/7

<E;FB Volume 11 No. 2 December 2025 Jurnal Pendidikan Fisika dan Teknologi (JPFT)

Integration of Artificial Intelligence in Data Analysis for
Modern Physics Experiments

Fitria Silviana' & Soni Prayogi’

"Department of Physics Education, Syarif Hidayatullah State Islamic University, Indonesia
2Department of Electrical Engineering, Pertamina University, Indonesia

*Corresponding Author: soni.prayogi@universitas.pertamina.ac.id

Received: 30" October 2025; Accepted: 15" December 2025; Published: 17" December 2025
DOI: https://dx.doi.org/10.29303/ipft.v11i2.10580

Abstract - This study aims to explore the integration of Artificial Intelligence (Al) in data analysis for
modern physics experiments, focusing on how Al-based analytical tools can improve the accuracy,
efficiency, and interpretability of experimental results. The research was conducted through an
experimental approach combining traditional physics data collection methods with Al-driven
algorithms, including regression models, clustering techniques, and neural networks. The experiment
utilized datasets from motion and optics laboratories, where sensor-based measurements were analyzed
using supervised and unsupervised learning models. Data preprocessing, feature extraction, and model
validation were implemented through Python-based frameworks such as TensorFlow and Scikit-learn.
The results demonstrated that Al-assisted data analysis significantly enhanced the precision of
measurement interpretation, reduced error margins by 15-20% compared to conventional methods and
identified hidden patterns within complex datasets that were previously difficult to detect through
manual analysis. Moreover, neural network models proved highly effective in predicting outcomes of
nonlinear systems, particularly in optics and electromagnetism experiments. The study also revealed
that the integration of Al not only accelerates data processing but also serves as an educational tool to
promote computational thinking among physics students. It is recommended that modern physics
laboratories adopt Al-based analytical frameworks as a standard complement to traditional methods,
supported by training modules that familiarize students with data-driven experimentation. This
integration is expected to strengthen the alignment between physics education and emerging
technologies, ultimately fostering innovation and interdisciplinary competence among future physicists.

Keywords: Artificial Intelligence; Data Analysis; Modern Physics Experiments; Neural Networks,
Physics Education

INTRODUCTION analysis in undergraduate and research
In the last decade, the role of Artificial laboratories has relied heavily on manual
Intelligence (Al) has expanded rapidly calculations, statistical plotting, and basic
beyond traditional computational domains regression models. However, as datasets
into various areas of science education and grow larger and more nonlinear due to
experimental physics. The emergence of Al- advanced sensor technologies and Internet of
driven analytical systems has significantly Things (IoT) integration, these conventional
influenced how data is processed, methods are no longer sufficient to extract
interpreted, and visualized in laboratory- meaningful insights efficiently (Hinton,
based learning. Modern physics experiments 2018; Goodfellow, Bengio, & Courville,
such as those involving optics, mechanics, 2016). This transformation creates a strong
thermodynamics, or electromagnetism need to integrate Al-based systems into
produce complex datasets that require modern physics experiments, allowing not
sophisticated analytical tools capable of only automation of data processing but also
recognizing patterns and minimizing enhancement of student understanding
experimental errors. Traditionally, data through intelligent data interpretation.
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The gap between idealized laboratory
analysis data interpretation
presents one of the main challenges in
modern physics education. In an ideal
laboratory  environment, students are
expected to analyze data systematically,
recognize anomalies, and derive physical
relationships that match theoretical models.
In reality, however, experimental data often

and actual

contain noise, nonlinearities, and
measurement errors that obscure underlying
physical laws. These discrepancies limit the
accuracy of conclusions and hinder the
development of critical data literacy skills
among learners. Previous studies have
shown that manual analysis
oversimplify the data, ignoring hidden
dependencies or correlations (LeCun,
Bengio, & Hinton, 2015; Bishop, 2006). Al-
based analytical methods, such as machine

tends to

learning regression, clustering, and neural
networks, offer an alternative approach by
automatically  detecting patterns and
correlations within complex datasets. For

instance, deep neural networks have
demonstrated superior performance in
recognizing nonlinear relationships in

experimental optics data (Karniadakis et al.,
2021). Similarly, supervised learning
algorithms have been successfully applied to
analyze motion tracking and spectroscopy
data with improved accuracy compared to
manual methods (Yao & Liu, 2020). Despite
these advancements, the incorporation of Al
tools into physics laboratories, especially in
the context of education and small-scale
research environments, remains limited.
This underutilization creates a technological
gap between modern computational
capabilities and the pedagogical practices in
physics learning.

Another key aspect underlying this
research is the evolution of educational
paradigms in physics learning, particularly
the transition toward data-driven and
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technology-enhanced  pedagogies. The
concept of  “computational  physics
education” has gained increasing attention as
educators recognize the importance of
preparing students to operate in digital,
interdisciplinary environments (Redish &
Wilson, 1993; Chabay & Sherwood, 2008).
In this context, Al serves not merely as a
computational tool but as a cognitive partner
that supports inquiry, hypothesis testing, and
model validation in real time. By integrating
Al-based analysis within laboratory
experiments, students are exposed to
authentic scientific workflows that mirror
those used in professional research. This
integration enables them to understand not
only the physical phenomena being studied
but also the computational logic behind data
interpretation. ~ For  example, = when
conducting experiments on pendulum
motion or photoelectric effect, Al algorithms
can assist  students identifying
inconsistencies, predicting
system behavior, and correlating parameters
such as period, amplitude, and energy loss
(Ghahramani, 2015). This approach aligns
with the principles of active learning and
constructivist theory, emphasizing that
meaningful learning occurs when students

in
measurement

engage directly with data and interpret
patterns autonomously (Piaget, 1970;
Vygotsky, 1978). Furthermore, introducing
Al-based data analysis helps bridge the gap
between theoretical physics and real-world

applications,  supporting the broader
educational goals of STEM integration and
Industry 4.0 readiness.

The novel contribution of this research
lies in proposing a systematic framework for
integrating Al techniques into data analysis
for modern physics experiments. Unlike
previous studies that focus solely on
algorithmic performance or hardware
optimization, this study emphasizes the
pedagogical and analytical value of Al
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within an educational context. The research
explores how supervised and unsupervised
learning models, such as linear regression,
K-means clustering, and deep neural
networks, can be utilized to enhance
measurement accuracy, interpret complex
datasets, and provide real-time feedback
during experimentation. The study also
introduces a comparative evaluation of Al-
based analysis against traditional manual
approaches, highlighting improvements in
accuracy, efficiency, and conceptual
understanding. In addition, it contributes to
the growing discourse on Al literacy in
physics education by demonstrating how
algorithmic transparency and interpretability
(e.g., through SHAP or LIME analysis) can
empower students to critically evaluate
machine-generated outputs rather than
relying blindly on computational predictions
(Molnar, 2020). This intersection of Al,
physics experimentation, and learning
technology represents a significant step
toward developing smart laboratories that
support adaptive, data-driven learning
environments.

Ultimately, the integration of Al into
physics experimentation serves two strategic
purposes: advancing research accuracy and
transforming learning practices. From a
research perspective, Al enables the rapid
processing of large datasets and reveals
patterns previously hidden by noise,
improving the reproducibility and reliability
of physical measurements. From
educational standpoint, it equips students
with essential 21st-century competencies
data literacy, computational thinking, and

an

interdisciplinary problem-solving, that are
increasingly demanded in academic and
industrial sectors. The convergence of these
goals underscores the transformative
potential of Al-driven data analysis as a
bridge between modern physics and
emerging digital technologies. Therefore,

552

this study aims to develop and evaluate an
Al-integrated framework for physics data
analysis, focusing on its effectiveness in
improving data interpretation, reducing
errors, and enhancing students’ analytical
skills. By doing so, it contributes both to the
advancement of experimental methodology
and to the innovation of physics learning in
higher education, aligning with the vision of
Technology-Enhanced Physics Education
that integrates automation, analytics, and
pedagogy in a unified framework (Russell &
Vojtek, 2019; Zhang et al., 2021).

RESEARCH METHODS

The research employed a quantitative-
experimental design with a focus on
integrating  Artificial Intelligence (Al)
techniques into data analysis workflows for
selected modern physics experiments. The
study was conducted in two laboratory
the Modern  Physics
Laboratory of Universitas Pertamina and the
Computational Physics Laboratory of UIN

environments:

Syarif ~ Hidayatullah Jakarta. The
experimental  setup  included  three
representative experiments: (1)

photoelectric effect, (2) thermal conductivity
of metals, and (3) harmonic motion analysis.
Each experiment was designed to generate
large-scale datasets through digital sensors
connected to a data acquisition (DAQ)
interface. The primary objective was to
evaluate how Al models could enhance
accuracy and interpretability compared to
traditional manual analysis methods. Data
were collected using Vernier sensors,
Arduino-based analog-to-digital converters,
and LabVIEW-controlled interfaces to
ensure synchronization and precision in data
sampling. All experimental data were stored
in a structured format (CSV/JSON) and
preprocessed for normalization and noise
reduction using statistical smoothing and
outlier detection techniques before being



/7

Jurnal Pendidikan Fisika dan Teknologi (JPFT)

<z7 B Volume 11 No. 2 December 2025

input into Al models (Hastie, Tibshirani, &
Friedman, 2009). Figure 1 illustrates the
overall experimental workflow from data

acquisition to Al-based analysis and
interpretation.

The Al model implementation
consisted of three analytical approaches:
supervised regression, unsupervised
clustering, and deep learning-based

prediction. In the regression stage, Multiple
Linear Regression (MLR) and Support
Vector Regression (SVR) were employed to
determine  the relationship  between
measured physical quantities such as
voltage—intensity, temperature—time, and
amplitude—frequency. The second stage used
K-Means  Clustering  and  Principal
Component Analysis (PCA) to classify and
visualize experimental trends, allowing for
detection of data groupings and anomalies
not visible through traditional plots. Finally,
a feed-forward neural network (FNN) with
three hidden layers was trained to predict
experimental outcomes, such as the work
function in the photoelectric effect or
damping coefficients in oscillation systems.
Model training utilized 70% of the dataset
for training and 30% for testing, with cross-
validation applied to minimize overfitting.
Hyperparameters, including learning rate,
activation function, and neuron count, were
optimized using grid search. The models
were developed in Python (using Scikit-
Learn and TensorFlow frameworks) and
integrated into a Jupyter-based environment
that allowed interactive visualization and
performance  comparison.  Evaluation
metrics included Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and
R?  coefficient, which provided a
comprehensive measure of predictive
accuracy. Figure 1 presents the Al modeling
pipeline used to automate analysis and
visualization.
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Figure 1. Experimental Workflow and Al
Integration Framework

For statistical analysis and validation,
both descriptive and inferential methods
were applied to compare the Al-assisted
analysis results with those obtained from

conventional manual computation. The
accuracy improvement percentage
(Agccuracy) Wwas calculated using  the
equation:
Ay —A
Aaccuracy — ( Al manual) x 100%

Amanual

where Ay represents the accuracy of
Al predictions and A, nyqicorresponds to
The statistical
significance of the improvement was tested
using a paired-sample t-fest with a
confidence level of 95%. Furthermore,

human-calculated results.

correlation analysis was performed to
evaluate the linearity between theoretical
and experimental The
visualization stage integrated Matplotlib and
Plotly to create dynamic graphs that
displayed real-time comparison between Al
and manual outputs. This approach enabled
researchers and students to interpret the
physical meaning behind the data while
simultaneously understanding how Al-
derived models adjust predictions. The
methodology thus provides a replicable and
adaptive framework for implementing Al in
modern physics laboratories, fostering a
bridge between computational analysis and

outcomes.

conceptual understanding. This integrated
system not only enhances experimental
accuracy but also transforms the learning
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process into an interactive, technology-
driven experience that promotes scientific
inquiry and critical data literacy
(Goodfellow et al., 2016; Ghahramani,
2015; Karniadakis et al., 2021).

RESULTS AND DISCUSSION

The implementation of Al in data
analysis for modern physics experiments
demonstrated substantial improvements in
data interpretation accuracy, efficiency, and
pedagogical engagement. Across the three
experimental cases, photoelectric effect,
thermal conductivity, and harmonic motion,
the Al-assisted analysis produced results that
aligned closely with
expectations, surpassing traditional manual
analysis in terms of precision and
reproducibility. The integration of machine
learning algorithms allowed real-time

theoretical

identification of outliers, automated trend
detection, and predictive modeling of
physical  parameters. These findings
underscore the potential of Al as both a
scientific and educational tool, capable of
bridging the gap between complex data
acquisition and intuitive understanding of
underlying physical laws.

Manual analysis using conventional
statistical methods typically required 2540
minutes per dataset, depending on the
experiment’s complexity. In contrast, the
Al-assisted pipeline reduced processing time
to less than 5 minutes per dataset while
maintaining high analytical reliability.
Figure 2 illustrates the comparative accuracy
of manual and Al-based analyses, measured
using Root Mean Square Error (RMSE) and
R? coefficients. The results reveal that Al
regression models achieved an average error
reduction of 35-60% compared to manual
methods. This demonstrates that Al-based
predictive analytics can serve as a robust
framework for improving both efficiency
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and conceptual accuracy in experimental
data interpretation (Hastie et al., 2009).
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Figure 2. Comparison of Analysis Accuracy
between Manual and Al-Based Methods

The supervised learning models,
particularly Support Vector Regression
(SVR) and Feedforward Neural Networks
(FNN), exhibited strong  predictive
capabilities. In the photoelectric effect
experiment, the FNN model predicted the
stopping potential (I;) with a mean error
margin of £0.03 V, compared to £0.12 V in
manual analysis. Similarly, in thermal
conductivity tests, the regression model
identified temperature gradients with an
error deviation of less than 2%, highlighting
the model’s precision in correlating non-
linear data. These results demonstrate that
Al methods subtle data

variations that are often overlooked by linear

can capture

fitting techniques. The superior adaptability
of Al algorithms in handling nonlinearity
also contributes to enhanced experimental
accuracy and consistency (Goodfellow et al.,
2016).

The  application of  K-Means
Clustering provided meaningful
representations of  experimental
distributions. In the
analysis, clustering algorithms successfully
separated oscillation cycles into stable and

visual
data
harmonic motion

unstable regions based on amplitude decay
and frequency deviation. Figure 3 shows the
clustering results, where distinct groups are
color-coded to represent stable oscillations
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(Cluster 1) and damped oscillations (Cluster
2). This automated categorization supports
deeper  understanding of  damping
phenomena and allows students to visualize
transitions between motion regimes. The
clustering outputs also helped identify
anomalous data caused by sensor noise or
environmental interference, enhancing
experimental reliability (Karniadakis et al.,
2021).

Component 2

| |
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L]

1
o

-2 0 2 4
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Figure 3. K-Means Clustering Results in
Harmonic Motion Analysis

Feature importance analysis was
conducted using SHAP (Shapley Additive
Explanations) values to interpret the
contribution of each input variable to the
final prediction. In the thermal conductivity
experiment, temperature difference (AT) and
material thickness were identified as the
most influential features, contributing over
70% to the output variance. Figure 4
presents the feature importance ranking for
all input parameters. The use of interpretable
Al models is crucial for educational settings,
as it encourages students to understand why
an algorithm makes certain predictions
rather than treating Al as a “black box.” This
aligns with modern physics
objectives  emphasizing computational
transparency and conceptual
(Molnar, 2020).

education

reasoning
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Figure 4. Feature Importance Ranking using
SHAP Values in Thermal Conductivity
Analysis

To evaluate the statistical significance
of performance improvement, a paired-
sample #-test was applied to compare Al-
predicted and manually calculated outputs.
Results indicated a statistically significant
(p < 0.05) all
experiments, confirming that Al analysis
yielded more consistent and accurate results.
Correlation  coefficients (r) between
experimental and theoretical data increased
from 0.91 (manual) to 0.98 (Al-assisted),
reinforcing the validity of the proposed
methodology. These results highlight the
potential of Al to not only automate
computation but also enhance the scientific

difference across

validity of laboratory outcomes (Bishop,
2006).

One of the notable advantages of the
proposed framework lies in its real-time
visualization capabilities. The integration of
Plotly and Matplotlib allowed automatic
generation of interactive plots displaying
relationships  between measured and
predicted variables. During experiments,
students could observe immediate feedback
as the Al model updated results dynamically
based on new measurements. Figure 5
illustrates an of real-time
visualization for the photoelectric effect

example

experiment, where photon energy (E) and
stopping potential (V;) are plotted together
with the
continuously.

Al regression line updating
This interactive feature
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enhanced conceptual understanding and
engagement among learners, transforming
traditional data analysis into an exploratory
learning experience (Redish & Wilson,
1993).
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Figure 5. Real-Time Visualization of Al
Regression in Photoelectric Effect Experiment

Beyond analytical performance, the
integration of Al in modern physics
laboratories produced notable educational

benefits. Students reported increased
motivation, deeper engagement with
experimental  data, and  improved

comprehension of complex relationships
among physical variables. By enabling
interactive experimentation, Al tools helped
bridge theoretical and empirical learning.
Students were able to conduct “what-if”

simulations, modifying variables and
observing Al-driven predictions, which
facilitated inquiry-based learning and

critical reasoning. These outcomes support
the notion that Al-enhanced laboratories
align with constructivist principles, enabling
active exploration and discovery (Piaget,
1970; Vygotsky, 1978).

The modular architecture of the
developed framework ensures compatibility
with various sensors, DAQ systems, and
computing platforms. The system can be
deployed using low-cost microcontrollers
such as Arduino and Raspberry Pi, making it
accessible for educational institutions with
limited budgets. The software framework
developed using open-source libraries such
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as TensorFlow and Scikit-Learn ensures
scalability across experimental
setups. This technological flexibility is
essential for promoting widespread adoption
of Al-integrated laboratory systems in
physics education (Russell & Vojtek, 2019).

Despite its  advantages,
limitations were identified. The primary
challenge involves ensuring data quality

diverse

several

during acquisition, as Al algorithms are

sensitive to noise and inconsistent
measurements. Another limitation is the
need for computational resources during
model training, which may pose difficulties
in laboratories with limited hardware.
Additionally, while interpretability methods
such as SHAP and LIME provide
transparency, students may still require
foundational understanding of Al concepts
to fully grasp their implications. Addressing
these challenges requires integrating Al
literacy into physics curricula (Zhang et al.,
2021).

The results align with and extend
findings from previous studies on Al-
assisted scientific experiments. For example,
Yao and Liu (2020) demonstrated that Al
algorithms improved pattern recognition in
spectroscopy data by 40%, while
Karniadakis et al. (2021) reported increased
predictive accuracy in fluid dynamics
modeling using physics-informed neural
networks (PINNs). The present study
expands this understanding by applying Al
educational laboratories, thus
contributing both to the scientific and
pedagogical  dimensions of  physics
experimentation. It  highlights the
transformative potential of Al in integrating
research-grade analytics into the classroom.

The integration of Al into modern

physics experiments successfully enhances

within

analytical accuracy, reduces human error,
and supports interactive, inquiry-based
The framework

learning. proposed



/7

Jurnal Pendidikan Fisika dan Teknologi (JPFT)

<E;F B Volume 11 No. 2 December 2025

demonstrates how machine learning and
deep learning models can process complex
data more effectively than manual methods,
providing real-time, interpretable results that
promote  deeper understanding.  The
combination of regression, clustering, and
interpretability  tools  establishes a
foundation for smart laboratory
environments where physics learning and
computation coexist seamlessly. This
integration marks a significant step toward
the future of data-driven physics education
one that emphasizes automation, analytics,

and accessibility in scientific inquiry.

CONCLUSION

The integration of Al in data analysis
for modern physics has
demonstrated significant advancements in
precision, efficiency, and interpretability of
experimental Through  the
application of machine learning algorithms
such as deep neural networks, support vector

experiments

results.

machines, and clustering models, complex
and high-dimensional physics data can be
analyzed with improved accuracy and
reduced human bias. The findings indicate
that Al not only accelerates the process of
data interpretation but also unveils subtle
correlations that are often undetectable
through traditional methods. This research
emphasizes the transformative role of Al in
bridging computational intelligence with
experimental physics, paving the way for
real-time decision-making, adaptive
experimentation, and predictive modeling in
future studies. The integration of these
methods signifies a paradigm shift toward
more autonomous, data-driven experimental
analysis, ultimately enhancing innovation
and discovery in the field of modern physics.
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