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Many medical schools that have
implemented team-based learning
(TBL) have also incorporated an
electronic learning architecture,
commonly referred to as a learning
management system (LMS), to support
the instructional process. However, one
LMS feature that is often overlooked
is the LMS’s ability to record data that
can be used for further analysis. In this
article, the authors present a case study
illustrating how one medical school
used data that are routinely collected
via the school’s LMS to make informed
decisions. The case study started with
one instructor’s observation that some

In the past decade, there has been a

move to blend information technology
(IT) with active learning strategies. One
such active learning strategy, teambased learning (TBL), serves as a good
example of how IT can be successfully
integrated with active learning. Blending
IT with TBL not only allows for
innovative ways to manage or structure
the learning process but also presents
many opportunities to explore learning
analytics, which Siemens and Baker
define as “the measurement, collection,
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teams in one of the undergraduate
medical education learning modules
appeared to be struggling during one
of the team activities; that is, some
teams seemed unable to explain or
justify their responses to items on the
team readiness assurance test (tRAT).
Following this observation, the authors
conducted 4 analyses. Their analyses
demonstrate how LMS-generated
and recorded data can be used in a
systematic manner to investigate issues
in the real educational environment.
The first analysis identified a team
that performed significantly poorer
on the tRAT. A subsequent analysis

investigated whether the weaker
team’s poorer performance was
consistent over a whole module.
Findings revealed that the weaker team
performed poorer on the majority of
the TBL sessions. Further investigation
using LMS data showed that the
weaker performance was due to the
lack of preparation of one individual
team member (rather than a collective
poor tRAT performance). Using the
findings obtained from this case study,
the authors hope to convey how LMS
data are powerful and may form the
basis of evidence-based educational
decision making.

analysis and reporting of data about
learners and their contexts, for purposes
of understanding and optimizing
learning and the environments in which
it occurs.”1

knowledge to real-life scenarios through
intragroup and intergroup discussions
of problems that are designed to foster
complex reasoning and debate.4

To date, limited research exemplifies
how data that are routinely collected
and stored can be used to help inform
educational practices or help students
in need. We believe that this function is
underused and holds many opportunities
to enhance learning during TBL. In
this article, we provide a case study that
illustrates how learning analytics can be
used to help TBL instructors understand
and improve student learning.
Overview of TBL

TBL is an active learning strategy that is
learner centered but instructor led.2 It is a
highly structured approach that is made
up of a sequence of activities designed to
allow the instructor to provide frequent
feedback to students as they work to
master course concepts. The structure
and activities in TBL are designed to
hold students accountable for both their
out-of-class preparation and in-class
collaboration with peers.3 TBL moves
beyond the basic acquisition of facts by
emphasizing the importance of applying

TBL is composed of 3 distinct phases:
(1) the preparation phase, (2) the
readiness assurance phase, and (3) the
knowledge application phase.5 The
preparation phase occurs before a TBL
session. Students are required to study
the materials assigned by the instructor
in advance so that they are prepared for
the session. The readiness assurance phase
occurs during the TBL classroom session.
Students’ knowledge of the topic, gained
from the preparation phase, is tested
through 2 identical multiple-choice-type
tests (typically consisting of 20 to 30
items). Students complete the first test,
the individual readiness assurance test
(iRAT), individually without consulting
resources or discussing items or materials
with other students. After all the students
have completed the iRAT, they work
together in their teams to complete the
team readiness assurance test (tRAT).
The tRAT consists of the same items as
the iRAT, but team members are allowed
to discuss the answers. They must reach
a consensus and submit what they
collectively think is the correct answer.
Students receive immediate feedback
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on their tRAT responses through
computer-generated feedback, indicating
whether the response they have chosen is
correct. They then get a chance to raise
questions and seek clarifications from
the instructor. The instructor, in turn,
provides elaborative feedback to the
students. The knowledge application phase
also occurs during the TBL classroom
session. Students complete an application
exercise (AE) in which they are presented
with case studies or real-life problems
that professionals have faced. In their
teams, the students apply what they have
learned during the first 2 phases to work
toward a resolution to the problem.
The instructors provide answers and
additional explanations in case students
need further clarification.
Technology in TBL

As educational technologies have become
increasingly available, the trend has been
to incorporate them with TBL.6–11 This
blending has taken on various forms,
such as video conferencing, online
lectures, or social media (e.g., Twitter).9
The most common way to incorporate
educational technology within TBL is
the use of a learning management system
(LMS).9
An LMS is a web-based software
application designed to assist instructors
in meeting their pedagogical goals and
delivering learning content.12 Functions
of an LMS include but are not limited
to posting course materials and content
information, serving as a forum for
discussions, and providing examination
tools.8 One benefit of an LMS is
that learners can access the content
information posted by instructors at any
time of the day, complete online quizzes,
submit homework, and communicate
with other learners and instructors in
the same community. Examples of LMS
platforms include iLAMS,11 Blackboard
(https://www.blackboard.com/webapps/
login; Washington, DC), and Moodle
(https://moodle.com; Perth, Australia).
These types of LMSs are used across a
wide variety of instructional settings and
for a wide variety of approaches.
The main use of the LMS in the TBL
context is to assist the instructor in
controlling the administrative and
learning processes during TBL. As
discussed by Robinson and Walker,6 the
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use of technology such as the LMS can
help ease the logistic processes during
TBL, making the whole process more
efficient and reliable. In addition to
accurately capturing students’ attendance,
an LMS allows the instructor to control
when students may access the materials
for each TBL phase. For instance, the
instructor may create a “gate” so that
students can access the tRAT only after
everyone has completed the iRAT.11 This
control allows the instructor to guide the
students, especially those who are new to
TBL, through the learning process. At the
same time, the LMS has a major role as
an assessment system. LMS functionality
includes marking the students’ iRATs
and tRATs immediately during each TBL
session, recording individual student
scores and team scores in real time,
and providing accurate feedback to the
students during the tRAT portion of the
TBL session.
An LMS incorporated into TBL can
capture what happens before an actual
TBL session, for instance, how students
are accessing and downloading the
prereading materials. Beyond enhancing
the efficiency of conducting TBL sessions
and assessing learners’ performance,
each LMS features an underused
function: the ability to routinely collect
and store a large amount of data
concerning students’ online activities and
performance. For instance, the LMS can
capture the amount of time each student
spends answering every individual item
in iRAT, tRAT, and AE. All these data
allow for learning analytics, and findings
from these analyses can be used both to
track students’ learning progress and,
importantly, to identify specific students
whose performances indicate they may
need help.
Given the capacity of an LMS to
accurately capture and record studentspecific and item-specific data, it is
surprising that there are hardly any
accounts in the literature demonstrating
how such data can be used for
monitoring and improving the process
of learning in TBL. We believe that the
availability of these data is an important
but currently neglected feature of
technology-blended TBL that deserves to
be highlighted. Therefore, in this article,
we present real data from a relatively new
medical school (graduating its first class
in 2018) that has adopted TBL as its main

instructional approach. By means of a
narrative case study, we illustrate how we
used data collected by the LMS to explore
the extent to which teams in TBL were
underperforming, to demonstrate the
breadth and depth of the data available,
and to explain the kinds of analyses that
can be performed with the existing LMSgenerated data.
Educational Context and Case
Study

Background
The data used in this case study
originated from, as mentioned, a newly
established medical school. Lee Kong
Chian School of Medicine (LKCSoM)
at Nanyang Technological University
in Singapore uses TBL as its main
pedagogical approach during the first
2 years of its undergraduate Bachelor
of Medicine and Bachelor of Surgery
(MBBS) program. The program is an
integrated systems-based curriculum,
sequenced and structured according to
different body systems and foundational
concepts. All students must complete
8 modules over the span of 2 years (4
modules per year). The 4 modules in
Year 1 are (1) Introduction to Medical
Sciences, (2) The Cardiorespiratory
System, (3) The Renal and Endocrine
System, and (4) The Musculoskeletal
System and Skin. In Year 2, the 4 modules
are (1) The Gastrointestinal System,
Blood, and Infection (GIBI), (2) The
Neuro System, Ear-Nose-Throat, and
Eyes, (3) Reproduction Medicine and
Child Health, and (4) Mental Health,
Aging and Family Medicine.
On average, students attend 2 TBL
sessions per week. Each TBL session lasts
about 6 hours and requires an additional
4 to 6 hours of preclass preparation
(see Rajalingam and colleagues11 for an
overview). At LKCSoM, all TBL sessions
are managed and delivered through an
LMS, referred to as iLAMS.11
Our case began with a simple observation
made during the 2017–2018 academic
year by an instructor at the end of one of
the Year 2 modules—specifically GIBI, the
first module all students take at the start
of their second year. The module was 14
weeks in duration and comprised 25 TBL
sessions. Standard procedure at LKCSoM
is to conduct an End-of-Module Review
Meeting, during which all instructors and

873

Article

the module lead come together to discuss
how the module went and to consider any
possible changes. During this meeting,
one of the instructors noted a concern:
Some teams appeared to struggle
throughout the module. The instructor—
who had been present during several TBL
sessions and had listened in while some
teams discussed the tRAT questions—
observed that some teams appeared
unable to adequately justify their answers,
whereas other teams did a perfect job in
explaining and justifying their answers.
This instructor asked if data were
available to determine empirically if
some teams were performing significantly
better than others.
This question started an investigation
in which we accessed data routinely
collected by iLAMS. Here we present the
4 steps of our investigation to illustrate
how the LMS provided answers both to
our original question and the subsequent
questions that arose based on the insights
gained.
A total of 107 Year 2 medical students
(71 males [66.4%]) were grouped into
18 TBL teams. Each group consisted of 6
students, with the exception of one team
which consisted of 5 students. Of the 25
TBL sessions for the GIBI module, 17 had
full attendance. The remaining 8 sessions
had 1 to 2 absentees. On average, during

the TBL sessions for the GIBI module,
students had to complete an average of
22 multiple-choice questions (MCQs)
for the iRAT and tRAT. The iRAT took an
average of 15.2 minutes to complete, and
the tRAT took an average of 81.1 minutes
to complete. While all the students had to
respond to iRAT, only the team leader of
each team provided the team’s response
to all the MCQs in the tRAT. At LKCSoM,
none of the TBL activities are graded;
that is, scores on iRAT, tRAT, and AE are
not part of the students’ final grade.
Analysis 1: Can we identify a team that
is performing significantly weaker than
the other teams?
In our view, the first logical step in
addressing the question of whether there
were indeed weaker performing teams
during the GIBI module was to retrieve
the mean tRAT scores for that module.
The mean tRAT scores represented the
average score of all 25 TBL sessions for
each team (see Figure 1 for a depiction
of the results). To determine whether any
teams’ performances were actually poorer
than those of others, we determined a
cutoff score, below which we considered
all scores to be statistically significantly
lower than the mean. The overall mean
tRAT score of the class was 93.8%, and
2 standard deviations (equal to 2.7%)
below this mean were 91.1%; thus, we
considered all scores below 91.1% to be

statistically significantly lower than the
mean.
Only one team fell below the 91.1%
threshold; Team 4 had a mean tRAT
score of 90.9%, which is statistically
significantly lower than the mean
scores of all teams. Of course, statistical
significance does not imply educational
significance. Figure 1 puts Team 4’s mean
tRAT score into perspective. The y-axis in
Figure 1 is plotted on a narrow range of
just 90.0% to 96.0%. When the data are
plotted on a y-axis ranging from 0.0%
to 100.0%, the findings appear quite
different. On that scale, the difference
between the teams is hardly visible, and
Team 4 does not really appear to be an
underperforming team.
Notably, all teams appeared to have
performed rather well since they all had
a mean tRAT score of 90.0% or above.
Team 4 did have a significantly lower
mean iRAT score, but, considering the
overall high scores and the fact that the
difference was only marginal and hardly
of educational significance, we did not
worry that any team was performing
at a critically low level during the GIBI
module.
However, at this point, we realized that we
could do more with the data we had access
to. Indeed, we detected no large differences

Figure 1 Graphical representation of the mean team readiness assurance test (tRAT) scores (expressed as the percentage correct) for all 18 teams on
the Gastrointestinal System, Blood, and Infection (GIBI) module for Year 2 medical students who matriculated into Lee Kong Chian School of Medicine
at Nanyang Technological University in 2016. The y-axis range is from 90.0% to 96.0%.
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in mean iRAT scores across teams, but we
also realized that the mean scores could
be hiding important information. For
instance, mean scores did not show trends
over time. In theory, Team 4 could have
possibly performed well at the start of the
GIBI module but poorly during the second
half. The same could have been true for
other teams. Thus, we decided to explore
how teams performed longitudinally over
the course of the GIBI module, across all
25 TBL sessions. To that end, we again
accessed our routinely collected TBL data
from iLAMS.
Analysis 2: Is the weaker team
consistently performing more poorly
throughout the module?
To better understand how Team 4
performed longitudinally during the
entire GIBI module, we retrieved
the tRAT scores for each of the 25
TBL sessions for further analysis. We
hypothesized that if Team 4 was really
a weaker team, then its tRAT scores
would be substantially lower for many
of the TBL sessions when compared
with the other teams. To compare Team
4’s performance with those of the other
teams, we first generated the mean tRAT
scores of all teams for each of the 25 TBL
sessions and then plotted these scores
on a graph. Given the large number of
teams (N = 18), we have not presented a
line graph here. Instead, we generated the
mean tRAT score of the other 17 teams
for each TBL session and compared those
scores with Team 4’s scores across the 25
TBL sessions (see Figure 2).

Figure 2 illustrates that Team 4 had
generally somewhat lower tRAT scores
compared with the rest of the class but
performed well and even better on some
occasions (e.g., TBL sessions 2, 7, and
21). Given this outcome, we felt we could
not definitively conclude that Team 4
was performing poorly on the majority
of TBL sessions. Still, we could not deny
that Team 4 more consistently displayed a
weaker tRAT performance on numerous
TBL sessions compared with other teams.
Curious to learn more, we raised a new
question: Was Team 4 perhaps composed
of academically weaker students?
Analysis 3: Are the students in Team 4
generally weaker academically?
To address this third question, we decided
to investigate whether Team 4 was
accidentally composed of students who
were weaker academically. Importantly,
at LKCSoM, student teams stay together
for the duration of a full academic
year, so extensive planning goes into
the team composition. For instance,
teams typically comprise students with
similar educational backgrounds (i.e.,
specialization in biology vs physics
in junior college), age, and gender
distribution. To study the academic
strength of the individuals in Team 4,
we extracted students’ performance
data, specifically entry test results and
prior academic achievement scores. At
LKCSoM, all students had to complete
both the BioMedical Admission Test
(BMAT, www.bmat.org.uk) and the
Multiple Mini Interviews (MMI13) before

enrollment. For the prior academic
achievement scores, we included 2 sets
of scores from end-of-year examinations
that all students had completed at the end
of their first year.
Using SPSS software (version 25; IBM,
Armonk, New York), we conducted 4
analyses of variance (ANOVAs) and
detected no significant differences on the
4 measures among the teams:
• BMAT; F = 0.84, P = .64
• MMI; F = 0.89, P = .59
• Examination 1; F = 0.55, P = .92
• Examination 2; F = 0.28, P = .99
Given these findings, we ruled out the
possibility that Team 4 was composed of
students with generally weaker academic
ability.
We then considered an alternative
explanation for Team 4’s generally poorer
tRAT performance: that the students in
Team 4, compared with the other teams,
simply prepared less effectively for the
TBL sessions in the GIBI module. To test
this alternative hypothesis, we extracted
the iRAT scores from the LMS database.
Analysis 4: Are students in Team 4
preparing less for class?
The iRAT scores are the individual test
scores that represent how well each
student had studied the preparation
materials for the TBL sessions. We

Figure 2 Graphical representation of how one team (Team 4) of Year 2 medical students (at Lee Kong Chian School of Medicine at Nanyang
Technological University) performed in comparison to the remaining 17 teams on the team readiness assurance test (tRAT) for each individual teambased learning session (N = 25) for the Gastrointestinal System, Blood, and Infection (GIBI) module during academic year 2017–2018. The y-axis range
is from 70.0% to 100.0%.
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reasoned that if Team 4 did indeed
prepare less thoroughly, then its
members’ mean iRAT scores would be
significantly lower than the mean iRAT
scores of other teams.
Figure 3, which shows the mean iRAT
scores for all teams, illustrates that Team
4 had a lower mean team iRAT score
compared with all other teams: M =
66.9% (vs 70.0% or higher). While this
difference in mean iRAT scores did not
reach statistical significance (F = 1.33,
P = .20), Team 4’s lower iRAT scores
are quite obvious. The fact that Team 4
consistently (but not always) scored lower
on various TBL indicators fueled further
investigation.
We realized that mean iRAT scores may
be masking information (similar to what
we observed with mean tRAT scores).
Theoretically, some students on a team
might perform well, while others might
not. The mean iRAT score would not
reflect these variations. We considered the
possibility that only 1 or 2 students were
not preparing well, thereby affecting the
mean score for the whole team. To make
the variance within teams visible, we used
a box-and-whisker plot.14
The box-and-whisker plot provides
information about each team’s median,
upper, and lower quartiles, and highest
and lowest observations (see Figure 4). The
median score of each team is indicated by
the thick line in each box, and it marks
the midpoint of the data and divides the

box into 2. Half of the scores are greater
than this midpoint, and the other half are
less than this midpoint. Since there are 6
students in one team (with the exception of
Team 17 which had 5 students), 3 students’
iRAT scores fall above, and 3 students’
scores fall below, the median. The ends of
the box are the upper (75th) quartile (75%
of the scores fall below the upper quartile)
and lower (25th) quartile (25% of the
scores fall below the lower quartile), so the
box spans the interquartile range (IQR).
The IQR represents the middle 50% scores
of the whole team, and since there are 6
students on each team, the IQR represents
the middle 3 students’ iRAT scores. The
2 lines outside the box are referred to as
“whiskers,” and these mark the highest
and lowest observations. The length of
the box indicates whether the team is
heterogeneous or homogeneous. For
instance, Team 8 is a more heterogeneous
group; the length of its box is relatively
long, indicating that the iRAT scores were
spread widely. Team 2, on the other hand,
is a more homogeneous group for iRAT
performance, and the length of the box is
shorter.
Based on this box-and-whisker plot
(Figure 4), Team 4 does not appear to
have performed poorly when compared
with the other teams; indeed, its median
(x̃ = 67.2) is not much lower than that
of Team 12 (x̃ = 68.2). In addition,
Team 4 appears to be among the more
homogeneous groups given that its box is
relatively short—similar to Teams 5 and
7, for example.

More important, the box-and-whisker
plot also shows outliers. In the box-andwhisker plot, an outlier is a data point
that falls outside a range calculated
by multiplying the IQR by 3, and it is
represented by a filled circle or star (i.e.,
Team 2 in Figure 4). If the data point falls
outside a range calculated by multiplying
the IQR by 1.5, then it is regarded as a
suspected outlier and it is represented by
an unfilled circle (i.e., Teams 4 and 7 in
Figure 4).
Among the 3 identified outliers, the
outlier in Team 4 received the lowest
mean iRAT score (on average, 57.5%)
in the class, and as a result, the team
obtained the lowest median score of
67.2%. This outcome suggests that one
student on Team 4 did not perform well.
Intrigued by this finding, we retrieved
all 25 iRAT scores of this student for the
entire GIBI module. We found that this
student’s iRAT score was below 50% on 6
TBL sessions. Furthermore, on 2 sessions,
the student’s iRAT scores were as low as
33.3%.
Discussion

Our objective was to highlight how data
that are routinely collected by an LMS
during TBL can be used for learning
analytics. In our view, this integration of
IT and TBL makes sense and has benefits
that go beyond streamlining the learning
process for students and instructors. We
intended to highlight how data that are
routinely stored in an LMS are often

Figure 3 Graphical representation of the mean individual readiness assurance test (iRAT) percentage scores on the Gastrointestinal System, Blood,
and Infection (GIBI) module for all 18 teams of Year 2 medical students at the Lee Kong Chian School of Medicine at Nanyang Technological University
during academic year 2017–2018. The y-axis range is from 0.0% to 100.0%.
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Figure 4 Box-and-whisker plot demonstrating the distribution of the individual readiness assurance test (iRAT) percentage scores on the
Gastrointestinal System, Blood, and Infection (GIBI) module for all 18 teams of Year 2 medical students at the Lee Kong Chian School of Medicine at
Nanyang Technological University during academic year 2017–2018.

neglected but can be used to generate
detailed insights into the learning process.
By examining data that the institution
routinely collects, medical educators may
be able to respond more easily to learning
or curricular needs identified by faculty.
To that end, we presented a case study
illustrating how we used such data. Of
course, we could have presented many
other scenarios, but we thought showing
the breadth and depth of our data would
be informative. Our use of LMS data for
learning analytics began with a single
instructor’s general observation that
some teams were struggling in a module,
and our step-by-step analyses, driven by
data-informed questions, resulted in the
identification of one individual student
who caused a ripple in the sea of data
stored in the LMS. (After we identified
the student, a study skills counselor
provided support; the student improved
academically and is now coping well.)
An interesting by-product of our analysis
is the observation that the data provide
insights into the effectiveness of TBL
as an instructional approach. Although
one team obtained the lowest tRAT and
iRAT scores in class, the data demonstrate
that teamwork in TBL seems to do its
intended job. Although Team 4 turned
out to be a relatively weak team because
of one student’s lack of preparation, the
weaker team member benefited from the
stronger ones. Indeed, Team 4’s Team
Gain Score, (i.e., the difference between
mean iRAT and tRAT) was the highest
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in the class: mean tRAT − mean iRAT =
90.9% − 66.9% = 24.0%. Thus, Team 4
gained, on average, 24.0% as a result of
the team discussions. Among all 18 teams,
the average Team Gain Score was 18.7%
(SD = 2.6%), with a minimum value of
13.6% and a maximum value of 24.0%.
This is a testament to the effectiveness
of TBL and the important role the team
discussions fulfill in TBL.

collected via the LMS during TBL to
answer important educational questions
and make informed decisions about
interventions that can help students
improve their learning. This accurate
data collection and recording tool is a
powerful hidden feature of TBL that has
often been neglected in characterizing
this popular instructional approach.

Notably, the case study we have presented
here provides just one example of the
many ways LMS data can be used in TBL.
We have not explored other types of data
stored in the LMS. For instance, time-ontask data (e.g., time taken to complete
iRAT and tRAT) can provide important
instructional information. We must also
emphasize that the data presented and
used in this case study are specific to the
questions we needed to answer, as well as
to the type and amount of data collected
by iLAMS. We were able to show teams’
and individual students’ trend data because
of how our TBL was structured and how
the LMS was designed. Depending on
the queries posed and the type of data
available, data may be mined, applied, and
presented differently. In this particular case,
we used only the well-established measures
of TBL and thus examined only a small
portion of what is possible.

Other disclosures: None reported.

In conclusion, the case presented here
illustrates how institutions that are
considering adopting TBL—or those
that already have—can use data routinely
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Teaching and Learning Moments
Learning Sympathy

One of the first things I learned in
medical school was how to address a
distressed patient. What do you say when
your patient recounts a history replete with
suffering? How do you comfort a fearful
patient? If your patient starts to cry, what
do you do?
Our instructors taught us how to
properly manage these situations.
They told us to validate our patient’s
feelings and convey sympathy using
expressions such as: “That must have
been so hard.” and “I’m sorry you have to
go through this.”
At the time, I laughed at how mechanical
it all sounded, but I found myself
repeating the phrases a few weeks
later when we began to interview
patients. They were simple and effective
approaches to address tough situations,
though the words stuck like sandpaper
on my tongue as I tried to muster the
right combination of sincerity and
professionalism.
One semester into my first year, I
was diagnosed with severe ulcerative
colitis—a chronic, incurable autoimmune
disease of the digestive system. I found
myself in uncharted territory, grappling
with an unpredictable future that was
far removed from what I had always
envisioned. Just like that, I went from
medical student to patient.
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I will never forget my first colonoscopy.
Although I was racked with fear, I tried to
put on a brave face. But my nurse wasn’t
fooled. She looked me in the eye and
said, “I’ve been a GI nurse for 20 years,
but when I got my first colonoscopy, I
was so nervous I couldn’t stop crying.”
Immediately, I felt at ease.
I also will never forget the care of another
nurse during a weeklong hospitalization.
In the midst of an abysmal flare-up, I had
completely lost control of my own body. I
had never felt so embarrassed as I did when
I saw the nurse come in to administer
an enema because I was too sick to do it
myself. I apologized, but she shook her
head, laughed, and said, “It’s my job. I
chose it.” She talked to me as she would a
friend while she inserted the injector up
my rectum and (to put it delicately) helped
me evacuate my bowels in the bathroom.
Together, we laughed at the circumstances.
Certainly, I will never forget when I
found out that I needed surgery. Despite
every effort not to cry, I felt tears on my
cheeks. The surgeon handed me a tissue
and continued detailing the procedure
without changing his expression. Just like
that, the ominous surgery became simple
mechanics, a plan that we were fleshing
out together. It was a necessary procedure
that would fix a solvable problem. There
are countless medical problems that cannot
be solved, and I was fortunate that this was

not one of them. I did not want or need
sympathy, and I was grateful to be spared.
During a particularly low point, when
I was missing classes for yet another
hospitalization, a religious leader from
the hospital pastoral services came to visit
me. She helped me change my attitude by
explaining that being on the other side of
the hospital bed would make me a better
doctor. Her words have stayed with me as I
reflect on my experiences as both a patient
and a medical student this past year. There
is no magical formula for addressing
patient suffering; the intricacies go way
beyond a simple combination of syntax.
Through the actions of my wonderful
health care team, I now understand what
it means to really be there for patients
through hard times. I have learned
just how crucial it is for health care
providers to prevent their patients from
feeling shame. When I begin practicing
medicine, I will ensure that patients trust
me to protect their vulnerabilities, and I
will remind them of their humanity when
their bodies try to strip it away.
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