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Abstract

Artificial intelligence (Al) detection algorithms assign probability scores for malignancy on screening mammo-
grams. Using 566 exams (53 cancers), we assessed detection, risk, and multi-score models to define efficient
triage thresholds. ROC analysis showed very high scores achieved excellent specificity and positive predic-
tive value with minimal false positives. A case-score threshold near 85 identified many cancers while limiting
workflow burden. Initiating triage at these “super-specific” scores and lowering as logistics allow may expedite
diagnosis and treatment.

Backgroud: Using Al breast cancer detection scores to triage screening mammogram patients has been described in
several studies. This type of triage could expedite a cancer diagnosis and significantly shorten the time from screening
mammogram to treatment. However, the optimal operating point, or score value, above which patients should be triaged,
has not been well defined. Identifying practical operating points is important because the Positive Predictive Value
(PPV), sensitivity, specificity, and false-negative (FN) rate at different operating points can vary greatly. Materials and
Methond: Using patient datasets constructed from a clinical practice, the performance metrics of various Al scoring
models were calculated at different operating point levels. Results: Mathematical analysis of the very highest cancer
detection case scores revealed that they are highly specific for the presence of breast cancer with few false positives.
Therefore, if only the few highest case scores are used for clinical triage, the expectation is that most patients triaged
will have cancer. Conclusion: In clinical practice, this approach could be used to identify patients who would benefit

from immediate diagnostic workup without overwhelming the clinic logistics with false-positive cases.
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Introduction
Al algorithms have repeatedly been shown to be accurate at

detecting breast cancer on a screening mammogram.l’(’

Al image-
based algorithms can also estimate the risk of developing breast
cancer in the short term of 1 to 5 years based on mammogram
findings.”!" For both detection and risk assessment, a numerical
probability score output is generated where the higher the score, the
more likely the mammograms contains, or will soon contain, identi-
fiable breast cancer respectively. However, the details of exactly how
prevalent cancers are at the very high scores is often overlooked. For
this study, the probability score for cancer detection is called the
“case score,” and the probability score for cancer risk is called the
“risk score.” Statistical analysis of score performance at the highest
levels could provide insight into how these values might be applied
for clinical triage.
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Recently, large data studies have demonstrated that algorithm
predictive performance can be improved further by combining
multiple scores, or by looking at how scores change over time.'*!”
These new techniques are referred to as multi-score fusion and
time-series-based evolution, respectively. Newer commercial cancer
detection algorithms are starting to incorporate a detection score
change over time analysis, but models based on combining muldi-
ple scores are mostly research tools that are not available to practic-
ing radiologists working in community clinics. Also, there has been
little published on the change over time performance for a commer-
cial risk assessment algorithm alone. While these advances improve
Al precision, questions remain about how to translate such perfor-
mance into practical, clinically deployable triage strategies.

Despite ongoing progress, there is little consensus regarding how
to define or apply operating points. The score thresholds determine
when a patient should be triaged for further evaluation. This analy-
sis generated AUC, sensitivity, specificity, NPV, and PPV values that
could be compared. This gives functional insight on score perfor-
mance that would allow an optimal operating point to be chosen.
This is a noninterpretive Al function, meaning a radiologist input is
not necessary for the task as it is categorizing mammograms.

While using Al for triage has been discussed and validated in

multiple prior studies, %>

these studies mostly used case score cut
off values, ie, operating points, that were not well explained and
difficult to understand. This resulted in large numbers of patients
being triaged associated with marked logistic pressure on the existing
workflow. In general, the triage approach focused on the presence
or absence of abnormal mammogram findings with the expectation
that some, but not the majority, of these findings were malignant.
The focus of this approach is trying to achieve sensitivity. These
were “bottom-up” models where the operating point started at a
lower score than the department could handle and was adjusted up
to make it more efficient and more specific. These inconsistencies
highlight the need for a practical framework to determine Al score
thresholds that maximize cancer detection efficiency while minimiz-
ing workflow burden.

With a theoretical triage model focusing on high specificity over
sensitivity, there would be less impact on department logistics since
fewer patients would enter the triage process. With this type of
operating point, a larger percentage of patients sent for triage would
be expected to currently have cancer, and not just questionable
mammogram findings. More cancers would be missed at the higher
operating point with less sensitivity, but there could also be a score
range that would still expedite the care of many of the cancer
patients without placing an unreasonable burden on department
logistics or subjecting to many patients to the stress of a false positive
triage experience. A high specificity triage model would be much
easier to implement in a busy clinical practice and could be consid-
ered a “top-down” model where the case score operating point could
be adjusted down from the highest level if department logistics allow
it.

The purpose of this study was to evaluate Al-derived case and risk
scores to identify operating points that achieve high specificity and
positive predictive value for breast cancer detection while minimiz-
ing false positives and workflow disruption. We hypothesized that
triaging only patients with the very highest Al scores would identify
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a small, high-risk subgroup likely to have cancer, enabling faster
diagnosis and treatment without overwhelming clinical logistics.

Methods

This institutional review board (IRB) approved, Health Insurance
Portability and Accountability Act (HIPAA) compliant retrospec-
tive study under waiver of informed consent used 2 different Al
algorithms to obtain case and risk scores from mammogram studies
on 566 women who underwent DBT mammography (Pristina; GE)
at our institution, University of Michigan Health West. The collec-
tion period of study cases was from December 2020 to Decem-
ber 2022. Only DBT images were used for algorithm analysis. The
patient cohort was intentionally cancer enriched, as this is a typical
method used for algorithm testing. Scores from the detection and
risk algorithms were obtained on each patient, and then the scores
for the patients with biopsy proven cancer (2 = 53) were separated
and compared to non-cancer patients (7 = 513). All cancer patients
were biopsy proven no longer than a few weeks after the DBT exam.
All non-cancer patients had a BI-RADS score of 1(negative) or 2
(benign) on the initial interpretation of the mammogram used for
enrollment, and they remained cancer free for at least 1 year after
enrollment. All of the initial 566 scores are called baseline scores for
the study. All patients also had a second risk score, called “prior”
risk score, obtained from the most recent DBT mammogram done
before the mammogram used for the baseline scoring. The time
interval between the baseline and most recent prior mammogram
was recorded.

Scoring was done using a commercially available breast cancer
detection algorithm, iCAD ProFound Al Detection v2, iCAD, Inc.,
Nashua, NH, which was trained to identify existing cancer on
the mammogram based on morphologic findings and asymmetries.
Only v2 detection software was used, and there were no hardware
upgrades during the data accumulation period. The overall chance
of malignancy, or probability score, on the mammogram from this
detection algorithm is called a case score. The probability score
is also sometime referred to as a detection score. Mammograms
were also scored using an image-based risk assessment algorithm,
Profound AI Risk v2, iCAD, Inc., Nashua, NH. The algorithm
assesses a woman’s 1 to 2-year short-term, absolute risk of develop-
ing breast cancer based on age, breast density, and mammographic
breast features such as asymmetric findings, masses, calcifications,
and other morphologic changes. The risk assessment algorithm was
only available for retrospective research and is currently undergoing
FDA review. These baseline scores were collected after the mammo-
grams had been read by 1 of 2 radiologists; 1 radiologist was fellow-
ship trained in mammography.

The radiologists used the ProFound detection algorithm at the
time of initial image interpretation, before the scores were retrospec-
tively collected. There was no awareness of the study by the radiolo-
gist at the time of initial interpretation. At the time of the study and
submission, the product was developed by iCAD, Inc. During peer
review, iCAD, Inc. was acquired by DeepHealth, which now owns
the products.

AT algorithm scores and clinical information was collected from
the hospital PACS by a single clinical research nurse who was also
responsible for data organization. Patients had the timelines for all



mammograms recorded. Patient age and breast density were noted.
Patients with a history of any prior breast surgery were excluded
from the study because postoperative changes can mimic the appear-
ance of malignancy and cause false positive very high scores. Patients
with a history of needle biopsy were not excluded as they typically
do not develop morphologic changes identical to malignancy that
would cause a false positive high score. There were no male patients
in the study.

Cohort A was the non-cancer group. Starting in December 2020,
consecutive mammograms were enrolled from women who had a
screening DBT mammogram with no cancer detected, BI-RADS
1 or 2, by the interpreting radiologist at the time of the mammo-
gram interpretation. All non-cancer women also had at least a 1-
year cancer free follow up period that was confirmed by review of
our institution’s cancer registry.

Cohort B consisted of nonconsecutive women who had a DBT
mammogram associated with a new breast cancer after a no-cancer,
BI-RADS 1 or 2, mammogram 0.7 to 2.5 years prior to the new
cancer diagnosis. For 12/53 of these patients, the DBT mammo-
gram used was part of a diagnostic workup, either symptomatic or
nonsymptomatic. One cancer could only be seen on MRI, and 1
could only be seen by ultrasound. All cancers were confirmed with
biopsy. Final pathology reports were reviewed and the characteris-
tics of women diagnosed with breast cancer were summarized for
estimated percentages of breast density, histology, invasive grade,
stage and tumor subtypes. Cancer cohort patients were collected
between December 2020 and December 2022. This was a longer
period of collection than the non-cancer cases as the cases were less
frequently encountered, and some were not added until late in the
collection period.

Combining the 2 Cohorts resulted in a cancer enriched test
population, with the non-cancer to cancer ratio was approximately
10:1. Cancer enriched populations are traditionally and commonly
used to test algorithm performance.

The collected Al scores for each patient included baseline detec-
tion score, baseline risk score, most recent prior risk score, and
change in risk score from most recent prior to the baseline exam.
Logistic regression models were used to generate odds ratios (ORs)
and 95% confidence intervals (CI) for accessing how well the
scores were able to separate the cancer and non-cancer mammo-
grams. ROC curves were also constructed to obtain AUC perfor-
mance numbers. In addition, sensitivity, specificity, positive predic-
tive value, and negative predictive value were obtained on each
model at different operating points.

ROC curve analysis assessed predictive discrimination for 3 single
score models: baseline case score, prior risk score, and risk score
change. ROC curve analysis also assessed predictive discrimination
for 2 models that had multiple scores: baseline case score + risk
score change, and baseline case score + risk score change + prior
risk score.

Given the novel nature of the risk score change metric, additional
comparisons and observations were made. For this, Sankey diagrams
displaying risk score changes from prior to baseline mammogram
within cohorts of cancers and non-cancer were constructed. Sankey
diagram groups were created by quartiles of the range in 1l-year
absolute risk at prior and baseline mammograms.
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Results

The study Cohort A was composed of 513 women without breast
cancer (mean age = 55.7 years; SD = 8.2 years), and Cohort
B was composed of 53 women with breast cancer (mean age,
57.0 years SD = 8.9 years). All patients had a baseline mammo-
gram, dated between January 2020 and December 2022, that was
compared with their most recent prior mammogram. The time
between the 2 comparison mammograms was slightly longer in the
cancer group with a mean of 1.4 years (SD = 0.4) compared to
1.1years (SD = 0.1) for the non-cancer group, for a difference of
0.3 years (SD = 0.2). The longest period between mammograms
was 2.5 years for the cancer group and 1.7 years for the non-cancer
group, see Table 1.

The prior risk score mean for non-cancers was 0.30 (SD = 0.33),
and the baseline mean was 0.31 (SD = 0.35), a difference of 0.01.
The prior risk score mean on cancer cases was 0.47 (SD = 0.40) and
the mean on the baseline exam at the time of new cancer diagnosis
was 0.98 (SD = 0.45), for a difference of 0.51.

The women with breast cancer detected were analyzed for breast
density and cancer characteristics. 62% (33/53) of the women had
dense breast tissue. Eighty five percentage (45/53) of the cancer
patients had an invasive malignancy with the most common cell
type (77%; 35/45) being ductal carcinoma. Only 15% (8/53) of the
cancer cohort were diagnosed with ductal carcinoma in situ (DCIS),
see Table 2.

Table 3 contains the comparison of the 5 model ROC curves.
The lowest AUC of 0.662 was the model based only on the prior
risk score. The best single score model, with the third highest AUC
0f 0.891, was based on baseline case score alone. The highest AUCs
overall were the multicore models of baseline case score + risk score
change and baseline case score + risk score change + prior risk score
models with AUCs of 0.901 and 0.903 respectively.

The comparison of the logistic regression ROC graphs for the
single score models are shown in, see Figure 1. These results show
that there is a very high specificity in the models for identifying
which baseline studies have cancer and which do not at the high
score probability thresholds. Table 4 breaks down the specific predic-
tive probability values for base line case score ROC results. Based
on the estimated probability threshold of 0.53 from the baseline
case score ROC results, the positive predicted value (PPV) was
71.4, the specificity was 98.4%, and the negative predictive value
was 93.9%. The table shows that increasing the score threshold
will extract progressively fewer total patients, but at a higher speci-
ficity. So, the higher the predicted probability threshold, the fewer
patients extracted, the higher the PPV, and the more specific the
results. As the score threshold increases to the 71.4 PPV level, 28
patients would be extracted which is just below 5% of the total. Of
these patients, 20/28 have cancer. At the 0.53 probability estimate
threshold, 33 cancer patients were below the score threshold as false
negatives. Going to the next highest probability level in Table 4,
23 patients would be extracted with 19 cancers. Additional graphic
representation of these results for the baseline case score predictive
probability is shown in Figure 2, which includes 95% confidence
limits.

Risk scores change over time was demonstrated to be associated
with new malignancy. The Sankey diagram comparison shown in
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Table 1 | Patient Characteristics of the Study Dataset and Cohort

Characteristic Overall (n = 566) Yes (n = 53) No (n=513)
Estimated age (Yrs.) at prior mammogram

Mean (SD) 53.8(8.3) 54.9(8.9) 53.7(8.2)

Median (IQR) 54 (47-61) 55 (49-63) 54 (47-60)

Range 36-69 36-68 39-69
Years from prior to baseline mammogram

Mean (SD) 1.16 (0.18) 1.38 (0.41) 1.14(0.12)

Median (IQR) 1.13(1.03-1.24) 1.28 (1.11-1.49) 1.12(1.03-1.23)

Range 0.65-2.46 0.65-2.46 0.89-1.69
Prior risk score (%)

Mean (SD) 0.31(0.34) 0.47 (0.40) 0.30(0.33)

Median (IQR) 0.17(0.07-0.41) 0.35(0.15-0.71) 0.15(0.07-0.39)

Range 0.00-1.49 0.01-1.42 0.00-1.49
Baseline risk score (%)

Mean (SD) 0.37(0.41) 0.98 (0.45) 0.31(0.35)

Median (IQR) 0.17(0.07-0.51) 1.21(0.67-1.28) 0.14 (0.07-0.40)

Range 0.01-1.89 0.06-1.74 0.01-1.89
Risk score change (baseline-prior risk)

Mean (SD) 0.06 (0.35) 0.51(0.47) 0.01(0.30)

Median (IQR) 0.01 (—0.09t0 0.17) 0.46 (0.05-0.90) 0.00 (—0.10t0 0.11)

Range —1.211t01.59 —0.17to 1.59 —121t01.12

Figure 1  Single score model ROC curves including novel risk score change approach.
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Table 2 = Cancer Cohort Characteristics

No. of Women 53
Age at Baseline Mammogram 57.0+-8.9
Density
Fatty 8 (15%)
Scattered fibro glandular 12 (23%)
Heterogeneously dense 21 (40%)
Extremely dense 12 (23%)
Histology
Invasive 45 (85%)
Ductal 35
Lobular 8
Other/mixed 2
DCIS 8 (15%)
Invasive grade
1 21 (47%)
2 13 (29%)
3 11(24%)
stage
0 8 (15%)
1 35 (66%)
2 5(9%)
3 5(9%)
4 0(0%)
ER positive 40 (75%)
ER negative 7(13%)
ER mixed 6 (12%)
HER2 negative 39 (87%)
HER2 positive 6 (13%)

Abbreviations: DCIS = ductal carcinoma in situ; ER = estrogen receptor; HER2 = human epider-
mal growth factor receptor 2.

Figure 3 demonstrates that many of the cancers showed an increase
in risk score quartiles compared to the non-cancer group. In the
non-cancer cohort, 73% of the patients are in the bottom quartile
of risk scores on the prior mammogram with 74% still in the bottom
quartile of risk scores on the baseline mammogram. For the cancer
cohort, 55% are in the bottom quartile on the prior mammogram,
with this number shrinking to only 15% in the bottom quartile

Mark Traill et al

Table 3  Comparison of Model ROC Curves

Model AUC (95% Confidence
Limits)

Case score (baseline) 0.891 (0.841, 0.941)
Risk score (prior) 0.662 (0.587, 0.737)
Risk score change 0.799 (0.726, 0.872)
Case score (baseline) + risk score change 0.901 (0.854, 0.948)
Baseline case + risk score change + prior 0.903 (0.856, 0.950)
risk score

Abbreviation: AUC = area under the curve.

on the baseline study. For the top quartile of risk scores, there is
no percentage difference between the prior and baseline mammo-
grams for the non-cancer group, while the cancer cohort has a jump
from 13% to 57% in the top quartile. In the non-cancer group,
only 2.8% of patients (13/457) move from the lowest 2 quartiles
(< 0.75%) to the highest quartile (> 1.125%). This compares to
50.0% (20/40) of patients in the cancer cohort, making this jump in
scores.

Specific predictive probability values for the risk score change
model are presented in Table 5. At the higher probability levels,
the numbers are very similar to the case score model. Likewise, the
predictive probability curve for risk score change is very similar to
the case score model, see Figure 4.

Figure 5 shows the ROC curves for the 2 multi-score models.
The overall AUC values were only slightly improved from case score
alone. But the curves do show better performance, a higher and
flacter curve, in the 0.5 to 0.75 specificity range. Predictive proba-
bility values were similar to the single variable model based on risk
score change. Since the improvement over the case score model was
small, and combining multiple scores more complicated, the single
variable model based on case score was used for the discussion of
how the upper limit high scores could be used in a theoretical triage
model focused on specificity.

Discussion

Our analysis identified operating points at the highest case score
values that categorize mammograms as containing cancer with a
specificity in the high 90’s. At the highest operating points, most

Table4  Baseline Case Score

Probability Correct Incorrect Percentages
Estimate Level
TP N FP FN Correct Sensitivity | Specificity | Pos Pred Neg Pred

0.160 40 456 57 13 87.6 755 88.9 4.2 97.2
0.180 38 468 45 15 89.4 7.7 91.2 45.8 9.9
0.220 35 475 38 18 90.1 66.0 926 47.9 96.3
0.250 3?2 483 30 21 91.0 60.4 94.2 51.6 95.8
0310 27 492 21 26 91.7 50.9 9.9 56.3 95.0
0.430 23 499 14 30 92.2 434 97.3 62.2 943
0530 20 505 8 33 928 37.7 98.4 714 93.9
0.600 19 509 4 34 93.3 35.8 99.2 82.6 937
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Table 5  Logistic Regression for Risk Score Change

Classification Table

Prob Level Correct Incorrect Percentages
TP TN FP FN Correct Sensitivity | Specificity | Pos Pred Neg Pred

0.060 39 365 148 14 714 73.6 712 20.9 96.3
0.120 31 448 65 22 84.6 58.5 87.3 32.3 9.3
0.160 30 472 4 23 88.7 56.6 92.0 423 95.4
0.250 24 490 23 29 90.8 453 95.5 51.1 94.4
0.440 18 501 12 35 917 34.0 97.7 60.0 935
0.610 8 511 2 45 91.7 15.1 99.6 80.0 91.9

Tie probability levels back to risk score change value.

Figure 2 Predictive probability curve for baseline case score illustrates strong performance for predicting cancer or no cancer on

screening mammogram at the highest score levels.
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of the mammograms selected would contain cancer with the true
positives outnumbering the false positives by 2:1 or higher. In a
clinical practice, triaging patients with a score of 99 or 100 would
expedite cancer care in most of that group without overwhelming
the department with additional triage patients. After implementing
and validating this approach over time, if the clinic wishes to capture
more cancer cases and increase triage sensitivity, the operating point
could be lowered to 97 or 98 and re-evaluated. Multiple prior

1623 have looked at using a percentage of the highest scores

studies
to triage screening mammograms. This triage would hopefully put
the most suspicious mammograms at the head of the reading list
to decrease the turnaround time to biopsy and possible treatment.
In the studies, the operating point involved extracting patients who
had scores in the top 10% to 30%. It was typically not clear exactly

what score value was used as the cut off, or if this percentage meant
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the top 10% of scores or the top 10% of patients based on their
scores.

In a 2025 study, Friedewald et al.”® reported their experience with
this type of triage using Al scores. In this 1000 patient prospective
study, they triaged patients for same day diagnostic study based on
probability score value. They found a decrease in turnaround time
to completion of diagnostic studies and to completion of biopsy
of 25% and 30% respectively for the triaged patient cohort that
had suspicious high scores and were extracted for expedited reading.
Specifically, the time until completion of biopsy decreased from 55.9
days to 39.2 days. However, the score operating point they used
for extracting a suspicious case for immediate review resulted in a
total patient extraction rate of 28%. The paper acknowledged that
such a high extraction rate was a definite burden on the depart-
ment’s schedule logistics that required staffing modification. They



Mark Traill et al

Figure 3 Sankey diagram of the non-cancer and cancer cohort risk score quartiles. Comparison shows how risk scores jumped

from the lowest quartile to the highest much more frequently in the patients who developed cancer. Temporal risk score

elevation as an indicator of interval change in the breast morphology and possible development of malignancy.
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also reported that some radiologists found it more difficult to call
some cases normal just because they were categorized in the triage
group. In conclusion, this study did support triage based on Al
scores, and the authors felt there were the additional benefits of
less patient stress while waiting for results. Also mentioned was the
possibility of better patient compliance since the patient did not
have to schedule a second return trip to the department for diagnos-
tic studies. They did not, however, mention the additional patient
anxiety that may be generated by triaging a patient only to tell them
nothing is wrong.

After further reviewing their results, the researchers did
an ad hoc simulation using a more specific extraction rate
of 10%. This was done to define a triage model that
would be less disruptive to department logistics. Using
this lower extraction rate, they found that they were still able
to extract 2 out of 3 experimental cancers with less disruption
to the schedule. This would be consistent with the data for our
analysis that shows that by increasing the score operating point,

you will still triage a significant number of cancers, but with

fewer false negatives. Our data would support decreasing the
number of patients triaged to an even more practical and efficient
level.

In all models analyzed for this study, the ROC curves show that
at the highest score values, specificity becomes very high and PPV
reaches its highest levels. Using only the highest score values would
yield the highest specificity for triage. The multi-score fusion models
had the best performance, but by only a small margin. The risk score
change model also performed well but was below the other model’s
performance. In the typical clinical setting, the cancer detection case
score would be the most readily available and simplest option for
use in this type of selective triage. The triage focus would be on only
extracting patients with a very high probability of cancer, accepting
that not all cancers would be caught. Specificity would be favored
over sensitivity.

Reviewing the classification for baseline case score (see Table 4)
shows how specificity, sensitivity, PPV, and patient extraction
number change as at the highest score levels. At a probability level
of 0.53, 28 patients would be extracted with 20 cancer and 8

Clinical Breast Cancer January 2026

79



Operating Point Optimization for Efficient Mammogram

Figure 4 Risk score change probability curve with results similar to baseline case curve.
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Figure 5 ROC cures for multi-score fusion models.
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false positives with a PPV of 71.4. In a clinical triage application, Score distribution in a hypothetical sample with the typical clini-
limiting the triage to a small percentage of the highest case scores cal incidence of 6 cancer cases per 1000 screened, the probability of
would extract a smaller number of patients, but you would expect having a false positive would remain the same (8/513 = 0.01559).
a higher percentage of those patients to have malignancy with a So extrapolating this to a sample with a cancer rate of 6 per
lower percentage of false positives. Assuming a similar Baseline Case 1000 would be 0.01559%x994 non-cancer patients = 15.50. So,
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Figure 6 = The red vertical line shows a specific case score value of 81 for 0.53 probability estimate level operating point.
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the estimated number of false positives would be 15.50 at the 0.53
probalility level . And the number of cancer cases identified would
be estimated by 0.377x6 = 2.26. So about 2.26 cases would be
correctly identified, with 15.5 false positives. The specific operat-
ing point for this probability level would be a case score of 81 (see
Figure 6).

However, if you move to the 0.60 probability level threshold,
there would be very similar numbers of cancer patients estimated
to be identified (0.358x6 = 2.15), but considerable improve-
ment in the number of false positives estimated (4/513 = 0.0078;
0.0078x994 = 7.75). So about 2 cases would still be correctly
identified, but with about half the number of false positives.8 In
practical terms, if a clinic did 100 mammograms per day for 10
days, 1% of the patients'” would be triaged with 33% of the
expected cancer patients identified. The specific operating point for
this probability level would be 85 (see Figure 6).

This result expands on the similar finding previously reported by
Fiedewald et al.” in their ad hoc analysis. Our numbers indicate
that even if you only triage 1% of the total patients, you will still
find a significant number of cancers. These results are due to the
very high specificity in the highest score values.

The exact case score to use as the operating point in a real-
life, top-down, clinical triage application would not be expected
to exactly match our study results as different software versions,
patient population demographic differences, and hardware configu-

rations can all affect high score specificity. However, the best operat-
ing point could easily be found by starting the triage program with a
score near the highest probability level, monitoring how the triage is
progressing, and then adjusting to a slightly lower score as indicated,
see Figure. 7. Starting at the top of the score range would still be
expected to triage only a small percentage of patients with most
of them having cancer. Post-op cases can easily be removed from
the triage process by the technologist performing the mammogram
procedure as they have access to the surgical history and are able to
clinically examine the patient for the presence of scars. Also, many
of the post-op patients will likely have a cancer history.

Importantly, integrating such a triage model into clinical
workflow could do more than just expedite diagnostic imaging. It
could also expedite biopsy for patients flagged with high suspicion
of having cancer. This is especially important for women with fast-
growing malignancies, where a lengthy delay in treatment could
impact outcomes.

The process of “fast-tracking” patients with a suspicious clini-
cal finding for immediate diagnostic studies, specifically a palpa-
ble mass, is already the standard of care in the United States.”
Recently published research on what percentage of palpable masses
turn out to be malignant is not extensive, but available studies
report a frequency of approximately 10%.%°+2° A 2017 study evalu-
ated 935 palpable areas in 861women found that 39.3% (367/935)

had no abnormal mammogram or ultrasound findings. Only 8.2%
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Figure 7 = Workflow for clinical validation of Al at a new site or clinical site. The Blue vertical line shows the 0.60 probability
estimate level corresponds to a specific case score of 85. Moving the operating point/case score for triage from a case
score of 81 to 85 reduced the false negative triage cases from 8 to 4 in a theoretical population of 6 cancers per 1000.
The number of cancers triaged remained stable at 2 for hoth operating points.
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(77/935) of these were diagnosed as cancer.”” Our study suggests
that releasing a patient to go home after a screening mammogram
with a very high case score may lead to a greater delay in diagnosis
and worse outcomes than releasing a patient with a newly identified
palpable mass at the time of screening.

There is no MQSA rule for turnaround time limits. A study
presented at the American Society of Breast Surgeons Annual
Meeting in April 2024 evaluated the timeliness of care at National
Accreditation Program for Breast Centers (NAPBC) facilities.”®
The study analyzed data from 373 breast centers. For 2021, they
found the median time from screening to diagnostic study to be
12 days, from diagnostic mammogram to biopsy to be 9 days,
and from biopsy to first surgery to be 42 days, see Table 6. They
also noted that all these times were longer than patients expected.
Taken together, the median time from screening mammogram to
first surgery was 63 days, with half of the centers studied taking
longer. 19% of the delay to first treatment would be the 12 days
waiting for a diagnostic mammogram after an abnormal screening
study. It is also noted that the times reported are the median, so in
an understaffed department, an individual patient could experience
much longer delays. The lead author of the PROMPT (Patient-

Clinical Breast Cancer January 2026

Reported Observations on Timeliness of Breast Services) survey
study, Daniella Thompson MD from the University of Chicago,
commented “Study data suggests that there are significant oppor-
tunities to improve timeliness of care throughout a process that is
often rife with patient anxiety.”**%’

The American Society of Breast Surgeons (ASBrS) does use 60
days until first treatment as a quality metric.?” This standards state-
ment also notes that patient satisfaction is improved with timely
care while outcomes may be worse if care is delayed. A literature
review study done by Belcher et al.’" in 2018 also concluded that
delays in getting to the first treatment can impact outcomes. Multi-
ple studies have also described increased patient anxiety associated
with mammography and especially waiting for a diagnosis.*>**

Triage can make a difference for patients with breast cancer,
especially if it is aggressive and rapidly growing. The shortage of

mammographers®*°

imposes limits on the ability of a department
to accommodate the extra diagnostic studies that would result from
using an operating point that is less specific with too many false
positives to be practically implemented.

Including other scores in the triage model could potentially

improve the specificity of the process. One additional metric that
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Table 6  Breast Cancer Care Timeliness Metrics From Patient and Center Perspectives From PROMPT Study

Screening MGM to
Diagnostic MGM

Patient perspective 5d
Center perspective 7d
Reported timelines metric

2019 11d
2020 11d
2021 12d

Diagnostic MGM to Biopsy to First Biopsy to
Biopsy Surgery Neoadjuvant Therapy
7d 21d Not collected
7d 28d 21d
8d 39d 33d
8d 40d 32d
9d 42d 34d

could be helpful is the interval change in risk score. At the
minimum, any score changes of 1.2 or higher should trigger extra
concern for cancer on the mammogram. It appears that while detec-
tion and risk algorithms are trained differently, using them together
can be complimentary.

Limitations of this study include a retrospective design and
a relatively small patient cohort. However, our results did have
ROC curves very similar to those found in our prior references,
and our observations on specificity agreed with findings from the
2023 RSNA Screening Mammography Breast Cancer Detection Al
Challenge that tested over 1500 different algorithms against a very
large patient data base and consistently found very high specificity
at a high operating point where the sensitivity would be low.?”
Clinical patient variability, different reader abilities, and different
gantry types, reflecting actual U.S. breast center environments could
produce different study results. There was also variability in the time
between the baseline exam and the most recent prior.

In our unique test population, logistic regression analysis demon-
strated that the very high case score number were highly specific.
Working within the 95% confidence levels, our analysis identified
85 as a potential operating point for efficient screening mammo-
gram triage as long as the hardware, software, and radiologists
remained unchanged. In practice, every clinical setting is unique,
and the operating point will always need to be clinically validated at
each clinical site. Fortunately, the highest scores can always be used
as the starting operating point for triage as they are “super” scores
when it comes to specificity. Then, after a period of monitoring how
many cancers and non-cancers are being triaged, the operating point
can then be adjusted lower to triage more patients if desired. This
clinical validation approach would not require extensive statistical
analysis. Very high specificity at the highest score levels is typical for
any Al breast cancer detection algorithm.

Conclusion

The clinical footprint of Al assisted breast cancer detection,
and the associated research, continues to expand across the globe.
However, the outstanding predictive performance of the few, very
highest case scores remains under-utilized in the context of screen-
ing mammogram triage at a busy breast clinic. Anyone currently
using a detection algorithm should be able to efficiently triage at
least some of the cancer cases by simply looking at the very highest
scores and using a top-down triage approach. This approach has the
potential to significantly decrease the time to treatment for some

cancer patients without causing unmanageable disruptions to the
department logistics.

Clinical Practice Points
* Al-generated cancer detection scores can be used to triage screen-
ing mammograms for expedited diagnostic workup.

Patients with the highest Al scores (>85) have a significantly
increased likelihood of breast cancer.

* Implementing an Al score-based threshold enables same-day
diagnostic evaluation with minimal impact on clinical operations.

This strategy may reduce time to diagnosis and treatment for a
subset of patients, potentially improving clinical outcomes.

Results support integrating Al into breast imaging workflows to
improve efficiency and patient care through risk-based triage.

Glossary

AT (Artificial Intelligence): Computer algorithms designed to
perform tasks that typically require human intelligence, such as
image recognition and decision-making.

AUC (Area Under the Curve): A performance metric derived
from the receiver operating characteristic (ROC) curve, representing
the ability of a model to distinguish between classes (eg, cancer vs.
no cancer).

Baseline Mammogram: The screening mammogram used as
a reference point in this study for assessing changes in score or
findings.

Case Score / Detection Score: The likelihood, as determined
by an Al detection algorithm, that 2 mammogram shows signs of
current malignancy.

Confidence Interval (CI): A range of values derived from sample
data that is likely to contain the true population parameter.

Digital Breast Tomosynthesis (DBT): A 3D imaging technique
used in breast cancer screening that takes multiple X-ray images of
the breast from different angles.

False Negative (FN): A test result that incorrectly indicates no
presence of disease when cancer is actually present.

False Positive (FP): A test result that incorrectly indicates the
presence of disease when no cancer is present.

Logistic Regression: A statistical model used to estimate the
probability of a binary outcome, such as presence or absence of
cancer.

Negative Predictive Value (NPV): The probability that patients

with a negative test result truly do not have the disease.
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Odds Ratio (OR): A statistic that quantifies the strength of
association between an exposure (eg, high Al score) and an outcome
(eg, breast cancer).

Positive Predictive Value (PPV): The probability that patients
with a positive test result actually have the disease.

Receiver Operating Characteristic (ROC) Curve: A graphical
representation of a model’s diagnostic ability across different thresh-
olds, plotting sensitivity against 1-specificity.

Risk Score: A numerical value generated by an Al-based risk
assessment algorithm estimating the short-term probability of devel-
oping breast cancer.

Sankey Diagram: A type of flow diagram used to visualize
changes between categories or groups over time or between variables.

Sensitivity: The proportion of actual positives (eg, patients with
cancer) that are correctly identified by the model.

Specificity: The proportion of actual negatives (eg, patients
without cancer) that are correctly identified by the model.
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