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Mini Challenge 2
In mini-challenge 2†, contestants were asked to analyse transaction
and GPS tracking data to support law enforcement in investigating
the disappearance of GASTech employees. This poster presents
our methodology for solving this mini challenge.

2. GPS trace pre-processing
The GPS data contained traces of car positions. We looked at the
periods in between subsequent GPS samples. A simple decision
tree was used to classify these time periods as moving (duration <
30s and average speed > 20km/h), or stationary (not moving and
distance travelled < 220m), or missing (otherwise). Several cars
were found to have periods of missing GPS data (Fig. 3).

Figure 4: Street map of Abila with points of interest (POI) marking all positions where cars have been stationary. POIs are coloured by type, based on the average number
of cars present throughout a day, the matching locations on the tourist map, and the business with transactions matched to the POI.

3. Matching cars to transactions
We estimated how consistently a credit card’s transactions occured
while a car was stationary using two metrics: (1) the correlation
between binary vectors indicating whether a car was stationary or a
transaction occured in 5-minute segments. (2) the precision and
recall of a car’s stationary periods as predictor for a credit card’s
transaction, where the transaction had to occur while the car was
stationary and the transaction’s business had to match the car’s GPS
position. Both metrics ignored stationary periods at homes and the
office, as we did not expect transactions to occur there. Initially, we
did not yet know where each business is located; these constraints
were introduced as transactions were manually matched to
stationary periods. For this task, we showed the matches as a
bipartite graph (similar to Fig. 1) and provided detail on the
individual stationary periods and transactions (Fig. 6).

Figure 1: Partial bipartite graph with credit card to loyalty card matches, indicating the correlation and
Jaccard Index metrics.

Figure 3: Timelines of GPS activity for cars 1, 9, 28 and 107. Motion is shown in black, stationary periods in
yellow, and periods of missing GPS data in red.

Figure 5: UpSet visualization (Lex et al. 2014) showing a (surprise) party for Lars Azada on Friday the 10th. On the left, each column of circles represents a car. The circles
are filled in when the car is present in a row’s unique combination of cars. Circles are coloured by household for households with multiple employees. On the right, a
timeline shows when meetings occured for each row, coloured by the POI type. Tooltips indicate the people present and the events that started and ended the meeting.
In addition, the full stationary periods of the individual cars are shown, with their matched transactions.
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Then, we manually annotated points of interest (POI) on a map
(Fig. 4), marking all positions where cars had been stationary. The
POIs were given a type based on the average number of cars
present throughout a day.

Figure 2: Partial transaction view, showing individual credit card transactions over time coloured by the
loyalty card with matching transactions. Conflicts are shown in red.

4. Meetings and suspiscous behaviour
Meetings between employees were analysed using an UpSet
visualization (Lex et al. 2014) to investigate suspicious behaviour and
to find unofficial relationships (Fig. 5). The visualization shows a grid
of circles, where columns correspond to cars and rows to a unique
combination of cars present simultaneously. A timeline indicated the
type of location at which meetings occurred. Using this visualisation
we identified five households where multiple employees cohabit, a
potential relationship between Hennie Osvaldo and Birgitta Frente, a
potential relationship between Elsa Orilla and Brand Tempestad, a
(surprise) party for Lars Azada on Friday the 10th, and a suspicious
pattern of security personnel guarding executives’ homes at night.
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1. Transactions data
The challenge contained two types of transactions: (1) credit card
transactions accurate to the minute and (2) loyalty card
transactions accurate to the day. There was no direct relation
between loyalty cards and credit cards, so we used two metrics to
match them: (1) The correlation between vectors containing the
total amount of money spent by a card at each business on each
day. (2) The Jaccard index between the credit cards’ and loyalty
cards’ transactions, considering the date, business, and price of
transactions. Matches were reviewed manually using a bipartite
graph indicating the metric values (Fig. 1) and a detail view of the
individual transactions (Fig. 2).

Figure 6. Partial view showing stationary periods over time as rectangles coloured by POI type and transactions 
coloured by credit card.
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