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abstract

PURPOSE Accurate recording of diagnosis (DX) data in electronic health records (EHRs) is important for clinical
practice and learning health care. Previous studies show statistically stable patterns of data entry in EHRs that
contribute to inaccurate DX, likely because of a lack of data entry support. We conducted qualitative research to
characterize the preferences of oncological care providers on cancer DX data entry in EHRs during clinical
practice.

METHODS We conducted semistructured interviews and focus groups to uncover common themes on DX data
entry preferences and barriers to accurate DX recording. Then, we developed a survey questionnaire sent to a
cohort of oncologists to verify the generalizability of our initial findings. We constrained our participants to a single
specialty and institution to ensure similar clinical backgrounds and clinical experience with a single EHR system.

RESULTS A total of 12 neuro-oncologists and thoracic oncologists were involved in the interviews and focus
groups. The survey developed from these two initial thrusts was distributed to 19 participants yielding a 94.7%
survey response rate. Clinicians reported similar user interface experiences, barriers, and dissatisfaction with
current DX entry systems including repetitive entry operations, difficulty in finding specific DX options, time-
consuming interactions, and the need for workarounds to maintain efficiency. The survey revealed inefficient DX
search interfaces and challenging entry processes as core barriers.

CONCLUSION Oncologists seem to be divided between specific DX data entry and time efficiency because of
current interfaces and feel hindered by the burdensome and repetitive nature of EHR data entry. Oncologists’ top
concern for adopting data entry support interventions is ensuring that it provides significant time-saving benefits
and increasing workflow efficiency. Future interventions should account for time efficiency, beyond ensuring
data entry effectiveness.

JCO Clin Cancer Inform 5:527-540. © 2021 by American Society of Clinical Oncology

INTRODUCTION

The adoption of electronic health records (EHRs) into
clinical practice not only has provided a wealth of
opportunities to improve patient care1,2 but also had
unintended consequences (eg, increased clinical
process complexity3,4 and clinicians’ administrative
burden5,6). Still, secondary analysis of data from EHRs
is fundamental to building learning health systems1,2,7

and care quality–improving research practices (eg,
precision genomic medicine).8-10 Accurate structured
diagnosis (DX) data are key to supporting secondary
clinical data uses11 via accurate patient cohort
selection.12,13 However, DX data have been fraught
with data quality limitations14,15 due, in part, to non-
specific DX coding system definitions and their in-
consistent implementation across EHR systems.11,16-18

More recently, these data quality issues have been
linked to limitations in EHR usability19,20 and the
burdensome task of selecting a precise DX code.21,22

These findings align with the increased charting
burdens placed on clinicians via complex and repet-
itive EHR interactions.3-6,21,23 DX data entry, although
relatively simple compared with other data entry tasks,
is ever-present in clinical workflows because of clinical
billing requirements24,25 and may contribute signifi-
cantly to clinician’s perceived EHR data entry
burden.21,26,27

Although DX data entry challenges affect most of the
health care, their complexity is compounded in on-
cology charts in at least two ways. First, the DX codes in
the International Statistical Classification of Diseases
and Related Health Problems, 10th Revision are
designed for general medical use rather than being
oncology DX classification (eg, does not include his-
tology) and provide limited DX descriptions.28 This can
bias clinicians to use clinical notes for charting rather
than structured data entry fields. This complicates
retrieval, while also increasing burden on other
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clinicians who are forced to search information in the
unstructured text.14,29 Second, EHR systems often fail to
support precise structured DX recording consistently
across EHR data entry workflows and EHR users.20,30 This
lack of system support is likely to make the DX logging
process burdensome to oncologists.19,21,31

These findings suggest a need for EHR interventions to
support precise and consistent structured DX data re-
cording, which could reduce clinician burden while im-
proving clinical data quality.32,33 However, a system
capable of suggesting accurate and precise DX codes is
unlikely to guarantee successful adoption into clinical
practice or clinician burden reduction. Many EHR-based
interventions (eg, drug-drug interaction alerts, best practice
advisory, automatically triggered screening forms, etc)
support EHR tasks, but fail to reduce burden and instead
overload clinicians with information, which leads to well-
known alert fatigue phenomena.19,34-36 It is challenging to
define an ideal support information delivery mode, but a
necessary first step is to define oncologist preferences for
DX data entry support. This paper reports our initial and
exploratory findings in characterizing oncology care pro-
vider data entry preferences. This work supports the de-
velopment of EHR data entry support interventions in
oncology care in reducing clinician EHR burden. Our
findings underscore the impact of EHR interface design37

on clinician burden,6 resulting data quality,20,30 and the
need for clinician-supportive EHR data entry interfaces.

METHODS

We employed qualitative methods based on grounded
theory to develop our understanding of oncologists’ pref-
erences for the development of a DX data entry support
intervention. Specifically, we conducted two semistructured
interviews to uncover the preferences of practicing on-
cologists making use of our EHR system, followed by two
clinician-led focus groups, followed by a survey ques-
tionnaire sent out to a larger population of clinicians.

Participants for all three studies were recruited via e-mail
invitation. We employed a purposive sampling strategy38

to focus on oncology healthcare providers’ opinions of
EHR DX entry. Our study population was constrained to
our cancer center to ensure clinical workflow and EHR
system homogeneity. We included practitioners in the
areas of neuro-oncology and thoracic oncology to assess
potential differences and similarities across subspe-
cialties. Subspecialties were selected because of physi-
cian interest in DX EHR data entry improvement research,
subject accessibility, and established collaborative rela-
tionships. Our study was approved by our Institutional
Review Board (IRB No.: 00044728) before any contact
with our participants. All participants were provided
written informed consent information and signed informed
consent forms where needed.

Semistructured Clinician Interviews

We conducted semistructured interviews to contextualize
oncologist’s views, habits, data entry processes, and EHR
interaction workflows while recording structured DX data
into our local EHR. A secondary aim was to uncover po-
tential challenges faced when entering DX data during
clinical practice. This helped define the broad lines of
established user-system interaction processes in the form
recurring interview themes. The interviews asked clinicians
to describe their default actions when entering structured
DX data for clinical and billing purposes. Data entry pro-
cesses were carried out using a think aloud approach39

while using the EHR in four entry interfaces (ie, encounter,
problem list, order, and an oncology-specific module DX
entry) (Appendix 1). Clinicians were also asked to share
ideas on how to support accurate and specific DX entry in
this system. Our interview guide was developed by the
informaticians in our study team and then circulated to
the rest of the study team twice for feedback. The third
version was circulated to our local qualitative research
shared resource team for feedback. Each interview was

CONTEXT

Key Objective
To understand and characterize the barriers faced by oncology care providers when attempting to enter clinically accurate

structured diagnosis (DX) data in electronic health records (EHRs) and uncover their preferences in receiving data entry
support within EHR interfaces to support this repetitive task.

Knowledge Generated
Current EHR user interfaces seem to constrain oncologists to find a compromise between specific DX data entry and time

efficiency. The core barrier seems to be the burdensome and repetitive nature of EHR data entry. Our participants preferred
entry support via an unobtrusive list of DX suggestions intelligently derived from existing EHR DX data.

Relevance
Oncologists’ top concern for data entry improvement and intervention adoption was having significant time-saving benefits

while improving efficiency. Current EHR designs seem to affect oncologists during data entry and the patient when existing
data are to be reused to support their care.
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audio-recorded, and computer screen interactions were
recorded; recordings were summarized as field notes. A
thematic analysis38 was carried out by our local qualitative
research shared resource team to reveal common themes
in both interviews. These themes were used to develop our
focus group guide.

Clinician-Led Focus Groups

We conducted clinician-led focus groups to broaden our
understanding of DX logging practices and the challenges
when entering specific DX. We followed the same devel-
opment process as for our interview guide (ie, informatics
team development, two review rounds, and qualitative
research team review). The focus group moderator guide is
included in Appendix 2. Two focus group sessions were
conducted by clinicians from two specialties (ie, thoracic
oncologists and neuro-oncologists). Each focus group was
audio-recorded and transcribed verbatim. A thematic
analysis38 was carried out by our local qualitative shared
resource team, revealing common themes in both focus
groups. These findings were used to develop our survey
questionnaire.

Clinician Preference Surveys

We administered an electronic survey via RedCAP40 to
determine the generalizability interview and focus group
results. We developed a 12-question survey based on
findings from our clinician interviews and focus groups.
This survey was developed based on previous findings with
the same three-round feedback process (ie, initial internal
development, collaborator team feedback, and qualitative
shared resource team feedback).20,22,28,30 The survey
questionnaire is included in Appendix 3. Survey data
analysis was conducted using Tableau (version 2020.1,
Tableau Software Inc, Seattle, WA).

RESULTS

Clinicians throughout the study reported similar user in-
terface experiences, barriers, and dissatisfaction with DX
entry systems (Table 1). The interviews revealed that cli-
nicians were dissatisfied with DX data entry interfaces and
had to come up with standardized data entry interaction
processes for the sake of efficiency. Focus groups con-
firmed this, revealing that the system forced repetitive,
time-consuming data entry. The survey also confirmed our
initial findings and revealed additional barriers to efficient
data entry.

Semistructured Clinician Interviews

Two semistructured clinician interviews were conducted in-
person by a research team member in September 2018.
Both clinicians were practicing oncologists in the fields of
neuro-oncology and thoracic oncology. Interview lengths
were 46 and 26 minutes, respectively. Both clinicians re-
ported using the EHR daily and seeing upward of 20 pa-
tients per week, entering approximately two to five DX codes
per patient, and had been using the EHR system for at least

3 years. Neither clinician felt that they had received ad-
equate EHR data entry training upon adoption (Table 1,
Quote [Q] 1, 2). They reported to have gained familiarity
with the EHR mainly through hands-on use. Both clini-
cians expressed dissatisfaction with the EHR’s DX data
entry process and interface (Table 1, Q 3, 4). They de-
scribed developing their own systematic EHR interaction
to streamline the entry process (Table 1, Q 5-7) and
mentioned that they often select more general DX to re-
duce the search interaction burden for the sake of effi-
ciency (Table 1, Q 8, 9). One suggested that improvement
was DX selection consistency across EHR data entry
workflows and autopopulation throughout the chart
(Table 1, Q 10).

Clinician-Led Focus Groups

The first focus group consisted of six thoracic oncologists
and was conducted in October 2018. The session lasted
approximately 63 minutes and was moderated by a
practicing thoracic oncologist. The second focus group
consisted of six neuro-oncologists and was conducted in
November 2018. The session lasted approximately 55
minutes and was moderated by a practicing neuro-
oncologist. Participants reported that they would like to
record precise DX code descriptions into the EHR but did
not believe that existing clinical workflow combined with the
existing EHR data entry systems would allow them to enter
and maintain them in a time-efficient manner.

Beyond the frequent and repetitive nature of DX data entry
during oncology visits, clinicians reported three core bar-
riers to accurate and precise oncological DX codes se-
lection including challenges in DX search, lack of
discernable order in DX search results, and the over-
abundance of data entry modes that need to be used
frequently. First, clinicians in both groups considered it
difficult to find specific DX codes in the EHR because of the
very large number of options returned by the existing search
feature. They suggested finding alternative interaction
modes to a search-based interface (Table 1, Q 11). Second,
participants mentioned that there is no hierarchy to the
search results returned by the DX data entry interfaces and
suggested that a DX search feature to return results by
specificity (ie, general DX to specific DX options), popularity
(ie, common DX to uncommon DX), or usage (ie, most used
to least used DX) would help improve data entry (Table 1, Q
12). Finally, clinicians revealed that the variety of inter-
action modes available to enter DX data and the frequency
with which DX codes needed to be entered were a barrier
because of time consumption and a threat to data entry
consistency across providers. The group reported that
some clinicians enter DX only when putting in orders, some
enter the DX into the problem list, and others enter DX in the
visit DX (Table 1, Q 13-15). Participants envisioned a so-
lution where the EHR would learn from previous entries and
test results and pull DX information from those into a
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TABLE 1. Participant Quotes for Semistructured Clinician Interviews and Clinician-Led Focus Groups

Themes
Quote
ID Quotes

Clinicians gained familiarity with the EHR through
hands-on use

1 “We had a two-day training when I was a resident and then when I came back here as
faculty and we had a half-day session about 4-6 hours.” (Neuro-oncologist, Interview 1)

2 “The training I actually received was not that great, but I got better with it overtime. […] It
was just a half-day training including inpatient and outpatient. It probably wasn’t enough
at the time and I think changes have been made since then.” (Thoracic Oncologist,
Interview 2)

Strong dissatisfaction with the EHR diagnosis entry
interface

3 “[The interface] is not user friendly at all. It is a foreign program that is organized in a very
difficult way. It appears that it is not designed with the clinical workflow in mind and
instead of seeing patients and seamlessly integrating their care and visit into the ER, you
see the patient and do all your work and turn your clinical brain off and turn your
computer brain on to try and then utilize this interface and take in account what just
happened.” (Neuro-oncologist, Interview 1)

“No, it does not support accurate and precise data entry. […] It requires, each time a
diagnosis code is entered, it has to be reentered and even in settings at least for how I
use it where there is an option to pull forward previously entered diagnostic code, it is
really cumbersome to do that. […] It knows everything about the patient, it is hidden in
all these forms and clickey boxes, and yet, it requires that you remember all of those
things about a patient, as opposed to use all of its information to help guide you to
efficiently complete a patient visit and diagnosis.” (Neuro-oncologist, Interview 1)

“The system is not smart, and it does not prompt you with an ideal entry and it does not
utilize the information that it knows to then support the entry of a diagnosis code.”
(Neuro-oncologist, Interview 1)

4 “I’m satisfied [with the interface]. […] Not satisfied [with the diagnosis data entry process].
[…] It’s difficult finding the correct diagnosis quickly.” (Thoracic Oncologist, Interview 2)

Clinicians develop their own process to streamline
data entry

5 “Saving steps and saving time is very important to me.” (Neuro-oncologist, Interview 1)

“There’s no reason for me to enter a specific diagnosis here. I’m going to enter what gets
the job done.” (Neuro-oncologist 1)

“It was so challenging to add ‘frontal’ [to the diagnosis] and normally I would not have
entered this thing because I already have one [diagnosis] that fits the bill and my note
says its frontal. The note is what I would use to remember what’s going on with the
patient […]. I am not really invested in making that a specific diagnosis code because to
me I don’t really see how that is going to impact the care of the patient.”
(Neuro-oncologist, Interview 1)

6 “I usually click the problem list; I usually click the first one I see. I usually don’t even read
this and hit accept. I review the rest of the problem and hit agree. I add to the visit
diagnosis and if I know off the top of my head if it is right or left, I usually click it. But if not,
I leave it unspecified to save time.” (Thoracic Oncologist, Interview 2)

7 [If you pick a generic [diagnosis] to begin with you just roll with that one?] “Yeah and that’s
how it’s going to be going forward, and that’s usually the case.” (Thoracic Oncologist,
Interview 2)

“Since I already put it as a visit diagnosis, all I have to do is a button. Yeah…not much
thinking involved there. […] Yeah, that is what the important thing is, going forwards
from here on out, that diagnosis in the problem list will always be there.” (Thoracic
Oncologist, Interview 2)

Clinicians select more general diagnosis to reduce
diagnosis search interaction burden

8 “There’s no reason for me to enter a specific diagnosis here. I’m going to enter what gets
the job done.” (Neuro-oncologist 1)

“This is so unhelpful, so what I am going to do is train my brain to pick the least [complex
diagnosis]. The system is now trainingme to select the least specific diagnosis because I
don’t have to go through all these other prompts and other check boxes that the system
doesn’t help me to complete. I think I am trained to select these things that are terribly
unhelpful from the chart.” (Neuro-oncologist 1)

9 “It’s difficult finding the correct diagnosis quickly, that’s why I usually type in the more
[broad entry]… I just usually type the more broad entry and just click through for time’s
sake. I don’t have time enough to find the ‘correct’ diagnosis during a busy clinic day.”
(Thoracic Oncologist, Interview 2)

(Continued on following page)
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prompt. Their ideal prompt would be unobtrusive but store
relevant DX for selection and entry as needed (Table 1, Q 16).

Clinician Preference Surveys

This survey was distributed electronically to 19 members of
the thoracic and neuro-oncology departments on February
2019, followed by four reminders for unresponsive par-
ticipants at weekly intervals. Eighteen participants
responded to our survey (response rate = 94.7%). Survey
responses predominantly reflected sentiments established
in the interviews and focus groups. Our respondents were
67% Physicians, 22% Physician Assistants, and 11%
Neuropsychologists (Fig 1). The specialties included
Neuro-oncology (44.4%), Hematology and/or Oncology
(16.6%), and Thoracic Oncology (16.6%) with additional
respondents in Pediatric Oncology and Unspecified On-
cology specialty (11.1%, each) (Fig 1). Clinicians identified
numerous barriers to success with the current system
(Fig 2). The most frequently cited barrier was tedious entry
methods and inability to find the desired DX using the
search feature (77.8% cited, each). Clinicians entered their
initial DX in all sections of the EHR, but predominantly as

encounter DX (61.1%) and attached to lab or imaging
orders (50%), followed by problem list entries (33.3%)
(Fig 2). Most clinicians acknowledged that they do not
search for the most precise DX possible (72.2%). However,
respondents overwhelmingly indicated willingness to enter
the most precise DX if the system would autopopulate
throughout the chart or be available in a flow sheet like
module for reuse in other components such as lab or
imaging orders or progress notes (88.9% and 94.4%, re-
spectively). All survey respondents (100%) preferred an
interface-provided suggestion list of relevant DX versus
using the search feature. The most popular interface
prompt methods for DX entry support were suggestion list
(44.4%) and pop-up window (22.2%) (Fig 2).

DISCUSSION

We employed a combination of quantitative and qualitative
research methods to oncologists’ data entry support pref-
erences. We found that surveyed oncologists had similar
views on EHR data entry user interface, faced similar
barriers, and showed similar points of dissatisfaction with
their existing interface across interviews, focus groups, and

TABLE 1. Participant Quotes for Semistructured Clinician Interviews and Clinician-Led Focus Groups (Continued)

Themes
Quote
ID Quotes

Diagnosis consistency improvement suggestions 10 “The key thing is that I will never use that (the intervention) if I cannot pull it into the
encounter diagnosis.” (Neuro-oncologist, Interview 1)

“What would be critical is that I would spend the time to enter the right diagnosis code if I
can pull it into the problem list, if I can pull it into the visit diagnosis, if I can pull it into the
meds and orders, if I can pull that into my progress note. And there will need to be a
seamless way, like a one-click way for me to pull in that information into each of those
three things.“ (Neuro-oncologist, Interview 1)

Clinicians desire an alternative to search-based
interaction

11 “If you wanted that specificity from me, when I click GBM [glioblastoma multiforme], you
gotta give me a choice right/left [lobe], not I have to search for the right/left, or you gotta
give me a choice of what lobe, so I can just click it.” (Oncologist 1, Neuro-oncologists
Focus Group)

12 “You might think [the first search result] would be glioblastoma. Then glioblastoma frontal,
right, then left, the glioblastoma parietal right, then left… but it’s random, as best I can
tell. It doesn’t seem to follow any pattern as to how they’re listed, so the most common
ones might be two screens down… The problem is, if you wanna be accurate, there’s a
lot of variations even of the basic things we see. Think about Grade II, Grade III, Grade IV,
and following an astro[cytoma] and side, and all of a sudden the permutations get pretty
large.” (Oncologist 3, Neuro-oncologists Focus Group)

The variety of entry methods is a threat to data
consistency

13 “I go to the problem list and I add it to problems and check it as a diagnosis for that visit.”
(Oncologist 2, Thoracic Oncologists Focus Group)

14 “I don’t necessarily—if it’s a specific problem just for that visit, like if it’s a UTI or something
like that, just for that visit, I don’t put it in the problem list. I just go to visit diagnosis and
put it in there.” (Oncologist 5, Thoracic Oncologists Focus Group)

15 “I always put it in visit diagnosis. I don’t always pull it over to problems if it’s a temporary
thing.” (Oncologist 6, Thoracic Oncologists Focus Group)

Clinicians desire a learning EHR system 16 “The ideal [EHR system] would pull information from all different areas of the chart, and
when you started typing glioblastoma, it would know to look at the [pathology] report and
say, “Do you mean that this is an MGMT methylated?” Yes. This is from this date— you
can go refer and check that it did it correct.” (Oncologist 4, Neuro-oncologists Focus
Group)

Abbreviations: EHR, electronic health record; ER, emergency room; MGMT, O6-methylguanine–DNA methyltransferase; UTI, urinary tract infection.

Oncologists’ Challenges and Preferences on Diagnosis Data Entry

JCO Clinical Cancer Informatics 531



surveys. Our participants reported their willingness to un-
dertake precise DX code selection if the EHR system
simplified and unified DX data entry throughout each pa-
tient’s chart. The key barrier to adoption was ensuring that
the intervention would save time and make data entry
workflows significantly more efficient. This further con-
firmed the link between data entry and EHR-induced on-
cologist burden.

Our findings are in line with existing literature and extend it
in four ways. First, the entry of generic DX codes had been
noted from secondary analyses in previous research,20,28,30

yet, to our knowledge, this is the first study to link this
phenomenon to clinician-EHR workarounds aimed at re-
ducing data entry time and EHR-induced burden for DX
data entry in oncology, specifically.21,27,41 Second, our
study uncovered the importance of presenting search re-
sults that matched clinician’s expectations and mental
models.42,43 This is one of the key heuristics of usable
interface design34,44 and is known to contribute to safer,
more usable EHR interfaces.34,45 This had not been evi-
denced in EHR data entry for oncologists. Third, our
findings confirm that complex EHR interactions put addi-
tional burden on oncologists. This is in line with existing
findings.21,27 In conjunction with previous quantitative
analysis findings of poor data quality resulting from bur-
densome system designs28 along its inter-relation with
workflow and user factors,20 our findings provide initial
evidence of the link between system interface design,
clinical workflows, data quality, clinician preference, and
clinician burden. Finally, our results confirm existing
knowledge of the burden placed on clinicians by data entry

tasks21,23,27 while reporting findings specific to oncological
DX data entry.

Our findings underscore the impact of EHR design on
oncological workflows and practice. Oncologists surveyed
in this initial study conveyed a clear imperative of holding
interaction efficiency and time saving in EHR interventions
to support clinical practice. Their dissatisfaction with the
EHR data entry interface stemmed from its complexity, lack
of adaptability, and failure to support visual search by
providing ordered DX search results. This is in line with
previous research21,27 and seems to be a recurring topic
affecting clinical practice. These findings have two im-
portant implications. First, this disincentivizes the selection
and entry of precise DX codes and limits the accuracy,
reliability, and usability of secondary data analysis that
relies on structured DX coding data. Second, it undermines
the accuracy of structured DX codes and calls into question
the ability to trust the accuracy of these data. Given the link
between EHR interface design and clinician burden, sat-
isfaction, and burnout,5,6,27,34,45-47 a more pointed under-
standing of the limitation of current systems paired to
clinical workflows and the real oncological practice con-
ditions is necessary.

Current oncology practice standards require clinicians to
spend a large portion of their time entering data into
EHR systems using repetitive and sometimes complex
operations.48 Although these standards can improve the
care of future patients with cancer, they also add clinician
burden that can lead to decreased satisfaction27,46-48 and
burnout,6,49 particularly in workflows where clinicians are
required to conduct data entry during clinical hours.50,51
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Challenging data entry interaction exacerbates these
conditions and leads to workaround solutions by providers,
which degrade the quality of data entry.20,22,28,30 As a result,
the imprecise and inaccurate DX codes that are entered
complicate the retrieval of patient data dramatically13 and
prevent the reliable reuse of clinical data in real time.33,52,53

Our findings are a necessary first step toward the devel-
opment of an unobtrusive, supportive interface that would
assist clinicians in entering high-quality data efficiently to
enable learning health care.1,9,53 We propose that such an
interface would not only improve clinician satisfaction but
also reduce adverse effects of EHR such as e-iatrogenesis,54

documentation delays,33,52,53 and provider burden.5,55

Our study has four core limitations because of its design as
an initial exploration of oncologists’ preferences and its
purposive sampling.38 First, our interview study included
limited participants. Still, the initial interviews were only
used as a launching point for other studies. Each additional

study confirmed and expanded on initial findings, con-
firming their internal validity. The focus group and survey
also increased participant coverage. Second, we had
limited participants available to participate in our focus
groups and surveys because of the highly specialized
nature of our study population. This made it difficult to
recruit because of not only the scarcity of participants but
also oncologists’ busy schedules. Still, this small sample
size was adequate for an initial research project that aims to
define the first broad strokes that will frame future studies.
Third, we did not include all oncological subspecialties.
However, we included two distinct subspecialties (ie,
neuro-oncology and thoracic oncology), and neither our
focus groups nor our surveys found any obvious differences
in EHR data entry. Fourth, our study was conducted at a
single site, which may limit generalizability. However, this
site is one of the largest oncology centers in its region and
uses one of the most broadly adopted EHR systems in the
country. Future work will address these limitations by
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expanding our study to a larger number of oncologists from
other sites and subspecialties to confirm the generalizability
and external validity of these initial findings.

In conclusion, current user interfaces seem to constrain
oncologists to find a compromise between specific DX data
entry and time efficiency. The core barrier seems to be the
burdensome and repetitive nature of EHR data entry. This

initial survey provides three simple guidelines for interface
improvements including avoid DX search interfaces, priv-
ilege DX code suggestion interfaces, and deliver sugges-
tions via interface-integrated suggestion list. Future work
will explore the external validity of these findings by repli-
cating this research at multiple sites and additional on-
cological subspecialties.
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APPENDIX 1. SEMISTRUCTURED INTERVIEW GUIDE

Study Introduction

Thank you for agreeing to participate in today’s interview. The purpose
of the interview is for us to gather information we can use to improve the
ease of logging DX data in the EHR. The interview will last approxi-
mately one hour and will be recorded for data analysis purposes.
During the interview, you will be asked questions about your experi-
ence logging diagnosis (DX) data in our EHR system. The interview
questions will be related to your reasoning process during such in-
teractions, the challenges you encounter, and potential ways of
supporting your DX data entry in practice. I will also ask you to interact
with the system and enter data for a fewmock cases. While you interact
with the system, the computer screen will be recorded so we can later
analyze your data entry patterns.

Please remember that there are no right or wrong answers to my
questions. I am interested in hearing your thoughts, as you are the
expert in this area. Everything you say will be kept confidential.

Let’s get started. Is it okay for me to start the audio and computer
recording?

General EHR questions. We’re going to start out by discussing our
EHR and your use of it in general.

• How often do you use our EHR?

• How many patients do you see per week, on average?

• How long have you been using our EHR?

• Tell me about the training you’ve received to use our EHR for patient
care.

• Do you feel adequately trained to use our EHR for patient care?

• Overall, are you satisfied or dissatisfied with our EHR’s interface?

OUR EHR DX data entry questions. Now we’re going to discuss
our EHR’s diagnosis data entry system.

• Howmany structured DX codes and descriptions do you enter in our
EHR per day?

• Overall, are you satisfied or dissatisfied with our EHR’s DX data entry
interface?

• Do you feel that our EHR supports you in entering accurate and
precise clinical data?

• Any particular shortcomings of this system you’d like to discuss?

• Do you feel that the system enables you to select DX entries pre-
cisely? Consistently over time? Across care teams and workflows?

• Any particular barrier, display, data, or system issues you have
noticed that you’d like to discuss?

• Is there anything else about the DX data entry system you’d like to
tell me?

Think aloud session. Now I’m going to give you a few different
scenarios and have you enter them into OUR EHR. As you’re doing so,
I’d like you to walk me through what you are doing by talking out loud.
Remember to explain each specific step to me.

Scenario 1: Enter an encounter DX, a problem list DX, and an order for
patient A, who’s currently being treated for a frontal brain neoplasm.

Follow-up questions:

• Tell me why you selected…?

• What was your reasoning for selecting…?

• Were you able tomake the selection you intended to? If not, why not?

• Is this the way you usually do it?

Scenario 2: Enter a DX for patient B that has had a brain neoplasm
found with an imaging DX but not biopsy record available

Follow-up questions:

• Tell me why you selected…?

• What was your reasoning for selecting…?

• Were you able tomake the selection you intended to? If not, why not?
Is this the way you usually do it?

Scenario 3: Enter a DX for a patient C who just came back after their
first biopsy that revealed a parietal glioma.

Follow-up questions:

• Tell me why you selected…?

• What was your reasoning for selecting…?

• Were you able tomake the selection you intended to? If not, why not?

• Is this the way you usually do it?

Scenario 4: Patient D was referred to [our institution] after having had a
biopsy and a brain neoplasm diagnosed at a different healthcare
system. Enter the DX for their first visit and describe the process.

Follow-up questions:

• Tell me why you selected…?

• What was your reasoning for selecting…?

• Were you able tomake the selection you intended to? If not, why not?

• Is this the way you usually do it?

Closing questions. Now I’m going to ask you a few questions about
how we can improve the EHR.

• Overall, what ideas do you have for improvement to the DX data
entry process in the EHR?

• Are there any design features that you feel are hindering you from
finding the best DX?

• Where could suggestions be offered to improve the selection of the
most accurate DX? To select it consistently?

• Any particular data available in the EHR that would help you make
the best possible call to select the best DX option?

• How could this additional info be presented within the DX-selection
screen?

• Are these issues problematic to your day-to-day work? Are they bad
enough that you’d want to modify the system?

Okay, that wraps up our interview today. Thank you for participating.

APPENDIX 2. CLINICIAN-LED FOCUS GROUP MODERATOR’S
GUIDE

Greeting and Roles

Thank you for agreeing to participate in today’s focus group. We
really appreciate you taking the time to participate in this discussion.
My name is [Name] and I will be the moderator for our discussion
today.

My role today will be to ask some specific questions and to keep the
conversation going. We have a lot to cover, so I may need to change the
subject or move ahead with the discussion. But, please stop me if you
want to add anything or if you have any questions. Our discussion today
will last about an hour.

We are fortunate to have some help today. The note taker for today is
[Name]. [Their] job will be to take notes during the discussion.We want
to be sure to get all the important things you say.

I’d like to introduce you to our co-moderator, [Name]. [They] may ask
some clarifying questions as they come up. He will also go over the
consent form with you now. It’s in front of you.

{read consent document}
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Study Introduction

The purpose of this focus group is to gather information we can use to
improve the ease of logging DX data in our EHR. The focus group will
last approximately one hour and will be recorded for data analysis
purposes. You will be asked to discuss questions as a group about your
experience logging diagnosis (DX) data in our EHR system. Examples
of logging diagnosis data include entering a “Visit Diagnosis,” creating
a diagnosis in the “Problem List,” selecting a diagnosis when ordering
labs or imaging studies. During this focus group, we are interested in
understanding how you currently log diagnosis data, the workflow you
use in the EHR to do this, the challenges you encounter, and potential
ways of supporting your diagnosis data entry in daily practice.

Please remember that there are no right or wrong answers to my
questions. We are interested in hearing your thoughts, as you all are the
experts in this area. Everything you say will be kept confidential and
nothing you say will be connected with your name.

How to Participate

Today, you will be participating in a group discussion. It’s not an in-
terview where I ask a question and each person answers the question
and we move on to the next one. Instead, we’ll be presenting topics
with the goal of everyone participating in the discussion with each
other. We would like you to speak freely, sharing your ideas and
opinions even if they are different from others.

There are no right or wrong answers to these questions. All your views
are important, whether positive or negative. We want to get as many
different points of view as we can.

Ground Rules

We do have certain topics we need to cover, but everyone will have the
chance to share their opinions or experiences. We want this to be a very
open discussion. There are just a few ground rules we want to make
certain you are aware of. These are to help everything go smoothly.

1. Please talk one at a time, in a voice that can be heard by everyone.
This is important to allow our audio recordings to capture the
discussion clearly.

2. Please don’t have side conversations with your neighbor. Instead,
share those thoughts with the group. What you have to say is very
important to us.

3. You do not need to talk directly to me. You can respond directly to
the person who has made a point, but please do so respectfully.
And you do not have to be called on to talk.

4. Please check now to make sure your phones are on silent. Please
refrain from using them during the focus group.

Does anyone have any questions before we begin?

Introduction and Ice Breaker

To help us get to know each other, please tell us your first name only,
and one thing you like to do in your free time.

Section A: Introduction. We’re going to start out by discussing
OUR EHR’s interface in general. We will present three data entry
workflows to make sure we are on the same page about which EHR
feature we are discussing. These features are Visit, Order, and Problem
List DX entry.

Visit Diagnosis: [Screenshot Showing Visit Diagnosis Data Entry] Order
Diagnosis: [Screenshot Showing Order Diagnosis Data Entry]

Problem List Diagnosis: [Screenshot Showing Order Diagnosis Data
Entry]

Section B: Workflow. Now, we’re going to discuss OUR EHR’s
diagnosis data entry system.

1. Tell me about the typical process that you go through to enter most
of your diagnosis codes for patients.

a. When do you enter DX codes?

2. Tell me how your process for entering diagnosis codes changes
based on where you are entering the code?

a. For lab ordering?

b. For imaging ordering?

c. For treatment plans?

d. For other things?

3. Where do you record the most precise DX information within OUR
EHR?

4. Do you rely on structured DX data to review a patient chart or
manage patient care? Why or why not?

So, what I’m hearing is that… [moderator to briefly summarize dis-
cussion and allow for any clarification or additional thoughts].

Section C: Diagnosis code precision. Now, we’re going to
discuss precision of the diagnosis codes you enter into OUR EHR.

1. Is it important that the diagnosis code be precise when you are
entering diagnosis data? Why or why not?

a. Are there areas in OUR EHRwhere you want a precise diagnosis
code?

b. Are there areas in OUR EHR where you would rather have a
more general diagnosis code?

2. If OUR EHR were able to prompt you with the most precise di-
agnosis code in each of these places, would you select it? Why or
why not?

3. What reasons would motivate you to change your workflow to start
entering the most precise diagnosis codes?

a. Would you change your workflow for entering the most precise
diagnosis codes if these data could be:

i. Inserted into your clinic note? Why or why not?

ii. Used to identify patients for clinical trials? Why or why not?

iii. Used to help the learning healthcare system determine best
practices and prompt you with those for your patients? Why
or why not?

iv. Are there other applications that would make you change
your practice for entering diagnosis data? Why or why not?

4. Do the DX data codes reflect what is important clinically?

So, what I’m hearing is that… [moderator to briefly summarize dis-
cussion and allow for any clarification or additional thoughts].

Section D: Barriers to diagnosis code entry. Nowwe’re going to
discuss barriers to entering precise diagnosis codes

1. Tell me about how you go about searching for a diagnosis code.

a. Is there a diagnosis that you just tend to go for?

2. What do you think about the DX search feature?

a. Does it support entering concordant DX across workflows? Why
or why not?

3. What are the barriers to your current workflow for DX data entry?

4. What are the barriers to entering the most precise DX data entry?

5. How do you feel about the amount of information displayed in the
OUR EHR interface? Is it helpful or not helpful?

So, what I’m hearing is that… [moderator to briefly summarize dis-
cussion and allow for any clarification or additional thoughts].

Section E: Suggestions for re-designing diagnosis code
entry. Now we’re going to discuss your suggestions for re-designing
OUR EHR to better support precise diagnosis codes.

1. If you could design a DX code entry method, what would it look like?
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a. When would you enter it in the encounter?

b. Where would it exist within OUR EHR?

c. How would you navigate to it?

d. When would you want to pull that DX code? Into what?

2. What would make it easiest for you to enter precise DX codes?

3. Would allowing you to enter structured DX data within the clinical
note entry interface make it easier to enter the most precise DX
available?

So, what I’m hearing is that… [moderator to briefly summarize dis-
cussion and allow for any clarification or additional thoughts].

Conclusion

Is there anything else we have not yet discussed that anyone would like
to mention related to what we’ve been talking about?

Great, we are finished. Thank you again for participating today.

APPENDIX 3. SURVEY QUESTIONNAIRE

Introduction

Dear Clinician,

We are gathering feedback to improve the diagnosis data entry process
within [our health record system]. We have shown diagnosis codes in
our electronic health record (EHR) system vary even after biopsy
reports are recorded and are not as precise as they could be. Part of
our personnel has perceived the need for an informatics intervention to
support the recording of structured diagnosis data to improve this
process.

To make this intervention useful in clinical practice, we need your
feedback through this 15 minute survey where you will be asked about
your perception, preferences and experience using [our EHR] diag-
nosis entry interface. We will use this feedback to further develop an
interactive prototype to improve data entry in our EHR system. We
kindly request your expert feedback to support these efforts to build our
learning healthcare system through the improvement of our clinical
data.

You can ask any questions if you need help deciding whether to join the
study. The person in charge of this study is [Principal Investigator
Name]. If you have questions, suggestions, or concerns regarding this
study or you want to withdraw from the study his/her contact infor-
mation is:

[Contact Information]

If you have any questions, suggestions or concerns about your rights as
a volunteer in this research, contact the Institutional Review Board at
[Phone Number] or the Research Subject Advocate at [Phone
Number].

Completion of the survey implies consent. Sincerely,

[Signature]

Background Section

1. What is your clinical role?

a. Physician

b. Physician Assistant

c. Nurse Practitioner

d. Nurse

e. Other (Please Specify)

2. What is your department? [Free Text]

3. What is your specialty? [Free Text]

EHR Workflow Section

1. When reviewing the chart during a patient’s visit, for what reasons
do you use structured diagnosis code data? (Check all that apply)

a. To select an encounter code for a visit

b. To order a lab test, imaging study, or procedure

c. To track patient diagnoses

d. For patient treatment in general

e. To order medications

f. To review patient charts for research

g. Other (Specify)

h. Never

2. Where do you most frequently enter diagnosis codes for patients?

a. Problem List

b. Visit Diagnosis

c. Medication Orders

d. Lab Orders

e. Imaging Orders

f. Treatment Plans

g. Other (Please Specify)

3. Do you have a “go to” diagnosis code for your specialty or specific
conditions?

a. Yes (Please specify)

b. No

4. In your experience, where in the chart would you look to find the
most accurate and precise diagnosis code information? (Check all
that apply)

a. Problem List

b. Visit Diagnosis

c. Clinical Note

d. Medication Orders

e. Lab Orders

f. Imaging Orders

g. Treatment Plans

h. Other (Please Specify)

5. Based on your use of clinical charts, where in the chart would it be
desirable to have more generic diagnosis codes and code de-
scriptive text? (Check all that apply)

a. Problem List

b. Visit Diagnosis

c. Clinical Note

d. Medication Orders

e. Lab Orders

f. Imaging Orders

g. Treatment Plans

h. Other (Please Specify)

i. Nowhere

Diagnosis Code Precision Section

1. When you are entering a diagnosis code, do you always search for
the most precise diagnosis code description possible?

a. Yes

b. No

Oncologists’ Challenges and Preferences on Diagnosis Data Entry
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2. In what areas in [the EHR] do YOU consistently want a precise
diagnosis code? (Check all that apply)

a. Problem List

b. Visit Diagnosis

c. Clinical Note

d. Medication Orders

e. Lab Orders

f. Imaging Orders

g. Treatment Plans

h. Other (Please Specify)

i. None

3. In what areas in [the EHR] would YOU rather select or record a
more general diagnosis code? (Check all that apply)

a. Problem List

b. Visit Diagnosis

c. Clinical Note

d. Medication Orders

e. Lab Orders

f. Imaging Orders

g. Treatment Plans

h. Other (Please Specify)

i. None

Barriers to Diagnosis Code Entry Section

1. Which barriers do you face when entering the most precise di-
agnosis data? (Check all that apply)

a. Tedious data entry

b. Too many clicks

c. Search function fails to return specific diagnoses

d. Too many results returned by search function

e. Search results not organized in an understandable way

f. It takes too long

g. I don’t always find it important to enter the most precise di-
agnosis data

h. I have to think too much to find the right item

i. It isn’t a clinical priority

j. Available synonyms of codes

Diaz-Garelli et al
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