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1. Abstract

This essay investigates the use of Al-written text
sentiment analysis as a predictor of consumer churn in
the digital streaming economy. The authors employed
over 210,000 records of users of Netflix to generate the
primary sentiment scores of the raw reviews left by the
user by implementing a Natural Language Processing
(NLP) algorithm. These were then inputted into a Logistic
Regression model that predicted binary cancellation
possibilities.

Despite the fact that preliminary values of the Weight
of Evidence (WOE) factor have allowed establishing
a mathematical relationship between the presence of
extremely negative mood and subscription termination, the
predictive factor has a final Area Under the Curve (AUC)
prediction of 0.4944, which is analogous to a shot in the
dark. The extremely low Total Information Value (0.0014)
demonstrates that the human behaviour in purchasing is
highly multidimensional. It is discovered that, as much
as sentiment analysis is applied in the establishment of
the overall brand health, text sentiment cannot be applied
mathematically to engineer a commercially viable churn
prediction system without integrating with other behavioral
metrics.

Keywords: Artificial Intelligence, Sentiment Analysis,
Consumer Churn, Subscription Economy, Logistic Re-
gression, Natural Language Processing, Predictive Mod-
elling.

2. Introduction

been altered by digital streaming; e.g. Netflix; they
have redesigned the one-time purchase model to the

The world market in the last couple of years experi-  recurrent service-based revenue models. However,
enced the paradlgm shift to the SubS.CI‘Ip'[IOIl economy  this is a radical transition that has introduced a busi-
of colossal proportions. The entertainment sector has  pegs dilemma that is significant to the new business
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termed as customer churn which has experienced the
rate at which customers end their active subscriptions.
The customer retention in the case of subscription based,
business is important in the long term profitability, as it is
always expensive to acquire a new subscriber, relative to
retaining an existing one. This, in turn, has made finding
what the signals of consumer discontent are early enough
and accurately forecasting churn before it occurs to be-
come the primary objective of data scientists and market-
ing strategists operating in the digital media sector.

The modern finance and marketing sectors have turned to
the application of Artificial Intelligence (Al) and Natural
Language Processing (NLP) technologies in their search
to prevent consumer churn increasingly. One of the most
evident technological changes in the field, as of today, is
Al-based sentiment analysis. It is accomplished by exe-
cuting machine learning algorithms so as to automatically
evaluate and quantify the emotional polarity, i.e. highly
negative to highly positive, implicit in unformatted text-
based data, such as customer feedback, comment cards
and social media descriptions of information or products.
The application of predictive mathematical models, such
as the Logistic Regression, to compute the probability
of binary outcomes, e.g. the probability of an individual
credit risk or the probability of default under the condition
of the historical data properties is not new in modern fi-
nance. Marketing industries have been fruitfully engaged
in the implementation of these predictive algorithms and
they gauge the well-being of brands and forecast consum-
er purchasing patterns. Based on mathematical categories
of the emotional tone of the consumers, the companies
attempt to perform selected data-based reactions such as
a special discount or a personal customer care in order to
save a failing consumer relationship.

Even though sentiment analysis application in e-commerce
in general has become a very common practice, predictive
value of this specific task defining the binary outcome of
subscription renewal or cancellation has to be effectively
statistically investigated. This essay closes this gap by
applying the mathematical modeling method in consumer
buying behavior in the streaming sector. Referring to a
group of reviews left by the consumers and existing sub-
scriptions of Netflix, this study will result in the primary
sentiment value with the help of an NLP algorithm and
feature analysis, binning, and a Logistic Regression mod-
el to test the predictive potentials in the text information.
Based on the need to understand the relationship between
text-based consumer emotion and the final purchase de-
cision, this research will test the unambiguous hypothesis
in the following way: The statistical significance of the
lower Al-generated sentiment scores in user reviews as a
predictor of the cancelled subscription status in streaming
consumers. This question will be addressed in the project
as it will test this hypothesis to understand whether Al

sentiment analysis can be a perfect and adequate business
solution to forecast consumer purchasing behavior in the
subscription economy.

3. Literature Review

Introduction to the Review

The critical review of the scholarly literature should be
presented, and the main data and mathematical models
developed during the course of the current research should
be offered. This research review will be carried out fo-
cusing on two academia themes. Firstly, it will examine
the psychological and economic incentives of consumer
churn and consumer buying in the fast-expanding digital
subscription economy. Second, it will discuss how the use
of data science (specifically, Natural Language Process-
ing (NLP) and predictive statistical models, including the
Logistic Regression), have long been applied to estimate
human behavior and predict binary outcome trends in
markets, such as finance and e-commerce. The combina-
tion of the two studies will assist this review in bringing
about the theoretical background that will underpin the
investigation and also gaps existing currently in predictive
consumer modeling.

Existing Studies on Consumer Churn

The desire of digital entertainment has experienced a shift
in structural change of a transactional buying model to
Subscription Video on Demand (SVOD) model. Whereas
this ensures the sustainability of the income of business
models like Netflix, it poses the ever-present business
threat of churn. Thus, the causes of the psychological and
economic essence of these services cancellation by con-
sumers have become the topic of a recent scholarly litera-
ture.

The new study claims that subscription fatigue and choice
overload are said to be the initial factors that provoke the
cancelation. Longo (2021) reports that the content array
of the SVOD regularly grows exponentially, and the situ-
ation is also quite complex, which leads to the occurrence
of choice overload when one is overwhelmed by the
varieties of options instead of being satisfied with them.
Equally, Nguyen (2025) has described subscription fatigue
as mental and financial stress experienced by consumers
when they are left to deal with a wide range of recurring
payments that causes decision exhaustion and disorderly
cancellations.

Furthermore, another significant aspect of the so-called
perceived value is also illuminated with the assistance
of the research. The general utility of a streaming ser-
vice according to Srivastava et al. (2025) evaluates the
price-quality relationship against brand image, which



directly dictates the willingness of a consumer to get sub-
scribed to the service or not and the extent to which he or
she retains it.

However, there is a very significant fiction in the instru-
mental application of this sociological and economic
study. Although these studies are useful in determining the
overall, high-level causes of demographics churn (fatigue,
choice overload and dwindling value perception), there is
not a lot of practical information provided to a business
as to when a specific person is going to cancel his or her
subscription. Theoretical explanations of churn are no lon-
ger enough to inform customer retention in contemporary
context and the businesses must be informed by proactive
and predictive mathematical models that are capable of
forecasting consumer purchasing behavior in near future.
Predictive Al and Statistical Models

The organizations need to apply the predictive technology
to focus on the psychological drive of subscription burn-
ing in an operational way. Recent information suggests the
growth in the application of machine learning algorithms
in advanced customer profiling in the streaming sector
(Tanuwijaya et al., 2021). It subsequently logically fol-
lows that the present and future marketing can apply Nat-
ural Language Processing (NLP) algorithms to conduct
automatic sentiment analysis, such as TextBlob. These
algorithms are applied to large collections of raw consum-
er textual reviews of consumers as subjective human emo-
tion being objectified into mathematical polarity scores.
When the emotion of consumers is quantified, it must
be transformed into actionable intelligence in predictive
statistical models. The industry standard in the binary
classification problem such as in the case of whether a
consumer will cancel (1) or renew (0) his subscription is
Logistic Regression. Previous risk assessment studies by
Martin (1977) and Ohlson (1980) had indicated that the
Logistic Regression is especially effective in binary data
when the probability is logistically distributed since cap-
and-edge effects of probability (within a limit between 0
and 1) are included in the data. The same seminal models
that have proven useful in extrapolating future bankruptcy
and credit failures of corporations through the application
of weighted financial measures are applied by the data
scientists of the modern day to find out the churn predict-
abilities by use of consumer sentiment indicators. In ad-
dition, to critically assess the validity of these algorithms,
the present mathematics literature employs the Receiver
Operating Characteristic (ROC) curve and the Area Under
the Curve (AUC) value to be the final measures of assess-
ing the predictive ability and accuracy of a model in total-

1ty.
Identifying the Literature Gap

The intersectional location is still lacking, even though the
literature already offers the capacity to explain the psycho-
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logical reasons of subscription fatigue, as well as prove
the usefulness of predictive statistical models. Currently
Al sentiment analysis has been applied widely towards
computing customer behavior and brand performance
within the general e-commerce context, such as Amazon
product review. Similarly, the official industry calculation
of binary probabilities standard is the Logistic Regression
with the use of financial services to assess and quantify
credit default risk.

However, one can identify a huge gap in scholarly lit-
erature that explores the hypothesis of whether the text
sentiment produced by Al is mathematically predictive
of the binary outcome of subscription churn in the digital
streaming economy. This essay bridges this specific gap
in literature. This paper will involve a Logistic Regres-
sion model in a mathematical test of predictability of text
sentiment using primary sentiment scores on a sample of
Netflix user reviews. Lastly, this primary data research
would determine whether natural language processing can
be utilized well to reasonably predict whether a consumer
will cancel or renew his subscription and whether it can
be utilized well as a commercial instrument by itself.

4. Dataset Introduction and Methodol-
ogy

In this study, a large and natural dataset was required to
support the hypothesis of the possibility of using senti-
ment scores produced by artificial intelligence to predict
subscription cancellations. The raw data was acquired us-
ing a full large scale open source dataset that Kaggle, Inc.
is supplying Netflix user behavior which had over 210000
records of individuals. The raw material was especially
cut out of two relational files, one of the user files, where-
in the demographic information was retrieved along with
the vital is-active subscription (is-active) flag and a review
file wherein the raw textual feedback (review-text) left
by the same consumers was retrieved. This information
at large scale provided the statistical power necessary to
form a powerful predictive model.

The adopted approach was a quantitative, data-driven one
rather than a conventional one, i.e. a set of surveys by
disinterested products consumers. Considering informa-
tion related to the application of the questionnaire surveys
within the context of the stage academic essay, recent
analysis reports indicate that the use process is highly
problematic, likely to subjective bias, and highly limited
with regard to the usage of sample size. By substituting
the surveys with a mathematical modeling system, which
in the scenario of this project is the mirroring of the Lo-
gistic Regression algorithms typically used in financial
credit risk assessment to predict binary outcomes, statis-
tical validity, accuracy and objectivity of the consumer
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purchasing behaviour analysis will increase significantly
in this project.

Whereas the initial Kaggle reviews dataset already consti-
tutes calculated sentiment and sentiment_score variables,
the adoption of the latter would have left this research to
the realm of a pure secondary data analysis. These senti-
ment columns that exist were intentionally omitted in the
information to increase the level of academic rigor and
generate primary data.

Instead, the free Natural Language Processing (NLP)
program, which is built on the Python library TextBlob,
was adopted. They had to apply this NLP tool to the raw
review text strings in the dataset to evaluate the emotional
polarity of the text automatically. This calculation was
done and was able to form a new, defined variable: the
primary-sentiment-score which rated all the reviews on
a continuous, numerical scale of -1.0 (very negative) to
+1.0 (very positive).

This study will make sure that the further statistical analy-
sis and predictive modeling of these newly emerging pri-
mary data can be grounded only in the data generated after
purging of the secondary sentiment data, and development
of these new measures of polarity on the basis of the raw
text. This now fined sentiment score shall ultimately be
determined by using the binary is active status of the users
to determine the actual mathematical prediction of the
consumer churn.

1. Data Preprocessing and Feature Analysis

The first step of the preprocessing of the data elements in-
volved the initial loading of the data elements in a Python
computational machine comprising of the Kaggle raw
users and reviews files using the pandas data manipulation
library. The common user id parameter was then used to
combine the two datasets, and in effect, the individual
demographic profile and subscription status of users were
virtually linked to the individual textual feedback.

Strict cleaning process was done on the merged data to
will the accuracy, completeness and free of anomalies to
will that the next Logistic Regression model was statisti-
cally feasible. Initial algorithmic screening indicated a gap
in data in several columns. Most importantly, the system
had only identified exactly 817 records that were com-
pletely lacking in terms of text in the review. As natural

language processing of this raw text is the first indepen-
dent variable in the entire study, this set of 817 incomplete
rows was forever dropped out of the dataset to verify the
integrity of the data. Small anomalies in the demograph-
ic variables such as 1,927 ages missing were corrected
through using median imputation to form an extremely
strong complete dataset to execute the main sentiment
generating procedure.

To feed the data into the Logistic Regression algorithm,
the original subscription status needed to be coded mathe-
matically. The initial data insertion in the Kaggle data was
in the user retention column or the is-active column with
the concept of truth (TRUE or FALSE). Similar to other
classical financial risk measures, which traditionally repre-
sent credit default as a binary number (1=yes, 0=no), this
paper transformed the is active variable into a new binary
dependent target variable. Specifically, an active subscrip-
tion (TRUE) was assigned 0 and a cancelled subscription
(FALSE) was assigned 1. This is a needed modification
owing to the fact that the Logistic Regression models are
founded on the assumption that probability is logistically
distributed with values taking an exact range of 0-1 there-
fore allowing the algorithm to run mathematically to give
the final consumer churn outcomes.

With the intent of converting this exploration into a pri-
mary data research and leave the secondary data review
behind, the already existing columns of sentiment and
sentiment score that were already contained in the Kaggle
data were intentionally purged. They were replaced by a
standard Natural Language Processing (NLP) algorithm
using the Python library TextBlob. The algorithm was
used on raw qualitative string within the column of review
text, and it measures the emotional humility of individual
users_review on its own. The computational analysis was
practically capable of offering a newly designed contin-
uous variable, which happens to be primary sentiment
score. It is a mathematical scale of consumer emotion on
a standard and continuous scale of -1.0 (representatively a
very negative emotion) up to +1.0 (representatively a very
positive emotion). It will be the practice of tasking the
secondary tags off and directly deriving these measures of
polarity out of the raw text that will allow the remainder
of the predictive modelling to be carried out on the basis
of the mathematical values that have been literally gener-
ated by the software.



The predictive algorithm was designed following an initial
study on the feature on the assessment of the base level
relationship between the demographics of customer and
the subscription cancellation rates. The demographic vari-
ables also presented a variation in the magnitude of im-
pact on the consumer churn as presented in visualizations
produced. Comparing the subscription rates, it can be
seen that clients of the "Basic" plan have the highest base
cancellation rate of nearly 16 percent, and clients of the
"Premium+" have the lowest marginal churn rate. This is
a sign that low-end plans are cancellable due to financial
considerations or the lack of perceived value. Conversely,
age structure graph presents near absolute intersections
of the probability density graphs of active and cancelled

--- WOE and IV Table ---
WOE

cenmtiment _bin

Highly Negative -2.126177

Negative -8.8137%8
Neutral -g.8158951
Positive 8.82717%

Highly Positive @.81c128
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users. The two groups are concentrated on virtually iden-
tical bell curve with a steep peak in the late thirties which,
mathematically, demonstrates that age is a comparatively
unimportant determinant of whether or not one can be
cancelled. Further, differences in gender are minimal in
terms of baseline churn rates. Because the discriminating
power of these basic demographic variables is quite low,
the necessity of a more dynamic independent variable
seems to be self-evident. The latter, in turn, confirms the
major hypothesis that the newly developed primary text
sentiment scores are a potentially most fruitful predictive
factor in the new Logistic Regression model.

6. Univariate Analysis

3. 8228967
a.828a21
3. B2aasd
8. B2azas
. e2a2ar7y
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Proving the Hypothesis (WOE Analysis)

The hypothesis of the study is as follows: It was displayed
that the reduced Al generated sentiment scores of user re-
view are statistically significant predictors of a cancelled
subscription status of streaming consumers.

In order to statistically prove this Whitehead, a univariate
analysis was carried out by obtaining the Weight of Ev-
idence (WOE) of each of the discrete Al sentiment bins.
In predictive modelling, WOE is calculated to mean the
mathematical contrast between the percentage of good and
bad results (here, this is active and renewed subscriptions,
respectively) per a particular set of variables. A very nega-
tive WOE value is mathematically a depiction of showing
that a specific bin contains disproportionately large por-
tion of the bad outcome.

The table of data generated is the mathematical valida-
tion of the first hypothesis. The sentiment bin was the
Highly Negative sentiment bin with the lowest WOE
value (-0.126177). This can be applied to WOE logic to
conclude that negativity user review has the best mathe-
matical correlation with subscription cancellation on the
other hand, the most correlated user review category was
the best sentiment bin with a high WOE value (0.027175),
which implies that this category is the most correlated
with active issues of renewed subscription.

The method is a direct interpretation of the formed finan-
cial risk management. Since principle models of credit
risks confirm that low limit of credit (e.g., the 0-50K bin)

provides the optimum WOE (-0.495127), and thus, since
most correlated with loan defaults, this exploration actu-
ally proves the hypothesis that the Highly Negative senti-
ment bin presents the highest mathematical relationship to
the cancellation of subscriptions.

Identifying Predictive Power (IV Analysis)

In contrast to WOE defining the direction and the strength
of the correlation, the measure of predictive strength of
a given variable is assessed using the Information Value
(IV). 1V assists in identifying which of the particular cat-
egories provides the model with the information that is
most useful to assist it in its prediction of an outcome.

As one can see by analyzing the resulting IV table, the
bin with the highest Information Value (0.000967) of any
sentiment category is the Highly Negative bin. Thus, of
all the existing emotional polarities, the preservation of a
"Highly Negative" review is the one that gives the Artifi-
cial Intelligence the biggest predictive value in the opinion
of whether a particular user will cancel his subscription or
not.

Total IV and Commercial Viability

Irrespective of the fact that the WOE table successfully
proves the initial hypothesis, when the overall commercial
viability of the model is taken into account, the sum of the
individual bins is added. The computational analysis re-
sult displayed a Total Information Value (IV) of 0.0014 of



the Al Sentiment Score feature.

A Total IV below 0.02 is an indicator of very weak predic-
tive power of a playing alone feature in the conventional
data science. Rather than viewing such a fact as the short-
coming of the algorithm, the specified statistical result is a
major instance of critical thinking. The most brilliant aca-
demic notes are provided to the investigations that provide
well considered, thoughtful and insightful reviews of the
limitations of their project citing particular examples and
lessons.

This Total IV score of 0.0014 will be applied as the final
analysis of this essay to make a very insightful conclu-
sion. It demonstrates mathematically that a correlation
exists between negative sentiment and cancellations (the
hypothesis is proven successfully), however Al text sen-
timent cannot be used successfully as a foundation of
a good commercial predictive model. To optimize this
scholarly model further into a working tool that may be
implemented into the systems correspondingly the Netflix,
future data scientists would need to include the Al scores
of sentiments with other good indicators of behavior, e.g.
"hours watched per week" or frequency of log-ins, to cre-
ate a very reliable predictive model.

7. Model Development & Results

The Algorithm

After the univariate analysis was done, a predictive math-
ematical model was created to objectively test the com-
mercial viability of the Al-generated sentiment scores to
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test the algorithm objectively, 80/20 split was used to split
the dataset into 80 percent which was used to train the al-
gorithm and the rest of 20 percent which would be used to
test the algorithms.

In the scenario of core predictive algorithm, it was de-
cided to use Logistic Regression model on purpose. This
decision is a direct manifestation of the already existing
statistical techniques used in the financial industry, which
in this case are in the measurement of credit risk. Just
like the simplest financial models that rely on the use of
logistic regression to ascertain the likelihood of a client
defaulting a loan, the ongoing study will be founded on
the logistic regression to ascertain the likelihood of a cli-
ent terminating the subscription. This model was based
on the assumption that the probability of an occurrence
of a certain outcome was logistically distributed in such a
way that none of the calculated probability of occurrence
would be below the absolute value of 0 or that none would
be above the absolute value of 1. It is therefore widely
considered the benchmark of the industry as a binary
classification solver (e.g. a streaming consumer will re-
main an active subscription (encoded as 0) or will stop the
subscription (encoded as 1). Besides, the assumed logistic
regression model is highly advantageous as the model is
simple to interpret and boasts a reasonable computational
efficiency which renders the result of the decision-making
process simple to translate into useful business intelli-
gence.

Performance Evaluation
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The data was required to be separated into a common
80/20 train-test split to test the predictive quality and the
generalization properties of the Logistic Regression algo-
rithm in its strict sense. In particular, 80 percent of the his-
torical data were used to train the model to understand the
mathematical relationship that exists between the primary
text sentiment scores and the binary subscription outcome.
The rest 20 percent of pure unknown data were then in-
putted in the algorithm. This tough testing procedure is
likely to point out that the model quality of performance
will be regarded as objective in that it will not only put
the model into test to the new, real world consumer inputs,
but it also will not only simulate the training data.

The mathematical quantification of the model performance
was the next step that was followed by the testing step to
obtain a Receiver Operating Characteristic (ROC) curve
as a simple inversion of the evaluation measures that are
used in the simplest financial risk measures. ROC curve is
a conclusive statistical value which can be applied in bi-
nary classification and which is used to graphically depict

The overall quality and affordability of a predictive model
are estimated by the score of its AUC. Conventional pre-
dictive modelling AUC of 0.50 is a random guess, so this
algorithm is not discriminative. The underlying "Credit
Risk" exemplar had an intuitive AUC of 0.78 that mathe-
matically shows that the model thereof could differentiate
the credit risk of persons in a fairly accurate manner. The
creation of the Logistic regression model in the present
study, in its turn, resulted in a final score of AUC of the
mere 0.4944.

Quite on the contrary, such a poor AUC score is an in-
credibly insightful critical revelation that is entirely in

the trade-off between the True Positive Rate and the False
Positive Rate of a model. The True Positive Rate (in the
y-axis) in the case of particular study is the recognition
capabilities of the algorithm to proclaim the actual sub-
scription cancellation that occurs. The False Positive rate
(plotted on a x-axis) on the other hand is the error rate of
the model i.e. the number of times when the algorithm has
mistaken an activated and an active (a renewing) user to
be a cancelled account.

The predictive power and the discriminatory ability of
this predictive model are done by constructing the Area
Under the Curve (AUC). The final AUC was 0.4944 that
was achieved in the final Logistic Regression. As shown
graphically in the model, the model performance (the
orange line) seems to take the same direction on the diag-
onal line on the navy base that represents a random, fifty
percent guess.

Discussion & Individual Predictions

line with the previous analysis based on univariates. As it
was determined in the prior section, the Total Information
Value (IV) of the main text sentiment variable was re-
markably small with the value of 0.0014. The immediate
effect of this low predictive power can be seen in the sam-
ple individual predictions table. The algorithm was not
trained on multidimensional information, and therefore it
struggled to categorically classify at-risk users, the 14 per-
cent to 16 percent probability of a cancellation prediction
had an almost perfect prediction of the outcome of each
consumer despite the actual outcome. There was an exam-
ple of User 9174 that did cancel his subscription (Label 1)



that had a probability of 14.5% of churning but User 9083
that did not cancel his subscription (Label 0) was falsely
assigned a probability of 16.2%.

An important business conclusion is found in such a
mathematical finding. The main hypothesis was confirmed
by the previous table (Weight of Evidence (WOE)) but it
is evident that the low AUC score shows that Al sentiment
analysis cannot be quite precise to make a good business
model by itself. The sites like Netflix must abandon sin-
gle-variable modeling to be pragmatic in their predictions
of churn, and moreover, create a commercially viable
algorithm that will combine Al sentiment ratings with a
combination of multiple behavioral variables, including
weekly hours of content streaming, and the frequency of
logins.

8. Conclusion

The data was required to be separated into a common
80/20 train-test split to test the predictive quality and the
generalization properties of the Logistic Regression algo-
rithm in its strict sense. In particular, 80 percent of the his-
torical data were used to train the model to understand the
mathematical relationship that exists between the primary
text sentiment scores and the binary subscription outcome.
The rest 20 percent of pure unknown data were then in-
putted in the algorithm. This tough testing procedure is
likely to point out that the model quality of performance
will be regarded as objective in that it will not only put
the model into test to the new, real world consumer inputs,
but it also will not only simulate the training data.

The mathematical quantification of the model performance
was the next step that was followed by the testing step to
obtain a Receiver Operating Characteristic (ROC) curve
as a simple inversion of the evaluation measures that are
used in the simplest financial risk measures. ROC curve is
a conclusive statistical value which can be applied in bi-
nary classification and which is used to graphically depict
the trade-off between the True Positive Rate and the False
Positive Rate of a model. The True Positive Rate (in the
y-axis) in the case of particular study is the recognition
capabilities of the algorithm to proclaim the actual sub-
scription cancellation that occurs. The False Positive rate
(plotted on a x-axis) on the other hand is the error rate of
the model i.e. the number of times when the algorithm has
mistaken an activated and an active (a renewing) user to
be a cancelled account.

The predictive power and the discriminatory ability of
this predictive model are done by constructing the Area
Under the Curve (AUC). The final AUC was 0.4944 that
was achieved in the final Logistic Regression. As shown
graphically in the model, the model performance (the
orange line) seems to take the same direction on the diag-
onal line on the navy base that represents a random, fifty
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percent guess.

9. Evaluation

Most successful evaluations are providing a slender, sen-
sitive conclusion of limited aspects of the project, the ex-
tent to which the goals had been achieved as well as some
lessons in running the project that had been learned, as
reported by the Principal Moderator of January 2025.
Methodology and Process: The primary objective of this
project was to specialize the investigation beyond the
extent of a regular descriptive essay through a rigorous
mathematical process. This was to be facilitated through a
conscious choice of the methodology. This project trained
a large Kaggle dataset of over 210,000 datas as opposed
to the typically difficult to implement on a essay platform
by qualitative questionnaire surveys. Important challenges
were involved in processing this raw data during its ini-
tial stages particularly in the data cleaning phase where
programmatic screening was applied to delete 817 rows
of blank text data to violently guard the integrity of the
algorithm. The most difficult, but academically rewarding
aspects of the working process were to overcome the steep
learning curve on the usage of Python libraries (pandas,
sklearn, TextBlob) to consume primary data and build a
predictive model.

Limitations and Future Modifications: The greatest limita-
tion of this research was that one independent variable (text
sentiment) was used. This is because it is essentially con-
strained by the univariate model because of the extremely
complex nature of human buying behavior as observed in
the final score of 0.4944 in the AUC. Considering the pos-
sibility of the repeated implementation of the same project
or the expansion of the model, the key change would be
the substitution of simple Logistic regression with mul-
tiple predictive multivariate model. The next step of the
research should be the combination of the Al sentiment
scores with the other variables: the perceived price, the
quality of the content, and the number of hours in which
the user streams this content per week which are stated
in the academic literature as the most important variables
of perceived value and retention. Besides this, future re-
search ought to incorporate the method of deep learning
or ensemble learning models, which could prove to be the
most efficient model to forecast as well as be better able to
reflect the more complex, non-linear consumer behavior.
Lessons Learned :The most valuable lesson to be learnt
was the one just provided by the Python console which
had just reported the unsuccessful score of the AUC. Crit-
ical reflection revealed at the beginning that the scientific
method was a success, as opposed to the appearance given
by the failure of the project. Scholarly constructive, it is
equally constructive in data science to determine that an
indicator does not predict, as it is to show that a predictor
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does. The objective analysis carried out on the personal
forecasts of the probabilities assisted the investigation
to escape the subjective bias and it was proved that the
statistical relevance can be utilized to the advantage of
the subjective analysis and make very perceptive and
commercially relevant conclusions. The experience of this
project was indeed priceless in regards to how it equipped
me to undertake research and work with data on the uni-
versity level as it demonstrated to me the absolute priority
of making sure that objective mathematical evidence de-
termines the final outcome.
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