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Abstract

We identify content areas where examinees
underperform in a longitudinal assessment for
a high-stakes recertification exam. Using
modified funnel plots with a moving baseline
to account for item difficulty, we rank topics
by relative performance. Preliminary results
suggest reasons beyond item difficulty,
informing future analyses supporting potential
educational interventions.

1 Introduction

Research has shown that self-testing one’s own
knowledge improves long-term retention over
simply restudying material in what is known as the
testing effect (Roediger and Karpicke, 2006).
Reflecting this principle, healthcare certification
programs have increasingly adopted longitudinal
assessment (LA) as an alternative to
single-point-in-time examinations, with studies
suggesting that LA supports continuous learning,
identifies knowledge gaps, and improves
performance while maintaining assessment of
competence (Fraundorf et al., 2023; Giron et al.,
2021; Ward et al., 2023). As LA becomes more
widely implemented, understanding patterns of
examinee performance across content domains
may provide valuable insights for optimizing
lifelong learning and informing assessment design.

2 Background

Analyzing the change in student performance over
time is an important component in measurement
theory. Understanding the trajectories of different
subpopulations provides insights informing
decisions on pedagogical and testing designs. One
application of this analysis is the identification of
knowledge gaps. These can be thought of as the
discrepancy of an individual’s ability in relation to
an expected performance threshold and the reasons

for these gaps can come in many forms. Schmidt
(2020) outlines an extensive taxonomy of
knowledge gaps and potential strategies to address
them. This taxonomy ranges from more surface
level, such as understanding textual content, to
more abstract, such as requiring implicit context to
arrive at a conclusion. In the field of medical
licensure, the more metacognitive categories of
knowledge gaps could be a better theory for
explaining performance difficulties due to the
multilayer complexity of medical-domain exam
items.

Research in measuring growth trajectories has
taken a variety of different forms. Early works like
Muthen and Khoo (1998) generalize random
coefficient models to incorporate latent variables
that can more directly model individual variation
in growth parameters between multiple
subpopulations. Latent variable frameworks have
continued to be popular in recent research where
various methods have been proposed to measure
and predict population-dependent growth
trajectories and in some cases to identify points for
intervention (von Davier et al., 2011; Kwon and
Zhang, 2025; Liu and Culpepper, 2025;
Yamaguchi et al., 2026). While these prior studies
primarily use repeated measurements of
performance over a longitudinal period, our work
differs by also incorporating longitudinal
performance of items administered to address
deficits in knowledge.

Natural language processing (NLP) has become
a powerful tool in the biomedical domain. To
address the distributional shift in text from a
general domain, several language models
(Alsentzer et al., 2019; Lee et al., 2020; Rasmy
et al., 2021) have been fine-tuned for tasks such as
information extraction from domain-specific or
structured text. In more recent work, large
language models (LLMs) have been integrated into
systems to reformulate unstructured biomedical
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textual data into formats more readily usable
(Wiest et al., 2025; Hsu and Roberts, 2025). Item
difficulty prediction has also become a task that
increasingly relies on NLP techniques. Contreras
(2018) present methods to measure the relative
frequency in terms between topic-specific and
general texts in an attempt to quantify differences

in mental workload among examinees. Ha et al.

(2019) construct a set of linguistic and information
retrieval features for item difficulty prediction
using a corpus constructed from the United States

Medical Licensing Examination® (USMLE®).

The BEA (Building Educational Applications)
2024 shared task (Shardlow et al., 2024) focuses
on automatic difficulty prediction and response
time prediction using the USMLE® where the best
strategy relied on transformer-based text
embeddings. Li et al. (2025) achieved a slightly
better model than the best shared task participant
by incorporating data augmentation alongside
language models.

3 Aims

The main goal of this study is identifying global
patterns on a longitudinal assessment using the
response data over a cohort of examinees. The
exam blueprint consists of several main content
areas that are comprised of various topics. During
each window of administration, an examinee is
presented with a set of items representatively
sampled from the distribution of topics. Over the
course of the examination, the set of items changes
according to response behavior, favoring more
items from topics an examinee missed. Identifying
topic areas of the blueprint where examinees are
more likely to have difficulty than expected could
better support the goal of continuous learning.

4 Data

We used the response data for a longitudinal exam
program consisting of 12 administration windows
(quarters) from 2023 to 2025. Each quarter
examinees are provided with 25 items across 14
content areas that can target one of four cognitive
tasks. Examinee responses to items are categorized
as an original attempt, items drawn from a pool
according to blueprint specifications, or a targeted
attempt, items chosen according to blueprint
specifications and addressing a topic encountered
in a prior quarter according to an index that
incorporates whether an item was answered

incorrectly, the confidence of an examinee on that
topic and the examinee’s perceived relevance of
that topic to their clinical practice. Higher index
scores increase the likelihood that the topic will
appear in future quarters. Each examinee is tested
over 12 quarters and may exit early by passing 8
quarters. We hypothesize that low performance on
targeted attempts relative to original attempts
could signify gaps in an examinee’s knowledge on
specific topics.

5 Methods

5.1 Confidence and Targeted rankings

The structure of this longitudinal exam is semi-
adaptive; the items administered to examinees is
informed by information from prior windows of
information. After the completion of each item,
an examinee is asked to rate their confidence in
answering the item and rate the perceived relevance
of the item to their practice where higher values
indicate stronger agreement. In the attempt to serve
the most useful items to examinees, a targeted index
is computed incorporating confidence, relevance
and the binary performance on the item. The exam
prioritizes selecting subsequent items from topics
where examinees incorrectly answer the item and
have high targeted index.

Confidence ratings and targeted index scores
provide direct signals from examinees interacting
with the exam; thus ranking items along these
dimensions could indicate areas where examinees
struggle. For each topic, we compute the mean
confidence rating and mean targeted index across
all responses from 2023 to 2025. We rank
confidence from lowest to highest and rank
targeted index from highest to lowest. These
rankings are included as comparisons against our
funnel ranking which we will describe in the next
section.

5.2 Funnel ranking

The main methodology we incorporate is the
statistical funnel plot. A funnel plot allows for the
comparison of different indicators where the
precision of the indicator varies. Spiegelhalter
(Spiegelhalter, 2005; Spiegelhalter et al., 2012)
utilized funnel plots to propose an alternative to
rank medical institutions. Instead of comparing
performance indicators using a common
confidence interval, they accommodate differences
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Figure 1: Graphic illustrating the tallying of scores across funnel plot windows. This example demonstrates the tally
accrued over three downward consecutive funnel plot windows in funnel window n = 3.

in precision by varying the confidence interval to
allow for differences in indicator variance. In turn,
this creates a funnel-like shape around a chosen
baseline (which could be the mean of the indicator)
as the confidence interval shrinks, where precision
increases. Points that fall within the control limits
are not statistically different from each other while
those outside have reason for scrutiny.

Let a; ; 4, be an item attempt that consists of a
topic ¢ and task j that is administered in quarter ¢
to examinee h. We define the P-value of a
topic-task-quarter combination, p; ; 4, as the ratio
of all correct responses to incorrect responses for
attempts a; ; o p, across all examinees. We assign a
mean difficulty, wup, ;. for the combination of
topic-task-quarter, p; ; 4, by computing the mean
item difficulty parameter b from the Rasch model
across the items of topic ¢ and task j in quarter q.
Thus, our points of interest are topic-task
combinations across quarters, and the indicator is
the associated P-value. Since performance on
items is dependent on its difficulty, a common
baseline P-value over all items would disadvantage
items towards the tail ends of the distribution,
since they are further from the mean.

Let Ap and Ar be the collection of p;;,
computed from original attempts and targeted
attempts, respectively. Using the distribution of
mean difficulties, fu, ; . we first partition the
collection of all type-task-quarter combinations
(pij,q € Ao U Ar) using k-means. This generates
N classes of p; j , € Ao for comparisons against
Di.j.q € Ar. For our study, we set N = 5. Within
the structure of the longitudinal exam, examinees
usually enter in the first quarter of a calendar year
generating a cohort that is administered items from

a common pool. In turn, targeted attempts are
pulled from the same common pool for subsequent
quarters. For example, the 2023 cohort will see
original attempt items from the 2023 pool in
quarters 1 through 4; then the same cohort will see
targeted attempt items from the same pool in
quarters 2 through 5 (quarter 5 is equivalent to
quarter 1 of 2024). To keep comparisons of items
consistent within a pool we partition both Ao and
Ar into years y = 1, 2, 3 for 2023, 2024 and 2025,
respectively. Since targeted attempts are
administered after original attempts, the years are
staggered by a quarter, i.e. y = 1 consists for
quarters 1-4 for Ap and 2-5 for Ap. For each
partition, we define a baseline P-value as the
median of the mean difficulties, Hb; ;45 from
Pij.q € Ap. We choose the median value to avoid
possibly skewed distributions of mean difficulties.
The baseline P-values are then used as points of
comparison against p; ; , from the corresponding
AL

We plot p; j , € AY foreachy € (1,2, 3) where
the volume of responses and the P-value represent
the z- and y-axis, respectively. Using the baselines
defined above, we plot n = N funnel plots
overlapping the data. For each type-task-quarter
combination, we tally scores, T; j 4 n, by assigning
-1, 0 or 1 according to whether the point p; ; , lies
above, within or below the control limits for each
funnel plot, respectively. We then sum the scores
T; j.qn across all IV funnel plots for each quarter g.
This generates a score for each topic-task-quarter
combination. See figure 1 for a graphic depicting
the process.

We compute final scores, S; j, for topic-task
combinations as the mean T; ; , over all quarters;
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and for topics, S;, as the mean score S;; over
tasks in topic 7. Ultimately, we rank all S; or S; ;
from highest to lowest where higher scores
indicate areas where examinees tend to have more
difficulty. We allow ties to prevent spurious
rankings. The sequence of ranking equations are
listed below:

S

ﬂvjvq ivj»qvn’ (l)
n=1
1 @
Sij = =Y Tijan ©)
Qq:1
1 &
Si = — > Si 3)
mj m=1

where NN is the number of funnel plot windows, @
is the total number of quarters and m; € [1,4] is
the number of tasks in topic 1.

6 Results

Within each of the 14 content categories, we list
the top ranked topics in Table 1 along with its
allocation  according to the blueprint!.
Unsurprisingly, the highest-ranked topic is from
the cardiovascular system, given its allocation is
the highest at 12%. The remaining ranks do not
appear to follow a pattern; the genitourinary
system is only 5% but has a topic at rank 3 while
gastrointestinal and pulmonary (both 10%) have
ranks at 13 and 18, respectively. Similarly, item
difficulty does not have a clear connection to rank;
compare rank 1 with difficulty 1.262 and rank 18
with difficulty 2.038. We also include the overall
top 10 funnel-ranked topics in Table 3 and the
highest- and lowest-ranked topics for each ranking
type in Table 2.

In figure 2, we plot the correlation of funnel,
confidence and index rankings against mean topic
difficulty.  All three plots show a negative
correlation against item difficulty; however
confidence and index rankings have tighter
groupings of items across rank levels compared to
the funnel rankings. Quantitatively, we compute
the Kendall 7 correlation as -0.416, -0.566 and
-0.705 for funnel, confidence and index rankings,
respectively.  This indicates that the funnel

'We exclude Emergent Topics (Legal, Ethical, DEI) at 2%.
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rankings describe trends in examinee behavior that
are not explained by item difficulty.

For the topic with the highest mean difficulty
(hypertension, secondary in Cardiovascular
System with difficulty 3.527), there is a large
difference between the funnel rank at 80 and
confidence and index ranks at 15 and 17,
respectively. In contrast the lowest mean difficulty
topic (rabies in Infectious Diseases with difficulty
-3.238) has a slightly smaller difference between
ranks with 181, 237 and 237 for funnel, confidence
and index ranks, respectively. The greatest
difference in funnel and index ranks is
225 — 82 = 143 for pneumonia: bacterial, fungal,
viral (Pulmonary System) and the greatest
difference in funnel and confidence ranks is
212 — 31 181 for valvular disorders:
regurgitation, prolapse, stenosis (Cardiovascular
System). We also compute Kendall 7 as 0.381 for
funnel against confidence ranks, 0.497 for funnel
against index ranks and 0.608 for confidence
against index ranks.

7 Discussion and Conclusion

Our main goal for this study was to use the
response data from a high-stakes longitudinal
recertification exam to identify topics where
examinees particularly struggle.  Within the
structure of the exam, there are survey questions
that ask about each item’s relevance to the
examinee and the confidence in their answer.
Although these self-reported scores provide a
signal for identifying topics that might be more
difficult than others, there is a risk of bias that
might distort the actual difficulty seen in the data.
By utilizing the more objective response data, we
can more directly measure the variation in
performance across different areas of the blueprint.

Our results show there is little consensus in
relative rankings between the three ranking
strategies which is somewhat surprising in the case
of confidence versus index rankings given that
examinee confidence is incorporated in the
calculation of the targeted index. Pairwise
correlations are not strong especially between
funnel rankings and the other two. The median
difference between funnel and confidence rankings
and funnel and index rankings is -1 and 3,
respectively. This means that topics ranked by
index tend to be higher than when ranked by
funnel whereas funnel and confidence rankings are



Medical content category Allocation Topic Funnel rank Mean

difficulty
Cardiovascular System 12%  Aortic aneurysm, abdominal 1 1.262
Dermatologic System 5% Erythema multiforme 24 1.327
Type 2 diabetes
Endocrine System 8% mellitus/hyperosmolar 4 2.765
hyperglycemic syndrome
Eyes, Ears, Nose & Throat 8% Eustachian tube dysfunction 7 0.982
Gastrointestinal System/Nutrition  10%  Constipation 13 1.695
Genitourinary System 5% Benign prostatic hyperplasia 3 0.895
Hematologic System 4% Hypocoagulable states 5 0.495
Septic disorders: sepsis,
Infectious Diseases 7% §ept1c shock, systemic 13 1.871
inflammatory response
syndrome
Musculoskeletal System 8% Osteoarthritis 13 1.612
Neurologic System 5% Major neurocognitive 7 0.732

disorder/dementia

Disruptive, impulse-control,
Psychiatry/Behavioral Science 7% and an.dum dlsorders.: 20 1.379
oppositional defiant disorder,

conduct disorder

Pulmonary System 10%  Asthma 18 2.038
Renal System 4% Renal cell carcinoma 19 1.558
Reproductive System 5% Pregnancy loss 16 0.594

Table 1: List of the top ranked topics per organ system including the mean topic difficulty and each organ system’s
percent allocation on the blueprint. We highlight the easiest and most difficult topic by mean difficulty; and the
highest rank and lowest rank per topic.

Medical content Topic Funnel rank  Index rank Confidence . Mean
category rank difficulty
Cardiovascular System  Aortic aneurysm, abdominal 1 28 82 1.262
Cardiovascular System  Venous insufficiency 1 25 24 1.450
Infectious Diseases Rubella 34 1 41 2.991
Endocrine System Thyroiditis 34 19 1 2.082
Neurologic System Bell palsy 233 120 114 -0.122
Infectious Diseases Rabies 259 237 237 -3.238

Table 2: The top portion lists the top ranked by each ranking system and the bottom portion the lowest ranked. Note
that rabies is the lowest ranked for both confidence and index rankings.
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Figure 2: A plot of the correlation of funnel rankings, confidence rankings and index rankings against mean topic
difficulty. We also include regression lines over all topics including confidence intervals.

closer on average. Combined with the weak
correlation, the different ranking types have some
similarity in ordering though there are some topics
with large differences in ranking. A natural
question arises about how the combined
information from the rankings informs us about
the behavior of examinees. For example, for a
topic that is ranked low by confidence and high by
funnel might indicate an area where examinees
tend to be overconfident or a similar ranking
between confidence and index could indicate
self-reported confidence better aligned with
performance.

An implication related to this is uncovering
different subpopulations within the examinees by
their performance in relation to the topic rankings.
Currently we do not distinguish responses between
different groups of examinees. Since all examinees
are given targeted items even if their prior quarter
was perfect, this creates the concern that
performance on targeted items may be inflated due
to the contribution of responses of high performing
examinees. Topics with similar rankings across the
ranking types might indicate more true knowledge
gaps relative to the examinee population. On the
other hand, topics with more discordant rankings
might suggest weaker or stronger knowledge gaps
among different subgroups. One possibility would
be to create new rankings according to these
separate groups which could be useful to have a
more accurate understanding of how groups of
examinees are performing. In an operational

application, this could lead to different ways of
prioritizing topics for emphasis across examinees.

Since each type of ranking has modest at best
correlation with item difficulty, further analysis of
the items themselves could shed light on the
rationale. Traditional NLP methods like feature
engineering on textual attributes have shown
middling success at categorizing item difficulty
(Contreras, 2018; Ha et al., 2019) and even
language models fine-tuned for the biomedical
domain have difficulty in improving on difficulty
prediction compared to general domain models (Li
et al., 2025). This suggests there may be a more
metacognitive  rationale  explaining these
performance gaps that are not captured in the text
itself. Additionally we only analyze rankings at
the topic level, separating into topic-task
combinations might provide more information that
is lost averaging over topics.

In summary, the results of this study provide a
new technique for relative comparison of
performance across topics within a longitudinal
examination.  Practical applications such as
incorporation into recommender systems or
personalized study plans over emphasized topics
could lead to overall increased performance or
earlier exits from the LA.

Limitations

A major limitation to the current study is the
structure of the data. Although there is a healthy
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Medical content Topic Funnel rank  Index rank Confidence Mean

category P rank difficulty

Cardiovascular System  Venous insufficiency 1 25 24 1.450

Cardiovascular System  Aortic aneurysm, abdominal 1 28 82 1.262

Genitourinary System  Benign prostatic hyperplasia 3 33 62 0.895
Type 2 diabetes

Endocrine System mellitus/hyperosmolar 4 2 18 2.765
hyperglycemic syndrome

Hematologic System Hypocoagulable states 5 71 57 0.495

Cardiovascular System Coronary artery disease 6 9 10 2.256

. Major neurocognitive

Neurologic System disorder/dementia 7 43 52 0.732

Eyes, Bars, Nose & = tachian tube dysfunction 7 41 58 0.892

Throat

Genitourinary System  Overactive bladder 9 45 48 0.672
Myocardial infarction, acute:

Cardiovascular System 075 1-segment elevation 10 20 29 1.910

myocardial infarction
(NSTEMI)

Table 3: Top 10 topics overall by funnel rank.

volume of responses across examinees, the
longitudinal range is only three years. This limits
our comparisons across administration windows
and our current trends might not be stable across a
longer timescale.

Another limitation is that confidence and
relevance scores are self-reported. Since
examinees interact with the scale individually
reported scores are not necessarily equivalent
across examinees. This has the possible impact of
skewing the interpretation of the scores where, for
example, a topic is judged to have higher average
examinee confidence while having relatively low
performance. For reliability it would be helpful to
equate them on the same scale.
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