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ABSTRACT This study proposes an interpretable deep learning framework for adaptive recognition of
audit voucher anomalies based on the TabNet architecture. The framework addresses the dual challenges
of decision transparency and environmental adaptability in intelligent auditing systems. Structured audit
voucher data are processed through sequential attention layers to generate traceable feature importance
masks and contribution paths. A sliding timewindow mechanism is introduced to accumulate historical
feature importance distributions, while a dynamic threshold calibration strategy based on statistical
characteristics enables adaptive anomaly boundary adjustment under concept drift conditions. The
proposed framework integrates feature selection, temporal distribution analysis, and anomaly scoring to
achieve transparent and adaptive anomaly recognition. Experimental results demonstrate that the detection
accuracy reaches 92.3% for amount logic conflicts and 93.1% for supplier-related anomalies, while all
anomaly categories achieve F1-scores above 87%. In addition, the verification time for supplier anomalies
is reduced from 19.6 min to 8.4 min, resulting in a 57.1% improvement in audit verification efficiency. The
average importance of transaction amount features reaches 0.883 in financial audit scenarios, confirming
the model’s ability to adaptively focus on critical business characteristics. The proposed framework
can be integrated with wireless data acquisition infrastructures, intelligent financial information systems,
and edge-computing-enabled audit platforms to support realtime anomaly monitoring and interpretable
decision-making in large-scale financial auditing environments.

INDEX TERMS audit voucher anomaly detection, TabNet, interpretable deep learning, intelligent
auditing

I. INTRODUCTION

AS the cornerstone of economic activity supervision,
financial auditing focuses on verifying the authenticity

and compliance of financial reports. In sectors like manufac-
turing, this rigorous verification is critical to accurately as-
sess fluctuating inventory valuations and substantial capital
investments in specialized production machinery. As legal
evidence of transaction records, the identification of anoma-
lies in audit vouchers is directly related to the reliability of
financial data [1-3]. The traditional manual sampling method
is difficult to cope with massive voucher data due to its
low efficiency [4], while the introduction of deep learning
technology has improved the level of automation, the lack
of traceability in the decision-making process due to the
"black box" characteristics of the model seriously restricts
the acceptance of auditors [5,6]. The adequacy and appropri-
ateness of audit evidence require that the decision-making
basis must be transparent and verifiable, which makes the
development of intelligent recognition systems that combine
high precision and interpretability an urgent need in the

industry [7,8]. In recent years, the lack of interpretability
of deep learning models in structured data scenarios has
become a key bottleneck hindering their implementation in
the auditing field [9,10], such as the frequent occurrence
of compliance risk cases caused by model misjudgments
in financial industry applications. Thus, in addition to in-
creasing audit efficiency, investigating anomaly recognition
techniques that can adjust to changes in the environment
and offer clear decision-making pathways can also bolster
the reliability of financial data and offer technical assistance
for the stability of the capital market.

The process of identifying abnormal audit vouchers is
complicated by a number of technical issues, such as the
inherent opaqueness of deep learning models, which makes
it impossible for auditors to ascertain the reasons behind
a model’s determination that a particular voucher is "ab-
normal" [11,12]. The integrity of the audit evidence chain
is compromised when an auditor is unable to establish the
basis for identifying abnormal vouchers. Temporal dynamics
in audit data have a significant impact on the development
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of business models as well as the emergence and updating of
fraudulent techniques. This phenomenon is known as "con-
cept drift" and can quickly make any static model obsolete
[13,14]. Additionally, the structure of the voucher data is
highly multidimensional and heterogeneous in nature; for
example, it is comprised of mixed feature values, cate-
gorical values, and time-series values. Creating meaningful
associations among these attributes using typical feature
engineering methods is difficult [15,16]. There is consid-
erable uncertainty regarding how an "anomaly" should be
defined in different domains, and no universally accepted
quantitative standard exists for defining an "anomaly". This
combination results in significant inconsistencies in the
quality of the labels created for use in model training.
Moreover, the consistent mismatch between model outputs,
particularly when compared to expert opinion, presents a
significant barrier to the advancement and adoption of audit
intelligence. Lastly, the presence of data distribution bias
in financial time-series datasets, particularly with respect to
the generalizability of a model built on those data, is likely
to substantially impact the overall accuracy of the findings
generated by the model.

The problem of explainable artificial intelligence is be-
ing explored in the research community by developing
techniques that provide insight into the algorithmic de-
cisions made by AI systems. SHAP (Shapley Additive
Explanations) provides insights into contributions made
by features but increases exponentially as the number of
features increase, therefore failing to accommodate real-
time audit requirements [17,18]. Additionally, LIME (Local
Interpretable Model-Agnostic Explanations) creates local
explanations that are not globally consistent and do not
comprehensively represent the decision logic of the model
[19,20]. Some research have proposed dynamic data pro-
cessing approaches based on sliding window methodologies;
however, most of these methodologies apply only to tradi-
tional time-series models, provide limited accuracy, and lack
integrated interpretability modules. While models developed
by ensemble learning frameworks enhance robustness, they
further obfuscate decision pathways as decision pathways
are created from the interaction of multiple models [21,22].
Collectively, these methods do not effectively provide a
balance between the predictive capability of deep learning
models and the transparency needed for auditing decisions,
specifically the inability for the interpretation module to
adjust automatically to changes in data distribution, resulting
in limited utility in real-world auditing settings.

To resolve the challenges of non-transparent audit
decision-making and the inability of deep-learning-based
anomaly recognition to properly adjust to changing environ-
ments, this study proposes a novel framework. This dynamic
calibration mechanism is specifically designed to adjust
the valuation of features, allowing the model to adaptively
respond to shifting financial landscapes. The framework is
built upon the TabNet model, which processes credential
information, employs a sequential attention mechanism to

produce traceable feature contribution sequences, and offers
a combinatorial timeseries statistical approach to identifying
anomalies while permitting real-time adjustments to the
boundaries of the anomaly detection process based on the
data of the environment being analyzed. The dynamic cali-
bration mechanism retains the explicit nature of the process
by which features are selected; however, it allows models
to dynamically optimize their ability to identify anomaly
detection points based upon the provision of new samples
from the data of the audits being completed, thus creating
a methodology for the adaptation of audit practices that
provides decision transparency as well as an adaptive ability
to respond to shifts in the data of the audit environment.

II. ADAPTIVE INTERPRETABLE ANOMALY
RECOGNITION FRAMEWORK BASED ON TABNET
A. TABNET FEATURE SELECTION MECHANISM FOR
AUDIT VOUCHERS
Audit voucher data presents high-dimensional structured
characteristics, including heterogeneous features such as
numerical transaction amounts, timestamps and categorical
business types, voucher sources, etc. The TabNet model
uses sequential attention mechanism to parse such mixed
feature structures, achieving explicitization of the feature
selection process [23,24]. The input layer of the model
receives the preprocessed voucher feature vector x∈Rd,
where d represents the feature dimension, and the batch
normalization layer eliminates dimensional differences. Cat-
egory features are transformed into continuous vector rep-
resentations through embedding layers and participate in
subsequent calculations in a unified dimensional space with
numerical features. Figure 1 shows the complete architecture
process of feature selection for audit vouchers.

As shown in Figure 1, this architecture processes hetero-
geneous data through a dual branch path. Numerical features
are batch-normalized, and categorical features are embedded
and converted before being jointly input into a sequential
attention iteration mechanism. The model coordinates the
mask generator and feature converter in each iteration, with
the former generating sparse feature masks and the latter
performing nonlinear transformations. The outputs of the
two are fused and updated with GLU (Gated Linear Unit)
to update the hidden state. The iterative process continues
until the preset maximum number of steps, ultimately ac-
cumulating feature importance and outputting a traceable
decision path.

The sequential attention mechanism separates key fea-
tures through Nsteps iterative decision-making process, gen-
erating a sparse feature mask M [t] for each iteration t.

M [t] = Sparsemax
(
WT

mh[t] + bm
)

(1)

The Sparsemax function generates differentiable sparse
output, where Wm ∈ Rh×d and bm ∈ Rd are learnable
parameters of the mask generator, h[t] ∈ Rh is the hidden
state at step t, and h represents the dimension of the hidden
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FIGURE 1. Audit Voucher Feature Selection Architecture

layer. This mask dynamically weights key audit features
such as abnormal amount patterns or non working time
transactions.

The feature transformation module performs nonlinear
transformation on the selected features of the mask [25-26],
and outputs a decision representation a[t]:

a[t] = GLU(BN([x⊙M [t], d[t− 1]]Wa + ba)) (2)

⊙ represents element level multiplication, BN represents
batch normalization operation, [·,·] represents vector con-
catenation, d[t−1] represents the decision representation of
the previous step, Wa ∈ R2d×a and ba ∈ Ra are transforma-
tion layer parameters, and a is the output dimension. The
model iteratively accumulates feature importance weights
to form a traceable decision path. The feature importance
in step t is proportional to the mask value, and the final
importance weight is the sum of contributions from all steps:

t=1

Nsteps

Ifinal =
∑

M [t]⊙∣a[t]∣ (3)

A parameter exists that adjusts the sparsity of the mask.
This parameter provides a variable input based on the
various complexities of an audit scenario, selecting the ratios
of the features for each iteration. The feature importance
sequence Ifinal feeds into the dynamic calibration module,
enabling transparent decision-making. The model architec-
ture preserves feature contributions, ensures audit evidence
chain integrity, and maintains deep learning’s capacity to
capture high-dimensional feature interactions. The feature
selection process assigns weights according to data dis-
tribution patterns, eliminating reliance on pre-determined
guidelines for anomaly identification.

B. DYNAMIC ACCUMULATION AND DRIFT
QUANTIFICATION OF FEATURE IMPORTANCE
Audit voucher data has significant time series characteris-
tics, and the voucher generation process follows specific
business cycle rules. A fixed sliding time window captures
temporal dynamics in feature importance from TabNet out-
put. The window size is determined based on the audit
business cycle, reflecting the time span of a typical voucher
processing cycle. Continuously accumulate the distribution

of feature importance within the window and establish a sta-
tistical model of feature contribution in the time dimension.

The optimal window size w* is determined by analyz-
ing the autocorrelation function of the feature importance
sequence. The window size is set to the smallest time
lag where the autocorrelation coefficient drops below 0.2,
ensuring the window captures meaningful temporal patterns
while maintaining sensitivity to concept drift. This approach
is theoretically grounded in time series analysis, where the
window size must balance the trade-off between capturing
sufficient historical information and responding to changes
in the data distribution. The optimal window size w* satis-
fies:

w∗ = min{k : |r(k)| < 0.2}, where r(k) represents
the autocorrelation coefficient at lag k for the feature im-
portance sequence. This mathematical formulation provides
a rigorous basis for determining the sliding window size,
ensuring it aligns with the characteristic time scale of audit
business cycles while maintaining responsiveness to concept
drift events. The sliding time window mechanism divides the
feature importance sequence into continuously overlapping
subsequences, each containing w feature importance weights
for consecutive time points [27-28]. µj(t) is calculated
recursively:

µj(t) = µj(t− 1) +
Ij(t)− Ij(t− w)

w
(4)

µj(t) represents the average feature importance of the jth
feature at time t, Ij(t) represents the feature importance
weight value of the jth feature at the current time t,
Ij(t − w) represents the feature importance weight value
at the forefront of the window at time t − w, and w is
the sliding window size. This recursive formula effectively
reduces computational complexity and avoids recalculating
the mean of the entire window every time.

The cumulative importance standard deviation σj(t) of
the jth feature in the sliding window at time t is also
calculated recursively:

σj(t) =

(
w − 1

w
× σ

2
j (t − 1)

+

(
Ij(t) − µj(t − 1)

)
×
(
Ij(t) − µj(t − w)

)
−
(
Ij(t − w) − µj(t − 1 − w)

)
×
(
Ij(t − w) − µj(t − w)

)
w

)1/2

(5)
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σj(t) represents the standard deviation of the feature
importance of the jth feature at time t, while µj(t) and
µj(t − 1) represent the mean feature importance at the
current and previous time, respectively. This recursive for-
mula maintains computational efficiency while accurately
reflecting the degree of dispersion of feature importance
distribution. Figure 2 presents the importance distribution
of 10 audit voucher features within 30 time windows.

The supplier code features has increased from 0.57 to
0.83 across the 20-30 window from Figure 2. This reflects
the business cycle characteristics at the end of the month.
The fluctuating characteristics associated with transaction
amounts for a company correspond with windows five, 15
and 25 and indicates company fund flow timing activities as
they are related to transaction amounts. The characteristics
associated with the voucher origins changed as a company’s
use of new business channels evolved from 0.23 to 0.42.
Supplier codes were rated 0.12 higher than the previously
documented level of importance and transaction amounts
were documented with a 0.03 decline, thus indicating that
conceptual drift occurred in windows 12 and 20. The
temporal distribution shown above can also be utilised as
a statistical base to enable the formation of a method-
ology that enables the continual adjustment of both the
dynamic threshold calibrations and the anomaly definition
limits according to the latest distributions of data; in short,
allowing the auditors to fully capture dynamic changes in
feature contributions related to an audit voucher anomaly
recognition process.

The statistical measures described previously are used to
quantify the temporal variation of feature importance for use
as a statistical foundation for identifying anomalies. Average
feature importance is an indicator of how much, on average,
each feature contributes during a given "window" of time,
while the standard deviation of feature importance is an
indicator of how much variability exists in the contribution
over time. Changes in the mean and standard deviation of
feature importance indicate significant shifts in the distribu-
tion of feature importance, which can indicate a drift in the
data distribution. Through a sliding window approach, the
statistics produced are solely based on the most recent w
data points, where w represents the window size.

C. DYNAMIC THRESHOLD CALIBRATION ALGORITHM
BASED ON STATISTICS
The threshold algorithm establishes dual anomaly bound-
aries using statistical characteristics from the sliding win-
dow. The statistical characteristics for the dynamic threshold
calibration algorithm consist of the mean and standard
deviation of the feature importance distribution of the sliding
window data. The framework implements symmetric thresh-
olds to capture significant deviations across the entire dis-
tribution spectrum. The upper threshold identifies features
with unexpectedly elevated importance weights while the
lower threshold detects features with abnormally diminished
importance weights.

θupperi (t) = µi(t) + α · σi(t),

θlower
i (t) = µi(t)− α · σi(t)

(6)

θupperi (t) and θlower
i (t) represent the upper and lower

dynamic anomaly detection thresholds of the i-th feature
at time t, µi(t) is the mean feature importance of the
i-th feature at time t, σi(t) is the standard deviation of
feature importance of the i-th feature at time t, and α is the
threshold offset coefficient. The threshold shift coefficient
α is determined by an optimization problem that minimizes
the total error rate, which simultaneously considers the
false positive rate and false negative rate constraints under
concept drift conditions. Based on Gaussian mixture model
analysis of feature importance distribution, α = 2.0 ensures
that the false alarm rate is less than 5% and remains sensitive
to concept drift. This value satisfies the optimization condi-
tion of ∂(FP+FN)/∂α = 0, where FP and FN represent the
false positive and false negative probabilities respectively.

The anomaly determination process quantifies bidirec-
tional deviations from expected importance ranges through
two difference metrics that measure upper and lower thresh-
old violations. The upper deviation metric captures features
exceeding the upper threshold while the lower deviation
metric identifies features falling below the lower threshold:

δupperi (t) = wi(t)− θupperi (t),

δlower
i (t) = θlower

i (t)− wi(t)
(7)

δupperi (t) and δlower
i (t) represent the upper and lower

anomaly detection differences of the i-th feature at time
t, wi(t) is the feature importance weight value of the i-th
feature at time t, and θupperi (t) and θlower

i (t) are the upper
and lower dynamic anomaly detection thresholds respec-
tively. Positive values in either difference metric indicate
significant deviation from expected importance ranges.

The threshold calibration algorithm uses a recursive ap-
proach to maintain computational efficiency, updating the
statistical measures within the sliding window each time
a new data point arrives [29,30]. Figure 3 shows the re-
sponse characteristics of the dynamic threshold calibration
algorithm in concept drift events.

As shown in Figure 3, time points (1-11) illustrate stable
period 1 within a fluctuation range of feature importance
weights (0.43-0.51). The fluctuating dynamic threshold is
in the range of (0.59-0.62) and is always less than the
corresponding weights. At time point 12, it is possible
to identify a concept drift (a change in the way data is
generated; this event marks the occurrence of an anomaly),
and feature importance weight increases while still being
less than the dynamic threshold until time point 19. At time
point 20, a second concept drift can be signified by the fact
that the feature importance weight (0.64) has exceeded the
dynamic threshold (0.61). This event activates the dynamic
threshold adjustment mechanism. Following this concept
drift event, feature importance weight continues to remain
above the dynamic threshold from time points (21-28),
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FIGURE 2. Time series distribution of feature importance

FIGURE 3. Dynamic Threshold Response Curve

signalling that a structural change occurred in the feature
distribution during the time period of the concept drift. The
lag between the time of change in feature importance and
the time at which the dynamic threshold is adjusted reflects
the fact that feature importance weights are cumulative in
nature, confirming that the anomaly judgement boundary
can be adjusted dynamically based on the mean/standard
deviation.

The calibration process adjusts boundaries after concept
drifts through statistical parameter recalculation [31,32]. The
threshold for anomaly identification is thereby based on
the mean and standard deviation of the changes in feature
importance. As the feature distribution changes through
time, thresholds can adjust automatically. The threshold
calibration process allows for the flexibility of anomaly
recognition to adapt to the changing environment without
the use of predefined rules; it adjusts the threshold values
based on the real-time characteristics of the credential data
distribution. In this way, the threshold calibration main-
tains a constant, consistent logic in anomaly determination
throughout the lifetime of the credential data.

D. ABNORMAL RECOGNITION OUTPUT MECHANISM
WITH DECISION TRANSPARENCY
The real-time comparison process between the feature im-
portance weight sequence and the dynamic threshold con-
stitutes the final decision-making stage of anomaly recog-
nition. The current feature importance weight is compared
with the dynamic threshold calculated from the sliding time
window on a feature by feature basis to form a feature
level anomaly judgment difference. The feature importance
weight sequence is cumulatively analyzed to obtain the
contribution of each feature to the current voucher anomaly
determination, and the dynamic threshold reflects the nor-
mal contribution range of specific features in recent audit
business.

The difference in anomaly determination quantifies bidi-
rectional deviations between the current feature contribution
and the expected importance range defined by upper and
lower thresholds [33,34]:

Dupper
i (t) = w′

i(t)− θupperi (t),

Dlower
i (t) = θlower

i (t)− w′
i(t)

(8)

Dupper
i (t) and Dlower

i (t) represent the upper and lower
anomaly detection differences of the i-th feature at time t,
w′

i(t) represents the feature importance weight value of the
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i-th feature at time t, and θupperi (t) and θlower
i (t) represent

the upper and lower dynamic anomaly detection thresholds
of the i-th feature at time t. The overall degree of abnormal-
ity of the quantified voucher with abnormal comprehensive
score incorporates both elevated and diminished importance
anomalies:

S(t) =

n∑
i=1

βi ·max
(
Dupper

i (t), Dlower
i (t), 0

)
(9)

S(t) represents the overall abnormal score of the voucher
at time t, n represents the total number of features, and βi

is the feature weight adjustment coefficient, reflecting the
differences in domain importance of different features in
audit anomaly determination. The max function selects the
larger of the two directional deviations or zero, ensuring
only actual threshold violations contribute to the anomaly
score. The anomaly tagging function produces binary results
based on the comprehensive anomaly score:

M(t) =

{
1, if S(t) > θ,

0, otherwise
(10)

When the time index is equal to t, the value of the
anomaly indicator M(t) is equal to 1, the value of the
normal indicator is equal to 0, and the judgment threshold
of the anomaly indicator is represented by θ. Along with the
generation of the anomaly indicators, the system also pro-
duces feature contribution paths which consist of sequences
of feature importance weights, the amount of variation
between the determined anomalies, and the percentage of
contribution that each feature has on the overall anomaly
score, generating a basis for traceability for decision making
processes.

Feature contribution paths preserve the original feature
names associated with their weighted scores to create ac-
countability in the decision making process through trans-
parent verifiable information. The system provides real-time
generation of anomaly indicators and generates a compre-
hensive decision path based upon the comparison of feature
importance weight score values as well as dynamic thresh-
olds for that specific time period. It provides the ability for
auditors to trace back to the original indicator data and to
review the basis for the anomaly decision at the feature level.
The feature contribution path data is saved in a standardized
format and includes key information, including timestamps,
feature name, importance weight value, dynamic threshold,
and the difference in judgment for the anomaly, to support
the chain of evidence in audits. Figure 4 shows the complete
process of the anomaly recognition output mechanism.

As shown in Figure 4, it consists of two main branches:
the anomaly detection branch and the feature contribution
path generation branch. The anomaly determination branch
receives the current feature importance weight and dynamic
threshold as inputs, and generates anomaly markers through
comparison; The feature contribution path generation branch

integrates the original feature name, feature importance
weight sequence, anomaly judgment difference, and the
contribution ratio of each feature to the overall anomaly
score to form a structured output. The two branches are
connected through a decision path tracking module to ensure
synchronous generation of anomaly markers and feature
contribution explanations.

III. EXPERIMENTAL SETUP
A. AUDIT VOUCHER DATASET AND ANOMALY
ANNOTATION
Based on the Electronic Data Gathering, Analysis, and Re-
trieval System (EDGAR) of the US Securities and Exchange
Commission, public financial report data covers three major
industry sectors: manufacturing, finance, and retail. Table 1
presents the core parameters of the dataset.

TABLE 1. Dataset Parameters

Parameter Numerical values Illustrate

Industry distribution Manufacturing 35%,
Finance 40%, Retail 25%

Classified by standard
industry classification
codes

Sample size 350,000 voucher records Valid samples after
cleaning

Feature Dimension 47 Numerical type 23,
Categorical type 21, Time
series features 3

Data partitioning Training set, validation
set, test set

7:1:2

As shown in Table 1, the industry distribution is divided
according to the standard industry classification code, with
manufacturing accounting for 35%, finance accounting for
40%, and retail accounting for 25%. The sample size of
350000 voucher records is valid data after cleaning. There
are a total of 47 feature dimensions, among which 23 numer-
ical features include financial indicators such as transaction
amounts, 21 categorical features cover attributes such as
business types, and 3 temporal features are used to capture
business cyclicality. The dataset is divided into training set,
validation set, and testing set in a ratio of 7:1:2 to ensure
the preservation of time series characteristics.

B. MODEL PARAMETERS AND COMPARATIVE
EXPERIMENTAL CONFIGURATION
The size of the sliding time window is 15 time units. The
cyclical nature of audit voucher generation is well captured
by the window length. The batch size is set to 128, the
mask sparsity adjustment parameter is fixed at 0.3, and
the TabNet feature selection iteration is set to five times.
The optimizer employs the Adam algorithm, and the cosine
annealing strategy attenuates the learning rate from 0.001
to 0.0001 [35,36]. To satisfy the demands of categorical
feature representation, the feature embedding dimension is
consistently set to 8. The dynamic threshold calibration
algorithm uses a threshold offset coefficient of 2.0.
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FIGURE 4. Abnormal recognition output and feature contribution path generation

IV. RESULT ANALYSIS
A. COMPARISON OF ANOMALY RECOGNITION
PERFORMANCE
The primary challenge in audit voucher anomaly recognition
is striking a balance between decision transparency and
deep learning model detection accuracy. The performance
of the TabNet adaptive recognition framework for five high-
frequency audit voucher anomalies—amount logic conflicts,
time logic anomalies, business type anomalies, supplier
anomalies, and transaction frequency anomalies—is me-
thodically assessed in this study. The main manifestation of
abnormal amount logic conflicts is financial logic contradic-
tions such as imbalanced borrowing and lending. Time logic
anomalies reflect the mismatch between voucher timestamps
and business cycles. Business type anomalies reflect the
deviation between transaction nature and enterprise business
scope. Supplier anomalies involve abnormal associations
between supplier qualifications and transaction behavior.
Transaction frequency anomalies refer to fluctuation patterns
where transaction frequency exceeds the normal business
scope. Accuracy measures the overall correct recognition
ability of the model, recall reflects the ability to capture
abnormal samples, and accuracy characterizes the reliability
of recognition results. The F1 score serves as a harmonic
average comprehensive evaluation model for accuracy and
recall, and these indicators together constitute a multidimen-
sional anomaly detection capability evaluation system. Table
2 presents the quantitative evaluation results of five types of
anomaly detection.

TABLE 2. Multi-dimensional evaluation of TabNet model anomaly detection
performance

Type Accuracy (%) Recall rate
(%)

Precision rate
(%)

F1 score (%)

Amount logic conflict 92.3 88.7 90.5 89.6
Time logic anomaly 85.6 91.2 87.2 89.2
Business type anomaly 89.8 86.5 88.3 87.4
Supplier anomaly 93.1 87.4 91.8 89.5
Abnormal transaction frequency 87.5 90.1 86.7 88.4

As shown in Table 2, the accuracy of detecting logical
conflict anomalies in amounts reached 92.3%, with a recall
rate of 88.7%, indicating that the model can effectively
identify financial logic conflict anomalies, which is consis-
tent with the core position of numerical features in audit
vouchers. The accuracy rate of supplier anomaly detection

is as high as 93.1%, with an accuracy rate of 91.8%. This
verifies the temporal variation characteristics of the impor-
tance of supplier coding features, indicating that the model
is highly sensitive to supplier related anomalies. For time
logical anomalies, the recall is at a high of 91.2%, which
indicates that the model can identify time-related anomalies.
Additionally, the business-type anomaly detection accuracy
is at 89.8%, which is indicative of the complexity of categor-
ical variables as well as the large variances in business-type
audit scenarios. The F1 scores across all anomaly categories
exceeded 87%, which indicates the balance between recall
and precision has been successfully established from the
use of the sliding time window-calibrated dynamic feature
importance approach, based on which it can be concluded
that the anomaly detection results as accurate and reliable.

B. CONSISTENCY ANALYSIS BETWEEN
INTERPRETABLE OUTPUT AND AUDIT EVIDENCE
CHAIN
To meet the qualifications of professional verification, the
decision-making process behind the identification of audit
voucher anomalies must be transparent. In this section,
this study compares the feature contributions generated
by interpretable deep learning models with those derived
from twelve certified public accountants having fifteen years
average professional experience, six from international ac-
counting firms, who conducted independent feature impor-
tance assessments following ISA(International Standards on
Auditing) guidelines through a three-round Delphi process
with geometric mean calculation determining final expert
weights. The objective is to determine if there is consis-
tency between the algorithmic decision-making process and
current industry standards. The research focuses on three
forms of high frequency anomalies: anomalies associated
with logic conflicts due to amounts that violate fundamental
accounting principles (e.g. loan balance), supplier anomalies
due to discrepancies between the supplier’s qualifications
and the supplier’s actions, and time logic anomalies due
to differences between the timing of business operations
and the timing of financial transactions. Feature importance
weights quantify each variable’s contribution to anomaly
detection. A value close to 1.0 suggests that the feature
dominates in decision-making. Figure 5 shows the compara-
tive analysis results of model calculation weights and expert
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evaluation weights in three typical abnormal scenarios,
and the feature contribution path consistency verification
framework.

Figure 5 (A) shows that the transaction amount in the
amount logic conflict anomaly is highly consistent with
the weight of the loan balance feature (all coefficients
are>0.8), confirming the core position of accounting identity
in audit judgment; The weight of the voucher type feature
model (0.55) is slightly higher than that of expert evaluation
(0.51), reflecting the sensitivity of the algorithm to formal
compliance. Figure 5 (B) shows the difference in the weight
of supplier codes in supplier anomaly recognition (model
0.87, expert 0.83), while the expert weight of association
relationship features (0.58) is higher than that of the model
(0.52), indicating that manual judgment focuses more on
business substance rather than surface identification. Figure
5 (C) reveals that the trading time weights in time logic
anomalies are highly consistent (model 0.83, expert 0.86),
and the seasonal factor expert evaluation (0.65) exceeds
the model calculation (0.62), reflecting the compensation
mechanism of professional experience for cyclical fluctua-
tions. The correlation coefficients of core feature weights
(transaction amount, supplier code, transaction time) in the
three types of anomalies all exceed 0.8, confirming the sys-
tematic consistency between the decision path generated by
TabNet and the audit professional logic, providing empirical
basis for the reliable deployment of the algorithm in audit
practice.

C. EVALUATION OF THE EFFECTIVENESS OF
ADAPTIVE MECHANISMS IN MITIGATING CONCEPT
DRIFT
System adaptability depends on the threshold mechanism’s
response to concept drift during anomaly identification. The
impact mechanism of window parameters on the adaptability
of anomaly detection boundaries is revealed in this sec-
tion by methodically examining the changes in threshold
adjustment lag time, threshold convergence time, and error
after stabilization under various sliding window sizes. The
system’s response time to modify the judgment boundary
following the concept drift event is reflected in the threshold
adjustment lag time. The time needed for the threshold
to stabilize is represented by the threshold convergence
time, and the error following stabilization measures how
much the final threshold deviates from the ideal value.
These three indicators together constitute the core dimen-
sion for evaluating the timeliness of the dynamic threshold
calibration mechanism, where the difference between the
lag time and the convergence time directly determines the
system’s adaptation speed to environmental changes, and
the error after stabilization affects the accuracy of anomaly
identification. The theoretical minimum error is achieved
when w=15, which is consistent with the 15 time unit
characteristic business cycle length derived from the feature
importance sequence autocorrelation analysis. The observed
error curve follows the theoretically predicted quadratic

relationship for window size, confirming the mathematical
validity of the sliding window approach.

Figure 6 (a) shows that the threshold adjustment lag time
increases with the increase of the window, with an average
of 2.99 time points for 10 windows, 4.95 time points for 15
windows, 6.86 time points for 20 windows, 8.97 time points
for 25 windows, and 11.42 time points for 30 windows. This
nonlinear growth is due to the concept drift response delay
caused by the cumulative characteristics of sliding window
statistics. The convergence time of the threshold in Figure
6 (b) shows a similar trend, with an average of 7.01 time
points for 10 windows, 10.4 time points for 15 windows,
13.87 time points for 20 windows, 16.01 time points for 25
windows, and 19.56 time points for 30 windows, consistent
with the time relationship of concept drift events. Figure
6 (c) reveals that the error is minimized at 15 windows
after stabilization, with an average of 0.055, 0.163 at 10
windows, 0.075 at 20 windows, 0.095 at 25 windows,
and 0.125 at 30 windows. The calibration mechanism of
threshold offset coefficient dynamically adjusts the anomaly
judgment boundary, enabling the system to respond to
environmental changes in a timely manner after concept
drift, while maintaining the continuity and consistency of
anomaly recognition, reflecting the adaptability of dynamic
threshold calibration algorithm in audit voucher anomaly
recognition.

D. THE ROLE OF MODEL INTERPRETABILITY IN
IMPROVING AUDIT DECISION-MAKING EFFICIENCY
One important metric for assessing the usefulness of in-
telligent audit systems is audit verification efficiency. This
section quantitatively examines how the feature importance
output mechanism optimizes the manual review process of
abnormal vouchers and focuses on the substantive impact
of model interpretability on auditor verification. The work-
load of auditors in examining system tagging anomalies is
directly reflected in the verification time, a fundamental
efficiency indicator; The degree of process optimization
brought about by interpretable output is quantified by the
efficiency improvement rate of verification; the accuracy of
the verification guarantees that the efficiency improvement
does not come at the expense of compromising the reliability
of the results. To evaluate these indicators for the system,
the processing time of five typical anomalies by auditors
during the actual verification process was recorded, and the
results are shown in Table 3.

As shown in Table 3, the validation method using feature
importance output resulted in a decrease in the average
validation time for various types of anomalies. The val-
idation time for supplier anomalies decreased from 19.6
minutes to 8.4 minutes, with an efficiency improvement rate
of 57.1%. The reduction in verification time for abnormal
business types is 49.4%. The complexity of categorical
features involved in such anomalies and the variability
of business types in audit scenarios still require a lot of
manual judgment in the verification process. The validation
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FIGURE 5. Verification of Consistency between Feature Contribution Paths and Audit Standards under Three Typical Audit Anomaly
Modes. Figure 5 (A) Abnormal amount logic conflict; Figure 5 (B) Supplier Exception; Figure 5 (C) Time logic exception

FIGURE 6. Influence of Sliding Window Size on the Timeliness of Dynamic Threshold Response. Figure 6 (a) Threshold adjustment
lag time; Figure 6 (b) Threshold convergence time; Figure 6 (c) Error after stabilization

TABLE 3. Comparative Analysis of Audit Verification Efficiency

Type Average time taken by traditional
verification methods (min)

The average time taken by the
verification method in this article

(min)

Verification efficiency
improvement rate (%)

Verification accuracy
(%)

Amount logic conflict 18.7 9.2 50.8 96.5
Time logic anomaly 22.4 10.5 53.1 94.8
Business type anomaly 25.3 12.8 49.4 93.2
Supplier anomaly 19.6 8.4 57.1 95.7
Abnormal transaction frequency 21.8 11.2 48.6 94.1

accuracy of all types of anomalies remains above 93%, and
the interpretability output mechanism improves efficiency
without reducing the reliability of the results. The decision
path, generated by comparing feature importance weights
with dynamic thresholds, helps auditors quickly identify
anomaly causes, eliminating the need for comprehensive
feature reviews in traditional methods. The improvement
rate of verification efficiency is related to the consistency of
feature contribution paths, with significant supplier anoma-
lies (57.1%) and temporal logic anomalies (53.1%). The
consistency between the decision path generated by the al-
gorithm and the audit professional logic directly determines
the verification efficiency. The feature importance weight
sequence, anomaly judgment difference, and contribution
ratio of each feature to the overall anomaly score output by
the model provide traceable technical support for the audit
evidence chain, effectively reducing manual verification
time.

E. GENERALIZATION ABILITY OF THE FRAMEWORK IN
MULTI-INDUSTRY AUDIT SCENARIOS
The audit voucher anomaly recognition system needs to
adapt to the business characteristics of different industry
scenarios. This section explores the adaptive mechanism
of the model to industry characteristics by comparing the
importance distribution characteristics of key audit features
in the three major fields of manufacturing, finance, and
retail. The supply chain structure in the manufacturing
industry is complex, and supplier coding features play a
central role in voucher verification; The financial indus-
try has strict requirements for the accuracy of transaction
amounts; The retail industry is significantly affected by the
sales cycle. Figure 7 presents the fluctuation characteristics
of the importance of each feature in different industries,
showing a comparison of the importance distribution of
five key audit features: transaction amount, transaction time,
supplier code, voucher type, and business type in three major
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industry scenarios.

FIGURE 7. Comparison of Importance Distribution of Key Features in Audit
Scenarios of Different Industries. Figure 7 (a) Manufacturing Industry; Figure 7

(b) Financial Industry; Figure 7 (c) Retail Industry

In Figure 7 (a), the average importance of supplier coding
features in the manufacturing industry scenario is 0.843,
which is higher than other features. The distribution pattern
is narrow and concentrated, indicating the stable dependence
of the industry on supplier qualification verification. Figure
7 (b) shows that in the financial industry, the average im-
portance of transaction amount features is highest at 0.883,
with a wide distribution range, reflecting the high sensitivity
of the financial industry to abnormal amounts but with
significant fluctuations. Figure 7 (c) shows that the average
importance of transaction time features in the retail industry
scenario is 0.862, with a compact distribution, reflecting
the decisive impact of sales cycles on retail business and
verifying the high recall rate of time logic anomalies. The
differences in the distribution of characteristic importance
among different industries map the essential characteristics
of the business. The complexity of the manufacturing supply
chain results in the highest average importance of supplier
coding characteristics, while the liquidity requirements of
the financial industry lead to a significant difference in the
average importance of transaction amount characteristics
compared to other types of characteristics. The cyclical
nature of retail business results in the highest average impor-
tance of transaction time features, indicating that the model
dynamically adjusts the focus of feature attention based on
audit scenarios, maintaining environmental adaptability and
professional reliability for anomaly recognition.

V. CONCLUSION
This article introduces a TabNet adaptive recognition frame-
work based on dynamic calibration of sliding time window
feature importance, aiming to address the dual challenges
of environmental adaptability and decision transparency
in anomaly identification. According to the experimental
results, supplier anomalies can be detected with 93.1%
accuracy and logical conflicts in amounts can be detected
with 92.3% accuracy. The verification process now takes
8.4 minutes instead of 19.6 minutes. The manufacturing
sector has an average importance of 0.843 for supplier code
features, the financial sector has an average importance of
0.883 for transaction amount features, and the retail sector
has an average importance of 0.862 for transaction time
features. The consistency between the feature contribution

path and audit standards is confirmed by the correlation
coefficient exceeding 0.8 between the feature importance
weight and the audit expert evaluation weight on core
features. In order to adapt to shifts in the audit business
cycle, this framework automatically modifies the focus of
feature attention in various industry scenarios.
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