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The global market for clinical decision support Al is estimated to exceed $2 billion annually, with
systems deployed across radiology, emergency triage, oncology, and chronic disease management
(DataM Intelligence 2025; Abbas, Jeong, and Lee 2025). Hospitals, insurers, and policy makers
are investing heavily on the assumption that these tools improve clinical decisions. The evidence
is far less encouraging. Vaccaro, Almaatouq, and Malone (2024) meta-analyze over 100 studies of
human-Al teams and find that Al augmentation does not, on average, improve performance — and
in some cases makes it measurably worse (g = -0.23). The technology is being deployed at scale,
yet we do not reliably understand how it changes the way clinicians think.

The standard evaluation question, does Al help?, is incomplete. Agrawal, Gans, and Goldfarb
(2018) characterize Al as a prediction cost reduction, implying that prediction and judgment are
complements: as prediction cheapens, returns to judgment rise. Understanding the nature of this
complementarity is essential for designing effective Al clinical decision support systems. The
policy-relevant question is how Al restructures the decision process, and whether clinicians’ behav-
ioral response reflects this complementarity. A clinician confronted with an Al recommendation
does not simply shift toward or away from the algorithm’s output. She reorganizes which evidence
she attends to, how she allocates effort across features, and how she weighs her own judgment
against the system’s. Understanding this reorganization, not just the net effect on accuracy, is what
matters for designing systems and regulation grounded in evidence rather than assumption.

We provide experimental evidence on how providing clinical decision support in the form of Al
risk predictions affects clinician information processing. Using a purpose-built experimental plat-
form, we enrolled 56 healthcare professionals who provided screening recommendations for 2,015
colorectal cancer patient cases in a within-subjects randomized design. For each case review, clin-
icians were randomized into whether they received an Al-generated risk prediction alongside the



patient information. Approximately 19 percent of case reviews included Al predictions. Separately,
we constructed two ground truth benchmarks to measure accuracy: consensus ratings from inde-
pendent expert clinicians, and predictions from a machine learning model trained on real electronic
health records from a major health system. The Al predictions shown to clinicians during the ex-
periment are distinct from this ground truth benchmark: the former is the experimental treatment,
while the latter provides an independent standard against which to evaluate clinician accuracy. The
expert consensus benchmark captures clinical reasoning validity; the ML benchmark provides a
population-level prediction standard with full case coverage.

The central innovation is the experimental design for identifying how Al changes information pro-
cessing. Each case presented patient characteristics drawn from fields available in electronic health
record systems (age, symptom burden, family history, comorbidities), and our platform indepen-
dently randomized both whether an Al risk prediction was displayed and which patient characteris-
tics were shown to the clinician. Because characteristic randomization is orthogonal to case content
and clinicians are not told which characteristics are withheld, characteristic absence 1s uninforma-
tive conditional on case structure. This design lets us estimate the causal effect of any specific
patient characteristic on a clinician’s screening recommendation, and, critically, how the interac-
tions between the display of Al risk predictions and the effects of each characteristic on clinical
decision-making. Where Kleinberg et al. (2018, QJE) demonstrate the value of algorithmic predic-
tion at the decision level, we extend this logic within a single decision, identifying which pieces of
information clinicians delegate to the algorithm and which they continue to evaluate independently.

Turning to accuracy, we find that Al reduces the distance between clinician assessments and ground
truth (Cohen’s d =-0.14, p = 0.008 against ML predictions), increases exact agreement (OR = 1.36,
95% CI [1.06, 1.73], p = 0.015), and raises near-match accuracy (OR = 1.59, p = 0.020). A causal
forest shows universal benefits across the case distribution, with the strongest effects for high-risk
patients (CATE = -0.175) and complex cases with many observable characteristics. Case-order X
Al interaction tests are jointly insignificant.

Beyond these average effects of Al clinical decision support on accuracy, our key finding is that
Al fundamentally changes how clinicians weight patient information. The effects of displayed pa-
tient characteristics on clinician assessments interact significantly with the presence of Al decision
support (x?(22) =39.02, p=0.014). The pattern is asymmetric. With Al present, clinicians reduce
their reliance on high-value diagnostic characteristics, those carrying the most predictive weight
in the ML ground truth, while increasing attention to peripheral, low-value characteristics. The
mean interaction coefficient for high-value characteristics is -0.129; for low-value characteristics,
+0.037 (t =-2.86, p = 0.020). Total characteristic weights decline 39.5 percent under Al exposure,
consistent with broad cognitive offloading.

The pattern of results is consistent with clinicians reallocating attention. One reading, rational
delegation, holds that clinicians treat Al as a cognitive labor-saving device for prediction-intensive
inferences, accepting algorithmic substitution on computationally demanding characteristics and
redirecting freed attention toward characteristics requiring judgment the Al cannot supply. This
mirrors rational inattention theory (Sims 2003; Mackowiak and Wiederholt 2009): constrained
agents allocate attention to maximize decision quality, and a tool that cheapens some signals shifts
processing toward others. The competing reading, automation bias, holds that clinicians offload
cognitively expensive characteristics regardless of the AI’s actual comparative advantage on those
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Figure 1: Treatment effect heterogeneity and clinician Al reliance. (A) CATEs from a causal forest by
patient EHR risk level; all negative, with the strongest improvement for high-risk patients (diamond = overall
mean). (B) Distribution of normalized individual Al reliance from a mixed-effects trust calibration model.
Most clinicians cluster in the upper half of the reliance scale. [N = 46 clinicians, 2,015 assessments.

dimensions. Distinguishing these accounts requires testing whether the magnitude of reallocation
per characteristic tracks the Al’s accuracy advantage.

Trust calibration estimates reinforce the delegation picture. Clinicians place approximately 85 per-
cent weight on Al recommendations (A = 0.854), and confidence rises significantly with Al ex-
posure (5 =0.18, p < 0.001). The decision-maker who emerges from these data has substantially
delegated information integration to the algorithm while retaining the role of evaluating individual
cues. Whether this delegation is well-calibrated, that is, whether the Al truly outperforms on the
characteristics clinicians offload most, determines whether the pattern reflects algorithm apprecia-
tion (Logg et al. 2019) rather than algorithm aversion (Dietvorst et al. 2015), and whether clinicians’
reliance constitutes appropriate use or the kind of automation misuse documented by Parasuraman
and Riley (1997).

This mechanism clarifies the puzzling heterogeneity in the broader literature. The meta-analytic
null of Vaccaro, Almaatouq, and Malone (2024) is consistent with attention reallocation that some-
times improves outcomes — when clinicians offload characteristics the Al handles well — and
sometimes does not — when they over-delegate to unreliable systems or redirect attention toward
uninformative cues. The aggregate effect masks the behavioral shift driving it.

These findings have direct implications for the design and evaluation of clinical Al decision sup-
port. Al decision support changes not only the accuracy of clinical judgments but the process by
which clinicians arrive at them, specifically how they allocate attention across available patient
information. This implies that the design of Al clinical decision support systems should account
for the nuances of how they affect the decision-making process of the humans using those predic-
tions. In clinical settings and similar domains where Al predictions assist expert judgment, the
complementarity between prediction and judgment, and the specific nature of that complementar-



ity, should be taken into account. Doing so may lead not only to improved outcomes but to more
consistent decision-making more generally. Our findings are specific to the context studied: Al
risk predictions for colorectal cancer screening recommendations. Whether similar patterns of at-
tention reallocation arise with other forms of Al decision support, in other clinical domains, and
under different institutional conditions is an important question for future research.
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