


3. Methodology 
 

1. Data Regionalisation and Aggregation 
 
To mitigate the effect of aggregation on data granularity and quality, we develop data driven bespoke 
regions and propose a new methodology. Using the in-app data, we generate regions built upon the 
Uber H3 hexagonal indexing system (Uber Technologies, 2018). We first aggregate the original 
datapoints to H3 hexagons (hex) of resolution 10 (65.9 metre edge and 15,047 m2 area) and assign 
land use and administrative characteristics to each hex. We then filter all hexes with potentially 
disclosive activity counts (<10) and assign to each low count hex the neighbour which most closely 
matches its characteristics. We retrieve all hexes that share a connection, treating all hexes as nodes 
and connections as edges, which returns list of hexagons belonging in similar groups (of similar land 
use, low activity, and administrative membership). These groups are thus merged into higher level 
regions, summing their respective activity counts to prevent disclosure, and respecting underlying 
geographic characteristics.  
 
The resulting H3-based region areas average 62,171 m^2, a comparable scale to the OA (62,500 m^2) 
but befitting our in-app dataset rather than census statistics. By aggregating a day of data to these H3-
regions, OA, and tiles of similar scales (OSGB 250mx250m), and comparing counts, we find that 
aggregating our data points to H3-regions preserves 25% more data than aggregating them to OA, 
highlighting the benefits of optimised zoning for aggregation. 
 

 Data omitted due to 
low counts (%) 

 
Spatial units omitted (%) 

 
Remaining data count  

OSGB250 8% 42% 474,499 
OA 8% 51% 510,849* 
H3-based regions 3% 27% 665,700 

*25% less than H3-based regions remaining data count. 
Figure 1: Summary of comparison between aggregation methods. The H3-based regions preserve 

more areas and data points than its counterparts. 
 

 
Figure 2: Comparison of areas omitted due to low counts (grey) for OA and H3-based aggregated for 

the London Borough of Camden 
 

2. Exploratory analysis 
 
Understanding the data’s distribution over time can give an indication of each region’s patterns and 
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contribution to the overall activity and help create region classifications to support analysis. We use the 
timestamp element of our dataset to obtain each region’s most active hour of the day and most active 
day of the week. We average activity counts per region over the course of September 2019 to obtain 
stable measures of activity per hour and day per region. To obtain the most active hour per region, all 
event’s timestamps are rounded to the hour, and the most active hour per region (over the course of the 
month) is kept as the region’s “top hour”. The same thing is done per day of the week, after creating a 
“weekday” variable from the timestamp’s date.  

 
3. Creation of a time-based classification 

 
From the exploratory analysis’ results, a time classification is attributed to each region based on its most 
active times. We present the results of this exploration at the London scale and highlight its functionality 
by mapping the borough of Camden. The classification is representative of the dataset used for the 
making of the regions, as it uses this data’s activity patterns as its main component. 
 
 
4. Results 
 

 
Figure 3 Proportions of hourly activity of a typical day in London (left) and hourly of activity for a 

typical week (right). 
 
Our exploratory analysis highlighted two distinctive daily patterns: the weekday pattern (from Monday 
to Friday), which displays two main peaks of activity around rush hour, and the weekend pattern, which 
is unimodal and increased until midday. These patterns, though expected, help illustrate our data’s 
behaviour on the London scale and inform how to decompose our time-attributes. Considering Figure 
3, we see that activity is driven differently whether on a weekday or weekend – geographically, 
distinguishing regions of weekend or weekday dominance can help characterise the type of activity they 
contain. 
 
Furthermore, night activity (6pm-5am), though less dominant than day-time activity (6am-5pm), 
represents 39% of activities across the study period. As night-time mobility and activity are less studied 
than daytime, the use of new granular datasets and classifications could help distinguish areas 
particularly driven by the nighttime economy (NTE) (Kim, 2020). We thus distinguish regions of 
nighttime or daytime dominance. 
  
Figure 4 represents the H3-regions at the Camden scale, coloured by resulting assigned time 
attributes. The time attributes summarize a region’s most active time, combining weekday attribute 
and daytime attributes. We see that most of the green space (Hamstead Heath, Primrose Hill, Regent’s 
Park) activity occurs over the weekend, during the day, whereas Soho is a weekend night hub. The 
Bloomsbury and Fitzrovia areas, mostly study and work neighborhoods, are dominated by weekday 



activity, and Camden high street (above primrose hill) is most active at night. This level of 
granularity, offered by the in-app dataset and bespoke aggregation, allows for better illustration of
smaller area activity patterns. 
 

 
Figure 4: Camden borough (outlined) coloured by time attributes: Weekday-Daytime (DD), 

Weekday-Nighttime (DN), Weekend-Daytime (ED) and Weekend-Nighttime (EN) 
 
5. Discussion 
 
This paper outlines a methodology for the making of optimised spatial units for data aggregation. A 
time attribute was created to introduce an initial classification to categorise the outputted regions. This 
classification adds another layer of information to the bespoke regions. These regions being data-
specific, they preserve in-app data granularity compared to other aggregation methods. However, spatial 
units should also be optimised for research objective (Kishore, 2020). This study aims to demonstrate 
how the time attribute can help inform on which further specifications could be made for better use-
case regionalisation. For instance, new regions could be generated with a focus on nighttime activity, 
which would be less granular but more appropriate for aggregating low night counts in places of interest.  
 
Moving forward, we aim to further develop our region classification for the characterisation of our data, 
by combining, clustering and ranking the time-attribute with other information (such as points of 
interests or land use). We also aim to further develop and package the regionalisation methodology for 
application to other sensitive point datasets. 
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