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Abstract

The Google reviews dataset contains a vast collec-
tion of review information from Google Maps. This
project aims to predict Google ratings using machine
learning models by analyzing reviews. After thorough
data cleaning and feature engineering, the dataset com-
prising 521,515 entries serves as a robust foundation
for predictive modeling. We explore multiple regres-
sion models and deep learning techniques to assess per-
formance. Initial findings reveal that text-based fea-
tures significantly impact the prediction accuracy, and
incorporating user metadata improves model reliability.
Comprehensive evaluation indicates that our best model
achieves crucial significance, making it an effective tool
for understanding and predicting user ratings on Google
Maps.

1 Introduction

Review text and review rating are usually closely re-
lated. We will refer to the Google Local Review Dataset
in Alaska for a series of explorations. The google reviews
contains a series of review information and user ratings
from google maps, which is a perfect dataset for training
a rating prediction model. In order to exclude the im-
pact of the geographic factors that potentially influence
the accuracy of the result, we decided to choose google
local Alaska review as our dataset. We will compare dif-
ferent models to explore the link between language and
rating.

2 Data Exploration and Data Clean-
ing

It includes several critical columns, each with
unique properties and potential contributions to the pre-
diction model. The userid column provides a unique
identifier for each user, facilitating the grouping of re-
views and enabling the analysis of individual reviewing
patterns, such as average ratings or review frequency.
The name column offers user information, while the
gmapid column, which has now been removed as part of

data cleaning, previously served as a unique identifier for
businesses. The time column, with no missing entries,
records the timestamp of each review, enabling trend
analysis over time. The rating column, the target vari-
able for prediction, captures user-provided star ratings
ranging from 1 to 5 and exhibits a skew toward higher
values, with a mean of 4.28 and the majority clustered in
the 4-5 range. This suggests that most reviews are pos-
itive. The text column contains user-generated reviews,
which can be leveraged for natural language process-
ing techniques to extract sentiment, tone, and keyword
trends. However, 42.8% of entries in this column were
missing and were removed during data cleaning to en-
sure meaningful textual analysis. Similarly, the pics and
resp columns, which represent user-uploaded images and
business replies to reviews, respectively, had significant
missing values at 95.9% and 91.5%. These columns were
also removed during data cleaning due to their limited
contribution to the predictive model. After this cleaning
process, the dataset was reduced to 298,250 rows, focus-
ing on the most relevant and complete data for modeling
and analysis.

The distribution of ratings in the dataset reveals
a mean rating of approximately 4.29, with a median of
5, and a strong skew toward positive reviews, as the
majority of ratings, approximately 83.6%, fall within the
4-5 range.

The dataset reflects a steady increase in review vol-
ume over time. Average ratings vary, with dips in Jan-
uary 2008 to 3.33 and May 2008 to 3.2 and spikes in
April 2008 to 4.5 and June 2021 to 4.5, suggesting tem-
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poral effects on user satisfaction influenced by seasonal
factors or events. Recent years show a steady rise in rat-
ings, with consistently high averages from mid-2018 to
2021, such as 4.35 in June 2020 and 4.56 in August 2021.
These trends highlight the importance of temporal fea-
tures in predictive models to capture cyclical patterns
and evolving user sentiment.

The word count statistics show that reviews vary
in length, with an average of 20 words and a median
of 10. Most reviews fall between 5 and 23 words, with
the longest review containing 823 words. This variation
suggests that word count could be a useful feature in
predicting ratings, as longer reviews may correlate with
more detailed user experiences, while shorter reviews
might indicate straightforward or neutral feedback.

The sentiment statistics show that scores range
from -1 to 1, where -1 represents very negative senti-
ment, 0 is neutral, and 1 is very positive. The average
sentiment is 0.40, with most reviews leaning slightly pos-
itive. Half of the reviews have a sentiment between 0.16
and 0.65, and the variation in sentiment scores, stan-
dard deviation of 0.34, suggests a mix of emotions in

the reviews. While many reviews are favorable, some
still express strong negative or neutral sentiments. This
makes sentiment a useful feature for predicting user rat-
ings, as it directly reflects the emotional tone of the text.
Reviews with high positive sentiment are likely associ-
ated with higher ratings, while negative sentiments may
align with lower ratings.

The word frequency analysis reveals distinct pat-
terns in the language used in high and low-rated re-
views. Words like great with 16.27%, good with 11.20%,
friendly with 5.09%, and love with 3.93% dominate
high ratings, reflecting positive experiences with ser-
vice, cleanliness, and quality. In contrast, low-rated
reviews frequently mention negative terms such as bad
with 2.96%, down with 4.54%, and customer with 3.76%,
highlighting dissatisfaction with service or operational
issues.

The user review count statistics show that the
dataset contains 18,251 unique users, with an average
of approximately 16 reviews per user. The number of
reviews varies widely, with a standard deviation of 19.50.

The user rating consistency analysis shows an aver-
age consistency score of 0.79, with a standard deviation
of 0.57, indicating moderate variation in individual user
rating patterns. The minimum value is 0, representing
users with uniform ratings, while the maximum value is
2.83, reflecting significant variability in ratings by cer-
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tain users.

The correlation analysis between rating and sen-
timent reveals a moderate positive correlation of 0.47.
This indicates that as sentiment scores increase, user rat-
ings tend to be higher, suggesting that sentiment effec-
tively captures the emotional tone of reviews and aligns
with user satisfaction.

Over time, average ratings have generally improved,
showing that users have become more satisfied as the
platform grew and stabilized.

3 Predictive Task: Rating Predic-
tion Based on Review Text

We used several regression models to perform the
prediction: count-vectorizer and un-regularized linear
regression, Linear Regression with Lasso/Ridge Regular-
ization; L2-Norm Regularized Logistic Regression, L1-
Norm Regularized Logistic Regression. To evaluate a
linear regression model’s performance and validity in
predicting review ratings based on text, we will use
the Root Mean Squared Error (RMSE) and R² score
as primary metrics. For Logistic Regression models, we
use test/train AUC, which indicate the performance of
the logistic regression model on the training and test
datasets, respectively, in terms of its ability to discrim-
inate between the two classes (ratings of 1 and 5), and,
model complexity, as primary metrics.

To transform the review text into features and pre-
pare the data for both logistic regression and linear
regression tasks, the dataset is first filtered appropri-
ately. For logistic regression, the dataset is limited to
reviews with ratings of 1 (negative) and 5 (positive)
to focus on binary classification. For linear regression,
the entire range of ratings is used as the target vari-
able. The data is split into training (80%) and test
(20%) sets using train test split, with a fixed ran-
dom state for reproducibility. Text data is processed us-
ing CountVectorizer, which converts review text into
numerical feature vectors. For both tasks, unigrams
(single words) and bigrams (two consecutive words) are
extracted to capture contextual information, with a min-
imum document frequency (min df=10) applied to re-
move infrequent terms, reducing noise and sparsity. For
logistic regression, the fit transformmethod is applied
to the training data to create a sparse matrix, followed
by transforming the test data using the same vector-
izer. For linear regression, a similar process is followed,
but the sparse matrices for both training and test sets
are converted into dense NumPy arrays (toarray) for
compatibility with the regression models. This process
results in feature matrices where each column represents
an n-gram and each value indicates the frequency of that
n-gram in the text. These numerical representations al-
low both models to learn relationships between the tex-
tual patterns and the target variable, whether binary
ratings for logistic regression or continuous ratings for
linear regression.
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4 Model Description

4.1 Linear Regression

4.1.1 Linear Regression as Baselines

For this section, we implemented 3 models: count
vectorizer and unregularized linear regression, Linear
Regression with Lasso/Ridge regularization. As men-
tioned above, RMSE quantifies the average prediction
error in the same units as the target variable (ratings),
while R² measures how well the model explains the vari-
ance in the data. Lower RMSE and higher R² indicate
better model performance.

We start with a count vectorizer and unregular-
ized linear regression model as a relevant baseline.
CountVectorizer with n-grams (bi-grams) and a min-
imum document frequency filter (min df=10). This
preprocessing reduced noise and controlled the feature
space’s dimensionality. Logistic Regression’s regulariza-
tion effectively addressed the high-dimensional, sparse
nature of text data. The Count Vectorizer converts the
words in the input text into tokens, creating a ”bag of
words” or vocabulary. These tokens serve as features
for modeling. It then transforms the list of documents
(sentences or reviews) into a matrix, where each row rep-
resents a document, and each column shows how often
a word from the vocabulary appears in that document.

To include single words and two-word phrases as
features, we use ngram range=(1, 2). The parameter
min df=10 ensures that only words or phrases appearing
at least 10 times in the entire dataset are included. Using
this setup, we train a linear regression model with 80%
of the data for training and 20% for testing. After fitting
the regression model with the training data, we got an
R² score of -0.24 and RMSE of 1.19, which indicated
that the model is not yet a good fit to explain the data.

After several attempts, we find it hard to make a
more accurate prediction based on the current model.
Then we deep dive into the model’s important features
for more insight (see in Figure below).

Obviously, most of these words are neutral words,

which cannot correspond well to their positive and neg-
ative coefficients.

In order to improve the model’s performance, we
tried regularization techniques. Here, lasso and ridge
regularization are used with varying levels of strength,
controlled by the alpha value. A higher alpha means
stronger regularization, which adds more penalty to
complex models, leading to simpler models with reduced
complexity. It improves the accuracy a little bit, but the
model still cannot meet our expectations.

4.1.2 Lasso/Ridge Regularized Linear Regres-
sion as Baselines

Firstly, the lasso regularization is applied.

n∑
i=1

yi − β0 −
p∑

j=1

βjxij

2

+λ

p∑
j=1

|βj | = RSS+λ

p∑
j=1

|βj |.

In the context of the dataset, the Lasso regression model
predicts review ratings based on the review text, trans-
formed into n-gram features. By applying L1 regular-
ization, it reduces the impact of less significant n-grams,
setting some coefficients to zero, effectively selecting the
most influential textual patterns. The alpha parame-
ter controls this regularization, balancing the model’s
ability to minimize RMSE in both training and test sets
while avoiding overfitting and enhancing interpretability.
The complexity of the model is measured using various
methods and in this case the L1 norm (the sum of the
absolute values of the coefficients) is used as an indicator
and displayed alongside the results (see Figure below).

Based on the results, we will take the Alpha with
the best RMSE test to dive deep into the features (see
Figure Below).

This begins to make sense, words like ”worst”, ”un-
professional” clearly indicate the negative attitude of the
rating.

We continued to try Ridge Regression after we got
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this result.

n∑
i=1

yi − β0 −
p∑

j=1

βjxij

2

+ λ

p∑
j=1

β2
j = RSS + λ

p∑
j=1

β2
j .

Ridge regression applies L2 regularization, which pe-
nalizes the square of the coefficients, shrinking them to-
wards zero but not eliminating them entirely. This helps
manage the high-dimensional feature space created by
the n-gram representation of text, balancing the trade-
off between model complexity and overfitting. The regu-
larization strength is controlled by the alpha parameter,
with smaller values allowing more complex models and
larger values enforcing stronger regularization. By min-
imizing the RMSE on training and test data, Ridge re-
gression ensures the model captures significant n-grams
while maintaining generalization, making it effective for
predicting ratings from textual data. Performance as
below:

The performance of Ridge Regression appears sub-
optimal, as its test RMSE shows no significant improve-
ment. To further analyze this, we examine the feature
coefficients derived from the Ridge Regression model
(see Figure Below).

Unexpectedly, neutral words in these features are
assigned strong positive/negative coefficients, resulting
in poor performance similar to the previous baseline.

4.2 Logistic Regression

Considering the limitations of the rating system it-
self, especially the ambiguous attitude between rating of
2 to 4, we will take a more extreme approach. We will
treat the problem as a binary classification of the two
extreme classes: 1 and 5 rating reviews, by creating a
subset of the main dataset, followed by the same 80–20

split for the train-test sets and vectorization of the re-
view texts into features. In this way, we can use Logistic
Regression Models.

In SKLearn’s logistic regression, the regularization
strength is controlled by the C parameter. A smaller
C value means stronger regularization, imposing greater
penalties on complex models.

To evaluate the model’s classification performance,
the area under the ROC curve (AUC) is used as a metric
and analyzed across different regularization strengths.

First, we’ll implement L2-regularized logistic regres-
sion models and track their AUC values in a simple
DataFrame. The complexity of each model is measured
by summing the magnitudes of its coefficients (see Fig-
ure Below).

The model with C=0.01 seems to be the most desir-
able. This is because while the complexity is 2nd-lowest,
it can achieve 97% of the train and test AUC of the most
complex model. Here is the further analysis of feature
coefficients when applying C = 0.01:

This time the results are very clear! All these words
show positive and negative attitudes corresponding to
their coefficients.

Similarly, we can build multiple L1-regularized lo-
gistic regression models and evaluate their performance
using an AUC table. L1 regularization penalizes the
absolute values of coefficients, encouraging sparsity by
reducing some coefficients to exactly zero. This results
in a model that selects the most relevant features (n-
grams) for predicting sentiment, effectively acting as a
feature selection mechanism.

This time we’ll choose C = 0.1, as it’s of the third
lowest complexity, but it achieves 95% of the train and
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test AUC of the most complex model. Further analysis
of features are shown below:

The best-performing L1-regularized model shows
significantly lower complexity compared to the selected
L2-regularized model. Despite this simplicity, the top 10
most significant features in the L1 model have clearer
positive or negative meanings, making it easier to in-
terpret and predict 1-star or 5-star ratings. Unlike the
L2 model, the L1 model does not include any obviously
ambiguous features.

5 Related literature

The analysis of customer reviews has been pivotal
in understanding consumer behavior, optimizing busi-
ness strategies, and building predictive models. Ex-
tensive studies have explored sentiment analysis and
text mining to uncover how user-generated content re-
flects customer satisfaction and shapes business out-
comes. Foundational research, such as Pang et al.[2],
demonstrated the potential of sentiment classification
using textual data, providing a framework for the anal-
ysis of reviews on platforms such as Yelp, Amazon, and
Google Maps. More recent work, such as Yan et al.[3],
has expanded this understanding by introducing multi-
modal approaches, integrating textual, visual, and struc-
tured metadata to generate personalized explanations
for recommendations. This multifaceted approach ad-
dresses the complexity of user preferences by providing
clearer insights into customer experiences and satisfac-
tion. State-of-the-art methodologies for review analy-
sis often involve Natural Language Processing (NLP)
and machine learning techniques. For instance, the

Bag-of-Words (BOW) and n-gram approaches remain
foundational for text vectorization, transforming tex-
tual data into numerical representations. Studies fre-
quently employ CountVectorizer and other text process-
ing tools to extract features such as unigrams and bi-
grams, which capture both individual words and con-
textual phrases. These techniques are particularly use-
ful for tasks such as sentiment prediction, as evidenced
by their application in the linear and logistic regres-
sion models of this study. Beyond traditional meth-
ods, Yan et al.[3] demonstrated the essence of leveraging
pre-trained NLP models such as BERT and multimodal
embeddings to provide context-aware recommendations,
incorporating both textual and visual elements to im-
prove interpretability and relevance. Recent research
has also shown improvement through domain-specific
adaptations. For example, Li et al.[1] demonstrated fine-
tuning pre-trained language models on domain-specific
datasets to capture contextual nuances, while Yan et
al.[3] emphasized the benefits of generating personalized
showcases that combine structured metadata, such as
price levels and business categories, with unstructured
data like customer reviews. These approaches provide
deeper insight into the dynamics of user satisfaction by
tailoring the methods to specific domains. The integra-
tion of text-based feature extraction, multi-modal em-
beddings, and domain-specific fine-tuning mirrors trends
in modern review analysis while tailoring methods to
the unique characteristics of datasets such as those from
Alaska local reviews. The study’s approach builds on
prior work by offering a robust framework for analyzing
consumer-business dynamics, contributing to the grow-
ing body of research that emphasizes context-aware and
multi-modal strategies for review analysis.

6 Conclusion

Above all, this assignment successfully predicts rat-
ings based on customer review data using sentiment
analysis and machine learning techniques. As we re-
alized most of the words in reviews are neutral words,
which should have slight impacts on the model, we tried
Lasso and Ridge Linear Regression to see if we are able
to improve the accuracy a little bit. Based on our results,
Lasso regularization performs better than Ridge regular-
ization due to its ability to avoid overfitting and enhance
interpretability. This may be because when customers
give ratings, the boundaries between the words and at-
titudes corresponding to ratings 2, 3, and 4 are not clear
enough, at least they do not show the extreme differen-
tiation like that of 1 and 5. As a result, we also tried
Logistic regression to evaluate the model’s classification
performance. We built L1 and L2 regularized models re-
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spectively. The L1-regularized model shows significantly
lower complexity compared to the L2-regularized model,
and the L1 model does not have any ambiguous features
as the L2 model does, which makes it the best model to
predict 1-star to 5-star ratings.
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