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INTRODUCTION RESULTS

COVID-19 rehabilitation continues to face many challenges:
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METHODS

Our case study consists of three main stages:

o Data collection and preprocessing: developing the COVID-19 cohort
based on positive episodes captured across three acute hospitals
in Edinburgh, Scotland (part of NHS Lothian).

e Process mapping: we built an event log from timestamped and
coded AHP contacts, with detailed time-frequency sequence maps.

e Summary of rehabilitation needs: we reported the common trace
combinations and differences in time between nodes.

We defined the cutoff for the two COVID-19 cohorts as follows:
e Wave 1 Ebetween 1st March 2020 and 31st May 2020?]
e Wave 2 (between 1st September 2020 and 31st March 2021)

We used the bupaR?® framework (version 0.5.2, R 4.2.0) to produce the
event logs and process maps individually for each COVID-19 cohort.
Sequences of AHP visits were described by order of occurrence, and
each edge in the graph was weighed by a significance metric relative to
time or likelihood of that instance. This representation is similar to that
of the Fuzzy Miner process discovery algorithm with a directly-follows
graph (DFG) notation*. We used frequency-based filters to eliminate the
infrequent flows (MINF and MAF in figures) and simplify the maps. R
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Fig. 2. Filtered specialist process map containing the most frequent cases over both
waves. The weight of the arrows is adjusted by the probability of the interaction.

Frequent traces in Wave 1 (MINF=25, MAF=5).
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Fig.2 (@) Common traces in the Wave 1 event log (MINF=25, MAF=5).

Frequent traces in Wave 2 (MINF=65, MAF=5).

Fig. 3. Precedence matrices representing the relative
trace frequency between Wave 1 and Wave 2.
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Fig. 4. Cumulative time plots representing throughput time (total execution time of the pathway) and idle time (total hospital time with no
related AHP activity) by age and COVID-19 Wave.

Fig. 1. Conceptual flowchart describing the steps required to transform EHR data into a
COVID-19 rehabilitation pathway map.

CONCLUSION i

e Our PM approach offers an alternative way of understanding COVID-19
hospital interactions with AHPs and healthcare providers. S S — — .

e |dentifying common rehabilitation processes can aid in providing clearer
descriptions of rehabilitation requirements.

o We recognise the limitations stemming from capturing a fragmented patient
journey only linked to rehabilitation contacts. 10 A hout e (i dave) % ‘ “ dle time (in days) "

e In future work, we plan to collect and integrate events from a wide range of roughput time (in days)
multidisciplinary care settings and validate this approach using qualitative
measures from healthcare providers.

Fig. 4 (a) Throughput time in days over the complete event log Fig. 4 (b) Idle time in days over the complete event log
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