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Abstract To develop and test a latent variable path model of general achievement,
aptitude for medicine and competence in medicine employing data from the Medical
College Admission Test (MCAT), pre-medical undergraduate grade point average (UGPA)
and demographic characteristics for competence in pre-clinical and measures of compe-
tence (United States Licensure Examination {USMLE} Steps 1, 2, and 3). Data were
gathered on 839,710 participants from 1991 to 2000 on demographic and school variables,
UGPA, MCAT subtest scores and Steps 1, 2, and 3 of the United Stated Licensure
Examination (USMLE). However, subsets of the total 839,710 participants included in the
database were used for various analyses and the testing of a latent variable path model
(LVPA). A number of preliminary descriptive and inferential techniques were used to
confirm previous hypotheses and stated relationships amongst the variables of interest to
the present study. Through development and testing of a latent variable path model, three
latent variables measured by UGPA (general achievement), subscales of the MCAT
(aptitude for medicine), and Steps 1, 2, and 3 of the USMLE (competence in medicine)
were identified which resulted in a comparative fit index = .932 of the model to a large
sample (n = 20,714). In a confirmatory latent variable path model we were able to identify
theoretical constructs, aptitude for medicine, general achievement, and competence in
medicine and their interrelationships. These are distinct but interrelated latent variables.
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The predictive validity of the Medical College Admission Test (MCAT) for criterion
measures such as performance in medical school and on licensing examinations such as the
United States Medical Licensure Examinations (USMLE Steps 1, 2, and 3), continues to be
an important issue notwithstanding the substantial research that has been conducted
(Albanese et al. 2003; Basco et al. 2002; Jones and Thomae-Forgues 1984; Donnon et al.
2007). The MCAT is intended to assess the ability to acquire knowledge in medical school
as well as higher-order processes such as clinical reasoning and the application of
knowledge into clinical practice (aptitude for medicine). Accordingly, the MCAT is pre-
sumed to not only measure biological and physical sciences knowledge, but also to assess
higher order cognitive processes such as verbal reasoning and critical thinking.

Numerous questions have arisen, however, about the predictive and construct validity of
the MCAT as a measure of aptitude for medicine and its role in the future development of
achievement among medical professionals (Donnon and Violato 2006; Violato and Don-
non 2005). The focus of the present study, therefore, was to investigate further the
predictive and other criterion-related validity of MCAT scores, and adduce evidence for
the construct validity of the MCAT. Accordingly, we wished to develop and test a latent
variable path model that not only identifies important theoretical constructs, but also
explicates the structural paths interconnecting the latent variables.

Introduction

Measuring professional aptitude and academic achievement have been large-scale activi-
ties for identifying and selecting those persons most suited for medical school. Although
there have been and continue to be challenges (theoretical and psychometric) to finding a
“best-fit” model for medical school selection, the use of the MCAT and other cognitive
based pre-admission variables (i.e., pre-medical undergraduate grade point average—
UGPA) have been the most valid measures for predicting who will succeed in medical
school, particularly in the pre-clinical years.

Since the revision to the MCAT in 1991, researchers have searched for evidence of its
predictive validity. Traditionally, undergraduate science and total GPA and MCAT scores
(specifically biological, physical, and verbal subtests) have been generally correlated with
pre-clinical competence as measured by the USMLE Step 1, and the MCAT as a single
variable is considered to be the best predictor of performance of medical school courses
and Steps 1, 2, and 3 of the USMLE (Donnon et al. 2007). In one study, Swanson and
colleagues derived a predictive validity coefficient of r = .52 for MCAT total based on a
large sample (n = 11,145) involving many medical schools (Swanson et al. 1996). This
study and others have shown that the MCAT adds unique input to predicting future
performance, particularly in pre-clinical criterion measures (Koenig et al. 1998). Although
the MCAT has shown to be a better predictor of pre-clinical performance, it also appears to
have some predictive validity of those competencies in the clerkship years that may
involve higher—order cognitive processes beyond those assessed by pencil-and-paper tests.
Veloski, Callahan, Xu, Hojat and Nash concluded that MCAT scores alone explained
~20% of the variance in clerkship performance and when adding UGPA the predictive
power increased that much more (Veloski et al. 2000). The present study used total
UGPA and MCAT subtest scores as observed variables for predicting criterion measures
(USMLE Steps 1, 2, and 3) and for defining the theoretical or latent constructs assumed to
underlie the process predicting the success of students before, during, and following
medical school.
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Overview of observed variables in study
MCAT

The chief purpose of the MCAT is to offer a reliable and valid estimate of a candidate’s
aptitude for mastering the goals and objectives set forth in a medical school curriculum,
essentially predicting those applicants who will be successful in medical school. The
MCAT is conceptualized within the literature as a preparatory indicator measuring read-
iness into the medical field and rigorous enough to identify those applicants who will be
successful students and physicians. The current version of the MCAT (also the version
used in the present study) is a multiple-choice test and was introduced in 1991. It consists
of four subscales: biological sciences, physical sciences, verbal reasoning, and a writing
sample. For three of the MCAT subscales (i.e., biological sciences, physical sciences and
verbal reasoning), converted scores are reported and range between 1 and 15, with a mean
of 8 and varying standard deviations depending on subtest (usually between 2.0 and 2.5)
(Hojat et al. 2000; Association of American Medical Colleges 1991). The writing sample
which consists of two-30 min essay questions, assesses analytical thinking and writing
skills. The written sample is scored by a minimum of 4 raters, with a reported reliability
between .68 and .78 (Gilbert et al. 2002). Unlike the numerical scores characteristic of the
other three subtests, the writing sample is scored alphabetically from J to T (worst to best)
(Hojat et al. 2000). The overriding response from admissions committees for using MCAT
scores as a screening and selection instrument is that it provides them with a global
estimate of identifying those candidates that can succeed in medical school (Mitchell et al.
1994). Moreover, as the MCAT has been found to be significantly related with medical
school GPA (especially the first 2 years) as well as the three steps of the licensure exams
(USMLE Steps 1, 2, and 3), which assess basic science knowledge and clinical applica-
tions, candidates with higher MCAT scores are assumed to benefit more from a medical
program especially since the main objective in the first 2 years is to learn biomedical
principles.

USMLE

The USMLE consists of three sections. Step 1 is administered after the second year of
medical school, and assesses knowledge concerning basic science principles as well as
concepts related to patient-centered care and principles of medical care (United States
Medical Licensing Examination 2008). Step 2 is administered after the final year of
medical school (i.e., clerkship) and assesses clinical competence namely, skills and
knowledge applied in medical practice. Lastly, Step 3 is generally taken after the first
year of residency and assesses problem-solving skills and one’s ability to apply
knowledge and fundamental principles to defined clinical scenarios (United States
Medical Licensing Examination 2008). Each step of the USMLE emphasizes a graded
understanding of basic and clinical science principles, leading to the eventual application
of learned principles to solving treatment and patient management scenarios under
assumed clinical independence.

The USMLE is a multiple-choice (was paper-pencil and is now computer based) test,
and scores across all steps range between 140 and 280. The passing score is 182 for Steps 1
and 2, and 184 for Step 3 (United States Medical Licensing Examination 2008). Mean
scores for all of the stages of the USMLE are between 200 and 220 with a standard
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deviation of 20 (United States Medical Licensing Examination 2008). The USMLE is an
important outcome variable in establishing the “fit” of an individual into the practice of
medicine as it attempts to establish, through measuring various basic and higher-order
thought processes, clinical readiness related to knowledge.

Historically, two principal factors predicting successful performance on USMLE
Steps 1 and 2 have been UGPA and MCAT subtest scores (particularly science subtests).
Step 3 of the USMLE which is heavily weighted on assessing the application of clinical
reasoning skills is not as strongly predicted by MCAT and UGPA (United States Medical
Licensing Examination 2008). However, the MCAT subtest observed to most predict
performance on USMLE Step 3 has been the verbal reasoning subscale. One of the
explanations behind this result involves the idea that the verbal reasoning subtest, which
assesses the organization and application of verbal skills and Step 3 which assesses the
application of clinical reasoning skills (which include the ability to verbalize information
to patients concerning issues around diagnosis and treatment)—have overlapping vari-
ability. In other words, both tests contain content and require skills that are parallel.
Similarly, the association between MCAT science sections and UGPA and Steps 1 and 2 of
the USMLE, overlap in the skills they are testing, namely assessing the fund of basic
science principles and concepts.

Other variables correlated with performance in medical school and beyond
undergraduate grade point average (UGPA)

One of the primary objectives of admissions committees is to quantify all pre-admission
information in order to calibrate the “quality” and potential of the candidate. Other than
the MCAT, other institutional selectivity variables have been used to predict candidate
selection and performance in medical school (Dawson-Sauders et al. 1986). The most
conventional pre-admission variables known to correlate with the MCAT and predict
future medical school success are, undergraduate science GPA and undergraduate total
GPA. GPA’s are typically balanced with MCAT as they serve as an index of previous
achievement capacity and a measure of scholastic aptitude. Many studies have docu-
mented not only the relationship between UGPA [particularly that science GPA shares
with MCAT scores] but also their significant unique contribution in accounting for
variability in outcomes measures such as, medical school GPA (MGPA) and Steps 1, 2,
and 3 of the USMLE. Moreover, studies have shown that when UGPA is combined with
subscales of the MCAT (particularly biological sciences and verbal reasoning) in pre-
dicting medical school success and licensure performance, the validity coefficient is
further magnified. In one study, results from a regression analyses revealed that total
UGPA accounted for 13% of clerkship performance, MCAT scores accounted for 21%
(incremental validity of the MCAT), however combined both variables in the prediction
algorithm accounted for 28% of the variability in clerkship performance (Huff et al.
1999).

When considering single predictors science subscales of the MCAT are better predictors
of medical school and licensure performance than UGPA alone (Crowder 1959; Feil et al.
1998). This finding may be a result of the fact that content within science sections of the
MCAT more closely mirror the content covered in the first couple of years in medical
school compared to the more variable content covered in an undergraduate degree.
Nonetheless, UGPA has been found to be an important variable of later success and was
included as an observed variable in the present study (Veloski et al. 2000).
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Age

Age at matriculation (i.e., entering into medical school) has also been studied to be a
significant predictor in differentiating those who do well from those who do not, and also in
predicting performance in pre-clinical and clinical years of medical school. Studies have
shown that older (between 25-29 and 30 and above) medical students performance less well
in medical school and on licensure exams than their younger (between 22 and 24) coun-
terparts. One group of researchers from McGill university examined differences between
younger and older medical students to investigate potential age disparities (Feil et al. 1998).
The results showed that older students had lower GPA and MCAT scores and were inter-
viewed 44% less frequently than younger students (Feil et al. 1998). As well, during the first
2 years of medical school (basic science years) test scores were lower for older students than
for younger students (Feil et al. 1998). However, this difference dissipated as both older and
younger medical students progressed through their educational program into their clinical
years. In terms of clinical performance, results revealed that there were no significant
differences between older and younger medical students (Feil et al. 1998). Similarly, these
results have been replicated in other studies. Although age differences appear to dilute over
time, it continues to be an important variable in predicting success in medical school, and is
a factor that remains significant in admission into medical school.

Summary

A number of studies have shown that the MCAT has adequate internal consistency reli-
ability (a necessary but not sufficient condition for validity of test scores). Moreover, these
studies have provided results from across years and medical institutions in the United
States and Canada, supporting the predictive validity (a necessary and sufficient condition
for a screening and selection instrument) of the MCAT. Variability in performance on the
MCAT accounts for some individual and group differences in performance on pre-clinical
and clinical criteria (i.e., USMLE Steps 1, 2, and 3) of success. Such results have been
reproduced in many studies, further documenting the predictive power of MCAT, and have
also reported on the strength of associations between MCAT subscales and other related
cognitive criteria such as undergraduate success (i.e., UGPA) (Tekian et al. 1996). In
addition to predictive validity, another important aspect of assessing the validity of a
measurement is its correlation with other measurements taken more-or-less concurrently
(i.e., concurrent criterion-related validity). As mentioned previously in this paper, the
MCAT has been shown to have significant correlations with other cognitive-based
assessments such as pre-medical undergraduate GPA, and has been sampled across several
medical schools and diverse testee groups from the United States and Canada (Donnon
et al. 2007). These findings not only support the concept of concurrent related validity but
are further strengthened by the stability of the measurement instrument across time,
institution and multiple testee groups.

There is a common theme throughout undergraduate and post-graduate medical edu-
cation that includes important aspects of a construct—aptitude for medicine—assessed by
the MCAT. It is evident from the foregoing discussion that the MCAT is assumed to assess
the construct of aptitude for medicine and that UGPA is a measure of general achievement
prior to, during, and subsequent to medical school. Moreover, the combination of these
constructs provides the best prediction of competence in medicine during medical school in
the preclinical years, clerkship years, and beyond into residency than any of the variables
alone. Little research has been published testing an entire model of aptitude-achievement-
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competence identifying these as latent variables, however. Most research heretofore has
employed simple correlation or regression methods.

The primary purpose of the present study, therefore, was to further develop and test a
latent variable path model of general achievement, aptitude for medicine and competence
in medicine. This latent variable path model, provides a parsimonious model which
accounts for maximum variability in indicators of success (e.g., preclinical academic
performance, performance in stages on licensure examinations—USMLE Steps 1, 2, and
3) in medical school and beyond. With such a model we not only sought to clarify the
predictive validity of the MCAT on future criteria of success, but also to explicate a full
measurement and structural model of achievement, aptitude and competence.

Methods
Data sources and sample

The data were acquired from the MCAT offices at the Association of American Medical
Colleges (AAMC) and the National Board of Medical Examiners and consisted of 839,710
participants from 1991 to 2000, across 115 medical schools. Data were available on
demographic and school variables, UGPA (Undergraduate GPA’s before medical school—
UGPA’s were presented both for each undergraduate year), MCAT subtest scores (bio-
logical sciences, physical sciences, verbal reasoning, and writing sample) and, for those
who had been admitted to medical school (n = 250,792), Steps 1, 2, and 3 of the USMLE.
This study received approval from the Conjoint Health Research Ethics Board of the
University of Calgary.

Descriptive data

There were more males than females (58.3% and 41.7%, respectively) in the sample, many
were between 22 and 24-years-old (58%) at matriculation, the majority were not under-
represented minorities (91%) and more than two-thirds scored between 8 and 12 on the
MCAT subtests. Males performed significantly better (p < .05) than females on the bio-
logical sciences, physical sciences and verbal reasoning subtests of the MCAT but not on
the writing sample subtest. Similarly, males outperformed females on Step 1 of the US-
MLE but not on Steps 2 and 3.

Age was inversely related to undergraduate GPA (both science and non-science courses)
but not to MCAT subtests scores or USMLE Steps 1-3 scores.

Latent variable path analysis (LVPA)

We employed latent variable path analysis to define and describe the relationships and
directional pathways between and among the observed/measured variables (MCAT sub-
scales, UGPA, age, and USMLE) that measured the underlying latent constructs (general
achievement, aptitude in medicine and competence in medicine).

Overview of latent variable path modeling

Of the many multivariate statistical methods (e.g., multiple regression, factor analysis),
latent variable path analysis (LVPA), a subset of structural equation modeling (SEM), has
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Measurement Model Structural Model

Observed

Variable 1 (x1) L
atent

Variable 1
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Variable
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Variable 2 (x2)

Latent
Observed Variable 2
Variable 3 (x3)

Fig. 1 Illustration of the measurement and structural models subsumed under SEM

become an important research tool for making explicit the theoretical and statistical
organization among a set of variables. SEM is a super ordinate term that contains many
statistical procedures such as LVPA. It was used in the present study as a general model for
explaining its role and function as a theory strong approach to accounting for multivariate
variability. SEM builds on some rudimentary statistical analyses such as analysis of var-
iance (ANOVA) and multiple regression, but moves a step beyond to include
computational procedures that are able to deduce direct and indirect causal links amongst
latent and observed variables (Joreskog 1982). In this way SEM is a unified system for
patterning the structural relationships among variables.

Theory and importance of SEM

SEM is decomposed of two fundamental parts which include: (1) the measurement model
and (2) the structural model (refer to Fig. 1). In the measurement model latent variables or
hypothetical variables are measured and identified through observed variables (also
referred to as indicators of the latent variables). In the present study the latent variables
were named General Achievement measured by UGPA, Aptitude for Medicine measured
by subscales of the MCAT, and Competence in Medicine measured by Steps 1, 2, and 3 of
the USMLE and the MCAT verbal reasoning subscale. The second part of the model
involves the structural relationships, which are denoted by the path links and coefficients
between and among the latent variables (Joreskog 1982).

The measurement model involves the assessment of variables assumed to have mani-
fested from an underlying structure. These variables are referred to as observed or
measured variables. As it is essential to account for as much variability in the latent
variable as possible, many researchers have stressed that using multiple indicators
(observed variables) increases the capacity to account for more variance and decreases the
capacity for creating biased estimates relating to the structural parameters surrounding the
latent construct (Joreskog 1982). One of the primary objectives of LVPA is to fit the
predicted model [that has been theorized] to the observed data [measured by the observed
variables]. The process of achieving the above outcome is determined by ensuring the
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inclusion of adequate model characteristics in order to minimize misspecification of the
model. Therefore, in order to develop and test a robust LVPA, the following are the criteria
to be considered: (Raykov 2000; Myung 2003; Bollen 1989; Bentler 1982).

1. A well developed theory postulating a testable model is established;

Model specification—hypothesis about all variables to be included in the model are
operationalized and clearly specified;

3. Selecting appropriate and multiple indicators or observed measures;

4. Ensuring psychometric features of measurement scales used to test observed variables

are robust (reliabilities and validities);

Large sample size;

Use of longitudinal data to ensure stability of the model;

7. Proper use of estimation procedures—model parameters of the predicted model are
compared to those of the observed model (e.g., maximum likelihood estimation);

8. Proper use and interpretation of Fit Indices—used to verify the degree to which a
model fits the data (e.g., xz, comparative fit index (CFI), root mean square error of
approximation (RMSEA)). A rule of thumb for determining whether or not there is
good fit is a fit >.90;

9. Respecification of the model [if needed].

SN

Data analyses

Based on all of the previous results and theoretical considerations, we constructed an
LVPA model of general achievement, aptitude for medicine and competence in medicine
as depicted in Fig. 2. This LVPA with these three latent variables was tested on a large
sample (~10%; n = 20,714).

We employed the recommended rules for fit indices in latent variable path models
including Bentler’s comparative fit index (CFI) (Bentler 1982) with maximum likelihood
estimation, the standardized root mean squared residual (SRMR), and the root mean
squared error of approximation (RMSEA).

A model was tested and ten variables (UGPA Year 1, UGPA Year 2, UGPA Year 3,
UGPA Year 4, MCAT Bio Sc, MCAT Phys Sc, MCAT Verbal, USMLE Step 1, USMLE
Step 2, USMLE Step 3) were included as identifying the three latent variables (general
achievement, aptitude for medicine, competence in medicine). The MCAT written subtest
was not included in this analysis since our initial regression anslyses indicated that it
correlated R = .0 with all the variables. This same finding has been documented in other
studies (Donnon et al. 2007; Swanson et al. 1996). Age was also included in the model
because it was included in the multiple regression analyses and contributed significant
variance, as well as retained notable loadings in the factor analysis. These ten measured
variables and one demographic variable (age), were intercorrelated and converted to a
variance-covariance matrix fitting the model using maximum likelihood (ML) estimation.

The overall fit of the model to the data was good producing a CFI = .932, a
7% = 3209.70, p < .001, and a RMSEA = .092. The minimizing of the Q function pro-
ceeded smoothly requiring five iterations. A CFI = .932 indicates that 93.2% of the
variance and covariance in the data is accounted for by the proposed model.

The path coefficients and other parameters are summarized in Fig. 2. Path coefficients
can be interpreted as standardized partial coefficients (ff) (analogous to regression coef-
ficients in a multiple regression). All three latent variables are clearly identified. General
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UGPA Age
Year 1 .69
-29
UGPA USMLE
Year 2 81
\ Step 1
General y
UGPA Achievement USMLE
Year 3 }'
Step 2
Competence
UGPA in Medicine \72 USMLE
Year 4
Step 3
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A5

Bio Phys Ver
Sc Sc Reas

Fig. 2 Latent variable path model of undergraduate GPA, MCAT, USMLE steps, and age employing
maximum likelihood estimation (n = 20,714); Model fit statistics: Xz (41) = 3209.70, p < .001; compar-
ative fit index = .932; root mean squared error of approximation = .092

achievement (path coefficients ranging from .69 to .82) is identified by four variables
(UGPA Year 1, UGPA Year 2, UGPA Year 3, UGPA Year 4) that are all theoretically
relevant to an achievement construct. The path coefficients on Aptitude for medicine range
from .45 to .83 and are measured by three subtests of the MCAT (Bio Sc, Phys Sc, Verbal).
Three of the measured variables (USMLE Step 1, USMLE Step 2, USMLE Step 3) also
serve to identify Competence in medicine. There is a direct path coefficient (.55, p < .001)
from aptitude in medicine to competence in medicine that confirms the “causal” direction.
The correlations between general achievement (r = .22, p < .001) and competence in
medicine and aptitude for medicine (r = .28, p <.001) all confirm the expected
relationship.

The General achievement factor has a significant path coefficient (—.29, p < .01) from
age (this path accounts for 8.4% of the variance) indicating that age is related to under-
graduate achievement (inversely—younger students perform better than older ones). The
split loading for the verbal reasoning subscale of the MCAT, that has a path coefficient on
Aptitude for medicine (.45) and a path coefficient on Competence in medicine (.15) sug-
gests that skills tested on the MCAT verbal reasoning subscales and portions of Step 3 of
the USMLE have overlapping variability.
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All of the latent variables are related as predicted, and the crucial path coefficient from
aptitude in medicine to competence in medicine is significant (path coefficient = .55;
p < .001). The intercorrelations among the other latent variables are all significant.
Overall, these results support the overall model and the particulars of the predicted rela-
tionships as well.

Discussion

The main finding of the present study is that a latent variable path model of general
achievement, aptitude for medicine and competence in medicine fit a sample of the data
well, with a CFI = .932. This result provides confirmatory evidence for construct validity
and defined three latent variables that can be identified as separate but related entities as
theoretically expected (correlated and significant path coefficients).

It is clear that many of the variables employed heretofore and used in the present study
share some degree of relationship (i.e., collinearity) with each other. Since the selection
process for medical school is focused on evaluating cognitive-based or achievement related
aptitude, the underlying structure of these variables appears to be similar in that they
sample cognitive ability. MCAT scores and UGPA are better predictors of the first 2 years
of medical school than of later years, probably because much of the content is declarative
biomedical knowledge in all of the assessed variables. As students move through medical
school into residency, these associations steadily decrease probably because different skills
and abilities (e.g., clinical reasoning judgment), are employed in order to effectively
manage learning at these higher levels of education (p. 31).

A limitation of the present study was that the data consisted primarily of cognitive
variables (i.e., achievement, aptitude, competence). It would be beneficial to include other
important noncognitive measures such as volunteer experience, personality characteristics,
social-emotional intelligence and motivational factors, and so forth in order to produce a
more comprehensive model of undergraduate and post-graduate medical education success
and competence. Future research might well include these variables so that a more com-
prehensive LVPA model than the present one may be tested.

Notwithstanding this limitation, there were several strengths of the present study. First,
a very large database was employed (n > 800,000). Second, the data were longitudinal
over a 10-year period thus adding to the stability of the findings. Third, complex and
advanced statistical analyses (i.e., LVPA) were employed to test several research questions
and comprehensive models. Fourth, the data were based on many American and Canadian
medical schools (115) and the results cannot, therefore, be attributable to one or several
unique institutions. Fifth, data were available on pre-medical school achievement (i.e.,
UGPA), aptitude (i.e., MCAT scores), and pre-clinical and clinical performance in med-
icine (i.e., USMLE Steps 1, 2, and 3). This allowed the construction of the achievement-
aptitude-competence model. Given these strengths we can feel confident about the stability
and generalizability of the present findings.

Summary and conclusion
The present results not only provided evidence for the predictive validity of the MCAT

(with an incremental increase with undergraduate GPA) but also for the overall LVPA
model positing structural relationships between and among general achievement, aptitude
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for medicine, and competence in medicine. The principal question addressed by most
research continues to be: “What characteristics of candidates predict the success or per-
formance of a medical student and resident?” We can say that the present study answered
part of this question—that is cognitive-achievement related variables are an important
aspect of success throughout both undergraduate and post-graduate medical education.

Notwithstanding the MCAT’s predictive validity, there have been many calls recently
(Parlow and Rothman 1974; Cohen 2001) to explore factors other than the MCAT—
particularly non-cognitive attributes associated with effective physicians—as potential
criteria for selection into medical school. These may include key personal characteristics
such as altruism, empathy, integrity and compassion (Cohen 2001). Important medical
professional organizations such as the Accreditation Council for Graduate Medical Edu-
cation (ACGME), the American Board of Medical Specialties (ABMS), and the Royal
College of Physicians and Surgeons of Canada have emphasized the multiplicity of phy-
sician roles such as medical expert, collaborator, manager, health advocate, scholar,
professional and communicator (The Medical School Objectives Writing Group 1999;
Societal Needs Working Group 1996; Accreditation Council for Graduate Medical Edu-
cation 2001). A challenge to the medical profession, then, is to develop screening and
selection methods and devices that combined with instruments like the MCAT, can closer
approximate the potential of those applying to medical school and moving closer to
independent medical practice.
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