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Abstract 

Computer-based decision support systems are often used for 
dedicated tasks such as the detection of sepsis. However, 
positive predictive values for sepsis detection are reported to 
achieve only around 46%. In this paper we describe a novel 
approach to use temporal data of electronic patient records 
based on similarity measures. We apply the concept of case-
based reasoning, which is well-established in many fields of 
medical informatics. Temporal patient data are organized in a 
time-graph structure. For the quantification of similarity 
between cases, we exploit graph theory based approaches. For 
development and evaluation of our time-graph similarity frame 
we use the open MIMIC III dataset. In a later phase, we 
envision to transfer our concept from sepsis to other diseases. 
Keywords:  

Medical Informatics, Computer-Assisted Decision Making. 

Introduction 

Computer-based clinical decision support systems (CDS) are 
important elements for improving the quality of patient care. A 
relevant clinical example is the early detection and management 
of sepsis. Sepsis is a systemic reaction of the human body 
against inflammatory infections with approximately 154,000 
diagnosed cases in Germany per year leading to as many as 
56,000 deaths per year [1]. Early detection and start of 
treatment are crucial factors for improving survival and 
complete recovery [2]. 
CDS have been a field of research in medical informatics for 
several decades. In recent years, the field was complemented 
by data science approaches analyzing vast amounts of patient-
related and disease-related data in order to build computer 
models of diseases. Terms commonly used for such concepts 
are systems medicine, personalized medicine, or precision 
medicine. One of the ideas that are currently under discussion 
in systems medicine is to identify similar patients or cohorts 
within comprehensive patient-related databases such as 
electronic health record (EHR) systems [3]. However, the 
concept of providing clinical decision support on the basis of 
treatment experiences made with past patient cohorts has been 
established in medical informatics as case-based reasoning 
(CBR) already in the 1980s based on previous works in 
cognitive sciences [4, 5]. 
Currently, temporal data are rarely used in similarity-based 
decision support systems. To change this, it would be necessary 
to bring existing temporal data into a form that supports 
reasoning on these data. For CBR, the case of a patient would 
have to be described considering all relevant temporal events. 
Such a temporal profile or network of different event values 
over time could be used to find a similar patient in the case base, 
whose case shows a similar sequence of temporal events in 
addition to the similarity of attribute values. This could lead to 

improved clinical conclusions for diagnosis and therapy or 
medication. For our example of sepsis, this would mean to 
compare the course of disease of current patients with those 
who had developed a sepsis in the past in order to detect sepsis 
in an early stage to save time until treatment is started. 
Since there are no established approaches for temporal 
similarity in CBR, we describe a possible model for the 
development of such a similarity measure in the course of this 
manuscript. This includes potential forms of representing 
temporal data for similarity and reference data sets for the 
development process. 

Patient Similarity and CBR 

Technically, historic treatment information is represented as a 
patient case. Each case is described by a set of attributes, often 
represented as structured fields in the database of an EHR 
system. To quantify similarity of two individual cases, a so-
called local similarity measure is defined to compare the values 
of a certain attribute for the two cases. Global similarity 
between two cases is gained by computing and weighting the 
importance of attributes and merging local similarity measures 
into a single value. Great care has to be taken to choose an 
appropriate similarity measure that takes into account the 
characteristics of the respective attributes. For example, the 
similarity of the body weights of two patients might be 
calculated as the Euclidian distance between the values. For 
attributes with discrete value domains, such as ABO blood 
groups, the context for which similarity is being calculated has 
to be considered. For example, when looking at the risk of 
developing coronary heart disease (CHD), blood group values 
of A, B, and AB might be considered more similar to each other 
than compared to O. The reason is that bearers of blood group 
O seem to have a significantly lower risk to develop CHD than 
bearers of the other groups [6]. For other diseases, a different 
assumption of similarity might be more conclusive. In these 
cases, value distributions or expert knowledge can be used to 
establish a numeric similarity value. 
Due to the development of big data analysis initiatives, more 
and more patient related data sources are expected to become 
available in a structured way for research on clinical decision 
support systems. Using these sources for finding similar 
patients is only possible if suitable similarity measures exist and 
are correctly chosen for the respective attributes.  
Our group has conducted research on similarity measures in a 
systems medicine research project on multiple myeloma. For 
this project we developed an IT architecture for systems 
medicine applications that rely on the concept of patient 
similarity. As one result we established a novel similarity 
measure that considers survival data (e.g., progression free 
survival, or overall survival) as they are measured in clinical 
trials for the computation of similarity. However, in the course 
of our research we found additional aspects of patient similarity 
that have not been taken into consideration sufficiently so far 
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due to the lack of appropriate similarity measures. Specifically, 
these additional aspects are temporal relations among 
symptoms and events like diagnostic and therapeutic measures. 
In the everyday life of a physician it is often essential to know 
the sequence of such events to get an appropriate diagnosis [7]. 

Decision Support for Sepsis Diagnosis 

Supporting early diagnosis and management of sepsis has been 
subject to previous studies. Corfield et al. describe a single, not 
computer-based, score as an early warning sign for sepsis [8]. 
In terms of computer-based CDS, one approach is to generate 
sepsis alerts if a number of criteria is met by entries in the 
electronic medical record of a patient [9]. While this system had 
no false negative results, its positive predictive value was only 
44.7%. Amland et al. report on a similar system with a likewise 
positive predictive value of 46% [10]. Such results suggest the 
necessity for further research to improve accuracy of computer-
based CDS for sepsis. Considering temporal aspects might help 
to fill this gap [11]. 

Temporal Abstraction 

Temporal abstractions are qualitative representations of 
temporal intervals with respect to a specific context [12]. Such 
abstractions are used to derive higher level concepts from raw, 
quantitative data. For example, individual measurements of 
body temperature could be aggregated to intervals and labelled 
with qualitative descriptors like “normal temperature” or 
“hyperthermia”. A widely used set of temporal abstractions has 
been defined by Allen [13, 14]. He describes a system of 
thirteen basic relations such as “before”, “overlaps”, or 
“during”, covering all relations that are possible between two 
temporal intervals. Temporal abstractions can be used to reduce 
complexity when working with temporal dependencies. 

Temporal Data Structures 

Temporal relations among health related events could be an 
important source of information for diagnosis and prognosis of 
patients. Thus, such relationships in patient data are in focus of 
many research activities such as temporal mining. A basic 
question for the development of a temporal similarity measure 
is how data should be organized and stored for efficient 
processing. Traditionally, medical events are recorded in the 
form of tables either as paper charts or electronic database 
tables. To support temporal information, the 2001 edition of the 
SQL standard query language for relational databases supports 
temporal tables. However, this extension does not focus on 
working with temporal relations among entities, but provides 
means to model the time when entries are valid in the real-world 
context. This is similar to conserving the state of a database into 
a snapshot which makes it possible to reproduce the data for 
time points in the past. So the word ‘temporal’ has a different 
meaning in the SQL standard. As a consequence, temporal 
relations have to be implemented outside the database 
management system into an application with the potential 
requirement to transfer large amounts of data. The goal of such 
an application should not be to save different states of database 
tables over time but to save and compare temporal data like 
patient events in a timeline. 

Time-Graphs 

An intuitive representation of temporal relationships among 
medical data might be graphs or networks. Medical events 
could be presented as nodes while edges show the temporal 
relations among them. Interestingly, the term temporal network 
is widely used in computer science, but usually not in the sense 
that the network shows temporal sequences. Instead, the term 
describes the research on the development of networks over the 
time. In research on social networks, for example, it is 

investigated how the contacts of a person change by comparing 
the respective network at different points in time [15]. 
To avoid confusion with such temporal developments of 
graphs, the term time-graph is used for sequential graphs 
throughout this proposal. 
A graph-based representation of temporal EHR data has been 
shown to work by Liu et al. in a paper on temporal phenotyping 
[16]. They introduce temporal phenotypes as a set of basis 
graphs that are combined to construct an observed temporal 
graph. The authors describe the application of similarity-based 
regularization for calculating the temporal phenotypes. 
However, the aim of their work is not to identify similar patients 
in the sense of CBR but to predict medical events such as the 
onset risk of heart failure.  
Thus, additional research is necessary to establish time-graphs 
for the use of finding patients with similar temporal disease 
development. This could be achieved by calculating the 
similarity of time-graphs each representing one patient. 

Graph Similarity 

Graphs have been studied for a long time in graph theory. One 
problem related to comparing two graphs is the task of 
determining their structural identity or the existence of an 
isomorphism between them. In addition, quantifying the 
similarity of graphs and subgraphs has been of interest in many 
application areas like analyzing the world wide web, business 
process models (BPM), timetables, schema matching, or 
chemical structures [17–21]. Comparable results have not yet 
been researched for time-graphs. No specific time-graph 
similarity approach is known to the authors. Nevertheless, there 
are some approaches that are related to graph similarity, but it 
has not been investigated yet, if they can be applied for medical 
time-graphs.  
One generic approach that has been demonstrated to work with 
BPM, for example, is the graph edit distance. It is capable of 
measuring similarity between two graphs by assessing the 
number of modifications necessary to transform one graph into 
the other [22]. A different method for quantifying similarity 
among two graphs is using an iterative framework based on the 
idea that two nodes or edges are similar if their neighbors are 
similar. Since similarity is propagated to adjacent elements 
during iterations, this method is also called similarity flooding 
[20]. Another method is NetSimile, which calculates different 
node-specific values, like the number of neighbors, the 
clustering coefficient of a node, and others. These attributes are 
finally aggregated into one value that describes the similarity of 
two graphs using the Canberra Distance [23]. These graph 
similarity approaches are candidates for being transferred to 
time-graphs. 

Graph-Based Temporal Similarity 

Taking up the concept of case-based reasoning, we develop a 
computer-based CDS for early detection of sepsis aiming for 
high accuracy. Specifically, we will develop a novel measure 
for calculating temporal similarities of disease progress among 
patients. This measure relies on graph-theory concepts. Later, 
we plan to extend our approach to other disease patterns. 

Methods 

The main research question of our project is as follows: How 
could temporal medical data of different patients be used to 
identify patients with a similar temporal profile for clinical 
decision support systems?  
This question is divided into three sub-questions: 

1. How can medical data be represented as a time-graph? 
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2. What similarity measure can be used on time-graphs? 
3. How can time-graphs be stored efficiently? 

To answer these questions, our objective is to develop a new 
approach of making temporal aspects of medical data available 
in decision support systems, especially with respect to 
similarity-based approaches like case-based reasoning. We aim 
to establish graphs of clinical events as an innovative 
representation of temporal relations among these events. Here, 
we will consider concepts like networks, directed/undirected 
graphs, weights of edges, trees, and the significance of cyclic, 
i.e. reoccurring parts. The challenge is to find a graph-based 
representation of temporal medical data that provides an 
optimized basis for similarity quantification. To support case-
based reasoning, a novel graph-based similarity measure for 
time-graphs in the form of a framework of methods is part of 
this approach. For this framework we investigate graph-
theoretical approaches for the assessment of graph similarity. A 
set of criteria to classify these methods for applicability in the 
medical CBR context is established. As part of this 
development, graph similarity methods are tested in various 
disease-specific scenarios.  
Finding the most similar patient with respect to his time-graph 
in a big case base can be very time-consuming, making efficient 
management of graph-based data structures essential. Thus, we 
investigate which kind of database management systems could 
form an appropriate basis for storing time-graphs. Specifically, 
we compare relational data base systems with temporal index 
structures with dedicated graph-based database systems. The 
exact requirements towards such database systems depend on 
the characteristics of the graph-based similarity measure. 

Results 

Our concept is comprised of three major blocks, corresponding 
to our research questions. First, research on the graph-based 
representation of temporal medical data is performed. Second, 
a novel similarity measure for temporal data in a graph 
representation is developed. In a third block, existing database 
technologies for efficient storage and similarity retrieval of 
graph-based temporal data are reviewed. 
In addition, a user interface for temporal queries on the database 
is part of the concept. For research and testing of our approach, 
we use the MIMIC III database [24]. This dataset provides data 
of approximately 40,000 patients who were treated in an 
intensive care unit (ICU). All data are annotated with 

timestamps making them ideal for temporal research in clinical 
context. 

Time-Graph Representation of Temporal Medical Data 

As the first step, the MIMIC III database is analyzed with data 
mining tools for cases that can be used as blue prints for the 
development of a time-graph representation of the case 
documentation. In this phase, we consider cases suitable, if the 
temporal relation between events is known a priori. Medical 
treatment guidelines are helpful to identify such cases. For 
example, the guidelines for diagnosis and treatment of sepsis 
list a number of conditions that have to be met within a certain 
timespan. Thus, we will mine the database for patients who are 
diagnosed for sepsis and other diseases commonly occurring in 
an ICU context with temporal aspects. This will result in a set 
of reference cases with typical temporal disease progress is 
identified in the MIMIC III dataset. 
Further, an appropriate graph-based representation for patient 
cases is established. Existing approaches will be reviewed: The 
most straight-forward approach is to form a timeline where all 
data entries are lined up in order of the respective timestamps. 
In this approach, each node has one edge pointing to the 
subsequent node. A timeline already allows to compare the 
temporal developments of different cases. However, in this 
naïve approach no difference is made between different classes 
of events. As a consequence, we will investigate more complex 
representations that also consider different classes of nodes. 
Nodes within each class have a linear temporal order, but are 
interwoven with nodes of other classes. In contrast to a timeline, 
such additional edges might help to better represent event-
specific temporal relations. For example, known cause-effect 
relations such as the administration of antipyretics and the 
consecutive decrease of body temperature are modelled into the 
graphs. 
Further research is made regarding the most suitable topology 
of the resulting graph. Possible topologies include directed 
graphs with or without cycles, weighted graphs, and trees. 

Time-Graph-Based Similarity Measure 

We investigate methods described in the literature for 
calculating the similarity between two graphs for their 
applicability on time-graphs. Aspects to be considered are the 
topology of the graphs and the possibility to work with sub-
graphs. This is important, since the time-graph of medical 
events of a newly diagnosed patient is likely not as extensive as 
that of a patient who has finished treatment. We investigate 
similarity methods of different categories such as graph 

Efficient graph-based maintenance of 
temporal medical data

Time graph-based similarity measure

"2101-10-25 04:05:00",16302,"Do Not Resuscita",...

"2101-10-25 04:05:00",16302,"Occasional",...

"2101-10-25 04:05:00",16302,"PVC's",...

"2191-03-16 09:16:00",18692,"Sl. Limited",…

...

Time-Graph representation of 
temporal medical data

Figure 1 – Main Parts of the Time-Graph Similarity Framework. 
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isomorphism (e.g., edit distance based measures [22]), iterative 
methods like similarity flooding [20], and feature extraction 
methods like NetSimile [23]. 
The base methods for graph-based similarity are adapted to 
fulfil requirements of temporal graphs. For this development 
process, cases of the MIMIC III database are used as models 
and test cases. Criteria for the successful development of the 
similarity measure are defined during this task. They are based 
on plausibility checks and correlation analysis of the cases 
determined as similar by the new similarity measure. The 
graph-based temporal similarity measure developed in this 
work packages can be used by itself, but also in combination 
with conventional similarity measures based on attribute 
values. In this task, we investigate, how such different types of 
similarity measures can be combined to calculate a 
comprehensive similarity value. The approach will be based on 
the paradigm that global similarity is comprised as a 
combination of weighted local values. In this task, a suitable 
algorithm for combining the different similarity measures into 
one global value will be researched. 

Efficient Graph-Based Maintenance of Temporal Medical 
Data 

Electronic health record data are usually stored in relational 
databases with no specific focus on temporal data retrieval. 
Graph databases are potentially good candidates for high 
efficiency, especially in combination with a time-graph data 
model. In addition, in this kind of databases not only the raw 
data is saved like it is the case in traditional relational databases 
but also the connections between the different entities of the 
raw data are saved. This aspect makes graph databases 
potentially more efficient than relational databases but it still 
has to be investigated if this is still true for temporal data like it 
is used in our case. 
We investigate if relational databases such as PostgreSQL can 
be used as an efficient storage for time-graphs. Specifically, we 
assess if existing SQL standard extensions support our graph-
oriented similarity measure. We also evaluate proprietary 
temporal extensions that exist for some open-source database 
management systems. Further we investigate if dedicated index 
tables can support queries for similarity retrieval. The idea for 
such index tables is to pre-calculate temporal relations 
(respecting temporal abstractions) within cases to allow for fast 
retrieval without the need of calculating temporal relations at 
query time. 
In contrast to relational databases, graph databases are designed 
to store graph data structures. In this task, we will investigate 
open source graph databases such as neo4j for their 
applicability in our context. Special focus lays on the efficient 
retrieval of similar cases. We will compare the respective query 
possibilities for retrieving cases based on subgraphs. One 
criterion for the assessment of the database management 
systems is the availability of features for efficient similarity 
retrieval. Further, the query times are compared for the different 
approaches. 
For using the database system selected in tasks 3.1 and 3.2, data 
have to be prepared first. To do this, we will follow the extract, 
transform, and load (ETL) approach that is well-established for 
example in the context of data warehouses. Thus, we will 
develop ETL processes to make a subset of MIMIC III data 
available in our temporal database. Depending on the specific 
database management system, we will use open-source ETL 
software such as Talend Open Studio or KNIME to automate 
this process.  

Discussion 

In this manuscript, we present a comprehensive approach for 
the establishment of a graph-based similarity measure temporal 
patient data. The first step will be the development of a time-
graph representation for temporal medical data as basis for the 
remaining parts. Further, efficient storage approaches and 
graph-based temporal mining are investigated. 
In this phase, the development will be performed on the well-
established open data set MIMIC III for patients suffering from 
sepsis. Being ICU derived data, this data set has a rather fine-
grained temporal resolution compared to other fields of EHR 
data. After establishing this primary application, we are going 
to extend our research to other ICU related disease patterns as 
well as to other clinical areas, where documentation frequency 
and data types differ from ICU data. In addition, we are going 
to validate our findings with other clinical data sets. 
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