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This study presents a novel diagnostic platform for the rapid and non-invasive detection of neonatal calf diarrhea
using ATR-FTIR spectroscopy combined with predictive analytics. Neonatal calf diarrhea is a leading cause of
economic losses and animal welfare issues in the cattle industry, and current diagnostic methods are often time-
consuming and require invasive sampling. Our approach leverages the unique biochemical fingerprints of serum
obtained from healthy, diseased, and recovered calves. The spectral data were preprocessed and analyzed using
Principal Component Analysis to extract key molecular features, which were subsequently classified using Linear
Discriminant Analysis and Support Vector Machines. These predictive models demonstrated high accuracy in
distinguishing the physiological states of the calves, underscoring the potential of this platform as a reliable
diagnostic tool. Another significant innovation of this work is the development of the 1080 ¢m~'/3300 cm™*
spectrochemical index, a single, interpretable parameter derived from the ratio of the PO; symmetric stretching
band to the Amide A band. This quantitative index correlates with molecular-level changes associated with
disease progression and recovery, further enhancing diagnostic precision and enabling timely intervention. The
integration of spectral data into an easily interpretable metric contributes to improved animal welfare and

sustainable livestock management practices.

1. Introduction

Neonatal calf diarrhea (NCD), also known as calf scours, is a
commonly reported disease in young calves and remains a major cause
of economic losses for cattle producers worldwide [1]. Diarrhea can
result in decreased short- and long-term productivity. Calf diarrhea is a
multifactorial disease stemming from the interactions between infec-
tious agents, the environment, and the calf itself [1,2]. Many factors
influence calf diarrhea outbreaks, broadly categorized as agent factors,
host susceptibility, and environmental conditions [3]. Disease occurs
when the calf’s defenses are overwhelmed, generally because of a
combination of factors. A single primary pathogen can cause calf diar-
rhea, but co-infection is frequently observed in diarrheic calves. An
effective contact is exposure to pathogens of a dose load or duration
sufficient to cause disease [3]. Multiple factors, both infectious and
non-infectious, are involved in calf diarrhea outbreaks, which makes
disease control on farms [4]. Multiple enteric pathogens like viruses,
bacteria, and protozoa are often involved, with co-infection being

frequently observed. The prevalence of each pathogen and disease
incidence can vary based on geographic location, farm management
practices, and herd size [5]. Non-infectious factors include insufficient
colostrum intake, poor sanitation, stress, overcrowding, and cold
weather [2].

NCD is a major cause of calf mortality, accounting for over 50 % of
deaths, and leads to significant economic losses in the cattle industry,
with costs varying by region and pathogen [6-8]. Its prevalence ranges
from 23 % in Canada to 58 % in Iran, with causative agents including
bovine rotavirus, coronavirus, Escherichia coli, Salmonella, Clostridium
perfringens, and Cryptosporidium parvum. However, these pathogens can
also be found in healthy calves, highlighting the multifactorial nature of
the disease. The gastrointestinal microbiota plays a critical role in calf
health by supporting nutrient absorption, immune regulation, and in-
testinal development. Dysbiosis, or microbial imbalance, is linked to
gastrointestinal disease, though it remains unclear whether it precedes
or follows pathogen invasion [9,10]. Effective management hinges on
early diagnosis via fecal antigen testing and prompt fluid therapy to
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correct electrolyte imbalances, alongside targeted antimicrobial use for
bacterial coinfections [7]. Prevention strategies emphasize optimizing
colostral IgG transfer, dam vaccination to enhance passive immunity,
and rigorous biosecurity to limit environmental pathogen loads [11].
Despite advances, NCD remains economically devastating, underscoring
the need for integrated herd health programs to mitigate losses [12].

Most diarrhea in young calves are treated with antimicrobials.
However, excessive antimicrobial usage can lead to antimicrobial
resistance and can negatively impact the gut microflora of a calf. Certain
pathogens associated with calf diarrhea can be harmful to human health
due to their zoonotic potential and their ability to develop antimicrobial
resistance, which can be passed on when meat and milk are consumed
[13]. Treating NCD requires a multifaceted approach, starting with fluid
therapy using oral or intravenous electrolyte solutions to correct dehy-
dration and electrolyte imbalances [14,15]. When selecting an electro-
lyte, make sure it contains 100-120 mmol/L of sodium and 50-80
mmol/L of acetate or propionate. Antimicrobials such as ceftiofur or
amoxicillin-clavulanate may be necessary for bacterial infections but
should be used judiciously. Halofuginone lactate can be used to address
Cryptosporidium infections [16]. Bovine colostrum, rich in bioactive
factors, can serve as a therapeutic alternative to antimicrobials [13].
Nutritional management, involving a return to whole milk feeding and
supplementation of colostrum, is also important. Additionally, pre-
biotics, probiotics, synbiotics, and fecal microbiota transplantation
(FMT) can help restore gut health [8]. Oral administration of selected
Lactobacillus reuteri isolates significantly reduced NCD, highlighting its
promise as a probiotic [17]. Further refinements in application timing
and strain selection could enhance its protective effects. Supportive care
includes early identification, isolation of sick calves, maintaining hy-
giene, and providing a dry, warm environment [2]. The European Food
Safety Authority (EFSA) emphasizes transitioning to group housing,
improving dietary practices, and ensuring cow-calf bonding to enhance
calf welfare. Legislative updates should prioritize space, social contact,
and fiber/iron provision, particularly in veal systems [18].

Laboratory testing is needed for an accurate diagnosis of calf diar-
rhea because various pathogens or factors can be involved in the dis-
ease’s development. A quick diagnosis is critical to confirm the cause
and implement appropriate interventions. Diagnostic outcomes can be
influenced by sampling time and population, specimen quality, and
laboratory methods. Fecal samples are commonly examined via micro-
scopy, bacterial culturing, and PCR. Intestinal tissues are tested using
immunohistochemistry or bacterial culturing. Rapid detection methods,
such as PCR, RT-PCR, and Ag-ELISA, are commonly used to identify
pathogens in clinical specimens. Clinicians should consider farm and
clinical history together with lab results to identify the causative path-
ogen [5,19]. When the cause of diarrhea is unknown, electron micro-
scopy (EM) can be used [20]. Several factors can impact diagnostic
outcomes. Pathogen isolation can be difficult in the gastrointestinal
environment [21]. Direct EM is not a specific test and has low sensi-
tivity. It also requires many viral particles for virus detection and cannot
concurrently evaluate multiple samples. The cost of EMs and the
requirement of skilled personnel can also be a challenge for routine
diagnostic testing. The analytic sensitivity of Ag-ELISA tends to be lower
than isolation/culture or nucleic-acid-based assays, and the cost of
commercial kits may be cost-prohibitive. Bacterial culture can take
24-72 h, and turnaround time can vary depending on culture methods
and diagnostic instrumentation. Immunological or nucleic acid-based
assays may be required for bacterial identification [5,22]. Molecular
diagnostics such as PCR, metabolomics profiling, or volatile compound
biomarker analysis are not feasible for in-field or real-time applications
due to substantial sample purification and preparation, specialized fa-
cilities, special handling, storage, and transport of biological samples,
increasing the risk of contamination and degradation [23].

Recent study investigated the use of Near Infrared Spectroscopy
(NIRS) combined with multivariate analysis (MVA) to diagnose and
monitor Mannheimia haemolytica infection in dairy calves, a major cause
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of bovine respiratory disease (BRD). The performance of NIRS was
comparable to other diagnostic techniques such as ELISA, PCR, and
NMR, but with the added advantages of being rapid, portable, and
requiring minimal sample preparation [23]. Another study evaluated
and compared the performance of infrared (IR) spectroscopy for the
rapid measurement of bovine serum immunoglobulin G (IgG) concen-
tration and detection of failure of transfer of passive immunity (FTPI) in
dairy calves. It was concluded that IR spectroscopic technique combined
with multivariate analysis is effective for quantifying IgG levels and
diagnosing FTPI in dairy calves, with ATR-IR being particularly ad-
vantageous for field applications [24]. A very recent study demonstrated
the feasibility of using FTIR spectroscopy combined with machine
learning (ML) as a rapid and effective screening tool for identifying
multidrug-resistant E. coli strains in calves, with potential applications in
microbiology laboratories and livestock management [25]. The previous
study demonstrated that NMR-based metabolomics can distinguish be-
tween healthy calves and those with diarrhea-induced sepsis, providing
insights into the pathogenesis of sepsis in calves and identifying novel
biomarkers for early diagnosis and prognosis [26].

To the best of our knowledge, there is currently no comprehensive
study addressing the rapid, cost-effective, and non-invasive diagnosis of
NCD through the analysis of serum biomolecules, irrespective of the
underlying infectious agent. This gap in research highlights the critical
need for innovative methodologies that prioritize early detection, dif-
ferential diagnosis, and pathogen-agnostic screening to mitigate the
economic losses in livestock production, improve animal welfare, and
reduce the risk of zoonotic transmission. By leveraging advancements in
analytical and predictive learning technologies, this proof-of-concept
study aims to develop a cost-effective and relatively simple diagnostic
framework capable of identifying diarrhea in calves without prior
knowledge of specific pathogens. Thus, IR spectroscopy combined with
supervised classification tools - Linear Discriminant Analysis (LDA) and
Support Vector Machine (SVM) are used to construct a high-capable
platform for the diagnosis of NCD from calf sera. Such an approach
would not only enhance on-farm decision-making for timely therapeutic
intervention but also provide a scalable and cost-effective tool for large-
scale herd health monitoring, ultimately supporting sustainable agri-
cultural practices and global food security.

2. Materials and methods

2.1. Animal grouping, whole blood sampling, and serum separation
procedures

The study was conducted between January and May 2021 using
blood samples collected from neonatal calves aged 1-20 days. The calves
were divided into three distinct groups: healthy (H), diseased (D), and
recovered (R). The protocol was approved by the Local Animal Experi-
ments Ethics Committee of Nigde Omer Halis Demir University
(Approval No: E-86837521-050.99-257260). The study included Hol-
stein breed calves raised on farms in Cavdarh village, Nigde province.
From each animal, a veterinarian collected blood into two biochemistry
tubes. Individuals exhibiting diseases other than diarrhea were
excluded. Blood samples from 10 individuals per group (totaling 30
samples, with two tubes per animal) were centrifuged at 3000 rpm for
15 min at +4 °C to separate serum from cellular components. Serum
separation was performed at the Nigde Provincial Directorate of Agri-
culture and Forestry laboratory. Serum samples were transferred to 1 mL
Eppendorf tubes, transported to the research laboratory at Bilecik Seyh
Edebali University on dry ice, and stored at —80 °C. Healthy calves
without diarrhea were designated as control group.

2.2. ATR-FTIR spectroscopy of serum samples

Frozen serum samples were thawed at room temperature and vor-
texed prior to spectroscopic analysis. Without pretreatment, 1 pL of
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serum was placed on the Zn/Se crystal of the ATR unit (PerkinElmer)
and gently dried under a low-flow nitrogen stream for 2 min to remove
unbound water. Spectra were acquired using an ATR-FTIR spectrometer
(PerkinElmer) with optimized parameters (4 em ! resolution, 32 scans).
Data collection was performed using Spectrum One software (Perki-
nElmer) across the 4000-650 cm~! wavenumber range. Before each
measurement, background air spectra were recorded. Triplicate mea-
surements were taken for each sample, and their averages were used for
subsequent analyses. Baseline correction was applied to average spectra
for visual clarity, and preprocessing was conducted using OPUS 5.5
software (Bruker). Spectral biomarkers were identified through quali-
tative and quantitative analysis of integrated band areas and positional
parameters using specialized software and methods [27-29]. In this,
first the systematic inspection of the entire set of individual spectra
across all experimental conditions was performed. This qualitative sur-
vey revealed that, in nearly every sample, the bands for PO; symmetric
stretch (~1080 cm 1) and the Amide A NH stretch (~3300 cm ™))
exhibited the most consistent relative intensity changes between groups.
Accordingly, the univariate and quantitative spectrochemical index was
defined as the ratio of the integrated areas under these two bands (1080
em~1/3300 cm’l) for each spectrum.

2.3. Predictive analytics

The Unscrambler® X 10.3 (CAMO Software AS) multivariate analysis
(MVA) software was used for all predictive analytics. To develop a
predictive model for diagnostic purposes; first, the IR datasets from calf
sera (H, D, and R group datasets) were processed and subsequently
analyzed using unsupervised and exploratory - principal component
analysis (PCA) [30]. Raw spectral data within the 4000-650 em™! range
underwent three preprocessing steps to minimize
instrumentation-dependent biases in analyses. First, baseline correction
was applied using an offset adjustment method using data columns
1-3351. Second, a Savitzky-Golay second-derivative transformation
with a 9-point smoothing window was implemented to enhance spectral
resolution using the same data columns. Third, unit-vector normaliza-
tion was performed to standardize amplitude variations. The processed
spectra were mean-centered and cross-validated via a 30-segment full
method, utilizing a calibration set of 30 samples. PCA, executed through
singular value decomposition (SVD), the matrix factorization algorithm,
was independently applied to various spectral windows over the mid-IR
region (4000-650 cm™!). The model was constrained to 10 principal
components (PCs) to optimize interpretability. The unsupervised
method developed in this way was further analyzed using the supervised
classification technique - Linear Discriminant Analysis (LDA) to develop
a predictive model for disease diagnosis. LDA is a supervised classifi-
cation method rooted in Bayes’ theorem, distinguished by its simplicity
among Bayesian classifiers. The technique aims to estimate model pa-
rameters that optimally separate classes by maximizing between-group
variance relative to within-group variance. Once trained, the model
assigns class labels to unobserved data points. LDA rests on two core
assumptions: (1) each class-conditional distribution follows a multi-
variate normal distribution, and (2) all classes share identical covariance
matrices (homoscedasticity). These assumptions collectively produce
linear decision boundaries, making LDA computationally efficient and
interpretable for classification tasks [31]. The category variable column
was included in a data matrix, and then all spectra of different sample
categories were used to generate a training set. Prior probabilities were
calculated from the training set. The prediction model was constructed
to project 10 PCs using the Mahalanobis method at different sub-regions
of IR spectra. The results were visualized through discrimination plots,
highlighting sample clustering, and prediction and confusion matrices,
identifying each sample status/position in intergroup discrimination
[32-34].

Support Vector Machine (SVM) is a supervised classification tech-
nique grounded in statistical learning theory, characterized by its ability
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to identify an optimal hyperplane that maximizes the margin between
distinct classes. When linear separation is infeasible in the original
feature space, SVM employs kernel functions to implicitly map data into
a higher-dimensional space, where linear separation becomes viable.
This “kernel trick” leverages dual representation, substituting explicit
feature transformations with dot product computations, thereby
enabling efficient handling of nonlinear relationships. Support vec-
tors—the critical subset of training data closest to the decision boun-
dary—define the hyperplane, ensuring computational efficiency. SVM
offers distinct advantages, including a globally optimal solution due to
its convex optimization framework, reduced risk of overfitting through
margin maximization (a form of regularization), and adaptability to
diverse data structures via kernel functions (e.g., polynomial, radial
basis). Unlike neural networks, SVM’s performance is less sensitive to
parameter variations, and its reliance on quadratic programming en-
sures stable, reproducible results. These attributes make SVM particu-
larly effective for complex, nonlinear -classification tasks while
maintaining computational tractability [31,35]. The -classification
model for the calf dataset was developed using SVM within the C-H
stretching vibrational region (4000-2500 cm™!) of the IR spectra. The
SVM framework was configured with a nu-SVC (nu-Support Vector
Classification, Classification SVM Type 2) algorithm, employing a linear
kernel function and a nu parameter value of 0.5 to balance class sepa-
ration and margin errors. Uniform class weights (1.00 for all classes)
were applied to mitigate bias. Model robustness was ensured through
30-fold cross-validation, optimizing generalizability by iteratively par-
titioning the dataset into training and validation subsets.

2.4. Univariate statistical analyses

Univariate statistics were performed using GraphPad Prism 8.01
(GraphPad, USA). One-way ANOVA followed by Dunnett’s test was used
to assess significant differences between spectral parameters across
groups. Significance levels were defined as *p < 0.05, **p < 0.01, ***p
< 0.001, and ****p < 0.0001. Results are presented as bar graphs
showing the mean =+ standard error of the mean (SEM).

2.5. ROC analysis for discriminatory validation of spectral parameters

Receiver operating characteristic (ROC) analysis was performed
using GraphPad Prism 8.01 to assess and validate the diagnostic efficacy
of spectral band parameters in distinguishing between the two species.
An optimal threshold was determined to maximize the differentiation of
spectral profiles between groups. The resultant ROC curve delineated
the relationship between sensitivity (true positive rate) and specificity
(true negative rate) across incremental threshold values, providing a
quantitative framework to evaluate classification performance. Sensi-
tivity was defined as the proportion of correctly classified true positives,
whereas specificity reflected the accuracy of true negative
identification.

To quantify the overall diagnostic utility of the spectral parameters,
the area under the curve (AUC) and its standard error (SE) were
computed at a 95 % confidence interval. AUC values exceeding 0.5 were
interpreted as indicative of discriminatory capacity, with higher values
signifying enhanced discriminatory capacity. Only parameters yielding
AUC values statistically greater than 0.5 (p < 0.05) were retained for
further interpretation, ensuring analytical rigor [28].

3. Results

LDA results, illustrated in Fig. 1, present a discrimination plot
differentiating serum of Healthy (H), Diseased (D), and Recovered (R)
neonatal calves within the fingerprint region (1800-650 cm ™) of the IR
spectral data. The LDA model achieved perfect classification accuracy
(100 %) in distinguishing all three groups, a performance consistently
replicated across additional spectral sub-regions. This discriminatory
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Fig. 1. The discrimination plot for newborn calf serum in a fingerprint (1800-650 cm™') infrared spectral window. The supervised Linear Discriminant Analysis
(LDA) wasapplied to project 10 principal components using the Mahalanobis method. H (Healthy), D (Diseased), R (Recovered).

capability is further substantiated by the prediction and confusion
matrices, which delineate the unequivocal assignment of all samples to
their respective categories without misclassification (Tables 1 and 2).
Table 1 presents the discriminant scores generated by LDA model for
classifying serum samples from neonatal calves into three groups: H, D,
and R. The values in the columns labeled H, D, R represent the Maha-
lanobis distances (or discriminant scores) of each sample to the centroid

Table 1

of each class. These scores quantify how closely a sample aligns with the
spectral characteristics of the respective groups. Lower (less negative)
values indicate stronger alignment with the corresponding class. For
example, in the first row (an H sample), the score for the H class (—505)
is significantly less negative than those for D (—147,828,800,000,000)
and R (—3,784,406,000,000,000), leading the model to classify this
sample as H. The predicted class for each sample (final column) is

Prediction matrix for newborn calf serum in a fingerprint (1800-650 cm™Y) infrared spectral window. H (Healthy), D (Diseased), R (Recovered).

Prediction Matrix

Actual H D R Predicted
H —-505 —147828800000000 —3784406000000000 H
H -21 —1061291000000000 —27455910000000000 H
H —124 —946114500000000 —13313550000000000 H
H —-38 —153647100000000000 —54047160000000000 H
H —25 —13793710000000000 —5337004000000000 H
H —28 —276594600000000000 —132017200000000000 H
H -8 —336585200000000000 —26185990000000000 H
H —46 —468995700000000 —4465460000000000 H
H —129 —40071600000000000 —120866000000000000 H
H —38 —669454500000000 —137705200000000000 H
D —988981300000000 -80 —18651900000000000 D
D —3476273000000000 —1406 —3280974000000000 D
D —1117593000000000 —3792 —54939210000000000 D
D —504517400000000 —2001 —28428820000000000 D
D —4015377000000000 —945 —47114050000000000 D
D —273729600000 -12 —5398007000000000 D
D —563460400000000 —2115 —22019460000000000 D
D —140189400000000 -14170 —3643294000000000 D
D —305365500000000 —1108 —8843089000000000 D
D —6926108000000000 —-6017 —33860580000000000 D
R —4941371000000000 —1158686000000000000 -168 R
R —1401850000000000 —1547740000000000000 -506 R
R —15496940000000000 —121731900000000000 —334 R
R —1066663000000000 —2136042000000000000 —-53 R
R —1211762000000000 —31086580000000000 —291 R
R —1126716000000000 —5316285000000000 —143 R
R —9413767000000000 —42447600000000000 —843 R
R —244474200000000 —1459523000000000000 —48 R
R —565796200000000 —385615400000000000 —62 R
R —8244210000000 —377595800000000000 —1124 R
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Table 2
Confusion matrix for newborn calf serum in a fingerprint (1800-650 cm ™)
infrared spectral window. H (Healthy), D (Diseased), R (Recovered).

Confusion Matrix Actual H D R
Predicted 1 2 3
H 1 10 0 0
D 2 10 0
R 3 0 0 10

determined by identifying the least negative value (i.e., the smallest
Mahalanobis distance) across the H, D, and R columns. This reflects the
model’s confidence in assigning a sample to the class whose centroid it is
closest to in the discriminant space. Furthermore, these scores reflect
biochemical differences in serum spectra between groups. The perfect
classification underscores the model’s ability to distinguish molecular
fingerprints associated with health, disease, and recovery. This result
validates the LDA model’s robustness and highlights its utility in non-
invasive diagnosis of NCD. Additionally, the classification plot of SVM
analysis revealed 100 % training and 74 % validation accuracies over
the C-H stretching region (4000-2500 cm ™), in which all the training
set samples (27 out of 30) belonging to H, D, and R classes were correctly
classified (Fig. 2). These findings underscore the robust diagnostic po-
tential of predictive statistics, demonstrating its precision in categoriz-
ing distinct physiological states in neonatal calves through IR spectral
analysis of sera.

A qualitative exploration of the complete IR spectral dataset across
selected wavenumber regions revealed pronounced variations in the
serum of neonatal calves (Fig. 3). Importantly, this assessment was
performed on each individual spectrum rather than on the average
spectra of study groups shown in Fig. 3. These average spectra were
provided to facilitate visualization of the depicted changes. Two prom-
inent alterations were visually discernible in the spectra (Fig. 3a). The
first of these, observed within the C-H stretching region (4000-2500
em™ 1), corresponds to a distinct absorption band centered at approxi-
mately 3300 cm ! (Fig. 3b). This feature is attributable to NH stretching
vibrations of Amide A groups, predominantly associated with protein
conformations, as established by Ref. [36]. A second notable spectral
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feature emerged within the fingerprint region (1800-650 cm 1), char-
acterized by a band at around 1080 cm™! (Fig. 3c). This signal aligns
with PO3 symmetric stretching modes of phosphate backbones mainly
in nucleic acids and/or phospholipids, consistent with prior assignments
reported by Ref. [37]. These findings highlight region-specific molecular
signatures reflective of biochemical variations across physiological
states in the sera of neonatal calves.

Further quantitative evaluation of the identified spectral bands
demonstrated significant variations in their band areas across the
neonatal calf groups (Fig. 4). The Amide A band (approximately at 3300
em 1), associated with NH stretching vibrations in proteins, exhibited a
marked elevation in Diseased (D) and Recovered (R) calves relative to
Healthy (H) ones. ROC analysis underscored the diagnostic utility of this
band for distinguishing NCD in the D group (AUC = 0.8333); however,
its discriminative power diminished in assessing recovery status (R
group, AUC = 0.5926) (Fig. 4a). Conversely, the PO symmetric
stretching band (near 1080 cm_l), linked to nucleic acid quantities,
displayed a pronounced increase in the D group, with levels reverting to
baseline in the R group. This trend was corroborated by robust AUC
values (D: AUC = 0.8611; R: AUC = 0.9028), affirming its sensitivity to
both disease presence and recovery (Fig. 4b). To synthesize these find-
ings, a spectrochemical index was formulated as the ratio of PO3 to
Amide A band areas (1080 ecm~1/3300 cm’l). Elevated index values in
serum samples were indicative of active disease states, whereas re-
ductions aligned with convalescence. ROC validation confirmed the
index’s diagnostic efficacy, yielding high predictive accuracy (D: AUC =
0.8750; R: AUC = 0.9219) (Fig. 4c). This index thus provides a rapid,
non-invasive tool for monitoring biochemical shifts associated with
disease and recovery in neonatal calves, bridging spectral data with
clinical relevance.

4. Discussion

Calf diarrhea is associated with significant economic losses in the
cattle industry due to mortality, growth retardation, and treatment
costs. Over 50 % of pre-weaning calf mortalities are linked to diarrhea,
with the majority of cases occurring in calves under one month of age

Classification
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Categones: 3
Training Accuracy. 1007%
Validation Accuracy: 74.07407 %
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A . ° ¢
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Fig. 2. The classification plot for newborn calf serum in a C-H stretching (4000-2500 cm™!) infrared spectral window. The supervised Support Vector Machine
(SVM) classification was applied using SVM type: Classification (nu-SVC), Kernel type: Linear, Nu value: 0.5, Weights: All 1.00, Cross-validation segments: 30. H

(Healthy), D (Diseased), R (Recovered).
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Fig. 3. The averaged, baseline-corrected, and normalized infrared spectra of newborn calf serum in a) full (4000-650 cm’l), b) C-H stretching (4000-2500 cm’l),
and c) fingerprint (1800-650 cm ') windows. H (Healthy), D (Diseased), R (Recovered).

[38]. It is a significant cause of mortality and morbidity in newborn
calves globally, with substantial economic repercussions. Neonatal
diarrhea incidence varies globally, with the lowest rates in Sweden and
Denmark (9.8-10.3 %), higher rates in Germany (37 %) and Switzerland
(similar levels), and lower values in France (14.4 %) and the
Netherlands (19.1 %). Diarrhea contributes to 5-10 % of newborn calf
deaths and accounts for half of all mortality in calves under one month
old [17,39]. In Turkey, approximately 6 million calves are born annu-
ally, and mortality attributed to diarrhea is at least 15 %, resulting in
900,000 deaths and an annual economic loss of 3.15 billion TL (525
million euros). Mortality rates vary by region and farm management: in
developed European countries, rates range between 10 and 15 %, while
well-managed farms report rates below 5 %. However, in poorly

managed settings, mortality can escalate to 50 %, and morbidity can
affect up to 100 % of calves in affected herds [40]. High mortality cor-
relates with a 38 % reduction in farm profitability, necessitating
balanced rations, colostrum management, and hygienic practices to
enhance sustainability [41]. Approximately 75-80 % of diarrhea cases
occur within the first week of life, with 75-95 % of gastrointestinal cases
linked to infectious agents such as Rotavirus, C. parvum, and entero-
toxigenic E. coli (ETEC) [40]. In Europe, Rotavirus and Cryptosporidium
are the most prevalent pathogens. These infections are exacerbated by
factors like inadequate colostrum intake, poor hygiene, and environ-
mental stressors, leading to high morbidity and substantial long-term
economic losses due to treatment costs, reduced growth rates, and
diminished productivity [42]. The high prevalence of Cryptosporidium
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sp. and multidrug-resistant E. coli in Western Algerian diarrheic calves
under 30 days old underscores regional challenges linked to hygiene,
management practices, and antibiotic overuse, emphasizing the need for
targeted interventions to mitigate NCD and antimicrobial resistance in
Algerian livestock [43].

Diarrhea is a prevalent and economically significant disease in
livestock, causing substantial losses due to reduced growth rates,
increased mortality, and the costs associated with treatment and man-
agement. It is particularly severe in neonatal animals, such as calves,
lambs, and piglets, whose immature immune systems render them more
susceptible to infections [5]. Environmental stressors, poor hygiene,
overcrowding, inadequate colostrum intake, and nutritional imbalances
further predispose animals to the disease by compromising gut health
and immune function [44]. For instance, failure to receive sufficient
maternal antibodies through colostrum has been identified as a critical

>

risk factor for neonatal diarrhea in ruminants [45]. Additionally, anti-
biotic resistance among bacterial pathogens complicates treatment,
necessitating alternative strategies such as probiotics, prebiotics, and
improved biosecurity measures [46]. Recent research highlights that the
colostrum’s bioactive components, including immunoglobulins, hor-
mones, oligosaccharides, and microRNAs, are essential for calves’ im-
mune, intestinal, and metabolic development. At the same time,
intensive milk-feeding programs optimize growth, health, and welfare
by reducing hunger and supporting lifelong productivity [47]. Penazzi
et al. (2025) demonstrated that oral nucleotide supplementation reduces
diarrhea incidence, enhances growth, and promotes gut health in foals,
likely by supporting intestinal mucosa repair and microbiota matura-
tion. These findings suggest dietary nucleotides could be a practical
intervention for improving neonatal foal health, though further research
is needed to explore long-term effects and immune interactions [48].
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As detailed by Foster and Smith (2009), ETEC primarily affects calves
within the first days of life, utilizing K99 fimbriae to adhere to the ileal
epithelium and secreting heat-stable toxin (STa) [40]. STa binds gua-
nylyl cyclase-C, increasing intracellular cGMP, which activates chloride
secretion via CFTR and inhibits sodium absorption, leading to secretory
diarrhea [49,50]. C. parvum, prevalent in dairy calves, invades intestinal
epithelial cells, inducing villous atrophy, crypt hyperplasia, and
apoptosis [51]. Prostaglandins (PGE5, PGI5) mediate anion secretion and
inhibit NaCl absorption, exacerbated by enteric nervous system (ENS)
activation [52]. Rotavirus targets mature villous enterocytes, releasing
the enterotoxin NSP4, which disrupts sodium-glucose cotransport
(SGLT1), impairs disaccharidase activity via calcium signaling, and
stimulates ENS-driven fluid secretion [53]. Coronavirus damages both
villous and crypt enterocytes, spreading from the proximal intestine to
the colon, causing prolonged malabsorption [54]. Other pathogens, such
as attaching-effacing E. coli, Torovirus, Clostridium difficile, and Giardia,
contribute variably through mechanisms like toxin production or villous
damage, though their roles remain less defined. Age-dependent sus-
ceptibility, influenced by intestinal pH, receptor expression (e.g., GCC
for STa), and immune maturation, further modulates disease progres-
sion. Together, these mechanisms, ranging from toxin-mediated secre-
tion to structural gut damage, underlie the multifactorial pathogenesis
of calf diarrhea [40].

Biochemical fingerprinting plays an important role in diagnosis and
prognosis of infections. Previous studies employing IR spectroscopy
(MIR and NIR) on virus samples highlight their utility in detecting viral
infections through molecular fingerprinting [55]. Erukhimovitch et al.
(2011) used MIR-FTIR with PCA to identify stage-dependent spectral
changes in herpesviruses, noting increased nucleic acid signals
(1220-1260 cm™!) during early infection and carbohydrate bands
(1023 em ™) during late stages due to host cell apoptosis [56]. Sakudo
et al. (2012) applied NIR (600-1100 nm) with PCA/SIMCA to discrim-
inate influenza-infected samples via carbohydrate/C-H group bands
(850-1030 nm) [57]. Fernandes et al. (2018) leveraged NIR-PLS
modeling to detect Zika infection, linking wavelengths at 1000 and
1413 nm to glycoproteins and instrumental artifacts [58]. Roy et al.
(2019) utilized MIR-ATR-FTIR with second-derivative analysis to
differentiate hepatitis B (HBV) and C (HCV) infections, identifying
B-pleated sheet (1646 cm 1) and nucleic acid (1078 cm 1) markers [59].
Dou et al. (2020) employed AFM-IR to resolve MS2 bacteriophage and
HSV-1 nucleic acid (808-1258 cm ™) and protein (amide I/1I) signatures
[60]. Barauna et al. (2021) and Wood et al. (2021) applied MIR-FTIR to
SARS-CoV-2, detecting viral RNA (1078-1249 cm_l) and protein (1658
cm 1) bands in saliva, with Barauna et al. noting host immune responses
via decreased absorbance at 1220-1084 cm ™! [61,62]. A multivariate
linear regression model (MLRM) coupled with IR spectroscopy was
utilized to discriminate COVID-19 infection from human saliva samples
[63]. Combined with PCA and LDA analyses, IR spectroscopy success-
fully discriminated bimolecular markers in Salmonella typhi and
dengue-infected freeze-dried sera samples along with healthy
freeze-dried sera samples [64]. A recent study revealed that Amide A
and PO; symmetric stretching spectral bands, in combination with PCA
and LDA tools, can distinguish metastatic lymph nodes from
non-metastatic ones [65]. These biochemical marker bands and com-
plementary PCA, ROC, and SVM tools were also helpful for the diagnosis
and monitoring of polycythemia vera disease from sera [66]. Combined
with complementary biomarkers and ML-based analytical methods,
these biomarkers enable rapid, non-invasive diagnosis and reflect un-
derlying molecular mechanisms, advancing clinical translation of IR
spectroscopy for autoimmune and neurodegenerative diseases [37].
Collectively, these studies underscore MIR’s dominance for direct mo-
lecular analysis (e.g., nucleic acids, proteins) and NIR’s reliance on
computational methods (PCA/PLS) to resolve overlapping spectral fea-
tures. Recent efforts emphasize MIR’s role in rapid, non-invasive SAR-
S-CoV-2 diagnostics, demonstrating the potential of IR spectroscopy for
label-free virus detection and host response monitoring.
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The 3300 cm ™! (Amide A) and 1080 cm ™! (PO3 symmetric stretch-
ing) bands, together with several other spectral bands, were proposed as
potential biochemical markers for the characterization of human cere-
bral tissues [67], human substantia nigra in Parkinson’s disease [68],
and for diagnosis of bladder cancer malignancies [69]. Alterations in
these bands can serve as biomarkers for pathological conditions such as
protein aggregation in neurodegeneration or DNA damage in cancer
[70]. These spectral bands are indispensable tools for understanding
biomolecular structure-function relationships, offering insights into
health, disease, and therapeutic development [71,72]. The Amide A
band serves as a valuable, though underutilized, tool for probing
hydrogen bonding environments and protein dynamics [73]. Its appli-
cations in structural biology, diagnostics, and biophysics are promising,
particularly with advancements in spectroscopic techniques addressing
its inherent challenges. Monitoring Amide A helps assess structural
changes in amyloid protein-associated protein dynamics, which is crit-
ical in diseases associated with amyloid dysregulation, where misfolding
occurs [74]. The 3300 cm ! spectral band corresponds to Amide A
bands stemming from NH stretching vibrations of proteins and nucleic
acids and has emerged as a critical marker in disease diagnostics and
mechanistic studies [36,75-79]. The band is also one of the character-
istic serum spectral bands utilized for rapidly diagnosing various rheu-
matic immune diseases [80,81]. Amide A also exhibits notable changes
in the cardiac tissues of victims who died because of Old Myocardial
Infarction (OMI), highlighting its potential as a biomarker for diag-
nosing atypical OMI presentations [82]. Furthermore, inflammatory
diseases exhibit altered spectral profiles in this region. It is
well-documented that the spectral band around 1080 cm™! emerges
from the PO; symmetric stretching of nucleic acids and/or phospho-
lipids [83]. Its frequency and shape depend on interactions with cations
such as Mg?Tand Na™, hydration, and backbone conformation [70,84].
In phospholipids, PO vibrations report on lipid bilayer organization and
interactions with proteins or ions, relevant to membrane fluidity and
signaling [66]. Investigations into COVID-19 infections have revealed
elevated nucleic acid levels in disease-positive biofluids, including
serum and saliva [28,62,63,85]. This phenomenon may be linked to
systemic inflammation triggered by severe infections, which correlate
with heightened cell-free DNA (cfDNA) concentrations in circulation.
These findings underscore the utility of the 3300 cm-! and 1080 cm™!
bands as a non-invasive, label-free spectral biomarker for probing
molecular-level metabolic alterations in disease mechanisms and
advancing early diagnostic strategies.

The 1080 cm™!/3300 cm ™! index is a quantitative and valid spectral
biomarker derived in this study by calculating the ratio of the integrated
band areas at 1080 cm ! and 3300 cm ™ '. As mentioned above, the 1080
cm™! band is primarily associated with PO3 symmetric stretching,
which reflects the concentration of nucleic acids and phospholipids in
the serum, while the 3300 cm™! band corresponds to Amide A vibra-
tions, indicative of protein NH stretching and, thus, protein structure
and content. The alteration of Amide A band likely reflects
inflammation-driven changes in the protein milieu. During a systemic
inflammatory response, proinflammatory cytokines (TNF-a, IL-1p) and
stress hormones induce a pronounced catabolic state that accelerates
protein turnover and breakdown [86]. In NCD, severe infection triggers
an acute-phase response with elevated plasma proteins (for example,
haptoglobin increases markedly in calves with serious diarrhea [87])
alongside extensive tissue protein catabolism. This de novo surge of
acute-phase proteins and concurrent proteolysis can broaden or inten-
sify the amide spectral bands by increasing circulating peptides and
altering protein conformation. In essence, the heightened Amide A
signal in sick calves is consistent with inflammation-induced protein
changes — a combination of cytokine-driven acute phase protein pro-
duction and protein degradation due to the body’s “autocatabolic”
response to infection [86]. Such inflammation-mediated protein dy-
namics, including immunoglobulin fluctuations and muscle protein loss
can provide a biological basis for the observed 3300 cm ™! IR alterations
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in diarrheic neonates, beyond general biochemical variation.

An increase at 1080 cm ™! signals a higher concentration of nucleic
acid components — most plausibly cell-free DNA (cfDNA) and RNA
fragments circulating in the bloodstream. In the context of NCD’s im-
mune response, a rise in cfDNA is indicative of extensive cell death and
immune cell turnover. Severe systemic inflammation is known to cause
widespread cellular injury; high levels of circulating cfDNA are a well-
established hallmark of tissue damage and SIRS (systemic inflamma-
tory response syndrome) [88,89]. Mechanistically, proinflammatory
cytokine cascades and pathogen toxins trigger apoptosis in both immune
cells and peripheral tissues, while activated neutrophils may undergo
NETosis (releasing neutrophil extracellular traps composed of DNA).
These processes flood the extracellular space with nucleic acids, which
the IR spectrum captures as an amplified PO, band [89]. Notably, the
cfDNA released during inflammation does not merely mark cellular
demise, it can further propagate immune activation by acting as a DAMP
(damage-associated molecular pattern). Often bound to histones,
extracellular DNA stimulates pattern recognition receptors (TLRO,
STING pathway), thereby amplifying inflammation, cytokine release,
and even coagulation [90]. This positive-feedback loop links the
heightened 1080 cm ™! signal directly to ongoing immunopathological
events. In summary, the spectral elevation at ~1080 cm ™ in diarrheic
neonates reflects the immunological “footprint” of NCD: an abundance
of nucleic acid debris from dying cells and neutrophil traps, in line with
vigorous inflammation and immune cell turnover. In the context of NCD,
an elevated 1080 cm~1/3300 cm ! index suggests an increased presence
of nucleic acids and phospholipids, which may arise from inflammatory
responses, cellular turnover, or tissue damage associated with the dis-
ease. Conversely, a lower index is indicative of a return toward normal
biochemical conditions as the calf recovers. By monitoring these spectral
changes, the index provides a rapid, non-invasive tool for assessing the
disease state and tracking recovery, effectively bridging molecular-level
information with clinical diagnosis.

Predictive analytics and ML techniques have emerging applications
in veterinary contexts, particularly for diagnosing and managing various
livestock diseases. A recent review by Prosser et al. (2025) highlighted
that ML and artificial intelligence (AI) offer transformative potential in
BRD diagnostics and management through applications such as path-
ogen identification via metagenomic sequencing, predictive epidemio-
logical models, and sensor-based technologies for early symptom
detection. Key advancements include computer-aided lung auscultation
(CALA) devices and wearable sensors achieving high accuracy (up to
98.8 %) in fever detection, though many models still require refinement
for commercial use. Despite challenges like data management and var-
iable performance, integrating ML/AI with traditional methods en-
hances diagnostic objectivity, efficiency, and decision-making,
promising cost-effective and labor-saving strategies for BRD control in
cattle industries [91]. It was reported that the convolutional neural
network (CNN) model achieved 73.89 % accuracy in detecting lumpy
skin disease (LSD) in calves using image data, highlighting the potential
of Al for early disease diagnosis in veterinary medicine. Integrating
diverse data sources and leveraging complex models like CNNs can
enhance prediction accuracy, even with limited data, offering a pathway
to improve animal welfare and sustainable livestock farming through
proactive disease management [92]. Taneja et al. (2020) developed a
fog computing and ML system for early lameness detection in dairy
cattle using pedometers to monitor activity data. The hybrid
clustering-classification model achieved 87 % accuracy in detecting
lameness three days before visual signs appeared, while fog processing
reduced cloud data transfer by 84 %. Validated on 150 cows, the
approach offers scalable, cost-effective monitoring and timely inter-
vention to improve animal welfare and farm productivity [93]. It was
highlighted that ML algorithms such as Random Forest, SVM, and deep
learning models (CNNs, LSTMs) effectively enable the early detection of
cattle diseases, achieving high accuracy (up to 95.9 %) by integrating
diverse data sources like IoT sensors, wearable devices, and
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environmental factors. These technologies enhance livestock health
management by enabling proactive disease prevention, improving
diagnostic precision, and supporting informed decision-making for
farmers [94]. IR thermography (IRT) and ML enabled non-invasive,
automated cattle health monitoring by detecting diseases (mastitis,
lameness), physiological traits, stress, and oestrus through thermal im-
aging and advanced analytics [95]. The study by Senthilkumar et al.
(2024) evaluated ten pretrained deep learning models for early detec-
tion of LSD in cattle, with VGG16 and MobileNetV2 emerging as the
most effective, achieving accuracies of 96.07 % and 96.39 %, respec-
tively. These models demonstrated high sensitivity and specificity,
proving their potential as Al-driven tools for reliable LSD diagnosis,
ultimately benefiting livestock health and agricultural economies [96].
It was demonstrated that LAP-MALDI MS, combined with ML, enables
rapid, cost-effective, and high-throughput disease diagnostics. It suc-
cessfully detected bovine mastitis up to two days before clinical symp-
toms appeared with 70 % sensitivity and 100 % specificity while also
proving effective in identifying antimicrobial resistance through lacta-
mase activity analysis [97].

The predictive classification platform developed in this study inge-
niously combines IR spectroscopy with ML algorithms to diagnose
neonatal diarrhea in calves rapidly, non-invasively, and accurately. By
capturing the unique spectral fingerprints of serum samples, the system
employs PCA to distill key spectral features and then applies LDA and
SVM for robust classification of healthy, diseased, and recovered calves.
This seamless integration of rapid, non-invasive spectral analysis with
predictive analytics not only enhances diagnostic precision and timeli-
ness but also offers a scalable, cost-effective tool that supports proactive
disease management and sustainable livestock practices. While the
developed platform achieved clear spectral discrimination among
healthy, diseased, and recovered calves, it is important to note that this
proof-of-concept study was conducted on a relatively small cohort, that
are 30 serum samples (10 per group). A limited number of independent
biological replicates can inflate apparent classification accuracy and
may not fully capture inter-animal variability. To enhance model
robustness and ensure broad applicability, future work should involve
substantially larger and more diverse sample sets, ideally collected from
multiple farms and geographic regions. Increasing the sample size would
allow for better estimation of true sensitivity and specificity, and the
exploration of potential confounders or sub-phenotypes. Such efforts
will be critical to translating this spectral-machine-learning framework
into a universally reliable, on-farm diagnostic tool for NCD.

To further clarify the selection of model parameters, it is important to
elaborate on the role of the higher-order PCs used in the PCA-LDA
framework. The retention of 10 PCs was not arbitrary but based on
both explained variance profiles and the interpretability of the compo-
nent loadings. While the first few PCs (PC1-PC3) accounted for the
majority of variance, they primarily captured global spectral trends
related to overall sample differences. The higher-order PCs (PC4-PC10),
though contributing progressively smaller portions of variance, encoded
subtle, localized spectral variations that were essential for enhancing
class discrimination. Importantly, these components exhibited struc-
tured and interpretable loading patterns across key spectral regions
rather than random noise, confirming that they captured biologically
meaningful signals rather than overfitting artifacts.

Incorporating these higher-order PCs was critical for improving
classification robustness, as evidenced by the LDA discriminant function
coefficients drawing on multiple PCs across the full retained set. This
indicates that class-separating information is distributed across both
dominant and more nuanced spectral features. Moreover, cumulative
explained variance analysis demonstrated that retaining 10 PCs struck a
balance between model complexity and generalizability, avoiding
underfitting while minimizing overfitting risk. These findings are
consistent with the notion that clinically relevant biochemical changes
associated with disease and recovery are reflected not only in major
spectral trends but also in subtle spectral shifts, which higher-order PCs
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effectively capture.
5. Conclusion

In conclusion, this proof-of-concept study presents a robust and
innovative diagnostic platform that integrates ATR-FTIR spectroscopy
with advanced predictive analytics to rapidly and non-invasively di-
agnose NCD. By capturing unique serum biochemical fingerprints and
leveraging both LDA and SVM algorithms, the system achieved high
classification accuracy in distinguishing healthy, diseased, and recov-
ered calves. Notably, the integration of complex spectral data into a
single, interpretable parameter, exemplified by the 1080 cm!/3300
cm ! spectrochemical index, further enhanced diagnostic precision by
correlating molecular-level changes with clinical status, providing a
clear and valid biomarker of disease progression and recovery. This
scalable, cost-effective approach facilitates timely therapeutic in-
terventions and improves on-farm decision-making and holds significant
promises for advancing sustainable livestock management and reducing
the economic impact of NCD.
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