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 A B S T R A C T

We introduce a machine learning (ML)-based regression framework for quantitative electrochemical analysis, 
representing a paradigm shift from traditional univariate methods to a multivariate approach. Conventional 
analysis is constrained by reducing the entire signal to a single peak current feature to define a linear range and 
calculate a limit of detection (LOD). In contrast, our methodology treats the Differential Pulse Voltammetry 
(DPV) curve as time-series data, creating a high-dimensional fingerprint by systematically evaluating multiple 
data windows with varying widths around the main signal peak to identify the most informative segment. To 
validate this approach, a biosensor was developed by immobilizing Anti-CD36 antibodies on polydopamine-
modified screen-printed carbon electrodes for the detection of CD36, a key protein in metabolism and 
immunity. Measurements were collected across 12 concentrations, including blank samples, spanning a range 
of 0 to 25 ng/mL. Following data augmentation, nine different regression models were evaluated, with 
the top-performing models achieving near-perfect prediction accuracy (R2 > 0.99) across this entire range. 
This high accuracy across the full concentration spectrum quantitatively demonstrates the method’s ability 
to operate without relying on traditional concepts like linear range or LOD, enabling reliable detection at 
ultra-low levels. Furthermore, the immunosensor exhibited high selectivity against common interferents and 
excellent recovery in human serum. This methodology represents a significant advancement in analytical 
electrochemistry, providing a transferable approach for enhancing sensitivity in biomarker detection with 
potential applications in clinical diagnostics and biomedical research. The codes and dataset are made publicly 
available on GitHub to support further research: https://github.com/miralab-ai/biosensors-AI.
. Introduction

Electrochemical immunosensors represent a powerful analytical 
latform for biomarker detection, yet achieving ultra-low detection 
imits remains a fundamental challenge that limits their clinical and 
iagnostic applications. Traditional electrochemical data analysis ap-
roaches face significant limitations that compromise their reliability 
nd sensitivity. Conventional methods, which rely on plotting current 
ersus voltage and selecting peak values, are highly sensitive to base-
ine drift and electrical noise. This sensitivity can obscure true signals 
t low analyte concentrations, thereby compromising reliability (Kim 
nd Park, 2021; Xia et al., 2024). Consequently, the limit of detection 
LOD) is often constrained by the signal-to-noise ratio, while the linear 

I This article is part of a Special issue entitled: ‘Smart Biosensors’ published in Biosensors and Bioelectronics: X.
∗ Corresponding authors.
E-mail addresses: abdurrahmangumus@isparta.edu.tr (A. Gumus), dilek.odaci.demirkol@ege.edu.tr (D. Odaci).

working range is limited by the sensor’s intrinsic transduction mecha-
nism and surface chemistry (Piro and Reisberg, 2017). Furthermore, 
while performing multiple measurements at the same concentration 
is a standard procedure to select a reliable value, this approach does 
not fully mitigate the variability introduced by environmental and 
instrumental factors, thus hampering overall reproducibility (Mollara-
souli et al., 2019). The classical differential pulse voltammetry (DPV) 
approach focuses on peak current values to construct calibration curves 
and calculate LOD from blank signal standard deviation. While effective 
for moderate concentrations, this single-point analysis underutilizes 
the electrochemical response curve, missing valuable information that 
could enhance detection sensitivity (Armbruster and Pry, 2008).
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Recent studies have demonstrated the potential of machine learning 
(ML)-based frameworks in electrochemical sensing, yet their applica-
tion reveals critical limitations in both methodology and scope, which 
our study directly addresses. A significant portion of prior work utilizes 
ML to enhance analysis strictly within the sensor’s classical working 
range, without venturing below the conventional LOD. For instance, 
the quantitative models developed by Kammarchedu et al. while using 
multiple ML algorithms like SVM and k-NN, rely on a set of pre-
extracted features from the DPV curve, such as peak height, width, 
and area, rather than the raw data itself (Kammarchedu et al., 2022). 
Similarly, Liu et al. employ an SVM model fed with the peak currents 
of different heavy metals, and Zhang et al. use a Back Propagation 
(BP) neural network that also operates on the peak current values 
from DPV measurements (Liu et al., 2022; Zhang et al., 2024). These 
feature-centric approaches, while effective for signals with well-defined 
peaks, inherently discard the subtle information contained in the rest 
of the curve and are not designed to function in the noise-dominated 
region below the classical LOD. Furthermore, the analytical challenge 
in many of these studies is fundamentally different. Works like Aliev 
et al. and Liu et al. focus on distinguishing between chemically distinct 
analytes (e.g., different antibiotics or different heavy metals), where 
the electrochemical signatures are inherently more dissimilar and thus 
easier to classify. Even when the full electrochemical spectrum is used, 
as in the work by Aliev et al. the primary goal is often qualitative 
classification (presence/absence of an analyte), a trend also highlighted 
in the review by Aliev et al. (2023), Teng et al. (2023). This is a less 
demanding task than the one we undertake: differentiating between 
minute concentration variations of the exact same analyte, where the 
changes in the DPV curve are far more subtle and complex. Our 
work, therefore, presents a paradigm shift on multiple fronts: we have 
developed a quantitative regression framework that not only utilizes 
the entire DPV curve to capture these subtle signatures but, most 
critically, demonstrates the ability to provide reliable quantification at 
ultra-low concentrations that fall below the classical LOD, a domain 
where previous methods are rendered ineffective.

To address these fundamental limitations, we developed a com-
prehensive ML-based regression framework for electrochemical im-
munosensing that shifts the analytical paradigm from single-point peak 
analysis to complete data-driven analysis. Our approach utilizes the 
entire DPV curve as information-rich time series data, extracting mul-
tiple features and patterns from the complete electrochemical response 
rather than relying solely on peak current values. This methodology 
enables more robust and accurate concentration quantification across 
wide dynamic ranges, establishing a new analytical framework that 
operates effectively even at ultra-low concentrations where traditional 
single-point methods become unreliable. By treating electrochemical 
signatures as comprehensive datasets, our ML-based framework can 
capture the complete analyte-antibody interaction profile, significantly 
enhancing detection sensitivity and reliability. To demonstrate the 
universal applicability of this approach, CD36 was selected as a model 
analyte for validation and optimization of the proposed analytical 
framework.

CD36, a membrane protein, plays a crucial role in various physi-
ological and pathological processes, making it a significant target in 
biomedical research. Its functions encompass lipid metabolism, im-
mune response modulation, and angiogenesis (Silverstein and Febbraio, 
2009; Pepino et al., 2014). In lipid metabolism, CD36 facilitates fatty 
acid uptake in adipose and muscle tissues, thereby regulating energy 
homeostasis (Glatz et al., 2022). Within the immune system, CD36 
aids in pathogen recognition and phagocytosis by immune cells such 
as macrophages and dendritic cells, thus enhancing the body’s de-
fense mechanisms against infections (Baranova et al., 2008). Moreover, 
CD36’s involvement in angiogenesis implicates it in tumor growth and 
metastasis, as it contributes to the formation of new blood vessels that 
supply nutrients to growing tumors (Liao et al., 2022). The clinical 
relevance of CD36 detection is further emphasized by its diagnostic 
2 
concentrations in biosamples, where soluble CD36 (sCD36) levels are 
significantly elevated in Type-1 diabetes mellitus patients (42.5 ng/mL) 
compared to Type-2 diabetes patients (26.1 ng/mL) and non-diabetic 
individuals (25.3 ng/mL) (Chmielewski et al., 2010), highlighting the 
need for sensitive detection methods capable of accurately quantifying 
CD36 across this clinically relevant concentration range.

Current CD36 detection methods face significant limitations across 
all approaches. Conventional techniques such as immunofluorescence 
and Western blot suffer from lengthy procedures and limited sensitiv-
ity (Miao et al., 2001; Ladányi et al., 2018). While flow cytometry and 
mass spectrometry offer powerful alternatives (Dzik et al., 2009; Poon 
et al., 2020), they lack portability and require expensive instrumenta-
tion, limiting their applicability in point-of-care settings. Electrochem-
ical immunosensors provide rapid, sensitive, and portable detection, 
making them particularly beneficial for swift and on-site analysis (Ba-
hadır and Sezgintürk, 2015). These sensors function by detecting bind-
ing events between CD36 and Anti-CD36 through measurable electrical 
signals, typically involving immobilizing Anti-CD36 on an electrode 
surface. Techniques including cyclic voltammetry (CV), differential 
pulse voltammetry (DPV), and electrochemical impedance spectroscopy 
(EIS) are commonly utilized to discern the electrochemical responses 
elicited by antibody-antigen interactions (Kumar and Kalkal, 2021). 
However, previous electrochemical approaches for CD36 detection in-
volved complex preparation steps using CNT-modified nanofibers and 
modified graphene oxide (Er and Odaci Demirkol, 2022; Zeybekler 
and Odaci, 2023). These approaches required lengthy, multi-step sur-
face modifications with amino group functionalization, resulting in 
costly procedures, lower sensitivity, and limited linear detection ranges 
compared to current requirements for clinical applications.

In this study, an electrochemical immunosensor was prepared using 
polydopamine (PDA)-coated screen-printed electrodes modified with 
Anti-CD36. The immunosensor was prepared by electropolymerizing 
PDA on screen-printed electrodes, followed by the conjugation of Anti-
CD36. Optimization of the cycle number of PDA and the antibody 
amount was performed, and the linear range and LOD for CD36 detec-
tion were determined using the classical DPV method. PDA electropoly-
merization enables single-step surface modification, significantly sim-
plifying preparation compared to previous multi-step approaches while 
improving sensitivity and linear detection range.

Our key contributions include: We developed a comprehensive ML-
based regression framework that utilizes the entire DPV curve rather 
than single peak values, enabling more robust analysis of electrochem-
ical responses. This approach captures the complete electrochemical 
signature of CD36-antibody interactions across various concentrations, 
establishing a new quantitative framework that operates effectively 
across the entire concentration range, including ultra-low concentra-
tions that fall below the classical LOD threshold where traditional 
methods lose reliability.

We implemented innovative framing techniques and data augmenta-
tion strategies specifically designed for electrochemical data, enhancing 
the robustness and reliability of the analysis while maximizing in-
formation extraction from limited experimental datasets. The study 
presents an optimized PDA-based electrochemical immunosensor  with 
carefully calibrated parameters for electrode modification and antibody 
conjugation, providing a reliable platform for protein biomarker de-
tection. Most importantly, the developed ML-based framework offers a 
transferable methodology that can be applied to other electrochemical 
sensing applications, potentially revolutionizing analytical approaches 
across various biomedical and environmental monitoring fields.

This ML-based framework represents a paradigm shift in analytical 
methodology, offering new possibilities for ultrasensitive detection of 
biomarkers relevant to various diseases and conditions. The signif-
icance of this work extends beyond CD36 detection, establishing a 
foundation for next-generation analytical approaches that can address 
the growing demand for sensitive, accurate, and reliable biomarker 
detection in clinical diagnostics and biomedical research.
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2. Materials and methods

2.1. Chemicals and reagents

CD36 Monoclonal Antibody (Anti-CD36, 185-1G2, 0.2 mg/mL) 
was purchased from Thermo Fisher. Recombinant Human CD36 pro-
tein (ab167735) was purchased from Abcam. Dopamine (DA; 99.0%) 
was obtained from Novus Biologicals. N-(3-dimethylaminopropyl)-N’-
ethylcarbodiimide hydrochloride (EDC), D-glucose (GLC, 99.5%), urea 
(99.0–100.5%), insulin (INS), bovine serum albumin (BSA, 98.0%), 
sodium chloride (NaCl), potassium chloride (KCl), potassium hexa-
cyanoferrate (III) (HCF) (MA 329.24 g/mol, K3Fe(CN)6), and human 
serum (H4522) were purchased from Sigma-Aldrich. Pure water used 
in the experiments was obtained with the Millipore Milli-Q Ultrapure 
water device.

2.2. Instrumentations

Screen-printed carbon electrodes (SPCE) (Ag/AgCl reference elec-
trode) were purchased from Metrohm (Switzerland). Electrochemical 
measurements and characterization of immunosensors (CV, DPV, and 
EIS) were performed using a PalmSens4 potentiostat (Palm Instruments 
Houten, Netherlands).

2.3. Preparation of PDA/Anti-CD36 immunosensors and electrochemical 
measurement

PDA film was synthesized via the CV technique. A 1 mg/mL DA 
solution was prepared in TBS buffer (pH 7.4, 25 mM Tris, 140 mM 
HCl, 3 mM KCl). By CV technique (potential range between −0.5 
V and 0.5 V; scan rate of 20 mV/s), electrochemical deposition of 
PDA was performed at 5 cycles (Wang et al., 2014). Then, 0.5% 
(wt%) EDC (in pH 6.0; 50 mM phosphate buffer) was first dropped 
onto the PDA surface and incubated for 15 min. After that, the elec-
trode surfaces were washed with pure water. After the surfaces were 
dried, 4.5 μL of 10 μg/mL Anti-CD36 (in pH 7.4; 50 mM PBS) was 
dropped on PDA-coated surfaces. It was incubated at +4 ◦C for 24 h. 
The electrochemical characterization of each modification step in the 
PDA/Anti-CD36 immunosensor was performed using CV, DPV, and EIS 
techniques. Measurements were taken after each modification (Bare 
SPCE, PDA, PDA/Anti-CD36, and PDA/Anti-CD36/CD36). All measure-
ments were conducted in PBS (50 mM PBS, pH 7.4) containing 5 mM 
hexacyanoferrate (III) (K3[Fe(CN)6]) and 0.1 M KCl (Karadag et al., 
2025; Gelen et al., 2025b,a).

2.4. Optimizing electrochemical data for machine learning via advanced 
augmentation and preprocessing

The dataset used in this study consists of electrochemical data 
obtained from CV and DPV measurements for CD36 detection. Mea-
surements were performed across 12 different analyte concentrations. 
For each concentration, multiple measurements were taken over five 
measurements, resulting in a comprehensive dataset. As illustrated in 
Fig.  1, the CV and DPV signals for various analyte concentrations 
demonstrate the distinct electrochemical behavior of the analytes.

In Machine Learning (ML) applications, the size and quality of 
the dataset are critical for effective model training. Larger datasets 
enable ML models to discern complex patterns and relationships within 
the data, leading to improved performance. However, acquiring large 
experimental datasets can be challenging due to economic and time 
constraints. Data augmentation techniques have been extensively ap-
plied to address these challenges by artificially expanding datasets, 
introducing diversity, and improving the generalization capabilities 
of ML models (Wang et al., 2024; Wen et al., 2021). To overcome 
this limitation, we generated additional signals by applying a convex 
3 
combination to pairs of existing measurements, in line with the pair-
wise data augmentation approach (Zhang et al., 2017). Specifically, for 
each unique pair of measurements, a new signal was created according 
to the following formula: 
𝑆𝑖𝑔𝑛𝑎𝑙new = (1 − 𝛼)𝑆𝑖𝑔𝑛𝑎𝑙1 + 𝛼 𝑆𝑖𝑔𝑛𝑎𝑙2 (1)

where 𝛼 is a weighting coefficient in the range [0, 1]. For each class, new 
signals were generated for all 10 unique measurement pairs, resulting 
in 50 additional signals per class. These synthetic signals were then 
combined with the original dataset to enhance both the size and di-
versity of the training data. The interpolation process used to generate 
these signals is illustrated in Fig.  1. By focusing on the first five data 
points of each measurement, we aimed to capture the initial response of 
the analytes during voltammetric analysis, while minimizing variations 
arising from factors such as electrode condition and analyte diffusion 
kinetics.

Advanced signal processing techniques have been shown to improve 
the extraction of high-quality features from electrochemical signals, 
enabling more reliable analysis and better model performance (Li et al., 
2024). Careful selection of signal processing methods is critical to avoid 
distortions and ensure the reliability of the extracted features, partic-
ularly when analyzing sensitive regions (Jakubowska, 2011). In this 
context, we employed windowing, a fundamental and widely adopted 
technique in signal processing and machine learning for analyzing 
time-series data (Géron, 2022; Goodfellow et al., 2016). This approach 
systematically extracts localized features by segmenting a signal into 
smaller parts and is considered a standard practice in diverse fields, 
from human activity recognition (Saeed et al., 2019) and time-series 
classification (Fawaz et al., 2018) to its implementation in modern 
ML software libraries (Löning et al., 2019). In this study, framing 
techniques were applied exclusively to DPV signals due to their higher 
sensitivity to analyte concentration and the presence of well-defined 
peak regions. This process involved segmenting the DPV curves into 
windows of varying sizes, allowing the extraction of localized features 
from different regions of the signal.

The selected regions for windowing were chosen to focus on areas 
near the peak regions of the DPV signals, as these regions are most 
sensitive to changes in analyte concentration. Starting from the peak re-
gion, the window size was gradually increased to capture both localized 
and broader signal characteristics, ensuring that critical information 
near the peak was preserved while incorporating the overall signal 
behavior for a more comprehensive analysis. As illustrated in Fig.  2, the 
DPV measurements were analyzed both without windowing (top left) 
and with varying window lengths across different sample index ranges. 
The windowing process was performed for sample indices ranging from 
100 to 120, 90 to 130, 80 to 140, 70 to 150, and 60 to 160, with each 
window capturing distinct signal characteristics. These regions were 
selected based on their proximity to the peak regions, which are critical 
for accurate regression model predictions.

2.5. Machine learning framework

The electrochemical data were subjected to a systematic preprocess-
ing framework to prepare them for the regression models. Initially, a 
windowing technique was applied to extract features from different 
time intervals of the DPV curve, with a separate regression analysis 
performed for each window. The sizes of these windows, which deter-
mine the input data dimension for the regression model, ranged from 
20 to 100 data points. In contrast to traditional univariate analysis, 
this approach enabled the investigation of different regions of the DPV 
curve via multivariate regression analysis in a high-dimensional data 
space.

Subsequently, the dataset obtained from each window was parti-
tioned into 80% training and 20% testing subsets. During this parti-
tioning, a stratified random splitting method was employed to preserve 
the proportional distribution of each concentration level in both the 
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Fig. 1. Interpolation process for augmenting an electrochemical dataset. The top row displays cyclic voltammetry (CV) data, and the bottom row shows differential 
pulse voltammetry (DPV) data. (a, d) Visualization of the entire experimental dataset containing various analyte concentrations. (b, e) Two distinct measurements 
(Measurement 1 and Measurement 5) from the 0.025 ng analyte measurement are isolated to serve as boundary signals. (c, f) Application of a convex combination 
method to generate five new, evenly spaced synthetic signals between the two real measurements, effectively increasing the dataset’s density. The magnified insets 
confirm the smooth and progressive nature of the interpolated curves.
Fig. 2. Application of the windowing technique for feature extraction from DPV signals. This data preprocessing step segments the DPV curves into five windows 
of varying sizes centered around the signal peak to capture critical information for the machine learning models. The full signal (top center) is compared with 
five specific windows: Window 1 (100–120), Window 2 (90–130), Window 3 (80–140), Window 4 (70–150), and Window 5 (60–160), a process that provides 
the machine learning models with multi-scale features from the most information-rich area of the signal.
training and testing sets. To prevent data leakage and optimize model 
performance, a feature scaling process was implemented. In this step, 
a standard scaler was trained using only the training data, and the 
learned transformation parameters (mean and standard deviation) were 
applied to both the training and test data. This procedure standardized 
each feature to a mean of zero and a standard deviation of one, thereby 
preventing variables at different scales from adversely affecting model 
performance. 

In this study, various regression models were employed to evaluate 
the predictive performance of the prepared electrochemical data. The 
4 
selection of a diverse set of models aimed to identify which model 
performs optimally under different data structures and characteristics 
inherent to electrochemical measurements. Table  1 summarizes the 
regression models used in this study, highlighting their core principles, 
advantages, and example applications.

Each model offers distinct advantages and limitations, making them 
suitable for different aspects of electrochemical data analysis. The 
performance of these models was evaluated using standard regression 
metrics, such as the coefficient of determination (𝑅2), Root Mean 
Squared Error (RMSE), and Mean Absolute Error (MAE), to determine 
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Table 1
Summary of regression models used in this study. Abbreviations: LR—Linear Regression, SVR—Support Vector Regression, DT—Decision Tree, RF—Random Forest, 
GBR—Gradient Boosting Regressor, GPR—Gaussian Process Regressor, KNN—K-Nearest Neighbors, MLP—Multi-Layer Perceptron, 1D-CNN—One-Dimensional 
Convolutional Neural Network. Each model is characterized by its core principle, key advantages & disadvantages, and applications across different domains.
 Abbr. Core principle Advantages & Disadvantages Applications

 LR Assumes linear relationship between variables, 
minimizing sum of squared residuals using 
ordinary 
least squares method (Roustaei, 2024).

Simple and interpretable but struggles 
with outliers and non-linear relationships.

(Luo and Qi, 
2017) 
(Oishi et al., 
2020) 
(Sun et al., 
2021)

 

  SVR Fits a hyperplane within an epsilon-insensitive 
tube using kernel functions (Valkenborg et al., 
2023).

Handles non-linearity and high-dimensional data 
but is computationally intensive and 
hyperparameter sensitive.

(Lu et al., 2009) 
(Suganyadevi 
and Babulal, 
2014) 
(Valente and 
Maldonado, 
2020)

 

 DT Predicts outcomes by recursively splitting data 
based on feature values (Vanneschi and Silva, 
2023).

Interpretable and captures non-linearity 
but prone to overfitting.

(Henderson 
et al., 2005) 
(Benkercha and 
Moulahoum, 
2018) 
(Elmachtoub 
et al., 2020)

 

  RF Combines multiple decision trees, trained on 
random subsets of data and features 
(Iranzad and Liu, 2025).

Provides high accuracy and reduces overfitting 
but less interpretable and memory intensive.

(Wang et al., 
2018) 
(Chencho et al., 
2020) 
(Anjum et al., 
2022)

 

 GBR Builds a series of weak learners sequentially, 
correcting residuals of the previous one 
(Bentéjac et al., 2021).

Achieves high accuracy and captures complex 
patterns 
but computationally intensive and hyperparameter 
sensitive.

(Agapitos et al., 
2017) 
(Sapountzoglou 
et al., 2020) 
(Di Persio and 
Fraccarolo, 
2023)

 

  GPR A probabilistic method based on Bayesian 
principles, modeling data as a distribution 
over functions (Marrel and Iooss, 2024).

Quantifies uncertainty and models non-linearity 
but has 𝑂(𝑛3) complexity and kernel sensitivity.

(Wistuba et al., 
2017) 
(Zhou and Peng, 
2020) 
(Born and 
Kästner, 2021)

 

 KNN Predicts based on average of 𝑘 nearest neighbors 
using distance metric (Halder et al., 2024).

Flexible with no distribution assumptions 
but computationally expensive and sensitive to 
noise.

(Zhou et al., 
2016) 
(Gou et al., 
2019) 
(Martínez et al., 
2019)

 

  MLP A neural network modeling complex, non-linear 
relationships using multiple layers (Hoya, 2024).

Effective for high-dimensional and complex data 
but computationally intensive and prone to 
overfitting.

(Kosicka et al., 
2022) 
(Sumorek and 
Idzkowski, 2023) 

(Setiawan et al., 
2024)

 

 1D-CNN Designed for one-dimensional data like time 
series, extracting local patterns via convolutional 
layers (Ige and Sibiya, 2024).

Extracts local features and ideal for time series 
but computationally intensive and needs sufficient 
data.

(Liu and Si, 
2022) 
(Kim et al., 
2023) 
(Aljafari et al., 
2024)

 

the most effective approach for predicting analyte concentrations from 
the processed electrochemical signals.

3. Results and discussion

3.1. Characterization and application of PDA/Anti-CD36 immunosensor

The stepwise fabrication process of the PDA/Anti-CD36/CD36 im-
munosensor is shown in Fig.  3.a. PDA used as the immobilization 
5 
matrix was obtained by depositing DA on the SPCE surface using the 
CV technique. To determine the optimal number of cycles, DA was 
deposited onto the SPCE surface for 5, 10, and 20 cycles. The modified 
surfaces were characterized using CV, DPV, and EIS techniques, and 
the corresponding profiles are presented in Figure S1.a (CV), Figure 
S1.b (DPV), and Figure S1.c (EIS). The results show that there is not 
much difference between 5 and 10 cycles, but the current decreases 
significantly at 20 cycles. Based on the results, 5 cycles were selected 
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Fig. 3. (a) Schematic representation of the preparation of PDA/Anti-CD36/CD36 immunosensor, (b) DPV profile corresponding to increasing CD36 concentration 
between 0.05 and 25 ng/mL, (c) Linear detection range for CD36 using the SPCE/PDA/Anti-CD36 immunosensor, (d) Effect of some interfering compounds to 
signal of SPCE/PDA/Anti-CD36 to CD36, ([CD36]: 10 ng/mL, [BSA]; 4 g/dL, [INS]: 10 μU/mL; [GLC]; 100 mg/dL, [Urea]: 14 mg/dL), (e) results of the sample 
application.
for further experiments. Figure S1.d shows the cyclic voltammogram of 
PDA deposition by electropolymerization of DA over 5 cycles.

As seen in Figure S1.d, an anodic peak was observed at 0.21 V and 
two cathodic peaks at −0.12 V and −0.14 V. The observed voltammetric 
responses can be attributed to dopamine/dopaminequinone and leu-
codopaminchrome /dopaminechrome redox couples (Li et al., 2006). 
This suggests that an electrochemically inactive insulating PDA coating 
is formed at the electrode–solution interface, preventing the electro-
chemical oxidation of DA. Optimization of the Anti-CD36 concentration 
was performed using the DPV method. Antibody concentrations of 
5, 10, and 20 μg/mL were immobilized on the SPCE/PDA surface. 
Current changes corresponding to different Anti-CD36 concentrations 
are shown in Figure S1.f. The highest binding was found at 10 μg/mL 
Anti-CD36 concentration. The optimum Anti-CD36 concentration was 
determined as 10 μg/mL. The SEM image of the SPCE/PDA surface is 
shown in Figure S1.e.

Electrochemical characterization of the PDA/Anti-CD36 surface was 
performed using CV, DPV, and EIS measurements. Electrochemical 
oxidation and reduction peaks of potassium hexacyanoferrate (HCF) 
were examined in the CV profiles of each modification step of the 
prepared immunosensor surface. According to the CV voltammograms 
(Figure S1.g), the ianodic values were found to be 62.99 μA, 48.41 μA, 
35.52 μA, and 27.46 μA for SPCE, PDA, PDA/Anti-CD36, and PDA/Anti-
CD36/CD36, respectively. A significant decrease was observed in the 
currents obtained after each modification step for bare SPCE containing 
PDA, PDA/Anti-CD36, and PDA/Anti-CD36/CD36. This supports the 
success of all modifications.

In the DPV profile (Figure S1.h), the current values after each 
modification were found to be 47.59 μA, 21.43 μA, 16.71 μA, and 9.15 
μA for SPCE, PDA, PDA/Anti-CD36, and PDA/Anti-CD36/CD36, re-
spectively. A significant decrease was observed in the voltammograms 
obtained after each modification step for SPCE, PDA/Anti-CD36, and 
PDA/Anti-CD36/CD36.

Finally, the EIS technique (Figure S1.i) was used to determine how 
the resistances of the prepared surfaces changed after each modifi-
cation. In EIS, the diameter of the semicircle is proportional to the 
increase in charge transfer resistance. The increase in the diameter of 
the semicircle indicates the formation of an insulating layer on the 
surfaces and a decrease in electron transfer. The EIS diagrams of the 
SPCE, PDA, PDA/Anti-CD36, and PDA/Anti-CD36/CD36 surfaces show 
that the surface resistance increases and the semicircle enlarges after 
each modification. This supports the results obtained from the CV and 
DPV techniques.
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The DPV profile corresponding to increasing CD36 concentrations 
from 0.05 to 25 ng/mL is given in Fig.  3.b. To determine the lin-
ear detection range of the PDA/Anti-CD36 immunosensor, DPV mea-
surements were performed in 10 different CD36 concentration ranges 
between 0.05–50 ng/mL. The linear range of the developed PDA/Anti-
CD36 immunosensor was determined as 0.05–25 ng/mL, and the cali-
bration equation was y = 0.875x + 2.048 and R2 = 0.984. In addition, 
no current difference could be determined electrochemically at con-
centrations lower than 0.05 ng/mL (Fig.  3.c). To calculate the LOD 
of the PDA/Anti-CD36 immunosensor, 7 different DPV measurements 
were made with a CD36 concentration of 0.05 ng/mL, which was the 
lowest point of the calibration curve. SD and LOD were calculated 
using the formula 3SD/m (SD: standard deviation of 7 measurements 
performed at the lowest point of the calibration curve and m: slope of 
the calibration curve). The LOD of PDA/Anti-CD36 was calculated as 
0.034 ng/mL CD36.

To investigate the specificity of PDA/Anti-CD36 for CD36, elec-
trochemical measurements were performed in the presence of some 
potentially interfering compounds such as BSA, GLC, INS, and UREA. 
The recovery percentages were calculated as 95.35% for CD36+BSA, 
101.235% for CD36+INS, 97.1% for CD36+GLC, and 95.79% for 
CD36+UREA. Fig.  3.d shows that PDA/Anti-CD36 has good selectivity 
for CD36 and that these compounds do not cause interference. To 
evaluate the CD36 detection performance of PDA/Anti-CD36 in real 
samples, a known concentration of CD36 was added to commercial 
human serum. The recovery percentage of CD36 was found to be 
96.74% (Fig.  3.e).

3.2. Machine learning framework performance analysis for analytical de-
tection of CD36

The performance of the machine learning framework for the ana-
lytical detection of CD36 was systematically evaluated. This evaluation 
focused on the impact of two key strategies: the application of data 
augmentation and the expansion of the DPV signal region used for 
analysis. The models’ predictive capabilities were rigorously assessed 
using both quantitative performance metrics, summarized in Table  2, 
and a detailed visual analysis of their predictive behavior and error 
patterns, presented in Fig.  4. The following analysis demonstrates that 
the combination of these strategies not only improves overall accuracy 
but also significantly extends the sensor’s effective quantification range 
to levels below the conventional LOD.
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Table 2
Regression model performance metrics for CD36 detection. Models were evaluated across different data region ranges and augmentation conditions. Broader data 
regions and the application of data augmentation improved the performance, particularly for Gradient Boosting and Random Forest.
 Single point 100–120 90–130 80–140 70–150 60–160

 Aug. Model Name R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 
 Linear Regression 0.85 1.34 1.23 0.9 1.08 0.94 −0.3 3.9 2.19 0.69 1.92 1.21 0.79 1.58 0.95 0.82 1.47 0.91  
 SVR 0.93 0.92 0.66 0.85 1.33 0.93 0.88 1.21 0.87 0.89 1.17 0.88 0.9 1.09 0.89 0.89 1.15 0.97  
 Decision Tree 0.88 1.19 0.42 0.99 0.41 0.17 0.99 0.41 0.17 0.99 0.29 0.08 0.99 0.41 0.17 0.99 0.41 0.17  
 Random Forest 0.89 1.17 0.47 0.98 0.43 0.27 0.99 0.42 0.3 0.99 0.4 0.28 0.98 0.43 0.29 0.99 0.42 0.3  
 Gradient Boosting 0.88 1.19 0.42 0.99 0.39 0.18 0.99 0.39 0.17 0.99 0.41 0.19 0.99 0.34 0.16 0.99 0.35 0.16  
 Gaussian P. Regressor 0.89 1.13 0.59 0.96 0.69 0.44 0.69 1.93 1.31 0.13 3.21 2.14 −0.7 4.44 2.95 −1.4 5.32 3.88  
 K-Nearest Neighbors 0.92 1 0.58 0.96 0.65 0.5 0.97 0.62 0.47 0.97 0.59 0.43 0.97 0.62 0.5 0.93 0.89 0.8  
 MLP Regression 0.94 0.84 0.53 0.57 2.27 1.96 0.77 1.66 1.39 0.8 1.55 1.33 0.85 1.33 1.19 0.82 1.47 1.24  
 

No Augmentation

1D-CNN −1.1 4.97 4.14 −0.5 4.24 3.44 −0.6 4.36 3.56 −0.6 4.32 3.56 −1.1 5.01 4.17 −0.9 4.74 3.86  
 Linear Regression 0.83 1.42 1.19 0.96 0.65 0.55 0.99 0.29 0.22 1 0.1 0.03 1 0.1 0.03 1 0.1 0.03  
 SVR 0.93 0.88 0.53 0.98 0.51 0.3 0.99 0.31 0.22 0.99 0.31 0.22 0.99 0.28 0.2 0.99 0.27 0.19  
 Decision Tree 0.97 0.57 0.19 1 0.23 0.05 1 0.23 0.04 1 0.19 0.04 1 0.17 0.03 1 0.15 0.02  
 Random Forest 0.97 0.55 0.25 1 0.2 0.07 1 0.14 0.05 1 0.14 0.05 1 0.13 0.05 1 0.12 0.05  
 Gradient Boosting 0.98 0.52 0.3 1 0.17 0.09 1 0.13 0.07 1 0.13 0.07 1 0.15 0.09 1 0.17 0.09  
 Gaussian P. Regressor 0.94 0.86 0.54 1 0.11 0.03 1 0.14 0.05 0.99 0.3 0.1 0.98 0.55 0.23 0.93 0.94 0.4  
 K-Nearest Neighbors 0.96 0.66 0.33 1 0.22 0.1 1 0.22 0.09 1 0.22 0.1 1 0.18 0.08 0.99 0.3 0.12  
 MLP Regression 0.94 0.87 0.59 0.98 0.53 0.44 0.97 0.64 0.49 0.95 0.79 0.58 0.96 0.73 0.54 0.97 0.63 0.47  
 

Augmentation Applied

1D-CNN 0.89 1.12 0.93 0.99 0.34 0.28 0.95 0.74 0.56 0.99 0.31 0.26 0.97 0.59 0.46 0.97 0.63 0.47  
The regression analysis presented in Table  2 demonstrates that 
the accuracy of CD36 concentration prediction is improved by the 
strategies of data augmentation and the expansion of the analytical 
signal window. The transformative effect of data augmentation is most 
prominently observed in the 1D-CNN model; this model, which exhib-
ited a completely unacceptable performance with an 𝑅2 of −1.07 and 
an RMSE of 4.9669 in the single-point analysis without augmentation, 
became a statistically significant model by achieving an 𝑅2 of 0.9664 
and an RMSE of 0.633 in the 60–160 range when augmentation was 
applied. This strategy also elevated already competent models like 
Random Forest to near-perfection; in the 60–160 range, it increased 
the 𝑅2 value from 0.9854 to 0.9988 while reducing the RMSE from 
0.4172 to an extremely low level of 0.122. Secondly, the contribution 
of expanding the analysis window to performance is also clear. For 
instance, the augmented Gradient Boosting model improved its perfor-
mance from an 𝑅2 of 0.9772 and an RMSE of 0.5213 in the single-point 
analysis to an 𝑅2 of 0.9976 and an RMSE of 0.168 by incorporating 
the holistic signal features within the 60–160 range. When these two 
approaches were combined, ensemble algorithms such as Random For-
est, Gradient Boosting, and Decision Tree demonstrated outstanding 
prediction precision, consistently achieving 𝑅2 values above 0.998 and 
reducing MAE values below 0.05 in wide windows. Another noteworthy 
finding is that even the Linear Regression model, when supported by 
data augmentation, could produce best-in-class results with an 𝑅2 of 
0.9992 and an MAE of 0.0271 in the 60–160 range, which implies that 
augmentation simplifies the feature space, making it suitable for linear 
models. In conclusion, these findings prove that treating the raw signal 
data as a time series and enriching it with synthetic data overcomes 
the limitations of traditional electrochemical analysis methods. This 
approach provides the capability to include even low concentrations in 
the regression evaluation — concentrations that are typically excluded 
from regression calculations with conventional methods because they 
fall below the LOD — and that these are indispensable engineering 
approaches for developing robust and reliable biosensor systems with 
high accuracy and repeatability.

Fig.  4 complements these numerical results by qualitatively re-
vealing the behavioral nuances and error patterns of the models. The 
figure allows for an examination of not only the models’ average error 
metrics but also the distribution, variance, and systematic deviations 
of their predictions. In this context, the confusion matrix, essentially a 
classification metric, has been employed as an insightful supplementary 
tool to diagnose the concentration ranges where the models experience 
‘‘confusion’’ by rounding the regression outputs to the nearest concen-
tration level. The regression plots in the upper panels visually expose 
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the fundamental behaviors and weaknesses of the models. For instance, 
the Linear Regression in the narrow window (Fig.  4.a), in addition 
to its high RMSE, exhibits a pronounced deviation from the ideal 
prediction line, showing a tendency to systematically overestimate low 
concentrations and underestimate high concentrations. This visually 
confirms the model’s inability to capture the non-linear dynamics in the 
data. In contrast, the predictions of the Gradient Boosting model (Fig. 
4.b, Fig.  4.e), with their tightly clustered, narrow box plots around the 
ideal line, visually confirm its robustness through both high accuracy 
(low bias) and high precision (low variance). The transformative effect 
of a wider window on the Linear Regression model (Fig.  4.d) and the 
stabilization of its prediction curve prove that a broader signal range 
provides critical discriminative information. The most insightful con-
tribution of the figure is its diagnosis of the nature of regression errors 
via the confusion matrices in the lower panels. These matrices provide 
the definitive visual evidence that substantiates one of the study’s 
most important claims: the capability for sub-LOD quantification. The 
dense, off-diagonal error pattern of the Linear Regression matrix in 
the narrow window (Fig.  4.a) shows its inability to reliably distinguish 
between adjacent low concentrations, particularly 0 ng and 0.005 ng. 
Conversely, the sharply diagonalized matrices of the superior models 
in the wide window (Fig.  4.d, Fig.  4.e), beyond proving their high 
discriminative power, reveal a critical fact in their top-left corners: an 
almost error-free discrimination is achieved between the blank sample 
(0 ng) and ultra-low concentrations such as 0.005 ng and 0.010 ng. 
This successful and clear classification at levels indistinguishable from 
noise by traditional methods concretely supports the finding that the 
developed framework extends the analytical sensitivity of the sensor 
beyond classical limits, enabling reliable quantification in a previously 
unmeasurable range.

4. Conclusion

This study focused on a ML-based approach for low-concentration 
analysis, developing a PDA-modified immunosensor for CD36 detection 
and establishing an analytical framework that surpasses the limitations 
of conventional methods. While the conventional analysis method had 
a limited range (0.05–25 ng/mL) and 𝑅2 ≈ 0.984, the proposed ML-
based approach enables numerical estimation of the analyte across the 
entire concentration range, including below LOD, by processing the 
DPV curve as a time series (𝑅2 ≈ 0.999). The obtained findings demon-
strate that a paradigmatic shift in electrochemical sensor technology is 
possible. In contrast to conventional single-point analysis approaches, 
using the complete electrochemical response as an information source 
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Fig. 4. Comparison of Linear Regression, Gradient Boosting, and 1D-CNN models for CD36 detection using two data windows: (a–c) 100–120 and (d–f) 60–160. 
Upper panels show predicted vs. true values (red dashed line indicates perfect prediction); lower panels display confusion matrices with diagonal elements 
representing correct classifications. Off-diagonal elements and deviations from the red line indicate prediction errors, revealing performance differences across 
models and data ranges. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
significantly expands the analytical capacity of sensors. Among the 
tested models, Random Forest and Gradient Boosting provided the most 
accurate results, while linear regression also performed strongly after 
data augmentation. Deep learning models like 1D-CNN required data 
augmentation to reach comparable performance. The most important 
contribution of this study is providing reliable quantification at con-
centration levels previously considered unmeasurable by going beyond 
the classical LOD concept. This achievement can enhance early diag-
nosis opportunities in clinical diagnostic applications and enable more 
sensitive evaluations in disease monitoring processes. Furthermore, the 
adaptability of the developed methodology to other biomarkers and 
sensor platforms creates new opportunities for wide-scale applications 
in the field of electrochemical analysis.
8 
However, comprehensive validation studies are needed to reveal 
the full potential of this approach. Evaluating performance under dif-
ferent environmental conditions, matrix effects, and sensor-to-sensor 
variations is critical for the reliable application of the methodology 
in clinical settings. Future research should aim for the integration of 
the developed approach into standard analytical protocols by over-
coming these limitations. In conclusion, this study makes a significant 
methodological contribution to the electrochemical analysis literature 
by redefining the analytical limits of sensor technology and represents 
an important step toward developing more sensitive, reliable, and ac-
cessible diagnostic tools in biomedical applications. This approach has 
the potential to revolutionize personalized medicine and point-of-care 
applications in the future.
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