DIGITAL
TOMOSYNTHESIS

Elizabeth A. Rafferty, M.D.
Director of Breast Imaging
Avon Comprehensive Breast Center
Massachusetts General Hospital n};@

THE CHALLENGE

Prompt annual mammography has shown the
ability to reduce the mortality rate from breast
cancer by in a population by almost 50%

As many as 20% of breast cancers will be
missed by mammography

Sensitivity decreases as breast density
increases

1 Tabar et al. Cancer 2001

DIGITAL MAMMOGRAPHY

DMIST

Digital mammography offers a cancer detectic
benefit for specific subgroups of women

Women < 50 years of age
Pre- and peri-menopausal women

Women with dense or heterogeneously den
breast tissue
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DIGITAL MAMMOGRAPHY

But perhaps the true strength of digital
mammography lies not in its conventiona
use but rather in its ability to serve as a
platform for the development of other
mammography-based breast imaging
applications.




BACKGROUND

A major factor contributing to the limited sensitivity
of mammography is the “structured noise” that is
created by the overlap of normal breast structures in
two-dimensional mammographic projection.

These overlapping structures can obscure a lesion
making it more difficult to perceive or rendering it
completely mammographically occult.

By mimicking mammographic lesions, overlapping
structures can also generate false positive findings a
screening, resulting in unnecessary recalls.

CONVENTIONAL MAMMOGRAPHY

X-ray source remains
stationary in a position
perpendicular to the
compressed breast

X-rays pass through the
breast and strike the dete

Detector “reads out” the
captured information to
create an image

TOMOSYNTHESIS

Potential advantages
Potential challenges
Path to implementation

How close are we?

BACKGROUND

Tomosynthesis is a three-dimensional
mammographic examination whose goal is to
minimize the effects of structure overlap
within the breast resulting in improvements in
both sensitivity and specificity from
mammography.

BREAST TOMOSYNTHESIS

X-ray tube moves throug
a proscribed arc of
excursion

Eleven low-dose projectic
images are acquired duril
a 10-second sweep

Total dose for a single
acquisition < 150 mrads
(1.5 mGy)

TOMOSYNTHESIS: ADVANTAGES

Tomosynthesis: Potential advantages

Increased lesion visibility

Facilitation of margin analysis and extent of
disease

Reduction in recall rate through minimizing
the effects of summation artifact

Precise lesion localization







PURPOSE

The purpose of this study was to compare
radiologists’ cancer detection rate and
screening recall rate using conventional full-
field digital mammography (FFDM) plus
breast tomosynthesis (TOMO) to the cancer
detection rate and recall rate observed when
using FFDM alone.

STUDY RATIONALE

Benefit of TOMO was expected to be greater for
masses and architectural distortion than for
calcifications; therefore inclusion of the FFDM image
should maximize calcification detection

MULTICENTER READER STUDY

Data presented are the result of a multi-center
multi-reader study supported by a grant from
Hologic, Inc.
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STUDY RATIONALE

Benefit of TOMO was expected to be greater for
masses and architectural distortion than for
calcifications; therefore inclusion of the FFDM image
should maximize calcification detection

Transition to tomosynthesis will likely involve
combined use of both FFDM and TOMO

Prior investigation suggests that two-view TOMO wil
be needed for optimal detection

Comparison with prior imaging is facilitated if the
current examination includes both FFDM and TOMC
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METHODS: SUBJECT RECRUITMENT

1083 women were recruited from 5 clinical
centers

856 women had presented for screening
mammography

227 women had presented for breast biopsy
(percutaneous or excisional)

All subjects underwent FFDM and TOMO of
both breasts in the CC and MLO position

METHODS: IMAGE REVIEW

Radiologists at the individual accruing sites read the
FFDM screening cases indicating whether recall was
indicated first withouprior imaging, and
subsequently witiprior imaging

Site Pls at the individual accruing sites read the
TOMO screening cases in the same manner first
withoutand subsequently witbrior imaging

METHODS: READER STUDY

From the cohort of 1083 women, 3ifhaging
data sets (FFDM and TOMO) were randomly
selected for the multi-reader study

48 biopsies—malignant histology
48 biopsies—benign histology
141 cases recalled from screening

75 negative studies at screening

“4data

METHODS: IMAGE REVIEW

Radiologists at the individual accruing sites read the
FFDM screening cases indicating whether recall was
indicated first withouprior imaging, and
subsequently witlprior imaging

METHODS: IMAGE REVIEW

Radiologists at the individual accruing sites read the
FFDM screening cases indicating whether recall was
indicated first withouprior imaging, and
subsequently witiprior imaging

Site Pls at the individual accruing sites read the
TOMO screening cases in the same manner first
withoutand subsequently witbrior imaging

Patients were clinically recalled if either the FFDM ol
the TOMO interpreter felt recall was indicated after
comparison with prior imaging

DATASET:. CASE TYPE

O Malignant
Biopsies
B Benign Biopsies

B Recalls from
Screening

B Negative Studie




STUDY ENDPOINTS

STUDY ENDPOINTS

To assess radiologist performance as
demonstrated bROC analysiswhen reading
FFDM imaging compared with their
performance when reading FFDM plus TOMC

imaging

To assess radiologist screennegall rate
when reading FFDM imaging compared with
their recall rate when reading FFDM plus
TOMO imaging

METHODS: READER STUDY

Scoring:

STUDY ENDPOINTS

To assess radiologist performance as
demonstrated bROC analysiswhen reading
FFDM imaging compared with their
performance when reading FFDM plus TOMC
imaging

METHODS: READER STUDY

Readers' initially reviewed and scored the
FFDM imaging

Readers’ subsequently reviewed the TOMO
combined with the FFDM imaging and scored
the combination

METHODS: READER STUDY

Scoring:

Readers initially scored the imaging as BIRADS 0,1,
(o] g4

Data was used for the recall analysis




METHODS: READER STUDY RESULTS

Scoring: ROC Analysis

Readers initially scored the imaging as BIRADS 0,1,
or2

Data was used for the recall analysis

Readers then gave a forced BIRADS score for all
BIRADS “0” cases

Readers assigned a probability of malignancy score
each imaging set

Data was used for the ROC analysis

ROC ANALYSIS BY READER
RESULTS USING PROBABILITY OF MALIGNANCY SCALE

ROC Analysis

For all 12 readers, the ROC curve was superior for
FFDM plus TOMO compared with FFDM alone

RESULTS ALL CASES: POOLED 12 READERS

ROC Analysis

Using multi-reader, multi-case analysis, the differenc
in AUC for FFDM plus TOMO vs FFDM alone were
hlghly Significant ! Area (Az) - 2D plus 3D
Area (Az) - 2D

Difference
p value

0.1 0.2 03 0.4 0.5
FPF




ALL CASES: POOLED 12 READERS ALL CASES: POOLED 12 READERS

Area (Az) - 2D plus 3D Area (Az) - 2D plus 3D 0.90

Area (Az) - 2D Area (Az) - 2D 0.83
Difference Difference 0,07

p value p value 0,0004
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NON-CALCIFICATION CASES:

POOLED 12 READERS

Area (Az) - 2D plus 3D
Area (Az) - 2D
Difference

p value

01 02 03 04 05 06 07 08 09

FFDM IMAGE

FFDM IMAGE

FPF

NON-CALCIFICATION CASES:
POOLED 12 READERS

Area (Az) - 2D plus 3D
Area (Az) - 2D
Difference

0.92
0.82
0.10
pvalie

01 02 03 04 05 06 07 08 09

FFDM IMAGE

FFDM IMAGE

FPF

TOMO IMAGE

TOMO IMAGE



RESULTS

CALCULATED PERFORMANCE
FROM FORCED BIRADS SCORES

ROC Analysis

FFDM

When a forced BIRADS score of 4 or 5 is considerec
positive and a BIRADS scores of 1, 2, or 3 is
considered a negative, the sensitivity and specificity
FFDM plus TOMO were both increased when
compared with FFDM alone

CALCULATED PERFORMANCE

Sensitivity
Specificity
Positive Predictive Value

Negative Predictive Value

65.5%

84.1%

76.2%

89.2%

42.9% 56.2%

93.0% 95.4%
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RESULTS RESULTS

Recall Analysis Recall Analysis

In evaluating the 216 screening cases included in the
dataset, all 12 readers demonstrated a significant
reduction in their recall rate using combined FFDM
plus TOMO compared with FFDM alone

“Based on assumption of 10% recall rate at basefitheFFDM alone “Based on assumption of 10% recall rate at basefitheFFDM alone

RECALL RATES FOR SCREENING CASES RECALL RATES FOR SCREENING CASES

Recall Rates for Negative Recall Rates for Negative
and Recall Cases and Recall Cases
Reader Number |FFDM FFDM plus p-value Reader Number |FFDM FFDM plus p-value
TOMO TOMO

64.8% 6.5% <0.00001 64.8% 6.5% <0.00001
57.4% 17.6% <0.00001 57.4% 17.6% <0.00001
29.6% 7.4% <0.00001 29.6% 7.4% <0.00001
44.0% 6.0% <0.00001 44.0% 6.0% <0.00001
78.6% 10.2% <0.00001 78.6% 10.2% <0.00001
71.3% 14.8% <0.00001 71.3% 14.8% <0.00001
42.8% 16.3% <0.00001 42.8% 16.3% <0.00001
56.0% 19.9% <0.00001 56.0% 19.9% <0.00001
50.5% 19.4% <0.00001 50.5% 19.4% <0.00001
63.4% 22.2% <0.00001 63.4% 22.2% <0.00001
42.1% 7.4% <0.00001 42.1% 7.4% <0.00001
12 17.1% 6.9% 0.00010 12 17.1% 6.9% 0.00010

P
Ro©O~NO UM WNE

1
2
3
4
5
6
7
8
9
10
11

Mean 51.5% 12.9% Mean 51.5% 12.9%
Difference 38.6% Difference 38.6%
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O Malignant
Biopsies
B Benign Biopsies
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B Negative Studie

Summation shadow resolved by adding TOMO to FFDM




Summation shadow resolved by adding TOMO to FFDM Summation shadow resolved by adding TOMO to FFDM

Summation shadow resolved by adding TOMO to FFDM RESULTS

Recall Analysis

¢ In evaluating the 216 screening cases included in the
dataset, all 12 readers demonstrated a significant
reduction in their recall rate using combined FFDM
plus TOMO compared with FFDM alone

Based on the analysis of the screening cases, it is
predicted that the addition of TOMO to FFDM at
screening would reduce the recall rate by 40%

*Based on assumption of 10% recall rate at basefieFFDM alone

TOMOSYNTHESIS TOMOSYNTHESIS: CHALLENGES

« Potential advantages Tomosynthesis: Potential Challenges

. | lim isition parameters are n
Potential challenges deal image acquisition parameters are not
known
Arc of excursion
Number of projection images

Time of acquisition




TOMOSYNTHESIS: CHALLENGES

Tomosynthesis: Potential Challenges

Will tomosynthesis need to be performed in
more than one position?

ONE VIEW OR TWO?

In a pilot study, 12/34 lesions (35%) were
more visible or only visible on either the MLO
or the CC acquisition

In 4/12 cases (33%), the MLO acquisition was
superior

In 8/12 cases (67%), the CC acquisition was
superior




TOMOSYNTHESIS: CHALLENGES

Tomosynthesis: Potential Challenges
Need for tomosynthesis-guided intervention
Time for reconstruction is critical
Tomosynthesis-guided needle localization

Tomosynthesis-guided core needle biopsy

TOMOSYNTHESIS: CHALLENGES

Tomosynthesis: Potential Challenges
Size of the data sets is huge
Challenges for archival and retrieval

Need for concurrent assessment by
information technology colleagues

? Portability of images

TOMOSYNTHESIS: CHALLENGES

Tomosynthesis: Potential Challenges
What is the role of the diagnostic examination

To determine if a potential finding is real vs
summation artifact

To better delineate the margins /
morphology /extent of lesions

To localize findings three-dimensionally to
allow intervention

TOMOSYNTHESIS

» Potential advantages
 Potential challenges

Path to implementation




IMPLEMENTATION IMPLEMENTATION

Tomosynthesis: Path to Implementation Tomosynthesis: Path to Implementation

Transition period: need to be able to perform Attention to workflow is critical
conventional mammography as well as three- . .
dimensional acquisitions Workstation design

Upgrade pathway from conventional digital Comparison with conventional mammography

units must be clear Implementation of CAD?

IMPLEMENTATION TOMOSYNTHESIS

Tomosynthesis: Path to Implementation _
Potential advantages
Issues of reimbursement must be addressed

. . Potential challenges
Three-dimensional data set

. . . Path to implementation
Requires reconstruction and cross-sectiona

review How close are we?

Expectation would be for fewer false
positive recalls resulting in a higher PPV for
a recalled examination

NEW DIRECTIONS NEW DIRECTIONS

Tomosynthesis: How close are we? Breast Tomosynthesis

Under development with major mammography Mammography—only better
manufacturers .
Access to the general population
| Electri .
Gener.a ectric Opportunity for further development of x-ray
Hologic imaging of the breast

SIEERIS Contrast administration

Planmed Fusion technology




BREAST CANCER SCREENING

Tabar et al. Cancer 2001

DETECTING BREAST CANCER

Early detection is currently the most powerful
intervention impacting mortality and
morbidity from breast cancer.

Mammographic screening is undertaken in ar

asymptomatic population in order to detect
breast cancers at a smaller size and earlier
stage, maximizing the chance for cure.

COMPUTER AIDED DETECTION

Mammographic interpretation: The Task

The “normal” appearance of the breast is highly
variable and complex

Early mammographic manifestations of malignancy
are often quite subtle

The incidence of breast cancer in the screening
population is very low

Thresholds must be set so that false-positive call-
backs are minimized

MISSED CANCERS

AND THE ROLE OF

COMPUTER-AIDED
DETECTION

Elizabeth A. Rafferty, M.D.
Director of Breast Imaging
Massachusetts General Hospital
Harvard Medical School

COMPUTER AIDED DETECTION

Mammography is an imperfect tool

Overall reported sensitivities for
mammography vary from 65-90%

Approaching 98% in fatty breasts

Only approximately 50% in extremely
dense breasts

COMPUTER AIDED DETECTION

Mammographic interpretation: The Skill Set
Perceptual skills
Image analysis skills

Setting (and re-setting) of appropriate
thresholds for action

Active avoidance of “satisfaction of search”




COMPUTER AIDED DETECTION

“Interval cancers”

Cancers presenting in women within 12 months of a
negative screening mammogram

Includes cancers visible in retrospect on screening
mammography as well as those with no
mammaographic evidence, even in retrospect

Account for 15-20% of breast cancers diagnosed
annually

COMPUTER AIDED DETECTION

Factors potentially contributing to failure to
detect cancer on a screening mammogram

Interpreter perceptual error
Interpreter analysis error
Breast density

Concurrent findings

Lack of comparison with prior examinations

COMPUTER AIDED DETECTION

Occasionally our eye can fail to perceive wha
is immediately obvious to another observer.

When pointed out to us, however, the finding
will then often be obvious to us as well.

COMPUTER AIDED DETECTION

“Missed cancers”

Biopsy-proven cancers recognized via

retrospective reviewf a screening
mammogram which was initially interpreted
as showing no evidence of malignancy.

Should not be equated with negligence on the pa
of the radiologist

Retrospective nature of the assessment cannot
replicate prospective circumstances.

COMPUTER AIDED DETECTION

Factors potentially contributing to failure to
detect cancer on a screening mammogram

Interpreter perceptual error

PERCEPTION

(Kundel and Nodine Radiology 1983)




PERCEPTION

(Kundel and Nodine Radiology 1983)

COMPUTER AIDED DETECTION

Even when the target object of interest i<

known, perception can still be
challenging.

FINISHED FILES ARE THE RE-
SULT OF YEARS OF SCIENTIF-
IC STUDY COMBINED WITH THE

EXPERIENCE OF YEARS

PERCEPTION

(Kundel and Nodine Radiology 1983)

COMPUTER AIDED DETECTION

Find all of the “F"s

COMPUTER AIDED DETECTION

How many were there???
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FINISHED FILES ARE THE RE-
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IC STUDY COMBINED WITH THE

EXPERIENCE OF YEARS

COMPUTER AIDED DETECTION

Strategies for minimizing “missed cancers”

Independent non-consensus human double
reading

INDEPENDENT DOUBLE READING

Double reading increases the breast car

detection rate by 5-15%.

Bird 5%
MGH 7%
Sweden 15%

COMPUTER AIDED DETECTION

Strategies for minimizing “missed cancers”

Independent non-consensus human double
reading

Consensus human double reading
Selective double reading
CAD

CAD plus human double reading

COMPUTER AIDED DETECTION

Takes advantage of double perception

First reader interprets images and marks
findings for recall

Double reader looks at images and recal
any additional findings thought to warran
recall without reversing any of the first
reader’s recalls




Invasive Ductal Carcinoma
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Invasive Ductal Carcinoma

COMPUTER AIDED DETECTION

Strategies for minimizing “missed cancers”

* Independent non-consensus human double
reading

Consensus human double reading

INDEPENDENT DOUBLE READING

Independent double reading increases
the detection rate of cancer, but also
increases the recall rate.

CONSENSUS DOUBLE READING

Incorporates the element of “double
perception”

Attempts to minimize false-positive recalls by
allowing the second reader to attempt to
dissuade the first reader from recalls which are
felt to be unwarranted

May dilute the incremental sensitivity of the
double reader if through “consensus” a cancer
is dismissed




COMPUTER AIDED DETECTION

Strategies for minimizing “missed cancers”

* Independent non-consensus human double
reading

e Consensus human double reading

Selective double reading

DOUBLE READING

Double reading is not the standard of

care, and the majority of practices do not

have the resources to double read.
Time
Resources
? Feasibility in the digital environment

COMPUTER AIDED DETECTION

Can a computer prove as effective
(or moreeffective) than a human
double reader?

SELECTIVE DOUBLE READING

Because the first reader selects the cases to
show to the second reader, this technique doe
not take advantage of “double perception”

The second reader may still attempt to
dissuade the first reader from recalls which are
felt to be unwarranted

This approach emphasizes specificity rather
than sensitivity

DOUBLE READING

In a practice screening 10,000 women
per year:

~ 30 cancers will be detected

Double reading would add an
additional 1-2 cancers

COMPUTER AIDED DETECTION

Strategies for minimizing “missed cancers”

* Independent non-consensus human double
reading

» Consensus human double reading
 Selective double reading
CAD




COMPUTER AIDED DETECTION

Computer analysis of mammograms
Mammograms must be in digital format
Via digitization
Via direct digital acquisition

Analysis accomplished through proprietary
schemes involving

Computer vision
Artificial intelligence

COMPUTER AIDED DETECTION

Artificial Intelligence

Data acquired through computer vision is then analy:
using artificial intelligence techniques

Artificial intelligence attempts to solve problems not k
applying algorithms but by learning from multiple
examples in which the imaging features of interest ar
guantified and associated with a known outcome

Different forms of artificial intelligence can be
hybridized and combined with computer vision to
become a proprietary CAD algorithm

MASS CODE

Searches for patterns of dense regions and degisasevith
radiating lines suggestive of masses or architettistortions.

central mass alone no central mass central mass  Pronounced radiating
is marked is not marked is marked lines marked with or
without central mass.

however, normal breast structures can also be marked:

ducts and tissue \ crossing
radiating from the parenchymal
nipple \ bands

COMPUTER AIDED DETECTION

Computer vision

Begins with a processing stage in which imagi
features deemed important are enhanced and
those of less interest are de-emphasized

Segmentation then separates the image into
regions having similar attributes

Tiny foci of low optical density
(microcalcifications)

Spiculated margins

MICROCALCIFICATION CODE

The CAD System searches for clusters of bright spots
which are suggestive of microcalcification clusters

N

Normal structures at times can satisfy the softwar§
criteria for patterns associated with microcalcificasio

clustered or rim crossing bands
benian calcifications

calcified artery

COMPUTER AIDED DETECTION

Assessing the Performance of Computer
Detection Algorithms:

Sensitivity

Specificity

Nature of the cases in the database under stuu




COMPUTER AIDED DETECTION

Warren Burhenne et al
1,083 screening mammograms detecting
cancers along with most recent prior
mammogram where available (493) from 13
community radiology practices

Review of the 493 mammograms preceding
the examination resulting in diagnosis
performed by three independent unblinded
radiologists showed an “actionable finding”
had been present in 286 (67%) cases.

Warren Burhenne et al. Radiology 2000

COMPUTER AIDED DETECTION

Warren Burhenne et al

Part two: The 1,083 currently diagnosed
cancers as well as the 286 prior mammogran

deemed “actionable findings” by the
unblinded panel were subjected to CAD
analysis.

Warren Burhenne et al. Radiology 2000.

COMPUTER AIDED DETECTION

Warren Burhenne et al

CAD correctly identified 171 / 286 (60%) of
the “actionable findings” from the prior
mammograms

CAD correctly identified 906 / 1,083 (84%) of

the cancers from the current mammograms
99% (400 / 406) of microcalcifications
75% (506 / 677) masses

Warren Burhenne et al. Radiology 2000.

COMPUTER AIDED DETECTION

Warren Burhenne et al
Three part study

Part one: Five different radiologists reviewed
mixed case sets which included currently
diagnosed cancers; the “actionable findings”
from prior studies; and normals. Performance
was tracked.

Warren Burhenne et al. Radiology 2000.

COMPUTER AIDED DETECTION

Warren Burhenne et al

A majority (at least 3 of the 5) of the blinded
radiologists identified 112 / 286 (39%) of the
“actionable findings” from prior
mammograms

Warren Burhenne et al. Radiology 2000.

COMPUTER AIDED DETECTION

Warren Burhenne et al

Part three: In a prospective arm of the trial, 1
radiologists’ recall rates were assessed befor:
and after the installation of a CAD prompter.

Pre-installation mean recall rate: 8.3%

Post-installation mean recall rate: 7.6%

Warren Burhenne et al. Radiology 2000




COMPUTER AIDED DETECTION

Warren Burhenne et al

Part three: In a prospective arm of the trial, 1
radiologists’ recall rates were assessed befor
and after the installation of a CAD prompter.

Pre-installation mean recall rate: 8.3%

Post-installation mean recall rate: 7.6%
No statistically significant difference

Warren Burhenne et al. Radiology 2000
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Birdwell et al

The mammographic characteristics of the
missed cancers did not differ from those of
routinely recognized suspicious lesions

Spiculated masses

Linear branching calcifications

Only 2/115 characterized as focal
asymmetry

Birdwell et al. Radiology 2001
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Freer and Ulissey

19.5% increase in cancer detection rate
Number of cancers detected rose from 41 to 49

7 of the 8 additional cancers presented as
microcalcifications

All 8 of the additional cancers Stage 0 or Stage |
CAD system marked 40 of the 49 cancers

Freer and Ulissey. Radiology 2001
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Birdwell et al

Retrospectively reviewed the mammographic
characteristics of cancers “missed” at screening
mammography and assess the ability of CAD to
correctly identify those cancers.

Cases analyzed were the 112 “actionable findings”
cases which had been deemed “detectable” by a
majority of the blinded independent reviewers in the
Warren Burhenne study.

Birdwell et al. Radiology 2001
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Freer and Ulissey

Prospective evaluation of impact of CAD on
interpretation of screening mammograms

12,860 mammograms over 12 months assessed
without CAD / with CAD

Recall rate

Cancer detection rate

PPV of biopsy

Stage of malignancy at detection

Freer and Ulissey. Radiology 2001
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Malich et al

Assessed rate of CAD detection of
malignancy by lesion type and size

208 malignancies analyzed
94 masses
58 calcifications
56 combined lesions

Malich et al. Radiology 2003
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Malich et al

CAD correctly identified

106 / 114 (93%) of the calcifications
135/ 150 (90%) of the masses

Malich et al. Radiology 2003
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Strategies for minimizing “missed cancers”

CAD plus human double reading
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Destounis et al

Of the 519 cancers diagnosed in the year
2000, 318 had prior mammograms

71/ 318 had some visible findings of disease
on their prior study

On panel review, at least 3 / 5 radiologists
independently determined that 52 of these 71
findings were “actionable”.

Destounis et al. Radiology 2004

CAD DETECTION OF MASSES

Malich et al. Radiology 2003
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Destounis et al

Sought to assess the incremental contributior

of CAD in a practiced utilizing independent
non-consensus double reading.

Retrospective review

Destounis et al. Radiology 2004
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Destounis et al

CAD correctly marked 37 / 52 (71%) of the
“actionable” findings

19/ 29 (65%) of masses

7 1 8 (88%) calcifications

4/ 6 (67%) masses with calcifications

7 19 (78%) architectural distortions

Destounis et al. Radiology 2004
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Baker et al

If d d with the i t of t 50 screen-detected breast cancers were analyzed 1(
_youdo read with the Input of computer- separate times by a commercially available CAD
aided detection, should you retain a history of system

the prompts? Variability in true-positive prompts was seen in
14/50 (28%) of cases

10 masses
4 calcifications

Variability in false-positive prompts was
significantly higher

Baker et al. Radiology 2004

10/2002 10/2002

10/2002 6 /2003



6 /2003 6 /2003
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Dean et al

Computer aided Prospective evaluation of impact of CAD in both
detection is FDA screening and diagnostic setting over 28 months

approved for 9,520 mammograms assessed without CAD / with
diagnostic CAD
interpretation too! 59.1% screening

39.9% diagnostic

Dean et al. AJR 2006; 187:20-28.
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Dean et al
104 cancers detected
10/104 (9.6%) detected by CAD only But what about that

4 on screening paper in the New
6 on diagnostic England Journal of

PPV increased from 21.9% to 26.3% Medicine?
Screening recall rate increased from 6.2% to 7.8%

Cancers detected by CAD only were significantly
smaller

Dean et al. AJR 2006; 187:20-28.
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Fenton et al

After implementation of CAD:
Diagnostic specificitydecreased from 90.2% to 87.2%
PPV decreased from 4.1% to 3.2%
Biopsy rate increased by 19.7%

An increase in sensitivity from 80.4% to 84.0% was not
significant (p=.32)

Fenton et al. NEJM 2007.
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Fenton et al

After implementation of CAD:
Diagnostic specificity decreased from 90.2% to 87.2%
PPV decreased from 4.1% to 3.2%
Biopsy rate increased by 19.7%

An increase in sensitivity from 80.4% to 84.0% was not
significant (p=.32)

Conclusion: “The use of CAD is associated with reduced
accuracy of interpretation of screening mammograms.”

Fenton et al. NEJM 2007.
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Fenton et al

Validity of the study?

Performance of CAD was not measured on an
individual case basis but across populations

Radiologists did not have a wash-in period to learn

optimal use of the tool

If 38 radiologists over 18 months read the 31,186

cases: avg of 547 cases/yr

Why would the biopsy rate increase? Raises
questions about the interpretive skills of the
radiologists

Fenton et al. NEJM 2007.

Diagnostic specificity decreased from 90.2% to 87.2%
PPV decreased from 4.1% to 3.2%
Biopsy rate increased by 19.7%

An increase in sensitivity from 80.4% to 84.0% was$
significant(p=.32)

Fenton et al. NEJM 2007.
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Fenton et al
Validity of the study?

Only 7/43 facilities actually adopted CAD during the
study and were measured

Only 31,186 of the 429,345 mammograms (7%)
were involved in the CAD interpretation

BIRADS scale was inconsistently applied for
screening

ROC analysis was performed using the BIRADS
data (a non-continuous variable)

Fenton et al. NEJM 2007.
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Fenton study is the only clinical study to
conclude that the use of CAD is associated
with reduced performance by radiologists
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Fenton study is the only clinical study to
conclude that the use of CAD is associated
with reduced performance by radiologists

The study contains many flaws in
methodology and analysis; ongoing rebuttal is
essential to counteract efforts to eliminate
reimbursement and research funding and
preserve CAD as a tool which can assist
radiologists in detecting cancers at a higher
rate and smaller size in clinical practice
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Computer aided detection in its current form Computer aided detection in its current form
attempts to impact on possible perceptual attempts to impact on possible perceptual
errors of the reader errors of the reader

Number and type of lesions detected will be
dependent on inputs used to develop the
algorithms
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Computer aided detection in its current form
attempts to impact on possible perceptual
errors of the reader

Number and type of lesions detected will be
dependent on inputs used to develop the
algorithms

Once prompted, the reader will have to utilize
his / her judgment to deem the finding
actionable or not




