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Abstract

Internal auditing is a fundamental process for quality assurance and compliance of processes within a company. For
this reason, it is very important that companies can adequately plan its execution. One of the most important aspects
to consider for effective planning is the calculation of the estimated time it takes to execute the audits. This project
proposes the use of machine learning to develop a model that can predict the effort time (referred to as Actual Effort)
that is required to carry out a certain number of audits in a period of two weeks (referred to as Sprint) in an information
technology services company. In the early stages of the project, it was intended to develop an algorithm that predicts
the Actual Effort for a single audit, but due to inefficient results, the approach of predicting the Actual Effort per
Sprint was preferred. Many types of models were implemented along the project and various evaluation metrics, such
as coefficient of determination (R?), symmetric mean absolute percentage error (SMAPE), and others, were evaluated.
The best results were obtained by an ETR model where an R? of 96% and a SMAPE of 8.47% were obtained.
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1. Introduction

According to Auren México (2021), an audit is “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”. Today, the importance of internal auditing
in companies is more significant than ever because quality in all aspects of the company (also known as Total Quality
Management) is now a necessity to maintain competitiveness in a market. Internal auditing is precisely responsible
for making this a reality and verifying that the proper functioning of a company's internal processes are being met
(Grimaldo, 2014). Additionally, among the many benefits of applying internal auditing, a company can improve risk
management and its business operation (Sampattikorn et al. 2012).

Proper planning and organization in the execution of internal audits are necessary for their best use and effectiveness.
Audit effectiveness contributes to proper procedure realization and operations of the company and, therefore,
contributes to the whole organization’s effectiveness (Dittenhofer 2016).

In this context, the following paper evaluates the current internal audit planning system of an information technology
services company. Currently, the company has a very limited capacity on the part of internal auditors, therefore,
internal audits need to be adequately planned. If a planned audit is not carried out, the repercussions could include
financial penalties by the client, since in certain projects the number of audits to be carried out is contractually agreed.
Likewise, it can generate dissatisfaction on the part of the client in the presence of errors and non-compliance with
internal company policies.

Unfortunately, the current method used for planning the audits to be carried out by estimating the hours of effort
available is deficient and imprecise. Based on a comparison between planned and actual hours for conducting audits
in various 2022 sprints, on average, there is a 25% margin of error. The margin of error that exists in the hours of
effort directly affects the performance and results of the auditing team in terms of the number of audits that are planned
and those that are actually carried out and, as a consequence, the previously mentioned repercussions take place.
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1.1 Objectives

Develop a predictive model that can estimate the hours of effort required to perform a certain number of audits in a
sprint, in order to support the internal audit planning system of the company, and thus reduce the margin of error that
exists between the planned Effort hours and actual effort hours by at least 10%.

To achieve the objective, the following particular objectives must be met:
e Determine the variables that result in the best effectiveness and accuracy of the predictive model.
e Implement multivariate predictive models that make possible to explain and predict Actual Effort in such a
way as to reduce the current margin of error by at least 10%.
e Develop an user friendly Actual Effort prediction tool to support the company’s internal audit planning
system.

2. Literature Review

Estimating the effort required to carry out an audit is essential for the successful planning and execution of the internal
audit system. The main purpose of literature research was to learn based on the experience and practice of other
researchers and professionals, as well as to know the algorithms and metrics obtained from other studies like the one
being carried out. This project focuses on supporting the planning system with the prediction of the hours of effort
required to perform a certain number of audits in a sprint. Some of the challenges we encountered was the limited
information available in professional papers or articles that covered the same topic of predicting hours of effort in
audits. Some of the most relevant issues in some works were task execution times, estimation of hours of effort in
projects, among others.

There are different evaluation methods and algorithms used to make these estimates, each with their advantages and
disadvantages. Four methods are presented below: the expert-based method, the neural network-based method, and
the decision tree model and support vector machine (SVM).

The expert-based estimation method uses the experience and knowledge of expert professionals in the field to make
estimates, so some of its virtues are specialized knowledge, especially those who have direct experience with similar
projects (Faria and Miranda 2012). Expert-based estimates may be biased by personal opinions and individual
preferences. However, the estimates may be biased by personal opinions and individual preferences, impairing the
objectivity of these.

Several studies have used machine learning models to estimate the duration of different tasks or projects based on
different contexts. These models include neural networks, decision trees and other approaches (White and Hassan
2019; Lishner and Shtub 2022; Chen et al. 2010; Hamada et al. 2014).

In addition to many proposed techniques, Artificial Neural Networks and decision trees are methods widely found in
the literature for predicting time-based projects (Chen et al. 2010; Attarzadeh et al. 2012: Kuenkaikaew et al. 2013).

The neural network-based estimation method uses machine learning algorithms to predict the effort required based on
historical data, so the model can learn from patterns and trends in historical data and adapts to different contexts
(Aggarwal 2018). Neural networks have the virtue of capturing non-linear and complex relationships between
variables. In addition, several development environments for implementing the algorithms are used, such as Jupyter
Notebook, RStudio, Google Colab, among others. However, the downside of this machine learning method is a
reliance on historical data. In addition, some advanced models of neural networks require technical knowledge for
their implementation and training. Goodfellow et al. (2016) describes a neural network as a model inspired by the
human brain to learn and perform specific tasks. It consists of a set of interconnected units called neurons, organized
in layers and connected to each other to process information in parallel. In (White and Hassan 2019), logistic
regression models and recurrent neural networks (RNN) with GRU cells and attention mechanisms are used to predict
task duration. The models of neural networks achieve an approximate accuracy of 80%. In (Lishner and Shtub 2022),
a tool based on artificial neural networks (ANN) is proposed to calculate the duration of projects. This tool
automatically adapted to different forecasting methods and data sets and showed high accuracy. In (Chen et al. 2010),
a model based on neural networks is proposed to improve the accuracy in project duration prediction. The model
stands out for obtaining a MAPE of 8.38%. Nevertheless, in (Hamada et al. 2014), deep neural network algorithms
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were used, where an average error rate of 38% was obtained. The model can predict the estimated value of the project
time, which optimizes the scheduling process. However, the MAPE is very high and far from the metrics that are
sought.

In (Neskorodieva et al. 2020) it is implemented different neural network models and techniques, such as Jordan neural
networks, Elman neural networks, LSTM (Long-Range Short-Term Memory), among others, to forecast indicators in
the audit task. The techniques with the lowest root mean square error were Modified Liquid State Machine (MLSM),
Echo State Network (ESN) and Liquid State Machine (LSM).

Support Vector Machine (SVM) is a supervised machine learning algorithm used for classification and regression
tasks. It works primarily by finding an optimal hyperplane in a high-dimensional feature space that better separates
data points of different classes. SVM aims to maximize the spread between the support vectors, which are the data
points closest to the decision limit (MathWorks, 2022). In (Kuenkaikaew 2013) decision trees (J48), logistic regression
and support vector machines (SVM) are used to predict audit results. However, the SVM obtains the highest accuracy
with 79.36% approximately.

A Decision Tree is a supervised learning algorithm used for both classification and regression problems. It is based
on the hierarchical structure of a tree, where each internal node represents a feature, each branch represents a possible
decision based on that attribute, and each leaf represents a result or output (IBM n.d). In (Kuenkaikaew 2013) a set of
variables is used to predict the state of sales transactions. Decision trees, logistic regression and SVM are used,
obtaining a precision that varies from 61.53% to 79.41%.

3. Methods
The methodology applied for this project is CRISP DM. This methodology is particularly made for data analytics
related projects. The methodology is explained step-by-step below (IBM 2021):

1. Business Understanding: This phase of the methodology focuses on understanding the context of the
business or research and the specific problem that is being attacked with the project. Additionally, certain
aspects of the project are established, such as objectives, restrictions, and others.

2. Data Understanding: During this phase of the methodology, data collection and a preliminary analysis of
the same are carried out to generate initial observations and evaluate data effectiveness to make the model.

3. Data Preparation: This phase of the methodology involves a series of processes and actions that serve to
separate the important or relevant data from what is collected. Data is usually modified or reworked in
different ways, to enrich or make the information more practical for modeling. This phase is usually very
laborious compared to the others.

4. Modeling: This phase, as its name would imply, consists of using filtered and clean information to build a
model that can explain the behavior of the data.

5. Evaluation: This phase consists of applying different metrics and tools to verify the effectiveness and quality
of the model or models obtained in the previous phase. Based on the evaluation results, decisions are made
on how to proceed with the project.

6. Deployment: This is the last phase of the methodology; in essence, it consists of using the model in business
or research to see its contribution and effectiveness in real cases.

In case of obtaining unsatisfactory results in any of the phases, it is possible to return to the previous phases to try to
complement or modify the data, hoping to obtain better results. Some phases like Modeling and Evaluation can be
performed in parallel, since it is often the case that as models are generated, they need to be evaluated to improve their
performance.

4. Data Collection

The initial data provided by the company consisted of a record of completed audits from early 2020 to mid-2022. The
records contained various variables that were used for a descriptive analysis and initial preliminary models. Feature
and Permutation Importance tests were implemented to evaluate the significance of the variables and how much they
could explain the dependent variable (Actual Effort). Both tests and preliminary models showed unsatisfactory results,
so it was determined that more variables needed to be added to the database to obtain better results.
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To complement the initial database, two other databases were merged to it (provided by the company’s auditors).
While the number of variables to generate models increased, a significant portion of records were lost (from around
3000 records, more than half of them were lost) due to inconsistencies. This new merged database gave overall slightly
better results, but not close enough to the objective that was established. A few more changes were applied along the
way, generating more different versions of the database; these changes mainly included adding and/or removing
variables and reprocessing them, adding and/or removing records. Still, the auditors that were collaborating in this
project disapproved of the processed data since many records were eliminated.

Due to the previously mentioned reasons, it was determined that, to avoid losing records, the original or initial database
would be reworked by the auditors. The initial database, besides not having enough variables, had many spelling
mistakes and missing information. The auditors reworked the database by correcting any existing mistakes or missing
values and complemented it with more variables. The newly reworked database was tested and used to generate many
models, but still, even after applying several techniques (for instance, Principal Component Analysis or PCA) the
results were still unsatisfactory.

Every model generated was based on predicting the Actual Effort per audit. As previously mentioned, generally, the
results with this approach were non-compliant with the objectives that were established. A last technique that was
applied to try to get better results was grouping the data. With the data available and at the request of the company’s
auditors, it was concluded that grouping the records by Sprint (period of two weeks) was the best approach to carry
out. Before, each of the records represented a project or audit, but after grouping them, each record represents a Sprint.
The database variables were also reworked because of the same grouping; the nature of the records changed, and the
original variables were no longer suitable for these records. The new generated variables are the following:
e Number of projects or audits carried out in the Sprint (referred to as Project Count).
e  Sprint (number).
e Semester (number).
e  Count of projects carried out by each type of WBS Category (WBS Category is an internal categorization the
company has for its audits. For each category, in total 11, there is a different column or variable).
e Count of projects carried out by each Audit Type (Audit Type is an internal categorization the company has
for its audits. For each category, in total 3, there is a different column or variable).
e Count of projects carried out by each Engagement Type (Engagement Type is an internal categorization the
company has for its audits. For each category, in total 2, there is a different column or variable).
e Number of hours of effort (Actual Effort) it took to perform the audits in the Sprint (new dependent variable).
The only significant downside with this new database is that, due to the grouping, the number of records has
considerably decreased; from around 3000 records, it was reduced to only 48 (in other words, there were only 48
sprints registered in the database).

5. Results and Discussion

5.1 Initial Results

As previously mentioned in the Data Collection Section, many changes were applied to the database to get better
results. Each change that was applied generated different versions of the same database which were all modeled using
different types of models, such as: Multiple Linear Regression, Random Forest Regressor, K-Nearest Neighbors
Regressor, Support Vector Regression, Gradient Boosting Regressor, Extra Tree Regressor, XGBoost Regressor,
Artificial Neural Network Regressor (ANN Regressor) and even automatic modeling tools such as Auto ML and Lazy
Regressor. Additionally, for each change or version of the database, Feature and Permutation Importance tests were
applied to evaluate the importance or weight of each variable for modeling. It is worth mentioning that these tests also
calculate a metric called model score, which is a metric that explains how much (in percentage) the variables of a
database explain the behavior of the dependent variable (ranges between 0% and 100%; the higher, the better). Each
of these models were also evaluated. The various metrics that were applied for evaluation included: coefficient of
determination (R?), root mean square error (RMSE), mean square error (MSE), mean absolute percent error (MAPE),
symmetric mean absolute percent error (SMAPE), and mean arctangent percent error (MAAPE).

There were 5 main versions of the database before the last version was obtained. From version 1 through 5 the database
and models worked around predicting the Actual Effort for a single audit. All these versions, generally, showed poor
results compared to the established objectives. From these 5 versions, the 5th version (referred as V5) showed the best
results of them all. Firstly, the results for the Feature Importance test are shown below:
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Table 1. Feature Importance Values for the V5 Database's Top 5 Variables.

| Feature _____Importance

Sprint_num 0.2072

Audit Type_num 0.1769
Type of Engagement_num 0.1421
Expertise_num 0.1271
WhsSubcategory_num 0.1047

According to Table 1, the most significant variable is the Audit Type, which in previous versions, always manages to
position itself among the most important ones. Sprint is placed first and the Engagement Type variable (a new variable
that was added in this version) is placed third. It is worth mentioning that the differences between the importance of
these variables are small (between a variable and the one that precedes or proceeds it), therefore, it is important to
consider all these variables when modeling (including the Expertise variable onwards; there are more variables in the
test that are not shown). The model score obtained with this test is 0.8043, which is not bad, but not as high as desired.
The Permutation Importance test showed similar results in the positioning of variables but differed more in importance
values.

Table 2. Permutation Importance Values for the V5 Database's Top 5 Variables.

| Feare | Importance

Audit Type _num 0.5599
Type of Engagement_num 0.3219
Expertise_num 0.1882
WhsCategory_num 0.1294
WhsSubcategory_num 0.1029

According to Table 2, the Audit Type and Type of Engagement variables have a significantly higher importance
compared to the rest of the variables. The Sprint variable (which was the most significant in the Feature Importance
test) is not even on the top 5 for this test. Regarding having these differences, it is good to see that most of the variables
coincide between both tests. The model score for this test is also very close to the previous test, having a value of
0.8138.

In this version of the database (V5), several modeling techniques were used, such as XGBoost Regressor, Auto ML,
Lazy Regressor, and ANN Regressor. In the V5 database, several records were found with values of the Y variable,
Audit Effort, ranging from 0 to 1, which caused the MAPE to increase considerably due to its relative nature. To
address this situation, the metrics SMAPE and MAAPE were used.

This V5 database has a more realistic behavior of the dependent variable with nearly 3,000 records. As the volatility
of the data increased, efforts were made to clean the database, removing the top three outliers, and more advanced
techniques were employed to improve the models.

5.2 Improved Results

Then, the approach of grouping the data was applied to try to get better results. As already specified in the Data
Collection Section, the database was grouped by Sprints, generating the last version (version 6) of the same. Variables
had to be reworked, so applying Feature and Permutation Importance tests was necessary to evaluate the effectiveness
of the new variables. Several tests and models were implemented, trying different combinations of the variables. The
best results were obtained with a model that used the following variables: Project Count, Sprint, Semester, ENG
Managed Services, and ENG Specialized Services (the last two of these are variables related to the count of projects
according to the Type of Engagement). Table 3 shows the results of the Feature Importance test.
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Table 3. Feature Importance Values for the V6 Database.

| Featre | importance

Project Count 0.8513

ENG Managed Services 0.0733
ENG Specialized Services 0.0437
Sprint 0.0276
Semester 0.0038

As seen in the previous table, the most important variable for the model (and with a very considerable weight) is
Project Counts. This variable alone explains around 85% of the behavior of the data. This variable is followed by the
variables related to the Type of Engagement (Table 4). Although most of the variables have little weight, the
combination of these is optimal, because with few variables (5 variables) the behavior of the data is effectively
explained; the combination of these variables resulted in a model score of 0.9845, in other words, around 98% of the
behavior of the dependent variable is explained by these variables. The results of the Permutation Importance test are
very similar to those of the previous and the same can be inferred.

Table 4. Permutation Importance Values for the V6 Database.

| Feature ______importance |

Project Count 0.8508

ENG Managed Services 0.0505
ENG Specialized Services 0.0106
Sprint 0.0018
Semester -0.0107

Since the results of the Permutation Importance are very similar to those of the Feature Importance test, the
observations previously made are supported. The model score for this test is 0.969, which is also very close to the
score of the Feature Importance test.

In this version of the database (V6), the Lazy Regressor and Auto ML modeling techniques were used with the 5
variables mentioned above. Some of the advantages of the Lazy Regressor is that it performs a quick evaluation of
various regression algorithms on a data set, which simplifies the modeling phase.

According to the evaluation of the V6 database with the Lazy Regressor algorithm, the top three suggested techniques,
ordered from best to worst, are ExtraTrees Regressor, followed by Huber Regressor and Orthogonal Matching Pursuit
CV. The results obtained are shown in Figure 1.

Extra Trees Extra Trees Regressor
Regressor Optimized

Huber Regressor
Optimized

PARAMETER = RESULT PARAMETER ~ RESULT

R2Train R?Train

Huber Regressor Orthogonal Matching

Pursuit CV
PARAMETER =~ RESULT

R2Train

PARAMETER RESULT PARAMETER RESULT
R% Train 100.00% RZTrain
R? Test 96.00% R?Test

R%Test R2Test R2Test

Difference: 3.69% Difference:

Difference: Difference: Difference:

MAPE Test: | 8:27% MAPE Test: MAPE Test: MAPE Test:

RMSE Test: - RMSE Test:

MAPE Test:

RMSE Test: | 4.90 RMSE Test:

UL L

RMSE Test:

Figure 1: Results of the models suggested by Lazy Regressor for V6 database.

Figure 1 shows multiple tables containing the name of the model implemented, the parameters used as performance
metrics and the result for each parameter. The best model suggested by Lazy Regressor is the Extra Trees Regressor
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with its default parameters, which resulted in an R2 test of 96.0%, a MAPE test of 8.27%, and an RMSE test of 4.90
hours.

The results of the models in this version of the database are more satisfactory than the previous ones, meeting the
particular objective established at the beginning of the project, in which the margin of error (MAPE) must be less than
or equal to 10%. And although the model with the Octagonal Matching Pursuit CV technique has a slightly lower
MAPE, a difference of 0.03%, its RMSE is higher, as well as the difference between the R2 in the training set and the
R2 in the test set is 5.05%, which is 1.36% higher than the Extra Trees Regressor model.

On the other hand, the Auto ML technique was implemented by using the same 5 variables that were used with the
Lazy Regressor. Auto ML is a tool whose purpose is to simplify the development of machine learning models,
including the process of building, training, and model fitting.

Based on the evaluation of the V6 database with the Auto ML algorithm, the main suggested techniques, ordered from
best to worst, are ExtraTrees Regressor, followed by Gaussian Process Regressor, Hist Gradient Boosting Regressor,
Random Forest Regressor, and SGDRegressor. The results obtained with the parameters suggested by Auto ML are
shown in Figure 2.

R?Train
R?Test

R2Train
R2Test

R2Train

R?Test

Difference: Difference: Difference: Difference:

MAPE Test: MARPE Test: MAPE Test: MAPE Test:

RMSE Test:

RMSE Test: RMSE Test:

RMSE Test:

Figure 2: Results of the models suggested by Auto ML for V6 database.

The best model suggested by Auto ML is the same shown by Lazy Regressor function, Extra Trees Regressor;
however, the main difference is that in this case the model is run with the parameters that Auto ML suggested. This
resulted in an R2 test of 96.0%, a MAPE test of 8.52% and an RMSE test of 4.97 hours.

In summary, the selected model was the Extra Trees Regressor with its default parameters (suggested by the Lazy
Regressor function), which resulted in an R2 test of 96.0%, a MAAPE of 8.19%, a SMAPE of 8.43%, a MAPE of
8.27% and an RMSE test of 4.80 hours.

5.3 Validation

Once the best model was obtained and its evaluation was carried out, it was decided to carry out a validation test to
check its effectiveness with completely new and unknown real data for the model. For this validation test, the data
from the first 6 Sprints of the year 2023 were taken. With this data, forecasts were made with the model to obtain the
(estimated) Actual Effort for each of these Sprints. Table 5 compares real effort hours and those predicted by the
model, including differences and margins of error.

Table 5. Validation Test

Sprint Effort Predicted Effort Difference MAPE
2023-1-Sprint 1 196.36 155.4546 -40.9054 20.83%
2023-1-Sprint 2 196.5 167.7919 -28.7081 14.61%
2023-1-Sprint 3 334.72 290.9789 -43.7411 13.07%
2023-1-Sprint 4 163.05 129.971 -33.079 20.29%
2023-1-Sprint 5 261.3 276.0063 14.7063 5.63%
2023-1-Sprint 6 155.55 145.2431 -10.3069 6.63%

-23.67236667 13.51%
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As can be seen in Table 5, the model forecasts are effectively close to the actual data (Effort column). The largest
differences (between real and predicted) in the test show values around 40 hours, which is a bit high; while the lowest
values show values around 12 hours, which is in an acceptable range. Most of the differences show negative numbers,
meaning that the model, apparently, tends to forecast fewer hours than the real values. Regarding margins of error,
the highest values are around 20% (in two Sprints), while the lowest are around 6% (in two Sprints). On average, there
is a difference of 23 hours less than the real value, which is equivalent to an average margin of error of 13.51%, which,
although it shows a value greater than that obtained in the evaluation of the model (SMAPE and MAAPE), is excellent
since the margin of error remains within the established objective (maximum of 15% margin of error). With these
results, the effectiveness of the forecasts that the model is capable of obtaining is strengthened.

5.4 Deployment

The second part of the deployment consists of developing an App. The software was coded in Python, using the
Streamlit function as the main framework and other libraries such as Plotly for interactive graphics, Pandas and
Sklearn for data analytics. The application design was incorporated with a minimalistic and intuitive architecture and
the testing was carried out to ensure the application's functionality in all scenarios. Design and functionality tests were
conducted locally on different devices to verify the tool's adaptability and performance. After successful testing, the
tool was deployed on an official server from the company, enabling access for any auditor with the necessary
permissions. Post-deployment, detailed documentation was created for the tool's code. The aim was to provide future
effectiveness with an understanding of the program and to ensure the tool's continuous usability. Figure 3 shows a
screenshot of the App developed. As can be seen, the users will be able to predict the Actual Effort easily and fast.
The App not only shows the forecasts and their confidence limits, but also a picture of the Audit Effort dynamics.

Result
Input parameters

The effort forecast is:

Sprint Number

182.94 + 4.8 Hours

6 -
Semester Number:
Graph PN
2 - " . o e .
Audit Effort Hour “s Prediction (By Sprint)
Enter the number of projects by —e— Actual Effort
Engagement Type 600 @ predicted Effort
Specialized Services: 500
16 -+ g i
o
M d Services: =
lanaged Services: £ 300
S
2 - 4 b
200
Total number of projects to be audited: 100
Project Count:
0
40 -+

Forecast

Year-Semester-Sprint

Figure 3. Audit Effort’s Planning Tool.

Figure 3 showcases the web application’s design. On the left side of the page, you can find the sidebar, which includes
all input parameters for the model: our independent variables. At the end of the sidebar lies a “Forecasting” button,
which when pressed reveals two boxes, one containing the model’s result, and the other containing a time series graph.
The graph uses our Sprint variable as horizontal axis and our Actual Effort variable as the vertical axis.

6. Conclusion
Throughout this project, different models were run to forecast the hours of effort required for audit planning in a sprint.
As part of the recapitalization of the actions carried out, there were several versions of databases, from V1 to V6.
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Techniques such as Random Forest Regression, Support Vector Regression, kNN and Multiple Linear Regression
were implemented for each of the databases. As the modeling stage progressed, more advanced techniques were used,
such as the use of ANN, the use of the functions Lazy Regressor and Auto ML, as well as Gradient Boosting Regressor,
XGBoost Regressor, Extra Tree Regressor, Linear and Kernel PCA, among others. Finally, relevant changes were
applied to the V6 database, which consisted of grouping the database. These groupings were made based on the sprint
number, semester, and year. This helped reduce the high volatility of the data from previous versions.

After evaluating the metrics, it was observed that the Random Forest Model (Extra Trees Regressor) performed better,
with lower error values in the SMAPE, MAAPE and RMSE. The Extra Trees Regressor model with its default
parameters achieved the following results: an R2 test of 96.0%, a MAAPE of 8.19%, a SMAPE of 8.4%, a MAPE of
8.27%, and an RMSE test of 4,795 hours.

In view of this and the proposed objectives, the use of this model was recommended for the automated forecasting
tool that was developed using Streamlit in order to contribute to the planning of internal audits. This tool constitutes
an improvement in the process because in a matter of minutes, even seconds, a forecast can be made with high
accuracy. The company’s actual process for forecasting the hours of effort required to carry out the audits during a
sprint is done in a very "artisanal" way in Excel where the information is entered manually, and simple formulas are
used; this resulted in a time consuming and tedious process. The deliverables are the best model implemented with its
metrics and characteristics, the automated forecasting tool already published in the local company network, as well as
the documentation on how to use the tool following the company guidelines. It is important to highlight that the results,
metrics, and conclusions of this study are specific to version 6 of the database.

The only downside to this forecast tool is that the V6 database contains very little data. As an improvement
opportunity, it is desirable that, in the future, the model could be retrained with more and fresh data. This will help
identify any pattern or behavior that the model didn’t catch with the current data.
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