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 A B S T R A C T

Voltammetric analysis coupled with advanced chemometrics provides a powerful framework for heavy metal 
quantification. However, translating complex, non-linear electrical current responses into precise concen-
trations remains challenging. Conventional models and standard Transformers struggle with the quadratic 
computational burden of sequential data and are limited in their ability to fully capture progressive signal 
variations across multi-scan operations. Furthermore, standard symmetric evaluation metrics assign equal 
penalties to all errors and critically ignore the severe environmental hazards of toxicity underestimations. 
To overcome these limitations, this study proposes iTransKAN, a deep chemometric framework integrating 
an Inverted Transformer for efficient global feature extraction with a Kolmogorov–Arnold Network (KAN) for 
highly flexible regression. The architecture is further refined by a Learnable Positional Encoding to capture 
complex sequential shifts in the voltammetric data, alongside a Scan-Level Attention Fusion to effectively 
aggregate informative signal patterns across scanning cycles. A novel Relative Asymmetric Toxicity Error 
(RATE) metric is also introduced to penalize hazardous under-predictions while maintaining evaluation 
fairness. Experimental results and Wilcoxon signed-rank tests confirm that iTransKAN significantly outperforms 
the standard iTransformer baseline (𝑝 < 0.001). This integration reduces the Mean Absolute Error (MAE) by 
72.2% for Pb and 33.8% for Cd. Consequently, the proposed model achieves a robust 𝑅2 of 0.9997 (95% CI: 
0.9993–1.0000) for Pb and 0.9814 (95% CI: 0.9570–1.0000) for Cd. These findings highlight the potential of 
iTransKAN to provide highly accurate, computationally efficient, and safety-aware heavy metal quantification 
for advanced environmental sensing.
1. Introduction

Chemometrics provides the essential mathematical and statistical 
framework required to extract meaningful chemical information from 
instrumental data [1,2]. Within voltammetric analysis, chemometrics 
is crucial to translate complex electrical current responses into precise 
heavy metal concentrations [3]. Early chemometric practices relied 
heavily on univariate calibration and traditional multivariate meth-
ods, such as Principal Component Regression (PCR) and Partial Least 
Squares (PLS) [4–6]. These traditional methods offer high interpretabil-
ity and computational simplicity, but standard linear models operate 
under strict linearity assumptions [7,8]. Consequently, these meth-
ods face fundamental limitations when processing real-world measure-
ment signals that exhibit highly fluctuating characteristics and complex 
non-linear patterns.

∗ Corresponding author.
E-mail address: riyanarto@its.ac.id (R. Sarno).

Researchers have adopted Machine Learning (ML) algorithms to 
overcome the constraints of traditional linear models [9,10]. Algo-
rithms such as Support Vector Machines (SVM) and Random Forests 
demonstrate superior capability in mapping non-linear chemical rela-
tionships during heavy metal detection tasks [9,10]. However, conven-
tional machine learning frameworks inherently demand labor-intensive 
manual feature extraction to achieve optimal analytical accuracy. Deep 
Learning (DL) architectures subsequently emerged as a powerful com-
putational alternative to completely eliminate the manual feature ex-
traction phase [11]. Numerous recent studies regarding heavy metal 
prediction actively deploy advanced DL architectures including Convo-
lutional Neural Networks (CNN) [12] and Artificial Neural Networks 
(ANN) [13,14]. However, typical neural networks introduce distinct 
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structural disadvantages. Standard architectures utilize rigid activation 
functions and lack specialized mechanisms to efficiently process the 
inherently sequential nature of voltammetric data [15]. The architec-
tural limitations of standard neural networks necessitate a shift toward 
advanced sequence-modeling frameworks capable of capturing data 
dependencies directly from raw time-series measurements.

Sequence-modeling frameworks have significantly advanced follow-
ing the introduction of the Transformer architecture [16]. The Trans-
former relies on self-attention mechanisms to process sequential data 
effectively [17]. However, the direct application of standard Transform-
ers to voltammetric analysis presents severe computational challenges. 
Continuous voltammetric sweeps inherently generate highly extended 
high-density measurement sequences. Standard attention mechanisms 
explicitly compute feature correlations across every individual time 
step. The strictly correlation process consequently generates a massive 
quadratic computational burden [18]. Additionally, the strict time-step 
focus forces the network to prioritize minor signal variations rather 
than capturing the global morphological features of the data.

Recent advancements in deep learning introduced the Inverted 
Transformer (iTransformer) architecture to resolve the computational 
inefficiencies of standard Transformer [19]. The inverted architec-
ture fundamentally reverses the conventional self-attention logic [20]. 
Instead of calculating attention across individual time steps, the iTrans-
former embeds the entire sequence as a single token and computes 
correlations globally across feature dimensions with minimal compu-
tational complexity [19,21,22]. The inverted structure also allows the 
network to extract comprehensive representations of the voltammetric 
sequence without interference from minor time-step fluctuations.

Because the core self-attention operation lacks inherent sequential 
awareness, Transformer-based architectures fundamentally rely on Po-
sitional Encoding (PE) mechanisms to identify the sequential order of 
input data [23,24]. Standard PE mechanisms utilize static mathematical 
formulas, specifically sine and cosine functions [25,26]. These static 
formulas, however, are rigid and lack the adaptability to respond to 
irregular signal variations that occur across sequential scans. Accurate 
sequence order recognition remains highly crucial because voltammet-
ric experiments often employ sequential multi-scan methods to gather 
comprehensive measurement data [27,28]. While continuous scanning 
cycles are known to induce complex variations on the sensor surface 
over time [29], these phenomena inherently manifest as non-linear, 
progressive shifts in the recorded data. Consequently, standard static 
PE exhibit limitations in fully capturing these complex sequential data 
patterns, which can constrain the overall representational accuracy of 
the model.

Synthesizing data from multiple scanning cycles introduces an-
other critical data aggregation challenge. Conventional aggregation 
approaches typically employ average pooling to merge multiple scan 
curves into a single output [30]. Average pooling assigns equal im-
portance to all measurements. The equal-weighting approach fails to 
recognize the varying informational value across different scanning cy-
cles. Assigning uniform weights prevents the network from dynamically 
prioritizing specific scans that provide the most critical features for 
accurate prediction [31].

Advanced feature extraction models such as the iTransformer re-
main insufficient for complete voltammetric quantification. A subse-
quent regression network must map the synthesized features into accu-
rate concentration values. Conventional frameworks typically employ 
a standard Multi-Layer Perceptron (MLP) as the regression head [32,
33]. Standard MLPs encounter profound limitations in chemical sensor 
applications because the relationship between the measured signal and 
the actual concentration frequently becomes highly non-linear [34,35]. 
The Kolmogorov–Arnold Network (KAN) emerged as a highly effective 
alternative to standard regression networks. The KAN framework re-
places rigid activation functions with learnable spline-based functions 
on the network edges [36]. The flexible spline functions allow the 
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model to continuously adapt and map extreme non-linear relationships 
with exceptional accuracy.

Validating the exceptional accuracy of advanced regression net-
works intrinsically requires an appropriate evaluation metric. Conven-
tional analytical studies predominantly utilize standard error measure-
ments, specifically Root Mean Square Error (RMSE) [37,38] and Mean 
Absolute Error (MAE) [39]. Standard error metrics inherently calcu-
late prediction deviations symmetrically. Symmetric calculations assign 
identical mathematical penalties to both over-estimated predictions 
and under-estimated predictions. However, under-estimations within 
critical applications such as toxic heavy metal prediction pose excep-
tionally severe environmental and public health hazards compared to 
over-estimations.

A comprehensive review of the preceding literature reveals four 
critical limitations within current deep chemometric frameworks: (1) 
conventional regression networks lack the structural flexibility required 
to generate accurate predictions for heavy metal targets from complex 
voltammetric data; (2) static positional formulas process measurement 
sequences rigidly and exhibit limitations in capturing the progres-
sive signal variations induced by continuous multi-scan operations; 
(3) uniform aggregation methods merge all measurement iterations 
indiscriminately and obscure highly informative signal patterns; and (4) 
standard evaluation criteria treat directional errors equally and ignore 
the practical dangers of toxicity underestimations. To address these 
gaps, this research proposes the following contributions:

1. We propose iTransKAN, a novel deep chemometric framework com-
bining iTransformer feature extraction with KAN regression to accu-
rately model severe calibration non-linearities over a wide dynamic 
range of heavy metal concentrations.

2. We propose a Learnable PE mechanism that effectively captures the 
temporal order of the sequential scanning cycles to dynamically 
learn and adapt to progressive signal variations without relying on 
fixed mathematical functions.

3. We develop a Scan-Level Attention Fusion mechanism that dy-
namically assigns proportional attention weights to each scan to 
synthesize a reliable final representation.

4. We propose the Relative Asymmetric Toxicity Error (RATE) metric, 
a novel evaluation function that heavily penalizes potentially haz-
ardous under-predictions while maintaining relative fairness across 
trace and high concentration levels.

The remaining sections of the article are organized as follows. Sec-
tion 2 elaborates on the architectural design of the proposed method-
ology. Section 3 discusses the performance evaluations and experimen-
tal findings. Finally, Section 4 delivers the concluding remarks and 
suggests directions for future investigations.

2. Proposed method

The current section details the proposed deep chemometric frame-
work designed for precise heavy metal quantification from complex 
voltammetric data. As illustrated in Fig.  1, the complete methodol-
ogy encompasses seven distinct sequential stages: (1) data acquisition; 
(2) feature engineering; (3) data preprocessing; (4) data splitting; (5) 
design of the proposed iTransKAN framework; (6) dynamic network 
refinements via learnable sequence encoding and scan-level fusion; and 
(7) comprehensive performance evaluation utilizing the asymmetric 
RATE metric.

2.1. Data acquisition

Voltammetric analysis fundamentally quantifies analyte concentra-
tions by measuring the generated electrical current in response to an 
applied potential range [40]. The current study utilizes Cyclic Voltam-
metry (CV) to observe the intricate reduction and oxidation behaviors 
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Fig. 1. The proposed method.
of the target heavy metals [41]. Standard CV operations typically 
employ a single voltage sweep [42,43]. However, the proposed method-
ology implements a multi-scan CV approach consisting of 10 continuous 
consecutive cycles. Continuous multi-scan operations are highly crucial 
to accurately capture the progressive chemical kinetic variations and 
dynamic surface degradation patterns occurring on the sensor interface 
over time. The measurement system employs a high-precision Palm-
Sens4 potentiostat driven by PSTrace software [44]. The PalmSens4 
instrument maintains absolute voltage control across a standard three-
electrode electrochemical cell. The specific cell configuration includes 
a Glassy Carbon Electrode (GCE) serving as the working electrode, a 
Platinum wire acting as the counter electrode, and an Ag/AgCl (3M 
KCl) reference electrode [45].

Accurate voltammetric detection intrinsically requires an uncontam-
inated working electrode surface. The experimental protocol mandates 
a rigorous physical and chemical cleaning procedure for the GCE 
prior to every single measurement sequence. The cleaning process 
involves sequential immersion of the electrode tip into acidic and 
alkaline solutions to dissolve accumulated organic and inorganic impu-
rities. Subsequent rinsing with deionized water eliminates all residual 
cleaning agents from the carbon surface. The procedure concludes by 
gently drying the electrode surface using chemical wipes to prevent 
microscopic physical abrasions.

The experimental phase evaluated the electrochemical responses 
of Cadmium (Cd) and Lead (Pb) targets at ambient room temper-
ature. These specific heavy metals were selected as target analytes 
because they are highly toxic [46], frequently co-occur in industrial 
effluents [47], and serve as a rigorous analytical benchmark for en-
vironmental monitoring [48,49]. The analytical preparation involved 
formulating standard solutions across 15 discrete concentration levels 
categorized into three progressive measurement scales. The calibration 
scheme included a low-concentration range from 2 to 10 ppm with 
2 ppm increments, a medium-concentration range from 20 to 100 ppm 
with 20 ppm increments, and a high-concentration range from 200 
to 1000 ppm with 200 ppm increments. To construct a robust and 
sufficiently large dataset for deep learning, each of the 15 concentration 
levels underwent 50 independent measurement repetitions per analyte. 
This rigorous acquisition protocol yielded a comprehensive total of 
1500 voltammetric samples. The standard solutions utilized high-purity 
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Cd(NO3)2 and Pb(NO3)2 compounds dissolved in a 0.1 M KCl supporting 
electrolyte. During the measurement execution, exactly 20 mL of the 
prepared solution was transferred into the electrochemical cell. The 
PalmSens4 potentiostat scanned the applied voltage at a constant scan 
rate of 0.1 V/s. For the Cd samples, the voltage sweep ranged from 
−1.4 V to −0.5 V. Conversely, the voltage sweep for the Lead samples 
ranged from −1.0 V to −0.1 V.

The PSTrace software automatically records the dynamic elec-
trochemical responses and exports the raw measurements into stan-
dardized spreadsheet formats. The exported dataset comprises ex-
act voltage–current coordinate pairs mapped individually for all 10 
scanning cycles.

2.2. Feature engineering

Feature engineering is a fundamental data transformation process 
in machine learning, designed to derive highly representative struc-
tural metrics from continuous measurement signals. While discrete 
morphological peak parameters have been utilized in previous au-
tomated extraction protocols [39], this study formally transitions to 
frequency-domain features to more comprehensively capture dynamic 
signal variations. A Fast Fourier Transform (FFT) algorithm was ap-
plied to the voltammetric sequences to capture the spectral amplitude 
distribution and identify the principal frequency components [50].

Ultimately, this feature engineering stage generates a structured 
alternative dataset composed of discrete spectral features. As a result, 
two distinct data representations are exclusively employed and com-
paratively analyzed in this research: (1) raw data (continuous signals 
without feature engineering) and (2) frequency-domain data. Each 
data instance across both representations encompasses 10 consecutive 
voltammetric scans.

2.3. Data preprocessing

The objective of data preprocessing is to condition the raw measure-
ments and extracted features prior to computational network training. 
Rigorous preprocessing algorithms ensure optimal numerical stability 
and effectively accelerate the convergence rate of complex regression 
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Fig. 2. Multi-scan CV data illustrating the stabilization phase during Pb (a, b) and Cd (c, d) detection. The left panels (a, c) display the complete sequence of 
10 consecutive scans, with red ellipses highlighting the pronounced anomalies specific to Scan 1. The right panels (b, d) present the stabilized current responses 
(Scans 2–10) following the removal of the initial scan during the preprocessing step.
 

models [51]. This study implements three critical preprocessing mech-
anisms across both the raw data and the frequency-domain data. The 
most crucial initial procedure permanently discards the first voltam-
metric cycle (Scan 1) from every measurement sequence. Initial scans 
consistently exhibit highly unstable background currents and distinct 
morphological deviations, particularly at the starting edges of the 
voltage sweep. Fig.  2 explicitly illustrates the severe geometric discrep-
ancies between the anomalous Scan 1 and the stabilized subsequent 
scans. Beyond these visual deviations, a quantitative assessment con-
firms this instability. For the Pb measurements, the average current 
of Scan 1 is an extreme outlier at −4.2326 μA, whereas the averages 
for the subsequent scans (Scans 2–9) stabilize between −8.2113 μA and 
−6.7230 μA. Similarly, for the Cd target, the Scan 1 average is isolated 
at −16.3655 μA, while the remaining scans settle into a stable range of 
−63.0753 μA to −58.4048 μA. Because this initial scan primarily reflects 
the physical sensor equilibration rather than useful transient informa-
tion, eliminating it effectively prevents computational instability during 
the deep learning phase. Subsequently, the data are normalized using 
a Standard Scaler, computed according to Eq. (1) [52]. This step serves 
to standardize the data range across all features [53,54]. 
𝑧 =

𝑥 − 𝜇
𝜎

(1)

where 𝑧 represents the standardized output value, 𝑥 denotes the origi-
nal measurement point, 𝜇 signifies the empirical mean of the training 
distribution, and 𝜎 indicates the corresponding standard deviation.

The final preparation step applies a zero-padding technique ex-
clusively to the continuous raw voltammograms. Instrumental record-
ings occasionally produce slight temporal variations regarding the to-
tal number of recorded data points per scan. Zero-padding strictly 
equalizes the absolute sequence lengths by appending zeros to the 
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shorter temporal arrays [55]. Uniform sequence dimensions are abso-
lutely mandatory to satisfy the rigid input matrix requirements of the 
proposed neural network architecture.

2.4. Data splitting

Data splitting represents a fundamental validation mechanism within
computational modeling pipelines, establishing an independent eval-
uation for predictive networks. To ensure objective performance as-
sessments on truly unseen data, the partitioning is strictly executed at 
the experimental run level. This protocol guarantees that the physical 
liquid samples and measurement beakers utilized in the testing set are 
completely distinct from those in the training set, thereby absolutely 
preventing any data leakage.

This study implements a 5-fold cross-validation strategy [56], which 
systematically mitigates critical methodological risks regarding algo-
rithmic overfitting and unsubstantiated performance overclaims. The 
five-fold distribution algorithm mandates a strict 80:20 partitioning ra-
tio during every validation iteration. Consequently, each fold allocates 
precisely 1200 isolated samples toward the neural network training 
phase, while the remaining 300 independent samples function strictly 
as the sequestered testing set.

2.5. The proposed iTransKAN architecture

Deep learning architectures represent a primary approach for pre-
dictive modeling in complex multivariate analysis. The proposed frame-
work introduces a hybrid neural network designated as iTransKAN. This 
novel architecture synergistically integrates the inverted multivariate 
sequence-modeling capabilities of the iTransformer with the superior 
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Fig. 3. The complete architecture of the proposed iTransKAN model.
non-linear mapping proficiency of KAN. Fig.  3 illustrates the complete 
workflow of the model.

The iTransformer represents a profound paradigm shift in modern 
sequence modeling. Standard transformer models typically tokenize 
temporal variations of individual variables across a designated se-
quence length. The iTransformer fundamentally reverses the tokeniza-
tion dimension [20]. The inverted network embeds the entire temporal 
sequence of a single multivariate feature into one unified sequence 
token [21]. Similarly, the KAN provides a revolutionary mathematical 
alternative to traditional MLP. The KAN architecture completely aban-
dons fixed activation functions located on fixed nodes. KAN deploys 
dynamically learnable activation functions directly upon the connective 
network edges [36].

The computational process of iTransKAN starts with an input matrix 
containing nine discrete consecutive voltammetric scans. Through an 
inverted tokenization mechanism, an initial linear projection maps the 
multi-scan CV data into a predefined latent space. A layer normal-
ization process subsequently stabilizes the resulting data distribution. 
The complete mathematical tokenization process operates according to 
Eq. (2) [57,58]. 
𝐻𝑡𝑜𝑘𝑒𝑛 = LayerNorm(𝑋 ⋅𝑊𝑝𝑟𝑜𝑗 + 𝑏𝑝𝑟𝑜𝑗 ) (2)

where 𝐻𝑡𝑜𝑘𝑒𝑛 represents the normalized latent token representation, 𝑋
denotes the input voltammetric scan matrix, 𝑊𝑝𝑟𝑜𝑗 indicates the learn-
able linear projection weight matrix, and 𝑏𝑝𝑟𝑜𝑗 signifies the projection 
bias vector.

The model requires sequence order awareness before executing the 
self-attention mechanism. A learnable PE vector is therefore added to 
the latent token. The mathematical formulation and specific details 
of this learnable PE are explained comprehensively in the subsequent 
subsection. The encoded representations subsequently proceed into 
three consecutive Transformer Encoder layers. Each layer consists of 
a Multi-Head Self-Attention (MHSA) module and a Feed-Forward Net-
work (FFN) [59]. The network architecture specifically positions a layer 
normalization step after the MHSA computation and subsequently adds 
the original input via a residual connection. The MHSA module extracts 
inter-scan relationships according to Eq. (3) [57]. 
𝐻𝑎𝑡𝑡𝑛 = LayerNorm(MHSA(𝐻𝑖𝑛))⊕𝐻𝑖𝑛 (3)

where 𝐻𝑎𝑡𝑡𝑛 is the intermediate attention output, MHSA represents 
the multi-head self-attention operation, and 𝐻𝑖𝑛 denotes the input 
representation derived from the learnable PE addition. The FFN module 
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applies a two-layer linear transformation separated by a Gaussian 
Error Linear Unit (GELU) activation function and a dropout layer. The 
GELU activation function introduces a smooth non-linearity to capture 
complex electrochemical patterns effectively [60]. The dropout layer 
concurrently mitigates overfitting by randomly deactivating a desig-
nated fraction of neurons during the training phase [61,62]. Eq. (4) 
mathematically formulates this entire FFN computation. 

𝐻𝑒𝑛𝑐 = LayerNorm(FFN(𝐻𝑎𝑡𝑡𝑛))⊕𝐻𝑎𝑡𝑡𝑛 (4)

where 𝐻𝑒𝑛𝑐 signifies the final output of a single transformer encoder 
layer, and FFN denotes the complete feed-forward network operation.

Following the internal transformer encoding sequence, the model 
utilizes a Scan-Level Attention Fusion mechanism (detailed comprehen-
sively in the subsequent subsection) to squeeze the nine consecutive 
scans into a single, unified sequence representation. This condensed 
voltammetric feature vector is then directly fed into a specialized KAN 
regression head, which entirely replaces the conventional MLP module.

Unlike standard networks that apply fixed activation functions on 
the nodes, KANs—based on the Kolmogorov–Arnold representation 
theorem—fundamentally shift the learnable activation functions to the 
network edges. Consequently, to process these extracted signals, each 
output node 𝑗 within the KAN layer acts merely as a summation 
point for the 𝑁𝑖𝑛 incoming transformed features. This aggregation is 
mathematically formulated in Eq. (5) [63]. 

𝑦𝑗 =
𝑁𝑖𝑛
∑

𝑖=1
𝛷𝑗,𝑖(𝐻

(𝑖)
𝑓𝑢𝑠𝑒𝑑 ) + 𝐵𝑗 (5)

where 𝐻 (𝑖)
𝑓𝑢𝑠𝑒𝑑 is the 𝑖th input feature extracted from the attention 

fusion, 𝐵𝑗 is the regression bias term, and 𝛷𝑗,𝑖(⋅) denotes the learnable 
univariate function situated explicitly on the edge connecting input 
𝑖 to output 𝑗. While standard KANs typically parameterize 𝛷𝑗,𝑖 using 
B-splines, this study constructs these edge functions using parameter-
ized Radial Basis Functions (RBF) to efficiently capture the extreme 
non-linearities of trace-level electrochemical signals. The continuous 
transformation for each specific edge function (𝛷𝑗,𝑖(𝐻

(𝑖)
𝑓𝑢𝑠𝑒𝑑 )) is con-

structed by aggregating a predefined number of RBF centers (𝐶), as 
mathematically formulated in Eq. (6) [63]. 

𝛷𝑗,𝑖(𝐻
(𝑖)
𝑓𝑢𝑠𝑒𝑑 ) =

𝐶
∑

𝑘=1
𝑊𝑗,𝑖,𝑘 exp

⎛

⎜

⎜

⎜

−
⎛

⎜

⎜

⎝

𝐻 (𝑖)
𝑓𝑢𝑠𝑒𝑑 − 𝜇𝑖,𝑘

𝛾𝑖,𝑘

⎞

⎟

⎟

⎠

2
⎞

⎟

⎟

⎟

(6)
⎝ ⎠
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Table 1
Structural search space and hyperparameter configurations of the iTransKAN 
architecture.
 Component Parameter Search space  
 Inverted Tokenization Projection dimension (𝑑𝑚𝑜𝑑𝑒𝑙) {64, 128}  
 Layer normalization Applied  
 

Transformer Encoder

Number of layers {1, 2, 3}  
 Attention heads {4, 8}  
 Feedforward dimension 4 × 𝑑𝑚𝑜𝑑𝑒𝑙  
 Activation function GELU  
 Dropout rate {0.1, 0.2, 0.3} 
 Attention Fusion Pooling mechanism Multihead  
 
KAN Regressor

Hidden layer dimension {16, 32, 64}  
 Output dimension 1  
 RBF centers [3, 7]  

Table 2
Training optimization protocol and search space for the heavy 
metal quantification models.
 Parameter Search Space/Configuration  
 Tuning framework Optuna (TPE Sampler, 100 trials) 
 Optimizer AdamW  
 Base learning rate {1e−4, 5e−4, 1e−3, 5e-3}  
 Weight decay {1e−5, 1e−4, 1e-3}  
 Batch size {8, 16, 32}  
 Learning rate scheduler Cosine Annealing (𝑇𝑚𝑎𝑥 = 100)  
 Maximum epochs 100  
 Loss function MSE  
 Gradient clipping Max norm = 1.0  
 Weight initialization Xavier Uniform (Linear layers)  

Here, 𝐶 represents the total number of RBF components per feature, 
while 𝜇𝑖,𝑘 and 𝛾𝑖,𝑘 signify the dynamically updated center and width 
parameters for the 𝑘th basis of input 𝑖. Crucially, the parameter 𝑊𝑗,𝑖,𝑘
denotes the distinct learnable weight that maps the 𝑘th RBF activation 
from input 𝑖 to the output node 𝑗. This specific tensor formulation 
allows each individual edge in the KAN module to independently 
learn highly complex, distinct non-linear mappings tailored to the 
voltammetric feature space prior to the final node aggregation.

Building upon this localized non-linear formulation, the KAN mod-
ule functions as the final regression head within the broader frame-
work. Instead of traditional B-splines, RBF are utilized as the core base 
functions in the KAN head. The utilization of RBF overcomes the recur-
sive data dependencies inherent in B-splines, allowing each basis value 
to be computed independently [64]. Because RBF respond strongly 
only when the input is close to their centers, they provide a smooth 
and highly localized transformation [64]. This mathematical charac-
teristic is exceptionally suited for voltammetric data, enabling the 
network to precisely map distinct electrochemical variations without 
the risk of surrounding background noise propagation. This theoretical 
advantage is empirically validated in Section 3.2, which demonstrates 
that the RBF-KAN configuration achieves significantly higher predictive 
accuracy than the spline-based implementation.

The complete architectural specifications, detailing the dimensions 
of the transformer encoder backbone and the sizing of the KAN layers, 
are summarized in Table  1. Given the complexity of this hybrid net-
work, relying solely on fixed values from prior literature is insufficient. 
Therefore, a systematic hyperparameter tuning process was conducted 
using the Optuna framework to establish the optimal configuration. As 
outlined in Table  2, the optimization explored various search spaces 
over 100 trials utilizing the Tree-structured Parzen Estimator (TPE) 
algorithm. The final optimized model is trained using the AdamW 
optimizer with a Cosine Annealing scheduler across 100 epochs. This 
specific scheduling strategy is implemented to facilitate rapid initial 
exploration of the loss landscape, followed by a smooth, continuous 
decay that allows the localized parameters to stabilize into optimal 
minima without oscillating during the final training phases.
6 
2.6. Proposed network refinements

The proposed iTransKAN framework implements two internal pro-
cessing enhancements: (1) learnable PE and (2) scan-level attention 
fusion. These mechanisms are designed exclusively to accommodate the 
unique physical behaviors of multi-scan voltammetric sequences. The 
following subsections comprehensively detail these two architectural 
refinements.

2.6.1. Learnable positional encoding
Positional encoding (PE) mechanisms fundamentally inject cru-

cial sequential order information into inherently permutation-invariant 
transformer architectures. Standard sinusoidal encodings mathemati-
cally generate fixed temporal representations based solely on absolute 
sequence indices. However, electrochemical multi-scan operations gen-
erate experimental measurements with complex chronological signal 
dependencies. Fixed sinusoidal functions lack the intrinsic mathemat-
ical flexibility to fully capture the non-linear data shifts occurring 
progressively across the sequential voltammetric cycles.

The proposed iTransKAN framework implements a learnable PE 
mechanism. This learnable PE adaptively optimizes a specialized multi-
dimensional parameter tensor directly alongside the primary architec-
tural weights. The encoding process operates through direct element-
wise addition as modeled in Eq. (7). 

𝐻𝑖𝑛 = 𝐻𝑡𝑜𝑘𝑒𝑛 ⊕ 𝑃𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 (7)

where 𝐻𝑖𝑛 denotes the positionally encoded latent tensor matrix pre-
pared for the transformer encoder, 𝐻𝑡𝑜𝑘𝑒𝑛 represents the previously 
normalized scan tokens, and 𝑃𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 signifies the dynamically opti-
mized positional weight array strictly matching the exact temporal 
sequence dimensions and latent spatial depth.

2.6.2. Scan-Level Attention Fusion
Scan-level data processing conceptually treats each CV scan as a 

distinct and unbroken informational unit. Attention fusion represents 
an advanced aggregation technique designed to dynamically weight 
and combine multiple scans based purely on their calculated contex-
tual relevance. Standard sequence-based regression models typically 
generate final numerical predictions by blindly averaging all output to-
kens. This simple averaging mechanism severely dilutes critical analyt-
ical information present only within specific intermediate voltammetry 
scans.

The proposed iTransKAN framework overcomes this inherent limita-
tion by implementing a specialized scan-level attention fusion module. 
This module operates according to Eq. (8). 

𝐻𝑓𝑢𝑠𝑒𝑑 = Softmax
(

𝑄𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 ⋅𝐾𝑇
𝑒𝑛𝑐

√

𝑑𝑚𝑜𝑑𝑒𝑙

)

⋅ 𝑉𝑒𝑛𝑐 (8)

where 𝐻𝑓𝑢𝑠𝑒𝑑 represents the final aggregated and optimized sequence 
representation, 𝑄𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 denotes the standalone learnable query vector 
acting as the attention guide, 𝐾𝑒𝑛𝑐 and 𝑉𝑒𝑛𝑐 signify the encoded key and 
value matrices mathematically derived from the preceding transformer 
encoder layers, and 𝑑𝑚𝑜𝑑𝑒𝑙 indicates the constant numerical scaling 
factor corresponding to the latent dimension size.

The Scan-Level Attention Fusion effectively acts as a squeezing 
operation that compresses the entire multi-scan sequence into a single 
unified representation. This functional dimensionality reduction en-
sures exact structural compatibility with the subsequent KAN regression 
layers while preserving the most critical learned features.
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2.7. Performance evaluation

Performance evaluation is a mandatory step within computational 
modeling pipelines. The primary objective of this evaluation is to quan-
tify the predictive accuracy and statistical reliability of the proposed 
neural network framework. A comprehensive evaluation ensures highly 
objective comparisons against established benchmark deep learning al-
gorithms. This study implements six common evaluation criteria specif-
ically designed for continuous regression tasks. These metrics encom-
pass the Coefficient of Determination (𝑅2), Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean 
Absolute Percentage Error (MAPE), and Symmetric Mean Absolute 
Percentage Error (SMAPE) [37,38,65,66].

However, the six aforementioned metrics inherently assign identi-
cal mathematical penalties to both overestimated and underestimated 
concentration predictions. Toxicological threshold monitoring, in con-
trast, strictly requires an asymmetric evaluation framework that dispro-
portionately penalizes underestimations. Underestimated heavy metal 
predictions pose exceptionally severe environmental and public health 
hazards compared to overestimations. For instance, predicting a heavy 
metal concentration below the actual toxicological threshold results in 
the erroneous classification of hazardous water as safe for consump-
tion, which directly causes severe biological exposure. Conversely, an 
overestimation merely triggers unnecessary, albeit safe, preventative 
remediation. Consequently, this research introduces a novel evalu-
ation metric designated as the Relative Asymmetric Toxicity Error 
(RATE). This metric deliberately imposes a significantly higher com-
putational penalty upon hazardous underestimations while simultane-
ously maintaining relative evaluation fairness across widely varying 
levels of heavy metal concentrations. The RATE calculation operates 
mathematically according to Eqs.  (9) and (10). 

RATE = 1
𝑁

𝑁
∑

𝑖=1
min

(

|𝑌𝑡𝑟𝑢𝑒,𝑖 − 𝑌𝑝𝑟𝑒𝑑,𝑖|
max(|𝑌𝑡𝑟𝑢𝑒,𝑖|, 𝜏)

, 𝐶
)

⋅𝛺𝑖 (9)

𝛺𝑖 =

{

𝛼, if 𝑌𝑝𝑟𝑒𝑑,𝑖 < 𝑌𝑡𝑟𝑢𝑒,𝑖
1, if 𝑌𝑝𝑟𝑒𝑑,𝑖 ≥ 𝑌𝑡𝑟𝑢𝑒,𝑖

(10)

where RATE represents the calculated Relative Asymmetric Toxicity 
Error, 𝑁 denotes the total number of evaluated experimental samples, 
𝑌𝑡𝑟𝑢𝑒,𝑖 indicates the actual heavy metal concentration derived from the 
laboratory preparation, and 𝑌𝑝𝑟𝑒𝑑,𝑖 signifies the final concentration gen-
erated by the iTransKAN network. To prevent computational instability 
near the limit of detection, 𝜏 acts as a minimum denominator threshold 
(set to 1.0), while 𝐶 serves as a capping constant (set to 10.0) to 
restrict extreme relative error outliers. 𝛺𝑖 represents the conditional 
asymmetric penalty weight, and 𝛼 denotes the predetermined strict 
amplification factor specifically applied to dangerous underestimations 
(where 𝛼 > 1).

Furthermore, to provide a holistic assessment of computational 
efficiency, this study evaluates three additional operational metrics. 
Training time measures the duration required to optimize model pa-
rameters, recorded in seconds (s). Inference time determines the speed 
of generating predictions during the testing phase, also measured in 
seconds (s). Lastly, memory usage captures the peak RAM alloca-
tion consumed throughout the computational process, expressed in 
megabytes (MB).

Beyond general predictive accuracy and computational efficiency, 
the practical viability of the proposed architecture for environmen-
tal deployment is further assessed through two specialized analytical 
protocols. First, to establish the fundamental sensory threshold, the 
Limit of Detection (LOD) and Limit of Quantification (LOQ) are calcu-
lated. Second, to evaluate the architecture’s robustness against practical 
interferences in real-world water matrices, an independent external 
validation protocol is implemented. This assessment utilizes environ-
mental water samples collected from ten distinct aquatic locations 
across Surabaya, Indonesia. These samples are systematically spiked 
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with varying trace-level concentrations of Pb and Cd. By evaluating the 
model on this independent dataset, the analysis effectively verifies the 
network’s generalization capability, ensures the absence of overfitting 
to the primary laboratory data, and confirms its capacity to maintain 
predictive stability when subjected to actual physical and chemical 
interferences in complex aquatic environments.

3. Results and discussion

This section provides an evaluation of the proposed chemometric 
framework for heavy metal quantification. The discussion begins with 
a performance analysis of the iTransKAN architecture. Subsequently, 
an ablation study is presented to validate the individual contributions 
of the integrated network refinements. Following this, the Limit of 
Detection (LOD), Limit of Quantification (LOQ), and the model’s robust-
ness in real-world water matrices are evaluated. Finally, the practical 
safety and efficacy of the framework are assessed using the novel RATE 
metric.

3.1. Performance analysis of iTransKAN

The systematic validation of the proposed architecture is structured 
into three comprehensive analytical phases to rigorously assess its 
robustness and accuracy. First, Section 3.1.1 presents an extensive 
benchmarking of iTransKAN against six established deep learning mod-
els. Subsequently, Section 3.1.2 quantifies the absolute performance 
gain achieved by transitioning from classical chemometric algorithms 
to the deep learning approach. Finally, Section 3.1.3 presents the 
statistical validation and uncertainty quantification for the proposed 
iTransKAN model.

3.1.1. Comparison with deep learning architectures
Performance benchmarking evaluates the proposed iTransKAN ar-

chitecture against six established deep learning models. Fig.  4 details 
the comparative evaluation results across both Pb and Cd analytes.

The evaluation begins by comparing the input data formats. Fig. 
4 shows that continuous raw voltammetric data generate lower error 
rates than frequency-domain data across the tested network architec-
tures and metal types. Raw data preserve the complete current pro-
files and subtle background variations. Conversely, while FFT isolates 
principal frequency components, this spectral transformation discards 
time-domain electrochemical context. For Pb detection, the iTransKAN 
model utilizing raw data achieves an RMSE of 5.16. The identical ar-
chitecture processing frequency-domain data yields an RMSE of 12.01. 
This difference represents a 57.00% error reduction when using raw 
inputs. Similar improvements appear in other metrics, where the raw 
data reduce MAE by 55.31% (from 6.6 to 2.9). For Cd detection, the 
raw data approach similarly produces lower error values compared to 
the frequency-domain inputs. Specifically, the raw data configuration 
achieves an RMSE of 39.14 and an MAE of 15.0, corresponding to 
error reductions of 12.86% and 8.76% relative to the FFT data. These 
consistent reductions across both analytes suggest that preserving the 
temporal context of complete multi-scan data provides a more suitable 
input for the proposed framework than spectral extraction.

Within the raw data configuration, the iTransKAN framework shows 
lower prediction errors compared to the baseline deep learning ar-
chitectures. For Pb detection, the network records an 𝑅2 of 0.9997, 
compared to the baseline iTransformer value of 0.9977. The addition 
of the KAN regression head corresponds with lower absolute prediction 
deviations, achieving an MAE of 2.9. This represents a 72.22% error 
reduction compared to the standard iTransformer MAE of 10.6. The 
proposed architecture also yields an SMAPE of 19.50%, a 47.43% rel-
ative decrease over the iTransformer (37.08%). Furthermore, standard 
recurrent neural networks such as LSTM and BiGRU produce SMAPE 
values exceeding 50% on the same dataset.
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Fig. 4. Comprehensive performance comparison of the proposed iTransKAN and baseline architectures across varying input configurations for Pb (a–i) and Cd 
(j–r) quantification. The transparent gray spans explicitly illustrate the performance gap between the raw and frequency-domain input representations, while the 
vertical error bars indicate the standard deviation across cross-validation.
For Cd detection, which involves more complex signal interference, 
the iTransKAN model maintains a similar trend. When processing raw 
Cd measurements, it achieves an 𝑅2 of 0.9814, compared to the base-
line iTransformer’s 0.9725. The framework records an MAE of 15.0 
and an SMAPE of 33.67%, representing error reductions of 33.78% 
and 1.81%, respectively, over the standard iTransformer. Conventional 
MLPs show limitations with this temporal data structure, recording 
an 𝑅2 of 0.7895 and an SMAPE of 80.32%. Recurrent architectures 
like BiGRU perform better than MLPs but still exhibit an SMAPE of
57.50%. Compared to the BiGRU, iTransKAN reduces the SMAPE by
41.45%.

Regarding computational requirements, the iTransKAN model uti-
lizing raw data requires the highest training time (145.75 s for Pb and 
142.21 s for Cd) among the evaluated deep learning models. This longer 
duration is a trade-off for the global sequence modeling performed by 
the iTransformer backbone. However, the model maintains an efficient 
memory usage (612.90 MB for Pb and 612.94 MB for Cd). This mem-
ory consumption remains noticeably lower than standard dense MLPs 
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(646.60 MB for Pb) and heavily gated recurrent networks. This memory 
efficiency relates to the inverted tokenization strategy, which embeds 
entire time series as single tokens. Regarding practical deployment, 
iTransKAN records an inference time of 4.0 × 10−4 s per sample for 
both Pb and Cd. Because this duration is on a sub-millisecond scale, 
processing incoming multi-scan data in real-time embedded systems 
remains feasible.

3.1.2. Comparison with classical chemometrics
A rigorous quantification of the actual performance gain achieved 

by adopting the deep learning paradigm is presented by explicitly 
benchmarking the proposed iTransKAN against classical chemometric 
methods traditionally utilized in electroanalysis: Partial Least Squares 
(PLS) and Principal Component Regression (PCR). Table  3 summa-
rizes the comprehensive predictive and computational metrics for these 
algorithms.

The quantitative evaluation reveals a significant predictive dis-
parity. Using raw multi-scan data, classical algorithms exhibit poor 
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Table 3
Comprehensive performance comparison between iTransKAN and classical chemometric models using raw and frequency-domain 
data.
 Target Dataset Model 𝑅2 MSE RMSE MAE MAPE

(%)
SMAPE
(%)

 

Pb

Raw Data
iTransKAN 0.9997 30.98 5.16 2.9 18.64 19.50

 PLS −0.3153 130039.15 291.44 138.1 367.96 89.25
 PCR 0.5956 39982.13 198.61 133.4 488.35 92.47

 
Frequency-domain Data

iTransKAN 0.9984 157.99 12.01 6.6 50.82 32.80
 PLS 0.5718 42328.98 202.58 117.9 544.10 85.64
 PCR 0.4933 50096.77 222.99 140.7 618.23 92.12

 

Cd

Raw Data
iTransKAN 0.9814 1842.36 39.14 15.0 31.23 33.67

 PLS 0.5339 46078.93 212.08 144.1 888.65 96.78
 PCR 0.4020 59116.04 243.03 177.1 1320.19 99.55

 
Frequency-domain Data

iTransKAN 0.9765 2319.89 44.92 16.4 26.83 20.53
 PLS 0.3102 68195.52 258.09 167.5 997.59 98.54
 PCR 0.2254 76581.41 276.73 221.9 1714.18 117.41
Fig. 5. Actual versus predicted concentration plots featuring 95% confidence intervals (CI) and prediction intervals (PI) for (a) Pb and (b) Cd.
accuracy. For Pb quantification, PLS and PCR record MAE values of 
138.1 and 133.4, respectively, while iTransKAN achieves a minimal 
MAE of 2.9. Similarly, in the Cd detection task, the best-performing 
classical model (PLS) yields an MAE of 144.1, whereas iTransKAN 
reduces this to 15.0. To explicitly quantify the gain from the deep learn-
ing approach, iTransKAN reduces the MAE by 97.8% for Pb (compared 
to PCR) and by 89.6% for Cd (compared to PLS). This performance 
gain is further corroborated by the RMSE metrics, where the proposed 
iTransKAN architecture decreases the error margin by over 81% across 
both analytes. Because PLS and PCR rely strictly on linear multivariate 
projections, they are completely overwhelmed by the highly nonlinear 
and complex nature of the electrochemical data.

3.1.3. Statistical validation and uncertainty quantification
Statistical validation and uncertainty quantification were performed 

to evaluate the reliability of the proposed iTransKAN framework. For 
this final evaluation, the continuous raw multi-scan data was utilized as 
the primary input, given its demonstrated superiority over frequency-
domain data across the majority of tested architectures. A Wilcoxon 
signed-rank test comparing the absolute errors of iTransKAN against 
the baseline models yielded a 𝑝-value of 2.25 × 10−93 for Pb and 7.13 ×
10−49 for Cd (𝑝 < 0.001). This result indicates that the performance 
improvements achieved by the proposed architecture are statistically 
significant, particularly when compared to the standard iTransformer, 
which serves as the second-best performing method in this study.

To further visualize this statistical reliability and assess predictive 
uncertainty, Fig.  5 presents the actual versus predicted concentration 
plots, incorporating 95% Confidence Intervals (CI) and Prediction In-
tervals (PI). The inner shaded region (CI) represents the certainty of 
the regression fit. For Pb quantification, the average 95% CI width is 
1.21 ppm. Due to this narrow width, the CI in the primary Pb plot is 
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visually covered by the regression line, indicating low uncertainty in 
the model’s global predictive trend. For Cd, the average 95% CI width 
is 9.45 ppm, which is visible in the zoomed-in inset. These narrow 
confidence bounds suggest that the model’s regression parameters are 
stable across the tested concentrations.

The 95% Prediction Interval (PI) bounds the expected variance for 
individual target predictions. For Pb, the average 95% PI width is 
21.60 ppm, meaning individual predictions typically vary by approx-
imately ± 10.80 ppm from the estimated value. For Cd, the average 
95% PI width is 168.83 ppm (± 84.41 ppm). The wider interval for 
Cd is expected due to the highly complex and overlapping nature 
of its concentration data. However, these uncertainty margins remain 
acceptable given the dataset’s wide operational measurement range, 
which spans from trace levels up to 1000 ppm.

3.2. Ablation study

An ablation study systematically deconstructs the iTransKAN archi-
tecture to quantify the distinct mathematical contribution of individual 
network modules. Table  4 details this comprehensive analysis across six 
configurations (Models A1–A6), systematically isolating the Learnable 
PE, Scan-Level Attention Fusion, and KAN regressor. Given that con-
tinuous raw data consistently outperformed frequency-domain data in 
the previous evaluation, the raw dataset was selected as the exclusive 
input format for this ablation framework.

Fig.  6 presents a residual analysis to further compare the predictive 
performance of the evaluated configurations. The scatter plots show 
that the complete architecture (Model A1) minimizes extreme outliers 
for both Pb and Cd targets. For instance, Model A1 constrains the Pb 
prediction errors within a boundary of approximately ±75 ppm. In 
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Table 4
Comprehensive ablation study results evaluating individual architectural components on the raw continuous dataset.
 Target Model Configuration Learnable 

PE
Scan-Level 
Fusion

KAN 𝑅2 MSE RMSE MAE MAPE
(%)

SMAPE
(%)

 

 

Pb

iTransKAN A1 ✓ ✓ ✓ 0.9997 30.98 5.16 2.9 18.64 19.50  
 iTransKAN A2 ✓ × ✓ 0.9994 56.42 7.27 4.6 27.96 28.97  
 iTransKAN A3 × ✓ ✓ 0.9994 54.58 6.45 3.1 31.63 18.01  
 iTransformer A4 ✓ ✓ × 0.9993 70.03 8.30 5.3 33.71 30.31  
 iTransformer A5 ✓ × × 0.9990 101.95 9.94 6.2 40.90 30.97  
 iTransformer A6 × ✓ × 0.9947 520.02 17.33 6.7 21.89 19.76  
 

Cd

iTransKAN A1 ✓ ✓ ✓ 0.9814 1842.36 39.14 15.0 31.23 33.67  
 iTransKAN A2 ✓ × ✓ 0.9809 1889.84 39.34 16.0 41.99 35.92  
 iTransKAN A3 × ✓ ✓ 0.9729 2677.58 46.58 21.9 64.91 32.88  
 iTransformer A4 ✓ ✓ × 0.9788 2098.56 42.11 15.5 29.58 24.42  
 iTransformer A5 ✓ × × 0.9730 2673.62 45.34 16.9 31.01 26.12  
 iTransformer A6 × ✓ × 0.9777 2208.67 44.31 20.6 42.26 27.04  
Fig. 6. Residual analysis for the evaluated ablation architectures (Models A1–A6). The scatter plots display the prediction residuals against predicted concentrations 
for Pb (a–f) and Cd (g–l).
contrast, removing the KAN and Transformer components (e.g., Model 
A4) increases this error margin, resulting in scattered outliers that 
exceed ±400 ppm. This visual evidence indicates that the complete 
iTransKAN architecture (A1) provides the most stable predictions. The 
specific contribution of each component is analyzed in the following 
subsections.

3.2.1. Impact of the KAN regression head
The integration of the KAN regression head yields substantial pre-

dictive improvements across the sequence-modeling architecture. For 
Pb quantification, the standard iTransformer equipped with all atten-
tion refinements (Model A4) produces an MAE of 5.3. Substituting the 
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Table 5
Performance comparison of the KAN regression head utilizing RBF versus B-
Spline base functions.
 Target Basis

function
𝑅2 MSE RMSE MAE MAPE

(%)
SMAPE
(%)

 

 Pb RBF 0.9997 30.98 5.16 2.9 18.64 19.50  
 Spline 0.9996 41.04 6.41 4.1 46.12 20.87  
 Cd RBF 0.9814 1842.36 39.14 15.0 31.23 33.67  
 Spline 0.9807 1906.37 43.66 32.3 158.03 61.28  
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Fig. 7. Attention weight distributions across voltammetric scans for (a) Pb and (b) Cd. The learnable PE (Model A1) adaptively differentiates weighting patterns 
across sequential cycles, whereas omitting the positional embedding (Model A3) results in a more restricted and uniform distribution.
Table 6
Performance degradation analysis based on the number of inputted voltammetric measurement 
cycles (scans).
 Target Cycles 𝑅2 MSE RMSE MAE MAPE (%) SMAPE (%) 
 
Pb

10 0.9997 30.98 5.16 2.9 18.64 19.50
 5 −0.0002 98886.66 314.46 252.7 1770.05 128.98
 3 −0.0010 98964.23 314.59 250.3 1726.15 128.69

 
Cd

10 0.9814 1842.36 39.14 15.0 31.23 33.67
 5 −0.0003 98895.98 314.48 252.3 1762.58 128.93
 3 −0.0007 98932.57 314.54 251.1 1740.62 128.79
 
standard regression head with the specialized KAN module (Model A1) 
significantly reduces this metric to 2.9, representing a clear reduction 
in absolute prediction error. The Cd analysis mirrors this performance 
trend, where the KAN integration effectively decreases the Cd MAE 
from 15.5 (A4) down to 15.0 (A1). This consistent error minimization 
demonstrates the superior non-linear mapping capabilities of KAN dur-
ing complex concentration calibrations. Furthermore, the magnitude of 
improvement observed in the MAE is proportionally reflected across 
all other evaluated metrics (including 𝑅2, MSE, RMSE, and SMAPE), 
confirming a consistent and comprehensive enhancement in the model’s 
global accuracy.

To further optimize this regression head, an internal configura-
tion analysis was conducted comparing the RBF and B-Spline as the 
core base functions for the KAN module, as detailed in Table  5. The 
evaluation demonstrates that the RBF configuration is superior for 
voltammetric data processing. Using the RBF, the model restricts the 
MAE to 2.9 for Pb and 15.0 for Cd. In contrast, utilizing the B-Spline 
function increases the error margins, yielding a higher MAE of 4.1 
for Pb and expanding significantly to 32.3 for Cd. The RBF’s ability 
to localize and map specific nonlinearities inherently matches the 
localized peak characteristics of electrochemical signals much better 
than the continuous polynomial segments of B-Splines

3.2.2. Effectiveness of scan-level attention fusion
The proposed scan-level attention fusion mechanism constitutes an 

important performance component within the iTransKAN framework. 
Transitioning from standard sequence averaging (Model A2) to the 
scan-level fusion module (Model A1) yields a notable enhancement 
in analytical precision. For Pb quantification, this architectural mod-
ification minimizes the MAE from 4.6 down to 2.9. The Cd analysis 
corroborates this positive trend, demonstrating a parallel MAE reduc-
tion from 16.0 (A2) to 15.0 (A1). This performance gain indicates that 
the attention-based mechanism effectively extracts crucial temporal 
variations embedded within specific intermediate voltammetric cycles, 
whereas simple arithmetic averaging is less effective at isolating these 
electrochemical signals.
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The effectiveness of this attention fusion is dependent on the amount
of sequential data provided, as demonstrated in Table  6. An evalua-
tion comparing the input lengths of 10, 5, and 3 cycles reveals that 
utilizing the complete 10-scan sequence is a necessary configuration 
for maintaining model stability. For the Pb target, reducing the input 
sequence from 10 scans to 5 and 3 scans leads to a severe inflation 
of error margins, causing the MAE to expand from 2.9 to 252.7 and 
250.3, respectively, alongside negative 𝑅2 values. Similarly, for the 
Cd target, limiting the measurement history increases the MAE from 
15.0 (10 scans) to 252.3 (5 scans) and 251.1 (3 scans). These outcomes 
indicate that truncating the measurement cycles discards vital temporal 
information, which the sequence-modeling architecture requires to 
execute reliable electrochemical calibration.

3.2.3. Role of the learnable positional embedding
Beyond the KAN regression head and the attention-based fusion, 

the learnable PE matrix serves as another important component of 
the architecture. Upgrading from a model variant omitting positional 
information (Model A3) to the dynamic learnable positional embedding 
of the complete iTransKAN framework (Model A1) enhances predictive 
stability. For the Pb target, the inclusion of this learnable PE reduces 
the MAE from 3.1 to 2.9. The Cd analysis exhibits a more pronounced 
accuracy gain, where the MAE decreases from 21.9 down to 15.0. This 
performance difference suggests that tracking the relative position of 
individual cycles within the voltammetric sequence is highly beneficial. 
Without positional tracking, Model A3 treats all scans identically and 
ignores their order in the sequence. In contrast, the learnable PE in 
Model A1 introduces sequence awareness, enabling the framework to 
assign different attention weights to each scan based on its specific 
position.

This sequence-mapping capability is further illustrated by the at-
tention distribution weights presented in Fig.  7. When processing both 
targets, Model A3 (without PE) displays a highly restricted and static 
allocation of attention weights across the voltammetric cycles. This 
flat or marginally shifting pattern indicates that without positional 
tracking, the network lacks the structural awareness to selectively 
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Table 7
External validation performance of the iTransKAN model on independent environmental water samples.
 Target Evaluation Dataset 𝑅2 MSE RMSE MAE MAPE

(%)
SMAPE
(%)

 

 Pb Real-World Water (Spiked 2–10 ppm) 0.9726 0.22 0.47 0.4 10.58 10.52  
 Cd Real-World Water (Spiked 2–10 ppm) 0.8040 1.57 1.25 0.9 17.12 21.62  
prioritize specific segments of the scan sequence. In contrast, Model A1, 
equipped with the learnable PE, demonstrates a highly dynamic and 
responsive weight distribution. Its attention profile exhibits significant 
and sharp fluctuations, characterized by prominent decreases followed 
by steep, rapid climbs across successive scans. This distinct behavioral 
divergence demonstrates that the complete framework effectively lever-
ages explicit sequence position to adaptively focus its attention, thereby 
enhancing the quantification performance.

3.3. Limit of detection and quantification

Based on the standard IUPAC calculations, the iTransKAN model 
demonstrates high sensitivity for the Pb target, achieving a LOD of 
0.81 ppm and a LOQ of 2.45 ppm. For the Cd analyte, the LOD and 
LOQ are determined to be 6.38 ppm and 19.32 ppm, respectively. The 
higher threshold values for Cd compared to Pb are directly attributed to 
the complex and irregular signal patterns across different concentration 
levels within the raw voltammetric data.

Furthermore, an evaluation at the low boundary concentration of 
2 ppm indicates the practical reliability of the model for environmental 
monitoring. At 2 ppm, iTransKAN records constrained error margins, 
yielding a MAE of 2.05 and a RMSE of 3.20 for Pb. Similarly, for Cd, 
the model maintains a MAE of 1.45 and an RMSE of 1.82. These eval-
uation metrics indicate that iTransKAN preserves stable and accurate 
predictive capabilities even when operating near the detection limits.

3.4. Real-world environmental validation

The independent external validation, utilizing environmental water 
samples from distinct locations in Surabaya, directly assesses the pro-
posed architecture’s generalization capability under practical sensing 
conditions. Table  7 presents the predictive performance of the opti-
mized iTransKAN model on this real-world dataset, which is spiked 
with trace-level concentrations (2.0 to 10.0 ppm) of Pb and Cd.

As shown in Table  7, the iTransKAN architecture successfully pre-
dicts the trace-level concentrations despite the presence of complex 
environmental interferences. For Pb quantification, the model achieves 
an 𝑅2 of 0.9726, indicating a strong correlation with the true spiked 
concentrations. The absolute deviations remain constrained, yielding 
an MAE of 0.4 ppm and an RMSE of 0.47 ppm.

For Cd detection, which inherently experiences higher suscepti-
bility to overlapping background signals in real matrices, the model 
demonstrates acceptable predictive stability. It records an 𝑅2 of 0.8040, 
accompanied by an MAE of 0.9 ppm and an RMSE of 1.25 ppm. The 
ability of iTransKAN to maintain these error margins on external sam-
ples indicates that the network does not exhibit severe overfitting to the 
primary laboratory dataset. These outcomes verify that the architecture 
effectively isolates the target analyte signals from actual physical and 
chemical interferences in complex aquatic environments.

3.5. RATE evaluation and visualization

Evaluation of the proposed framework relies on the RATE metric 
to verify safety and reliability. Unlike standard symmetric error mea-
surements, RATE applies an asymmetric penalty on under-predictions, 
which are inherently more dangerous in environmental monitoring 
where undetected heavy metals pose severe health risks. To address the 
selection of the penalty factor (𝛼), this study implements a sensitivity 
analysis using 𝛼 = 2 (mild caution), 𝛼 = 5 (moderate penalty), and 
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𝛼 = 10 (strict regulatory compliance). Fig.  8 details the performance of 
configurations A1–A6 across these varying factors. The axes represent 
specific concentration targets, and the plotted dimensions reflect the 
RATE scores on a logarithmic radial scale. A smaller enclosed area 
denotes superior and more stable predictive performance across the 
concentration spectrum. Model A1 appears almost invisible at the 
center origin across all subplots, indicating that the full proposed 
refinement effectively minimizes prediction errors regardless of penalty 
severity.

The ablation variants (A2–A6) all exhibit substantial error expan-
sion relative to A1, with RATE scores climbing sharply at low con-
centration targets. Among these, A3 records the most severe degra-
dation, followed closely by A4, A5, and A6, each registering near-
maximum scores along multiple radial axes — particularly at low Pb 
concentration targets where accurate detection is most critical. These 
large enclosed polygons collectively demonstrate that the removal of 
any key network component leads to systematic under-prediction of 
heavy metal concentrations, undermining the model’s reliability as a 
safety-critical monitoring tool.

The comparison across 𝛼 values explicitly demonstrates the model’s 
sensitivity to this penalty choice. At 𝛼 = 2 (Fig.  8a, 8d), the con-
centration target range spans 0–10 ppm for both Pb and Cd, and the 
polygon areas for A2–A6 already show clear deviations from the origin. 
As the penalty escalates to 𝛼 = 10 (Fig.  8c, 8f), the radial coverage of 
concentration targets expands to 0–24 ppm for Pb and 0–14 ppm for Cd, 
and the error footprints of ablation variants expand dramatically out-
ward — pushing toward the scale ceiling of 1000. The extreme penalty 
factor forces even minor under-estimations into massive error spikes. In 
sharp contrast, the iTransKAN with full proposed refinement exhibits 
zero expansion despite this 𝛼 increase, maintaining its position at the 
origin across all conditions. Crucially, while RATE heavily penalizes 
under-estimation during evaluation, it does not induce a systematic 
overprediction bias within the network. This risk is fundamentally 
controlled by utilizing the MSE as the loss function during training 
(as established in Table  2). RATE thus functions purely as a post-
hoc evaluation metric to confirm environmental safety, ensuring the 
architecture remains highly accurate without artificially inflating its 
predictions.

3.6. Comparison with previous research

The proposed iTransKAN model achieves optimal performance dur-
ing the detection of lead (Pb) concentrations. To benchmark its effec-
tiveness, this section presents a comparison with recent studies that also 
detect Pb across different environmental samples such as water, soil, 
dust, and leaves. Table  8 outlines the algorithms and error metrics from 
these prior investigations. Previous research utilizes various ML/DL 
approaches, from standard Linear Regression to complex CAFF and 
Histogram-based Gradient Boosting algorithms.

The comparative analysis highlights the strong performance of the 
iTransKAN model. The proposed architecture records an RMSE of 5.16, 
an MAE of 2.93, and a MAPE of 18.64. These values represent the 
lowest error margins across almost all evaluation metrics compared 
to the discussed studies. For instance, while the Group Method of 
Data Handling (GMDH) algorithm applied to dust samples achieves 
a slightly lower RMSE of 2.87, the iTransKAN model demonstrates 
superior overall consistency by maintaining exceptionally low MAE and 
MAPE scores, which are critical for trace-level evaluation. Furthermore, 
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Fig. 8. Radar plots comparing the RATE of configurations A1–A6 across varying concentration targets. Performance is evaluated for Pb (a–c) and Cd (d–f) under 
penalty factors 𝛼 = 2 (a, d), 𝛼 = 5 (b, e), and 𝛼 = 10 (c, f). The axes represent specific concentration targets, and the plotted dimensions reflect the RATE scores.
Table 8
Comparison of ML/DL algorithms for Pb detection across various environmental samples.
 Author Sample Algorithm RMSE MAE MAPE 
 [39] Water Cross-Attention Feature Fusion (CAFF) – 7.45 54.53  
 [67] Soil Histogram-based Gradient Boosting 7.95 – –  
 [68] Dust Group Method of Data Handling (GMDH) 2.87 – –  
 [69] Leaves and road dust SVM - Multiple 125.10 71.81 –  
 [70] Water Linear Regression 215.42 182.19 –  
 Proposed Study Water iTransKAN 5.16 2.93 18.64  
the iTransKAN approach significantly reduces the mean absolute per-
centage error to 18.64. This represents a profound improvement over 
the 54.53 MAPE recorded by the earlier Cross-Attention Feature Fusion 
(CAFF) method evaluated on similar water samples. These precise 
results validate the capability of the iTransKAN algorithm for accurate 
Pb quantification.

4. Conclusion

This study establishes the novel iTransKAN framework for precise 
heavy metal quantification. The proposed methodology explicitly pro-
cesses continuous multi-scan voltammetric data to capture temporal 
signal variations across sequential cycles. Comprehensive evaluations 
demonstrate the performance advantage of the proposed framework 
over six established baseline neural networks. The iTransKAN archi-
tecture consistently outperforms the standard iTransformer baseline, 
yielding a 72.2% reduction in Mean Absolute Error (MAE) for Pb 
and a 33.8% reduction for Cd. The full proposed refinement equipped 
with learnable PE and scan-level attention fusion achieves a robust 
𝑅2 of 0.9997 (95% CI: 0.9993–1.0000) for Pb and 0.9814 (95% CI: 
0.9570–1.0000) for Cd. The systematic ablation study verifies that ev-
ery structural component directly restricts prediction variance and pre-
vents temporal signal degradation. This structural integrity is further 
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confirmed by the RATE metric evaluation, where the iTransKAN with 
the proposed refinement successfully prevents hazardous concentration 
under-predictions.

This study demonstrates the model’s predictive accuracy and quanti-
tative resilience against simulated noise representing real-world matrix 
interferences. Furthermore, because the iTransKAN framework acts as a 
universal model that learns representations directly from data without 
relying on hard-coded electrochemical equations, it exhibits high gen-
eralizability. Future research will explore extending this architecture 
to a broader range of analytes, such as organic contaminants, and 
adapting it to process data from other detection techniques like Atomic 
Absorption Spectroscopy (AAS) or Inductively Coupled Plasma (ICP) to 
broaden its utility in analytical chemistry.
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