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Abstract

Background: In this study, we propose an innovative approach that leverages machine learning techniques to predict students
performance on United States Medica Licensing Examination (USMLE) Step-2 Clinical Knowledge (CK) exam. Our
methodology involves the integration of feature selection and model validation processes within a nested cross-validation (CV)
framework for Step-2 CK score prediction. Given the recent transition of the USMLE Step-1 exam to a pass/fail system, thereis
an anticipated shift in evaluative emphasis on the Step-2 Clinical Knowledge (CK) exam, prompting the need for advanced
predictive models.

Methods: We conducted our analysis on data from four undergraduate medical student cohorts (Classes 2020 to 2023 inclusive,
n = 117). A wide range of assessment data was considered by the algorithm for feature selection, including internal assessment
data and National Board Medical Examination (NBME) Clinical Science Subject Exams scores. Utilizing nested cross-validation
(CV), we constructed and assessed multiple regression models using four model evaluation metrics: mean CV error, adjusted-R2,
Mallows Cp, and Bayesian Information Criteria (BIC).

Results: This led to the selection of a four-predictor model (adjusted-R2 = 0.68). This model incorporated a combination of
NBME exams and performancein a pre-clinical unit.

Conclusion: Our approach effectively streamlines the process of building a predictive model by merging feature selection with
model validation. By creating an interactive, user-friendly dashboard, we empower medical educators to predict students' Step-2
CK performance. This modeling and deployment approach holds promise for predicting student performances in other
assessments.
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Abstract

Background: In this study, we propose an innovative approach that leverages machine learning
techniques to predict students’ performance on United States Medical Licensing Examination
(USMLE) Step-2 Clinical Knowledge (CK) exam. Our methodology involves the integration of
feature selection and model validation processes within a nested cross-validation (CV) framework
for Step-2 CK score prediction. Given the recent transition of the USMLE Step-1 exam to a pass/fail
system, there is an anticipated shift in evaluative emphasis on the Step-2 Clinical Knowledge (CK)
exam, prompting the need for advanced predictive models.

Methods: We conducted our analysis on data from four undergraduate medical student cohorts
(Classes 2020 to 2023 inclusive, n = 117). A wide range of assessment data was considered by the
algorithm for feature selection, including internal assessment data and National Board Medical
Examination (NBME) Clinical Science Subject Exams scores. Utilizing nested cross-validation (CV),
we constructed and assessed multiple regression models using four model evaluation metrics: mean

CV error, adjusted-R?, Mallows Cp, and Bayesian Information Criteria (BIC).

Results: This led to the selection of a four-predictor model (adjusted-R* = 0.68). This model

https://preprints.jmir.org/preprint/67776 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Healy et a
incorporated a combination of NBME exams and performance in a pre-clinical unit.
Conclusion: Our approach effectively streamlines the process of building a predictive model by
merging feature selection with model validation. By creating an interactive, user-friendly dashboard,
we empower medical educators to predict students' Step-2 CK performance. This modeling and
deployment approach holds promise for predicting student performances in other assessments.
Keywords: Nested cross-validation, machine learning, predictive model, USMLE Step-2 CK,
interactive dashboard
Introduction
The United States Medical Licensing Examination (USMLE) is a three-step examination for medical
licensure in the U.S., assessing competencies across, Step-1, Step-2 Clinical Knowledge (CK), and
Step-3.
Historically, Step-1 had a three-digit scoring system, and was often used by Residency Program
Directors (RPDs) to shortlist candidates [1]. However, Step-1 transitioned to a pass/fail format in
January 2022. Due to this change, the medical education community anticipates focus shifting
towards Step-2 CK (which continues to provide a three-digit score) to objectively evaluate students'
caliber and suitability for residency [2, 3, 4, 5, 6].
This expectation is supported by the National Resident Matching Program (NRMP)’s annual
Residency Program Director Survey, which highlighted an increasing reliance on Step-2 CK scores
as a critical component in the residency application assessment process. In 2022, this reliance
peaked, with 96% of Residency Program Directors (RPDs) considering Step-2 CK scores
informative when extending interview invitations to candidates from both U.S. medical graduates
(USGs) and International Medical Graduates (IMGs) applicant groups [7,8]. In comparison to the
previous years (2022 vs 2021), dependence on this rose by 2% among USGs and more pronounced
6% for IMGs. These data points not only underscore the integral role of the Step-2 CK in the

residency selection landscape but also reflects the near-consensus among RPDs regarding its value as
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a reliable and objective measure to shortlist the number of applications submitted to their program.
The significance of this trend was further amplified in the context of the 2024 NRMP Match, with
44,853 certified applicants (highest number on record) vying for one of 41,503 PGY-1 or PGY-2
training positions amongst the 6,395 certified programs on offer [9]. In such a competitive
environment, the RPDs reliance on a quantifiable and objective metric like the Step-2 CK score has
become naturally preferred, serving as a filter to manage the voluminous number of applications
submitted to residency programs.

From the student’s perspective, a recent survey of 4,649 prospective residency applicants, including
US-MD, Doctor of Osteopathic Medicine (DO), and IMG students, found that knowing the minimum
USMLE Step 2 or Comprehensive Osteopathic Medical Licensing Examination (COMLEX) Level 2
scores required by programs is highly desired [10]. This was especially important for IMG
applicants, with 65.48% highlighting it as key, compared to 18.57% of US-MD and 15.90% of DO
applicants (P<.001) [10]."

Given this context, there is a pressing need for advanced models to predict students' performance on
the Step-2 CK exam. Such models can aid in early identification of students requiring academic
support and aid advising efforts provided to NRMP applicants.

In this study, we propose an innovative approach leveraging machine learning techniques to predict
students' performance on the USMLE Step-2 CK exam. Nested CV is a robust machine learning
technique that combines model selection and validation, addressing the challenge of overfitting by
using outer and inner folds for model selection and evaluation, respectively.

Methods

Traditionally, such a statistical modeling task would be conducted by partitioning a dataset into a
training sample for model development and a test sample for evaluating predictive accuracy. A
frequent deliberation within the research community revolves around determining 'an appropriate

sample size," which is crucial for maintaining the integrity and generalizability of the study's
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findings. However, limited sample sizes often necessitate flexible and adaptive research
methodologies. In response, we adhere to a commonly endorsed guideline in the scientific
community, maintaining a minimum of 10-15 subjects per variable (SPV) to ensure the robustness of
our model [11,12,13,14,15]. These considerations are particularly pertinent in medical schools with
modest cohort size. Our program admits approximately 50 students per annum. Additionally, the
extensive list of potential predictor variables, such as performances on preclinical units and National
Board Medical Examination (NBME) exams, introduces the well-documented ‘curse of
dimensionality' [16] also known as ‘big p, little n’ scenario. This occurs when a large number of
predictor variables (p) contrasts with a small number of observations (n) posing a risk of overfitting.
With insufficient observable data, the model may be unable to generalize and incorporate the noise,
adapting too closely to the training dataset, but performing sub-optimally on unseen data.

Once we finalize a suitable model, we shift our focus to its deployment through an accessible, user-
friendly dashboard tailored for stakeholders. This phase entails the implementation of a systematic
approach consistent with the best practices in dashboard design, to ensure the resulting dashboard
satisfies stakeholders requirements and achieves user-engagement.

This study was conducted at Weill Cornell Medicine — Qatar (WCM-Q). WCM-Q delivers a four-
year medical degree program comprised of pre-clinical (years 1 and 2), and clinical years (years 3
and 4). Pre-clinical courses consist of units that are primarily assessed via quizzes. In the clinical
years, core clerkships contain clinical, custom and NBME exam components. These assessments are

listed in Table 1 below.

Table 1: Predictor variables considered during the feature selection stage.

Gastrointestin

Biostatistics  Cardiovascular ~ Pulmonary al

Pre-clinical units

(percent scores) Renal Hematology- Brain . and Endocrinology
Oncology Behavior
Dermatology Infectious Rheumatology = Reproduction

https://preprints.jmir.org/preprint/67776 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Healy et a

Diseases
Clerkship NBME Medicine Neurology Surgery Ob Gyn
(Equated percent Pediatrics Primary Care Psychiatry
scores)

Data Collection

Assessment performance records of Classes 2020 to 2023 inclusive were used in this study, for
students who met the following inclusion criteria, i) sat for the new curriculum (implemented with
Class 2020), ii) full performance vectors (pre-clinical units and NBME exams scores) were recorded,
and iii) Step-2 CK scores were documented. For our analysis, we used the data from the students’
first attempt at each assessment.

Data collection faced a constraint in the form of the introduction of a new curriculum, which
restricted the sample size of this study, as the structure and sequence of unit delivery changed. This
curriculum change provided a natural starting point for our study, ensuring (i) the collection of
comparable data, and (ii) predictions made from the resulting model will be applicable to the
curriculum in-situ going forward. This resulted in a total of 117 observations being used in the
analysis.

Data Analysis

Stage-1: Feature Selection.

This stage involves selecting useful variables to explain the outcome while omitting the irrelevant
ones. It is a process through which relevant features are retained for the machine learning model,
aligning it with the intended modelling objectives. Statistical analyses were conducted using R
language version 4.2.2 [17]. The function regsubsets() inR [leaps package] was utilized
to select the best models based on the Residual Sum of Squares (RSS).

In this function, one specifies the maximum number of features to include in the model. We opted for
a nvar ()value of 5, which results in the algorithm returning five models: the best one-variable

model, the best two-variable model, and so on, up to the best five-variable model. A maximum value
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of 5 was taken to ensure that the largest model produced (5 variable), would maintain the 10-15 SPV
rule of thumb [11,12,13,14,15]. The next step is to determine the overall optimal model using four
model evaluation metrics.

Mean Cross-Fold Validation Error: It measures how well a model generalizes to unseen
data, serving as an indicator of predictive accuracy. It is computed as the average squared
error between predicted and observed values.
Adjusted R?: It assesses how well a set of predictors explains the variation in the response
variable while considering the number of predictors in model. A higher value indicates a
better fit.
Mallows C,: 1t compares the precision and bias of a model that includes all predictors to
models with subsets of predictors. A lower value suggests a better model.
Bayesian Information Criteria (BIC): It measures test error and penalizes the addition of
more variables to the model. A lower BIC value indicates a better model.
Stage-2: Cross Validation.
When working with a small sample-size, as is the case in this study, it is advisable to avoid the train-
test approach, in which a portion of the data (usually 20-30%) is partitioned as test data [18,19].
Instead, an alternative approach known as cross-validation (CV) was used. The objective of cross-
validation is equivalent to that of the train-test approach, which is to validate how well a predictive
model, trained on seen data: a subset of the data used to train the model (training-set) will perform on
unseen data: a subset of the data used to test the trained model (test-set). The difference lies in the
cross-validation approach, where the data is divided into subsamples, and train-tests are conducted
multiple times, efficiently utilizing the small data sample [18,19].
There are various types of cross validation, such as k-fold, stratified k-fold, and leave-one-out. In this
application, we will use k-fold cross-validation. In this type, the value of k is a parameter chosen by

the analyst. For instance, in our application using k=3 (indicating 3-fold cross-validation), we divide
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the data into three equal parts. Due to the small sample size, three folds allocates a reasonable
number of cases in each fold. We then run the validation process three times. In each iteration, two of
the folds are used as the training-set, and one as the test-set. Next, models are fitted on the training
data and evaluated on the test data. The accuracy of each iteration is computed, and the estimated
error rate is derived as the average error rate from the three iterations.

Nested cross-validation. This approach combines Stage-1 and -2 and is recommended over the
train-test approach in many instances [20, 21]. The order in which these two stages are executed is
crucial. Applying the feature selection algorithm on the entire dataset (both train and test sets) before
carrying out cross-validation can lead to positive bias, meaning the feature selection should occur
nested within the cross-validation [22,23]. Having previously outlined each step individually, we
next describe how these two processes combine to form a nested- or double cross-validation (see

Figure 1).
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Figure
1: Nested cross-validation process

Step 1: Split the data into training and test data groupings (k = 3 in this application). Step 2: For
each of the outer training folds, split them into inner folds for feature selection. Step 3: In this inner
fold, select the best model and use it to test the outer fold. Step 4: Repeat steps 2 and 3 for the
remaining outer folds. Step 5: Select the best outer models. Step 6: Select the optimal model based
on metrics. Step 7: Use/apply the selected model to the entire dataset to obtain coefficients. Step 8:
Validate the model on unseen data.
Results
A four-variable model emerges as the preferred choice for accurate performance prediction. To
arrive at this optimal number of predictive variables we examined the following metrics: mean CV

error, adjusted-R?, Mallow's Cp, and BIC.

The mean CV error plot demonstrates how the predictive performance of a model changed with the
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inclusion of different numbers of variables (Figure 2A). The most effective model, characterized by
its peak predictive accuracy and minimal complexity, is indicated by the lowest point on this plot.
Upon examining the mean CV error, we observed an improvement in the model's fit with the
addition of the initial variables. However, after a certain number of variables were incorporated, the
model's efficiency began to diminish. This reduction in efficiency became evident upon the inclusion
of the fifth variable, i.e., the model reached an optimal level of efficiency at the fourth variable, after
which further additions resulted in diminished performance.

Similarly, the adjusted-R? plot disclosed the balance between the models complexity and explanatory
power — the variance explained by the predictors (Figure 2B). An higher adjusted-R? value signifies a
more accurate model fit. We observed that the initial inclusion of more variables led to an increase in
the adjusted-R* value, indicating a rise in the model's explanatory power. However, similar to the
mean CV error plot, once the model exceeded a certain number of variables, the adjusted-R?* value
began to decline signifying that additional complexity no longer contributed to an increase in
explanatory power.

Mallow's Cp and the BIC serve as model selection metrics that assess the trade-off between a model's
fit to the data and its complexity (Figure 2C; Figure 2D). BIC, in particular, imposes a greater
penalty for adding variables than Mallow's Cp, promoting a more judicious balance between fitting
precision and simplicity. The ideal model, according to both metrics, is denoted by the lowest
possible values. Our analysis revealed that initially adding variables reduced the values of both
Mallow's Cp and BIC, indicating a model with a strong fit and low complexity. However, as more
variables were included, these values began to rise, suggesting that any further complexity could lead
to diminishing benefits and a risk of overfitting the model to the data. Overall, a four-variable model
emerges as the preferred choice.

It optimizes the mean CV error and similarly minimizes values for Mallow's Cp and BIC. While the

adjusted-R* peaks at 0.69 with a seven-predictor model, the four-predictor model achieves a
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comparably high adjusted-R? of 0.68, making it the more parsimonious option which also aligns with

the other three model evaluation criteria.

Fig 2A: Mean Cross-Validation (CV) Error
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Figure 2: Metrics for selecting number of features in model: (A) Mean Cross-Validation (CV) Error,
(B) Adjusted-R2, (C) Bayesian Information Criteria (BIC), (D) Mallows Cp.

Feature subset selection

Next, the algorithm investigates the optimal combination of variables (unit and NBME exam scores)

needed to predict a student’s performance on the Step-2 CK Exam. To determine the optimal

features, the best subset selection technique was used. This consists of exhaustive selection

algorithm, comparing all possible combination of predictor variables, and finds the best subset of

variables according to the chosen criteria. The maximum feasible number of variables is the number

of variables in the data frame. The resulting object produced by the regsubsets() command is a

table displaying the best n feature variable models, as shown in Table 2.

Table 2: Subset selection of best n feature(s)

N
predictor(

Gastrointestin
al

Medicin
e

y

Neurolog Surger

y
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1 — * — —
2 _ * *

3 _ * * *
4 * * * *
19 * * * * * * * * * * * *

* Indicates feature selected at the n'" predictor

With the model size decided upon, the next step is to obtain the coefficients. To do this, the best
subset selection is conducted on the full data and the best four-variable model chosen. This resulted
in three clerkship NBME exam first time performance being chosen by the model: Medicine,
Neurology, Surgery, and one pre-clinical unit quiz performance: Gastrointestinal.

Model Comparison: Nested Cross-validation vs Train-Test

Next, we compared the nested CV model's performance in predicting outcomes to a more traditional
modelling approach (train-test) using Mean Squared Error (MSE) values. For the train-test method,
the data was randomly partitioned: 70% for training and 30% for testing. The same regression model
was produced for both samples, predicted scores computed, and MSE’s calculated.

The MSE values in Table 3 indicate the variability in prediction accuracy per different data samples
and modelling methods. A lower MSE suggests that predicted values are close to observed value on
average, indicating better model performance. The MSE obtained from nested CV (MSE = 99.90)
falls between the MSEs from the Train and Test samples, demonstrating that the nested-CV approach
has a performance level between that when used on train and test data. The lower MSE on training
data (MSE = 91.79) is expected, as it indicates that the model performs well on the data it was
trained on. In contrast, the MSE on the test set is the highest (MSE = 135.27), suggesting that the
model struggled to generalize to unseen data by comparison.

Table 3: Comparison of model performance using MSE

Nested-CV Train Test
Approach (70%) (30%)
Mean Square Error 99.90 91.79 135.27

https://preprints.jmir.org/preprint/67776 [unpublished, non-peer-reviewed preprint]
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(MSE)
Dashboard Deployment

Having developed a predictive model, our focus now shifts toward its deployment. We contend that
for a model to possess true utility, it must excel in two key areas: (i) predictive utility (i.e., how
accurate it is at predicting scores) and (ii) end-user utility (i.e., ease of use and accessibility). End-
user utility cannot be neglected; a complex model that is difficult for users to engage with, or too
tedious to make a prediction with, will gain minimal adoption. To ensure our model's accessibility
and ease of use, we leveraged Microsoft Power BI, a popular data visualization tool.

To initiate this process, we convened with stakeholders to establish and prioritize requirements. The
objective of this dashboard was to facilitate the prediction of students’ performances on the USMLE
Step-2 CK exam. However, the dashboard designers sought additional information from stakeholders
on what a fit-for-purpose dashboard should include from their perspectives as subject-matter experts.
We suggested that they apply the MoSCoW prioritization framework [24] and designate all possible
features into one of four categories: ‘must have’, ‘should have’, ‘could have’ or ‘will not have’.

The design discussions for the dashboard's components led to the decision to incorporate five key
features (see Figure 3a-e), each chosen for their specific utility in enhancing the predictive and user
experience aspects of the tool (i.e., empowering users to interact with the model). Firstly, (a) a
student name drop-down list for enabling retrieval of their scores, (b) input fields for the variables
required to predict Step-2 CK performance, (c) predicted Step-2 CK score, (d) predicted quartile
(program-level), and (e) a histogram displaying the distribution of historical students’ first-time
performances on the exam. The latter two features provide generalizable interpretability, i.e., enables
the user to gauge the level of risk with a student by benchmarking them against the program’s
historical data (quartile and histogram). In addition to complementing the aforementioned measures,
the histogram also provides a visual insight into the skewness and spread of student performances, as
well as highlighting outliers. After eliciting this feedback, the next stage was ‘storyboarding’, in

which the designers built a prototype to share with stakeholders for more feedback and refinement.
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Step-2 CK
Student Performance Predictor

Medicine-Qatar
Instructions: Enter First-Time Performances for Medicine, Surgery and Surgery NBME exams (Equated Percent Scores), and

Gastrointestinal Unit performance.
Surgery Gastrointestinal
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3: Step-2 CK Student Performance Predictor Dashboard
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Discussion
Although the train-test split methodology has been a staple in machine learning for many years, it is
not without its limitations [25]. This study introduces an alternative approach: nested cross-
validation. This method offers advantages including a reduced propensity for overfitting and
robustness even with small sample sizes, making it a preferred choice over the train-test split in
many scenarios [20, 21]. We employed this approach to predict students’ performance on the
USMLE Step-2 CK Exam, utilizing historical preclinical units and NBME exams scores.
We have identified two primary use cases for this model. The first pertains to Residency Program
Directors, who are increasingly factoring in Step-2 CK scores when extending interview invitations
for their residency programs [2,3,4,5,6]. A model capable of predicting Step-2 CK scores could
significantly aid medical educators in advising students on residency applications. Secondly, the
model can also serve to aid identifying students who may be academically at risk, thereby facilitating
timely intervention.
While the model has demonstrated robustness even with small sample sizes, one potential limitation
of this study is the sample size. The specific characteristics of these cohorts may limit the
generalizability of the results. Another limitation of the study is the lack of control for socio-
demographic factors such as age, race, ethnicity, and social class, which could affect the
generalizability of the results [26].
Future work will involve implementing a cyclical recalibration process for the algorithm when a new
cohorts’ data is incorporated into the database. This measure is designed to mitigate a phenomenon
known as model drift, where the model’s predictive power diminishes over time due to shifts in the
underlying data. Furthermore, this methodology could be extended to construct and deploy similar

predictive models for other high-stakes assessments within the educational program.
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Conclusion
This study illustrates (i) how machine learning approaches can be applied in medical education, and
(ii) how such a model can be deployed for use by the medical educator via an interactive dashboard.
This work explains the development of a machine-learning model, aiming to maximize predictive-
and user- utility for tasks such as early identification of students who may face challenges with the
Step-2 CK exam. This allows for a timely intervention to assist and guide students with suitable
residency applications.
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