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Abstract — The increasing complexity of dynamic software environments, where the workload variations, resource
conditions, execution behavior, and historical failure patterns are continually changing the system performance, makes
software reliability assessment and failure prediction increasingly more difficult. The conventional methods typically
feature static representations of features and may fail to adapt to varying operational contexts. A Hybrid Computational
Intelligence Model (HCIM) for context-aware software reliability assessment and failure prediction is presented in this
paper. The proposed framework combines context-aware feature modeling, adaptive temporal state representation, a neuro-
fuzzy reliability inference, and evolutionary multi-objective optimization. Adaptive reliability representations are built by
combining heterogeneous software execution features and information about the context in which the programs are
executed. The hybrid intelligence mechanism is used to estimate software reliability, taking into account nonlinear
relationships and uncertainty, while the context-guided prediction component takes care of the identification of potentially
failure-prone states. Performance of reliability estimation and failure prediction is compared with representative machine
learning, deep learning and neuro-fuzzy approaches, exhibiting better results. The proposed HCIM shows the reliability
assessment with MAE, RMSE, and R? as 0.038, 0.055, and 0.968, respectively, and has an accuracy of 95.76% and an
AUC of 0.972 for failure prediction. The results also show an increase in robustness in different working conditions. The
proposed framework is shown to be effective and adaptive solution for intelligent software reliability management
according to the results obtained.

Keywords - Software Reliability Assessment, Failure Prediction, Computational Intelligence, Context-Aware Modeling,
Neuro-Fuzzy Systems, Evolutionary Optimization, Adaptive Reliability Modeling.

I. INTRODUCTION

Background and Motivation
The software systems are more complex and dynamic than ever, because of their integration with a cloud-based platform,
distributed infrastructure, Internet of Things environments and ever-changing user requirements. When these conditions
exist, software reliability is no longer judged based on the static code quality or past failure data. Software failure can be
greatly affected by operational factors like workload intensity, use of the resources, execution behavior, environment, and
previous system states. The purpose of software reliability assessment is to try to estimate the reliability of a software
system to execute its intended functions without failure given certain operating conditions. To ensure the availability and
reliability of any system, proper assessment of reliability is vital to ensure the same, the maintenance cost can be kept low
and the decision making is done on time. In the same manner, failure prediction can help to detect potentially failure prone
software states at an early stage and take preventive measures before they reach the critical stage [1].

Traditional statistical and machine learning methods have played a significant role in software reliability analysis. But,
most of the available approaches are based on the fixed features and relatively fixed correlations between software metrics
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and reliability metrics. These assumptions might not always be helpful if the operational environment changes with time.
The model which is performing well in steady situations can face a lot of degradation in high workloads, resource
limitations, or changing execution patterns quickly. Thus, intelligent reliability models that can interpret the context where
software behaviour is occurring are needed. A same execution characteristic can have a different reliability impact for
different operating conditions. Incorporating contextual information can then also help to give a more realistic view of the
software state and to better estimate reliability and predict future failures [2].

Research Challenges and Proposed Direction

There are several challenges to creating an effective context-aware reliability framework. First, the data associated with
software operation are diverse and can contain execution metrics, workload information, resource characteristics, code
attributes, historical failure records, and others. It is challenging to determine the relative importance of these features
under different circumstances. Secondly, software reliability behavior is generally nonlinear and non-deterministic, and
therefore it may be difficult to effectively model all important relationships using individual learning techniques [3].

The other challenge is the temporal aspect of software running. Execution states from prior run(s) and operational
behavior can affect current reliability conditions. Therefore, a mechanism that is reliable should take into account both the
instant observation and history information. Furthermore, a good model should be stable as sustained changes occur in the
behaviour of the system it models. To overcome these problems, this paper presents a HCIM for the assessment of software
reliability and prediction of failures considering the context. The framework encompasses various complementary
mechanisms under a single framework. Context-aware feature modelling is employed to integrate software execution
features into operational conditions, and to calculate the relevance of each feature in terms of adaptation. An adaptive
temporal mechanism: It is used to capture evolving reliability behavior under successive execution states [4].

The resulting representation is processed with a hybrid intelligence mechanism by exploring the nonlinear feature
learning combined with a neuro-fuzzy reasoning. This integration has the ability to model complex relationships and to
deal with uncertainty in the operational conditions of the software as well. Additionally, multiple reliability related
objectives are used and evolutionary multi-objective optimization has been adopted for better parameter adaption and
balancing multiple objectives. The proposed HCIM aims to assist in two similar purposes: assessing the current state of
reliability of a software system and forecasting future failures. The model is tested by reliability estimation metrics, failure
prediction measures, and comparative and context-based robustness analysis. The results show the capability of using a
combination of contextual awareness and hybrid computational intelligence in software reliability management [5].

The main contributions of this work are summarized as follows:

e A context-aware feature modeling mechanism that integrates heterogeneous software execution and operational

information.

e An adaptive temporal reliability representation for capturing evolving software behavior.

e A hybrid neuro-fuzzy and evolutionary intelligence framework for reliability assessment and parameter adaptation.

o A unified approach for software reliability assessment and failure prediction under changing operational conditions.

Organization of the Paper

The remainder of this paper is organized as follows. Section 2 presents the background and related research on software
reliability assessment and failure prediction. Section 3 describes the proposed Hybrid Computational Intelligence Model
and its major components. Section 4 presents the performance evaluation and reliability intelligence analysis. Finally,
Section 5 concludes the paper and outlines potential directions for future research.

II. RESEARCH LANDSCAPE AND TECHNICAL FOUNDATIONS

Software Reliability Assessment and Modeling Approaches

The traditional approach to software reliability assessment has been to estimate the probability of a software system
successfully functioning for a given period to perform its intended functions without failure. Early approaches were
predominantly based on historical failure occurrences, failure intensity, and software execution time to estimate reliability
trends, which were in the form of statistical and mathematical reliability models. They provided a solid basis for software
reliability engineering and are still valuable if failures occur in a relatively predictable pattern. As software systems grow
more and more complex, software metrics and data-driven methods have become more widely used in software reliability
assessment. Various software quality and reliability estimation techniques such as static and dynamic characteristics, code
complexity, execution time, resource usage, defect history, operational logs, etc., have been applied. In recent years,
machine learning methods like support vector machines, decision trees, random forests and artificial neural networks have
been shown to capture the nonlinear relations between these diverse properties [6].

Recent methods have focused on deep learning methods to capture the complex behavior of software. When execution
states in the past affect the reliability, recurrent architectures and other sequential learning models can be helpful. These
methods can be used to gain insight from the vast amounts of operational data collected from software and can be more
accurate in their estimates than traditional statistical methods. In spite of these developments, a lot of reliability assessment
techniques remain based on a rather static relationship between the features of the input and software reliability. In reality,
the significance of a specific feature of a software may vary based on workload circumstances, resource availability,
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execution surroundings, and system history. A reliability assessment model should ideally consider not only individual
software metrics but also the operational context in which those metrics are observed [7].

Intelligent Failure Prediction Techniques

Another critical area of research in the field of software reliability engineering is failure prediction. The aim is to detect
potentially failure prone software states in advance of failure. Failure prediction techniques usually rely on past defect data
or model-specific software characteristics to predict whether a software component or execution instance is reliable or not.
The capability of failure prediction systems has dramatically been increased with machine learning. Failure patterns can
be represented in classification algorithms which can identify future risks based on the patterns. Ensemble methods have
also been extensively adopted since they are able to integrate different decision models and mitigate the restraints of each
individual classifier [8].

In cases where failure patterns rely on complex software dynamics or a sequence of events, deep learning approaches
offer further benefits. Recurrent architectures can be used for learning dependencies between sequential software states,
and hierarchical representations from high dimensional execution data can be learned automatically by neural networks
[9]. The following capabilities are especially relevant for modern systems, which are constantly producing operational logs
and monitoring information. The prediction of failures, however, is still difficult due to the rarity of failure events,
uncertainties and variations in operating conditions. An accuracy model built with a different workload or condition may
not be as accurate when the system is used in significantly different conditions. Moreover, numerous learning methods do
not explicitly model uncertainty or the transition between reliable and unreliable states, but instead output a prediction
result [10].

To overcome these drawbacks, computational intelligence methods, especially the fuzzy systems and hybrid intelligent
models have been proposed to be used. The uncertainty of software characteristic-reliability condition relationship can be
expressed by fuzzy inference and complementary learning and reasoning capabilities can be combined in hybrid
architectures. However, the issue of adaptability, while keeping the model complexity under control is still an important
challenge.

Research Gap and Motivation for HCIM

The current related studies reveal significant advances in software reliability assessment, software failure prediction.
Structured reliability estimation is provided by statistical models, while machine learning is capable of recognizing
nonlinear patterns and deep learning is capable of analyzing sequential and complex software behaviour. Fuzzy and hybrid
computational intelligence methods also can enhance the representation of uncertainty [11]. There are however some
caveats. First, many approaches don't explicitly model the evolving operational context in which software runs. Second,
there is a lack of existing methods that tackle both reliability assessment and failure prediction problems as single entities,
even though there is a strong coupling between them. Third, historical data trained models may suffer from lower
performance if workload characteristics or execution characteristics change. Lastly, individual computational techniques
might not necessarily offer all three aspects of nonlinear learning, uncertainty handling, and temporal adaptation, as well
as effective parameter optimization [12].

As such, these restrictions drive the design of the proposed Hybrid Computational Intelligence Model (HCIM). In this
paper, the authors combine context-aware feature modeling and adaptive temporal representation to address the challenge
of modeling evolving software conditions. Next, a hybrid neuro fuzzy mechanism is used to model nonlinear relationships
and uncertainty and evolutionary optimization is applied to optimize the parameters. The proposed approach combines
software reliability assessment and failure prediction to offer a comprehensive solution for the analysis of software behavior
under dynamic operational conditions.

III. PROPOSED HYBRID COMPUTATIONAL INTELLIGENCE MODEL

There are several factors that are dynamic and heterogeneous in nature and affect the reliability of software, such as
software execution behavior, workload intensity, system resource utilization, operational environment, historical fault
characteristics, and contextual variations. The factors have typically been analyzed separately in conventional approaches
for assessing reliability, or the statistical relationships between the factors are supposed to be constant in time. But these
are not always the right assumptions for the software systems of today that are running in continuously changing execution
environments. To overcome this limitation, a context-aware framework is introduced in the proposed Hybrid
Computational Intelligence Model (HCIM), which is able to jointly model operational conditions, reliability related
software characteristics and evolution of software failure patterns.

The proposed model consists of three main modules: (i) context-aware software execution and feature modeling, (ii)
hybrid computational intelligence-based reliability assessment and (iii) context-guided failure prediction and adaptive
reliability decision. This subsection introduces the first aspect: a common representation of the operational information of
heterogeneous software.

Fig. 1 shows the overall structure of the proposed Hybrid Computational Intelligence Model (HCIM). The architecture
starts by gathering the operational information of the existing software components in a heterogeneous environment, such
as number of times the software components fail, number of times it is executed, the number of resources it utilizes, etc.,
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and code characteristics. These are passed to context-aware feature modeling which builds an adaptive representation of
software state. These features are then processed through a hybrid computational intelligence module combining neuro-
fuzzy reliability estimation and evolutionary optimization, before being analyzed. Reliability information evaluated is then
used for failure risk prediction and reliability—failure decision fusion. Lastly, the framework generates reliability scores
and failure risk levels; and a feedback mechanism enables an ongoing model adaption.
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Fig 1. Overall Architecture of the Proposed HCIM.

Context-Aware Software Execution and Feature Modeling

Let the software system be continuously monitored over discrete execution intervals ¢ € {1,2, ..., T}. During each interval,
the system generates multiple categories of information related to its operational state. These observations may include
execution time, CPU utilization, memory consumption, transaction workload, response latency, code complexity
indicators, historical failure frequency, fault severity, and environmental characteristics.

The raw observation vector at time tt is represented as

T
Xy = [Xt,1'Xt,2' ---:Xt,n] )

where n denotes the number of monitored software reliability attributes and x, ; represents the it" observed feature at
execution interval t. Although the raw feature vector provides information about the instantaneous state of the software, it
does not explicitly represent the operational context under which the system is executing.
Therefore, the proposed model constructs a context vector ¢, to capture the dynamic execution environment as

¢ = [we, T hy, et]T 2

where w; represents workload-related characteristics, r; denotes system resource utilization, h; represents historical
execution and failure information, and e, captures environmental or operational conditions. This representation enables the
model to distinguish between similar software behaviors occurring under different operational circumstances. For example,
a high response latency observed during a peak workload condition may have a different reliability implication compared
with the same latency observed under normal operating conditions.

Since the significance of individual software attributes may vary according to the execution context, a context-
dependent relevance mechanism is introduced. The adaptive importance of the i*"* feature is determined using a normalized
contextual weighting function:

_exp(diCree) 3)

oy =
ol oL, eXP(llij (Xtvct))

where yi(+) denotes a context-dependent relevance function and «, ; represents the normalized importance assigned to
the i*" software attribute. The normalization ensures that

Yic1 ag =1 “4)
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Unlike fixed feature weighting mechanisms, the proposed formulation dynamically modifies the contribution of
individual attributes according to the prevailing execution context.
The resulting context-aware feature representation is subsequently generated as

Xi—

Zy = Ut O g + WCCt (5)

o+e

where (© denotes element-wise multiplication, a, is the vector of adaptive feature weights, p and o represent the feature-
wise mean and standard deviation, respectively, € is a small positive constant used for numerical stability, and W, is a
learnable context transformation matrix.

An important difference in the proposed model is the representation of the reliability-related representation, which is
not only constructed from normalized software metrics, but is also represented in the model equation (4). Instead, it
simultaneously applies the combination of adaptive feature importance and context information. As a result, the internal
state of the execution can differ when the workload, resource state, failure history, or environment in which the operation
is executed changes.

To further capture the influence of historical execution behavior, the proposed model introduces a context-aware
temporal state:

St = Atzt + (1 = 2A)s¢1 (6)
The coefficient is obtained as
A = G(W;\r [Z; ce] + by) @)

This adaptive state formulation enables the model to decide on the significance of the execution condition to be
considered compared to the reliability behavior in history. In very dynamic or abnormal conditions, the model may give
more weight to more recent observations. On the other hand, historical data can have a greater impact on the reliability
state under relatively stable execution conditions.

The final context-aware representation,

Qe = [Ze; Se; el ®

is subsequently forwarded to the proposed hybrid computational intelligence engine for reliability assessment. By
integrating instantaneous software characteristics, accumulated execution behavior, and dynamic contextual information,
q: provides a comprehensive representation of the current software reliability condition.

Hence, the proposed feature modelling mechanism with context is the basis for the following hybrid intelligence model.
The approach outlined above does not assume that software reliability is a fixed relationship between a fixed set of metrics
and failure results, but instead accounts for the fact that the significance of a software behavior for reliability depends on
the time, manner and operating conditions in which the behavior is exhibited. The context-aware representation generated
is then fed to the hybrid computational intelligence mechanism to estimate the current reliability level and adaptively detect
potential reliability degradation patterns.

Hybrid Computational Intelligence-Based Reliability Assessment

The representation obtained in the previous subsection is context-aware, giving a thorough description of the current state
of software execution. But the link between software operational properties and reliability is not always direct, predictable
and stable. One computational method might, therefore, not be adequate to adequately capture all these characteristics.
Based on this, the proposed model combines neural representation learning, fuzzy reasoning and evolutionary optimization
into a single hybrid computational intelligence mechanism.

This component aims to learn the representation g, into an interpretable and adaptable estimation of the instantaneous
software reliability. The hybrid design makes use of the complementary properties of the mechanisms it is composed of:
neural processing captures complex nonlinear interactions, fuzzy processing handles uncertainty, linguistic reliability is
interpreted by fuzzy inference and finally, evolutionary processing is used for searching the optimal parameter
configuration.

Adaptive Neuro-Fuzzy Reliability Inference
The input representation g is first transformed into a latent reliability representation through a nonlinear mapping:

hy = ¢(Wyq, + bp) ©
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where W), and b, represent the learnable weight matrix and bias vector, respectively, while ¢(-) denotes a nonlinear
activation function. The resulting latent vector h, captures complex interactions among contextual variables, current
execution characteristics, and historical reliability behavior.

To explicitly manage uncertainty in software operational conditions, the latent reliability attributes are processed using
fuzzy membership functions. For the k" latent attribute, its membership degree corresponding to fuzzy reliability state
mm is defined as

() = exp (—{uyinl ) (10)

These membership values enable continuous execution characteristics to be associated with uncertain reliability states
such as low-risk, moderate-risk, and high-risk conditions.
For each fuzzy rule r, the rule activation strength is calculated by aggregating the relevant membership degrees:

Wer = HE:l p-k,mr(ht) (11)

where K represents the number of selected latent reliability attributes and m,. identifies the fuzzy state associated with
the k" attribute in rule rr. The normalized rule activation is subsequently obtained as

Wtr
2}11 u)t,1+e

Wiy =

(12)

where R denotes the total number of fuzzy rules. This normalization ensures that the relative contribution of each rule
is evaluated with respect to all competing reliability patterns.
Each activated rule produces a local reliability estimate, and the aggregated reliability score is computed as

R, = 2R ey (@ " + B,) (13)

The resulting value R, provides a continuous estimate of the software reliability state at time t.
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!
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Context Update
(Continuous Monitoring)

Fig 2. Context-Aware Feature Modeling Process.
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The context-aware feature modeling process of the proposed HCIM framework is shown in Fig. 2. Context information
about operational conditions, environmental conditions, and previous behavior is integrated with software execution
features such as execution metrics, resource utilization, and code characteristics. These heterogeneous inputs are used to
build the present software situation. A context-dependent weighting mechanism then identifies the relative importance of
the individual features, given the current operating conditions. The weighted features are combined to form a context aware
representation which is then used as input for adaptive temporal state modeling. By continuously updating the context, the
model can adapt to the dynamic changes in the software's behavior and the operational conditions.

Evolutionary Multi-Objective Parameter Adaptation
One of the drawbacks of traditional neuro-fuzzy models is that they require fixed or locally optimized parameters.
Membership function parameters, neural weights, and reliability decision parameters can need to be adapted in dynamic
software environments so they can remain predictive. Hence, the proposed framework uses a multi-objective evolutionary
optimization mechanism.

Let O denote the complete parameter set of the hybrid intelligence engine, including neural transformation parameters,
fuzzy membership parameters, and rule consequent coefficients. The evolutionary optimizer searches for an optimal
parameter configuration by simultaneously minimizing reliability estimation error and model complexity:

(7(@) = nll:yg + nzl:c + n3l:u (14)

where Ly denotes the reliability estimation loss, L represents a model complexity penalty, £y, measures uncertainty
in the generated reliability estimate, and 14, 1,, and 13 are adaptive balancing coefficients.
The parameter configuration is iteratively updated through evolutionary search:

e+t = ¢ (@(g))g(@(g))) (15)

where g denotes the optimization generation and E (-) represents the evolutionary search operation consisting of
candidate selection, variation, exploration, and retention of high-quality solutions.

This hybrid optimization strategy allows the proposed model to avoid relying exclusively on gradient-based adaptation.
More importantly, it enables the framework to jointly optimize accuracy, interpretability, and uncertainty characteristics
rather than treating reliability estimation as a purely single-objective learning problem. The optimized reliability score R,
together with the associated latent representation and contextual state, is subsequently transferred to the failure prediction
component. While the reliability assessment module estimates the current condition of the software, the next stage utilizes
this information to predict the probability and potential risk of future software failures.

IV. PERFORMANCE EVALUATION AND RELIABILITY INTELLIGENCE ANALYSIS
This section evaluates the proposed HCIM in terms of software reliability assessment, failure prediction capability,
contextual adaptability, and robustness. The evaluation compares HCIM with representative machine learning and
computational intelligence approaches using standard performance metrics. In addition, component-level analysis is
performed to quantify the contribution of the proposed context-aware modeling and hybrid intelligence mechanisms.

Experimental Configuration and Evaluation Protocol

Data which represent the operational data of software including execution characteristics, software metrics, resource
utilization information, workload conditions and historical failure records are included in the experimental evaluation.
These gathered attributes are pre-processed, removing incomplete records, normalizing numerical attributes and encoding
categorical operational conditions. The resulting data is split into 70% train, 15% validation, and 15% test sets. The
proposed HCIM is compared with some representative baseline models such as the conventional machine learning, deep
learning and computational intelligence models. The performance of reliability assessment is measured by MAE, RMSE
and coefficient of determination R? and the failure prediction performance is measured by Accuracy, Precision, Recall, F1-
score, and AUC. The models are then tested by analyzing them in different workloads and operational states to assess their
contextual adaptability. Similarly, an ablation study is also performed by selectively removing the context-aware feature
modeling, neuro-fuzzy inference, evolutionary optimization and adaptive temporal modeling components in the proposed
framework. This assessment protocol allows an overall assessment of the effectiveness and individual contribution of the
proposed HCIM.

Comparative Reliability Assessment and Failure Prediction Performance

The proposed HCIM was comparatively evaluated against representative machine learning, deep learning, and
computational intelligence approaches. The comparative analysis focuses on two primary tasks: software reliability
assessment and failure prediction. For reliability assessment, lower MAE and RMSE values and higher (R?) values indicate
superior performance. Failure prediction effectiveness is evaluated using Accuracy, Precision, Recall, F1-score, and AUC.
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Table 1. Comparative Reliability Assessment Performance Under Different Operational Conditions

Method MAE RMSE MAPE (%) R? Reliability Estimation Rank
SVM [13] 0.084 0.112 9.74 0.861 6
Random Forest [14] 0.071 0.098 8.16 0.892 5
NN [14] 0.063 0.087 7.21 0.914 4
LSTM [15] 0.057 0.079 6.45 0.931 3
Neuro-Fuzzy Model [15] 0.052 0.073 5.89 0.943 2
Proposed HCIM 0.038 0.055 4.12 0.968 1

As shown in Table 1, HCIM achieves the lowest MAE (0.038), RMSE (0.055), and MAPE (4.12%), together with the
highest coefficient of determination ((R"2=0.968)). These results indicate that the proposed framework provides a closer
approximation to the observed software reliability than the competing methods. The progressive improvement from
conventional regression models to LSTM and neuro-fuzzy approaches further demonstrates the importance of adaptive
nonlinear modeling. The superior performance of HCIM can be attributed to the integration of context-aware feature
representation, temporal state modeling, neuro-fuzzy inference, and evolutionary optimization.
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Fig 3. Comparative Reliability Assessment Performance Under Diverse Operational Contexts.

Operational Context

This improvement is also demonstrated in the simulated reliability assessment results shown in Fig. 3. Fig. 3(a) shows
that the predictions by HCIM are still very close to the ideal reliability relationship, which suggests a lower estimation
deviation. The error distribution of Fig. 3(b) is relatively smaller and more peaked at low values. In the same way, Fig.
3(c) reveals that HCIM has a greater probability at smaller absolute errors. Lastly, the R? values shown in Fig. 3(d) are
high, stable, and consistent throughout all the conditions stable, moderate, high-load, and dynamic operation. Combined,
Table 1 and Fig. 3 suggest that HCIM offers more reliable, stable and context independent software reliability assessment.

Table 2. Comparative Failure Prediction Performance

Accurac Precision Recall F1-score Specifici
Method o | o) (%) (%) Ploey | AuC
SVM [13] 84.62 82.17 81.04 81.60 86.31 0.873
Random Forest [14] 87.35 85.91 84.68 85.29 89.12 0.901
ANN [14] 89.14 87.46 86.92 87.19 90.37 0.919
LSTM [15] 91.26 90.18 89.74 89.96 92.11 0.938
Neuro-Fuzzy Model [15] 92.08 91.24 90.83 91.03 93.17 0.947
Proposed HCIM 95.76 95.12 94.68 94.90 96.41 0.972
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Fig 4. Comparative Failure Prediction Performance of Different Methods.

As presented in Table 2, HCIM achieves the highest Accuracy (95.76%), Precision (95.12%), Recall (94.68%), F1-
score (94.90%), Specificity (96.41%), and AUC (0.972). The findings show that the suggested approach offers a more
balanced and dependable failure prone software states identification. This is confirmed by the simulated comparative results
of Fig. 4. The ROC-AUC value is the best indication of the HCIM's discrimination ability, as demonstrated in Fig. 4(a).
In the same way, the precision—recall features exhibited in Fig. 4(b) indicate that HCIM maintains good precision over a
wide range of recalls. The confusion matrix comparison in Fig. 4(¢) demonstrates that fewer classification errors are
observed in normal and failure instances with good identification. Lastly, Fig. 4(d) demonstrates that HCIM is the best
overall method in terms of the precision—recall trade-off. It can be concluded from Table 2 and Fig. 4 that the combination
of the context-aware information and hybrid computational intelligence leads to an increased failure detection accuracy
and robustness.

Context Adaptation and Robustness Analysis

The newness of HCIM is the ability to adapt reliability assessment and failure prediction to changing operational contexts.
Thus, the performance of the models is assessed under four typical conditions, namely: stable, moderate load, high load
and dynamic operation conditions. The analysis studies the effectiveness of each method in preserving predictive
performance in the presence of changing workload characteristics, resource utilization, execution behavior and failure
patterns. Besides prediction accuracy, model robustness is also evaluated based on the consistency of model performance
under different operating conditions.

Table 3. Comparative Context-Adaptation and Robustness Performance Under Varying Operational Conditions

Stable Moderate | High-Load | Dynamic Mean | Performance
Method Context Context | Context F1 | Context F1 (%) Variation
F1 (%) F1 (%) (%) F1 (%)

SVM [13] 88.42 85.16 81.73 76.85 83.04 11.57
Random Forest [14] 90.76 88.91 85.37 81.24 86.57 9.52
ANN [14] 92.31 90.84 87.62 84.15 88.73 8.16
LSTM [15] 94.18 92.76 90.41 87.93 91.32 6.25
Neuro-Fuzzy Model [15] 94.96 93.68 91.52 89.74 92.48 5.22
Proposed HCIM 97.12 96.48 95.37 93.86 95.71 3.26
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The proposed HCIM is assessed in the context of its ability to adapt to the context and its robustness for various
operational conditions (stable, moderate, high load, and dynamic) in Table 3. The results show that the proposed HCIM
achieves the highest F1-score among all the contexts ranging from 97.12% in stable context to 93.86% in highly dynamic
context. The performance degradation is observed with all the methods as the complexity of operation increases but HCIM
has the lowest observed degradation in performance of 3.26%. This suggests that the proposed feature modeling with
context and adaptive intelligence mechanisms are effective in lowering sensitivity to the varying software contexts.
Conventional machine learning methods, on the contrary, exhibit significantly greater performance disparities, especially
when operating on dynamic and high workloads. The results thus confirm that HCIM not only yields superior average
prediction performance, but also better operational stability. The reliability prediction results obtained across
heterogeneous execution environments are stable, thereby showing the effectiveness of explicitly considering contextual
information as a part of the software reliability assessment process.

Stable Context Moderate Context High-Load Context Dynamic Context
(Normal Operation) (Increased Workload) (Resource Stress) (Varying Conditions)
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Fig 5. Context Adaptation and Robustness of Different Models Under Changing Operational Conditions.

Fig. 5 illustrates the adaptation and robustness of the proposed HCIM and competing methods under continuously
changing operational conditions. The analysis considers stable, moderate, high-load, and dynamic contexts, representing
variations in software workload and execution behavior. The upper panel demonstrates the corresponding changes in F1-
score over successive execution instances, while the lower panel represents the normalized workload intensity associated
with the changing operational phases. Although all methods experience some performance degradation as workload
complexity increases, HCIM consistently maintains the highest predictive performance with comparatively lower
fluctuation. Its stable behavior under high-load and dynamic conditions demonstrates the effectiveness of the context-aware
feature representation and adaptive hybrid intelligence mechanism. The results confirm the robustness of HCIM across
heterogeneous operational environments.

V. CONCLUSION

This paper introduced a Hybrid Computational Intelligence Model (HCIM) for a context-aware software reliability
evaluation and failure prediction for dynamic software ecosystems. The proposed framework combines the following:
context-aware feature modeling, adaptive temporal state representation, neuro-fuzzy reliability inference and evolutionary
multi-objective optimization. The combination of software execution characteristics, operational context and historical
behavior, results in a more adaptive representation of evolving software conditions that is provided by HCIM. The
comparative analysis showed that the reliability assessment and failure prediction performance are better than the
conventional machine learning, deep learning and neuro-fuzzy approaches. The proposed model was found to have less
errors in the reliability estimation, and good failure prediction ability with a relatively stable performance under different
working environments. The robustness analysis also showed the adaptability of HCIM to various conditions of execution:
stable, moderate, high load and dynamic. The results suggest that the synergic use of complementary computational
intelligence techniques with contextual awareness can enhance software reliability management. Future research will
involve testing the framework on real-world software repositories of a large scale and on-going operational logs. Future
work may examine different topics of online learning, cross-project adaptation, reliability explanations and easy
implementations for cloud-native environments and resource-limited software.
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