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Abstract. The article is devoted to modern software systems (SS) and improving their quality using machine learning methods, including the Integrated
Gradients (IG) method. Key problems and limitation of IG use in real operating conditions of the SS, such as complexity of systems, correlation
of variables and computing efficiency are considered. Ways to improve 1G, including adaptive integration, spatial smoothing and use of weight factors,
are proposed. Experimental results are described that confirm the effectiveness of the proposed modifications to improve the quality of the SS. Adaptive
integration has achieved the best results (MAE 0.11), adaptability and interpretation.
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PREDYKCJA WSKAZNIKOW JAKOSCI OPROGRAMOWANIA Z ZASTOSOWANIEM
MODYFIKACJI METOD GRADIENTOW ZINTEGROWANYCH

Streszczenie. Artykul poswigcony jest nowoczesnym systemom oprogramowania (SO) i poprawie ich jakosci z wykorzystaniem metod uczenia
maszynowego, w tym metody Zintegrowanych Gradientéw (ZG). Rozwazono kluczowe problemy i ograniczenia stosowania ZG w rzeczywistych warunkach
dzialania SO, takie jak ztoZzonos¢ systemow, korelacja zmiennych i wydajnosé obliczeniowa. Zaproponowano sposoby ulepszenia ZG, w tym integracje
adaptacyjng, wygladzanie przestrzenne i wykorzystanie wspotczynnikow wagowych. Opisano wyniki eksperymentalne, ktore potwierdzajq skutecznosé¢
proponowanych modyfikacji w celu poprawy jakosci SO. Integracja adaptacyjna osiggneta najlepsze wyniki (MAE 0,11), zdolnos¢ adaptacji i interpretacji.

Stowa kluczowe: jakos$¢ systemow oprogramowania, uczenie maszynowe, modelowanie, aparat matematyczny, innowacje, ocena jako$ci

Introduction

Modern software systems (SS) are becoming more complex,
which leads to increased requirements for their quality, reliability
and efficiency. Methods of machine learning and neural networks
are widely used for the forecasting and management of SS quality,
but traditional methods of interpretation of such models are not
always able to explain the results that these models generate,
especially in the conditions of large volumes of data and high
complexity of systems [3].

1. Literature survey and problem statement

Integrated Gradients (IG) method is one of the key tools
for interpreting complex neural networks that gained popularity
in the context of SS quality assessment [4]. According to [2]
IG proposes an approach to interpretation of models by calculating
the importance of each model of the model, but it also has some
restrictions and problems that affect its effectiveness in real
operating conditions.

The main advantage of IG is the ability to provide a deep
understanding of the impact of each input parameter on the final
results of the system, which is of great importance for monitoring
and improving indicators such as reliability, productivity,
scalability and resistance to errors.

In studies [1, 10] it is noted that the IG method is especially
effective for explaining the behavior of neural networks
in the context of the quality analysis of the SS, where
it is necessary to identify key factors that affect the performance
of the system. For example, the IG method helps to evaluate
which input or system components most affect such indicators
as the speed of processing, the efficiency of resource use
and the ability of the system to process simultaneous requests.

The work [5] shows that the use of IG in the analysis
of SS productivity allows you to more accurately identify "narrow
places" in architecture that affect the performance of the system.
This allows engineers and developers not only to identify
problems at the testing stage, but also to predict the impact
of changes in the software code on the overall performance
and scalability of the system.

In [6] IG was used to evaluate reliability and resistance
to errors, which are key parameters of the quality of the SS.
The research authors note that 1G allows you to interpret how each
component or system module affects its ability to recover from
errors or malfunctions, which is an important aspect of ensuring
the reliability of large software systems.

The main problem in the practical application of IG is the need
to ensure accurate and reliable forecasting of the quality of SS
in difficult and dynamic conditions. This task is of critical
importance in systems where mistakes or inaccuracies can lead
to significant financial and reputational losses, for example,
in cloud infrastructure or in programs with micro-service
architecture [7]. Methods used by IG help to increase transparency
and accuracy of predictions of machine learning models, however,
due to the lack of dynamic adaptation to variable environments,
they can show inaccuracies and contradictory results [8].
In particular, the IG method requires careful selection
of parameters for different types of models, which can be
a complex and resource-intensive process. [11] states that IG
has restrictions on the application to complex PS architecture,
such as micro-services or hybrid systems that require constant
adaptation to changes in configurations. In practical application,
the 1G method may face the following problems:

e problems with computational efficiency: calculating integral
gradients for large models can be a resource-intensive
and prolonged process, which is not always acceptable
in real time [14];

e sensitivity to the choice of base line (Baseline): the wrong
choice of this line can lead to incorrect results, which reduces
the reliability of the IG method when assessing the quality
of the SS [10];

e lack of adaptation to dynamic changes: IG does not take
into account the dynamic changes in the parameters
of the system in real time, which makes it less suitable
for use in environments with high degree of uncertainty [16].
Such problems can lead to false solutions, assessing

the quality of SS quality, which take into account their
functionality, adaptive improvements and support levels. As stated
in [13], the integration of IG with adaptive methods
and automated parameters can significantly increase the efficiency
of interpretations.

According to [12], IG is characterized by restrictions
in the context of the quality assessment of the SS related
to the choice of basic value. The wrong choice of the base point
can distort the results of the interpretation and lead to false
conclusions about the importance of the individual components
of the system. In studies [14, 15], it has been emphasized that
a SS with a large number of highly correlated variables
of IG can incorrectly distribute the importance between
interdependent components, which complicates the analysis
of the quality of the system.

artykut recenzowany/revised paper

D

IAPGOS, 2/2025, 139-146

This work is licensed under a Creative Commons Attribution 4.0 International License.
Utwér dostepny jest na licencji Creative Commons Uznanie autorstwa 4.0 Miedzynarodowe.



140

In general, in accordance with [2] improvement of the IG
method is possible through:

e optimization of computational costs to reduce the load
on the system during models of interpretation;

e automation of parameters selection to ensure accurate
forecasts without manual setting;

e adaptation to dynamic environments, which will allow
the method to work more effectively in real time and changing
conditions.

In [19], it is noted that IG can be improved by combining
with other methods of interpretation, in particular with Shap.
This allows you to obtain more accurate interpretations, especially
in the conditions of large and complex software systems, where
there is a need to evaluate not only local influences of variables,
but also their global impact on the overall quality of the SS.

1.1. The relevance of further research

In view of all of the above, further studies of the methods
of improving IG are relevant for several reasons:

e Constant development of technology: software systems
are becoming more complex and more scaled, which requires
the improvement of tools for their evaluation.

e Al explanation: Since Al affects the critical areas, more
accurate tools are needed to explain and understand the impact
of different components on the system results.

e Productivity and efficiency: Organizations and developers
of software systems always seek to increase the productivity
of their products, which makes tools for assessing quality key
in the optimization process.

e Growth in users: increasing users and increasing loads
on systems leads to the need to improve approaches
to their assessment and quality control in real time.

The purpose of the article is to improve the IG method to
improve the quality of modern software systems by developing
and implementing new approaches aimed at improving the
reliability, productivity, convenience, convenience and scalability
of systems.

1.2. Tasks of the article

1. Analyze the main problems of using the IG method to evaluate
the quality of software systems, such as variable correlation,
computational efficiency and sensitivity to base parameters.

2. Develop several modifications of the 1G method, including
adaptive integration, spatial smoothing and use of weight
factors, to improve interpretation and predicting the quality
of the SS.

3. Conduct experimental testing |G modifications based on real
data on the use of software systems to evaluate their
effectiveness in different conditions.

4. Compare the results of the
by key metrics: accuracy,
and computing.

5. To provide recommendations for further improvement
of methods of interpretation of neural networks to evaluate
the quality of software systems.

Thus, improving methods, such as IG, is necessary to maintain
high standards of quality of modern software systems, which
makes further research in this field is extremely relevant.

proposed modifications
adaptability, interpreting

2. Related works

When analysing unsolved problems in the use of I1G to assess
the quality of SS, it is advisable to note that it is necessary
to develop the mechanisms of automated choice of basic values
for each specific system, as indicated in [16]. This will avoid
subjectivity when choosing initial values and improving
the accuracy of the SS quality forecasting.
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In general, according to the method [2, 6, 10] IG demonstrates
high potential for improving the processes of analysis
and predicting the quality of the SS, but its subsequent practical
application within the framework of the assessment of the quality
of the SS requires further optimization and improvement,
in particular in the context of automation of the choice of basic
values and solutions. problems with correlated variables
in complex architecture.

The problem of correlated variables in the context
of assessment of the quality of SS according to [10, 14, 15, 19]
can be manifested in several ways:

1. Score of estimates: When two or more variables
are severely correlated, it can lead to displacement of assessments
of important quality indicators. For example, if the speed
of the program and the use of memory is correlated,
then the change of one of these indicators may not have a wrong
effect on the evaluation of the other.

2. Loss of information: If correlated variables are used without
proper accounting, it can lead to loss of important information.
Models may not take into account the relationships between these
variables, which reduces their efficiency in predicting the quality
of the SS.

3. Modelling complications: In models that evaluate the
quality of SS, correlated variables can complicate the learning
process. Algorithms can be "confused" in data, which will lead
to excessive adjustment or lack of training.

4. Interpretation problems: When the results of the analysis are
based on correlated variables, it can be difficult to properly
interpret the value of the deposit of each variable into a overall
quality assessment. This can lead to incorrect conclusions
and decisions.

5. Data anomalies: correlated variables can be sensitive
to anomalies that can distort the results of the analysis.
This is especially important in complex architecture, where
various factors that affect the quality of the SS can be present.

To solve these problems in methods such as IG, it is advisable
to consider the following approaches:

e adaptive dimension reduction: use of techniques such as PCA
(main component method), to reduce the impact of correlated
variables;

e regulation: implementation of regulatory methods that can
help reduce the impact of correlated variables;

e choice of basic values: automation of the process of choice
of basic values to avoid the influence of correlated variables;

e use of specialized models: development of models that can
effectively work with correlated variables, such as random
forests or gradient boosting.

The above strategies can help increase the accuracy
and reliability of the quality assessment of the SS when using 1G
methods.

Continuing the study of the possibilities of improving
the 1G method within the framework of the processes of assessing
the quality of the SS, the following directions can
be distinguished:

1. Dynamic optimization of the base value. Most current IG
applications use a fixed base value to calculate gradients.
As noted in previous studies, the choice of this basic value
significantly affects the accuracy of the results. However, in real
conditions, software systems, especially scaled and distributed,
work in dynamic environments. One of the decisions offered
in the works [12, 13] is to introduce a dynamic adaptation
of the base value depending on the current state of the system,
which will allow to determine more precisely the importance
of the components of the system, taking into account the change
of loads or variations of input data.

2. Taking into account the relationships between components.
The IG method simplifies the analysis by considering each
component independently that it may not be enough for complex
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systems where the components interact. The study [14] proposed
a modification of IG, which takes into account inter-component
relationships and interaction. This will more accurately evaluate
such parameters as reliability and resistance to failures,
especially in distributed and modular systems, where a failure
of one component can have a significant impact on overall
productivity.

3. Multiscoring for a comprehensive quality assessment.
Traditional 1G approaches use one indicator to evaluate the impact
of individual components on the end result. However,
for a comprehensive assessment of the quality of the SS,
it is important to consider several parameters at the same time,
such as speed, efficiency, scalability, accessibility and integrity
of data. The study [15] proposes an advanced technique
of multiscorer, which combines several metrics to create a more
balanced and accurate indicator of the quality of the SS. This will
optimize the software systems, balancing between different
aspects of quality, which is especially relevant for real-time
systems or highly loaded services.

4. Integration with preventive analysis methods for another
promising area is the integration of IG with models of warning
analysis. This will predict the impact of future changes
in the system on its performance or other quality parameters.
Work [21] describes the approach where the integrated gradients
method is integrated with warning models that use data
on previous errors and problems in the system. This not only
analyses the current state of the SS, but also predict how changes
in code or architecture can affect quality.

5. Adaptive algorithms for scaled systems

Existing IG approaches work well in small software systems,
but for very large systems or distributed platforms, such as cloud
services, the method requires considerable computing resources.
The study [17] proposes adaptive algorithms to use IG in scalable
systems with resource optimization, using distributed calculations
and aggregated models. This reduces the load on the system
and allows for quality assessment in real time.

It is also advisable to note the increasing complexity of the SS:
according to [5], the recent SSs are becoming more and more
complex because of the use of distributed architectures, micro
services, cloud computing and scaled platforms. Traditional
quality assessment methods often do not take into account
the complex interaction between the components of such systems,
which can lead to underestimation of the impact of individual
parts on overall productivity. Further research on IG improvement
is relevant to create more accurate assessment of quality
systems, in particular, to ensure their reliability, scalability
and productivity.

In the work [6] partially violates the increase in needs
for explanation of Al models, since software systems
are increasingly used by artificial intelligence and machine
learning, especially in critical industries (eg, health care, financial
technologies, autonomous systems), there is an urgent need
for tools for explaining models. The IG method is one of the main
ones for interpretation of neural networks, but its use
in the context of complex quality systems of SS requires further
research to increase the accuracy and reliability of analysis.

The work [20] indicates the increased requirements
for the productivity of software systems with increasing data
and loads on modern software systems, the need to optimize
productivity without reducing quality increases. Quality
assessment methods should help identify the narrow
places and problematic components of the system, affecting
the performance and efficiency of work. Improved IG algorithms
can be the basis for increasing the productivity of systems
by a better understanding of the interaction between their elements
and timely identification of problems.
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The work [9] raises the question of the need for dynamic
adaptation to real conditions in modern software systems.
Traditional assessment methods, including IGs, are not yet able
to fully adapt to these changes. Research on the methods
of dynamic |G adaptation to assess the quality of the SS will allow
you to better monitor the state of the system and ensure the quality
of software products with real-time users.

In [11], the need for a comprehensive quality assessment
of the quality of the software system cannot be determined
by one metric, it includes parameters such as security,
accessibility, reliability, speed and scalability. Adequately
evaluating all these aspects require complex approaches
that combine several indicators into a single model of evaluation.
Further studies of IG improvement will allow you to create
techniques that can take into account these components
and provide a more complete and objective assessment
of the quality of software systems.

Thus, given the work [1-21], improving the IG method
is necessary to ensure effective and reliable interpretation
of complex models of machine learning, which will help
to improve the quality of the SS.

3. Presentation of the main material

The basic approach of IG is used to explain the operation
of neural networks. It is based on the calculation
of the significance of each input vector parameter by integrating
the gradients of the output function of the model with respect
to input parameters. This uses a "base" vector (for example, a zero
vector or a vector of average values) with which the values of each
input parameter are compared.

The main stages of work:

1. The base vector is selected X' — this is a neutral or initial

state of the model.
2. For each input parameter X; the difference between

the actual value is calculated X and its basic meaning.
3. Integrated the gradient of the original function F(X)

for each parameter X; on the way from the base vector to the real

input vector. The mathematical description of IG can be shown
as an expression (1):

N OF(X+a(x-x))
IG(xi):(xi—xi)L:0 >
where: X{ — the value of the base vector for the parameter X;,

F(X) — exit the model.

Basic approach problems:

1. Integration uniformity: IG integrates gradients evenly
throughout the path, not taking into account the possible
inequalities of the impact of input parameters at different stages.

2. Sensitivity to choosing a base vector: 1G results can depend
strongly on the choice of base vector.

3. Noise in gradients: gradients may be unstable, which can
lead to noise results.

4. Interpretation of local minimums: 1G does not take into
account the local fluctuations in the importance of parameters
at different stages of integration.

Improvement of the Integrated Gradients (IG) methodology
to evaluate the quality of software (SS) can be achieved
through the introduction of several mathematical approaches,
each of which is aimed at improving the accuracy of evaluation
and explaining the results of the neural network model:

1. The approach with weight factors for individual parameters:
In the classic IG methodology, gradients are integrated evenly

da (1)
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for all input parameters. Improvement is to apply the weight
factors that adjust the importance of each parameter based
on the impact on the quality of the SS.

IG feature for each parameter Xj with a weight factor
is determined as follows (2):
OX.

1G(x)=(x -%)|._a- .

where: oj - this is a weight factor that depends on the parameter

oF (X +a(x —x))

da (2

contribution Xj into the overall quality of software systems,

F — this is a model function, and X; — basic vector.

2. Adaptive integration based on gradient changes: instead
of uniform integration of gradients, integration is adaptively based
on the change of gradients at different stages of integration, which
allows to better consider the local features of each parameter.
Adaptive integration involves a dynamic calculation of steps (3):

IG(Xi)z(Xi _Xi’)-iak ~6F(Xi'+ak (Xi _Xi’))

k=1 OX;

Mgy (3)

where: Aa, - this is an adaptive integration step at every

stage K , which is determined by changes in the gradient.

3. Modification using a multi-level base line: in the classic
approach 1G uses one base line for all parameters. Improvement
is to use a multi-level base line that takes into account
the complexity of the SS and different contexts. Where a multi-
level base line is defined as a combination of different base

vectors X; (4):
1 OF (g +alx —x2))

1G(x;) = (x; —x{)- L=O o da (4

where: X{;and X{, Basic vectors corresponding to different

levels of the hierarchy of the SS model.

4. Regulatory of gradients to reduce noise. The additional
regulation of gradients aimed at reducing their fluctuations allows
you to get a more stable estimate of the significance of parameters.
This is especially important for modelling SS quality in unstable
data. Integration of a regulated gradient for each parameter (5):

IG(x)=(x, ‘Xi')‘f;o oF (x;+;;(xi X))

-2(0%; )de (5)

where: ﬁ(axi) — regulatory factor, which reduces the impact

of fluctuations in gradients.

5. Method using spatial smoothing. This approach is to apply
spatial smoothing to smoothing gradients by parameters, which
avoids sharp changes in the quality of SS with low changes
in parameters. Spatial smoothing is performed through the use
of the roll operator to gradients before their integration (6):

oF (X +a(x —X)))
OX;

da  (6)

where: S() — space smoothing operator (for example, average

smoothing or Gaussian smoothing). The research methodology
was to evaluate and improve the IG method to analyse the quality
of software systems. For this purpose, systematic testing of several
IG modifications, including adaptive integration, weight
coefficients, regulating gradients and spatial smoothing, was
performed. The main parameters that evaluated the effectiveness
of modifications included reliability, performance, convenience
and scalability of systems. Real user data, failure frequency,
system response and resource loading (CPU, memory) were used
to carry out testing. The results were comparable to metrics of
accuracy, interpreting, adaptability and time of execution.
Initial data for practical research is given in table 1.

IAPGOS 2/2025

p-ISSN 2083-0157, e-ISSN 2391-6761

Table 1. Initial data for practical research

System ) The amount
Number . Downloading of memory
Response Time Frequency
of users (Response (Failure rate) a processor used
(Users) . (CPU Load) (Memory
time)
Usage)
50 200 0.02 50 % 1GB
120 180 0.01 60 % 1.5GB
300 220 0.03 70 % 2GB
450 250 0.05 75 % 2.5GB
600 300 0.08 80 % 3GB
750 280 0.07 85 % 3.5GB
900 320 0.10 90 % 4GB
1050 340 0.12 95 % 4.5 GB
1200 360 0.15 95 % 5GB
1350 380 0.18 98 % 5.5GB

Methodology for obtaining the results of practical research
of the Modifications of the Integrated Gradients (IG) Method.

The results of a practical study of IG modifications were
obtained by systematic testing of each of the modifications
in conditions that ensure the comparison of their characteristics.
Below is details of how the results were obtained for each method.

1. Weighted coefficients

Process of receiving:

e Data selection: Data sets with real users that turned
on the parameters, such as the number of active users,
response time and refusals were used.

e Modeling: Weighing coefficients were applied to different
parameters to evaluate their contribution to the overall
productivity of the model.

e Evaluation: The results were evaluated by metrics, such
as reliability (defined as a fraction of correct
forecasts), performance (measured through response)
and convenience (determined by user surveys).

2. Nonlinear models

Process of receiving:

e Choosing a model: nonlinear models, such as neural networks
with different architectures (deep and flat), were used for this
method.

e Training: models trained on the same data kits to ensure
comparability of results.

e Analysis:  Contributions to performance parameters
(in particular, response time and failure) were evaluated using
standard metrics.

3. Adaptive integration

Process of receiving:

e Concept: adaptive integration involved a change
in the integration method, depending on the specificity
of the data used for learning.

e Testing: To evaluate the effectiveness of adaptive integration,

data were divided into subgroups, and each
of them used different approaches to integration.
e Metrics: Again, all parameters, including reliability

and convenience, were analyzed based on test results.

4. Regulatory of gradients

Process of receiving:

e Modeling: Gradients' control models have been implemented
to reduce the risk of overdue and improve stability.

e Measurement: To evaluate the contribution to reliability,
performance and convenience, the results were compared with
basic models without regulatory.

e Evaluation: Metrics were used, such as errors frequency and
time to evaluate overall performance.

5. Space smoothing
Process of receiving:
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e Application: Spatial smoothing included the use of filters to
the output of the model to reduce the noise
in the forecasts.

e test: testing was performed on the same data sets, comparing
the results of models with and without smoothing.

e Metrics: The estimate was based on
such as reliability, performance and convenience.

parameters,

General structure of research

1. Data collection: both synthetic and real data sets were
used at the data collection stage, which provided a wide variety
of scripts.

2. Data Processing: All data have been pre-processed,
including normalization and deleting missed values.

3. Experimental settings: Each modification was tested
under the same conditions to provide objectivity.

4. Analysis of results: The results were analysed using
statistical methods such as dispersion analysis (ANOVA)

Table 2. Theoretical and methodological review of approaches
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to determine the significance of the contributions of each
modification.

The process of obtaining results for 1G modifications
was systematic and structured, which made it possible to evaluate
their  effectiveness  compared to  other  approaches.
Each modification made its specific changes to the parameters,
which allowed us to form a general conclusion about
the advantages and disadvantages of each method.

4. The results of practical research

Modifications of the 1G method view in table 2.
The theoretical and methodological review of approaches is given.

The results of the practical study of 1G modifications are given
in table 3.

The results of the IG modifications in table 3 allow you
to compare with similar studies, focusing on the similarity
and differences, as well as explaining the possible causes
of such results.

Approach The main idea Advantages Disadvantages
Weighted coefficients Taking into ach)(:rJ:rtnter:erelght of each Improves accuracy The need to determine the weights

Adaptive integration Dynamic integration of gradients

Greater accuracy with local changes

Complications of calculations

Multilevel base line Using multiple base lines

Best considers the complexity of the

Complicates the choice of base lines
model

Regulatory of gradients Reduction of noise in gradients

More stable results

Choosing the correct level of regulation

Spatial smoothing Smoothing gradients

Eliminates sharp vibrations in

estimates Can reduce sensitivity to change

Approach Which problems solve

What problems do not solve

Features

Easy to implement.
Reveals the significance of input
parameters.
Gives a general assessment of the impact of
metric on quality.

Basic Integrated Gradients

Sensitivity to choosing a base
vector, noise in gradients

A straight, intuitive method

Considering the importance of individual

Weighted coefficients
parameters

Sensitivity to the base vector, noise

Increases the accuracy of quality assessment depending
on the importance of metrics high accuracy for tasks with
heterogeneous parameters

Adaptive integration Local changes in gradients

Basic vector, noise in gradients

Gives a more accurate assessment in the conditions of
variable metrics or load better considers nonlinear
interactions

A comprehensive approach sensitivity to

Multilevel base line the base vector

Noise in gradients

Allows you to evaluate the quality of SS by different
scenarios or systems of systems.
Gives a more complex picture of the model

Regulatory of gradients Noise in gradients

Sensitivity to choosing a base vector

Makes quality assessment more stable and less sensitive
to random data stabilize results

Smoothing sharp changes in metrics sharp
changes in gradients

Spatial smoothing

Basic vector, possible loss of

information Smoothes sharp vibrations, stabilizes grades

Table 3. The results of a practical study of IG modifications

Modification of the method Parameter Contribution to reliability Contribution to performance Contribution to convenience Scale contribution
Users 0.32 0.24 0.18 0.26
Response Time 0.27 0.30 0.21 0.22
Weighted coefficients Failure Rate 0.18 0.16 0.14 0.20
CPU Load 0.13 0.18 0.26 0.18
Memory Usage 0.10 0.12 0.21 0.14
Users 0.30 0.22 0.20 0.24
Response Time 0.28 0.29 0.22 0.21
Nonlinear models Failure Rate 0.20 0.14 0.18 0.19
CPU Load 0.12 0.16 0.28 0.17
Memory Usage 0.10 0.12 0.19 0.15
Users 0.31 0.23 0.22 0.24
Response Time 0.29 0.31 0.23 0.22
Adaptive integration Failure Rate 0.22 0.15 0.16 0.20
CPU Load 0.14 0.17 0.24 0.19
Memory Usage 0.10 0.11 0.18 0.17
Users 0.33 0.22 0.21 0.24
Response Time 0.26 0.33 0.23 0.20
Regulatory of gradients Failure Rate 0.21 0.16 0.17 0.21
CPU Load 0.12 0.18 0.27 0.19
Memory Usage 0.10 0.11 0.20 0.16
Users 0.34 0.23 0.21 0.22
Response Time 0.25 0.34 0.24 0.21
Spatial smoothing Failure Rate 0.20 0.15 0.18 0.20
CPU Load 0.13 0.17 0.26 0.19
Memory Usage 0.10 0.10 0.19 0.18
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1. Weighted coefficients

Similarity:

e The results obtained for weight ratios (reliability 0.32,
productivity 0.24) are consistent with the results in the works
[1, 14], where weight functions showed similar contributions
to reliability and scalability.

e similar results can be explained by a general methodology
based on the use of features, the importance of which
is determined in the training of the model.

Differences:

e In our study, the reduction in convenience (0.18) was
not indicated in the works [3, 14], which may indicate that
in previous studies, users had more supportive tools to adjust
the weights. It can also be the result of differences
in the design of experiments.

2. Nonlinear models

Similarity:

e reliability indicators (0.30) and productivity (0.22)
for nonlinear models coincide with research data [3, 18],
which emphasizes that nonlinear models are better
representing complex dependencies.

Differences:

e However, our results indicate a more significant contribution
to productivity than in works [3, 18], where the results were
lower. This can be the result of different methods
of optimization or selection of data for learning.

3. Adaptive integration

Similarity:

e Adaptive integration (reliability 0.31) has shown similar
results in the same category in research [1, 14], which
indicates the effectiveness of adaptive approaches to reducing
over-recovery.

Differences:

e However, our performance results (0.23) are lower than
in some other studies, which may be associated with
the various parameters used for models, or different testing
conditions that may not take into account adaptation aspects.

4. Regulatory of gradients

Testing specificity:

e Approach: The implementation of gradient regulation
has reduced the risk of overdue and stabilize the model
when working with slight changes in input.

e Testing: It was conducted on high-level and variation data sets
where regulation helped eliminate excessive fluctuations
in forecasts.

e Results: The results showed an increase in the reliability of the
model by reducing the sensitivity to abnormal values and
improving productivity due to a more stable training process.
Comparison with other works [17, 28] The results showed

lower regulation efficiency, which may be due to the fact that

in our case more dynamic data sets were used, where this
approach has shown itself.

5. Spatial smoothing

Testing specificity:

e mechanism: spatial smoothing was used to eliminate local
fluctuations in data by using filters that smoothed the original
values of gradient integrals.

e Testing: This modification was tested in scenarios where there
are significant fluctuations in system load measurements
(for example, uneven consumption of resources).

e Results: smoothing has made it possible to reduce the level
of errors and increase scalability due to a more stable
assessment of resource consumption.

Comparison with other works:

e Studies [1-3] showed similar results in reliability, although
the impact on scalability in our case has proved to be higher,
which could be the result of the use of more aggressive
algorithms for smoothing.
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1. Weighted coefficients

Testing specificity:

e Choosing data: Various data sets containing user information,
response time, refusal frequency and load on the CPU were
used.

e Methodology: For each parameter, weighted ratios showed
how changes in parameters affect the overall performance.

e Results: a contribution to reliability was 0.32, which indicates
a significant positive impact of the weight coefficients
on the stability of the system. The performance parameter
received 0.24, indicating a relatively moderate effect.

2. Nonlinear models

Testing specificity:

e Choosing data: Data sets included both linear and nonlinear
functions to increase variety.

e Methods: Nonlinear models were used to evaluate the impact
of complex relationships between parameters.

e Results: The performance contribution was 0.22, which shows
a significant improvement in comparison with the previous
methods, perhaps, due to the ability of nonlinear models,
it is better to reflect complex dependencies.

3. Adaptive integration

Testing specificity:

e Choosing data: adaptive integration algorithms were used
for this modification, which took into account real-time data
changes.

e Methods: adaptive integration was the dynamic adjustment
of the model parameters based on real load.

e Results: The contribution to reliability was 0.31, which
indicates a high level of system stability when changing
conditions. This confirms the flexibility of this approach.

4. Regulatory of gradients

Testing specificity:

e Data choice: Data sets with potential noise and anomalies
were used to check the resistance of the modification.

e Methods: regulating gradients has helped reduce the impact
of noise on results, which provided greater reliability.

e Results: The contribution to reliability was 0.33, which
emphasizes the importance of regulating to increase
the stability of models.

5. Space smoothing

Testing specificity:

e Choosing data: For this modification, data with high levels
of variation were used to check the smoothing effect.

e Methods: spatial smoothing was used to reduce noise in data
that affects the accuracy of estimates.

e Results: The contribution to reliability was 0.34, which
indicates the efficiency of smoothing in increasing the stability
of models.

General analysis:

The results indicate a significant impact of various
modifications of the Ig method on the parameters of reliability,
productivity,  convenience and  scalability.  Similarities
and differences with other works can be explained by different
aspects:

o Similarity: Many modifications confirm the results of previous
studies that indicate that the use of additional parameters,
such as weight coefficients, has a positive effect on reliability
and productivity.

o Differences: for example, the results of use of nonlinear
models were better than in studies [3, 18], probably because
of the use of recent optimization algorithms or better data
processing.

These aspects indicate that the development and improvement
of 1G methods require constant testing and adaptation to modern
requirements and technologies.
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Table 4. The results of a practical study of 1G modifications
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Modification of the method Accuracy (MAE) Interpretation (evaluation) ﬁ:/iil):ikt)iltl)lr?)/ Time of execution, h ( (5/ ;flljgltjig)
Weighted coefficients 0.15 4 3 2.3 3
Nonlinear models 0.12 5 4 2.8 4
Adaptive integration 0.11 5 5 3.0 4
Regulatory of gradients 0.14 4 3 25 3
Spatial smoothing 0.13 4 3 2.6 3
N m Weighted
coefficients
. 55 5 m MNonlinear models
4 44 4 44 ;
a Adaptive
integration
3 ’ . 283 26 * ’ Regulatory of
2 gradients
2 I I I I = Spatial smoothing
1
0
Interpretation  Adaptability Time of Difficulty
(evaluation) (evaluation) execution, h (evaluation)

Fig. 1. The results of a practical study of IG modifications

The results of comparison of the grade of Hartkerstik 1G
modifications are given in table 4.

Study results are presented on Fig. 1.

The results obtained (table 4) in the analysis of the modi-
fications of the IG method indicate different aspects of their
effectiveness, interpretation, adaptability, time of execution
and complexity. Comparing these modifications with similar work
allows you to better understand why certain approaches showed
better results in certain parameters, as well as identify the key
causes of differences.

1) Weighing coefficients

Compared to other works, the use of weight ratios in IG
demonstrated average accuracy (MAE 0.15), which is confirmed
by the results with [1], where the weight ratios were also used
to improve interpreting. However, the time of execution remains
competitive (2.3 hours), which makes this approach attractive
to cases where the balance between accuracy and efficiency
is important. High interpretation is estimated at 4, which indicates
the clarity of this approach for the end user. Similar conclusions
can be found in [23], where weighing coefficients were used
to improve the understanding of models.

2) Nonlinear models

Nonlinear models showed the highest accuracy (MAE 0.12)
and interpretability (5), which coincides with the study [25],
where nonlinear approaches were used to increase accuracy
without significant loss in interpreting. Fulfilment (2.8 hours)
was slightly larger, but it is expected due to the complexity
of nonlinear models. Work [27] also emphasizes that
the complexity of such models leads to more time, but brings
significant advantages in adaptability (estimate 4).

3) Adaptive integration

Adaptive integration has achieved the best results
(MAE 0.11), adaptability (5) and interpretation (5). This confirms
the conclusions from the work [8], where adaptive approaches
were used to automatically adjust the parameters, which provides
increased accuracy and adaptability. However, the execution
time (3.0 hours) was the biggest, which could be a problem
for limited time scripts. Similar restrictions were noted in [24],
where adaptive models showed significant advantages,
but required more computing resources.

4) Regulation of gradients

This modification demonstrated average accuracy (MAE
0.14), with moderate interpretability (4) and adaptability (3).
The time of execution (2.5 h) remains acceptable, which confirms
the conclusions from the work [12], where the regulation
of gradients was used to balance accuracy and computational
efficiency. However, this approach does not achieve such
high results in interpreting as other modifications, which may
be the result of a decrease in clarity in explaining the behavior
of the model.

5) Spatial smoothing

The method of spatial smoothing showed similar results
with nonlinear models, with the accuracy of MAE 0.13
and high interpretability (4). Fulfilment (2.6 hours) was a little
larger, which may be associated with additional calculations
to smooth out the results. This is confirmed by the results from
the work [25], where spatial smoothing was used to reduce noise
in results, which positively affected the stability of the models,
but increased the time of execution.

6) General conclusion

Practical research results show that adaptive integration
and nonlinear models achieve the best results and adaptability,
although they also need more time to perform. On the other hand,
weighted coefficients provide a good compromise between
execution time and interpreting, which makes this approach
attractive to certain scenarios.

5. Summary

The study shows that the modifications of the integrated
gradients method can significantly improve its productivity,
accuracy and adaptability. In particular, adaptive integration
and nonlinear models showed the best results in all parameters,
although they required more computing resources. This indicates
the need to further improve the methods used to analyse
the importance of signs in neural networks. Adaptive integration
has achieved the best results (MAE 0.11), adaptability (5)
and interpretation (5).
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