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Executive Summary

• Objective: Analyze the Influence of Season, Weather, and Time on Bike 
Demand using Seoul Bike Sharing Data.

• Dataset: Utilized historical bike-sharing data spanning multiple seasons and 
years, alongside weather conditions and timestamps.

• Key Findings:
• Seasonal Patterns: Spring and fall experience peak demand, while winter sees the 

lowest usage due to weather constraints.
• Weather Impact: Rainy days lead to decreased demand; clear weather and moderate 

temperatures correlate with higher usage.
• Time of Day: Peak demand during the morning (8-10 AM) and evening (5-7 PM) 

commuter hours; off-peak hours exhibit lower demand.

• Implications:
• Operational Efficiency: Optimize bike allocation based on season and weather 

forecasts to meet demand.
• Marketing Strategies: Targeted promotions during peak hours could enhance user 

engagement.
• User Experience: Provide real-time weather information to assist users' decisions.
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Introduction

• Purpose of the Report: Analyzing the Impact of Season, 
Weather, and Time on Bike Sharing Demand using Seoul 
Bike Sharing Dataset.

• Objective: Provide insights into factors influencing bike 
usage patterns to optimize resource allocation and 
enhance user experience.

• Seoul Bike Sharing Dataset: Historical data containing bike 
usage, weather conditions, and timestamps.
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Methodology

• Perform data collection
• Perform data wrangling
• Perform exploratory data analysis (EDA) using SQL and 

visualization
• Perform predictive analysis using regression models

• How to build the baseline model
• How to improve the baseline model

• Build a R Shiny dashboard app
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Methodology
Data Analysis
Feature Selection
Machine Learning
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Data collection

I collected real-time current and forecasted weather data for cities using the OpenWeather API. It 
can give current weather data for any location including over 200,000 cities and 5-day forecasts for 
free (with limited API usage). I used HTTP requests to call those weather APIs and get the weather 
data.
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Import current 
weather API URL

use api_key to get 
the city and metrics

made HTTP request 
to the current 
weather API

assign the HTTP 
response into 

different vectors

write a function to 
return a data frame 
containing 5-day 
weather forecasts 
for a list of cities

download dataset 
as csv



Data wrangling
• Use regular expressions, along with the stringr package (part of tidyverse), to clean up the bike-sharing systems data that you previously web-

scraped from the wiki page

• Standardize column names for all collected datasets

• Remove undesired reference links from the scraped bike-sharing systems dataset

• Extract only the numeric value from undesired text annotations

• Detect and handle missing values

• Create indicator (dummy) variables for categorical variables

• Normalize data
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steps
•Column names put in UPPERCASE
•The word separator changed to be an underscore

steps

•write a custom function using stringr::str_replace_all to replace all reference links with an 
empty character for columns CITY and SYSTEM
•Use the dplyr::mutate() function to apply the remove_ref function to 
the CITY and SYSTEM columns

steps

•Write a custom function using stringr::str_extract to extract the first digital substring match and convert it 
into numeric type
•Drop rows with missing values in the RENTED_BIKE_COUNT column

steps

•Convert SEASONS, HOLIDAY, FUNCTIONING_DAY, and HOUR columns into indicator columns.
•Apply min-max normalization 
on RENTED_BIKE_COUNT, TEMPERATURE, HUMIDITY, WIND_SPEED, VISIBILITY, DEW_POINT_TEMPERATURE, SO
LAR_RADIATION, RAINFALL, SNOWFALL
•Save the dataset



EDA with SQL

• Load the library RSQLite
• Download the saved csv files and load them into 4 tables.
• Use  dbConnect() to create the SQLite Database and dbExecutive() to 

create the tables.
• Use dbWriteTable() to input data from csv into the table created.
• Use dbGetQuery() to query the database for insight from all the the 

table dataset
• And dbDisconnect(conn) to close the SQL
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EDA with data visualization

• Create a scatter plot of RENTED_BIKE_COUNT vs DATE.
• Create a scatter plot of the RENTED_BIKE_COUNT time series with 

HOURS as the colour.
• Create a histogram overlaid with a kernel density curve for 

RENTED_BIKE_COUNT
• Use a scatter plot to visualize the correlation 

between RENTED_BIKE_COUNT and TEMPERATURE by SEASONS
• Create four boxplots of RENTED_BIKE_COUNT vs. HOUR grouped 

by SEASONS
• Create a line graph of rainfall and snowfall over the year
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Predictive analysis

• Use tidymodels to build some baseline linear regression models.
• Improve linear regression model by adding polynomial and interaction terms, 

and regularization.
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Split data into 
training and testing 

datasets

Build a linear 
regression model 

using only the 
weather variables

Build a linear 
regression model 

using both weather 
and date variables

Evaluate the models 
and identify 

important variables

Add polynomial 
terms

Add interactions 
terms

Add regularizations 
terms

Experiment to 
search for improved 

models



Build a R Shiny dashboard

• Build a R Shiny app with user interface (ui.R) main and side panel with 
leaflet to show the max bike-sharing demand for each city on an 
interactive map from the data wrangled. Use ggplot to render some 
detailed plots such as bike-sharing prediction trend, temperature 
trend, humidity and bike-sharing demand prediction correlation.
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Results

• Exploratory data analysis results

• Predictive analysis results

• A dashboard demo in screenshots
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EDA with SQL
exploratory data analysis using SQL 
queries with the RSQLite R package
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Busiest bike rental times

Date = 19/06/2018  Hour = 18
To get the date and hour with most bikes shared, the table is queried by selecting the date 
and hour where the the number or count of bike rented is at maximum.
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Hourly popularity and temperature 
by seasons
Hour = 18, Temp = 29.38791, Summer season

The query for hour and temp grouped by season is ordered in descending order with most popular 
demand of bike at the top.
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Rental Seasonality

• The average hourly bike count during each season include the minimum, 
maximum, and standard deviation of the hourly bike count for each season.
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Weather Seasonality

On average, what the TEMPERATURE, HUMIDITY, WIND_SPEED, VISIBILITY, 
DEW_POINT_TEMPERATURE, SOLAR_RADIATION, RAINFALL, and SNOWFALL per 
season are and Including the average bike count to see if it correlated with the 
weather.
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Bike-sharing info in Seoul

Use an implicit join across the WORLD_CITIES and the BIKE_SHARING_SYSTEMS 
tables to determine the total number of bikes avaialble in Seoul, plus the following 
city information about Seoul: CITY, COUNTRY, LAT, LON, POPULATION, in a single 
view.

19



Cities similar to Seoul

Find all cities with total bike counts between 15000 and 20000. Return 
the city and country names, plus the coordinates (LAT, LNG), 
population, and number of bicycles for each city.
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EDA with Visualization
R notebook to perform exploratory data analysis using tidyverse
and the ggplot2 R packages.
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Bike rental 
vs. Date
bikes are rented the lowest in the winter, the 
demand begin to increase from spring and 
hit climax at summer and begin to decrease 
towards the end of Autumn.
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Bike rental 
vs. Datetime
demand for bikes occurs more during the 
day, but if you care to hit the market fully, 
there are still thousands that demand at 
night the demand for bikes is more during 
the day than at night, as most humans get 
busier during the day.
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Bike rental 
histogram
We can see from the histogram that most of 
the time there are relatively few bikes 
rented. Indeed, the 'mode', or the most 
frequent number of bikes rented, is about 
250.

Judging by the ‘bumps’ at about 700, 900, 
1900, and 3200 bikes, it looks like there may 
be other modes hiding within subgroups of 
the data.

Interestingly, judging from the tail of the 
distribution, on rare occasions there are 
many more bikes rented out than usual.
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Daily total 
rainfall and 
snowfall
Snowfall/cold temperature has inverse effect on 
bike rental, bike rent hit climax during the hour of 
18.
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Predictive analysis
tidymodels
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Ranked 
coefficients
Variables with larger coefficients in the model 
means they attribute more in the prediction 
of RENTED_BIKE_COUNT. 

From the bar graph when trying to make a 
prediction app, attention will be paid to parameters 
that prominently influence bike sharing
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Model 
evaluation
The lower value of RMSE implies higher 
accuracy of a regression model. However, a 
higher value of R square is considered 
desirable.

From the bar chart model_3 is most 
desirable.
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Find the best performing model
• Select the best performing model with:
• RMSE must be less than 330
• R-squared must be larger than 0.72
• Shown a screenshot of the model performance

• Show its model formula here (RENTED_BIKE_COUNT ~ x1 + x2 + x3 
….)

• You could optionally present their final coefficients here
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Q-Q plot of the 
best model
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Dashboard
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Dashboard for bike-sharing prediction 
on a map

• Title panel is showing the title of the page, the design layout is sidebar layout with main panel as the map of cities and sidebar panel with  
selection drop down input for cities.
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Dashboard for Seoul bike-sharing 
prediction

• On the map shows Seoul, on the side bar is the trend of temperature, humidity in correlation with bike demand over a 5-day forecast. Colder 
temperature means lesser demand.
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Dashboard for New York bike-sharing 
prediction

• On the map shows Seoul, on the side bar is the trend of temperature, humidity in correlation with bike demand over a 5-day forecast. Higher 
temperature means more demand.
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CONCLUSION

• Strategic Insights: Understanding 
seasonality, weather, and timing improves 
resource allocation and user satisfaction.
• Data-Informed Decisions: Implement 

findings to enhance operational efficiency 
and user experience.
• Future Direction: Continued analysis can 

refine strategies and adapt to changing user 
patterns.
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APPENDIX
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