Background

Bike sharing systems are new generation of

 traditional bike rentals where whole process from
membership, rental and return back has become
automatic. Through these systems, user is able to
easily rent a bike from a particular position and
return back at another position. Currently, there
are about over 500 bike-sharing programs around
the world which 1s composed of over 500,000
bicycles. The number of major cities that are
becoming bike-friendly is growing in recent years.
It is expected that in a near future, most major

- cities provide this service along their other public
transport services. How to better predict the casual
rental volume is a key challenge to the business.

I this study, we built a predictive model for
| casual bike rental volume using neural network
.y | and compared its performance with a more
popular approach, linear regression. This study
suggests that it 1s possible to develop a
reproducible and transportable predictive
instrument for casual bike rental volume.

This study aimed to build a predictive model for casual bike rental
volume using artificial neural network and compare its
performance with traditional regression method, linear regression.

The data set under study is related to 2-year usage log of a bike
sharing system namely Capital Bike Sharing (CBS) at
Washington, D.C.,USA. There were some external sources that
corresponding historical environmental values such as weather
conditions, weekday and holidays are extractable. The sample size
1s 4322 1n the test sample and 4323 in training sample, a total of
8645 records from year 2011.

Tabie 1: Descrigtive lnformation Of Tost Sampie And Tralaleg Sample

Training sempie Tost sample

All the records were randomly ==
assigned into 2 groups: training .
sample (50%) and testing .
sample (50%). After using R to
classify the weather data and to
display the distribution of the
testing and the training samples,
we observed similar trend in
data sets of two groups after the
randomization (Figure 1,2). To
avoid error caused by
discrepancy in two data sets that
may affect the performance and
mean squared error, this
validation is necessary.
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sample (50%). Two models
were built using training
sample: artificial neural network
and linear regression. For
artificial neural network, the
input layer has 11 inputs, the
two hidden layers have 3 and 2
neurons and the output layer has
a single output. Mean squared
errors (MSE) were calculated
and compared between both
models. A cross validation was
conducted using a loop for the
neural network and the cv.glm()
function in the boot package for
the linear model. A package
called “neuralnet” in R was used
to conduct neural network
analysis.
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Mean squared error (MSE) : MSE is a risk function, corresponding to the
expected value of the squared error loss or quadratic loss.Both linear
regression techniques such as analysis of variance estimate the MSE as part
of the analysis and use the estimated MSE to determine the statistical
significance of the factors or predictors under study. The goal of
experimental design is to construct experiments in such a way that when
the observations are analyzed, the MSE is close to zero relative to the
magnitude of at least one of the estimated treatment effects. MSE is also
used in several stepwise regression techniques as part of the determination
as to how many predictors from a candidate set to include in a model for a
given set of observations.
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via Artificial Neural Network
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" Data Grathering:
50%: Training Sample;
50%: Testing Sample.

|
® Training Sample:
1. Artificial Neural
Network;
2. Linear Regression.
|
o Mean Squm‘ed
Error (MSE):
Measure the accuracy of
each method compared
to the testing sample;
|
¢ Resullt Analysis:
accuracy and effects of
casual bike rental
volume prediction.
!
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Tabde 3: Lincar Rogressdon To Predict The Volume OFf Canuald Bike Rental
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By visually inspecting the plot we can see that the predictions made
by the neural network are (in general) more concentrated around
the line (a perfect alignment with the line would indicate a MSE of
0 and thus an ideal perfect prediction) than those made by the
linear model.

Cross validation 1s another very important step of building
predictive models. In cross validation, the average MSE for the
neural network (268) is lower than the one of the linear model

(806) although there seems to be a certain degree of variation in the
MSE:s of the cross validation. This may depend on the splitting of
the data or the random initialization of the weights in the net.

‘igure 3: Neural Network of Casual Bike Rental Volume in Training Sample

The black lines show the connections between each layer and
the weights on each connection while the blue lines show the
bias term added in each step. The bias can be thought as the
intercept of a linear model. The net is essentially a black box so

“ we cannot say that much about the fitting, the weights and the
model. Suffice to say that the training algorithm has converged
and therefore the model is ready to be used.

For testing sample, the MSE was 798 for the linear regression
and 265 for the artificial neural network. Artificial neural
network performed better clearly.

Figure 4: Observed vs Predicted Casual Bike Rental Volume In Artificial Neural Network ~ Figure S: MSE for Artificial Neural Network for Testing Group
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According to the linear regression, season, holiday
or not, working day or not, temperature and humidity
were significant predictors for casual rental volume.
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Given a particular combination of
information, business owners could easily predict
the rental volume and make arrangement ahead to

make sure all the customer needs are met.

Even the model from neural
network is not ready to interpret
like linear regression, but the
model structure is ready to use.

' There is a certain degree of variation in the a
| MSEs of the cross validation, which depend

on the splitting of data or the random

initialization of the weights in the net. G

In cross validation, the average MSE for the
neural network is much lower than the one of the
linear model, indicating a better performance.

Meanwhile, predictions made by the
neural network are (in general) more
concentrated around the line (a perfect
alignment with the line would indicate a
MSE of 0 and thus an ideal perfect
prediction) than those made by the linear

Artificial neural network
performed better clearly in
the testing sample.

There are limitations of this study. One of them was associated with

- artificial neural network method. This method employed deep machine
learning method to explore the nonlinear association between casual bike
rental volume and weather factors; however the nonlinear association
make it very hard to interpreter the results, specially the association
between the rate and individual predictors. Other predictors of casual bike
rental volume were not available in this database.

In this study, we built a predictive model for casual bike rental volume
using neural network and compared its performance with a more popular
approach, linear regression.

This study suggests that it is possible to develop a reproducible and
transportable predictive instrument for casual bike rental volume.

e

Data set: 2-year usage log of a bike sharing system namely Capital Bike
Sharing (CBS) at Washington, D.C.,USA.
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