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Abstract. This research addresses a knowledge gap on the effect of trauma center 
organization on patient outcomes. To allow trauma care stakeholders to explore 
data from their center and identify potential opportunities to improve patient out-
comes by adjusting organizational patterns, we are creating knowledge graphs 
from data on relevant parameters. These include data on organizational parame-
ters of trauma centers, currently an understudied topic, and patient outcome data. 
We have recruited 42 trauma centers in the US and have collected data from those 
sites. Our knowledge graph uses an ontology to aid knowledge collection and 
data integration across medical institutions. We are presenting a novel tool, the 
Knowledge Path Explorer, that allows users to query and expand the knowledge 
graph at their own pace and based on their needs. This paper presents the basics 
of the Knowledge Path Explorer, the extension of the underlying ontology to cap-
ture trauma patient outcomes, and the data curation process underlying the 
knowledge graph. 
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1 Introduction 

In the United States and in many other countries [1], trauma care is organized around 
nationally designated trauma centers as key components ranging from Levels 1 to Level 
5 trauma centers. Level 1 trauma centers are academic medical centers with 24/7 com-
prehensive services and Level 5 trauma centers provide initial evaluation, stabilization 
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and diagnosis. For the two highest levels of trauma center verification, Level 1 (L1) 
and Level 2 (L2), there is no difference in services provided, but L1 centers need to be 
medical centers with specific research and physician training requirements. Trauma 
center designation captures only a small subset of organizational parameters. Thus, the 
impact of organizational decisions on trauma patient outcomes goes unevaluated. De-
spite growing standardization of clinical trauma care, at L1 and L2 trauma centers there 
remains significant variability in patient outcomes across trauma centers on both levels 
[2, 3]. 

Research on the causes of this variability and the general impact of organizational 
parameters on patient outcomes in trauma care is hindered by the lack of data on organ-
izational parameters [4]. There is also a lack of tools that allow trauma care stakehold-
ers, such as trauma medical directors, trauma program managers, and institutional de-
cision makers, to explore their organizational parameters against their patient outcomes. 
Thus, missing the opportunity for fast-track, local changes to improve performance. 

In this paper, we describe recent work and improvement of the Knowledge Path Ex-
plorer, an interactive, online tool that allows trauma care stakeholders to explore a 
knowledge graph regarding their trauma center’s organizational parameters and patient 
outcomes at their own pace and self-directed. The KPE relies on the Ontology for Or-
ganizational Structures of Trauma Centers and Trauma Systems (OOSTT) [5] to pro-
vide relevant classes for data instances as well as relations. This paper also specifies 
the extensions of OOSTT, expanding its coverage of trauma outcomes.  

2 Study Description 

The Trauma Institutional Priorities and Teams for Outcomes Efficacy (TIPTOE) pro-
ject aims to close the knowledge gap between organizational structures of trauma cen-
ters and their patient outcomes [4]. Its aim is to empower trauma center stakeholders 
by linking semantically integrated data on organizational structures and patient out-
comes in a Knowledge Graph. To allow the stakeholders to explore the data regarding 
their institution focusing on aspects of their institution they are interested in, we created 
the KPE, a novel graphical user interface that allows trauma center employees to ex-
plore the relations between their outcomes and their center's organizational parameters. 
This tool guides hypothesis generation of trauma center stakeholders and facilitates de-
cision making regarding the best ways to evolve organizational parameters to improve 
patient outcomes.  

We have recruited 42 L1 and L2 trauma centers. Through these centers our project 
has access to data about 33092 trauma patients. To generate the KPE we use patient 
outcome data routinely collected by the trauma centers as part of the American College 
of Surgeons' Committee on Trauma’s Trauma Quality Improvement Program (TQIP) 
[6]. Participating centers submit their TQIP data every 4 months to us in a process en-
suring no PHI is transmitted. While we collect all patient outcome data in TQIP, our 
statistical analysis focuses on three outcome measures: mortality, length of stay, and 
major complications. In addition, each center answers a questionnaire regarding organ-
izational parameters every 6 months. To harmonize incoming data and add background 
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knowledge, we use the Ontology for Organizational Structures in Trauma Centers and 
Trauma Systems (OOSTT). This ontology is linked up to the organizational parameters 
questionnaire to help users provide correct and meaningful answers by providing defi-
nitions of elements of the questionnaire [4]. 

2 Material and Methods 

2.1 Ontology Expansion Workflow 

Two research team members with experience in trauma organization and trauma out-
comes data reviewed data needs regarding trauma patient outcomes for our study that 
aim to identify correlations between organizational parameters and those outcomes. 
OOSTT already covered organizational parameters of trauma centers and trauma sys-
tems [4, 5], hence those were excluded. TQIP, the source of the patient outcomes data, 
uses the National Trauma Data Standard (NTDS) terms [7], which is organized into 11 
topic areas. From those we identified five prioritization areas: demographic infor-
mation, injury information, diagnosis information, hospital information, hospital 
events. In the prioritization areas we identified a total of 94 terms that were required to 
represent patient outcome data relevant to the study. 

Our ontology development process followed the methods suggested by Arp et al. 
[8], which are consistent with BFO representational principles [9]. It used the OBO 
Foundry Principles [10, 11] and naming conventions for ontology terms [12]. The on-
tology was implemented in OWL2 [13] using the Protégé ontology editor [14]. To pre-
vent the creation of terms already covered by OBO Foundry, we used the OntoBee, an 
ontology term lookup website [15]. When a term was found to already exist, we im-
ported the term using the Minimum Information to Reference an External Ontology 
Term (MIREOT) method [16], using a Protégé MIREOT plugin [17]. 

Applying the ontology development methodologies all required terms were checked 
against pre-existing OBO Foundry ontologies, a suite of community developed biolog-
ical and biomedical ontologies aiming to be interoperable with each other [11, 18]. The 
OBO Foundry was chosen to ensure that the ontological commitments across multiple 
diverse domains, such as medicine, administration, social and political entities remain 
consistent. If there was no pre-existing term in the OBO Foundry a textual definition 
and hierarchical placement was proposed. In an iterative process including experts in 
trauma care, healthcare organization, and biomedical ontologies, the definitions were 
optimized until agreement was reached. The terms were added into the ontology as new 
classes. The HermiT reasoner [19] was used to ensure the consistency of the ontology. 

 2.3 KPE Data Visualization 

The front end of the KPE is an interactive web application accessible by web browser. 
The KPE allows the user to select a “starting point” for their exploration of the 
knowledge graph., letting them narrow down the graph to a more manageable focus. 
Currently, starting points include e.g., “Trauma Program”, “Organization”, and 
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“Trauma Medical Director”. The chosen starting point is displayed as the root node of 
the tree, and each predicate and object one step away from that subject are also dis-
played. When a node one step away from the root is clicked, the remaining choices are 
removed, and the clicked node now displays its predicates and objects. This leads to a 
path being displayed as nodes are clicked, leading from the starting point to the concept 
the user wants to explore. 

 
Fig. 1. Architecture of the Knowledge Path Explorer. 

Figure 1 shows the architecture of the KPE. Data from the questionnaire on organi-
zational parameters is saved in a PostgreSQL database. The database contains a map-
ping to define RDF triples from questionnaire data, and a Python script uses the map-
ping to generate one or more RDF triples per question. This approach allows us to 
change the RDF mapping and then regenerate the triples from the same survey re-
sponses. The RDF triples are stored in a GraphDB [20] triple store, with each survey 
being saved in its own graph. In addition, the triple store contains triples generated from 
the TQIP data of participating institutions including aggregate analysis. GraphDB 
comes with an inbuilt reasoner using the RDFS-Plus ruleset. OOSTT is also stored as 
its own named graph in the triple store. Another Python script is used to materialize the 
inferences on each survey's graph. The range on a representative subset of graphs of 
participating institutions is in the range of 200 to 300 triples. With the inferences ma-
terialized the numbers range between 1000 and 1300. This materialization allows the 
KPE front end to load the relevant information quickly. The KPE uses Django (Python) 
as a middle layer to query the triple store using SPARQL and serve HTML pages to the 
client browser.  These pages use D3.js [21] to render the knowledge graph on the client 
side. 

Table 1. New classes added to OOSTT to represent patient outcomes 
ventilator associated 
pneumonia 

abbreviated injury 
scale code 

total length ventilator 
use 

surgical site infection 

superficial incisional 
surgical site infection 

sex information con-
tent entity 

organ/space surgical 
site infection 

deep surgical site in-
fection 
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occupational infor-
mation content entity 

ethnics category in-
formation content en-
tity 

deployed airbag in-
formation content en-
tity 

occupational industry 
information content 
entity 

child protective de-
vice 

minor administrative 
subdivision 

catheter related uri-
nary tract infection 

racial category infor-
mation content entity 

bloodstream infection age at injury municipality trauma incident 
abbreviated injury 
scale version identi-
fier 

work related injury 
information content 
entity 

central line associ-
ated bloodstream in-
fection 

cardiac arrest with 
cardiopulmonary re-
suscitation 

international classifi-
cation of diseases 
tenth revision place 
of occurrence exter-
nal cause code 

international classifi-
cation of diseases 
tenth revision addi-
tional external cause 
code 

international classifi-
cation of diseases 
tenth revision pri-
mary external cause 
code 

 

 

3 Results 

3.1 Ontology Updates 

Based on the needs assessment and analysis of terms required from NTDS, we have 
created three new releases of OOSTT. The latest one can be found here: http://purl.ob-
olibrary.org/obo/oostt.owl. 

The updates provide the necessary representations to capture patient outcome pa-
rameters from TQIP and to integrate those into the Knowledge Graph and make them 
available for display them in the KPE. A total of 27 classes were created de novo, in-
cluding new International Resource Identifiers (IRIs) and textual definitions (Table 1). 
Table 2 shows source ontologies for classes that have been individually imported from 
pre-existing ontologies and the number of classes that have been imported from those. 

In addition to the changes based on adding patient outcome-related representations 
from NTDS, the latest release version also incorporates fixes to issues identified in the 
ontology review by a research team member with experience in biomedical ontologies, 
who is not otherwise involved in the ontology development. 

3.2 KPE Updates 

The expansion of OOSTT enabled the addition of patient outcome related data from the 
TQIP reports of the participating institutions. This expands the KG to include patient 
outcomes and will allow the next development step of adding relationships between 
organizational structures and patient outcomes as the statistical results of the study be-
come available. Figure 2 shows examples of two patient outcome parameters added to 
the KG and how they are displayed in the KPE. The code for the KPE can be found 
here: https://github.com/tiptoe-trauma/knowledgePath. 

http://purl.obolibrary.org/obo/oostt.owl
http://purl.obolibrary.org/obo/oostt.owl
https://github.com/tiptoe-trauma/knowledgePath
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Table 2. Source ontologies for terms imported using the MIREOT method 

Ontology acronym Ontology name Number of classes 
Apollo_SV Apollo Structured Vocabulary 1 
GEO Geographical Entity Ontology 2 
HP Human Phenotype Ontology 4 
MAXO Medical Action Ontology 7 
MONDO Mondo Disease Ontology 11 
NCIT National Cancer Institute Thesaurus 2 
OBI Ontology for Biomedical Investigations 2 

OMRSE Ontology for Modeling and Representation 
of Social Entities 1 

UBERON Uberon multi-species anatomy ontology 4 
 

4 Conclusions 

From the results presented here, we conclude that our technology stack allows us to 
generate a knowledge graph of organizational parameters and patient outcomes for 
trauma centers. We also demonstrated that we can render the knowledge graph in an 
interactive tool allowing stakeholder to explore the graph at their own pace. 

5 Discussion and Next Steps 

Some terms were overly specific, e.g., “injury incident data”. Composite terms like that 
can be broken down into more generic components and represented by RDF patterns 
using more generic OWL classes [22]. In our case, for example, “injury incident date” 
was broken up into “trauma incident” and “date.” This way, the generic term “trauma 
incident” could be connected to date, time, zip code, etc., thus, making ontology repre-
sentation more efficiently and semantically clear.  

Terms regarding race, ethnicity, and sex have recently been updated in the Ontology 
for Modeling and Representation of Social Entities (OMRSE) [23]. To unify these 
terms across the OBO Foundry and prevent duplication of representation, we will im-
port those terms from OMRSE and obsolete the relevant terms in our ontology. 

In addition, we are working on developing rules using the OOSTT ontology allowing 
replacing patterns of multiple nodes and edges with an abbreviated presentation. This 
will allow a principled and reproducible simplification of the knowledge graph visual-
ized by the KPE and make the KPE more user-friendly to trauma care stakeholders. 

The next step of development for the KPE is the integration of the relationships be-
tween trauma patient outcomes and the organizational parameters of the trauma centers. 
We will use the outcomes of our statistical data analysis to represent those in our 
Knowledge Graph. 
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Fig. 2. Screenshot from the KPE showing organizational parameters (General Surgeons current 
in ATLS) and two key patient outcomes metrics (mortality rate, mean length of stay). 
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