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Abstract: As smart city initiatives advance globally, precisely forecasting bike sharing demand has emerged as a critical
challenge for optimizing urban transit systems and allocating resources efficiently. This study aims to compare the performance
of three classical machine learning models — Linear Regression, Decision Tree, and Random Forest — in predicting hourly bike
rental counts based on time and environmental features. Leveraging the publicly available Kaggle Bike Sharing Demand dataset,
this study carries out thorough experiments incorporating systematic feature construction and temporal cross-validation. The
experimental results show that the Random Forest model achieves the best overall performance with RMSE of 14.44, MAE of
10.73, and R? of 0.8922, outperforming Decision Tree (RMSE: 17.40, R% 0.8433) and Linear Regression (RMSE: 21.03, R
0.7711). Feature importance analysis reveals that hour-related cyclic features (hour_sin) are the most influential factor, with an
importance score of 0.602, followed by hour (0.172) and temperature (0.073). This study provides empirical evidence for model
selection in bike sharing prediction tasks and offers practical guidance for urban transportation management.
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learning methods have gained popularity. Decision trees

1. Introduction provide good interpretability but are prone to overfitting [8].

Over the past decade, bike sharing services have gained Ensgrpble methods such as Random Forest combine mpltiple
widespread acceptance across numerous global cities, dems19n trees to reduce variance and improve ge.nerallza‘qon
offering an environmentally sustainable and user-friendly [9]. Jiao et al.‘ [10] Cqmpared mqltlple machine 1eamlng
travel option. These systems not only help reduce traffic models for bike sharing prediction, demonstrating the
congestion and carbon emissions but also provide an effective superiority of Rgndom FOFGSt over linear models. Zhang [11]
solution for the "last mile" problem in urban commuting [1]. further §mph351zed .the importance of systematic feature
According to recent statistics, over 1,000 bike sharing engineering for multi-source heterogeneous datq. Bai et al.
programs are currently operating globally, with millions of [12] .1ncorp0rate.d weather factors and §pat10—temp0ral
daily trips recorded. However, the rapid expansion of bike attention mechanisms to enhance the modeling of complex
sharing services has also brought significant operational spatio-temporal dependencies. Campbell et al. [13] applied
challenges, particularly the problem of supply-demand linear regression to identify fac'tors influencing blke shar'mg
imbalance. During peak hours, certain stations face bike usage mn BelJH?g- Loh [14] prov@ed a comprehenslve review
shortages while other stations have excessive idle bikes, of classification and regression trees. Breiman [15]
leading to reduced user satisfaction and increased operational ~ introduced the Random Forest algorithm. Despite these
costs [2]. efforFs, there remains a lack of systematic comparison among

Precisely estimating near-term bicycle rental volumes is clas.swal models upder the same experimental COHleIOPS,
fundamental to enhancing fleet distribution and implementing ~ Particularly regarding the trade-off between prediction
responsive rebalancing strategies. If operators can accurately accuracy and computatlonal efﬁc'lency[l6]. . o
predict hourly demand, they can proactively redistribute bikes Motivated by this .research. VOl.dg the current investigation
from low-demand areas to high-demand areas, thereby focuses on two primary Inquiries: (1 How do t.h'ree
improving service quality and resource utilization efficiency representative ML algonthms—Lmegr Regrevsm‘on, Decision
[3]. Nevertheless, bike sharing demand prediction remains a Tree, and Random Forest—regard}ng predictive accuracy
challenging task due to the complex interplay of multiple (RMSE, MAE, R?) and computational cost? (2) Among
factors, including temporal patterns (hour of day, day of week, temporal gnq meteorological variables, which serve as the
season), weather conditions (temperature, humidity, wind strongest indicators for hpurly rgntal volume? o
speed), and special events (holidays, working days) [4]. To answer these questions, '[hlS. study adopts a quantitative

Numerous scholarly efforts have examined diverse approach using the publicly avallgble Kaggle Bike Shar1.ng
methodologies for anticipating bike sharing utilization trends. Demand dataset. The dgtaset contains .houﬂy records of bike
Traditional statistical approaches include linear regression rental counts along with corresponding time features and
and time series models such as ARIMA [5]. Faghih-Imani et weather meas:urements. .T.hree models are implemented and
al. [6] used linear regression to analyze the impact of land use compared using the scikit-learn library in Python. Model
on bike flows, identifying station location as a key factor. performgnce is evaluated 'ba.sed on RMSE,. MAE, and R
However, linear models often fail to capture nonlinear Feature 1mp0rtapce apalysm 1S copducted' using the Random
relationships inherent in the data [7]. In recent years, machine Forest model to identify the most influential predictors.
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The significance of this study lies in providing empirical
evidence for model selection in bike sharing demand
prediction tasks. The findings can help researchers and
practitioners choose the most suitable model according to
their specific requirements for accuracy, training time, and
interpretability. Furthermore, the feature importance analysis
offers actionable insights for operational decision-making,
such as identifying critical time periods for bike rebalancing.

2. Literature Review
2.1. Traditional Statistical Methods

Early scholarly works on predicting transportation demand
largely relied upon traditional statistical methodologies. Time
series models such as ARIMA and SARIMA have been
widely applied to capture temporal dependencies in
sequential data [5]. For bike sharing demand, which exhibits
strong daily and weekly periodicity, SARIMA models have
shown reasonable performance. However, these models have
significant limitations: they cannot incorporate exogenous
variables such as weather conditions or holiday effects, and
they assume linear relationships [16].

Due to their straightforward implementation and clear
explanatory power, linear regression models remain a popular
choice. Campbell et al. [13] applied linear regression to
identify factors influencing bike sharing usage in Beijing,
finding that distance, temperature, and air quality were
significant predictors. Faghih-Imani et al. [6] used linear
regression to analyze the impact of land use characteristics on
bike flows at the station level. While these models provide
clear coefficient estimates, they cannot capture nonlinear
patterns or interaction effects between features. Furthermore,
linear regression is sensitive to multicollinearity, which often
exists among weather-related variables.

2.2. Decision Tree and Random Forest

Due to their interpretable decision pathways and ability to
handle both numeric and categorical variables, decision tree
algorithms [14] have garnered substantial research interest. A
decision tree recursively partitions the feature space based on
splitting rules, creating a hierarchical structure that can be
visualized. For bike sharing prediction, decision trees can
capture threshold effects, such as the sharp increase in
demand during morning rush hours. However, single decision
trees are prone to overfitting, especially when the tree depth
is large, and they tend to be unstable [8].

To overcome such shortcomings, Breiman [15] developed
the Random Forest approach, which builds an ensemble of
numerous decision trees through bootstrap aggregation and
randomized feature subspaces. Each tree is trained on a
different bootstrap sample, and at each split, only a random
subset of features is considered. The final prediction is the
average of all tree predictions. This bagging approach reduces
variance and mitigates overfitting, often leading to superior
generalization performance. Jiao et al. [10] successfully
applied Random Forest to bike sharing demand prediction,
demonstrating its superiority over linear regression and ridge
regression models. Bai et al. [12] further incorporated weather
factors and spatio-temporal attention mechanisms to enhance
the modeling of complex spatio-temporal dependencies.

2.3. Research Gaps

Despite substantial research, several gaps remain. First,
most existing studies focus on a limited number of models,
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but few provide systematic comparison including training
time and model stability. Second, feature importance analysis
is often overlooked, missing the opportunity to derive
actionable insights. This study aims to fill these gaps by
providing a comprehensive comparison of three classical
models with rigorous experimental design.

3. Methodology

3.1. Dataset Description

The experiments utilize the Kaggle Bike Sharing Demand
dataset—a widely recognized open-source benchmark
designed for regression problems in transportation research.
The dataset is provided by Capital Bikeshare in Washington
D.C., containing hourly records of bike rental counts
spanning two years from January 2011 to December 2012.
The dataset includes a total of 17,379 hourly observations.

Table 1. Dataset feature descriptions

Feature Type Description
. . Date and time of
datet datet
atetime atetime the record (hourly)
Normalized
temp continuous temperature in
Celsius
Normalized
humidity continuous humidity
percentage
. . Normalized wind
windspeed continuous
speed
. Total rental count
count continuous .
(target variable)

A temporal validation approach was adopted to partition
the dataset into training and testing subsets. Data from 2011
(approximately 80% of the total, 6,989 records) was used for
training, while data from 2012 (approximately 20%, 1,748
records) was reserved for testing. This time-based split
ensures that evaluation reflects the model's ability to predict
future demand.

3.2. Feature Engineering

From the raw datetime feature, several temporal features
were extracted:

Basic time features include hour (0-23), weekday (0-6,
where 0 represents Monday), month (1-12), and year (2011 or
2012). These allow models to learn daily, weekly, and
seasonal patterns.

Table 2. Feature set after engineering
Feature Category Features
Time features hour, weekday, month, year
Cyclic features hour_sin, hour_cos,
weekday sin, weekday cos
is_weekend, is_rush_hour,
is_night
temp, humidity, windspeed
14 features

Derived features

Weather features
Total

Cyclic encoding was applied to preserve the circular nature
of time features. Sine and cosine transformations were
applied to hour: hour_sin = sin (2x % hour / 24) and hour_cos
= cos (2m x hour / 24). Similar transformations were applied
to weekday.

Derived features were also created: weekend indicator
(is_weekend), rush hour indicator (is_rush hour for 7:00-



9:00 and 17:00-19:00), and night indicator (is_night for hours
between 22:00 and 5:00).

3.3. Models

For comparative analysis, three distinct ML algorithms
were selected and implemented:

The Linear Regression (LR) model functions as a
performance baseline, operating under the assumption of
linear dependence between predictors and the response
variable, estimating coefficients by minimizing the sum of
squared residuals. Linear regression provides interpretable
coefficient estimates and the fastest training speed.

As a non-parametric learner, the Decision Tree (DT)
recursively divides the predictor space according to optimal
splitting criteria. At each node, the algorithm selects the
feature and split point that minimizes the mean squared error
of the resulting child nodes. Decision trees can capture
nonlinear relationships without requiring feature scaling. The
maximum depth was limited to 15 to prevent overfitting.

The Random Forest (RF) algorithm represents an ensemble
technique that generates numerous decision trees via
bootstrap resampling and stochastic feature selection. Each
tree is trained on a different bootstrap sample, and at each split,
only a random subset of features is considered. The final
prediction is the average of all tree predictions. Random
Forest reduces variance compared to a single decision tree.
The model was configured with 100 trees, maximum depth of
15, and min_samples_split of 20.

3.4. Evaluation Metrics

Three standard regression metrics were used:

Root Mean Square Error (RMSE) measures the average
magnitude of prediction errors, giving higher weight to large
errors. Lower RMSE values indicate better accuracy.

Mean Absolute Error (MAE) measures the average

Distribution of Rental Count

Hourly Rental Pattern

absolute difference between predicted and actual values.
MAE provides a more intuitive interpretation in the original
unit of measurement.

Coefficient of Determination (R?) represents the proportion
of variance in the target variable explained by the model.
Values closer to 1 indicate better explanatory power.

Training Time was recorded to evaluate computational
efficiency.

3.5. Experimental Setup

All experiments were conducted using Python 3.14 with
the scikit-learn library (version 1.7.2). Numerical features
(temp, humidity, windspeed) were standardized using
StandardScaler. No categorical encoding was needed as all
features were numerical after feature engineering.

The complete experimental workflow consisted of: (1) data
loading and preprocessing, (2) feature engineering, (3) train-
test split (80% training, 20% testing by time), (4) model
training, (5) prediction on test set, (6) evaluation using RMSE,
MAE, and R? and (7) feature importance extraction for
Random Forest.

4. Results
4.1. Exploratory Data Analysis

Figure 1a shows the distribution of rental counts, which
exhibits a right-skewed distribution with most hourly rentals
concentrated between 50 and 150. Figure 1b reveals a clear
bimodal pattern in hourly rentals, with peaks at 8:00 AM and
5:00-6:00 PM, reflecting commuting behavior. Figure lc
compares weekday versus weekend rentals, showing that
weekdays have significantly higher average rentals
(approximately 1.8 times) than weekends, further confirming
the dominance of commuting demand.
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Figure 1. Hourly rental pattern: weekday vs weekend

Figure 2a shows an inverted U-shaped relationship
between temperature and rental count. Rental counts increase
with temperature up to approximately 25°C, after which they
begin to decline. This nonlinear relationship explains why

Temperature vs Rental Count

Humidity vs Rental Count

tree-based models outperform linear models. Figure 2b shows
a weak negative correlation between humidity and rental
count.

Hourly Rental Distribution
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Figure 2. Temperature vs rental count relationship
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4.2. Model Performance Comparison

Table 3. Model performance comparison

Model RMSE MAE R? Training Time (s)
Random Forest 14.44 10.73 0.8922 0.196
Decision Tree 17.40 12.70 0.8433 0.028
Linear Regression 21.03 15.93 0.7711 0.011
RMSE (Lower is Better) R? (Higher is Better) Training Time 9208
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Figure 3. Model performance comparison

The comparative outcomes on the holdout test set are
summarized in Table 3 and visualized in Figure 3. Evidently,
Random Forest achieves substantially superior predictive
performance relative to both Linear Regression and Decision
Tree.

The optimal results are attained by Random Forest,
yielding an RMSE of 14.44, an MAE of 10.73, and an R?
coefficient of 0.8922. When benchmarked against the linear
model, Random Forest achieves a 31.3% reduction in RMSE
(falling from 21.03 to 14.44) alongside a 15.7% enhancement
in R? (increasing from 0.7711 to 0.8922).

Decision Tree ranks second with RMSE of 17.40, MAE of
12.70, and R* of 0.8433, representing a 17.3% RMSE

Mode| RMSE Compar ison

reduction compared to Linear Regression.

Linear Regression serves as the baseline with the highest
RMSE (21.03) and lowest R? (0.7711), confirming that simple
linear models cannot adequately capture the complex patterns
in bike sharing demand.

Regarding training time, Linear Regression is the fastest
(0.011 seconds), followed by Decision Tree (0.028 seconds),
and Random Forest (0.196 seconds). While Random Forest
takes longer to train, the training time remains negligible for
practical applications (less than 0.2 seconds), making it
suitable for real-time deployment.

4.3. Prediction Visualization
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Figure 4. Prediction results comparison (first 100 samples)
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Figure 4 compares the predictions of the three models
against actual rental counts for the first 100 test samples. The
Random Forest model's predictions are consistently closest to
the actual values, closely following the peaks and troughs of
the demand pattern. Decision Tree performs reasonably but

tends to show larger deviations during peak hours. Linear
Regression exhibits the largest deviation, particularly during
high-demand periods, as it tends to regress toward the mean.

4.4. Feature Importance Analysis

Table 4. Top 10 feature importance scores

Rank Feature Importance Score
1 hour sin 0.6021
2 hour 0.1720
3 hour cos 0.0838
4 temp 0.0730
5 is_rush hour 0.0370
6 windspeed 0.0113
7 humidity 0.0105
8 is_night 0.0065
9 month 0.0048
10 weekday sin 0.0023

Random Forest Feature Importance (Top 14)

hour_sin
hour
hour_cos
temp
is_rush_hour
windspeed
humidity
is_night

month
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year
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Figure 5. Random Forest feature importance

As displayed in Table 4 and Figure 5, the feature
importance hierarchy derived from the Random Forest model
yields several noteworthy observations:

Hour-related features dominate the top ranks, accounting
for over 85% of total importance. Specifically, hour sin
(cyclic encoding of hour) is the most important feature with
an importance score of 0.6021, far exceeding all other
features. This demonstrates that capturing the cyclic nature of
time is crucial for accurate prediction. Hour ranks second with
0.1720, and hour_cos ranks third with 0.0838.

Temperature (temp) ranks fourth with an importance score
of 0.0730, showing moderate but significant impact on bike
sharing demand.

Rush hour indicator (is_rush_hour) ranks fifth with 0.0307,

confirming that peak commuting periods are strong predictors.

Environmental features such as windspeed (0.0113) and
humidity (0.0105) have relatively low importance scores,
indicating that while weather affects bike usage, its impact is
secondary to temporal factors.

This finding has important practical implications: operators
should primarily focus on time-based scheduling, particularly
capturing the cyclic patterns of hourly demand, while

incorporating temperature adjustments for extreme conditions.

4.5. Error Analysis

Figure 6 shows the error distributions for all three models.
Random Forest has the smallest error spread with most
residuals concentrated between -20 and +20. Decision Tree
shows a slightly wider distribution, while Linear Regression
exhibits the largest error spread, particularly with negative
residuals (underestimation) during high-demand periods.

5. Conclusion

Using the Kaggle benchmark dataset, the present work
compared three distinct machine learning methodologies —
Linear Regression, Decision Tree, and Random Forest — for
forecasting bicycle rental demand. The main findings are as
follows:

Foremost among the findings, Random Forest achieved
superior predictive performance, attaining an RMSE of 14.44,
an MAE of 10.73, and an R? of 0.8922—substantially
surpassing both Decision Tree (RMSE: 17.40, R 0.8433)
and Linear Regression (RMSE: 21.03, R?: 0.7711). Compared
to the baseline linear model, Random Forest reduced RMSE
by 31.3% and improved R? by 15.7%. This confirms that
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ensemble methods are highly effective for capturing the

complex nonlinear patterns in bike sharing demand.
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Figure 6. Error distribution comparison
Second, employing cyclic encoding for temporal attributes Random Forest models (achieving 89.2% variance

proves essential for forecasting precision. The dominant
predictor, hour_sin (the sinusoidal transformation of hour),
individually contributes 60.2% to the overall feature
importance. This demonstrates that properly capturing the
circular nature of time (e.g., hour 23 and hour 0 are adjacent)
significantly improves model performance.

Third, feature importance analysis reveals that time-related
features (hour_sin, hour, hour cos, is_rush _hour) collectively
account for over 88% of total importance. Temperature shows
moderate importance (7.3%), while humidity and wind speed
have relatively minor effects. This finding suggests that
commuting behavior is the dominant factor in determining
hourly bike sharing demand, with weather playing a
secondary role.

Fourth, with respect to computational demands, Linear
Regression exhibits the briefest training duration (0.011
seconds); nevertheless, Random Forest's training overhead
(0.196 seconds) remains trivial for real-world deployment
scenarios. Given its superior accuracy, Random Forest is
recommended for production deployment.

5.1. Practical Implications

Based on the findings, the following practical
recommendations are proposed for bike sharing operators:

Scheduling focus: Prioritize bike rebalancing during
morning peak hours (7:00-9:00 AM) and evening peak hours
(5:00-7:00 PM), as these periods have the highest demand.

Weather adjustments: Monitor temperature forecasts, as
optimal temperatures (20-30°C) significantly increase
demand, while extreme temperatures reduce it. Consider
dynamic pricing or targeted promotions during suboptimal
weather conditions.

Model selection: For real-time demand prediction, deploy
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explanation) rather than simpler linear models. The training
time of 0.2 seconds is acceptable for hourly retraining.

Feature engineering: Use cyclic encoding (sine/cosine
transformations) for time features instead of raw hour values
to capture temporal periodicity.

5.2. Limitations and Future Work

This investigation is subject to certain limitations. Notably,
the dataset is confined to Washington D.C, potentially
restricting the generalizability of findings to metropolitan
areas characterized by differing urban morphologies, climatic
conditions, or cycling customs. Second, the study did not
incorporate additional data sources such as real-time traffic
conditions, points of interest (POI) density, or public transit
schedules. Third, deep learning methods such as LSTM (Long
Short-Term Memory networks) were not included in the
comparison. Fourth, the dataset size (17,379 records) is
modest; larger datasets might yield different comparative
results.

Future research could extend this work in several directions:
(1) incorporate additional data sources such as weather
forecasts, POI density, distance to subway stations, and real-
time traffic conditions; (2) test generalizability using datasets
from multiple cities with diverse characteristics; (3) compare
with deep learning methods (LSTM, GRU, Transformer); (4)
systematically explore feature interactions; (5) integrate the
predictive models into a real-time bike rebalancing system.

In conclusion, this study provides empirical evidence that
Random Forest is the most effective model among the
evaluated methods for bike sharing demand prediction,
achieving RMSE of 14.44 and R? of 0.8922. The finding that
cyclic time features (hour_sin) are by far the most important
predictor (60.2% importance) highlights the critical role of



proper time encoding. The results offer practical guidance for
operators seeking to implement predictive models for
dynamic bike rebalancing.
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