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Simple Summary

Anemia caused by parasites is a serious problem for goats and other small ruminants, especially in
farming systems where access to veterinarians is limited. Currently, farmers often rely on manual
FAMACHAO®O scoring, which requires training, time, and can be inconsistent. In this study, we
explored the use of radiofrequency (RF) waves similar to the signals used in wireless communication
as a fast and non-invasive way to detect anemia in goats. By analyzing how different frequencies
interact with the body, we found clear patterns linked to animal health. Healthy goats showed
uniform responses at 8.43 GHz, while goats with early signs of anemia shifted to 9.33 GHz. In
borderline anemic goats, two distinct frequencies (9.89 and 8.23 GHz) were needed to explain the
variation, showing that anemia makes the body’s response to RF signals more complex. We also
tested whether machine learning models could use these RF signals to predict animal health status.
Linear regression predicted FAMACHA® scores almost perfectly, while Random Forest model
performed well and was more robust to biological variation. For classification, a neural network
model (Multilayer Perceptron) was most accurate, correctly identifying anemia categories with 84%
accuracy and a very high (Receiver Operating Characteristic — Area Under the Curve) ROC-AUC of
94%. Other models, like Support Vector Machine and K-Nearest Neighbors, performed moderately.
Overall, our results show that RF wave sensing, combined with artificial intelligence, can serve as a
rapid, repeatable, and non-invasive tool to monitor goat health. This approach could provide farmers
with a practical alternative to manual scoring, supporting better parasite control and improved
animal welfare.

Abstract

Anemia caused by gastrointestinal parasitism is a major constraint to small ruminant productivity,
particularly in low-resource production systems where diagnostic tools and veterinary access are
limited. This study evaluated the potential of radiofrequency non distructive technique (RF-NDT)
wave derived features as non-invasive biomarkers for anemia detection in goats, using FAMACHA®
scores as a biological reference. Variable clustering of the top ten frequencies revealed distinct
patterns across health states. Healthy animals (FAMACHA® 1) were characterized by a single
frequency cluster centered at 8.43 GHz, explaining 93.7% of variation, whereas moderately affected
animals (FAMACHA® 2) shifted to 9.33 GHz with reduced uniformity (88.7%). Borderline animals
(FAMACHAO®O 3) required two clusters (9.89 and 8.23 GHz), explaining 91.0% of variation, indicating
increasing tissue heterogeneity with anemia progression. Regression analysis demonstrated strong
predictive power, with Linear Regression achieving R? = 1.00 and Random Forest R? = 0.79 (RMSE =
0.07), while Support Vector Regression underperformed (R? = 0.31). Classification models confirmed
the feasibility of categorical anemia detection. The Multilayer Perceptron achieved the highest
accuracy (0.84), Fl-score (0.83), and ROC-AUC (0.94), outperforming Support Vector Machine
(accuracy 0.67, F1 =0.67) and K-Nearest Neighbors (accuracy 0.60, F1=0.61). These findings establish
proof-of-concept that RF waves capture physiologically meaningful dielectric signatures linked to
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anemia, reflecting hemoglobin concentration, hydration, and microcirculatory function. The
integration of RF sensing with machine learning offers a rapid, non-invasive, and scalable diagnostic
approach for sustainable herd health management. Future work should expand validation across
breeds and environments, optimize sensor design, and embed neural classifiers for field-ready
deployment.

Keywords: classification model; multilayer perceptron; radio-frequency waves; predictive modeling;
livestock; FAMACHAGY, parasitism; small ruminants

1. Introduction

Small ruminants, including goats and sheep, play a critical role in sustainable livestock
production systems globally due to their capacity to thrive in marginal environments and provide
essential resources [1]. Goat products, including high-quality protein, milk, and fiber, contribute
significantly to the livelihoods of millions of households, particularly in developing regions where
other livestock may struggle to survive [2]. However, despite these advantages, small ruminants face
numerous health challenges that impede their productivity, such as parasitism, metabolic stress, and
subclinical diseases. These health issues lead to considerable economic losses and jeopardize the
sustainability of production systems that depend on these animals, as highlighted in multiple studies
and reviews [3-5].

The economic impact of health challenges, particularly due to parasitic infections, is significant
[3]. For instance, gastrointestinal nematodes, predominantly Haemonchus contortus, have been
identified as a leading cause of morbidity and mortality in sheep and goats. The prevalence of these
parasites contributes directly to reduced weight gain, milk production, and overall health [5,6].
Effective management of these infections is further complicated by the growing resistance to
commonly used anthelmintics, which has been thoroughly documented in numerous studies [7,8].
This situation underscores the necessity for continuous monitoring and effective control strategies to
alleviate the burden of parasitism in small ruminants.

Traditional monitoring practices, such as body condition scoring, FAMACHA charting, and
periodic hematological testing (Packed Cell Volume), have served as essential tools for assessing the
health status of these animals [9]. Yet, they also present several shortcomings such as primarily being
labor-intensive, subjective, and reactive rather than proactive and preventative as strategies for
addressing health issues. The FAMACHA system has been recognized for its ability to identify
anemia due to H. contortus infections with high sensitivity and specificity [10,11]. However, its
performance can vary significantly based on the training of the personnel conducting the
assessments, which can lead to discrepancies in results; this may render results to be somewhat
subjective [12]. Additionally, reliance on potentially subjective assessments can lead to
inconsistencies in health monitoring, making it imperative to seek more robust and precise
alternatives.

As the demand for efficient, welfare-oriented, and climate-resilient livestock production systems
increases, there is an emergent need for innovative approaches to animal health monitoring. One
promising direction lies in the integration of non-invasive and scalable technologies that can provide
real-time health assessments. For example, advances in machine learning applications for predicting
anthelmintic resistance and managing gastrointestinal nematode infections show potential for
transforming traditional practices into more automated and precise methodologies [10]. The use of
technology, such as digital applications that can analyze data collected from various health indicators
(e.g., PCV, fecal egg counts or physical health assessments), could streamline health monitoring,
allowing for timely interventions when health declines are detected [11].

Radiofrequency (RF) wave sensing represents a promising technology in this regard.
Radiofrequency waves, occupying the electromagnetic spectrum between 2 GHz and 18 GHz, have
unique penetration and interaction properties with biological tissues [12]. When RF waves pass
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through or reflect from biological materials, they generate distinctive signatures determined by tissue
composition, density, hydration status, and structural properties [13-15]. These dielectric properties
make RF waves particularly attractive for non-destructive and non-invasive sensing applications.
Unlike optical approaches, which are limited to surface-level features, RF signals can penetrate
tissues, enabling the detection of subsurface physiological changes [16,17]. Moreover, RF systems can
operate with minimal sample preparation, offer rapid measurement times, and are adaptable to field
conditions, making them well-suited for livestock applications.

The concept of REF-based monitoring has been explored in several agricultural contexts. In cereals
and grains, RF spectroscopy has been used to estimate moisture content and bulk density with high
accuracy, supporting postharvest management [18]. Similarly, in poultry science, RF and microwave
sensors have been evaluated as alternatives to near-infrared and hyperspectral imaging for detecting
muscle myopathies, such as woody breast, due to their ability to capture tissue-level differences in
water content and structure [19]. Translating this principle to small ruminants, RF sensing has the
potential to detect early physiological alterations associated with health and welfare conditions such
as anemia, hydration deficits, and changes in muscle or fat composition before they are clinically
observable [20]. Thus, the application of RF-based methods could provide producers with a rapid,
non-invasive, and scalable system for monitoring animal health in real time.

The rationale for pursuing alternative non-distructive RF (RF-NDT) wave sensing in small
ruminant health monitoring is threefold. First, RF technology offers objectivity and repeatability,
overcoming the biases and inconsistencies of manual scoring systems. Second, it provides a non-
invasive and rapid diagnostic approach, reducing the need for invasive sampling or repeated
handling that stresses animals and requires skilled labor. Third, RF sensing aligns with sustainability
and welfare goals, as it enables early detection and targeted interventions, thereby reducing
mortality, lowering drug use, and improving feed efficiency factors that directly influence
greenhouse gas emissions per unit of production. These benefits are particularly relevant in resource-
limited settings where cost-effective, scalable solutions are critical to long-term livestock productivity
[21-28].

Despite these advantages, gaps in knowledge remain. The application of RF wave sensing in live
small ruminants has not been extensively studied, and its ability to discriminate specific health-
related physiological changes requires empirical validation [23,27]. Biological variability across
breeds, ages, and production environments introduces challenges for developing robust predictive
models [29-31]. Furthermore, while RF waves are theoretically well-suited for tissue characterization,
their utility in differentiating subtle variations associated with parasitism or metabolic status in live
animals has yet to be systematically investigated [30]. These uncertainties highlight the need for
proof-of-concept studies to establish baseline evidence for feasibility and to guide future
development of integrated animal health monitoring systems.

The present study addresses this gap by evaluating the feasibility of using a radiofrequency
wave device operating between 2 and 18 GHz as a non-destructive proof-of-concept tool for small
ruminant health monitoring. Specifically, this study investigates whether RF wave interactions with
biological tissues can provide measurable signatures that may serve as proxies for physiological
status. By generating and analyzing RF-based datasets, the goal is to assess the potential of this
approach as a foundation for future multimodal sensing platforms. While the present work is
exploratory, it is envisioned as a steppingstone toward the development of comprehensive animal
health monitoring systems that integrate RF sensing with complementary modalities and Al-driven
analytics to enhance precision, sustainability, and resilience in small ruminant production.
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2. Materials and Methods

2.1. Animals and Housing

A total of eight intact male Spanish goats (Capra hircus) were used in this proof-of-concept study.
The animals were 24 months of age and weighed between 36 and 50 kg at the time of data collection.
All goats were maintained at the Fort Valley State University (FVSU) Agriculture Technology Center
farm in Fort Valley, Georgia, USA. The animals were raised under standard husbandry conditions,
with unrestricted access to fresh water and grazing pastures. Goats were managed on a mixed-grass
pasture system that permitted natural exposure to gastrointestinal nematodes during the grazing
season (March—September 2023). This natural grazing regime ensured that the animals developed
physiological variability in parasitic status and hematological indicators (e.g., packed cell volume,
PCV), under field conditions while allowing for the evaluation of radiofrequency (RF) sensing under
realistic management scenarios.

2.2. Experimental Design

The proof of concept study employed a longitudinal, non-invasive design in which RF
measurements were repeatedly collected from each goat at multiple body locations. Although only
eight goats were used, the design leveraged repeated within-animal sampling to capture intra- and
inter-individual variation in RF signatures over time. Four anatomical sides per goat (left lateral, right
lateral, dorsal, and ventral regions) were selected for RF data acquisition, thereby maximizing spatial
coverage of body tissues and physiological states. This approach yielded a robust dataset while
minimizing animal numbers, in line with the 3Rs principle (Replacement, Reduction, and
Refinement) of ethical animal use.

2.3. Radio-frequency Wave Data Collection

Radio-frequency wave signals were collected using a custom-designed radiofrequency device
(Compass technology group, LLC, Alpharetta, GA) configured to emit and record signals across a
frequency range of 2 to 18 GHz. This spectrum was selected because it spans both ultra-high
frequency (UHF) and super-high frequency (SHF) bands, enabling sufficient penetration and
interaction with soft tissues, while preserving sensitivity to dielectric properties of biological
material. For each anatomical side, a total of 1,601 discrete frequencies were scanned, resulting in
6,404 data points per animal per session of 5-10 seconds. Across all eight goats, the experiment
produced a cumulative dataset of 51,232 raw RF observations. Measurements were conducted with
the animals in a standing, restrained position to minimize movement noises, and the device was held
at a standardized distance (15 cm) and orientation relative to the body surface to ensure measurement
consistency.

2.4. Data Preprocessing

Following data collection, RF data were exported for preprocessing and modeling. Raw
frequency-domain measurements were first subjected to data cleaning procedures to remove noise
caused by environmental condition, motion, or equipment fluctuations. Standard signal processing
steps included filtering, normalization, and frequency-domain smoothing. Cleaned data were
subsequently prepared for machine learning model development, where frequency signatures could
be evaluated as predictors of physiological or health-related conditions. While the present study
focused on proof-of-concept data characterization, preprocessing was conducted in alignment with
best practices for RF signal analysis to enable reproducibility and downstream integration into
predictive analytics pipelines by following Siddique et al. [19].
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2.5. Ethical Considerations

All animal use protocols were reviewed and approved by the Fort Valley State University
Agricultural and Laboratory Animal Care and Use Committee (ALACUC approval number F-T-01-
2022). The study was designed to comply fully with institutional and national regulations governing
animal welfare. In particular, care was taken to reduce conditions that could lead to mortality or
distress in the experimental goats, especially those associated with low PCV values caused by
parasitic infection. No animals were sacrificed for this study, and all goats were monitored daily by
trained personnel for health and welfare throughout the experimental period. The study adhered to
the guiding principles of minimizing animal numbers, refining procedures to reduce stress, and
replacing invasive techniques with non-invasive monitoring approaches whenever feasible.

3. Data Analysis

The raw RF data collected from the device, consisting of both amplitude and phase components
across the 2-18 GHz frequency range, were exported for computational processing. Data
preprocessing and statistical analyses were conducted using Python and JMP Pro 16.0 (SAS Institute
Inc., Cary, NC, USA). The analytical workflow was designed to systematically clean, screen, and
extract meaningful frequency-domain features associated with physiological variation, while
minimizing the risk of spurious findings inherent with high-dimensional datasets [19].

Initial data screening was performed to identify and remove noise that could arise from
environmental interference, device variability, or motion during measurement. To reduce false
positives and control for Type I error rates, a false discovery rate (FDR) analysis was applied to the
complete RF spectrum [32]. This approach allowed us to filter out spurious associations and retain
only frequencies with a high likelihood of biological relevance. Subsequently, the Predictor Screening
(PS) module in JMP Pro was employed, using a Bootstrap Forest algorithm, to isolate frequency
ranges most strongly associated with classification outcomes [33]. The combination of FDR and
Bootstrap Forest screening ensured that the retained predictors were statistically robust and
biologically interpretable.

From this two-step screening process, the top ten discriminative frequencies were selected for
further analysis. These frequencies were then subjected to variable clustering, which enabled
dimensionality reduction by grouping correlated frequencies into clusters. Each cluster represented
a set of RF “signature frequencies” potentially linked to distinct physiological states. This variable
clustering step [32] allowed for the identification of frequency subsets that were most informative for
health status classification while reducing redundancy in the predictor space. The outcome variable
was defined by FAMACHA scoring, a widely used field proxy for anemia in small ruminants [34]. In
the dataset, goats were classified into three ordinal categories: FAMACHA 1 (healthy), FAMACHA
2 (healthy/mild risk), and FAMACHA® 3 (borderline anemia) [35]. However, the class distribution
was imbalanced, with relatively fewer observations in the healthy category. To mitigate the risk of
biased model performance caused by class imbalance, the Synthetic Minority Over-sampling
Technique (SMOTE) was employed. SMOTE generated synthetic instances of the minority class,
thereby balancing the dataset and enhancing the model’s ability to discriminate across all health
categories [36-39].

For predictive modeling, the cleaned and balanced dataset was used to train multi-class
classification models in Python. A nested 10-fold cross-validation framework was adopted to provide
an unbiased estimate of model performance and to minimize overfitting [19,40,41]. The outer loop of
the nested design was used to evaluate generalization performance, while the inner loop optimized
model hyperparameters [42—44]. Performance metrics included accuracy, precision, recall, and area
under the receiver operating characteristic curve (AUROC), which were calculated for each class.
This combined workflow comprising FDR-based screening, frequency clustering, data balancing via
SMOTE, and rigorous nested cross-validation, which provided a robust and reproducible pipeline
for evaluating the diagnostic potential of RF wave signatures. By integrating statistical rigor with
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machine learning approaches, this study established a foundational methodology for linking RF
signal variation with physiological markers of health in small ruminants.

3. Results and Discussion

3.1. Variable Clustering

Variable clustering of the top ten radio frequencies selected for RF-based detection of small
ruminants health yielded different outcomes depending on FAMACHA score. For animals classified
under FAMACHAO®O Score 1 (non-anemic), a single cluster consisting of nine frequency variables was
formed, with 8.43 GHz identified as the most representative frequency. This cluster explained 93.7%
of the total variation, suggesting that the dielectric response of tissues in healthy animals is highly
consistent and can be effectively summarized using a single, low-GHz frequency. The spectral
uniformity at this stage implies optimal physiological conditions, where tissue hydration, blood
content, and cell structure contribute to stable RF reflectance behavior. Dielectric properties are
essential to understanding how biological tissues interact with electromagnetic fields, including RF
waves. A study by Ley et al. [45] describes the frequency-dependent dielectric properties of various
animal tissues, including liver, muscle, fat, and blood, emphasizing the relevance of low-GHz
frequencies for characterizing healthy tissue structures [45,46]. Their findings demonstrate that
within this frequency range, dielectric responses are reliable, enabling precise monitoring that could
assist in diagnostic applications. The ability to summarize these responses at low frequencies
simplifies the diagnostic process and provides a direct connection between physiological health
indicators and RF reflectance properties. The RF signal at 8.43 GHz likely interacts primarily with
extracellular water content and cell membrane polarization, which are stable in healthy goats.

In animals scored as FAMACHA® Score 2 (moderately healthy), clustering also resulted in a
single cluster of nine members, with 9.33 GHz emerging as the most representative frequency. This
cluster explained 88.7% of total variation. While similar in structure to the healthy group, the shift
from 8.43 GHz to 9.33 GHz may reflect early-stage physiological changes such as reduced
hemoglobin, mild dehydration, or subclinical muscle atrophy. Antanaitis et al. [47] stated that
changes in ruminal health can lead to significant physiological alterations, including dehydration and
hemoconcentration, which can subsequently affect RF dielectric responses in tissues. Dehydration
leads to lower tissue water content [48], resulting in altered dielectric properties at certain RF
frequencies. In small ruminants, a hydrated state typically correlates with stable dielectric
characteristics at low frequencies, whereas deviations may indicate stress or health issues. The lower
proportion of explained variation compared to the healthy group suggests increasing heterogeneity
in tissue dielectric properties, though still largely describable by a single frequency.

The clustering pattern changed more notably for animals with FAMACHA® Score 3 (borderline
anemic). Two distinct clusters were identified, with representative frequencies at 9.89 GHz (Cluster
1; 6 members) and 8.23 GHz (Cluster 2; 3 members). These clusters individually explained 87.1% and
98.9% of the variation within their respective clusters, contributing to a combined variation
explanation of 91.0% (Figure 1). The fragmentation into two clusters and the frequency dispersion
suggests that borderline anemia introduces greater variability in the tissue’s electromagnetic
response. This may result from more profound physiological changes such as poor blood perfusion,
muscle loss, or electrolyte imbalance, leading to divergence in RF signal behavior across tissues
[47,48]. These conditions result in spatial heterogeneity in tissue dielectric properties. The need for
two clusters suggests that different tissue layers or physiological features dominate at different
frequency ranges, perhaps shallow vs. deeper tissue penetration. The body no longer reflects RF
energy uniformly, and classification models must therefore rely on more than one frequency band to
capture this complexity.
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Figure 1. Proportion of variation explained by clustered Radio-frequency wave variables across FAMACHA®
scores. Each bar represents a cluster of frequency variables grouped by similarity, with the most representative
frequency labeled. X axis represents proportion of variation explained; and Y axis represents cluster numbers
within each FAMACHAZ® categeory.

Overall, these results show a progressive spectral shift and increasing variation in frequency
clustering as anemia severity increases. The most representative frequencies moved from 8.43 GHz
(Score 1) to 9.33 GHz (Score 2) and then split into 9.89 GHz and 8.23 GHz (Score 3) (Figure 1). The
transition from a single-cluster structure in healthier animals to a two-cluster profile in borderline
animals highlights the added complexity and heterogeneity of tissue response under stress. These
findings reinforce the idea that a narrow frequency band may suffice for early decrease in animal
health detection, whereas advanced cases require a broader spectral analysis for accurate
classification. Such frequency-specific insights can inform sensor design and help optimize machine
learning classifiers for anemia detection in small ruminants under field conditions.

4.2. Regression Analysis: RF Waves Predicting FAMACHA® Scores

To evaluate the feasibility of using radiofrequency (RF) waves derived features as predictive
biomarkers for anemia severity in goats, we implemented and compared both regression and
classification models following SMOTE-based class balancing and 10-fold cross-validation [40,41].
The objective was twofold: (1) to accurately predict FAMACHA® scores as a regression task, and (2)
to classify animals into discrete anemia categories using supervised learning classifiers. Three
regression models were tested: Linear Regression (LR), Random Forest Regressor (RFR), and Support
Vector Regression (SVR). Linear Regression model for predictive analytics demonstrated a perfect R?
of 1.00 (Figure 2), along with near-zero MAE (0.00), MSE (0.00), and RMSE (0.00), suggesting an exact
linear relationship between the selected RF frequency features and the FAMACHA® score. While
this may imply exceptional predictive capability, such perfect values requires further investigation
to rule out potential model overfitting or data leakage despite careful validation safeguards.
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Figure 2. The scatter plot compares predicted versus actual normalized FAMACHA® scores generated using the

Linear Regression model based on RF wave features.

Random Forest showed strong performance with an R? of 0.79 (Figure 3) and low error metrics
(MAE: 0.02, MSE: 0.00, RMSE: 0.07), indicating it effectively captures non-linear relationships
between RF wave patterns and anemia severity. Unlike linear regression, Random Forest introduces
robustness against outliers and noise —characteristics inherently expected in biological systems like
small ruminant health (Figure 3).
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Figure 3. The scatter plot compares predicted versus actual normalized FAMACHA® scores generated using the

Random Forest model based on RF wave features.

SVR underperformed relative to the other two models, with an R? of just 0.31 (Figure 4) and
notably higher error rates (MAE: 0.08, MSE: 0.01, RMSE: 0.12). This suggests that SVR struggled to
model the relationship between RF features and FAMACHA® scores, potentially due to sensitivity
to the data scaling or the kernel choice being insufficient for the signal complexity present in the RF
data. The regression results indicate that RF waves hold significant promise as non-invasive
diagnostic features for monitoring physiological changes in goats related to anemia. A high R? value
suggests that shifts in electromagnetic signal absorption or reflection across specific frequency bands
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correspond meaningfully with capillary refill signs underlying the FAMACHA® scoring system
(Figure 5). This supports the hypothesis that tissue hydration, hemoglobin concentration, and
circulatory status nfluencing FAMACHAG®), alter, altering the dielectric properties measurable by RF

waves.
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Figure 4. The scatter plot compares predicted versus actual normalized FAMACHA® scores generated using the

Support Regression model based on RF wave features.
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Figure 5. Comparison of model performance metrics for Linear Regression (LR), Random Forest (RF), and
Support Vector Regression (SVR) applied to clustered RF wave frequencies. The R? values show the explanatory
power of each model, while MAE, MSE, and RMSE indicate prediction errors. Linear Regression achieved a
perfect fit (R?=1.00, negligible error), Random Forest demonstrated strong predictive accuracy (R?=0.79, RMSE
= 0.07), and SVR showed the weakest performance (R? = 0.31, RMSE = 0.12). These results highlight Random
Forest’s robustness to biological variability, while Linear Regression and SVR represent extremes of apparent

overfitting and underfitting, respectively.

4.3. Classification Analysis: RF waves features for Discrete Animal health Detection

To assess the potential of RF wave derived features for categorical prediction of animal health,
three classification algorithms were tested: Multilayer Perceptron (MLP), Support Vector Machine
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(SVM), and K-Nearest Neighbors (KNN). These models were trained on the top ten RF frequencies
selected as the most representative of FAMACHA® classes, ensuring that only biologically relevant
signals were used in the classification process.

The multi-layer perceptron (MLP) classifier achieved the highest performance across all metrics,
with an accuracy of 84%, precision, recall, and F1-score of 83, and a 94% of ROC-AUC. These results
indicate that MLP effectively captured the non-linear and multi-dimensional interactions [49-52]
among RF frequencies that characterize subtle gradations of anemia. Neural networks excel at
modeling complex data distributions, and in this context, MLP’s superior ability to learn from
overlapping class boundaries reflects the nuanced electromagnetic differences [53,54] between
healthy, mildly, and borderline anemic goats. The architecture of MLPs, with their layers of
interconnected neurons, enables these networks to learn from and adapt to the intricacies of data,
making them effective for tasks that involve complex, non-linear relationships among features.
Moreover, MLPs have been noted for their faster convergence and improved generalization
compared to other neural network types, which makes them suitable for applications requiring quick
model training on varied input data [53]. This rapid processing can be particularly advantageous in
scenarios involving real-time monitoring of small ruminants, where timely intervention is critical and
system responsiveness is essential. One of the strengths of MLPs is their ability to manage
overlapping class boundaries. In the context of RF-based diagnostics, subtle changes in tissue
dielectric properties resulting from conditions such as dehydration or muscle atrophy may not be
readily distinguishable using traditional methods. However, MLPs can effectively learn these
patterns through supervised training, recognizing patterns within the spectral data that would
otherwise be challenging for simpler models to classify accurately [54]. The application of MLPs in
such contexts not only provides improved classification accuracy but also enhances the
interpretability of the underlying electromagnetic data, thereby facilitating better animal health
monitoring. This capability is crucial, as anemia does not progress in discrete jumps, but along a
continuum of physiological deterioration.

The SVM model analysis produced moderate results (Accuracy: 67%; F1-score: 67%; ROC-AUC:
83%) (Figure 1). SVM’s strength lies in its ability to create separating hyperplanes in high-dimensional
feature space. Higher ROC-AUC suggests that SVM could distinguish broad anemia categories;
however, its lower accuracy and Fl-score imply difficulty in resolving fine-grained differences
between neighboring classes (e.g., FAMACHA® 2 vs. FAMACHA® 3). This limitation likely reflects
the biological reality that electromagnetic changes in tissue are incremental and overlapping,
meaning strict decision boundaries are insufficient for perfect classification. The KNN classifier
performed least effectively (Accuracy: 60%; F1-score: 61%; ROC-AUC: 83%). While the ROC-AUC
indicates that the RF signals carried some discriminatory power, KNN's reliance on proximity-based
classification in high-dimensional space likely led to misclassifications. The RF features are
continuous and often noisy due to environmental and physiological variability (e.g., hydration levels,
coat thickness), and such noise disproportionately affects distance-based methods like KNN.
Consequently, KNN struggled to generalize in cases where anemia classes exhibited overlapping RF
signal profiles.
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Figure 6. Comparison of classification performance across Multilayer Perceptron (MLP), Support Vector
Machine (SVM), and K-Nearest Neighbors (KNN).

The classification results observed from this analysis confirms that RF waves interact with
biological tissues in ways that reveal physiologically meaningful differences in animal health status.
As anemia progresses, reductions in hemoglobin concentration, shifts in hydration, and altered
microcirculation change the dielectric properties of tissues. These changes manifest as subtle but
consistent frequency-dependent variations in RF wave absorption and reflection [55]. The superior
performance of MLP highlights the feasibility of using machine learning to capture and classify these
electromagnetic signatures with higher accuracy. By identifying non-linear patterns in RF data that
correspond to physiological states, the MLP model demonstrates that RF-based sensing can move
beyond theoretical potential to practical diagnostic application. Importantly, the classification
accuracy achieved here is sufficient to support herd-level decision-making, such as identifying
animals at risk of clinical anemia before severe productivity or welfare impacts occur.

This approach is potentially transformative in pastoral and resource-limited farming systems,
where labor, equipment, and veterinary access are scarce. A lightweight RF sensing device coupled
with a MLP classifier could provide farmers with a rapid, non-invasive, and repeatable diagnostic
tool. Such technology would reduce reliance on manual FAMACHA® scoring, minimize observer
bias, and enable more timely interventions against parasitic infections, ultimately supporting
improved animal health, productivity, and sustainability.

6. Conclusions and Future Research:

This study illustrates the efficacy of radiofrequency (RF) wave characteristics as non-invasive
markers for decreasing health in small ruminants. Variable clustering revealed a gradual spectrum
divergence, depending on the degree of anemia severity. Healthy animals (FAMACHA® 1) were
represented by an individual cluster centered at 8.43 GHz, accounting for 93.7% of the variation,
while mildly affected animals (FAMACHA® 2) were moved to the signature frequency of 9.33 GHz,
exhibiting less explanatory power at 88.7%. Borderline animals (FAMACHA® 3) necessitated two
separate clusters (9.89 GHz and 8.23 GHz) to account for tissue heterogeneity, elucidating 91.0% of
the total variation. The data suggest that the gradual development of anemia disturbs the uniform
dielectric response of tissues, resulting in spectrum complexity that reflects different physiological
changes in hemoglobin concentration, hydration state, and microcirculatory function.

Regression analyses yielded additional proof of the predictive capacity. The linear regression
model showed an R? of 1.00 with minimal error, indicating a robust linear correlation between RF
characteristics and FAMACHA® scores. Nevertheless, this near-optimal performance may indicate
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overfitting and necessitate further validation. The Random Forest model had strong predictive
performance (R?=0.79; RMSE = 0.07), effectively managing biological variability and noise, whereas
Support Vector Regression exhibited weaker performance (R? = 0.31; RMSE = 0.12), reflecting its
inadequate ability to capture intricate non-linearities in the collected radio-frequency data.

Classification analyses validated the viability of discrete animal health screening. The Multilayer
Perceptron (MLP) attained superior performance (accuracy = 0.84; precision/recall/F1 = 0.83; ROC-
AUC = 0.94), underscoring its efficacy in simulating non-linear, overlapping class boundaries. The
Support Vector Machine's model yielded intermediate outcomes (accuracy = 0.67; F1 = 0.67), while
the K-Nearest Neighbors exhibited the least effective performance (accuracy = 0.60; F1 = 0.61),
presumably due to its susceptibility to noise in high-dimensional RF space.

These results collectively demonstrate proof of concept that RF waves detect physiologically
significant dielectric signals of anemia in goats. This study lays the groundwork for the development
of RF-based diagnostic instruments that offer rapid, consistent, and non-invasive health evaluations
in resource-constrained environments, potentially leading to significant advancements in the field of
small ruminant health.

Subsequent investigations should be concentrated on (i) validation utilizing extensive, multi-
breed, and multi-environment datasets; (ii) longitudinal monitoring of RF responses during parasite
challenges and subsequent recovery; (iii) enhancement of sensor design for depth of penetration and
durability in the field; and (iv) incorporation of embedded machine learning models, especially
neural networks, for real-time diagnostics on farms. Progressing in these areas will facilitate the
transition of RF-based sensing from experimental validation to practical use in the management of
sustainable small ruminant health.
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