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Abstract Background Platforms like tranSMART assist researchers in analyzing clinical and
corresponding omics data. Usability is an important, yet often overlooked, factor
affecting the adoption and meaningful use. Analyses on the specific needs of transla-
tional researchers and considerations about the application of such platforms for
education are rare.
Objectives The aim of this study was to test whether tranSMART can be used in
education and howwell medical students and professional researchers can handle it; to
identify which kind of translational researchers—in terms of skills, experienced limita-
tions, and available data—can take advantage of tranSMART; and to evaluate the
usability and to generate recommendations for improvements.
Methods An online-based test has been done by medical students (N ¼ 109) and
researchers (N ¼ 26). The test comprised 13 tasks in the context of four typical
research scenarios based on experimental and clinical data. A web questionnaire was
provided to identify both the needs and the conditions of research as well as to evaluate
the system’s usability based on the “System Usability Scale” (SUS).
Results Students and researchers were able to handle tranSMARTwell and coped with
most scenarios: cohort identification, data exploration, hypothesis generation, and
hypothesis validation were answered with a rate of correctness between 82 and
100%. Of the total, 72.2% of the teaching researchers considered tranSMART suitable
for their lessons and 84.6% of the researchers considered the platform useful for their
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Background and Significance

There is a rapid growing availability of biomolecular data
such as genome, transcriptome, or proteome data (�omics1)
which, for example, are obtained from samples of tumor
tissue banks. This increases the need for translational re-
searchers to integrate both the view and the analysis of the
aforementioned data into clinical data, for example, to
investigate the meaning of mutations or gene expressions
for a clinical outcome.2,3 Platforms like cBioPortal,4 iDASH,5

or tranSMART6 provide a predefined set of methods for
analysis and visualization such as t-tests, survival analyses,
or heatmaps.7 Although some of the platforms comprise an
additional application programming interface (API) for pro-
grammers and statisticians, they are intended to be accessed
via a browser by researchers with limited IT experience.
Thus, usability is an important factor affecting both the
adoption and the meaningful use of such tools.

Motivation and Related Work
While usability evaluations of health information technology
receive much attention, there are only a few studies which
address the usability of research platforms.8–10 To our knowl-
edge, there is no usability study for translational research
platforms like iDASH, cBioPortal, or tranSMART. Some publica-
tions compareorexplain suchplatformsonly fromthe technical
point of view.7,11,12 Others describe their usage in stu-
dies2,3,13–15 or in connection with other platforms or technol-
ogies.16–18This indicates a substantial need for further research.

Besides the availability of user-friendly software, “the pro-
mise of data in medicine and biology will not be realized
without a new generation of students, researchers, and devel-
operswhoare trainedwith state-of-the-art tools.”19Knowledge
and experience in several disciplines like medicine, bioinfor-
matics, and molecular biology are often mentioned to be key
factors for successful research in personalized medicine20 and
medical schools are requested to improve their curricula to
include practical training for their applications.21However, the
suitability of translational research platforms for education and
medical student teaching is currently unknown. To close this
gap in current research, we present an evaluation study of
tranSMART as a representative example of translational re-
search platforms.

The tranSMART Platform
The tranSMART platform enables an efficient exploration of
data, presenting clinical and omics data integrated and easily

accessible for further predefined analyses, data exploration,
cohort identification, and the generation and validation of
hypotheses. It has its roots in the i2b2 phenotype framework
and consists of an entity-attribute-value store and a web
frontend for interactive data exploration and analysis.22 An
active open-source community, organized by the tranSMART
Foundation (recently joined to the i2b2 tranSMART Founda-
tion), has further developed the program since 2013.23

Objectives

The objectives of our research were as follows:

• To test whether tranSMART is suitable for practical ex-
ercises of medical students and to examine how well
future physicians can handle it.

• To identify which kind of translational researchers—in
terms of skills, experienced limitations, and available data
—can take advantage of tranSMART.

• To evaluate the usability of tranSMART in general.

Methods

The evaluation of tranSMART was conducted in Germany
from November 2016 to January 2017 and comprised two
steps: Step 1, an online exercise with corresponding online
questions (questionnaire part I) and a subsequent option for
feedback (free text) was given to 155medical students to test
whether tranSMARTwas suitable as an exercise for lectures
of medical informatics. Moreover, it served as an upstream
pretest for the next step. Step 2, nearly the same online
exercise (questionnaire part I) but with an additional set of
questions (questionnaire part II) was performed by 26 bio-
medical researchers to assess the researchers’ correctness in
handling tranSMART, their attitudes toward the system’s
usability, and their potential of using tranSMART for their
own projects (see ►Fig. 1).

For the exercises of step1 and step2,weused tranSMART in
its latest stable version (16.1) in a virtual machine (8 GB RAM
and 4 CPUs)withUbuntu14.04 and a PostgreSQL 9.3 database.
Based on the open-access data of the colorectal adenocarci-
noma study COAD,24 we created a dataset of 276 patients
(28 clinical items and expression results from over 23,000
genes were assigned to each patient) with additional educa-
tional items to obtain the desired correlations and confound-
ing variables. This dataset was imported into our instance of
tranSMART using the tMDataLoader tool.25 The test dataset
contained all necessary data to solve the given tasks.

daily work; 65.4% of the researchers named the nonavailability of a platform like
tranSMART as a restriction on their research. The usability was rated “acceptable”with a
SUS of 70.8.
Conclusion tranSMART is potentially suitable for education purposes and fits most of
the needs of translational researchers. Improvements are needed on the presentation
of analysis results and on the guidance of users through the analysis, especially to
ensure the compliance of the analysis with the requirements of statistical testing.
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Online Exercise with Exercise Questions
(Questionnaire Part I: Students and Researchers)
A team comprised a computational molecular biologist, a
computer scientist, amedical doctor with statistical expertise,
andausabilityexpertdevelopedanexercisewith18tasks. Each
task had to be solved by applying tranSMART and was repre-
sented in the form of a multiple-choice question. The tasks
covered the four most important scenarios of tranSMART
(according to literature3) and themost frequentlyusedanalysis
methods in this context (according to a research group of our
universitymedical center which has already been using tranS-
MART for more than 2 years26), see ►Table 1. All but one task
could be answered correctly by a straight-forward application
of tranSMART.However,one statistics-awarequestion required

knowing that statistical tests can have limitations or precondi-
tionsandthat it isnotnecessarilysufficient tohaveasignificant
p-value to accept a hypothesis. In this case, the hypothesis to
checkwas “smokingcauses cirrhosisof the liver.”Thecorrelation
ismisleading because smoking and alcohol abuse is correlated
and the latter ismostly responsible for the cirrhosis of the liver.
Moreover, the provided analysis method (Fisher’s test) of
tranSMART could not check for causality. The students were
requestedtoperformall18tasks. The researchers receivedonly
a subset of 13 tasks which was the same for all researchers
(questionnaire part I, see ►Supplementary Material 1, avail-
able in the online version). Based on previous feedback and
criticism of students (e.g., tasks were redundant or difficult to
understand) 5 of the 18 tasks were removed from the entire

Fig. 1 Illustration of study.

Table 1 Summary of the 13 exercises presented to the researchers (provided in detail in►Supplementary Material 1, available in
the online version)

Scenario No. (tasks) Example

Cohort identification 4� How many men can be identified with a tumor in their rectum,
but no metastases yet?

Data exploration 4� Compare patients under the age of 70 with andwithoutmetastases
—e.g., in terms of their affected lymph nodes.

Hypothesis generation 1� Which gene expressions would you investigate further assuming an
effect on the patient’s survival time?

Hypothesis validation 3 þ 1� Test the hypothesis that the state “hypermutated” correlates with
sex, using the Fisher’s test.

Statistic-aware task Test the hypothesis that smoking causes cirrhosis of the liver,
using the Fisher’s test.

Applied Clinical Informatics Vol. 8 No. 4/2017

Omics-Integrating Analysis Platform tranSMART for Translational Research and Education Christoph et al. 1175



task set and also excluded from any analysis. Researcherswere
offeredtheoptionofskipping individual tasksduetoambiguity
of the software, technical problems, or other reasons (see
►Supplementary Material 1, available in the online version).
We offered this option to reduce noise in the data and not to
force the selection of an inappropriate answer.

Additional Questions about Usability and Suitability
(Questionnaire Part II: Researchers)
Inpart II of thequestionnaire in step2 (for researchers only, see
►Supplementary Material 2), available in the online version),
participantswere asked to givebasic demographic data aswell
as information about their actual research situation (31 ques-
tions) and to answer questions on the system’s general us-
ability, the suitability of tranSMART for the tasks, and the
presentation of the information (72 questions). The questions
regarding the system’s general usability were based, among
others, on the System Usability Scale (SUS).27 Closed questions
were rated on a five-point Likert scale from 1 (do not agree at
all) to 5 (fully agree). Self-developed items were pretested for
content and clarity by three researchers.

Procedure of the Study
As a first step, the online exercise with its 18 corresponding
questions (part I of the questionnaire) was offered to all
190 medical students of a lecture on medical informatics
(self-selected sample). The lecturewas required for all medical
students and planned to be held during the fifth semester (it is
thefirst and only lecture in the curriculum related to computer
science. Biometry is scheduled for the sixth semester). Parti-
cipation in the exercise was optional but was motivated by a
bonus that would be given for the subsequent written exam if
at least 60% of the questions were answered correctly. At the
beginning of the online exercise, the students were asked to
give their informed consent for the scientific analysis of their
results. The studentswere then instructed towatch a 3-minute
introduction video (cf. http://youtube.com/watch?v¼t4RVG7I
YGF4) tailored to our study and the associated tasks about the
handling of tranSMART. However, as we wanted to assess the
usability and the ease of use of tranSMART,we did not give any
additional training in advance. Next, the participants were
requested to perform the 18 tasks related to the four typical
scenarios of translational research and to answer the corre-
sponding multiple-choice questions. Finally, they could give a
general feedback on the exercise by a free text field. The time
and the activity on the tranSMARTserver were logged for each
student by assigning pseudonymized individual accounts.

As a second step, invitations for the participation in the
online exercise and the survey were sent to 45 selected
biomedical researchers from six different hospitals by email
(self-selected sampling). The participation was voluntary
and not financially compensated; anonymity was guaran-
teed. Like the students, the participating researchers were
first instructed to watch the same introduction video and
then told to perform 13 tasks and to answer the related
multiple-choice questions (part I of the questionnaire).
Additionally, they were asked questions on demographics,
usability, and suitability (part II of the questionnaire).

All responses of the participants were automatically
recorded and tabulated by the online service SoSci Survey.28

Data Analysis
Thequestionnairewasmainlyanalyzeddescriptively. The total
numbers and the percentages of each category were given for
all rankings (categorical data). The means and the standard
deviations (SDs) were calculated for numeric data (mainly
demographic description). The total numbers and the percen-
tage of correct answers were indicated for multiple-choice
questions. Only those 13 tasks, which were given to both
groups (students and researchers), were used for the analysis
of the correctness of the tasks to render the groups principally
comparable. For the items of the SUS, the scorewas calculated
using Brooke’s standard scoring method.27 The textual feed-
back, which the students gave at the end of the exercise, was
thematically categorized and rated as a “negative/neutral/
positive statement” by two scientific assistants. If there was
a disagreement, a consensus was achieved by discussion.

The correlation coefficients were determined for relations
between personal variables and given assessments. All statis-
ticswereperformedata significance levelof5%.All calculations
were performed using SPSS 23.0.

To exclude the results of students who might have only
copied the exercise results from a fellow student, we excluded
the questionnaires of those students from the analysis whose
achieved correctness (according to the server logs) was
incompatible with their activity or with their time on the
tranSMART platform (e.g., no login into tranSMART at all or an
online activity time in tranSMARTof less than 30minutes but
more than 60% correctness).

Results

First, a sample description of the students and the researchers
is given, followed by the results of the tranSMART exercise
(part I of the questionnaire) which show task correctness.
Then we present the results of part II which deals with the
suitability of tranSMART for different user groups as well as
the usability.

Sample Description
A total of 190 medical students were given the possibility
to voluntarily participate in the tranSMART exercise. And
155 of these students performed this exercise and 133 of
them, in turn, gave their consent to use their results for this
publication. Twenty-four out of these 133 were excluded as
they were suspected to have copied results. The remaining
109 students (57% response rate) had passed all their
preliminary medical examinations; 70% of them were in
the fifth semester, 25% were in their sixth semester, and
5% where in higher semesters. The sex ratio is female-
biased (60:40%), which, however, is a typical gender rela-
tion for medical students at our university.

Thirty-two out of 45 addressed researchers took part in
the online questionnaire and 26 of them completed the
questionnaire and were therefore included in the analysis
(58% of response rate). The researcher group comprised
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participants of nine different specialties from four different
German hospitals (see ►Supplementary Material 3 for more
details, available in the online version).

The researchers had degrees in medicine (42.3%) or
biology (30.8%); the main focus of their research areas was
either molecular medicine/biology (17/26 ¼ 65.4%) or med-
icine (7/26 ¼ 26.9%). On average, the researchers had 8 years
of work experience in their current specialty (SD: 7.9 years)
and 9 years of research experience (SD: 8.6 years) including
research time in previous specialties, if any. Three out of four
respondents spent at least 60% of their working time doing
research (20/26 ¼ 76.9%) and two out of three researchers
spent at least 10% of their time teaching (18/26 ¼ 69.2%). At
least one-third of the participants were involved in medical
care in addition to their research projects. Most researchers
rated their statistical knowledge (84.6%) as well as their
knowledge of statistical software (65.4%) as basic and their
computer experience as average (73.1%). A clear majority of
respondents had no knowledge of programming or query
languages like R or SQL (88.5%). Three participants (11.6%)
had already used tranSMART in the past but rated their
experience only as basic knowledge. None of the participants
had previous experiencewith systems similar to tranSMART.

Task Correctness
►Table 2 shows to which extent students and researchers
were able to solve the 13 tasks of the exercise. The results are
subdivided into the four scenarioswhereby the statistic-aware
question has been considered as a separate aspect (which was
not considered for calculation of the task-correctness of the

scenario hypothesis validation to avoid an arbitrary bias). Both
students and researchers showed similar results and grada-
tions, although the students performed slightly better except
in the scenario of hypothesis generation.

Most participants ofbothgroupswereable to solve the tasks
of the scenarios cohort identification, data exploration, and
hypothesis generation correctly (90–100%) by using the sum-
mary statistics function of tranSMART which was made for
basic statistics. Hypotheses validation, the application and the
interpretationofsurvivalanalysesandFisher’s tests,wassolved
correctly by 88% (students) and82% (researchers), respectively.
The researchers skipped11.2%ofall tasks: indicatingambiguity
about the software for 4.7% of the tasks, technical problems for
0.6%, and other reasons for the remaining 5.9%.

In the statistic-aware task, the nonapplicability of the
Fisher’s test has not been detected by the majority of both
students and researchers. Within the group of researchers,
no significant (Fisher’s exact test, p ¼ 1.000) difference was
observed between physicians (50% incorrect) and nonphy-
sicians (55% incorrect). However, a moderate and significant
correlation between a correct answer and the years of work
experience (correlation coefficient ¼ 0.48, p ¼ 0.028) could
be observed (see ►Table 3).

Suitability of tranSMART

Suitability of tranSMART for Students and Medical
Education
►Table 4 shows the categorized feedbackwhichwasgiven by
90 students after the tranSMART exercise.

Table 2 Percentage of correct answers

Scenario Correctness in % (n/N/N�) Missing of researchers

Students Researchers

Cohort identification 95%
(415/436/436)

90%
(89/99/104)

5/104
c: 5�

Data exploration 96%
(418/436/436)

91%
(83/91/104)

13/104
a: 4�, b: 2�, c: 7�

Hypothesis generation 90%
(98/109/109)

100%
(21/21/26)

5/26
a: 4�, c: 1�

Hypothesis validation(without the statistic-aware task) 88%
(288/327/327)

82%
(56/68/78)

10/78
a: 6�, c: 4�

Statistic-aware task 50%
(54/109/109)

38%
(8/21/26)

5/26
a: 2�, c: 3�

Total 90%
1,273/1,417/1,417

86%
257/300/338

11.2% (38/338)
a: 4.7% (16/338)
b: 0.6% (2/338)
c: 5.9% (20/338)

Abbreviations: n, number of correct answers; N, total number of valid answers; N�, total number of answerable questions.
Skipping options: a ¼ Not dealt with because of ambiguity of the software, b ¼ Not dealt with because of technical problems, c ¼ Not dealt with for
other reasons. Example: In the scenario cohort identification, 109 students answered all four questions (one per task) (109�4 ¼ 436 ¼ N ¼ N�) and
were 415 times right (n) which corresponds to a rate of correctness of 95%. The researchers answered in this scenario only 99 (N) out of 104 (N�) tasks
whereby the remaining 104–99 ¼ 5 tasks have been skipped for other reasons (c) than ambiguity of the software or technical problems.
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The majority of the students who mentioned the aspect of
meaningfulness stated that this kind of exercisemade sense for
their studies (70.6% [24/34]). Only 14.7% (5/34) indicated that
they recognized no benefit for their education. Nearly all
students (93.8% [15/16]), who mentioned the aspect of fun,
declared tohavehad funperforming the taskswith tranSMART.
The comments about the grade of difficulty and the training
material show that, on average, the level of difficulty was
appropriate (about one-third found it a little bit too difficult,
one-third found the grade to be ok, and the last third felt quite
comfortable with it). The training material, especially the
introduction video, was considered helpful. However, the
required knowledge of statistics was assessed as partially too

high. According to the results of the questionnaire part II, 72.2%
(13/17)of the researcherswhowerealso involvedinteachingat
that time stated that tranSMART would be useful for their
lessons, and a further 17.6% (3/17) agreed partially. Including
thenineresearcherswhowerenot teachingat that time, results
show that a similar rate of 73.1% (19/26) of the participants
agreed (largely or fully) and further 19.2% (5/26) agreed
partially—as shown in ►Fig. 2 and ►Supplementary

Material 4, available in the online version.

Suitability of tranSMART for Biomedical Researchers and
Their Demands
As shown in ►Table 5, nearly two-thirds of the researchers
(17/26 ¼ 65.4%) indicated in the survey that the current lack
of appropriate research platforms in their research environ-
ment is one of their research constraints. Missing facilities
for the analysis of molecular-biological raw data (61.5%) and
difficult access to clinical patient data (53.8%) were named as
further relevant barriers.

After each of the researchers had performed the 13 tasks
of the tranSMART exercise within 45 to 60 minutes, they
rated the platform. Accordingly, 84.6% (22/26) of all inter-
viewed researchers agreed largelyor fullywith the statement
that tranSMART could be useful for their work (see ►Fig. 2).
About half of all researchers, 53.8% (14/26), would prefer
tranSMART to their traditional way of analyzing data.

The time spent on different tasks was rated as adequate
(almost all participants gave a positive answer for all tasks),
whereby the comparison of cohorts got the best rating.

Within the subset of biomedical researchers who spent at
least 60% of their working time on research, 95% (19/20)
considered tranSMART to be fully (70%) or largely (25%) useful
for their research.Within the small group of three researchers
who had knowledge in programming or query languages such
as R or SQL, two agreed largely and one agreed partially to the
statement that tranSMARTwould be useful for their work.

According to a question about the need for analysis meth-
ods, the correlation analysis would be most frequently used
(84.6% of the participants), followed by the t-test/chi-square
test (80.8%). In addition, the majority of researchers would
make use of the Fisher’s test, ANOVA analysis, survival analysis
(70% each), and heatmaps (61.5%). Between 30 and 50% of the
researchers wanted to use linear regression (50.5%), clustering
(38.5%), and array-based comparative genomic hybridization
(aCGH) analysis (38.5%). Principle component analysis and
GWAS (genome-wide association studies;29 20% each) would
be the methods of analysis which would be used least of all.

GSEA (gene set enrichment analysis;30 34.5%) as well as
functional pathway analysis (one free text remark) were
mentioned as needed but are not yet available in tranSMART.

Whentheywereaskedfor thekindofdatatheywouldneedon
a research platform like tranSMART (see ►Supplementary

Material 5, available in the online version), most participants
(84.6%) reported that they would need patient data (medical
history, diagnoses, therapies) for their research. Approximately
70% of the respondents would require mRNA data, miRNA data,
DNAmethylationdata, imagedata, andproteomicdata.Abouthalf
of themwould needmetabolomic data (57%), SNP/SNV (50%), or

Table 3 Percentage of participants who answered the statistic-
aware question correctly or confirmed the wrong hypothesis

Group Recognized
nonapplicability
of the Fisher
test (correct)

Confirmed
hypotheses
(incorrect)

Students 50% (54/109) 21% (23/109)

Researchers (all) 38% (8/21) 52% (11/21)

Physicians 30% (3/10) 50% (5/10)

Nonphysicians 45% (5/11) 55% (6/11)

Work experience
>4 y)

70% (7/10) 30% (3/10)

Work experience
� 4 y)

9% (1/11) 73% (8/11)

Note: The remaining percentage chose the other two incorrect
multiple-choice options. First breakdown of researchers into physicians
(studied human medicine) and nonphysicians (any other training
qualification), second breakdown according to their work experience
(in years).

Table 4 Categorized free-text feedback of 90 students

Category Negative Neutral Positive

Exercise made sense
for my studies

5 5 24

Exercise was fun 0 1 15

Grade of difficulty
was fine

5 4 4

Prerequisite of statistic
knowledge was
appropriate

5 1 2

Training material
was helpful

5 3 10

Tasks were properly
explained

6 3 10

Working time was
appropriate

5 1 2

Note: Thirty-four out of 90 students made a statement on the perceived
meaningfulness of the exercise and 24 of them see some sense in the
exercise.
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CNV (42%). Except DNAmethylation data, all required data types
are currently supported by tranSMART.

Not only the two participating radiologists but also 62.5%
(15/24) of the other researchers agreed at least partially to
need image data for their research. Three-fourths (75%) of
the researching participants with a focus on medicine rather
than on molecular medicine/biology required omics data
likewise (especially mRNA, miRNA, and DNA methylation).

Usability Assessment
The results of the “System Usability Questionnaire” show an
average score of 70.8 (ok/acceptable usability)—ranging from
35 (poor) to 95 (excellent). ►Fig. 3 shows the distribution of
the individual SUS scores classified by usability categories

according to Bangor et al.31 A further correlation analysis
revealed a significant and positive correlation between the
individual SUS scores and the years of work experience in
research (Pearson: 0.931, p < 0.001).

When they were asked for their opinion on the quality of
presented information, most respondents stated to be fully or
largely satisfied with the interface design, the representation
ofcolors, themodificationofdiagrams, thenavigation, theway
of representing results, and the font size. The least satisfaction
was expressed for the item terminology of options. Further
results showed that the participants were divided regarding
their opinion about the error tolerance of the system (defined
as possibility to achieve accurate results with no or only
minimal corrective action, see ►Table 6).

Table 5 Level of agreement to the statement “the following circumstances restrict my research”

Kind of restriction Not at all Rather not Partially Largely Fully Missing Acceptance Rejection

Missing platforms for research
such as tranSMART

2 2 3 8 6 5 17
65.4%

4
15.4%

Insufficient facilities to analyze
biomedical raw data

4 1 1 9 6 5 16
61.5%.

5
19.2%

Insufficient access to medical
data of patient care

2 3 4 7 3 7 14
53.8%

5
19.2%

Too little staff due to
insufficient funding

1 4 4 6 2 9 12
46.2%

5
19.2%

Insufficient facilities to analyze
biomedical samples

5 4 4 4 3 6 11
42.3%

9
34.6%

Too little staff due to the lack
of qualified candidates

6 4 6 1 0 9 7
26.9%

10
38.5%

Note: Acceptance sums up the levels of (applies) partially, largely, and fully. Rejection sums up the levels of does rather not apply and applies not at all.
The table shows the absolute number of the researchers who chose the respective option.

Fig. 2 Assessment of the suitability of tranSMART for research and education. The bars represent the absolute numbers of the respondents
shown on the x-axis; the bar labels show the percentage of the respondents (100% corresponds to all 26 researchers). The category "does not
apply at all" has never been selected.
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About 70% of the respondents preferred to have additional
information about the application of statistical methods or
tests; 57.7% of the researchers would prefer the display of
additional information about specific options/parameters.
Almost all participants require additional functionalities, in
particular a link to the patient record (76% fully/rather
agree), a link to external gene databases (92.3% fully/rather
agree), and a link to external network/path databases (84.6%
fully/rather agree).

In open questions, the physicians valued user friendliness
of the system the most (n ¼ 10) and a clear overview of
statistical results and diagrams (n ¼ 6). The individualiza-
tion of the presentation of diagrams (colors, text fields,
n ¼ 4) and the addition of further information for tests
and analyses (n ¼ 3) still leave room for improvement.

Discussion

Theaimof thisstudywas (1) to investigatewhether tranSMART
is suitable for practical exercises and for the education of
future physicians, (2) to identify which kind of translational
researcher can take advantage of tranSMART and what the
demands on this platform are like, and (3) to evaluate the
usability of tranSMART.

Discussion of Results

Suitability of tranSMART for Students and Medical
Education
The medical students were largely able to handle the four
scenarios very well. Since the students dealt with all tasks for
about 1 hour on average, the user experience was neither
extensively profound nor superficial. The free text feedback
indicated that themajority liked the exercise and assumed that
it would make sense for their studies or even stated that it
stimulated them for a thesis inmedical statistics. Therefore,we
concludethat tranSMARTiswell suitedtobe integrated into the
curriculum of medical students as a practical exercise for the
aspects of translational research. Ideally, the integrationwould
be parallel or subsequent to biometrics lessons. This assump-
tion is confirmed by the fact that 72.2% of the researchers
who are involved in teaching agreed that they considered
tranSMART to be useful for their lectures and exercises.

Suitability of tranSMART for Biomedical Researchers and
Their Demands
Similar to the students, the researchers solved the scenarios
of cohort identification, data exploration, and hypothesis
generation with over 90% of correct tasks, whereas the
scenario of hypothesis validations showed a correctness of
only 82% and thus seems to have been more challenging.

Concerning the statistic-aware task, it was remarkable that
even 50% of the researchers with a strong medical background
confirmed a medical nonsense hypothesis. We assume that a
lack of time or overlooking the key word “causing” may have
been the cause. Although in a real-world application this error
wouldperhapsbedetected insubsequent reflections, it suggests
that the requirements for statistical methods are not always
sufficiently taken into accountby theuser and that there is a risk
that the interpretation of the results might be performed too
thoughtlessly. For these reasons, it would be highly desirable to
implement all test conditions which can automatically be
checked before the start of the analysis (e.g., sample size,
Gaussian’s distribution) and which, in case of doubt, would
show warnings or refuse the test run. We additionally recom-
mend the provision of context-sensitive information about the
application and the background of statistical methods for the
user if requested. This has also been stressed by Bauer et al.14

The majority of the researchers considered tranSMART to
be useful for their daily work and stated that the missing
availability of a research platform such as tranSMART re-
mains a potential restriction for their research. Our results
show that the need for such a platform is very high (at least in
case of scenarios/tasks of this kind and with a patient cohort

Table 6 Rating of the researchers’ satisfaction concerning
different usability aspects (in percent)a

Satisfied with Fully/
Largely

Partially Rather
not/Not
at all

Interface design 61.6 26.9 11.5

Color representation
of diagrams

57.7 26.9 15.4

Modification
of diagrams

69.2 15.4 15.4

Navigation 73.1 19.2 7.7

Way of presenting
results

57.7 38.5 3.8

Font size 80.8 11.5 7.7

Terminology of
options

34.6 30.8 34.6

Error tolerance 19.2 50.0 26.9

aThe remaining percentages in some cases are caused by missing
answers.

Fig. 3 Distribution of the individual System Usability Scale (SUS)
scores (N ¼ 26).
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of at least 10–20 patients)—independent of the participants’
experience or focus. Researchers with a background in
programming or query languages stated as well that they
would benefit from tranSMART. This was an unexpected
result for us because queries from a command line or
analyses by scripts offer greater possibilities and more
detailed results than queries which are run through the
web interface of tranSMART. Yet the expected usefulness
of a platform like tranSMART may be overestimated because
its ultimate potential depends on the completeness and the
quality of the raw data to be investigated.

Theresearchers indicated that themethodswhichareoffered
by tranSMART cover the daily need for tools even if some
participantsmissed the function of the GSEA and the functional
pathway analysis. This shows the need for the implementation
of these methods according to the usability criteria. The im-
plementation might be done in the form of a dynamic and
interactive analysis workflow within the smartR-plugin32 (par-
allel to our implementation of the survival analysis33).

However, as 20% of the researchersmarkedGWASorGSEA
as unknown methods, we conclude that they would addi-
tionally benefit from a future training in the applicability of
these analysis methods.

The data types which were supported by tranSMART
largely correspond to the needs of the researchers except
for theDNA-methylation data type. The latter is considered to
be one of the four most important data types, but it is not yet
supported in tranSMART. We therefore recommend the
provision of this functionality in future.

Usability
The overall usability (SUS score) of tranSMARTwas assessed as
acceptable, which means that most researchers were satisfied
with the ease of use and the learnability of tranSMART. How-
ever, this result also indicates that there is room for improve-
ment. This is as well reflected by the answers to the open
questions which demonstrate that the researchers, above all,
need additional information about parameters or options and
further information about statistical tests or methods for their
work (e.g., test preconditions). Considering the average SUS
score of 71, our results are in linewith thefindings of studies of
other research platforms:Mathewet al,10 for example, revealed
amean SUS score of 67 for a collaborative researchplatformand
Wozney et al8 reported an overall mean score of 70 for their
“Intelligent Research and Intervention Software,”which is used
to deliver psychosocial interventions across a range of clinical
settings. To our knowledge, there is no study which addresses
theusabilityaspects of translational researchplatforms. So far it
has always been claimed that translational research platforms
are user friendly (e.g., “[tranSMART] can be used by users […]
without anyexpertise in computer science.”3), but proof hasnot
yet beenprovided. SinhaandMarkatou,34 for example, designed
a platform “with a focus on usability and interpretability of
analysis for the researcher” but did not evaluate its usability.
Cerami et al35 described an open platform for exploring cancer
genomics data and stated that the system is intuitive for
researchers and that a “key feature of the…portal is ease of
use.” However, they presented no results that would support

such statements. We successfully evaluated tranSMARTwith a
positive result and thus contributed to close this research gap.

Limitations and Future Work
Our study has several limitations:

• We excluded students who were reasonably suspected to
have copied. The exclusion criteriawere designed to avoid
an overestimation of the students’ correctness but may
have excluded a small number of participants who used
tranSMART very well and quickly.

• We tested tranSMART only with a medium-sized sample
of students and clinical researchers andmost participants
were from a single center, which limits the transferability
of the results—especially in terms of suitability—to other
settings (e.g., other institutions/hospitals).

• The study was preceded by a pre-test to assure a high
quality of data, the appropriateness of the questions, and
the technical functionality of the online questionnaire.
However, online testing does not allow for the control of
environmental conditions (e.g., distractions), which
might have influenced the participants’ results.

• Other software programs like cBioPortal or iDASH offer
similar functions to those of tranSMART but were not
tested in comparison. Results which are very specific to
tranSMART, such as the assessed usability score SUS,
cannot be transferred to them. Nevertheless, the stimula-
tion to investigate and consider the usability aswell as the
needs of the researchers concerning the required data and
the methods of analysis may also apply to them.

• Totest tranSMART,wedevelopedacomprehensivesetof test
tasks, which cover the main functionalities of tranSMART,
but there are also some analysis features for programmers
which are more advanced—such as the hierarchical cluster-
ing or the access of data through an API. The introduction of
video for all participants only covered the use of data
through the web frontend (data analysis/interpretation)
and was tailored to our study. The official tranSMART Web
site offers training for researcherswhich comprisesmultiple
videos whereby each video lasts about an hour so that the
complete training would take several hours.

• The evaluation of the platform comprised the task area of
“data analysis/interpretation.” Other aspects, especially
data modeling and data import (e.g., from public data-
bases like GEO36 or TCGA37), were not tested. To cover the
task areas of data modeling and data import, tranSMART
and similar platforms do not yet address clinical research-
ers but mainly computer scientists who perform these
tasks in consultation with the researchers.

Future work should include a component that evaluates
which parts of the curriculum of medical students can be
covered by the use of tranSMART. Furthermore, there should
be a study which evaluates the efficacy of the transfer of
competences in research methodology and biomedical re-
search by the application of tranSMART (compared with
other currently available options). These evaluations should
also include the viewpoints of teachers in the fields of
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medicine. In addition, it would be necessary to evaluate how
to embed intelligent prompting the use of appropriate
statistical methodology into the respective software, which
is a persistent weakness among translational researchers.

Conclusion

By investigating the suitability and usability of tranSMART for
education and translational research, we have addressed two
aspects which have been rarely considered so far and we have
extended the applications of tranSMART. We hope that our
recommendations will lead to a further refinement and expan-
sion of the platform’s services to offer its users even better
support for high-content analyses. Furthermore, the evaluation
framework (the tasks and the online questionnaire) can be used
by the developers of similar research platform as a blueprint or
as an input for their own evaluation activities. Finally, we
recommend continued user evaluation of the software which
isusedbyhealthresearchers toencouragefuture improvements.

Clinical Relevance Statement

The present work provides new insights into translational
research platforms by taking the example of tranSMART and
by considering its suitability for research and education and
its usability in general. It gives explicit recommendations to
both users and developers with the primary aim of enhan-
cing usability and minimizing statistical misinterpretations.
This might help ensure a wider and better applicability of
such platforms with the result of a more efficient and more
qualitative translational research.

Multiple Choice Questions

1. What kind of support does tranSMART offer to avoid
statistical misinterpretations?

A. Checks for the appropriate kind of distribution (e.g.,
normal distribution)

B. Checks for a sufficient sample size
C. Context-sensitive information about the test

requirements
D. None

Correct Answer: The correct answer is D. As partly men-
tioned in the sections of “Results” and “Discussion,” the lack
of support to avoid statistical misinterpretations is one of
the points,whichhas beenmainlycriticized. This is demon-
strated by the example of the statistic-aware task.

2. Which two groups are in the primary focus of this
publication?

A. Researchers and developers
B. Researchers and medical students
C. Medical students and administrators
D. Physicians and students of computer science

Correct Answer: The correct answer is B. Although there
are also some suggestions for developers, the clear focus
of the presented work is on researchers and medical
students.
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