06-
011BC, and 2022-06-016CC); also, the consents were offered
by all participants. The blood samples were kept in ethyl-
enediaminetetraacetic acid (EDTA) tubes for plasma analysis.
Within 2 h, the plasma samples were centrifuged at 1500 rpm for
10 min at 4 °C. The supernatants were stored at −80 °C until
analysis.
Acquisitions of FTIR Spectra. Prior to analysis, the plasma

samples were thawed in water bath for incubation at 25 °C for 30
min; then, the examinations were performed at room temper-
ature.
Measurements of Absorption Spectra. The FTIR

spectrometer was supplied by the ABB company (Quebec,
Quebec, Canada) with a model 3000 system; which was further
modified by Mastek Technologies, Inc. (XinZhuang, New
Taipei City, Taiwan) for measurements of absorption spectra in
a transmission mode. The optical layout of this system is shown
in Figure 6A; in which, the FTIR was equipped with a liquid
nitrogen-cooled MCT detector (Infrared Associates FTIR-16-
1.0-LN2, Stuart, FL, USA). The plasma sample was applied onto
a ZnSe substrate with a volume of 2 μL; then, the liquid sample
was dried to a film by a fan for 10 min at least. To avoid
interference from the environmental air, the FTIR and the
sample chamber were purged with the high purity nitrogen gas.
The spectrum was recorded in the wavenumber range of 4500−
600 cm−1 with 256 scans at a resolution of 8 cm−1. In addition,
for the transmission mode, measurements were repeated five
times per sample, while ATR-FTIR measurements were
repeated three times per sample, and averaged by the software
Origin Pro 8.5 to derive the final spectrum for each sample.
Measurements of ATR Spectra. The ATR-IR spectra of

plasma samples were obtained with the FTIR (model
FTLA2000-104) provided by the ABB company; in which, the
MCT was also used as the detector. The optical layout of the
ATR-FTIR system is illustrated in Figure 6B. A single-bunch
ATR accessory with a ZnSe crystal (Pike Technologies,

Madison,WI, USA) was attached to the FTIR. For the sampling,
the 2 μL liquid plasma sample was dropped onto the top surface
of the ZnSe crystal by a microsyringe; subsequently, the liquid
sample was also dried as the film with the fan for 5 min at least.
Each ATR spectrum was also determined with 256 scans at a
resolution of 8 cm−1 in the wavelength range of 4500−600 cm−1.
For the transmission mode, measurements were repeated five
times per sample, while ATR-FTIR measurements were
repeated three times per sample. After the measurement of
each sample, the crystal was cleaned first with optical grade
acetone and then with optical grade ethanol several times to
avoid intersample contamination.
Data Analysis. The spectral data were processed with

baseline correction and the mean of quintuplicate; in addition,
the second derivative curve was preprocessed with a 10-point
Savitzky−Golay polynomial to separate overlapping bands and
increase the apparent spectral resolution.
Modeling and Testing Procedure.We recruit participants

(TB patients and healthy controls) and measure their plasma
samples using FTIR at multiple wavenumber positions {ω1, ω2,
···, ωd}. Each participant i thus yields a set of intensities {xi1, xi2,
···, xid}. Depending on our chosen approach, we might treat each
wavenumber reading as a separate data point or compile all
wavenumbers into a single vector. Regardless, the crucial point is
that each participant’s data remain grouped together for train/
test partitioning.

1. Train/Test Partition
(1) We randomly assign each participant i to either the

training set train or the test set test.

(2) All wavenumbers from participant i go to the same
set�none of participant i’s data are split across
train and test. This step avoids data leakage and the
so-called “replicate sample trap.”

2. Model Building Using the Training Set
(1) Only participants in train are used for both model

calibration and hyperparameter optimization.
(2) Depending on the model (e.g., Logistic Regression,

Random Forest, XGBoost), we follow these
substeps:

i. Feature Scaling: We may apply standardiza-
tion to the training data wavenumbers/
intensities.

ii. Hyperparameter Tuning:
We use cross-validation, testing various

parameters (e.g., learning rate, regulariza-
tion).

Figure 6. Optical layouts of FTIR systems for measurements of (a) an absorption spectrum in transmission mode, and (b) an attenuated total
reflectance (ATR) spectrum.
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iii. Final Model Selection: After deciding the
best hyperparameters, we retrain the model
on the entire training set to finalize the
parameters.

3. Testing (Evaluation) Using the Held-Out Test Set
(1) The final model is then applied to the participants

in test.
(2) We compute performance metrics:

i. Accuracy, Precision, Recall (Sensitivity), F1
ii. Confusion Matrix to visualize true positives
(TP), false positives (FP), false negatives
(FN), and true negatives (TN).

ROC Curve & AUC to assess the trade-off between True
Positive Rate (Recall) and False Positive Rate.
Classification and Validation Models. The FTIR spectra

from the patients and healthy individuals were analyzed in the
Python programming language. The spectra were investigated
with three machine learning models: Random Forest (RF),
Logistic Regression (LR), and Extreme gradient boosting (Xg).
Logistic Regression (LR). The LR model, a common

approach in probabilistic nonlinear regression, is frequently used
for analyzing and classifying binary and proportional response
data sets. Here, the LR model was used for investigation of the
relationship between binominal observation results (wave-
number and absorption value in both sets of IR spectra.
Random Forest (RF). The RF classifier is an ensemble

learning method known for its robustness and ability to handle
complex data sets. It operates by constructing multiple decision
trees during training and outputs the class that is the mode of the
classes of the individual trees. This approach helps in reducing
overfitting and improving model accuracy. According to the
existing literature, the RF algorithm has been applied in the
discrimination of multiple sclerosis and amyotrophic lateral
sclerosis21 and in the diagnosis of transformation stages in
esophageal squamous cell carcinoma tissue.37 Therefore, the
model was chosen to differentiate the plasma samples of patients
and healthy individuals.
The important operation parameters of RF are summarized

below:
1. Number of Trees: The number of trees in the forest was a
key parameter. A higher number of trees generally
improves the model’s performance but also increases
the computational complexity. For this study, we used the
default setting provided by the sklearn library, which is a
typical balanced choice for many data sets.

2. Maximum Depth of Trees: This parameter determines
the maximum depth of each tree. Allowing the trees to
grow too deep can lead to overfitting. We used the default
setting, which allows the trees to expand until all leaves
contain less than the minimum samples required, to split a
node.

3. Bootstrap Sample: We used the default bootstrap
sampling method, wherein each tree in the forest is built
from a bootstrap sample from the data. This means that
some data points will be sampled multiple times for one
tree, while others may not by sampled at all, helping to
increase diversity among the trees.

ExtremeGradient Boosting (Xg).The Xg algorithmworks
by dividing the original data set into multiple subdata sets. Each
subdata set is randomly assigned to the classification and
regression tree (CART) for predication. The results are

calculated by the CART according to a certain weight and
then are summed up as the final predictive output.
For the model analysis, the data were separated into a training

set (80%) and a testing set (20%) by the Kennard−Stone
method (Table 3).

Evaluation Index of Model Parameters. The accuracy,
precision, specificity, sensitivity, confusion matrix, recall, F1
score, receiver operating characteristic (ROC) curve, and area
under the ROC curve (AUC) are important evaluation
indicators for accessing the performance of machine learning
models. The confusion matrix (Figure 7) was used to evaluate

the classification models. A confusion matrix shows how well a
model performs. Accuracy shows how often a classification
model is correct overall. Precision shows how often predictions
for the positive class are correct. Sensitivity, also known as recall
or true positive rate, is how well the model finds all positive
instances in the data set. Specificity is the probability that a test
will be negative when the disease is not present. An F1 score is a
harmonic mean of the precision and sensitivity. The best value is
1 and the worst is 0. Larger values of the parameters indicate
better diagnostic performance of the model. The formulas for
each parameter are shown in eqs 1−5. The ROC curve is the plot
of the model’s true positive rate (sensitivity) against its false
positive rate (1-specificity) at each threshold setting, represent-
ing the effectiveness of the binary classification model. AUC
reflects the scales with the overall classification performance.
The AUC curve is 1.0 for a perfect model and 0.5 for a guessing
model. A greater AUC value denotes better model performance.

n
n

Accuracy
TP TN

TP TN FP FN
correct

total
= = +

+ + + (1)

n is the number of predictions

Precision
TP

TP FP
=

+ (2)

Sensitivity (%)
TP

TP FN
100=

+
×

(3)

Table 3. Division of Training Set and Testing Set

sample total sample TB healthy

total sample 17,360 8680 8680
training set 13,888 6933 6955
testing set 3472 1747 1725

Figure 7. Confusion matrix. TP = True positive, FN = False negative,
TN = True negative, and FP = False positive.
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Specificity (%)
TN

TN FP
100=

+
×

(4)

F1 2
Precision Sensitivity
Precision Sensitivity

= ×
+ (5)

■ CONCLUSIONS
This study integrates two FTIR methods (direct absorption-
FTIR and ATR spectra) with machine learning techniques to
develop models for classifying and predicting plasma from TB
patients and healthy individuals. Both IR methods reveal
differences in the structures of proteins and lipids between
patients with TB and healthy individuals. Statistical analysis
demonstrates that combining IRmethods withmachine learning
can be used effectively to classify plasma samples from TB
patients and healthy individuals, with the transmission mode
outperforming ATR-FTIR. With the use of Xg in the protein
expression region of 3500−2700 cm−1, the performance
indicators, specifically the accuracy of TB prediction, achieve
an AUC score of 0.80. This study confirms that Xg is a valuable
tool for distinguishing between TB patients and healthy
individuals. Therefore, the combination of absorption IR and
the Xg model offers a rapid method of TB detection.
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