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Applicability of Predictive Analysis in Software Product

Management

Abstract

This thesis explores the integration of predictive analysis within software product
management to enhance decision-making and strategic planning. Through empirical
investigation using a simulated dataset mimicking real-world scenarios, the study
examines the impact of various factors on software product revenue and success. It
emphasizes the gap between theoretical knowledge and practical application in
predictive analysis, offering a detailed examination of predictive modeling

techniques, data collection methodologies, and their practical implications.

The research demonstrates how predictive models can forecast product revenue,
assess product success likelihood, and inform strategic planning processes in
software product management. By evaluating different predictive models, the study
highlights the potential of predictive analysis to provide actionable insights that can

guide software product management towards more informed, data-driven decisions.

This work contributes to bridging the theoretical-practical gap and underscores the

value of predictive analysis in software product management.

Keywords: Predictive analysis, software product management, data-driven decision

making, predictive modeling, strategic planning
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Chapter 1

Introduction

Software product management encompasses the process of planning, developing,
launching, and managing software products. It is a multidisciplinary role that
connects technology and business. Making well-informed judgments regarding
product development is essential for success in the software industry. Predictive
analysis, which uses historical data and statistical algorithms to forecast future
outcomes, has emerged as a powerful tool in this context. By predicting multiple
benchmarks such as market trends, customer behavior, and product performance,

software product managers can make data-driven decisions to optimize strategies.

The use of predictive analysis in software product management reflects a
convergence of data science and product strategy. This strategy helps businesses to
innovate and proactively respond to market demands in addition to improving
decision-making processes. The use of predictive analysis in software product

management has many potential benefits.

Using an empirical investigation, this thesis seeks to investigate the usefulness of
predictive analysis in software product management. This study uses a simulation
dataset that mimics real-world data to investigate the influence of different factors on
software product revenue and success. This study holds importance for multiple

reasons:

e It seeks to address the gap between theoretical knowledge and practical

application of predictive analysis in software product management.



The utilization of a simulation dataset offers specific illustrations and
discernments that can assist software product managers in formulating well-

informed selections.

By providing empirical validation for the advantages of using predictive
analysis, it advances the body of knowledge in the field of software product

management.

The primary objective of this research is to understand and demonstrate how

predictive analysis can be used in the field of software product management. Using

the aforementioned simulation dataset, this study will:

Analyze the provided dataset to identify patterns and correlations among
variables that influence software product outcomes.

Develop predictive models to forecast product revenue and determine the
likelihood of a product’s success or failure.

Evaluate the applicability of predictive analysis in software product
management.

Offer recommendations on integrating predictive analysis into strategic

planning processes.

The main goal of this study is to provide a basic structure on how predictive analysis

can be applied in software product management.



Chapter 2

An Overview of Predictive Analysis

Predictive analysis involves using historical data, statistical algorithms, and machine
learning techniques to identify the likelihood of future outcomes. The fundamental
ideas of predictive analysis are examined in this chapter, along with its methods,

resources, and industrial applications.

2.1 How Predictive Analysis Is Done

2.1.1 Methodologies

Methodologies ranging from sophisticated machine learning models to statistical
approaches form the basis of predictive analysis. Conventional statistical techniques,
(for example logistic regression and linear regression) form the basis for the
prediction of categorical and continuous outcomes. Linear regression is utilized for
its simplicity and efficiency in predicting a continuous variable, such as sales or
temperatures, based on other variables. Logistic regression, on the other hand, is

applied to binary outcomes, like pass/fail scenarios or customer churn predictions.

Advanced methodologies include neural networks, a branch of machine learning
inspired by the structure of the human brain, and decision trees, which map out a
series of options and their potential outcomes. Neural networks are also capable of
identifying intricate patterns and relationships within the data. These techniques have
evolved to handle larger datasets and more intricate models, thanks to the advent of

big data technologies and increased computational power.



Machine learning models, especially deep learning—a subset of ML that utilizes
layered neural networks—have significantly expanded the capabilities of predictive
analysis. These models excel in extracting insights from data.

2.1.2 Tools and Technologies

Numerous tools and technology make it easier to apply predictive analysis. Because
of their large libraries and frameworks that make the process of developing
predictive models easier, open-source programming languages like Python and R are
the most popular in the field. Python, with libraries such as Scikit-learn, TensorFlow,
and PyTorch, is particularly favored for its readability and the vast community
support it enjoys. R is highly regarded for its statistical analysis capabilities and is

widely used in academia and research settings.

Beyond programming languages, platforms like SAS and SPSS offer comprehensive
environments for statistical analysis, including predictive modeling. Tableau is
primarily known for data visualization, but it also incorporates predictive analysis

features, enabling users to integrate predictive insights directly into their dashboards.

Comparing these tools involves considering factors such as the complexity of models
supported, ease of use, integration with other data systems, and the community and
resources available. Python and R, being open-source, provide the flexibility and
extensibility often required in research and innovative projects, while SAS and SPSS

offer robustness and support crucial for enterprise environments.

2.1.2 Applications

The application of predictive analysis spans multiple sectors, demonstrating its
adaptability and value across different contexts. Studies have shown the effectiveness
of predictive analytics in various contexts, including library management (Massis,
2012) and supply chain management (Puica, 2023). These studies underscore the
versatility of predictive analytics in improving operational efficiencies and decision-

making processes.



In finance, predictive models can be used to forecast stock prices (Chaudhary, 2020).
Healthcare benefits from predictive analysis in predicting patient outcomes,
managing hospital resources, and identifying potential outbreaks of diseases
(Bellazzi & Zupan, 2008).

Marketing and sales utilize predictive models to understand customer behavior,
segment customers, and predict sales trends. This ability to anticipate future
scenarios allows businesses to allocate resources more efficiently, tailor marketing
strategies to customer needs, and improve overall decision-making (Wolniak &
Grebski, 2023).

The evolution from simple statistical models to advanced machine learning
algorithms has significantly broadened the scope and accuracy of predictive analysis
(Sharmila, Devi, & Shanthi, 2022). This progression underscores the field's growing
importance in deriving actionable insights from data, emphasizing the role of

continuous innovation in methodology, tools, and applications.

2.2 Predictive  Analysis in  Software Product

Management

2.2.1 Product Development

Predictive analysis can play a big role in the product development phase by offering
insights that can assist decision-making processes. By analyzing historical data and
market trends, predictive models can predict the feasibility and success of product

innovations.

Predictive analysis can also identify potential risks and challenges in the product
development process, allowing for proactive measures to mitigate these risks. This
not only improves the efficiency of the development process but also increases the

likelihood of product success in the market.



2.2.2 Launch and Market Analysis

The launch phase is critical to the success of any software product. Predictive
analysis can contribute to optimizing product launch strategies. The insights it can
probide has the possibility to enable companies to tailor their marketing efforts,
pricing, and distribution channels to maximize product uptake and market
penetration.

2.2.3 Lifecycle Management

Predictive analysis provides insightful information at every stage of the product
lifecycle that can help inform strategic choices. Predictive models are employed to
predict software maintenance requirements, user engagement levels, and the best

time to release updates or improvements to a product.

When it comes to software product retirement, predictive analysis also helps by
determining when it's best to phase out older models and switch customers over to
more recent options. By doing this, it is made sure that resources are used effectively
and that the product line continues to reflect changes in technology and market

demands.

2.3 Identification of Research Gap on Predicting

Software Product Outcomes

There is a noticeable lack of information in the literature about the predictive
modeling of software product outcomes based on factors like development cost,
marketing campaigns, and technology stack selections, even though predictive
analysis has the potential to become an essential component of many stages of the
software development lifecycle. These kinds of variables are important for figuring
out whether software products will succeed or fail, but they are rarely examined in

software engineering predictive models.



By offering frameworks and tools for data-driven decision-making in software
product management, closing this gap can have a substantial impact on the industry.
It would enable more efficient product management, which would eventually boost
revenue and success rates for the product.

2.4 Challenges and Opportunities

While predictive analysis has significantly advanced the field of software product
management, it presents a set of challenges that must be addressed to fully harness its

potential.

2.4.1 Challenges

There are two significant challanges that affect the applicability of predictive

analysis in software product management. These are:

e Data collection and quality

e Model accuracy and overfitting

The efficacy of predictive analysis hinges on the quality and comprehensiveness of
the data it utilizes. Collecting large volumes of high-quality data poses a substantial
challenge, especially in industries where data may be fragmented or privacy concerns
restrict access. Ensuring data accuracy, consistency, and relevance is very important

in developing reliable predictive models.

Achieving high accuracy in predictive models is difficult, and that is compounded by
the risk of overfitting. Overfitting occurs when a model is too closely tailored to the
training data, impairing its ability to generalize to new, unseen data. Balancing model

complexity with generalizability is a key challenge in predictive analysis.



2.4.2 Opportunities

As with any developing field, opportunities exist that we can benefit from when it
comes to applicability of predictive analysis in software product management. These

are:

e Integration of big data

e Sophisticated machine learning techniques

Predictive analysis now has access to previously unheard-of possibilities thanks to
big data technologies. Predictive models have the capacity to reveal more profound
insights and patterns by utilizing extensive datasets that encompass a diverse range
of factors. Big data and predictive analysis together create new research and
application opportunities, especially in the area of complex system and behavior

comprehension.

Advances in machine learning algorithms offer prospects for increasingly complex
predictive models. The modeling of intricate, nonlinear relationships in data is made
possible by methods like deep learning and reinforcement learning, which improve
the prediction power of models. These developments could lead to advances in

accuracy and application in a variety of industries.



Chapter 3

Methodology

This chapter outlines the methodology employed in this study to explore the
applicability of predictive analysis in software product management. It details the
research design, data collection process, data analysis methods, and the tools and

technologies utilized to achieve the research objectives.

3.1 Research Design

The research adopted a quantitative approach to systematically investigate the impact
of various factors on software product management outcomes. The study aimed to
identify patterns and potentially predictive insights from a dataset of software
products. The quantitative methodology facilitated the objective measurement and
statistical analysis of data related to software product development, management, and

performance.

3.2 Data Collection

The dataset analyzed in this study was meticulously constructed to simulate real-
world data, reflecting a wide range of scenarios encountered in software product
management. This approach was necessitated by the challenges in acquiring a
comprehensive dataset that spans diverse market segments, product types, and
management practices, as well as the desire to protect the confidentiality of

proprietary information.

To generate this simulated dataset, we followed a process that mirrors the
complexities and variations of actual software product development and

management. This process involved:



e Establishing a broad set of parameters based on industry standards and
real-world practices in software product management. These parameters
include development costs, market competition levels, team sizes, and more.

e Developing algorithms to generate data points for each product attribute.
These algorithms account for realistic variations and interdependencies
among different attributes, such as the relationship between development cost
and product outcome.

e The simulated data was validated against known industry benchmarks and
trends to ensure its realism and relevance. This step involved comparisons

with publicly available data on software products.

The use of simulated data allowed for a controlled exploration of the applicability of
predictive analysis in software product management, providing insights that are both
broad in scope and detailed in their examination of individual factors. The dataset is
intended to correctly reflect the dynamics of the software business, even if it does not

directly correlate to any particular real-world product.

With this decision, the study may address research topics thoroughly and is free from
biases and constraints associated with using incomplete or proprietary datasets.
Additionally, it avoids moral dilemmas with regard to secrecy and privacy, allowing
the dataset and results to be disseminated to a larger research community for

verification and additional investigation.

3.3 Dataset Description

The final dataset consisted of 2,000 entries, each with 17 variables related to

software product management. These variables include:
Product ID: A unique identifier for each product.
Launch Date: The date when the product was launched.

Target Market: The primary market for the product (e.g., Entertainment, Finance,
Education, Retail).
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Key Features: A summary of the product's key features.

Technology Stack: The main technologies used in the product's development.
Development Cost: The total cost of developing the product.

Revenue 1st Year: Revenue generated in the first year after launch.

User Feedback Score: Average user feedback score.

Number of Updates Post-Launch: The number of updates the product received

after launch.

Market Competition: The level of competition in the market (e.g., Low, Medium,
High).

Marketing Spend: The amount spent on marketing the product.
Team Size: The size of the development team.
Product Outcome: The outcome of the product (e.g., Successful, Failed, Moderate).

Customer Engagement Level: Level of engagement with customers (e.g., High,

Medium, Low).

Feature Utilization Rate: The rate at which the product's features are utilized by

users.

Post-Launch Customer Support Satisfaction: Customer satisfaction with support

after launch.

Platform: The platform on which the product is available (e.g., Web, Mobile,
Cloud).

3.4 Data Analysis Methods

The data analysis comprised two main phases: descriptive analysis and predictive

modeling.

11



3.4.1 Descriptive Analysis

The descriptive analysis phase involved summarizing the dataset to understand its
central tendencies, dispersion, and distribution. This included calculating mean,
median, standard deviation, and distribution shapes for numerical variables.
Categorical variables were analyzed using frequency counts and proportions to
understand the composition of the dataset.

3.4.2 Predictive Modeling

The predictive modeling phase aimed to identify factors that significantly influence
software product management outcomes. Multiple regression analysis was employed
to explore the relationships between independent variables (e.g., Development Cost,
Marketing Spend, Team Size) and dependent variables (e.g., Revenue 1st Year, User

Feedback Score, Product Outcome).

Additionally, machine learning techniques, (e.g. decision trees and random forests)
were used to develop predictive models. These models were trained to forecast
product outcomes based on a set of input variables, providing insights into the factors

that contribute to the success or failure of software products.

12



Chapter 4

Application of Predictive Analysis In

Software Product Management

The approach used in this study to investigate the suitability of predictive analysis in
software product management is described in this chapter. It describes the
instruments and technology used to accomplish the research objectives as well as the

data collection procedure, data analysis techniques, and research design.

4.1 Descriptive Analysis

The dataset comprises 2,000 entries, each representing a unique software product,
with variables capturing various aspects of software product management. This
section provides a descriptive summary of the dataset, offering insights into the

numerical and categorical variables.

4.1.1 Summary of Numerical Variables of the Data

Numerical Variable Summary

min mean max
Development Cost (in
USD) 463 197,278 19,367,310
Revenue 1st Year (in
USD) 153 659,200 86,410,970
Marketing Spend (in
USD) 463 121,901 19,367,310
Team Size 5 13.3 88
Feature Utilization 20.1 60.12 99.96
Rate (percent)
Number of Updates 1 9.5 17

Post-Launch

Table 4.1 Numerical Data
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Table 1's descriptive analysis reveals significant variability across software product
metrics, indicating a broad spectrum of project scales and outcomes. Despite this
diversity, the average development cost ($197,278) with the average first-year
revenue ($659,200) suggests that a typical software product tends to achieve
financial success. The findings imply that, on average, software products not only

recuperate their initial investments but also enjoy favorable market acceptance.

10
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Figure 4.1 Correlation Heatmap

The heatmap highlights several noteworthy correlations within the dataset. A strong
positive correlation exists between Development Cost and Revenue 1st Year (0.93),
suggesting that higher development costs are often associated with higher first-year
revenues. Similarly, Marketing Spend is also strongly positively correlated with

Revenue 1st Year (0.96), indicating that increased marketing investment can
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significantly impact a product's financial success in its initial year. User Feedback
Score and Number of Updates Post-Launch are moderately positively correlated
(0.88), which may reflect that products that are updated more frequently tend to
receive better user feedback. Team Size has a positive correlation with Revenue 1st
Year (0.53), implying that larger teams might contribute to higher revenues.

Interestingly, Feature Utilization Rate and Post-Launch Customer Support
Satisfaction do not show significant correlations with other variables. The lack of
strong correlations for these variables may be because of the nature of the dataset.
Since the dataset is simulated, the relationships between these variables and others
might not be fully represented, or the simulated data may not capture all the

complexities and interactions that occur in real-world data.

4.1.2 Summary of Categorical Variables of the Data

The categorical analysis of the dataset illuminates the diverse landscape of software
product management. Products span various development stages, target a wide range
of markets and employ an array of technology stacks, reflecting the multifaceted
nature of software development. Specifically, the dataset covers products across
essential industries such as Retail, Technology, and Healthcare. The distribution of
technology stacks, from Java and Swift to Python and Ruby, showcases the
technological diversity and innovation within the field. Furthermore, the balance
among Market Competition levels—Low, Medium, and High—shows the
competitiveness of the ecosystem. The outcomes are categorized as Successful,
Failed, and Moderate. Lastly, the distribution across platforms (Desktop, Web,
Mobile, Cloud) highlight the importance of strategic platform decisions in reaching

target audiences effectively.

4.2 Predictive Analysis

This chapter details the predictive analysis performed on a dataset comprising
features related to software product management. The goal was to develop a

predictive model capable of forecasting the first-year revenue of software products,
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thereby providing insights into factors influencing product success and aiding in

strategic decision-making.

4.2.1 Maodel Selection and Optimization

We began by evaluating several machine learning models, each with unique

strengths and capabilities. The initial selection included:
e Linear Regression
o Ridge Regression
e Random Forest Regressor
o XGBoost Regressor

These models were chosen for their widespread use in regression tasks and their
ability to handle datasets with complex, nonlinear relationships and varied feature

importance. Below is the code used:

X_train, X _test, y train, y test = train_test split(X, vy, test size=0.2,

random_state=42)

numeric_features = X.select_dtypes(include=['int64', ‘float647).columns
numeric_transformer = Pipeline(steps=[
(‘scaler', StandardScaler())

)

categorical_features = X.select_dtypes(include=['object’]).columns
categorical_transformer = Pipeline(steps=[

(‘onehot’, OneHotEncoder(handle_unknown='"ignore'))

)

preprocessor = ColumnTransformer(
transformers=[

(‘num’, numeric_transformer, numeric_features),

16



(‘cat’, categorical_transformer, categorical_features)

D

models = {

‘Linear Regression’: LinearRegression(),

'Ridge Regression': Ridge(random_state=42),

'Random Forest Regressor: RandomForestRegressor(n_estimators=100,
random_state=42),

"XGBoost  Regressor:  xgh.XGBRegressor(objective="reg:squarederror’,

n_estimators=100, learning_rate=0.1, max_depth=3, random_state=42)

¥

model_mse = {}
for model_name, model in models.items():
pipeline = Pipeline(steps=[(‘'preprocessor’, preprocessor),
(‘'model’, model)])
pipeline.fit(X_train, y_train)

y_pred = pipeline.predict(X_test)

mse = mean_squared_error(y_test, y_pred)

model_mse[model_name] = mse

for model_name, mse in model_mse.items():
print(f{model_name}: MSE = {mse})

Using the Mean Squared Error (MSE) as the evaluation metric, we conducted an

initial assessment of each model's predictive accuracy. The results were as follows:

e Linear Regression: MSE = 1,014,068,728,745.34

17



o Ridge Regression: MSE = 974,162,312,002.84
e Random Forest Regressor: MSE = 2,090,585,319,752.28
o XGBoost Regressor: MSE = 2,186,733,351,659.64

Ridge Regression emerged as the most effective model in this initial comparison,
demonstrating the lowest MSE and thus the highest predictive accuracy among the

models tested.

Given Ridge Regression's promising performance, we proceeded to tune its
hyperparameters to further enhance its predictive accuracy, using the below code:

ridge_pipeline = Pipeline([
(‘preprocessor’, preprocessor),
(‘ridge’, Ridge(random_state=42))
)

alpha_values = {'ridge__alpha: [0.01, 0.1, 1.0, 10.0, 100.0, 1000.0]}

ridge_grid_search = GridSearchCV(ridge_pipeline, alpha_values, cv=5,

scoring="neg_mean_squared_error’, n_jobs=-1)

ridge_grid_search.fit(X_train, y_train)

best_alpha = ridge_grid_search.best_params_['ridge__alpha’]

best_mse = -ridge_grid_search.best_score

print(f'Best alpha for Ridge Regression: {best_alpha}")
print(f'Best MSE for Ridge Regression after tuning: {best_mse}")

18



The primary focus was on adjusting the alpha parameter, which controls the model's
regularization strength. Using GridSearchCV, we identified the optimal alpha

value:
o Optimal alpha: 10.0
e Optimized MSE: 352,921,004,150.20

This optimization significantly improved Ridge Regression's performance, reducing
the MSE substantially and confirming its suitability for predicting the first-year

revenue of software products.

4.3 Results

The predictive model demonstrated the ability to forecast first-year revenue with an
MSE of 352,921,004,150.20 and an R2 score of 0.68. While at first glance, the MSE
may appear exceptionally high, this metric needs to be contextualized within the
range and scale of the first-year revenues observed in the dataset. The dataset
featured a wide range of revenue values, with a maximum revenue reaching up to
approximately $86 million. Given this substantial variance, a higher MSE is
somewhat expected, as the error metric will naturally inflate in response to the larger

scale of the target variable.

To provide a clearer perspective on the model's performance, consider the

distribution of first-year revenues:

e The mean revenue was approximately $659,200, indicating a broad spectrum

of product successes within the dataset.

e The standard deviation was substantial, at $2,533,879, underscoring the

wide dispersion of revenue figures around the mean.
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Figure 4.2 Distribution of Revenue

Given this context, the observed MSE reflects the challenges inherent in predicting
outcomes across such a broad range of revenue figures. The RZ score of 0.68,
however, suggests that the model successfully captures a significant portion of the

variability in first-year revenues, despite the wide range and the presence of outliers.

Furthermore, the analysis highlighted several key predictors of first-year revenue,
including development cost, marketing spend, and the number of updates post-
launch, among others. These findings suggest actionable insights can be gotten from

predictive analysis for managing new software products.

In summary, while the MSE is high, the overall model performance remains robust.
The predictive analysis has provided valuable insights into the factors driving first-
year revenue, offering a foundation for strategic decision-making and further

research.

20



4.4 Discussion

The results of this predictive analysis have several implications for software product

management:

e The revenue of a software product can be predicted with some accuracy even
before development starts.

o The ability to predict first-year revenue can significantly aid in budgeting and

financial planning for new products.

e Insights into which features contribute most significantly to revenue can
guide strategic decisions regarding product development and marketing.

e Understanding how different market segments respond to product features
allows for better targeting and positioning of software products.

The R2 score of 0.68 suggests that a significant portion of the variance in first-year
revenue can be explained by the model, highlighting the importance of the chosen
features in predicting product success. The high MSE, however, suggests that there is
still opportunity to increase the accuracy of the model—possibly by using alternate
modeling strategies, more advanced feature engineering, or more effective outlier

management.

In conclusion, this predictive analysis underscores the applicability and potential
benefits of leveraging data-driven approaches in software product management.
Future work could explore more detailed feature analysis, alternative predictive
models, and the incorporation of additional data sources to further refine these

predictions.
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4.5 Application of Model

Following the selection, evaluation, and optimization of the Ridge Regression model
for predicting the first-year revenue of software products, this section explores the
practical application of the model. The ability to estimate revenue for new software
products before their market launch can significantly influence software product
management. This section outlines how the optimized Ridge Regression model can
be employed to predict revenues based on product-specific details.

The Ridge Regression model, tuned with an optimal alpha value of 10.0, has been
encapsulated within a Python pipeline that includes both preprocessing and
prediction steps. This pipeline facilitates the application of the model to new data,
ensuring that inputs are processed consistently with the training data.

To demonstrate the model's application, the following interactive Python script was
developed that allows users to input specific variables about a software product

project.

categorical_features = [ Target Market', Technology Stack’]

numerical_features = ['Development Cost', 'Marketing Spend’, 'Team Size']

preprocessor = ColumnTransformer(
transformers=[
('num', StandardScaler(), numerical_features),

(‘cat’, OneHotEncoder(), categorical_features)

)

ridge_model = Ridge(alpha=best_alpha, random_state=42)
ridge_pipeline = Pipeline([

(‘preprocessor’, preprocessor),

(‘ridge’, ridge_model)
D

ridge_pipeline.fit(X_train, y_train)

22



def predict_revenue(ridge_pipeline):
print("Please enter project variables to estimate first-year revenue:")
target_market = input("Enter Target Market: ")
technology_stack = input("Enter Technology Stack: ")
development_cost = float(input("Enter Development Cost: ™))
marketing_spend = float(input("Enter Marketing Spend: "))
team_size = int(input("Enter Team Size: "))

input_df = pd.DataFrame({
‘Target Market': [target_market],
‘Technology Stack': [technology_stack],
'‘Development Cost': [development_cost],
'Marketing Spend': [marketing_spend],
‘Team Size": [team_size]

b

revenue_prediction = ridge_pipeline.predict(input_df)[0]

print(f"Estimated First-Year Revenue: ${revenue_prediction:,.2f}")

predict_revenue(ridge_pipeline)

For the purposes of experimentation, the following variables were chosen for inputs,
but all of the variables (except the target variable of RevenuelstYear) can be

integrated:

e Target Market

e Technology Stack
e Development Cost
e Marketing Spend

e Team Size
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Upon receiving these inputs, the script preprocesses the data to align with the model's
training format and then applies the Ridge Regression model to predict the project's

estimated first-year revenue.
4.5.1 Model Testing

The following tests were done using test data:
Test 1: Entertainment Software Product

e Inputs: Target Market (Entertainment), Technology Stack (Ruby, Rails,
Ember.js), Development Cost ($126,130), Marketing Spend ($92,739), Team
Size (9)

o Predicted Revenue: $323,892.83
e Product Outcome: Successful

Actual Revenue: $264,219

This prediction exceeds the actual recorded revenue ($264,219) but aligns with the
product being classified as successful. The model's estimation suggests a successful
product launch in the entertainment sector, despite the discrepancy between predicted

and actual revenues.
Test 2: Finance Software Product

e Inputs: Target Market (Finance), Technology Stack (JavaScript, React,
Node.js), Development Cost ($48,659), Marketing Spend ($8,435), Team
Size (10)

e Predicted Revenue: $21,702.27
e Product Outcome: Failed

Actual Revenue: $20,604

The model's prediction closely aligns with the actual revenue, accurately reflecting

the financial struggle associated with this project and correctly inferring its outcome
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as failed. The minimal discrepancy underscores the model's capacity to provide
reliable revenue estimates that can inform the evaluation of a project's potential

success or failure.
4.5.2 Discussion of the Model

The model demonstrates a commendable ability to estimate first-year revenues, with
varying degrees of success. It shows potential as a tool for early-stage evaluation of
software product projects.

The discrepancies observed, particularly in the first test, highlight the importance of
understanding and accepting predictive modeling's inherent limitations. They also
point to the necessity for ongoing model refinement and adjustment based on new

data and outcomes.

The insights provided by the model, through revenue predictions and outcome
inference, can significantly impact strategic decisions regarding product

development, marketing strategies, and resource allocation.

The tests done validate the predictive model's applicability in forecasting financial
outcomes and evaluating the potential success of software product projects. By
continuously refining the model with actual project data and outcomes, its accuracy
and reliability can be enhanced, further solidifying its role as a valuable tool in

product management strategies.
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Chapter 5

Conclusion

5.1 Summary of Findings

This thesis explored the applicability of predictive analysis in software product
management, specifically focusing on forecasting the first-year revenue of software
products. Through analysis utilizing a simulated dataset, several predictive models
were evaluated, with Ridge Regression coming up as the most effective, especially
after tuning its hyperparameters. The model demonstrated a significant potential to
provide valuable insights for strategic decision-making by accurately estimating first-

year revenues and inferring the potential success of software products.

5.2 Conclusions

The findings of this research underline the vital role predictive analysis can play in
enhancing software product management. The ability to forecast revenue and product
success with considerable accuracy empowers product managers in software to make
informed decisions regarding development priorities, market positioning, and
resource allocation. While the predictive model showed discrepancies in its revenue
predictions, these were within an acceptable range, considering the result didn’t
impact product outcome. This close alignment of the model's predictions with the
actual outcomes in specific test cases underscores its utility as a strategic tool in

software product management.

5.3 Limitations

This study, however, was not without its limitations:
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Data: The model's performance is heavily dependent on the quality and scope of the
dataset. The use of a simulated dataset, while beneficial for this study, might not

capture all nuances of real-world data.

Model: The focus on Ridge Regression, although justified, limits exploration into
other potentially more effective predictive models or techniques. Other models can

be used

Market: Rapid changes in technology and consumer preferences, which can
significantly impact product success, are challenging to predict accurately and
incorporate into the model.

5.4 Recommendations for Future Research

Data: Future studies could benefit from incorporating more diverse and real-world
datasets, enhancing the model's ability to generalize across different market segments

and product types.

Model: Investigating other predictive models and advanced machine learning

techniques could uncover more effective strategies for forecasting product success.

Market: Developing methods to better capture and analyze rapid market changes
could significantly improve the predictive accuracy of models in software product

management.

Despite the growing interest in leveraging data analytics across various domains, the
specific application of predictive analysis within software product management
remains relatively underexplored. This gap in research highlights a significant
opportunity to enhance decision-making processes in software development and
marketing strategies through data-driven insights. The present thesis represents a
pioneering effort to demonstrate the feasibility and potential benefits of applying
predictive analysis in this field. By developing and evaluating a predictive model to
forecast first-year revenue and assess product success, this study not only showcases
the practical value of predictive analytics in software product management but also
opens the door for further exploration and refinement in this promising area of

research. Through this endeavor, we aim to contribute to the nascent body of
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knowledge, encouraging more rigorous and extensive investigations into how
predictive analytics can be effectively integrated into software product management
practices to drive success in the competitive software industry.

28



References

Chaudhary, P. (2020). A deep learning-based approach for stock price prediction.
Turkish Journal of Computer and Mathematics Education (TURCOMAT), 11(3),
Article e13595. https://doi.org/10.17762/turcomat.v11i3.13595

Bellazzi, R., & Zupan, B. (2008). Predictive data mining in clinical medicine:
Current issues and guidelines. International Journal of Medical Informatics, 77(2),
81-97. https://doi.org/10.1016/j.ijmedinf.2007.02.006

Massis, B. (2012). Using predictive analytics in the library. New Library World,
113(11/12), 491-494. https://doi.org/10.1108/03074801211282920

Puica, E. (2023). Predictive analytics functionalities in supply chain management.
Proceedings of the International Conference on Business Excellence, 17, 986-996.

Wolniak, R., & Grebski, W. (2023). Functioning of predictive analytics in business.
Scientific Papers of Silesian University of Technology Organization and
Management Series. https://doi.org/10.29119/1641-3466.2023.175.40

Yang, Y., Xia, X., Lo, D., Bi, T., Grundy, J., & Yang, X. (2020). Predictive models
in software engineering: Challenges and opportunities. ACM Transactions on
Software  Engineering and Methodology (TOSEM), 31, Article 72.
https://doi.org/10.1145/3503509

Sharmila, K., Devi, R., & Shanthi, C. (2022). Review on latest trends and techniques
in predictive analytics. International Journal for Research in Applied Science and
Engineering Technology. https://doi.org/10.22214/ijraset.2022.48223

Jindal, R., & Malaya, D. B. (2015). Predictive Analytics in a Higher Education
Context. IT Professional, 17, 24-33. https://doi.org/10.1109/MITP.2015.68

Kumar, V., & M. L. (2018). Predictive Analytics: A Review of Trends and
Techniques. International Journal of Computer Applications.
https://doi.org/10.5120/1JCA2018917434

29


https://doi.org/10.17762/turcomat.v11i3.13595
https://doi.org/10.1016/j.ijmedinf.2007.02.006
https://doi.org/10.1108/03074801211282920
https://doi.org/10.29119/1641-3466.2023.175.40
https://doi.org/10.1145/3503509
https://doi.org/10.22214/ijraset.2022.48223
https://doi.org/10.1109/MITP.2015.68
https://doi.org/10.5120/IJCA2018917434

