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Abstract 

Thalassemia is an inherited hematologic disorder characterized by abnormal or reduced synthesis of 

hemoglobin chains, leading to ineffective erythropoiesis and anemia. It can be classified into two 

main genetic types—α-thalassemia and β-thalassemia—depending on whether the α- or β-globin 

gene is affected. Infrared (IR) Microspectroscopy has emerged as a powerful, label-free analytical tool 

for biomedical and clinical applications, providing molecular fingerprints that reflect biochemical 

alterations associated with various disease states. In this study, IR Microspectroscopy was combined 

with multivariate statistical techniques, including Principal Component Analysis (PCA) and Partial 

Least Squares Discriminant Analysis (PLS-DA), to characterize and classify thalassemia blood 

samples into normal, carrier, and disease groups. Blood samples were obtained from patients 

diagnosed with various types of thalassemia. This technique offers several advantages: it is non-

destructive, reagent-free, and highly sensitive, enabling comprehensive analysis of the biochemical 

composition of biological samples. The classification models developed in this study demonstrated 

specificity and sensitivity values ranging from 80–90%, indicating strong diagnostic performance. In 

the future, the integration of advanced machine learning algorithms with IR Microspectroscopy is 

expected to enhance early diagnosis of thalassemia, facilitate accurate risk stratification, and support 

more effective strategies for disease prevention and management.  

Keywords: Thalassemia; infrared microspectroscopy; blood samples 

 

1. Introduction 

Thalassemia is an inherited hematologic disorder caused by defects in the synthesis of globin 

chains, which are protein components of hemoglobin responsible for transporting oxygen to various 

tissues throughout the body [2,18,53]. This disease is transmitted in an autosomal recessive manner 

and is highly prevalent in Thailand. It can be divided into two main groups: the Disease group, 

consisting of patients with thalassemia, and the Carrier group, comprising individuals who carry the 

thalassemia gene without symptoms. Each group exhibits different levels of disease severity and 

clinical characteristics [6]. In severe cases within the Disease group, affected fetuses may die in utero 
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or shortly after birth. In moderate and mild forms, patients often present mild anemia and slight 

hepatosplenomegaly, which become more pronounced during febrile episodes. Meanwhile, 

individuals in the Carrier group are typically healthy and asymptomatic, but they can transmit the 

thalassemia gene to their offspring. 

In Thailand, the combined prevalence of the Disease group and Carrier group reaches up to 40% 

of the tested population, representing a major public health burden. Currently, thalassemia screening 

is primarily conducted among married couples; however, the testing process remains expensive and 

time-consuming. Developing more efficient and accessible diagnostic methods is therefore crucial for 

improving national healthcare services [18,52,54]. 

This study aims to establish a practical, accessible, and cost-effective diagnostic approach for 

thalassemia screening by identifying and classifying biochemical alterations in blood-derived 

hemoglobin lysate samples among normal, carrier, and disease groups using infrared (IR) 

Microspectroscopy. This vibrational spectroscopic technique provides a unique molecular fingerprint 

that reflects the chemical composition and structural organization of biomolecules such as proteins, 

lipids, and nucleic acids.IR Microspectroscopy offers several advantages—it is non-destructive, label-

free, inexpensive, rapid, and requires minimal sample preparation without chemical reagents. The 

acquired spectral data will be statistically analyzed and processed using artificial intelligence (AI) 

and multivariate analysis to develop predictive classification models and an infrared spectral 

database for accurate thalassemia differentiation. Thalassemia comprises several subtypes, including 

β-thalassemia (β⁰ and β⁺ types), α-thalassemia (α⁰ and α⁺ types), hemoglobin H disease (HbH), and 

hemoglobin E (HbE). Reliable classification of these subtypes is essential for genetic counseling, 

family planning, and clinical management, especially among carrier couples who risk producing 

offspring with severe thalassemia. 

In this research, IR Microspectroscopy combined with Principal Component Analysis (PCA) and 

Partial Least Squares Discriminant Analysis (PLS-DA) will be applied to construct an extensive 

spectral database and mathematical models for distinguishing the biochemical severity among carrier 

and disease groups. The models will be evaluated based on sensitivity, specificity, and predictive 

accuracy, providing a robust foundation for the integration of spectroscopic-based diagnostics into 

clinical screening programs for thalassemia. 

2. Materials and Methods 

The study participants were classified into three major groups—Normal, Carrier, and Disease—

based on their hematological and genotypic profiles. Each major group was further subdivided into 

specific genotypic or phenotypic subgroups according to molecular characteristics confirmed by Hb 

typing and/or DNA analysis. The detailed classification of all subgroups is summarized in Table 1. 

Table 1. Genotypic and Phenotypic Classification of Thalassemia Study Groups. 
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2.1. Analysis of Blood Samples Using IR Microspectroscopy 

Blood samples were analyzed using a Fourier Transform Infrared (FTIR) spectrometer (Tensor 

27, Bruker Optics) coupled with an IR Microscope (Hyperion 3000, Bruker Optics) equipped with an 

MCT detector. Spectral acquisition and instrument control were performed using OPUS 7.5 software 

(Bruker Optics, Germany). Measurements were conducted in transmission mode using a 15× 

objective lens, with a spectral resolution of 4 cm⁻¹ and a background scan of 64 scans. The spectral 

range was recorded between 4000 and 600 cm⁻¹, and each sample was measured to obtain 

approximately 40–45 spectra. 

2.2. Spectral Preprocessing and Multivariate Data Analysis 

All spectra were subjected to data preprocessing prior to analysis. Baseline correction was 

applied using a polynomial of order 3, and spectral smoothing was performed using nine smoothing 

points. The preprocessed spectra were then analyzed using multivariate data analysis (MVDA), 

particularly Principal Component Analysis (PCA), to identify and compare biochemical variations 

among different types of thalassemia. PCA was performed using The Unscrambler X version 10.1 

(CAMO Software, Norway). 

2.3. Construction of a Spectral Database for Thalassemia Classification 

The processed data were compiled into a database to classify the IR spectral characteristics of 

different thalassemia subtypes, including normal hemoglobin, Alpha-thalassemia 2 heterozygote, 

Beta (0,+)-thalassemia heterozygote, Alpha-thalassemia 1 heterozygote, Hb E homozygote and Hb H 

Disease. Further classification and predictive modeling were carried out using Partial Least Squares 

Discriminant Analysis (PLS-DA) with The Unscrambler X version 10.3 (CAMO Software, Norway). 

Samples were categorized based on disease severity into moderate, Carrier, and Normal groups, with 

at least 30 samples per group. PLS-DA was then employed to analyze and validate the classification 

performance and model discrimination capability among these groups. 

3. Results 

3.1. Clinical and Hematological Data 

A total of 414 blood samples were analyzed, using complete blood count (CBC) parameters 

(RBC, Hb, Hct, MCV, MCH, RDW) in conjunction with hemoglobin typing results (%HbA₂ or %HbE, 

%HbF) and DNA testing as summarized in Table 2. Based on these combined parameters, the samples 

were classified into three groups: Normal (n = 118), Carrier (n = 152), and Disease (n = 144). In the 

Carrier and Disease groups, several samples exhibited clearly abnormal hematological values, such 
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as Hb < 12 g/dL, Hct < 36%, MCV < 80 fL, and MCH < 27 pg, along with RBC and RDW values 

consistent with thalassemia carriers or patients. Moreover, Hb typing results revealed distinctive 

abnormal profiles consistent with diagnostic criteria, such as %HbA₂ > 3.5% in β-thalassemia trait, 

%HbE ≈ 25–30% in HbE trait, and %HbF > 1% in β-thalassemia intermedia or major. These findings 

enabled clear differentiation of samples into the Carrier and Disease groups and were further 

confirmed through additional molecular testing. In contrast, samples classified as Normal 

occasionally showed abnormal CBC indices—such as low Hb, Hct, MCV, and MCH—while 

exhibiting normal Hb typing results (%HbA₂ ≤ 3.5% and %HbF < 1%). Such profiles are generally 

indicative of microcytic hypochromic anemia, warranting further investigation. Nevertheless, these 

samples were temporarily categorized as “Normal.” To confirm their status, DNA testing was 

performed on all Normal group samples, revealing that out of 118 samples, only 42 were truly 

normal, while 57 were latent carriers (Group 22) and 19 carried (Group 25), which are genetic variants 

undetectable by Hb typing alone. 

These results highlight that the combination of CBC parameters and Hb typing allows for 

accurate classification of Carrier and Disease groups consistent with standard diagnostic criteria. 

However, the findings also emphasize that a subset of the so-called “Normal” group may harbor 

silent carrier mutations that would be missed without DNA confirmation. Therefore, an integrated 

diagnostic approach—combining CBC cut-off values, Hb typing, and DNA testing—is essential for 

improving screening accuracy and minimizing the risk of misclassifying individuals as “normal” 

when underlying genetic abnormalities are present. 

Table 2. Clinical and Hematological Criteria for Thalassemia Classification. 

 

3.2. IR Microspectroscopy and Functional Group Analysis 

FTIR spectra of Hb lysate samples from each group (40–50 spectra per sample) were collected, 

followed by outlier screening and Principal Component Analysis (PCA). The dataset included 

samples from the following subtypes: Normal (Group 10), Alpha-thalassemia 2 heterozygote (Group 

22), Hb Constant Spring or Hb Paksae heterozygote (Group 25), Alpha-thalassemia 1 heterozygote 

(Group 21), Hb E heterozygote with Alpha-thal 2 heterozygote (Group 45), Compound Alpha-

thalassemia 2 heterozygote (Group 24), Beta (0)-thalassemia heterozygote (Group 31), Beta (+)-

thalassemia heterozygote (Group 34), Hb E heterozygote (Group 32), Hb E heterozygote with Alpha-

thalassemia 1 heterozygote (Group 44), Hb E heterozygote? (Group 39), Hb E homozygote with 

Alpha-thalassemia 1 heterozygote (Group 47), Hb E homozygote (Group 33), Hb H Disease (Group 

51) and EA Bart Disease? (Group 89), Each group contained approximately 15–31 samples. The 

analysis compared three representative clinical categories: the Disease group (Group 51), the Carrier 

group (Group 21), and the Normal group (Group 10). 
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Characteristic FTIR absorption bands corresponding to major functional groups were observed 

(Table 3). Prominent protein-related bands included Amide A (~3290 cm⁻¹) and Amide B (~3050 

cm⁻¹), arising from N–H stretching vibrations of the peptide backbone. Additional peaks at 3000 and 

2875 cm⁻¹ corresponded to CH₂ and CH₃ sidechain stretching modes. The Amide I region (1600–

1700 cm⁻¹) reflected variations in protein secondary structure, while the Amide II region (1500–1600 

cm⁻¹) was associated with peptide bond vibrations. Moreover, distinct differences were detected in 

the 1452 and 1387 cm⁻¹ regions, representing side-chain deformations that varied between the 

Disease and Carrier groups. 

Overall, the FTIR spectra of Hb lysate clearly revealed vibrations corresponding to the peptide 

backbone (Amide I–III, A, B) and side-chain functional groups, consistent with the molecular 

composition of hemoglobin. These spectral variations reflect the biochemical heterogeneity among 

samples and can be effectively used to differentiate thalassemia groups according to disease severity. 

Table 3. Band assignments of the chemical structure and composition of hemoglobin. 

 

 

Normal (Group 10) 

Alpha-thalassemia 2 heterozygote (Group 22) 

Hb Constant Spring or Hb Paksae heterozygote (Group 25) 
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Figure 1. Average FTIR spectra of Hb lysate red blood cell samples from the Normal group, recorded in the 

4000–900 cm⁻¹ range using IR microscopy (100×100 µm, 4 cm⁻¹ resolution, 64 scans). Spectra were preprocessed 

using baseline correction, smoothing, and Extended Multiplicative Signal Correction (EMSC), followed by PCA 

analysis (n = 32). 

 

Figure 2. Average FTIR spectra of Hb lysate red blood cell samples from the Carrier group, recorded in the 4000–

900 cm⁻¹ range using IR microscopy (100×100 µm, 4 cm⁻¹ resolution, 64 scans). Spectra were preprocessed using 

baseline correction, smoothing, and Extended Multiplicative Signal Correction (EMSC), followed by PCA 

analysis (n = 20). 

 

Figure 3. Average FTIR spectra of Hb lysate red blood cell samples from the Carrier group, recorded in the 4000–

900 cm⁻¹ range using IR microscopy (100×100 µm, 4 cm⁻¹ resolution, 64 scans). Spectra were preprocessed using 

baseline correction, smoothing, and Extended Multiplicative Signal Correction (EMSC), followed by PCA 

analysis (n = 15). 

Alpha-thalassemia 1 heterozygote (Group 21) 

Hb E heterozygote (Group 32) 

Hb E heterozygote with Alpha-thalassemia 1 heterozygote (Group 44) 

Hb E homozygote (Group 33) 

Hb H Disease (Group 51) 

Beta (+)-thalassemia heterozygote (Group 34) 

Beta (0)-thalassemia heterozygote (Group 31) 
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Figure 4. Average FTIR spectra of Hb lysate red blood cell samples compared 3 groups, recorded in the 4000–

900 cm⁻¹ range using IR microscopy (100×100 µm, 4 cm⁻¹ resolution, 64 scans). Spectra were preprocessed using 

baseline correction, smoothing, and Extended Multiplicative Signal Correction (EMSC), followed by PCA 

analysis (n = 31). 

3.3. Cluster Analysis of FTIR Spectra of Hb Lysate 

Cluster analysis of the FTIR spectra was performed to evaluate the similarity and differentiation 

among thalassemia subtypes and severity levels. For the Normal group (Figure 5), the samples were 

divided into Cluster A (Hb Constant Spring or Hb Paksae heterozygote: Others-1, Group 25) and 

Cluster B, which further separated into B1 (Alpha-thalassemia 2 heterozygote (Group 22) and B2 

(Normal). This subdivision indicates distinct protein structural variations between the two sub-

clusters, despite their overall proximity in spectral space. 

In the Carrier group (Figure 6), two primary clusters were observed: Cluster A (Hb E 

heterozygote, Group 32) and Cluster B (Alpha-thalassemia 1 heterozygote). The latter could be 

subdivided into B1 (Hb E heterozygote with Alpha-thalassemia 1 heterozygote, Group 44) and B2 

(Alpha-thalassemia 1 heterozygote, Group 21), reflecting the biochemical similarity among 

individuals carrying different Alpha-thalassemia 1 heterozygote mutations. These results suggest 

that despite genetic heterogeneity, carriers with related thalassemic genotypes share comparable 

molecular characteristics in their hemoglobin spectra. 

For the Disease group (Figure 7), two major clusters were evident: Cluster A (Hb H Disease, 

Group 51) and Cluster B Within Cluster B, further subdivision revealed B1 (Beta (+)-thalassemia 

heterozygote, Group 34) and B2 within B2, the spectra were separable into B21 (Beta (0)-thalassemia 

heterozygote, Group 31) and B22 (Hb E homozygote, Group 33). This hierarchical organization 

indicates that FTIR spectra can discriminate not only between Disease and Carrier groups but also 

among subtypes within the Disease group. 

When integrating all datasets (Figure 8), two major clusters were observed: Cluster A (Normal) 

and Cluster B (Carrier + Disease). Cluster B could be further divided into B1 (Carrier) and B2 

(Disease), clearly demonstrating the ability of FTIR spectral profiles to distinguish between severity 

levels of thalassemia. When correlated with FTIR spectral features, these group separations were 

associated with specific functional group variations, particularly within the Amide I (1600–1700 

cm⁻¹) and Amide II (1500–1600 cm⁻¹) regions related to protein secondary structure. These bands 

played a key role in differentiating Normal samples from Carrier and Disease groups. In addition, 

Normal (Group 10) 

Carrier (Group 22) 

Disease (Group 25) 
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signals corresponding to side-chain vibrations (CH₂, CH₃) and C–O stretching modes (1400–1000 

cm⁻¹) contributed to the discrimination of Disease subtypes with greater specificity. 

Overall, FTIR Microspectroscopy combined with hierarchical cluster analysis (HCA) proved 

effective for molecular-level screening and classification of thalassemia. The technique shows strong 

potential as a biomarker-based approach for predicting disease severity and supporting early 

diagnosis in clinical practice. 

. 

Figure 5. Dendrogram generated from Unsupervised Hierarchical Cluster Analysis (UHCA) of FTIR spectra 

from the Normal group using Ward’s algorithm, covering spectral regions 781–1751 cm⁻¹ and 2788–3712 cm⁻¹ (n 

= 32). 

 

Figure 6. Dendrogram generated from Unsupervised Hierarchical Cluster Analysis (UHCA) of FTIR spectra 

from the Carrier group using Ward’s algorithm, covering spectral regions 781–1751 cm⁻¹ and 2788–3712 cm⁻¹ (n 

= 20). 

A 

B 

B1 

B2 

Ward’s method using Squared Euclidean distance 

Other

s 

A2A Thal 2 

Positive 

A2A Thal 2 

Negative 

Normal (Group 10) 

Others-1 (Group 25) 

Alpha-thalassemia 2 heterozygote 

(Group 22) 

A 

B 

B

10

B

20

Ward’s method using Squared Euclidean 

A2A Thal 1 

EA Thal 1 

EA Thal 1 

Negative 

B 

A 

B1 

B2 

Alpha-thalassemia 1 heterozygote (Group 21) 

 

Hb E heterozygote with Alpha-thalassemia 1 

heterozygote (Group 44) 

Hb E heterozygote (Group 32) 
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Figure 7. Dendrogram generated from Unsupervised Hierarchical Cluster Analysis (UHCA) of FTIR spectra 

from the Disease group using Ward’s algorithm, covering spectral regions 781–1751 cm⁻¹ and 2788–3712 cm⁻¹ (n 

= 15). 

 

Figure 8. Dendrogram generated from Unsupervised Hierarchical Cluster Analysis (UHCA) comparing FTIR 

spectra of Normal, Carrier, and Disease groups using Ward’s algorithm, covering spectral regions 781–1751 cm⁻¹ 

and 2788–3712 cm⁻¹ (n = 31). 

3.4. Principal Component Analysis (Scores and Loadings) of FTIR Spectra of Hb Lysate 

Principal Component Analysis (PCA) of the FTIR spectra of Hb lysate samples revealed that the 

first three principal components (PCs) accounted for approximately 94% of the total spectral variance, 

with PC-1 explaining 64%, PC-2 explaining 18%, and PC-3 explaining 12%, respectively. The scores 

plot demonstrated a clear separation between the Normal group and the Carrier and Disease groups 

along the PC-1 axis, whereas PC-2 and PC-3 contributed to further differentiation between the Carrier 

and Disease groups. Analysis of the loading plots indicated that PC-1 exhibited dominant peaks in 

the regions 3247–3399 cm⁻¹ (Amide A, N–H stretching), 2944–2873 cm⁻¹ (CH₂ and CH₃ side-chain 

vibrations), and 1606–1455 cm⁻¹ (Amide I and Amide II regions). These correspond to variations in 

protein secondary structure and peptide bonding, which differentiate normal from thalassemic 

samples. PC-2 showed major loadings within the C–H stretching region (2944–2794 cm⁻¹) and the 

Amide I–II regions (1606–1455 cm⁻¹), reflecting subtle structural changes that assist in discriminating 

between Carrier and moderate Disease subgroups. Meanwhile, PC-3 was characterized by features 

in the Amide I (1600–1700 cm⁻¹), Amide II (1500–1600 cm⁻¹), and 1153–1000 cm⁻¹ regions, which 

correspond to C–O stretching and Amide III vibrations, indicating alterations in protein tertiary and 

side-chain structures at a finer molecular level. 

Hb H Disease (Group 51) 

Beta (0)-thalassemia heterozygote (Group 31) 

Beta (+)-thalassemia heterozygote (Group 34) 

Hb E homozygote (Group 33) 
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Overall, PCA demonstrated that distinct molecular variations in protein secondary and side-

chain structures, as captured in the FTIR spectra, can be effectively used to distinguish between 

Normal, Carrier, and Disease groups of thalassemia. 

 

Figure 9. Principal Component Analysis (PCA) of Hb lysate samples classified by thalassemia severity. (a) PCA 

score plot of Normal (Group 10), Carrier (Alpha-thalassemia 1 heterozygote, Group 21), and Disease (Hb H 

Disease, Group 51) groups (n = 31). (b) PCA loading plot for PC-1 (64% explained variance) of FTIR spectra. (c) 

PCA loading plot for PC-3 (12% explained variance) of FTIR spectra. 

3.5. Correlation Loadings Analysis of PCA from FTIR Spectra of Hb Lysate 

PCA results revealed that PC-1 (79%) was the principal component responsible for explaining 

the major variance among groups, particularly in distinguishing the Normal group from the Carrier 

and Disease groups. This observation was consistent with the group separation pattern observed in 

the scores plot (Figure 10). The variables with the highest positive loadings on PC-1 were located at 

3243 and 3422 cm⁻¹ (Amide A; N–H stretching) and 2873–2958 cm⁻¹ (CH₂, CH₃ side-chain 

stretching), indicating differences in hydrogen bonding and side-chain environments of hemoglobin 

proteins between normal and thalassemic samples. Conversely, the 1658 cm⁻¹ band (Amide I; C=O 

stretching) exhibited a strong negative loading on PC-1, primarily associated with the Normal group, 

suggesting structural stability of the protein secondary structure in non-thalassemic samples. In 

contrast, the 1536 and 1587 cm⁻¹ bands (Amide II; N–H bending and C–N stretching) showed 

prominent contributions to the Carrier and Disease groups, reflecting alterations in peptide bond 

vibrations of Hb lysate proteins. PC-3 (7%) played a secondary role in distinguishing Carrier from 

Disease groups, with major contributions from bands at 1081 and 1197 cm⁻¹, corresponding to Amide 

III and C–O stretching / glycoprotein-related vibrations. These peaks represent differences in side-

chain structures and glycoprotein-associated vibrational modes between the two groups. 

Overall, the correlation loading plot analysis confirmed that the major peptide backbone bands 

(Amide A, Amide I, Amide II) and side-chain-related bands (CH₂, CH₃, and glycoprotein-associated 

vibrations) play critical roles in differentiating the FTIR spectral profiles of Hb lysate among Normal, 

Carrier, and Disease groups. These findings are consistent with variations in the biochemical 

composition and structural integrity of hemoglobin corresponding to the severity levels of 

thalassemia. 

a) Normal 

Carrier 

Disease 

 

b c) 
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Figure 10. PCA score plot (PC-1 vs PC-3) and correlation loading plot of FTIR spectra of Hb lysate samples, 

demonstrating clear separation among Normal, Carrier, and Disease groups. 

 

Figure 11. Second-derivative FTIR spectra of Hb lysate samples from Normal, Carrier, and Disease groups, 

highlighting the characteristic absorption bands associated with specific molecular vibrations. 

Based on the experimental results, further analysis was conducted using Partial Least Squares 

Discriminant Analysis (PLS-DA) to classify the severity levels among the Disease, Carrier, and 

Normal groups. For the classification model, the Normal group was represented by samples of 

Normal (Group 10), the Carrier group by Alpha-thalassemia 1 heterozygote (Group 21), and the 

Disease group by Hb H Disease (Group 51) samples. The model performance was evaluated in terms 

of the R² coefficient, where the Disease group achieved an R² of 0.82, the Carrier group achieved R² = 

0.80, and the Normal group achieved R² = 0.53, as shown in Figure 12. 

Disease 

Normal 

Carrier 

Disease 
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Figure 12. (a) PLS-DA analysis of Hb lysate samples classified into three severity levels: Normal, Carrier, and 

Disease. (b–d) Calibration curves for Disease, Carrier, and Normal groups, respectively. Each group contained 

31 samples (Normal: Normal; Carrier: Alpha-thalassemia 1 heterozygote (Group 21); Disease: Hb H Disease 

(Group 51), with a total of 3021 spectra analyzed. 

 

Figure 13. PLS-DA prediction model for Hb lysate samples, demonstrating classification among Normal 

(Normal, Group 10), Carrier (Alpha-thalassemia 1 heterozygote, Group 21) and Disease (Hb H Disease, Group 

51) groups. Each group contained 31 samples (n = 31), with a total of 3021 spectra analyzed. 
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Table 4. Sensitivity and specificity values calculated from the PLS-DA prediction analysis for model 

performance evaluation. 

Group Statistics No. Vigor Sensitivity Specificity 

Normal 
True positive 378 

0.98 0.99 
False Positive 6 

Carrier 
True positive 272 

0.81 0.91 
False Positive 62 

Disease 
True positive 287 

0.99 1.00 
False Positive 3 

 

Figure 14. Heatmap of FTIR spectra of Hb lysate samples comparing absorbance values across functional group 

regions among (Normal, Group 10), Carrier (Alpha-thalassemia 1 heterozygote, Group 21) and Disease (Hb H 

Disease, Group 51) groups. The analysis was conducted using Orange (Quasar) with normalization and Min–

Max scaling applied per functional group. Normal. 

The analysis revealed that the Normal group exhibited the highest absorbance intensity in the 

Amide I region (1600–1700 cm⁻¹), particularly around ~1650 cm⁻¹, corresponding to a well-preserved 

α-helix protein structure of red blood cells. In addition, this group showed higher absorbance than 

both the Carrier and Disease groups in the Amide II region (1500–1600 cm⁻¹) and amino-acid side-

chain bands (1452 and 1387 cm⁻¹), confirming the stability of the secondary structure and amino-acid 

side-chain environments in healthy individuals. The Carrier group displayed slightly reduced 

absorbance in both Amide I and Amide II bands compared with the Normal group but remained 

higher than the Disease group across several regions, indicating partial alteration of the protein 

structure due to genetic mutation, though not severe. Absorbance in protein side-chain regions (3000 

and 2875 cm⁻¹) was slightly lower than that of the Normal group, suggesting moderate perturbation 

of protein lateral chains. In contrast, the Disease group demonstrated the most pronounced 

abnormalities. Absorbance in Amide I and Amide II markedly decreased compared with both the 

Normal and Carrier groups, indicating loss of secondary-structure stability. Meanwhile, this group 

exhibited the highest absorbance in Amide A (3265–3329 cm⁻¹, N–H stretching), reflecting hydrogen-

bond disruption and possible protein unfolding or aggregation. Elevated absorbance was also 

observed in Amide III (1240–1220 cm⁻¹) and aromatic-residue markers (830–750 cm⁻¹), implying 

tertiary-structure disruption and alteration of aromatic amino acids such as tyrosine and 

phenylalanine. 

In summary, the Normal group showed the highest absorbance in functional groups related to 

stable protein structures—Amide I, Amide II, and amino-acid side chains—whereas the Disease 

group exhibited the highest absorbance in Amide A, Amide III, and aromatic-residue markers, 

indicative of structural destabilization and protein conformational changes associated with the 

severity of thalassemia. The Carrier group presented intermediate spectral features between the 

Normal and Disease groups, reflecting mild structural alterations consistent with its subclinical 

phenotype. 

4. Conclusion 
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This study employed infrared Microspectroscopy to analyze and differentiate various forms of 

thalassemia and to develop a spectral database for identifying blood samples at risk of thalassemia. 

By constructing a comprehensive IR spectral database from patient blood samples classified 

according to disease severity—namely Normal, Carrier, and Disease groups—and applying Principal 

Component Analysis (PCA) and Partial Least Squares Discriminant Analysis (PLS-DA), it was 

possible to successfully classify the samples based on their biochemical characteristics. The analysis 

revealed clear molecular-level differences among groups, particularly in protein secondary structure 

variations (Amide I region) and changes in amino acid side-chain composition. These findings 

demonstrate that specific alterations in hemoglobin structure are closely correlated with thalassemia 

severity. 

 When evaluated in terms of diagnostic performance, the classification models achieved sensitivity 

and specificity values ranging from 80–90%, confirming the reliability of the proposed analytical 

approach. Future work will involve expanding the dataset by collecting additional blood samples 

from each thalassemia subtype, with a particular focus on PCR-based genotyping of α-Thalassemia 

1 and α-Thalassemia 2. This will help refine classification of Normal individuals without latent α-

thalassemia mutations and enhance model robustness through AI-assisted spectral analysis. 

Furthermore, a petty patent has been officially registered under the title “Process for Preparation and 

Measurement of Blood Samples” (Application No. 2503002000). The next phase of this research will 

focus on integrating the developed system for pilot screening of thalassemia at the Thai Red Cross 

Society, aiming to establish a practical, rapid, and cost-effective diagnostic tool for clinical 

implementation. 
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