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Outline

 Variability: observers / readers / sites

 Agreement

 Accuracy

 ROC curves in Multi-reader studies

 Issues with sample size projections
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Variability differs

 Identify sources of variability

 Variation in radiologist performance is reflected in

 ROC, AUC, Sens, Spec, Agreement

 Training, routine, experience, all contribute

 Random (due to random variation)

 Explained (due to knowable factors, i.e. experience)

 Possible to adjust for explained variation 
(simplest approach is to stratify)

 Good studies identify sources of variability

Agreement

 Agreement does not imply accuracy or truth

 Measures of Agreement/Reliability

 Kappa, weighted kappa

 Multireader kappa

 Intraclass correlation coefficient

 Graphical assessment: Bland-Altman plot

 Two observers only

 Plots difference of scores versus average

 Look for lack of patterns
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K = 0.43 (0.38,0.469)

K = 0.35 (0.04,0.45) K = 0.413 (0.36,0.46)

Berg, Blume, et. 
al. JAMA, 2008

*Actual analysis incorporated reference standard

Data/Resp
onse

Agreement 
Measure

What it measures Extensions

Dichotomous
or 
Categorical

Kappa Percent agreement 
corrected for chance 
(‘The diagonal’)

Multireader Kappa

Ordered 
Categorical

Weighted 
Kappa

Percent agreement 
corrected for chance, 
but partial credit is 
given for being ‘close’ 
(‘The diagonal’ + 
partial credit for close 
‘off diagonals’)

Weighted Multi-
reader Kappa

Continuous Intraclass
Correlation 
Coefficient 
(ICC)

Proportion of total 
response variance
due to readers

Analysis and 
reporting of
variance 
components
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Data/Respo
nse

Agreement 
Measure

Scale

Dichotomous -1 < Kappa <= 1 > 0.75                is excellent
> 0.40 & <0.75   is fair to good
< 0.40                is poor

Categorical Weighted Kappa Same as Kappa

Continuous 0 <= ICC <= 1 > 0.85         nearly perfect reliability
> 0.75 & <0.85    excellent reliability
> 0.60 & <0.75    good reliability
> 0.40 & <0.60    fair  reliability
< 0.40 poor reliability

Inference for agreement

 Most statistical packages test the hypothesis 
that the agreement statistic, such as kappa, 
is zero

 This is effectively useless

 Avoid this problem by reporting the 
confidence interval for kappa or ICC 

 Sample size projections based on these 
statistics are complex 
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CT: 4 readers, 146 cases
MR: 4 readers, 152 cases
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• Retrospective reader study, designed to assess 
the value of two semi-automated systems for 
calculating volumes of brain tumors on MR 
images, in patients with new, postoperative, 
and recurrent malignant gliomas. 

• 16 readers evaluated 24 cases on each 
platform.
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Pulmonary Nodules: Interscan Variability of Semiautomated
Volume Measurements with Multisection CT— Influence of 
Inspiration Level, Nodule Size, and Segmentation Performance

Gietema et al, Radiology 2007

Conclusion: Variation of semiautomated volume measurements of 
pulmonary nodules can be substantial. Segmentation represents the most 
important factor contributing to measurement variability. Change in 
inspiration level has only a weak effect for completely segmented 
nodules.

20 patients, scanned twice with low dose CT
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Need to account for threshold

Averaging sensitivities and specificities can be 
misleading
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Accuracy of Pap test, (Fahey et al, Am J Epi, 1996)
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Variability is the focus

 Multi-reader studies: involve multiple readers 
interpreting common sets of imaging studies 
derived by one or more diagnostic modalities 

 Uniform imaging protocol

 Studies can not assess/estimate reader 
variability unless they use same set of cases 

 Variety of available analytic approaches 

Performance of mammographers interpreting a 

common set of images (Beam, Arch Int Med, 1996)

23

24



13

CT and MRI for cervical cancer

Accuracy of CT Colonography for 
Detection of Large Adenomas & Cancers

 ACRIN; prospective; 2600 asymptomatic participants; 15 
radiologists (Johnson et al. NJEM, Sept 2008) 

 Sensitivity for the detection of adenomas or cancers 
measuring 10 mm or more in diameter  (based on the 
identification of all lesions measuring 5 mm or more) 

 Graph: radiologists are ordered according to the total 
number of cases read; the size of each square (point 
estimate) is proportional to the square root of the total 
number of cases read. The number of positive cases (at 
least one adenoma or cancer 10 mm) is shown below each 
confidence interval. 
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Variability among readers in NCTC study

Johnson et al. NEJM, 2008

Prospective 
design,  

2600 
asymptomatic 
participants

15 radiologists 

Reader Study:

Breast MR w/ & w/o CAD

 Accuracy and Efficiency of Computer Aided Diagnostics 
Among Novice and Expert Breast MRI Readers. AJR. Lehman 
CD, Blume JD, et al.

 Aim: To compare the diagnostic accuracy of breast MR 
imaging interpretation with and without a computer-aided 
diagnostic (CAD) system in novice and expert readers.

 20 readers reading with CAD and without CAD. 

 9 experts and 11 novices

 70 cases, 27 were benign and 43 were malignant

 Test result scale: Probability of Malignancy scale (5 cats)
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ROC without CAD (expert in blue and novice in red)
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CAD NoCAD

Reader AUC SE AUC SE p-value

1 0.8586 0.0411 0.8039 0.0500 0.2062

2 0.8771 0.0475 0.7967 0.0489 0.1231

3 0.8405 0.0445 0.8274 0.0468 0.7929

4 0.7761 0.0567 0.7471 0.0575 0.6399

5 0.8577 0.0444 0.7963 0.0557 0.2588

6 0.7765 0.0559 0.6763 0.0656 0.1230

7 0.8119 0.0558 0.8396 0.0513 0.4504

8 0.7757 0.0577 0.7984 0.0561 0.6596

9 0.7281 0.0588 0.7862 0.0537 0.2734

10 0.7866 0.0568 0.7458 0.0591 0.4677

11 0.7479 0.0606 0.7639 0.0567 0.8310

12 0.8493 0.0501 0.8077 0.0486 0.2715

13 0.7416 0.0601 0.7921 0.0532 0.4056

14 0.8809 0.0434 0.8245 0.0460 0.2128

15 0.8434 0.0502 0.8068 0.0512 0.5048

16 0.8636 0.0412 0.7942 0.0511 0.1472

17 0.8346 0.0534 0.8253 0.0505 0.8443

18 0.8733 0.0433 0.7997 0.0553 0.0446

19 0.8632 0.0449 0.8136 0.0529 0.0969

20 0.7946 0.0587 0.7879 0.0599 0.8289

Overall 0.8191 0.7917 0.0865
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AUCs: CAD vs. No CAD

20 readers; 70 cases
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20 readers; 70 cases

Some results

 Overall test averages AUCs using random-reader 
effects model. The p-value is 0.0865.

 The 95% CIs for the difference is [-.0043, 0.0591] 

 95% CIs for Mean Accuracy of Each Modality

 For CAD      : [0.7367, 0.9014]

 For No CAD : [0.7108, 0.8726]
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CAD NoCAD

Readers
Average 

AUC

Average 

AUC
p-value

BIRADS

All 20 0.8091 0.7841 0.0890

Expert 9 0.8266 0.7972 0.1308

Novice 11 0.7949 0.7734 0.2665

Prob. of 

Malignancy 

Scale

All 20 0.8191 0.7917 0.0865

Expert 9 0.8383 0.8058 0.0752

Novice 11 0.8033 0.7801 0.2390

% Prob. of 

Malignancy 

(PPM)

All 20 0.8238 0.8036 0.2529

Expert 9 0.8431 0.8231 0.1941

Novice 11 0.8080 0.7876 0.3881

How to Combine ROC data?

 Must compare ROC curves (threshold=confounder)

 Must distinguish between variability of

 Operating point (Threshold)

 Accuracy (Roc Curve/Area)

 What is an average ROC curve for a population of 
readers?

 Several possible ways to define such a curve, each with 
its own advantages and disadvantages. For example, area 
under average curve is not equal to the average area. 
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There are many ways to 
‘average’

 Many ways to average (which is why you need statistical 
help!)

 Compute estimate, then average estimates.

 Pool data, then compute estimate

 Pool data under model that addresses reader variation, then 
compute estimate

 Regression models for outcomes typically do #3

 ‘Average’ ROC curve vs. Average area

 Average over binormal parameters 

 Average over ordinal regression parameters

An example of a study with low variability 
across readers
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ACRIN 6659

 MR Spectroscopy of the Prostate

 Assess the performance of MRS compared to 
MR alone in localizing and staging prostate 
cancer in sextants of the prostate. 

 Reader study, 134 patients across seven sites 
(one reader per site plus PI, all cases 
distributed to each site)

 Consensus panels to determine pathology 
imaging matching.
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Commentary

 Extensive variability in accuracy exists among test 
interpreters in both screening & diagnostic contexts.

 Magnitude of variability is of interest 

 Ideally, the analysis of accuracy assesses both

 an average value of diagnostic performance , and

 the variation across test interpreters

Analysis techniques 

 Multi-center or Multi-reader studies

 Report results by reader

 Ignore the site / reader and pool the data (not 
recommended – often leads to attenuation)

 Model response score and/or ROC

 Combine ROCs with an (weighted) average or  
(fancy) model

 Use regression models, fancy models, bootstrap 
techniques on AUCs to tease out different sources 
of variability
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Generalizability of results

 Reader population

 expert readers vs. professionals ‘at large’

 variation across readers & institutions

 extent of reader experience 

 want to generalize beyond sample on the 
study, but do not want to bias against new 
technology if readers have little experience

Generalizability of results

 Case mix (spectrum)

 representative sample

 all forms of disease in sample

 sample prevalence may influence 
interpretation because of limited spectrum 
or, even with representative spectrum, 
because of factors such as reader vigilance
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Generalizability of results

 Technical characteristics of the imaging 
process

 precise description of techniques

 reproducible at other clinics

 should reflect expected clinical practice, but 
this often varies across institutions – set 
minimum acceptable techniques, or 
allowable range

Multi-reader, Multi-modality studies

 Commonly used design for studies comparing accuracy 
of modalities. 

 Typically, a set of  J readers interprets N scans on the 
same cases by two or more modalities (“fully crossed” 
design)

 Several other variants of the design exist, to be used in 
special circumstances when fully crossed design is not 
practically feasible. 

 Goal is to compare average measure of performance 
between modalities, while accounting for correlations in 
the data and for reader variability.

 Rarely each reading is repeated K times
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Multi-reader, multi-modality 
designs

 The variance of the difference in AUC estimates is 
(Zhou, Obuchowski, McClish, 2002)

where

 2
b is the between-reader variability

 2
w is the within-reader variability 

 2
c is the case variability 

 Note that K is almost always 1.
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Multi-reader, multi-modality designs

 r1 = corr. b/w area est., same reader, diff. modality

 r2 = corr. b/w area est., diff. readers, same modality

 r3 = corr. b/w area est., diff. reader, diff. modality

 rb = corr. b/w area est., set of readers, diff. modality
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Multi-reader, multi-modality 
designs

 Consider power as well.

 Values for parameters need to be assessed on the 
basis of previous studies. Design is sensitive to 
parameter values.

 Examples of values used:

 2
b  = 0.000625,  2

w = 0.0001 

 (exponential assumption)

 rb = 0.82

 (r1, r2, r3) = (0.44, 0.33, 0.29) or (0.3, 0.1, 0.05)

)/2 ]θVar[]θ Var[(σ 21

2

c
ˆˆ 

Multi-reader studies

 Multi-reader study designs typically introduce a trade-off 
between required cases and readers and can thus lead to 
studies with fewer required cases.

 Computations for design and analysis are complex.

 Power to compare average AUC of two modalities, if 
difference in areas in 0.10, and average AUC is 0.85.   

4 readers 6 readers 8 readers

Design n=50 n=100 n=50 n=100 n=50 n=100

Fully paired 0.5 0.61 0.77 0.88 0.89 0.97

Unpaired case, 
paired reader

0.29 0.42 0.44 0.64 0.53 0.75

Paired case, 
unpaired reader

0.36 0.44 0.6 0.71 0.76 0.86

Zhou , Obuchowski
& McClish, 2002
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Zhou, Obuchowski, McClish. Statistical Methods in Diagnostic Medicine.
2002. page 303
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Example of Variability: Analysis of 
head and neck cancer data 

 38 radiologists interpreted CT and MRI scans on head 
and neck cancer patients. Each case was interpreted 
by 3 readers in each modality. Total of  20 CT readers, 
18 MRI readers.

 Degree of suspicion about metastasis recorded on 5 
point ordinal categorical scale.

 A fancy model accounts for correlations due to cases 
and readers (see Ishwaran and Gatsonis, 2000)

 Fancy (Posterior) estimates of AUCs presented in next 
two graphs.
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