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[bookmark: _Toc8391213]Data description
The bicycle sharing system is an automated service that challenges traditional bicycle rental. The entire process from member management to leasing and returning is automatic. At present, the world has set off a wave of sharing bicycles. Many companies have invested in the shared bicycle industry, with more than 500 bicycle sharing projects around the world.
Bike-sharing rental process is highly correlated to the environmental and seasonal settings. For instance, weather conditions, precipitation, day of week, season, hour of the day, etc. can affect the rental behaviours. The core data set is related to  the two-year historical log corresponding to years 2011 and 2012 from Capital Bikeshare system, Washington D.C., USA which is publicly available in http://capitalbikeshare.com/system-data. We aggregated the data on two hourly and daily basis and then extracted and added the corresponding weather and seasonal information. Weather information are extracted from http://www.freemeteo.com. [1]
Day. Csv contains 731 records. Hour. Csv contains 17389 records. The Dataset contained the following attributes:  
Time 
· Instant :Number of days since the 01.01.2011 (the first day in the dataset). This feature was introduced to take account of the trend over time.
· Date (MM/DD/YYYY) 
· Hour {0-23}: only contains in hour.csv
· Day of the week {0-6}
· Month {1-12} 
· Year {0, 1} either 2011 or 2012
Time Meta-Information: 
· Holiday {0, 1}: 1= a holiday; 0= not a holiday.
· Working Day {0, 1}: 1= a working day; 0=not a working day .
· Season {1-4} : either 2= spring; 3=summer; 4=fall; 1=winter.
Weather: 
· Weathersit{1-4}：The weather situation on that day， including as follows:
· clear, few clouds, partly cloudy, cloudy
· mist + clouds, mist + broken clouds, mist + few clouds, mist
· light snow, light rain + thunderstorm + scattered clouds, light rain + scattered clouds
· heavy rain + ice pallets + thunderstorm + mist, snow + mist
· Temperature – normalized [0, 1] Temperature in degrees Celsius( Normalized processing)
· Humidity – normalized [0, 1] Relative humidity in percent (0 to 100) ( Normalized processing)
· Wind speed – normalized [0 1] Wind speed in km per hour( Normalized processing)
· Feeling Temperature (e.g. windchill) ( Normalized processing)
Count of bicycles including both casual and registered users. The count is used as the target in the regression task.
· Casual
· Registered
· cnt
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[bookmark: _Toc8391234]Figure 1 Original dataset in Excel
[bookmark: _Toc8391214]Primary Pro-processing 
The original dataset is already in .csv format. Check the original data set and find that there are no spaces. All spaces have been replaced by 0.
Most attribute names are omitted from vowels and are not easy to understand. They need to be converted to full English words. Considering the readability of the data, the following steps will be used to convert the data. The converted data is added to the right side of the original data.
· Convert unreadable attribute names to full words.
· Dteday->date
· Yr->year
· Mnth->month
· Weathersit->weather
· Temp->temperature
· Atemp->feeling temperature
· Hum->humidity
· Cnt->total
· Converts the normalized property values to their original values.
· temp  t=t*47-8 
· atemp t=t*66-16 
· windspeed*67 
· Convert seasons, holidays, weather and workingdays to corresponding words.
· replace season number1-4 to winter-autumn 
· replace holiday 1 to ‘holiday’ ;0 to ‘not-holiday’ 
· replace weekday 0-6 to ‘Sunday’ to ‘Saturday’ 
· replace working day 1 to ‘workingday’;0 to ‘ holidayorweekend’ 
· replace weather 1 to ‘clear’;2 to ‘mist’;3 to ‘light‘;4 to ‘heavy’ 
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[bookmark: _Toc8391235]Figure 2 Modified dataset in Excel (1)
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[bookmark: _Toc8391236]Figure 3 Modified dataset in Excel (2)
loading dataset into WEKA 
· WEKA will read data from Excel files but it gives the data columns meaningless names
· It is much better if the data is preformatted into .ARFF format before trying to load it into WEKA
· A .ARFF format file is split into 3 sections:
· A relation identifier
· A header showing the attributes of the data
· The data
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[bookmark: _Toc8391237]Figure 4 . ARFF format in Notepad++
Initial data visualization
The .ARFF format is encoded correctly to import the dataset into weka. After importing, first click visualize all to view the basics of all data.
[image: ]
[bookmark: _Toc8391238]Figure 5 Initial data visualization
 Nothing interesting was found at initial data visualization. 


[bookmark: _Toc8391215]Exploring data in tableau 
Tableau is a software that is ideal for data visualization and preliminary exploration of data.
Import data to Tableau
· Import the .csv file into tableau, showing garbled characters. That may be a file format issue. 
· Change file format into. xlsx.
· Import.xlsx fie into Tableau, showing all data normally
[image: ]
[bookmark: _Toc8391239]Figure 6 Import day.csv file, showing garbled characters
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[bookmark: _Toc8391240]Figure 7 Import day.xlsx file, showing all data normally
[bookmark: _Toc8391216]Explore the Relationship Between Registered/Casual and Total 
Sharing a bicycle company to make money requires mastering the information of the target user. For the target user group, there are several problems as follows.
· Is the registered user the primary user group for shared bikes?
· Is there a positive relationship between casual users and registered users?
Next, explore the dataset in Tableau, try to answer the above questions, and find more interesting things.
At year level
1. Drag date to Columns.
2. Drag casual/registered and total to rows.
3. Right click on the second measure and select dual axis.
4. Right-click on the right-hand axis and select synchronize axis to show the two rows on axes that have the same scale.
[image: ][image: ]

[bookmark: _Toc8391241]Figure 8 Casual(sum) vs Total(sum) in 2011 and 2012
[bookmark: _Toc8391242]Figure 9 Registered(sum) vs Total(sum) in 2011 and 2012
Result 1: 
· Registered users are the vast majority, and few casual users.
· The number of shared bicycle users increased significantly in 2012 compared with 2011. 
· Registered users are almost parallel to that of total users. 
· Casual users are only positively correlated with total users, but the growth is not obvious.

At day level
To explore the data set in more detail, view the user's daily data.
[image: ]
[bookmark: _Toc8391243]Figure 10 Casual(sum) vs Total(sum) in each day
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[bookmark: _Toc8391244]Figure 11 Registered(sum) vs Total(sum) in each day
Result 2:
· Registered users are always in sync with the total users.
· The total users have remained at a high level from April to October 2012 and significantly higher than the same period in 2011. 
· Casual users did not significantly improve during this period compared to the same period in 2011.
Note: Since the registered user is always consistent with the total user, only the screenshots of the casual user and the total user will be provided next.

At month level
[image: ]
[bookmark: _Toc8391245]Figure 12 Casual(sum) vs Total(sum) in month
Result3: 
· 2011 users peaked in June, while 2012 users peaked in September.
· The 2011 and 2012 user valleys are all in January.

At week level
[image: ]
[bookmark: _Toc8391246]Figure 13 Casual(sum) vs Total(sum) in each day of week
Result 4:
· The total user is almost the same every day of the week.
· The weekend's casual users are significantly higher than the working day, which is about twice the working day.
[bookmark: _Toc8391217]Forecasting number of casual/total 
Tableau has predictive capabilities. Right-click in the view, select Forecast, and chose show forecast.
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[bookmark: _Toc8391247][bookmark: _Hlk8315166]Figure 14 Forecasting casual & total(7days)                   
[bookmark: _Toc8391248] Figure 15 Forecast option(7days)
[image: ] [image: ]
[bookmark: _Toc8391249]Figure 16 Forecasting casual & total(11months)           
[bookmark: _Toc8391250]Figure 17 Forecast option(11months)

Result 5:
· The forecast line did not achieve the desired effect. 
· Forecast results do not have much value.
· After trying to change the time scale and the predicted length, there is no obvious periodicity.

[bookmark: _Toc8391218]Key factors affecting users
· Drag date to columns and change it to ‘day’.
· Drag total users and attributes for consecutive values to rows, including temperature, humidity and wind speed.

[image: ]
[bookmark: _Toc8391251]Figure 18 Factors that may affect the number of total users
[image: ]
[bookmark: _Toc8391252]Figure 19 Factors that may affect the number of casual users
Result 6:
· It is obvious that the temperature curve and the total user curve are almost identical, while the humidity curve, wind speed curve and total user curve are very different. 
· Casual users seem to have nothing to do with temperature, humidity and wind speed.
Therefore, temperature is a key factor affecting the number of registered users.
[bookmark: _Toc8391219]Conclusion
By analysing the shared bicycle data using tableau software, the following conclusions are obtained:
1. Registered users account for the vast majority of total users and always in sync with the total user
2. The shared bicycle users in 2012 increased significantly compared to 2011.
3. The number of users peaked in the summer and reached the valley in January.
4. On weekends, casual users are about twice as long as workdays.
5. The total users has no obvious periodicity.
6. Temperature is a key factor affecting the number of users.
These conclusions are very simple and may not be accurate. Regarding the factors affecting users and predicting users will continue to explore in Weka.




[bookmark: _Toc8391220]Exploring data in Weka 
Further explore the data set based on the conclusions drawn from exploring data in tableau.
[bookmark: _Toc8391221]Investigate Factors Affecting Users
Although temperature is the most important reason for users in tableau. In Weka, Forget this conclusion first and explore all the factors that may affect users in general.
Pre-processing
· Remove attribute which are useless, including instant, year, casual and registed.
· Apply filters
· Discretize- categorize total into discrete values
· Attributeindices: last
· Bins:4 (discrete total users into four parts)
· ClassBalancer-re-weights instances so more evenly spread
[image: ]
[bookmark: _Toc8391253]Figure 20 After Discretize& Classbalancer
[image: ]
[bookmark: _Toc8391254]Figure 21 Visualize all attributes
[bookmark: _Toc8391222]Apply J48 Classify Algorism
· Based on top-down strategy
· J48 is a graphical method for intuitive use of probability analysis.
· It is drawn like a tree.
· Each of these internal nodes represents a test on an attribute, each branch represents a test output, and each leaf node represents a category.
· The ideal situation is to find an attribute whose one node is all yes, and one node is all no. This is the best case.

[image: ]
[bookmark: _Toc8391255]Figure 22 J48 tree
[image: ]
[bookmark: _Toc8391256]Figure 23 The result of J48

	Class
	Precision
	Recall
	F-Measure

	'(-inf-2195]'
	0.842
	0.851
	0.803

	'(2195-4368]'
	0.652
	0.662
	0.551

	'(4368-6541]'
	0.622
	0.655
	0.638

	'(6541-inf)'
	0.828
	0.826
	0.827

	Weighted Avg
	0.746
	.0.744
	0.744


[bookmark: _Toc8391257]Figure 24 Detailed accuracy by class
Result:
· Number of Leaves  : 	61
· Size of the tree : 	121
· It is not a good classification which is too complex.
· Performance on the first and fourth class is better than on the second and third class.
· The accuracy rate is 74.6%, not bad.
Further exploration
· Trying to delete the attribute does not simplify the J48 tree, nor does it improve the accuracy.
· Other algorithms have been tried, with Zero0 being the worst performer with an accuracy of only 25%. Naive Bayes is about the same accuracy as J48.

[bookmark: _Toc8391223]Apply K-means Cluster Algorism
Outline of main steps
· Define the number of clusters (k=4/k=5)
· Choose k data objects randomly to serve as the initial centroids for the k clusters
· Assign each data object to the cluster represented by its nearest centroid
· Find a new centroid for each cluster by calculating the mean vector of its members
· Undo the memberships of all data objects. Go back to Step 3 and repeat the process until cluster membership no longer changes or a maximum number of iterations is reached.
Use the AddCluster to create a new attribute.
[image: ]
[bookmark: _Toc8391258]Figure 25 Add a new attribute:cluster

[image: ]
[bookmark: _Toc8391259]Figure 26 Choose classes to clusters evaluation:(nom) cluster
Result:
· [bookmark: _Hlk8387081]When K=4, it is equal to the number of seasons. 98% of the data falls into the right area. 
· The newly added cluster consists of multiple data such as season, temperature, humidity and wind speed, which proves that other factors have little effect. 
· Season is the most important factor affecting users. 
· It is also possible that other attributes are positively related to the season. 
· For example, the temperature varies with the seasons.
· When K=5.      71% of the data falls into the right area.
· Summer clustering works best (the color is the most consistent). 
· The clustering in spring is not so good (the most chaotic color).
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[bookmark: _Toc8391260]Figure 27 Result of K-means: K=4
[image: ]
[bookmark: _Toc8391261]Figure 28 Result of K-means: K=5
Further optimization
· How to choose k value?
· Distance calculation method?
· Euclidean distance 
· Manhattan distance
· Chebyshev distance

[bookmark: _Toc8391224]Predict Total Users
[bookmark: _Toc8391225]Apply Linear Regression To Different Model To Explore Future
In order to explore the role of linear regression in prediction, the following five versions of data were created through the secondary pre-processing.
Version 1: Original
· Leave only two Attribute : date& total
· Select Linear regression and click start. 
· Right-click result and chose visualization classifier errors.
· Change x to date. 
Version 2: NewDate
Weka sets time as  the number of seconds counted since Jan 1, 1970. 
AddExpression filter will be used to convert time to the number of months from number 1. 
· Select AddExpression in filter
· Open editor, set data as follows:
· Expression: (a1/(1000*60*60*24*365.25)-41)*12
· Name: NewDate
· Remove date, run classify(LinearRegression) again.
Version 3 :Lag(dalay)
· Choose copy filter
· Open editor
· Write AttributeIndices: 1
· Apply: got a new attribute ‘copy of total’
· Choose TimeSeriesTranslate
· Open editor
· Write attribute Indices:3 
· instance range : -365
· Apply:got a delay vision of data
· run classify(LinearRegression) again.
Version 4 : RemoveRange
· RemoveRange filter
· InstanceIndices : 1-365
· Apply:  no missing value
Version 5: Classification
· Add classification filter
· Linear regression
· Output classification : ture
· Apply: got a new attribute
· Visualization: Newdate classification
The following figure shows some of the changed data and new attribute.
[image: ][image: ]
[bookmark: _Toc8391262]Figure 29 Lag(delay) Data
[bookmark: _Toc8391263]Figure 30 RemoveRange data
[image: ]
[bookmark: _Toc8391264]Figure 31 New Attributes
Result:
The following figures show the prediction results by using linear regression to predict users.

[image: ]
[bookmark: _Toc8391265]Figure 32  Original: Predict result

[image: ]
[bookmark: _Toc8391266]Figure 33 RemoveRange: Predict result
[image: ]
[bookmark: _Toc8391267]Figure 34 Classification: Predict result

· The size of these crosses incidentally indicates the size of the error at this point.
· Using different versions of data, the predictions are quite different.
· Adding this delay attribute gives me cyclic prediction.
[bookmark: _Toc8391226]Compare 1,6,12 Step-Ahead Forecast
Install the timeseriesForecasting package to explore future[image: ][image: ]
[bookmark: _Toc8391268]Figure 35 Open package manager
[bookmark: _Toc8391269]Figure 36 Install time series forecasting package
· At forecast panel: Click Perform evaluation
· Advanced configuration
· Base learner: choose filter classifier
· Classify: linear regression
· Fileter: remove: 1,4,16 invert
· Lag creation: click remove leading instance with unknown values
· Choose linear regression
· Evaluation penal: click evaluation on  held out training
· Attribute selected classifier
Result
[image: ]
[bookmark: _Toc8391270]Figure 37 1,6,12 step-ahead predictions for total users
· 1 step-ahead prediction line is the most close one to actual line.
· 6 step-ahead and 12 step-ahead ahead prediction line deviate too much from the actual line.
· The more steps, the worse the prediction effect.
[bookmark: _Toc8391227]Periodicity	
To predict the number of users in 2013, choose 365 as numbers of time units to predict in the forecast panel. The result is showing as the figure. Obviously, the forecast is very bad. It is impossible for the number of users to decrease rapidly over time. When the image is enlarged, the curve shows periodicity. The cycle is 7 days.
[image: ]
[bookmark: _Toc8391271]Figure 38 365 days prediction
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[bookmark: _Toc8391272]Figure 39 Zoom in

[bookmark: _Toc8391228]Conclusion
· Season is an important factor affecting users. There are many users in summer and few users in winter. This result is also consistent with common sense.
· The number of total users changes in a cycle of 7 days.
[bookmark: _Toc8391229]Reﬂection
[bookmark: _Toc8391230]1. Problems Encountered
From the first time when data was imported to Weka, a lot of mistakes have been reported in Weka. The main mistake is about data type. Different algorithms have different requirements for data types. I imported the data into Weka and found that many algorithms could not be used. This problem is solved by modifying the data type in .ARFF file. 
[bookmark: _GoBack]Due to lack of experience,  I change data repeatedly in notepad++ and excel. This is a waste of time. And I don't remember the difference of data between each file. As shown in following figure, I saved too many versions of the data which often confuses me. I should make a record document and update every change I make to the data set.


[image: ]
[bookmark: _Toc8391273]Figure 40 Confusing data file
Due to the computational complexity of some algorithms, my laptop is not large enough, as shown in the following figure. Hour. arff and day. arff only differs in one attribute: hour. However the number of record in hour. arff is 24 times of day. arff. So, I didn't use hour. arff  explores.

[image: ]
[bookmark: _Toc8391274]Figure 41 Weka out of memory
I often fall into the trap of getting the perfect result. Every time I open Weka, I am full of confidence. But I didn't get good results almost every time, which made me very depressed. Since I only focus on getting good results, I often forget to record the work I do. Sometimes I make several mistakes in the same place. I need to spend a lot of time writing reports because my records are too simple.
[bookmark: _Toc8391231]2. Algorithm Analysis
J48 algorithm
Advantages: 
· Easy to understand
· Only need simple data preprocessing
· Insensitive to missing values
Disadvantages:
· The error increases as the number of attributes increases.
· Poor results when processing data with strong correlation properties
· Inefficient: when building a J48 tree, the dataset is scanned and sorted multiple times
K-means algorism
Advantages:
· Relatively simple to understand.
· The clustering performance is good.
Disadvantages:
· Although it is only necessary to set K, it is not easy to find the right K.
· It is difficult to converge for data sets that are not convex (density-based clustering algorithms are more suitable, such as DESCAN algorithm)
· If the data of each implied category is unbalanced, for example, the amount of data in each implied category is seriously out of balance. Or the variance of each implicit category is different, the clustering effect is not good.
[bookmark: _Toc8391232]3. Software Is Just A Tool
There is no best way or a perfect solution. Finding the right algorithm is only part of the trial process. Even data mining scientists with rich experience can't say whether they can find a perfect result. The choice of algorithm also depends on the size and type of data. People need to obtain knowledge  and spirit from the data.
It takes so much time to find the best model. How to choose the right model is equal to find a balance point. On the one hand, highly flexible models cause overfitting due to fitting subtle changes in noise. On the other hand, simple models may have more assumptions. These are always trade-offs between the speed, accuracy, and complexity of the model. Repeated attempts and errors are important and meaningful in data mining process. If a method or algorithm doesn't work, just try another one.
My data mining results are not ideal does not mean that the data is not good. The reason is more possible for me lack of knowledge. The shared bicycle data set can be further mined through the optimization algorithm. Of course, it may still not have better results. Different people may obtain different conclusions from same data mining results. Because everyone's knowledge background and life experience are different.
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