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Risk is inherent at all levels of hospital management such as
determining healthcare service priorities, purchasing new
medical equipment, patient safety, clinical governance, etc.
The effectiveness of an audit process in reducing risk is a
critical success factor in hospital management. Since hos-
pital data is becoming increasingly larger, the data may be
too large for auditors to handle. Consequently, they need
to learn a new skill and knowledge to face the digital trans-
formation era. The era of intelligent audit technology has
arrived. In the future, auditors can use big data analysis and
technology to get the assistance of advanced audit analy-
sis tools. This paper introduces a smart audit case using
diagnosis-related group (DRG) data. It explains how to use
computer-assisted audit techniques (CAATs) to develop the
predictions of DRGs as a starting point, triggering students
to analyze the editing of DRG codes in depth by using a
machine-learning model to pre-audit the accuracy of inpa-
tientDRGs’ drop point inHealth InsuranceDeclaration forms.
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1 | TEACHING CASE MOTIVATION

Improper Medicare payments and Medicare fraud are important management issues in the modern healthcare eco-
system in Australia. Improper Medicare payments refer to payments that do not meet statutory, regulatory, adminis-
trative, or other legally applicable requirements and may be overpayment or underpayment. Additionally, improper
payments do not necessarily represent expenses that should not have occurred. For example, current OMB guidance
states that when an agency’s review is unable to discern whether a payment was proper because of insufficient or
missing documentation, this payment should be considered an improper payment. U.S. Government Accountability
Office (GAO) estimated to be about $52 billion improper payments for Medicare in fiscal year 2017.

F IGURE 1 Medicare Fee-for-Service Estimated Improper Payments (in Billions) 2017-2019 USA. (S. J. Bagdoyan,
2017)

F IGURE 2 The Fraud Risk Framework describes leading practices in four components: commit, assess, design
and implement, and evaluate and adapt. (S. Bagdoyan, 2018)
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Medicare fraud is the claiming of Medicare health care reimbursement to which the claimant is not entitled. There are
many different types of Medicare fraud, all of which have the same goal: to collect money from theMedicare program
illegitimately (Medicare Fraud and Fraud in Other Government Healthcare Programs, 2017). The Columbia/HCA fraud
case is one of the largest examples of Medicare fraud in U.S. history. Among the crimes uncovered were doctors being
offered financial incentives to bring in patients, falsifying diagnostic codes to increase reimbursements fromMedicare
and other government programs, and billing the government for unnecessary lab tests. (Moewe 2006)

The GAO made three recommendations, namely that CMS (1) require and provide fraud-awareness training to its em-
ployees; (2) conduct fraud risk assessments; and (3) create an antifraud strategy for Medicare, including an approach
for evaluation. Accordingly, the recommendations, it is important to have a smart audit teaching case for auditor
or administrator of the hospital. (https://www.cms.gov/newsroom/fact-sheets/2019-estimated-improper-payment-r
ates-centers-medicare-medicaid-services-cms-programs)

2 | BASIC MEDICARE KNOWLEDGE

The performance assessment of medical services offers a basis for rational decision-making and service improvement,
making these an important part of medical services research (France, 2003; Fung, Lim, Mattke, Damberg, & Shekelle,
2008; Pinnarelli et al., 2012). When assessing the service performance of different healthcare providers from differ-
ent hospitals, the conventional method relies on measuring the number of discharged cases and operations, average
length of stay, bed rotation rate, and so on. However, this method does not consider the effects of the disease or
disease difficulty; thus, it cannot provide an objective assessment result. To assess the service capacity of different
medical service providers, “case-mixing” is used to classify cases with similar clinical processes or resource consump-
tion, allowing cases in the same group to be directly compared (Iezzoni, 1997).
A diagnosis-related group (DRG) is a type of case-mix system that classifies hospital discharge cases according to
clinical process consistency and homogeneous resource consumption. This system is a popular health service man-
agement tool (France, 2003; Jian, Mu, & Zhang, 2013; PL, 1983). It was first developed by Fetter et al. (1980) at
Yale University in 1967 and has been used in the U.S. since 1982 and implemented in Europe and fast-developing
countries in Asia and Sub Saharan Africa (France, 2003). Thus, the DRG system has become widely used in multi-
ple areas, including healthcare reimbursement, health expenses budgeting, cost control, health service performance
assessment, quality assurance, and planning (Accardo, Damiani, Damiani, Geraci, & Tomasello, 2011; Barker, Brand,
Evans, Cameron, & Jolley, 2011; France, 2003; Mihrshahi et al., 2010; Mistichelli, 1984) (See Figures 3-4).
Computer-assisted coding (CAC) is defined as “the use of computer software that automatically generates a set ofmed-
ical codes for review, validation, and use based upon clinical documentation of the healthcare practitioner.” Currently,
there are two key financial issues driving CAC adoption: healthcare reimbursement and compliance with anti–fraud
and abuse regulations. CAC provides healthcare organizations and providers with a mechanism to reduce potential
issues of fraud and abuse in medical coding. Building upon health information technology platforms, certified CAC
software provide coding based upon standard coding principles and guidelines.(Group, 2004) They provide prompts
and decision-support tools that assist healthcare entities and providers in preparing the supportive documentation
required for specified levels of care in a timely and accurate manner. The implementation of CAC in the healthcare
environment fosters system integrity through increased compliance with identified standards and protocols, thereby
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F IGURE 3 DRG analysis and strategic healthcare budgeting. Source: (Accardo et al., 2011)

F IGURE 4 Timeline shows the evolution of federally funded health care programs.Source: (Averill, 1989)

further reducing miscoded claim submissions (Garvin, Watzlaf, & Moeini, 2006).
To cooperate with national policies, the budgeting method of regional hospitals can be used to realize the principle of
fairness and justice. Computer assisted audit techniques for predicting the drop of DRG can helpmedical management
and accounting personnel achieve a win-win situation for hospital revenue and the improvement of national health.
In addition, it can prevent medical institutions from cheating on health insurance income.

3 | TEACHING CASE OBJECTIVES

Judging from the continuous occurrence of major financial fraud incidents in the world, we can see the long-term
deviation of risk awareness, and how to effectively implement internal control and improve the concept of audit
systemwhether it is corporate departments, government departments or NGO groups. In addition to the international
requirements for compliance with regulations, effective risk management operations focus on the intervention of the
three lines of defense of internal control.
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F IGURE 5 Three lines of defense in internal control. Source: (Anderson & Eubanks, 2015).

The U.S. Committee of Sponsoring Organizations of the Treadway Commission (COSO) and the International Institute
of Internal Auditing (IIA), in an IIA position paper, stated that there are three lines of defense in internal control as
follows:

1. The first line of defense comprises the functions that own and manage risk.
2. The second line of defense comprises the functions that oversee risk.
3. The third line of defense includes functions that provide independent assurance.

The first line of defense is responsible for and continuously manages the risks that arise from operational activities.
The function of the second line of defense is to formulate overall policies and establish a management system to
assist and supervise the first line of defense in risk management and self-assessment implementation. The third line
of defense is the internal audit unit, responsible for checking and evaluating the effectiveness of internal control and
risk management systems, which are designed and implemented by the first and second lines of defense and providing
suggestions for improvement in a timely manner. (Anderson & Eubanks, 2015)
The accounting audit system is the third line of defense. The audit unit and accountants should improve upon the items
listed in the inspection opinions and address missing items listed in the review and internal control system statement.
Such issues should be reported to the supervisors or audit committees for review as an important item for rewards,
punishments, and the performance appraisal of each unit. Thus, the lack of internal control can be addressed. With
the introduction of CAC and accounting audit systems, the effectiveness of the internal control and risk management
systems will be implemented by the third line of defense. It also provides healthcare organizations and providers with
a mechanism to reduce potential issues of fraud and abuse in medical coding (Cangemi, 2013).
DRGs aim to classify patients into several categories based on similar clinical conditions and the level of hospital
resources required for similar treatments. These categories are identified using DRG codes, each of which is assigned
a relative weight according to the relative amount of hospital resources used to treat patients. These relative weights
are used to calculate the reimbursement for paying more when a patient’s care requires more resources and reducing
the paymentwhen a patient’s care requires fewer resources. Therefore, the bestDRGmanager for a specific healthcare
payer is the organizer who can most accurately predict the relative hospital resource usage of all services reimbursed
by the payer from the perspective of hospital reimbursement. Considering the importance of providing reasonable
service payments, DRG managers should classify the length of hospital stay to most accurately predict the relative
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hospital resource usage of the care provided to each patient. In addition, DRG grouping has other benefits, such as
helping measure the quality of hospitals and classifying the types of care reimbursed by payers. Likewise, as with any
tool, DRG groupers need to be assessed for long-term viability and reliability. In summary, the criteria recommended
for evaluation of different DRGs are as follows:

• Accuracy in categorizing the relative cost of care for the full range of services reimbursed by the Medicaid
agency.

• Long-term viability in the ever-evolving healthcare industry
• Ability to contribute to the measurement of hospital quality.
• Familiarity and experience being used in the industry.

Medical Managers’ Need for Accurate Prediction of DRG Drop Point
The selection of a DRG Grouper for a Medicaid population is an important job. DRG service performance indica-
tors are calculated using DRGs based on large sample data, thereby producing highly objective results. Thus, when
evaluating the clinical specialty of a hospital’s medical services, DRG technology provides a useful clinical specialty
classification tool for hospital managers. It also provides a basis for comparing the performance indicators of different
service providers in the same specialty using objective data. Therefore, these DRG-based assessments of specialty
medical service performance allow hospital managers to objectively understand their specialty’s service performance,
including their strengths and weaknesses, providing scientific and objective assistance and guidance for improving
the service quality (Barros, 2003; Fung et al., 2008; McKay & Deily, 2005; Pirson et al., 2013). Notably, complicated
case-mix systems such as DRGs are based on good medical information systems and valid data (Averill, 1989; Geissler,
Quentin, & Busse, 2015; Simoes, Freund, Grzeschiuchna, Schwoerer, & Schmahl, 2002). In other words, the validity
of applying DRGs as a tool for risk-adjustment and healthcare management is seriously dependent on the coding
quality of the discharge data. Therefore, all countries must consider the importance of implementing DRG systems,
to establish and maintain accurate and effective medical information systems (Martins & Travassos, 1998; Tzavaras,
Spyropoulos, & Gruen, 2006).

4 | BACKGROUND OF THE TEACHING CASE

4.1 | Industry Outlook

The DRG payment system was developed in the 1960s at Yale University in the US due to concerns about high
costs and the search for alternative methods of payment. The DRG system was officially adopted in 1983 by the
US Health Care Financing Administration (HCFA) as the basis for payment for hospitalization of Medicare patients.
The DRG system has been the basis for paying for hospital care in the US since 1999 by most health insurers and
has been adopted by other industrialized countries. In the DRG system, hospitals are funded based on a predefined
payment rate for diagnoses or procedures in 495 classifications. This incentivizes the appropriate use of services
with a reduction in length-of-stay, efficient use of diagnostic and treatment procedures, and reduces overall bed
capacity. The DRG system, however, encouraged the falsification of diagnoses or reported severity of case definitions
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to increase revenues, which became known as “DRG creep.” Prospective payment systems, such as DRGs, support
rational use of hospital care as an effective way to achieve a balanced health service system and must be associated
with quality assurance mechanisms. A regional approach for hospital budgeting as part of a comprehensive network
helps to achieve equity and provides incentives for increasing health in the population.
DRGs are a type of hospitalization payment system that divides the doctors who diagnosed patients with the same
type of disease and conducting similar treatment into the same group. Then, the patients are divided according to
patient’s age, gender, presence or absence of complications, and discharge. The conditions are subdivided into groups,
and the group of diseases in the same group is calculated based on the data of the services provided by the medical
community in the past. This system is implemented to calculate future hospitalization expenses that the insurer should
pay to the hospital. The payment method is called “package payment.”

4.2 | Teaching Objectives and Activities

The main goals of DRG policies are as follows:

• To improve the efficiency of medical services (reduce waste)
• To improve patient care quality and efficacy via the clinical path.

Meanwhile, the design principles of DRGs are as follows:

1. To maintain the overall point value of hospital’s stability.
2. To keep the principle of flat for total points before and after the implementation.
3. To protect critical patients and reduce hospital financial impact.

The proposed teaching case can train students to answer the following key questions:

1. How can the drop point of the DRGs be predicted?
2. What analytic parameters can be used to analyze the DRGs?
3. Can a machine-learning project be created to learn from the case and predict the drop point of the DRGs?
4. What good learning parameters can be used for the DRGs machine-learning model?
5. How can the machine-learning result model be evaluated as a good knowledge model?
6. How can students extend their new knowledge from the self-directed project to predict bankruptcy for other

hospitals?

International Journal of Computer Auditing, Vol.3, No.1, Publication date: 2021



S.M. Huang and C.H. Tsai 11

4.3 | Prediction Analytics for DRGs

The results vary depending on the cost of taking care of patients in the hospital for each disease. Practically speaking,
the drop point of the classification report is divided into four major areas:

1. Area A. This drop point is below the threshold of the lower cost limit, which is used to verify the declaration.
In other words, the amounts of patient costs and health insurance payments are determined.

2. Area B1. This drop point is between the threshold of the lower limit of the cost and the fixed payment point,
which is the hospital’s money-making area. Thus, the cost of treating patients is low, but the health insurance
still pays the amount.

3. Area B2. This drop point is between the fixed payment point and the tipping point of the upper limit of the
cost, in which the hospital district loses money.

4. Area C. This drop point above the threshold of the upper limit of the cost, which is the hospital’s money loss
area. The cost of exceeding the upper limit threshold will be paid 20% off.

The hospital expenses of DRG payment are calculated as follows.
For example, DRG will have a fixed payment amount X, also called fixed payment, a lower cost threshold, and the
tipping point. The results vary depending on the cost of taking care of patients in the hospital for each disease.
Practically speaking, the drop point of the classification report is divided into four major areas:

1. Area A. This drop point is below the threshold of the lower cost limit, which is used to verify the declaration.
In other words, the amounts of patient costs and health insurance payments are determined.

2. Area B1. This drop point is between the threshold of the lower limit of the cost and the fixed payment point,
which is the hospital’s money-making area. Thus, the cost of treating patients is low, but the health insurance
still pays the X amount.

3. Area B2. This drop point is between the fixed payment point and the tipping point of the upper limit of the
cost, in which the hospital district loses money. Therefore, the cost of treating patients is higher than X, but
health insurance will only pay the X amount.

4. Area C. This drop point above the threshold of the upper limit of the cost, which is the hospital’s money loss
area. Thus, the cost of treating patients is higher than X, but the health insurance will only pay X amount, and
the cost of exceeding the upper limit threshold will be paid 20% off.

For example, the fees in the examples are hypothetical, and the actual payment is based on practice. Today, a patient
with appendicitis is arranged for admission to the hospital. The fixed payment point for appendicitis is 10,000 points.
The lower and upper limits of the cost are 5,000 and 15,000 points, respectively. The hospital may face the following
three conditions for DRG payment.

1. If the patient is cured, the area of payment point is A with 3,000 incurred cost. The hospital can then apply
for a 3,000-health insurance payment. In other words, the hospital did not make any profit.
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2. If the patient is cured, the area of payment point is B1 with 7,000 incurred cost. The hospital can then apply
for a 10,000health insurance payment. In other words, the hospital earns 3,000 points.

3. If the patient is cured, the area of payment point is B2 with 18,000 incurred cost. The hospital can then
apply for a 2,400health insurance payment. In other words, the hospital loses 5,600 points [10,000 + [(18,000
15,000) × 0.8 = 2,400].

To properly use health insurance resources and take care of all people with medical needs, the selection of a DRG
grouper for a medical population is critical. We hoped to establish this teaching case to help DRG grouper in predict-
ing DRGs as a starting point, thereby triggering students to analyze the editing of DRG codes in depth through the
machine-learning model using computer-assisted audit techniques (CAATs). This, in turn, will allow for the accurate
prediction of the drop point of The National Health Insurance Inpatient DRGs.

F IGURE 6 Structure diagrams of the machine-learning process. Source: (Huang & Wang, 2020)

4.4 | Machine-Learning Method

Figure 6 illustrates the four main phases in the supervised learning process. Supervised learning, also known as su-
pervised machine learning, is a subcategory of machine learning and artificial intelligence. It is defined using labeled
datasets to train algorithms to classify data or predict outcomes accurately. As input data is fed into the model, it ad-
justs its weights using a reinforcement learning process, which ensures that the model has been fitted appropriately.
Supervised learning helps organizations solve for a variety of real-world problems at scale. Supervised learning uses
a training set to teach models to yield the desired output. This training dataset includes inputs and correct outputs,
which allow the model to learn over time. The algorithm measures its accuracy through the loss function, adjusting
until the error has been sufficiently minimized. (Rouse, 2020)
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Phase 1: Data Preparation

The machine determines the laws from the massive amounts of data; hence, it must deal with inconsistent data
formats, missing or invalid values, and so on to keep the data clean. The other process in this phase is called feature
extraction, which extracts useful features from the data, such as consumption amount.
Phase 2: Training

Data scientists choose machine-learning models with appropriate performance. Many machine-learning algorithms
exist, such as neural networks, random forests, support vector machines, and decision trees. These algorithms are
difficult to learn for most business school students, especially accounting students. To avoid this difficulty, CAAT
tools, such as ACL, integrate the above artificial intelligence (AI) algorithms as a backhand learning model. Students
can simply use the frontend TRAIN command interface to submit the training data with several parameters into the
backend AI algorithms to implement the machine-learning process, which runs suitable AI algorithms. The system
then generates a prediction model.
Phase 3: Model Evaluation

Students must evaluate the prediction model. Several methods exist to evaluate the performance of the prediction
model. Students should learn these methods and make a professional judgment in selecting a good prediction model.
Phase 4: Prediction

If students accept the prediction model, they can put the model into the prediction dataset using the PREDICT com-
mand. The result of the dataset includes two new fields: the prediction value and prediction probability.
Phase 1: Data Preparation

The collated data used in this teaching case were recorded in an Excel file (DRG_data_predicted.xlsx). The training
data with the sheet name “train” covered the 2019.1–2019.12 period for this case. Meanwhile, the prediction data
with sheet name “predict” cover the 2020.1–2019.9 period for this case. Table 1 presents the data structure of the
teaching case. Students must import the “DRG_data_predicted.xlsx” with sheet name “train” as training data into ACL/
for further machine-learning processing using the command “Import” on the ACL software menu. Students can select
the import command by following the Wizard to import the data. Figure 7 depicts the Import process flow.
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Table 1: The major data structures of the teaching case

Source: https://www.nhi.gov.tw/Content_List.aspx?n=DCCBE9C48349FFF0&topn=5FE8C9FEAE863B46
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F IGURE 7 Import process flow.

Phase 2: Training

The ACL software has added the “Machine Learning” command that is divided into datasets using tagging classification
features: the “Training” machine recognition rules and “prediction.” The two parts of the results of the new dataset
and the detailed operation process are as follows:
Machine-learning time

The function provides users with the time to set the machine-learning analysis data to determine the best model.
Moreover, it provides the maximum analysis time for each data point to determine the analysis measurement mode,
marker classification features, and training factors.
Select prediction variables.

The following are the Tw-DRG review key points: the necessity of admission or main surgery (treatment), the appro-
priateness of diagnosis and treatment, the correctness of diagnosis and treatment codes, the transfer of expenses
related to the scope of hospitalization, the appropriateness of medical expenses for cases exceeding the upper limit
threshold (Outlier), and whether the discharge status is stable. Thus, we consider and try importing several quantified
amounts as variables.
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Training model selection

The training model is divided into two categories: classification and regression. The result of the prediction required in
this teaching case is “Benefits area of DRGs,” which is divided into two types of results. The first type is “Target,” which
indicates a high probability of hospital making-money, and the second type is “Non-target,” which indicates a hospital
balanced or loss of health insurance payment. In this teaching case, the prediction model formed by machine learning
training is named the “DRG_Model,” and the result of the model evaluation data is stored as “DRG_Evaluation.” The
ACL forms the prediction models and model evaluation results (Figure 8).

F IGURE 8 Set the machine-learning training method and time.

After the training, ACL selects the best machine-learning algorithm from the selected scorer to build the prediction
model. Here, ACL selects “Gradient Boosting Classifier” as the machine-learning algorithm (Figure 9). For the details
of the algorithm, students can read relative machine-learning textbooks (Geurts, Ernst, & Wehenkel, 2006). For data
analytics, evaluating the model is more important than going into detail regarding the algorithm.
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F IGURE 9 Machine-learning training result

Phase 3: Model Evaluation

To learn how to evaluate the classification models, students should learn about the confusion matrix (Figure 10). The
true positive (TP), true negative (TN), false positive (FP), and false negative (FN) are extracted from the confusion
matrix after the classification operation (Narkhede, 2019). When the “training” machine-learning analysis data rules
are completed, ACL provides the model correlation coefficients found in the learning process and the weight standard
of the relevant indicators. Then, ACL evaluates the reliability of the model formed after machine learning. Figure
11 presents the machine-learning training prediction model evaluation results and the metrics. To determine the
detection efficiency of the proposed algorithms, metrics, such as accuracy, precision, recall, and F1, can be used. The
definitions of these metrics are presented in Figure 11.

F IGURE 10 Confusion Matrix. Sources: (Narkhede, 2019)
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F IGURE 11 Evaluation results.

Phase 4: Prediction

When the training model has been established, the teacher can perform a “prediction” function on the new dataset
(no classification features) according to the learning process model to determine whether the judgment results of the
new data are accurate. First, the prediction data (DRG_data_predicted.xlsx) are imported. Then, students will click the
machine learning in the function menu and the Predict command. Figure 12 illustrates the Predict command interface.
Students input the model’s name “DRG_Model.model,” which is learned in the training process phase. After the pre-
diction instruction is executed, the system automatically saves the prediction results to the “DRG_predicted_2020”
table (Figure 13). A predicted “target” is generated, which indicates a high probability of hospital profit. Thus, the
machine-learning case successfully predicts the accurate drop point of DRGs.

F IGURE 12 Predict command interface
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F IGURE 13 Predicted result interface.

After obtaining accurate predictions, we can further use ACL’s built-in functions to record possible errors and unrea-
sonable files in the dataset, as shown in Figure14. Finally, for the convenience of the operator’s continuous use, ACL
provides project creation functions as a sharing and teaching interface, as shown in Figure 15.
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F IGURE 14 Import process flow and navigator of predict set.
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F IGURE 15 Navigator of script for predicted model.

5 | CONCLUSION AND SELF-LEARNING ASSIGNMENT

Students can learn from the above process by performing a self-directed project for predicting accurate drop point of
The National Health Insurance Inpatient DRGs. Some assignments that can be used in class are as follows:
Practice 1: Using different fields and scorers to train the Panel_Training_Data and predict the Panel_Predict_Data.
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Practice 2: Discussing why most training models predict the “Non-target” result.
Practice 3: Reviewing how to deal with the imbalanced labeled data for the DRG prediction project.
This teaching case aims to increase students’ interest in the prediction of the DRG drop point. Moreover, this teach-
ing case uses medical financial management as an example to design the self-learning experiment to assess student
learning effectiveness standards and the examples of a related implementation in medical management. The design
of teaching cases must include teaching objectives, activity content, implementation methods and procedures, and
requirements. Successfully implementing teaching cases relies not only on the teachers’ professional experience but
also on detailed advanced planning and stimulating students’ interest in learning. By combining the real case of medi-
cal management with machine learning in the hospital, the design of this teaching case aims to provide students with
forward-looking and innovative teaching, which can trigger their willingness to understand and continue an in-depth
discussion on issues related to business management.

6 | NOTES FOR THE INSTRUCTORS

When using this teaching case in the classroom, we recommend that students read the relevant course materials,
especially the applications ofmachine learning in the field of accounting and auditing, before performing their analyses.
The following are some of the articles recommended for students:

1. The New Public Health Third Edition. In The New Public Health Third Edition (pp. 1-884). (Tulchinsky, Var-
avikova, & Bickford, 2014)

2. General Supply Warehouse: A Case Study in Internal Control Assessment and IT Auditing Software, Interna-
tional Journal of Computer Auditing, Vol.1, No.1, pp.26- 63. (Hall, J. & Ziltz, K., 2019)

3. Research analysis on emerging technologies in corporate accounting. Mathematics, 8(9), 1589.(Abad-Segura
& González-Zamar, 2020)

Machine learning is an area of computer science that learns from large amounts of data, identifies patterns, and makes
predictions about future events. In the past few years, machine learning has been increasingly used in the accounting
and auditing professions (Ucoglu)
Technological developments, such as machine learning, which enable the processing of data rapidly and without any
errors or bias have been widely employed in several areas. Thus, the potential for machine learning algorithms to
provide accountants and auditors with enhanced data analysis is high. Machine learning tools designed by humans
can perform many tasks that can help auditors and accountants. For instance, instead of sampling data, an entity’s
entire ledger can be audited using automation. (Shimamoto, 2018)
In the future, accounting and auditing will go through more significant changes due to machine learning, artificial
intelligence, big data usage, blockchain, and other technological developments, and will be increasingly supported by
automation. (Türegün, 2019)
Song et al. (2014) studied how to assess the financial statement fraud risk by applyingmachine learningmethods. Their
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experimental results, obtained from implementing a back-propagation neural network, C5.0 decision tree, logistic
regression, and a support vector machine, demonstrated that non-financial risk factors and a rule-based system led to
lower error rates. Thus, they concluded that the proposed approach could decrease the financial risks of stakeholders.
(Song, Hu, Du, & Sheng, 2014)
Most accounting and auditing tasks have a mechanic and repetitive nature, making them suitable for machine learning
applications (Zemankova, 2019). New technologies, such as machine learning, have given rise to different ways of
accomplishing tasks, which has also affected the accountancy and auditing professions. Despite its drawbacks, the
use of machine learning has many advantages, such as increased efficiency and effectiveness owing to faster data
analysis, high quality audit, error reduction, early identification of risks, and creating a competitive advantage. This
rapid transformation of the accounting and auditing professions has created a need for ethical governance in terms of
implementation. Additionally, regulatory guidance and oversight are also required for machine learning and artificial-
intelligence tools used in the processes of accounting and auditing companies. (Munoko, Brown-Liburd, & Vasarhelyi,
2020)
Medical technology and computer communication industry obtain the advancement of information technology. The
smart hospital has gradually received attention. Various medical institutions have also begun promoting smart medical
care from the early electronic medical records to the current big data applications, such as smart wards, smart halls,
bedside service system, wearable device applications, and robots.
The World Health Organization (WHO) provides the following definition for all the smart healthcare (eHealth): "ICT
is related applications in the medical and health fields, including medical care, disease management, public health
monitoring, education, and research." In the past, medical managers must manually complete all performance report
consolidation and accounting tasks. Then, they are also committed to finish the complex and error-prone data collation
manually. If a hospital can develop a set of smart reports for the reporting needs of the administrative unit or the
reporting needs of the National Health Insurance Agency, users can generate the required reports on their own. In
addition to immediately obtaining the required information and making predictions, a win-win situation and maximum
benefit can be achieved for the national health insurance costs and the public’s medical rights.
With the improvement of computing power, AI technology based on deep learning has made breakthroughs. AI
technology can imitate the human brain to make a certain degree of logical and illogical judgments in many fields; it
can eventually make human-like decision-making judgments. In the case of large amounts of data with good quality,
AI algorithms can achieve excellent results. However, fewer data and more data errors will result in computer “wrong
learning,” thereby giving poor results. In addition, compared with “rule-based” intelligent coding, the interpretability
of AI models is not strong, which is also a major reason for the limitation of AI in many medical applications. Therefore,
the most ideal medical record homepage auxiliary coding is based on medical knowledge and is established through
AI algorithms. Such a system can not only retain strong medical interpretation but also obtain high efficiency and
scalability of AI algorithms. The coding process not only involves medical-related knowledge but also requires the
coding personnel to have a certain logical judgment ability. For example, a suitable diagnosis can be selected as
the main diagnosis from a plurality of discharge diagnoses, or when faced with multiple diagnosis information, the
diagnoses that can be combined can be appropriately coded and combined. Under this premise, machine learning and
deep learning algorithms can assist this link to a certain extent. With the gradual advancement of the DRG payment
method reform, the accuracy of coding needs to be paid close attention to. Many informatization manufacturers in
the market have also begun paying attention to the technical realization of intelligent auxiliary coding.
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With the gradual advancement of AI technology, intelligent auxiliary coding from electronic medical record data based
on AI technology will have a broader prospect. According to international experience, accurate clinical and cost data
are the necessary condition for successful DRG payment in various countries. Therefore, when implementing the
DRG payment system, all countries will set up special departments to collect, process, supervise, and review data.
DRG involves a series of highly specialized key technical links, such as coding, medical records, grouping, weight and
rate calculation, and quality supervision. Judging from the status of talents in Taiwan, the training of professionals in
different fields must be strengthened continuously. The construction of a continuous training mechanism guarantees
a professional talent for the sustainable development of theDRG payment system reform. Especially in the district and
small regional hospitals, the quality of data has been low for a long time and urgently needs to be improved. This low
quality is due to the low level of hospital informatization, lack of professional medical records and coding talents, and
clinicians not paying enough attention to clinical data, especially the accuracy of coding. To ensure the accuracy and
efficiency of DRG grouping, medical institutions must quickly improve coding accuracy through professional training
and informatization methods such as intelligent coding.
Finally, we have made some suggestions and implications for the instructors to better understand the significance and
association of the teaching case in auditing/accounting information systems courses.

1. What an instructor needs to do before using the case?
Teachers need to understand the computer audit software-ACL data analysis software before class. The pur-
pose of this lesson plan is to teach students to be familiar with ACL software, to import data, data search, big
data analysis, machine learning and visual reporting, and convert daily data into decision analysis data.

2. What is the suggested approach when using the case?
To familiarize students with the use of ACL software for data import, data search, data analysis and machine
learning, it is recommended to guide the actual machine operation step by step in detailed steps.

3. What is the suggested approach when using the case?
To familiarize students with the use of ACL software for data import, data search, data analysis and machine
learning, it is recommended to guide the actual machine operation step by step in detailed steps.
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