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Article 
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Featured Application: Fast ABO blood typing using Attenuated Total Reflectance – Fourier Transform 
Infrared Spectroscopy and artificial intelligence tools. 

Abstract: Fourier Transform Infrared Spectroscopy (FTIR), provides valuable biochemical information for 

biomedical analysis. It aids in identifying cancerous tissues, diagnosing diseases like acute pancreatitis or 

Alzheimer's, and has applications in genomics, proteomics, and metabolomics. A combination of FTIR and 

chemometrics constitute an approach that shows promise in fields like biology, forensics, food quality control, 

and plant variety identification. The study aims to explore the feasibility of ATR-FTIR spectroscopy for 

identifying ABO-blood types using spectroscopic tools. We employ various classifying algorithms, including 

Linear Discriminant Analysis (LDA), Naïve Bayes Classifier (NBC), Principal Component Analysis (PCA), and 

combinations of these methods, to detect A and B antigens and determine the ABO blood type. The results 

show that these algorithms predict the blood type to a greater extent than random selection, although they do 

not match the precision of biochemical blood typing tools. Additionally, our findings suggest a higher 

sensitivity of the methodology in identifying B antigens compared to A antigens. 

Keywords: FTIR; ATR-FTIR; Linear Discriminant Analisis; LDA; Naif Bayessian Classifier; NBC; 

chemometrics 

 

1. Introduction 

Infrared spectroscopy has emerged as a powerful tool in biomedical analysis due to its ability to 

provide comprehensive biochemical information about cells, tissues or biological samples. This 

holistic data obtained from Fourier Transform Infrared Spectroscopy (FTIR), allows for the 

identification of cancerous tissues [1] or aids in the diagnosis of diseases such as acute pancreatitis of 

Alzheimer [2,3]. Moreover, vibrational spectroscopy, which encompasses both Raman and infrared 

spectroscopy, has proven to be highly valuable in genomics [4], proteomics [5] and metabolomics [6]. 

The latter is particularly interesting, as the combination of metabolomics information provided by 

FTIR and chemometric tools allows for the investigation of the viability and sexing of cattle embryos 

[7,8]. This FTIR-chemometrics coupling has also been fruitfully exploited in different fields like 

forensics, food quality control or plant variety identification [9–11], and seems to be a promising 

starting point to face a rapid spectroscopic approach to the blood typing following the ABO system. 

Blood typing of the ABO system has been routinely used since its description in the early 1900s. 

It is considered the most important among the known 29 blood group systems [12]. ABO typing is 

based on the existence of three different alleles whose expressions results in the modifications of 

polysaccharide structures on red blood cells surface [13]. The combination of these alleles on the 

human genome gives as a result the four known blood types extensively used in blood transfusion 

for medical applications. The ABO blood group is thus determined by the presence of A and B 

antigens (or none) on erythrocytes (and other cells) and the presence of anti-A and anti-B antibodies 

in serum. Due to the presence of these antibodies, red cell agglutination happens when mixing with 
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plasma from a different blood type [14]. The ABO system depends on the expression of 

glycosiltransferases for specific sugar moieties, α 1, 3-N-acetylgalactosaminyltransferase for the A 

antigen and α 1, 3-galactosyltransferase for the B antigen. Expression of both transferases (one allele 

each) ends up with the presence of both antigens in red cells surface (AB type). Presence of the H 

allele in both copies of the genome results in the absence of any glycosyltransferase activity and 

consequently antigens A or B are not present (O type) [13].       

Then, this enzymatic activity translates into the presence of different oligosaccharides in the 

membrane, whose biochemical difference lays in the nature of the most external monosaccharide. 

There is a basic sequence of glucose, galactose, N-acetylglucosamine and galactose joined in 1-3 

positions, with a fucose in position 2 of the last galactose. This sequence is common for A, B and 0 

antigens; however, A and B shows an additional saccharide: A-type has an N-acetylgalactosamine in 

position 3 of the galactose, while B-type shows a second galactose in that position. 

In this work, we intend to explore the viability of ATR-FTIR spectroscopy to detect the 

biochemical differences of different blood types, which would eventually allow for the identification 

of the type only using spectroscopic tools. 

2. Materials and Methods 

Human blood samples were kindly provided by the Centro Comunitario de Sangre y Tejidos de 

Asturias using blood samples from anonymous donors. All samples were ABO-typed following 

manufacturer instructions of an immune-based assay of blood typing from IBDCiencia (Ref.: 

ME91253).  

FTIR spectra were taken in a Varian 670-IR spectrometer equipped with a Golden Gate ATR 

device. Spectra were averaged from 16 scans and recorded from 600 cm−1 to 4000 cm−1 with resolution 

4 cm−1. Measurements were carried out by putting a droplet of blood or plasma onto the diamond 

crystal of ATR and evaporating it under a constant air current. 

Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) calculations 

were performed using MatLab scripts developed by the authors. Naïve Bayessian Classifier (NBC), 

and k-nearest neighbours calculations were performed using MatLab functions. 

3. Results and discussion 

The actual blood distribution of Spanish population, according to Red Cross data [15] shows a 

very low presence of certain types (Table 1). Thus, keeping this proportion in the training and test 

datasets could lead to poor results because of the low amounts. Therefore, blood samples were 

selected in order to have a proper amount of each type, regardless of a possible overrepresentation 

compared to the natural distribution (Table 1). 

Table 1. ABO Blood-type distribution and number of samples. 

 0+ A+ B+ AB+ 0- A- B- AB- 
Spanish 

population 
35% 36% 8% 2,5% 9% 7% 2% 0,5% 

Number of samples 
24 

(24%) 

21 

(21%) 

36 

(36%) 

5 

(5%) 

5 

(5%) 

2 

(2%) 

3 

(3%) 

4 

(4%) 

The spectroscopic study was carried out from two different approaches, a first one considering 

both ABO blood type and Rh factor and a second one taking into account only ABO blood type. 

Average spectra for every class are depicted in Figure 1, showing no evident differences with the 

ABO-type or the Rh factor. Thus, the ABO-typing was evaluated from a mathematical approach, 

using IA tools. For this, the area under the most relevant peaks, total 18, were selected as input 

variables in the different algorithms (Table 2). 
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Table 2. FTIR selected peaks. 

Region / cm-1 Region / cm-1 Region / cm-1 

910 – 945 1213 – 1257 2829 – 2887 

980 – 999 1257 - 1348 2887 – 2941 

1059 – 1092 1348 – 1425 2941 – 2995 

1092 – 1113 1425 – 1477 2995 – 3107 

1113 – 1140 1477 – 1583 3107 – 3224 

1140 – 1186 1583 – 1716 3224 – 3383 

These peaks are mainly related to amide I (1639 cm-1), amide II (1537 cm-1) and amide III (1300 

cm-1) bands characteristic of proteins and also to carbohydrates, with strong very wide bands between 

3520 cm-1 and 3100 cm-1 [16]. 

 

Figure 1. FTIR spectra of averaged ABO-type samples (left) and Rh samples (right). 

3.1. Probabilities of random classification 

In order to check whether the success rate of the proposed classification tools is better than a 

mere random classification, it is important to compare the true positive (T+), true negative (T-), false 

positive (F+) and false negative (F-) ratios of the proposed methodology with those obtained in a 

random classification. In principle, a random classification would assign a random class to a sample, 

following the frequency distribution of the whole population. That is, the probability of assigning the 

class i to a sample (p(i)) is the same that the frequency of class i in the population (f(i)). In such a case 

where p(i)=f(i), it is clear that the T+ ratio is ∑ ୮(୧)మ୒୧  where p(i) is the probability of assigning i-class 

to a sample and N is the total number of classes. Similarly, the rate of false positives and false 

negatives is identical an equal to 
∑ ௣(௜)·௣(௝)೔ಯೕ೔,ೕ ே . These formulae can be extended for those cases where 

p(i)≠f(i), per example, if assignation into classes is performed equiprobably. Table 3 shows the T+, F+, 

T- and F- ratios expected for a random classification using the probabilities shown in Table 1 

(p(A)=0.23, p(B)=0.39, p(AB)=0.09, p(0)=0.29). 

Table 3 T+, T-, F+ and F- expected distribution in a random classification with frequency 

distribution f and probability of assignation p. 

Ratio of T+ T- F+ F- 

Mathematical expression ෍p(i) · f(i)N୧  1-T+-F+-F- 
∑ p(i) · p(j)୧ஷ୨୧,୨ N  

∑ p(i) · p(j)୧ஷ୨୧,୨ N  

Considering four classes A, B, AB & 0 

With p(i) = f(i) = Table 1 

Natural frequencies 
9.7% 59.7% 15.3% 15.3% 

With p(i) = f(i) = Table 1 

Sampling frequencies 
7.4% 57.4% 17.6% 17.6% 

Considering three classes A, B & 0 

With p(i) = f(i) = Table 1 

Natural frequencies 
13.8% 47.0% 19.6% 19.6% 

With p(i) = f(i) = Table 1 11.7% 44.9% 21.7% 21.7% 
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Sampling frequencies 

It is obvious, then, that keeping the assignation probabilities as the true distribution frequencies 

provides the best T+ and T- ratios. All the classification algorithms will be checked against this 

random distribution. 

3.2. Principal Component Analysis (PCA) 

The graphical representation of the samples in the Principal Component (PC) space (Figure 2) 

does not seem to reveal a clear aggrupation, neither with respect to the ABO-type nor to the Rhesus 

factor. Nonetheless, A-type (red) and B-type (green) trend to segregate, which can be explained 

taking into account the different chemical nature of their respective antigens. AB-type appears mixed 

since it shares both antigens, and 0 samples, which do not present a specific antigen, seems to be 

randomly distributed.  

 

Figure 2 PC representation of samples. Color represents ABO-type (up) or Rh factor (down). 

These results suggest that minimizing the intra-class variance while maximizing the inter-class 

variance could improve the classification success rate. This kind of classification is obtained when 

performing Linear Discriminant Analysis studies. 

3.3. Linear Discriminant Analysis (LDA) 

The whole pool of 111 samples was randomly divided in a training dataset (78 samples) and a 

test dataset (33 samples) and then the LDA training was performed. This procedure was repeated six 

times, each of them with different training and test datasets. Figure 3 (up) shows the visual 

representation of LDA algorithm. It is obvious that B-type samples are differently grouped than A-

type samples. However, AB and O samples, although more or less self-grouped, overlaps with either 

B (in case of AB) or A (in case of O). These results suggest that infrared is more sensitive to B antigen, 

as B-antigen-containing samples (B & AB) appears grouped and segregated from non-containing-B-

antigen samples (A & O). The obtained results were significantly better than a pure random 
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classification (P<0.02, Table 4 up), obtaining a 48% of correctly classified samples versus a 29% of 

expected success in a mere random classification. Most difficulties are found in O samples classified 

as A (15%) and A classes classified as O (7%), which is in clear agreement with the visual 

representation of Figure 3. 

 

 

Figure 3 LDA representation for training (circles) and test (stars) datasets. Color of test dataset belongs 

to their real class, and not to the assigned one. Up, A, B, AB & O blood types used; down A, B & O 

only. 

Since AB samples contain both A and B antigens and, therefore, spectroscopic characteristics 

common to both A and B types, the inclusion of AB samples in the training dataset could probably 

lead to difficulties in the classification. Therefore, we trained a second model including A, B and 0 

samples only. Samples were randomly split into training and test datasets, and the procedure 

repeated six times. The graphical representation of this LDA classification is shown in Figure 3b. 
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Training samples from A and B sets clearly segregate, stablishing two well differentiated areas; 

training samples from O type, however, overlap with those from A type, but not with those of B type. 

Only B-type samples get an improvement in all categories, with an increment in the rates of true 

positives and negatives, and a drastic reduction in the percentage of false positives and negatives. 

However, and despite the improvement in the ratio of true positives of both A and O samples, also 

the ratio of false positives (for O type) and of false negatives (for A type) increases. In this case, a 63% 

of the samples are correctly classified with, again, a high wrong classification in O samples taken as 

A and A samples taken as O. This situation is not likely related to the chemical difference on the 

antigens, since there is a complex interrelationship between the blood type and the blood chemistry, 

which can participate in the ABO-type identification without being the antigens themselves.  

Table 4 Training and test dataset confusion matrixes for LDA and success rates. 

LDA classification  Random classification 

 Assigned class   Assigned class 

R
ea

l 
cl

as
s 

 A B AB 0  

R
ea

l 
cl

as
s 

 A B AB 0 

A 6 % <1 % 2 % 7 %  A 5 % 9 % 3 % 6 % 

B 6 % 26 % 9 % 4 %  B 9 % 15 % 5 % 10 % 

AB 2 % 6 % 6 % 0 %  AB 3 % 5 % 2 % 3 % 

0 15 % 0 % 3 % 10 %  0 6 % 10 % 3 % 7 % 

 

 T+ T- F+ F- 

A-type success rate  6.1%  62.1%  22.2%  9.6% 

B-type success rate  25.8%  50.0%  6.1%  18.2% 

AB-type success rate  6.1%  73.2%  13.6%  7.1% 

0-type success rate  9.6%  62.1%  10.6%  17.7% 

Average success rate  11.9%  61.9%  13.1%  13.1% 

 

LDA classification  Random classification 

 Assigned class   Assigned class 

R
ea

l 
cl

as
s  A B 0  

R
ea

l 
cl

as
s  A B 0 

A 10 % 2 % 13 %  A 6 % 11 % 7 % 

B 3 % 37 % 4 %  B 11 % 23 % 14 % 

0 15 % 1 % 16 %  0 7 % 14 % 9 % 

 

 T+ T- F+ F- 

A-type success rate  9.8%  58.0%  17.8%  14.4% 

B-type success rate  36.8%  53.4%  2.9%  6.9% 

0-type success rate  16.1%  51.1%  16.7%  16.1% 

Average success rate  20.9%  54.2%  12.5%  12.5% 

3.4. Naïf Bayessian Classifier 

Naïf Bayessian Classifier (NBC) assigns a class to an unknown object based on the Bayes 

Probability Theorem. It is, therefore, necessary to known the probability of every variable (vi) taking 

a certain value when the sample belongs to a class Cj (that is P(vi/Cj)), and the probability of belonging 

to that class as well (pCj). P(vi/Cj) is estimated from a training dataset randomly selected among the 

whole dataset. The probability of every class was obtained from the number of samples of every class 

in the training dataset, using as variables the peak area described in Table 2. 

A NBC model was tested using six different training and test dataset randomly selected and in 

the same proportion than in LDA case. As can be seen in Table 5, the model has a higher success ratio 

than the random classification (P<0.01), and provides a better true positive ratio than LDA for A, B 

and AB samples, but not for O. 
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As in the case of LDA, the presence of both A and B antigens in the AB type may cause difficulties 

in the classification. Thus, in a first instance, we perform the classification without AB type samples, 

using again six different training and test datasets. Table 5 shows the classification results both for 

NBC and a random classification, which are significantly different in every case with P<0.002 

according to a Student’s-t test. A and B samples have a higher success rate with NBC classification 

than with a random one, although 0 shows slightly worse results, may be because the lack of antigens 

in the surface reduces the spectroscopic characteristics enabling the differentiation. Furthermore, 

LDA classification with only three classes works provides a better true positive ratio for every class. 

It is interesting to state that, both in LDA and NBC, the incorporation of AB samples reduces the 

true positive ratio of the model. 

Table 5 NBC results for A, B, AB & 0 (up) and A, B and 0 (down) 

NBC classification  Random classification 

 Assigned class   Assigned class 

R
ea

l 
cl

as
s 

 A B AB 0  

R
ea

l 
cl

as
s 

 A B AB 0 

A 9 % 5 % 1 % 2 %  A 5 % 8 % 3 % 6 % 

B 8 % 29 % 4 % 1 %  B 8 % 15 % 5 % 10 % 

AB 4 % 8 % 6 % 2 %  AB 3 % 5 % 2 % 3 % 

0 11 % 8 % 3 % 3 %  0 6 % 10 % 3 % 7 % 

 

 T+ T- F+ F- 

A-type success rate  8.6 %  62.1 %  22.2 %  7.1 % 

B-type success rate  29.3 %  38.4 %  19.7 %  12.6 % 

AB-type success rate  6.1 %  73.7 %  7.6 %  12.6 % 

0-type success rate  2.5 %  72.2 %  4.0 %  21.2 % 

NBC Success rate  11.6 %  61.6 %  13.4 %  13.4 % 

 

NBC classification  Random classification 

 Assigned class   Assigned class 

R
ea

l 
cl

as
s  A B 0  

R
ea

l 
cl

as
s  A B 0 

A 10 % 7 % 6 %  A 6 % 11 %  7% 

B 10 % 30 % 3 %  B 11 % 23 % 13 % 

0 16 % 11 % 7 %  0 7 % 13 % 8 % 

 

 T+ T- F+ F- 

A-type success rate  9.8 %  50.6 %  25.9 %  13.8 % 

B-type success rate  29.9 %  39.1 %  18.4 %  12.6 % 

0-type success rate  6.9 %  56.9 %  9.2 %  27.0 % 

Average Success rate  15.5 %  48.9 %  17.8 %  17.8 % 

3.5. Principal Components cobined with Naïf Bayessian Classifier 

Taking into account the PCA and LDA results, it is very likely that the relationship of FTIR 

spectra with ABO-type exists with linear combination of several peak areas rather than the 

independent areas.  For this reason, we tried a second NBC algorithm using as variables just the two 

first principal components. The whole dataset reduces its dimensionality from the original (18x95) 

(peaks x samples) to a (2x95) (PCs x samples). The differences between the PC-NBC algorithm and 

the random classification is statistically significant with P<0.01 in every case but the misclassification 

of 0 samples as B (italics in the table). However, as shown in Table 6 the improvement is negligible, 

with a scarce enhancement in B and 0 correct type identification and a slight reduction in the false 

identification of A and 0 samples as B. This phenomenon, aligns with the notion that the spectroscopic 

identification of B antigen is easier than the identification of the A one or the lack of them. 
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Table 6 PC-NBC results for A, B, AB & 0 

NBC classification  Random classification 

 Assigned class   Assigned class 
R

ea
l 

cl
as

s 

 A B AB 0  

R
ea

l 
cl

as
s 

 A B AB 0 

A 4 % 7 % 1 % 9 %  A 5 % 8 % 3 % 6 % 

B 5 % 32 % 4 % 5 %  B 8 % 15 % 5 % 10 % 

AB 0 % 7 % 6 % 0 %  AB 3 % 5 % 2 % 3 % 

0 11 % 8 % 0 % 5 %  0 6 % 10 % 3 % 7 % 

 

 T+ T- F+ F- 

A-type success rate  3.5 %  67.7 %  13.1 %  15.7 % 

B-type success rate  31.8 %  31.3 %  23.7 %  13.1 % 

AB-type success rate  5.6 %  83.8 %  4.0 %  6.6 % 

0-type success rate  5.1 %  63.1 %  13.1 %  18.7 % 

NBC Success rate  11.5 %  61.5 %  13.5 %  13.5 % 

 

3.6. Single-antigen identification 

Based on the results presented earlier, it becomes apparent that the algorithms exhibit a superior 

ability to differentiate samples containing the B antigen from the rest. Consequently, we proceeded 

to employ the aforementioned algorithms to ascertain whether they yield improved outcomes in 

identifying each antigen individually. On the flip side, it was crucial to assess the feasibility of 

employing a distinct chemometric approach for the identification of each antigen. Hence, we 

conducted tests utilizing LDA and NBC to discern between samples classified as A and Non-A, as 

well as B and non-B, whose results are recorded in table 7. 

Table 7 Classification as A and B independently with LDA or NBC. * marks worse results than the 

random classification. 

 T+ T- F+ F- 

Identifying A with LDA  9.6 %*  50.0 %*  19.2 %  21.2 % 

Identifying B with LDA  46.5 %  42.4 %  35.4 %  7.6 % 

Identifying A with NBC  21.2 %  35.3 %*  31.3 %*  12.1 % 

Identifying B with NBC  44.4 %  26.8 %  16.2 %  12.6 % 

All the results presented in Table 7 exhibit statistically significant differences compared to the 

outcomes derived from random classification, with a P-value of less than 0.01. However, it is crucial 

to note that the classification of A demonstrates less desirable scenarios: the ratios of true positive 

(T+) and true negative (T-) using LDA, as well as T- using NBC, indicate lower success rates than 

those achieved randomly. Similarly, the false positive ratio (F+) using NBC surpasses the random 

counterpart. This further substantiates our previous thesis that the B-antigen is more effectively 

detected by FTIR than its A counterpart. 

Bearing this results in mind, we decided to evaluate whether the independent single 

identification of A and B antigens would lead to an improvement in the classification rate. Therefore, 

we used an independent multiple antigen classification (IMAC) consisting in training independently 

four algorithms (linear discriminant analysis for A (LDA-A) and for B (LDA-B) antigens; Naïf 

Bayessian Classifier for A (NBC-A) and B (NBC-B) antigens). Every tested sample was assigned an 

IMAC-number based on which of the four algorithms was + or – (Table 8), and the class was decided 

according to this number. The correspondence IMAC-number – blood type was decided by studying 

the histogram of samples vs IMAC-number for every blood type. 
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Table 8 – IMAC classification table 

IMAC  number LDA – A LDA – B NBC – A NBC – B Blood type 

0 - - - - O 

1 - - - + O 

2 - - + - O 

3 - - + + A 

4 - + - - B 

5 - + - + B 

6 - + + - B 

7 - + + + B 

8 + - - - O/A 

9 + - - + A 

10 + - + - A 

11 + - + + A 

12 + + - - B 

13 + + - + AB 

14 + + + - AB 

15 + + + + AB 

IMAC-numbers 4, 8 and 12 did not appear in any of the tested training datasets. In fact, only 

number 4 appears only once in the assayed test datasets. Then, the blood type for these numbers was 

decided according to a probability study. It is particularly difficult in the case of IMAC 8, as the 

probability of being A or O was very similar and there are neither experimental evidences nor 

probabilistic ones to prefer any type. 

The results presented in Table 9 clearly indicate that IMAC yields superior outcomes when 

compared to random classification for each class, although achieving similar results to those obtained 

by the previous algorithms. Regarding the confusion matrix, it is interesting to state that samples A 

are mistaken with O (and vice-versa) in a higher extent than a mere random classification. A similar 

situation occurs with samples B and AB (and vice-versa). It becomes apparent, again, that the 

presence of B antigen is particularly influent in the classification. 

Table 9 – IMAC Blood typing confusion matrix 

NBC classification  Random classification 

 Assigned class   Assigned class 

R
ea

l 
cl

as
s 

 A B AB 0  

R
ea

l 
cl

as
s 

 A B AB 0 

A 7% 3% 0% 10%  A 5% 8% 2% 4% 

B 3% 31% 7% 4%  B 8% 21% 5% 10% 

AB 1% 8% 4% 1%  AB 2% 5% 2% 3% 

0 12% 2% 0% 10%  0 4% 10% 3% 6% 

 

 T+ T- F+ F- 

A-type success rate  7.1 %  66.2 %  14.7 %  12.1 % 

B-type success rate  31.3 %  42.9 %  12.1 %  13.6 % 

AB-type success rate  3.5 %  80.8 %  7.1 %  8.6 % 

0-type success rate  10.1 %  62.1 %  14.1 %  13.6 % 

IMAC Success rate  13.0 %  63.0 %  12.0 %  12.0 % 

4. Conclusions 

Incorporating infrared spectrometry and chemometrics for ABO blood typing yields improved 

results compared to random classification, although it still falls short of competing with 
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immunological methods. The presence of antigen 'B' appears to impart discernible characteristics to 

the blood sample, easily detected with FTIR. However, antigen 'A' remains largely elusive using this 

technique, posing challenges in its identification. It is possible that the difficulty in identifying blood 

type A may be attributed to the existence of subgroups, mainly A1 and A2, within this serological 

type. While there are also subgroups for blood type B, the difference between them is less 

pronounced, which appears to support the findings obtained in this study [13]. Although, the success 

rate is worse than in classic biochemical blood typing methods, this methodology shows up as a 

promising alternative. 
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