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Purpose: To investigate knowledge and image interpretation skill 
development in residency by studying scores on knowl-
edge and image questions on radiology tests, mediated by 
the training environment. 

Materials and 
Methods:

Ethical approval for the study was obtained from the 
ethical review board of the Netherlands Association for 
Medical Education. Longitudinal test data of 577 of 2884 
radiology residents who took semiannual progress tests 
during 5 years were retrospectively analyzed by using a 
nonlinear mixed-effects model taking training length as 
input variable. Tests included nonimage and image ques-
tions that assessed knowledge and image interpretation 
skill. Hypothesized predictors were hospital type (aca-
demic or nonacademic), training hospital, enrollment age, 
sex, and test date.

Results: Scores showed a curvilinear growth during residency. Im-
age scores increased faster during the first 3 years of res-
idency and reached a higher maximum than knowledge 
scores (55.8% vs 45.1%). The slope of image score de-
velopment versus knowledge question scores of 1st-year 
residents was 16.8% versus 12.4%, respectively. Training 
hospital environment appeared to be an important pre-
dictor in both knowledge and image interpretation skill 
development (maximum score difference between training 
hospitals was 23.2%; P , .001).

Conclusion: Expertise developed rapidly in the initial years of radiol-
ogy residency and leveled off in the 3rd and 4th training 
year. The shape of the curve was mainly influenced by the 
specific training hospital.
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Materials and Methods

Study Design
Ethical approval for our study was ob-
tained from the ethical review board of 
the Netherlands Association for Medi-
cal Education.

All data of 11 consecutive semian-
nual Dutch Radiology Progress Tests 
from 2005 to 2010 were retrospectively 
selected for our study with permission 
of the Radiological Society of the Neth-
erlands. In November 2010, the test for-
mat changed, and therefore test results 
beyond November 2010 were excluded. 
If training length at the time of the test 
administration was inaccurate, this test 
result was excluded. For all other test 
results, percentage scores, training 
length, sex, age at enrollment, training 
hospital, and training hospital type (ac-
ademic or nonacademic) were available. 
All data were anonymized and coded 
before they were transferred to the 
researchers. Scores on knowledge and 
image questions as a function of train-
ing length were analyzed to model the 
development of respectively radiologic 
knowledge and image interpretation 
skill, respectively. All possible predictors 
that were available were included in the 
analysis: hospital type, the coded indi-
vidual training hospital, sex, enrollment 
age, and test date. The primary factors 
of interest were hospital type and train-
ing hospital. Sex, enrollment age, and 
test date were included in the model 

Sunshine (13) showed that the number 
of examinations per full-time equivalent 
radiologist in nonacademic hospitals 
was significantly larger than in aca-
demic hospitals in the United States. 
Consequently, image interpretation skill 
development of residents may be faster 
in nonacademic training programs than 
in academic programs.

Potential resident-related pre-
dictors of expertise development are 
sex and age. Women generally out-
perform men on knowledge tests and 
clinical examinations in undergradu-
ate medical education (15,16). Kad-
mon et al (17) showed that higher 
enrollment age was associated with 
higher possibility of dropping out be-
cause of poor academic performance 
in German medical schools. Because 
of variation in previous clinical train-
ing or research activities, enrollment 
age differs among radiology residents. 
However, it is unknown whether this 
influences expertise development in 
radiology.

The aim of our study is to investigate 
knowledge and image interpretation skill 
development in residency by studying 
scores on knowledge and image ques-
tions on radiology tests, mediated by the 
training environment. Research ques-
tions are the following: (a) How does 
radiology expertise develop during res-
idency? and (b) How does hospital type 
influence this development, controlled 
for sex and enrollment age?

We hypothesized that development 
of radiologic knowledge and image in-
terpretation skill show a curvilinear 
growth (12). We also hypothesized 
that image interpretation skill develops 
faster in a nonacademic training envi-
ronment because of higher reading vol-
umes than in academic hospitals (13).

https://doi.org/10.1148/radiol.2017152648
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Advances in Knowledge

nn Radiological knowledge rapidly 
increases during the initial phase 
of residency.

nn Image interpretation skill de-
velops faster than factual knowl-
edge (16.8% vs 12.4% slope of 
score increase, respectively, 
during 1st training year).

nn Radiological knowledge develop-
ment in residency is influenced 
by training environment (P , 
.001).

Implication for Patient Care

nn Predictors of expertise develop-
ment may be used to improve 
radiology residency training; this 
might increase radiologic perfor-
mance in clinical practice, and 
consequently improve patient 
care.

Radiologic knowledge and visual 
skills such as pattern recognition 
and efficient search strategies are 

fundamental for interpretation of radio-
logic images (1–3). Experienced radiol-
ogists possess a specialized knowledge 
and show advanced perceptual skills (4–
7). However, increased experience does 
not automatically lead to higher image 
interpretation accuracy, and even expe-
rienced radiologists occasionally miss le-
sions (1,8,9). Improving image interpre-
tation training in residency can reduce 
diagnostic errors. Insight in radiologic 
expertise development during residency 
and its predictors can help to shape the 
design of radiology training (1,10).

How expertise in radiology develops 
and which factors influence its develop-
ment is largely unknown (10,11). In a 
previous cross-sectional study (12), we 
found that scores on knowledge and im-
age questions in a radiology test differ 
between 1st-, 2nd-, and 3rd-year res-
idents, but were similar for residents 
in postgraduate year 4 and 5. This sug-
gested that knowledge and image inter-
pretation skill development slows down 
during residency; however, this was not 
evaluated in a longitudinal study that 
tracked individual score development 
over time. Further, there are indica-
tions that specific hospital and resident 
factors might influence development of 
radiologic expertise (7,13–17).

Reading volume was a positive 
predictor of accuracy in mammogram 
interpretation (7,14) and might posi-
tively influence expertise development 
in radiology in general. Bhargavan and 
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Data Analyses
Model development.—Evaluation of 
raw data points of factual knowledge 
and image question scores (y-axis) ver-
sus training years (x-axis) demonstrated 
that the best-fitting curves showed 
a curvilinear shape for both factual 
knowledge and image question score 
development. Therefore, data were an-
alyzed with a nonlinear mixed-effects 
model by using an asymptotic regres-
sion with an offset with three parame-
ters, which approached the curvilinear 
shape at best as follows: (a) an asymp-
tote that indicated the maximum score 
of an individual, (b) a starting point 
that indicated the number of training 
years at which an individual will have a 
score of 0, and (c) a log-rate constant 
that indicated the speed at which an in-
dividual’s score increases with training 
(Fig 1). These parameters are modeled 
by using a random intercept effect that 
allows for different values for each indi-
vidual and accounts for dependence be-
tween repeated measurements on the 
individuals, and fixed predictor effects.
Possible predictors were hospital, hos-
pital type, sex, age at enrollment, and 
test date. Test date was included as a 
predictor to correct for difficulty differ-
ences between tests. If the contribution 
of hospital type (academic vs nonaca-
demic) to the model was not statisti-
cally significant, hospital was included 
as possible predictor to test whether 
differences in scores were related to 
individual training hospitals. If hospital 
type was a significant predictor, hospi-
tal was added to the model to test for 
additional effects of differences related 
to individual training hospitals. No in-
teractions between predictors were as-
sessed because they lacked theoretical 
grounds.

Best-fitting models were obtained 
for knowledge and image scores sep-
arately. A stepwise modeling approach 
with the Akaike information criterion 
and convergence of the model was 
used to decide which variables to enter 
into or remove from the model. Akaike 
information criterion is on the basis 
of how well the model fits the data 
points corrected for the amount of de-
grees of freedom (21). By comparing 

of training programs and their contri-
bution to the dataset is shown in Table 
E1 (online).

Instrumentation
The Dutch Radiology Progress Test 
is a mandatory test simultaneously 
taken semiannually by all Dutch radi-
ology residents and it covers all radiol-
ogy subdomains. It is a progress test, 
which means that the same end-of-res-
idency–level questions are answered 
by residents of all training levels. The 
Dutch Radiology Progress Test is a for-
mative test that provides feedback for 
residents and program directors with-
out a pass-or-fail decision. About 16% 
of the 200 questions included images 
(ie, image questions) that intend to 
test image interpretation skill. Images 
used in the test were conventional im-
ages and sections selected from com-
puted tomographic (CT) scans and 
magnetic resonance (MR) images (ie, 
two-dimensional images). The remain-
der are nonimage questions that assess 
factual radiologic knowledge. Accord-
ing to Bloom taxonomy, factual knowl-
edge involves “the basic elements that 
students must know to be acquainted 
with a discipline or solve problems 
in it” (18,19). All questions are true/
false/do-not-know items. Scores are 
calculated by formula scoring (ie, sub-
tracting incorrect from correct ques-
tion scores) to correct for guessing 
(20). Answering “do not know” did 
not yield a score. Scores were calcu-
lated as a percentage from the max-
imum score. Questions with low re-
liability were removed from the test, 
and therefore maximum scores ranged 
from 188 to 197 (the total number of 
questions in the test). A detailed de-
scription of the test and its quality can 
be found in Ravesloot et al (12) and 
in Table E2 (online). In this previous 
study, test data from Dutch Radiology 
Progress Tests from 2005 to 2009 were 
evaluated for quality (12). Indicators 
of test quality were good. Reliabilities 
of the test scores were found to be 
consistently high (Cronbach a, ~0.90). 
Indications for construct validity of the 
test were found (eg, higher test scores 
with increased level of training).

to correct for potential influences. Test 
date was necessary to correct for diffi-
culty differences between tests.

Sample and Population
Residents followed a 5-year training 
program; however, they did not all go 
straight through the program because 
of, for example, part-time work or re-
search engagement. To control for these 
differences in pace, training length at 
the time of each test was calculated on 
a 5-year scale (for details on this calcu-
lation see Ravesloot et al [12]). For this 
calculation we used date at training en-
rollment, end of training date, date of 
the test, date of the previous test taken, 
and training length at time of the pre-
vious test. If training length could not 
be accurately determined, data were 
excluded from analysis (eg, when the 
overall training length shortened or the 
enrollment date changed during resi-
dency). If the total training duration for 
a resident appeared to be more than 
7 years or less than 4.5 years, all test 
results pertaining to that resident were 
excluded. All test results of 31 residents 
(176 test results) and 20 test results of 
11 residents were excluded. Residents 
frequently became exempt from taking 
a test once or more during their train-
ing for various reasons (eg, because of 
maternity leave or a doctorate trajec-
tory) and therefore these results are 
missing. The median number of test re-
sults per resident in the dataset was 5.0 
(interquartile range, 3.0–7.0). In total, 
2884 test results from 11 tests from 577 
residents in 26 hospitals were left for 
inclusion, 1477 of which pertained to 
residents in academic programs and 
1407 to residents in nonacademic pro-
grams at the times of examination; 1779 
scores (61.6%) were from men and 
1105 (38.3%) were from women. There 
were 239 residents (41.4%) who stayed 
in nonacademic programs throughout 
their residency, 260 residents (45.1%) 
who stayed in academic programs, and 
78 residents (13.5%) who switched 
between academic and nonacademic 
programs during their training. Median 
age at the start of residency training 
was 29.6 years (interquartile range, 
27.8–31.4 years). The characteristics 
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and represents knowledge question 
score development during residency. 
Model characteristics are shown in 
the Table. The model included test 
date, hospital, and age at enrollment, 
and explained 86.4% of the variance 
in factual knowledge score within in-
dividuals. The predicted average fac-
tual knowledge score was 10.9% at 
the start of residency and 45.1% at 
the end of residency. The slope of the 
curve decreased 12.4%, 6.3%, 3.2%, 
and 1.6% per year after 1, 2, 3, and 
4 years of training, respectively (ie, 
50% every year; Fig 2a).

The maximum score was influ-
enced by the specific training hospi-
tal, which also significantly influenced 
the slope of the curve. The difference 
in average predicted maximum score 
between individuals in lowest- and 
highest-scoring hospitals was 22.9% 
(36.5%–59.4%; Fig 3a). Age at enroll-
ment was also a significant predictor of 
the asymptote. The average predicted 
maximum percentage score increased 
0.72 (standard error, 0.20; P , .001) 
per year with participants who were 
younger at enrollment (Fig 3b). Hos-
pital type (academic or nonacademic) 
and sex did not significantly improve 
the model of factual knowledge de-
velopment and were therefore not in-
cluded in the model.

Predictors of Radiologic Image 
Interpretation Skill Development
The model that best predicted image 
interpretation skill development dur-
ing residency included specific training 
hospital, age at enrollment, and sex 
(Fig 2, Table). The model explained 
67.9% of the variance in image score 
development within individuals. Im-
age interpretation development had 
the same curvilinear pattern as fac-
tual knowledge question score de-
velopment but increased faster and 
reached a higher predicted score at 
end of residency (55.8%). The slope 
of the curve after 1, 2, 3, and 4 years 
of training was 16.8%, 8.2%, 4.0%, 
and 2.0% per year, respectively (ie, it 
decreased by 50% every year).

The maximum image question 
score was significantly influenced by 

the model or the results of the study, 
and were included in the analyses.

Modeling the predictors of expertise 
development.—To estimate the speed of 
knowledge and image interpretation skill 
development during residency, the slope 
of the predicted curves of the knowledge 
and image score best-fitted models were 
calculated at four time points: 1, 2, 3, 
and 4 years after start of residency.

Coefficients of the statistically sig-
nificant predictors in both models were 
used to estimate the magnitude of the 
influence of each predictor on expertise 
regarding knowledge or image interpre-
tation skill development.

Results

Predictors of Factual Radiologic 
Knowledge Development
The best-predicting model of factual 
knowledge development of the av-
erage subject is shown in Figure 2a  

the two competing models, the model 
with the lowest Akaike information 
criterion is assumed to fit best. A 
variable was considered a statistically 
significant predictor when inclusion of 
this variable led to a decrease in the 
Akaike information criterion of the 
model. Subsequently, the influence of 
this predictor on each of the differ-
ent separate parameters (asymptote, 
log-rate constant, and score of 0) was 
separately assessed again by using the 
Akaike information criterion. If inclu-
sion of the variable led to an increase 
in Akaike information criterion, the 
variable was considered not signifi-
cant and was removed from the model. 
Data were analyzed with the SSAsym-
pOff function of the library “nlme” of a 
statistical program (R Version 2.15.2; 
R Foundation for Statistical Comput-
ing, Vienna, Austria).

Test results from residents who 
were trained in both academic and non-
academic programs did not influence 

Figure 1

Figure 1:  Graph of parameters in the applied nonlinear mixed-effects model. 
The x-axis is the training years and the y-axis is the test score. The green line 
is asymptote, which indicates the maximum score. The purple line crossing the 
y-axis shows when the participant reached half his maximum score (asymp-
tote). The vertical purple line crossing the x-axis shows the number of training 
years the participant needed to reach 50% of his maximum score. The log-rate 
constant (LRC) indicates the speed at which half of the asymptote is reached. 
To measure this speed, the time needed to get from score zero to halfway the 
asymptotic score is used (purple line with double-ended arrows). Blue star is 
the time at score of 0 (C0).
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enrollment, the average predicted per-
centage image interpretation skill score 
at end of residency was 1.0 higher (stan-
dard error, 0.22; P , .001).

Sex influenced the slope of image 
question score development but did not 
influence the asymptote of image ques-
tion score.

Discussion

Factual radiologic knowledge and im-
age interpretation skill development 
as reflected by knowledge and image 
question score development showed a 
curvilinear shape during residency. Af-
ter 1 year of training, the slope of the 
knowledge and image question scores 
measured 12.4% and 16.8%, respec-
tively, and every following year the slope 
decreased by 50% until it reached 1.6% 
and 2.0%, respectively, after 4 years of 
training. This aligns with the generic 
Thurstone learning curve and with other 
empirical examples that show that learn-
ing gain decelerates over time (22–25). 
In particular, scores on progress test-
ing in undergraduate medical education 

and highest-scoring hospitals was 
45.4% and 68.6%, respectively (Fig 4).  
For every year younger at time of 

the specific training hospital and age 
at enrollment. The average predicted 
score of individuals in lowest-scoring 

Figure 2

Figure 2:  Graphs show predicted curve for a fictitious individual with mean values for covariates against 
training length, plus curves (dotted lines) indicating where the middle 95% of individuals would have scored 
if they had mean covariate values. Longitudinal development of (a) factual knowledge and (b) image inter-
pretation skill scores during radiology residency on the basis of the following equations for knowledge-based 
(nonimage) and image-based question scores, respectively: y = 46.4 3 {1 2 exp [20.68 3 (x + 0.37)]} 
and y = 55.8 3 {1 2 exp [20.71 3 (x + 0.21)]}, where exp is exponent. All parameter estimates are 
significant, with P values less than .001 ( Table). 

Characteristics of Best-fitting Models 
for Knowledge and Image Question 
Scores 

Predictor P Value

Knowledge score model
  Asymptote
    Test date ,.001
    Age at enrollment ,.001
    Training hospital ,.001
  Log rate constant
    Training hospital , .005
  Starting point C0
    Test date ,.005
Image score model
  Asymptote
    Test date ,.001
    Age at enrollment ,.001
    Training hospital ,.001
  Log rate constant
    Sex ,.01

Note.—Scores are based on the Akaike information 
criterion. C0 = score of 0. P values obtained from an 
analysis-of-variance table.
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showed similar decelerating growth of 
knowledge (20,26). Our findings also 
align with results on a study regarding 
skeletal radiograph interpretation de-
velopment that shows a short phase of 
rapid increase of resident performance, 
after which learning slows down (27).

This result has two consequences 
for radiologic training. First, individ-
ual progress evaluation in the first 3 
years of residency is important. Be-
cause much progression is expected 
in this period, below-average im-
provement in an early phase can be 
an indication for concern and may 
require in-depth evaluation of clinical 
performance and additional training. 
Second, in the final training year, ex-
perience alone might not be sufficient 
to further increase expertise. For 
example, more focused training and 
feedback on knowledge gaps or image 
interpretation errors might be impor-
tant after the concept of deliberate 
practice, which implies that expertise 
in a specific domain develops best as 
a result of repetitive execution of rel-
evant tasks with specific and immedi-
ate feedback and reflection (28).

From the beginning of residency, 
the acquisition of radiologic image in-
terpretation skill appeared to develop 
at a faster rate than factual knowledge 
scores. This aligned with previous find-
ings (14) and implied that radiology ex-
pertise begins to develop directly from 
the start of exposure to images. It sug-
gested that not much radiology-specific 
factual knowledge was needed for this 
initial development.

We hypothesized that, because of 
a high workload and image exposure 
in nonacademic hospital contexts, this 
setting would yield a more rapid image 
interpretation skill development. Our 
findings do not confirm this. One pos-
sible explanation might be that a lower 
workload in academic hospitals allows 
for more in-depth study and receipt of 
feedback, and thus for deliberate prac-
tice and compensation for the lower 
image exposure in this setting (13,29). 
Further, there may be a limit to the 
effective amount of image exposure 
for learning image interpretation skill. 
Another explanation is that the Dutch 

Figure 3

Figure 3:  Predicted curves of development of scores on factual knowledge questions for individuals (a) in 
training hospitals with average (continuous line), lowest (dotted line), and highest (dotted line) scores and (b) 
with enrollment at age 25 (dashed line), 30 (solid line), and 35 (dotted line) years and otherwise characteris-
tics for an average fictitious individual in the dataset.

Figure 4

Figure 4:  Predicted curves of development of scores on image questions for residents in training hospitals 
with average (continuous line), lowest (dotted line), and highest (dotted line) scores, and otherwise average 
characteristics.
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training hospitals and their individual 
influence on development of expertise 
may be useful for designing successful 
training environments. Second, at the 
end of training, experience alone seems 
not sufficient for expertise growth. 
More research should be focused on 
successful methods for continuous 
growth. Third, evaluation in the initial 
years of residency is important because 
knowledge growth is expected to be 
largest during that period.

Our study has limitations. First, 
the Dutch Radiology Progress Test 
does not measure the full range of 
requisite skills in clinical practice. 
For one thing, image questions were 
on the basis of only two-dimension-
al images (ie, conventional images 
and single sections selected from CT 
scans and MR images) (33–35). Stack 
viewing and other advanced image 
manipulation skills were not tested, 
and neither were practical skills (eg, 
ultrasonography and interventions) 
nor communication skills. Second, 
residents were not randomly distrib-
uted over hospitals because hospitals 
use different selection procedures. 
Effects of hospital on expertise de-
velopment might therefore be biased 
by resident differences. Third, we did 
not measure the effect of workload on 
expertise development directly, but 
indirectly inferred this by assuming 
that workload, in the sense of patient 
caseload, was higher in nonacademic 
hospitals than in academic hospitals.

Expertise developed rapidly in the 
initial years of radiology residency and 
leveled off in the 3rd and 4th train-
ing year. The shape of the curve was 
mainly influenced by the specific train-
ing hospital.
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Radiology Progress Test includes ques-
tions on less prevalent illnesses, which 
are rare in nonacademic hospitals. Un-
like hospital type, hospital was a sta-
tistically significant predictor of knowl-
edge and image interpretation skill 
development. Application for residency 
in the Netherlands happens through 
an open-market competitive selection 
procedure. Criteria are defined by in-
dividual training hospitals and differ 
from site to site. Because the data 
were anonymous for the hospital, it is 
unclear what caused these differences; 
they could be patient populations, resi-
dent selection procedures, educational 
programs, or other factors.

On the basis of our model, trainees 
who begin radiology residency directly 
after medical school are expected 
to show the largest development in 
knowledge and image interpretation 
skill, which results in slightly higher 
final scores. This is consistent with the 
sparse evidence on this topic in un-
dergraduate medical education (17). 
An explanatory note regarding transi-
tion from university medical education 
to graduate medical education in the 
Netherlands is needed. The major-
ity of medical graduates do not start 
residency immediately after medical 
school, but spend time to acquire ad-
ditional clinical experience, prepare 
for applications, perform research, or 
spend months to years otherwise be-
fore starting postgraduate training.

Other than the slightly faster initial 
increase of image scores for male par-
ticipants, sex differences did not influ-
ence expertise development. This con-
tradicts results from studies that show 
that women generally outperform men 
in medical school (15,16). One expla-
nation might be that, on average, men 
have better spatial abilities than women 
(30), which might be positively related 
to initial radiologic image interpretation 
development (31,32).

Our results can help to improve the 
training of radiology residents in several 
ways. First, it is important to realize 
that factual radiologic knowledge and 
image interpretation skill development 
are related to training environment. 
Research that explores differences in 
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