
PLOS One | https://doi.org/10.1371/journal.pone.0348348  May 13, 2026 1 / 28

 

 OPEN ACCESS

Citation: Sunindyo WD, Anshori I, Wiguna 
KA, Kahari MMH, Syafalni I, Dwiyanti L (2026) 
Algorithm-assisted interpretation of cyclic 
and differential pulse voltammetry for cardiac 
troponin detection. PLoS One 21(5): e0348348. 
https://doi.org/10.1371/journal.pone.0348348

Editor: Abbas Farmany, Hamadan University of 
Medical Sciences, IRAN, ISLAMIC REPUBLIC 
OF

Received: December 4, 2024

Accepted: April 15, 2026

Published: May 13, 2026

Peer Review History: PLOS recognizes the 
benefits of transparency in the peer review 
process; therefore, we enable the publication 
of all of the content of peer review and 
author responses alongside final, published 
articles. The editorial history of this article is 
available here: https://doi.org/10.1371/journal.
pone.0348348

Copyright: © 2026 Sunindyo et al. This is an 
open access article distributed under the terms 
of the Creative Commons Attribution License, 
which permits unrestricted use, distribution, 

RESEARCH ARTICLE

Algorithm-assisted interpretation of cyclic 
and differential pulse voltammetry for cardiac 
troponin detection

Wikan Danar Sunindyo 1☯*, Isa Anshori2☯, Kristo Abdi Wiguna3☯,  
Marcelus Michael Herman Kahari3☯, Infall Syafalni 3,4☯, Latifa Dwiyanti1,5☯, Uperianti2☯

1  Knowledge and Software Engineering Research Group, School of Electrical Engineering and 
Informatics, Institut Teknologi Bandung, Bandung, West Java, Indonesia, 2  Lab on Chip Laboratory, 
Biomedical Engineering Department, School of Electrical Engineering and Informatics, Institut Teknologi 
Bandung, Bandung, West Java, Indonesia, 3  School of Electrical Engineering and Informatics, 
Institut Teknologi Bandung, Bandung, West Java, Indonesia, 4  University Center of Excellence on 
Microelectronics, Institut Teknologi Bandung, Bandung, West Java, Indonesia, 5  Graduate School of 
Natural Science and Technology, Kanazawa University, Kanazawa, Japan  

☯ These authors contributed equally to this work.
* wikan@informatika.org

Abstract 

Cardiovascular disease remains a leading cause of mortality worldwide, and rapid 

identification of cardiac biomarkers is essential for early detection. Electrochemical 

voltammetry techniques, particularly cyclic voltammetry (CV) and differential pulse 

voltammetry (DPV), are widely used for detecting cardiac troponin; however, interpre-

tation of raw voltammetric signals is often affected by baseline drift, signal noise, and 

operator-dependent analysis. This study proposes an algorithm-assisted analytical 

framework for automated interpretation of voltammetric data obtained from a screen-

printed carbon electrode potentiostat. Polynomial fitting was applied for baseline cor-

rection in CV signals, while asymmetric least squares (ALS) was employed for DPV 

data. Peak-to-baseline current response was extracted as a quantitative indicator of 

biomarker presence. The proposed method successfully identified characteristic vol-

tammetric peaks and distinguished samples with higher and lower cardiac biomarker 

responses relative to a predefined detection threshold. The analysis showed close 

agreement with reference electrochemical analysis software, demonstrating reli-

able peak detection and baseline estimation. By reducing manual interpretation and 

improving signal clarity, the framework enhances the reproducibility and accessibility 

of electrochemical biosensor measurements and supports early screening of cardiac 

biomarkers.

Introduction

Cardiovascular disease is a leading cause of mortality worldwide. Accord-
ing to the World Health Organization, cardiovascular diseases account for 
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approximately 18 million deaths annually, representing about one-third of global 
mortality [1]. Early detection relies on the identification of cardiac biomarkers such 
as cardiac troponin, which is released into the bloodstream during myocardial 
injury and is widely regarded as the gold standard biomarker for acute myocardial 
infarction diagnosis [2].

Electrochemical biosensors based on voltammetry have been extensively inves-
tigated as rapid and cost-effective approaches for biomarker detection. In particular, 
cyclic voltammetry (CV) and differential pulse voltammetry (DPV) enable sensitive 
electrochemical measurement of redox-active analytes and have been applied for 
cardiac troponin detection using screen-printed carbon electrodes [3–5].

Despite their sensitivity, interpretation of voltammetric signals remains challenging. 
Raw voltammograms are frequently affected by baseline drift, background current, 
electrode variability, and signal noise, which can obscure characteristic oxidation–
reduction peaks [6]. As a result, peak identification and quantification often depend 
on manual inspection and operator experience, leading to variability and reduced 
reproducibility of electrochemical measurements [7].

Several studies have demonstrated potentiostat-based detection of cardiac tropo-
nin using electrochemical biosensors. However, limited attention has been given to 
automated analytical interpretation of voltammetric signals. Accurate baseline estima-
tion and peak detection are essential because the peak-to-baseline current response 
serves as the primary indicator of analyte presence and concentration in electro-
chemical analysis [6].

To address this limitation, this study proposes an algorithm-assisted framework 
for automated interpretation of CV and DPV signals obtained from a screen-printed 
carbon electrode potentiostat. Polynomial fitting was applied for baseline correction in 
CV measurements, while asymmetric least squares (ALS) was used for DPV analy-
sis. The approach aims to improve consistency of peak detection and reduce  
operator-dependent variability in electrochemical biosensor measurements.

Materials and methods

Electrochemical measurement setup

Electrochemical measurements were performed using a potentiostat connected to 
a screen-printed carbon electrode (SPCE) configured with a three-electrode system 
consisting of a carbon working electrode (WE), an Ag/AgCl reference electrode (RE), 
and a carbon counter electrode (CE) [4,8]. The potentiostat controlled the potential 
applied to the working electrode and recorded the resulting current response gener-
ated by electrochemical redox reactions.

The SPCE was selected due to its reproducibility, portability, and low cost, making 
it suitable for point-of-care electrochemical biosensing applications [9]. The integrated 
Ag/AgCl reference electrode provided a stable reference potential during measure-
ments, while the counter electrode maintained current balance within the electro-
chemical cell [4,10]. Samples were introduced directly onto the electrode surface, 
and the current–potential response was recorded for further voltammetric analysis.

Fig 1 shows the electrochemical measurement hardware used in this study.
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Voltammetric measurement

Voltammetry measurements were performed to analyze electrochemical responses of the analyte by recording the current 
as a function of the applied potential. During measurement, a controlled potential was applied to the working electrode 
relative to the reference electrode, and the resulting current generated by oxidation–reduction reactions at the electrode 
surface was recorded. The measured current corresponds to Faradaic processes associated with electroactive species, 
while background current arises from capacitive effects at the electrode interface [4,7].

The resulting current–potential relationship (voltammogram) was used to identify characteristic peak responses asso-
ciated with the presence of the target analyte. These peaks served as the basis for subsequent signal processing and 
quantitative interpretation.

Cyclic voltammetry (CV) measurement.  Cyclic voltammetry (CV) was performed to evaluate the electrochemical 
behavior of the analyte by monitoring oxidation–reduction processes at the electrode surface. During the measurement, a 
linearly varying potential was applied to the working electrode relative to the reference electrode, and the resulting current 
response was recorded continuously. The potential was swept between predefined limits in forward and reverse directions 
to generate a current–potential curve (voltammogram).

The resulting anodic and cathodic peak currents were used to identify electroactive reactions occurring at the electrode 
interface. These peak characteristics provided qualitative information on the presence of the analyte and served as a ref-
erence for subsequent signal processing and comparison with differential pulse voltammetry measurements [4,7].

Differential pulse voltammetry (DPV) measurement.  Differential pulse voltammetry (DPV) was employed for 
biomarker detection due to its high sensitivity and improved signal-to-noise characteristics for low-concentration analytes. 
In this technique, a sequence of potential pulses was superimposed on a slowly increasing base potential applied to the 
working electrode relative to the reference electrode. The current was sampled immediately before each pulse and at the 
end of the pulse, and the difference between these two measurements was recorded as the DPV response.

This differential measurement suppresses capacitive background current and enhances Faradaic current originating 
from oxidation–reduction reactions at the electrode surface. The resulting voltammogram exhibited well-defined peak cur-
rents corresponding to electroactive species. The peak current relative to the baseline was used as the analytical signal 
for identifying the presence of the target analyte and for subsequent signal-processing analysis [12–14].

Sensor reader and data acquisition

The sensor reader used in this study was adapted from the low-cost potentiostat design reported by Anshori et al. 
[1,11,12]. The device was connected to a screen-printed carbon electrode (SPCE) and used to acquire electrochemical 
signals from blood samples containing cardiac biomarkers. During measurement, the potentiostat applied a controlled 

Fig 1.  Example of potentiostat hardware [11].

https://doi.org/10.1371/journal.pone.0348348.g001
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potential to the working electrode and recorded the resulting current generated by oxidation–reduction reactions at the 
electrode surface.

The current response was measured over a defined potential range and stored as a current–potential dataset (voltam-
mogram). This voltammetric signal served as the raw data for analysis. The recorded signals contained both background 
current and Faradaic current originating from electroactive species. Therefore, further processing was required to identify 
characteristic peak responses and baseline levels associated with the presence of the target analyte.

All recorded measurements were exported as numerical data files for subsequent signal processing and peak analysis. 
Fig 2 illustrates the potentiostat hardware used for electrochemical data acquisition.

Input data representation.  Electrochemical measurements produced current–potential datasets obtained from cyclic 
voltammetry (CV) and differential pulse voltammetry (DPV) experiments. Each dataset consisted of paired numerical 
values representing the applied potential (V) and the measured current (µA), forming a voltammogram.

For CV measurements, multiple scans were recorded, and the scan obtained under stable electrode conditions was 
selected for analysis. Oxidation and reduction peaks were identified from the current–potential curve, and their peak cur-
rents were evaluated relative to the estimated baseline.

For DPV measurements, a single current–potential dataset was recorded for each sample. Analytical information was 
derived from the peak current relative to the baseline current, which serves as the primary electrochemical indicator of 
analyte presence and concentration. The peak-to-baseline difference (current response) was calculated and used for 
comparison between measurement samples.

Because voltammetric signals include background (capacitive) current and Faradaic current generated by electroactive 
species, baseline estimation was required before peak extraction. Therefore, signal processing procedures were applied 
to identify characteristic peak responses and to distinguish electrochemical signals associated with the target analyte from 
background noise [6,12].

Signal processing and data analysis.  Baseline correction and peak extraction were performed to interpret 
voltammetric signals obtained from cyclic voltammetry (CV) and differential pulse voltammetry (DPV) measurements. 
Raw voltammograms contain both Faradaic current, originating from oxidation–reduction reactions of electroactive 
species, and non-Faradaic (capacitive) background current. Therefore, baseline estimation was required prior to 
quantitative analysis [6,12].

For CV data, baseline drift was estimated using polynomial fitting applied to regions without significant electrochemi-
cal activity. The fitted baseline was subtracted from the original signal to obtain a corrected current profile. Oxidation and 
reduction peaks were then identified from the corrected voltammogram, and the peak current relative to the baseline was 
extracted as the analytical parameter [7].

Fig 2.  Potensiostat hardware used for the sensor reader [11].

https://doi.org/10.1371/journal.pone.0348348.g002
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For DPV data, asymmetric least squares (ALS) baseline correction was applied to remove background current and 
improve signal clarity [15]. After baseline subtraction, peak detection was performed to identify the potential at which the 
maximum Faradaic response occurred. The peak-to-baseline current difference (peak current) was used as the electro-
chemical response value and compared across samples.

In both measurement modes, the peak current relative to the baseline was used as an indicator of analyte presence 
because it reflects the electrochemical reaction occurring at the electrode interface. DPV measurements were empha-
sized for biomarker detection due to their higher sensitivity and improved signal-to-noise ratio for low-concentration 
analytes [16]. The analysis relied on deterministic signal-processing procedures rather than inferential statistical modeling, 
focusing on reproducible extraction of electrochemical peak characteristics from the recorded voltammograms.

Computational processing of voltammetric data

The electrochemical signals obtained from voltammetry measurements were digitally processed prior to analysis. The 
recorded current–potential datasets were imported into a computational analysis environment for signal conditioning and 
feature extraction. Processing was performed to remove background current, estimate the signal baseline, and identify 
characteristic peak responses associated with electrochemical reactions of the analyte.

The computational procedures were designed to ensure consistent interpretation of voltammograms by applying algo-
rithmic baseline correction and peak detection rather than manual inspection. The extracted peak current relative to the 
baseline was used as the primary analytical parameter for evaluating electrochemical responses [6,12].

Data processing workflow

The analytical workflow used in this study is illustrated in Fig 3. Electrochemical measurements were first obtained using a 
potentiostat connected to the sensor electrode. The instrument generated current–potential datasets, which were exported 
as numerical files containing applied potential (V) and measured current (µA) [12].

The recorded datasets were then subjected to computational processing. The voltammetric signals underwent baseline 
correction to remove background (capacitive) current [6], followed by peak detection to identify characteristic electrochem-
ical responses. The extracted peak current relative to the baseline was used as the analytical parameter for evaluating the 
presence of the target analyte.

This workflow enabled consistent processing of voltammograms from acquisition to quantitative signal interpretation. 
Fig 3 presents the processing sequence from electrochemical measurement to peak extraction and analysis.

Analytical processing functions.  Based on the analytical workflow shown in Fig 3, a set of processing functions was 
defined for handling voltammetric data. These functions describe the sequence of computational operations required to 
transform raw current–potential measurements into interpretable electrochemical signals. The processing steps include 
data import, baseline correction, peak detection [6], and extraction of peak current values from the voltammogram [12]. 
The implemented functions correspond to standard procedures used in electrochemical signal analysis and were applied 
consistently to all recorded measurements. The detailed processing operations are summarized in Table 1.

Computational processing architecture

The recorded voltammetric datasets were processed using a modular computational workflow designed for electrochem-
ical signal analysis. The processing architecture consisted of data acquisition, preprocessing, baseline correction, and 
peak extraction modules. Each module operated sequentially to transform raw current–potential measurements into ana-
lytical parameters.

The preprocessing stage handled numerical input data obtained from the potentiostat and organized the datasets into 
structured current–potential arrays. Baseline estimation was then performed to remove background (capacitive) current 
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[6], followed by peak detection to identify characteristic Faradaic responses occurring at the electrode interface [12]. The 
extracted peak current relative to the baseline was used as the primary electrochemical response variable [12].

For differential pulse voltammetry data, baseline correction was implemented using asymmetric least squares (ALS) 
fitting [15]. This modular structure ensured reproducible processing of voltammograms and enabled consistent interpre-
tation of electrochemical signals across all measurements. Fig 4 illustrates the data-processing architecture applied in 
this study.

Computational environment

The voltammetric datasets were processed within a computational analysis environment designed to handle numerical 
electrochemical data. The processing system received measurement datasets generated by the potentiostat and per-
formed automated preprocessing, baseline correction, and peak extraction.

Fig 3.  Flowchart diagram of software system.

https://doi.org/10.1371/journal.pone.0348348.g003
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The computational workflow enabled consistent handling of measurement data and minimized manual intervention 
during signal interpretation. Numerical data were stored and organized for subsequent analysis and comparison between 
measurements. The analysis procedures focused on extraction of electrochemical features, particularly peak current rela-
tive to the baseline, which served as the analytical response parameter [12].

The computational environment was implemented to ensure reliable processing of multiple datasets and reproducible 
interpretation of voltammograms across repeated measurements.

Visualization of electrochemical signals.  To facilitate interpretation of electrochemical measurements, the 
processed voltammetric data were visualized as current–potential plots (voltammograms). The visualization allowed 
observation of baseline behavior and identification of oxidation–reduction peaks obtained after signal processing. 
Graphical representation of voltammograms is commonly used in electrochemical analysis to evaluate peak current and 
electrochemical response characteristics [7].

The visualization served only as a representation of the processed analytical data and did not affect the electrochemi-
cal measurement or signal-processing procedures.

Visualization of voltammetric signals.  Processed electrochemical data were represented as current–potential plots 
(voltammograms) to facilitate interpretation of electrochemical responses. The voltammogram displays the measured 
current as a function of applied potential, allowing identification of oxidation and reduction peaks corresponding to 
electroactive species at the electrode surface. Visualization of the corrected signal enabled verification of baseline 
estimation and peak extraction results.

The graphical representation was used solely to illustrate analytical outcomes and did not affect the electrochemical 
measurement or signal-processing procedures. Visualization of voltammograms is a standard practice in electrochemical 
analysis for evaluating peak current and electrochemical behavior of analytes [7].

Table 1.  Functional requirements of software system.

ID Requirement Description

F01 The system should accept user information from 
users who want to create an account.

Users can create an account by 
providing an email and password.

F02 The system should accept login information from 
users who want to sign in.

Users can log in using their email 
and password.

F03 The system should accept potentiostat data from 
users through the website.

Users can upload potentiostat data 
to the website.

F04 The system should display predictions of heart 
disease potential for users.

Users can view the predicted poten-
tial for heart disease based on data 
obtained from a potentiostat device.

F05 The system should allow changing a regular 
account to a lab technician account and vice 
versa.

Admins can convert a regular 
account to a lab technician account 
and vice versa on the designated 
page.

F06 The system should display the test history for 
each user.

Regular users can view the history 
and results of tests they have 
conducted.

F07 For lab technicians and admins, the system 
should display the test history of all users.

Lab technicians and admins have 
access to the test history of all 
users.

F08 The system should display graphical visualiza-
tions of data captured by the potentiostat device.

Lab technicians and admins can 
view and analyze graphical visu-
alizations of data captured by the 
device.

https://doi.org/10.1371/journal.pone.0348348.t001
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Identification of electrochemical features.  To support interpretation of the processed voltammograms, key 
electrochemical features were indicated on the current–potential plots. The baseline level and detected peak positions 
were marked to show the location of characteristic oxidation–reduction responses obtained after signal processing. These 
markers correspond to analytical parameters commonly used in voltammetric analysis, including peak potential and peak 
current.

Indicating these electrochemical features enabled verification of peak detection and baseline estimation results without 
altering the analytical calculations. Marking peak current and peak potential is a standard approach in voltammetry for 
interpreting electrochemical reactions and evaluating analyte response [7].

Visual Inspection of Processed Signals.  Processed voltammetric data were examined through graphical inspection 
of the current–potential plots. The visualization allowed detailed observation of baseline behavior and peak characteristics 
after signal processing. This inspection was used to confirm that detected peaks corresponded to electrochemical 
reactions rather than background fluctuations.

The graphical inspection served as a verification step for the computational analysis by allowing examination of 
peak position and peak height relative to the baseline. Visual examination of voltammograms is commonly employed 
in electrochemical studies to validate automated peak detection and to ensure correct interpretation of electrochemical 
responses [7].

Graphical representation of voltammetric data.  Processed voltammetric signals were displayed as current–potential 
plots to illustrate electrochemical responses obtained after signal processing. The graphical representation enabled 

Fig 4.  Component diagram for the front end system.

https://doi.org/10.1371/journal.pone.0348348.g004
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visualization of baseline behavior and identification of oxidation and reduction peaks corresponding to electroactive 
species.

The plots were generated using computational visualization tools to represent the analytical results without modifying 
the underlying measurement data. The graphical output served only as a representation of the processed electrochemical 
signals and did not influence the electrochemical measurement or signal-processing procedures. Graphical presentation 
of voltammograms is a standard approach in electrochemical analysis for interpreting peak current and electrochemical 
behavior of analytes [7].

Results and discussion

Electrochemical measurements obtained from cyclic voltammetry (CV) and differential pulse voltammetry (DPV) pro-
duced current–potential curves (voltammograms) that contained background drift and signal noise. After applying baseline 
correction and peak extraction procedures, characteristic electrochemical peaks became distinguishable from the back-
ground signal. The corrected voltammograms enabled identification of peak currents associated with electroactive species 
present in the samples.

The extracted peak current relative to the baseline served as the analytical response parameter. Samples exhibiting 
higher peak current responses showed stronger electrochemical activity compared with samples with lower responses. 
DPV measurements provided clearer peak separation and improved signal-to-noise ratio compared with CV, making them 
more suitable for detecting low-concentration electroactive analytes.

These findings demonstrate that algorithm-assisted processing improves interpretation of voltammetric signals by 
reducing ambiguity caused by baseline drift and noise. The approach enables consistent extraction of electrochemical fea-
tures from raw measurement data and supports screening of cardiac biomarker responses.

Voltammetric data analysis

Raw voltammetry measurements produced current–potential curves containing background drift and measurement noise. 
Therefore, baseline correction and peak identification were performed prior to quantitative evaluation. Several baseline 
correction approaches, including polynomial fitting and asymmetric least squares (ALS), were evaluated to obtain a stable 
estimation of the background signal. After baseline subtraction, peak detection was conducted to locate the maximum 
Faradaic current corresponding to electroactive species. The peak-to-baseline current difference was extracted as the 
electrochemical response parameter.

Differential pulse voltammetry (DPV) measurements were used for analysis due to their higher sensitivity and clearer 
peak separation compared with cyclic voltammetry. For each dataset, the peak potential and peak current were deter-
mined from the corrected voltammogram. The analytical response was defined as the peak current relative to the baseline 
current.

Two representative DPV measurements were compared to evaluate differences in electrochemical response. The 
response values obtained from the measurements were contrasted to determine relative electrochemical activity between 
samples. The processed voltammograms and extracted peak characteristics are presented in Figs 5 and 6.

For each differential pulse voltammetry (DPV) measurement, the analytical parameter was defined as the peak current 
relative to the estimated baseline. The peak location was characterized by its potential coordinate (v) and current value 
(c), while the baseline level (b) was determined from the corrected voltammogram. The electrochemical response value 
(d) was calculated as the vertical distance between the peak current and the baseline.

To compare measurements, the response values obtained from different samples were evaluated relative to a pre-
defined response threshold. This threshold was used to categorize the electrochemical responses into lower-response 
and higher-response groups. Samples with response values below the threshold exhibited weak electrochemical activity, 
whereas samples with response values above the threshold showed stronger electrochemical activity.
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The classification reflects differences in electrochemical behavior associated with the presence of cardiac biomarker 
species rather than a clinical diagnosis. Table 2 summarizes the relationship between the response value and the corre-
sponding electrochemical response category derived from the analysis.

Fig 7 presents two representative differential pulse voltammetry (DPV) curves obtained from different samples. The first 
sample exhibits a smaller peak current relative to the baseline, indicating a weaker electrochemical response. In contrast, 
the second sample shows a higher peak current above the baseline, reflecting stronger electrochemical activity.

The separation between the two response levels demonstrates that the applied signal-processing procedure enables 
clear identification of peak features in the voltammograms. The higher response is consistent with increased electro-
chemical activity associated with the presence of cardiac biomarker species, whereas the lower response corresponds to 
weaker electrochemical activity.

Fig 5.  Result of analysis on the measured data (1).

https://doi.org/10.1371/journal.pone.0348348.g005

Fig 6.  Result of analysis on the measured data (2).

https://doi.org/10.1371/journal.pone.0348348.g006
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These results indicate that DPV measurements combined with baseline correction and peak extraction allow reliable 
differentiation of electrochemical response levels in the analyzed samples.

Data storage structure

Each voltammetry measurement consisted of raw electrochemical data and the corresponding processed ana-
lytical results. The stored information included the measurement configuration (cyclic voltammetry or differential 
pulse voltammetry), baseline estimation, peak location, and peak-to-baseline response value. To ensure traceabil-
ity of the analysis, the measurement data and processed parameters were organized in a structured data model, 
illustrated in Fig 8.

A relational data storage structure was used to maintain consistent linkage between raw measurements and extracted 
analytical features. This organization allowed each processed result to be traced back to its original measurement and 
enabled systematic comparison of electrochemical responses relative to a predefined response threshold.

Raw voltammetry measurements were stored as comma-separated datasets containing potential and current values for 
each measurement. For cyclic voltammetry (CV), a single dataset was sufficient for analysis because the complete cur-
rent–potential response was contained in one measurement sequence. In contrast, differential pulse voltammetry (DPV) 
required two datasets to enable comparison between reference and sample responses.

Table 2.  Comparison for threshold and current response.

Comparison Disease Likelihood Result

Current response > threshold High potential True

Current response <= threshold Low potential False

https://doi.org/10.1371/journal.pone.0348348.t002

Fig 7.  Analysis of the voltammetry data result.

https://doi.org/10.1371/journal.pone.0348348.g007
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Each dataset was processed to obtain baseline estimation, peak location, and peak-to-baseline response values. The 
processed analytical parameters were then linked to the corresponding measurement data to ensure traceability of the 
analysis. The response values were subsequently evaluated relative to a predefined response threshold in order to cate-
gorize the electrochemical activity level of the sample. This procedure allowed consistent comparison between measure-
ments without implying clinical diagnosis, and provided a structured interpretation of the electrochemical signals.

Voltammetric signal processing algorithms

Voltammetry measurements produce current–potential curves that often contain background drift and measurement noise. 
Therefore, signal processing was required before quantitative interpretation. Baseline correction algorithms were applied 
to estimate and remove the non-Faradaic background current. In this study, polynomial fitting and asymmetric least 
squares (ALS) methods were used to obtain a stable baseline estimation.

After baseline subtraction, peak detection was performed to identify the Faradaic current corresponding to electro-
active species. The peak height relative to the corrected baseline was extracted as the analytical response parameter. 
To improve signal clarity, smoothing procedures such as Savitzky–Golay filtering were applied prior to peak detection to 
reduce high-frequency noise while preserving peak shape.

These processing steps enabled reliable determination of peak potential and peak current from the voltammograms, 
which are standard parameters used to interpret electrochemical measurements.

Fig 8.  Data organization schema.

https://doi.org/10.1371/journal.pone.0348348.g008
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Cyclic voltammetry signal processing.  Cyclic voltammetry (CV) measurements were analyzed to identify oxidation 
and reduction peaks from the recorded current–potential curves. Prior to peak detection, baseline correction was 
performed to remove background current associated with capacitive and non-Faradaic processes. A second-order 
polynomial fitting method was applied to estimate the baseline across the potential range, and the estimated baseline was 
subtracted from the measured current to obtain a corrected signal.

Following baseline correction, peak detection was conducted to identify local maxima and minima corresponding to 
oxidation and reduction reactions. For each detected peak, the peak potential and peak current were extracted, and 
the peak height relative to the baseline was calculated as the analytical parameter representing the electrochemical 
response.

An example implementation of the analysis procedure is provided in Fig 9 to illustrate the computational workflow used in 
this study. The code serves as a reference implementation and does not replace the mathematical description of the method.

The cyclic voltammetry dataset consisted of paired potential and current values obtained from the measurement. 
Baseline estimation was first performed using a second-order polynomial fitting applied to the current–potential data. The 
estimated baseline was subsequently subtracted from the measured current to obtain a baseline-corrected signal suitable 
for peak analysis.

To improve baseline accuracy in different electrochemical regions, linear fitting was additionally applied to the initial and final 
portions of the voltammogram corresponding to oxidation and reduction segments. After baseline correction, peak detection 
was carried out on the corrected signal to identify local maxima and minima representing oxidation and reduction reactions.

For each detected peak, the peak potential and peak current were determined, and the peak height relative to the 
baseline was calculated. These extracted parameters describe the electrochemical response and were used for subse-
quent analysis of the voltammetric measurements.

Differential pulse voltammetry signal processing.  Differential pulse voltammetry (DPV) measurements were analyzed 
to extract electrochemical peak responses from the recorded current–potential data. Because DPV signals commonly contain 
background drift and asymmetric noise, baseline correction was performed prior to peak evaluation. An asymmetric least 
squares (ALS) method was applied to estimate the baseline by iteratively fitting a smooth curve to the non-Faradaic background 
current. The estimated baseline was then subtracted from the measured signal to obtain a corrected voltammogram.

Following baseline correction, peak detection was carried out to identify characteristic Faradaic peaks corresponding to 
electroactive species. For each peak, the peak potential and peak current were determined, and the peak height relative 
to the baseline was calculated as the analytical response parameter.

The extracted peak parameters were used to evaluate differences in electrochemical response between samples. An 
example implementation of the DPV signal-processing procedure is illustrated in Fig 10.

The differential pulse voltammetry data consisted of paired potential and current values obtained from the measure-
ment. Prior to analysis, the initial portion of the signal was excluded to minimize transient effects and measurement noise 
commonly present at the beginning of the acquisition. Baseline estimation was then performed using an asymmetric least 
squares (ALS) approach to model the non-Faradaic background current. The estimated baseline was subtracted from the 
measured current to obtain a baseline-corrected voltammogram.

Peak detection was subsequently applied to the corrected signal to identify the dominant Faradaic peak associated with 
electroactive species. For the detected peak, the peak potential and peak current were determined, and the peak height 
relative to the baseline was calculated as the analytical response parameter. These extracted values were used to charac-
terize the electrochemical response in the DPV measurements.

Computational processing environment

The signal-processing procedures were implemented in a centralized computational environment to ensure consistent 
analysis of voltammetry measurements. The processing workflow separated data acquisition from data analysis, allowing 
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Fig 9.  Example implementation of the CV signal-processing algorithm.

https://doi.org/10.1371/journal.pone.0348348.g009
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raw measurement data to be submitted to a processing unit where baseline correction, peak detection, and response 
extraction were performed.

This architecture enabled computationally intensive operations to be executed independently of the measurement 
device, ensuring stable processing performance and reproducible analytical results across different measurement ses-
sions. The overall processing workflow is illustrated in Fig 11.

The computational processing environment consisted of an analysis module and a structured data repository. Raw voltammetry 
measurements were submitted to the processing module, where baseline correction, peak detection, and response extraction were 
performed. The processed results were linked to the corresponding raw measurement data to maintain traceability of the analysis.

A relational database was used to store measurement metadata and extracted analytical parameters, while the raw and 
processed datasets were archived in external storage to preserve the original measurement records. This organization 
enabled repeated access to previously processed measurements without reprocessing the raw data and ensured consis-
tent evaluation across different measurement sessions.

Data submission and processing workflow

Measurement data were provided to the analysis system in the form of comma-separated files containing 
potential and current values. For cyclic voltammetry (CV), a single dataset was sufficient for analysis, whereas 

Fig 10.  Example implementation of the DPV signal-processing algorithm.

https://doi.org/10.1371/journal.pone.0348348.g010
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differential pulse voltammetry (DPV) required two datasets to enable comparison between reference and sample 
responses.

After submission, the datasets were validated to ensure appropriate format and completeness before analysis. The 
validated data were then processed through the analysis pipeline, which included baseline correction, peak detection, 
and extraction of peak parameters. Upon completion of processing, the analytical results were returned and presented as 
processed voltammograms with the corresponding extracted peak characteristics, as illustrated in Fig 12.

Result archiving and retrieval

Processed measurements were archived together with their corresponding analytical parameters to enable traceability of 
the analysis. Each stored record included the original voltammetry dataset and the extracted peak characteristics obtained 
after signal processing. The archived results could be retrieved to review the processed voltammograms and verify previ-
ously analyzed measurements without repeating the computational procedure.

The stored records provided a consistent history of analyzed measurements and supported comparison between differ-
ent datasets. An example of retrieved analysis output is shown in Fig 13.

Chart page.  For the chart system, we compared between four open-source libraries to see which library is most 
suitable for this case. The four libraries were: Recharts, Chart Js, Nivo, and Plotly. Because there are two types of data 
that are displayed (CV and DPV), the result is presented in a table to make it easier to read.

Chart testing.  Chart testing was conducted using one data file each for CV and DPV data. The data file used to test 
CV was ‘CV Ascorbid Acid - 2.csv’, while the data file used for testing DPV was ‘DPV Ascorbic Acid - 1.csv’. The testing 
involved displaying the charts for the CV and the DPV data on the website using the four previously defined frameworks, 
respectively. The testing environment was a blank webpage that only contained the chart displays to minimize distractions 
from external influences. Additionally, testing was conducted by comparing the output charts with benchmark charts 
obtained from the PSTrace software. This comparison was done to determine whether the output from the proposed 
software is accurate and how it performs relative to to the benchmark software.

Fig 11.  Processing workflow for voltammetric data analysis.

https://doi.org/10.1371/journal.pone.0348348.g011
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Fig 12.  Example output of processed voltammetry analysis.

https://doi.org/10.1371/journal.pone.0348348.g012

Fig 13.  Example of archived voltammetry analysis output.

https://doi.org/10.1371/journal.pone.0348348.g013
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The testing used the factors of chart completeness based on the material in the Chart section. These factors are:

1.	Annotation

2.	 Interactivity

3.	Parameter manipulation

The annotation factor indicates whether the chart allows for the addition of reference lines. The purpose of reference 
lines is to assist the user in seeing the difference between the peak and baseline values. This value is useful for determin-
ing whether an individual is at high or low risk of heart disease.

The interactivity factor indicates whether a text box containing an explanation of the actual values appears when a user 
hovers over the chart line. This aims to help users avoid misinterpreting data.

The parameter manipulation factor indicates whether the users can filter out lines displayed. For example, when two 
lines are displayed, filtering can be applied to show only one line. This aims to help users simplify complex charts for eas-
ier interpretation.

Based on Table 3, comparing Recharts, Chart Js, Nivo, Plotly, and PSTrace, we can see that Plotly was most suitable 
for our needs. Plotly has advantages related to annotation (reference lines) and to interactivity (details and parameter 
manipulation). Compared with the other software, Plotly is very capable regarding these factors, therefore, Plotly was 
selected as the software framework for this project.

CV result presentation.  Figs 14–17 present a visual comparison of cyclic voltammetry (CV) data rendered using four 
popular JavaScript charting libraries: Recharts, Chart.js, Nivo, and Plotly. These libraries were tested within the front-
end interface of the proposed web-based heart disease detection system to evaluate their effectiveness in visualizing 
electrochemical sensor data. The purpose of this comparison was to assess which charting tool best supports the 
presentation and interpretation of voltammetry data—specifically for clinical and diagnostic use, in this case detecting the 
cardiac biomarker cardiac troponin. Each library’s capability was evaluated based on three key criteria:

1.	Annotation support, such as reference lines to mark peaks and baselines.

2.	 Interactivity support, including the ability to display tooltips or additional information when users hover over data points.

3.	Parameter manipulation support, such as filtering data series for clarity.

The result demonstrated that Plotly offers the most comprehensive features, including interactive annotations and data 
filtering, making it the most suitable for accurate and user-friendly analysis of electrochemical voltammetry data. Thus, it 
was concluded that Plotly was the optimal choice for the front-end visualization framework for the proposed medical diag-
nostic system.

Recharts, as shown in Fig 14, supports basic annotation and hover interactivity but lacks parameter filtering features. 
While usable, the limited customization reduces its suitability for clinical diagnostic interpretation.

The Chart.js library, as shown in Fig 15, lacks built-in annotation and hover interactivity in its default configuration, 
which limits its effectiveness for identifying voltammetric peaks and baselines in biomedical applications.

Table 3.  Table of DPV data chart completeness test results.

No Factors Recharts Chart Js Nivo Plotly PSTrace

1. Annotation – reference lines Yes No No Yes No

2. Interactivity – details Yes No Yes Yes No

3. Interactivity – parameter manipulation No No No Yes No

https://doi.org/10.1371/journal.pone.0348348.t003
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Fig 14.  Visualization of cyclic voltammetry (CV) data using Recharts.

https://doi.org/10.1371/journal.pone.0348348.g014

Fig 15.  Visualization of CV data using Chart.js.

https://doi.org/10.1371/journal.pone.0348348.g015
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Fig 16.  Visualization of CV data using Nivo.

https://doi.org/10.1371/journal.pone.0348348.g016

Fig 17.  Visualization of CV data using Plotly.

https://doi.org/10.1371/journal.pone.0348348.g017
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The Nivo tool, as shown in Fig 16, offers improved interactivity over Chart.js, including tooltip support. However, it lacks 
annotation and filtering capabilities, making detailed analysis and result validation less intuitive for users.

Plotly, as shown in Fig 17, provides the most complete visualization features, including reference lines for annotation, 
interactive tooltips, and data filtering. These capabilities support precise identification of peaks and baselines, making 
Plotly the most suitable library for CV data visualization in clinical diagnostics.

DPV result presentation.  Figs 18–21 compare differential pulse voltammetry (DPV) data visualizations using four 
different JavaScript charting libraries: Recharts, Chart.js, Nivo, and Plotly. Each library was integrated and tested within 
the front end of the web-based diagnostic system to assess its suitability for accurately representing electrochemical 
sensor measurements, particularly the current response peaks and baseline signals critical for heart disease detection.

Fig 18 shows Recharts, which demonstrates a clean visualization with support for annotations and basic interactivity. 
However, its limited ability to manipulate parameters restricts its usefulness in isolating or comparing specific data series, 
which is often necessary for distinguishing diagnostic patterns.

Fig 19 shows Chart.js, which has the most minimal feature set. It lacks annotation support, hover-based data interac-
tivity, and filtering capabilities, making it the least suitable for diagnostic voltammetry applications, where precision and 
clarity are essential.

Fig 20 shows Nivo, which displays moderate performance with tooltip-based interactivity but still lacking essential 
features such as reference line annotations and parameter manipulation. This diminishes its capacity for in-depth interpre-
tation of DPV graphs, especially when baseline and peak differentiation is required.

Fig 21 shows Plotly, which provides the most comprehensive and diagnostically valuable visualization. It supports all 
critical features: interactive tooltips, reference line annotations, and parameter filtering. These afford users—particularly 
lab technicians and clinicians—enhanced ability to identify, analyze, and interpret peak voltammetric signals, which are 
essential for evaluating cardiac troponin concentrations and predicting heart disease risk.

Fig 18.  Visualization of DPV data using Recharts.

https://doi.org/10.1371/journal.pone.0348348.g018
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Fig 19.  Visualization of DPV data using Chart.js.

https://doi.org/10.1371/journal.pone.0348348.g019

Fig 20.  Visualization of DPV data using Nivo.

https://doi.org/10.1371/journal.pone.0348348.g020



PLOS One | https://doi.org/10.1371/journal.pone.0348348  May 13, 2026 23 / 28

The comparison demonstrated that Plotly is the most appropriate visualization library for use in medical diagnostic 
applications involving voltammetric data, due to its completeness, interactivity, and support for data exploration tasks rele-
vant to clinical analysis.

Testing for data analysis

Load testing.  Load testing was done to assess the speed, response time, reliability, and scalability of the system. This 
method identifies weak points and measures system performance under the load generated by multiple concurrent users. 
The tool used for this load testing was Locust. The load testing focused on two key application features that are frequently 
accessed by users: retrieving the list of measurements and opening the measurement detail page. The load testing was 
performed by simulating several concurrent users making requests to the server for these two key features, as shown in 
Table 4. The configuration for the load testing was as follows:

Concurrent users: 100 users, assuming the application is used by some special users such as lab technicians and 
some public users, as an initial test case.

Testing duration: 90 seconds, based on the average time users spend on a website, which is approximately 90 
seconds.

The load testing on the back-end system demonstrated high throughput and consistent performance, with a total 
of 16,074 requests processed in 90 seconds. The average response times were 330 ms for retrieving the list of mea-
surements and 410 ms for opening measurement detail pages, both maintaining a 100% success rate. The maximum 
response times were 1,280 ms and 1,314 ms, respectively, indicating the system’s capability to handle peak loads without 
significant performance degradation. These results confirm that the back-end system is robust, reliable, and scalable, 
efficiently supporting concurrent user requests.

Fig 21.  Visualization of DPV data using Plotly.

https://doi.org/10.1371/journal.pone.0348348.g021
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Discussion

Data visualization

Figs 22–25 provide a comparative overview of cyclic voltammetry (CV) and differential pulse voltammetry (DPV) outputs 
generated using the implemented web-based system versus those obtained from PSTrace, a widely recognized elec-
trochemical analysis software. The aim of this comparison was to validate the accuracy and diagnostic reliability of the 
visualization and baseline correction algorithms integrated into the proposed system, specifically in the context of cardiac 
biomarker detection.

Each figure demonstrates the capability of the system to render voltammetric data in a clinically meaningful way by 
emphasizing two key diagnostic elements: the peak signal and the baseline. These elements are critical for assessing 
current responses in the context of cardiac troponin measurement.

Table 4.  Testing configuration.

Request Parameter Value

GET/api/measurements Total number of requests 8,050

Average response time 330 ms

Success rate 100%

Maximum response time 1,280 ms

GET/api/measurements/{id} Total number of requests 8,024

Average response time 410 ms

Success rate 100%

Maximum response time 1,314 ms

https://doi.org/10.1371/journal.pone.0348348.t004

Fig 22.  CV result generated by the implemented system.

https://doi.org/10.1371/journal.pone.0348348.g022
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Fig 22 shows that the voltammogram displays multiple peaks with visible baseline shifts, indicating that while the key 
features are detectable, further refinement of the polynomial fitting algorithm may be necessary to achieve cleaner peak 
resolution, especially for redox peak pairs.

Fig 23 shows well-resolved oxidation and reduction peaks with minimal baseline distortion, providing a sharper and 
more accurate voltammogram. The baseline stability in PSTrace served as a benchmark for evaluating the visual quality 
of the CV rendering in the proposed system.

Fig 24 shows that a distinct single peak is clearly visible, with the baseline appropriately corrected using the ALS algo-
rithm. The peak’s visibility and shape demonstrate that the implemented system is effective for DPV data analysis, sup-
porting accurate detection of a low-concentration analyte such as cardiac troponin.

Fig 25 illustrates a similarly sharp and stable single peak with a well-defined baseline. The similarity to Fig 24 confirms 
that the system’s implementation of ALS-based correction and peak detection is in close alignment with established ana-
lytical software.

Analysis visualization

The cyclic voltammetry (CV) analysis algorithm was developed based on the methodology described in the correspond-
ing subsection. For validation, identical datasets were processed using both the proposed algorithm and the reference 

Fig 23.  CV output using PSTrace.

https://doi.org/10.1371/journal.pone.0348348.g023
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software, PSTrace. The comparison indicates that the baseline estimated by PSTrace demonstrates higher accuracy and 
stability compared to that produced by the implemented CV algorithm, particularly in handling baseline drift.

For differential pulse voltammetry (DPV), the same evaluation approach was applied using identical datasets. The 
baseline generated by the proposed DPV algorithm, based on asymmetric least squares (ALS), shows close agreement 
with the baseline obtained from PSTrace. This consistency suggests that the implemented DPV approach is reliable for 
baseline estimation and peak interpretation.

Accurate baseline estimation is essential in voltammetric analysis, as it directly affects the extraction of peak- 
to-baseline current responses, which serve as key indicators of electrochemical activity associated with cardiac biomark-
ers. Therefore, the observed agreement in DPV baseline estimation supports the robustness of the proposed method for 
interpreting electrochemical signals.

Chart

Based on the comparison presented in Table 3, Plotly provides the most comprehensive set of features required for the 
proposed system, particularly in terms of annotation, interactivity, and parameter manipulation. Compared to other librar-
ies such as Recharts, Chart.js, and Nivo, Plotly offers superior capabilities for visualizing voltammetric data in a clear and 
interpretable manner.

Furthermore, when benchmarked against PSTrace, Plotly demonstrates comparable—and in some aspects 
enhanced—functionality, especially in supporting interactive exploration and dynamic visualization of electrochemical sig-
nals. These features are essential for accurately identifying baseline levels and peak characteristics in voltammetry data.

Therefore, Plotly was selected as the primary charting library due to its completeness, flexibility, and suitability for sup-
porting analytical and diagnostic visualization within the proposed system.

Fig 24.  DPV result generated by the implemented system.

https://doi.org/10.1371/journal.pone.0348348.g024
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Conclusion

This study presents the development of a web-based system that transforms raw voltammetry data into interpretable diag-
nostic information for early detection of cardiovascular conditions. By integrating electrochemical sensing techniques with 
cloud-based data management and interactive visualization, the system enables reliable estimation of cardiac biomarker 
responses, particularly cardiac troponin.

The proposed framework combines automated signal-processing methods—including baseline correction, peak detection, and 
current-response extraction—with a scalable web architecture. The back-end implementation using FastAPI and PostgreSQL 
demonstrates robust performance in handling large volumes of electrochemical data, while the React-based front end with Plotly 
visualization provides an intuitive and interactive interface accessible to both clinical practitioners and non-expert users.

The results highlight the effectiveness of algorithm-assisted interpretation in reducing noise, minimizing operator- 
dependent variability, and improving the reproducibility of voltammetric analysis. By converting complex electrochemical 
signals into structured and interpretable outputs, the system addresses a critical gap between biosensor data acquisition 
and actionable clinical insight. In addition, the platform supports remote data access and monitoring, which is essential for 
improving early screening and preventive healthcare strategies.

Fig 25.  DPV output using PSTrace.

https://doi.org/10.1371/journal.pone.0348348.g025
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Future work will focus on enhancing the accuracy of voltammetric signal interpretation through advanced baseline 
correction approaches, including adaptive and machine learning-based methods. Furthermore, integration with real-time 
data streams from mobile or wearable biosensors will enable continuous cardiac monitoring in home-care settings. The 
incorporation of electronic health record (EHR) systems and clinical decision-support modules is also expected to further 
improve the system’s applicability, scalability, and impact in broader healthcare environments.
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