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Abstract: The Tabular anomaly detection is a significant data mining activity particularly in frauds and
cyber security, health monitoring and financial auditing. A large portion of the current techniques,
however, is based on the assumption that the data are fixed and are fixed distributed, whereas in practice
tabular data as they occur in the real world is a stream, represented as streams and vary with time as a
result of concept drift. The condition becomes significantly more complex in the cases when the data
include some combination of the different types of features such as numerical features, categorical
features and textual features. In this paper, it is suggested that a drift sensitive explainable anomaly
detector can be developed in mixed-type tabular data streams. The given approach combines the
procedure of the tabular representation learning with the drift detection algorithm, the causal
inconsistency assessment protocol, and rule-based explainability tools to identify the examples of the
anomalies in addition to adapting to the changing data distribution. It can be applied to more critical
areas of application because the framework is designed not just to produce comprehensible descriptions
of the observed abnormalities as opposed to the traditional black-box models. The study also presents an
evaluation environment that addresses the detection performance, adaptation to the drift, minimization
of the false alarm and quality of the explanation. The expected value is a novel and feasible data mining
model that boosts resilience and eloquence in the aberration finding within a dynamic tabular
framework.

Keywords: Data mining, anomaly detection, concept drift, mixed-type tabular data, data streams,
explainable artificial intelligence, tabular representation learning, drift-aware learning
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. INTRODUCTION AND PROBLEM MOTIVATION

It is a recommendation of DriftTAB which is an anomaly detection system that works on a novelty-driven
data mining of the mixed-type table streams. The fundamental concept is to extract the abnormalities in between
the rows of the numeric, categoric and wordy tables but the definition of normal distribution is altered with time.
The recent ones have also made some strides in either stagnant, or semi-stagnant, tabular, adversarial learning-
based, self-supervised corruption, contextual explanation, hypergraph representation learning, and LLM-helped
model, albeit incomplete [1-5].

It is proposed that the contribution would bring together four capabilities on the same research agenda i.e. the
online concept-drift adaptation, causal/dependency-conscious inconsistency scoring, neuro-symbolic
implementation of rules and regime memory of recurrent states. Besides the model, a benchmark protocol of
sudden, smooth and repeated drift of mixed-type tables and evaluation suite, which, beyond the quality of the
detection, evaluates the speed of the adaptation, calibration and fidelity of the explanation, is also introduced in
the proposal [6-10].

The utilization of data mining is becoming even more applicable in real-time, and not in the files that can be
kept in one place. Fraud systems, e-commerce pipes, cyber-defense dashboards, and health operations and
industrial surveillance systems also have tabular records being created. These data are seldom in their pure form
numbers: they can be groupings of continuous numbers, classes or identifiers, dates, and brief free-text data
(notes, reasons or description messages).

This is a two-issue environment that is interrelated. First, to detect anomalies of mixed-type tables, there
needs to be semantic awareness because a row might be statistically anomalous, or operationally valid or an
anomaly is a row that is numerically normal, but a domain constraint given by metadata or text. Second, real
data streams are non-stationary. The change in the status quo behavior is premised upon the seasonality of
factors, alteration of policies, attacks, emergence of new type of customers, or the modernization of the system.
With the appearance of this concept drift, students of the differentiators trained using older distributions will
also tend to fail. [1,4,6,8-10].

It is in separate portions of this question that the contemporary literature is highly liberal. Adversarial,
unsupervised, contextual, hypergraph based and LLM assistive systems provide a more efficient detection of
anomalies, structured tab and benchmark and survey papers enable us have a more efficient perception of
streaming drift and evaluation, and neuro-symbolic ones similarly prove that explicit reasoning can be lucrative
in provision of intelligible detection systems. However, the inherent mixed-type tabular streams, drift adaptation,
cause/dependency sensitive anomaly scoring and executable explanations are not put into one common
framework which is suggested in the reviewed literature. [1-10].

1. RESEARCH GAP AND NOVELTY POSITION
Abnormalities cannot be identified by simply using an LLM. The direction is already in movement. It is new
in the sense that it integrates the functionality, which in the literature are discussed separately; mixed-type
semantic table understanding, online concept drift adaptation, causal/dependency-conscious inconsistency
scoring and rule-based executable explanations. What is to be contributed, however, is not of a cosmetic but of
an architectural and methodological nature. [1-10].

TABLE |
GAP AND NOVELTY POSITION

Recent direction What it already solves What remains open How DriftTAB responds

Good performance on

LLM-based
tabular AD [1,9]

static or batch tabular
anomaly detection,
including mixed-type
rows

No strong answer for
online drift adaptation
and regime recovery

Adds explicit drift
monitoring, online
thresholding, and
recurring-state memory

Context-aware
benchmarks [2,3]

Restore semantics and
fine-grained reasoning
for tabular anomalies

Not designed as
streaming concept-drift
benchmarks

Builds a dynamic
benchmark protocol with
abrupt, gradual, and
recurring drift

Causal tabular AD

Uses causal ordering to
improve anomaly

Focus remains on static

Extends causal scoring to
stream updates and drift-

aggregation [5]

and provides auditable
traces

rule execution or
recurring drift memory

[4] . tabular detection L
scoring aware recalibration
. U.ses model . Not tailored to semantic Fuses disagreement, rules,
Agentic disagreement as a signal

and drift-adjusted
uncertainty into one score
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111.A1M, RESEARCH QUESTIONS, AND HYPOTHESES
Aim: The aim of the research is to come up with a robust and interpretable framework of multi-type tabular
stream anomaly mining during concept drift, and to confirm it in the framework of a benchmark-driven
experimental study.
A. Research Questions
¢ RQ1. Can a drift-aware mixed-type encoder maintain higher anomaly-detection performance than static or
batch-oriented baselines when the stream undergoes abrupt, gradual, and recurring drift?
¢ RQ2. Does injecting causal structure improve anomaly ranking quality and reduce false alarms compared with
arbitrary or purely statistical feature serialization?
¢ RQ3. Do executable neuro-symbolic rules improve explanation quality and analyst trust without sacrificing
detection accuracy?
¢ RQ4.Can regime memory reduce recovery time after recurring drift by reusing previously observed normal
states?
B. Hypotheses
e H1. The drift aware model will be more effective than the fixed tabular anomaly detectors where the distribution
changes as it will correct the assumptions it will adapt to the new normal distribution.
e H2. The semantically invalid rows that will not be detected by pure density- or reconstruction-based methods
will be represented by the scores of causal inconsistency.
¢ H3. The rule implementation will improve the faithfulness of the explanation since the alerts will be founded on
clear restrictions that can be checked by the analysts.
e H4. The regime memory will minimize the post-drift adjustment period, and the repetition of the old patterns
and increase the stability in the presence of repeated environments.

IV.PROPOSED METHODOLOGY
A. Problem Formulation
Assume that the data stream is S = {x1, x2, ... xt, etc.}, with each row xt being a mixed-type tabular record
comprising of numerical features, categorical features, optional textual features and timestamp or batch data. At
time t the system results in an anomaly score a t and an explanation trace e_t. The job is to generate rows that
are orthogonal to the already existing concept of hormalcy and rather adaptable to altering streams distributions.

B. System Architecture

DriftTAB framework for novelty-driven data mining research

Mixed-type tabular streams + concept drift + causal reasoning + executable explanations

1. Stream ingestia 2. Foundation encod 3. Drift monitor 4. Regime memory

numeric, categorical, te mixed-type row embedding distribution shift alarms store normal states
missingness + timesta semantic metadata fusion regime change detection retrieve recurring regimeg
micro-batch or online ro uncertainty estimate adaptive threshold update fast recovery after drift

5. Causal module 6. Neuro-symbolic ru 7. Score fusion and output

learn partial order / graph mine constraints from metal final anomaly score
score causal inconsistency execute soft/hard rules calibrated alert + evidence trace
flag oo oo nticsll i alid o auditable explanation for analysts

Final score = foundation surprise + causal inconsistency + rule violation + drift'adjuste

Fig. 1 Proposed DriftTAB pipeline

C. Core Modules
Module A: Mixed foundation encoder.
The former module converts each row to one representation that is not the loss of heterogeneous features types.
Numical and categorical columns are encoded structurally and textual ones semantically and placed in context at
a row. The design will be inspired by newer developments in tabular anomaly-detection, including adversarial,
corruption-based, hypergraph, explainable contextual, and LLM-assisted anomaly pipelines, rather than image-
based pipelines. [1-5].

© 2026, IJCSMC All Rights Reserved, ZAIN Publications, Fridhemsgatan 62, 112 46, Stockholm, Sweden 37



Osama Mohammed Qasim, International Journal of Computer Science and Mobile Computing, Vol.15 Issue.3, March- 2026, pg. 35-40

Module B: Web based drift detector.
The second module monitors the score distributions, feature distributions and embedding trajectories change.
Statistical tests involving feature-wise comparisons of the two statistics and measures of embedding-space shifts
embark on adaptation to a scenario where the current stream reaches a halt to be similar to the reference regime.
This module regulates recalibration of the threshold, substitution of reference-windows and a look-up memory
[6,8-10].

Module C: Causal inconsistency scorer.
DriftTAB is an approximation of a partial causal or dependence model of features, rather than assuming that
columns are randomly ordered. After that the rows are not only checked against rarity, but also against the
absence of consistency with the expected directed or conditional relationships. This extends dependency-
sensitive and explainable concepts of anomaly-modeling on a static, tabular setting to streaming, update-aware
setting. [4].

Module D: Neuro-symbolic rules: Agency rule.
The proposal adds a stratum of rules whereby explicit domain constraints which are the range rules, the
conditional rules, the temporal consistency rule and the cross-field consistency rule are executed. Metadata can
be used to mine these rules, they may be trained by common instances of generators or inserted by the domain
experts. The rule engine generates a human form trace of evidence and a violation score. [4,7].

Module E: recurrent-state retrieval and regime memory.
Summary statistics and embeddings of the current normal regime in the system are stored when the drift is
detected. The model is able in the future to reproduce the nearest state in historical state and adaptation on a
warm-start basis instead of learning again in case a similar regime occurs again. This comes in handy especially
when there is a drift like an occurrence of weekly, campaign or repetitive seasons.

Module F: Fusion and explanation of scores.

The total score of anomaly is the weighted average of foundation surprise, causal/dependency complexity, rule
violation and compensated uncertainty due to drift. Inter-model disagreement can also be a signal used by an
optional coordination layer and structured explanation trace can be formed. The consequence of the explanation
will consist of the most significant features, the triggered rules and the majority of the responsible relations to
the alert. [4,7].

V. EXPERIMENTAL DESIGN
. Benchmark Construction

The benchmark component will alter the statical or semi-static mixed type of data to controlled rivers. Three
categories of drift will be injected into the protocol abrupt drift (new regime), gradual drift (smooth transition
between concepts) and recurring drift (recovery of a past concept). Some examples of anomalies, which will
vary in accordance with protocol, are; point anomalies, contextual anomalies, local anomalies, semantic
inconsistencies and row-violating rows. [4,8-10].
The candidate benchmark sources must be biased towards the public mixed datasets with metadata/text columns.
The last articles that are indexed in Scopus that can be used as the foundation that allows choosing the datasets
and design protocols are the articles involving tabular anomaly detection, explainable contextual detection,
tabular analysis with the assistance of LLM and evaluation based on streaming data. To ensure the chronology
of train-tests in the benchmarking the potential to avoid leakage and the potential to share the generation code
and the metadata of the drift to facilitate reproducibility. [1-5,8-10].
. Baselines
Baselines will be related to the 4 families, namely classical tabular anomaly detectors, deep/reconstruction-
based detectors, newer mixed-type/tabular detectors and streaming anomaly detectors. At the very least, one
must compare powerful static tabular detectors with new tabular ones such as ATDAD, corruption-based tabular
anomaly detection, PHAD, and TAD-GP as well as common streaming detectors and reconstruction-based
stream adaptations. [1-6, 8, 9].
. Evaluation Metrics
Quality of detection measures: AUPRC, AUROC, working point false alarms and F1.
Quality of adaptation: the duration required to leave the state after a drift, drift boundary delay and repeat
regime stability.
Calibration quality: the quality that is likely to be achieved and the strength at the various prevalence.
Explanation quality: rule-faithfulness and usefulness: accuracy of evidence used, accuracy of evidence used, and
usefulness chosen by an analyst on a subsample.
. Ablation Studies

Eliminate adaptation to drifts to determine the value of online updating.
To identify causal ordering is significant not only in the ordinary features encoding, remove the causal module.
Eliminate the rule engine to impress the benefit of executable explanations.

© 2026, IJCSMC All Rights Reserved, ZAIN Publications, Fridhemsgatan 62, 112 46, Stockholm, Sweden 38



Osama Mohammed Qasim, International Journal of Computer Science and Mobile Computing, Vol.15 Issue.3, March- 2026, pg. 35-40

The measure of recurring-drift recovery is taking out regime memory.
Fields with masks on them bearing text to measure the degree with which semantic context varies in mixed-type
context.

VI1.EXPECTED CONTRIBUTIONS
Mixed Tabular Steam: A new model of anomaly mining of mixed-type tabular streams models drift, causality
and symbolic constraints together.
Experimental protocol to evaluate streaming tabular anomaly detection under different combinations of drift
types and different types of anomaly.
An explanatory evaluation methodology with interpretability and speed of recovery not as second-order
characteristics.
A published empirical investigation on the stages of semantic context, causal structure and regime memory are
most useful.

VIl. TABLE OF RISK ASSESSMENT AND FEASIBILITY
TABLE 2
RISK ASSESSMENT AND FEASIBILITY
Risk Why it matters Mitigation strategy
Use partial orders,
Unstable causal Learned graphs may slldmg L_jpdates, a_nd
. fluctuate when drift is sensitivity analysis
discovery .
strong or data are sparse | rather than assuming one
perfect causal graph.
Design a fallback path
Some datasets may not | that operates on
Weak or missing contain enough metadata, feature
text fields semantics to justify a descriptions, and
text-aware pipeline structured constraints
when text is limited.
Use micro-batching,
. Foundation encoders memory summarization,
High . . P
. and online adaptation and score distillation for
computational A L
may be expensive in efficient deployment,
cost -
long streams following recent tabular
foundation practice.
VIIl.  ETHICAL, PRACTICAL, AND REPRODUCIBILITY CONSIDERATIONS

Interventions may be based on the detection of anomalies and it may influence people or operations and, as
such, it is assumed that the process of explaining and calibration may be good practice in terms of safety within
the proposal. False positive may result in killing an auditor or prejudiced decisions made and obscure detecting
may result in no material item audited. Subgroup behaviour where sensitive attributes arise should also be
recorded by the project and the causes of each alert taken and published code, generation process benchmarking
and utilization of hyperparameters supporting reproducibility.

IX. TABLE OF PROVISIONAL TIMELINE

TABLE 3
PROVISIONAL TIMELINE

Phase Main activities Deliverables

Deep literature review, dataset screening, Detailed related-work matrix and
Months 1-2 . e

benchmark design specification benchmark protocol

Prototype encoder, drift detector, and data- Working baseline implementation and
Months 3-4 : L Lo

generation pipeline first internal results
Months 5-6 Causal module, rule engine, and memory Integrated DriftTAB prototype

mechanism

Full experiments, ablations, error analysis, Evaluation tables, figures, and
Months 7-8 . .

and explanation study robustness analysis
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X. CONCLUSION
DriftTAB is a prospective research direction of new data mining because it addresses an under-integrated, but
realistic problem: how to detect anomalies of mixed-type stream of tabular data under concept drift. The
proposal relies on the recent advancement in the area of tabular anomaly detection, interpretability, drift
benchmarking, and streaming evaluation, yet, the key contribution of the proposal is to tie those contributions
into one consistent research agenda. In case it is successful, the project will offer a means, as well as a
benchmark, both of which will contribute value to its publication, its relevance to other future researchers.
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