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[bookmark: _Toc7275742][bookmark: _Toc71323133]Introduction
This report has been produced to document the techniques and analyses of a dataset acquired for the data mining module. Herein shall be explanation of the dataset, a walkthrough of the pre-processing completed on the dataset, any initial visualisations of the data, further pre-processing (if required), analyses of the questions proposed in the presentation for assignment one, and finally the reflection on the work completed.


[bookmark: _Toc71323134]Dataset
The dataset chosen for the data mining and visualisation module is the “Road Safety Data” dataset, published by the Department for Transport (DfT) [1]. The dataset encompasses information regarding road traffic accidents (RTA’s) in the UK where there has been some form of injury to at least one person on a public road, and where the accident has also been reported to the police. 
The data is available from 1979 to 2019 (at the time of writing this report and carrying out the practical task, the 2020 statistics were not available) and comes as three .csv files, one occurrence of each for each year covering casualties, vehicles, and accidents (Figure 2-1).

[image: ]
[bookmark: _Toc71323188]Figure 2‑1 List of available .csv files

[bookmark: _Toc71323135]Dataset Usage
The data is used for national statistics purposes such as the formulation of road safety policies, monitoring, and implementation of said policies. The research also provides information to reduce the risk of road users, and at a local level enables authorities and police forces to analyse records within their own areas as per a report from the DfT [2, p. 19].

[bookmark: _Toc71323136]Dataset Attributes
Due to the number of attributes, this will be a brief explanation of the raw, un-processed, individual files and the attributes included within. Attributes that are not self-explanatory by the title will have a short description for clarification.

[bookmark: _Toc71323137]Variable Lookup Guide
As a precursor to the data files, there is a variable lookup guide available [3] as the majority of data within the individual .csv files is categorical (Figure 2-2). This assists with explaining what the different categories mean.

[image: ]
[bookmark: _Toc71323189]Figure 2‑2 Snippet of categorical data of Vehicles 2019.csv

[bookmark: _Toc71323138]Accidents
The accident files are primarily comprised of information surrounding the RTA location, day and time occurrence, and conditions surrounding the RTA (Table 1).

	Attribute
	Description

	Accident Index
	Common attribute between files to link them

	Location Easting OSGR
	-

	Location Northing OSGR
	-

	Longitude
	-

	Latitude
	-

	Police Force
	-

	Accident Severity
	Fatal, serious, or slight

	Number of Vehicles
	-

	Number of Casualties
	-

	Date
	-

	Day of Week
	-

	Time
	-

	Local Authority (District)
	-

	Local Authority (Highway)
	-

	1st Road Class
	Motorway, A road, B road

	1st Road Number
	-

	Road Type
	One way street, dual carriageway, single carriageway

	Speed limit
	-

	Junction Detail
	Not at junction, slip road, crossroads

	Junction Control
	Stop sign, authorised person, traffic signals

	2nd Road Class
	-

	2nd Road Number
	-

	Pedestrian Crossing-Human Control
	School crossing, other authorised person

	Pedestrian Crossing-Physical Facilities
	Zebra, pelican, footbridge

	Light Conditions
	Daylight, darkness – lights lit, darkness – lights unlit, darkness – no lights

	Weather Conditions
	Weather type and wind

	Road Surface Conditions
	Dry, wet, snow, oil, flood

	Special Conditions at Site
	Traffic signals, roadworks, road surface defect

	Carriageway Hazards
	Items in road (vehicle, load, animals)

	Urban or Rural Area
	-

	Did Police Officer Attend Scene of Accident
	-

	LSOA of Accident Location
	-


[bookmark: _Toc71323237]Table 1 Accident attributes

Table 2 shows the total number of records for each of the accident files. The first important piece of information to note is that accident records are decreasing – whether this is a reporting problem, or a genuine decrease in accidents, it is something that can be investigated.

	Year
	Records

	2019
	117,537

	2018
	122,636

	2017
	129,983

	2016
	136,622

	2015
	140,057


[bookmark: _Toc71323238]Table 2 Accident record numbers

[bookmark: _Toc71323139]Vehicles
The vehicle files, as shown in Table 3, are concerned with attributes such as type of vehicle, what happened to the vehicle and information regarding the driver and passenger(s).

	Attribute
	Description

	Accident Index
	Common attribute between files used as index

	Vehicle Reference
	Number of individual vehicle involved in RTA

	Vehicle Type
	Pedal cycle, motorcycle (various engine displacement), car, bus, tram

	Towing and Articulation
	Articulated, caravan, trailer

	Vehicle Manoeuvre
	Reversing, parked, u-turn, turning right / left

	Vehicle Location-Restricted Lane
	Tram track, bus lane, cycle lane

	Junction Location
	-

	Skidding and Overturning
	-

	Hit Object in Carriageway
	-

	Vehicle Leaving Carriageway
	-

	Hit Object off Carriageway
	Sign, post, tree, etc.

	1st Point of Impact
	Front, back, offside, nearside

	Was Vehicle Left Hand Drive?
	-

	Journey Purpose of Driver
	Business, commuting, school run

	Sex of Driver
	-

	Age of Driver
	-

	Age Band of Driver
	-

	Engine Capacity (CC)
	-

	Propulsion Code
	Petrol, oil, steam, gas, electric

	Age of Vehicle
	-

	Driver IMD Decile
	More/less deprived

	Driver Home Area Type
	Urban, rural

	Vehicle IMD Decile
	More/less deprived


[bookmark: _Toc71323239]Table 3 Vehicle attributes

Table 4 contains the records for vehicles that were involved in the RTA’s. The records here are higher than the number of accidents due to the potential number of vehicles involved in an RTA.
 
	Year
	Records

	2019
	216,382

	2018
	226,410

	2017
	238,927

	2016
	255,501

	2015
	257,846


[bookmark: _Toc71323240]Table 4 Vehicle record numbers

[bookmark: _Toc71323140]Casualties
The casualty files cover information regarding the casualty, whether they were a driver, passenger, pedestrian, and the severity of the injury sustained (Table 5).

	Attribute
	Description

	Accident Index
	Common attribute between files used as index

	Vehicle Reference
	Number of individual vehicle involved in RTA

	Casualty Reference
	Number of individual casualty involved in RTA

	Casualty Class
	Driver, passenger, pedestrian

	Sex of Casualty
	-

	Age of Casualty
	-

	Age Band of Casualty
	-

	Casualty Severity
	Fatal, serious, slight

	Pedestrian Location
	Crossing facility, zig-zag lines, footway

	Pedestrian Movement
	Crossing, stationary, walking

	Car Passenger
	Front seat, rear seat

	Bus or Coach Passenger
	Boarding, standing on bus, seated on bus

	Pedestrian Road Maintenance Worker
	-

	Casualty Type
	Pedestrian, cyclist, motorcyclist, car occupant, horse rider

	Casualty Home Area Type
	Urban, rural

	Casualty IMD Decile
	More/less deprived


[bookmark: _Toc71323241]Table 5 Casualty attributes

Akin to the vehicle records, the figures are higher with the casualty records due to the potential number of casualties resulting from an RTA (Table 6).

	Year
	Records

	2019
	153,159

	2018
	160,598

	2017
	170,994

	2016
	181,385

	2015
	186,190


[bookmark: _Toc71323242]Table 6 Casualty record numbers

[bookmark: _Toc71323141]Dataset Choice
The dataset was chosen due to an interest in motor vehicles, specifically motorcycles, and first aid. Though there has been a decrease in reported RTA’s as shown in the previous record tables, the most recent report produced by the DfT [4] reveals that motorcyclists remain the most vulnerable of road users with the highest rates of casualties and fatalities (Figure 2-3 and Figure 2-4).



[bookmark: _Toc71323190]Figure 2‑3 Casualty rate per billion passenger miles [4, p. 10]



[bookmark: _Toc71323191]Figure 2‑4 Fatality rate per billion passenger miles [4, p. 10]


[bookmark: _Toc71323142]Pre-Processing
This section will look at the pre-processing steps applied to the dataset outlining the justification and method for each phase. Pre-processing was primarily carried out using Jupyter Notebook, as Python contains multiple libraries which are extremely useful for data manipulation such as Pandas. Please note that screenshots may only show the pre-processing for the 2019 records, as it felt unnecessary to provide screenshots of the same process for each year. This is until the files are merged, and the NULL values are investigated.

[bookmark: _Toc71323143]Attribute Selection
Attributes highlighted in the previously submitted summary document and presentation were kept (Table 7).

	Attributes

	Accident_Index
	Carriageway_Hazards

	Longitute
	Urban_or_Rural_Area

	Latitude
	Vehicle_Type

	Accident_Severity
	Vehicle_Manoeuvre

	Number_of_Casualties
	Journey_Purpose

	Date
	Sex_of_Driver

	Day_of_Week
	Age_of_Driver

	Time
	Age_of_Vehicle

	Local_Authority (District)
	Casualty_Class

	1st_Road_Class
	Sex_of_Casualty

	Road_Type
	Age_of_Casualty

	Speed_Limit
	Casualty_Severity

	Light_Conditions
	Pedestrian_Location

	Weather_Conditions
	Pedestrian_Movement

	Road_Surface_Conditions
	Casualty_Type


[bookmark: _Toc71323243]Table 7 Attribute selection

The non-listed attributes were purged from the csv files. This was also carried out first as it was believed the less columns, the better for the hardware used, due to the number of attributes and records for each file.

[bookmark: _Toc71323144]Merging Files
Each of the three files need to be merged for each year. This was completed by merging them on the “Accident_Index” column, as it is the unique identifier between the files. 

[bookmark: _Toc71323145]Motorcycles
As mentioned, the aim is to look at RTA’s that involve motorcycles. As per the variable lookup guide, the values for motorcycles are 2, 3, 4, 5, 23 and 97 (Table 8). 

	[bookmark: RANGE!A1]Code
	Label

	2
	Motorcycle 50cc and under

	3
	Motorcycle 125cc and under

	4
	Motorcycle over 125cc and up to 500cc

	5
	Motorcycle over 500cc

	23
	Electric motorcycle

	97
	Motorcycle - unknown cc


[bookmark: _Toc71323244]Table 8 Vehicle_Type variables

These values were filtered (Figure 3-1), and the number of records understandably dropped (84,229 across years combined), however it is still believed that there are enough records to perform data mining with.

[image: ]
[bookmark: _Toc71323192]Figure 3‑1 Filtering motorcycles

Post-merge to gather the individual years, the years were then all combined (Figure 3-2).

[image: ]
[bookmark: _Toc71323193]Figure 3‑2 Merged files

[bookmark: _Toc71323146]Date and Time
Upon researching into ARFF files for WEKA, there can be some problems with date and time format, so a decision was made to split the ‘Date’ and ‘Time’ columns into separate columns for month, year, and hour. This is simple using pandas, just converting the relevant column into datetime (if not already), and then splitting the column (Figure 3-3 and Figure 3-4). The date and time columns were then dropped.

[image: ]
[bookmark: _Toc71323194]Figure 3‑3 Splitting date

[image: ]
[bookmark: _Toc71323195]Figure 3‑4 Splitting time

At this point, there are 84,229 records (Figure 3-5) going in to the NULL and empty value cleansing process.

[image: ]
[bookmark: _Toc71323196]Figure 3‑5 Number of records

[bookmark: _Toc71323147]NULL or Empty Values
As per the variable lookup guide mentioned in section 2.2.1, NULL, empty, and out of range values have already been identified and assigned a value of “-1”. A simple check of the minimum values using Pandas highlighted the attributes which required investigation (Figure 3-6), however there were still checks done for NA values.

[image: ]
[bookmark: _Toc71323197]Figure 3‑6 Min values

[bookmark: _Toc71323148]Longitude and Latitude
Longitude had 27 blank entries, but latitude had none. These rows were removed.

[bookmark: _Toc71323149]Speed_limit
The speed limit only had two “-1” entries. These two rows were dropped by using a simple filter as this would not affect the overall dataset. 

[bookmark: _Toc71323150]Weather_Conditions
Of the Weather_Conditions attribute, there were two values for “-1”. These were removed.

[bookmark: _Toc71323151]Road_Surface_Conditions
There were a relatively small number of records for this attribute, so again they were removed.

[bookmark: _Toc71323152]Carriageway_Hazards
As with the previous attribute there were a small number of records and were removed.

[bookmark: _Toc71323153]Sex_of_Casualty
There are 21 records of ‘-1’ for this attribute, these were removed.

[bookmark: _Toc71323154]Age_of_Casualty
Age_of_Casualty had a slightly large number of invalid values – 1119. Though it was not ideal, these rows were also dropped.

[bookmark: _Toc71323155]x_IMD_Decile
Each of the IMD_Decile attributes for casualty, vehicle and attribute had high values, so these attributes were instead removed. 

[bookmark: _Toc71323156]Vehicle_Manoeuvre
Vehicle_Manoeuvre again had a slightly larger number of invalid records, but these were removed rather than the column dropped as it would be interesting to see which is the most dangerous manoeuvre.

[bookmark: _Toc71323157]Journey_Purpose_of_Driver
Only two values here meant that the records could be safely removed without impacting the remainder of the dataset.

[bookmark: _Toc71323158]Sex_of_Driver
For some reason along with the ‘-1’ value, a value of ‘3’ means ‘Not Known’. These were dropped also.

[bookmark: _Toc71323159]Age_of_Vehicle
A problem was identified when the age categories were found to have a large percentage set as “-1”. As one of the possible research questions was regarding groups such as driver age and potentially vehicle age, it was decided to progress with the investigation by dropping this column. It was believed that it would not be correct to impute values, and by dropping the individual rows it would reduce the remaining dataset by a sizable amount.

[bookmark: _Toc71323160]Age_of_Driver
Finally, Age_of_Driver being the last attribute with invalid values, this again was relatively large at over 6000 records, but it was believed that dropping another 6000 (though not perfect), would not cause too much of a problem, as one of the research questions was to look at driver groups. It is felt that this is a basic driver group attribute which should be investigated as it may provide some useful information.

[bookmark: _Toc71323161]NULL Value Completion
Post processing, there are now no more values of “-1” when checking the minimum values. Some values are 0, and this does correlate to a value within the variable lookup for the attributes which are kept. 
Remaining are 69,048 records and 29 attributes. It is believed this is still enough to feed into the relevant data mining tools, and the next step would be to create the ARFF header for WEKA, which has been supplied in Appendix A.1.


[bookmark: _Toc71323162]Data Visualisation
Due to the dataset containing geographical information in the forms of latitude and longitude, it will be possible to plot the RTA locations on a map (Figure 4-1 and Figure 4-2). Tableau was used for this task.

[image: ]
[bookmark: _Toc71323198]Figure 4‑1 Map plot (1)

[image: ]
[bookmark: _Toc71323199]Figure 4‑2 Map plot (2)

It was noticed that some of the marks on the map (Figure 4-1 and Figure 4-2) were larger than the others – this could mean that there are multiple accidents in the same area, which is entirely likely.
Figure 4-3 has highlighted the need for further pre-processing to be completed on the dataset to remove attributes and records that were believed to not be of use. This will be discussed in section 5.
[image: ]
[bookmark: _Toc71323200]Figure 4‑3 WEKA visualisation (all)

When visualising the accident severity, several interesting attributes are highlighted, and some are already confirming assumptions such as summer months, weekends, and rush hour having more of a chance for a serious RTA (Figure 4-4).
[image: ]
[bookmark: _Toc71323201]Figure 4‑4 WEKA visualisation (accident severity)



[bookmark: _Toc71323163]Secondary Pre-Processing
The new visualisations shall be provided in section 6 when the analyses are discussed. This is what was completed to progress the project. (The resulting ARFF header from this secondary pre-processing is shown in Appendix A.2).

[bookmark: _Toc71323164]Tableau
As mentioned in the data visualisation section, there were larger marks on the map produced in Tableau. Upon further inspection, this is down to duplicate records. It is assumed that this is from group rides as the driver information is all different, but the casualty information is the same and so is the “Accident Index”. As we are only focussing on RTA’s and collisions, it was believed it was best to remove these duplicate records as this is still the record of the collision, there is no need to hold information for riders not involved. It is assumed that the accident index has been provided as a single reference to every party involved.

[bookmark: _Toc71323165]Attributes
Several attributes were dropped as they did not prove useful in the end, and to assist WEKA in running efficiently on the current hardware. These were:
· Index (not required after analysis in Tableau), 
· Number_of_Casualties – is usually one with a few anomalies, 
· Carriageway_Hazards – 99% of the time there are none, 
· Casualty_Class and Casualty_Severity – these almost identical with Accident_Severity, 
· Pedestrian_Movement and Pedestrian_Location – most of the accidents do not involve pedestrians, 
· Casualty_Type – again primarily looking at RTA’s, no need to specify the casualty and it is usually the rider or a pillion, 
· Sex_of_Casualty –as with previously mentioned attributes, it is very similar to Sex_of_Driver,
· Age_of_Casualty – again, looking at RTA’s and driver information. Due to the vulnerable position a motorcyclist is put in, they are extremely likely to be the casualty anyway.

[bookmark: _Toc71323166]Values
Through the data visualisation it was noticed that there were age values of 3, 4, etc. and 99. Though not impossible, it is believed to be more likely that the data was incorrectly keyed. It was not possible to find public information about any crashes involving these age groups as the drivers for the year given, in the area provided by the latitude and longitude. These records were deleted for fear that they may skew the data as they are, effectively, outliers. The result is 69,035 records and 20 attributes.

[bookmark: _Toc71323167]Analyses
The original questions to be investigated were:
· Can data mining be used to detect accident prone areas?
· Has the percentage of RTA’s changed annually? If so, what attributes are more common?
· Are certain groups (driver age, engine displacement) more prone to an RTA?

Upon visualisation and investigation of the data, the areas for investigation were slightly altered to:
· Detecting accident prone areas,
· Accident severity classification,
· Detecting common attributes amongst riders involved in an RTA.

[bookmark: _Toc71323168]Detecting Accident Prone Areas
It is assumed that larger cities will likely display a higher RTA rate due to the increased population and traffic flow on the roads for people using motorcycles daily or for commuting. Apart from larger cities, more scenic routes such as those offered throughout Wales and Scotland may contribute to an increase in RTA’s due to the landmarks and beauty spots offered, and these being more attractive to recreational riders.
	As shown in Figure 6-1, the RTA’s have been plotted and have had the respective local authority / district highlighted – it is easy to distinguish between regions such as Wales, Scotland, London, Midlands, etc.

[image: ]
[bookmark: _Toc71323202]Figure 6‑1 RTA on local district

Accident severity was then used as a key and colour coded (Figure 6-2) using green (severity 1 – fatal), amber (severity 2 – serious), red (severity 3 – slight), but due to the density of the image it was difficult to highlight any areas as a source of increased RTA.

[image: ]
[bookmark: _Toc71323203]Figure 6‑2 Accident severity

Upon closer inspection when enlarging Figure 6-2, it is possible to identify which areas are cities (Figure 6-3 - Figure 6-5) as they seem to have a larger number of accidents, which was expected.

[image: ]
[bookmark: _Toc71323204]Figure 6‑3 Edinburgh, Glasgow, Newcastle

[image: ]
[bookmark: _Toc71323205]Figure 6‑4 Manchester, Liverpool, Leeds, Derby, Birmingham, etc.

[image: ]
[bookmark: _Toc71323206]Figure 6‑5 Birmingham, Bristol, London, etc

[bookmark: _Toc71323169]London
London being the largest city in the UK, it was expected that this would be the area with the largest RTA record. Upon checking this area (Figure 6-6), there were over 17,000 records – almost a quarter of UK motorcycle RTA’s between 2015 and 2019 have happened here. 
 
[image: ]
[bookmark: _Toc71323207]Figure 6‑6 London isolated

Though the number of serious or fatal accidents is low in comparison with slight accidents (Figure 6-7), the sheer number of records for this city warranted investigation. The data for just this area was exported and investigated.

[image: ]
[bookmark: _Toc71323208]Figure 6‑7 London accident severity

 Driver Age
When investigating attributes for the RTA’s, several interesting points are highlighted. The age group most affected are 20-29 followed by 30-39 (Figure 6-8).

[image: ]
[bookmark: _Toc71323209]Figure 6‑8 London driver age group

By breaking the group down and viewing the number of accidents per age (Figure 6-9) for the above groups, the increases can possibly be credited to inexperience at the following age milestones [5]:
· 16 – Able to ride up to 50cc moped,
· 17 – Able to ride up to 125cc motorcycle not exceeding a power output of 11kW (A1 license),
· 19 – Able to ride any size motorcycle that does not exceed 35kW (A2 license),
· 21 – 23 – If rider has held A2 for >2 years, they can progress to a full A license,
· 24+ – Full A license 

[image: ]
[bookmark: _Toc71323210]Figure 6‑9 London driver age

It would be interesting if additional information were available about the drivers, such as the type of license held and the years of experience as it would help confirm or deny the above theory.

 Speed Limit
As expected in such a large city where the speed limits are primarily 20 and 30mph zones, the majority of RTA’s occur here (Figure 6-10).
[image: ]
[bookmark: _Toc71323211]Figure 6‑10 London speed limit

 Time of Day
The time of day (Figure 6-11) shows that rush hour times seem to be where the most accidents happen, with some of the more fatal accidents happening after 4pm.

[image: ]
[bookmark: _Toc71323212]Figure 6‑11 London time of day

 Month
As shown in Figure 6-12, the most accidents occur surprisingly in October and November. This again could tie in with seasonal riding, as through the summer the majority of motorcyclists are known to visit beauty spots, which may also be connected with the drop in RTA’s for August if people are away from the area.

[image: ]
[bookmark: _Toc71323213]Figure 6‑12 London accident month

[bookmark: _Toc71323170]Birmingham and Dudley
Another of the more condensed areas seemed to be Birmingham and Dudley (Figure 6-13). These records were isolated and though not as high as London, there were still over 1,400 records. These were investigated as a comparison to London.
[image: ]
[bookmark: _Toc71323214]Figure 6‑13 Birmingham and Dudley isolated

Unlike London, and even though the numbers are relatively low in comparison, a serious or fatal RTA seems to be more prevalent (Figure 6-14).  
[image: ]
[bookmark: _Toc71323215]Figure 6‑14 Birmingham and Dudley accident severity

 Driver Age
Sharing a similarity with London, it looks like the 20-29 year old group is more likely to be involved in an RTA here (Figure 6-15).
[image: ]
[bookmark: _Toc71323216]Figure 6‑15 Birmingham and Dudley driver age groups

When further breaking these records down and investigating the driver age, it looks like 17-19 year olds have the most (Figure 6-16), but overall the worst off age group is 20-29. This again could be due to inexperience and the eagerness to buy a motorcycle which is too powerful so soon after passing a test.
 


[image: ]
[bookmark: _Toc71323217]Figure 6‑16 Birmingham and Dudley driver age

 Speed Limit
The majority of the RTA’s occur on 30mph roads, followed by 40mph (Figure 6-17).
[image: ]
[bookmark: _Toc71323218]Figure 6‑17 Birmingham and Dudley speed limit

 Time of Day
The time of day shows the same patterns as London – rush hour times being the more accident prone (Figure 6-18).
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[bookmark: _Toc71323219]Figure 6‑18 Birmingham and Dudley time of day

 Month
Interestingly, there seem to be more RTA’s in August (Figure 6-19). However, there are less in June and July – this could be due to people leaving cities during summer months.

[image: ]
[bookmark: _Toc71323220]Figure 6‑19 Birmingham and Dudley month

[bookmark: _Toc71323171]Wales and Scotland
In comparison to just London and Birmingham, there are only a combined 3,065 motorcycle RTA’s reported for both countries (Figure 6-20). 

[image: ]
[bookmark: _Toc71323221]Figure 6‑20 Wales and Scotland isolated

The percentage of serious or fatal accidents is a lot higher (Figure 6-21). 
Wales and Scotland were chosen because of their landmarks and beauty spots.

[image: ]
[bookmark: _Toc71323222]Figure 6‑21 Wales and Scotland accident severity

 Driver Age
Similar trends which were mentioned when investigating the London age group can be seen with the ages here also (Figure 6-22), but as shown above (Figure 6-21), the percentage of more severe accidents is higher. 

[image: ]
[bookmark: _Toc71323223]Figure 6‑22 Wales and Scotland driver age group

16 year olds (moped riders) are proving to be one of the highest rate of RTA (Figure 6-23), along with 24 year olds who may or may not be new to the full A license, purchasing a powerful bike straight after passing their full license, and being involved in an accident.

[image: ]
[bookmark: _Toc71323224]Figure 6‑23 Wales and Scotland driver age

 Speed Limit
Many accidents seem to happen on 30mph roads (Figure 6-24), however there is a very large spike on 60mph roads, with an increase in severity also. Rather than city roads being set to 20-30mph, through the Country there are a lot of A roads and numerous narrow, winding roads set at national speed limit – this could contribute to the seriousness of an RTA.
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[bookmark: _Toc71323225]Figure 6‑24 Wales and Scotland speed limit

Diving into the road class (Figure 6-25), the highest amount of RTA’s occur on A class roads (3), followed, unfortunately, by “unclassified” roads (6), B class roads (4), motorways (1), and C class roads (5).
B and C class roads around these countries are likely to have hazards such as agricultural machinery, tractors, and livestock. Along with the additional road hazards that these bring - manure, mud, debris, etc.

[image: ]
[bookmark: _Toc71323226]Figure 6‑25 Wales and Scotland road class

 Time of Day
Related to London, and as expected, most accidents happen around the evening rush hour, however interestingly not during the morning rush hour (Figure 6-26).
[image: ]
[bookmark: _Toc71323227]Figure 6‑26 Wales and Scotland time of day

 Month
As previously mentioned, the number of RTA’s is not as high as other areas, but to bolster the argument of London motorcyclists having a lower RTA in summer is shown (Figure 6-27). 
[image: ]
[bookmark: _Toc71323228]Figure 6‑27 Wales and Scotland accident month

There are an increased number of accidents through the summer, especially in August which is when London displayed a drop – it could be assumed that people leave cities during the summer to escape to quieter, scenic areas. It would be interesting if the driver information contained the driver country/place of residence, or the area in which the journey began.

[bookmark: _Toc71323172]Conclusion
As expected, larger cities with greater traffic flow during school runs, rush hour, and lunch times were always going to be a bigger threat for an RTA. Through the summer months the RTA’s increase in areas known for “escaping to” for a break. Unfortunately, it seems that with this comes an increased risk of being involved in a more serious RTA.
	Younger riders are more likely to be involved in an RTA. It is assumed that this is down to a lack of experience upon acquiring a 50cc moped, passing a CBT, and acquiring a 125cc motorcycle, or a larger and more powerful motorcycle through the A1/A2/A class licenses.
	As previously mentioned, it would be interesting to see the license held, years of experience, and even things such as what gear were they wearing, whether it was CE approved armour, the SHARP (safety) rating of the helmet, etc. as this can help keep an RTA progressing from slight to serious to fatal.

[bookmark: _Toc71323173]Accident Severity Classification
It was believed it could be possible to apply certain classifiers to the dataset to predict the accident severity, given a set of attributes. The count of the different severity levels is shown in Figure 6-28.

[image: ]
[bookmark: _Toc71323229]Figure 6‑28 Accident severity count

Information gain was investigated to see which attributes had the best merit for this dataset. Unfortunately, none had a particularly high score (Figure 6-28), but each evaluation method decided on the same ranking for the given attributes.

[image: ]
[bookmark: _Toc71323230]Figure 6‑29 Information gain for accident severity

From this information, several classifiers are to be tested with mainly the best ranked attributes, removing, and adding some in to see if it was possible to increase the classification score, and testing various split percentages (50%, 66%, 75%, 80%).
	The classifiers are to be JRip, Naïve Bayes, and J48 classification algorithms. As highlighted in a study [6] by Gupta, et al. both JRip and J48 performed well in classification of crime incidents. Even though these datasets are unrelated by nature, it would be interesting to bring the results to another dataset and apply the same principles. 
The attributes to be used in each group are highlighted in Table 9.

	Group 1
	Group 2
	Group 3

	Longitude
	Speed_Limit
	Longitude

	Latitude
	Urban_or_Rural_Area
	Latitude

	Local_Authority_
(District)
	Vehicle_Type
	Local_Authority_
(District)

	Speed_Limit
	Vehicle_Manoeuvre
	Speed_Limit

	Urban_or_Rural_Area
	-
	Urban_or_Rural_Area

	Vehicle_Type
	-
	Vehicle_Type

	Vehicle_Manoeuvre
	-
	Vehicle_Manoeuvre

	-
	-
	Journey_Purpose_of_Driver


[bookmark: _Toc71323245]Table 9 Attribute groups

The results will be compared based on various scores such as the percentage which are identified correctly, the mean absolute error (MAE) value, and the root mean squared error (RMSE) value.

[bookmark: _Toc71323174]JRip Classification 
The first classifier for testing is JRip. Overall correct classification numbers are around 66 – 67%, with a relatively low MAE and RMSE (Table 10), which is not bad. A higher correct identification would obviously be better if possible. The 50% split proves to be the better split of the four tested.

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	1
	50
	67.390
	0.300
	0.387

	1
	66
	66.939
	0.303
	0.390

	1
	75
	67.177
	0.300
	0.388

	1
	80
	66.879
	0.301
	0.389


[bookmark: _Toc71323246]Table 10 JRip group 1 results

Feeding the group 2 attributes to this classifier seemed to improve the correct classification slightly and reduce the MAE and RMSE further (Table 11). This is interesting as the attribute with the highest information gain portrayed in Figure 6-29 has been removed, so it is somehow performing slightly better without it. All four of the correct classification, MAE and RMSE figures are relatively similar, so this group and algorithm seems to be reliable. Again the 50% split is shown to be the better split.

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	2
	50
	67.752
	0.299
	0.386

	2
	66
	67.659
	0.299
	0.386

	2
	75
	67.200
	0.299
	0.388

	2
	80
	67.067
	0.300
	0.388


[bookmark: _Toc71323247]Table 11 JRip group 2 results

Table 12 shows the highest classification score along with lowest MAE and RMSE scores using group 3. This group takes the highest attributes from the information gain results and includes an extra attribute – this seems to have improved the model slightly in each of the three measures. This time a 66% split seemed to fare best.

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	3
	50
	67.013
	0.303
	0.389

	3
	66
	67.906
	0.297
	0.385

	3
	75
	67.136
	0.300
	0.388

	3
	80
	67.053
	0.300
	0.388


[bookmark: _Toc71323248]Table 12 JRip group 3 results

With the highest classification score 67.906%, an MAE of 0.297 and RMSE of 0.385, it will be interesting to see if either of the next two classifiers can improve upon this result.

[bookmark: _Toc71323175]Naïve Bayes Classification
Naïve Bayes (NB) is a probabilistic classifier which simply applies Bayes’ theorem with assumptions between features. When applied to the group 1 attributes, the algorithm supplies the lowest classification accuracy so far (Table 13).

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	1
	50
	64.754
	0.272
	0.398

	1
	66
	65.014
	0.272
	0.040

	1
	75
	64.030
	0.274
	0.401

	1
	80
	64.163
	0.274
	0.400


[bookmark: _Toc71323249]Table 13 Naïve Bayes group 1 results

Table 14 shows a large improvement in classification accuracy when using group 2 attributes. Along with this the MAE and RMSE scores are showing a lower magnitude of error than most tests so far. 

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	2
	50
	66.921
	0.280
	0.386

	2
	66
	66.858
	0.280
	0.386

	2
	75
	66.174
	0.282
	0.390

	2
	80
	66.104
	0.283
	0.390


[bookmark: _Toc71323250]Table 14 Naïve Bayes group 2 results

Unlike JRip, there has been a dip when adding an extra attribute and applying the NB algorithm to group 3 (Table 15). The classification score has dropped to the lowest value so far.

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	3
	50
	64.777
	0.271
	0.398

	3
	66
	64.852
	0.271
	0.397

	3
	75
	63.944
	0.274
	0.401

	3
	80
	63.953
	0.273
	0.401


[bookmark: _Toc71323251]Table 15 Naïve Bayes group 3 results

Though the values are not too far from the previous JRip results, they are not as good. The next classifier is J48. 

[bookmark: _Toc71323176]J48 Classification
J48, a decision tree classifier, is the third and final classifier to be applied to the three groups of attributes to see if there can be any improvement made on the JRip result.
	Table 16 shows that straight away the classifier can come in extremely close to the JRip result, only 0.244 under classification score, and with a better MAE and RMSE. 

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	1
	50
	67.662
	0.294
	0.383

	1
	66
	67.561
	0.294
	0.383

	1
	75
	67.113
	0.293
	0.389

	1
	80
	67.082
	0.293
	0.389


[bookmark: _Toc71323252]Table 16 J48 group 1 results

By applying the J48 algorithm to attribute group 2, the score increases slightly and reduces MAE and RMSE slightly (Table 17). Now only 0.009 under score, but an improve MAE value of 0.004 and RMSE value of 0.003.

	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	2
	50
	67.897
	0.293
	0.382

	2
	66
	67.762
	0.293
	0.382

	2
	75
	67.235
	0.294
	0.384

	2
	80
	67.140
	0.294
	0.384


[bookmark: _Toc71323253]Table 17 J48 group 2 results

Table 18 shows that the addition of attributes seems to decrease accuracy, so group 2 with a 50% split seems to be the best of the J48 classification tests.
 
	Group
	Percentage
Split
	Correct 
Identification (%)
	MAE
	RMSE

	3
	50
	67.289
	0.293
	0.392

	3
	66
	67.838
	0.293
	0.382

	3
	75
	67.223
	0.293
	0.389

	3
	80
	67.111
	0.293
	0.390


[bookmark: _Toc71323254]Table 18 J48 group 3 results

J48, like the prior classifiers, show relatively similar scores and seems to be as reliable as JRip when being applied to the dataset multiple times with differing parameters.

[bookmark: _Toc71323177]Conclusion
The better scores seem to come from a split of 50 – 66%. There are points between these values which could be investigated, but this was produced for rough values and could be probed further.
	Both JRip and J48 proved to be extremely similar and effective for this dataset and they were able to achieve a classification accuracy score of just shy of 68% (Table 19).

	Classifier
	Group
	Split
	Accuracy
	MAE
	RMSE

	JRip
	3
	66
	67.906
	0.297
	0.385

	NB
	2
	50
	66.921
	0.280
	0.386

	J48
	2
	50
	67.897
	0.293
	0.382


[bookmark: _Toc71323255]	Table 19 Best classifier results	

Different algorithms seem to work better with different attribute groups and with different splits, but overall, applying either JRip or J48 algorithms would provide an almost 68% chance of correctly classifying the severity of an accident based on the features that were input in each group.

[bookmark: _Toc71323178]Detecting Common Rider Attributes
It is believed that investigating potentially common attributes (similar to what was found in accident prone areas) would be an interesting area for exploration. This will focus on rider and vehicle attributes that may contribute to an RTA rather than geographical, date, or highway attributes. 
The attributes to be investigated will be rider age, rider sex, and vehicle type (engine capacity).

[bookmark: _Toc71323179]Vehicle type
To refresh on the vehicle type from section 3.3, Table 20 has been provided and colour coded with the WEKA screenshot, and to refresh on the severity key, 1 – fatal, 2 – serious, 3 – slight.

	Code
	Label
	Colour

	2
	Motorcycle 50cc and under
	

	3
	Motorcycle 125cc and under
	

	4
	Motorcycle over 125cc and up to 500cc
	

	5
	Motorcycle over 500cc
	

	23
	Electric motorcycle
	

	97
	Motorcycle - unknown cc
	


[bookmark: _Toc71323256]Table 20 Vehicle type variables

WEKA visualisation was used to see if it was possible to identify any correlations. Figure 6-30 shows the accident severity plotted against the vehicle type. Jitter was applied to show a sparser display as the values are more condensed.

[image: ]
[bookmark: _Toc71323231]Figure 6‑30 Accident severity (x) vs. vehicle type (y)

It is possible to identify that severity 2 (serious) and 3 (slight) are the more prominent, with many instances and they are densely populated with records for RTA’s due to the number of plots for the vehicle type. 
	Due to the categorical labels for the vehicle type being rather vague (<=125cc, >125 & <=500, >500cc) it is not possible to pinpoint one specific engine displacement category as a problem, however Figure 6-31 shows the count for each vehicle type, so it is possible to say that category 3 (<=125cc) and 5 (>500cc) are the most common motorcycles to be involved in an RTA.
	For the severity 1 (fatal) RTA’s, motorcycles over 500cc are the most common in this category.

[image: ]
[bookmark: _Toc71323232]Figure 6‑31 Count of vehicle type

[bookmark: _Toc71323180]Driver Sex
One of the main driver attributes to look at would be the driver sex. When plotted (Figure 6-32), 1 (male - blue) is more densely populated than 2 (female - red), with most RTA’s being in the serious (2) or slight (3) category.

[image: ]
[bookmark: _Toc71323233]Figure 6‑32 Accident severity (x) vs. driver sex (y)

Figure 6-33 has a total count of 64,220 RTA’s for males and 4,815 for females. 

[image: ]
[bookmark: _Toc71323234]Figure 6‑33 Count of driver sex

This could mean females are less accident prone, or there are less female motorcycle riders in the motorcycle community. The most recent (2016) report from the DfT on motorcycle use in England [7] (it was not possible to find the UK as a whole unfortunately, nor a more up to date report) advises that 89% of motorcycle trips between 2002 – 2016 were male riders. 
It is fair to say that the difference between the two values can be attributed to this hobby/transport method having more males partaking in it, as of 2016, however that is also only with the given dataset from 2015 - 2019. Earlier records could tell a different tale.

[bookmark: _Toc71323181]Driver Age
A second driver attribute to investigate is the driver age. Figure 6-34 has plotted accident severity and driver age, colour coded by driver sex. 

[image: ]
[bookmark: _Toc71323235]Figure 6‑34 Accident severity (x) vs. driver age (y)

Visible is a sea of male (blue) RTA’s, again replicating the accident severity viewed in the previous section (6.3.2 Driver Sex). The age range is from 11 through to 88, with a mean of 34.145, and a standard deviation of 14.527 (Figure 6-35).

[image: ]
[bookmark: _Toc71323236]Figure 6‑35 Statistical values of driver age

It is shown that by looking at Figure 6-34 and using the statistical values, there is a large range of age groups involved in RTA’s, but younger people are more prone to an RTA as per the mean value.

[bookmark: _Toc71323182]Conclusion
It does seem possible to highlight attributes for riders that shows if they are more prone to an RTA. The type of information could be used to target certain demographics to promote additional or advanced training courses to possibly reduce the risk and improve rider skill.

[bookmark: _Toc71323183]Reflection
No matter the reliability of the dataset source, there can always be problems with incorrect or missing data. With the given dataset however, it is assumed that the information may have not been provided by persons that were involved in an RTA, or could well have been missed by the administrative person(s) logging the RTA information. The amount of time spent pre-processing data, re-visiting pre-processing several times, and the awkward-ness of ARFF headers, was an experience. 
It is believed the project was a success and the abilities gained to apply data mining techniques and tools to a dataset to perform investigation and produce meaningful visualisations have been acquired as a necessary and important step toward completing a future data mining research project. It is also felt that the data visualisation skills have severely improved because of this module – during undergraduate dissertation completion, it felt as though this area was lacking.
Assumptions and points were made through the analyses, which were explained during the analyses also, but it would have been interesting if these datasets contained some more information about the person(s) involved in an RTA (though this may be down to identifiable information and GDPR/DPA constraints) as there were some interesting questions raised throughout the analyses phase. 
It could be a great help to the motorcycling community if studies like this could be used to target newer riders, younger riders, or anyone that seems to be more vulnerable and at risk of an RTA and promote courses such as first aid and advanced motorcycle riding courses.
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[bookmark: _Toc71323185]Appendix A ARFF Headers
This appendix comprises of both ARFF headers used for WEKA. The original one, then the one created after the secondary pre-processing is completed.

[bookmark: _Toc71323186]Appendix A.1 ARFF Header Original
@RELATION RTAData

@ATTRIBUTE Index NUMERIC
@ATTRIBUTE Longitude NUMERIC
@ATTRIBUTE Latitude NUMERIC
@ATTRIBUTE Accident_Severity {1,2,3}
@ATTRIBUTE Number_of_Casualties NUMERIC
@ATTRIBUTE Day_of_Week {1,2,3,4,5,6,7}
@ATTRIBUTE Local_Authority_(District) {27,31,8,7,28,5,11,10,30,9,3,20,18,19,1,12,29,17,32 ,13, 2,26,25,6,14,24,4,16,22,23,21,15,76,85,73,71,83 ,70,74,82,75,77,79,80,84,72,95,92,90,91,93,102,107,110,109,100,114,112,101,106,104,130,128,124,129,148,149,139,146,147,150,169,161,187,189,185,182,186,180,181,184,206,204,203,200,202,213,215,211,210,231,233,228,232,240,241,243,245,303,302,305,300,306,309,307,256,257,250,255,253,252,258,251,254,286,278,285,273,284,274,270,277,276,290,293,292,294,291,320,322,325,323,321,328,329,324,327,340,344,345,341,346,347,343,342,353,350,352,354,355,356,351,366,360,362,368,364,367,365,363,361,380,381,382,383,384,385,386,390,392,394,391,395,393,404,406,401,407,400,405,402,414,413,415,410,416,412,481,476,482,472,471,479,477,484,475,473,474,478,480,485,483,470,500,496,498,502,492,495,493,505,491,490,501,499,497,494,510,511,514,38,512,515,40,517,518,513,516,587,596,585,584,586,583,582,581,607,608,609,610,606,605,601,612,611,625,621,620,623,622,624,635,633,645,646,643,640,647,644,641,642,722,720,723,721,724,725,732,734,733,731,730,745,740,741,744,746,743,742,751,750,752,753,927,933,941,936,911,930,910,912,918,934,925,923,940,921,929,914,939,924,915,935,938,928,916,926,913,922,931,919,937,920,932,917,57,62,60,65,61,63,64,411,421,424,420,435,33,432,436,434,430,433,437,431,438,455,462,450,454,461,451,453,456,460,458,452,459,463,457,544,541,538,542,531,543,535,530,540,532,536,539,533,563,565,554,559,562,560,556,564,555,551,558,552,557,570,580,589,588}
@ATTRIBUTE 1st_Road_Class {1,2,3,4,5,6}
@ATTRIBUTE Road_Type {1,2,3,6,7,9}
@ATTRIBUTE Speed_limit {20,30,40,50,60,70}
@ATTRIBUTE Light_Conditions {1,4,5,6,7}
@ATTRIBUTE Weather_Conditions {1,2,3,4,5,6,7,8,9}
@ATTRIBUTE Road_Surface_Conditions {1,2,3,4,5}
@ATTRIBUTE Carriageway_Hazards {0,1,2,3,6,7}
@ATTRIBUTE Urban_or_Rural_Area {1,2,3}
@ATTRIBUTE Casualty_Class {1,2,3}
@ATTRIBUTE Sex_of_Casualty {1,2}
@ATTRIBUTE Age_of_Casualty NUMERIC
@ATTRIBUTE Casualty_Severity {1,2,3}
@ATTRIBUTE Pedestrian_Location {0,1,2,3,4,5,6,7,8,9,10}
@ATTRIBUTE Pedestrian_Movement {0,1,2,3,4,5,6,7,8,9}
@ATTRIBUTE Casualty_Type {4,3,0,5,2,1,23,9,97,8,11,19,90,22,98,20,16,17,21,10}
@ATTRIBUTE Vehicle_Type {4,3,5,2,23,97}
@ATTRIBUTE Vehicle_Manoeuvre {13,6,7,4,18,14,15,5,3,12,9,10,17,16,11,8,2,1}
@ATTRIBUTE Journey_Purpose_of_Driver {6,1,2,3,4,5}
@ATTRIBUTE Sex_of_Driver {1,2}
@ATTRIBUTE Age_of_Driver NUMERIC
@ATTRIBUTE AccidentMonth {1,2,3,4,5,6,7,8,9,10,11,12}
@ATTRIBUTE AccidentYear {2015, 2016, 2017, 2018, 2019}
@ATTRIBUTE AccidentTimeHour {1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,0}

@DATA
1,-1.323716,60.412271,2,1,5,936,4,6,60,1,1,1,0,2,1,1,46,2,0,0,4,4,16,6,1,46,6,2017,17
2,-1.348588,60.388637,3,1,3,936,3,6,30,1,4,1,0,2,1,1,42,3,0,0,4,4,3,6,1,42,11,2019,17
3,-1.351957,60.301988,1,1,2,936,4,6,60,1,1,1,0,2,1,1,60,1,0,0,3,3,16,2,1,60,12,2017,17
4,-1.487716,60.228033,2,2,2,936,6,6,60,6,1,1,0,2,1,1,15,2,0,0,3,3,18,6,1,15,1,2016,3
5,-1.223325,60.177012,2,3,3,936,3,6,60,1,1,1,0,2,1,1,85,3,0,0,9,5,17,6,1,43,12,2016,12

[bookmark: _Toc71323187]Appendix A.2 ARFF Header Secondary Pre-Processing
@RELATION RTAData

@ATTRIBUTE Longitude NUMERIC
@ATTRIBUTE Latitude NUMERIC
@ATTRIBUTE Accident_Severity {1,2,3}
@ATTRIBUTE Day_of_Week {1,2,3,4,5,6,7}
@ATTRIBUTE Local_Authority_(District) {27,31,8,7,28,5,11,10,30,9,3,20,18,19,1,12,29,17,32 ,13, 2,26,25,6,14,24,4,16,22,23,21,15,76,85,73,71,83 ,70,74,82,75,77,79,80,84,72,95,92,90,91,93,102,107,110,109,100,114,112,101,106,104,130,128,124,129,148,149,139,146,147,150,169,161,187,189,185,182,186,180,181,184,206,204,203,200,202,213,215,211,210,231,233,228,232,240,241,243,245,303,302,305,300,306,309,307,256,257,250,255,253,252,258,251,254,286,278,285,273,284,274,270,277,276,290,293,292,294,291,320,322,325,323,321,328,329,324,327,340,344,345,341,346,347,343,342,353,350,352,354,355,356,351,366,360,362,368,364,367,365,363,361,380,381,382,383,384,385,386,390,392,394,391,395,393,404,406,401,407,400,405,402,414,413,415,410,416,412,481,476,482,472,471,479,477,484,475,473,474,478,480,485,483,470,500,496,498,502,492,495,493,505,491,490,501,499,497,494,510,511,514,38,512,515,40,517,518,513,516,587,596,585,584,586,583,582,581,607,608,609,610,606,605,601,612,611,625,621,620,623,622,624,635,633,645,646,643,640,647,644,641,642,722,720,723,721,724,725,732,734,733,731,730,745,740,741,744,746,743,742,751,750,752,753,927,933,941,936,911,930,910,912,918,934,925,923,940,921,929,914,939,924,915,935,938,928,916,926,913,922,931,919,937,920,932,917,57,62,60,65,61,63,64,411,421,424,420,435,33,432,436,434,430,433,437,431,438,455,462,450,454,461,451,453,456,460,458,452,459,463,457,544,541,538,542,531,543,535,530,540,532,536,539,533,563,565,554,559,562,560,556,564,555,551,558,552,557,570,580,589,588}
@ATTRIBUTE 1st_Road_Class {1,2,3,4,5,6}
@ATTRIBUTE Road_Type {1,2,3,6,7,9}
@ATTRIBUTE Speed_limit {20,30,40,50,60,70}
@ATTRIBUTE Light_Conditions {1,4,5,6,7}
@ATTRIBUTE Weather_Conditions {1,2,3,4,5,6,7,8,9}
@ATTRIBUTE Road_Surface_Conditions {1,2,3,4,5}
@ATTRIBUTE Urban_or_Rural_Area {1,2,3}
@ATTRIBUTE Vehicle_Type {4,3,5,2,23,97}
@ATTRIBUTE Vehicle_Manoeuvre {13,6,7,4,18,14,15,5,3,12,9,10,17,16,11,8,2,1}
@ATTRIBUTE Journey_Purpose_of_Driver {6,1,2,3,4,5}
@ATTRIBUTE Sex_of_Driver {1,2}
@ATTRIBUTE Age_of_Driver NUMERIC
@ATTRIBUTE AccidentMonth {1,2,3,4,5,6,7,8,9,10,11,12}
@ATTRIBUTE AccidentYear {2015, 2016, 2017, 2018, 2019}
@ATTRIBUTE AccidentTimeHour {1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,0}

@DATA
-1.323716,60.412271,2,5,936,4,6,60,1,1,1,2,4,16,6,1,46,6,2017,17
-1.348588,60.388637,3,3,936,3,6,30,1,4,1,2,4,3,6,1,42,11,2019,17
-1.351957,60.301988,1,2,936,4,6,60,1,1,1,2,3,16,2,1,60,12,2017,17
-1.487716,60.228033,2,2,936,6,6,60,6,1,1,2,3,18,6,1,15,1,2016,3
-1.223325,60.177012,2,3,936,3,6,60,1,1,1,2,5,17,6,1,43,12,2016,12
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motorcycle vals = [2,3,4,5,23,97]

combined2019 = combined2019[combined2019["Vehicle Type"].isin(motorcycle vals)]
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combinedAllYears.Date = pd.to_datetime (combinedallYears.Date)

combinedAllYears['AccidentMonth'] = combinedAllYears['Date'].dt.month
combinedAllYears['AccidentYear'] = combinedAllYears['Date'].dt.year
combinedAllYears = combinedAllYears.drop(['Date'], axis=1)
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combinedAllYears.Time = pd.to_datetime (combinedallYears.Time)
combinedAllYears['AccidentTimeHour'] = combinedAllYears.Time.dt.hour
combinedAllYears = combinedAllYears.drop(['Time'], axis=1)
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