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Economics of AI and human task sharing for
decisionmaking in screeningmammography

Mehmet Eren Ahsen 1,2,6 , Mehmet U. S. Ayvaci 3,6, Radha Mookerjee3 &
Gustavo Stolovitzky 4,5

The rising global incidence of breast cancer and the persistent shortage of
specialized radiologists have heightened the demand for innovative solutions
in mammography screening. Artificial intelligence (AI) has emerged as a pro-
mising tool to bridge this demand-supply gap, with potential applications
ranging from full automation to integrated AI-human decision-making. This
study evaluates the economic feasibility of incorporating artificial intelligence
(AI) into mammography screening within healthcare settings, considering full
or partial integration. To evaluate the economic viability, we employ an opti-
mization model specifically designed to minimize mammography screening
costs. This model considers three distinct approaches when interpreting
mammograms: automation strategy utilizing AI exclusively, delegation strat-
egy involving the selective allocation of tasks between radiologists and AI, and
the expert-alone strategy relying solely on radiologist decisions. Our findings
underscore the significance of disease prevalence in relation to the trade-off
between costs associated with false positives (e.g., follow-up expenses) and
false negatives (e.g., litigation costs stemming from missed diagnoses) in
shaping the AI strategy for healthcare organizations. We backtest our
approach using data from an AI contest in which participants aimed to match
or surpass radiologists’ performance in assessing screening mammograms for
women. The contest data supports the optimality of the delegation strategy,
potentially leading to cost savings of 17.5% to 30.1% compared to relying solely
on human experts. Our research provides guidance for healthcare organiza-
tions considering AI integration in mammography screening, with broader
implications for work design and human-AI hybrid solutions in various fields.

Mammography plays a pivotal role in the early detection of breast
cancer. In 2021, nearly 39 million women in the United States under-
went mammography screening, highlighting the extensive scale and
significant costs associated with this healthcare process. The growing
global incidence of breast cancer and the limited availability of

specialized radiologists have created a demand-supply gap that AI
promises to bridge1.

Can AI fully replace radiologists in interpreting mammograms for
breast cancer screening? While AI has made remarkable advance-
ments, recent experimental studies indicate that AI algorithms still
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underperform compared to radiologists in mammography-based
cancer screening2. While AI shows promise for automating
mammography-based breast cancer screening, further research is
required before it can be fully integrated into clinical practice1. In
addition, rather than entirely replacing radiologists, AI can serve as a
powerful tool for triaging and prioritizing cases. AI tools, such as
advanced machine learning algorithms, can effectively identify mam-
mogramswith no significant findings, streamlining the review process,
reducing radiologists’ workload, and generating cost savings. For
mammograms flagged with potential abnormalities, AI can promptly
refer cases to radiologists for further evaluation, ensuring timely and
accurate patient care. Supporting this approach, a recent Swiss clinical
trial demonstrated that AI-assisted screening achieved cancer detec-
tion rates comparable to double-reading by radiologists, highlighting
AI’s potential as a triaging tool for human evaluation3. However, the
economic implications of such a strategy remain unexplored.

In this research, we evaluate the economic viability of integrating
AI-driven solutions into breast cancer screening programs and assess
the cost and performance outcomes against the status quo,
radiologist-only solutions. We examine the circumstances in which AI
could completely replace radiologists and explore a strategy in which
an AI algorithm provides an initial assessment, delegating specific
cases to radiologists. To achieve our research objective, we formulate
and solve an optimization model comparing three strategies: the
current practice of relying solely on expert radiologists (expert-alone),
the automation strategy where AI completely substitutes for radi-
ologists, and the delegation strategy where AI and radiologists share
responsibilities, with AI assigning specific cases to radiologists. Our
model is grounded in the statistical principles of predictive AI and the
economic implications of prediction-based decisions. To empirically
validate our results, we leverage real-worldmammography data froma
mammography crowdsourcing challenge. The aim is to demonstrate
how a healthcare organization can design its mammography opera-
tions, allocate tasks between radiologists and AI algorithms, and
quantify the outcomes of such an arrangement.

Results
Analytical Model
We evaluate three distinct strategies for decision-making in mammo-
graphy, each incorporating different degrees of AI involvement. The
first strategy, reflecting current hospital practice, is the expert-alone
approach, where radiologists independently classify patients as either
sick (s) or healthy (h) based on mammograms. The second strategy,
delegation, employs an initial AI screening to identify cases, with cer-
tain instances delegated to radiologists for final evaluation. In the
delegation strategy, theAI algorithmevaluates the riskof breast cancer
using mammography data and generates a continuous risk score, r, as
a numerical value. If the estimated risk r is lower than a defined
threshold tD, the algorithm classifies the patient as healthy (h), con-
cluding the screening process. If the risk score r exceeds the threshold
tD, the case is referred to a humanexpert for further evaluation and the
final classification as either sick (s) or healthy (h). The rationale for this
threshold-based approach is that veryhigh-risk cases aremore likely to
indicate cancer, necessitating human intervention. In other words, the
AI handles only the very low-risk cases. Delegating high-risk cases
solely to AI would undermine the principle that human expertize is
essential for follow-up procedures. Let η represent the assessment
made by the human expert. Then, the decision rule for the delegation
strategy, d(r) is given below:

dðrÞ= h if r < tD
η 2 fh, sg otherwise:

�
ð1Þ

Observe that when the threshold tD approaches to − ∞, the delegation
strategy converges to the human-only strategy, as every case is

directed to the human expert for assessment, independent of the AI-
generated risk score.

The third strategy, referred to as the automation strategy, elim-
inates the need for a human expert by relying entirely on the AI algo-
rithm.TheAI evaluates eachmammogramandgenerates a risk score, r.
When the generated score r is less than or equal to a predetermined
threshold tA, the patient is labeled as healthy (h). If the risk score
exceeds the threshold tA, the patient is labeled as sick (s). The auto-
mation strategy’s decision rule a(r) is given below:

aðrÞ= h if r ≤ tA
s otherwise:

�
ð2Þ

Regardless of the chosen strategy—expert alone, delegation, or
automation—no additional follow-up is required for patients classified
as healthy (h). However, when a patient is classified as sick (s), follow-
up procedures (additional imaging or biopsy), may be conducted. The
disease prevalence in the population is represented by λ.

The classification outcome falls into one of four categories: true
positive (TP), false positive (FP), true negative (TN), or false negative
(FN). Let P(o) represent the probability of a specific outcome, where
o ∈ {TP, TN, FP, FN}. These probabilities collectively determine the
overall performance of the breast cancer screening system, whether it
is based on the expert alone, delegation, or automation strategy. An
effective screening system aims to maximize P(TP) and P(TN) while
minimizing P(FP) and P(FN).

Since radiologists do not provide exact risk assessment values
prior to making their final decisions, we directly quantify the prob-
abilities associated with each of the four possible outcomes, PE(o),
where o ∈ {TP, TN, FP, FN}. These probabilities are then used to assess
the performance of the radiologists. These outcome probabilities
represent the average performance of radiologists, capturing either
the typical performance across a mix of radiologist expertize within a
healthcare organization or the performance of an individual radi-
ologist if a more personalized approach is adopted. In contrast, for
algorithms, performance is assessed based on their generated risk
assessment scores. We use the area under the ROC curve (AUC) to
quantify the discriminatory power of an algorithm, which reflects its
ability to effectively distinguish healthy patients from sick ones. In
accordancewith conventional approaches to statistical estimation and
performance assessment in binary classification, we assume that the AI
algorithm assigns risk scores that follow two distinct normal dis-
tributions: one for the healthy population and another for the sick
population. To ensure consistency,we assume that themean risk score
for sick patients (μs) is greater than that for healthy patients (μh), such
that μh < μs. In addition, we assume equal variances (σ) for both dis-
tributions, following similar assumptions made in prior work (e.g., see
refs. 4–6). The equal variance assumption is valid for eight out of the
eighteen algorithms derived from the mammography crowdsourcing
challenge data used in our empirical analysis. While relaxing this
assumption leads to changes in optimal costs, the theoretical insights
remain robust. Furthermore, the backtesting experiments in the
numerical section donot rely on the equal variance assumption. Under
these assumptions, the risk prediction for a specific mammogram is
assumed to follow a normal distribution, N(μs, σ) for patients with the
disease and N(μh, σ) for those without it. The performance of an
algorithm, in terms of AUC, is then defined as

AUC =Φ
μs � μhffiffiffi

2
p

σ

� �
=Φ

Iffiffiffi
2

p
� �

: ð3Þ

In (3), the function Φ(.) represents the standard normal cumulative
distribution function and I := μs�μh

σ represents the information content
of the algorithm7. Observe that the information contentmeasure, I, has
a monotonic relationship with the AUC metric.

Article https://doi.org/10.1038/s41467-025-57409-1

Nature Communications |         (2025) 16:2289 2

www.nature.com/naturecommunications


The expected cost of a screening decision incurred by a health-
care organization under the delegation strategy, denoted asCD(tD) (see
Equation (17)), and the automation strategy, denoted as CA(tA) (see
Equation (20)), is determined by the respective thresholds applied in
each approach (tD for delegation, tA for automation). Next, we outline
additional factors considered in the cost calculation. Each use of the
algorithm incurs a constant cost, denoted as ca. This fixed cost per
mammogramapplies to both per-usepricingmodels and subscription-
based pricing, provided the subscription covers all mammography
exams within a predefined capacity limit. The cost of involving a
human expert in the decision is denoted as ce. In addition, the
healthcare organization incurs a cost of cf for each follow-up proce-
dure performed when a patient has a suspicious finding. If the physi-
cian or AI mistakenly classifies a sick patient as healthy, the
organization faces potential litigation risks. We assume that litigation
occurs when cancer is missed, meaning a case of cancer is incorrectly
classified as negative. This assumption is supported by our review of
the breast imaging malpractice literature, which indicates that the
majority of litigation stems from false negatives. Specifically, 93% of
cases involve delays in cancer diagnosis, where cancer is present but
not detected8,9. In accordance with empirical findings, we do not
consider extra costs related to false positives beyond those incurred
from follow-up procedures.We define cl as the expected litigation cost
for a false negative (FN) outcome. This cost accounts for the prob-
ability of a patient initiating legal action due to a missed cancer, the
likelihood of the lawsuit being successful, and is therefore referred to
as the expected litigation cost. The expected litigation cost also
accounts for population heterogeneity in critical factors, such as the
occurrence of interval cancers and differences in cancer grades. Full
details of our mathematical model are provided in the Methods
section.

Optimal allocation of mammograms between
radiologists and AI
Within the context of our framework, the healthcare organization’s
objective is to reduce the costs associated with mammography-based
breast cancer screening using AI. This objective aligns with an
increasingly prevalent payment model in the United States:
population-based payments for primary care services through capita-
tion arrangements. Under this model, healthcare organizations, such
as physician groups specializing in primary care, receive prospective
fixed fees for delivering primary care services, including mammo-
graphy screening and follow-up procedures. Notably, this compensa-
tion model separates the volume of services rendered from the
reimbursement received, thus promoting cost-effective practices. (see
ref. 10 for further details on capitation-based paymentmodels). Due to
Civil Monetary Penalties and Anti-Kickback statutes, healthcare orga-
nizations are legally prohibited from compensating physicians based
on the intensity of services, whether more or less intense. As a result,
healthcare organizations cannot financially incentivize physicians to
make medical decisions that prioritize profitability. Driven by these
considerations, the healthcare organization wants tominimize its total
costs without compromising physician autonomy in clinical decision-
making. The organization’s overall objective, C*, is formally defined as:

C� := minfCE ,C
�
D,C

�
Ag: ð4Þ

That is, the healthcare organization first finds the optimal cost for
delegation,C�

D := min tDCDðtDÞ, and automation,C�
A := min tACAðtAÞ, by

respectively optimizing tD and tA for the two strategies involving AI.
We make two simplifying assumptions in solving the model, Assump-
tions 1 and 2, which are technically and practically satisfied, as detailed
in the Methods section. The overall optimization involves comparing
optimal solutions with the expected cost of the expert-alone strategy,

CE (see Equation (12)). Theorem 1 in Section S1 presents closed-form
solutions for optimal thresholds.

Next, we analytically derive the optimal strategy. Building on
insights from the value of information and medical decision-making
literature (e.g., see refs. 11,12), the characterization of the optimal
strategy within the parameter space results in intuitive thresholds
consistent with those commonly observed in these fields. To ensure
clarity in the presentation, we introduce the following terms, which are
naturally derived from our model. Let

IED := I 2 R s:t:C�
D =CE , ð5Þ

IEA := I 2 R s:t:C�
A =CE , ð6Þ

IDA := I 2 R s:t:C�
D =C

�
A: ð7Þ

IED, IEA, and IDA denote the values of the algorithm’s information con-
tent at which the expected costs of the expert-alone and delegation
strategies, expert-alone and automation strategies, and delegation and
automation strategies, respectively, are the same as each other.
Additionally, let:

BA :=
PE ðTPÞ+PE ðTNÞ

2
ð8Þ

NFB :=PE ðTPÞλ½cl � cf � � PE ðFPÞð1� λÞcf , ð9Þ

represent balanced accuracy and thenetfinancial benefit due to expert
decisions, respectively. Balanced accuracy (BA) is the average of the
sensitivity and specificity of the expert and is equivalent to another
related performance measure called Youden Index13. The net financial
benefit (NFB) is calculated by subtracting the prevalence-adjusted cost
of false positives (PE(FP)(1 − λ)cf) from the prevalence-adjusted
marginal benefit of preventing litigation risk through true positives
(PE(TP)λ(cl − cf)). Proposition 1 illustrates how the interplay between
radiologist accuracy, cost factors, and AI algorithm performance
influences the choice of the optimal AI implementation strategy. It
defines the conditions under which the expert-alone, delegation, or
automation strategies are optimal.

Proposition 1. Assume IED < IDA so that delegation is a possible alter-
native. The optimal strategies for various conditions are outlined in
Table 1.

The characterization of the optimal strategy is influenced by the
comparison between disease prevalence and the relative economic
consequences of false-positive versus false-negative decisions, refer-
red to as the cost ratio of false decisions. Specifically, Tables 1a and b
present distinct strategies depending onwhether diseaseprevalence is
low or high relative to these cost ratios. In both low and high-
prevalence cases, the optimal strategy is determined by both the
performance of the human expert and the AI algorithm. The columns
in Tables 1a and b categorize the expert’s performance into two
groups, distinguishing between cases where the net financial benefit is
either low or high. The rows in Tables 1a divide the expert’s net clinical
benefit, assessed through balanced accuracy, into categories of low
and high values. They also categorize the AI algorithm’s discriminative
performance in terms of I into low, medium, or high values (Tables 1a
and b). This framework extends the foundational work of11 on decision
curve analysis, which evaluates the utility and economic value of
prediction-based decisions by weighing their benefits against their
harms. It applies these principles to combining human and machine
predictions within a workflow and subsequent decisions.

Proposition 1 offers valuable insights. First, disease prevalence
plays a pivotal role in determining the optimal strategy. Let λ0 =

cf
cl
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represent the critical prevalence value, defined as the ratio of the
cost of a false positive to that of a false negative (the cost ratio).
Disease prevalence is considered high when λ≥ λ0 and low otherwise.
Our findings indicate that the level of disease prevalence significantly
influences the healthcare organization’s optimal strategy. Since
breast cancer prevalence varies across populations (e.g., due to dif-
fering demographics), these results suggest that healthcare organi-
zations should tailor their strategies to the specific prevalence levels
within the patient populations they serve. A broader implication is
that the choice among automation, delegation, or expert-alone
strategies for different diseases will also depend on disease pre-
valence. The critical prevalence threshold for determining the opti-
mal strategy will be dictated by the ratio of economic consequences
associated with false-positive detections (e.g., unnecessary follow-up
costs) versus false-negative errors (e.g., litigation costs from missed
diagnoses).

Second, when the net financial benefit due to the decision of the
human expert (i.e., the radiologist) is low, automation emerges as the
preferred strategy in almost all cases. The sole exception occurs when
certain mammography tasks are delegated to human experts, driven
by a high clinical benefit that compensates for the low financial return.
This scenario arises when the information content of the algorithm is
low, and disease prevalence is also low.

Third, when both the net financial and clinical benefits of the
expert’s performance are sufficiently high, any of the three strategies—
expert-alone, delegation, or automation—can be optimal, for both low
and high diseaseprevalence cases. In this scenario, the performanceof
the algorithm primarily determines the optimal strategy. Both tables
illustrate a clear progression. When the algorithm’s performance
changes from low to medium, the optimal strategy transitions from
expert alone to delegation. Similarly, when the algorithm’s perfor-
mance changes from medium to high, the optimal strategy becomes
full automation. This progression indicates a transition from the
expert-alone approach to the delegation strategy, where both humans
and machines share the task of mammography interpretation, and
eventually to full automation when the algorithm’s performance is
sufficiently high.

Fourth,when thediseaseprevalenceandnet clinical benefit is low,
the increasing performance of algorithms precipitates an abrupt
transition from reliance on expert judgment to automated systems.
This change arises from greater ambiguity in distinguishing between
sick and healthy patients. In such situations, either expert alone or
automation is preferred over the delegation strategy.

Finally, when the net financial benefit of the human expert is high,
and the performance of the AI is low, the expert-alone strategy
becomes the optimal strategy in both low- and high-prevalence
scenarios.

As AI technology continues to progress, achieving higher levels of
accuracy, efficiency, and reliability, its impact on decision-making
processes warrants deeper exploration. In this regard, we present a
corollary to Proposition 1, which provides additional insights into the
conditions under which automation should be prioritized over human
involvement.

Corollary 1. For any givenPE(TP) andPE(FP), thereexists aperformance
level IA such that when IA < I, the optimal strategy is automation.

Corollary 1 implies that once AI algorithms surpass a specific
performance level, automation becomes the optimal strategy for
mammography-based breast cancer screening. This shift to automa-
tion signifies a critical performancepoint beyondwhich the relianceon
human radiologists are minimal. After a tipping point of AI perfor-
mance, healthcare organizations can realize significant efficiency gains
through the useof AI algorithms to replace somehuman tasks.We also
note that the critical performance threshold required to switch to
automation, IA, is higher for those tasks where expert performance is
higher. Hence, in areaswherehumanexperts performparticularlywell,
the path to full automation may be slower, requiring AI to reach even
greater levels of performance to become the preferred option.

Asymmetric litigation costs for human vs. machine liability
An important cost dynamic we capture in our model is the economic
consequences ofmissing cancer cases, the case of a false-negative, and
the ensuing litigation scenario. In this subsection, we analyze the
situation where litigation costs differ between the case when an AI
algorithm makes an incorrect decision and one in which a human
makes an incorrect decision. The current regulatory environment in
the U.S. does not provide a definitive answer to this question in either
the health or other contexts14. In establishing liability for a missed
cancer case by a doctor, we ask whether a reasonably competent and
skilled healthcare professional would have made the same mistake.
That is the basic definition of the medical standard of care. As
machines are commercial products, they may be subject to product
liability law, a potentially stricter standard, whichmay result in greater
liability costs. Hence, in this section, we analyze the scenario in which
this premise holds true: the liability costs formachines are higher than
the same for humans.

We modify our model to study the case in which human vs.
machine liability are different. In the next proposition, we study the
effect of having a larger litigation cost for the algorithm when a sick
patient is deemed as healthy as compared with the litigation cost for
the human expert on optimal strategy.

Proposition 2. A higher liability for machines could alter providers’
preferences away from automation (or delegation) to expert-alone
solutions.

Proposition 2 suggests that holding machines to a stricter stan-
dard as compared to humans could encourage increased human
involvement in prediction based decisions. This result, although
intuitive, has important implications for the future of work and points
to a significant policy lever that social planners can utilize. First, even
the best-performing algorithms can produce imperfect predictions;
hence, liability cases will be unavoidable when we let machines make
decisions. Algorithms can even perform strictly better thanhumans do
on average. However, they may lead to unintended consequences or
adverse effects. For example, in healthcare, algorithms could miss
clinical context and data outside clinical records, which humans may
not necessarily miss. In such a scenario, human involvement may be
preferable to a better-performing algorithm. One way to induce such
preference of humans or society could be holding machines to a
stricter standard (by imposing larger litigation costs for algorithms).
Second, social planners who regulate liability cases can set differential
standards for humans or machines for a healthier transition to human-

Table 1 | Optimal strategy

(a) λ < cf/cl

NFB < ce − ca (ce − ca)≤NFB

BA<0:5 + cecl
2cf ðcl�cf Þ

I ≤ IEA A E

IEA < I A

0:5+ cecl
2cf ðcl�cf Þ � BA I ≤ IED D E

IED < I ≤ IDA D

IDA < I A A

(b) λ ≥ cf/cl

NFB < (ce − ca) + λcl − cf (ce − ca) + λcl − cf ≤NFB

I ≤ IED A E

IED< I≤ IDA A D

IDA< I A A
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machine combined solutions and automation across firms. Social
planners can use liability costs as a policy lever to account for factors
that a cost-minimizing firmwould otherwisemaynot. For example, the
broader good of society could require a slower immersion of AI,
especially in life-and-death decisions.Developments in AI technologies
will likely outpace the legal developments on how we should hold
algorithms accountable is complex, dynamic, and ever evolving. Until
we learn more about how to regulate AI and prevent injuries, a stricter
standard and costs on algorithmic liability can help with the pacing
problem (e.g., see ref. 15 for a discussionon regulatingAI in the context
of negligence laws). The differential treatment of human vs. machine
liability can help with the pacing problem between technological and
legal developments.

Empirically studying AI-based allocation of mammograms
We parameterize our model using multiple data sources and conduct
two types of numerical experiments. In the first set of numerical
experiments, we use estimates from large-scale, multi-site US mam-
mography studies, as summarized in Table 2 along with their refer-
ences. These parameters and our analytical model results help
characterize optimal strategies across varying human and AI perfor-
mance. In the second set of numerical experiments,we use algorithmic
predictions and radiologist assessments from the Digital Mammo-
graphy DREAM (Dialog on Reverse Engineering Assessment and
Methods) Challenge2. The challenge was organized by leading AI and
healthcare organizations including IBM Research, Icahn School of
Medicine at Mount Sinai, Sage Bionetworks, and Kaiser Permanente
Washington. The challenge proposed a crowdsourcing contest that
aimed to develop AI algorithms for mammography-based breast can-
cer detection. The algorithms assessed risk using a continuous scale
from zero to one, representing the probability of cancer. More details
about the challenge can be found online at the challenge site16. Using
the DREAM data and parameter estimates from the medical literature,
we compute optimal thresholds for each strategy and identify the one
with the lowest expected cost (through numerical search), indepen-
dent of the assumptions made in the analytical model.

We have proprietary access to the predicted scores of AI algo-
rithms, the true outcome of whether or not the patient developed
cancer within a year from screening, and the radiologist’s assessment
of the mammogram (benign or recall for further study). We report
the radiologists’ performance in Table 2. In conducting our experi-
ments, we used the top-ranked algorithms, which were offered
$1, 000, 000 if they can beat radiologists; they were eventually
rewarded a total of $140,000 cash prize (no algorithm was able to
meet the initial goal of beating radiologists). We obtain the per-
mammogram algorithm cost leveraging the total cash prize offered
and eventually given (based on an assumption that the designers
chose the award in a way to implicitly price these algorithms). Spe-
cifically, we assume ca to range between $140, 000/25, 657 = $5.46
($5.96 in 2020 dollars) and $1, 000, 000/25, 657 = $38.98 ($42.59 in
2020 dollars), which we consider as the valuation of the AI systems
by domain experts.

Numerical characterization of optimal strategy. We start by char-
acterizing the optimal strategy as a function of cost and performance
parameters. For populatingmodel parameters, we use point estimates
as presented in Table 2 and numerically demonstrate our theoretical
findings.

In Fig. 1, we depict (i) how the apportioning of work between
expert radiologists and algorithms depends on the performance dif-
ferential between the two and (ii) the impact of algorithm and liability
costs on how the work is shared between them. We fix the false-
positive rate for radiologist performance to that in the Dream Chal-
lenge data and vary their true-positive rate. The figure suggests that for
a fixed human performance level that is not too large, automation is
the preferred strategy when the algorithm performance exceeds a
certain AUC performance threshold. This threshold is increasing in the
humanperformance. In contrast, expert alone is the preferred strategy
when human performance is very high while the algorithm perfor-
mance is low enough. When neither the algorithm nor the radiologist
dominates the other in terms of their performance, delegation could
be the preferred strategy. This high-level characterization of optimal
strategy lays out a foundation for howdisparate cost and performance
parameters affect the healthcare organization’s strategy choices.

A comparison of sub-figures reveals additional insights. Figure 1a
and b suggest that a reduction in algorithmic costs replaces some of
the parameter regions of the expert-alone strategy with the delegation
strategy. In other words, reducing algorithmic costs facilitates human-
machine combined solutions in lieu of human-alone approaches. A
change in litigation costs, based on the comparison of Fig. 1b and c, has
a similar yet broader effect. Lower litigation costs, when compared to
higher litigation costs, have the effect of increasing the region in which
delegation is optimal while reducing the regions of optimality for both
automation as well as expert-alone strategy. These interesting results
have a two-fold explanation. With low litigation costs, in the region
with higher human performance, an expert’s (higher) cost becomes
more ‘affordable’ and thereby causes some regions of automation to
switch to delegation. On the other hand, the expert-alone area shrinks
due to a different reason. The lower litigation costs increases the tol-
erance for false negatives. This means the optimal threshold under a
delegation strategy increases resulting in lower reliance on the expert
under a delegation strategy. It also means that delegation becomes a
more cost-effective strategy against experts alone in some regions. The
result around the impact of lower litigation costs on human involve-
ment implies that policies such as placing a cap on damages (that a
judge can award in a litigation case) through tort reforms can impact
how the work is shared between humans and machines. Also, observe
that when both the algorithm’s and human’s performance are low
enough while the algorithm and litigation costs are high, the delega-
tion strategy may not be feasible (see the lower left region in Fig. 1c).
The observation suggests that, when costs are high, the feasibility of
delegation strategy requires high human and algorithm performances.

Back testing ourmodel. In this subsection, we validate our proposed
approach by retrospectively testing the cost/performance of

Table 2 | Parameter Estimates

Parameters Comments Estimates

λ The Cancer Statistics Center website17 126.9*10−5

cl Inflation-adjusted low/high compensation paid18 $756,156/$1,157,866

cf Based on use patterns in the Group Health BCSC registry19 [$1223.90, 2612.46$]

ce Based on Medicare reimbursement rates19 $167.04

ca Total cash prize per mammogram in DM Challenge2 $4.47

PE(TP) Radiologist sensitivity in the DREAM challenge data2 0.856

PE(FP) Radiologist false positive rate in the DREAM challenge data2 0.095

Notes. These estimates are derived from the indicated references, which provide only the mean values.
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different AI strategies based on real data. We have algorithm risk
scores for 25,657 distinct mammograms in the holdout sample pro-
duced by 18 challenge contestants. The dataset uses 2D digital
screening mammograms interpreted by a single radiologist. This
sample had a breast cancer prevalence of 1.10%, a value substantially
larger than the 0.127% incidence reported for the broader
population17. The challenge designers chose to create a sample with a
higher than typical cancer rate for better assessing algorithm per-
formance, especially for mammograms indicating cancer. In con-
ducting our experiments, we undersample in a way to match the
population prevalence and repeat this sampling procedure 100
times; the undersampling eliminates the systematic bias in cost
estimates due to the high incidence in the holdout sample. For each
iteration of the sampling procedure, we evaluate the three strategies
that our problem considers. In assessing the expected costs for the
expert-alone strategy, we obtain varying costs due to changing
radiologist performance across samples. We calculate the mean and
standard deviation of costs to get a distribution. In assessing the
delegation and automation strategies, we conduct an exhaustive
search over tD and tA, respectively. Dividing the risk score range into
1000 equal intervals for each of the algorithms, we find the com-
putationally optimal thresholds for all samples. We obtain the means
and standard deviations of costs for the selected thresholds across
samples and use it to calculate the expected costs for the delegation
and automation strategies. For each of the 18 algorithms, we com-
pare the average costs associated with each strategy using a two-
sided t-test and assess optimality at a 95% confidence level. The null
hypothesis is that the average costs of compared strategies are equal.
If the estimated costs are statistically indifferent across a pair, we
prefer expert alone, delegation, and automation as the optimal
strategy in that order. Note that the backtesting experiments do not
rely on the assumptions presented in the modeling section.

Figure 2 quantifies the mean cost estimates corresponding to the
(computationally) optimal strategies for each of the submitted algo-
rithms (we assume algorithm cost to be the same for all algorithms).
When both the algorithm and litigation costs are low as in Fig. 2a, the
optimal strategy is delegation for most algorithms even when their
performance is lower. The difference in optimal costs between using
higher and lower-performing algorithms in the redesign is large
(notice the steep reduction in costs as the algorithm performance
increases). The expected costs under the delegation strategy using the
top-performing algorithm is $343.69which suggests a 30.1% reduction

from the expert-alone strategy with an associated cost of $497.92.
When both the algorithm and litigation costs are high, as in Fig. 2b, we
observe only the top-performing algorithms to become a part of the
mammography operations (i.e., delegation is optimal only for the top
four algorithms with AUC values ranging from 0.789-0.857). The
delegation strategy is optimal for the best-performing algorithm (i.e.,
AUC =0.857 for A1). The expected costs under the delegation strategy
is $456.53 which suggests a 17.5% reduction from the expert-alone
strategy with an associated cost of $553.10. The reductions in both
cases, low/high algorithm, and liability costs suggest that potential
savings from thedelegation strategy could be substantial to healthcare
organizations. Also, it could be especially valuable for society con-
sidering the 40 million mammograms conducted every year, an esti-
mate from the U.S. Food and Drug Administration.

Discussion
This research examines how a healthcare organization strategically
allocates tasks betweenhumanexperts andAI systems. Theorganization
evaluates the adoption of an AI algorithm to automate some or all post-
mammography decisions, aiming to lower operational costs. It con-
siders three strategies: relying exclusively on human expertise (expert
alone), combining human inputwithmachine assistance (delegation), or
fully automating decisions with AI (automation). We use a probabilistic
model, grounded in statistical principles of machine learning, to repre-
sent algorithmic decisions. By applying this model, we minimize costs
and identify conditions under which each strategy becomes optimal.We
also characterize these strategies based on the cost and performance of
human experts and AI algorithm. To quantify the economic outcomes,
we incorporate estimates from medical studies and results from a
crowdsourced competition on AI-based breast cancer detection.

Our study offers valuable guidance to healthcareorganizations on
integrating AI into their workflows by balancing tasks between expert
radiologists and algorithms. A notable insight from our findings
highlights the role of disease prevalence as a key factor in determining
AI’s optimal use. Specifically, the balance between high and low pre-
valence, combined with the cost trade-offs of false positives and false
negatives, can shift the preference toward either a delegation strategy
(human-machine combination) or full automation. This observation
suggests that applying a uniform approach across all diseases may not
be effective. Instead, organizations should tailor their AI adoption and
operational redesign decisions to the specific characteristics of each
disease.

Fig. 1 | The figure shows three optimal strategy regions—expert-alone, dele-
gation, and automation—based on the relative performance of AI and the
radiologist. The x-axis represents the AUC of AI algorithm performance, while the
y-axis represents the radiologist’s true positive rate. Panel (a) highlights how lower

AI and litigation costs impact the preference of three strategies. Using Panel (a) as a
benchmark, Panel (b) illustrates how higher algorithm costs shift strategy pre-
ferences, while Panel (c) examines the combined impactof increased algorithmand
litigation costs on strategy selection. Source data are provided as a SourceData file.
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The costs associated with algorithms and false assessments,
such as litigation expenses from false negatives, play a crucial
role in shaping a healthcare organization’s optimal strategy.
When AI demonstrates high predictive performance, the organi-
zation may assign full responsibility to either the AI or the human
expert, depending on the cost of implementing the algorithm. In
such cases, reliance on human-only or machine-only strategies
often eliminates the delegation approach. Similarly, higher liti-
gation costs can drive this effect. Automation may become more
appealing than delegation, depending on how AI performance
compares to that of human experts. However, differences in liti-
gation costs between algorithms and humans may induce the
uptake of hybrid strategies where human involvement remains
part of the decision-making process.

The numerical experiments highlight both the practicality and
benefits of theproposed approach. Basedon the current capabilities of
AI in mammography and existing clinical practices, our findings indi-
cate that a human-machine combined workflow (the delegation strat-
egy) emerges as themost effective option. This strategy could achieve
significant cost reductions, ranging from 17.5% to 31.1%. By leveraging
AI to assign specific tasks to human experts while automating others,
healthcare organizations can unlock substantial efficiencies and cost
savings.

We would like to note that our model reflects U.S. screening
practices. In non-U.S. contexts, such as Europe where double reading is

standard, alternative strategies should be considered. For instance, AI
could serve as a second reader alongside a radiologist reducing the need
for two radiologists to reviewand reach a consensus, potentially offering
cost savings. Given that the performance characteristics of AI combined
with a radiologist and the cost considerations, including litigation, differ
in European contexts, exploring alternative workflow strategies and
parameterizations would be a valuable direction for future research.

In conclusion, this paper introduces an operational framework for
integrating AI into routine clinical decision-making, with a focus on
mammography-based breast imaging. We develop a mathematical
characterization of the problem and validate our theoretical insights
using data from a real-world crowdsourcing competition on breast
cancer prediction from mammograms. While the study uses mammo-
graphy as a case example, the framework is adaptable to various clinical
scenarios—such as pathology and dermatology—where predictive accu-
racy is essential, and AI holds significant potential to improve efficiency.

Methods
Details of mathematical model
We define the expected costs associated with each strategy as follows:

CE := ce + Pðη= sÞcf
zfflfflfflfflfflffl}|fflfflfflfflfflffl{Expected follow�upcosts

+ Pðη=hjsÞλcl
zfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflffl{Expected litigation costs

ð10Þ

Fig. 2 | The figure presentsmean cost estimates frombacktesting experiments,
comparing preferred strategies and associated costs across 18 AI algorithms
submitted in a crowdsourced data competition trained on real-life mammo-
grams. The x-axis represents algorithm AUC values, and the y-axis shows the
expected cost permammogram inUSD. Panel (a) depicts resultswith lowalgorithm

and litigation costs, where delegating to the top-performing AI reduces costs by
30.1% compared to the expert-alone strategy. Panel (b) shows that when both costs
are high, delegation is limited to the top four algorithms, resulting in a smaller 17.5%
cost reduction. Source data are provided as a Source Data file.
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= ce + λcl +PE ðTPÞλ½cf � cl � ð11Þ

+PE ðFPÞð1� λÞ½cf �, ð12Þ

CDðtDÞ := ca + Pðr ≥ tDÞce
zfflfflfflfflfflfflffl}|fflfflfflfflfflfflffl{Expectedexpert costs

+ Pðr ≥ tD,η= sÞcf
zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{Expected follow�upcosts

ð13Þ

+ Pðr < tDjsÞλcl +Pðr ≥ tD,η=hjsÞλcl
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{Expected litigation costs

ð14Þ

= ca + λcl ð15Þ

+Pðr ≥ tDjsÞλ ce + Pðη= sjsÞðcf � clÞ
h i

ð16Þ

+Pðr ≥ tDjhÞð1� λÞ ce + Pðη= sjhÞcf
h i

, ð17Þ

CAðtAÞ := ca + Pðr ≥ tAÞcf
zfflfflfflfflfflfflffl}|fflfflfflfflfflfflffl{Expected follow�up costs

+ Pðr < tAjsÞλcl
zfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflffl{Expected litigation costs

ð18Þ

= ca + λcl +Pðr ≥ tAjsÞλðcf � clÞ ð19Þ

+Pðr ≥ tAjhÞð1� λÞcf : ð20Þ

The healthcare organization’s overall objective C* is the following:

C� := min CE , min
tD

CDðtDÞ, min
tA

CAðtAÞ
� �

: ð21Þ

In our optimization model, we rely on two technical assumptions
that underpin our analysis. Although technical in nature, these
assumptions are practically met in the context of breast screening, as
explained below.

Assumption 1. ca/(1 − λ) < ce < cf < cl.
Assumption 1 describes the relationships between various costs.

According to this, liability costs for a false negative, cl, are the highest.
The cost of a follow-up exceeds that of an expert’s evaluation of a
mammogram. These assumptions align with observed costs in prac-
tice. For instance, the average settlement for a litigation claim was
reported as $485,348 ($756,156 adjusted for 3% inflation to 2020)18.
Similarly, the cost of a digital screening mammogram read by an
expert radiologist averaged 139.89 (167.04 adjusted for 2020), while
diagnostic follow-up costs (e.g., additional imaging or biopsies) ranged
between $1,025.00 and $2,187.89 ($1,223.90 to $2,612.46 adjusted for
2020)19. Finally, the leftmost inequality indicates that the cost of using
the AI algorithm, divided by 1 − λ, is lower than the cost of a human
expert. Since 1 − λ < 1, it follows that ca<

ca
1�λ, and consequently, ca < ce,

meaning the algorithm is less expensive than a human expert. It is
important to note that although the leftmost inequality is primarily
technical (as it involves division by 1 − λ), for all cancers, including
breast cancer, the population prevalence λ is extremely low (e.g.,
λ = 126.9 × 10−5 for breast cancer17), resulting in 1 − λ being nearly
equal to 1.

Assumption 2. PE ðTPÞ > ce
cl�cf

and PE ðFPÞ<
cf�ce
cf

Assumption 2 provides a lower bound for the true-positive
probability and anupper bound for the false-positive probability of the
human expert. Accordingly, we assume that the human expert exhibits

high true-positive rates and sufficiently low false-positive rates,
ensuring accurate identification of diseased cases while minimizing
unnecessary follow-up procedures. These bounds are technical and
serve to exclude the unrealistic scenario where the expert’s perfor-
mance adds no more value than random guessing of disease status.
According to a recent study, radiologists in clinical practice achieve a
sensitivity (true-positive rate) of 73% and a specificity (false-positive
rate of 4%)20. Based on the previously mentioned cost figures, the
conditions PE(TP)≫0.01% and PE(FP)≪ 86.3% are satisfied, providing
practical support for this assumption.

Consistent with prior machine learning research in mammo-
graphy, we assumeconditional independencebetween the algorithm’s
risk score and the human expert’s predictions given the patient’s
health status. This assumption implies that, conditional on cancer
status, the AI and radiologist make independent predictions and may
not necessarily identify the same cases. As a result, this assumption
highlights the complementary diagnostic strengths of AI and radi-
ologists. It is important to note that the backtesting experiments in the
numerical section utilize AI predictions from the DREAM challenge
without imposing the analytical model’s assumptions. In addition, we
conduct an exhaustive search of over-optimization parameters across
different strategies, ensuring that the numerical results remain inde-
pendent of these assumptions.

Ethics
Sage Bionetworks obtained IRB approval to conduct the Digital
Mammography Challenge and to share the best predictive models
and accompanying methods for research use. The IRB also granted a
full waiver of authorization under HIPAA to enable access and ana-
lysis of the mammogram images and survey data to Sage Bionet-
works and partner challenge organizers. The justification for
granting the waiver of authorization under HIPAA is that: 1- The
images and survey data were already collected and were available to
use for research purposes under an opt-out mechanism (risk factor
questionnaire) or under a waiver of informed consent (de-identified
mammogram images and BIRAD scores). 2- Sage Bionetworks, the
sponsor, and other Challenge organizers didn’t know the subjects’
identities. It is impossible to re-contact the data subjects to obtain
authorization without breaching their confidentiality, which poses a
greater risk to the data subjects than having their images analyzed. 3-
The project is expected to analyze about 100,000 digital images. It
was impractical, time-consuming, and prohibitively costly to re-
contact the large number of people whose images would be analyzed
in this Challenge.

Datasets
This study leverages two primary datasets to support its analysis.
The first dataset is synthetic data designed to simulate a controlled
environment for validating theoretical models. This dataset
includes varying values for human and algorithmic performance,
enabling a comprehensive analysis of how the optimal strategy
evolves with changes in these performance levels. The synthetic
dataset can be reproduced using the code available in our GitHub
repository21.

The second dataset originates from the Digital Mammography
DREAM Challenge, a real-world crowdsourcing competition. It
includes breast cancer risk predictions from eighteen algorithms,
radiologist assessments, and cancer outcomes (cancer present or
not) for 25,657 patients used in the validation phase of the challenge
(further details about the challenge are available in ref. 2). The
algorithms generated risk scores based solely on mammography
images, without incorporating any additional clinical or demo-
graphic information. We use the risk predictions by algorithms,
radiologist assessments, and cancer outcomes in their original form,
without additional processing.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The synthetic data used to create Fig. 1 and the associated results can
be generated using the code in our GitHub repository, hosted at
https://github.com/ahsen1402/delegation_project21. The Digital Mam-
mography DREAM Challenge data used to create Fig. 2 and associated
results are available under restricted access due to its sensitive nature.
The data use agreement that allowed us to use the data for the DREAM
Challenge explicitly states that thedata cannotbe redistributed in total
or in parts. The data can be accessed through a request to the data
provider, Kaiser Permanente (KP) Washington. Access to KP Research
Data resources by non-KP researchers requires collaboration with a KP
researcher, who can help refine the phenotype of interest. The KP
Research Bank hosts data and analytic tools in a secure analytic plat-
form that is managed by KP. Researchers will be given access to this
platform to perform analyses. The website to apply for access is
https://researchbank.kaiserpermanente.org/for-researchers/apply-
for-access/. Source data are provided with this paper.

Code availability
The analyses reported in this study used the statistical software R
version 4.4.2. We also used R package ggplot2 version 3.5.1 and
pracma version 2.4.4 for creating visualizations. The entire codebase
utilized in this manuscript is publicly available under the Apache
License on the following GitHub repository: https://github.com/
ahsen1402/delegation_project21.
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