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Background

• Researchers and practitioners have proved the ability of machine learning to learn data 

patterns and have applied it to different contexts in the accounting field:

– Predicting accounting fraud (Perols, 2011; Perols et al., 2017)

– Investigating the prediction of corporate bankruptcies or defaults (Barboza et al., 2017)

– Improving accounting estimates (Ding et al., 2020)

• This research aims to exhibit the potential of machine learning to identify and determine 

true outlying transactions
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Concerns from Auditors and Solutions                                                                                         

• “Black box” issue

• Indirect output

• Work overload (i.e., 

false positives)

• Data reconstruction

• A distance-based, 

unsupervised 

algorithm

• A framework

Concerns Solutions



Data (FY 2019)

• Trial balance (total: 1,647 accounts)

• General ledgers (total: 1,438,790 records)

Account level

Transaction level

Trial Balance

General Ledgers



Data

Primary Category

Account 1c ……

……

Account 2c Account 76c

367 

transactions

1076 

transactions

20 

transactions



Data Reconstruction

• Account level (9 variables)

Variable Name

Mean (positive)

Standard deviation (positive)

Mean (negative)

Standard deviation (negative)

Account balance change

Percentage of abnormal transactions based on

transaction id

Percentage of abnormal transactions based on user id

Mean (days)

Standard deviation (days)

Count of each unique transaction id

Transaction id95% of data

Count of transactions entered by 

each unique user id

User id
95% of data



Data Reconstruction

• Transaction level (5 variables)

Variable Name

Standard score (net amount)

Net amount frequency

Transaction id frequency

User id frequency

Standard score (days)



Algorithm: Minimum Covariance Determinant

• A distance-based unsupervised algorithm

• Consider all observations in the population as one cluster

• A center is first found and then the distance of each point to the center will be 

calculated

• Any observation that has a distance above a certain cutoff value is treated as an 

outlier

• Mahalanobis distance is used for distance calculation and the correlation between 

variables are included



Example – Transaction Level

Minimum Covariance Determinant

Transaction Level Input (Example Category: Loans and Advances to Members)

Transaction Level Output (Example Category: Loans and Advances to Members)



Example – Account Level

Account Level Input (Example Category: Loans and Advances to Members) 

Minimum Covariance Determinant

Account Level Output (Example Category: 

Loans and Advances to Members) 



Batch Filter

• Each primary category is considered as a batch

• The batch filter consists of two parts that have different functions

– Part I (account level): Identifying notable transactions among whole population

– Part II (transaction level): Identifying transactions for substantive testing 

among the notable transactions



Framework



Result

• Validation dataset: A list of transactions that went to substantive testing

• The batch filter identifies 90% of transactions in the list

• For some categories, false positives are high



THANK YOU!
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