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 A B S T R A C T

The current approach of Therapeutic Drug Monitoring (TDM) relies on blood analysis to closely monitor drugs 
with a narrow therapeutic window. This method is uncomfortable for the patient and time-consuming and 
therefore challenging for frequent monitoring. Electrochemical analysis in sweat is a promising alternative, 
as sweat sensors are non-invasive and can continuously measure drug concentrations. This study explores 
novel techniques to improve the analytical performance of voltammetric sensors for TDM in a sweat matrix. 
Methotrexate (MTX) is selected as the model analyte as it is a widely used therapeutic drug for treatment 
of cancer, rheumatoid arthritis, among other disorders. Changes in pH and interference from amino acids 
originating from sweat have been shown to impact the measurement of target drugs such as MTX. Herein, an 
algorithm is developed to compensate for potential pH fluctuations in sweat by using the relation between 
the pH level and the peak potential of the electro-oxidized analyte to estimate the pH and calculate the 
concentration of the analyte. Additionally, an algorithm was developed to separate peaks of distinct amino 
acids with a similar oxidation potential as MTX. The algorithm uses Gaussian fitting for subtracting and linear 
discriminant analysis (LDA) to identify the peak related to the analyte. The results demonstrate that the 
algorithms are effective for the detection of MTX and present an approach to compensating for sweat matrix-
related interferences in wearable sweat sensors, driving development for low-cost continuous therapeutic drug 
monitoring.
1. Introduction

Therapeutic Drug Monitoring (TDM) is the clinical method of opti-
mizing drug dosage to maximize therapeutic effectiveness while mini-
mizing the risk of toxicity. It involves measuring the concentration of 
specific drugs in biological fluids, traditionally blood, where the con-
centration is correlated with the administered dose. TDM is particularly 
crucial for drugs with narrow therapeutic windows, where even minor 
fluctuations in drug concentration can lead to insufficient dosing or 
severe adverse effects [1]. Despite its clinical importance, current TDM 
methods are invasive for patients and have logistical challenges and 
high costs [2]. Sweat is a convincing alternative for TDM via blood. It 
is produced continuously and can reflect drug concentration changes 
over time, making it ideal for real-time monitoring through wearable 
technologies. A promising technique for wearable sensors is electro-
chemical sensing [3]. Among the various electrochemical techniques, 
voltammetry can be used to detect electroactive drugs in sweat without 
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relying on recognition elements [4]. Square wave voltammetry allows 
for fast quantitative detection of a large range of substances [5,6]. 
However, there are also challenges in voltammetric sensing such as: (I) 
the submicromolar concentration of drugs in sweat [7,8], (II) temper-
ature influences (although often relatively linear) [9], (III) interfering 
substances such as electrolytes, metabolites, drugs, trace metals, hor-
mones, and proteins, that can cause redox peaks in the voltammogram, 
which may overlap with the peak from the analyte of interest [7], 
and (IV) Sweat pH, which can range from 2 to 8 [10], adds another 
layer of complexity. The pH of the matrix significantly influences the 
electrochemical behavior of many target drugs non-linearly, making it 
difficult to predict and compensate for these changes [11].

To overcome these challenges, several strategies have been de-
veloped. A common approach to remove interfering substances is to 
modify the electrode surface by adding functional coatings or altering 
the material composition to improve selectivity and sensitivity. These 
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modifications can help shift the sensor’s detection window away from 
regions where interfering substances are most active [12,13]. Another 
strategy employed for the pH variation in sweat involves buffering the 
solution to stabilize the pH before electrochemical analysis [14]. While 
these approaches have shown promising results, they are complex and 
would increase the cost and complexity of a wearable device.

Instead of physical solutions to tackle challenges originating from 
matrix pH influences and interfering substances, this article focuses on 
advanced digital approaches to derive the concentration of the analyte 
for the square wave voltammogram with varying pH. Approaches such 
as machine learning can be implemented to identify the analyte and its 
concentration, in the presence of interferents, based on the complete 
voltammogram. Techniques that have been implemented for voltam-
metric sensing range from straightforward linear regression to more 
complex models like neural networks to identifying and predicting con-
centrations of different analytes in vivo [15,16]. Other, more concise 
techniques such as principal component analysis (PCA) [17–21], par-
tial least squares regression (PLSR) [22–24], support vector machines 
(SVM) [25,26] and linear discriminant analysis (LDA) are typically used 
for voltammogram feature extraction, such as peak voltage and current, 
and classification of undesirable molecules [18,27,28]. While all these 
approaches were considered, LDA was selected for peak classification 
due to its ability to rigorously separate two classes by features, such as 
peak current and potential, thus separating the analyte from interfering 
substances. Though both LDA and SVM are suitable for this task, LDA 
provides a more straightforward and effective solution for resolving 
overlapping peaks in this application by effortlessly multiplying the 
features with the LDA eigenvalues to classify the peaks [29].

This work presents new digital strategies to interpret square wave 
voltammograms for quantitative detection of pharmaceuticals in sweat 
with a varying pH and interfering substances present. The drug
Methotrexate (MTX) is chosen as a first use case for development 
of the models. MTX was selected because TDM is widely applied 
for personalized MTX treatment of psoriasis, rheumatoid arthritis and 
cancer patients [30] and it is proven to be excreted in sweat [31]. First 
the voltammetric detection strategy of MTX in buffer is introduced. 
pH influences are mapped out and interfering substances in sweat are 
identified and characterized. Second, the algorithm for pH influences 
is presented and tested with samples of MTX in buffer solution at 
different pHs. In the third part, the algorithm for peak identification 
and quantification in the presence of interferents is explained and test 
results are shown. The fourth part presents the first validation study 
of the algorithms in real sweat samples spiked with MTX. The work 
concludes with the implementation of the voltammetric sensor and the 
new algorithms in a wearable system. Although traditionally matrix 
issues such as the interference of other substances are addressed with 
chemical changes of either the electrode surface or the buffers, this 
work focuses on improved digital interpretation of the voltammograms 
without chemical aids. The tailored algorithms developed in this work, 
using machine learning approaches, show promising results in improv-
ing the development of low-cost voltammetric sweat sensor systems for 
TDM.

2. Experimental section

Reagents and materials

Methotrexate disodium (MTX) (99.35% purity) was purchased from 
Haihang Industry Co., (Shandong, China), and L-tryptophan was pur-
chased from (Pharmacia & Upjohn Company, United States). The solu-
tions were created using double-deionized water (18.2 MΩ/cm) (Milli-
Q, Merck Millipore).

A phosphate-buffered saline (PBS) solution at pH 7.4 was prepared 
with potassium chloride and potassium phosphate from Sigma-Aldrich 
(Belgium), and Britton–Robinson buffer (20 mM) with pH levels of 2 
to 8 were prepared with sodium borate, sodium acetate and sodium 
2 
phosphate from Sigma-Aldrich (Belgium). 100 mM potassium chloride 
was added. The pH of the buffer solution was adjusted to the de-
sired level using potassium hydroxide and hydrochloride solutions. The 
pH was measured with a pH meter (914 pH/Conductometer, model 
2.914.0020, Metrohm, Herisau, Switzerland).

Voltammetry measurements were performed, and the sweat sample 
pH was measured (potentiometry) with custom-made screen-printed 
electrodes (SPEs) containing carbon (C2030519P4) working and
counter electrodes and silver/silver chloride reference electrodes
(C2040308P2) of Sun Chemical, United States. Polyethylene terephtha-
late (PET, 125 μm) was used as a substrate. For the pH measurement, 
the electrodes are modified with aniline and HCl (Sigma-Aldrich, 
Belgium) following the protocol as described in previous work [32].

Sweat samples were provided by healthy volunteers (male and 
female, 30–65 years old) during a regular 1.5 h outdoor running 
exercise. The skin was cleaned with deionized water and the sweat 
was collected using an absorbent patch (Cutisoft, BSN Medical, The 
Netherlands, collection area: 25 cm2) that was covered with Parafilm 
(Sigma-Aldrich, Belgium) and attached to the skin at the medial lower 
back with Fixomull (BSN Medical, The Netherlands). The sweat was 
extracted from the absorbent with a 5 ml syringe and stored at −18 ◦C. 
Sweat tests were approved by the Human Ethics Research Committee 
of Delft University of Technology.

Instrumentation and apparatus

Voltammetry and potentiometry were conducted using a MultiPalm-
Sens4 and EmStat4R potentiostat (PalmSens, The Netherlands). Square 
wave voltammetry was performed within a potential range of −0.1 
to 1.5 V, with a step potential of 5 mV, an amplitude of 25 mV, 
and a frequency of 10 Hz. The voltammetric measurements in buffers 
described in this manuscript contained 100 mM KCl solution.

Electrochemical analysis

Matlab was utilized to analyze the data and develop the algorithms 
(MathWorks, United States).

Wearable system

For this study, a wearable system has been developed. The poten-
tiostat generally consists of a microcontroller controlling a negative 
feedback control loop and a transimpedance amplifier (TIA) connected 
with a digital-to-analog converter (DAC) generating the waveforms. 
The output is fed to an analog-to-digital converter (ADC) to the mi-
crocontroller for analysis [33]. This design is reproduced with the 
following components: STM32L432 microcontroller (STMicroelectron-
ics, Switzerland), ADA4500-2 OPAMP (Analog Devices, United States), 
DAC70502 DAC (Texas Instruments, United States) and ADS7946 ADC 
(Texas Instruments, United States) assembled on a (printed circuit 
board) PCB and programmed with the STM32CubeIDE (STMicroelec-
tronics, Switzerland). The system outputs the concentration via USB to 
a serial terminal on the PC.

3. Results and discussion

In the following section, we present and discuss the key findings of 
this study. First, the voltammetric detection of MTX is demonstrated 
and followed by an in-depth analysis of the impact of pH variations on 
the electrochemical response. Second, a novel compensation algorithm 
is introduced that corrects for variations in sweat pH. Additionally, the 
challenge of signal interference from amino acids is explored and a 
Gaussian fitting and linear discriminant analysis (LDA)-based approach 
for isolating the MTX signal is developed. The robustness of these 
algorithms is assessed using real sweat samples. Finally, the algorithms 
are implemented on a wearable system, and the feasibility of real-
time therapeutic drug monitoring is discussed. The results highlight the 
potential of advanced digital processing techniques in the voltammetric 
detection of MTX with wearable sweat sensors.
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Fig. 1. Challenges of measuring MTX. (A) Pre-processed square wave voltammogram (SWV) of the antineoplastic drug methotrexate, which includes baseline 
compensation and selecting a detection window. (B) SWVs of increasing concentrations of MTX (5 μM–100 μM) in PBS 7.4. (C) The calibration curve shows a linear 
relationship between peak current and the concentration of MTX. (D) Effect of pH on the peak potential and peak current of 100 μM MTX in Britton-Robinson 
Buffer (pH 3–7). (E) The linear relationship of the peak current and the concentration of MTX at various pH levels. (F) Interferent study using 10 μM tryptophan 
as the main interferent in human sweat with various concentrations of MTX in PBS 7.4 with 0.1 M KCl. The resulting voltammograms highlight the peaks 
corresponding to both tryptophan and MTX.
3.1. Voltammetric detection of methotrexate

First, SWVs of MTX standards in PBS buffer pH 7.4 were recorded. 
Fig.  1A depicts the raw voltammogram of 5 μM MTX exhibiting an 
increased capacitive current upon increasing voltage. To obtain a clear 
view of the Faradaic currents occurring during the electrochemical 
oxidation of MTX, a preprocessing step is needed to enhance the sensing 
concept’s analytical capabilities (Fig.  1A). A baseline compensation 
removes the capacitive current, which can differ slightly for every 
measurement and influence the measured peak current. The base-
line compensation algorithm iteratively compares each point 𝑎𝑖 in the 
voltammogram with the average of its two neighboring points (𝑏𝑎𝑣𝑔) If 
𝑎𝑖 is lower than 𝑏𝑎𝑣𝑔 , it remains unchanged; otherwise, it is replaced 
with 𝑏𝑎𝑣𝑔 . This process continues until no further points are updated 
or until a predefined maximum number of iterations is reached [34]. 
The window targets the redox process link to the analyte, and for 
MTX, it starts at 0.4 V and stops at 1 V. A continuous calibration 
of MTX in PBS 7.4 was performed from 5 μM to 100 μM (Fig.  1B). 
Fig.  1C shows the linear relation between the peak height and the 
concentration of MTX. The calibration curve using SPEs exhibits a 
slope of 0.00878 μA/μM, a LOD of 2.13 μM, a LOQ of 6.46 μM and 
excellent reproducibility of a maximum 4% standard deviation (SD) in 
peak current (N = 3). Mader et al. found a maximum concentration 
of MTX in sweat during high-dose therapy with MTX of around 3.7 
μM (N = 5) [31]. The lowest concentration of 5 μM MTX in Fig.  1 is 
due to the reproducibility of the electrode, which limits the reliable 
measurement of concentrations below 5 μM MTX. Therefore, future 
work should include the application of electrode modifications to lower 
MTX detection limits and sensitivity.

The pH of human sweat can dramatically change depending on the 
physiological conditions of the person. Therefore, it is highly relevant 
to study the effect of pH on the MTX response as different pH in sweat 
can significantly affect the MTX measurement. Fig.  1D shows the peak 
current and potential shift of the MTX oxidation peak (100 μM) at 
different pHs (i.e. pH 3, 4, 6 and 7). The peak potential considerably 
shifts toward lower potential upon alkaline pHs. When performing a 
calibration curve at each pH condition, the linear relation between 
3 
the peak current and the concentration is intact despite the changes 
in the slope and intercept (Fig.  1E). The slope and intercept between 
the varying pH levels have a non-linear relation, which probably orig-
inates from the deprotonation of MTX at 5.48 pKa [35], showing the 
complexity of pH effects on the voltammogram of MTX.

Another challenge with detecting MTX in sweat is the interference 
with other substances. The voltammogram of the amino acids tyrosine 
and tryptophan exhibits oxidation potentials similar to those of MTX 
(Fig.  1B and Figure S1). Changing concentrations of these amino acids 
in sweat increase the complexity of identifying the oxidation peaks 
originating from MTX. For our case study, tryptophan was selected 
as it is the closest electroactive interferent to the peak potential of 
MTX. Fig.  1F shows the voltammograms of binary mixtures of various 
concentrations of MTX and 10 μM tryptophan, which is the average 
concentration in sweat according to [36]. The amino acid has a slightly 
lower oxidation potential, resulting in overlapping peaks of MTX and 
tryptophan. The existing curve is a bell curve, a standard SWV curve 
with a shoulder on the left. As MTX increases, the peak related to MTX 
rises and becomes dominant. Thus, the oxidation process of this amino 
acid interferes with the voltammogram of MTX. An equivalent reaction 
occurs with tyrosine, but distinguishing it from MTX is easier, due to 
tyrosine’s lower oxidation potential (Figure S1).

3.2. Compensation for pH effects

Compensating for pH effects of the sweat matrix is challenging 
due to the non-linear relationship between the slope and intercepts of 
the continuous calibration curves at different pH levels. The follow-
ing strategy is developed: In step 1 (Fig.  2A), the voltammogram is 
recorded. Second, the voltammogram is preprocessed, using baseline 
correction (step 2 Fig.  2A). Subsequently, the pH is estimated using the 
peak potential, which exhibits a linear relation with different pH levels 
at a fixed MTX concentration (step 5 Fig.  2A and B). In step 6, Fig. 
2A a lookup table is used to acquire the ratio between peak current 
and MTX concentration, corresponding to that pH level, and together 
with the peak current, the MTX concentration can be estimated (step 7 
Fig.  2A). Notably, while the linear relation between the peak potential 
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Fig. 2. pH Algorithm. (A) The algorithm determines the concentration using a 
voltammogram’s peak current and peak potential. (B) The graph illustrates the 
relationship (both linear and logarithmic) between pH and the peak potential 
shift for 10 μM MTX. C and (D) Relationship between the slope and intercept 
with different concentrations of MTX. (E) The concentration can be estimated 
based on the magnitude of the peak current, averaged over the pH range of 2 
to 8.

and pH holds for a fixed MTX concentration, there is a logarithmic 
relationship between the peak potential and pH across various MTX 
concentrations (Fig.  2C and D). This logarithmic relation is in steps 3 
and 4 in Fig.  2A utilized for adjusting the pH due to higher or lower 
concentrations of MTX by using the peak current as an index (Fig. 
2E) for the MTX concentration. Using these 7 steps, this algorithm can 
effectively compensate for the effect pH has on the MTX measurements. 
The implementation of the pH algorithm is provided in Listing 1 in the 
Supplementary Information.

The pH algorithm was tested using three SPEs with 7.5 μM MTX at 
pH 2 to 8. Based on the raw voltammograms, the pH level was predicted 
and the MTX concentration was calculated for each pH level at all SPEs. 
The absolute error between the known concentration of 7.5 μM MTX 
and the mean concentration derived by the algorithm was calculated 
(Table  1).
4 
Table 1
pH algorithm 7.5 μM MTX estimation results of 3 SPEs.
 pH SPE A SPE B SPE C SD Mean Mean pH Absolute  
 (μM) (μM) (μM) error (μM) 
 2 7.26 8.71 7.99 0.77 7.99 1.88 0.49  
 3 8.04 7.14 7.93 0.45 7.70 2.87 0.20  
 4 6.25 6.01 5.45 1.63 5.90 4.13 1.60  
 5 6.18 6.60 6.62 1.05 6.47 5.27 1.03  
 6 6.68 6.68 8.37 0.84 7.24 6.38 0.26  
 7 7.36 6.68 7.44 0.48 7.16 6.82 0.34  
 8 5.71 4.88 5.26 2.24 5.28 7.49 2.22  

According to the results, the algorithm’s estimation shows a good 
performance. The mean estimated concentration for all pHs is 6.82 μM 
with a SD of 0.98 μM. The highest error with respect to the known 
concentration is found at pH 4 and 5, which may originate from 
variations in electrode surface of the SPEs, measurement flaws, or a 
combination of both, which is similar for pH 8, where this results in a 
slightly off pH estimation. This results in a pH mismatch and lower con-
centration estimation. Despite these measurement and reproducibility 
errors, the algorithm itself remains reliable. This is supported by the 
fact that the pH conditions showing the largest concentration errors 
also show the highest deviation in the measurements. Therefore, the 
errors reflect limitations in the measurements rather than shortcomings 
of the algorithm. Nevertheless, the algorithm performs very well (errors 
below 0.5 μM) on the other pH estimations.

By including steps 3 and 4 of the pH algorithm, the algorithm 
estimates the pH 14% more accurately than without those steps. Fur-
ther, step 6 contains a look-up table to select the ratio between peak 
current and MTX concentration for that pH level (Figure S2). Finding a 
representative relation is challenging due to the deprotonation of MTX, 
which arguably has a type of S-shape; however, more measurements 
at more pHs are necessary to confirm this trend and include it in the 
algorithm.

Overall, the algorithm shows good performance, and whenever a 
clear and measurable signal is obtained, the algorithm reliably cal-
culates the pH and MTX concentration, indicating that the method is 
limited by the in-house screen-printed electrodes. Thus, the algorithm 
could become more robust and accurate when increasing (i) the repro-
ducibility of the SPEs and by finetuning the SPE fabrication process (ii) 
adding extra pH measurements to improve the look-up table to enhance 
the accuracy in estimating the MTX concentration at different pH levels.

3.3. Peak identification in the presence of interferents

Sweat is an interesting biofluid rich in physiological information. 
Sweat can contain levels of therapeutic drugs as well as other
biomolecules that can interfere with the sensing of the analyte of 
interest. First, a research into the state of the art showed that tyrosine 
and tryptophan are present in sweat at μM levels [36] and oxidation re-
actions of these substances will potentially interfere with the oxidation 
of MTX [12]. To verify this assumption, square wave voltammetry was 
performed with sweat samples obtained from subjects by the absorbent 
patch method during the sports exercise (Figure S5). The SWV profile 
showed redox peaks at 0.716 V and 0.691 V, potentially due to the 
electro-oxidation of amino acids at the carbon SPE around pH 7.4. To 
verify this, standards of 50 μM of the possible electroactive interferents 
(tryptophan, methionine, tyrosine, histidine, cysteine, proline, ascorbic 
acid, uric acid) in acetate buffer with pH 5 were analyzed with the SPE. 
Figure S1 shows that ascorbic acid, uric acid, tryptophan and tyrosine 
showed prominent peaks in the recorded potential window. Tryptophan 
and Tyrosine showed peaks (at 0.77 V and 0.75 V) that overlap with 
the peak potential window of MTX at pH 7.4 (mean 0.78 V from 1 to 
100 μM). Additionally, tryptophan and tyrosine were mixed with MTX 
to assess their interference in PBS at pH 7.4 (Figure S1B), revealing 
significant overlap with MTX. To enable reliable quantitative detection 
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Fig. 3. Interference algorithm. (A) The voltammograms of 100 μM MTX in PBS at pH 7.4 with 0.1 M KCl show a perfect Gaussian fit. (B) Gaussian fit procedure 
of 10 μM Tryptophan and 5 μM MTX at pH 7.4 with 0.1 M KCl. (C) Fitted Gaussian and the curve related to 5 μM MTX, which is the Gaussian subtracted from 
the pre-processed voltammogram. (D) The peak location of the peaks related to MTX and tryptophan.
of MTX in the presence of these interferents, a tailored algorithm was 
made. The main advantage of the proposed algorithm is that it is specif-
ically made for analyte detection in sweat. Most existing algorithms 
do not account for varying pH conditions and the presence of sweat 
interferents. Unlike existing methods, our algorithm integrates baseline 
correction, interference removal (via LDA), and pH compensation in 
a single framework. This enables more reliable identification of the 
MTX peak under realistic, variable sweat conditions. Fig.  1F shows 
the SWV of tryptophan with MTX, resulting in an overlapping signal 
with two peaks or a shoulder. The location of the shoulder peak in the 
voltammogram can be identified by differentiating the voltammogram 
once or twice (Figure S3). The resulting shoulder height identified by 
the derivative can be used to estimate the MTX concentration. Another 
method is to fit a Gaussian curve. An algorithm is developed to fit 
a Gaussian curve on SWVs of varying tryptophan concentrations and 
identify the MTX concentration. Fig.  3A shows that 100 μM MTX nearly 
flawlessly fits a Gaussian curve. The Gaussian formula consists of the 
amplitude, shift, and width of the curve. Fig.  3B shows the procedure 
for fitting a Gaussian curve on a signal. First, the dominant peak is 
located for the amplitude and shift for the curve fitting. Secondly, 
the width or standard deviation of the Gaussian is increased during 
iterations until it reaches the boundary of the signal. Third, the curve 
is subtracted from the signal, resulting in a curve related to the MTX 
concentration (Fig.  3C). The peak height of the related MTX curve 
gives a valid estimation of the MTX concentration. The last part of 
the procedure is to identify the peak of MTX with linear discriminant 
analysis (LDA).

LDA is a machine-learning algorithm that maximizes the ratio of 
overall variance to within-class variance to expand the separation be-
tween classes. In the training data, tryptophan and MTX are the classes, 
5 
and the peak currents and potentials are the features. The peak poten-
tial is an applicable parameter because MTX has a higher peak potential 
than tryptophan and tyrosine. However, increasing concentrations in 
both MTX and tryptophan show an increase in both the peak current 
and peak potential (Fig.  1B). The peak current can, therefore, be uti-
lized differentiate to increase the spread between MTX and tryptophan 
(Fig.  3D). Moreover, LDA uses the between-class variance, the same as 
the covariance of the data set whose members are the mean vectors of 
each class, and the mean sum of the classes’ covariance matrices. LDA 
divides these matrices to maximize the separation [29]. Projecting the 
data onto the significant eigenvector of the new matrix divides the data 
(Figure S4). New data is multiplied with this vector to classify it as MTX 
or tryptophan. The algorithm uses the coefficients of the linear equation 
of Fig.  1C to transform the peak currents to concentration MTX.

The interference algorithm is applied to the measurements of three 
SPEs varying in MTX and tryptophan. The tryptophan range is accord-
ing to the concentrations in sweat [36]. The LDA algorithm is trained on 
the mean values from the first 15 measurements. After that, it is applied 
to the individual electrodes and shows 100% accuracy in identifying 
MTX. To validate the algorithm, a verification set is made (the last 
five measurements in Table  2), where the algorithm can successfully 
separate and identify the MTX-related peaks. The implementation of 
the interference algorithm is provided in Listing 2 in the Supplementary 
Information.

The Gaussian fitting algorithm adds additional complexity but is 
preferred over the approach that uses derivative(s) to identify the 
shoulder. This last technique introduces additional challenges as well, 
mainly due to the increased noise in both the first and second deriva-
tives. Developing an algorithm that first smooths the signal before 
locating the shoulder, especially in the presence of multiple local 
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Table 2
Results interference algorithm.
 Concentration Concentration SPE A SPE B SPE C SD Mean Absolute  
 tryptophan (μM) MTX (μM) (μM) (μM) (μM) error (μM) 
 

5

5 6.19 7.36 7.40 1.19 6.99 1.99  
 10 12.99 12.55 13.86 1.84 13.13 3.13  
 15 14.94 14.69 14.95 0.11 14.86 0.14  
 20 19.35 19.29 18.92 0.48 19.19 0.81  
 25 23.98 25.01 23.44 0.62 24.14 0.86  
 

10

5 7.22 7.12 7.77 1.38 7.37 2.37  
 10 10.44 10.57 10.71 0.34 10.58 0.58  
 15 15.66 13.79 12.41 0.98 13.95 1.05  
 20 20.35 20.69 20.73 0.35 20.59 0.59  
 25 25.00 25.20 24.76 0.11 24.98 0.02  
 

20

5 7.47 9.37 10.83 2.56 9.22 4.22  
 10 14.93 12.03 14.31 2.28 13.76 3.76  
 15 17.52 17.97 14.05 1.34 16.51 1.51  
 20 23.18 21.83 15.98 1.81 20.33 0.33  
 25 33.21 27.07 20.25 3.24 26.84 1.84  
 15 5 7.65 8.94 8.86 2.04 8.48 3.48  
 5 15 16.36 16.69 16.64 0.91 16.56 1.56  
 7.5 7.5 8.72 9.61 10.18 1.21 9.50 2.00  
 15 15 16.29 17.62 18.09 1.42 17.33 2.33  
 20 25 25.76 27.52 26.69 1.04 26.66 1.66  
minima and maxima, further complicates the process. After smoothing, 
the derivative is applied to identify the peak or shoulder height related 
to MTX. Hereafter, the concentration of MTX can be calculated using 
the coefficients of the linear equation shown in Fig.  1C. However, a 
challenge arises when dealing with low MTX concentrations (e.g. 5 μM) 
and high tryptophan concentrations (e.g. 15 μM), where the shoulder 
may not be detected due to the derivative showing no local minima or 
maxima, probably due to a low signal to noise ratio. For the Gaussian 
fit (Table  2), the error is generally for low concentrations MTX and 
high concentrations tryptophan incorrect, similar to the problems the 
derivative detection faces. However, the error in this approach is 
significantly higher than the Gaussian fit algorithm, underscoring the 
exactness of the latter (Table S2).

Overall, the Gaussian fit algorithm proved to work when peaks 
partially overlap, and a shoulder is perceptible or when there are two 
peaks. It shows excellent results with low error at higher concentra-
tions. The larger absolute errors mainly occur in samples with low MTX 
concentrations and high tryptophan levels, where the peak separation 
becomes unreliable. In addition, the variability between electrodes 
affects reproducibility, which also results in occasional higher aver-
age error. Further research is required for concentrations lower than 
5 μM MTX, usually found in sweat. However, in cases where the 
electrodes produced a clear and measurable MTX-related signal, the 
algorithm successfully identified the peak. This means the algorithm 
is already capable of handling lower concentrations if the input signal 
quality is sufficient. In future work, the in-house screen-printing process 
should be further optimized to achieve reliable measurements below 
5 μMM. This can be accomplished by increasing electrode sensitivity 
and reproducibility, for example by using higher-quality prints with 
larger surface area and improved surface consistency. Additionally, 
changing the pH affects the peak potential (Fig.  1D pH effects). In this 
study, the results are obtained from tryptophan and MTX at pH 7.4. 
Unfortunately, for tryptophan, peak potential shift due to pH does not 
have a similar relation as that of MTX, resulting in perfectly aligned 
peaks around pH 6 (Figure S6). The algorithm cannot yet differentiate 
between the two, and other techniques should be employed. A possible 
solution is to use a buffer reservoir to change the pH of the sweat before 
applying electrochemical analysis, similar to the method described in 
literature [32].

3.4. Validation with sweat samples

Sweat was spiked with MTX to validate the pH and interference 
algorithms together. First, the voltammogram is preprocessed. Second, 
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the Gaussian fitting algorithm extracts the MTX-related peak. Last, the 
pH algorithm estimates the pH from the peak potential and uses this 
to select the proper slope to calculate the MTX concentration. Fig. 
4A shows a sweat sample with pH 7.35 and 5 μM MTX. Fig.  4B and 
C show the same sweat sample spiked with 10 μM MTX spiked but 
with different electrodes. Finally, in Fig.  4D, 10 μM MTX was spiked 
in another sweat sample. The sweat samples had slightly different 
pH levels, 7.35 and 7.51. Nevertheless, the figures show a similar 
curve to the solution with tryptophan and MTX in buffer, including an 
MTX-related shoulder.

The Gaussian algorithm effectively fits a Gaussian curve to the 
signal, subtracting it to isolate the MTX-related peak, which LDA 
accurately identifies across all four figures. However, the fit indicates 
that the sweat sample deviates slightly from an ideal Gaussian curve 
compared to the buffer, probably due to other components in sweat, 
such as tyrosine, which has a lower peak potential. Despite this vari-
ation, the MTX-related peak height is according to the peak height in 
the buffer. Following the Gaussian fit, the pH algorithm is employed, 
estimating pH values of 7, 7, 8, and 8, respectively. It then calculates 
the MTX concentrations as 5.02, 7.66, 11.19, and 9.36 μM, with an 
absolute error of 0.02, 2.44, 1.19 and 0.64 μM, demonstrating the 
algorithm’s potential. Although this is relatively accurate for these 
samples, sweat composition can vary, such as the NaCl concentration, 
which deviates between 10 and 90 mM [37,38], shifting the peak 
potential according to the Nernst equation (Figure S7). Although this 
shift is at a maximum 50 mV, it can increase the errors of the con-
centration estimation. Furthermore, the peak height can vary based 
on temperature fluctuations (0.1 μA, between 30◦ and 35◦ Celcius, 
Figure S8). Further research is necessary to enhance the algorithm’s 
robustness across diverse sweat samples and refine its accuracy, in 
different physiological and environmental situations.

3.5. Implementation on wearable

The voltammogram of sweat sample 1 SPE A, spiked with 10 μM 
MTX, has been uploaded to the wearable (Figure S9). The wearable 
device has been specially developed for this research to investigate 
if the algorithms can be executed on a small, low-cost, low-power 
microprocessor. The wearable can perform an SWV, whereafter the 
algorithms compute the molar concentration and output it via USB 
to a serial monitor. The wearable executes the baseline compensation, 
a relatively intensive algorithm that goes through the voltammogram 
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Fig. 4. Validation of the algorithm using sweat samples. (A) Voltammogram of sweat sample 1 spiked with 5 μM MTX. B and (C) Voltammograms from different 
electrodes of sweat sample 1 spiked with 10 μM MTX. (D) Voltammogram of sweat sample 2 spiked with 10 μM MTX.
several 100 times to remove the baseline. Second, a window is ap-
plied to remove other possible interferences. Third, the peak current 
is obtained. Together with the peak potential, they are required for 
the Gaussian fit algorithm that removes the influence of amino acids 
and leaves a peak related to the MTX concentration. At last, the pH 
algorithm compensates for the pH shift (Figure S10).

The result is that the algorithm estimates the pH at 6.2 and the con-
centration at 9.26 μM, which differs from the algorithms implemented 
in MatLab. Presumably, there is some loss due to the conversions 
in data for the microcontroller and the calculation of the algorithms 
with it, which needs further optimizations. Nevertheless, the estimated 
concentration is still reasonably accurate, and the wearable performs all 
the algorithms in less than 200 ms at a clock speed of 80 MHz. These 
results demonstrate that the algorithms can be effectively executed 
on an embedded system, enabling real-time sweat analysis, indicating 
significant progress in developing wearable sensors for therapeutic drug 
monitoring.

4. Conclusion

In conclusion, this paper has demonstrated several approaches of 
overcoming challenges in voltammetric detection of drugs in com-
plex matrices such as sweat. The focus was on developing intelligent 
algorithms to compensate for pH variations and remove effects from in-
terferents. These algorithms can run on wearable systems and improve 
the accuracy of voltammetric sensors, while maintaining affordability. 
Gaussian fitting and LDA were used to separate interfering amino 
acids in sweat to identify peaks related to the analyte Metrothexate 
(MTX). The Gaussian fit algorithm effectively separated peaks and 
7 
identified the peak associated with the analyte. For pH compensation, 
the pH is estimated using the relation between the MTX oxidation 
peak potential and the pH and the relationship between peak current 
and MTX concentration at different pH levels is used, to increase 
the accuracy of the algorithm. The algorithms were tested with real 
sweat samples and even implemented on a wearable. Results showed 
successful estimation of MTX concentrations in sweat around 10 μM 
MTX at a pH between 7 and 8. Overall, the presented algorithms 
show an innovative approach to compensate for pH and interference 
effects, towards accurate voltammetric detection of electroactive drugs 
in sweat, which can be employed for new TDM methods.
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