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Abstract

We study how situational fluctuations in cognitive capacity shape behavior in high-stakes,
real-time decision-making. Drawing on recent advances in behavioral economics that revolve
around inattention, cognition and complexity, we show that cognitive load influences how
physicians in emergency departments allocate mental effort and attention when making diag-
nostic and treatment decisions. We use quasi-random variation in patient-physician pairings,
along with granular electronic medical record and audit-log data from many clinical interac-
tions, to show that, under higher cognitive load, physicians substitute mental deliberation with
more numerous but less precise diagnostic actions. Specifically, we document that higher load
(i) increases the total number of orders of diagnostic tests (ii) reduces the use of targeted, but
more uncommon tests (iii) increases the use of common tests and (iv) increases uncertainty
in diagnostic beliefs. Cognitive load impacts downstream inpatient admission from the emer-
gency department: a physician in the highest cognitive load decile increases admissions by 28%
relative to the same physician in the lowest cognitive load decile, for the exact same kind of
patient. These results offer novel field-based evidence on the dynamics of attention and belief
formation, and shed light on how cognitive constraints shape diagnostic behavior in complex,
real-world environments.
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1 Introduction

All decision-making requires mental effort. Agents in the changing and complex economy need to
filter out new information from numerous sources (e.g., media, customers, coworkers, data) and
integrate it with their existing knowledge to form their behaviors (e.g., on the job decisions, per-
sonal choices, tacit learning). These evaluations and decisions often occur under conditions with
significant bandwidth constraints, as well meaningful levels of institutional complexity. Recent
advances, mostly theoretical and experimental, highlight the importance of inattention, cognitive
capacity, and complexity in shaping economic decisions (e.g., Maćkowiak et al. (2023), Gabaix
(2019), Bordalo et al. (2025), Caplin and Dean (2015), Oprea (2024) and Enke and Graeber (2023)).
In fact, integrating such cognitive factors into economic models can potentially unify seemingly
disparate behavioral phenomena under a common framework.

A key gap in the literature, however, is the lack of empirical exploration of high-frequency
decision-making in real-world settings. Such empirical investigations are not only valuable for
their applied relevance, but also help to inform and refine existing models of cognitive resource
allocation. In this paper, we begin to fill this gap by exploring a practical, high-stakes, high-
frequency setting: the diagnostic choices of physicians in emergency departments (EDs). In this
setting, physicians must obtain information from multiple sources (e.g., patient history, physical
examinations, conversations, imaging, and lab tests), synthesize these data into diagnostic hy-
potheses, and ultimately arrive at a treatment plan.

These decisions are cognitively demanding and made under time pressure, uncertainty, and
institutional complexity.1 Importantly, physicians treat hundreds or thousands of patients over
time, many of whom present with similar symptoms, offering an opportunity to study decision
variation within-physician over repeated, comparable choice settings. Since cognitive capacity
is difficult to measure in administrative data, much of the prior literature on cognitive load has
focused on controlled laboratory settings, where cognitive load or task complexity can be system-
atically manipulated. However, medical diagnosis presents a unique case: the cognitive effort
involved in forming a diagnosis (“thinking”) is often accompanied with reliance on diagnostic
tests (“doing”). Because the use of diagnostic tests is observable, it provides a valuable empirical
window into the underlying cognitive mechanisms that precede testing.

We show that fluctuations in cognitive resources meaningfully affect physicians’ behavior over
time, even for the same physician facing similar decisions. Variation in cognitive effort influences
key aspects of physicians’ clinical practice, including the number and precision of diagnostic test
orders, as well as costly inpatient hospital admission decisions. Beyond providing insight into the

1Since the seminal work of Arrow (1963) a large literature has developed to study aspects of physician decision-
making (see, e.g., McGuire (2000) and Chandra et al. (2011) for overviews). This work is largely grounded in standard
economic models of incentives, information, and market structure with little to no focus on within-physician variation
in behaviors and, especially, the cognitive constraints of physicians.
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diagnostic process in the ED, our findings yield broader behavioral conclusions: the cost of mental
effort for experts is not fixed over time, and care approaches change flexibly, even over short time
horizons. Moreover, physician behavior exhibits attenuation—a central feature of inattention-
based models—where diagnostic responses under high cognitive load are systematically muted
relative to those under lower load.

Specifically, we (i) develop a conceptual framework that formalizes the role of cognitive re-
sources in diagnostic decision-making and (ii) leverage new granular data from the Emergency
Department of the University of California at San Francisco (UCSF) to empirically study the im-
plications of cognitive capacity on care. Our conceptual framework models an individual physi-
cian’s pursuit of a patient’s diagnosis. The physician has a level of cognitive load throughout the
patient encounter that depends on the other patients she is treating or has treated. The patient
arrives with a chief medical complaint and some other characteristics, from which the physician
forms a prior about potential diagnoses. In sequence, the physician (i) exerts mental effort to re-
fine her diagnostic beliefs and (ii) orders external tests to further refine those beliefs. The marginal
costs of mental effort by the physician are increasing in both cognitive load and current mental
effort. The physician exerts mental effort and orders external tests to the point where the benefits
of further refining beliefs about the true diagnosis are outweighed by the costs of additional men-
tal effort and external tests. Finally, the physician makes an inpatient admission decision, trading
off the high cost of admission with the incremental benefit of ensuring appropriate treatment.
Some of our modeling choices reflect the specifics of our empirical environment and we present
an extended discussion of how our model relates to prior conceptual work on cognitive load.

The model has several predictions that we directly test in our empirical analysis. First, the
model predicts that a higher level of cognitive load leads to the physician exerting less effort to
acquire mental signals and placing more external orders instead. Second, the model predicts that
higher cognitive load reduces the use of more infrequent, targeted tests and increases the use
of more frequent, broad tests, reflecting behavioral attenuation. Third, the model predicts that
cognitive load increases uncertainty in diagnostic beliefs, both before and after choosing external
diagnostic tests. Fourth, the model predicts that higher cognitive load increases inpatient hospital
admissions from the emergency department, a costly and consequential treatment action. For each
of these model predictions, we develop and test an empirical analog in our data.

The data include rich information on both patients and providers including (i) patient charac-
teristics (ii) medical care (e.g., orders, procedures, triage, diagnoses) (iii) physician characteristics
(iv) note actions where physicians take clinical notes on patient encounters and (v) an audit log of
physician click-by-click actions when placing medical orders / notes or reviewing the outcomes
of prior orders / notes. These data include all patients visiting the Emergency Department over
a two-year period (mid-2017 to mid-2019) and include to-the-second timestamps for all relevant
actions. Crucially, the detailed data allow for the construction of short-duration within-physician-
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shift cognitive capacity measures while our environment in the ED generates quasi-random vari-
ation in those measures over time within-physician.

Our dataset has several features that make it very well suited for the exploration and ap-
plication of theories of cognitive resource allocation. First, physicians repeatedly face distinct
diagnostic decisions across thousands of patient encounters, allowing us to study joint statisti-
cal properties of patients’ states and physicians’ choices. Second, the decision space is rich, with
many possible diagnoses, diagnostic orders, and treatment options. This richness is not only im-
portant for studying flexibility in allocation of cognitive resources but it is also essential to be able
to address “thinking” and infer physicians’ beliefs, which are revealed by the detailed choices
they make during the diagnostic process. Third, the environment involves trained professionals,
enabling us to focus on cognitive limits of short-term decisions rather than on humans’ long-term
learning about how to approach a particular task at hand.

Empirically, we resolve two key identification issues in order to establish the impact of cogni-
tive load on different outcomes. First, we address the issue that actual observed outcomes for a
given patient are endogenous to the level of their physician’s cognitive load. We develop a model
of predicted patient complexity / intensity based on granular information ex ante to the patient
being treated by the physician. This information includes details like (i) patient chief complaint
at a granular level, (ii) patient vital signs, and (iii) the triage acuity score given to the patient by
the intake nurse. We use a LASSO model that predicts, given this information for each patient,
the expected (i) number of orders, (ii) amount of provider time editing notes, and (iii) number of
outside consults to specialists. The output of this prediction problem is a measure of expected
patient complexity / intensity that does not depend on the patient’s actual experienced treatment.

For a given provider, we then aggregate these patient-level predictions within-shift and across
patients into granular measures of cognitive load. Our primary measure of cognitive load relates
to the recent burden of complex patients a physician treats. For a given time window (e.g., 90
minutes), we assess the total complexity burden for a physician by summing up predicted patient
complexity across all patients the physician is currently treating (excluding the focal patient). For
a given physician and given shift, at each point in time we have a measure of contemporaneous
burden as well as lagged burden from earlier in the shift. We utilize both the current and lagged
measures in our empirical analysis to reflect physician cognitive load. For each patient-physician
pair, we construct these measures ”leaving out” the contribution of the index patient we are study-
ing. We assess robustness for these measures on a number of key dimensions including, e.g., (i)
the time intervals used, (ii) how we combine the number of patients and complexity of each of the
patients, and (iii) variations of the underlying LASSO prediction model.

With these measures in hand, the second identification challenge we resolve is ensuring that
we have quasi-random variation in cognitive load, within and across physicians. To this end,
we leverage both quasi-random patient arrival to the ED as well as quasi-random assignment of
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patients to physicians once they have arrived in the ED.2 We present evidence on within-physician
variation in cognitive load over the two years to illustrate the significant variation coming from
quasi-random patient arrival. We present balance tests on patient characteristics to highlight the
quasi-random nature of patient assignment to physicians, which we also support with qualitative
evidence on the assignment process.

We set up our main analyses at the provider-patient-event level. We study the impact of
provider cognitive load on key outcomes, conditioning on time of day, time of shift, day of week,
acuity code and chief complaint fixed effects. In addition, we run most specifications with provider
fixed effects, isolating the impact of cognitive load within-provider over time, relative to their
baseline behaviors. A critical aspect of our model is the nature of time in the treatment process:
we focus on current cognitive load by measuring the level of expected complexity for assigned
patients in the prior 90 minutes when an action (e.g. ordering a test) is made. We include lags
related to cognitive load prior to that period to control flexibly for the stock of cognitive load.3

We allow for the effects of cognitive load to enter linearly as well as more flexible indicators for
quintiles and deciles.

We first test our model’s prediction that higher cognitive load will lead to an increase in the
number of diagnostic tests. Our main outcome variables are the number and types of tests in the
order batches for each patient.4 We find that increasing physicians’ contemporaneous cognitive
load by 1 standard deviation has a meaningful effect on the number of diagnostic tests in the first
order batch, increasing them by 4% holding all else fixed. As a placebo, we estimate the same
model for medication orders, which are more standardized and require less thinking, finding
a precise null effect of cognitive load on these orders. For our specification using quintiles of
physician cognitive load, we find that the top quintile of cognitive load increases the total number
of diagnostic orders by 9% relative to the bottom quintile.

We then test our model’s second prediction, digging into how the profile of diagnostic orders
changes with respect to cognitive load. We find that the overall increase in diagnostic orders
due to higher cognitive load masks a significant underlying shift from less common orders to
more common orders. A 1 standard deviation increase in cognitive load increases the number
of common orders (top 25 diagnostic orders) by 7% but decreases rare orders (outside of top 25)
by 5%. In our quintiles specification, we find that moving from the bottom to the top quintile of
cognitive load increases common orders by 19% and decreases rare orders by 16%.

Next, we test our model’s third prediction, that diagnostic uncertainty increases under higher

2Our analysis here follows a range of recent papers that use quasi-random variation in ED patient arrival and
assignment to study different questions, including, e.g., Chan (2016), Chan (2018), Mullainathan and Obermeyer (2019),
and Silver (2020).

3We show in Appendix F.4 that our primary results are robust to alternative time windows including 60 and 120
minutes.

4Medical orders are typically placed in batches, where a number of orders are input simultaneously. We use this as
a natural unit of observation, unpacking the characteristics of these order batches as described.
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cognitive load. Building on our model and work by Caplin and Dean (2015), we develop a novel
empirical approach to study diagnostic belief refinement. We base our approach on statistical
entropy reduction, a measure used in machine learning and information theory that quantifies
the level of information gain via uncertainty reduction. We do this for a given set of diagnostic
orders, assessing the extent to which those orders move us from an ex ante prior towards a final
diagnosis. This in turn tells us about the extent of information the physician has incorporated
since being assigned to the patient.

We leverage our detailed data to implement this technique. We proceed in two steps. First, for
each possible order and ex ante information set (chief complaint and intake acuity information)
we construct the probability distribution of final diagnoses conditional on placing that order. For
an order batch, we combine these distributions across the orders in the batch. Second, we compute
the Shannon entropy of this implied final diagnosis distribution, which gives us a measure of how
targeted the order batch is towards uncovering specific final diagnoses. Our key measure focuses
on the entropy reduction of the first order batch. This measures, relative to the distribution of
possible diagnoses associated with the ex ante information set (chief complaint and acuity assess-
ment), how much more targeted is the first order batch towards particular diagnoses. The higher
the entropy (lower reduction in uncertainty from the prior) the less precise physician’s beliefs are
and the less the physician learned about the diagnosis up to the moment of placing orders.

We find that a 1 standard deviation increase in cognitive load decreases the entropy reduction
of the first order batch by 2%. In the specification with quintiles of cognitive load, being in the top
quintile of cognitive load leads to a 5% decrease in entropy reduction relative to the bottom quin-
tile of cognitive load. Much of this change occurs moving from the fourth to the fifth (top) quintile
of cognitive load, illustrating the non-linear relationship between our cognitive load measure and
the targeting of diagnostic tests.

We next test our model’s fourth hypothesis: that higher cognitive load will lead to more inpa-
tient admissions. To do this, we run regressions at the provider-patient encounter level, since each
outcome relates to the whole course of treatment in the ED. We use the maximum point-in-time
cognitive load for the physician over the entire patient encounter as our measure of cognitive load.

We find a large effect of increased cognitive load on hospital admission: under our liner model
a 1 standard deviation increase in maximum cognitive load increases the chance of admission
by 9%, controlling for provider, chief complaint, acuity level, day and time fixed effects. In our
more flexible specification with cognitive load deciles, we find a large and near monotonic effect
of cognitive load moving from low to high deciles. The admission probability of a patient is 28%
higher for a physician in the highest cognitive load decile relative to when in the lowest decile.

We assess the mechanisms underlying this result and find that this large impact of cognitive
load is not due to ED capacity constraints being correlated with situations of higher cognitive load.
Our results on reduced diagnostic precision under higher cognitive load suggest that provider risk
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aversion is a plausible explanation for these admission increases under higher cognitive load. We

perform two subsequent analyses to support this. First, we follow Abadie (2003) and characterize

the marginal compliers (marginal patients admitted). Across a range of metrics, this analysis

shows the the marginally admitted patients due to higher physician cognitive load are healthier

than the patients typically admitted. Second, we study the impact of cognitive load on hospitals

readmissions and �nd a precise zero effect for the impact of maximum cognitive load on hospital

readmissions within 30 days. Both of these subsequent analysis are consistent with the hypothesis

of increased provider risk aversion leading to more hospital admissions when providers have

higher cognitive load.

We perform a range of additional analyses. We run our primary analyses for two speci�c chief

complaints: (i) abdominal pain (9% of our sample) and (ii) chest pain (4% of our sample). These

are two of the most common chief complaints and also have meaningful degrees of freedom in

diagnosis and treatment. These results corrobate our primary �ndings and allow us to investigate

diagnostic impacts with additional contextual speci�city. We also run encounter-level regressions

for all key outcomes that use maximum cognitive load over the encounter, with results that sup-

port (and often exceed) our primary event-action-level results. For example, the encounter-level

analysis using deciles of cognitive load shows a strong and monotonic relationship on the im-

pact of cognitive load on the number of diagnostic orders, with the top decile placing 42% more

diagnostic orders than the bottom decile. We also investigate an additional outcome, note edit

time. We �nd that a 1 standard deviation increase in cognitive load decreases note edit time for

the index patient by 7%, and that moving from the bottom to top quintile of cognitive load re-

duces that note edit time by 23%. Additionally, we assess the heterogeneous impacts of cognitive

load using a causal forests approach following Wager and Athey (2018) and Athey et al. (2019).

While the average treatment effects replicate our main �ndings, the heterogeneous effects are gen-

erally underpowered and don't paint a clear picture of differences in cognitive load impacts across

providers. Finally, we perform a counterfactual calculation where we ask how a scheduling algo-

rithm that accounts for cognitive load impacts the diagnostic tests ordered as well as the rate of

hospital admissions. Holding �xed the set of physicians in the ED at a point in time as well as the

number of patients assigned to each, we show that this kind of reallocation has a large impact on

tails of high cognitive load, where treatment effects are strongest. This leads to increased order

precision, decreased number of orders, and reduced hospital admissions, without meaningfully

changing the type of underlying physician treating patients.

This paper contributes to the growing theoretical and empirical literatures on attention, cog-

nitive load and complexity in decision making. Ma ćkowiak et al. (2023) presents an overview of

rational inattention and how it relates to phenomena studied in behavioral economics, highlight-

ing the conceptual implications for decision-making and empirical evidence in this area. Gabaix

(2019) also provides a conceptual overview in the space of behavioral inattention. Enke and Grae-
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ber (2023) presents an overview of related work in this area focusing speci�cally on complex-

ity and cognitive burden, highlighting advances and recent empirical work, the vast majority of

which is in a lab experiment context including, e.g., Dean and Neligh (2023) and Oprea (2024). Bor-

dalo et al. (2025) present a broader framework for cognitive load where individuals (i) categorize

current problems based on past experiences and (ii) make decisions based on weights determined

by that categorization. In Section 2 we compare our framework to theirs, noting ways in which

their framework generates additional testable hypotheses in future empirical research. Relative

to this literature, a key contribution of our framework is to develop a conceptual cognitive load

model that maps to the provider diagnostics in the ED and then to directly test model hypotheses

using large-scale administrative data in a high-stakes setting. 5

While there are many health care papers focused on cross-sectional variation in provider be-

haviors (e.g., due to skill, preference, or training differences) there are fewer papers that study

within-physician behavior changes, and very few that study physician cognitive load in depth. 6

Chan (2018) and Silver (2020) study within-physician behavior changes in the ED context. Chan

(2018) �nds that physicians near the end of their shifts slack off by taking on fewer patients and

spending more per patient while Silver (2020) �nds that physicians change their behaviors in re-

sponse to their peer groups and assimilate towards group production norms. Shanmugam (2020)

studies the impact of physicians' cognitive capacities on health care equity in New York state EDs

using variation similar to what we leverage here. She �nds that, when cognitively constrained

providers shift within-ED treatments and admissions towards high-risk, uninsured patients but

shift diagnostic testing in the opposite direction. Her context has greater external validity (patients

in an entire state) but data that are less deep, leading to a coarser analysis of cognitive load and

its impacts. Agarwal et al. (2023) perform an experiment assessing radiologist practices change

in response to information interventions, focusing on the interplay between human expertise and

advice from arti�cial intelligence (AI) tools. Other notable papers studying within-physician be-

havior changes include Steiny Wellsjo (2025) and Chodick et al. (2025).

The remainder of the paper proceeds as follows. Section 2 presents our conceptual framework,

studying the impact of cognitive load on key behaviors and outcomes. Section 3 describes our data

and context. Section 4 sets up our main analysis by constructing our cognitive load measures and

assessing threats to identi�cation. Section 5 presents our main empirical speci�cation. Section 6

presents our results and and Section 7 concludes.

5There are papers in other domains that use proxies for cognitive load to study the impacts on expert behavior
including, e.g., for judges (Danziger et al. (2011), Kleinberg et al. (2017)) and manufacturing workers (Kaur et al. (2025)).

6See Skinner (2011) and Cutler et al. (2019) for surveys of the physician practice variations literature. See, e.g.,
Chandra and Staiger (2007), Finkelstein et al. (2016), and Badinski et al. (2023) for speci�c examples. Several recent
papers hone in on the diagnostic process in a cross-sectional sense, including, e.g., Song et al. (2010), Abaluck et al.
(2016), Currie and MacLeod (2017) Mullainathan and Obermeyer (2019), and Chan et al. (2022). These papers illustrate
meaningful cross-sectional variation in diagnostic practices and unpack different underlying mechanisms. Doyle et
al. (2010) is notable in showing that patients who are randomized to physicians from higher-ranked institutions have
lower costs, primarily due to lower diagnostic testing rates, while achieving similar outcomes.
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2 Conceptual Framework

In this section, we develop a model of an ER physician who resolves diagnostic uncertainty and

chooses treatment. We then derive the model's implications, connect its elements to observables

in the data, and use the model to interpret our empirical �ndings. Finally, we state testable hy-

potheses and discuss the model's simplifying assumptions.

2.1 Model

A physician faces a patient of an unknown state (diagnosis) x. She chooses: (i) how to learn about

state x 2 [0, 1], (ii) what treatment y 2 [0, 1] in ED to prescribe, and (iii) the level of admission

A 2 [0, 1] to inpatient care. She maximizes expectation of the following objective:

� (1 � A)
�
�y � x

�
� � A2 � cost of information. (1)

The �rst term represents health and resource loss from misalignment between the chosen ED

treatment y and the patient's true state x. Better information allows the physician to match the

optimal treatment y� = x more closely. The scalar (1 � A) models admission to hospital as a

substitute to an appropriate treatment in ED. Admission mitigates losses from mistreatment, but

it is costly - the cost is A2, which is the second term in (1). Information costs appear in the third

term and are speci�ed below.

Information acquisition The physician �rst acquires mental signals from thinking about the

patient and then external signals from doing diagnostic tests. She chooses how many mental

signals, nM , and how many external signals, nE, to acquire in order to re�ne belief about x. The

total number of signals is

n = nM + nE.

Let f be a pdf that denotes the physician's subjective belief about a patient's state. Let f 0

denote a prior belief, and f k be a belief after k signals are received. We assume thatf 0 is uniform

on [0, 1]. We assume that all signals have the form of a binary partition. Given a current belief f k

is U [a, b], the physician �nds out whether the state is in the lower or the upper half of the domain,

i. e., f k+ 1 is either U [a, a+ b
2 ] or U [ a+ b

2 , b]. After n signals, posterior f n is uniform over an interval

of length 2 � n.

Cost of information. The physician faces the following cost of information:

C(nM , nE, L) = CM (nM , L) + CE(nE). (2)
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CM is the cost of thinking, while CE is the cost of external signals from diagnostic orders - both are

convex in the number of signals, i.e., marginal cost of each type of signals is increasing.7

L denotes prior cognitive load. Higher mental load of other activities reduces the physician's

cognitive resources available for the current patient. We assume that marginal costs of thinking

are increasing in L for all nM . Cost of diagnostic tests are unaffected by L.

Actions and objective After receiving all the signals, the physician chooses treatment y to

minimize the expectation of loss jy � xj in the objective (1). Given her posterior belief f n, she

optimally sets y = E[x], and expected jy � xj equals 1
42� n = 2� n� 2. Note that expectation of

jE[x] � xj equals 1
4 of the size of a uniform belief's support. Given n, the optimal admission

level is A = 2� n� 3.8 The expected health loss is then equal to (1 � 2� n� 3)2� n� 2 and the cost of

admission is 2� 2n� 6.

The physician therefore solves

max
nM ,nE2N 0

� (1 � 2� n� 3)2� n� 2 � 2� 2n� 6 � C(nM , nE, L). (3)

Summary of timing:

1. Patient of an unknown state x checks in; physician holds prior f 0.

2. Physician chooses how much to think about the patient, nM , updating beliefs to f nM

3. Physician chooses how many diagnostic orders to place,nE, updating to f n.

4. Physician chooses treatmenty = E[xj f n] and admission A = 2� n� 3.

2.2 Effects of Cognitive Load

We now study how prior cognitive load affects the physician's behavior. All monotonicities re-

ferred to in this section are weak ones due to the discrete nature of choices of nM and nE.9 Proofs

are in Appendix A.

Proposition 1. (Thinking - doing - admissions) If prior cognitive load L increases, then the physician

chooses:

(i) a smaller total number of signals n,

(ii) a smaller number of mental signals nM ,

(iii) a higher number of external signals nE,

(iv) a higher level of admissions A.

If cognitive load increases, then the physician acquires less total information, thinks less (lower

nM ), does more (higher nE), and admits to inpatient care more frequently. Higher load increases

7Both types of costs being convex re�ects the idea that cognitive load increases the time cost of activities as well as
the ability to handle complexity.

8Simply by maximizing � (1 � A)2� n� 2 � A2

9Strong monotonicities would hold if uncertainty were resolved on a continuous scale in a slightly modi�ed model.
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marginal cost of thinking, reducing both nM and total information n. External tests partially sub-

stitute for thinking but do not fully offset it due to convexity of their costs. Finally, admission

increases because it is increasing in posterior uncertainty in f n. The more uncertain about x the

physicians is, the more appealing the prospect of admission becomes, because it scales down

losses from mistreatment y 6= x.

Proposition 1 has immediate implications regarding levels of uncertainty about x and also

what types of diagnostic tests the physician uses. The �rst is implied by the fact that since higher

L decreases bothn and nM , then external signals are used at higher levels of uncertainty, i.e., when

the physician knows less than if L were lower. 10

Corollary 1. (Uncertainty at diagnostic orders) If prior load L increases, then

(i) uncertainty in fnM
at the time of the �rst diagnostic order increases,

(ii) average uncertainty across the times of all diagnostic order increases.

The second immediate implication of Proposition 1 is concerned with the types of diagnostic

tests. Each test is a particular type of re�nement of the state-space of x.

Less frequent tests correspond to later re�nement in the diagnostic sequence, resolve smaller

state space ofx, and are therefore ordered with lower probability. For instance, the �rst external

diagnostic test is used after nM mental signals and is conditioned on one of 2 nM
possible forms

of posterior beliefs. Each one is realized with the prior probability 2 � nM
and leads to a different

type of diagnostic tests. Lower mental effort leads to coarser targeting and higher frequency of

common tests.

Corollary 2. (Frequency of types of diagnostic tests) If L increases, the physician uses relatively infre-

quent tests even less often, and frequent tests more often.

These results mean that cognitively loaded physicians tend to use diagnostic tests that are more

of a ”gold standard” for a general population of patients rather than for the patient at hand. Cog-

nitive load hinders targeting of care and increases regularization. Physicians represent patients

more coarsely, draw less on their mental abilities, and rely more on diagnostic tests.

2.3 Implications for Empirical Work

The key elements of our model relate to our data as follow. We observe realized diagnosis ( x),

treatment decisions (y), admission decision (A), and diagnostic orders, and therefore their number

(nE), too We also observe measures of current and prior cognitive load, which capture different

elements of L, as described in Section 4.3.

While mental signals are unobserved, the model provides guidance on how to infer beliefs

and changes in them due to the unobserved mental signals. We assume that the physician has

10All beliefs are uniform over an interval and thus such uncertainty can for instance be represented by the interval's
size.
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rational expectations. Then, the prior f 0 coincides with the empirical distribution of diagnoses

(conditional on observables) 11

The form of intermediate beliefs can be identi�ed from the choice data. A similar approach

as to identifying f 0 applies to f k at any moment when a physician orders a diagnostic test, which

we do observe. Consider an empirical distribution g(xjtest), where test is a particular type of a

diagnostic test. It is a distribution of diagnosis conditional on testbeing used during an encounter.

If a physician has rational expectations, then this distribution coincides with her expected beliefs

across all moments when she orders this particular test, before she acquires additional informa-

tion. In our model, the set of possible diagnostic tests is rich such that each test is ordered for one

particular type of belief only. Therefore, beliefs of a physician with rational expectations at the

moment of ordering the test are given by the empirical distribution g(xjtest).12

Lemma 1. (Inference of beliefs) Belief f at a moment of ordering a particular diagnostictest coincides

with an empirical distribution g(xjtest).

Our model and its connection to data thus allow us to state the following hypotheses, which

we can test in the empirical part of this paper:

Hypothesis 1: Cognitive load increases the total number of orders of diagnostic tests.

Hypothesis 2: Cognitive load reduces the use of infrequent tests, increases the use of frequent

ones.

Hypothesis 3: Cognitive load increases uncertainty in diagnostic beliefs.

Hypothesis 4: Cognitive load increases admissions.

2.4 Discussion of Assumptions

The model is intentionally stylized to highlight mechanisms and generate testable predictions.

Below we discuss how its simplifying assumptions affect the results.

Model Timing. The timing of our model (ex ante information produced, provider diagnostic

thinking, provider diagnostic testing, treatment / admission) is supported by research on emer-

gency department production. Pelaccia et al. (2014) discuss how physician evaluation and hypoth-

esizing plays a crucial role in the diagnostic process, in between receiving intake information and

ordering diagnostic tests. They also highlight the important role of physician cognitive processing

11In the empirical analysis, this is conditioned on observables such as chief complaint.
12This is analogous to a revealed preference approach in Caplin and Dean (2015).
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at this phase. This is supporting by myriad other papers (e.g., Paley et al. (2011)), UCSF's patient

facing documentation (Department (2026)) and the websites of many EDs.

Form of information. The model assumes a very particular structure of information acquisi-

tion based on binary partitions. However, results in Proposition 1 or its corollaries do not depend

on this stylized speci�cation. We could use information structures that deliver richer sets of pos-

teriors via more general Blackwell experiments. In our model, cognitively loaded physicians rep-

resent patients more coarsely. More general experiments could introduce noise of various forms,

e.g., patients could also be misrepresented. The main driver of the results is that different sources

of information, i. e., mental and external, are partial substitutes and have different cost sensitivi-

ties to cognitive load. The results would break if all mental as opposed to external signals resolved

completely different aspects of uncertainty about x and thus the two sources of information were

not substitutes at all. Additionally, the results would be different in states of the world where men-

tal signals are complements to external signals, i.e., cases where thinking more up front enhances

the effectiveness of speci�c external tests for facilitating treatment.

Cost of information. Our results rely on the assumption that the marginal cost of additional

mental signals is increasing in L, while cost of external diagnostic tests is unaffected by it. It seems

intuitive that thinking is more affected by prior load than running laboratory diagnostic tests etc.

Let us emphasize, that in our framework mental signals are any form of information acquisition

that we do not observe in data on diagnostic tests. It can be innovative deliberation, drawing on

memory or experience, or even asking a colleague.

Richness of tests. Lemma 1 on inference of beliefs rests on the assumption that there are

many types of tests that are available and useful under different diagnostic beliefs. If, instead, the

same test were ordered across many beliefs, then an empirical distribution of x conditional on the

test would only identify averagebeliefs across these situations weighed by their relative frequency.
13 While full richness is unlikely in practice, our data contain an unusually large set of diagnostic

tests, allowing detailed differentiation across belief states. We discuss this in more depth in our

empirical model of statistical entropy in Section 6.1.

Admission decision. We model admission as a mitigation device against mistreatment. A

richer model could introduce heterogeneity across diagnoses x, with some conditions requiring

admission as part of treatment and involving higher health stakes. Our framework is a reduced

13For instance, the literature on rational inattention assumes full richness, i.e., agents can choose any signals they
wish, and thus beliefs can be fully identi�ed from actions.There, a fairly general result is that each action in fact opti-
mally corresponds just to one form of realized posterior knowledge. Actions thus identify knowledge, which can be
inferred from the joint distribution of states and actions(Mat �ejka and McKay, 2015; Caplin and Dean, 2015).
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form of such environments: in both cases, admission functions as insurance against diagnostic

uncertainty.

Homogeneous stakes and a continuous admission choice can be interpreted as a representative-

agent approximation of a model with heterogeneous stakes across diagnoses and a binary admis-

sion decision. The qualitative implications of changes in cognitive load L would be analogous

in such a model. The main difference is that information acquisition would become asymmetric

across diagnostic paths, as early signals would differentially affect the value of further informa-

tion.

Finally, we assume a quadratic admission cost to ensure an interior solution; other concave

cost functions would yield similar results.

Effect of cognitive load. Our model relates closely to prior work on information theory and

rational inattention. Cognitive load enters as an increase in the marginal cost of information. 14

Adjacent to our framework, cognitive load could alternatively affect physicians' prior knowledge,

risk preferences, or the level of stakes. None of these mechanisms generate the substitution from

thinking to doing predicted by Proposition 1. Higher prior uncertainty, risk aversion or stakes

would intensify both mental as well external information acquisition. 15 While these factors could

be relevant, empirical tests that yield results in line with the predictions from Proposition 1 are

suf�cient to identify the directional tradeoffs between thinking and doing we establish, subject to

the effects of these other potential factors pushing in the opposite directions.

More broadly, it is useful to consider our framework in the context of other recent models re-

lated to cognitive load. Bordalo et al. (2025) present a broader framework where decision-making

is driven by how individuals categorize current problems based on past experiences. This pro-

cess determines which features of an option receive attention and which are neglected, directly

in�uencing valuation and choice. Their model has two stages. The �rst is categorization, whereby

the decision maker maps a current problem into a mental category based on its frequency in their

past and its similarity to previous problems. This similarity is in�uenced by both goal-relevant

features (like information at intake, prior patients) and contextual, sometimes irrelevant, features

(like location or description). Once a category is �xed the decision-maker adopts that category's

speci�c attention weights. The decision-maker focuses on features important to that category

while ignoring others, leading to a mental representation that shapes the �nal decision.

14Combined with the structure we assume on how effort impacts diagnostic precision, when someone is cognitively
loaded an individual has a coarser representation the space of possible outcomes and chooses tests that are more central
in the space. This produces a form of regularization where you move towards the middle, i.e. the most common tests,
because the provider hasn't shrunk their prior enough to warrant testing in more targeted spaces. This implication
relates to work on Bayesian regularization, e.g. in Xiang et al. (2021), if cognitive load makes it more likely that a
provider has a coarser subjective prior on a patient's diagnosis.

15Another possible factor we assume away is the impact of cognitive load on how the physician is able to incorporate
external test results into their diagnostic process. Under different speci�cations, this could naturally push the provider
either towards or away from more targeted tests.
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This framework is broader than our own, which is tailored to our speci�c environment. In our

setting, with our speci�c assumptions on how the diagnostic process unfolds, tests are chosen due

to how cognitive load shifts the structural discovery process, rather than how the state (including

cog load) impacts the mental categorization and subsequent decision weights. In relation to our

framework, one could view choosing a category in the case of high cognitive load as one where

a provider chooses the representation of a more generic patient that they have less information

on. With that categorization, the provider attention weights could focus on more generic / broad

issues to test, rather than more targeted issues. In terms of both number of tests, type of tests, and

hospital admissions, it is natural to see how this framework could lead to similar predictions to

our own.

While our model embeds the impact of cognitive load in the structural diagnostic process,

it takes as given (in the physician type) or removes speci�c possibilities embedded in Bordalo

et al. (2025). These include, e.g., (i) heterogeneous impacts of cognitive load driven by past ex-

periences and (ii) choice instability as a result of otherwise irrelevant cognitive frames. While

our model focuses on within-individual behavioral change resulting from cognitive load, it does

not focus on the broader set of potential “biases” that Bordalo et al. (2025) unify in their frame-

work (by leveraging the idea the individuals may choose the “wrong” categorization in certain in-

stances). In our framework, cognitive load operates by leading doctors to more coarsely represent

patient/problem/symptom characteristics but does not let physicians (ii) misrepresent (instead of

coarsely) represent the problem or (iii) draw less on experience given the representation (e.g., rely

more or less on decision aids), apart from the inclusion of a physician type. We view these latter

two potential impacts of cognitive load as promising areas to focus on in future work, especially

in contexts, e.g., with �eld experiments, where it is straighforward to identify these phenomena.

3 Institutional Setting and Data

We study physician decisions for the universe of patients over age 18 who arrived at the University

of California, San Francisco (UCSF) emergency department (ED) between July 1, 2017 and June 30,

2019.16 Our primary dataset comprises 76,001 visits to the ED, which we refer to as encounters.1718

Figure 1 illustrates a simpli�ed version of the ED work�ow from the patient perspective. Ap-

pendix B describes this work�ow in detail. We describe different parts of this work�ow, when

relevant to our analysis, as we proceed through the paper.

Upon arrival (via ambulance or walk-in), the typical patient �ow has two main steps prior

16Due to privacy restrictions, we don't study minors. Adults comprise the vast majority of ED patients in our
context.

1738.19% of encounters involve patients with multiple visits during our observation period, yielding 46,976 unique
patientsin our sample. For simplicity, we refer to encounters and patients interchangeably.

18Our data overall have 84,214 encounters but 8,213 are dropped from our primary sample because they have no
orders or notes. These patients are either sent home at triage or admitted to inpatient immediately.
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to being assigned to a physician. First, a registrar collects patient demographic information, so-

licits information on why the patient has come in, and opens the encounter in Epic. Second, a

licensed triage nurse performs a focused assessment in a dedicated triage bay (or at the bedside

for direct-to-room arrivals). Vital signs, symptom onset, a pain score and a brief history are ob-

tained and recorded, together with any required isolation �ags. Using the Emergency Severity

Index (ESI, version 5) algorithm the nurse assigns an acuity code from 1 (immediate life-saving

intervention) to 5 (no resources anticipated). These scores are subsequently used for triage and

physician assignment, as discussed in the next subsection. The triage nurse also selects a struc-

tured chief-complaint label from Epic's menu (e.g., “chest pain”, “abdominal pain”) or enters free

text. There are 732 possible chief complaints at the most granular level of Epic's hierarchy, which

roll up into 72 categories of chief complaints in an intermediate tier and 15 categories at the most

aggregated tier.

Registration Intake by RN
Assignment
to provider

(quasi-random)
Clinical reasoning

Diagnostic testing
(lab, imaging, . . . )

Assessment/
Results

Inpatient
treatment
decision

Admit

Discharge home

Chief complaint,
Demographics

Acuity level,
Vital signs

Yes

No

Figure 1: Emergency-department diagnostic and disposition �ow.

Table 3 provides summary statistics on patient demographics, health status, and chief com-

plaints. 50.6% of patients are male, 46% identify as white, 15% as black, and 18% as Asian. The

mean (median) age is 51.3 years old (52) with a distribution that is left-skewed and covers patients

from 18 to the top-coded value of 89. 31% of patients arrive via an emergency vehicle with 69%

walking in (or driving in) on their own.

The mean (median) patient spends slightly under 7 (5) hours in the ED. Approximately 76%

of patients are discharged from the hospital at the end of their ED stay, while 24% are admitted

to inpatient. The �ve most common patient chief complaints at intake (for the most granular tier)

are abdominal pain (10.2%), chest pain (6.5%), shortness of breath (5.7%), a fall (2.9%), or altered

mental status (2.8%). There is a small probability of many of the 732 possible chief complaints:
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we present the top 25 chief complaints, with associated probabilities, in Appendix Table D.4. Ap-

pendix Table C.2 describes the rolled up probabilities of chief complaints at the more aggregated

tiers (Tier I and Tier II). 61.8% of patients are given an ESI triage score of 3, in the middle of the

severity range, with 20.9% given a higher severity level of 2 of 0.4% given the highest severity

score of 1. 33.1% of patients have abnormal diastolic blood pressure measured at intake, 5.7%

have abnormal respiration, and 3.1% have abnormal pulse.

Table 1: Summary Statistics

Min Mean Median Max

Panel A: Encounter-level

Demographics

Share Male 0.505

Share Asian 0.178

Share Black 0.152

Share White 0.457

Age 18 50.863 51 89

Health status

Share admitted to hospital within last 60 days 0.435

Share ED visit within last 60 days 0.212

Share upgraded to inpatient 0.238

Share readmitted within last 30 days 0.039

Share arrived in emergency vehicle 0.298

Charlson comorbidity index 0.000 0.674 0.000 16.000

ED length of stay (hours) 0.017 6.981 4.933 125.100

Inpatient length of stay (days) 0.000 5.860 3.875 25.000

Chief-complaint shares

Abdominal Pain 0.102

Chest Pain 0.065

Shortness Of Breath 0.057

Fall 0.029

Altered Mental Status 0.028

Acuity-level shares

Immediate 0.004

Emergent 0.209

Urgent 0.618

continued on next page
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Table 1: Summary Statistics (continued)

Min Mean Median Max

Less Urgent 0.155

Non-Urgent 0.012

Missing 0.003

Abnormal-vital-sign shares

Abnormal systolic blood pressure 0.107

Abnormal diastolic blood pressure 0.331

Abnormal temperature 0.004

Abnormal pulse oximetry 0.073

Abnormal Respiration 0.057

Abnormal pulse 0.031

Physician actions

Number of all orders 1 8.136 6 64

Number of diagnostic orders 0 4.552 3 47

Number of medication orders 0 2.321 2 34

Number of non-DX proc. orders 0 1.263 1 40

Number of consults 0 0.252 0 13

Time spent editing notes (in minutes) 0 22.587 13.700 379.667

N = 76,001

Panel B: Physician-level

Demographics

Share Female 0.535

Types

Share Resident years 1/2 0.489

Share Resident years 3+ 0.270

Share Attending physician 0.192

Share Nurse practitioner 0.049

Encounter-weighted types

Share Resident years 1/2 0.419

Share Resident years 3+ 0.262

Share Attending physician 0.145

Share Nurse practitioner 0.174

Shifts

continued on next page
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Table 1: Summary Statistics (continued)

Min Mean Median Max

Number of shifts 1 32.505 11 390

Average shift length (hours) 5.165 11.951 10.824 29.178

Average patients per shift 1.000 2.919 2.278 10.585

N = 610

Notes:Observations in Panel A are at the encounter-level; observations in Panel B are at

the physician-level.

Information on the 610 medical providers is presented in bottom panel of Table 3. 53% of

providers are female. 19% are attending physicians, who are more senior physicians who typi-

cally specialize in emergency medicine and who have already completed their residencies. 28.1%

of providers are advanced residents, i.e., physicians in years 3 and 4 of their post-medical school

training, typically also as emergency medicine specialists. 49.6% of providers are early-stage resi-

dents in years 1 and 2 of their residency, while 3.2% are nurse practitioners. The average physician

in our sample has 32 shifts, with a heavily right-skewed distribution. Mean (median) shift length

is 12 (11) hours and the mean (median) primary patients per shift is 2.9 (2.2), also with a right-

skewed distribution. Appendix Table D.1 presents information on the number and distribution of

shifts, by physician type, showing similar distributions of shifts lengths by type but each attending

and nurse practitioner having more shifts on average.

The Epic Audit Log records every interaction of physicians with the Electronic Medical Record

(EMR), allowing us to observe the timing (to the second) and nature of all physician actions, in-

cluding placing orders (medications, lab tests, etc.), note taking, and inpatient admission deci-

sions. The encounter-level part of Table 3 describes the typical occurrence of different EMR ac-

tions for an encounter. For example, mean number of orders per encounter is 8.1, mean diagnostic

orders is 4.5, number of consults with other expert physicians is 0.25, and mean time spent editing

notes for a patient is 22.6 minutes.

For our primary analysis dataset, we construct a panel at the patient-provider-actionlevel, where

each observation corresponds to an interaction between a physician and a patient. We specify a

range of actions but focus the most on placing orders, taking notes, and the patient admission /

discharge decision. We note that, in many cases, orders are placed in batches, and we account for

this in many of our speci�cations, as described in detail later. For orders, we observe granular de-

tails on the type of order placed, the results of the order if diagnostic, and when results are viewed.

For notes, we observe metadata on note edit time, note length, and when notes are viewed, but do

not observe the full notes themselves for privacy reasons.
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3.1 Assignment of Patients to Physicians

Once intake triage process is complete, patients are either taken straight to an available bed

(“direct-bed”) or returned to the waiting room. Patients are placed into a queue where their po-

sition is managed by the charge nurse and displayed to all physicians on a live computerized

tracking board (shown in Appendix Figure B.1). The board lists, in order of arrival within each

acuity tier, the chief complaint and the elapsed waiting time.

Physicians pick up cases sequentially (“next-up”) from this board, typically prioritizing the

patient with the most severe triage score who has been waiting the longest. At the moment of

assignment physicians observe only the chief complaint and acuity code. Overall, this work�ow

means that i) initial assignment of acuity level (1 to 5) and chief complaint is nurse-driven and

completed before any physician becomes involved and ii) physician-patient pairings are governed

almost entirely by the arrival sequence of patients and general physician capacity, rather than by

any patient characteristics beyond the triage score. These features are both important for iden-

tifying the effects of cognitive load in our environment, as discussed in more depth in the next

section.

3.1.1 Quasi-Random Assignment

As an input into our upcoming identi�cation discussion, we assess the quasi-random nature of

patient assignment. We do this conditioning on ex ante observable variables (time-of-day, day-of-

week, chief complaint, acuity code), which we also condition on in our primary empirical analysis.

We de�ne this set of conditioning variables as T i . We investigate the extent to which observable (ex

ante and ex post) patient characteristics, de�ned as Xi , are balanced across physicians conditional

on T i .

Our main speci�cation uses the propensity of each physician to order diagnostic tests (intensity

of treatment) as the physician trait to assess assignment balance with respect to patient character-

istics.19 We de�ne a leave-out measure of the propensity of each physician to order diagnostic

tests:

Zi =
1

N j( i) � Ni
å
i06= i

1[i0 2 I j( i) ] å
n

di0n (4)

where I j ( i) is the set of patients assigned to physician j, N j( i) is the total number of patient-

interactions physician j has, and Ni is the number of interactions patient i has with physician j.

We then run the regression:

19We choose this propensity to order diagnostic tests because (i) it is a one-dimensional measure that distinguishes
important aspects of physician differences (ii) we show meaningful cross-sectional differences in this measure across
physicians later in the paper and (iii) diagnostic orders placed are a primary outcome variable in our main empirical
analysis.
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Zi = a + Xi + T i + #i (5)

with the primary goal of showing limited variation in Zi with respect to X i conditional on Ti .

We run this regression using all patient encounters in our sample.

Figure 2 presents the results. First, we run the same regression in panel A, but with number of

orders for that speci�c encounter as the outcome variable, to show that the variables in Xi capture

signi�cant variation in intensity of patient treatment. Next, we show the results from the main

balance regression in panel C. Note that, for exposition, we standardize the variables in Xi to have

mean zero and standard deviation equal to one. At the bottom of each panel we report F-statistics

for the null hypothesis that all coef�cients on the elements of X i are equal to zero and the R2 of the

vector X i . Although Xi is highly predictive of the total number of diagnostic tests placed for the

patient, it has far less predictive power Zi . Further, there is no obvious relationship between the

coef�cients in panel A and panel C. Overall, we see statistically signi�cant but economically small

/ negligble imbalance in patient characteristics, show by the small F-statistic (5.9) and small R2

(< 0.005) in (C), while these are much larger in the regression for the number of diagnostic orders

in the encounter (F of 406, R2 = .18.).

Figure 2: Covariate Balance
Notes:This �gure shows coef�cients and 95% con�dence intervals from regressions of the total number of diagnostic orders placed
for the encounter (column A), the assigned physician's leave-out current cognitive load (column B), and the assigned physician's
leave-out average number of diagnostic orders placed across all encounters (column C), on covariates X i , controlling for hour-of-day,
day-of-week, hours-since-shift-start, hours-until-shift-end, acuity score, and chief complaint �xed effects. All outcome variables and
covariates are standardized so that their means are equal to 0 and standard deviations are equal to 1. At the bottom of each panel, we
report the F-statistic from the joint F-test of all covariates and the R2 from the regression of the respective outcome variables on all
covariates.
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Panel B in Figure 2 assesses balance with respect to the point-in-time cognitive load measure

used in our primary speci�cations, de�ned in the next section. We discuss this in more detail next,

but note here that balance looks similar for this cognitive load measure and the Panel C leave-out

order propensity measure just discussed.

We also note that, while balance tests support the use of conditional random assignment in our

main regressions, most of the variation we document in cognitive load comes from the stochastic

nature of patient �ows into and out of the ED, rather than from assignment once in the ED. We

describe this in detail momentarily.

4 Cognitive Load: Measurement and Quasi-Random Variation

A key contribution and key input into our empirical work is identifying and measuring granular

point-in-time cognitive load measures for physicians. Additionally, a key goal is to establish the

existence of meaningful quasi-random variation in cognitive load to support our main empirical

analyses. We present our approach and address these points in this section.

4.1 Identi�cation

Empirically, we resolve two key identi�cation issues in order to establish the impact of cognitive

load on different outcomes. These two challenges are:

1. Endogenous Observed Outcomes and Measuring Cognitive Load. The interim and �nal

outcomes we observe occur for physicians with different levels of cognitive load and are

therefore endogenous to that cognitive load. At the same time, we want to base our measures

of cognitive load on the number of and intensity of patients a physician is treating / has

treated. Consequently, we can't use actual post-physician-assignment actions as inputs into

our measures of cognitive load.

We address this issue by forming measures of predicted patient intensity using only informa-

tion that is ex ante to provider assignment and treatment. We use predicted patient intensity

as an instrument for actual intensity when forming our physician-time-speci�c measures of

cognitive load, so that these measures, which relate to the typical mental effort used for a

given patient, are not based on endogenous inputs. We describe this prediction process in

detail in the next sub-section.

2. Quasi-Random Arrival, Assignment and Variation in Cognitive Load. The second identi-

�cation challenge we address is ensuring that we have quasi-random variation in cognitive

load, within and across physicians. We leverage both quasi-random patient arrival to the ED

as well as quasi-random assignment of patients to physicians once they have arrived in the
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ED. Later in this section, we present a range of evidence showing and describing signi�cant

within-physician quasi-random variation in cognitive load over time.

4.2 Measuring Expected Workload Intensity for each Encounter

For each encounter, we construct a measure of the expected workload intensity ci based on three

outcomes: (i) the number of orders (ii) the log of note edit time (iii) the number of consultations

obtained with other expert physicians. As described in the next subsection, we use these predic-

tions of expected workload intensity as inputs into our point-in-time measures of cognitive load

for each physician.

We predict each of these three variables using cross-validated LASSO regression, leveraging

encounter-level variables that are ex ante to physician assignment and treatment. These predictors

include patient age, patient vital signs at triage intake, the three different tiers of chief complaints

(including the lowest tier with 732 possibilities), the ESI triage score, means of arrival to the ED,

recent ED / admission history at UCSF, the need for an interpreter, and the Charlson co-morbidity

index. Methods for dealing with sparse predictor matrices are important for our process given

the importance of chief complaints in prediction. Appendix C.1 describes our LASSO procedure

in full detail including myriad sensitivity checks, measures of goodness of �ts, and split-sample

tests to ensure we are not over�tting our predictors. Additionally, we analyze alternative predic-

tion speci�cations, i.e. gradient-boosted trees and neural networks, �nding that LASSO delivers

similar results in our context.

Appendix Tables C.5-C.7 show the LASSO coef�cients of the 25 most important predictors

for each of the three outcome variables. ESI triage acuity codes and distinct chief complaints are

important predictors for the all three outcome variables, with chief complaints impacting each

outcome variable in sensible ways based on the complaint and outcome variable. Though, as

expected, there are some predictor differences across these three distinct outcomes, predictions

are highly correlated across them.

For each encounter we combine the three predictions into a composite measure ci by summing

the standardized predicted values. This composite score is further normalized to a z-score. Finally,

for ease of interpretation, we apply a min-shift by adding the absolute value of the minimum

composite score, producing a “patient complexity” score that is both centered and non-negative

across the sample. Figure D.3 shows the distribution of patient complexity measures, which has

two peaks and is right-skewed.

4.3 Cognitive Load De�nition

We use these patient intensity predictions as inputs into our measures of physician point-in-time

cognitive load. We compute point-in-time cognitive load for physician j taking an action for pa-

tient i at time t as follows: We de�ne cognitive load as the sum of the encounter-level complexity
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Figure 3: Distribution of Cognitive Load
The �gure shows the relative frequencies of the cognitive load measure with a binwidth of 0.5. Each observation is the cognitive load
at one encounter-order action. The vertical dashed line indicates the median.

measures ci0,j,t of all distinct patients excluding the focal patient i (i0 6= i) for whom the physi-

cian has taken an action (i.e., orders, notes, admission decision) during the preceding 90 minutes

within the same shift. We show in Appendix F.4 that all main results are robust to this assumed

time window, and hold, e.g., when using instead a 60-minute or 120-minute window. 20 Note that,

since we exclude the focal patient i, this leave-out measure varies across patientsi even if an action

would have been conducted at the same time t.

Physician j's cognitive load Fi ,j,t when attending to patient i at time t is thus given by:

Fi ,j,t = å
i02I j,t nf ig

ci0,j,t (6)

where I j,t is the set of patients with whom the physician j has interacted at least once within the

last t � 90 minutes in the current shift. Note that, if physician j has been on shift for less than 90

minutes as of time t, I j,t comprises all patients with a physician action since the beginning of the

shift.

Figure 3 presents the distribution of our measure of point-in-time cognitive load across all

patient order actions in our main sample (266,625 observations). This shows signi�cant variation

in cognitive load, and also highlights the right-skewed nature of this distribution.

20Additionally, we show that this de�nition is robust to including patients who the physician is assigned to, who
are still in the ED, but for whom no action is taken in the prior 90 minutes.
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4.4 Variation in Cognitive Load

Figure 4 illustrates the variation of point-in-time cognitive load along several dimensions. Each

�gure reports different measures related to cognitive load (y-axis) as a function of hour-in-shift

for a physician (x-axis).

Panel A in Figure 4 presents distribution of within-physician averages for cognitive load as

a function of shift-hour. Thus, for a given physician, the �gure averages point-in-time cognitive

load for a given shift hour and reports the values for each physician (with a physician-speci�c line)

across all shift hours. For expositional purposes, the �gure shows this for the top 20 (by number of

patients) for advanced stage residents. As expected, the �gure shows a tight distribution of these

average values at each hour across physicians, highlighting the quasi-random nature of patient

assignments within shift and over time.

We decompose variation in cognitive load within and across physician to highlight the stochas-

tic nature of this variation. For example, during the �fth hour the shift, physicians have an av-

erage concurrent cognitive load of 8.60, with a total standard deviation of 4.76. Decomposing

this overall variation via the Law of Total Variance 21, dispersion in this hour is driven largely by

within-physician �uctuations – 76.2% of the total variation – while systematic differences across

physicians account for only 23.8% of the variation. This relationship holds across shift hours.

Additionally, much of the systematic variation present is due to effects like day-of-week or time-

of-day, which we condition out in our primary analyses. This strongly underscores the main

identifying assumptions in our regressions, namely that cognitive load is random conditional on

the many control variables included.

Panel B highlights this further with an illustrative example of cognitive load for 10 shifts of

one advanced resident. This panel highlights typical across-shift variation in cognitive load for

a given physician, which is notably larger than any systematic differences noted in the statistics

above and in Panel A.

Panel C provides an even more granular example, highlighting the leave-out cognitive load

trajectories for two ex ante similar patients being treated by one resident on different shifts. The

two patients come in at the same time of day and day of week, have the same chief complaint and

acuity triage scores. Thus, the conditioning variables for our primary regressions are the same

for these two patients, with the only differences being changes to the cognitive load of the same

treating physician. The �gure highlights quite different leave-out cognitive load for the physician

over the course of each patient encounter, highlighting the exact variation we use in our upcoming

analyses.

We also assess how variation in cognitive load comes from two proximate determinants –

patient head-count versus case-mix complexity. We �nd that 86.3% of the spread is explained by

21Var(F) = Var(E[F j J]) + E[Var(F j J)], where the �rst term represents the between-component, and the second
term the within-component.
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Figure 4: Trajectory of Cognitive Load
Notes:Panel A shows the average cognitive load at each shift hour for the 20 providers with the most shifts who are in year 3 or later
of their residency. The blue dot denotes the average while the bottom yellow dot denotes the 25-th percentile and top yellow dot
denotes the 75-th percentile of cognitive load across all shifts.
Panel B shows the cognitive load for 10 randomly selected shifts of a givenresident in year 3 or later. These shifts are selected from
the 37 shifts for that provider that last between 10 and 12.5 hours.
Panel C traces theleave-outcognitive–load faced by the treating physician during two abdominal-pain encounters that began on a
Friday between 08:00 and 09:00 and were both triaged asUrgent. In each case the provider was a resident in the second hour of a
10-hour shift, yet the intensity of concurrent workload diverges sharply. The solid line shows the cognitive load for the focal
physician after removing the focal patient from the calculation. Dots indicate order “batches.”
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the number of simultaneous patients, whereas 13.7% stems from how clinically demanding those

patients are. This highlights that the stochastic nature of the number of patients �owing into or

out of the ED is a key factor underlying variation in cognitive load in our setting, while variation

in case complexity conditional on number of patients provides some additional variation.

4.5 Prior Cognitive Load

We also measure prior cognitive load from earlier in a shift in order to aggregate cognitive-load

effects. Here, we sum up the encounter-level complexity measures of all distinct patients (exclud-

ing the focal patient i) for whom the physician has placed orders from the start of the shift up to

90 minutes before the current interaction:

Gi ,j,t = å
i02I j,t � 90nf ig

ci0,j,t (7)

where now the sum is over all patients with whom physician j has interacted between the shift

start and t � 90 minutes before the focal interaction with patient i.

We note that there are a variety of ways to account for prior cognitive load, including (i) mea-

sures that integrate current cognitive load with some depreciated notion of past cognitive load,

or (ii) time-series lags for prior 90-minute windows. Additionally, we note that we could also in-

corporate longer-duration measures related to cognitive load experienced within other shifts over

the past week or month. Finally, in a coarse way, one can think of the prior cumulative cognitive

load measure as a re�ection of behavior dynamics that occur when cognitive load shifts in speci�c

directions over time.

4.6 Discussion

We de�ne cognitive load based on the number and intensity of patients a physician sees at a given

point in time. As discussed in the cumulative measure above, these point-in-time measures can

be combined over time in different ways to re�ect a broader notion of cognitive load that depends

on the past and present patient burden.

While the number of patients and number of actions per patient are a natural starting point

for mental burden, there are a number of other possibilities that could extend this notion. First,

it is plausible that even if a patient has many orders and note actions, that something about the

treatment experience is very routine and, consequently, does not pose a larger mental burden

then a patient with a less routine case but few expected orders or note actions would. Second,

one could imagine that seeing many complex patients of exactly the same kind in one day would

pose a lower mental burden than seeing many patients of similar complexity but different chief

complaints / conditions. Third, it may be that certain types of patients, e.g. those with dementia

co-morbidities, are especially taxing to treat regardless of the primary chief complaint.
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We view these kind of extensions as additive to our approach, in the sense that they would

make our approach more precise and allow testing of more subtle cognitive load hypotheses.

Overall, we �nd it unlikely that these additions would subvert our primary assumption that treat-

ing more demanding patients in terms of expected actions, and a larger number of those patients,

leads to higher cognitive load. These kind of extensions could leverage hypothesis such as those

mentioned above and those discussed in prior work (e.g., Enke and Graeber (2023) and Oprea

(2024)) to study whether speci�c forms of potential cognitive load have meaningful impacts.

5 Empirical Approach

Our primary empirical analyses come from a series of regression models with the following form:

Yi ,j,t = a + b f1
�
Fi ,j,t

�
+ g f2

�
Gi ,j,t

�
+ dt + l i + qj + #i ,j,t (8)

where i indexes the patient, j indexes the physician, and t indexes time. Yi ,j,t denotes an out-

come of interest, Fi ,j,t denotes the leave-out measure of cognitive load de�ned in Equation (6), and

Gi ,j,t represents the leave-out measure of long-run cognitive load de�ned in Equation (7). We con-

sider speci�cations where f1(�) is either a z-score transformation or a set of quintile indicators for

the underlying variable. We primarily use z-score transformation for f2(�) but do at times specify

it as a set of quintile indicators.

Our approach focuses on leveraging the within-physician variation in cognitive load described

in depth in the last section. To this end, we include physician �xed effects qj . We include encounter-

level �xed effects for chief complaint and acuity score – captured by l i – for the twin purposes

of (i) conditioning on the ex ante patient information known at the time of assignment and (ii) to

isolate deviations in key outcomes due to cognitive load, above and beyond typical treatment for

a given chief complaint and acuity level. We include several different time-related �xed effects

including (i) time of day, (ii) day of week, (iii) time into physician shift, and (iv) time until the

physician shift ends, captured by dt .

In most of our analyses we focus on b and interpret this coef�cient as the causal effect of

changes in recent cognitive load on our key outcomes of interest. The set of �xed effects allows

us to isolate the effect of cognitive load conditional on other contextual factors that matter (time

of day, day of week, typical physician practice style, type of patient condition / complaint). We

can also use this speci�cation to study how the impact of cognitive load compares to variation

generated by the observable factors included in the �xed effects.

In our primary speci�cations, for simplicity we include only orders and notes from the as-

signed primary provider. In practice, 97% of notes and 60% of orders are input by the primary

assigned provider. We include all orders and notes for all providers for a patient (as if they

were assigned to the primary physician) in the Appendix (F.6), �nding no change in the direc-
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tion/implications of our results.

6 Results

One of our primary focuses is to assess how cognitive load impacts physician diagnostic pro-

cesses. To this end, many of our outcomes focus on different aspects of diagnostic orders, i.e.

orders placed with a speci�c goal of moving towards a �nal diagnosis. These outcomes relate to

comparative statics presented in our model in Section 2.

We begin by looking at the amount of diagnostic orders placed. One comparative static from

our model is that the number of diagnostic orders placed will increase as cognitive load increases,

as a substitute for physician thinking effort. We use an order batch for patient i and physician

j as the action (occurring at time t), and the outcome variable in Equation (8) is the number of

diagnostic orders placed in the order batch.

Table 2 presents the results in columns (1) (without physician �xed effects) and (2) (with physi-

cian �xed effects). For our preferred speci�cation with physician �xed effects, we �nd that a one

standard deviation increase in cognitive load leads to 0.05 additional diagnostic orders in a batch,

equivalent to a 4 percent increase relative to the average number of diagnostic orders. These es-

timates have a high degree of precision, indicative of the large number of observations in our

data.

Columns (3) and (4) report the effect of cognitive load on medication orders, providing a useful

validation check since medication orders should be less subject to cognitive load and not closely

related to diagnostic effort. We �nd that a one standard deviation increase in cognitive load has

a precise null effect on the number of medication orders. This highlights how physicians are not

uniformly increasing all order types and, instead, selectively expanding the number of diagnostic

orders.

Columns (5) and (6) show speci�cation results where the outcome variable is the share of

diagnostic orders with an abnormal result. This also has a precise null effect, highlighting that,

while the number of orders is expanding, there is no change in the proportion of orders delivering

abnormal �ags. 22

We note that this speci�cation, and most that follow, occurs at the diagnostic order action level.

This means that it assesses the intensive margin of orders placed in an order batch. We focus on

the intensive margin because it allows us to precisely control for cognitive load at the time of

order placement rather than relying on an average (or other moments) over the course of a given

encounter. As described later in our robustness section, we also assess the effect of cognitive load

on the extensive margin of diagnostic orders, i.e. how many distinct order batches a physician

22Note here that since the mean share of orders with abnormal �ags is 0.06, and the one standard deviation increase
in cognitive load increases the order share by 4%, even if all of the incremental orders had a 0% chance of detecting an
abnormality, this estimate could still be a precise zero change in the overall share of orders that are abnormal.

28



Table 2: OLS Estimates of the Impact of Cognitive Load on Orders

Number of Number of Share of orders with
diagnostic orders medication orders abnormal test result

(1) (2) (3) (4) (5) (6)

Cognitive load (std.) 0.071��� 0.050��� 0.010��� 0.002 0.0003 0.001
(0.006) (0.006) (0.003) (0.003) (0.001) (0.001)

Prior cognitive load - Control X X X X X X
Hour of day - FE X X X X X X
Day of week - FE X X X X X X
Hours since shift start - FE X X X X X X
Hours until shift end - FE X X X X X X
Acuity code - FE X X X X X X
Chief complaint - FE X X X X X X
Physician - FE X X X

Mean of DV 1.30 1.30 0.66 0.66 0.06 0.06

N 266,625 266,625 266,625 266,625 266,625 266,625
R2 0.043 0.052 0.024 0.057 0.012 0.017
Adjusted R 2 0.040 0.047 0.021 0.052 0.009 0.012

Notes:The table presents OLS estimates of linear regressions of the number of diagnostic and medication orders and of
the share of diagnostic orders that yield an abnormal result on the leave-out measure of cognitive load (standardized
to mean 0 and SD 1). The unit of observation is the encounter–actionlevel, where an actionrefers to a placed batch of
orders. All speci�cations control for prior cognitive load and include �xed effects for hour of day, day of week, hours
since shift start, hours until shift end, chief complaint, and acuity code. Columns (2) and (4) additionally include
physician �xed effects. Standard errors are clustered at the encounter level and shown in parentheses. Statistical
signi�cance is indicated by *** (1%), ** (5%), and * (10%).

places. We �nd that a physician with a one standard deviation higher leave-out cognitive load,

averaged over a patients full encounter, leads to 0.117 more order batches per encounter, a 3.8%

increase over baseline.

Additionally, our main speci�cation above assumes a linear effect of cognitive load on the out-

come variables. Appendix Table F.2 examines a speci�cation where f1
�
Fi ,j,t

�
maps our cognitive

load measure Fi ,j,t to a set of quintiles. Panel A in Figure 5 presents the quintile estimates for b for

the total number of diagnostic orders, relative to the bottom quintile (least cognitive load).

We �nd an ordered, but non-linear effect, with much of the overall effect driven by physicians

in the top 20% of cognitive load. When a physician is in this most cognitively loaded quintile, the

number of diagnostic orders by 9% relative to the leave out quintile. As the appendix table shows,

there is no effect of these higher cognitive load quintiles on medication orders.

A next natural question is to ask how the types of diagnostic orders placed change as cognitive
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Panel A: Number of Diagnostic Orders

Panel B: Number of top-25 Diagnostic Orders Panel C: Number of non-top-25 diagnostic orders

Figure 5: Cogntive Load Quintile Estimates
Notes:The �gure plots coef�cients from linear regressions of number of diagnostic orders on quintile indicators of the leave-out
measure of cognitive load. Panel A uses the number of diagnostic orders as the outcome variable, Panel B uses the number of
diagnostic orders that are among the 25 most frequently placed diagnostic orders, and Panel C uses the number of diagnostic orders
that are outside the 25 most frequently placed diagnostic orders. The unit of observation is the encounter-action. All speci�cations
control for prior cognitive load and include �xed effects for the hour since shift start, the hour until shift end, hour of day, day of
week, chief complaint, acuity code, and physician. The �rst quintile is the omitted category. Heteroskedasticity-robust standard
errors are used.

load increases. Table 3 shows a clear shift in the pro�le of orders. When physicians have higher

cognitive load, they place a meaningfully higher number of diagnostic orders in the set of top

25 most common diagnostic orders. In the speci�cation with physician �xed effects (column (2))

physicians place 8% more common orders per order batch for a one standard deviation increase

in cognitive load. Column (4) shows that the �ipside of this is also true. A one standard deviation

increase in cognitive load decreasesthe number of uncommon diagnostic orders by 5%. Later,

we replicate this �nding for speci�c common chief complaints. These �ndings highlight how,

when physicians are cognitively loaded, they shift to a more ”standardized” or ”routine” set of

diagnostics and move away from more targeted, less common orders, commensurate with a model

where physician do less thinking / evaluation of a given patient up front.

Table F.3 in the appendix studies how the pro�le of orders changes uses cognitive load quintiles
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(instead of linear in standard deviation). Panels B and C in Figure 5 present a visual representation

for b for (i) common diagnostic orders and (ii) rarer diagnostic orders, respectively.

The pattern is striking: for the most cognitively loaded quintile, common (top 25) diagnostic

orders increase by 18%, relative to the least cognitive loaded quintile, while uncommon orders

decrease by 17%. For each outcome, the relationships are monotonic across the �ve quintiles as

cognitive load increases, both for common diagnostic orders and uncommon ones. Additionally,

in appendix section F.7, we study the threshold for common / uncommon orders, using the 10

most common, 50 most common, and 100 most common to separate these categories. We �nd

similar patterns in these analyses to those described here.

To shed light on which orders account for these shifts toward more common diagnostics, Ap-

pendix Figures F.4–F.8 plot coef�cients from separate linear probability models for the most fre-

quent diagnostic and medication orders and order subcategories, focusing on two canonical chief

complaints: chest pain and abdominal pain. We regress an indicator for placing a given diagnos-

tic or medication order (or at least one order in a diagnostic or medication subcategory) on the

leave-out cognitive load measure and include the same battery of �xed effects as in Table 2.

Several patterns emerge. First, higher cognitive load systematically raises the use of standard

diagnostic work-ups tailored to the presenting complaint: for chest pain, the largest increases are

in troponin testing, chest imaging, and related lab work. For abdominal pain, the increases appear

in basic metabolic and liver panels, lipase, and abdominal CT or ultrasound. These order-speci�c

results mirror the evidence from Table 3 that cognitively loaded physicians lean more heavily on

common diagnostic tests rather than rare ones. Second, cognitive load also increases symptomatic

treatment and supportive care: across both chief complaints, physicians are more likely to order

analgesics, antiemetics, and intravenous �uids when load is high. Taken together, these patterns

suggest that under higher cognitive load physicians respond by intensifying standardized diag-

nostic bundles and symptom relief.

Before we move on to our analysis of entropy and diagnostic precision, we present one more

view into how medical practice changes with cognitive load. We examine documentation effort

by examining the time a provider spends editing patient notes. This measure, developed from

audit log data, provides time-stamped information on physician note-taking, allowing us to assess

whether physicians reduce note-taking when cognitively loaded.

Columns (5) and (6) from Table 3 reports the results from speci�cation (8), using 181,154 note

edits as the unit of observation and the natural logarithm of note editing time as the outcome.

Column (6) shows that a one standard deviation increase in cognitive load reduces editing time

by about 7.1 percent. This suggests that, physicians have less mental bandwidth to edit notes,
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Table 3: OLS Estimates of the Impact of Cognitive Load on Frequent Orders and Note Taking

Number of Number of log(Time spent
top25 DX orders non-top25 DX orders editing notes)

(1) (2) (3) (4) (5) (6)

Cognitive load (std.) 0.090��� 0.068��� � 0.019��� � 0.018��� � 0.174��� � 0.071���

(0.005) (0.005) (0.002) (0.002) (0.005) (0.004)

Prior cognitive load - Control X X X X X X
Randomization block - FE X X X X X X
Physician - FE X X X

Mean of DV 0.91 0.91 0.39 0.39 446.50 446.50

N 266,625 266,625 266,625 266,625 230,682 230,682
R2 0.046 0.054 0.022 0.032 0.023 0.112
Adjusted R 2 0.043 0.049 0.019 0.027 0.019 0.107

Notes: The table presents OLS estimates of linear regressions of the number of the 25 most frequently placed orders, the
number of orders outside the 25 most frequently placed orders, and the log of time spent editing the patient's note (in seconds)
on the leave-out measure of cognitive load (standardized to mean 0 and SD 1). The unit of observation is the encounter–action
level, where an actioneither refers to a placed batch of orders (columns (1)-(4) or a note-taking instance (columns (5)-(6)). For
columns (5)-(6), the outcome variable is log-transformed, while its mean is reported in raw seconds. All speci�cations control
for prior cognitive load and include �xed effects for hour of day, day of week, hours since shift start, hours until shift end,
chief complaint, and acuity code. Columns (2), (4), and (6) additionally include physician �xed effects. Standard errors are
clustered at the encounter level and shown in parentheses. Statistical signi�cance is indicated by *** (1%), ** (5%), and * (10%).

though we don't assess whether or not this has positive or negative welfare effects. 23 24

6.1 Diagnostic Precision

We now investigate the precision of diagnostic orders, in a structural sense, as a function of cog-

nitive load. We construct a measure of the “informativeness” of a physician's diagnostic orders

with respect to possible patient diagnoses, thereby recovering the physician's implied prior over

diagnoses from the diagnostic orders placed. This structural measure builds on prior work in in-

formation theory (e.g., Caplin and Dean (2015)), and links directly to a comparative static in our

model stipulating that, when physicians are more cognitively loaded, they exert less mental effort

on a given patient up front and start placing diagnostic orders with more diffuse priors.

23As for resource utilization, our analysis focuses on the intensive marginof note edit time. On the extensive margin, a
physician with a one-standard-deviation higher cognitive load has 0.05 more note-edit instances per encounter (+2.3%
relative to the 2.17 baseline), partially offsetting the diminished effort on the intensive margin and highlighting a more
piecemeal production of notes when cognitively loaded.

24Recent work by Kloiber (2025) shows that discharge notes that are more complex in terms of language lead to
higher post-discharge mortality. This is suggestive of the types of downstream impacts from note modi�cations, though
we do not study note language complexity or discharge notes
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To calculate our informativeness measure, we proceed in two steps. In the �rst step, we com-

pute the empirical probability mass function (pmf) of �nal diagnoses for an individual patient

receiving a speci�c diagnostic order oz. Since orders are used differently depending on the chief

complaint, we estimate the pmf of �nal diagnoses for a given order conditional on each chief

complaint cc:

bDDX (oz j cc) (9)

Next, let Oi = f oi ,1, . . . ,oi ,Zg denote the set of diagnostic orders placed for encounter i. To rule

out dynamic considerations such as physician-learning from observing test results, we focus on

orders placed within the �rst 30 minutes of the initial patient–physician interaction. Since we are

underpowered to estimate the joint implied distribution over diagnoses for an order set Oi , we

construct an “aggregate” implied distribution by summing and then re-normalizing the marginal

distributions of each order in the order set. We then compute the entropy of this aggregate distri-

bution:

Hi := H

 
P

å
p= 1

bDDX (oi ,z j cci )

!

= �
D

å
d= 1

p(d j Oi , cci ) log2 [p(d j Oi , cci )] (10)

Here, p(d) denotes the conditional empirical probability of diagnosis d given the chief com-

plaint cci and order set Oi , i.e., implied by å P
p= 1

bDDX
�
oi ,p j cci

�
. Under this measure, a higher

entropy value Hi implies an order set that indicates more a dispersed prior over possible �nal

diagnoses.

Next, we go back to the ex ante phase and compute the entropy over all �nal diagnoses associ-

ated with each chief complaint cci . This provides a baseline entropy for each chief complaint that

gets reduced as thinking occurs and orders are placed. De�ne this ex ante chief complaint entropy

as H ( bD (cci ). We de�ne the entropy reduction from physician assessment and contemplation,

prior to placing the �rst order batch, as:

Ei := H
�

bD (cci )
�

� Hi (11)

Here, Ei measures the ex ante entropy for a patient given the chief complaint minus the up-

dated entropy Hi which accounts for physician assessment and contemplation prior to placing

the �rst order batch (while still accounting for the ex ante factors). We use these measures as

outcomes in our main speci�cation to assess the impact of cognitive load on mental effort and

diagnostic precision.

Table 4 shows the results for the impact of cognitive load on entropy reduction Ei . This analysis

focuses on the 56,398 encounters for which any diagnostic orders are placed within 30 minutes
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Table 4: OLS Estimates of the Impact of Cognitive Load on Diagnostic Precision

Entropy reduction (cond. on CC; DX orders)

(1) (2) (3) (4)

Cognitive load (std.) � 0.024��� � 0.014��� � 0.011�� � 0.009��

(0.004) (0.005) (0.005) (0.004)

Number of DX orders � 0.049��� � 0.037���

(0.001) (0.001)

Share of top100 DX orders � 1.767���

(0.031)

Prior cognitive load - Control X X X X
Randomization block - FE X X X X
Physician - FE X X X

Mean of DV 0.62 0.62 0.62 0.62

N 56,398 56,398 56,398 56,398
R2 0.492 0.506 0.534 0.640
Adjusted R 2 0.485 0.494 0.523 0.631

Notes:The table presents OLS estimates of linear regressions of the entropy reduction (see text for
de�nition) on the leave-out measure of cognitive load (standardized to mean 0 and SD 1). The
unit of observation is the encounter, considering all orders placed within 20 minutes of the �rst
physician-patient interaction. All speci�cations control for prior cognitive load and include �xed
effects for hour of day, day of week, hours since shift start, hours until shift end, chief complaint,
and acuity code. Standard errors are clustered at the encounter level and shown in parentheses.
Statistical signi�cance is indicated by *** (1%), ** (5%), and * (10%).

of the �rst physician-patient interaction. 25 The results in column (2) imply that a one standard

deviation increase in cognitive load leads to a 2% decrease in the entropy reduction, holding all

else equal. Put differently, physicians with higher cognitive load are less precise in placing relevant

diagnostic orders, i.e., placing less effort in contemplation pre-order-placing. A 2% decrease in

entropy reduction at the mean given in Table 4 (0.62 bits) corresponds to about 0.01 fewer bits of

information, making the posterior distribution roughly 2 0.01 � 1.007 times more diffuse, which is

about a 0.7% increase in the effective number of plausible diagnoses.

Column (3), our preferred speci�cation, adds a control for the number of diagnostic orders

placed, to account for the mechanical effect that a larger order set is informative over more diag-

noses. Since our earlier results show that cognitive load increases the number of orders placed,

25In the appendix, we also assess the impacts of cognitive load on entropy reduction with different initial time
windows and different sets of conditioning/ex-ante factors, �nding similar results.
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we believe this is a valuable control. The coef�cient of interest shows only a slightly smaller

effect than that in column (2), suggesting that the reduction in diagnostic precision among cog-

nitively loaded physicians is not driven by these physicians simply placing more diagnostic or-

ders.26 Overall, these results highlight how cognitively loaded physicians are less precise in their

diagnostic orders, holding many factors constant (including the physician and chief complaint).

6.2 Hospital Admissions

One key outcome from a visit to the emergency department is whether the patient is admitted to

the hospital as an inpatient. This is a very consequential and costly decision, often leading to a

meaningfully longer and more intensive patient visit. If physicians are cognitively loaded, it is

plausible that this could impact this important decision as discussed earlier in section 2.

We investigate this empirically by modifying our main regression speci�cation such that an

observation is at the encounter level rather than at the patient-event level. Since the admission

decision is a product of many things occurring during the encounter, it is appropriate to treat

this outcome as re�ecting the many things that happen during the ED encounter. The primary

change moving to the encounter-level speci�cation is that instead of using a point-in-time cogni-

tive load measure, we assess cognitive load over the entire patient encounter and use a maximum

of cognitive load during that time as our variable of interest.

Table 5 presents the results. Strikingly, we �nd that a one standard deviation increase in maxi-

mum cognitive load for the physician during the patient encounter increases the change of admis-

sion by 9%, with a very high level of statistical signi�cance. As with earlier estimates, this controls

granularly for physician, chief complaint, acuity code, and time �xed effects. Figure 6 presents the

results of our speci�cation that splits cognitive load into deciles and assesses the impact of those

deciles hospital admissions (coef�cient estimates are presented in the Appendix in Table G.14).

The likelihood of inpatient admission increases signi�cantly as cognitive load increases over the

deciles. The relationship is near monotonic, and shows that, all else equal, when a physician is in

the highest decile of cognitive load they are 28% more likely to admit the patient than when they

are in the lowest decile of cognitive load. We also assess the impact of cognitive load on readmis-

sion to the ED within 30 days (columns (3) and (4)). We �nd a precise null effect on readmissions.

The admissions result is notable and bears further discussion. One possible reason for the

admission increase is that the ED bed capacity is met when many patients are in the ED and and

there is now an additional shadow value of admissions coming from that capacity constraint.

The UCSF ED operates with �exible capacity rather than a �xed bed count: during our study

period, it comprises 35 patient rooms plus about 25 hallway bays, with observation and triage

26Column (4) adds the share of diagnostic orders in the 100 most common diagnostic orders to account for the
potential mechanical effect that more frequently placed orders are associated with a wider array of diagnoses. The
coef�cient of interest decreases minimally, and we don't prefer this speci�cation because controlling for more or less
common orders in any way has a clear relation to our measure of diagnostic precision.
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Table 5: OLS Estimates of the Impact of Cognitive Load on Inpa-
tient Admission and Readmission at the Encounter-Level

Inpatient admission Readmission within 30 days

(1) (2) (3) (4)

Max cognitive load (std.) 0.023��� 0.021��� 0.001 0.001
(0.002) (0.002) (0.001) (0.001)

Prior cognitive load - Control X X X X
Max hours since shift start - FE X X X X
Acuity code - FE X X X X
Chief complaint - FE X X X X
Physician - FE X X

Mean of DV 0.24 0.24 0.04 0.04

N 76,001 76,001 76,001 76,001
R2 0.221 0.242 0.048 0.062
Adjusted R2 0.213 0.228 0.039 0.045

Notes: The table presents OLS estimates of linear regressions of dummy vari-
ables whether the patient was admitted to the hospital during the encounter or
re-admitted within 30 days on the maximum of the leave-out measure of cog-
nitive load during the encounter (standardized to mean 0 and SD 1). The unit
of observation is the encounter. All speci�cations control for max prior cogni-
tive load and include �xed effects for the maximum shift hour during which
the physician interacted with the encounter, chief complaint, and acuity code.
Columns (2), (4), and (6) additionally include physician �xed effects. Robust
standard errors are shown in parentheses. Statistical signi�cance is indicated
by *** (1%), ** (5%), and * (10%).

areas opened or closed as needed. We assess the number of patients in (and moving through) the

ED during periods when physicians have high cognitive load. To do this, we plot the total number

of patients in the ED when physicians have an order action for a patient and are categorized as

being in the top two quintiles of cognitive load. Appendix Figure D.4 plots this distribution. The

�gure highlights multiple reassuring �ndings. First, the total number of patients in the ED at one

time (including those not assigned to a bed yet) is typically well below capacity with only 9.66% of

observations occurring when the ED is over 80% capacity. Second, and perhaps more importantly,

the distribution of patients in the ED for physician actions in the top two quintiles of cognitive

load looks very similar to the distribution for the lower three quintiles, suggesting that these kind

of structural capacity issues do not cause these results.

A potential model-based explanation for our admissions �nding is physician risk-aversion that

manifests in cases with high cognitive load. Our precision results above highlight how physicians

with higher cognitive load do less contemplation up front and place less targeted orders for pa-

tients, all else equal. In Table G.3 in the Appendix, we highlight how this result also holds at the

encounter level: i.e., when a physician has higher max cognitive load over a patient encounter, en-
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Figure 6: Estimates of the Impact of Decile of Cognitive Load on Inpatient Admissions
Notes:The �gure plots coef�cients from linear regressions of a dummy variable whether the patient was admitted to the hospital
during the encounter on decile indicators of the maximum of the leave-out measure of cognitive load during the encounter. The unit
of observation is the encounter. All speci�cations control for max prior cognitive load and include �xed effects for the maximum shift
hour during which the physician interacted with the encounter, chief complaint, acuity code, and physician �xed effects. The �rst
decile is the omitted category. Estimates correspond to Column (4) of Appendix Table G.14. Robust standard errors are used.

tropy reduction over the whole encounter is lower. 27 Thus, one potential underlying mechanism

is that physicians have more coarse information about a patient when they are cognitively loaded

and, as a result, they are more likely to admit the patient because they are risk averse about the

(higher) probability of a negative outcome if they discharge the patient instead.

6.3 Characterizing Marginally Admitted Patients

Higher cognitive load causes increased hospital admissions. A natural next question is: are the

marginally admitted patients due to higher cognitive load more or less severe cases than those

typically admitted? If physicians indeed have higher case uncertainty when they are cognitively

loaded and are risk averse, they may admit less severe patients on the margins to be sure that they

receive suf�cient care. We examine this hypothesis from an ex ante point of view primarily (using

intake measures) but also assess the implications for some ex post outcomes.

To perform this analysis, we run an analysis in the spirit of Abadie (2003) to characterize the

marginal admissions (in this case, patients admitted due to having a treating physician with higher

cognitive load). We use cognitive load as an instrument for inpatient admission, and then back

out the traits of the compliers. Let X i denote the patient characteristics, Ti an indicator of inpatient

27Note that as in our primary results, though entropy reduction is lower when max cognitive load is higher, the
absolute number of orders is also higher in this case (Table G.1). This continues to suggest that, under higher cognitive
load, physicians place more, less targeted, orders.
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admission, and Zi the cognitive load of the provider treating patient i.

We estimate the IV system, using Zi to instrument for Ti :

(2SLS) X i � Ti = a + g � Ti + ui

(FS) Ti = l + pi � Zi + vi

Abadie (2003) shows that, in the canonical binary-instrument setting, the IV estimate g recovers

the average of X i among compliers, i.e. the average among those induced into treatment (inpatient

admission) by the instrument. A closely related characterization result for general design-based

IV speci�cations, including settings with non-binary treatments or instruments, is given in Hull

(2025). In our setting, this provides a useful perspective for interpreting the resulting estimates as

characteristics of the effective population induced into admission by higher cognitive load.

We implement this approach for a range of outcomes, using similar detailed X variables and

�xed effects to those used in our primary regressions. We use the maximum of the standardized

leave-out cognitive load measure over the course of the patient encounter as the instrument. We

also run speci�cations with different forms for the cognitive load measure and �nd similar results.

Figure 7 presents the results. For the outcomes listed on the y-axis, we present the mean estimates

for three groups (i) all admitted patients (ii) marginally admitted patients due to high cognitive

load and (iii) all patients discharged from the ED without being admitted to inaptient.

The results paint a clear picture: the patients who are marginally admitted due to higher physi-

cian cognitive load are healthier on average from an ex ante point of view and have better out-

comes ex post as well. For ex ante characteristics, marginal admits are about half as likely to have

the more severe triage acuity score (Emergent) relative to the average admitted patient, and have

many fewer abnormal vital signs at ED intake (about 50% lower than mead admitted). In terms

of ex post outcomes (which can be impacted by differential care received in the ED), marginally

admitted patients are much less likely to die during their inpatient stays and are also much less

likely to be readmitted within 30 days. All of the above re�ect statistically different mean char-

acteristics, at a 95% level. Marginally admitted patients also have 20% shorter inpatient lengths

of stay than the mean admitted patient on average, though this is not statistically different due to

high SEs on the mean for marginally admitted patients.

It is important to note that this characterization assumes that cognitive load is a valid instru-

ment for inpatient admission. The more that ED care differs, all else equal, due to cognitive load

the more that patient health may differ, conditional on Xs, at the time of inpatient admission. With

that said, the fact that boththe ex ante and ex post characteristics show that marginal admits are

meaningfully less severe cases highlights the validity of the instrument.
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Figure 7: Characterization of marginally admitted
Notes:The �gure plots the control-adjusted means for discharged encounters (gray) and admitted encounters (green), alongside an
estimate of the mean characteristic for the marginally admitted(orange) with 95% con�dence intervals. We implement a
complier-characterization approach in the spirit of Abadie (2003) using a continuous instrument: the maximum of the standardized
(leave-out) measure of cognitive load. Marginally-admitted means are obtained from 2SLS design-based speci�cations with �xed
effects for provider, binned shift hour, chief complaint, and acuity (with the relevant �xed effect dropped when the plotted
characteristic is itself an acuity code), and a control for cumulative complexity of other actions. Heteroskedasticity-robust standard
errors are used. See also Hull (2025) for a closely related “effective population” characterization perspective in general design-based
speci�cations.

6.4 Additional Results

As we presented our results, we highlighted a number of additional speci�cations and robustness

checks in the appendix. These include (i) alternative functional forms for cognitive load in our

main regression speci�cation (e.g., indicators for quintiles of cognitive load) (ii) different func-

tional forms for outcome variables (e.g., logs vs. levels) (iii) alternatives to our 90-minute window

for de�ning action-level cognitive load (60 minutes and 120 minutes) (iv) regressions including

all provider actions taken for a patient, rather than those of just the primary provider (v) speci-

�cations that change the threshold for de�ning common vs. uncommon orders and (vi) a range

of speci�cations that are based at the encounter level, rather than the encounter-action level. We

highlighted these speci�cations when relevant, in comparison to our primary results earlier, �nd-

ing that they generally support our primary conclusions and expanding our understanding of the

effects in the ways described.
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6.4.1 Speci�c Chief Complaints

We also study how our analysis applies to speci�c common chief complaints, to get a more gran-

ular assessment of our main �ndings. The detailed results are presented in Appendix F.8. For this

analysis, we study two common chief complaints where diagnoses is crucial, abdominal pain and

chest pain. For abdominal pain, a chief complaint for 9% of the encounters in our main sample,

we �nd very similar results to our primary �ndings. A one standard deviation increase in cogni-

tive load increases diagnostic orders by 4%, does not increase the number of medication orders,

meaningfully increases the number of common orders (9%), meaningfully decreases the number

of rare orders (12%), decreases note edit time (9%), and reduces entropy reduction in the �rst or-

der batch by 3% (though this latter effect is marginally not statistically signi�cant). The impact on

admissions is large for the top two deciles of cognitive load: there is a 50% increase in admissions

moving from the top decile to the bottom decile of cognitive load, and a 35% increase moving

from the second top decile to th bottom decile. All other deciles are not statistically different from

the bottom decile and have smaller point estimates.

For chest pain, a chief complaint for 4% of the encounters in our main sample, we also �nd

very similar results to our primary �ndings. A one standard deviation increase in cognitive load

increases the number of diagnostic orders by 8%, slightly decreasesthe number of medication or-

ders (3%), meaningfully increases the number of common orders (10%), decreases the number of

rare orders (4%, marginally not statistically signi�cant), decreases note edit time (8%), and reduces

entropy reduction in the �rst order batch by 3% (though this latter effect is marginally not statis-

tically signi�cant), and does not have enough statistical power to detect an entropy effect below a

10% change (which it does not). There are no clear statistically signi�cant patterns for admission

of chest pain patients with respect to cognitive load, though the standard errors are big due to

lower sample size.

These results for individual chief complaints are consistent with our �ndings aggregating over

all chief complaints. They open a window into future work that leverages structural differences

in the medical practice of treating these distinct chief complaints to (i) model diagnostic pathways

in a more sophisticated way, (ii) assess the impacts of cognitive load on those pathways, (iii) as-

sess heterogeneity in physician practice styles in a granular way and (iv) assess the interactions

between those practice styles and cognitive load. To answer some of these questions effectively,

researchers will need an even larger sample of patients than that which we have here, in order to

gain statistical power and link structural insights across different categories of chief complaints.

6.4.2 Health Outcomes

Additionally, we investigate speci�c higher-level health-related outcomes including the impact

of cognitive load on (i) ED death, (ii) inpatient death, (iii) inpatient length of stay and (iv) 30-

day readmission. The results for the speci�cation with cognitive load deciles are presented in
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Appendix G.4. We �nd that there is limited statistical power to detect effects for any of these

outcomes and cannot form any clear conclusions on these relationships.

6.4.3 Provider Heterogeneity: Cognitive Load Impacts

A natural next question for our analysis is whether certain types of physicians are more impacted

by cognitive load than others. Physicians with certain practice styles, physicians with different

levels of experience, and physicians with different social characteristics could be impacted differ-

entially by cognitive load.

Our sample has limited statistical power to robustly detect heterogeneous cognitive load ef-

fects. In order to assess what heterogeneous effects could be present, we use causal forests to esti-

mate heterogeneous treatment effects, following the work of Wager and Athey (2018) and Athey

et al. (2019). This approach provides a thorough and unstructured way to assess whether there are

heterogeneous treatment effects that we have enough statistical power to detect.

Our analysis incorporates a range of provider characteristics X i including, e.g., provider cat-

egory at UCSF, specialty of provider, gender, time at UCSF, medical school ranking, and date of

medical school graduation. We use these characteristics as moderators of the effect of cognitive

load on our key outcomes from earlier in the paper, including the number of diagnostic orders,

the composition of orders (common vs. rare), entropy reduction, and note edit time.

Appendix H details our analysis. We estimate a speci�cation of the form:

Ỹi jt = t (X j )W̃jt + #i jt ,

Yi denotes our outcome, Wi denotes the measure of contemporaneous cognitive load and t (�) is

an unknown function capturing heterogeneity in the marginal effect of cognitive load intensity.

For each outcome and sample, we �t a causal forest using the residualized variables (Ỹi , W̃i ) and

moderators X i .

In the Appendix, we report results of the average treatment effects of cognitive load from this

speci�cation, and detailed heterogeneity estimates using the best linear projection (BLP) of the

causal forest estimates. The average treatment effects replicate our primary results, as expected.

While some of the heterogeneous treatment effects are statistically different from zero, the stan-

dard errors of the effects are large in general and there is no meaningful evidence on net for a

particular form of heterogeneous effects. These results suggest that our data don't have suf�-

cient statistical power to study heterogeneous effects of cognitive load in a compelling way. As

we discuss in the conclusion, we believe that performing this analysis with a meaningfully larger

administrative data sample with similar depth, or an experimental approach focused on hetero-

geneity, are fruitful avenues to assess heterogeneous effects.
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6.5 Patient Reallocation Analysis

One possible implication of our �ndings is that, if patients could be allocated to providers with

lower cognitive load, we could reduce hospital admissions and reduce the number of diagnostic

orders, while actually increasing the informativeness of those orders. In this section, we analyze

this possibility, while being cognizant of the fact that we hold many contextual and dynamic

factors �xed in order to do so. In that sense, we view this counterfactual analysis as suggestive of

the potential for patient reassignment in a world with cognitive load, rather than a full treatment

of this problem.

To do this, we leverage estimates from regression speci�cations at the encounter level, similar

to those used earlier in our section on inpatient admissions. As discussed earlier, in this speci�-

cation cognitive load for an encounter is assumed equivalent to the maximum cognitive load that

occurs at a point-in-time during the encounter. Relative to our main event-action point-in-time

regressions, this allows for an extension of our framework to the encounter level, while somewhat

reducing the closeness in time of the cognitive load measure to the regression outcome of interest.

Figure G.1 presents the impacts of max cognitive load deciles on the number of diagnostic or-

ders placed (regression coef�cients presented in Table G.14). This is an analogous �gure to Figure

6, presented earlier for the inpatient admission outcome. The number of diagnostic orders placed

is monotonically increasing in the cognitive decile, with a physician in the top decile placing 42%

more diagnostic orders for the patient than when they are in the lowest decile of cognitive load,

all else equal. Using these results as a basis, we simulate a scheduling algorithm in which arriving

patients are reallocated to the physician exhibiting the lowest current cognitive load, as measured

by Equation (6). In the event of ties, patient assignment is determined randomly. This counter-

factual policy is motivated by our earlier results demonstrating that increased cognitive load is

associated with a convex increase in order placement costs. By redistributing patients so as to bal-

ance these cognitive demands more evenly across physicians, the algorithm is designed to reduce

the aggregate cognitive burden during high-intensity periods.

Figure 8 displays the kernel density estimate of cognitive load under actual versus counter-

factual patient allocations. The counterfactual distribution is shifted substantially toward lower

cognitive load values, indicating that the reallocation effectively alleviates peak cognitive pressure

on physicians. Interestingly, the counterfactual distribution has two peaks, likely corresponding

to times when the ED is busy vs. times when the ED is not busy. Still, it is notable that, even

using this fairly coarse mechanism, patients under this counterfactual assignment are treated by

providers with much lower cognitive load.

Table G.15 presents the transition matrix of physician assignments resulting from reassignment

based on cognitive load. One might be concerned that the algorithm signi�cantly shifts assign-

ments from one type of provider to another, con�ating reductions in cognitive load with changes

in provider type. Reassuringly, the table shows a stable transition matrix, with similar assignment
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Figure 8: Distribution of Cognitive Load Under Actual and Counterfactual Patient Allocation
Notes:This �gure shows histograms of the actual cognitive load (blue) and the cognitive load under the counterfactual allocation
where patients are assigned to the physician on shift with the lowest cognitive load (red). The dashed lines indicate the means under
the respective regimes.

shares within provider category in actual vs. counterfactual assignments. The off-diagonal values

are also not large, suggesting no systematic cross-substitution at a granular level.

Figure 9 illustrates the differences in the distribution of diagnostic orders under the counter-

factual reassignmet relative to actual observations. This �gure highlights how, as a result of the

compression in the cognitive load, the order distribution also becomes more compressed and, on

average, lower in terms of the mean.

Table 6 presents the average impacts of the reassignment on the key outcomes of (i) number of

diagnostic orders placed and (ii) hospital admissions. Our simulation suggests that a reallocation

based on cognitive load would reduce the number of diagnostic orders by roughly 0.79 (18%) per

encounter. Following our earlier results, it is also likely that while reducing the number of overall

orders, higher informativeness overall would result from the diagnostic orders placed. For admis-

sions, the reassignment reduces admissions by 7%, highlighting the potential for impacting this

important decision via patient reassignment. Further analysis along these lines, with a more de-

veloped counterfactual assignment model and some additional assumptions, we could assess the

impact of other policies, e.g., increases in ED staf�ng (though accounting for quality differences

would be potentially valuable, as it would also be here).
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Figure 9: Distribution of Number of Diagnostic Orders Under Actual and Counterfactual Patient
Allocation

Notes:This �gure shows histograms of the actual number of diagnostic orders placed (blue) and the number of diagnostic orders
under the counterfactual allocation where patients are assigned to the physician on shift with the lowest cognitive load (red). The
dashed lines indicate the means under the respective regimes.

Table 6: Actual Versus Counterfactual Means

Actual Counterfactual

Mean number of diagnostic orders 4.552 3.760
Mean inpatient admission rate 0.238 0.222

7 Conclusion

We use novel click-stream data on physician actions in the emergency department to unpack the

impacts of cognitive load on medical care. Much of the literature to date on cognitive burden

and decision-making studies lab settings or smaller stakes �eld settings. We extend this literature

with an investigation of cognitive load in a high-stakes empirical setting with experts. We observe

highly detailed data on case-by-case factors that we can link to beliefs and actions, and also study

a setting where there is signi�cant and measurable exogenous variation in cognitive load. We set

up a new model of the physician's diagnostic process, incorporating cognitive load and learning,

and tie our empirical outcomes to comparative static predictions from the model.

We �nd that cognitive load impacts care in myriad ways. Holding all else equal for a given

patient, higher cognitive load for a physician increases the number of diagnostic orders placed

for the patient and shifts orders away from more rare targeted diagnostic orders to more common
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diagnostic orders. We construct a measure of diagnostic entropy to diagnostic belief re�nement,

and �nd that higher cognitive load leads to diagnostic order sets that do a worse job in re�ning

beliefs about potential diagnoses. We show that a one standard deviation increase in cognitive

load is associated with a 9% increase in inpatient hospital admission from the ED, a meaningful

change in a very costly and impactful health care decision. Further, we �nd that providers in the

most cognitively loaded decile are 28% more likely to admit a patient then when they are in the

least cognitively loaded decile (holding many factors constant). We show that our results hold for

speci�c chief complaints (chest pain and abdominal pain) and highlight which speci�c diagnostic

tests are impacted by cognitive load, giving color to the idea that physicians move towards more

common tests. We assess a variety of robustness speci�cations, including those that change (i) our

construction of cognitive load measures and (ii) our de�nition of key outcome variables.

We see a number of exciting paths forward. While we have a granular characterization of cog-

nitive load and an individual physician's typical behavior, it will be valuable in future work to

study physician heterogeneity in depth. Our causal forests approach shows that, in our context,

we lack suf�cient statistical power to study physician heterogeneity in cognitive load impacts in

a rich way. Future work with either (i) a very large sample but similar data depth or (ii) exper-

imental variation in cognitive load combined with deep administrative data can make progress.

Heterogeneity in cognitive load impacts could be based on demographic / job characteristics (gen-

der, age, job level, experience), differences in provider practice styles (which can be modeled in

detail), and unobserved characteristics (e.g., proneness to stress or mental fatigue).

The external validity of our main �ndings, and the implications of contextual heterogeneity, is

also an important path for future work. We study a large, cutting-edge, emergency department

at a prestigious academic medical center. The effects of cognitive load could differ in other con-

texts, not just because of physician heterogeneity, but also because of factors like hospital staf�ng,

hospital equipment, or hospital business models (with implications for provider incentives). This

kind of contextual heterogeneity could potentially allow testing of different cognitive load mod-

els if perceived defaults (or best actions with coarser diagnosis distributions) vary by context. A

dataset with our depth of data, across myriad contexts, would provide a strong foundation for

this analysis.

Our simple counterfactual analysis studies patient reassignment accounting for cognitive load,

holding a number of contextual factors �xed. There is room to extend this analysis going for-

ward in a number of directions including, e.g., constructing a more complete dynamic assignment

model and then integrating structural estimates of our conceptual diagnosis model as inputs into

various policy analyses leveraging that new assignment model. In addition, one could study

other labor design policies such as mandated break times, shift staggering, caps on hours worked,

or how hospitals trade off number of employees with hours per employee. Additionally, there

are important design questions related to team production and how effective teams can mitigate
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shocks like cognitive load (see, e.g., Chan (2016) and Silver (2020)). Work on team-related ques-

tions could leverage staf�ng shocks or shift-design changes to both identify the implications of

teams on cognitive load and answer related design questions.

Finally, there are several directions to expand research on cognitive load in settings like ours.

Researches could implement lab-in-the-�eld or �eld experiments digging more into speci�c cog-

nitive load mechanisms in our context, and continue to leverage granular administrative data to

enhance our understanding of how cognitive load operates. This could build closely on the re-

cent experimental literature on cognitive load (e.g., Enke and Graeber (2023)). More broadly, with

structural estimates from our conceptual diagnosis model, one could make some progress study-

ing how arti�cial intelligence tools and/or certain kinds of physician training could improve care

in settings with cognitive load. Of course, such studies could have broader impacts than just hon-

ing in on cognitive load: it is well known that physicians have different practice styles and that

there is still much research to do investigating how altering those practice styles (e.g., to mimic top

performing doctors in a granular way) can positively impact productivity (Chandra and Staiger

(2007)). Above and beyond leveraging structural estimates on their own, it would be valuable to

deploy arti�cial intelligence tools or training programs in the �eld using carefully crafted exper-

iments or interventions and then leverage detailed methods and data like we use here to better

understand the impacts of such programs.
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A Proofs for Section 2

Proof of Proposition 1.

As expressed in (3), the objective can be decomposed intoU (n) = � (1 � 2� n� 3)2� n� 2 � 2� 2n� 6

and the cost of information C(nM , nE, L). The health and resource bene�t U () depends just on the

total number of signals n, while the cost of information also on the split between nM and nE.

Thus, let us denote Cmin(n, L) = min f nM ,nEg C(nM , nE, L) the resulting cost of information as a

function of the total number of signals n = nM + NE only with the optimal composition of nM and

nE. Let us also de�ne marginal costs of mental signals, MC M (nM , L) = CM (nM , L) � CM (nM �

1,L), and of external signals MCE(nE) = CE(nE) � CE(nE � 1).

Next, consider a common ordered and increasing sequence of all marginal costs of both types

of signals. The total cost Cmin(n, L) is a sum of marginal costs of the n cheapest signals among all

MC M (�, L) and MCE(�, L). The marginal cost MCmin(n, L) is the cost of the nth cheapest signal - it

weakly increasing in n and also in L, since mental costsMC M (nM , L) are increasing in L.

Let us now show that the marginal of U, i.e., MU (n) = U (n) � U (n � 1), is positive and

decreasing in n. Using simple algebra, it equals 2� 2(n+ 3)
�
2n+ 4 � 3

�
, which is positive for n � 0.

Moreover, MU (n) � MU (n � 1) = � 2� 2(n+ 3)
�
2n+ 4 � 9

�
, which is negative for n � 0, and thus

the marginal MU (n) is decreasing in n.

Since MU (n) is positive and decreasing in n, while MCmin(n, L) is positive and increasing in

n, the optimal n� � 0 is the largest n such that MU (n) � MCmin(n, L). All signals, regardless of

whether mental or external, with a marginal cost lower or equal to MU (n� ) are used.

Now, we are ready to establish the comparative statics. If L increases, thenMCmin(n, L) weakly

increases for all n, and thus the optimal n� weakly decreases, which is the result (i) of Proposition

1.

This also means that if L increases, then marginal bene�t of the last used signal MU (n� ) weakly

increases. SinceL does not affect costs of external signals, the optimal nE weakly increases, because

the same costsMCE() are weighed against a higher MU (n� ). This is the result (iii). On the other

hand, nM weakly decreases, sincenM = n� � nE, the result (ii). Finally, the result (iv) holds as an

immediate implication of (i) and of A = 2� n� � 3.
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B Details on Emergency Department Environment

Patients arrive either by ambulance or by walk-in to the front-desk station. A registrar collects de-

mographic identi�ers and opens an electronic encounter in Epic. This “rapid registration” usually

takes less than 2 minutes and does not in�uence subsequent triage priority.

A licensed triage nurse then performs a focused assessment in a dedicated triage bay (or at

the bedside for direct-to-room arrivals). Vital signs, symptom onset, and brief history are ob-

tained and recorded, together with any required isolation �ags. Using the Emergency Severity

Index (ESI, version 5) algorithm the nurse assigns an acuity code from 1 (immediate life-saving

intervention) to 5 (no resources anticipated). The nurse simultaneously selects a structured chief-

complaint label from Epic's menu (e.g., “chest pain”, “abdominal pain”) or enters free text; this

label is the �eld displayed in Appendix Figure B.1.

Once triage is complete, patients are either taken straight to an available bed (“direct-bed”) or

returned to the waiting room. Their queue position is managed by the charge nurse but displayed

to all clinicians on the live computerized tracking board (shown in Appendix Figure B.1). The

board lists, in order of arrival within each acuity tier, the chief complaint, the elapsed waiting time

and any preliminary nursing orders such as point-of-care tests.

Physicians pick up cases sequentially (“next-up”) from this board. At the moment of selection

they observe only the chief complaint and acuity code – as re�ected in our control variables.

This work�ow means that i) initial assignment of acuity level and chief complaint is nurse-

driven and completed before any physician becomes involved, and ii) within each time block the

set of patients visible to a given doctor is governed almost entirely by arrival sequence and bed

availability rather than by patient characteristics beyond acuity and complaint. These features

motivate our quasi-random assignment assumption and the control strategy described in Section

3.1.
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