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1 INTRODUCTION
In this analysis, the primary objective is first to answer three re-
search questions and then develop a predictive model in order to
estimate taxi fares in New York City based on historical trip data.
The secondary objective of the study is to identify key factors that
influence the total fare amount in order to provide insight into the
relationships between these factors.

This analysis is based on a dataset that was obtained from the New
York City Taxi and Limousine Commission (TLC)[1]. The dataset
contains details such as pickup and dropoff locations, trip distances,
fare amounts, total amounts, and other related information. In order
to prepare the data for analysis, several steps of preprocessing were
performed. These steps include converting datetime columns to
pandas[8] datetime format, calculating trip durations in minutes,
dropping unnecessary columns, and converting categorical vari-
ables to numerical values. Additionally, exploratory data analysis
was performed in order to better understand the data and identify
any patterns or trends.

In the following sections, we will discuss the data analysis pro-
cess, perform regression analysis using the preprocessed data, and
interpret the results to draw conclusions and make recommenda-
tions for improvement.

2 DATA ANALYSIS
The data analysis was conducted using various Python libraries to
examine taxi demand patterns and revenue generation.
In order to manipulate data and perform calculations, Pandas was
used, while Matplotlib and Seaborn[2] were used to create visual-
izations that helped in understanding the insights obtained from
the data.

2.1 Question 1
What is the average demand for the taxis in the days of the
week. Which of the days has the highest and which lowest
demand?

As a result of this analysis of taxi demand throughout the week,
we discovered distinct patterns that can assist the transportation
industry in making informed decisions.

Figure 1: Average Daily Demand for Taxis

In Figure 1 we can see that the highest demand for taxis occurs
on Fridays, with an average of 281,800 trips. At the end of the
workweek, people may go out for leisure activities or social events,
resulting in an increase in demand. On the other hand, Mondays
have the lowest demand for taxis, with an average of 183,199 trips.
This reduced demand might be due to people staying in or working
from home after the weekend.

The demand for taxis gradually increases throughout the rest of
the week, as seen in figure 1 with Tuesday having an average of
203,355 trips, Wednesday with 212,127 trips, and Thursday with
220,621 trips. Over the weekend, demand remains relatively high,
with Saturday having an average of 234,865 trips and Sunday with
222,156 trips.

As a result of understanding these trends, the company can al-
locate resources more effectively and optimize its services so that
it can meet the needs of its customers. For example, by increasing
the number of taxis available on Fridays, the company can bet-
ter accommodate higher demand and potentially increase revenue.
Similarly, resources can be adjusted on Mondays when demand is
lower, ensuring efficient use of resources and cost management.
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2.2 Question 2
Which time of the day (morning, afternoon, evening, and
night) is likely be a peak period for the taxis operation from
the data?

Based on this analysis of taxi demand during different times of
the day, we can draw valuable conclusions regarding peak peri-
ods for taxi services. The days are divided into four time periods:
morning (4:00 AM to 11:59 AM), afternoon (12:00 PM to 5:59 PM),
evening (6:00 PM to 11:59 PM), and night (12:00 AM to 3:59 AM).
The number of trips during each time period can be used to deter-
mine when taxis are in high demand.

Figure 2: Demand for Taxis in Different Time Periods

Based on the results, in figure 2 we can see that the evening is the
peak period for taxi operations, with the highest number of trips.
People may be commuting home fromwork, attending social events
or dinners, and participating in evening activities as a result of this
increased demand. As the evening is the busiest time for taxis, the
transportation business should allocate more resources during this
period to accommodate the increased demand and maximize rev-
enue.

On the other hand, taxi demand is lower in the morning, afternoon,
and night. By adjusting the number of taxis available during non-
peak periods, the transportation business can optimize resource
allocation and manage costs more effectively. Overall, knowing
the peak period for taxi operations allows the company to make
informed decisions regarding resource allocation, cost manage-
ment, and service optimization to meet customer needs better and
improve overall business performance.

2.3 Question 3
On average, how much revenue was generated in the week-
days and weekends for the business for the period covered
in the dataset?

The analysis of the dataset reveals that the average daily revenue
generated by the taxi business differs significantly between week-
days and weekends.

Figure 3: Average Daily Revenue for Weekdays vs. Weekends

As we can see in figure 3 on weekdays, the average daily revenue
is approximately 5,821,181, while on weekends, it is approximately
4,835,367. The earnings are higher on weekdays than on weekends,
which could be attributed to the increased demand for taxis during
the workweek due to work-related travel, business activities, and
other events.
In order to optimize operations and maximize profits, the taxi busi-
ness must take these insights into consideration when making
decisions regarding resource allocation, pricing, and scheduling.
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3 REGRESSION ANALYSIS
Throughout this section, we will discuss regression analysis, in-
cluding the modeling process, model output, and the rationale for
selecting the particular model.
In addition, we will interpret the results and highlight any inter-
esting findings from the coefficients. Based on its simplicity, ease
of interpretation, and suitability for predicting continuous target
variables, such as taxi fares, a linear regression model was selected
to predict taxi fares.
This analysis begins with linear regression, which assumes a linear
relationship between the input features and the target variable.

In this analysis, the dataset was divided into two sets: a training
set consisting of 80% of the data and a testing set consisting of
20% of the data. To begin with, all available features were included
in the model. Following the training of the model on the training
data, predictions were made on the test data, and performance met-
rics such as root mean squared error (RMSE) and R2 score were
calculated[6]. Based on the initial model, an RMSE of 0.0106 and
an R2 score of 0.999999 were achieved, indicating a near-perfect fit,
raising concerns about possible overfitting.

Table 1: Regression performance metrics (First Model)

Metric Value

RMSE 0.010586417381644977
R2 Score 0.9999993552960786

Table 2: Predicted total amount values for the New Sample
file

Index Predicted Total Amount

1 5.799968
2 21.299968
3 11.499997
4 7.799993
5 25.300004
6 17.299966
7 9.359987
8 7.799968
9 9.799982
10 17.299969
11 11.759990
12 17.299971
13 8.999984
14 17.999986
15 12.359998
16 6.960000
17 20.159999
18 21.960001
19 36.339847
20 10.790009
21 68.799978
22 53.299640
23 12.739997
24 8.759986
25 28.560009
26 15.359996
27 18.960001
28 10.299982
29 20.160015
30 12.800001
31 8.299993
32 17.159995
33 9.799968
34 6.799969
35 25.560005
36 9.299986
37 4.799973
38 29.750019
39 7.239982
40 8.799968
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Consequently, a correlation heatmap as seen in figure 4, was
generated in order to identify the features that are most strongly
correlated with the ’total_amount’ variable.

Figure 4: Correlation Heatmap

Based on the heatmap seen in figure 4, the ’fare_amount’ variable
was found to have the highest correlation. Therefore, a simplified
linear regression model was constructed using only ’fare_amount’
as the predictor variable.

According to the second model, the RMSE was 3.1786 and the R2
score was 0.9419, which indicates a good fit, although it is not as
exceptional as the initial model. As a result of this simplified model,
overfitting risks are reduced, and taxi fares can be predicted more
accurately.

Table 3: Regression performance metrics (Second Model)

Metric Value

RMSE 3.1786375916091534
R2 Score 0.9418774958621607

The linear regression model’s coefficient for the ’fare_amount’
feature indicates how the total amount changes as the fare amount
changes.We found that the ’fare_amount’ coefficient was positive in
our simplified model, suggesting that as the fare amount increases,
the total amount increases as well.

Table 4: New Predicted Total Amount Values for the New
Sample File (Using Fare Amount)

Index Predicted Total Amount

1 8.047228
2 23.283826
3 12.618207
4 9.570888
5 23.283826
6 19.220733
7 9.570888
8 9.570888
9 10.586661
10 19.220733
11 11.602434
12 19.220733
13 9.570888
14 18.204960
15 12.110321
16 7.539341
17 18.712847
18 20.236507
19 32.933672
20 10.078774
21 63.914756
22 43.599291
23 11.602434
24 9.063001
25 25.823260
26 14.649754
27 17.697074
28 11.094547
29 18.712847
30 13.126094
31 10.078774
32 16.173414
33 11.602434
34 8.555114
35 23.283826
36 9.570888
37 6.523568
38 25.823260
39 8.047228
40 10.586661

As a result of the regression analysis performed, a simplified
linear regression model can be developed that predicts taxi fares
using the ’fare_amount’ feature.
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4 DISCUSSION
The linear regressionmodel developed provided a reasonable predic-
tion of taxi fares using the ’fare_amount’ feature. In this simplified
model, RMSE was 3.1786 and R2 was 0.9419, indicating a good fit.
According to the results, the ’fare_amount’ variable is a significant
predictor of the ’total_amount’ variable.
Although the simplified model performed well, its limitations must
also be acknowledged. Linear regression assumes a linear rela-
tionship between input features and the target variable, which
may not capture complex relationships or interactions between
variables[5]. Furthermore, the model relied only on a single vari-
able (’fare_amount’), which might not account for other factors
that may have an impact on the fare amount.

The following suggestions can be considered in order to improve
the analysis:
Exploring additional features and creating new ones based on ex-
isting ones, such as calculating the distance between pickup and
dropoff locations or identifying peak hours in order to account for
possible surcharges.
The use of more sophisticated models, such as decision trees, ran-
dom forests [3], or neural networks [4], will enable to capture
nonlinear relationships and interactions between variables. Using
these models, one may be able to make better predictions and gain
a deeper understanding of the data.
Implement cross-validation to assess the model’s performance and
minimize the risk of overfitting. As a result, the generalization ca-
pabilities of a model can be more accurately represented.
Study different feature selection techniques, to identify the most
important variables for the model and reduce the risk of overfitting.

As a result, the simplified linear regression model was able to pro-
vide reasonable predictions of taxi fares using the ’fare_amount’
feature. There are, however, a number of improvements that can be
made to the analysis in order to enhance it and potentially achieve
better predictions. Future analyses can be made more accurate and
insightful by considering the suggestions mentioned. [7].

5 CONCLUSION
The objective of this analysis was to predict taxi fares using the
given dataset. In order to understand the data and identify poten-
tial relationships among variables, an exploratory data analysis
was conducted. The ’fare_amount’ feature was then used as the
primary predictor for the ’total_amount’ variable in a linear regres-
sion model.
As a result of the model, the RMSE of the data was 3.1786 and
the R2 score was 0.9419, indicating that the ’fare_amount’ plays a
significant role in determining the total amount. It can be beneficial
for both taxi companies and passengers, as this insight can assist in
optimizing pricing strategies and providing better estimates of fares.

Although the simplified model provides satisfactory results, there is
room for improvement in the analysis. Adding additional features,
experimenting with more sophisticated models, and utilizing tech-
niques such as cross-validation and feature selection can enhance
the predictive capabilities of the model.
The results of this analysis demonstrate the value of data-driven
approaches in predicting taxi fares and lay the groundwork for
future research.
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