
Article Not peer-reviewed version

Kolmogorov-Arnold Networks for

Interpretable Analysis of Water Quality

Time Series Data

Ignacio Sánchez-Gendriz * , Ivanovitch Silva , Luiz Affonso Guedes

Posted Date: 21 May 2025

doi: 10.20944/preprints202505.1650.v1

Keywords: Kolmogorov-Arnold Networks; Artificial Neural Networks; Symbolic Regression; Water Quality;

Aquaculture

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/3183768
https://sciprofiles.com/profile/15740
https://sciprofiles.com/profile/2284449


Article

Kolmogorov-Arnold Networks for Interpretable
Analysis of Water Quality Time Series Data
Ignacio Sánchez-Gendriz * , Ivanovitch Silva and Luiz Affonso Guedes

Department of Computing Engineering and Automation, Federal University of Rio Grande do Norte, Natal 59078-970, Brazil
* Correspondence: ignaciogendriz@dca.ufrn.br;

Abstract: Kolmogorov–Arnold Networks (KAN) represent a promising model suited for applications
that require interpretability. Here, we explore the use of KAN to analyze time series of water quality
parameters obtained from a published dataset related to an aquaponic environment. The Water
Quality Index (WQI) was calculated as an arithmetic combination of three water parameters: pH, total
dissolved solids, and temperature. By training KAN models, we derived explicit algebraic expressions
capable of accurately predicting WQI, achieving low prediction error while emphasizing the most
relevant predictors. Model performance was assessed using standard regression metrics, with R2

values exceeding 0.97 on the test set. These findings highlight the potential of KAN and its applicability
to broader problems where accuracy, interpretability, and model simplification are desirable.

Keywords: Kolmogorov-Arnold Networks; artificial neural networks; symbolic regression; water
quality; aquaculture

1. Introduction
Kolmogorov-Arnold Networks (KAN) are a promising Artificial Neural Network (ANN) architec-

ture recently proposed as a revolutionary paradigm [1,2]. KAN models possess valuable characteristics
that can enhance accuracy and interpretability compared to traditional ANN models [3,4]. The inter-
pretability characteristic of KAN is particularly noteworthy, which is achieved through the ability to
derive closed mathematical expressions representing input-output relationships, commonly referred
to as symbolic regression [5].

In this work, we apply KAN to analyze time series data collected from an Internet of Things
(IoT)-based water quality monitoring system in an aquaponic environment [6]. The primary objective
of this study is to evaluate the capability of KAN as a data-driven approach for automatically extracting
symbolic expressions that effectively capture the relationship between input water parameters and
the Water Quality Index (WQI). In this context, WQI is a composite target variable derived from the
monitored parameters. Although multiple WQI formulations exist in the literature [7,8], our goal is
not to analyze the index computations in depth. Instead, WQI is employed here as a representative
use case to explore and illustrate key capabilities of KAN models, including the extraction of explicit
mathematical input–output relationships and data-driven feature selection, all within a real-world
application context.

The results demonstrate that the trained KAN model is able to predict WQI from the input
parameters with satisfactory accuracy, as measured by Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and the coefficient of determination (R2) [9]. Additionally, we obtained a
closed symbolic expression with predictive performance comparable to the trained model. Notably, the
obtained symbolic expression slightly outperforms the original KAN model and reduces the number
of input variables, highlighting its potential as a model simplification technique.

The findings from this case study emphasize KAN’s potential for applications that require inter-
pretability and high model performance. In addition to automatically obtaining closed mathematical
expressions representing input-output relationships, the results suggest that KAN can also serve as an
effective feature extractor.
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The remainder of this paper is structured as follows. Section 2 describes the dataset used as a
case study, the preprocessing steps applied to the analyzed variables, and the computation of the
WQI. It also introduces the fundamental concepts of KAN and details the specific model configuration
and evaluation procedure employed in this study. Section 3 presents and discusses the main results,
including model configuration, pruning, and the performance of symbolic expressions derived from
the original and pruned KAN models. Finally, Section 4 presents the main conclusions, potential
improvements, and directions for future work.

2. Material and Methods
2.1. Dataset Description

The dataset used in this study consists of water quality measurements collected from an aquaponic
fish pond monitored with IoT sensors [6]. The monitored variables and their corresponding units are
summarized in Table 1.

Table 1. Water quality variables and their units as measured by IoT sensors.

Description Units

Timestamp recorded DateTime
Water pH pH units

TDS concentration mg/L (ppm)
Water temperature °C (Celsius)

2.1.1. Data Cleaning and Preprocessing

IoT sensor networks, while enabling large-scale and continuous environmental monitoring, are
prone to various data quality challenges [10]. Common issues include sensor malfunctions, power
instability, intermittent connectivity, and communication failures. These problems often manifest as
missing values, irregular sampling intervals, or noisy measurements. To address these challenges
and ensure data reliability, appropriate cleaning and preprocessing steps are essential prior to any
modeling or analysis [11,12].

In this study, the original dataset was not uniformly sampled, which required preprocessing to
obtain a consistent time series structure. We selected a subset of the dataset covering the period from
2023-01-30 12:00:00 to 2023-02-08 16:00:00, representing more than nine consecutive days of monitoring.
This subset comprises the complete dataset for analyses presented in this work.

We applied a mean aggregation procedure to resample the data at a 1-minute interval to achieve
uniform temporal resolution. Despite this aggregation, some missing values remained due to ir-
regularities in the original recordings. These gaps were addressed using second-order polynomial
interpolation, which estimates the missing values by fitting a local quadratic curve to neighboring
points.

Finally, to reduce sensor-induced noise and smooth short-term fluctuations, we applied a single-
pole recursive Infinite Impulse Response (IIR) filter to each time series [13]. This step produced
continuous, smoothed signals while preserving the broader trends relevant to subsequent modeling.
The resulting preprocessed dataset is uniformly sampled, free of missing values, and smoothed,
forming a consistent input for developing, training, and evaluating the models described in the
following sections.

2.2. Weighted Arithmetic Water Quality Index

The Water Quality Index (WQI) is a widely used metric for assessing water quality [7,8]. Typically,
such indices are calculated by mathematically combining measurements of water parameters. The
calculation process generally involves the following steps: 1) variable selection, 2) parameter scaling,
3) weighting, and 4) algebraic aggregation [8]. Experts can assess water quality in specific contexts
based on the computed index.
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In this study, we used the Weighted Arithmetic Water Quality Index (WAWQI), referred to as
WQI throughout the remainder of the manuscript for simplicity. Although various types of water
quality indices are described in the literature [7,8], the weighted arithmetic WQI was chosen due to its
simplicity and interpretability. The general formula of WQI is presented in Equation 1.

WQI = ∑N
i=1 wi Qi

∑N
i=1 wi

(1)

where:

• Qi is the sub-index quality rating (scaled between 0 and 100).
• wi is the weight assigned to each variable.

Since the dataset includes three key variables (water pH, Total Dissolved Solids (TDS), and water
temperature), each is mapped to a quality rating Qi according to its specific characteristics, as described
below.

2.2.1. Quality Rating Calculation

The quality rating for each variable is mapped to a value between 0 and 100 based on ideal
and permissible values. The specific calculation for each parameter, as used in the present work, is
described as follows:

pH quality rating (QpH), equation 2

QpH =

(
VpH − 7
8.5 − 7

)
× 100 (2)

where:

• VpH = observed pH value
• Ideal pH = 7.0 (neutral)
• Standard maximum = 8.5

Inverse scaled TDS quality rating (QTDS), equation 3

QTDS =
500 − VTDS

500
× 100 (3)

where:

• VTDS = observed TDS value
• Ideal TDS = 0 mg/L
• Standard maximum = 500 mg/L
• Higher TDS indicates worse quality (inverse scaling)

Temperature quality rating (QTemp), equation 4

QTemp =

(
1 −

|VTemp − 26|
3

)
× 100 (4)

where:

• VTemp = observed water temperature
• Ideal temperature = 26°C
• Acceptable range = 24–27°C
• Deviation from 26°C results in a penalty
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2.2.2. Weight Calculation

The weight for each variable is calculated as inversely proportional to its maximum permissible
value, equation 5:

wi =
k
Si

(5)

where:

• Si = standard limit for each variable
• k = proportionality constant (set to 1 for simplicity)

For this study, we used the following limits:

• SpH = 8.5
• STDS = 500
• STemp = 3 (deviation range from 26°C)

By combining the quality ratings and weights according to Equation 1, the final WQI value
is computed, providing a composite assessment of water quality based on the selected parameters.
While the specific quality rating functions and thresholds adopted in this work suit the case study,
alternative normalization schemes or WQI formulations could be employed to fit other applications.
Such adjustments would not alter the core objectives of this study, which focus on evaluating the
capabilities of KAN in modeling interpretable relationships from real-world water quality data.

2.3. Kolmogorov–Arnold Networks: Theoretical Foundations

Multilayer Perceptron (MLP) networks are based on the foundational principle that multilayer
feedforward networks are universal approximators of any continuous function [14,15]. In contrast,
Kolmogorov-Arnold Networks (KAN) are based on the Kolmogorov-Arnold superposition theorem
(K-A theorem) [16,17].

The K-A theorem states that any multivariate continuous function f (x), in wich x = {x1, x2, . . . , xn},
defined on a bounded domain, can be expressed as a combination of a finite number of continuous
univariate functions. This formulation is mathematically described in equation 6.

f (x) =
2n

∑
q=0

Φq

(
n

∑
p=1

ϕpq(xp)

)
(6)

where:

• f (x) - the target multivariate function to approximate.
• xp - the p-th input variable.
• ϕpq - continuous univariate inner functions, applied to each input variable.
• Φq - continuous univariate outer functions, combining the intermediate results.
• n - the dimensionality of the input space.

In practice, KAN implements this theoretical formulation by constructing a network where the
inner functions (ϕpq) and outer functions (Φq) are approximated using neural network layers. This
structure enables KAN to efficiently model complex relationships while retaining interpretability
through the explicit mathematical expressions derived from the network’s learned functions.

For the sake of simplicity, we recommend that interested readers consult [1,2] for a more in-depth
theoretical background and implementation details.

2.4. KAN Implementation Details

The univariate functions ϕpq and Φq in Equation 6 are implemented in KAN as smooth, learnable
functions constructed using a linear combination of basis functions known as B-splines [18]. B-
splines are a specific class of spline functions that offer desirable properties such as local support,
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smoothness, and differentiability, making them particularly suitable for neural network training via
backpropagation [19,20]. In practice, a univariate function ϕ(x) within a KAN is represented as:

ϕ(x) =
G+k−1

∑
i=0

ciBi(x) (7)

where Bi(x) is the i-th B-spline basis function of degree k, ci are learnable coefficients, and G is the
number of grid intervals (also referred to as segments or knots) that define the piecewise structure.

In this study, we adopted a commonly used configuration of cubic B-splines (k = 3) and selected
G = 10 intervals to balance model flexibility and computational efficiency, consistent with prior KAN
implementations [1].

To represent the layered structure of a KAN, each layer is defined as a matrix Φl whose entries
are univariate functions ϕij mapping from input neuron i to output neuron j. Unlike traditional neural
networks, where weights are scalar values, the connections in KAN are functional—each entry in the
matrix is a spline-based function learned during training.

A KAN layer l is thus denoted as:

Φl : [Nl
in, Nl

out]

where Nl
in and Nl

out refer to the number of input and output units, respectively. Given an input vector
x, the operation of two consecutive KAN layers is expressed as:

y = KAN(x) =
(

Φ2 ◦ Φ1
)
(x) (8)

where ◦ denotes function composition, not matrix multiplication. Each layer applies a learned set of
univariate transformations to its inputs, sums them at the node level, and passes them to the next layer.

In this study, we implemented two models with the following configurations:

• Original model (KAN): Two layers configured as Φ1 : [3, 3], Φ2 : [3, 1], using all three input
variables (pH, TDS, temperature).

• Pruned model (KAN′): Two layers configured as Φ1 : [2, 1], Φ2 : [1, 1], using only pH and
temperature after feature sparsification.

As previously described, both models were trained to predict the WQI using their respective
input configurations. The pruned model (KAN′) was obtained through a sparsification process that
removed less relevant input features. Further details on this pruning strategy and its implications are
provided in Section 3. Symbolic expressions were extracted from the learned univariate B-spline-based
functions for each trained model. These expressions allow WQI predictions to be made without
executing the whole network, showcasing a key strength of KAN: its ability to produce interpretable,
compact mathematical representations of the modeled relationships. We computed MAE, RMSE, and
R2 metrics for both models and their corresponding symbolic expressions to evaluate performance.

2.4.1. Data Split

The available dataset was divided into training, validation, and testing subsets, following standard
practices in machine learning workflows [21,22]. Since the preprocessed dataset was uniformly
resampled at one-minute resolution, each day corresponds to 1440 = 24 × 60 samples.

• Training set: 6 complete days of data (∼ 8640 samples).
• Validation set: Approximately 1.5 days (∼ 2160 samples).
• Test set: Approximately 1.5 days (∼ 2160 samples).

This partitioning strategy supports a robust evaluation of model performance by separating the
data used for training from the data used to monitor generalization and the final model assessment.
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The validation set was used during training to compute learning curves and guide model selection,
while the test set was reserved exclusively for the final performance evaluation.

This approach helps mitigate a well-known problem in machine learning known as data leakage,
which can lead to overly optimistic performance estimates if information from the test set inadvertently
influences model training [23]. Maintaining a strict separation between these subsets ensures a reliable
evaluation pipeline aligned with best practices in data-driven modeling.

2.5. Overview of the Proposed Methodology

Figure 1 presents a flowchart that summarizes the methodology adopted in this study. The
workflow begins with acquiring raw data from a publicly available IoT-based dataset [6], which
includes water quality measurements such as pH, TDS, and temperature.

The data were subjected to a series of pre-processing steps to ensure consistency and reliability.
First, a 1-minute mean aggregation was applied to achieve uniform temporal resolution. Subse-
quently, missing values were imputed using second-order polynomial interpolation. A single-pole IIR
smoothing filter was applied to reduce noise typically introduced by low-cost IoT sensors.

Following preprocessing, two Kolmogorov–Arnold Network (KAN) models were trained: the
complete model using all three input variables (pH, TDS, and temperature), and a pruned model using
only the most relevant features identified via sparsification. Symbolic regression was then performed
to extract interpretable expressions from each trained model.

Finally, both model-based predictions and symbolic expressions were evaluated using standard
regression metrics, including MAE, RMSE, and R2, to assess predictive performance and compare
original and pruned models.

Raw Data
pH, TDS, Temp
(IoT sensors)

Preprocessing
1-min mean aggregation

2nd-order polynomial interp.
Single-pole IIR smoothing

KAN Training
Complete Model
Pruned model

Symbolic regressions

Model Evaluation
MAE, RMSE, R2

Figure 1. Flowchart of the proposed methodology. The pipeline starts with raw data collected from IoT sensors
and proceeds through preprocessing, KAN training, symbolic regression, and model evaluation.

3. Results and Discussion
The time series of water quality parameters and the computed WQI over the study period (January

30 to February 8, 2023) are presented in Figure 2. The top panel shows the WQI values, with visual
markers indicating the training (blue), validation (orange), and test (purple) intervals. Subsequent
panels display the time series for pH, TDS, and temperature, respectively. Color-coded lines facilitate
clear visual differentiation of each parameter. These signals were processed using the steps described
in Section 2.1.1, including temporal aggregation, imputation of missing values, and smoothing, to
ensure the reliability of input data for model development. These preprocessing procedures were
crucial to mitigate common data quality issues associated with IoT sensor systems—such as noise,
missing values, and temporal irregularities—which are well documented in the literature [10–12,24].
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Figure 2. Time series of water quality variables (pH, TDS, and temperature) and the WQI over the study period.
The WQI plot highlights training, validation, and test data splits.

3.1. Architectures of the Original and Pruned KAN Models

Figure 3 depicts the architecture of the original and pruned KAN models used to predict WQI.
The original model (KAN) includes three input variables—pH, TDS, and temperature—while the
pruned model (KAN′) uses only pH and temperature. The reduction was guided by a sparsification
process that eliminates non-contributing neurons and B-spline functions during training. This method
results in a compact subnetwork, indicated by the darker nodes and edges in the diagram, representing
the active components relevant to prediction.

The sparsification technique leverages the flexibility of learnable univariate B-spline-based func-
tions, allowing KAN to discard less informative inputs automatically. This enhances model inter-
pretability while improving computational efficiency. In this case, the TDS variable was identified as
non-essential and removed in the pruned configuration. Despite this simplification, KAN′ demon-
strated superior predictive performance, as detailed in Section 3.2. These findings underscore the
value of KAN’s built-in variable selection capability, particularly for applications requiring streamlined
sensor setups or reduced input dimensionality.
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Figure 3. Structure of the original (left) and pruned (right) KAN models used for WQI prediction. Darker nodes
and edges indicate active components retained after sparsification.

The symbolic functions extracted from each model reveal how KAN captures interpretable
relationships between input parameters and the WQI. In both cases, the resulting expressions were
linear, aligning with the WQI’s underlying formulation described in Equation 1. This confirms that the
model successfully identified the expected input–output structure, echoing results observed in other
domains [4,5].

Interestingly, the pruned model not only retained its predictive accuracy, as shown in Section 3.2,
but also provided a key insight: the WQI—originally calculated using three input variables—could
be reliably predicted using only pH and temperature. This finding has practical implications for
deployment in IoT-based monitoring systems, as it reduces the number of required sensors, thereby
lowering equipment and maintenance costs. While traditional WQI estimation typically depends
on expert-defined parameters, data-driven methods such as KAN offer a scalable and interpretable
alternative, particularly when sensor data are continuously available. We conducted an exploratory
analysis of variable relationships using correlation and mutual information metrics to understand
further the statistical dependencies that may have influenced KAN’s feature selection behavior.

3.1.1. Exploratory Analysis of Variable Relationships

To complement the insights gained from the model pruning process, we conducted an exploratory
analysis of pairwise relationships between the input variables (pH, TDS, and temperature) and the
WQI. Figure 4 presents two heatmaps: the left panel displays Pearson correlation coefficients, which
capture linear associations, while the right panel shows normalized mutual information (MI), capable
of revealing both linear and nonlinear dependencies. The combined use of correlation and mutual
information is a well-established strategy in machine learning for feature relevance assessment, offering
complementary perspectives on variable interactions [25]. This analysis used only the training and
validation sets to prevent data leakage and ensure the integrity of subsequent model evaluation.
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Figure 4. Left: Correlation coefficients among water quality parameters and WQI. Right: Normalized mutual
information (MI), symmetrized and scaled to [0, 1]. Both analyses were based on training and validation data.

The results show a strong linear correlation between pH and WQI (r = 0.80), and moderate
correlations between temperature and both WQI (r = 0.26) and TDS (r = 0.36). In contrast, TDS
exhibits almost no correlation with WQI (r ≈ −0.02). The normalized MI matrix provides additional
perspective, revealing moderate shared information between WQI and both pH (0.36) and temperature
(0.36), while TDS again shows limited relevance (0.18).

These results support the sparsification-driven selection by the KAN model: pH and temperature
appear to carry more informative content for predicting WQI, while TDS contributes little. Notably,
despite being used in the original WQI computation, TDS was effectively discarded by the pruned
KAN model—highlighting the model’s ability to perform implicit feature selection in a data-driven
manner.

Interestingly, the mutual information between temperature and WQI also aligns with qualitative
observations from the time series in Figure 2, where daily temperature oscillations seem to propagate
into the WQI trend subtly. This is expected, as WQI is computed from normalized ratings that may
amplify such cyclical patterns even if their original contribution is moderate.

Together, these findings demonstrate that the reduced model provides both interpretability
and computational efficiency, while also exhibiting strong alignment with the dataset’s underlying
statistical structure and visual patterns.

3.2. Model Inference and Symbolic Expression Evaluation
3.2.1. Symbolic Formulas

The symbolic expressions obtained from the trained KAN models are presented in equations 9
and 10. These expressions mathematically represent the relationship between the input variables (pH,
temperature, and TDS) and the output (WQI).

y = 17.21x1 + 25.02x2 + 0.002x3 − 697.35 (9)

y = 17.31x1 + 24.52x2 − 684.92 (10)

In the equations above, x1, x2, x3, and y represent pH, temperature, TDS, and WQI, respectively.
The symbolic expressions derived from both models demonstrate a close numerical similarity. Notably,
the weight attributed to TDS (x3) in Equation 9 is 0.002, indicating a negligible contribution from
this variable. This minimal impact on WQI prediction justifies its exclusion in the pruned model.
Consequently, the pruned expression in Equation 10 remains quantitatively consistent with the original,
further validating the model simplification.
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3.2.2. Performance Evaluation

The performance of the trained KAN models and the predictive capacity of the obtained symbolic
expressions can be visually represented in Figure 5. As shown, both KAN models (original and pruned)
and their respective symbolic expressions closely resemble the observed dynamics of WQI in the test
set. However, the pruned model visually demonstrates better performance, as indicated by the closer
alignment between the predicted and true WQI values.
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Figure 5. Comparison of model predictions and symbolic expressions with the observed WQI over the test period.
The pruned model and its symbolic expression demonstrate improved accuracy compared to the original model.

Table 2 presents a quantitative assessment of both models and their symbolic equivalents using
the coefficient of determination (R2), MAE, and RMSE.

Table 2. Performance metrics for model inference and symbolic predictions on the test set.

Model R² Score MAE RMSE
Original Model (inference) 0.970 1.236 2.203
Symbolic Prediction - Original Model 0.982 0.806 1.722
Pruned Model (inference) 0.987 0.520 1.471
Symbolic Prediction - Pruned Model 0.987 0.520 1.471

The results presented in Table 2 indicate that:

• The pruned model, trained with reduced input variables, demonstrates enhanced accuracy
compared to the original model.

• The pruned model shows slightly better generalization on the test set, as evidenced by a higher
R2 and lower MAE and RMSE values. This highlights the capability of KAN models to effectively
eliminate less relevant variables while maintaining or improving predictive performance.

• The symbolic expressions obtained from both models (original and pruned) offer improved
interpretability and enable the optimization of sensor deployment by reducing the number of
measurements required. This practical advantage translates into lower equipment, installation,
and maintenance costs, while achieving better predictive accuracy in the case study analyzed in
this work.

These findings underscore the potential of KAN models as interpretable and accurate data-
driven solutions for water quality monitoring and other applications where feature selection and
interpretability are essential. Given that this study utilized a dataset related to aquaponics, a subfield of
aquaculture, and considering the significant role of WQI in the aquaculture industry [26], the presented
results demonstrate practical relevance. Moreover, our approach aligns with previous studies in
aquaculture that emphasize interpretability and the use of easily implementable techniques [27,28].
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4. Conclusions
In this work, we applied Kolmogorov-Arnold Networks (KAN) to predict the Weighted Arithmetic

Water Quality Index (WQI) calculated as a linear combination of normalized water quality parameters
(pH, TDS, and temperature). The dataset used in this case study was collected from an aquaponic
environment using IoT sensors. We presented two KAN models: the original model, which utilized all
three input variables, and a pruned version, which employed only pH and temperature as inputs after
feature selection guided by sparsification.

Both models effectively captured the linear input-output relationship between the water quality
parameters and the WQI. Notably, the pruned model demonstrated slightly better predictive per-
formance while maintaining high accuracy, despite the reduction in input variables. The symbolic
expressions derived from each model also demonstrated robust prediction capabilities, achieving
regression metrics such as R2 above 0.98. This result highlights the potential of the pruned model
not only for maintaining predictive accuracy but also for optimizing sensor deployment, which is
advantageous for practical applications by reducing operational costs. The results support using
KAN as a valuable approach for scenarios where interpretability and simplicity are essential. The
pruned model demonstrated practical advantages in the specific case of water quality monitoring in
aquaculture environments, offering a simplified yet accurate modeling strategy.

Future work may explore the application of KAN in more complex scenarios, such as non-
linear problem settings, classification tasks, and comparisons with other established neural network
architectures like Multilayer Perceptrons (MLPs). Additionally, extending this approach to forecast
future values in time series analysis could further demonstrate the versatility of KAN models.
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