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Abstract

The internal audits of a company are a fundamental process for quality assurance and proper compliance with different
processes within a company. For this reason, it is also important that companies are able to adequately plan their
implementation; But it often happens that companies do not have the necessary tools to make these adequate plans.
Within the topic of planning, in this context, the factors of effort of internal auditors in work hours and capacity
(number of audits) are taken into account. These aspects are vital for the organization of times and audits over a period
of time, since, if an adequate calculation is not made, it can significantly affect planning and trigger different
consequences for the company and its processes. Given the above, it was proposed to develop and implement
predictive and prescriptive analytics models to facilitate the planning and optimization of internal audits in terms of
hours and number of audits (2 models); improving an (existing) digital planning tool. Historical audit information was
obtained, worked and processed within an IT company. Different Machine Learning Python libraries were applied to
carry out the modeling process, which include: PyCaret, H20, FLAML, TPOT, LazyRegressor, among others.Various
evaluation metrics such as coefficient of determination (R2), root mean square error (RMSE), mean square error
(MSE), and mean absolute percentage error (MAPE) were used to evaluate the models. The best results were obtained
by Random Forest models, where R2 metrics of 94.40% and a MAPE of 6.26% were obtained for the hours of effort
model; An R2 0f 90.49% and MAPE of 6.77% were obtained for the capacity model.
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1. Introduction

The aspect of quality has been a highly relevant topic for companies in recent years. It has been found that adequate
quality management in companies leads to better success indicators, such as: product or service quality, customer
satisfaction, operational and economic performance (Sila, et al., 2020). Internal audits are one of the greatest tools that
help ensure quality in the processes of a company.

An audit is defined as “the process of reviewing and verifying the operation of a company, either comprehensively or
in a specific aspect; which is carried out with a precise and detailed methodology to identify incidents, eventualities,
diagnoses, panoramas and points of opportunity” (Auren México, 2021). Internal audits help ensure that a company's
processes are done correctly and appropriately, therefore, ensuring better quality in them and in the results that come
from them.

From the above lies the importance of a company's internal audit process being effective and efficient. One of the key
aspects for a successful execution of internal audits is their planning. According to Selvarajah (2019), proper internal
audit planning ensures the efficiency, effectiveness and quality of internal audit processes. Otherwise, audits do not
adequately fulfill their purpose and end up slowing down a company's improvement processes.
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In this project, the current internal audit planning system of a technological and digital solutions company in Mexico
will be analyzed and improved. The planning techniques and tools analyzed and developed along this project are
quantified in terms of the effort of the internal auditors in working hours, internally referenced as “Audit Effort”, and
in capacity (number of audits), which is referenced as “Total Projects”.

It is worth mentioning that this project provides continuity to the previous project: Improvement of the internal audit
planning system in an IT company through predictive analytics. The most relevant results of this project include:
e A forecasting model was developed that is capable of predicting the number of hours required (Actual Effort)
to perform a certain number of audits in a two-week period (referred to as Sprint). This model has an average
margin of error (MAPE) of 8.27% and R? of 96%.
e A digital automatic Actual Effort forecasting tool was developed that serves as support for the company's
audit planning system.

1.1 Objectives

Develop and implement predictive and prescriptive analytics models to facilitate the planning and optimization of
internal audits in terms of hours (“Actual Effort”) and number of audits (“Total Projects”); in such a way that the
digital management tool is improved and a data visualization system is generated.

To achieve this main objective, the following particular objectives must be met:

e Implement prediction models that are capable of predicting team capacity (“Total Projects”) per Sprint, with
a maximum margin of error (MAPE) of 15% and a minimum R? of 85%.

e Re-train the “Actual Effort” prediction models with more updated information, keeping the MAPE below
15%.

e Develop and implement prescriptive analytics models that are capable of maximizing “Total Projects” per
Sprint for the auditor team.

e Application of Machine Learning to improve and extend the digital tool by adding short and long-term
predictive models, and optimization models for “Total Projects”.

e Develop a data visualization system that allows monitoring KPIs and statistical information with historical
and real-time data.

2. Literature Review

Calculating the capacity required to perform certain audits is essential for effective planning and implementation of
the internal audit system. The main objective of our literature research was to learn from the experience and practices
of other researchers and authors, as well as to become familiar with the algorithms and metrics derived from previous
studies similar to ours. The research phase comprehensively covered two main aspects related to capacity and capacity
planning: its interaction with optimization models and prescriptive analysis, and its connection with the characteristics
and factors of team members or workers. This project aims to support the planning system by prescriptively estimating
the capacity of the audit team, as well as the hours required to complete a specific number of audits in a work cycle
(sprint). One of the main challenges we faced was the lack of information available in professional articles that
specifically address the prediction of hours of effort in audits. Some of the highlights identified in certain studies
include prescriptive analytics in capacity planning, equipment capacity planning, integration of prescriptive and
predictive analytics, among others.

The first aspect of the review focused on capacity planning and prescriptive analysis. Despite initial challenges in
finding specific literature on capacity in audits using prescriptive analytics, expansion of search terms provided
promising results. The definition of “capacity” was highlighted and the prevalence of topics such as production
capacity planning and equipment capacity optimization were illustrated (Tektas et al. 2022; Nasser and Mitschele-
Thiel 2022; Geng and Jiang 2007; Chang 2019; Ghoniem et al. 2016). In addition, the relevance of prescriptive
analysis algorithms was emphasized, with mixed and integer programming models, stochastic programming and
heuristic optimization being the most prominent among the reviewed documents.

In the current era, characterized by complexity and uncertainty, prescriptive analytics emerges as an indispensable
tool for capacity optimization in various sectors. This discipline, which integrates machine learning models with
advanced optimization techniques, allows organizations to not only understand and predict complex dynamics, but
also formulate optimal and adaptive strategies.
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Integer mixed linear programming is a pillar in this approach, providing a framework for making optimal decisions in
scenarios that require a combination of integer and continuous variables. This technique is observed in energy capacity
planning, where investments, maintenance and operations must be managed in volatile contexts (Tektas et al. 2022).
It allows modeling and solving multifaceted problems, simultaneously considering multiple factors and constraints.

On the other hand, heuristic optimization offers fast and effective solutions for large-scale problems, typical in the
optimization of coverage and capacity in telecommunications. These techniques allow efficient and real-time
adjustments, essential in an environment where speed and adaptability are critical (Chang, L. 2022)

Furthermore, Integer Programming and Stochastic Programming Models are fundamental in human resource planning
and operations management. These models are especially useful for making sequential decisions under uncertainty,
as seen in capacity planning for semiconductor manufacturing (Geng and Jiang, 2007) and (Ghoniem et al. 2016).

The integration of these optimization models with machine learning techniques, such as neural networks and decision
trees, represents a significant advance. These machine learning models feed optimization systems with accurate
forecasts and relevant variables, improving the quality and efficiency of strategic decisions. This combined approach
is particularly powerful in contexts such as energy capacity planning and resource allocation in hospitals, where
decisions must be both strategic and adaptive.

The second aspect involves the analysis of capacity with the characteristics of the workers. Although obstacles were
encountered in locating studies that specifically addressed both topics, the adaptation of search terms allowed for a
successful collection of relevant literature. A correlation was observed between “ability” and “performance,” with a
significant focus on worker performance. The articles reviewed not only addressed individual and group performance,
but also relevant characteristics and factors of workers that predict and evaluate performance using mainly Machine
Learning techniques (McComb et al. 2017; GururamaSenthilvel et al. 2023; Prasad et al. 2023; Banu et al. 2020;
Rivaldo and Nabella 2023; Srividya Prathiba 2023; van Geffen 2020). In addition, the variables used in these models
were evaluated, highlighting those related to education, intelligence, work experience and age, and the metrics used
to evaluate the effectiveness of the models were reviewed, with "accuracy" being the most prevalent.

Methods and models used in the studies were identified and analyzed, with regression analysis and the Decision Tree
models predominating. In addition, the variables used in these models were evaluated, emphasizing those related to
education, intelligence, work experience and age, and the metrics used to evaluate the effectiveness of the models
were reviewed, with "accuracy" being the most prevalent.

There are various evaluation methods and algorithms used to make these estimates. These include neural networks,
decision trees, reinforcement learning and algorithms such as Support Vector Machines (SVM), which have become
essential tools for solving complex problems in various sectors.

Neural networks are particularly effective at capturing complex, non-linear relationships between variables.
Goodfellow et al. (2016) mentions that these models are inspired by the human brain, composed of interconnected
units called neurons, organized in layers. These networks can adapt to different contexts, learning from patterns and
trends in historical data. However, its effectiveness depends on the quality and quantity of available data, and its
implementation may require advanced technical knowledge. In the area of capacity planning, neural networks have
been used to forecast electricity demand and optimize investments in energy capacity (Thammaboosadee and
Wongpitak, 2018). In evaluating employee performance, they allow a range of variables to be analyzed to predict
performance.

Decision trees are supervised learning algorithms used for both classification and regression. They are based on a
hierarchical tree structure, where each internal node represents a characteristic and each branch a possible decision.
They are particularly useful for understanding the logic behind decisions and for handling non-linear data (Fang and
Jen-Hwa 2020). In design equipment optimization, decision trees help evaluate equipment characteristics and their
relationship to equipment performance (Geffen, 2020).

Reinforcement learning, used in coverage and capacity optimization in telecommunications, is based on the idea of

rewards and penalties to direct decision making (Naseer and Mitschele-Thiel, 2012). It is effective for dynamically
adjusting configurations in environments. changing. On the other hand, SVM is a powerful method to find optimal
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hyperplanes in high-dimensional spaces, maximizing the sparsity between classes (MathWorks, 2023). This technique
has proven valuable in predicting audit outcomes and evaluating employee performance (GururamaSenthilvel, et al.
2023).

3. Methods

In this project, the ASUM-DM methodology will be implemented to carry out the prescriptive model and develop the
tool within the planning of internal audits. ASUM-DM, an extension and refinement of CRISP-DM developed by
IBM, is an iterative process for implementing analytics projects. This methodology allows us to remove phases from
it depending on the nature of the project.This methodology is detailed in a more elaborate way below (only phases or
stages that were applied to this particular project are elaborated):

1. Analyze-Design-Configure-Build

e Preparation level assessment
This stage involves assessing the organization's readiness for analytics, including data availability, technology, skills,
and culture. It is verified whether the organization is ready to undertake the project and whether the prerequisites have
been met.

e Business understanding: It consists of understanding the needs of the business and how the analytics project
can satisfy those needs.

e Data understanding: It involves reviewing and understanding the available data, its quality, structure and
relevance to the business problem.

e Infrastructure design and validation: This stage refers to the design of the technical infrastructure necessary
to implement the analytical solution and its validation.

e Planning and establishment of environments: In this phase, the different environments necessary for
development and implementation are planned and established, such as the development, testing and
production environment.

e Data preparation: Here data cleaning, transformation, engineering, formatting and integration activities are
performed to prepare it for modeling.

o Modeling: Selection, application and fine-tuning of algorithms and analytical techniques to generate models
that answer business questions.

e Assessment: Review of the models created to ensure that they satisfy the business objectives.

e Analytical knowledge transfer: Share analysis results and models with interested parties.

e Define deployment plan: Here you define the plan to implement the analytical solution in the production
environment.

e Operational test strategy design: Plan how models will be tested in an operational environment.

e Validation and testing: Test models and infrastructure before deployment.

2. Deployment
e Deployment: Implementation of the models in a production environment.
e Launch: This activity marks the transition of the project to a functioning service. The solution is made
available to end users.

3. Operate and Optimize
e Monitoring: Continuous monitoring of model and infrastructure performance. This phase involves
continually monitoring the performance and usefulness of the analytical solution.
e Operate, Optimize and Improve: This activity refers to the maintenance and continuous improvement of
models and solutions based on feedback and observed performance.

4. Data Collection

Throughout this project, several versions of databases were granted to work with; This is because it was found in
different cases that these databases had certain defects such as incorrect, incomplete information, etc. Eventually, a
final version was obtained that had the most complete and correct information possible. Certain processes and
adjustments were made to the database for use in subsequent stages. First, the database was filtered where only the
projects or audits of auditors that belonged to the Mexico team would be left. Afterwards, a standard data cleaning
and/or engineering process was carried out. By the end of the adjustments, the database had 3840 records.
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Once the previous adjustments were made, it was decided that two sub-versions of the database would be generated:
one for the Actual Effort model and another for the capacity model, since each one occupies different columns or
variables of the database. These versions were obtained through the data grouping process. This technique generally
helps to reduce high volatility problems of a database, which is the present situation of the database. In this case, the
database records were grouped based on the Sprint variable; In other words, all records that had the same Sprint were
grouped (the Sprint variable takes into consideration the current year and semester).

With the grouping of the database for the Actual Effort model, a new database was generated, which contains 78
records. The database variables were also reworked due to the grouping; the nature of the records changed and the
original variables were no longer suitable for these records. Previously, each of the records represented a project or
audit; currently, each record represents a Sprint. Different new variables were worked on and generated, which
include:

e  Number of projects or audits carried out (or “Total Projects”)

e  Sprint (number)

e Semester (number)

e Count of projects carried out by each type of WBS Category (internal categorization of projects of the

organization); 11 variables resulted (each category has a different column or represents a variable)
e  Number of hours of effort it took to perform the Sprint audits (new dependent variable)

Feature Importance (FI) and Permutation Feature Importance (PI) tests were carried out, which are tests to determine
to what degree the variables explain and/or influence the behavior of the dependent variable and how effective they
are all together. According to the FI test, the variable of greatest importance for the model (and with a very
considerable weight) is Total Projects, followed by the Sprint variable and several variables related to the WBS
Category.. Although most of the variables have very little weight, the combination of these is very effective. The
above is concluded because a metric called score was calculated, which represents what percentage of the dependent
variable (Actual Effort) can be explained with the same variables. This percentage resulted in 96.39%, which is very
favorable. The results of the PI are very similar (score of 95.69%) to those of the FI and the same can be inferred.

In the case of the database for the capacity model, it also contains 78 records and was also grouped based on the Sprint
variable. Different variables were generated for this version; in total 7. These variables are detailed below:
e Number of projects or audits carried out (Total Projects; dependent variable)
e  Sprint (number)
e Semester (number)
e 4 variables were developed that show a count of the number of auditors segregated by the percentage of their
work time they dedicated exclusively to audits along the Sprint. Four approximate occupancy percentages
were established: 25%, 50%, 75%, and 100% (each percentage represents a variable or column).

The FI and Pi tests were also applied to this database to analyze the variables in more detail.

The auditor count variable by percentage of occupancy in 50% audits is the one that most influences the dependent
variable; followed by the variables 25% and Sprint. The score received by the test is 90.93%, which means that,
together, the variables effectively explain the dependent variable. These same observations are also true for the case
of the PI.

The PI score is 89.57%, which is very close to that of the FI. As very favorable results were obtained for both tests, it
can be concluded that the variables for the capacity model are highly effective (except for the 100% variable, which
shows a very low or even null significance in both tests).

5. Results and Discussion

5.1 Initial Results

Different Machine Learning Python libraries were applied to carry out the modeling process, which include: PyCaret,
H20, FLAML, TPOT, LazyRegressor, among others. After some initial tests, the number of tools was reduced to just
PyCaret, H20 and LazyRegressor, because they were the ones that gave the best results (generally). These tools
specialize in training and optimizing prediction models of many types and have a wide variety of customization and
flexibility for model development and show great detail of the results obtained. Various metrics were applied for
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evaluation of the models, these being: coefficient of determination (R?), root mean square error (RMSE), mean square
error (MSE), and mean absolute percent error (MAPE) which was the most prioritized metric.

During the first stages of this project, the models obtained did not show very favorable results, which developed the
need to apply certain tools and techniques to try to obtain better results. This includes the use of PCAs, ensemble
models (predictive models that combine several models into one), among others. These models (overall) slightly did
not reach the established goal of the MAPE metric (maximum 15%) and had a very low R? metric (a minimum of 85%
was sought).

Eventually, better results began to be obtained once the final or latest version of the database was obtained. Throughout
the modeling process with this database, a significant progress was made that generated very satisfactory results in
the modeling.

5.2 Improved Results

Within the modeling process, there is a stage where a division of the database is made; this with the purpose of having
a portion of the database that serves to train the model (represents a high percentage of the records in the database)
and another portion that serves to evaluate the models obtained (represents a low percentage of the database). In
practice, randomness is used to determine these portions of data. During modeling of the latest version of the database,
it was discovered that the random division of training and evaluation data significantly affected the results of the
models (even affecting which types of models were the best). Seeing this, it was decided to carry out a large-scale
analysis of how the results of the models varied based on different training and evaluation data. This is known as a
Cross-Validation test.

First, using some of the Machine Learning libraries, a series of automatic modelings were performed with different
instances of test and evaluation data. For each of these tests (only 10, because these Machine Learning libraries would
have taken a lot of time with more tests), the best 3 models were retrieved and their results were recorded in a table.
Once the previous table was obtained, a general analysis of the results was carried out to determine which types of
models were the most appropriate. We analyzed which types of models appear most frequently as the best, which had
the most appropriate means, minimums and maximums for different metrics, among other observations. At the end of
this analysis, it was concluded which were the best types of models for the data. Once the best types of models were
obtained, an analysis was performed to see how the results of each type of model vary depending on the training and
evaluation data set. For this, a code was applied that generated 1000 different models of the same type of model but
with different training and evaluation data sets (each one); For each modeling, the results and metrics obtained were
recorded. Once the previous was obtained, a general analysis of the results for the type of model was carried out,
where the behavior of the R* metric was mainly analyzed, which is the metric that generated the most conflict in the
modeling (the MAPE metric generally met with the established goal). If the majority of the R? results obtained
throughout the 1000 tests showed data above 70%, the type of model implemented was considered appropriate and
effective (in addition to meeting the established goal of the MAPE, a low RMSE and did not have overfitting).
Histograms, averages, and record counts were used for these observations. Finally, if a type of model passed the Cross-
Validation test successfully, we proceed to obtain (within the 1000 tests of different training and evaluation data) the
best version of the model (and its respective data set of training and evaluation)l. These optimal models were registered
to later make a selection of the best models. If any of these models did not give favorable results, they were discarded.
Table 1 shows the best models obtained for the Actual Effort Model.

After the modeling stage, the models with the most outstanding metrics for both the Actual Effort and Capacity models
were compiled, such as the R2 test, the difference between R2 train and test, MAPE (in %) and RMSE.
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Model: Actual Effort

Table 1. Results of the best models for Audit Effort

Model Seed (train y test) R2 test Difference MAPE RMSE
RandomForestRegressor(max_features=0.9, max_samples=0.9) | 600 91.40% 3. 1% 6.21% 16.05
LassoLarsCV(max_n_alphas=500, precompute=False) 892 86.27% 9.93% 6.27% 16.47
AdaBoostRegressor(random_state=5711) 768 88.86% 5.84% 6.61% 16.13
LassoCV(random_state=0) 223 86.39% 9.21% 6.31% 20.75
linear_model.BayesianRidge() 768 85.88% 7.16% 6.58% 18.16
RandomForestRegressor(random_state=0) 77 89.06% 6.72% 6.64% 18.49
BaggingRegressor() "7 88.30% 6.55% 7.02% 19.12
LassoCV(random_state=0) 35 85.12% 9.28% 7.18% 17.36

It can be seen, at first glance, that the models meet the proposed objectives, where all have an R2 Test greater than or
equal to 85%, as well as the MAPE ranges between 6.21 and 7.18% (results lower than the 15% established in
particular objectives). Furthermore, the RMSE (in hours) ranges between 16.05 and 20.75 hours (Table 2).
Below the best three models are shown:

Table 2. Three best models for Audit Effort.

RandomForestRegressor LassolLarsCV
(max_features=0.9, (max_n_alphas=500, AdaBoostRegressor
max_samples=0.9) precompute=False) (random_state=5711)

R:Train 91.29% R:Train 76.34% R:Train 83.02%
R2Test 94.40% ReTest 86.27% R:Test 88.86%
Diferencia: 3.11% Diferencia: 9.93% Diferencia: 5.84%
MAPE Test: 6.26% MAPE Test: 6.32% MAPE Test: 6.61%
RMSE Test: 16.05 RMSE Test: 16.47 RMSE Test: 16.13
Random Seed  600.00 Random Seed  892.00 Random Seed  892.00

The Random Forest Regressor model with optimized parameters stands out, obtaining an R2 Test of 94.40%, a MAPE
of 6.26% and RMSE of 16.05 hours (Table 2).
Model: Capacity

Table 3. Results of the best models for Capacity

Model Seed (train y test) R2 test Difference MAPE RMSE
RandomForestRegressor() 551 90.49% 5.66% 6.77% 4.57
PoissonRegressor() 13 75.76% 7.45% 9.37% 5.95
PoissonRegressor() 773 75.32% 7.39% 10.10% 5.43
PoissonRegressor() 945 77.14% 8.91% 10.12% 5.55
SGDRegressor(alpha=0.1, max_iter=500) 805 70.42% 8.40% 10.78% 6.42

It can be seen, at first instance, that the models meet the proposed objectives, where all have an R2 Test greater than
or equal to 85%, as well as the MAPE ranges between 5.74 and 6.11% (results lower than the 15% established in
particular objectives). Furthermore, the RMSE (in hours) ranges between 3.16 and 3.99 projects (Table 3).

Below is the best model (Table 4):

Table 4. Best model for Capacity

Random Forest
Regressor

METRIC RESULT
R:Train 96.15%
R:Test 90.49%
5.66%
6.77%
4.57
551

Difference:
MAPE Test:
RMSE Test:

Random Seed

© IEOM Society International 588



Proceedings of the International Conference on Industrial Engineering and Operations Management

The Random Forest Regressor model stands out with the default parameters with an R2 Test of 90.49%, a MAPE of
6.77% and RMSE of 4.57 projects.

5.3 Prescriptive Analytics Results

Our project effectively employed heuristic optimization via iterative searching, a method where a loop systematically
generates and evaluates possible solutions within set constraints to find an optimal solution. Initially, we imported and
trained a database with a predictive model, performed an initial forecast, and established constraints for variables
including the desired range of forecast outcomes. The code iteratively generates variable combinations, forecasts
outcomes with a pre-defined model (Random Forest), and updates the best-found solution if it enhances the current
one and adheres to constraints. Although not guaranteed to find the universally optimal solution, it efficiently identifies
a sufficiently optimal solution within computational bounds. The resultant optimization, showcased with an example
in Figure 1, adheres closely to the maximum established value, complying with constraints and presenting a logical
variable combination.

INITIAL RESTRICTIONS SOLUTION

Initial Variables: Restrictions Provided: Proposed Combination:

Sprint | Sem ‘ 25% | 50% | 75% | 100% * Minimum forecast value: 50. Sprint | Sem | 25% | 50% | 75% | 100%
1 1 6 2 2 0 « Maximum forecast value: 56. 1 1 2 8 0 0
Forecast: * Maximum number of auditors: 10. Optimized solution result:

44 projects « Fixed Sprint and Semester value. 56 Projects

Figure 1. Comparison between initial forecast and the optimization solution (Falta cambiar la figura a inglés)

This optimization method was compared to other optimization options (for instance, differential evolution) and stood
out as the best option in terms of computation, practicality and effectiveness.

5.4 Validation

It is worth mentioning that the web application contains several points where data and user inputs are validated before
certain operations are performed. The previous is done because, in these parts of the application, if an invalid operation
is done (for example, writing a character in an user input that should be numeric), the application would crash. Code
was implemented so these crashes wouldn’t happen and, instead, display a personalized error message which would
let the user know what was done wrong and to try again. More of this is explained in Section 5.5.

A preliminary version of the web application was made available for use to certain auditors. This was mainly done for
the purpose of getting some preliminary comments and suggestions from the auditors. The auditors had an overall
positive feedback. They were satisfied by the web application and its intuitive framework. Also, they liked all the
detail and extensiveness of the results and information that is presented on it.

As already mentioned in previous sections, many metrics were evaluated to determine the best Actual Effort and
Capacity models. Many methods were also applied to make a more detailed and complete analysis to evaluate the
same metrics, such as Cross Validation and the Law of the Great Numbers. All of the previous led to a complete
analysis of the results and it can be concluded that all metrics and methods showed satisfactory results; being aligned
with the project’s objectives.

5.5 Deployment

In the deployment phase of our project, we introduced a web application tailored for audit planning and analysis,
leveraging the Python-based Streamlit framework to facilitate user interaction with predictive and prescriptive models,
as well as data visualizations. This application integrates Plotly for dynamic charting, alongside pandas for data
manipulation and sklearn for model training, embodying a minimalist and intuitive user interface.
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The application's "Import Data" feature allows users to upload updated CSV files, ensuring the models remain relevant
over time by reflecting the latest "Actual Effort" data. This functionality is critical for maintaining the accuracy of the
"Audit Effort Model," which offers two model types: a pre-trained model and one retrained with newly imported data,
utilizing the PyCaret library for model selection and Cross Validation for optimal prediction accuracy. Predictions are
presented with confidence intervals to account for variability, enhancing reliability (Figure 2).

Figure 2. Audit Planning Tools - Audit Effort Models

e posoke et Predictive Model for Audit Effort Hours per Sprint

Thisforecasting model predicsthe hours needed for audits n ach sprn, iding i ficentplanie

GO The effort forecast is: 139.96 hours

Select Sprint and Semester:

Enter the number of pojects by W8S
categ

Wodel Metrics Info

In the "Audit Capacity Models" section, users navigate through a three-step process to plan, predict, and optimize
audit capacity. This involves inputting variables, comparing planned vs. potential audits, and using an objective
function with customizable constraints for optimization. The process utilizes stored variables from previous steps to
align the optimization with user-defined parameters (Figure 3).

Figure 3. Audit Planning Tools - Audit Capacity Models

=
3- Optimize Your Capacity

Complete each step in order:
Run the optimization model by clicking Optimize. (Add more
restrictions if necessary).

1-Plan Your Capacity

2- Predict Your Capacity

Optimization Criteria: ~

Modify your Restrictions (If Objective Function: Maximize Total Projects
necessary):

Restrictions
LT R e S e *  Minimum Total Projects of 50 (Planned Capacity)
i ea *  Maximum Total Projects of 55
Number of auditors available: *  Number of auditors available in this sprint: 10
*  Sprintand Semester Consistency: The Sprint and Semester values, once defined by the user, must remain

constant.

Optimize &

e: Tight restrictions may impact the robustness of the optimization results.

The "Dashboard" tab offers extensive data visualization options, allowing users to analyze various aspects of the audit
process, from overall database metrics to specific analytical views like time series and histograms, leveraging the
interactivity provided by Plotly. This dashboard enhances user engagement and understanding of the data through a
variety of visual representations, including box plots, pie charts, bar charts, bubble plots, and area plots, each offering
different insights into the audit data (Figure 4).
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Audit Effort Time Series

= [~ ]
[o]
= [~ ]
A
m
[conicro L icicom o Lo <]

Figure 4. Dashboard - Audit Planning Tools.

Overall, the web application serves as a comprehensive tool for audit planning and analysis, enabling users to import
data, select and train models, and visualize outcomes through a highly interactive and user-friendly platform. This
deployment highlights the application's role in facilitating efficient audit management and decision-making processes.

6. Conclusion and Recommendations

Through the use of different automatic modeling libraries in the Python programming language, hundreds of models
were generated and trained in order to be able to predict the number of hours of effort (Actual Effort) needed to
perform a certain number of audits in a Sprint and the number of projects (Total Projects) that can be performed in a
Sprint based on certain input data. The best results or models were obtained with the Lazy Regressor and Pycaret
libraries. For the Actual Effort model, a Random Forest Regressor was obtained as the best model, with optimized
parameters, obtaining an R? Test of 94.40%, a MAPE of 6.26% and RMSE of 16.05 hours. For the capacity model, a
Random Forest Regressor model was also obtained, with optimized parameters, obtaining an R? Test of 90.49%, a
MAPE of 6.77% and RMSE of 4.57 projects.

Different optimization methods were explored to optimize the number of projects that can be audited in a period of
time. The heuristic optimization method based on iterative search turned out to be the best method in computational,
practical and effective terms.

Finally, visualization and Machine Learning libraries were applied to complement and/or improve the digital
management tool. These libraries allow you to monitor KPIs and statistical information with historical and updated
data from the audits carried out by the auditors. Additionally, there are now more complete and precise methods and
processes for forecasting Actual Effort and Total Projects. Very positive feedback was received from auditors about
the digital tool in general.

These methods and solutions to the objectives of this project are recommended for other projects or solutions that
have a similar nature or theme to that of this project. Additionally, it is recommended that this study be carried out
from time to time because, over time, the optimal models found at the time this project was carried out may not
adequately represent how the nature of the data behaves in future times.
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