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ABSTRACT

Background The literature suggests that specific keywords included in summative rotation assessments might be an early
indicator of abnormal progress or failure.

Objective This study aims to determine the possible relationship between specific keywords on in-training evaluation reports
(ITERs) and subsequent abnormal progress or failure. The goal is to create a functional algorithm to identify residents at risk of
failure.

Methods A database of all ITERs from all residents training in accredited programs at Université Laval between 2001 and 2013
was created. An instructional designer reviewed all ITERs and proposed terms associated with reinforcing and underperformance
feedback. An algorithm based on these keywords was constructed by recursive partitioning using classification and regression tree

methods. The developed algorithm was tuned to achieve 100% sensitivity while maximizing specificity.

Results There were 41618 ITERs for 3292 registered residents. Residents with failure to progress were detected for family
medicine (6%, 67 of 1129) and 36 other specialties (4%, 78 of 2163), while the positive predictive values were 23.3% and 23.4%,
respectively. The low positive predictive value may be a reflection of residents improving their performance after receiving
feedback or a reluctance by supervisors to ascribe a “fail” or “in difficulty” score on the ITERs.

Conclusions Classification and regression trees may be helpful to identify pertinent keywords and create an algorithm, which
may be implemented in an electronic assessment system to detect future residents at risk of poor performance.

Introduction

Early identification of a resident with progress
difficulties who is enrolled in postgraduate medical
training is an ongoing challenge. In various studies,
between 4.3% and 9.1% of residents show evidence
of struggling during training."* The learning difficul-
ties of residents are frequently identified late in their
training,® as assessors are often reluctant to mark “in
difficulty” or “failure” on in-training evaluation
reports (ITERs), or to designate “fail” on other end-
of-rotation assessment forms.*> However, the length
of narratives and percentage of ambiguous or
negative comments on rotation assessments, such as
ITERs, indicate a potential need for resident remedi-
ation.>® Narrative comments in assessing trainees
have been shown to be valuable,”>® and must be taken
into account when determining learners’ progress
toward achieving competencies.”™!!

Although the tools of language analytics have been
applied in education, very few articles concerning
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Royal College of Physicians and Surgeons of Canada programs, a
list of positive and negative keywords with an English translation,
and the technical statistical methodology.
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language analytics in medical education have been
published, and those that have tend to focus on
undergraduate students.'” In order to handle all the
narrative information becoming available as part of
competency-based medical education, we sought to
develop a novel computerized semantic analysis,
which consists of an algorithm that is able to detect
residents with progress issues, based on certain
keywords.

Methods

A database containing all ITERs (forms indicating
whether preset objectives are met, corresponding
narratives, overall score [pass/in difficulty/fail], and
general comments) from all residents training in
accredited programs at Université Laval between
2001 and 2013 was extracted and anonymized to
ensure confidentiality of their track records. The
ITERs were split into either family medicine or Royal
College of Physicians and Surgeons of Canada
(RCPSC) programs (provided as online supplemental
material), as the ITER format used in family medicine
for the period covered in this study differed signifi-
cantly from that of other residency programs. The
databases included the name of the program, residen-
cy level, rotation block number, residency beginning
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and end dates, residency site, CanMEDS'" role
assessments (ratings and comments), overall rotation
evaluation (comments), and number of days of
absence during the training period. In general, ITERs
were completed by attending faculty within 30 days
of rotation completion.

For each database we identified residents with
progress issues, defined as having an ITER either
rated “in difficulty” (ie, struggling) or “fail.” For the
purposes of the study, all ITERs from a given resident
were kept until a form with the mention “failure” or
“in difficulty” appeared. All ITERs following an ITER
with identified progress issues were discarded.

An instructional designer reviewed all ITERs
written in French and proposed terms associated with
positive feedback and underperformance. Terms were
determined from 133 216 words entered in the overall
performance comments section and 84365 words
entered in the narrative section of each CanMEDS
role of the ITERs. The first half of the database was
used to make a list of positive and negative keywords
that was checked for consistency against the second
half of the database. French words that could have a
dual meaning (either positive or negative) and
conjunctions were discarded. The practical signifi-
cance of this list was confirmed by the associate dean
of postgraduate medical education and by a nonmed-
ical member of the faculty of medicine. The list of
these keywords with an English translation is
provided as online supplemental material.

A classification rule based on these keywords was
constructed by recursive partitioning using classifi-
cation and regression tree methods.'* This method-
ology was preferred due to its flexibility in
automatically selecting variables and cutoff values
and its ability to produce relatively simple classifi-
cation rules. Technical methodologic details are
presented as online supplemental material. The
classification and regression tree algorithm was
applied independently to the family medicine and
specialized programs data sets and tuned with the
aim of obtaining rules with near 100% sensitivity
(proportion of actual positives correctly identified as
such) and maximal specificity (proportion of actual
negatives correctly identified as such). Sensitivity,
specificity, and positive and negative predictive
values (proportion of true positives and true nega-
tives, respectively) were computed for each derived
classification rule. The algorithm was compared to
the stringent standard of “fail” or “in difficulty”
overall score, either concurrent to the keyword or
anytime thereafter. We present only data of the final
rules obtained for each data set. Due to the low
prevalence of struggling residents, data sets were not
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What was known and gap

Identification of progress issues in residents often occurs late
in training. Semantic analysis of narrative information as part
of competency-based medical education can be useful for
detecting problems earlier.

What is new
An algorithm that uses keywords from in-training evaluation
reports to identify residents at risk of failure.

Limitations
Data were collected from a single site; linguistic patterns
could be a result of institutional culture.

Bottom line

Systematic monitoring of resident progress through a
prospective computerized semantic analysis using an
algorithm may be an effective way to identify residents with
progress difficulties.

split into training and testing sets to avoid increasing
performance variability."

The Université Laval Ethics Board exempted this
project from review.

Statistical analyses were carried out with R 3.2.3 (R
Foundation for Statistical Computing, Vienna, Austria).

Results

There was a total of 41618 ITERs for the 3292
registered residents. The RCPSC database contained
30073 ITERs from 2163 residents (60% female)
training in 36 accredited programs at Université Laval
between May 2002 and November 2013. The family
medicine database was composed of 11545 ITERs
from 1129 residents (73% female) training between
August 2001 and September 2013. There are current-
ly 910 residents registered in the 50 rural and urban,
university-based accredited training programs.

TaBLE 1 presents the performance of the chosen rule
when classifying residents enrolled in an RCPSC
residency program. This classification rule achieves
100% sensitivity while maximizing specificity at
87.7%. In this particular group, progress issues were
identified in 78 of the 2163 residents (4%). The
classification tree correctly classified these residents as
having progress issues. However, the classification
tree identified 256 residents as having progress issues,
although they did not have an overall score indicating
difficulty or failure, resulting in a positive predictive
value of 23.4%.

TaBLe 2 presents the performance of the chosen
classification rule when classifying residents enrolled
in the family medicine program. The classification
rule achieves 100% sensitivity while maximizing
specificity at 79.2%. In this group, progress issues
were identified in 67 of 1129 residents (6%). The
classification rule identifies these residents correctly,
but it identified 221 residents as having progress
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TABLE 1
Statistical Analysis Obtained by Classification Tree for
Residents Enrolled in Royal College of Physicians and

TABLE 2
Statistical Analysis Obtained by Classification Tree for
Residents Enrolled in a Family Medicine Program?®

: a
Surgeons of Canada Specialty Program Progress Issues
Yes No Total
Progress Issues . Positive Predictive o,
Yes No Total Do Positive 67 221 288 Value 23.3%
. Positive Predictive o, Tree R Negative Predictive
Decision Positive 78 256 334 Aan\le — 23.4% Negative 0 841 841 Value 100%
Tree Negative 0 1829 1829 Negative Predictive 100% 67 1062 1129 Prevalence 5.9%
= 053 e = anl\le i Sensitivity Specificity
revalence 6% 100% 79.2%
Sensitivity Specificity a " h_ e " 1as .
100 87.7% Progress issues are defined as an “in difficulty” or “fail”” overall in-

@ Progress issues are defined as an “in difficulty” or “fail” overall in-
training evaluation report score.

issues, although they did not have an overall score
indicating difficulty or failure, resulting in a positive
predictive value of 23.3%.

Fiures 1 and 2, respectively, present the chosen
classification rules for RCPSC and family medicine
residents in classification tree form. Each node of the
tree represents a simple binary criterion, which includes
both a keyword and its frequency, with movement
down the tree going to the left when the criterion is met.

Discussion

In this retrospective study, we were able to demon-
strate that an algorithm based on keywords associ-
ated with a suboptimal performance would help a
program director identify a struggling resident. The
algorithm correctly ranked all residents who had
difficulty progressing, as evidenced by the 100%
sensitivity and 100% negative predictive value.
This ability of the algorithm to detect all residents
with progress issues is embedded in its design.
Specificity was maximized, knowing that this compro-
mise would give a lower positive predictive value. In
our opinion, the consequences of delaying the detec-
tion of a resident in difficulty are much more important
than reviewing the file of an otherwise well-performing
resident. A total of 334 residents were identified as
having progress issues in the RCPSC data set (FIGURE
1). However, this database includes assessment forms
from 36 programs and covers a period of 12 years.
Therefore, each year, on average, a program director
would have to review less than 1 resident file that was
falsely identified by the algorithm as being in difficulty.
As for family medicine, the algorithm presented in
FIGURE 2 proved to be the most effective in detecting
residents in difficulty (100% sensitivity and negative
predictive value). Considering the large size of the
family medicine program, the 221 false positives over
the 12-year period represent only 1 or 2 cases per year
per teaching site, among a group of residents already
well known to the teaching site director. For the
purpose of this study, the standard against which the
algorithm was tested is the overall global score. It is
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training evaluation report score.

likely that some of the false positives represent
struggling residents who improved their performance
following feedback from their supervisors, and joined
the well-performing cohort thereafter. Alternatively,
supervisors could describe underperformance in the
narratives without assigning the corresponding overall
score “in difficulty” or “fail.”*° Therefore, some false
positives may include true strugglers.

The algorithms in FIGURES 1 and 2 highlight a series
and frequency of keywords needed to detect struggling
residents. They also provide some insight into the
evaluation practices of assessors. For example, the high
frequency of “good” suggests that this word is
generally overused by assessors, as it is commonly
used in most ITERs, even to describe struggling
residents. The keyword “lag” has coincided with
several occurrences of the keyword “excellent”
(FIGURE 1). Likewise, some positive keywords, such as
“interested,” were associated with negative perfor-
mance, as indicated in FIGURE 2. This might suggest that
specific encouragement wording may be preferentially
used in ITERs of struggling residents.

The results of this study parallel the findings found
in a previous study of 34 internal medicine residents’
ITERs, reviewed individually by blinded faculty
members, in which the number of words in the
comment section and the percentage of ITERs with
negative or ambiguous comments were associated
with serious progress issues.® Using a similar design, a
retrospective study of general surgical residents
demonstrated that 84% of struggling residents could
be identified in their first year of training.'®

Considering that automated essay scoring of the
first part of the Canadian Medical Council examina-
tions has been shown to be reliable,'” the use of an
automated computer semantic analysis could facili-
tate the work of program directors and the office of
postgraduate medical education. Given the low
prevalence of residents in difficulty, a keyword
approach would be a valuable flagging tool for
program directors with large resident cohorts and
those with little experience, as well as for the
postgraduate associate dean. A subanalysis of ITERs
for each program would have been an interesting
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Excelllent >9
1
Lag (General) =0 Improve <1
Unsatisfactory = 0 Good > 36
0 1
757:0 6:1
Will Have To=0
1 0 1
711 23:0 164:47
Weall( =0 Excellent (General) > 1
To Perfect =0 Very > 2
0 1
53:.0 227
Good
Ability <1 (Communication) > 1
0 1
42:0 64
Improve (General) = 0
1 0 1
7:1 75:0 174
Interested
(General) <1 Good>5
0 1 0 1
827:0 10:1 52.0 17:2
FIGURE 1

Classification Decision Tree for Residents of Royal College of Physicians and Surgeons of Canada Specialties

Note: Each node of the tree represents a simple binary criterion, which includes both a definite keyword and its frequency, with movement down the
tree going to the left when the criterion is met. When a resident has 9 or more occurrences of the keyword “excellent” in all of his or her in-training
evaluation reports (ITERs), the system then looks for the keyword “lag” in the general comment section. If it is absent (lag = 0), then the resident is
classified as having no progress issues (in the “0” branch to the left as shown by the black arrow). 757:0 indicates that 757 residents were not in difficulty
and none had issues following this algorithm. If “lag™ occurs at least once in all ITERs (“lag” = 0), the resident is classified as having progress issues (in
the “1” branch as shown by the gray arrow). 6:1 indicates that 6 residents did not have issues and 1 did. Words between parentheses indicate the
specific section of the ITER where the keyword is searched. “General” indicates the overall performance section of the ITER. When no words between
parentheses appear under the frequency of occurrences, the system searches all sections of the ITER.

addition, but the low rate of residents who experi-
enced progress difficulties and data confidentiality
concerns made this impossible.

While this algorithm made it possible to accurately
identify residents in the database who have shown
progress issues, it remains unable to determine the
lead time between the first use of the negative
keywords and the global ITER rating of “in difficulty”
or “fail.” Moreover, a computerized algorithm does
not understand the subtleties in the diplomatic
language sometimes used in assessing trainees.'! The

negative predictive value and sensitivity could also
vary with a different data set. Another limitation was
the separate data set for family medicine residents,
since at the time of the study this program used an
ITER form that was significantly different from the
RCPSC specialties. Moreover, all data were collected
at a single university. Thus, some of the linguistic
patterns could be a result of a broader institutional
culture, potentially limiting its generalizability. Lan-
guage could be used differently according to the
gender'® or ethnic background of trainees, inducing a
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Independent
(Comment 1) =1

Work on l Appreéiated
(Comment2)=0 (Comment 2)>1

Interested Good 214%\
=1 \ Reliable > 3

0 Good
351:0 (Comment 1) >4

0 1
0:013:3  116:0 6:1 35:0

0 1 0 Good
3 (Comment 3) >3
0 \
’ 27:0 ‘ Difficulty = 0
0 Reliable
19:0  (Comment 1) > 1
Work on Independent 1
(Comment 2) =0 21 29:27
Véry
(Comment 1)>4

0 1 0
94:0 6:1 21:0 Conscientious = 1

0
17:0

\
‘ Improve =0
0 | |
4:0 Good >4 Attitude > 2

Good
(Comment 4) > 1

0 Better 0 1
26:0  |(Comment 1) >1 11:0 54:21

(
0 To Perfect
13:0 General) > 1

1

(
0
10:0 Good > 2

0
9:0 Motivated = 0

0
7:0(Comnngg?1) > 1
1
13:5
0 1
41:0 100:9

FIGURE 2
Classification Decision Tree for Family Medicine

Note: Comment 1 refers to the medical expert section of the family medicine in-training evaluation report (ITER), comment 2 to communication skills and
professionalism, comment 3 to collaboration and management, and general to the overall performance section. Words between parentheses indicate
the specific section of the ITER where the keyword is searched. When no words between parentheses appear under the frequency of occurrences, the
system searches all sections of the ITER.

Each node of the tree represents a simple binary criterion, which includes both a definite keyword and its frequency, with movement down the tree
going to the left when the criterion is met. When a resident has more than 1 occurrence of the keyword “independent” in the medical expert section of
all ITERs, the system then looks for the keyword “work on” in the communication and professionalism section. If it is present (“work on” = 0), the
system looks for “interested” in all sections of the ITER. If there are fewer than 2 occurrences, the resident is classified as having no progress issues (in the
“0” branch to the left as shown by the black arrow). 30:0 indicates that 30 residents were not in difficulty and none had issues following this algorithm. If
“interested” occurs at least twice in all ITERs (interested not < 2), the resident is classified as having progress issues (in the “1” branch as shown by the
gray arrow). 13:3 indicates that 13 residents in fact did not have issues and 3 did.

bias. If used inappropriately, such an algorithm could
lead to false labeling of residents as strugglers. Finally,
for publishing purposes, the keywords of the algo-
rithms presented in this article were translated into
English, but the statistical analysis was done using
ITERs written in French. Using this algorithm in a
language other than French would require transcul-
tural validation of the keywords.
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Additional prospective analyses are required to
provide validity evidence for the use of the keywords
of the algorithm in current cohorts. Further study to
assess the algorithm’s efficacy for earlier detection of
underperforming trainees and to determine whether one
set of keywords could be used for all programs are key

next steps now that all ITERs share the same structure.
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Conclusions

Systematic monitoring of resident progress through a
prospective computerized semantic analysis using an
algorithm derived from a classification with regres-
sion trees may be an effective way to identify residents
in difficulty, especially given the need to analyze
increasing numbers of narrative evaluations as part of
competency-based medical education.
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