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Abstract

The process of patients waiting for diagnostic examinations after an abnormal screening mammogram is inefficient
and anxiety-inducing. Artificial intelligence (Al)-aided interpretation of screening mammography could reduce the
number of recalls after screening. We proposed a same-day diagnostic workup to alleviate patient anxiety by
employing an Al-aided interpretation to reduce unnecessary diagnostic testing after an abnormal screening
mammogram. However, the potential unintended consequences of introducing this workflow in a high-volume breast
imaging center are unknown. Using discrete event simulation, we observed that implementing the Al-aided screening
mammogram interpretation and same-day diagnostic workflow would reduce daily patient volume by 4%, increase
the time a patient would be at the clinic by 24%, and increase waiting times by 13-31%. We discuss how changing the
hours of operation and introducing new imaging equipment and personnel may alleviate these negative impacts.

Introduction

Breast cancer is the most common cancer and the second leading cause of cancer-related death among women in the
United States. (1) In randomized clinical trials, screening mammography has reduced breast cancer-related mortality.
(2-4) The American College of Radiology (ACR) Breast Imaging Reporting and Data System (BI-RADS) is designed
to facilitate appropriate description, categorization, and assignment of management recommendations of
mammographic findings. When an incomplete assessment (category 0) is assigned at screening, additional imaging
evaluation and/or comparison with prior examination(s) is recommended before a final assessment category can be
rendered. (5) Our institution's recall rate ranges from 7-16% (mean 11%), varying across breast radiologists depending
on their years of experience. Most recalled women, after undergoing diagnostic mammography and/or diagnostic
ultrasound, are found to have benign findings that do not require further testing. After ten annual screening
mammograms, there is an up to 60% chance of having at least one false positive result. (6, 7). Simulation studies have
demonstrated that Al-aided interpretation reduces the number of recommended recalls after screening mammography.

(8)

At most breast imaging centers, women are discharged home after their screening mammogram. Screening
mammograms are read “offline” in batches at a later date rather than in a real-time “online” manner. Patients who are
assigned a BI-RADS category 0 are notified and scheduled for a diagnostic imaging examination at a later date. This
waiting period between the screening and diagnostic examination is associated with increased anxiety, and studies
have shown that waiting time triggers patient anxiety. (9) (10) Providing immediate confirmation and same-day further
evaluation of a suspicious finding would lower anxiety in patients undergoing screening mammography. (11) Besides
anxiety, longer waiting time for a diagnostic evaluation may delay cancer diagnosis, especially if the patient does not
return for the recommended additional evaluation. Furthermore, some patients may be unable to travel to a breast
imaging center for further evaluation, identifying a particularly vulnerable subset of women. Additional
communication may be needed to ensure high adherence with a timely diagnostic follow-up examination (12),
introducing additional workload to the staff. Some clinics, such as Baylor Health, Robert Wood Johnson-Barnabas,
and Mass General Brigham, have implemented same-day diagnostic testing at a single site and have reported increased
patient satisfaction. (13, 14) Recent advances in artificial intelligence (Al) have yielded algorithms that can interpret
screening mammograms as well as or better than radiologists. (15)
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To address these potential harms of breast screening, we propose a revised workflow for patients undergoing screening
mammography. First, we plan to implement an immediate Al-aided interpretation of the screening mammograms in
all patients. If Al determines the result is likely normal (i.e., BI-RADS 1 or 2), the woman is notified that the
examination appears normal and is allowed to leave the center. Our current workflow batches these “Al normal”
examinations for later interpretation (e.g., the next day). However, if the Al algorithm determines that the screening
mammogram is abnormal (i.e., BI-RADS 0), a radiologist will immediately confirm the need for further diagnostic
workup, and if verified, the patient will undergo same-day diagnostic imaging examinations. The scheduling of
examinations at an imaging center needs to accommodate these additional same-day diagnostic tests and would be
facilitated by an onsite patient coordinator. Thus, evaluating the impact of the Al algorithm to mitigate any adverse
effects (e.g., longer waiting times) in terms of providing same-day diagnostic examinations is imperative before on-
site implementation.

A simulation represents the functioning of a real-world system as it operates over time. It can identify potential
bottlenecks and answer “what-if” questions about real-world situations without practical and/or financial
ramifications. (16-19) Discrete event simulation (DES) is a technique that models the operation of a system as a
discrete series of events in time, aiming to evaluate, predict, and optimize an existing or proposed system. (16) DES
has been widely used in healthcare settings to support better operational decision-making and planning. (20, 21) In
this study, we created a baseline DES model reflecting the current patient flow at one of our largest breast imaging
centers. Next, we designed an Al-aided workflow model incorporating the same-day diagnostic breast imaging workup
after patients undergo breast screening mammograms. We then assessed the potential impacts of implementing the
new workflow on patient volume, length of stay, and waiting times by answering what-if questions. The same-day
diagnostic workup affects the radiologists' workflow; our study focuses on the patient experience. The findings of this
study provide the basis for future studies analyzing patient satisfaction, recall rate reduction, and efficiency of breast
screening programs.

Methods
Institutional Review Board (IRB) approval was obtained at the University of California, Los Angeles (IRB#23-
001126) to collect study data as part of health care. The development and validation of the DES models in this study
followed a four-step procedure, including planning, modeling, verification/validation, and analysis. (22) We detail
each step in the following sections.

1. Planning
The Barbara Kort Women’s Imaging Center (BKWIC) is one of the largest breast imaging centers at UCLA Health,
performing ~22% of all breast imaging examinations and procedures across all sites. The patient may come in for one
of six examinations or procedures, including screening mammaography, both diagnostic mammography and diagnostic
ultrasound, diagnostic mammography only, diagnostic ultrasound only, stereotactic (mammogram)-guided core
needle biopsy, or ultrasound-guided core needle biopsy. The baseline workflow model is designed to model the patient
flow in this imaging center. The proposed workflow includes additional steps, including Al-aided interpretation of
screening mammograms and same-day diagnostic imaging. In the planning stage, we engaged stakeholders with
expertise in breast imaging (A.H.), Al (W.H., Y.L.), and implementation science (V.M. and M.1.) to define the system
and understand the workflow in the breast imaging center. Two authors (Y.L. and V.M.) completed half-day visits to
the imaging center under the supervision of a breast radiologist (A.H.) to shadow staff, technologists, and breast
radiologists, with the goals of understanding their work responsibilities and timing each step that contributed to the
estimation of DES model parameters. While shadowing, efforts were made to minimize disruptions to imaging center
personnel’s daily tasks and avoid direct contact with the patients.

2. Modeling
The structure of the baseline model reflects the patient flow in the center (see Figure 1-A). Resources shared among
all patients include check-in staff, public waiting room, dressing room, and gowned waiting room. The consent room
and relevant personnel are shared among biopsy patients. Mammography equipment and technologists are shared
across patients who come in for a screening mammogram, diagnostic mammogram, or stereotactic-guided biopsy. In
contrast, ultrasound units are shared across patients undergoing diagnostic ultrasound or ultrasound-guided biopsy.
Each imaging or biopsy step contains multiple components described in Table S1 in the Supplement. In the revised
workflow (see Figure 1-B), the screening mammography step is followed by an Al assessment step where an Al
algorithm interprets the screening mammogram and outputs a malignancy risk score between 1 and 10. Patients with
Al-risk scores between 8 and 10 and confirmed to be suspicious by the radiologist are deemed eligible for same-day
diagnostic imaging. They will undergo one of the three diagnostic workups, including (1) diagnostic mammography
and diagnostic ultrasound, (2) diagnostic mammography only, or (3) diagnostic ultrasound only. We assumed patient
arrivals followed the Poisson process, the length of stay in each step followed a normal distribution, and the
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proportions of different types of patients each day were time-invariant. We assumed the radiologists were not
bottlenecks in the system by merging their time with technologists reviewing diagnostic images into the imaging or
procedure step. In the proposed workflow, the radiologists maintained regular worklists for screening, diagnostics,
and biopsies, assuming the same-day workup is integrated into their existing workflow. Model parameters were
estimated using three-day (August 18, 21, and 22, 2023) scheduling data, one-year productivity data (June 2022 to
May 2023), and time-motion data obtained during clinic shadowing. Table 1 describes each step and the

corresponding parameters.
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Figure 1. The baseline and revised workflows in a breast imaging center. Notes: A blue star in the box's upper left corner indicates that device
and/or personnel resources are associated with this step. Abbreviations: 2D: two-dimensional; 3D: three-dimensional; Al: artificial intelligence;

US: ultrasound.
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Table 1. Parameters of discrete event simulation models.

Name Personnel Capacity Condition Distribution of length of stay (hour)
Operating NA NA Stops patient check-in at 8.5 hoursand ~ NA
hours closes at 9 hours
Patient arrival NA NA Arrival rate: 6 per hour Poisson process
Mean interarrival time: 1/arrival rate
Patient check- Staff 3 NA Normal (0.05, 0.01)
in
Public waiting ~ NA 20 Normal (0.17, 0.034)
room
Consent room LVN/trainee 1 NA Normal (0.17, 0.034)
Dressingroom  NA 3 NA Normal (0.03, 0.006)
Gowned NA 5 NA Normal (0.017, 0.0034)
waiting room
Al assessment  Radiologist NA The percentage of the screener needsa  Normal (0.25, 0.05)
(revised diagnostic imaging examination
workflow Normal (12%, 5%) Sensitivity analysis:
only) Sensitivity analysis: Al: normal (0.05, 0.01)
Al recall rate: uniform (0.1, 0.2, 0.3) Radiologist: normal (0.20, 0.04)
Radiologists agree with the Al rate:
uniform (0.7, 0.8, 0.9)
2D/3D Mammo 3 50.3% screeners/day Normal (0.17, 0.034)
Screening technologist (mammo);
mammaography
Diagnostic Mammo/US 2 (US) 45.0% diagnostic imaging Diagnostic mammo: normal (0.5, 0.1);
imaging technologist patients/day
(Diagnostic mammo + diagnostic US:  Diagnostic US: normal (0.5, 0.1)
80%;
Diagnostic US: 10%;
Diagnostic mammao: 10%)
Core needle Mammo/US 4.0% US-guided biopsy/day US-guided biopsy: normal (0.75, 0.15);
biopsy technologist,
radiologist,

LVN/trainee 0.7% stereotactic-guided biopsy/day Stereotactic-guided biopsy: normal (1.25, 0.25)

Notes: Imaging equipment is shared resources across all imaging examinations and procedures (e.g., mammography equipment can be used
for screening mammaography, diagnostic mammography, or stereotactic-guided biopsy). Abbreviations: LVN: licensed vocational nurse; Al:
artificial intelligence; 2D: two-dimensional; 3D: three-dimensional; mammo: mammography; US: ultrasound; NA: not applicable.

3. Verification/validation
We parameterized the DES model using values that match those observed at our center and using the estimated length
of stay mentioned in Table 1. The daily average number of patients (i.e., screening + diagnostic + biopsy) from the
baseline simulation model was close to 48, matching the observed average number of patients across three weekdays
in the center.
4. Analysis
We investigated the following three scenarios to understand the potential impacts of introducing the same-day
diagnostic imaging workup and ways to mitigate these changes.
= What is the impact on patient volume, length of stay, and waiting times if the same-day diagnostic imaging
workup is introduced with no change to resources in the breast imaging center?
= How does the impact change when more resources (i.e., additional equipment, technologist(s), or hours of
operation) are added to support the revised workflow?
= What is the impact of varying the Al algorithm sensitivity?
The results of each scenario were compared to the baseline workflow model. A sensitivity analysis (see Figure 1-B)
was conducted in the revised workflow model to estimate the effects of varying sensitivity of the Al algorithm on the
number of false positives and radiologists’ time spent on false positives. A false positive was defined as an abnormal
result (i.e., BI-RADS 0, additional evaluation needed) from the Al algorithm, but the radiologist determined that the
individual did not warrant a diagnostic examination.

Statistical analysis and implementation details

We ran the baseline and revised DES models with 500 random seeds (i.e., simulated 500 independent clinic days) and
averaged the results. Shapiro-Wilk test for normality was used to inform the choice for statistical tests. A two-sample
t-test or Wilcoxon rank sum test was used to compare two independent group means, while a paired t-test or Wilcoxon
signed-rank test was used to compare two matched group means. In addition, a one-sample t-test was used to compare
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the mean of a sample to a known population mean. Two-sided P <.05 was considered significant. Python version 3.7.3
(Python Software Foundation) and the ‘SimPy’ package were used for analysis. SimPy is a Python-based DES
framework enabling rapid development of simulations by employing concepts of processes, shared resources, and
events tracked within the simulation environment. (23) (24) The models were developed following the parameters
outlined in Table 1. The main components of the models are 1) a patient arrival process to generate patients according
to interarrival time, 2) a class to store input parameters related to shared resources and process methods for processing
times at each step, and 3) a function to specify the sequence of steps followed by patients. Shared resources are noted
in the ‘capacity’ column in Table 1.

Results

Validation of the baseline model

As shown in Table 1, the center operates nine hours per day for breast imaging and procedures, with 8.5 hours for
patient check-in and approximately six patients arriving every hour. There are three check-in staff, one personnel for
consenting biopsy patients, three mammography units with three mammography technologists, and two ultrasound
units with two ultrasound technologists. Three to four breast radiologists, composed of one to two trainees (resident
or fellow) and two breast imaging fellowship-trained attending radiologists, staff the center daily. The public and
gowned waiting rooms can accommaodate up to twenty and five patients, respectively. There are three changing rooms
in the dressing area. Using three-day scheduling data, the estimated proportions of different types of patients each day
were 50.3% screening mammography, 45.0% diagnostic imaging, 4.0% ultrasound-guided biopsy, and 0.7%
stereotactic-guided biopsy, respectively. The estimated proportions of diagnostic mammography and diagnostic
ultrasound, diagnostic mammography only, and diagnostic ultrasound only patients were 80%, 10%, and 10%,
respectively. The baseline simulation model using these parameters achieved a mean daily patient volume of 48
patients, the same as the average daily volume estimated using historical scheduling data (p=0.31). Despite attaining
a similar patient volume, one discrepancy between the baseline simulation model and clinical practice was noted,
where the simulation model over-generated a handful of patients. On average, 52 patients checked in within 8.5 hours
in the baseline model, meaning an average of four patients could not complete their examinations with the center
operating nine hours a day.

Patient volume

On average, both models generated 52 patients daily (baseline vs. revised, p=0.96). During the nine operating hours a
day, 4% fewer patients could complete their scheduled appointments in the revised workflow compared to the baseline
workflow (46 vs. 48, p<0.05). Scenarios using added resources were simulated. Adding a new mammography unit
and technologist to the revised workflow led to a modest increase in patient volume; however, the number of patients
per day remained significantly lower than the baseline workflow (46 vs. 48, p<0.05). Adding a new ultrasound unit
and technologist or adding 0.5 operation hours achieved a comparable patient volume as the baseline (p>0.05). The
revised workflow achieved greater patient volume by adding 1 hour of operating time compared to the baseline (50
vs. 48, p<0.05).

Table 2. The average number of patients per day (mean [sd]).

Resource Category Baseline Revised p-value
Equipment & technologists 3 mammo + 2 US (BKWIC) 47.7 (6.3) 45.8 (6.0) <0.01
(operating hours=9) 3 mammo + 2 US + 1 new mammo NA 46.3 (6.4) <0.01
3 mammo + 2 US + 1 new US NA 47.1(6.5) 0.09
Operating hours 9 (BKWIC) 47.7 (6.3) 45.8 (6.0) <0.01
(3 mammo + 2 US) 9.5 NA 485 (6.1) 0.06
10 NA 50.2 (6.2) <0.01

Notes: Wilcoxon singed-rank test or paired t-test p-values were derived by comparing each scenario to the baseline. Abbreviations: sd:
standard deviation; mammo: mammography; US: ultrasound; BKWIC: Barbara Kort Women’s Imaging Center; NA: not applicable.

Patient length of stay

Under the center’s current operating parameters, the revised workflow had a 24% increase in the length of stay in the
imaging center for all types of patients (Table 3, 1.26 vs. 1.02, p<0.05), except for stereotactic-guided biopsy patients
(2.28 vs. 2.31, p>0.05). The added resource scenarios follow. After adding a new mammography unit and technologist,
the length of stay significantly reduced by 0.06 and 0.08 hours compared to the baseline workflow for diagnostic
mammography and stereotactic-guided biopsy patients, respectively (p<0.05). After adding a new ultrasound unit and
technologist, the length of stay significantly reduced in three patient groups as opposed to the baseline workflow
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(p<0.05), which was 0.15 hours for diagnostic mammography and diagnostic ultrasound patients, 0.16 hours for
diagnostic ultrasound only patients, and 0.15 hours for ultrasound-guided biopsy patients. Extending the operating
hours did not help shorten the length of stay across any patient type.

Table 3. The average length of stay in the imaging center by patient type (hour, mean [sd]).

Operating hours=9 Equipment & technologists Operating hours
3 mammo + 2 US (operating hours=9) (3 mammo + 2 US)
Patient type 3 mammo + 2 3 mammo + 2
(BKWIC) US + 1 new US + 1 new US 9.5 10
mammo
Baseline Revised p Revised p Revised p Revised p Revised p
. 1.02 1.26 1.15 1.12 121 1.23
All patients (0.59) (0.59) <0.01 (0.54) <0.01 (0.43) <0.01 (0.55) <0.01 (0.56) <0.01
. 0.55 0.82 0.74 0.81 0.81 0.81
Screening mammo 0.17) (0.19) <0.01 (0.10) <0.01 (0.19) <0.01 (0.19) <0.01 (0.20) <001
Diagnostic mammo 1.56 1.63 1.56 141 1.59 1.60
+US ©40)  (046) 001 (g4 072 (gp5 <001 ©042) 001 gu3 <001
. . 0.88 0.90 0.82 0.89 0.89 0.90
Diagnostic mammo (0.19) (0.21) 0.03 (0.13) <0.01 (0.20) 0.04 (0.20) 0.03 (0.21) 0.03
. . 0.98 1.03 1.01 0.82 1.01 1.01
Diagnostic US 0.32) (0.35) <0.01 (0.34) 0.01 (0.13) <0.01 (0.31) <0.01 (0.31) <0.01
. . 1.99 2.06 197 1.84 2.03 2.04
US-guided biopsy (0.40) (0.43) <0.01 (0.41) 0.37 (0.28) <0.01 (0.41) <0.01 (0.41) <0.01
Stereotactic-guided 2.31 2.28 2.23 2.34 2.26 2.26
biopsy ©031) 032 %% @2 %92 (o9 04 ©031) %12 g3y 04
Combined patient types generated by same-day diagnostic evaluation
Screening mammo +
. A 2.18 2.01 192 212 212
g:aggostlc mammo NA (0.60) NA (0.44) NA 0.32) NA (0.49) NA 0.51) NA
Screening mammo + 141 1.27 1.39 141 141
diagnostic mammo VA ©03) NA 019 NA 028 NA ©03) NA 3y NA
Screening mammo + 1.54 1.45 131 1.50 151
diagnostic US NA ©45) NA 0a0) NA gog NA ©40) NA gan NA

Notes: Wilcoxon rank sum or two-sample t-test p-values were derived by comparing each scenario to the baseline. Abbreviations: sd:
standard deviation, mammo: mammography; US: ultrasound; BKWIC: Barbara Kort Women’s Imaging Center; NA: not applicable.

Patient waiting times

Table 4 shows minimal waiting time at several steps for both the baseline and revised workflow models, including
check-in, public waiting room, consent room, and gowned waiting room. For both models, a waiting time of 0.17
hours was observed before entering the dressing room to change into the gown. Under the current center’s setting, the
revised workflow had longer waiting times before all examinations and procedures (p<0.05) except stereotactic-guided
biopsy (p>0.05), and the added waiting time was at most 0.05 hours. Added resources resulted in the following
observations. After adding a new mammography unit and technologist, the waiting times before examinations and
procedures involving a mammography unit decreased by up to 0.06 hours relative to the baseline workflow (p<0.05)
at the cost of increasing up to 0.08 hour waiting times before examinations and procedures involving an ultrasound
unit (p<0.05). Similarly, when a new ultrasound unit and technologist were added, the waiting times before ultrasound-
related examinations and procedures were reduced by up to 0.14 hours (p<0.05), but this was accompanied by an
increase in waiting times for mammography-related examinations or procedures of up to 0.03 hours (p<0.05). Longer
operating hours were unhelpful in shortening the patient waiting times (p<0.05).

Al-flagged false positives

As the sensitivity of the Al algorithm increased (i.e., Al recall rate from 10% to 30%), the average number of Al-
flagged false positives per day increased (Table 5, radiologists agree/disagree%: 70/30%: from 0.7 to 2.3; 80/20%:
from 0.5 to 1.5; 90/10%: from 0.2 to 0.7). Accordingly, the average time radiologists spent on Al-flagged false
positives per day increased (radiologists agree/disagree% 70/30%: from 0.14 to 0.46 hours; 80/20%: 0.09 to 0.30
hours; 90/10%: 0.05 to 0.14 hours). When the Al recall rate was set to 30%, and the radiologist confirmation rate was
set to 70% (i.e., the maximum number of Al-flagged positive examinations combined with the maximum percent of
radiologist-deemed negative examinations), the simulated recall rate was 17.5%, the average number of false positive
patients per day was two to three, and the average time radiologists spent on false positive examinations was 0.46
hours
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Table 4. The average patient waiting time (hour, mean [sd]).

Operating hours=9

3 mammo + 2 US

Equipment & technologists

(operating hours=9)

Operating hours

(3 mammo + 2 US)

Waiting for
(BKWIC) 3mammo+2US+1 3mammo+2US +1 95 10
new mammo new US
Baseline Revised p Revised p Revised p Revised p Revised p
Check-in <0.01 (<0.01) <0.01 (<0.01) 0.99 <0.01 (<0.01) 0.92 <0.01 (<0.01) 0.92 <0.01 (<0.01) 1 <0.01(<0.01) 1
Public waiting room <0.01 (<0.01) <0.01 (<0.01) 1 <0.01(<0.01) 1 <0.01(<0.01) 1 <0.01 (<0.01) 1 <0.01 (<0.01) 1
Consent room <0.01 (0.02) <0.01 (0.02) 0.31 <0.01(0.02) 0.81 <0.01(0.02) 0.6 <0.01 (0.02) 0.67 <0.01(0.02) 0.68
Dressing room 0.17 (0.04) 0.17 (0.04) 0.95 0.17 (0.04) 0.73  0.17 (0.04) 0.13 0.17 (0.04) 0.99 0.17 (0.04) 0.83
Gowned waiting room <0.01 (<0.01) <0.01 (<0.01) 1 <0.01 (<0.01) 1 <0.01(<0.01) 1 <0.01 (<0.01) 1 <0.01 (<0.01) 1
Mammo unit (screening mammo)  0.07 (0.16) 0.09 (0.17) <0.01 0.02 (0.06) <0.01 0.09 (0.18) <0.01 0.09 (0.17) <0.01 0.10(0.18) <0.01
Mammo unit (diagnostic mammo)  0.07 (0.15) 0.09 (0.17) <0.01  0.02 (0.06) <0.01 0.10 (0.17) <0.01 0.10 (0.17) <0.01 0.10(0.18) <0.01
Mammo unit (before the US) 0.07 (0.17) 0.09 (0.16) <0.01 0.02 (0.06) <0.01 0.10(0.18) <0.01 0.09 (0.16) <0.01 0.09 (0.17) <0.01
US unit (diagnostic US) 0.17 (0.27) 0.20 (0.29) <0.01 0.22(0.32) <0.01 0.03(0.08) <0.01 0.20 (0.29) <0.01 0.21(0.30) <0.01
US unit (after diagnostic mammo)  0.16 (0.26) 0.21 (0.30) <0.01 0.24(0.08) <0.01 0.02(0.07) <0.01 0.21 (0.31) <0.01 0.22(0.32) <0.01
US unit (US-guided biopsy) 0.17 (0.28) 0.20 (0.28) 0.02 0.23(0.34) <0.01 0.03(0.09) <0.01 0.20 (0.29) <0.01 0.22(0.31) <0.01
g’l'gg;g;o unit (stereotactic-guided ) 45 5 15 0.07 (0.15) 0.33  0.03(0.09) <001  0.09 (0.18) 0.74 0.07 (0.15) 049 0.07 (0.15) 0.56
g’l'grr)';;‘)" unit (after US-guided 0.08 (0.17) 0.09 (0.17) 003 0.02(0.08) <001 0.0 (0.18) <0.01 0.10 (0.17) 002 0.0 (0.18) 0.05
Mammo unit (diagnostic mammo
after screening mammo) * NA 0.09 (0.15) NA 0.03 (0.35) NA 0.09 (0.15) NA 0.09 (0.16) NA 0.09 (0.16) NA
Mammo unit (diagnostic mammo
before US after screening NA 0.09 (0.17) NA 0.02 (0.07) NA 0.09 (0.16) NA 0.09 (0.17) NA 0.09 (0.17) NA
mammo) *
US unit (diagnostic US after NA 0.20 (0.25) NA  0.25(0.35) NA  0.03(0.09) NA 021(030) NA  021(030) NA
screening mammo)
US unit (diagnostic US after
screening mammo and diagnostic NA 0.21 (0.30) NA 0.26 (0.36) NA 0.02 (0.07) NA 0.22 (0.31) NA 0.22 (0.32) NA
mammo) *
Dressing room after examination <0.01 (<0.01) 0.09 (0.15) <0.01 0.05(0.25) <0.01 0.04(0.21) <0.01 0.05 (0.24) <0.01 0.05(0.25)

Notes: * Same-day imaging examinations following a screening mammogram. Wilcoxon rank sum or two-sample t-test p-values were derived by comparing each scenario to the baseline.
Abbreviations: sd: standard deviation; mammo: mammography; US: ultrasound; BKWIC: Barbara Kort Women’s Imaging Center; NA: not applicable.
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Table 5. Sensitivity analyses for the revised workflow (running hours=9, 3 mammo + 2 US).

Model parameter Simulation result

Al Radiologists ~ Screeners Al Radiologists ~ Screeners No. screeners  Average no. Average

positive  agree with undergoing positive  agree with undergoing undergoing false positives  radiologists' time

(%) Al (%)/ same-day (%) Al (%) same-day same-day (Al positive, spent on false
disagree diagnostic diagnostic diagnostic radiologist positives/day
with Al (%)  imaging (%) imaging (%) imaging/day negative)/day (hour)

10.0 70/30 7.0 8.9 67.8 6.1 15 0.7 0.14

10.0 80/20 8.0 8.6 78.5 6.7 1.6 0.5 0.09

10.0 90/10 9.0 8.6 88.5 7.6 1.9 0.2 0.05

20.0 70/30 14.0 18.1 66.3 12.0 2.9 15 0.29

20.0 80/20 16.0 17.4 76.8 133 3.2 1.0 0.19

20.0 90/10 18.0 16.8 88.9 14.9 3.6 0.5 0.09

30.0 70/30 21.0 27.0 65.0 175 43 2.3 0.46

30.0 80/20 24.0 26.4 76.3 20.1 4.9 15 0.30

30.0 90/10 27.0 26.0 88.4 23.0 55 0.7 0.14

Abbreviations: mammo: mammography; US: ultrasound; Al: artificial intelligence.

Discussion

We designed an Al-aided same-day diagnostic examination workflow for breast screening patients and assessed the
potential impact of this workflow on patient experience by comparing it to the baseline. Under the assumptions of the
baseline workflow model, introducing the same-day diagnostic workup could lead to a 4% decrease in average daily
total patient volume. With no changes to the radiology workflow, this implies adding another 0.5 operating hours to
maintain capacity. This has several challenges in practice, such as extra costs associated with longer working hours
for all personnel and longer operating hours for the imaging center. Additionally, patients in the revised workflow had
longer lengths of stay regardless of examination or procedure type because of the added Al assessment time for
screeners and longer waiting time before an examination or a procedure for all patients. Adding a new imaging unit
and technologist would be more effective in reducing patient length of stay and waiting times than extending the
operating hours of the imaging center if the current radiology workflow is unchanged.

In the worst-case scenario of our simulation, we show that radiologists would spend 0.46 hours on false positives in
the Al-aided workflow when 17.5% of screeners need same-day diagnostic imaging examinations. In addition, when
defining false positives, we used Al agreement with radiologist interpretation as the reference rather than
histopathology diagnosis. However, the false positives in breast cancer screening mentioned in the literature often use
the histopathological diagnosis as the reference. Therefore, we will obtain historical breast cancer diagnosis data to
estimate the false positive rate based on the histopathological results and incorporate this module into our simulation
in future studies. The effect of anchoring bias is essential to examine in radiologist-focused modeling, which this study
does not address. Specifically, when radiologists use Al for medical image interpretation, the initial result highlighted
by the Al might influence the subsequent review, regardless of its accuracy or relevance. This research is underway.

Aside from the limiting assumptions of holding clinical workflow constant, the simulation models have limitations.
First, DES estimates population effects, not individual outcomes. (25) The means used in DES lack the information
required to represent a specific individual, including known and unknown factors. Second, the total number of
examinations may remain the same over the long term because the diagnostic imaging examinations scheduled the
same day as the abnormal screening mammogram are typically arranged shortly after that. The models only simulated
the estimated number of appointment slots unavailable when the same-day diagnostic workup is in operation. Third,
not all patients who checked in within 8.5 hours could complete their scheduled appointments in the baseline
simulation model. In practice, this could be avoided by determining the appropriate check-in time for different types
of patients. For example, biopsy patients should check in at least two hours before the center closes. The revised
workflow model was also affected by this discrepancy. In the revised workflow, the simulated recall rate was 10%
when using the same parameters as the baseline workflow model, which falls within the 5-12% recommended rate by
the ACR. (5) However, some patients who needed diagnostic workups after a screening mammogram were unable to
complete their appointment within nine hours of operating time. A potential takeaway from this observation is that we
would want to schedule screening patients early to ensure sufficient time for completing the same-day diagnostic
examinations.
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Additionally, this simulation excluded some care processes that an imaging center would include in its overall
workflow. The breast imaging center in this study routinely performs screening ultrasound, magnetic resonance
imaging (MRI), and MRI-guided biopsies, which were not taken into account in our workflow analysis. Although
these imaging examinations and procedures are not directly involved in the proposed workflow, we likely
undercounted the patient waiting times and length of stay due to sharing specific resources. For instance, the ultrasound
unit is used for both screening and diagnostic patients. As the study assumed that radiologists were not bottlenecks in
the workflow, subsequent models can change these assumptions. It may be that with current workflows, introducing
the same-day diagnostic workup might divert radiologists from their regular duties, such as interpretation of other
breast imaging studies (e.g., screening, MRI examinations) and performance of procedures, with additional effects
that this study did not capture. Consequently, this study may have underestimated the impact of same-day diagnostic
workup on patient volume and experience. We have identified several workflow questions and potential innovations
that can advance future modeling and, ultimately, real-world testing. For example, in the baseline workflow,
radiologists experience frequent disruptions, including the need for repeated logins and logouts across five systems:
the picture archiving and communication system, mammogram reporting system, dictation system, electronic medical
record, and email. They also face interruptions from technologists and trainees seeking guidance on questions and
case reviews. In addition to assessing the impacts of same-day diagnostic workup on radiologists’ workflow, future
studies should prioritize the resolution of these inefficiencies.

Notably, the current models only captured some variations in the system, given the complexity and the number of
different tasks of the system. Process capability analysis using past and ongoing time series data can complement
simulation modeling to understand the impact of natural variation in the center that was the focus of this research and
in any center that implements an Al real-time protocol. The simulation models output 0.17 hours of waiting time
before entering the dressing room to change into a gown. The research team did not observe waiting time in the
imaging center during clinic shadowing; the patient generator needs to be refined by analyzing more historical data.
Overall, like all models, DES models are limited by the assumptions made in the model. The current models can be
improved by estimating model parameters and variable distributions from more scheduling and time-motion data.

In future studies, we aim to add internal cost analysis and assess confirmation bias between the Al algorithm and the
radiologist. We will pose additional what-if questions, such as (1) what would be the impact on a breast radiologist’s
productivity (relative value units) if they only interpreted the screening mammograms and same-day diagnostic
examinations and (2) what would be the impact on patient throughput if one mammography room and one ultrasound
room of the imaging center were dedicated to screening and same-day diagnostic workup. We will conduct a
comprehensive cost-benefit analysis associated with implementing this workflow. The costs may include expenses
related to acquiring and maintaining Al technology, training personnel, and introducing new imaging equipment.
Potential benefits include reduced recalls after screening mammograms, improved diagnostic efficiency leading to
earlier detection of breast cancer, and increased patient satisfaction due to shorter waiting times. The DES models
built in this work can be reused to mimic the patient flow in other breast imaging centers at our institutions by making
minor modifications. As such, the next step is to run simulations at all breast imaging sites selected to pilot the new
workflow. Once the pilot studies are conducted, we can use the collected pilot data to, in turn, validate our simulation
models. These results will serve as the basis for helping administrative and operational leaders make strategic
decisions.

Conclusion

Using DES, we show that introducing an Al-aided same-day diagnostic workup module after an abnormal screening
mammogram may reduce daily patient volume but increase the patient's length of stay in the imaging center and
waiting times before specific examinations. Potential ways to mitigate these changes include extending the operating
hours of the imaging center or purchasing new imaging equipment alongside hiring new technologists. These findings
provide the basis for future studies that focus on determining whether the same-day diagnostic workup improves
patient satisfaction, decreases patient anxiety, reduces recall rate, reduces time to cancer diagnosis, and improves the
efficiency of the breast screening program.
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