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Abstract 
Banking journal entry testing needs to provide auditors the ability to evaluate large sets of transactions and assess which transactions should 
receive the most focused attention. The purpose of this paper was to determine if a journal-entry risk-ranking model (AARR-XGBoost), based 
on a directional asymmetry-aware representation of entry features, could produce better risk rankings than traditional methods. Thirty 
individual simulated audit environments were created, including 240 companies with varying characteristics, 231,773 reference-year 
documents, and 231,986 target-year documents. The features used to represent account roles, account-pair relationships, creator paths, timing 
patterns, and transaction amounts were all extracted from the historical ledger records of each company. With a limited review budget of 3%, 
AARR-XGBoost captured 24.83% of the scenario-positive documents (95% CI [20.79%, 29.07%]), outperforming conventional XGBoost, 
Isolation Forest, transparent practice-informed rules, and random selection. When feature-set analyses were conducted to identify the specific 
components that contributed to AARR-XGBoost's performance, directional role violation and account-pair surprisal were the largest 
contributors to ranking performance. Additionally, an independent evaluation using a publicly accessible ERP fraud dataset provided 
descriptive evidence of how well AARR-XGBoost performed relative to conventional XGBoost in a different environment. Specifically, AARR-
XGBoost identified 30 of 32 labelled positive documents, while conventional XGBoost identified 24. Collectively, the results demonstrate that 
including directional asymmetry within the representation improved journal-entry risk-ranking performance in controlled simulations when 
audit review capacity was constrained. The results also support the development of a reproducible framework for assessing journal-entry 
analytics and suggest future research using either operational data or de-identified ledger data. 
 
Keywords: audit analytics; journal entry testing; directional asymmetry; controlled simulation; risk ranking; synthetic ledger; XGBoost; audit 
sampling; external evaluation; public ERP data 

 

1. Introduction 

A number of studies and auditing standards support the use of sampling when less than the full transaction population 
is tested. Therefore, prior to undertaking audit sampling, there should be a reasonable and defensible rationale for 
limiting sample size (Public Company Accounting Oversight Board, 2026a, 2026b). The rationale will depend upon 
factors such as the nature of the assertions being tested, the type of substantive procedures to be performed, and the 
level of assessed risk. When performing substantive testing of journal entries, it may be desirable to examine a broad 
population of entries. Entries and other adjustments may be related to the risk of management override, and PCAOB 
guidance emphasizes that both the completeness of the underlying population and examination of entries for evidence 
of possible material misstatement require attention (Public Company Accounting Oversight Board, 2025, 2026b). ISA 
240 (Revised), like PCAOB guidance, also addresses the auditor's response to fraud risk within a financial statement 
audit (International Auditing and Assurance Standards Board, 2025). 
Prior research has identified ways in which auditors can use audit data analytics to help prioritize complete 
populations for further review. However, even with the assistance provided by audit data analytics, the reliability and 
relevance of the underlying data, the completeness of the population, and the continued importance of professional 
judgment remain fundamental concerns (Brown-Liburd et al., 2015; Cao et al., 2015; Earley, 2015; International 
Auditing and Assurance Standards Board Data Analytics Working Group, 2016; Jans et al., 2014; Yoon et al., 2015). 
Previous research has discussed how large-scale analytics can complement audit evidence and support process-level 
analyses, whereas more recent research has examined formalized audit tasks, supervised-learning research designs, 
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and organizational influences on analytics adoption (Almufadda & Almezeini, 2022; Appelbaum et al., 2017; Brown-
Liburd et al., 2015; Cao et al., 2015; Earley, 2015; Gepp et al., 2018; Issa et al., 2016; Jans et al., 2014; Kokina & 
Davenport, 2017; Krahel & Titera, 2015; Krieger et al., 2021; Law & Shen, 2025; Manita et al., 2020; Yoon et al., 2015). 
Across these studies, analytics are treated primarily as tools for helping select items for follow-up and supporting audit 
evidence. 
Because journal entries may contain unusual structural patterns, they provide a logical context for employing 
analytical techniques for screening purposes. Double-entry bookkeeping not only preserves equal monetary values 
within each valid journal document, but recurring business processes also produce conditional directional patterns in 
which specific debit-credit combinations recur, individual journal-document creators follow established posting paths, 
time-based patterns emerge from closing procedures, and document amounts occupy firm-specific distributions. 
Similar arguments have been made in accounting graph topology and general-ledger anomaly detection, where journal 
entries are viewed as having relational and directional structure beyond what can be captured through global rarity 
measures (Gronewald et al., 2024; Guo et al., 2022; Hemati et al., 2022; Huang et al., 2026; Mashiko et al., 2025). 
This study views directional asymmetry as a structural aspect of accounting data, that is, as a symmetry/asymmetry 
characteristic of accounting data. Directional asymmetry is distinct from amount imbalance because each validly 
generated document remains double-entry balanced. It is also distinct from generic anomaly-detection approaches. 
The appropriate reference point is not simply a document's distance from a global center, but whether its ordered 
account roles, creator path, timing, and amount behavior deviate collectively from the directional patterns observed 
during the company's completed period (Chandola et al., 2009; Guo et al., 2022; Hemati et al., 2022; West & 
Bhattacharya, 2016). When directional asymmetry is modeled explicitly, this permits enhanced predictive capability 
in machine-learning models used to rank high-risk journal entries under limited review budgets. 
Comparative evaluations of analytical methods often rely on simulated environments when field data are unavailable 
because of confidentiality restrictions or incomplete outcome labels. To be effective, simulations should have an 
identifiable data-generating mechanism, meaningful overlap between atypical and typical entries, and separation 
between organizational settings used for development and evaluation. This paper assesses AARR in a controlled 
simulation framework combining legitimate atypical entries, operating-family holdout, feature-set analysis, and cross-
mechanism evaluation. The results illustrate comparative ranking performance under defined simulation conditions 
and provide a foundation for future empirical evaluation (Altman et al., 2023; Becerra-Suarez et al., 2025; Belgodere 
et al., 2024; Morris et al., 2019). 
 

2. Related Work and Study Positioning 
2.1. Journal Entry Testing and Audit Data Analytics 
Auditing research has evolved beyond questions about whether data are available for use as evidence or whether the 
data provide complementary evidence. The focus has shifted to more specific issues such as the degree of formalization 
required for audit tasks, what evidence supports the auditor's assessment, and how auditors interact with results 
provided by algorithms. 
Early foundational studies described how auditing can be enhanced through the use of analytics and how analytical 
tools can alter the manner in which audit evidence is evaluated (Appelbaum et al., 2017; Brown-Liburd et al., 2015; 
Cao et al., 2015; Earley, 2015; Gepp et al., 2018; Jans et al., 2014; Yoon et al., 2015). As subsequent studies identified 
audit analytics as a distinct empirical area, methodologies developed around labeling, feature identification, sampling, 
and evaluation targets (Almufadda & Almezeini, 2022; Issa et al., 2016; Kokina & Davenport, 2017; Krahel & Titera, 
2015; Law & Shen, 2025; Ruhnke, 2023). These issues are directly related to journal entry testing because determining 
a class label is not the only task; it also involves determining which subset of entries should be examined further when 
a complete examination of all entries is impractical. 
Additionally, the journal-entry literature illustrates the diversity of methods that can be used for analysis. Studies 
concerning financial-statement fraud have employed statistical and machine-learning approaches to rare and 
heterogeneous outcomes (J. Perols, 2011; J. L. Perols et al., 2017; Ravisankar et al., 2011; West & Bhattacharya, 2016). 
On the other hand, studies examining anomalies in general-ledger data have employed unsupervised, deep-learning, 
hybrid, and graph-based techniques that use knowledge of accounting structure (Gronewald et al., 2024; Guo et al., 
2022; Hemati et al., 2022; Huang et al., 2026; Mashiko et al., 2025). There are differences among these approaches, 
including levels of data access, label specificity, and objectives. Some models seek anomalous entries, others attempt 
to identify latent representations, and others model graph relationships. A high anomaly score is not equivalent to 
fraud. 
2.2. From Generic Anomaly Detection to Directional Asymmetry 
Anomaly detection is generally based on identifying entries that are unusual relative to an observed population, for 
example, entries that are rare, isolated, or difficult to reconstruct (Chandola et al., 2009; Liu et al., 2008). This type of 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.10s, 2026                                                                                                                                                              149 

detection provides useful baseline performance in auditing because confirmed labels are scarce and audit populations 
are highly imbalanced. However, a potential drawback of anomaly-detection techniques is that global or latent-space 
anomaly scores may not capture the accounting direction that gives an entry its substantive meaning. For example, 
while a particular entry may be an outlier with respect to an overall distribution, it is more informative when its debit-
credit roles, creator-pair history, posting time, and amount jointly conflict with the firm's completed-period patterns. 
AARR is proposed as a conditional structural representation for journal-entry risk ranking. In addition to incorporating 
conventional audit indicators, AARR incorporates six historical departures: account-pair surprisal, amount asymmetry 
conditional on the account pair, creator-pair surprisal, temporal surprisal conditional on the business process, 
directional role violation, and a bounded concordance count. As such, AARR can potentially leverage advances in 
graph-based representations of accounting data and continual learning to treat accounting data as both structurally 
dependent and temporally dynamic rather than simply as independent rows of data (Guo et al., 2022; Hemati et al., 
2022; Huang et al., 2026; Mashiko et al., 2025). Within this study, AARR makes these structures measurable in 
simulated audits alongside more complex relational models and substantive audit evidence. 
 
2.3. Synthetic Data and Simulation Studies 
Synthetic data allow researchers to evaluate models under audit conditions that are rare, confidential, or deliberately 
controlled while establishing the outcome process, information boundaries, comparison methods, and performance 
criteria before model behavior is evaluated (Morris et al., 2019). This type of data is useful when researchers want to 
establish how outcomes are generated before comparing model behavior against those outcomes. Recent research on 
synthetic data has also identified four important considerations: realism, privacy, controllability, and task validity 
(Altman et al., 2023; Becerra-Suarez et al., 2025; Belgodere et al., 2024). 
In addition to using a single study-generated ledger as a means of evaluating analytical representations, there are 
publicly available labelled ERP event data generated from occupational-fraud scenarios. These datasets can provide 
another basis for evaluation beyond a single study. Tritscher et al. developed a publicly available ERP dataset that 
includes fraudulent activity and legitimate operational activity within a simulated virtual ERP environment, with 
documentation of normal business processes and fraud scenarios (Tritscher et al., 2022). 
A controlled simulation of journal entries should clearly identify the relevant information provided to each model, 
include examples of legitimate atypical documents, use different operating environments during development and 
evaluation, and measure how performance changes based on scenario structure. The current study addresses these 
requirements through exclusion of administrative attributes, a cross-family holdout method, univariate association 
diagnostics, cross-mechanism evaluation, and feature-set analysis. The results represent comparative ranking 
performance under specified conditions and support subsequent testing using operational ledgers. 
 
2.4. Research Gap and Study Positioning 
There are many existing papers on audit analytics that provide significant insights into the use of data, process mining, 
deep anomaly models, graph structures, and organizational adoption of artificial intelligence (De Santis & D’Onza, 
2021; Fedyk et al., 2022; Gronewald et al., 2024; Guo et al., 2022; Hemati et al., 2022; Huang et al., 2026; Jans et al., 
2014; Kokina & Davenport, 2017; Krahel & Titera, 2015; Krieger et al., 2021; Law & Shen, 2025; Manita et al., 2020; 
Mashiko et al., 2025; Ruhnke, 2023; Samiolo et al., 2024). However, there is less knowledge about how different forms 
of journal-entry representation perform in controlled studies using organizational holdout, scenario-positive 
outcomes, fixed review budgets, and transparent information boundaries. This paper addresses this gap by comparing 
directional asymmetry-aware ranking with conventional and unsupervised approaches and rule-based alternatives in 
repeated ledger simulations. 
 
2.5. Research Objective and Contribution 
The primary research question is: Does an asymmetry-aware risk-ranking representation improve the capture of 
simulated scenario-positive journal documents within a fixed audit review budget, compared with conventional 
feature models, unsupervised anomaly detection, transparent rule-based systems, and random selection? 
Six contributions are made in this research. First, this work examines the process of identifying journal entries as a 
constrained ranking problem instead of a generic classification problem. Second, it represents directional relationships 
among selected accounts using information from completed reference-period documents. Third, it includes legitimate 
atypical document examples with features similar to those observed in scenario-positive documents. Fourth, it 
conducts the assessment in 30 independent simulation environments, applies operating-family holdout, performs 
cross-mechanism evaluations, and examines different feature sets. Fifth, the research documents the data generator, 
model-exclusion requirements, and uncertainty intervals so that the study can be repeated and extended. Sixth, it tests 
a structural representation on an independently developed publicly available ERP fraud dataset using run-holdout 
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evaluation. The study therefore provides evidence on risk prioritization in both controlled and public benchmark 
settings for selecting items for substantive audit procedures. 
 

3. Materials and Methods 
3.1. Controlled Simulation Design and Data Construction 
The study followed the simulation-study approach, in which the data-generating mechanism, estimand, methods, and 
performance measures should be explicitly defined before the results are interpreted (Morris et al., 2019). Thirty 
independent simulation environments were created. Each environment included eight synthetic companies drawn 
from four operating families: manufacturing, distribution, services, and hybrid operations. Each company had its own 
chart of accounts, document-code mapping, user roster, process mix, amount distribution, manual-posting propensity, 
close-process pattern, and volume profile. Two companies from one operating family were reserved for testing, while 
six companies from the remaining three operating families were used for development. 
For each company, 2023 was designated as the completed reference year and 2024 as the target year. All features used 
to rank target-year documents were created using only reference-year records from the respective company. 
Therefore, the model did not use target-year outcomes, labels, or future-period information when constructing the 
ranking features. Grouped cross-validation was used for hyperparameter selection over development companies, 
separating model selection from evaluation on the held-out operating family (Varma & Simon, 2006). 
Across all target documents, there were 3,236 scenario-positive documents out of 231,986, equivalent to 1.39%. The 
performance metrics described below were calculated by averaging at the environment level, where the mean held-
out prevalence was 1.30%. This environment-level prevalence was used to calculate the reported mean enrichment 
ratio. Table 1 details the simulation corpus and evaluation framework. 

 
Table 1. Simulation corpus and evaluation structure. 

Dataset component Value 
Independent simulation environments 30 
Companies 240 
Operating families 4 
Historical documents, 2023 231,773 
Target documents, 2024 231,986 
Scenario-positive target documents 3,236 
Scenario-positive prevalence 1.39% 
Held-out family rotations 4 

 
The target variable, labelled scenario-positive, represents a simulated journal-document scenario that includes partial 
departures in directional account roles, account-pair history, creator-path history, timing, and amount behavior. The 
variable is not a legal or professional determination of fraud. There were four positive mechanism families: directional 
path, timing override, amount-timing, and creator path. A candidate mechanism was assigned before the Bernoulli 
outcome was generated. Hidden approval gaps, documentation weakness, legitimate supporting evidence, company-
level shifts, and random disturbance also influenced the final probability. The unobserved support variable was 
designed to produce controls with risk-like observed attributes that nevertheless remained non-positive. Table 2 
outlines the distribution and construction of scenario-positive documents. 

 
Table 2. Distribution and construction logic of simulated scenario-positive target documents. 

Scenario mechanism Documents Share Structural description 
Directional path 989 30.56% Jointly unusual account-pair, creator-pair, and debit-credit 

role direction. 
Creator path 801 24.75% Rare creator-path and account-pair combination with 

delayed posting context. 
Timing override 730 22.56% Manual and post-close timing deviation combined with 

temporal irregularity. 
Amount-timing 716 22.13% Amount deviation combined with period-end and rounded-

amount context. 
Raw document type, business process, account identifiers, company code, creator identifiers, scenario type, the 
legitimate-atypical-entry indicator, and generator-only variables were excluded from all predictive models. Each 
document type and business process observed among scenario-positive documents was also present in the 
comparison population in every environment. 
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The average maximum single-feature ROC-AUC across environments was 0.739 (95% CI 0.713 to 0.765; range 0.592 
to 0.871). This shows useful univariate information without a feature that universally separates the outcome. The 
complete range is reported in the supplementary material. Legitimate atypical entries represented 17.98% of non-
positive documents and 10.03% of scenario-positive documents, showing overlap in risk-like observable patterns. 
 
3.2. Directional Asymmetry-Aware Representation 
The AARR model includes seven conventional audit-oriented variables and six measures of asymmetry. Conventional 
variables include log amount, manual posting, post-close posting, posting delay, weekend posting, period-end posting, 
and rounded amount. The asymmetry variables include account-pair surprisal, amount asymmetry, creator-pair 
surprisal, temporal surprisal, directional role violation, and asymmetry concordance. All probability and frequency 
terms below are based on the completed reference period only. 
For company c and an ordered debit-credit account pair p, account-pair surprisal is defined as: 
S_pair = -log[(n_c,p + 1) / (N_c + K_c + 1)] 
where n_c,p is the historical frequency of pair p, N_c is the number of historical documents, and K_c is the number of 
distinct historical pairs. The additive constants provide Laplace smoothing for unseen but possible pairs. 
Amount asymmetry is the absolute standardised departure of the log amount from the historical pair-specific mean: 
A_amt = |log(1 + amount) - μ_c,p| / max(σ_c,p, 0.35) 
Creator-pair surprisal and temporal surprisal are defined as: 
S_creator = -log[(n_c,u,p + 1) / (N_c,u + K_c + 1)] 
S_time = -log[(n_c,b,t + 1) / (N_c / 5 + 5)] 
where u is the creator, b is the business process, and t is one of five relative posting-date buckets. Directional role 
violation uses debit and credit tendencies estimated for each account a: 
r_a = log[(n_debit,a + 2) / (n_credit,a + 2)];   V_dir = max(0, -(r_debit - r_credit)) 
Finally, asymmetry concordance is a bounded count of conditions that exceed pre-specified thresholds: pair surprisal 
> log(22), creator-pair surprisal > log(14), amount asymmetry > 1.35, temporal surprisal > 1.45, and directional role 
violation > 0.85. The count is included as one feature, not treated as a fraud rule or an audit conclusion. 
 
3.3. Models, Audit Baselines, and Feature-Set Analysis 
The primary model was AARR-XGBoost. Three-fold grouped cross-validation was run within each development 
dataset. Two compact candidate configurations were tested: (i) 110 trees, maximum depth 2, learning rate 0.06, and 
minimum child weight 4; and (ii) 130 trees, maximum depth 3, learning rate 0.05, and minimum child weight 5. Both 
configurations used histogram tree construction, subsample 0.88, column subsample 0.88, gamma 0.04, L2 
regularization 2.0, and a positive-class weight equal to the negative-to-positive ratio. 
XGBoost, random forest, and Isolation Forest were chosen because they are established supervised and unsupervised 
methods for tabular, imbalanced anomaly problems (Breiman, 2001; Chen & Guestrin, 2016; Krawczyk, 2016; Liu et 
al., 2008). Comparator models included conventional XGBoost, logistic regression, and random forest trained using 
conventional variables only; AARR-random forest trained using the full representation; Isolation Forest trained on the 
unlabeled target population; a transparent rule-based approach; and expected random sampling. The rule-based 
approach gave one point each for manual posting, post-close posting, period-end posting, amount asymmetry greater 
than 1.75, delay of four or more days, and temporal surprisal greater than 1.55. This is a simple transparent baseline 
and has no connection to proprietary audit-firm methodologies. 
Feature-set analysis evaluated the impact of individual asymmetry variables compared with the full representation. 
The same parsimonious XGBoost configuration, 110 trees, maximum depth 2, learning rate 0.06, and minimum child 
weight 4, was used across all feature sets to isolate differences due to feature content rather than hyperparameters. 
The comparisons were made among conventional features only, conventional features plus each individual asymmetry 
feature, the full representation without concordance, and the full AARR representation. 
3.4. Evaluation Protocol, Statistical Analysis, and Reproducibility 
Capture rate at a 3% review budget is the proportion of all scenario-positive documents contained in the highest-
ranked 3% of target documents. This captures the operational question: What does an audit team find when detailed-
testing capacity is limited? Secondary metrics are capture rates at 1% and 5%, precision at 3%, precision-recall area 
under the curve (PR-AUC), receiver operating characteristic area under the curve (ROC-AUC), and the review workload 
required to capture 50% and 80% of scenario-positive documents. Precision-recall metrics are used because the target 
event is rare and ROC-AUC alone can be incomplete under class imbalance (Davis & Goadrich, 2006; Krawczyk, 2016; 
Saito & Rehmsmeier, 2015). 
The unit of statistical inference is the independent simulated environment. Mean metrics and 95% confidence intervals 
were estimated using nonparametric bootstrap resampling of the 30 simulated environments (Efron & Tibshirani, 
1993; Morris et al., 2019). Pairwise comparison of capture rate at 3% across environments was conducted using a two-
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sided Wilcoxon signed-rank test (Demšar, 2006). Effect-size and confidence-interval estimates are treated as primary 
evidence, while p-values are supplementary. A four-way cross-mechanism analysis omits each scenario mechanism in 
turn from development positives while retaining all controls and evaluates the omitted mechanism against controls in 
the held-out operating family. This produces 120 mechanism-environment combinations. One cell contained zero 
positive documents for the mechanism of interest and was excluded only from mechanism-specific metric averages, 
leaving 119 evaluable cells. Under this design, AARR can perform better than, similarly to, or worse than comparator 
models, and its benefit can be concentrated in one component or persist when a mechanism is left out of development 
positives. Feature-set and cross-mechanism analyses examine these possibilities and provide incremental rank-
ordering information beyond conventional audit indicators within a controlled simulation study (Altman et al., 2023; 
Becerra-Suarez et al., 2025; Belgodere et al., 2024; Morris et al., 2019). 
Reproducibility materials include environment seed values, company heterogeneity profiles, document generator 
code, feature-construction routines, hyperparameter candidates, the model-input exclusion manifest, environment-
level outcomes, bootstrap procedures, and figure-generation scripts. Scenario labels, generator variables, company 
and account identifiers, document types, business processes, and creator identifiers that would not be available to a 
real-time ranking tool are excluded from training. The source code reproduces the reported results and simulation 
assumptions. 
 
3.5. Independent Public-ERP Evaluation 
To assess whether the structural representation could be evaluated beyond the controlled ledgers used in the main 
study, an independent out-of-source assessment was conducted using the publicly released ERP fraud data from 
Tritscher et al. (Tritscher et al., 2022). The database was independently developed and contains fraud-annotated ERP 
runs generated in a simulated make-to-stock environment. Its use therefore represents an external public benchmark 
rather than field validation using a client general ledger. 
The three fraud-annotated datasets contained 34,045 accounting documents, including 32 positive documents 
identified because at least one underlying line item had a source label other than NonFraud. Only preceding documents 
within each run were included when calculating structural scores. Because preparer identifiers, a manual-posting flag, 
and an accounting-period close field were unavailable, creator-pair surprisal was replaced with an explicitly labelled 
counterparty-path surprisal based on vendor or material identifiers and the primary debit-credit general-ledger path. 
Raw document numbers, source labels, transaction categories, account codes, vendor identifiers, and material 
identifiers were excluded from direct model inputs. 
Leave-one-fraud-run-out testing was used for evaluation; the model was fitted on two public fraud runs and tested on 
the remaining run without held-out-run tuning. As with the main study, the primary measure remained capture at a 
3% review budget. Because only three fraud runs and 32 positive documents were available, the assessments are 
reported descriptively by run and include means, ranges, and pooled capture rather than formal hypothesis testing. 

 
Table 3. External public-ERP evaluation design and information boundary. 

Component External public-ERP evaluation 
Data source Public ERP fraud data (Tritscher et al., 2022) 
Unit of analysis Accounting document (Belegnummer) 
Fraud-annotated runs 3 
Documents / positive documents 34,045 / 32 
Feature history Preceding documents in the same run only 
Test protocol Leave-one-fraud-run-out; no test-run tuning 
Unavailable original fields Preparer identity; manual posting; period-close indicator 

 

4. Results 
4.1. Main Ranking Performance and Pairwise Comparisons 
AARR-XGBoost demonstrated the greatest overall average capture at each stated review budget. At a 3% review 
budget, AARR-XGBoost captured 24.83% of scenario-positive documents (95% CI 20.79% to 29.07%) and achieved an 
average precision of 10.64%. The mean prevalence of scenario-positive documents within the held-out environments 
was 1.30%, whereas the pooled corpus prevalence was 1.39%. Because the enrichment calculation uses the 
environment-level mean prevalence, the 10.64% precision represents approximately 8.2-fold enrichment over 
random selection at the same review budget. 
Table 4 presents the principal ranking results, while Figure 1 illustrates capture at the primary 3% review budget. The 
operational distinction among the methods is clear because the amount of data being reviewed is held constant. Under 
the same 3% review-capacity constraint, AARR-XGBoost captured more than six times the share captured by 
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conventional XGBoost and more than twice the share captured by Isolation Forest. AARR-random forest also showed 
strong performance, with a capture rate of 21.85%, indicating that much of the improvement is associated with the 
asymmetry-aware representation rather than being unique to tree boosting. 
By contrast, conventional XGBoost, logistic regression, the transparent rule score, and expected random selection 
remained in the low single-digit range. The workload measure shows the same relative ordering: AARR-XGBoost 
required a mean review workload of 19.7% to capture 50% of the scenario-positive documents, whereas conventional 
XGBoost required 44.7% and random selection required 50.0%. 
Therefore, the primary result reflects both a higher concentration of scenario-positive documents at the top of the 
ranking and a material reduction in the proportion of documents that need to be reviewed to reach a fixed capture 
target. 

 
Table 4. Mean performance over 30 independent environments. Capture at a fixed 3% review budget is the 

primary metric. The table reports environment-level means and bootstrap confidence intervals. 
Method PR-

AUC 
ROC-AUC Capture @ 

3% 
95% CI Review workload 

for 50% capture 
AARR-XGBoost 0.080 0.694 24.83% 20.79% to 29.07% 19.7% 
AARR-Random forest 0.079 0.685 21.85% 18.12% to 25.82% 20.7% 
Isolation Forest 0.032 0.632 9.45% 7.07% to 11.87% 30.8% 
Conventional XGBoost 0.018 0.523 3.71% 2.35% to 5.12% 44.7% 
Logistic regression 0.023 0.548 4.19% 2.76% to 5.67% 43.0% 
Practice-informed rules 0.016 0.509 2.49% 1.22% to 4.02% 47.0% 
Random sampling 0.013 0.500 3.00% 3.00% to 3.00% 50.0% 

 
Figure 1. Scenario-positive capture at a fixed 3% review budget across all comparison methods. Error bars 

represent 95% bootstrap confidence intervals over independent simulation environments. 
 
The results show that AARR-XGBoost performed better across the 30 simulation environments than conventional 
XGBoost at the 3% review budget. AARR-XGBoost outperformed conventional XGBoost by 21.12 percentage points 
(95% CI 17.08 to 25.41 percentage points; two-sided Wilcoxon p < .001). Likewise, AARR-XGBoost outperformed 
Isolation Forest by 15.38 percentage points (95% CI 11.50 to 19.15; p < .001) and AARR-random forest by 2.97 
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percentage points (95% CI 0.88 to 5.17; p = .011). The comparisons are presented in Table 5. These results indicate 
variation in performance across methods while preserving the same environment-level unit of comparison. 

 
Table 5. Pairwise comparisons of capture rate at a 3% review budget. Positive differences favour AARR-

XGBoost. Two-sided Wilcoxon signed-rank tests are reported as supplementary evidence. 
Comparison Mean difference 95% CI Two-sided p 
AARR-XGBoost vs Conventional XGBoost 21.12 pp 17.08 to 25.41 pp <0.001 
AARR-XGBoost vs AARR-Random forest 2.97 pp 0.88 to 5.17 pp 0.011 
AARR-XGBoost vs Random forest 21.01 pp 17.08 to 25.26 pp <0.001 
AARR-XGBoost vs Logistic regression 20.63 pp 16.50 to 25.00 pp <0.001 
AARR-XGBoost vs Isolation Forest 15.38 pp 11.50 to 19.15 pp <0.001 
AARR-XGBoost vs Practice-informed rules 22.34 pp 18.11 to 26.41 pp <0.001 
AARR-XGBoost vs Random sampling 21.83 pp 17.70 to 26.11 pp <0.001 

 
4.2. Representation-Component Analysis 
Feature-set analysis employed a predefined parsimonious XGBoost configuration to separate the contribution of 
feature content. Therefore, the full-AARR estimate of 25.36% differs slightly from the 24.83% reported in Table 4, 
where the primary model used a configuration selected separately within each development dataset. The two most 
informative additions to conventional features were directional role violation and account-pair surprisal. The 
representation could not be reduced to the concordance count: AARR without concordance captured 24.15% of 
scenario-positive documents, while conventional features alone captured 4.71%. Full AARR captured 25.36%, but the 
additional value of concordance was not statistically significant at the conventional 5% level (p = .087). Thus, the 
ranking increase appears to come from the combined structural representation rather than from a single count-based 
method. The results are presented in Table 6, and Figure 2 illustrates the ablation pattern. 
The component analysis also shows that the asymmetry variables are not interchangeable. Adding directional role 
violation to the conventional feature set raised capture to 21.44%, while adding account-pair surprisal raised capture 
to 10.93%. Creator-pair surprisal and asymmetry concordance produced smaller improvements, whereas amount 
asymmetry and temporal surprisal did not improve capture when added individually. Their limited standalone 
performance does not mean that they are irrelevant in the full representation, because tree-based models can use 
conditional interactions among features. The full 13-feature representation achieved 25.36% capture, while the 12-
feature version without concordance achieved 24.15%. The relatively small difference supports the interpretation that 
performance is largely due to the underlying structural measures rather than a simple count-based representation. 
 

Table 6. Feature-set analysis under a common parsimonious XGBoost configuration. Hyperparameters are 
fixed across specifications to isolate changes in feature content. 

Feature set Features Capture @ 3% 95% CI PR-AUC 
Conventional features 7 4.71% 3.17% to 6.39% 0.019 
Conventional + account-pair surprisal 8 10.93% 8.53% to 13.40% 0.042 
Conventional + amount asymmetry 8 3.29% 1.85% to 4.92% 0.017 
Conventional + creator-pair surprisal 8 6.14% 4.16% to 8.24% 0.027 
Conventional + temporal surprisal 8 4.16% 2.87% to 5.46% 0.019 
Conventional + directional role violation 8 21.44% 18.00% to 25.08% 0.071 
Conventional + asymmetry concordance 8 6.94% 4.97% to 9.08% 0.029 
AARR without concordance 12 24.15% 19.86% to 28.49% 0.082 
Full AARR 13 25.36% 21.05% to 29.78% 0.082 
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Figure 2. Feature-set ablation at a fixed 3% review budget. Error bars represent 95% bootstrap confidence 

intervals over independent simulation environments. 
4.3. Feature Overlap and Cross-Mechanism Performance 
No raw administrative category or identity field was used as input to any model. In addition, every scenario-positive 
document type and business process appeared in the comparison population. The maximum single-feature diagnostic 
had a mean ROC-AUC of 0.739. Thus, there is meaningful univariate structural information, but the structural features 
do not universally separate the outcome. Additional information concerning the complete distribution, including 
upper-tail values, is available in the supplementary material. 
In cross-mechanism evaluation, AARR-XGBoost captured approximately 24.00% of scenario-positive documents 
associated with an omitted mechanism at a 3% review budget across 119 evaluable cells (95% CI 20.46% to 27.60%). 
Performance varied by mechanism, ranging from 22.24% for amount-timing to 25.96% for creator-path. This analysis 
examines how the representation performs across four mechanism families when the corresponding mechanism 
family is absent from development positives. Table 7 presents the cross-mechanism results. 
Cross-mechanism performance remained comparatively stable across the omitted mechanism families. Directional-
path capture was 25.28%, timing-override capture was 22.57%, amount-timing capture was 22.24%, and creator-path 
capture was 25.96%. The difference between the lowest and highest mechanism averages was therefore modest 
relative to the overall improvement over conventional models in the main evaluation. This is important for 
interpretation because, in each case, the positive mechanism was absent from development data. The model therefore 
ranked documents using structural properties shared across the representation, which is consistent with AARR's role 
as a conditional description of posting behavior rather than a set of mechanism-specific rules. 

 
Table 7. Cross-mechanism evaluation. One cell with zero positive documents for the relevant mechanism was 

not evaluable for capture; 119 evaluable cells remain. 
Held-out mechanism Evaluable 

cells 
Mean 
positives 

Capture @ 
3% 

95% CI ROC-
AUC 

directional_path 29 7.9 25.28% 18.08% to 32.76% 0.731 
timing_override 30 5.7 22.57% 16.15% to 29.29% 0.639 
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amount_timing 30 6.3 22.24% 15.58% to 29.30% 0.691 
creator_path 30 5.9 25.96% 18.70% to 33.37% 0.704 
All mechanisms 119 6.4 24.00% 20.46% to 27.60% 0.691 

 
4.4. Independent Public-ERP Evaluation 
Public ERP results are reported descriptively across the three held-out runs because only 32 positive documents were 
available. With a 3% review budget, AARR-XGBoost captured 30 of the 32 labelled positive documents (93.75% pooled 
capture), compared with 24 of 32 (75.00%) for conventional XGBoost. Isolation Forest also captured 30 of 32 positives 
(93.75%). This shows that the directional asymmetry-aware representation can be applied across an independently 
developed ERP schema and labeling process while improving on the conventional XGBoost baseline in this benchmark. 
It does not demonstrate transfer of a model trained on the controlled simulation data because the public benchmark 
used leave-one-fraud-run-out fitting within the public dataset. The strong Isolation Forest result also suggests that the 
public benchmark contains substantial anomaly information. 
The external benchmark shows a different comparative relationship from the controlled simulations. Mean AARR-
XGBoost capture across held-out public runs was 92.06%, with a range from 83.33% to 100.00%, while conventional 
XGBoost averaged 73.41%. Logistic regression also performed strongly at 86.90%, and Isolation Forest had the highest 
mean capture per run at 95.24%. Although AARR-XGBoost and Isolation Forest had different run means, both captured 
30 of 32 positives in pooled results. These results should be interpreted descriptively because the public benchmark 
contains only three annotated fraud runs. The adapted representation nevertheless performed better than 
conventional supervised XGBoost under a different account structure, transaction schema, set of available fields, and 
labeling process, while the Isolation Forest result shows that the asymmetry-aware supervised representation does 
not necessarily outperform a strong unsupervised anomaly signal in every setting. 

 
Table 8. External run-held-out performance on independently developed public ERP fraud data. Scores are 

descriptive; formal tests are not reported because only three public runs were available. 
Method Mean capture 

@3% 
Range across runs Pooled capture PR-AUC ROC-

AUC 
AARR-XGBoost 92.06% 83.33% to 100.00% 30/32 (93.75%) 0.200 0.990 
Conventional XGBoost 73.41% 66.67% to 78.57% 24/32 (75.00%) 0.132 0.852 
Logistic regression 86.90% 75.00% to 100.00% 27/32 (84.38%) 0.256 0.914 
Isolation Forest 95.24% 85.71% to 100.00% 30/32 (93.75%) 0.180 0.991 
Practice-informed rules 76.19% 50.00% to 100.00% 23/32 (71.88%) 0.137 0.910 
Expected random 
selection 

3.00% 3.00% Expected 3.00% 0.001 0.500 

 

5. Discussion and Conclusion 
5.1. Interpretation and Scope of Findings 
When audit review capacity was constrained, directional asymmetry enhanced the prioritization of scenario-positive 
documents across repeated environments. With a 3% review budget, AARR-XGBoost captured around one quarter of 
the positive documents, while conventional feature models, transparent rule sets, and random selection captured 
roughly 2% to 4%. The finding also supports audit-analytics research that views analytical outputs as evidence-
selection aids rather than replacements for audit evidence or professional judgment (Almufadda & Almezeini, 2022; 
Appelbaum et al., 2017; Brown-Liburd et al., 2015; Cao et al., 2015; Earley, 2015; Gepp et al., 2018; International 
Auditing and Assurance Standards Board Data Analytics Working Group, 2016; Issa et al., 2016; Jans et al., 2014; 
Kokina & Davenport, 2017; Yoon et al., 2015). 
The feature-set results show how much value is added by the asymmetry construct. Account-pair surprisal and 
directional role violation improved performance over conventional indicators. AARR without the concordance count 
retained 24.15% capture, while full AARR captured 25.36%. Therefore, the improvement in performance does not 
arise simply from counting flags. 
The structure of the feature set shows the importance of capturing the order in which accounts post debit and credit 
transactions. Conventional indicators include manual postings, period-end timing, delayed posting, and rounded 
values, but these indicators provided limited separation without structural context. Directional role violation 
represents departures from established debit-credit ordering, while account-pair surprisal represents how rarely an 
ordered pair of accounts has appeared in the company's historical records. A combined model can therefore assign a 
high score when directionality, pathway, timing, and magnitude are jointly unusual rather than because one 
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transaction characteristic is unusually extreme. Removing the concordance count from the full representation 
supports this interpretation. 
Cross-mechanism evaluation extends the analysis beyond a single mechanism type. The four mechanisms were each 
removed from development positives in turn, and the representation continued to generate useful ranking 
performance for the respective held-out mechanisms. In an audit environment, a high score should direct attention to 
source documentation, approvals, business rationale, accounting treatment, related postings, and contradictory 
evidence. Such use is consistent with PCAOB guidance for journal entry testing, which emphasizes evidence and 
professional judgment (Public Company Accounting Oversight Board, 2025, 2026b). 
The results illustrate comparative performance in simulated environments in which journal-entry attributes, labels, 
and information boundaries are explicitly defined. In practice, auditing involves assessing risk through accounting 
policy, management incentives, internal controls, available evidence, and the auditor's knowledge of the engagement. 
These factors motivate field studies examining how the representation interacts with audit plans and professional 
judgment. The transparent design also allows researchers to vary operating assumptions, increase complexity, and 
test alternative ranking models without access to confidential ledgers. 
Scenario-positive documents are generated from predetermined combinations of partial deviations in directionality, 
pathways, timing, and amount behavior. The analysis therefore examines whether retaining this structural information 
improves ranking when observations share some characteristics and labels remain probabilistic. The results provide 
evidence about this representation within the described simulation family; they do not provide estimates of the 
prevalence, causes, or legal status of financial misconduct outside that simulated environment. 
Several features of the study design support this interpretation. Scenario positivity incorporates unobserved approval, 
documentation, and support conditions. Legitimate atypical entries appear in the comparison population. No single 
feature fully separates positive and non-positive outcomes, and removing the concordance count still maintains strong 
performance for the full AARR specification. Cross-mechanism evaluation also examines performance when each 
mechanism family is excluded from development positives. Taken together, these analyses describe the contribution 
of the representation under controlled conditions. 
The design also establishes limits to generalizability. Scenario-positive status is derived from a specified data-
generating process and is not an estimate of real-world fraud prevalence or an audit conclusion. Overlap exists because 
of legitimate atypical entries and unobserved support conditions, but no simulation can reproduce every source of 
ambiguity in operational ledgers. Management incentives, internal controls, documentation practices, policy changes, 
and auditor knowledge are only partly represented or absent. Therefore, the supported claim is that directional 
asymmetry adds incremental ranking information under controlled conditions, not that the study estimates field false-
positive costs, behavioral responses, or the sufficiency of audit evidence. 
 
5.2. Implications for Journal Entry Testing 
In future operational implementations, a directional asymmetry score could serve as a means of prioritizing 
documents. A high score would indicate that a document requires examination of source documentation, approvals, 
business rationale, accounting treatment, related postings, and contradictory evidence. The score would support the 
auditor's process for selecting documents for further investigation and should be considered together with other audit 
evidence. This human-in-the-loop position is consistent with audit-analytics research on judgment, algorithmic 
insights, and maintaining professional skepticism when advanced analytical tools are used (Brown-Liburd et al., 2015; 
Fedyk et al., 2022; Kokina & Davenport, 2017; Law & Shen, 2025; Samiolo et al., 2024). 
Operational implementation would require the score to be part of an auditable review process. When a document 
receives a high rank, it would trigger examination of source documentation, approvals, business rationale, related 
postings, and potentially conflicting evidence rather than determine an audit conclusion. The fixed-budget design 
translates model performance into workload terms; however, there are costs associated with both false positives and 
missed items, so each engagement would need to consider those costs together with available resources and evidence. 
 
5.3. External Public-ERP Evidence and Boundary Conditions 
This external public-ERP benchmark provides descriptive evidence of representation transferability. The pooled 
capture rates of AARR-XGBoost (93.75%) and conventional XGBoost (75.00%), together with Isolation Forest 
matching AARR-XGBoost at 93.75%, indicate that the structural representation can be adapted to a different account 
structure, transaction schema, and labeling process. The results also identify a boundary condition: structural 
asymmetry does not necessarily perform better than strong unsupervised anomaly-detection baselines in every 
environment. 
The public-ERP analysis further expands the scope of this study beyond the ledger generator used in the primary 
simulations without turning the analysis into operational validation. The benchmark was independently developed 
using a different account format, transaction schema, and labeling process. The directional representation retained a 
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high capture rate after adaptation, while Isolation Forest achieved the same pooled capture. This pattern is consistent 
with a strong generic anomaly signal in the public labels and identifies an important boundary condition: structural 
asymmetry can provide significant value beyond conventional supervised features but does not necessarily 
outperform every unsupervised detection technique. The benchmark also lacked preparer identity and several 
accounting-process fields and contained relatively few positive instances. Therefore, it provides independent 
synthetic-benchmark evidence rather than field validation and reinforces the need for operational studies of 
performance, false-positive burden, and auditor judgment. 
The public benchmark is also a useful boundary test because it uses a different transaction representation, omits 
preparer identity and some process indicators, and contains few labelled positives. The adapted AARR variables 
remained usable, supporting portability of the representation logic, but Isolation Forest achieved the same pooled 
capture. The defensible external claim is therefore narrower: structural asymmetry adds information beyond 
conventional supervised features and remains implementable under materially different schemas, while comparative 
performance depends on the target population and labeling process. 
 
5.4. Conclusion 
The study provides a framework for evaluating journal-entry risk-ranking systems using repeated environments, 
operating-family holdouts, feature-set analysis, cross-mechanism evaluation, environment-level inference, and public-
source transfer testing. The framework can be applied to assess competing models, expand current simulation 
architectures, and support future research using secure operational or de-identified ledgers in which reviewed 
outcomes can be linked to documentary evidence and auditor assessments. 
Therefore, the next empirical step is not merely to increase model complexity, but to evaluate the proposed 
representation using operational or de-identified ledger populations whose review outcomes can be linked to 
supporting documentary evidence or auditor judgments. Subsequent studies could investigate ranking stability over 
time, sensitivity to process changes, false-positive costs, and how auditor judgments interact with recommended 
journal-entry rankings. They could also assess whether directional variables continue to add incremental value once 
other context-rich information becomes available. Until such evidence is available, the results should be viewed 
primarily as a controlled demonstration that historically conditioned debit-credit direction and pathway information 
can improve the capture of scenario-positive journal entries within a limited review budget. 
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