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Abstract Success in residency matching is largely contingent upon standardized exam
scores. Identifying predictors of standardized exam performance could promote primary
intervention and lead to design insights for preclinical courses. We hypothesized that
clinically relevant courses with an emphasis on higher-order cognitive understanding are
most strongly associated with performance on United States Medical Licensing Examination Step exams and National Board of Medical Examiners clinical subject exams.
Academic data from students between 2007 and 2012 were collected. Preclinical course
scores and standardized exam scores were used for statistical modeling with multiple linear
regression. Preclinical courses were categorized as having either a basic science or a
clinical knowledge focus. Medical College Admissions Test scores were included as an
additional predictive variable. The study sample comprised 795 graduating medical students. Median score on Step 1 was 234 (interquartile range 219–245.5), and 10.2 % (81/
795) scored lower than one standard deviation below the national average (205). Pathology
course score was the strongest predictor of performance on all clinical subject exams and
Step exams, outperforming the Medical College Admissions Test in strength of association. Using Pathology score \75 as a screening metric for Step 1 score \205 results in
sensitivity and specificity of 37 and 97 %, respectively, and a likelihood ratio of 11.9.
Performance in Pathology, a clinically relevant course with case-based learning, is significantly related to subsequent performance on standardized exams. Multiple linear
regression is useful for identifying courses that have potential as risk stratifiers.
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Introduction
Medical schools and residency programs are universally challenged with evaluating
medical students’ fund of knowledge through impartial examination (Raymond et al.
2011). Due to variability in scoring schemes for preclinical coursework and clinical
clerkships, the most consistent metrics for academic achievement are the United States
Medical Licensing Examination (USMLE) Step exams and the National Board of Medical
Examiners (NBME) subject examinations (‘‘shelf exams’’). While USMLE Step 1 assesses
basic sciences with some clinical context, Step 2 and NBME clinical subject exams focus
on clinical understanding. Immense efforts by educators and students are devoted toward
optimizing performance on these exams, as they comprise some of the primary academic
criteria for residency selection (Torre et al. 2009; Briscoe et al. 2009; Green et al. 2009).
Numerous studies have scrutinized early predictors of standardized exam performance.
Moderate correlations have been identified between USMLE Step 1 and the Medical
College Admissions Test (MCAT), demographic factors, and undergraduate grade point
average (Basco et al. 2002; Julian 2005; Koenig et al. 1998; Hojat et al. 2000; Donnon
et al. 2007; Wiley and Koenig 1996). Performance on the Step 2 Clinical Knowledge (CK)
exam has been associated with clerkship curricular format, USMLE Step 1, the MCAT,
and shelf exams (Case et al. 1996; Ripkey et al. 1997, 1999). The consistent associations
between the MCAT and high-stakes medical exams are intriguing, as the MCAT has
traditionally comprised basic science content (physics, chemistry, biology) that is preliminary to clinical knowledge. While there are proponents who endorse that basic science
knowledge and clinical knowledge comprise two largely separate entities (Patel and Groen
1986), Schmidt’s encapsulation theory suggests that biomedical knowledge may be integral to clinical reasoning even if its contributions are at a sub-conscious level (Rikers et al.
2004). A second explanation may be that the question styles within the MCAT and higherlevel medical standardized exams are similar. High-stakes medical standardized exams
often emphasize application of knowledge, a middle-tier cognitive function within the
context of Bloom’s taxonomy of cognitive domains (USMLE 2013). In contrast, medical
school assessments have been criticized for over-reliance on lower-level cognitive skills
such as knowledge recollection (Cooke et al. 2006). Zheng and colleagues demonstrated
that questions targeting higher-level cognitive functions are more common in the MCAT
than in exams at the undergraduate and first-year medical school level (Zheng et al. 2008).
Logically, medical school courses with clinical relevancy that are evaluated using higherorder question formats should have the strongest predictive capacity for USMLE and
NBME exam performance.
Due to variability in preclinical curricula across medical schools, relatively few studies
have assessed the relationships between preclinical coursework and standardized exam
performance. However, identifying such relationships can identify students at early risk for
low exam scores and also assess the quality of preclinical teaching. Cumulative performance during preclinical years has shown promise as a risk-stratifier for Step 1 failure
(Coumarbatch et al. 2010). By identifying specific preclinical courses that predict standardized exam performance, educators can offer early, targeted remediation tailored to
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their curriculum. Furthermore, poorly predictive courses can be revised to improve relevancy. The goal of this study is to demonstrate the utility of regression modeling in
identifying preclinical coursework that predicts performance on NBME and USMLE
exams. We hypothesized that courses that are clinically relevant and emphasize higherorder cognitive questioning would have the highest predictive capacities.

Methods
A retrospective review was conducted of medical students at the University of Virginia
who had completed USMLE Step 1 and Step 2 records between 2007 and 2012. Students
who did not complete the full spectrum of preclinical courses were excluded. A
prospectively collected academic database was de-identified and queried for USMLE Step
1, USMLE Step 2, and NBME shelf scores in the following subject areas: Internal Medicine, Pediatrics, Neurology, Obstetrics and Gynecology, Surgery, Psychiatry, and Family
Medicine. Institutional records for preclinical course grades—each on a 100-point scoring
system—were similarly assessed through the same database. During this time period, the
preclinical curriculum comprised didactic and group-based courses distributed over the
first 2 years of medical school training. Students’ MCAT scores were made available
through the Office of Admissions, and were linked to the remaining academic records. The
MCAT writing sample sub-score was excluded, as it has been shown to have no correlation
with medical school performance or USMLE Step exam results (Hojat et al. 2000). To
preserve confidentiality, demographic data were not available for each student, but summary statistics were available for each academic class.
Linear multiple regression analyses were used to identify relationships between preclinical course scores and standardized exam scores. Prior research has shown that MCAT
performance is associated with performance on standardized clinical exams (Julian 2005;
Ripkey et al. 1997). Therefore, to control for this known predictive variable, the array of
independent variables included the preclinical course scores and individual composite
MCAT scores. The preclinical curriculum was divided by subject matter into basic science
courses and clinical knowledge courses. Basic science courses included gross anatomy, cell
biology, molecular genetics, biochemistry, neuroscience, physiology, and microbiology.
Clinical knowledge courses included epidemiology, human behavior, psychiatry, pathology, pharmacology, and Practice of Medicine (POM) parts 1 and 2. The POM course series
addressed the approach to clinical scenarios through case studies and physical exam
practical sessions, and was taught in a small-group format. The dependent variables were
scores on the NBME subject exams and the USMLE Step exams. Linear regression models
were created to assess for significant predictors of each dependent variable using an allsubsets model selection protocol. Through this protocol, all possible combinations of
independent variables are used to predict a given dependent variable. The highest-performing model is identified, and irrelevant independent variables are discarded from the
model. Among variables that remain in each model, positive regression coefficients indicate that a higher preclinical course grade is associated with a higher standardized exam
score, while a negative coefficient indicates the opposite association.
Students whose USMLE Step 1 score was 205 or less were considered poor performers.
Similar thresholds of performance were established for USMLE Step 2 at 212, and for
NBME shelf exams at 70. These thresholds were determined based on approximations of
one standard deviation below the national average score for each test (United States
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Medical Licensing Examination 2014). To determine the optimal screening metric for poor
standardized exam performance, univariate logistic regression was performed to compare
the predictive capacity of individual course scores versus a composite score consisting of
an average of all preclinical courses. A receiver operating characteristic (ROC) curve was
then generated using the superior screening metric. All data were analyzed using SAS
statistical software (version 9.3; SAS Institute, Inc; Cary, NC). This study was approved by
the University of Virginia Institutional Review Board (IRB protocol: 2012-0225-00).

Results
Between 2007 and 2012, 845 medical students completed USMLE Step 1 and Step 2. Of
these, 50 did not have complete preclinical course scores available at the time of study.
Therefore, 795 medical students across six medical school classes were included for data
analysis. Females comprised 45.8 % (364/795) of the study population, and class sizes
ranged from 127 to 140 students. Median scores for USMLE Step 1, Step 2, and the MCAT

Table 1 Score distributions for
preclinical courses and standardized exams

Median
MCAT

IQR

33

31–35

Anatomy

88

83–91

Cell biology

89

85–93

Molecular genetics

91

88–94

Biochemistry

88

83–92

Neuroscience

88

83–92

Physiology

85

80–90

Microbiology

86

81–90

Basic science courses

Clinical knowledge courses
Human behavior

93

90–95

Epidemiology

95

93–98

Psychiatry

86

82–90

Pathology

85

81–89.5

POM-1

97

95–99

POM-2

87

83–90

Pharmacology

86

80–90

Surgery

77

71–82

Internal Medicine

79

74–85

Obstetrics and Gynecology

75

70–80

Pediatrics

79

73–85

Neurology

74

70–80

Psychiatry

82

75–87

77

72–83

NBME subject exams

Family Medicine
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USMLE Step 1

234

219–245.5

USMLE Step 2

247

234–260
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were 234 [interquartile range (IQR) 219–245.5], 247 (IQR 234–260), and 33 (IQR 31–35),
respectively. The scoring distributions of preclinical courses and NBME shelf exams are
presented in Table 1.
Linear multiple regression analyses were performed for each NBME shelf exam and
USMLE Step exam, using the MCAT and preclinical course scores as the independent
variables. Three exemplary models—for NBME Surgery, USMLE Step 1 and USMLE
Step 2—derived through the all-subsets selection process are shown in Table 2. This
process removes independent variables that do not contribute to predictive capacity within
each model. Overall, preclinical course scores were significantly predictive of subsequent
performance on all standardized exams—USMLE Step 1, Step 2, and NBME shelf exams
(p \ 0.001 for all exams). Adjusted R2 statistics for the NBME clinical subject exams
ranged from 0.37 (Family Medicine) to 0.46 (Neurology), indicating that performance in
preclinical courses explains a moderate amount of the variability in standardized exam
scores. Among preclinical courses, Pathology was universally the strongest predictor of
performance for all NBME and USMLE exams, with a p value of \0.001 and the highest
regression coefficient within all models (Fig. 1). With the exception of NBME subject
exams for Obstetrics and Gynecology and Family Medicine, MCAT score was the second
strongest predictor of performance for all standardized exams. For these two exceptions,
the Practice of Medicine courses were stronger predictors of shelf exam performance than

Table 2 Preclinical course predictors of standardized exam performance
NBME surgery
F = 38.4
Coefficient

USMLE step 1
2

a

R = 0.41
p value

F = 152.0
Coefficient

USMLE step 2
2

R = 0.70
p value

F = 59.2
Coefficient

R2 = 0.56
p value

Basic science
Anatomy

0.132

0.18

Cell biology

0.145

0.082

-0.371

0.002

0.17

0.101

Molecular genetics

-0.168

0.132

Biochemistry

-0.157

0.229

-0.623

\0.001

0.176

0.273

1.896

\0.001

0.831

0.002

Neuroscience
Physiology
Microbiology
Clinical knowledge
Human behavior
Epidemiology
Psychiatry

-0.233

0.045

0.058

0.448

0.458

\0.001

-0.276

0.001

-0.124

0.234

1.735

\0.001

Pathology

0.779

\0.001

POM-1

0.256

0.040

POM-2

0.321

0.003

Pharmacology
MCAT

0.724

\0.001

-0.185

0.109

0.731

0.002

0.601

\0.001

0.283

0.165

1.29

\0.001

1.496

\0.001

NBME National Board of Medical Examiners subject exam, USMLE United States Medical Licensing
Examination, POM practice of medicine
a

R2—adjusted R2 statistic for model fit
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Fig. 1 Associations between preclinical course scores and standardized exam performance. Significant
positive associations are shown in white boxes, significant negative associations shown in dark gray.
Strongest positive predictor for each standardized exam indicated with (*). Unmarked spaces indicate no
significant association in either direction

the MCAT. No basic science course was positively associated with performance on any
standardized exam. In fact, performance on Physiology was negatively associated with
scores on NBME shelf exams in Pediatrics, Neurology, and Family Medicine, as well as on
USMLE Step 2.
Eighty-one students scored at or below 205 on the USMLE Step 1 exam (10.2 %).
Students with higher scores on Pathology were significantly less likely to score under 205
on USMLE Step 1 (p \ 0.001). The area under the curve (AUC) for Pathology score as a
predictor of poor performance on USMLE Step 1 was 0.905, and ranged from 0.80 to 0.90
for other clinically relevant exams (Fig. 2). By comparison, the corresponding AUC for the
MCAT composite score as a predictor of Step 1 performance was 0.80. Within a paradigm
of identifying the highest-risk students for focused remediation, using a Pathology score of
75 as the screening threshold yielded a sensitivity of 0.37, a specificity of 0.97, and a
likelihood ratio of 11.9. Conversely, using a Pathology score of 83 as the screening
threshold yielded sensitivity of 0.96, specificity of 0.70, and likelihood ratio of 3.2. A cutoff score of 75 on Pathology was similarly specific for poor performance on all other
NBME and USMLE standardized exams, with likelihood ratios ranging from 6.0 to 14.0
(Table 3).

Discussion
Findings from the present study suggest that select preclinical coursework may be strong
predictors of standardized exam scores. These predictors can be identified specific to
individual institutional curricula. Prior studies have shown that clerkship grades and

123

Relationships between preclinical course grades and…

395

Fig. 2 Receiver operating characteristic (ROC) curve for Pathology grade as a predictor of poor
performance on United States Medical Licensing Examination (USMLE) Step 1. Area under the ROC curve
(AUC) is 0.905

Table 3 Pathology course grade \75 as a predictor of poor performance on standardized exams
Exam

Event

Sensitivity

Specificity

Likelihood

AUC

USMLE Step 1

\205

0.37

0.97

11.9

0.91

USMLE Step 2

\212

0.42

0.97

14.0

0.90

Surgery

\70

0.18

0.97

6.0

0.80

Neurology

\70

0.26

0.98

13.0

0.83

Ob/Gyn

\70

0.18

0.97

6.0

0.80

Pediatrics

\70

0.25

0.96

6.2

0.84

Internal Medicine

\70

0.34

0.96

8.5

0.85

Family Medicine

\70

0.25

0.97

8.3

0.81

Psychiatry

\70

0.27

0.97

9.0

0.85

AUC area under the receiver operating curve, USMLE United States Medical Licensing Examination

USMLE Step 1 score are the two most common selection criteria for residency (Green
et al. 2009). Although correlations between NBME shelf scores and clinical rotation
performance are varied (Senecal et al. 2010), most clerkship directors adopt these exams as
part of the clerkship assessment process (Hemmer et al. 2002; Kassebaum and Eaglen
1999; Levine et al. 2005). Data presented here show that Pathology and Practice of
Medicine are predictive of subsequent standardized exam performance. Conversely, scores
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from most basic science courses in this study were consistently unassociated—or negatively associated—with standardized exams. This is remarkable given the traditional
perception that the USMLE Step 1 is a basic science exam (Simon et al. 2007).
Predicting failure on USMLE Step 1 using multivariate methods has historically been
challenging due to a relatively low rate of occurrence, particularly at more selective
medical schools (Kleshinski et al. 2009). Although exam failure is a clearly impactful
outcome, performance at or lower than one standard deviation below the mean can similarly have irreparable implications. Using this as the threshold for poor performance
increases the observation frequency and, by extension, the validity of multivariate analyses
aimed at identifying consistently predictive disciplines. Such analyses can define performance thresholds in order to screen for students at high-risk for doing poorly on future
exams. This threshold can be adjusted to cast a broad net and target sensitivity, or to focus
on the highest-risk students and target likelihood ratio. In this study, multiple linear
regression isolated Pathology as the single preclinical predictor that outperformed all other
variables—including MCAT—in forecasting USMLE and NBME exam performance at
our institution. This finding yields diverse opportunities for risk-stratification and early
remediation. Because Pathology was associated with performance on both clinical and
basic science standardized exams, one potential format for remediation may involve
individual tutoring to address basic science deficiencies before Step 1 followed by clinical
review sessions during clerkship rotations.
Isolating highly relevant, pre-clerkship courses can also allow identification of characteristics that lend superior relevancy to high-stakes exams. These factors may include the
composition and development of teaching faculty and a more clinically relevant approach
to assessment of pre-clerkship student performance. For example, an unexpected result of
this study was the finding that no basic science course was significantly associated with
performance on USMLE Step 1. These data do not necessarily contradict prior work that
associated basic science ratings with Step 1 performance (Swanson et al. 1996). Instead,
the relationships between basic science aptitude and Step 1 performance are likely confounded by correlations between performances on basic science courses and clinical
courses such as Pathology and Practice of Medicine. It is therefore not surprising that
pass/fail grading systems for basic science curricula have historically had little impact on
USMLE Step 1 performance (Rohe et al. 2006; Spring et al. 2011).
A meta-analysis by Donnon and colleagues noted correlations between MCAT and
USMLE Steps 1–3 ranging from 0.38 to 0.60 (Donnon et al. 2007). Substantial heterogeneity across studies implied that institution-specific analyses might reveal predictors
more relevant to individual students. At our institution, Pathology test questions were
unique in that they were primarily case-based, emphasizing knowledge application and
information synthesis. Not only do these questions condition students for common standardized exam question stems, they also require higher-order cognitive processes within
Bloom’s taxonomy (Anderson et al. 2000; Zoller and Pushkinb 2007). Within this taxonomy, knowledge recall is classified as the lowest level among cognitive processes, and
knowledge application is considered mid-level. While it is difficult for multiple-choice
style questions to address true top-level cognitive processes such as analysis, evaluation,
and synthesis, question stems and response options can be designed to engage mid-level
processes. Optimizing basic science instruction such that it consistently recruits these
higher-order functions and aligns with subsequent standardized exams remains an
opportunity for applying improved pedagogical methods. Work by Palmer, Miller and
others have provided guidelines that improve cognitive content of multiple-choice questions in the basic sciences (Miller et al. 1991; Palmer and Devitt 2007).
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Relatively few studies have focused on preclinical courses as predictors for standardized
exam scores. Kozar and colleagues identified the preclinical Pathology NBME subject
exam score as a sensitive, though not specific, predictor of poor performance on the
Surgery shelf exam (Kozar et al. 2007). Similar conclusions were noted in earlier work by
Holtman and colleagues, in which national Pathology NBME subject exam scores
explained 58 % of within-school USMLE Step 1 variance (Holtman et al. 2001). That
same study noted that medical school courses in the second year explained a greater
percentage of Step 1 variance than first-year courses. Coumarbatch and colleagues later
corroborated these findings, reporting an AUC of 0.92 for the predictive capacity of
cumulative second-year performance toward Step 1 scores (Coumarbatch et al. 2010).
Despite different study approaches, these authors’ results lend credence to the present
study’s findings. Like most traditional curricula, the first year of training at the University
of Virginia focused on basic sciences while the second year contained more clinically
relevant courses such as Pathology.
Although this study revealed an absence of association between basic science course
performance and clinical standardized testing outcomes, these results do not necessarily
disparage the importance of basic science knowledge. Within the knowledge encapsulation
paradigm put forth by Schmidt and colleagues, basic science concepts are encapsulated
within clinical facts and experience (Rikers et al. 2005). In the process of tackling a clinical
problem, experienced physicians continue to refer to basic science knowledge. Because
this connection often occurs on a subconscious level, it is not entirely surprising that direct
testing of basic science knowledge is not strongly associated with subsequent clinical
testing performance. The challenge for educators is to integrate basic science teaching
within clinical contexts in order to enhance this encapsulation process. Toward this goal,
the University of Virginia, like many other medical schools, has recently converted to an
integrated curriculum that employs more clinician instructors and assimilates basic science
concepts into systems-based and disease-based didactics. As systems-based preclinical
courses become more pervasive, Pathology is often dispersed across multiple course
blocks. However, these curricular changes do not diminish the importance of this study’s
findings. We believe that electronically tracking test performance on Pathology-related
questions throughout the preclinical curriculum will continue to hold value in predicting
subsequent standardized test performance.
This study has several limitations. Specifically, its single-institutional, retrospective
design weakens the generalizability of its findings. This is particularly true as grading
scales for preclinical courses are not standardized across institutions. However, rather than
suggesting that any one subject is preeminent, the data simply endorse the identification of
early markers for future success or failure. Toward this end, the use of linear multiple
regression to identify early predictors of performance followed by logistic regression to
risk-stratify students is an approach that is applicable to any institution that tracks preclinical course grades. Moving forward, it will be important to investigate whether
pathology content and assessment methods are associated with standardized testing outcomes at other institutions. Although there is a possibility of type 1 error inflation in the
setting of multiple linear regression models, the relationships between Pathology and each
standardized exam remain meaningful with p-value thresholds adjusted to 0.001. Additionally, personalized demographic information was not available for statistical analysis.
While undergraduate major may be unrelated to USMLE Step 1 performance, other factors
such as age, gender, and race have previously shown evidence of association and may
contribute to multivariate modeling (Haist et al. 2000; Huff and Fang 1999; Smith 1998).
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For a variety of reasons, however, risk-stratifying students based on these demographic
factors may not be possible or appropriate.
In summary, linear multiple regression models can identify preclinical predictors of
standardized exam performance. Clinically relevant courses such as Pathology have significant and broad predictive value and may out-perform the MCAT in predictive capacity.
By setting thresholds of performance, students can be risk-stratified with high specificity,
facilitating focused strategies of remediation. In more modern systems-based curricula,
there remain basic science ‘‘threads’’ and examination questions that can be tracked to
inform students and faculty regarding performance. Many traditional basic science courses
show little association with performance on NBME and USMLE exams, suggesting that
these courses could benefit from greater integration of higher-level cognitive domains.
Funding Funding support was provided by NIH T32 CA163177 (to YH).
Compliance with ethical standards
Conflicts of interest None.
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