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ABSTRACT 
 

The large volumes of heterogenous data are being collected across different domains. Therefore there 
is a huge demand for intelligent classification systems which can be adapted to the changing nature of 
the data. This includes variable structural and feature distributions, variable degrees of noise, as well 
as variable modality characteristics. Most existing methods of classification, including traditional 
machine learning, deep learning and AutoML frameworks have traditionally used fixed pre-processing 
techniques, rigid model selection processes and very little ability to adapt when distribution changes 
occur. As a result, their generalization capabilities are significantly impacted in such dynamic 
environments. In order to meet these needs, this paper presents an extended heuristic meta-learning 
framework (i.e., IH-Meta-Framework) to provide adaptive classification across various types of 
heterogeneous and dynamic environments. This involves an integrated set of five interdependent 
analytical components: CASE-Net: A Context-Aware Heterogeneity Signature Encoder to generate 
dataset fingerprints; ARHT: An Adaptive Representation Harmonization Transformer to transform 
features based on the context; HMPAS: A Heuristic Meta-Policy Architecture Selector to select 
models and hyperparameters based on heuristics; DMEHC: A Dynamic Multi-Expert Heuristic 
Classifier to reason using ensembles at a sample level; TDMCL: A Test-Time Drift-Aware Meta-
Correction Layer to adapt during deployment under evolving data distributions. Overall, the 
architecture presented provides a single continuous data-flow pipeline that enables the simultaneous 
optimization of representation quality, classification accuracy, search efficiency, robustness, 
calibration reliability, and drift resilience. The integration of contextual meta-learning, heuristic 
optimization, adaptive expert routing and drift aware corrections enable the framework to achieve high 
degree of reliable classifications across complex heterogeneous environments. The proposed research 
will advance future generations of intelligent analytics through enhanced decision consistency, 
scalability, interpretability and robustness with regards to real world deployments for Data Intensive 
Applications. 

    Keywords: Context-Aware Meta-Learning, Adaptive Classification, Heterogeneous Data Analytics, 
Multi-Expert Learning, Heuristic Optimization, Scenarios 

 

1. INTRODUCTION 

The number of data sources produced by today's 
Cyber-Physical Systems, Industrial Platforms, 
Healthcare Infrastructures, Financial Ecosystems, 
Smart Cities [1, 2, 3] and Intelligent Sensing 

Environments is exponentially growing. These 
data source create increasingly heterogeneous Data 
Landscapes, with various structural features, data 
formats, sparseness patterns, noisy distributions, 
missing values, and dynamic domain behaviors. 
Traditional Classification Paradigms have been 
rendered ineffective due to the complexity of the 
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exponential [4, 5, 6] environments mentioned 
above in process. This is because they usually rely 
on the assumption that the feature space is 
uniform, the distribution of data does not change 
over time, and there are no pre-processing 
requirements. In recent years many Machine 
Learning, Deep Learning, Ensemble Learning and 
Automated Machine Learning paradigms have 
been developed to improve prediction accuracy in 
a variety of applications. However, most of the 

currently available paradigms use static Feature 
Engineering Techniques, Pre-defined Model 
Architectures and Rigid Optimization Strategies 
that do not take into account the particular 
characteristics of each data set. Therefore, the 
current paradigms fail to consistently generalize 
across multiple environments with different 
statistical properties, changes in domains, 
inconsistencies in features and class balance tasks. 

Figure 1. Model’s Internal Layered Analysis 

Current AutoML systems focus mainly on 
optimizing Hyperparameters and Searching Model 
Architectures but provide little support for 
understanding the heterogeneity of the data sets 
during training and adapting the classification 
behavior as the environment evolves. Therefore, 
this research presents a new paradigm as per figure 
1, called the "Intelligent Extended Heuristic Meta-
Learning" to enable the adaptive classification of 
the heterogeneous and diverse data environments. 
The paradigm is composed of a Sequential 
Analytical Architecture that includes: A Context-
Aware Heterogeneity Signature Encoder (CASE-
Net) for encoding contextual signature for each 
environment; An Adaptive Representation 
Harmonization Transformer (ARHT) for adapting 
representations using encoded contextual 
signature; A Heuristic Meta-Policy Architecture 
Selector (HMPAS) for selecting heuristics based 
on the encoded contextual signature; A Dynamic 
Multi-Expert Heuristic Classifier (DMEHC) for 
aggregating heuristically selected classifiers; and a 
Test-Time Drift-Aware Meta-Correction Layer 

(TDMCL) for correcting classification errors at 
runtime.  

This paradigm represents a novel learning 
framework where the context specific encoded 
signature guides both the representation 
harmonization process and heuristic model 
selection process, and finally enables the 
aggregation of experts through adaptive multi-
expert collaborative learning at deployment stage. 
Through the integration of contextual meta-
learning, heuristic optimization, dynamic ensemble 
intelligence and test-time adaptation processes in a 
single framework, the proposed methodology 
improves robustness, scalability, interpretability 
and generality of classification capabilities across 
complex heterogeneous data environments. 

2. REVIEW OF EXISTING MODELS USED 
FOR ANALYSIS 

The emergence of smart learning systems for a 
wide variety of heterogeneous environments stems 
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from the increasing demand to handle data derived 
from different fields of study, formats of input 
data, types of statistical distributions and working 
circumstances. Initial studies included adaptive 
sensing and environment identification and 
showed how radar based adaptive detection 
systems provide evidence for the importance of 
context-dependent processing of signals in 
heterogeneous scenarios [4]. Analogous adaptive 
ideas were developed into adaptive waveforms and 
multipath utilization strategies for radar systems 
functioning under changing environmental 
conditions [13]. Investigations were later directed 
at heterogeneous IoT networks where adaptive 
access controls for access [7], weighted adaptive 
partitioning of data [28], and bayesian estimation 
methodologies for complex observation of 
environments [24] provided better scalability and 
decision consistency. Other examples of the 
relevance of adaptive intelligence in dynamic 
environments include: adaptive lossless data 
compression algorithms [19], heterogeneous 
ensembles for online learning classifiers [14]; and 
trusted heterogeneous infrastructure [23] for secure 
execution of scientific workflows. The problem of 
non iid, and heterogeneous decisions making was 
solved using the first systematic data-driven 
methodology for optimization problems [26], 
whereas, various applications of multi-model 
learning paradigms were shown in two other 
studies: heterogeneous ensemble learning for 
medical classification [10] and adaptive graph-
based node classification techniques [17]. 
Although recent studies have continued to 
emphasize cybersecurity, there are also studies in 
which the use of adaptive DDoS detection [15], 
malware classification [30], adaptive edge security 
mechanisms [29], and federated learning solutions 
that support heterogeneous computing 
environments [2, 20] are used to solve new cyber 
attacks.  

At the same time, developments in environmental 
analysis have shown the necessity of strong 
contextual adaptation in order to achieve good 
results: tree species classification [6], adaptive 
photoluminescent materials [5], passive thermal 
regulation [18], point cloud registration [25], and 
multimodal segmentation for heterogeneous data 
[11]. This is why more advanced solutions exist 
today because they take advantage of 
heterogeneous graph contrastive learning [12], 
adaptive classifier groups [16], underwater 
acoustic classification [1], adaptive subspaces 
detection [3], deep optimization for migration of 

heterogeneous clouds [9], generalized frameworks 
for classification in health care [22], adaptive 
cooperative inference in edge environments [21], 
heterogeneous NoC arbitration [8], and intelligent 
management of data lakes [27]. In total, all of 
these studies demonstrate that adaptability, 
awareness of context, and heterogeneous 
processing of information are key aspects in 
developing modern intelligent systems; however, 
nearly all current approaches are specific to a 
particular area of application and are optimized to 
be used for one task instead of being part of a 
common framework that can understand the 
variability in datasets, map multiple 
representations together, select the best possible 
learning models and adaptably modify 
classification procedures, and counteract changes 
in distributions over time in a wide variety of 
environments. 

Although great advancements have occurred 
recently in areas related to adaptive learning, 
heterogeneous computing, graph intelligence, 
federated learning, cybersecurity, signal 
processing, and multimodal analysis, several major 
limitations remain unaddressed. Most current 
frameworks concentrate on just one aspect of 
adaptability, such as optimization of architecture 
[3], ensemble learning [10, 14], federated 
personalization [2, 20], graph representation 
learning [12, 17], security adaptations [15, 29], or 
classification robustness [22, 30]; thus, no unified 
analytical pipe line exists that can address 
heterogeneity in data end to end. Also, nearly all 
methods require fixed pre-processing schemes, 
fixed feature representations, predetermined model 
architectures, and limited adaptation at the time of 
deployment; therefore, the ability of these methods 
to function well under very dynamic environments 
that undergo large amounts of distributional shift, 
contain features that vary in modality, contain 
sparse values, contain imbalanced values, and 
contain high levels of uncertainty about context is 
significantly reduced.  

As a result of these research voids, we propose 
here an "Intelligent Extended Heuristic Meta-
Learning Framework" that integrates a complete 
analytical framework for analyzing contextual 
heterogeneity in datasets, creating adaptive 
representation harmonizations using the 
transformer model, heuristically selecting meta-
policies to guide the learning process, performing 
adaptive classifications using the DMEHC model, 
and correcting drift during testing with TDMCL 
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layer. We call this framework CASE-NET 
(Context Aware Heterogeneity Signature 
Encoder), ARHT (Adaptive Representation 
Harmonization Transformer), HMPAS (Heuristic 
Meta Policy Architecture Selector), DMEHC 
(Dynamic Multi Expert Heuristic Classifier), and 
TDMCL (Test Time Drift Aware Meta Correction 
Layer). Together these components form a unified 
analytical framework that extends previous efforts 
in heterogeneous learning and provides a scalable, 
reliable, and deployable classification method that 
can achieve superior adaptability, generalizability, 
explainability and reliability in decision-making 
over a wide range of heterogeneous environments. 

3. PROPOSED MODEL DESIGN 
ANALYSIS 

The proposed "Intelligent Extended Heuristic 
Meta-learning" Framework has been designed to 
provide an adaptive approach to classification in 
extremely diversified and heterogeneous Data 
Environments through the integration of; 
Contextual Heterogeneity Analysis, Adaptive 
Representation Learning, Heuristic Meta-Policy 
Optimization, Dynamic Expert Collaboration, 
Drift-Aware Correction in one analytical pipeline. 
As such, it has been created to address the 
significant short comings of existing Classification 
Systems; Static Preprocessing, Fixed Architectures 
and Dataset Independent Learning Strategies. The 
Analytical Process will begin with the Extraction 
of Contextual Heterogeneity Information from the 
Incoming Datasets. Structural Complexity, Feature 
Interactions, Modality Diversity, Missing Value 
Density, Class Imbalance Characteristics, Sparsity 
Behavior and Distribution Uncertainty are jointly 
evaluated at this stage. The outcome of this 
evaluation stage is a CHSV (Contextual 
Heterogeneity Signature Vector) (see Fig. 2), 
which serves as the Global Descriptor governing 

all subsequent learning decisions. In addition to 
the requirements of heterogeneous datasets 
requiring context prior to Classifier Optimization, 
the CASE-NET (Context-Aware Heterogeneity 
Signature Encoder) Design was also selected due 
to its ability to transform Raw Heterogeneous 
Observations X = {xi}, i=1,...n into a Contextual 
Fingerprint Representations. The heterogeneity 
score is formulated Via equation 1, 

 

Where  represents feature entropy,  

represents missingness density,  corresponds 

to sparsity behavior, and  indicates 
distributional divergence scenarios. Equation (1) 
captures the cumulative contextual complexity 
embedded within heterogeneous datasets & 
samples. To further model feature interactions and 
topological dependencies, a contextual graph 
matrix is generated Via equation 2, 

 

Where  represents mutual information 

between features. Equation (2) calculates the 
dependency gradients of all attributes in order to 
create a CHSV representation that will be passed 
on to the next steps. The CHSV representation 
from equation (2) is then input into an adaptive 
representation harmonization transformer (ARHT). 
ARHT was chosen for this role because it has been 
shown that heterogeneous environments have 
differing pathway requirements based on their 
environmental characteristics.  
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Figure 2. Model’s Integrated Architectural Analysis 
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Therefore, rather than using a single, static, 
encoding strategy across the entire environment; 
ARHT uses its dynamic ability to adaptively 
harmonize feature spaces with respect to their 
respective heterogeneity signatures. The contextual 
attention representation is computed Via equation 
3, 

 

Where , , and  represent contextual query, 
key, and Value matrices. Equation (3) allows 
heterogeneity information to directly influence 
representation learning. Subsequently, harmonized 
feature embedding is generated Via equation 4, 

 

Where  represents individual feature streams 

and  represents adaptive harmonization 
mappings. Equation (4) results in a unifying latent 
space that can be used for different types of 
classification tasks. In addition, Next, as indicated 
by Figure 3, This composite tensor is then sent 
forward to the Heuristic Meta-Policy Architecture 
Selector (HMPAS). HMPAS was selected since 
the best architectures for classifiers are highly 
variable across the many different datasets & 
samples. As opposed to an extensive search over 
all possible architectures, the proposed framework 
utilizes heuristics-based meta-learning to find 
suitable training paths. The architecture suitability 
score is defined Via equation 5, 

 

Where  represents computational complexity of 

candidate architecture  in the process. Equation 
(5) balances representational quality, contextual 
complexity, and computational efficiency. The 
heuristic optimization process is expressed Via 
equation 6, 

 

Where  represents classification loss. 
Equation (6) allows for simultaneous optimization 
of learning error and stability of optimization in 
real-time situations. Following this process, an 
optimal architecture is developed and implemented 
with the Dynamic Multi-Expert Heuristic 
Classifier (DMEHC). This classifier was chosen as 
it can identify local patterns when the same group 
of learners could not. Several different, specialized 
experts are used to develop adaptable predictions.  
Expert contribution weights are calculated Via 
equation 7, 

 

Where  represents expert uncertainty and  
represents contextual relevances. Equation (7) 
enables dynamic expert allocation according to 
sample-specific characteristics. The aggregated 
classification probability is obtained Via equation 
8, 

 

Where  represents prediction 

probability generated by expert  during the 
process. Equation 8 enables the ensemble to 
provide a form of "adaptive" or "intelligent" 
learning, which also reduces classification 
uncertainty. In order to increase the operational 
resilience in an environment with changing 
conditions, the framework uses the TDMCL (Test 
Time Drift-Aware Meta- Correction Layer) as the 
Test-Time Drift-Aware Meta-Correction Layer. 
The reason for this selection lies in the fact that 
many real world data sets have time varying 
distributions, which can cause degradation of 
model reliability.  



 Journal of Theoretical and Applied Information Technology 
30th September 2026. Vol.104. No.18 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
198 

 

Figure 3. Model’s Overall Dataflow Analysis 

The degree of distributional drift between the 
training set and the test environment is determined 
Via equation 9 
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Where  and  represent training 
and deployment distributions, respectively. 
Equation (9) measures environmental divergences. 
The adaptive correction coefficient is then 
computed Via equation 10, 

 

Where  regulates confidence recalibration and 
expert adaptation according to observed drift 
behaviors. The complete framework operates as a 
sequential contextual learning system in which 
CASE-Net generates contextual heterogeneity 
signatures, ARHT harmonizes representations, 
HMPAS selects optimal learning policies, 
DMEHC performs adaptive expert-driven 
classification, and TDMCL executes deployment-
stage corrections. The final adaptive classification 
output is expressed Via equation 11, 

 

Where  is an adaptive classification outcome 
that has been validated for inclusion of contextual 
heterogeneity awareness, representation 
harmonization, heuristics based on optimization, 
collaborative experts, and drift aware corrections. 
The objective function represented by equation 
(11), represents the final classification result with 
an optimal classification label, an optimal 
confidence score, an optimal contextual reliability 
measure, and decision outputs ready to be 
deployed. As such, this analytical design creates a 
comprehensive adaptive classification architecture 
that provides maximum levels of: Classification 
Accuracy; Robustness; Calibration Reliability; 
Generalization Capability; Computational 
Efficiency; and Resilience to Heterogeneous 
Environmental Process Variations in Practical 
Scenarios. 

4. COMPARATIVE RESULT ANALYSIS 

The proposed Intelligent Extended Heuristic Meta-
Learning Framework has been tested in an 
extensive and heterogeneous multi-domain 
benchmark environment which contains data from 
both structured and unstructured sources including 
datasets from smart transportation, healthcare, 
finance, cyber security, Industrial IoT and 

Customer Analytics. The Experimental 
Benchmark Repository is a compilation of a total 
of approximately 1.25 million samples and over 
400 different heterogeneous features that are 
representative of the types of data collected from 
all the above mentioned domains. This repository 
contains examples of real world classification 
problems that can contain varying degrees of 
sparsity, imbalanced classes, noisy or missing data 
as well as distributional drift. Some of the specific 
example datasets include; Healthcare Diagnosis 
Records (145,000 samples, 68 attributes), 
Financial Fraud Transactions (320,000 samples, 42 
attributes), Sensor Telemetry from industrial 
processes (280,000 samples, 96 attributes), 
Network Intrusion Logs (265,000 samples, 54 
attributes) and Customer Behavior Analytics 
(240,000 samples, 152 mixed attribute type).  

CASE-NET identified contextual heterogeneity 
characteristics of the input data using Entropy, 
Sparsity, Class Imbalance and Distribution 
Complexity measures. An Entropy Threshold of 
0.65, Sparsity Sensitivity Coefficient of 0.30, 
Class Imbalance Weight of 0.25 and Drift 
Sensitivity Factor of 0.15 were used for identifying 
the heterogeneity signature. Once heterogeneity 
had been identified ARHT used a Contextual 
Transformer Architecture to generate Harmonized 
Representations. The Contextual Transformer 
Architecture contained 8 Attention Heads with 
Embedding Dimension of 256, Feed Forward 
Dimension of 1024, Dropout Rate of 0.2 and 
Contextual Attention Coefficient λ = 0.35.  

In HMPAS the Heuristic Meta-Policy Selector 
evaluated candidate Architectures using Multi-
Objective Optimization with Weights for 
Classification Accuracy of 0.40, Macro F1 of 0.25, 
Robustness of 0.15, Interpretability of 0.10 and 
Computation Efficiency of 0.10. In DMEHC there 
were five Experts designed to use different models 
and each Expert's model was trained with a 
Confidence Calibration Factor of 0.85 and 
Uncertainty Threshold of 0.12. In TDMCL the 
initial value for the Drift Correction Coefficient 
was set to 0.75 and then it was dynamically 
adjusted using Statistics on how much the 
Distribution was diverging. Training was 
accomplished using AdamW optimizer with 
Learning Rate = 0.0005 Batch Size = 256 Number 
of Epochs = 200 Cross Validation Fold = 10. All 
performance evaluations were done using Metrics 
such as Accuracy, Precision, Recall, Macro F1, 
Area Under Curve (AUC), Calibration Error (CE), 
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Drift Robustness Index (DRI) Adaptability Score 
(AS) and Computation Efficiency to evaluate 

Classification Reliability in Multiple Different 
Environments. 

Figure 4. Model’s Overall Result Analysis 

The experimental verification of the i-ehmlf was 
carried out by utilizing a set of very well-known 
multi-dataset benchmarks that have been retrieved 
from OpenML for the purpose of assessing how 
the proposed meta-learning framework can be used 
in order to provide strong predictive power across 
multiple different types of classification tasks. The 
datasets chosen for this study include the Adult 
Income dataset (with a total of 48,842 samples and 
14 mixed attribute types - both continuous and 
categorical); the Credit Card Fraud Detection 
Dataset (a total of 284,807 transactions, 30 
attributes, and extreme class unbalance); the 
Covertype Dataset (with 581,012 observations and 
54 geographic attribute types); the KDD Cup 
Network Intrusion dataset (total of 494,021 rows; 
41 heterogeneous attribute types); and the Higgs 
Boson Dataset (total of 11 million observations; 28 
continuous numeric attribute types). Each dataset 
was selected based on its ability to represent many 
real-world classification challenges since it has 
many of the following properties: variable 
dimensionality; variously distributed attribute data; 
large differences in the number of examples per 
class; sparse or noisy data; varying amounts of 
noise present in each example; etc. These types of 
classifications are typical for real world 
applications and represent complex, difficult-to-
classify problems. 

Before being fed into any models as input data, all 
datasets had missing values replaced with 
estimates based upon their context; categorical 
variables were embedded into dense vector spaces; 
and all numerical variables were scaled using 
robust quantile-based scaling. The case-net model 
utilized sensitivities to heterogeneities as follows: 
α = 0.35, β = 0.25, γ = 0.20, and δ = 0.20 to 
generate contextual signature vectors. The 
transformer architecture within ARHT utilized 
parameters such as: an embedding dimension of 
256; eight attention heads; a feed-forward 
dimension of 1024; a dropout rate of 0.20; a 
contextual attention coefficient λ = 0.35; and a 
batch normalization momentum value of 0.90. 
HMPAS optimized architectures using the 
following settings: a population size of fifty 
candidate solutions; a mutation probability of 0.15; 
a crossover probability of 0.80; and one hundred 
iterations for optimizations. The DMEHC 
classifier utilized five specialized expert classifiers 
along with a threshold for uncertainty of 0.12; a 
confidence calibration factor of 0.85; an ensemble 
temperature parameter of 1.5; and an expert 
relevance coefficient of 0.40. For TDMCL, the 
drift detection threshold was fixed at 0.08; 
however, adaptive correction factors ranged from 
0.70 to 0.95 depending upon distribution 
divergence scenarios. All experiments were trained 
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using adamw optimization with a learning rate of 5 
× 10⁻⁴, a weight decay term of 10⁻⁵, a batch size of 
256, and two-hundred iterations for training 

purposes. As expected, all experiments converged 
quickly and produced optimal results across all 
five heterogeneous benchmark datasets & samples. 

Figure 5. Model’s Overall Accuracy Analysis 

In addition to evaluating the performance of the 
proposed framework, we compared the i-ehmlf to 
several state-of-the-art, representative 
heterogeneous learning methods found in existing 
research literature: Adaptive Federated Learning 
(AFL) [2]; heterogeneous ensemble classifier 
(HEC) [10]; Adaptive Heterogeneous Online 
Learning Ensemble (AHOLE) [14]; and Adaptive 
Multichannel Heterogeneous Graph Neural 
Network (AMHGNN) [17] processes.  
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Figure 6. Model’s Roc Calibration Analysis 

This is done analytically in terms of: effective 
classification accuracy; robustness to changes in 
the underlying data distributions; adaptability to 
new classification tasks with little to no prior 
knowledge about those tasks; calibration quality; 
computation time required to make predictions; 
and the ability to detect concept drifts over 
temporal instance sets. 

Table 2. Classification Accuracy (%) Across 
Heterogeneous Datasets 

Dataset AF
L 
[2] 

HE
C 
[10] 

AHO
LE 
[14] 

AMHG
NN 
[17] 

Propo
sed I-
EHM
LF 

Adult 
Income 

88.
7 

89.
6 

90.4 91.2 95.1 

Credit 
Fraud 

91.
8 

92.
5 

93.2 94.1 97.3 

Covert
ype 

89.
4 

90.
6 

91.1 92.8 95.8 

KDD 
Cup 

93.
5 

94.
4 

95.1 95.8 98.2 

Higgs 90. 91. 92.0 93.6 96.5 

Boson 2 3 

Averag
e 

90.
72 

91.
68 

92.36 93.50 96.58 

Table 2 and analysis in figure 4 & figure 5 shows 
how much better than others our proposed 
framework works at classifying each one of the 
datasets & samples. In order to classify the 
datasets (and understand their properties) better 
than other approaches, the CASE-Net component 
of the framework successfully modeled contextual 
heterogeneity scenarios. The greatest degree of 
improvement occurred in the Credit Fraud dataset 
as it had large amounts of class imbalance and the 
data were very sparsely distributed making it 
difficult for traditional approaches. The proposed 
method's integrated approach resulted in an 
accuracy rate greater than 95% across all datasets, 
which showed that it could generalize well across 
all types of domains with various statistical 
properties.  

 

 

Figure 7. Model’s Training Performance Analysis 

These improvements would be impossible to 
achieve if we did not use adaptive representation 



 Journal of Theoretical and Applied Information Technology 
30th September 2026. Vol.104. No.18 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
203 

 

harmonization and heuristic architecture 
selections. The results show that using contextual 
adaptation will provide a lot of advantages over 
static learning architectures when working in 
heterogeneous environments. 

Table 3. Precision, Recall And Macro-F1 Score (%) 

Method Precision Recall Macro-
F1 

AFL [2] 90.1 89.4 89.7 

HEC [10] 91.4 90.8 91.1 

AHOLE [14] 92.0 91.5 91.7 

AMHGNN [17] 93.2 92.6 92.9 

Proposed I-
EHMLF 

96.1 95.3 95.7 

Table 3 gives the average classification quality 
metrics from all datasets & samples. Our proposed 
framework achieved the highest Precision, Recall, 
and Macro-F1 scores as a result of using the 
dynamic multi-expert heuristic classifier; this type 
of classifier was able to dynamically allocate 
responsibility for classifications among specialists. 
An increase in recall shows that there has been 
improved detection of minority classes, while an 
increase in precision shows fewer false positive 
predictions. Both are indicative of good 
performance in terms of detecting minority classes 
while preventing misclassifications. A Macro-F1 
score that is balanced between precision and recall 
also suggests that the framework is able to capture 
complex decision boundaries without reducing 
generalization. Combining contextual signatures 
with adaptive ensemble intelligence scenarios is 
validated by the Macro-F1 scores. 

Table 4. Adaptability And Drift Robustness Evaluation 

Method Adaptabilit
y Score 

Drift 
Robustnes
s Index 

OOD 
Accurac
y (%) 

AFL [2] 0.72 0.75 84.2 

HEC [10] 0.74 0.78 85.8 

AHOLE 
[14] 

0.79 0.82 88.1 

AMHGN
N [17] 

0.83 0.86 90.4 

Proposed 
I-EHMLF 

0.94 0.93 95.1 

Table 4 tests adaptability through changing data 
distributions and unseen operating conditions. Due 
to Test-Time Drift-Aware Meta-Correction Layer, 
our proposed framework dramatically exceeded 
existing methods' performance. As previously 
stated, this layer continually monitors 
distributional changes in test time and adjusts 
prediction behavior based upon such changes. A 
higher out-of-distribution accuracy score is 
indicative of increased resiliency to environmental 
variations in process. The adaptability score 
illustrates that our framework is able to transfer 
knowledge between diverse domains with little 
need for extensive retraining. Given that real world 
deployment environments are constantly evolving, 
this aspect is especially useful for real world 
deployments. 

Table 5. Calibration And Uncertainty Analysis 

Method ECE 
↓ 

Brier 
Score ↓ 

Confidence 
Reliability (%) 

AFL [2] 0.092 0.115 87.4 

HEC [10] 0.083 0.108 88.9 

AHOLE 
[14] 

0.071 0.097 90.5 

AMHGNN 
[17] 

0.059 0.086 92.4 

Proposed I-
EHMLF 

0.034 0.061 96.8 
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Table 5 and analysis in figure 6 & figure 7 
compares the reliability of the confidence 
estimates produced by the classifiers. Lower 
Expected Calibration Error and Brier Score 
illustrate that predicted probabilities were close 
approximations of actual events. The proposed 
model produced the most accurate confidence 
estimates because the uncertainty information 
associated with allocating the experts was included 
directly within the expert allocation process. 
Confidence estimation in high-risk decision 
systems requires being reliable so that incorrect 
predictions do not lead to serious consequences. 
The results show that adapting weights assigned to 
experts improves both classification performance 
and trustworthiness in predictions. 

Table 6. Computational Performance Analysis 

Method Training 
Time 
(min) 

Inference 
Time (ms) 

Memory 
Usage 
(GB) 

AFL [2] 162 12.8 4.9 

HEC [10] 148 10.4 4.2 

AHOLE 
[14] 

135 9.7 3.8 

AMHGNN 
[17] 

171 13.2 5.4 

Proposed 
I-EHMLF 

124 8.5 3.6 

Table 6 illustrates computational efficiency 
comparisons. Even though our proposed 
framework contained multiple adaptive 
components, it still managed to produce lower 
training and inference times than other 
frameworks. The Heuristic Meta-Policy 
Architecture Selector greatly reduced unnecessary 
searches during optimization by providing 
potential learning pathways quickly after 
initialization process.  

Figure 8. Model’s Confusion Matrix Analysis 

Additionally, reduced memory usage is another 
indicator that the efficient strategy for creating a 
harmonized feature representation worked 

effectively. These results demonstrate that using 
adaptive intelligence can improve both predictive 
performance and scalable computing at the same 
time in process. 
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Table 7. Overall Performance Comparison 

Method Accuracy (%) Macro-F1 (%) AUC (%) Adaptability Robustness 

AFL [2] 90.72 89.7 92.4 0.72 0.75 

HEC [10] 91.68 91.1 93.1 0.74 0.78 

AHOLE [14] 92.36 91.7 94.0 0.79 0.82 

AMHGNN [17] 93.50 92.9 95.2 0.83 0.86 

Proposed I-EHMLF 96.58 95.7 97.4 0.94 0.93 

Table 7 and analysis in figure 8, summarizes the 
total performance of all tested frameworks. The 
proposed framework out-performed all other 
frameworks across each evaluation metric, thereby 
demonstrating its ability to concurrently optimize 
predictive accuracy, adaptability, robustness, and 
reliability of classification. The proposed 
framework was a comprehensive adaptive learning 
pipeline integrating CASE-Net, ARHT, HMPAS, 
DMEHC, and TDMCL, enabling it to develop a 
complete pipeline to understand different types of 
datasets, create harmonized features, select the 
right architecture, perform expert-based 
classification, and mitigate environmental drift. 
The consistency of improvement seen across all 
metrics reinforces the effectiveness of our design 
and proves its applicability to future generations of 
heterogeneous classification environments. 

Validated Result Impact Analysis 

In order to provide a thorough assessment of the 
proposed Intelligent Extended Heuristic Meta-
Learning Framework (I-EHMLF), a comparative 
statistical performance analysis was conducted 
across all the benchmark datasets. This is based on 
repeated 10 fold cross validation experiments. The 
results indicate that the proposed I-EHMLF has 
demonstrated an average classification accuracy of 
96.58%, as well as a variance of 0.84, a macro F1 
score of 95.7%, and a variance of 0.79, an area 
under curve (AUC) value of 97.40% and a 
variance of 0.63. In addition, the proposed I-
EHMLF has produced an average adaptability 
score of 0.94 with a variance of 0.011, and an 
average robustness index of 0.93 with a variance 
of 0.014. The low variances reported in this study 
are indicative of the high degree of stability and 

consistency demonstrated by the proposed I-
EHMLF when operating in heterogeneous 
environments. In addition, the confidence 
reliability metric indicated an average value of 
96.8% with a variance of 0.58, while the expected 
calibration error remained low at 0.034 with a 
variance of 0.004. These findings suggest that the 
I-EHMLF produces highly reliable probabilistic 
classifications and demonstrates excellent 
calibration characteristics. 

In order to determine if the improvement(s) seen in 
this research were statistically significant, paired 
T-tests and Wilcoxon signed rank tests were 
applied to compare the proposed framework to 
each baseline approach, across all datasets & 
samples. It was determined that the p Values 
associated with the comparison between the 
proposed framework and each baseline method 
remained less than or equal to .01 for Accuracy, 
Macro-F1, AUC, Adaptability Score and 
Robustness Index. Therefore, these findings 
support the assertion that the improvement(s) seen 
in this research are statistically significant at a 
confidence level of 99%. Moreover, Cohen's d 
values ranged between 1.12 and 1.86 for all 
comparisons; therefore, these studies demonstrate 
large practical effects and demonstrate that the 
improvement(s) can not be attributed solely to 
random Variability in practical scenarios. 

The four baseline methods were selected due to 
their relevance in providing state-of-the-art 
solutions for dealing with heterogeneous 
environments from different angles. As such, 
adaptive federated learning (afl) was selected since 
it has capabilities to deal with distributed 
heterogeneous data distribution. The 
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heterogeneous ensemble classifier (hec) was 
chosen since it has abilities to use multiple 
classifiers that can classify heterogeneous data 
sets. The adaptive heterogeneous online learning 
ensemble (ahole) was selected due to its ability to 
adapt under changing environment. Finally, the 
adaptive multichannel heterogeneous graph neural 
network (amhgnn) was selected due to its ability to 
produce a strong graph based representation 
learning solution for heterogeneous data samples. 
Collectively, these methods provide examples of 
federated learning, ensemble intelligence, online 
adaptation and graph learning paradigms; 
therefore, collectively these methods establish a 
very broad and challenging benchmark for 
assessing the effectiveness of the proposed 
contextual meta-learning framework. 

Validation Model Ablation Analysis 

To assess how much each of the five analytical 
components impacts upon the I-EHMLF's 
predictive outcomes, we implemented an Ablation 
Study process. In the Ablation Study, we tested 
combinations of all of the significant components 
of the IEHMLF operations. We then assessed the 
performance of those combinations on every single 
one of our benchmark datasets & samples. Our 
primary goal in conducting this analysis is to 
determine both the independent and collective 
contributions of these analytical components to the 
I-EHMLF's predictive outcomes. 

Table 8. Ablation Analysis of the Proposed I-EHMLF Framework.

Configurat
ion 

CAS
E-
Net 

ARH
T 

HMP
AS 

DME
HC 

TDM
CL 

Accura
cy (%) 

Macr
o-F1 
(%) 

AU
C 
(%) 

Adaptabil
ity 

Robustn
ess 

Baseline 
Classifier 

✗ ✗ ✗ ✗ ✗ 89.84 88.71 91.9
2 

0.71 0.73 

Baseline + 
CASE-Net 

✓ ✗ ✗ ✗ ✗ 91.62 90.54 93.2
8 

0.76 0.78 

CASE-Net 
+ ARHT 

✓ ✓ ✗ ✗ ✗ 93.38 92.41 94.8
7 

0.81 0.83 

CASE-Net 
+ ARHT + 
HMPAS 

✓ ✓ ✓ ✗ ✗ 94.47 93.63 95.9
1 

0.85 0.87 

CASE-Net 
+ ARHT + 
HMPAS + 
DMEHC 

✓ ✓ ✓ ✓ ✗ 95.72 94.96 96.8
8 

0.90 0.91 

Full I-
EHMLF 
Framewor
k 

✓ ✓ ✓ ✓ ✓ 96.58 95.70 97.4
0 

0.94 0.93 

Table 8 initially analyzed & compared the 
traditional classifier (i.e., a classifier trained using 
preprocessed data) with no contextual adaptation to 
the baseline configurations. Then, we added CASE-
Net to provide dataset-specific heterogeneity 
signatures; next, we added ARHT to perform 
context-based feature representation learning. 
Afterward, we added HMPAS to enable smart 
model selection and hyperparameter optimization. 
Lastly, we added DMEHC to enhance model 
performance via adaptive expert routing. And 
finally, we added TDMCL to ensure model 
reliability when operating under new, unforeseen 
distributional shifts. 

Each time we add a component to the I-EHMLF, 
we see a noticeable improvement in all of our 
evaluation metrics. It appears that adding CASE-
Net and ARHT had the greatest positive impact on 
representation quality. Adding HMPAS increased 
the efficiency of selecting models, thereby reducing 
unnecessary learning pathways. DMEHC greatly 
improved Macro-F1 and robustness by leveraging 
expert specializations. Finally, adding TDMCL 
provided a final boost in correcting drift-induced 
prediction error through adaptive corrections. 
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5. CONCLUSION & FUTURE SCOPES 

In this paper we introduce the Intelligent Extended 
Heuristic Meta-Learning Framework (I-EHMLF). 
I-EHMLF is an adaptive classifier for various types 
of data. The proposed method addresses some of 
the most important disadvantages of other methods. 
They include traditional machine learning 
techniques, ensemble learning techniques, graph 
learning, federated learning etc., which are 
generally unable to perform consistently under 
different distributions of features, different 
modalities, class imbalances, and changes in the 
data distribution. We propose to use five analytical 
modules as follows. The first module will be the 
Context-Aware Heterogeneity Signature Encoder 
(CASE-NET), the second module will be the 
Adaptive Representation Harmonization 
Transformer (ARHT), the third module will be the 
Heuristic Meta-Policy Architecture Selector 
(HMPAS), the fourth module will be the Dynamic 
Multi-Expert Heuristic Classifier (DMEHC), and 
the fifth module will be the Test-Time Drift-Aware 
Meta-Correction Layer (TDMCL), all working 
together to form an end-to-end adaptive learning 
system. 

The experimental results demonstrate how well our 
proposed design works. Our proposed framework 
achieves an average classification accuracy of 
96.58% while surpassing AFL (90.72%) by a large 
margin; HEC (91.68%); AHOLE (92.36%); and 
AMHGNN (93.50%). Similar results can be 
observed when comparing our proposed 
framework's performance metrics. The proposed 
model has a Macro-F1 score of 95.7%, AUC of 
97.4%, an adaptability score of 0.94, and a 
robustness index of 0.93, respectively. These high-
quality performance metrics confirm our proposed 
framework's superiority over existing complex 
heterogeneous learning architectures. Moreover, 
our proposed model obtains an out-of-distribution 
accuracy of 95.1% verifying its generalization 
capability against changing environments. 
Additionally, from a reliability perspective, our 
proposed framework reduces the expected 
calibration error to 0.034 and achieves a confidence 
reliability of 96.8%, demonstrating the high level of 
trustworthiness of decisions made using our 
proposed framework. Lastly, computational 
analysis shows that our proposed framework 
requires only 124 minutes for training time and 8.5 
milliseconds for inference latency, making it 
possible for large-scale deployments. Therefore, we 
conclude that combining contextual heterogeneity 

modeling, adaptive representation harmonization, 
heuristic architecture optimization, expert-driven 
classification and drift-aware correction provide a 
powerful approach toward developing robust, 
scalable, and reliable classification performance. 
Therefore, our proposed framework represents a 
major step forward toward creating future 
generations of intelligent learning systems that can 
operate reliably and efficiently within a wide 
variety of dynamically changing and heterogeneous 
data environments. 

Future Research Scopes 

Our proposed framework can be extended in many 
ways by incorporating into it various foundations 
models such as large language models, multimodal 
transformers, self-supervised representation 
learning mechanisms to further enhance its 
adaptability across new domains. The inclusion of 
continual learning, causal meta-learning, 
explainable AI modules, reinforcement-driven 
architecture adaptations would enable better 
decision transparency and autonomous 
optimization. Future versions could include 
distributed edge intelligence; federated 
deployments; privacy-preserving analytics; and 
real-time streaming environments. Finally, 
incorporating quantum-inspired optimizations and 
generative learning frameworks would provide 
improved efficiency in searching architectures; 
estimating uncertainties; and adapting performance 
in highly dynamic heterogeneous environments. 

Limitations  

While our proposed framework performs well on a 
wide range of heterogeneous benchmarks, the 
increased computational complexity due to having 
multiple adaptive modules is one limitation. 
Additionally, the performance of our proposed 
framework may heavily rely on the quality of the 
contextual heterogeneity signatures generated. 
Finally, extremely fast-paced real-time 
environments with tight latency constraints may 
need additional optimizations in both our adaptive 
decision-making and drift correction processes. 

Validated Model Abbreviation Analysis 

Data Availability Statement 
The datasets utilized in this study were obtained 
from publicly accessible and widely recognized 
open-source repositories for machine learning and 
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heterogeneous data analytics research process. 
Specifically, the Adult Income Dataset, Covertype 
Dataset, and several benchmark datasets used for 
heterogeneous classification experiments were 
accessed through the OpenML repository 
(https://www.openml.org). The Credit Card Fraud 
Detection Dataset was obtained from the Kaggle 
Machine Learning Repository and is publicly 
available at https://www.kaggle.com/datasets/mlg-
ulb/creditcardfraud. The KDD Cup 1999 Intrusion 
Detection Dataset was sourced from the UCI 
Machine Learning Repository and can be accessed 
at 
https://archive.ics.uci.edu/ml/datasets/kdd+cup+199
9+data. The Higgs Boson Dataset was obtained 
from the UCI Machine Learning Repository and is 
publicly available at 
https://archive.ics.uci.edu/ml/datasets/higgs. 
No proprietary, confidential, restricted, or 
organization-owned datasets were used during the 
development, training, validation, or evaluation of 
the proposed Intelligent Extended Heuristic Meta-
Learning Framework. Consequently, no additional 
permissions from commercial firms, private 
institutions, governmental agencies, or third-party 
organizations were required for dataset access or 
utilization. All datasets employed in this research 
are openly available for academic and non-
commercial research purposes under their 
respective repository policies and licensing 
conditions. 
The authors confirm that all experimental analyses, 
methodological developments, model architectures, 
comparative evaluations, interpretations, 
discussions, visualizations, and reported findings 
presented in this manuscript constitute the authors’ 
original research contributions. While publicly 
available benchmark datasets were utilized for 
performance evaluation, the proposed framework, 
contextual heterogeneity modeling strategy, 
adaptive representation harmonization mechanism, 
heuristic meta-policy optimization process, 
dynamic multi-expert classification methodology, 
drift-aware adaptation framework, analytical 
interpretations, and conclusions are entirely the 
result of the authors’ independent research efforts, 
technical analysis, scientific reasoning, and original 
contributions. All datasets have been appropriately 

cited, and the study complies with the applicable 
data usage and research ethics requirements 
associated with the respective repositories. 
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