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Abstract

OBJECTIVE—The purpose of this study was to compare the diagnostic accuracy and 

interpretation times of breast MRI with and without use of a computer-aided detection (CAD) 

system by novice and experienced readers.

SUBJECTS AND METHODS—A reader study was undertaken with 20 radiologists, nine 

experienced and 11 novice. Each radiologist participated in two reading sessions spaced 6 months 

apart that consisted of 70 cases (27 benign, 43 malignant), read with and without CAD assistance. 

Sensitivity, specificity, negative predictive value, positive predictive value, and overall accuracy 

as measured by the area under the receiver operating characteristic curve (AUC) were reported for 

each radiologist. Accuracy comparisons across use of CAD and experience level were examined. 

Time to interpret and report on each case was recorded.

RESULTS—CAD improved sensitivity for both experienced (AUC, 0.91 vs 0.84; 95% CI on the 

difference, 0.04, 0.11) and novice readers (AUC, 0.83 vs 0.77; 95% CI on the difference, 0.01, 

0.10). The increase in sensitivity was statistically higher for experienced readers (p = 0.01). 

Diagnostic accuracy, measured by AUC, for novices without CAD was 0.77, for novices with 

CAD was 0.79, for experienced readers without CAD was 0.80, and for experienced readers with 

CAD was 0.83. An upward trend was noticed, but the differences were not statistically significant. 

There were no significant differences in interpretation times.

Address correspondence to C. D. Lehman (lehman@u.washington.edu). 

Presented at the 2009 annual meeting of the RSNA, Chicago, IL.

Supported by an Avon-NCI Progress for Patients (PFP) Award, supplement to FHCRC Cancer Center support grant P30 CA15704.

HHS Public Access
Author manuscript
AJR Am J Roentgenol. Author manuscript; available in PMC 2015 July 22.

Published in final edited form as:
AJR Am J Roentgenol. 2013 June ; 200(6): W683–W689. doi:10.2214/AJR.11.8394.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



COCLUSIONS—MRI sensitivity improved with CAD for both experienced readers and novices 

with no overall increase in time to evaluate cases. However, overall accuracy was not significantly 

improved. As the use of breast MRI with CAD increases, more attention to the potential 

contributions of CAD to the diagnostic accuracy of MRI is needed.
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MRI is currently considered a key tool in detection and management of breast cancer. 

Several medical organizations that establish policy for breast cancer screening and 

management recommend the use of MRI for specific applications in defined patient 

populations [1–3]. Consideration of breast MRI is recommended to assess extent of disease 

in patients with a recent diagnosis of breast cancer [4–9] and to screen women who are at 

high risk of breast cancer, such as those who have a BRCA1 or BRCA2 mutation or those 

with a lifetime risk greater than 20% according to models that depend on family history [2].

The assessment of breast MRI examinations is based on evaluation of morphologic and 

kinetic features of enhancing lesions. These assessments depend on both high-spatial- and 

high-temporal-resolution imaging. A typical breast MRI examination may include as many 

as 1000 images as thin slices obtained through the breasts at multiple time points before and 

after contrast material is injected. To address the challenges of reviewing these large 

datasets, software programs have been developed to assist radiologists in image review. 

These tools focus primarily on providing visual cues to present kinetic information to the 

radiologist in a more accessible manner. Color overlays are provided that direct the 

radiologist to regions with more suspicious patterns of enhancement, such as regions with 

rapid uptake and delayed-phase washout of contrast medium. Although these computer-

aided detection (CAD) systems are commercially available and widely used in breast MRI 

interpretation, little is known regarding the effect of use of CAD systems on diagnostic 

accuracy and interpretation time for breast MRI.

The purpose of this study was to compare the diagnostic accuracy of breast MRI 

interpretations by novice and experienced readers using and not using a CAD system. A 

secondary aim was to compare times for breast MRI interpretation by novice and 

experienced readers using and not using a CAD system.

Subjects and Methods

Study Design

This study was exempt from institutional review board review. It was a reader study 

involving 20 radiologists, each reading the same set of cases with and without CAD. Nine of 

the radiologists were determined to be experienced readers who had performed at least 100 

breast MRI examinations before study participation, and 11 were novice readers. Each 

participant completed two reading sessions spaced 6 months apart to minimize recall bias. 

For each session, before interpreting images the participants participated in a short review of 

BI-RADS breast MRI terminology (e.g., finding types and kinetics) led by one of the study 
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investigators. For CAD-assisted readings, color overlays and CAD tools were available and 

used at the discretion of the radiologist. Non-CAD readings included visual assessment of 

the dynamic series.

Each session involved reading one half of the cases with CAD assistance and one half 

without. The selection and order of cases were randomized for each reader to further 

minimize the influence of temporal bias, recall bias, and learning effects (i.e., improvement 

in reading accuracy due to the extra practice of being in this study). The case series was 

composed of 70 breast MRI cases, 27 of which had benign outcome and 43 of which had 

malignant outcome. The reference standard was obtained in the International Breast MR 

Image Consortium (IBMC) study 6883, in which a combined biopsy-proven histologic and 

clinical follow-up protocol was used for obtaining final outcomes of the lesions.

The primary endpoint was the reader’s evaluation of the presence of malignant lesions in the 

breast. For each case, the reader was asked to identify any suspicious lesions (detection) and 

to rate the likelihood of malignancy or benignancy (classification) of each case. Readers 

were instructed to provide an overall assessment of the case as a whole based on the most 

suspicious lesion identified. Results for each reader allowed calculations of sensitivity, 

specificity, and overall accuracy as measured by the area under the receiver operating 

characteristic (ROC) curve (AUC).

Primary Endpoint Capture

Three different scales were used to capture each reader’s interpretation: modified BI-RADS 

(BI-RADS scale without category 0), probability of malignancy scale (1, definitely absent; 

2, probably absent; 3, equivocal; 4, probably present; 5, definitely present), and percentage 

probability of malignancy scale (0–100%, i.e., each reader’s subjective assessment of the 

probability that the breast had malignant foci). Three interpretation scales were used because 

each plays a different role in the assessment of reader performance and because they have 

differing clinical utility. Moreover, the domain of the scales affects the statistical 

performance of the fitting algorithms used to derive ROC curves. The plurality of these 

measures can count for practical issues like reader preference and familiarity and clarity and 

precision. Finally, consistent performance among the various rating scales has strong 

internal validity, excellent external generalizability, and robustness of results compared with 

statistical fitting algorithms, which have a tendency to result in overestimation of the AUC 

when the number of categories in an ordinal scale is small.

A sample size of 70 MRI examinations with approximately 40% abnormal and 60% normal 

cases was determined to provide excellent statistical precision and power for a two-sided 

5%-level test to detect a difference in CAD performance of at least 10%. For this 

determination a correlation between the same reader interpretations was assumed to be 0.4, 

the correlation reader-specific differences in the areas was assumed to be 0.1, and the range 

of AUC estimates was as follows: novice not using CAD, 0.65; experienced not using CAD, 

0.8; novice using CAD, 0.75; and experienced using CAD, 0.85 [10–14]. This was also 

projected to provide a CI margin of error (i.e., half width) of less than 0.06 for experienced 

readers and less than 0.075 for novice readers [15]. These assumptions were supported by 

observed trends in the National Cancer Institute–sponsored IBMC study 6883.
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Computer-Aided Detection System

In this study, we used the CADstream system developed by Confirma. The CADstream 

software is designed to enhance data analysis of contrast-enhanced images. CADstream is a 

validated computer-aided method that addresses the numerous issues unique to MRI with 

contrast enhancement, including registration technology and temporal analysis. 

Segmentation of enhancing lesions based on characteristic intensity signatures is designed to 

improve tumor detection, classification, and measurement (Figs. 1 and 2). At the time this 

study was proposed, CADstream was the only device cleared by the U.S. Food and Drug 

Administration for computer-aided analysis of MR images for the identification of similar 

tissue types. Other CAD systems that generate similar kinetic assessment summaries have 

since become commercially available.

Images

Images used in this study were selected by the study investigators from the image data 

archive established at the American College of Radiology in conjunction with IBMC study 

6883. This dataset was chosen because it includes images obtained with a variety of 

acquisition techniques at various institutions. This provides a representative real-world set of 

images on which to test the utility of the CAD system. Images in this data archive were 

provided by facilities that adhered to a rigorous image acquisition protocol [10].

The image acquisition protocol and patient and lesion characteristics are described in detail 

in a previous publication [16]. In brief, the protocol included a series of 3D T1-weighted 

gradient-echo sequences performed before and after IV administration of 0.1 mmol (0.2 mL) 

gadolinium chelate per kilogram of body weight. Slice thickness was 3 mm or less, and the 

acquisition time for each T1-weighted sequence was less than 4 minutes. T1-weighted 

dynamic series, T2-weighted unenhanced, subtraction, and maximum-intensity-projection 

images were provided for review. All images in the data archive were reviewed by members 

of the IBMC quality control committee to assure proper image acquisition. Each image was 

assigned a quality score based on this review. Only images that met current clinical 

standards for image quality were considered for use in our CAD reader study. Lesions in the 

IBMC dataset included the following histologic findings: 43.5% benign, 42.4% invasive 

carcinoma, 7.7% ductal carcinoma in situ, and 6.3% atypical ductal or lobular hyperplasia.

Readers

The readers came from diverse backgrounds, approximately one half practicing in academic 

settings and one half in private practice. Eight of the nine experienced readers had 

completed a fellowship (one half completed fellowships in MRI), and 5 of the 11 (45%) 

novices were fellowship trained (one with a fellowship in MRI). Most of the experienced 

readers had been out of residency at least 6 years, and slightly more than one half of the 

novice readers had been out of residency for 6 years or more. Forty percent of the readers 

were breast imagers or mammographers; 25% were MRI or abdominal imagers; 36% were 

general radiologists; and 27% were residents.
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Data Analysis

Data were cleaned and analyzed with the SAS 9.0 (SAS Institute), Stata 10.0 (StataCorp), 

and R (R Project) software packages. Reader interpretation scales were dichotomized to 

compute standard operating metrics (e.g., sensitivity, positive predictive value [PPV], and 

negative predictive value [NPV]). We calculated 95% CIs for these metrics, AUCs, and 

comparisons between them (e.g., differences of sensitivities or of AUCs). The method of 

Leisenring et al. [17] was used to compare PPVs and NPVs. Reader interpretations were 

analyzed with a standard ROC method [18, 19]. Empirical AUCs were compared with fitted 

AUCs determined with Rockit software (version 1.1b2, Metz CE, University of Chicago) 

[20, 21]. Differences in observed AUCs were assessed with standard U statistics and 

standard regression approaches (both allow correlation between AUCs) [19, 22].

A random effects analysis of variance (ANOVA) model was used to compare average AUCs 

across CAD groups [22]. The interaction between reader expertise and CAD covariates was 

examined, and regression models were fit with and without reader expertise.

A separate regression analysis was used to model interpretation time. Time to complete an 

examination included both image review and reporting of results. The regression model was 

adjusted for reading session (first or second), reader demographics and expertise, case 

difficulty, and assistance of CAD. The effect of reading session was essentially a learning 

effect. Generalized estimating equations with robust standard errors were used to account for 

the correlation in interpretation times due to repeat reads of an image within and across 

readers [23].

Results

Results across interpretative scales were remarkably consistent. Table 1 summarizes the 

AUCs by scale and expertise. For the BI-RADS scale, the AUC for novices without CAD 

was 0.77 and with CAD was 0.79; the AUC for experienced readers with CAD was 0.80 and 

without CAD was 0.83. A general upward trend moving from novice to experienced readers 

and from without to with CAD was noticed, but the difference was not statistically 

significant even in a flexible model that included an interaction for this effect. The results 

were suggestive, but an even larger study is needed to detect this improvement if the 

magnitude of improvement is as observed here. We found no evidence to support an 

improvement due to CAD of more than the 0.1 AUC units assumed in our initial projections 

(which is admittedly a large difference, but also the smallest that could practically be 

assessed at the time).

Table 2 summarizes the reader-specific AUCs for the probability of malignancy scale, and 

Figures 3A and 3B show these curves. Figures 3A and 3B show that the reader-to-reader 

variability of the ROC of novice and experienced readers is substantial and is the major 

contributor to the statistical variance. Almost identical results were observed for the BI-

RADS and percentage probability of malignancy scales (not shown). These findings indicate 

that attempts to expand the interpretive scale do little to reduce the statistical variability of 

readings despite increasing the number of categories used to interpret images.
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Summary measures of accuracy are presented in Table 3 for the BI-RADS scale 

(dichotomized at category 3 or less vs 4 or greater). Use of CAD improved sensitivity for 

both experienced (AUC, 0.91 versus 0.84; 95% CI on the difference, 0.04, 0.11) and novice 

readers (AUC, 0.83 versus 0.77; 95% CI on the difference, 0.01, 0.10). There was a 

significant difference for interaction in the comparison of experienced readers using CAD to 

novices without CAD assistance (AUC, 0.91 versus 0.77; p = 0.01). This difference was also 

significant on the percentage probability of malignancy scale (p = 0.047) but not on the 

probability of malignancy scale. No differences were seen in specificity or PPV. A 

difference in NPV was seen within the experienced group when reading with and without 

CAD (NPV, 0.81 versus 0.70 for BI-RADS scale; 95% CI, 0.03, 0.20; p < 0.05 for both 

scales). These results were remarkably consistent across rating scales.

To compare the efficiency of breast MRI interpretation with and without use of a CAD 

system between novice and experienced readers, we measured the amount of time it took for 

readers to complete each examination within a session (Tables 4 and 5). No significant 

differences were found overall in time to assess cases with or without CAD. However, there 

was a small session effect, likely due to a learning effect. The generalized estimating 

equation model used to adjust for session effect yielded a significant interaction between 

reference standard and CAD reading after adjustment for session (p = 0.021). This result 

implied the images with abnormal findings read with CAD took slightly longer to assess 

(1.18 minutes; 95% CI, 0.175, 2.2 minutes).

Discussion

To our knowledge, this multicenter reader study of the effect of CAD on diagnostic accuracy 

of breast MRI is the first of its kind and the only one designed to minimize the influence of 

temporal bias, recall bias, and learning effects. We found that CAD does improve the 

sensitivity of breast MRI interpretation. Previous studies showed that CAD applied to breast 

MRI can improve the distinction between malignant and benign lesions [24–27], although 

one study did not find improved accuracy when CAD was used [28]. We found the 

sensitivity of MRI improved with CAD for both experienced and novice readers. We also 

found an interaction effect whereby the highest sensitivity was achieved when experienced 

readers were using CAD. A nonsignificant trend was also seen toward improved diagnostic 

accuracy among novices not using CAD to experienced readers using CAD.

Our findings are similar to those reported by Shimauchi et al. [29]. In that study, 50 benign 

and 50 malignant lesions were reviewed with a specialized CAD program that provided six 

radiologists with a malignancy probability score. The authors reported an increase in 

sensitivity when CAD was applied to conventional methods of MRI interpretation. They 

also reported improvement in overall diagnostic accuracy. In that study, readings with a 

specialized CAD program that provided a probability of malignancy were compared with 

readings that entailed conventional interpretations with commercially available software for 

kinetic image data processing and visualization. As CAD products are developed that 

incorporate malignancy probability scales and kinetic information, further study will be 

important to guide clinical use and practice.
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This study highlights important issues regarding the design of reader studies for evaluating 

CAD performance of radiologists. The consistency of our results across rating scales is an 

important finding. First, it implies that in similar settings attempts to increase statistical 

power by developing more refined assessments are not likely to be successful. It also implies 

that accuracy estimates from interpretations in similar settings that are assessed with 5-point 

rating scales can be as precise as continuous scales. Because radiologists often find 

continuous scales difficult to use in practice and because in our experience they do not 

necessarily use them uniformly, there does not appear to be a strong case for continuing to 

use them in settings in which they will be burdensome. Specific to our breast imaging 

results, the 5-point BI-RADS scale is the one with which radiologists are most adept and is 

consistently used in clinical practice across all breast imaging examination assessments.

One noteworthy exception is that the interaction for comparing experienced readers using 

CAD to novices not using CAD was significant on the BI-RADS and percentage probability 

of malignancy scales but not on the probability of malignancy scale. Experienced readers 

using CAD had higher performance than novices not using CAD. This finding, however, 

appears to be due to a lack of statistical precision on the probability of malignancy scale 

rather than a differential finding.

It is also important that by documenting the reader-specific AUCs, we identified significant 

reader-to-reader variability in the effect of CAD use on interpretive accuracy. As the use of 

breast MRI with CAD increases, more attention to the potential contributions of CAD to the 

diagnostic accuracy of MRI is needed, and additional reader studies are indicated. Even 

larger reader studies will be needed to detect changes and improvement in reader accuracy. 

As imaging methods continue to rapidly evolve, carefully designed reader studies are needed 

to assess new techniques and their potential effect on diagnostic accuracy.

There were limitations to this study. The designation of experienced was subjective and 

based on the requirements of the American College of Radiology guidelines for radiologists 

to be accredited in interpretation of breast MR images. More stringent requirements for 

designating experienced readers might have yielded different results. Radiologists did not 

undergo specific training in the use of CAD applied to MRI before participation in the study. 

This training also might have influenced the results.

This study provides valuable information on reader variation for future research. CAD 

appears to improve the sensitivity of breast MRI interpretations. Education programs on 

CAD should attend to methods of improving both overall diagnostic accuracy and the 

efficiency of MRI interpretation.
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Fig. 1. 58-year-old woman with ductal carcinoma in situ
A and B, Initial axial contrast-enhanced MR images without (A) and with (B) computer-

aided detection (CAD) color overlay show enhancing mass in right posterior medial breast 

that is more evident with color overlay. CAD detailed synopsis showed rapid initial phase 

(96% of lesion) uptake of contrast material with mixed delayed phase kinetics (40% washout 

in lesion) in this intermediate grade ductal carcinoma in situ.
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Fig. 2. 47-year-old woman with invasive ductal carcinoma
A and B, Initial axial contrast-enhanced MR images without (A) and with (B) computer-

aided detection (CAD) color overlay show enhancing mass in left posterior lateral breast that 

is more evident with color overlay. CAD detailed synopsis showed rapid initial phase (56% 

of lesion) uptake of contrast material with mixed delayed phase kinetics (27% washout in 

lesion) in this invasive ductal carcinoma.

Lehman et al. Page 11

AJR Am J Roentgenol. Author manuscript; available in PMC 2015 July 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 3. Receiver operating characteristic curves
A, Without computer-aided detection. Blue indicates experienced reader; red, novice reader.

B, With computer-aided detection. Blue indicates experienced reader; red, novice reader.
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Lehman et al. Page 13

TABLE I

Area Under the Curve (AUC) for Experienced and Novice Readers With and Without Computer-Aided 

Detection (CAD)

Experience Level
No. of

Readers

Average AUC

paWithout CAD With CAD

BI-RADS

  All 20 0.7841 0.8091 0.0890

  Experienced 9 0.7972 0.8266 0.1308

  Novice 11 0.7734 0.7949 0.2665

Probability of malignancy scale

  All 20 0.7917 0.8191 0.0865

  Experienced 9 0.8058 0.8383 0.0752

  Novice 11 0.7801 0.8033 0.2390

Percentage probability of malignancy scale

  All 20 0.8036 0.8238 0.2529

  Experienced 9 0.8231 0.8431 0.1941

  Novice 11 0.7876 0.8080 0.3881

Note—AUCs compared by use of empirical AUCs and a random effects model [20–22].

a
H0 = no difference.
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TABLE 5

Mean Time (min) to Read One Examination

Reference
Standard

First Session Second Session

CAD No CAD CAD No CAD

Negative 5.08 (4.45, 5.71) 4.92 (4.32, 5.52) 4.02 (3.41, 4.63) 3.86 (3.24, 4.48)

Positive 6.03 (5.54, 6.53) 4.69 (4.17, 5.20) 4.97 (4.46, 5.48) 3.62 (3.13, 4.12)

Note—Values in parentheses are confidence intervals. Model is based on a generalized estimating equation model for time with adjustment for 
reader correlation. The second session is likely to be more reflective of current practice because it accounts for learning effects.
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