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Abstract. Intelligent systems play an increasingly central role in healthcare systems worldwide. Nonetheless, operational friction represents an obstacle to full
utilization of scarce resources and improvement of service standards. In this paper
we address the challenge of developing data-driven models of complex workflow
systems - a prerequisite for harnessing intelligent technologies for workflow improvement. We present a proof-of-concept model parametrized using real-world
data and constructed based on domain knowledge from the Royal Infirmary of
Edinburgh, demonstrating how off-the-shelf process mining, machine learning
and stochastic process modeling tools can be combined to build predictive models that capture complex control flow, constraints, policies and guidelines.
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Introduction

Surgical care is a key component of healthcare systems worldwide, saving and improving thousands of lives every day. Over 10 million operations are performed each year in
England [34], including high-risk cases and patients that require immediate life, limb
or organ-saving interventions. Surgical care is also very costly, with more than $400
billion spent each year in the United States on operative procedures [1]. The number of
people requiring surgery is rising every year, often leading to long waiting times that
may put patients at risk.
Ensuring efficiency, timeliness and safety are crucial for providing high-quality service while controlling costs [26], [17]. While many processes surrounding surgery are
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well structured, the dynamic nature of patient arrivals combined with the complexity of coordinating large numbers of specialized staff and facilities, means that delays
and misalignments can have cascading effects leading to last-minute cancellations and
under-utilization of expensive resources. There is, hence, an imperative need to improve
surgical workflow. Some key questions here are: How can we improve overall surgical
care performance in the most cost-effective way? How can we plan surgical care in a
way that it is tailored to the individual patient?
There is a wealth of data being collected through hospital IT systems, which can
be used towards answering these questions. This includes operating room management
and usage data, electronic health records and surgery cancellation data. By adopting a
process-based approach, one can make sense of such complex and big data and inform
improvements in surgical care processes, including intelligent surgery planning, staff
scheduling and workflow management.
This paper extends previous work [6] by presenting a preliminary investigation into
stochastic workflow modeling and verification methods in surgical wards, with outset
in a data set following patients from admission to discharge at the Royal Infirmary
of Edinburgh in Scotland. With the aim of gaining a comprehensive understanding of
surgical workflow, we use the data to investigate both system-wide surgical performance
and individual patient flow. Results from these two types of modeling can be combined
to enable personalised and efficient surgical scheduling.
In particular, we discuss how process mining methods can be used to gain insights
regarding control-flow and temporal patterns in the surgical ward. Focusing on systemwide performance and recognizing the high level of uncertainty in the surgical department, we demonstrate how Stochastic Time Petri Nets can be used to effectively capture
complex hospital policies and constraints. The choice of Stochastic Time Petri Nets allows for simulation of different scenarios, thus enabling what-if analysis. This is key
for investigating different, and often competing, workflow improvement mechanisms.
Focusing on individual patient flow, we propose the use of Bayesian Networks to predict patient-specific cycle times of individual surgical phases, from the time patients are
sent for, through anesthesia and surgery, and until they leave recovery. Aside from their
capacity to easily incorporate domain knowledge, Bayesian networks have the advantage that they can be queried in complex ways even with incomplete evidence, which is
invaluable in the uncertain hospital environment. We present and compare three probabilistic models and we evaluate them w.r.t. to prediction accuracy. Crucially, we show
that by incorporating a pre-processing step based on simple clustering of flows w.r.t.
cycle times, we can improve the performance of our models noticeably.
The rest of the paper is structured as follows. In Section 2 we review existing literature. Our subsequent analysis of the data follows the classic data analytics workflow
of Describe → Diagnose → Predict. In Section 3 we introduce the domain, the data
set, and the data cleaning process. In Section 4, we present a descriptive analysis of the
data set using process mining and standard statistical tools to identify control-flow and
temporal patterns in the data. This informs the process of building system-wide simulation models and individual-patient predictive models, which we describe and evaluate
in Section 5. In Section 6 we discuss our results and in Section 7 we conclude and
discuss directions for future work.
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Related Work

The modeling of surgical workflows has received a significant amount of attention by
researchers, motivated by the prerogative to improve efficiency and resource utilisation
while ensuring adherence to service standards.
Of particular interest for the present case study is the National Theatres Project
in Scotland which outlines several areas for improvement that might be addressed
by workflow optimization. This includes “appropriately increasing patient throughput,
thereby using resources more productively and efficiently” by reducing unutilized (operating room) hours; reducing over/under-runs, late-starts, cancellations and delayed
discharges; and avoiding unnecessary out-of-hours and nighttime procedures [32].
Previous research on modeling surgical ward processes varies greatly in terms of
scope: from very fine-grained models of individual procedures to high-level models of
treatment pathways well beyond the context of the surgical ward itself (e.g. from visit
to a GP to follow-up evaluation and treatment). In their literature review on the topic
[26] Laylis and Jannin identify a range of granularity. At the finest level are low-level
physical movements such as tool usage patterns based on sensor data [4], phase detection [37], automatic identification of hand motions from video in [27] and [9]. Several
investigations have been made into the modelling of Cholecystectomies, a highly standardized procedure [11,13,12,31].
In [36] the authors go beyond the modeling of the surgical procedure to include
anesthesia and early recovery within the operating theatre, while [20] considers the
patient flow from admission to recovery. Activities downstream from surgery, namely
recovery in ICU wards can present a key bottleneck, as addressed in [5]. Extending the
patient pathway further, follow-up post-surgery is incorporated in [28,21]. In general,
however, most research appears to have focused primarily on either very low-level procedure or high-level treatment pathways. The patient flows we consider fall in between
these levels of granularity.
The use of Bayesian networks to model stays in an emergency department is evaluated in [3]. In contrast to our approach, the view of patient flows is at a higher level of
abstraction, and the main focus is the comparison of structure learning algorithms.
Modeling the duration of surgical procedures was investigated in [38,24] and we are
able to report findings in line with these regarding the log-normal distribution of surgical
times. Surgical duration was incorporated into sequencing and scheduling strategies in
[17]. Stochastic balancing of bed capacity based on fluctuating demand patterns was
explored in [16] and length of stay patterns in [5] while resource allocation and patient
admission was addressed in [22].
More broadly, the problem of ensuring that systems fulfill a given set of specifications has been widely addressed in model checking and process mining research.
The systems under consideration can range from electronic circuits and communication
protocols [33,29], to business processes [23,15] and even biological systems [18].
We can verify whether a system satisfies a property or specification by means of
state-space exploration [40] or rewrite rules [8], but often realistic models reach a level
of complexity that precludes closed-form verification. This leaves simulation, essentially a random sampling of the model’s state space, as a next best tool for verification
and what-if analysis.
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Incorporating desired constraints into a system model is straightforward [7], and
allows for correct-by-construction plan generation, but also leads to state-space explosion. Advancements in seemingly unrelated areas such as robot motion [19] provide
evidence that this approach to intelligent planning is feasible, even in complex domains.

3

Domain and Data Preparation

We were granted access to workflow data recorded at The Royal Infirmary of Edinburgh
in connection with cases taking place from 2010 until 2018. The infirmary is Scotland’s
largest, with 900 beds and a 24-hour accident and emergency department. The data at
our disposal was recorded by the Operating Room Scheduling Office System (ORSOS),
which is one component in the institution’s overall IT-infrastructure.
Over 1700 types of procedures are recorded in the data set, about half of which
are classified as emergency cases. Each treatment procedure is given a unique case ID,
meaning that the same patient may be associated with multiple case IDs, even during
the same stay for inpatients. Following patients’ broader treatment patterns would be
possible using this dataset, but lies beyond the scope and focus of this paper.
Data is entered manually by surgical support personnel, with the system requiring
the entry of timestamps for each event in the patient flow. Figure 1 illustrates the proscribed sequence of events, along with an aggregation of activities into logical phases
(pre-op, anesthesia, surgery, recovery).
The system attempts to enforce a strict linear ordering of events, though this can be
overridden by personnel. If a timestamp is entered out of sequence, a warning is given,
but can be entered upon confirmation. Staff are then sent a summary of anomalous cases
for review at the end of the week.
Data Schema In addition to timestamps for the 11 proscribed activities in a patient flow,
34 other attributes are recorded. Attributes of note include two different procedure coding schemes, case type (emergency/scheduled, day-case/inpatient), NCEPOD urgency
classification 5 , and the ASA patient condition rating.
Some staffing details are also included, such as main and supervising surgeon and
anesthetist, as well as the consultant assigned to the case. The source of admission
(emergency room, etc.), as well as intended and actual destination following surgery
(ICU, etc.) and crucially, the operating room number, are also included. Further details
include the diabetic status of the patient, types of anesthetics administered, whether
antibiotics were administered, and whether pre-session briefings and surgical pauses
were held.
Cleaning and Preparation A number of clearly anomalous entries are present in the
dataset, comprising roughly 10% of the 38,728 entries. Due to the relatively small percentage of anomalies and the reasonably large dataset, we followed a precautionary
principle and simply removed entire cases containing anomalous entries prior to further
analysis and modeling. Table 1 provides an overview.
5

NCEPOD Classification of Intervention [30].
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C OUNT %

Duplicate entries
Missing values
Dates out-of-range
Zero timestamps
Bad ordering
Total

58
31
475
3089
443
4096

OF

5

T OTAL
0.15
0.08
1.23
7.98
1.44
10.58

Table 1: Anomalous cases removed prior to analysis. Originally published in [6].

Duplicate entries may have been due to an attempt to correct a data entry error, but
we are unable to determine which entry is reliable. The column anaesthetic start time
was the only timestamp column to contain NA values. A larger number of cases have
clearly anomalous values in the case date column, e.g. dates much too far in the past
(year 1800) or future (year 3206).

4
4.1

Analysis
Control Flow Patterns

Based on input from domain experts, we were aware of the de jure workflow, which follows a simple linear flow of events as illustrated in Figure 1. In addition to the anomalies
discussed in Section 3, process mining techniques helped reveal further control-flow
deviations, guiding the data cleaning process. In particular, we found dotted charts,
directly-follows graphs and mined Petri Nets to be particularly informative.

P REOP
Send
for
patient

A NESTHESIA
Enter
Into
Anesth
depart- anesthetic -etic
room
ment
start

S URGERY

R ECOVERY

Ready
Leave
Into
Enter
Incision Incision Leave
stop operating recovery to leave recovery
operating start
recovery
room
room

Fig. 1: The de jure sequence of events recorded by the ORSOS system, representing the
intended patient flow. Activities are linearly ordered, but can occur “simultaneously”.
That is, some activities (such as Leave Operating Room) can have the same timestamp
as the “succeeding” activity (Enter Recovery), but should not occur after it. Originally
published in [6].

Dotted Chart One simple yet powerful tool for getting a quick, preliminary overview of
process-related data is the dotted chart, which simply charts events w.r.t. case-id across
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time such that dots falling along a horizontal line represent events belonging to the same
process instance (i.e. case).
Using the dotted chart in Figure 2 we immediately identified a substantial gap in the
dataset. Furthermore, we can see that some cases have events occurring many months,
even years apart - almost certainly evidence of anomalous entries.

Fig. 2: A dotted chart showing all events in our dataset, arranged according to case id
and timestamp. Originally published in [6].

Directly-Follows Graph Another simple visualization tool, directly-follows graphs consist of nodes and directed edges, where nodes represent the events in the log, and an
edge exists between two nodes if there is at least one log trace where the source event is
followed by the target event. Figure 3 shows the directly-follows graph obtained for our
dataset, which includes node and edge frequencies. On one hand, the event frequencies
on the graph confirmed that all events were included in each trace, in accordance with
the de jure workflow. On the other hand, the graph indicated that nearly all possible
pairwise event orderings occurred at least once in the data. This is inconsistent with
the de jure workflow, and it includes several implausible event orderings. For example,
there were a remarkable 154 traces where the last event in the de jure workflow, namely
leave recovery time, occurs before the proscribed first event, namely sent for time.
Alpha Miner For a more nuanced view of the control-flow evidenced by the event log,
proper process mining algorithms can be used. The Alpha (α) miner was one of the
first process mining algorithms developed, and though it has limitations regarding the
variety of control constructs it is able to identify, for our purposes it provided interesting
insights into course of events as evidenced by the data.
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Fig. 3: Directly-follows graph indicating that nearly all possible pairwise event orderings occurred at least once in the data.
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Figure 4 shows the result of running the SIMPLE version of the Alpha
miner[2] from the pm4py package [10]
on the top 20 sequence variants in the
log. Mining on the entire log produces
a flower model - a model which permits
any behavior, in line with observation
from the directly-follows graph in Figure
3.
According to this model, several remarkable control patterns seem to be evidenced by the most frequently occurring
sequence variants. For example, according to Figure 4, anesthetic start is not a
precondition for incision start. This observation led us to inquire with experts at
the infirmary and to more closely investigate these cases in the dataset. Apparently, it was not uncommon for these two
events to have exactly the same timestamp: a reflection, for example, of cases
in which a surgeon administers a local
anesthetic immediately prior to a minor
surgery.
This observation gives rise to a further insight: nearly all process mining
algorithms have a strong assumption of
temporal monotonicity, i.e. events are
strictly linearly ordered such that no two
events share exactly the same timestamp.
With the coarse level of temporal accuracy (1-5 minutes) in our dataset, exactly co-occurring events were common.
In this sense, most process mining algorithms are unable to account for true concurrency in data.

Send for patient

Anesthetic start

Into anesthetic room

Enter department

Into operating room

Incision start

Incision stop

Leave operating room

Enter recovery

Ready to leave recovery

Leave recovery

4.2

Temporal Patterns

Beyond identifying anomalies in the
data, there were few interesting controlflow patterns to identify at the level of
patient flows, since they do in fact follow
a (non-monotonic) linear process.
This left temporal patterns as the next
obvious aspect to investigate, especially

Fig. 4: Petri net generated by the Alpha
miner on the top 20 trace variants. Originally published in [6].
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since both resource usage and service
guidelines are largely temporally focused
(e.g. target time to theatre, anesthetist availability).
Event Aggregation In part due to large numbers of zero-duration cycle-times due to the
phenomenon of co-occurring events, but also based on conversations with experts, we
decided to group individual events into the four phases illustrated in Figure 1. Aside
from clearly representing logically meaningful phases, it was also clear that this aggregation smoothed out cycle-time distributions.
On one hand, this process of aggregation arguably removes valuable information
that could inform our model, on the other, it constitutes a form of dimensionality reduction which helps control the complexity of our model and ultimately improves performance in the end.
Marginal Distributions The simplest temporal pattern at the level of patient flows is
the marginal distribution of cycle times across all patients regardless of procedure, condition, urgency, etc. Fitting a probability distribution to the empirical distributions of
cycle time also constitutes the simplest possible predictive model, i.e. the maximum
likelihood prediction based on the best-fit distribution.
In Table 2 we show the goodness-of-fit statistics (Kolmogorov-Smirnov criterion)
for 7 types of distributions for both the individual events and events aggregated into
phases. Those distributions best fit to the phase data are visually depicted.
In building the stochastic Petri net described in Section 5, we used these marginal
distributions to parametrized transitions representing these phases. However, our modeling tool restricted the families of probability distributions to Exponential, Erlang and
polynomials of exponentials. We illustrate our approximations to the best-fit distributions in Table 2 and give the exact parametrizations in Table 5.
Mutual Information To get an impression of which attributes might be informative independent variables in conditional distributions of cycle times, we calculated estimates
of pairwise mutual information. Having an eye to identifying variables for inclusion in
the Bayesian networks described in Section 5.2, we were interested in mutual information between all attributes.
As a measure of the expected decrease in uncertainty regarding the outcome of
variable X upon learning the outcome of Y , mutual information is akin to standard
correlation metrics, but well suited to hybrid (discrete/continuous) attributes and makes
no assumption regarding normality or linearity.
Recalling the definition of the Shannon entropy of a random variable X as its expected information content, denoted H[X], we can write mutual information directly
as the decrease in entropy of X upon learning the outcome of Y . Formally, I(X;Y ) =
H[X] − H[X|Y ]. Two completely independent variables will have mutual information of
H[X] − H[X] = 0, while for two perfectly correlated variables it collapses to the entropy
of the dependent variable H[X] − 0 = H[X].
However, as an expected value (averaged over the sample space), it can hide that
specific outcomes for a variable can have a high pointwise mutual information - which
could be harnessed by a predictive model - yet disappear amongst many uninformative

E VENT

Exponential

Weibull

Gamma

Log-Normal

Cauchy

Logistic
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G OODNESS - OF - FIT (KS)

P LOT (Best fit for aggregate)

Send for patient 0.147 0.113 0.139 0.169 0.126 0.104 0.267
Enter department 0.161 0.147 0.197 0.205 0.171 0.157 0.184
Pre-op
0.094 0.087 0.123 0.127 0.09 0.062 0.24

Into anesthetic
Anesthetic start
Anesthetic

0.226 0.166 0.168 0.153 0.133 0.15 0.19
0.146 0.098 0.134 0.171 0.112 0.096 0.189
0.124 0.077 0.106 0.188 0.132 0.106 0.244

Into theatre
Incision start
Incision stop
Surgery

0.16
0.164
0.187
0.16

Enter recovery
Ready to leave
Recovery

0.083 0.079 0.126 0.243 0.174 0.139 0.198
0.285 0.277 0.266 0.184 0.144 0.144 0.22
0.099 0.083 0.127 0.244 0.17 0.136 0.19

0.094
0.122
0.145
0.11

0.143
0.144
0.168
0.134

0.111
0.061
0.111
0.036

0.093
0.06
0.144
0.071

0.114
0.07
0.128
0.087

0.298
0.132
0.25
0.193

Table 2: Red: Best fits for marginal distributions of cycle times, goodness-of-fit statistic
used is the Kolmogorov-Smirnov criterion. Blue: distributions used for modelling, in
which our tool restricted the choice of distributions to Erlang (pre-op) and polynomials
of exponentials (remaining). Originally published in [6].

outcomes. For this reason we also manually explored conditional distributions for cycle
times.
Conditional Cycle Time Distributions Our investigation around the most informative
features in the data set continued by exploring the conditional distributions of cycle
times for the individual values attributes. By visualizing conditional distributions on
the same plot, one gets a quick impression of whether an attribute is informative in this
respect, or not. Even though this is a somewhat time-consuming, brute-force approach,
exploring the data in this way turned out to be quite informative. This analysis played an
important role for us in choosing which variables to include in the models we present in
Section 5.2. Examples of some of the most informative attributes are presented in Figure
5. For instance, one can see that the conditional cycle time distributions for surgery
differ considerably based on ASA status, i.e. for normal healthy patients (ASA status 1),
for patients with severe systemic disease that is a constant threat to life (ASA status 4)
and for patients with non-assessed ASA status. The anesthetic cycle time distributions
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conditioned on source of admission also differ considerably, with patient cases coming
from the High Dependency Unit spending longer on average in Anesthesia, compared
to those coming from the Admissions Unit or some other source.

Fig. 5: Examples of conditional cycle time distributions. Top: conditioned on ASA status. Second from top: Source of Admission. Third from top: Intended Destination. Bottom: Case Type.
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Principal Component Analysis & Patient Clusters We explored the presence of groupings of patients in regards to duration by a combination of visual analysis, data transformation and clustering.
Judging by the original durations of the 4 phases of a patient’s flow, there do not
appear to be clear groupings of patients (Figure 6a). However, after applying principal
components analysis (PCA) and plotting the data w.r.t. the four principal components,
clear groupings become apparent (Figure 6b). Since PCA assumes normally distributed
data, and since most durations more closely follow a log-normal distribution, the data
was log-transformed prior to PCA transformation.
Afterwards, k-means clustering was used to discover grouping of patients. This derived attribute was added to the dataset and our predictive models, noticeably improving
peformance. It should be noted that we retained all 4 principal components, and thus
employed PCA solely as a transformation rather than dimensionality reduction technique, as is common. This was due to the observation that removing those principal
with lowest eigenvalues did not improve performance. This is not unexpected, considering the small number of dimensions.
4.3

Arrival Rates

Many of the aspects of patient flows we have considered so far concern patterns at
the level of the individual patient. In order to model system-level dynamics it is crucial to consider how the system is affected by multiple processes competing for shared
resources.
One key component in this analysis concerns the arrival of patients, in particular
unplanned arrivals requiring immediate treatment, since this will affect and potentially
interfere other patient flows. A clearly defined policy exists for the prioritisation of
cases based on severity which can lead to cancellation of procedures.
A common assumption in performance modelling and queuing theory is that the
number cases arriving for service within some interval follows a Poisson distribution.
We found those cases arriving via the emergency room (unscheduled) did in fact follow
a Poisson distribution remarkably well (Figure 7) whereas scheduled cases did not.
The latter is not so surprising since the arrival of scheduled cases is necessarily a nonrandom process and is adjusted to balance the arrival of emergency cases.
The close fit of daily emergency arrivals to a Poisson distribution allows us to accurately model the remaining stochastic transition in our model (the other representing
marginal cycle times) using the closely related exponential distribution, which captures
the corresponding distribution of inter-arrival times.

5
5.1

Modeling
Stochastic Time Petri Nets for System-Wide Simulation

To model the surgical workflow, we used Stochastic Time Petri Nets (STPN) which are
essentially Petri nets in which the notion of time and uncertainty is incorporated by
adding either a deterministic or a probabilistic delay for the firing of transitions. Specifically, transitions can be either immediate, deterministic or stochastic (Table 3). The
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(a) Raw durations of 4 phases plotted against each other

(b) Durations w.r.t. principal components. Data was log-transformed prior to PCA transformation.
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Fig. 7: Daily arrivals (black) along with best-fit Poisson distribution (red). Left: emergency cases. Right: scheduled cases.

model was implemented in ORIS API; a software tool for the modelling and evaluation of stochastic processes [14]. By using the functions provided by the ORIS tool we
were able to evaluate the performance of the system by observing how different metrics
change when we alternate some of its aspects.
T RANSITION R EPRESENTATION D ESCRIPTION
? condition
Immediate

Fires immmediately if enabled, conflicts between competing enabled immediate transitions
are resolved using priority ranking

5
Fires after a fixed amount of time upon becoming enabled

Deterministic
λe−λx
Stochastic

Fires after a delay sampled from a probability
distribution upon becoming enabled

Table 3: Overview of transition types in Stochastic Time Petri nets.

Surgical Ward Workflow Description The scenario that is considered for this study is
the following: Emergency patients arrive in the hospital at a certain rate to receive treatment throughout the entire 24 hour period (transition arrival in Figure 8b) while elective ones are only allowed to arrive at the hospital during the working hours (uniform
transition arrival in Figure 8a with enabling function ?working hours=1). Emergency
arrivals go through a checking procedure for the determination of the severity of their
condition. For the current model we assume that about half of the cases do not require

Stochastic Workflow Modeling in a Surgical Ward
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immediate intervention (uniform transitions emergency status and scheduled status). If
it is decided that the operation must be performed immediately, the patient moves to the
Preop room in order to get prepared for the operation (place preop room).
According to the NCEPOD urgency classification [30], target time to theater varies
depending on the case. For the purposes of this study, only one type of emergency is
considered, and the expected time to theater was set to 30 minutes. On the other hand,
scheduled cases can be cancelled up to the time they are about to be placed under
anaesthesia if there are no available resources (e.g. beds, surgeons, theaters) to continue
the process (transitions cancel 1,cancel 2). This is not the case for emergency patients,
however, who can move from phase to phase (pre-op, anesthesia, surgery, recovery) if
the resources for the next part of the process are available. In this paper, we assume that
a surgeon and an anesthetist is required for the surgery. Furthermore, the anesthetist is
also required during anesthesia and recovery. Note that priority is given to emergency
patients over scheduled ones when a decision has to be made regarding the entry to an
operating theater or an anesthetic room. The duration of each phase (pre-op, anesthesia, surgery, recovery) is modelled using stochastic transitions with random firing rates
following distributions that match our findings in Section 4 (Table 2). The properties of
these transitions is shown in Table 5.
To account for cancellations and delays, two places were added in the STPN, namely
cancelled cases 24h and emergencies wait cases. In the former a token is added every
time a scheduled case gets cancelled while in the latter a token is added whenever an
emergency case is waiting for more than 30 minutes. Both places are reset to zero at
the start of a working day. Prioritization and availability checking were incorporated
in the model by setting the proper enabling functions and marking updates to transitions. For instance, the enabling function of the transition enter recovery was set to
bed available>0. This property of the model prevents emergency patients to enter the
recovery phase if there are no available beds. Table 4 illustrates some examples of how
our STPN captures some other policies and guidelines.
Additional simplifying assumptions made for this first iteration of modeling include: that anesthetic rooms and operating theatres are completely independent, a constant number of resources are available within and outside working hours and only one
type of recovery room is present whereas in reality different sections are present, such
as ICU and high-dependency unit.
Figure 8c shows the basic outline of our model. Patient flows were modeled as
individual workflow nets in order to capture constraint violations for individual patients.
These workflow nets were then programmatically duplicated during simulations. Due
to space limitations we are unable to elaborate all details of the model, particularly
enabling/update functions and firing priorities, but the full model can be found online 6 .
Simulation Using our model, we investigated different resource capacity scenarios (Table 6), with a focus on the ability of the system to fulfill two quality-of-service indicators:
– Number of scheduled cases cancelled in 24 timeframe
6

http://www.github.com/apapan08
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P OLICY /G UIDELINE

P ETRI NET FRAGMENT
10
outside
working
hours

working
hours
14

Normal working hours are from 8-18

? working hours == 1
Non-emergency procedures should be handled
within normal working hours

preop
? anesthetic room > 0
AND operating theatre > 0

enter
anesthetic

cancel

cancelled
cases

Scheduled cases can be cancelled all the way up
to entering anesthetic room if all theatres are oc- PRIORITY: enter anesthetic > cancel
cupied by higher priority cases

Table 4: Simplified examples of some of the policies, guidelines and constraints for
patient flows captured by our model, along with the fragment of the Petri net which
captures this.

T RANSITION

D ISTRIBUTION

PARAMETERS

Emergency arrivals

Exponential

λ = 0.00487

Preop

Erlang

k = 3, λ = 0.16

Anesthetic

Polynomial of Exponentials

1.5x2 e−0.11x − 10xe−0.11x + 30e−0.11x

Surgery

Polynomial of Exponentials

x2 e−0.0385x + xe−0.0085x

Recovery

Polynomial of Exponentials

x2 e−0.05x − 10xe−0.1x + 150e−0.1x

Table 5: Fitted parameters for stochastic transitions. See Table 2 for a visualization.

Stochastic Workflow Modeling in a Surgical Ward

17

(a) Template for scheduled patient flow.

(b) Template for emergency patient flow.

(c) Shared resources.

Fig. 8: Stochastic Time Petri Net used to model core aspects of patients flows.

– Target time to theatre < 30 minutes for emergency cases
These are properties that are straightforward to formalize and evaluate. In fact,
any properties that can be formalized in an appropriate temporal logic such as LTL
or MITL7 , which read similarly to natural language guidelines, can be evaluated. In addition to reporting the expected values for these QoS criteria, we included the expected
resource availability over time. This helps us to identify when, and for which resources,
potential bottlenecks arise. In a more sophisticated model, we would likely see more
complex patterns resulting from interacting processes/resources.
7

Linear Temporal Logic, Metric Interval Temporal Logic.
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E XCESS CAPACITY S UFFICIENT CAPACITY I NSUFFICIENT CAPACITY

scheduled cases/day
anesthetists
surgeons
anesthetic rooms
operating theatres
recovery beds

10
10
8
8
10
12

10
8
5
4
8
6

10
4
3
2
4
4

Table 6: Resource capacity scenarios explored in simulations.

We report results in terms of expected value8 across 100 simulation runs of each
scenario. That is, the number of cancelled cases or available operating theatres at a
given time, averaged over simulation runs. With this simple model, the state of the
system follows a consistent periodic fluctuation according to the working hours (Table
7). Realistically, however, greater fluctuations would be likely due to uneven patient
inflows and staffing availability patterns over time.
5.2

Bayesian Nets for Individualised Prediction

In modeling cycle times in patient flows, our model in Table 2 considers only marginal
distributions, i.e. cycle time estimates are identical for all patients. However, as we illustrated in Section 4.2, there clearly exist categories of patients with significant variations
in cycle times.
Bayesian Nets are probabilistic graphical models that capture the structure of complex probability distributions. By exploiting conditional independence relations between variables, inference algorithms allow us to query the belief network in a flexible
manner, even with only partial information [25]. In the present context, Bayesian nets
allow us to to take into account multiple attributes of a patient along with the partial
completion of their treatment in order to make significantly more accurate and nuanced
predictions regarding cycle time and other aspects, such as destination.
We present the results of two Bayesian networks in predicting cycle time, leaving as
an important avenue of future research the integration of these predictive models into a
more sophisticated process model which accounts individual patient attributes. Figure
9 illustrates that Bayesian networks can be integrated with Stochastic Petri net models
to more accurately model transition distributions specifically.
The models were built and trained using algorithms implemented in the bnlearn
package for the programming language R [35]. We used our own implementation of
cross-validation, in part to avoid data snooping, and added simple smoothing procedures
to account for undersampling.
Feature Selection We evaluated two networks: a 10-variable model and a 22-variable
extension of the first. The decision of which attributes to include was based in part on
our exploration of conditional distributions in Section 4.2 and pairwise mutual information described in 4.2.
8

E[X] = ∑ x p(X = x)
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Simulation Results - Excess Capacity
10

Expected Value

8
6
4
2
0
0

100

200

300

400

500

600

700

600

700

Simulation Results - Nearly Sufficient Capacity
10

Expected Value

8
6
4
2
0
0

100

200

300

400

500

Simulation Results - Insufficient Capacity
10
Cancelled-Cases
Emergency-Delay
Surgeons-Available
Anesthetists-Available
Available-Anesthetic-Rooms
Available-Operating-Theaters

Expected Value

8
6
4
2
0
0

100

200

300

400

500

600

700

Time (10 min. timesteps - 5 days)

Table 7: Simulation results for scenarios with (top) excess capacity, (middle) sufficient
capacity, and (bottom) insufficient capacity averaged over 100 runs. Cancelled-Cases
and Emergency-Delay represent failures to meet quality of service guidelines when
the expected value exceeds 0. In other words: these are the system properties we are
interested in verifying.
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Event Durations (BN)

Patient Flows (STPN)
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Fig. 9: Petri nets capture control-flow of a process, while Bayesian networks allow nuanced modelling of transition distributions based on case attributes. Integrating these
two modelling perspectives is an important next step in developing data-driven, patient
centric workflow models.

One feature of note is the Cluster node in both 10 and 22 variable models. This
represents the patients groups identified in 4.2. Using simple k-means clustering, we
experimented with identifying 5, 10, 15, and 20 patient clusters which proved moderately helpful in improving performance - in particular for predicting anesthetic cycle
times using the 22-variable model.
Structure Learning There are two methods for constructing the graph structure of a
Bayesian net: manually, based on expert knowledge; and automatically using structure
learning algorithms. After several attempts at building nets manually, we found that
automatically generated nets outperformed, despite sometimes finding odd connections
between variables.
We employed the score-based structure learning algorithms hill-climbing and TABU
structure-learning algorithms, using scoring functions Akaike and Bayesian Information Criterion (AIC/BIC). This choice was due to their computational tractability and
suitability to the our hybrid dataset (continuous and discrete attributes). The 22 variable
graph can be seen in Figure 10.
Evaluation Models were evaluated based on prediction of cycle times for the 4 phases
of the surgical patient flow using 10-fold cross validation. We present mean absolute
error in Figure 11 for comprehensibility, but note that mean squared error results closely
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Fig. 10: A Bayesian belief network taking into account 22 attributes of a patient’s treatment. Attributes prefixed by Ane. denote different types of anaesthetic. Note the central
role of the latent Cluster attribute discovered in Section 4.2. Originally published in [6].

follow the same pattern. As a baseline for comparison, results are shown for the best-fit
marginal distributions reported in Table 2.
Avoiding Data Snooping One pitfall that was important to avoid, in particular when
modelling partial executions of patient flows, was that of inadvertent data snooping
by including the Cluster attribute. When evaluating a model’s predictive power on test
data, the cluster should be consider an unobserved variable.
While intuitively obvious, this is a crucial methodological point, as including it
would constitute a form of data snooping since the cluster itself is in fact derived from
the target variables (cycle times). Nonetheless, the variable is able to play a role in the
Bayesian network, despite being unobserved, via conditional dependencies between it,
observed variables and unobserved target variables.

6

Discussion

The case study presented in this paper has highlighted a number of challenges and
lessons learnt that can be applied to other surgical workflow modeling projects, as well
wider data-driven healthcare improvement initiatives. First, data quality assurance is
key. One of the most immediate observations of our analysis was presence of a good
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Fig. 11: Comparison of 40 different Bayesian net models using 10 (blue) and 22 (green)
variables, but different structure learning algorithms. Results are based on 5 runs of 10fold cross-validation for predicting cycle time of partially completed patient flows. As
a baseline comparison, the simple best-fit marginal distribution (reported in Table 2) is
shown in red. Originally published in [6].
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deal of anomalous data. Process mining techniques proved to be useful for detecting
outliers and identifying anomalies related to the control-flow.
Second, even though it seemed initially that there were no groupings of patients
with regards to duration, PCA revealed latent patient categories in our data. Identifying
these patient clusters improved Bayesian net prediction, even though interpreting what
these categories mean is not straightforward.
Third, we showed that a reasonably accurate predictive model of event cycle times
in the form of a simple Bayesian belief network can be built, which significantly outperforms simple marginal distribution fitting. The choice of Bayesian networks was
motivated by their flexibility and interpretability, which is of great importance in safetycritical domains like healthcare. The ability to query these models suggests they would
be a strong component of an intelligent probabilistic scheduling system in surgery.
Finally, Stochastic Time Petri Nets were found to be an appropriate formalism for
capturing hospital policies and guidelines surrounding surgery, in particular regarding
timing and resource requirements. Distinguishing between the workflows for emergency and scheduled cases was possible in a clear and transparent way, and incorporating case prioritization was straightforward. Even though the model presented in Section
5.1 is a simplified version of reality, it serves as proof-of-concept of how real-world data
can be incorporated into a model that combines official procedures and guidelines with
domain expert knowledge. Simulating different scenarios allowed us to test the limits
of the system and to analyse the effect of varying resource allocation.

7

Conclusion and Future Work

In this paper, we presented a preliminary investigation into probabilistic workflow modeling, simulation and prediction methods in surgical wards. This is an important first
step towards much-needed surgical care improvement. Our analysis is focused on key
surgical phases, which is a level of granularity that has received less attention in existing
literature.
Data-informed surgical care scheduling that takes into account individual patient
characteristics, resource availability and hospital policies presents a promising approach
to improving resource utilization, quality of care and, ultimately, patient and staff satisfaction. We have demonstrated the value of combining several data analysis paradigms,
from mathematical modeling to process mining and machine learning, towards developing a model that effectively captures the complexity of surgical processes, while allowing for experimentation and insightful interrogation. This approach is applicable in
other areas of the healthcare system, where under-utilization of expensive resources
calls for precise scheduling to minimize costs and waiting times.
Our analysis considered both system-wide surgical performance (through Stochastic Time Petri Net modeling and simulation) and individual patient flow (through Bayesian
Net cycle time prediction). In order to integrate the two in the future and incorporate
Bayesian nets into Petri Net modeling, we propose the use of Bayesian Stochastic Petri
Nets [39].
In the big data and precision medicine era, developing intelligent methods for dynamic and personalized scheduling in the surgical ward is a key research direction. Ex-
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tending the work presented in this paper to incorporate more detailed information about
the surgical ward is desirable, and would possibly require further domain knowledge
and dimensionality reduction, so as to deal with the huge cardinality of some attributes.
We also regard evaluation with domain experts as an important next step, ensuring that
the recommendations of a future surgical scheduling system are understood and deemed
useful by hospital staff.
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