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Abstract. Registries of clinical studies such as ClinicalTrials.gov are an important
source of information. However, the process of manually entering metadata is prone
to errors which impedes their use and thereby the overall usefulness of the registry.
In this work, we propose a generic approach towards detection of errors in the
metadata by using the Shapes Constraint Language for defining rule templates
covering constraints regarding value type and cardinality. We developed a Python 3
algorithm for the automatic validation of 15 rule instances applied to the whole
ClinicalTrials.gov database (355,862 studies; 27™ October 2020) resulting in more
than 5 million metadata verifications. Our results show a large number of errors in
different metadata fields, such as i) missing values, ii) values not coming from a
predefined set or iii) wrong cardinalities, can be detected using this approach. Since
2015 approximately 5% of all studies contain one or more errors. In the future, we
will apply this technique to other registries and develop more complex rules by
focusing on the semantics of the metadata. This could render the possibility of
automatically correcting entries, increasing the value of registries of clinical studies.
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1. Introduction

Clinical trials are the gold standard for evaluating the safety and efficacy of a therapy.
Therefore, registries of clinical trials, such as ClinicalTrials.gov, are an important source
of information for scientists as well as non-experts. Especially in the current COVID-19
epidemic there is a high interest of the latter group in clinical studies. If they are not
reported adequately, this can influence public opinion or health politics negatively.
ClinicalTrials.gov is provided by the U.S. National Library of Medicine and one of
the largest registries containing 362,413 (31" December 2020) studies conducted in 291
countries. Each study record contains metadata describing properties of the study, such
as the disease of interest, the type of intervention, eligibility criteria of the participants,
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and contact information. For an optimal use of the metadata for manual analysis of
studies or automatic integration into systems with patient data (e.g. electronic health
records), the metadata needs to be syntactically and semantically correct. Hence, there is
a “Guided tutorial” as well as technical support during the entering of the study metadata
in the ClinicalTrials.gov database. For example, there are automated validation messages
(“Note, “Warning”, “Error”), required fields are highlighted, radio buttons are used for
Boolean values and drop-down menus for fields with a limited value set.

However, in the past multiple issues regarding the data quality within the studies
reported in ClinicalTrials.gov have been shown: Often data is missing such as
information on the principal investigators [1], many clinical trials are reported too late
[2], or even bogus entries are added, e.g. for promoting unapproved interventions [3].
Additionally, as the metadata that needs to be submitted is not strongly enforced, e.g. by
the use of ontologies or MeSH terms, it can only be re-used to a limited extend [4].
Thereby, several works proposed methods for automatically analyzing the data of
ClinicalTrials.gov for detecting unusual patterns due to policy changes [5] or errors in
metadata [1][4]. However, these works are based on manually crafted rules or data
analysis which cannot be re-used or adjusted without effort.

Recently, the Shapes Constraint Language (SHACL) specification has been
proposed by the World Wide Web Consortium (W3C) for the validation of graph-based
data. SHACL graphs consist of two parts: a “data graph” which contains the data to
validate, and a “shapes graph” that contains the properties the data has to fulfill to be a
valid graph. It follows the Closed World Assumption and thereby allows to express
complex conditions enforced on the data graph, e.g. checking types of values, numeric
ranges, string matches, or if a value stems from a subset of valid values. It has already
been used successfully for detecting errors in electronic health record clinical models [6]
and real-time error detection during the generation of Business Process Model Notation
models [7] of healthcare processes [8].

In this work, we aim for using SHACL for detecting errors in the metadata reported
in ClinicalTrials.gov. The requirements for submitting a trial to ClinicalTrials.gov are
well-documented and publicly available. Based upon that, we propose a generic
algorithm for checking requirements fully automatically by defining generic rule
templates via SHACL which are instantiated as 15 concrete rules that are checked against
the complete ClinicalTrials.gov database.

2. Material and Methods

In the following, we first present the processed data, followed by the rules defined in
SHACL and lastly the developed algorithm.

ClinicalTrials.gov data was downloaded as Extensible Markup Language (XML)
files with each XML file representing one study entry (355,862 entries; 27" October
2020) with a total file size of 14.1 gigabytes (compressed 1.8 gigabytes).

The data graph was constructed by using results of the BIO2RDF initiative as
starting point [9]. They released a dataset describing ClinicalTrials.gov in Resource
Description Format (RDF) format which is freely available
(https://download.bio2rdf.org/files/release/3/clinicaltrials/clinicaltrials.html). The
dataset was acquired and converted to Terse RDF Triple Language (Turtle, (TTL))
Syntax, constituting the data graphs. The shape graphs containing the rules the data has
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to follow were manually inserted into the corresponding files. We constructed three
types of generic rule templates based on the SHACL core constraint components
sh:hasValue, sh:in, and sh:maxCount.

#shad properties

#data graph: gender sh:property [
<http:/ / bio2rdf.org/ dinicaltrials_vocabulary:gender> shpath dinicaltrials_shape:Gender ;
rdf:type <http:/ / bio2rdf.org/ clinicaltrials_vocabulary:Resource>; sh:hasValue dinicaltrials_shapeValue;
rdftype owl:DatatypeProperty ; shin (dinicaltrials_shape:Male clinicaltrials_shape:Female dinicaltrials_shape:All)
rdfitype sh:PropertyShape ; !
<http:/ / bio2rdf.org/ bio2rdf_vocabulary:identif er>"gender" ;
<http:/ / bio2rdf.org/ bio2rdf_vocabulary:namespace>"dlinicaltrials_vocabulary" ; #shape graph: gender
<http:/ / bio2rdf.org/ bio2rdf_vocabulary:uri> dinicaltrials_shape:Gender
"http:/ / bio2rdf.org/ dinicaltrials_vocabulary:gender" ; rdftyperdfs:Class ;
dcidentif er "dinicaltrials_vocabulary:gender" ; rdf:type sh:N odeShape ;
dctitle "gender"@en ; rdfs:label "Gender" ;

void:inDataset <http:/ / bio2rdf.org/ dlinicaltrials_resource: rdfs:subClassOf rdfs:Resource ;

bio2rdf.dataset.clinicaltrials.R3>; .
rdfs:label "gender{clinicaltrials_vocabulary:gender]"; #;ﬁape graph:fema\e
y " . L . " X dlinicaltrials_shape:Female
rdfs:label "gender{clinicaltrials_vocabulary:gender]"@en ; rdftyperdfsClass;
rdf:type sh:N odeShape ;
rdfsilabel "Female" ;
rdfs:subClassOf MinimalBeispiel:Gender ;

Figure 1a. Data graph based on results of BIO2RDF. Figure 1b. Shape graph. Shapes for “Male”

Line 5 was manually added to include the shape graph and “A/I” are not shown but are similar to the
shown in Figure 1b). shown “Female” shape.

The first two constitute value type constraints while the latter constitutes a cardinality
constraint. Hence, the rule templates are:

1) A field must contain a value (sh:hasValue)

2) A field must contain a value from a set of possible options (s/.in)

3) A field occurring multiple times must be filled with a value only once (sh:maxCount I).
We derived 15 rule instances from these three rule templates, respectively:

Rules 1-13) The fields “OrgStudyld”, “StudyType”, “BriefTitle”, “StatusVerifiedDate”,

“OverallStatus”, “PrimaryCompletionDate”, “ResponsiblePartyType”,

“LeadSponsorName”, “BriefSummary”, “Condition”, “Gender”, “OverallOfficialRole”,

“PrimaryQutcomeMeasure” must contain a value.

Rule 14) The field “Gender” must contain a value from the set { “Male” | "Female” | "All”}.

Rule 15) The field “OverallOfficialRole” - which occurs multiple times depending on the

number of study officials - must be filled only once with the value “Principal Investigator”.
These rule instances are examples of typical problems with metadata in the
ClinicalTrials.gov database that have already been reported by others [1][4]. As an
example, Figure 1 shows the TTL file corresponding to rule 14 with the data graph being
shown in a) and the shape graph in b). Both are stored in the same TTL file.

A Python 3 program was developed to fully automatically check each of the 15 rules
on each study, i.e. XML file. The program reads the XML files using the ElementTree
API which is part of the Python Standard Library and the TTL files were read using
RDFLib (https://github.com/RDFLib/rdflib). Subsequently, the rules are extracted from
the TTL files using SPARQL. Each rule is then checked on each XML file and the
corresponding result (rule [is / is not] violated + details) is stored in a log file.
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Rule 1: OrgStudyld — missing value
Rule 2: StudyType — missing value .

— No rules violated
Rule 6: PrimaryCompletionDate — missing value

One or more rules violated

Rule 7: ResponsiblePartyType — missing value

Rule 9: BriefSummary — missing value

Rule 10: Condition — missing value Figure 2b. Lefi: Bar plot of results. Each bar represents

Rule 11: Gender — missing value all studies registered in ClinicalTrials.gov database for

Rule 13: PrimaryQutcomeMeasure the given year. The green portion shows studies without
Rule {{ﬁ\ﬁ"ﬁ” ;Vah;e “‘0‘15?1“\“ set violated rules and the orange portion reflects studies with

“Male” | “Female” | “All"} ind th

Rule 15 OverallOficialRole — flled muliple one or more violations. It should be noted that data was

times with “Principal Investigator” acquired on 27th October 2020, therefore results for 2020
Figure 2a. Distribution of rule violations. are incomplete. Right: Violin plot showing the
Some occur too rarely to be seen. distribution of violations per study.
3. Results

The developed algorithm validated the 15 rules on each of the 355,862 XML files on an
off-the-shelf computer (Windows 10 64-bit; AMD Ryzen 7 3700X; 16GB RAM)
resulting in 5,337,930 verifications. The whole process was performed ten times,
resulting in an average run-time of 2,796+191s (mean + standard deviation) which is
approximately 46+3min. In total, 68,438 studies (19.23%) contained one or more
violated rules. Log files were analyzed using R and the ggplot2 package for visualization.

Figure 2a shows the distribution of the 108.085 detected violations. Missing values
for the ResponsiblePartyType (42.27%), PrimaryCompletionDate (20.41%),
PrimaryOutcomeMeasure ~ (15.99%), and cardinality violation for the
OverallOfficialRole (16.48%) data fields represent most of the errors. Figure 2b shows
the number of annual studies with and without rule violations. The large increase in 2005
is due to policy changes and was reported by others as well [5]. The proportion of studies
with violations is high in early years and is reduced over time resulting in 4.67% in 2019.
Furthermore, Figure 2b displays all studies containing one or more rule violations by
means of a rotated kernel density plot showing 1.58+1.02 and a maximum of 9 violations.

4. Discussion

The implemented rules refer to the current state of the ClinicalTrials.gov guidelines, so
it should be noted that earlier registered studies may have been subject to different
guidelines. Therefore, the high amount of studies containing violations in early years of
ClinicalTrials.gov (Figure 2b: orange bars) should be taken with a grain of salt.
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We further analyzed the distributions of violations for each year (results not shown).
In recent years, they show that the violated cardinality of the OverallOfficialRole data
field occurred most frequently (2018: 56.44%; 2019: 51.42%; 2020: 50.57%). This
metadata field has been analyzed by others as well; Miron et al. reported that 12% of
studies did not contain a principal investigator [4] and Chaturvedi et al. reported 17% of
“junk” information in the fields [1].

Our work has a clear limitation regarding the analysis of results. Due to the sheer
size of detected rule violations, we cannot verify that each detected violation is an actual
“True positive” (violation was detected and error is at hand). “False positive” (violation
was detected but error is not at hand) and “False negative” (violation was not detected
but error is at hand) results could have occurred. However, we visually analyzed the log
files and did not observe any problems. Moreover, our results agree to a certain extend
with results from literature reporting similar issues [1][4].

5. Conclusion

Registries of clinical trials are an important source of information for both experts and
interested non-experts. Although there are validation rules during the submission process,
metadata errors are which complicate their re-use [4]. The automatic detection of errors
has been proposed by various groups [1][4]. However, these works were mostly focused
on a single registry of individual, manually crafted rules. In this work, we provided a
more generic approach which allows to manually define rule templates which can be
instantiated effortlessly. We fully automatically analyzed more than 5 million metadata
entries and detected a high number of rule violations. This detection could be a first step
towards giving users more sophisticated feedback during submission or — eventually —
automatic correction of violations. In future work, we will i) target more complex rules
focusing on the semantics of the metadata and ii) apply the algorithm to other registries.
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