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Abstract

This article describes a simulation framework for healthcare quality assessment from the perspective of management and
corresponding decision-makers. The proposed framework will allow simulating “what-if” scenarios and getting alternative
outcomes in case of decision support systems. In our research, we are dealing with heterogeneous data sources, which combine
within data-flow processes. The data flow of the presented framework conceptually combines several modeling methods:
discrete-event simulation, agent-based modeling and also includes data analysis. The experiments were executed based on data
from the Almazov National Medical Research Centre hospital information and access control systems.
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1. Introduction

Nowadays, healthcare is experiencing a paradigm shift. There is a transition from the volume-based to value-
based approach, from maximum assistance to all patients to individual service and care quality improvement along
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with efficient usage of resources. All healthcare processes become even more complex and consequently generate
even more unstructured data. It makes management decisions more complicated. Existing HIS do not always allow
proper decision-making support for medical professionals [1]. Therefore, in conjunction with extending of practical
application and integration of HIS, it is important to develop new methods and technologies to support decision-
makers within the paradigm of personalized medicine. The implementation of high-quality and well-timed decision-
making support is only possible when using results of analysis of already existing data, and obtaining new
knowledge based on the performed analysis.

At the same time, it's really necessary to improve the healthcare quality through, for example, an evaluation of
patients’ satisfaction. But in some cases, this type of evaluation is unavailable due to lack of feedbacks. That's why
decision-makers can use some techniques from staff scheduling. These techniques allow optimizing workload but
can’t give any prediction in case of emergency or some unusual situations. For that reason, simulation and modeling
had widespread application in healthcare.

2. Related works

Mankind experiences the growth of the life’s length as well as the common population growth and it is the reason
for pride. Meanwhile, the same achievements require strengthening of the economy, particularly, in the field of
healthcare. There should be significant expenditures also because the world population is rapidly aging [2] and
necessary technologies should be developed and deployed. Solutions of the costs’ containment task vary in different
countries. Nevertheless, the most useful were patient-oriented measures, e.g. more active treatment for people with
multiple comorbidities and, in general, the increase in patient throughput in hospitals [3]. Also, staffing policies in
healthcare are shown as ineffective since they consider volumes instead of the quality of care [4]. This marks the
transition from volume-based to value-based approach and means the need to optimize the whole process of patient
treatment depending on personal characteristics. In fact, the same idea has been voiced in the call of WHO to
balance economy of means and quality improvement and appreciate patients’ expectations [5].

One of the most important findings was that the nature of care and a warm attitude (primarily from nurses)
determine the perception of the patient, not the technical side of care, as was previously thought [6]. This is also
evidenced by patient-reported outcomes [7]. Reporting through surveys and questionnaires is the most widely used
approach in assessing the quality of care [3,8—11]. It represents a fair feedback and allows giving an idea of overall
healthcare statement at the hospital level. The nurse work environment is strongly associated with patient
satisfaction [9] and it means the environment building is the mandatory step on the way to the main goal. Inattention
to this leads to the burnout of nurses [3,8,11]. Even some studies state that nurse work overload has no effect on
patient outcomes [8,10] it increases the number of errors of nurses the degrades the patient safety [12—14].

It should be noted that the perception of the quality of care for the hospital staff and the patient should be similar
in order to avoid the loss of compliance [15] and managers should take this into account in corporate decision-
making. Performance appraisals are required for effective management activities, i.e., promotions, training,
coaching, etc. [16], which in turn leads to positive organizational and patient outcomes [10,11], including even
patient mortality [17]. However, nurses are disappointed in the performance appraisals. There are identified
subjectivity and lack of communication between managers and nurses as major points that must be eliminated in the
performance appraisal system [18,19]. The system can be improved with the participation of all parties and
improving the work environment while taking into account results of the assessment of the quality of care [11,20].

A fundamentally different approach to solving the problem of the quality assessment is the creation of data-
driven models. Such models allow considering the interests of all parties objectively: to assess work environment
from the staff point of view and the effectiveness of work from the management point. The key to objectivity is
work with data from hospital information system (HIS) and electronic health records (EHR). Unfortunately, in most
cases, the data does not conform to standardized terminology and has unusable (because of inaccuracy) timestamps
[21]. A promising application of models is possible when assessing the workload of nurses. Stored data of
admissions and discharges of patients allows obtaining accurate assessments [22]. The detection of overloads can
have a positive effect on the quality of care as it was said earlier. To build a comprehensive assessment, it is
necessary to consider nurse interventions based on HIS data, influence of doctors and managers.
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3. Proposed framework

The proposed framework allows decision-makers to have a set of alternative scenarios in real-time. It consists of
several models linked by data flow (Fig. 1). At the first stage, we need to model the patient inflow by using results
of Electronic Health Record (EHR) data analysis. This model had been already developed in our research group and
was presented in [23]. Combining patient population data with access control system (ACS) data and staffing tables
we obtain the input data for the next stage. The next step in the framework is a discrete-event simulation of medical
center activity. This step needs to evaluate possibilities and workload for each department separately and for the
whole hospital as well. Such model can get departments’ workload outputs and special key-values for departments
which can help in the quality assessment. Although, this step can be based on machine learning techniques [24].
Analysis of the workload for different staff groups is a very important aspect in case of decision-makers’ support.
Further, it is necessary to optimize regular staff tables and schedules. Also, it helps to obtain schedules for each
employee to determine peak hours. These data allows moving from discrete-event to agent-based modeling and
receiving updated data for the emergency scenario. Agent-based modeling gives an opportunity to present internal
hospital processes in continuous space. Simulation results of departments’ dynamics are individual tracks in
geometric space for each employee.

Additional patients EHR e
Regular
|_ . scenario
v ————
Emergency
PATIENT INFLOW ey scenario
MODEL | v
I
* 'l, | AGENT-BASED
- I MQODEL OF  Bottlenecks in
ACS Data for staff ZaET;lT:n Staffing tables ! DEPARTMENTS | > geometric space
pop I B
| DYNAMICS |
I | T [
DISCRETEYEVENT : : : SIMULATION OF
~ i ! ALTERNATIVE
| Tracksin
SIMULATION MODEL | geometric space :_ > “WHAT-IF"
OF DEPARTMENTS I - T | SCENARIOS
ACTIVITY ' . [
| A |
T |
| OUuUTPUT DATA Prediction for
T I [~
Standing order Depariments Additional data | ANALYSIS _resources needs
workload |
l | I
3 | .
I | v
vy i
WORKLOAD Beak iours : Quality
MODEL FOR STAFF [-»  schedules for  —— Refined sheedules assessment
GROUPS each employee statistics
Optimized staff
tables and

schedules

Fig. 1 Simulation framework data flow diagram.

This framework can support decision makers through “what-if” scenarios and alternative outcomes. It is really
necessary for decision-making under condition of high risks, incompleteness, and unreliability of information. Two
scenarios were chosen for the framework evaluation. They are characterized by different external environmental
data: a regular medical center workload and an emergency workload. The first scenario is regular; it means that
there are no unexpected additional patients in the hospital. This scenario can provide management decisions about
staff schedules and other resources. The emergency scenario can help in unpredictable situations; in a case with
additional patients.

The framework can be adapted to use additional datasets, e.g., feedbacks from patients, results of surveys. After
data output analysis step, first, we have the set of refined individual schedules and can rerun agent-based model;
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second, we have predictions for resource needs for a quality assessment and can obtain alternative scenarios for
decision-makers.

4. Methods and case study

For the test scenario, we used data from HIS and ACS of the Almazov National Medical Research Centre. First,
we focused on one group of specialists. Daily nurses (ones who works twenty-four-hour shifts) were chosen because
this staff group already have the most complex and volatile workload at the cardiology department of Almazov
Centre. The cardiology department was chosen because of diverse patient population. It allows developing regular
and emergency scenarios.

The dataset consists of ~2°000 EHR and four-month access control data for each daily nurse (~10°000 records).
The first task was to evaluate measures for workload assessment for each employee. But we are faced with the
following difficulties: it is responsibilities of this staff group are not strictly regulated; it is impossible to obtain
numerical criteria for work quality assessments.

1
09 -
0,8
0,7
0,6
0,5 I W HIS
0,4 ACS
0,3
0,2

S (e lllllllmll

012 3 456 7 8 91011121314151617 181920212223

Fig. 2 Analysis of events from ACS and HIS.

If we analyze the number of events in the data on the peak day of the week and consider the upper value for the
maximum, then it turns out that in essence, nurses should not have any overloads. But there is overload; this is
evidenced by the nurses themselves: there is a shortage of personnel and it is impossible to accurately calculate how
many hours a nurse needs to spend on each patient for satisfactory quality of care. Fig. 2 presents a simple data
analysis that tells us that the peak hours for HIS and ACS are different. It seems like data is entered into the system
when nurses have a break, but not at the time of the event's occurrence. Therefore, at this stage, we choose data from
the ACS to assess the quality of the indirect characteristics as the most reliable reflecting the real dynamics.

4.1. Clustering

The data from the access control system represents the sequence of events, each of which is a pass through the
door using a security badge. Therefore, the event consists of the nurse’s identifier, the date and time of the pass, the
door’s identifier (includes the floor’s number). The source dataset contains 3931 lines (events). The advantage of
this sort of data is that it is collected automatically and that’s why it cannot be arbitrarily changed or shifted in time
by a nurse. Furthermore, reasons, directions, and amount of displacements undoubtedly related to the workload.

First of all, we grouped sequences (or “chains”) of the events to strings where each symbol is a floor to track the
movement of nurses within the hospital. One sequence corresponds to the movement of one nurse during one
twenty-four-hour shift. Contrary to expectations, collected sequences did not look alike, though there must be some
patterns among usual work shifts. It should be noted that a sequence includes symbols of floors, but not concrete
door (e.g. in the sequence “A00011” each digit denotes the floor of the hospital building, A-letter denotes



1lia Kisliakovskii et al. / Procedia Computer Science 119 (2017) 207-214 211

checkpoints at the entrance to the hospital territory). This approach has been chosen in order to first estimate nurses’
movements in more general scale. To reveal some features of nurses’ routes it was decided to cluster the sequences.

In the context of machine learning, we can assume that any sequence of characters is a word. Therefore, to cluster
the sequences we can use word-specific algorithms. One of the main methods of calculating the distance between
words is the Damerau-Levenshtein method. Calculating the distance, it takes into account substitutions and
transpositions of characters and also insertions and deletions which in turn helps to solve the problem of the
alignment of vectors (different lengths of sequences). Another way to calculate distances between the sequences
comes from the counting the number of occurrences of each pair of characters in one sequence (i.e. the count of
“00” pair in the sequence is the first component of the vector, the count of “01” pair — second, etc.), which to some
extent is similar to the formation of “clickstreams” [25]. As a result, we obtained plain numeric vectors to which
classical methods of distance calculation can be applied. As an experiment, we reproduced the formation of
“clickstreams” by collecting sequences from pairs of symbols where the first symbol of pair was still the number of
the floor, but the second one was the time gap (in hours) between current and next event (e.g. “3M” means the third
floor and 22-hour gap before the next event). Unfortunately, use of such sequences led to poor results of clustering
in comparison with other implemented approaches.

There were selected two different algorithms for clustering: Agglomerative Clustering was selected among
hierarchical algorithms and Affinity Propagation — among nonhierarchical algorithms. The idea was to observe
separability of sequences and estimate the potential number of clusters during agglomerative clustering, then
compare the obtained number to another computed by second algorithm. One of the main features of Affinity
Propagation is the selection of the number of clusters by the algorithm itself.

The main point of agglomerative clustering is that all vectors, initially being separate clusters, gradually merge
into larger clusters and it is possible to track all the history of merging. Before performing clustering, you need to
choose a method for calculating the distances between clusters and a distance function for pairs of vectors. In our
case, Farthest Point method used together with the above-mentioned Damerau-Levenshtein function for vectors-
strings and also Ward’s method — with the Euclidean function for numeric vectors. The second combination allowed
to obtain more relevant results with more clear division into clusters when the first one has shown extremely uneven
distribution between clusters. Truncated by 12 last mergers dendrogram representing the results of hierarchical
clustering are shown in Fig. 3.
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Fig. 3 Dendrogram of agglomerative clustering (numbers in brackets mean counts of samples in the cluster).

The affinity propagation method is based on the metaphor of elections. The points (vectors) can pass messages to
each other, elect a leader-point and merge around it into a cluster [26]. In this case, Damerau-Levenshtein, Euclidean
(Squared-Euclidean) and Manhattan (to check outliers’ impact) pairwise distance functions were used. The best
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results (Silhouette coefficient 0.57) were obtained using Euclidean function. The total number of clusters was 3 what
is equal to the optimum number obtained from results of hierarchical clustering, as seen in Figure 1. "Optimum" was
named the number, transition to which require a minimal increase in distance allowed for merging clusters (y-axis).
These clusters are situated under the black line in Fig. 3.

Both clustering methods give approximately the same distribution of sequences between clusters. The results of
clustering indicate that a sequence from a cluster cannot refer to a specific group of nurses or a concrete weekday. In
other words, it means that a sequence of events does not depend on a nurse personality or a weekday, but
presumably depends on emergency cases or workload, in general.

4.2. Frequency analysis

Performed clustering did not reveal specific patterns in sequences of events. The fact of the independence of the
sequences from nurses themselves and success in the processing of sequences by means of division into pairs of
symbols (bigrams) led us to the idea to build common, or average, sequences through the frequency analysis. The
most frequent combination of door codes per each half an hour presented in Fig. 4. Each symbol means one event
from ACS.
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Fig. 4 Graph of the most frequent combinations of events

The cardiology department, considered for this case study, is located on the 7th floor, which corresponds to code
'"7". The remaining codes also correspond to the floor number on which the door is located, the code 'A' means
passing through the checkpoint (entrance/exit control). Thus, we managed to get an average daily scenario of the
nurse's behavior. In the future, this graph must be expanded with events from the HIS. At the current stage, it is
impossible to use data from the HIS, because according to observations, nurses contribute data to the system
spontaneously.
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Fig. 5 Heatmap of distances between average and observed sequences.

According to the graph (Fig. 4) all possible “average” sequences were built. There were 96 sequences what is
enough to try to reveal a common pattern, but it does not cover completely the space of possible sequences of
events. The number of sequences depends on degrees of the graph’s vertices, but the majority of degrees is equal to
one, which in turn indicates a significant lack of data. In order to discover how well average sequences are close to
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observed ones, we compared them accordingly as numeric vectors by the algorithm described above. The results of
the comparison are shown in Fig. 5. While a row of the heatmap is one of average sequences, a column is one of
observed sequences, their intersection is the Euclidean distance between these sequences. As can be seen on the
map, average sequences slightly differ from each other, observed sequences are removed from them by
approximately the same distance, and outliers, that mean unique work shifts, (dark purple columns on the map) are
rarely detected.

4.3. Agent-based modeling

Problems of optimization of healthcare processes require more complex solutions. In particular, the computerized
medical systems usually operate in a distributed environment, whose components continuously exchange data.
Flexibility, reliability, and agility of multi-agent systems allow them to work effectively in such conditions. The
distributed architecture enables multi-agent systems to solve performance issues and resource constraints. Each
agent can be described separately. In the interaction of realistically modelled entities, complex forms of behavior
arise naturally. This makes it possible to effectively use agent models to study the processes and build forecasts
under the real dynamics reproduction.

For the agent-based modelling, we used PULSE framework [27], which allows presenting each agent separately
and configuring common behaviour for each group of staff. In Fig. 6 (a) you can see box-plots which show the
relative nurse workload in cardiology department based on the number of patients. The maximum allowable nurse
workload, according to the expert assessment, corresponds to a value of 1.0. It gives us the opportunity to estimate
peak hours. Fig. 6 (b) shows track proximity metrics for daily nurses. These metrics received through agent-based
modeling results. Obtained tracks of nurses do not give us the right to conclude and should be specified by
additional data of events at the department. In this regard, at this stage, it is impossible to go to the stage of
developing alternative scenarios for decision-makers.
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Fig. 6 (a) number of patients based cardiological department workload; (b) number of patients based cardiological department workload.
5. Future works

In the future, it is planned to develop a mechanism for updating individual schedules of nurses by analyzing text
data from EHR using text-mining methods. It is also necessary to obtain additional survey data for a more accurate
assessment of the work of nurses. Finally, it is possible to extend the data set using RFID sensors. Also, we plan to
use the annual dynamics data analysis from ACS and include some external data in our framework.

It is worth noting that in the construction of a complex assessment of the quality of medical care, in the future is
planned to use the System Dynamics approach. This will allow us to find implicit behavioral patterns of staff
groups, as well as reflect the dynamics of an ever-changing system, for example, in case of new laws are adopted in
healthcare.
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