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Problem definition: Recent and ongoing nursing shortages have highlighted the importance of manag-
ing nursing workload in hospital inpatient care. Hospitals often rely on order-based workload measures to
support staffing and assignment decisions, but these measures may not fully capture the workload expe-
rienced by frontline nurses. We study workload misalignment, defined as the difference between a nurse’s
professional-judgment workload assessment and an automated order-based workload benchmark. Method-
ology /results: We leverage patient—nurse—shift level data from a medical ICU, including detailed patient-to-
nurse assignments, an automated order-based workload measure, and a nurse-recorded professional-judgment
workload measure for each patient during each shift. We estimate how a nurse’s prior-shift workload expo-
sure affects current workload misalignment while addressing challenges including assignment endogeneity,
missing values, and measurement error. Our results show that heavier prior-shift workload systematically
shifts nurses’ professional-judgment assessments upward relative to the order-based benchmark. Manage-
rial implications: Understanding workload misalignment can help managers improve assignment alloca-
tion where standardized order-based workload measures may understate frontline burden. We develop a
perception-aware patient-to-nurse assignment policy that uses recent workload exposure to reduce high
predicted perceived workload while monitoring objective-workload fairness. The framework complements

charge-nurse judgment and supports more responsive workload balancing.
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History:

1. Introduction
Managing nursing workload is a central operational challenge in inpatient care. Recent and ongoing

nursing shortages have highlighted the valuable and skilled work that nurses provide around the
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clock (Berlin et al. 2022, Stiegler et al. 2021). At the same time, intense and sustained nursing
workload has been associated with nurse burnout, job dissatisfaction, turnover intentions, and
patient safety concerns (Aiken et al. 2002, Vahey et al. 2004, Halbesleben et al. 2008). These
challenges are particularly salient in intensive care units (ICUs), where patients often require
frequent monitoring, coordination, and rapid clinical response.

In practice, hospitals often rely on automated workload indicators, which typically capture
orders-based measures, to support staffing and patient-to-nurse assignment decisions. These indi-
cators are useful because they are standardized, scalable, and available at the time assignments
are made. However, nursing workload is not determined only by physician orders or measurable
acuity. It also includes non-order-driven care demands, such as communication needs, behavioral
support, family interactions, coordination burden, and other contextual demands that may not be
fully captured in structured data. Nurses’ professional judgment therefore provides a complemen-
tary assessment of patient workload. Because nurses observe patients directly at the bedside and
integrate clinical and contextual information, their professional judgment can be interpreted as a
measure of clinically perceived workload: the workload burden they assess based on their expertise
and experience (Levy et al. 2024, van der Mark et al. 2021).

Automated workload indicators and professional-judgment assessments may therefore diverge
because they capture different dimensions of care burden. We refer to this divergence as workload
misalignment, and focus especially on scenarios where a nurse’s professional-judgment assessment
exceeds the order-based benchmark (positive workload misalignment). Such misalignment can serve
as an operational risk signal, identifying assignments for which standardized measures may under-
state the burden experienced by frontline nurses. This is important because high perceived workload
has been associated with nurse burnout, job dissatisfaction, and patient-safety concerns (Holland
et al. 2019, Jourdain and Chénevert 2010, MacPhee et al. 2017, Phillips 2020). Understanding when
and why positive workload misalignment occurs can help managers identify potentially burdensome
assignments and design more responsive patient-to-nurse assignment policies.

In this work, we study this issue through the lens of workload carryover. Prior nursing and
occupational-health studies have documented that fatigue, stress, and performance impairment can
persist across consecutive or compressed shifts (Thompson et al. 2017, Thompson 2019, Haluza
et al. 2019, Cockerham et al. 2023). Building on these evidences, we ask whether the recent workload
exposure also carries over into nurses’ professional-judgment workload assessments and contributes
to positive workload misalignment. The direction of this effect, if any, is not obvious a priori. On
one hand, a demanding prior shift may deplete physical and cognitive resources, increase fatigue
or stress, and make a current assignment feel more burdensome than suggested by an automated

order-based benchmark (Greenglass and Burke 2001, Stimpfel et al. 2012, Khamisa et al. 2015).
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This mechanism predicts a positive relationship between recent workload exposure and workload
misalignment. On the other hand, perceived workload may also be shaped by anchoring: a nurse
who has recently experienced an especially demanding shift may perceive a subsequent assignment
as less burdensome by comparison (Sherif et al. 1958, Furnham and Boo 2011). This mechanism
predicts the opposite relationship. We therefore empirically test the hypothesis that greater recent
workload exposure increases the gap between a nurse’s clinically perceived workload and the order-
based workload, and quantify the magnitude of this effect.

Our empirical setting is a medical intensive care unit (MICU) at a large academic medical center.
We leverage a novel dataset from a commercial workload-management system used by the study
hospital (OptiLink 2012). The data contain detailed patient-to-nurse assignment information and
two workload measures for each patient-shift. DDClIntensity is an automated order-based workload
indicator generated from physician orders, whereas, PJIntensity is entered by the staff nurse caring
for the patient and reflects the nurse’s professional judgment of workload. Both are measured on
four levels: low (1), average (2), high (3), and extremely high (4). We interpret DDClntensity as
an automated order-based workload benchmark and PJIntensity as a nurse-reported measure of
clinically perceived workload. Our outcome is their difference, PJIntensity minus DDClntensity,
and we measure recent workload exposure using the nurse’s order-based workload in the most
recent prior working shift within a seven-day lookback window. Our empirical results provide robust
evidence that heavier prior-shift workload increases the discrepancy between nurses’ perceived
workload and the order-based benchmark.

This finding has direct implications for patient-to-nurse assignment. If nurses with heavier recent
workload are more likely to experience a given assignment as more burdensome than indicated
by its order-based workload, then balancing only contemporaneous workload may be insufficient.
Incorporating recent workload history into assignment decisions may help smooth workload over
time and reduce repeated exposure to highly burdensome assignments. Such policies may create
a safer and more supportive working environment for nurses, ultimately improving both nurse
satisfaction and patient care (Sir et al. 2015).

Motivated by this insight, we develop a perception-aware patient-to-nurse assignment frame-
work. Using our empirical model, we predict the perceived workload associated with each feasible
patient-nurse assignment and formulate an integer program to find the patient-nurse matching that
minimizes total predicted perceived workload. Because the set of patients within a shift is fixed,
the total order-based workload is fixed as well, so reducing predicted perceived workload is closely
related to reducing positive workload misalignment. Relative to the hospital’s observed assign-
ments, our proposed policy reduces the incidence of extremely high predicted perceived workload

by 11% while maintaining a more balanced allocation of order-based workload across nurses.
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In summary, our work makes two main contributions. First, we provide causal evidence on work-
load carryover effect in nursing: greater recent workload exposure increases the extent to which
nurses’ professional-judgment workload assessments exceed an automated order-based benchmark.
Identification is complicated by nonrandom missingness in PJIntensity, endogenous nurse assign-
ments, and measurement error in prior workload. We address sample selection using a Heckman
correction, endogeneity using instrumental variables, and measurement error through sensitivity
analyses based on alternative imputation schemes. Across these analyses, the estimated effect
remains positive and statistically significant, maintaining a similar magnitude.

Second, we translate this empirical finding into a patient-to-nurse assignment policy that explic-
itly accounts for predicted perceived workload. Through trace-based simulation, we show that the
proposed policy reduces exposure to extremely high predicted perceived workload while maintain-
ing comparable or improved order-based workload balance across nurses. The resulting framework
provides a practical way to incorporate recent workload history into patient-assignment decisions

and complements existing order-based workload measures..

1.1. Literature Review

Our work contributes to several streams of literature on nursing and healthcare operations.
Medical Literature on Nursing Workload Measurement. A large medical literature studies
how nursing workload should be measured, particularly in intensive care settings. Earlier work
emphasizes order-, activity-, and acuity-based measures (Alghamdi 2016, Hart and Staveland 1988,
Miranda et al. 2003), while subsequent studies highlight care demands that may not be fully
captured by such measures, including coordination, documentation, communication, and other
indirect care activities(Myny et al. 2011). More recent work therefore considers nurses’ perceived
workload and professional judgment as complementary dimensions of workload (Hoogendoorn et al.
2021, Kapu et al. 2016, Levy et al. 2024, van der Mark et al. 2021). For example, Dhaini et al. (2022),
Chen et al. (2024) examine how shift and patient characteristics are associated with perceived
workload. High workload and perceived workload have also been linked to care left undone, patient-
safety concerns, burnout, and other adverse outcomes (Banda et al. 2022, Liu et al. 2018, MacPhee
et al. 2017, Phillips 2020, Aiken et al. 2002, Laschinger and Leiter 2006, Shah et al. 2021).

A related nursing and occupational-health literature documents that the effects of demanding
work can persist across shifts. Studies of nurses working consecutive or compressed 12-hour shifts
find deterioration in physical and cognitive performance, increased fatigue and sleepiness, and
incomplete recovery between shifts (Thompson et al. 2017, Thompson 2019, Geiger-Brown et al.
2012, Haluza et al. 2019, Blasche et al. 2017, Cockerham et al. 2023). Extended work hours have

also been associated with reduced vigilance, patient-safety concerns, burnout, job dissatisfaction,
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and intention to leave (Scott et al. 2006, Dall’Ora et al. 2015). Building on these literatures,
we study whether recent objective workload exposure changes nurses’ subsequent professional-
judgment workload assessments relative to an automated order-based benchmark. Our contribution
is to identify this carryover relationship empirically at the patient—nurse—shift level and quantify
its implications for assignment decisions.
Impact of Workload in Healthcare Operations Management. Workload has also been
widely studied in healthcare operations management. Much of this literature examines how unit-
level aggregated workload affects patient outcomes, service times, discharge decisions, or clinician
behavior (see, e.g., Kc and Terwiesch (2009), Berry Jaeker and Tucker (2017), Luo et al. (2022),
Kc and Terwiesch (2012), Long and Mathews (2018), Soltani et al. (2022)). Related work shows
that clinicians adapt their behavior under high workload: they may ration discretionary services
or increase referrals (Freeman et al. 2021), initiate tasks earlier (Batt and Terwiesch 2017), change
patient prioritization (Li et al. 2021), or alter task selection and sequencing (Ibanez et al. 2018,
Kc et al. 2020). In nursing settings, workload has likewise been associated with care processes
and staff well-being (Ball et al. 2014, Liu et al. 2018, Carayon and Gurses 2008). Recent work
further shows that formal assignments may understate the work nurses actually perform because
nurses may help patients beyond those formally assigned to them (Jiang et al. 2025). Our study
complements this literature by focusing on a different mechanism: how objective workload from a
prior shift carries over into a nurse’s assessment of current patient workload.
Nursing Workload Management It has long been recognized that it is important and highly
nontrivial to properly manage the nursing workload. A large operations literature studies nurse
staffing and scheduling, typically balancing staffing cost against service quality or staffing uncer-
tainty (see, e.g., Green et al. (2013), Wang and Gupta (2014), Kim and Mehrotra (2015)). A more
closely related stream studies patient-to-nurse assignment and workload balancing. Mullinax and
Lawley (2002) formulate an acuity-based assignment model for neonatal intensive care, and Schaus
et al. (2009) develop scalable workload-balancing methods for nurse-to-patient assignment. Most
closely related, Sir et al. (2015) incorporate both patient acuity and nurses’ perceived workload
into nurse-patient assignment models. Our approach differs in two respects. First, our perceived-
workload measure is observed during actual care delivery at the patient—nurse—shift level rather
than constructed from survey-based ratings of acuity indicators. Second, we explicitly model tem-
poral carryover: prior objective workload affects current perceived workload and therefore enters
the assignment decision through nurses’ workload histories.

Related work studies other dimensions of matching and scheduling. Niewoehner I1I et al. (2022)
examine how familiarity affects physician patient selection and multitasking, while Shi (2022) stud-

ies matching in broader two-sided marketplaces. Staffing and scheduling decisions can also affect
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worker behavior and well-being: schedule volatility has been linked to nurse turnover (Bergman
et al. 2022), and scheduling practices affect productivity and employee well-being in service and
retail settings (Kamalahmadi et al. 2021, Kesavan et al. 2022). Our work contributes to this
stream of literature by showing how recent workload exposure can be incorporated into assignment

decisions to reduce predicted perceived workload while maintaining objective-workload fairness.

2. Setting and Data

Our research setting is the Medical Intensive Care Unit (MICU) at New York Presbyte-
rian/Columbia University Irving Medical Center, a 738-bed academic medical center. The MICU
contains 24 beds and operates under two nursing shifts per day. One shift is from 7:00 am to 7:00
pm. The other is from 7:00 pm to 7:00 am.

We combine data from multiple sources to construct a comprehensive list of variables that may
affect nursing workload. First, we obtain hospitalization data, which includes patient-visit level
information such as patient demographics and comorbidities. Second, we obtain patient-flow data,
which includes detailed time stamps on patient admission and discharge activities to different units
within the hospital. Third, we collect hourly Laboratory-based Acute Physiology Score (LAPS)
(Escobar et al. 2008) for each patient, which integrates information from 14 laboratory tests and
serves as a measure of patient acuity. Fourth, we obtain data from a commercial workload man-
agement system — Kronos OptiLink, which further includes two sets of patient-shift level data:
assignment data which contains detailed patient-to-nurse assignment information for each nursing
shift, and workload intensity data which contains two workload intensity measures associated with
each patient in each nursing shift. Lastly, we obtain data from the human resources system that
records the nurses’ working schedules and actual punch-in and punch-out times.

There are several advantages of utilizing data from multiple sources. In addition to being able
to extract a rich collection of covariates, we utilize the overlapping parts of the data sets to ensure
better data accuracy. For example, the patient-flow data and workload management data both
contain information on patient admission and discharge times. The human resources data and
workload management software data both contain information on the nurses’ shift start and end
times. Inconsistency in these time stamps would flag a potential error in the data (see Appendix
B for more details). Lastly, the detailed patient-to-nurse assignment data allow us to measure the
workload at the individual nurse level, rather than the aggregated unit level.

We collect data from the MICU in 2018. Our analysis is at the nurse-patient-shift level, (n, p,t),
i.e., nurse n taking care of patient p in shift ¢. After data processing, including data imputation
and removal (see Appendix B for details), our final cohort contains 11,736 nurse-patient-shift

observations, associated with 939 unique patients and 72 unique nurses.
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2.1. Main Outcome Measure

Our workload measures are extracted from Kronos OptiLink, a commercial healthcare workload-
management and patient-assignment system deployed by the study hospital, which is designed to
support acuity-based staffing and workload management in healthcare settings (OptiLink 2012).
This system matches patient care demand with clinical labor supply by measuring each patient’s
level-of-care intensity, compiling unit-level workload, validating staffing levels, and generating
balanced patient-to-staff assignments for review and approval. The workload intensity data are
recorded at the patient-shift level and contain two measures central to our analysis. The first is
DDClIntensity, where DDC stands for “data-driven classification”. DDClntensity is an automated,
order-based workload intensity measure derived from the weighted sum of physician orders placed
for a patient. This measure reflects the system’s data-driven assessment of the patient’s workload
intensity based on anticipated care demands implied by clinical orders, and does not necessarily
capture a complete measure of true nursing workload. Although the proprietary order weights and
classification thresholds are not observed, the approach to generate DDClntensity is consistent
throughout our study and serves as a standardized order-based benchmark. The second is PJIn-
tensity, where PJ stands for “professional judgment.” PJIntensity is entered by the staff nurse who
cares for the patient and reflects the clinical or psychosocial situation(s) that, in the nurse’s profes-
sional judgment, best describe the patient’s workload. Accordingly, in our setting, DDClIntensity
serves as a system-generated benchmark for order-based workload, whereas PJIntensity captures
the nurse’s subjective assessment of the same patient-shift workload.

Table 1 summarizes the distribution of the two intensity scores where NA denotes missing
values. Recall that both DDClIntensity and PJIntensity take on four different levels: Low (1),
Medium/Average (2), High (3), and Extreme (4). Note that 19.8% of the PJIntensity scores are
missing (None of the DDClntensity scores are missing). Excluding those missing data, among the
remaining observations, 52.9% of the patient-shifts have a PJIntensity that is higher than their
corresponding DDClntensity (PJ > DDC), while only 5.2% of the patient-shifts have a PJIntensity
that is lower than their DDClIntensity. The remaining shifts have equal PJ and DDC intensities.
For nurse n taking care of patient p in shift ¢, our main outcome variable is the difference between

the PJ and DDC intensities:
Intensity_Gap, ,, = PJIntensity, ,, — DDCIntensity, ;.

This quantity captures how the focal nurse’s perceived workload deviates from the corresponding
order-based workload benchmark for the same patient and shift. We focus on this gap, rather

than PJIntensity alone, because our research question is whether recent workload exposure — as
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measured by the workload in the most recent shift — affects nurses’ perceived burden beyond what is
explained by the current patient’s order-based workload. A high PJIntensity may simply reflect that
the patient requires intensive care, which is common in the ICU. In contrast, a higher PJIntensity
relative to DDClntensity suggests that the assignment is perceived as more burdensome than what
is captured by the system-generated benchmark. This distinction is important for patient-to-nurse
assignment decisions. While some nurses must care for high-intensity patients, managers may still
want to understand when the same order-based workload is experienced as more burdensome, as
such discrepancies may reflect fatigue and mental stress of the nurses. Thus, the gap provides an
operationally meaningful measure. As a robustness check, Appendix E.1.2 re-estimates our main

specification using PJIntensity directly as the outcome variable.

Table 1 Distribution of PJIntensity and DDClntensity Pairs

DDClIntensity 1 2 3 4 R
PJIntensity (Low) | (Average) | (High) | (Extreme) oW st
1 40 107 2 0 149
(Low) (0.34%) | (0.91%) | (0.02%) | (0.00%) | (1.27%)
2 621 2295 278 9 3203
(Average) (5.29%) | (19.56%) | (2.37%) | (0.08%) | (27.29%)
3 291 3366 1525 94 5276
(High) (2.48%) | (28.68%) | (12.99%) | (0.80%) | (44.96%)
4 ) 283 416 86 790
(Extreme) (0.04%) | (2.41%) | (3.54%) | (0.73%) | (6.73%)
NA 125 1585 555 53 2318
(Missing) (1.07%) | (13.51%) | (4.73%) | (0.45%) | (19.75%)
Column sum 1082 7636 2776 242 11736
(9.22%) | (65.06%) | (23.65%) | (2.06%) | (100%)

2.2. Treatment Variable

We are interested in how nurses’ recent workload exposure, measured by prior-shift workload,
affects the discrepancy between their perceived workload and the order-based workload. For nurse
n caring for patient p in shift ¢, our main treatment variable Rec_ZWork,, ,;, is defined as the total
DDClIntensity of patients assigned to nurse n in the nurse’s most recent prior working shift within
the previous seven days. Specifically, let P;(n) denote the set of the patients assigned to nurse n
in shift ¢, and let k,, denote the number of shifts between nurse n’s most recent prior working shift
and the focal shift. We set k,, = oo if nurse n has no prior working shift. Recent workload exposure

is then defined as

Rec.Work,, = Z DDClIntensityg i, -1 (k:n < 14), (1)

qE€P;_1,, ()
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where DDCIntensity,,—r, is the DDClIntensity of patient ¢ in shift ¢ — k,,. If the focal nurse had
no assignment over the past seven days, Rec.Work, ,; = 0. In our data, 18% of nurse-shifts involve
one assigned patient and 82% involve two patients, so the measure typically corresponds to either
one DDClntensity score or the sum of two scores. Figure 1 plots a histogram of the recent workload
exposure defined in (1). We observe that Rec_.Work mostly takes value 4 (33.7%) or 3 (22.3%).

The mean and standard deviation are 3.47 and 1.32 respectively.

o
o
o
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>
2
o 3
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o N
g

[

o

Recent workload exposure

Figure 1 Distribution of treatment Rec_Work

We make several remarks. First, in our main specification, we measure recent workload exposure
using DDClntensity because it is automatically generated from physician orders and provides a
relatively objective, system-based measure of patient care demand. This choice also avoids mechan-
ically incorporating nurses’ subjective workload assessments into the treatment variable. Since
DDClntensity may not capture all dimensions of nursing workload, Appendix E.1.1 considers alter-
native measures based on LAPS and PJIntensity. Second, we define recent workload exposure using
the nurse’s most recent prior working shift within a one-week lookback window. This truncation
reflects the idea that workload carryover is likely to be strongest shortly after a demanding shift
and may attenuate after sufficient recovery time. The one-week window therefore focuses on recent
workload exposure that is more plausibly relevant to the focal shift. In Appendix E.1.1, we test
alternative truncation windows. Relatedly, Appendix E.3.3 examines heterogeneity by rest time
and shows that the estimated effect of recent workload is larger when rest time is shorter, sug-
gesting recovery mitigates workload carryover. Third, we focus on the most recent prior working
shift because it provides a parsimonious and operationally interpretable measure of recent work-
load exposure. Aggregating over multiple prior shifts would require additional assumptions about
how workload accumulates and decays, and averaging may obscure variation when high- and low-
workload shifts offset one another. As a robustness check, Appendix E.1.1 considers multi-shift
measures, including indicators of sustained high workload over the previous two or three shifts,

and obtains results consistent with our main findings.
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2.3. Control Variables

We include a number of other variables in our empirical analysis to control for their potential
effects on Intensity_Gap. Recall that our analysis is at the nurse-patient-shift level. We group
the control variables into four categories: shift factors, patient factors at the patient record level,
patient factors at the patient-shift level, and nursing factors.

Shift factors. For shift ¢, we control for weekday versus weekend, day versus night, busyness
of the shift at the unit level, which includes the total number of admissions in the shift, the total
number of discharges in the shift, hourly averaged census, average DDClntensity scores over all the
patients in the unit. We also control for the unit-level patient-to-nurse ratio, i.e., the total number
of patients divided by the total number of nurses.

Patient factors at the patient-visit level. For patient p, we control for age, gender, insurance
(commercial, Medicaid, Medicare, and self-pay), comorbidity burden as measured by the Elixhauser
score, and whether the patient is admitted to the MICU directly from the emergency department.

Patient factors at the patient-shift level. For each patient p in shift ¢, we control for
the severity and workload intensity of the patient, including the DDClIntensity, whether the shift
is within 24 hours of the patient’s ICU admission, length of stay (LOS) in hours in the ICU
prior to shift ¢, whether the patient is discharged during the shift, and average hourly LAPS
during the shift. We also control for the relative severity of patient p, including the relative LAPS,
DDClIntensity, and Elixhauser scores, which are defined as the ratios between the patient’s average
hourly LAPS, DDClntensity, Elixhauser, and the average over all the patients in the unit during
shift ¢, respectively.

Nursing factors. For nurse n taking care of patient p in shift ¢, we control for the number of
patients assigned to nurse n in shift ¢, whether nurse n has taken care of patient p before shift ¢,
i.e., a continuity of care flag, as well as the number of shifts between nurse n’s previous working
shift and shift ¢, which we refer to as the rest time. We also include the nurse fixed effects. These
fixed effects account for the intrinsic likelihood of a nurse adjusting the PJIntensity relative to the

DDClIntensity for the assigned patients.

3. Econometric Model and Estimation Approach
Our goal is to estimate the causal effect of nurses’ recent workload exposure, as measured by
the most recent shift workload, on the discrepancy between the nurses’ perceived workload and
order-based workload, Intensity_Gap, , .. The hypothesis is that heavier recent workload exposure
causes a larger Intensity_Gap,, ,+, possibly due to stress or fatigue.

The response variable Intensity_-Gap,, ;. takes discrete ordered values. We use a linear response

model as our first main specification because it yields a directly interpretable summary of the
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average change in the reported workload-gap score associated with a one-unit increase in recent
workload (Angrist and Imbens 1995). The linear specification also provides a tractable estimation

framework for various sensitivity analyses (see, e.g., Section 5.1). Specifically, we consider
Intensity_Gap,, ,+ =0 - Rec. Work,, ,, + leﬁ + Uyt (2)

where X, ,; denotes control variables specified in Section 2.3 (including the nurse fixed effects)
and u, ,, is the unobserved determinant of the workload intensity gap. Treating ordinal outcomes
as continuous is common in empirical research, particularly when the outcome is derived from
subjective rating scales, such as cognitive burden or perceived workload (Di Tella et al. 2001, Card
et al. 2012).

We also consider another main specification that explicitly models the ordered nature of the
outcome using an ordered probit model. Specifically, we define a latent continuous variable,

Intensity_Gapy, ,,, formulated as
Intensity Gap;, ,, =0 Rec.-Worky p:+ X, , 13+ Unp.

The observed discrete response, Intensity_Gap,, ,, is then determined by the latent variable and

a set of strictly increasing unknown thresholds ki < ke <--- < Kj_; as
Intensity Gapyp,=j if k;_1 <Intensity Gap, . <k; (3)

where j € {1,2,...,J} represents the ordered discrete values the intensity gap can take, ko = —00,

kj =400, and the error term wu, ,, is assumed to follow a standard normal distribution.

3.1. Estimation Challenges

We are interested in estimating 6, which measures the impact of nurses’ recent workload exposure on
the gap between the perceived workload and the order-based workload. However, a naive estimation
of (2) or (3) via ordinary least squares (OLS) or maximum likelihood estimation (MLE) suffers
from severe biases due to several empirical challenges that arise in our data. In particular, there are
four main identification challenges: 1) missing outcome measures due to missing P JIntensity, which
may not be missing at random; 2) endogeneity due to omitted variables that are correlated with
both Intensity_Gap,, . and Rec_-Work, ,+; 3) measurement error of Rec_Work, ,: due to missing
admission shift assignment; and 4) censored responses since the workload intensity scores only
have four levels. We next describe these estimation challenges in more detail and the econometric
approaches we take to address them. To ease exposition and preserve analytical tractability, all
subsequent derivations are based on the linear response model (2). The ordered probit specification

in (3) is handled analogously.
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3.1.1. Sample Selection In our data, 19.8% of the PJIntensity scores are missing, and thus
we are unable to observe the outcome variable Intensity_Gap,, ,: for these observations. If the
PJIntensity scores are not missing at random, it may lead to estimation bias. For example, since
the PJIntensity scores are entered manually by the nurses, a nurse who has a very high perceived
workload may be too busy to report the PJIntensity, resulting in an underestimate of the true
treatment effect; alternatively, a nurse who has a low perceived workload may not bother to report
the PJIntensity, resulting in an overestimate of the true treatment effect.

We address the potential sample selection bias using the Heckman selection model (Wooldridge
2010). Let Report_P.J, ,: denote the binary variable indicating whether the PJIntensity is reported
by nurse n for patient p in shift ¢. Note that the response Intensity_-Gap,, ,+ is observable only if

Report_PJ, ,; =1. We assume a probit model for sample selection:
Report_PJ, ,+ = I(szp,toz + U pe > 0), (4)

where X, ,, denotes the control variables which is a superset of X, ¢, i.e., X,, ,; may include more
variables than X, ,,;; v, ;. is assumed to follow a standard normal distribution that is independent
of X, .+ We estimate (2) and (4) jointly, assuming u,, ,, in (2) is also independent of X,, ,;, and
Unp.ts Un pt Satisfy the condition E[u, p+|Vnpt] = YUn ¢ The Heckman selection model introduces

a correction term to account for sample selection. To see this, we first rewrite (2) as

Intensity_Gap,, .+ =0 - Rec-Work,, ,+ Xg’p’tﬁ + E[ump’t])z'nym, Report_PJ, . =1]
— E[umm])z'n,pyt, Report_PJy, i =1+ tnps
=0- Rec Work,, ;. + X;pﬁtﬁ + E[un’p’t]f(n,p,t, Report_PJ,, ,:=1]4 €, p1-

It is easy to see that Ele, | X, ., Report_PJ, ,, = 1] =0. We also have

Eltn pt| X pi, Report_PJ, ,, = 1]

= E[E[ty p.¢| X pss Report _PJy ps = 1,0, )| X pe, Report _P.J,, , = 1]
= B[E[tnps|Vnpi]| X pts Report_PJy s = 1] = YE[vy p.i| X ps, Report_PJ, ., = 1]
=VE[vnp,t|Vnp > _Xnm,to‘] = 'Y)\(Xnyp,ta)-
where the last step follows from the independence between v, ,,, and X, ,; and A\(-) = ¢(-)/®(") is
the inverse Mills ratio; ¢ and ® are the probability density function and cumulative distribution

function of the standard normal distribution, respectively. As a result, we obtain the following

reduced-form model of Intensity_Gap,, ,, when Report_PJ, ,,=1:

Intensity-Gapy . =0 Rec.-Work, ,.+ X, , 8+ )\(f(;’p’ta) +enpit- (5)
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3.1.2. Endogeneity Like many observational studies, our estimation can suffer from omitted
variable bias. In particular, there can be unobserved variables that are correlated with both nurses’
recent workload and their perceived workload. Even though we control for nursing fixed effects,
time-varying personal factors may still influence both a nurse’s recent workload and their perceived
workload. For example, personal challenges, such as managing cancer treatment for oneself or
a family member, may lead nursing managers to assign a lower workload over multiple shifts,
while the nurse may still perceive a higher workload burden due to the stress of these external
factors which may last for a couple of weeks/shifts. In this case, the unobservable (nurse’s personal
challenges), captured in u, , ¢, is negatively correlated with Rec_Work,, ,, but positively correlated
with Intensity_Gap,, .+, resulting in an underestimate for the true treatment effect. Alternatively,
if there are temporal patterns that correlate with busy MICU shifts, and nursing managers may
proactively reduce workload in earlier shifts for nurses scheduled during these times, the true
effect of recent workload on perceived workload may be underestimated. More broadly, if some
managers informally attempt to balance workload across shifts, despite this not being an official
(or standard) practice in our study hospital, our estimates may be biased downward. In particular,
while we control for order-based workload in our analysis, such load-balancing efforts may reduce
nurses’ actual workload in ways not fully captured by observed measures and instead reflected in
unobservable components.

To address the endogeneity issue, we apply the instrumental variable (IV) strategy (Wooldridge
2010). A valid IV in our case must be correlated with Rec_.Work,, ,,, i.e., the relevance condition;
but has no direct effect on Intensity_-Gap, p, other than through its effect on Rec_Work, ,,, i.e.,
the exclusion restriction. The IVs we propose are the average workload, measured by DDClIntensity
and LAPS respectively, at the unit level, excluding the focal patient, in one shift prior to the focal
nurse’s last assignment/working shift. For example, consider the triple (n,p,t). Suppose the last
assignment shift of nurse n prior to shift ¢ is shift ¢ — k,. Let P,_x,_1 denote the set of patients

who were in the ICU in shift ¢ — k,, — 1. Then, the two IVs can be expressed as:

1
Avg_Last_DDC,, ,; = m Z DDClIntensity; 1k, -1, (6)
==t AN WPH e p, 07\ )
Avg_Last_LAPS ! > LAPS (7)
vg_Last_ npt =T itk —1-
I PPt \ (P} B

1€P g, —1\{p}
See Figure 2 for a pictorial illustration of the treatment and IVs. There, circles represent patients
and squares represent nurses.

When the unit is busy with high workload intensity patients in shift ¢ — k,, — 1, nurse n is more

likely to experience a higher workload in shift t — k,,, i.e., the relevance condition is likely to hold.
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IV: averaged recent workload exposure

severity score :
® last assignment

; oo /’_m focal nurse
focal patient excluded @ .—- \ 4
\_// .
one shift last assignment focal shift
prior shift

Figure 2 Calculation of IVs and the treatment variable

Conversely, since we exclude the focal patient p when calculating the IVs and nurse n did not work
in shift t — k, — 1 (no nurse works in two consecutive shifts in our data), the IVs are unlikely to
affect the workload intensity for patient p in shift ¢, other than through its effect on Rec_Work,, , .,
i.e., the exclusion restriction is also likely to be satisfied. Thus, our proposed IVs are valid.

Combining the IV mechanism with the Heckman selection, our final model becomes

Intensity_Gap,, ,+ =0 - Rec. Work,, ,: + X;pytﬁ + - /\(XTypytoz) +enpts

Rec_ Worky, ,+ = X;mé + Enpits (8)
Report_PJ, ,+ = l(leyta +Unpe >0).

In this equation system, covariate X,, ,, contains all variables in Section 2.3. For the covariate X, ,,,
it contains X, ,, IVs: Avg_Last_DDC,, ,, Avg_Last_LAPS,, , ., and Careful_Nurse;, which is
defined as the number of “careful” nurses working in shift ¢. A nurse is referred to as being careful
if less than 20% of their assignments’ PJIntensity is missing over the study period. The necessity of
introducing this variable is explained later. In the treatment equation, the covariate X,, ,, includes
X pt, the two IVs, and the inverse Mills ratio )\(XJ ».:@). A two-stage least-square estimation with
robust standard error clustered by nurses will be used to estimate 6.

We make a few remarks on the specification of (8). First, all exogenous variables in X, , ; appear
in the selection equation X, ,,. We believe that these nurse, patient, and shift level factors are
likely to impact both the selection and the outcome variable, Intesity_Gap, .. An added ben-
efit is that by making the covariates in X’W,’t a superset of the covariates in X, ,;, we do not
need to make additional assumptions on the excluded variables to ensure the exclusion restric-
tion on the reduced form equations is satisfied. Second, in theory, Xn,p,t can be the same as
(Xnpt, Avg_Last_DDC,, ,;, Avg_Last_LAPS,, , ;). The identifiability holds due to the nonlinearity

of the inverse Mills ratio. However, \(X,] ,&) can sometimes be approximated well by a linear com-

bination of X, ,,. In this case, setting X,, ,, = (X, 1, Avg_Last_DDC,, ,,, Avg_Last_LAPS,, )
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can lead to a multi-collinearity issue, which is known as “variance inflation” (Chapter 19.6 of
Wooldridge (2010)). Thus, we introduce the variable Care ful_Nurse; to ensure numerical stability.
In particular, we hypothesize that the presence of more meticulous nurses in a shift may positively
influence their colleagues, reducing the likelihood of others forgetting to report their PJIntensity
scores. As a result, the overall missing rate for PJIntensity in that shift may be lower. On the other
hand, the number of careful nurses is unlikely to be correlated with P.JIntensity, .

While we can verify the relevance condition of our IVs with data, directly testing the exclusion
restriction is challenging. In Section 5.1, we conduct sensitivity analyses by introducing a hypo-
thetical unobserved confounder correlated with both the IVs and the outcome, stress-testing its
potential to invalidate our conclusions. Our analysis suggests that a moderate violation of the
exclusion restriction is unlikely to alter our results. In Appendix C, we provide more data evidence

from the perspective of nurse working patterns to support the validity of our I'Vs.

3.1.3. Measurement Error The treatment variable Rec_.Work, ,,, which is defined as the
sum of DDClntensity scores of patients assigned to the focal nurse in their last working shift, may
incur a measurement error due to the high rate of missing assignment information for patients newly
admitted during a shift. In particular, consider the triple (p,n,t), when calculating Rec_Work,, , ¢,
which corresponds to nurse n’s workload in shift ¢ — k,,, we exclude patients who are admitted in
shift t — k,, due to a large amount of missing assignment information for these patients. As such,
the observed recent workload may be an underestimate of the nurse’s true recent workload if nurse
n is assigned one of the newly admitted patients in shift ¢t — k,,.

Let Rec_.Work?*

.t denote the true recent workload, including both non-admission and admission

patients assigned to nurse n in shift ¢ — k,,. The measurement error is therefore ARec_-Work,, ,; =

Rec_Work:

ot — RecWork,, , ;. As formally shown in Appendix D, this unobserved component can

bias the estimated treatment effect. The direction of the bias depends on how the missing workload
is correlated with our IVs. If the IVs are negatively correlated with the missing workload, the
estimator tends to understate the true treatment effect; if the correlation is positive, the estimator
may overstate it.

To gauge the impact of this measurement error and ensure it does not drive our results, we con-
duct sensitivity analyses using alternative imputation schemes for missing admission-shift assign-
ments. The idea is to create different levels of correlation between IV, ,, and ARec_-Work, ;..
Specifically, we design three imputation mechanisms to impute the missing admission-shift assign-
ments such that IV, ,, and ARec_Work,,. are positively, negatively, and not correlated, and
then re-estimated the model with the adjusted treatment variable. The estimation results for this
sensitivity analysis are reported in Section 5.2. The details of data imputation mechanisms are

provided in Appendix D.



16 Author: The Effect of Workload Carryover on Nurses’ Perceived Workload

3.1.4. Censored Response For the linear response model, an additional empirical challenge
is that the outcome variable Intensity_Gap may be censored since the workload intensity scores can
only take four different levels. For example, when a patient’s DDClntensity is 4, the nurse cannot
report a PJIntensity above 4. As a result, the observed workload gap is mechanically capped at
zero, even if the nurse experiences a level of burden that exceeds what is reflected by the maximum
reported PJIntensity category.

This censoring can introduce bias in the estimated treatment effect. However, in our setting,
the direction of the bias works against our main hypothesis. As shown formally in Appendix
D, the censoring error is negatively correlated with the IV-induced variation in recent workload.
Consequently, censoring tends to attenuate the estimated effect of recent workload on the workload
gap. We therefore do not explicitly correct for this censoring in the main specification. Instead, the
main estimate should be interpreted as conservative: if we find a positive effect of recent workload
on the observed, censored workload gap, the corresponding effect on the latent uncensored workload

gap is likely to be at least as large.

3.2. Estimation Approach

For the linear response model (2), we address endogeneity and sample selection by combining
instrumental variables with a Heckman selection correction and estimating 6 using the two-step
procedure in Wooldridge (2010). Measurement error and outcome censoring are more difficult to
incorporate directly without imposing additional strong assumptions. We therefore assess their
potential impact through sensitivity analyses rather than model them explicitly in the main spec-
ification. These analyses show that while these issues are valid limitations, they do not appear to
drive our results.

For the ordered probit model (3), we use a parallel strategy that accounts for both sample selec-
tion and endogeneity through a control-function approach. We first estimate the selection equation
(4) using a probit model to obtain the inverse Mills ratio X(X,L,p,ta). We then regress Rec_Work,, ,
on the exogenous controls )v(n’p,t, including the IVs, and obtain the first-stage residualé,, ,, =
Rec_Work, ,; — Rec/,-ﬂﬁ)rkn’p’t. Both the inverse Mills ratio and the first-stage residual are then
included as additional controls in the ordered probit model, which we estimate by MLE.

In our primary specifications, standard errors are clustered at the nurse level to allow for within-
nurse dependence arising from unobserved characteristics such as stress tolerance or reporting
tendencies. Because our models already control for a rich set of patient- and shift-level characteris-
tics, nurse-level clustering is a natural baseline choice. Appendix E reports robustness checks using

more conservative multi-way clustering specifications.
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4. Main Estimation Results
We present the estimation results of the linear response and ordered probit models here. In both
cases, the treatment effects are positive and statistically significant with similar magnitude, demon-

strating the recent workload indeed has a positive causal impact on nurses’ perceived workload.

4.1. Estimation Results of Linear Response Model
Table 2 summarizes the estimation results of the treatment effect based on our main model (8). The
full table of regression results are reported in Appendix A. We also provide the estimation results
without the Heckman selection part, i.e., using IVs only (IVs-only) on non-missing data, and
direct estimation of (2) using OLS (OLS) without considering endogeneity and sample selection.
We observe from the main model estimation that a higher recent workload exposure is asso-
ciated with a higher deviation of the nurse’s perceived workload from the order-based workload.
In particular, one level of increase in recent workload is associated with a 0.273 level increase in
Intensity_Gap. Given the ordered nature of Intensity_Gap, we interpret this coefficient primarily
as a linear average treatment effect: a one-unit increase in recent workload exposure shifts the
nurse’s professional-judgment assessment upward relative to the order-based benchmark by 0.273
categories on average. It provides a summary of the direction and average magnitude of the effect
rather than a precise cardinal measure of workload burden. Across different model specifications,
we note that the estimated treatment effects are quite similar in magnitude for the main and
IVs-only models. When comparing the main and IVs-only models to OLS, we note that direct
estimation of (2) leads to an underestimation of the treatment effect due to the endogeneity of
Rec_Work. This supports one of the potential endogeneity mechanisms discussed in Section 3.1.2.
As shown in Table 2, the first-stage results further support the relevance of our instrumental
variables. In the treatment equation, the coefficients on the IVs are positive and statistically sig-
nificant in both the main and IVs-only specifications. We also note that in the main model, the
coefficient for the inverse Mills ratio is not significantly different from zero at the 0.1 level. This
suggests that, after accounting for observed covariates, sample selection does not appear to be a

major source of bias in this setting.

4.2. Estimation Results of Ordered Probit Model
Table 2 presents the estimation results for the ordered probit specification. Mirroring the structure
of our previous analysis, we compare the full ordered probit model (main model), which accounts for
both endogeneity and sample selection, with an IVs-only specification (ignoring sample selection)
and a naive ordered probit model.

Consistent with the findings from the linear response model, the coefficient for the most recent

shift workload is positive and statistically significant. In the ordered probit model, this positive
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Table 2 Treatment Effect Estimation: Comparison across Models and Specifications

Linear Response Ordered Probit
Main IVs-Only OLS Main IVs-Only Naive MLE
Rec_Work 0.273** 0.294*** -0.010* 0.595*** 0.643*** -0.024
(0.060)  (0.064) (0.005) (0.167) (0.156) (0.102)
Last_Avg_DDC 0.563***  0.587*** —  0.563***  0.587*** —
(0.075)  (0.085) (0.075)  (0.085)
Last_Avg_LAPS 0.692***  0.651*** —  0.692"* 0.651*** —
(0.015)  (0.169) (0.015)  (0.169)
Inverse Mills Ratio  0.238 — — 0.573 — —
(0.172) (0.555)
Observations 11,736 9,427 9,427 11,736 9,427 9,427

Standard errors in parentheses.

*p<0.05, **p<0.01, ***p<0.001.

coefficient indicates that a heavier recent workload systematically increases the latent workload per-
ception, which then increases the probability of it falling into a higher category of Intensity_Gap.
The estimated effect remains positive and significant in the IVs-only specification. By contrast,
the naive ordered probit estimate is close to zero and statistically insignificant, suggesting that
failing to instrument for recent workload substantially attenuates the estimated effect. The simi-
larity between the main and IVs-only estimates, together with the lack of statistical significance
of the selection correlation parameter in the main model, suggests that the estimated effect is not
materially affected by sample selection.

Beyond the point estimates, the ordered probit model provides a granular decomposition of
how the recent workload shifts the entire distribution of perceived deviations. By calculating the
marginal effect of the recent shift’s workload, we find that a one-unit increase of Rec_Work reduces
the probability of reporting a zero Intensity_Gap by 11.97 percentage points and the probability
of a negative Intensity_ Gap by 4.05 percentage points (combining levels -2 and -1). Meanwhile,
the probability of perceiving a positive gap increases substantially, with the likelihood of a Level-1
gap rising by 11.43 percentage points and a Level-2 gap by 4.51 percentage points. Aggregating
these category-specific marginal effects, the implied change in the expected perceived workload
deviation is approximately 0.249. This magnitude is close to the estimate from the linear response
model, 0.273. This alignment validates our core hypothesis that a heavier recent workload causally

inflates a nurse’s current perceived workload deviation.

5. Additional Estimation Analysis
In this section, we conduct several sensitivity analyses to assess the consistency and reliability

of our estimation results, with particular attention to endogeneity and measurement error. We
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focus on these two estimation challenges because 1) we do not find evidence that selection bias
significantly impacts our results and 2) our discussion in Section 3.1.4 suggests that the estimates
in Table 2 are conservative when the outcome variable is censored.

We also conduct additional robustness checks along several additional dimensions, as reported
in Appendix E. There, we first consider alternative model specifications, including different con-
structions of the treatment variable and outcome variable, alternative sets of control variables, and
different approaches to calculating clustered standard errors. Second, we examine the robustness of
our findings to alternative data selection procedures, i.e., study populations. Third, we investigate
potential heterogeneous treatment effects along several clinically relevant dimensions, including
patient workload intensity, nurse experience, and nurses’ resting time. Overall, these analyses show

that our main findings remain stable.

5.1. Sensitivity Analysis on the Validity of the IVs

As discussed in Section 3.1.2, it is in general hard to verify the exclusion restriction for the IVs. The
main concern is that there can be unobserved patient or nurse characteristics that are correlated
with both the instruments and the outcome. For example, when the MICU is busy with a lot of
high-acuity patients, the nursing manager may tend to schedule more experienced nurses; these
nurses may also be less likely to report a higher clinically perceived workload than the order-
based workload because their experience has provided them the skills to navigate these high-stress
shifts. Alternatively, the more experienced nurses may be more likely to report a higher clinically
perceived workload as their experience provide them with a better assessment of the workload. In
addition, when the MICU is busy, the hospital may be more selective in terms of who to admit to
the ICU, i.e., they may tend to reserve the ICU beds for the more severe patients. Severe patients
are also more likely to be associated with a higher perceived workload. In this section, we conduct
a sensitivity analysis of the IVs regarding the exclusion restriction.

For a linear response model, IV sensitivity analysis are well-developed and extensively applied
in empirical research. Consequently, we focus the IV sensitivity analysis exclusively on our linear
specification. Following Baiocchi et al. (2014), suppose there exists an unobserved confounder
Cnp,t With mean zero and variance one that is correlated with the outcome Intensity Gap,, .
and the IVs, i.e., Avg_Last_DDC, ,, and Avg_Last_LAPS,, , ., but is uncorrelated with the other

measurable covariates X, , ;. We assume a linear model for this relation:
Intensity Gap, =0 Rec. Work,, ,; + X,INB +- /\(X,Ima) +YVChpt + Enpis o)
Copt =61+ Avg_Last_DDC,, ,+ + & - Avg_Last_LAPS,, , + + Wy p ¢,
where the noise terms e, ,; and w,,, satisfy

Eley p.t| X0 p,i: Report_PJ,, ,, =1, Avg_Last_DDC,, ,, ;, Avg_Last_LAPS,, ,;] =0,
Elwn pt| Xn pt, Report_PJ, ,+ =1, Avg_Last_DDC,, , ;, Avg_Last_LAPS,, ,;] = 0.
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Note that ¥, &, and &, are sensitivity parameters, where 1) measures the effect of a one standard
deviation increase in the unobserved confounder on Intensity_-Gap,, , ¢, and &, &, measure the effect
of one unit of increase in the IVs on the unobserved confounder respectively. Under this model, if we
can control for ¢, Avg_Last_DDC and Avg_Last_LAPS would be valid IVs. Thus, in the sensitivity
analysis, we treat Intensity_Gap, ,: — (V& - Avg_Last_DDC,, , + & - Avg_Last_LAPS,, ,.) as
the modified outcome variable and apply 2SLS to estimate 6. In particular, the outcome equation

takes the form

Intensity_Gap,, ,+ — (V&1 - Avg_Last_DDC,, ,, s + & - Avg_Last_LAPS,, ;)

=0-RecWork, ,+ szp,tﬁ +- )\()N(Tp,ta) + (enpt + VW pt),

n)

where (€, ¢ +%wy ,.¢) has mean zero conditional on controls X, ,;, A(X,] , @), Avg_Last_DDC,, , ,
Avg_Last_LAPS,, ., and Report_PJ, ,, = 1. We estimate the model with different values of 1, &,
and & to determine the parameter regimes where the estimate of 6 is a) positive and statistically
significant at the 5% level, b) negative and statistically significant at the 5% level, or ¢) statistically
not significantly different than 0 at the 5% level. If the regime where a) holds is large, we are more
confident that our estimate for 6 is reasonably robust against the potential violation of exclusion
restriction for the IVs.

Figure 3 summarizes the results of our sensitivity analysis. For this analysis, we standardize all
the control variables (i.e., subtract the mean and normalized by the standard deviation accord-
ingly) to ensure that the coefficients are comparable. In the first row of Figure 3, we set & =
—0.08,0,0.1, where —0.08 and 0.1 correspond to the minimal and maximal coefficients respectively
when regressing the control variables X against Avg_Last_DDC, and vary the values of & and
1. In the second row of Figure 3, we set &, = —0.12,0,0.08, where —0.12 and 0.08 correspond to
the minimal and maximal coefficients respectively when regressing the control variables X against
Avg_Last_LAPS, and vary the values of & and 1. The white region depicts the area where the
estimate for # is positive and statistically significant at the 5% level. The grey region is where the
estimate for € is statistically not different than 0, and the black region is where the estimate for
0 is negative and statistically significant. To construct Figure 3, we need to run 6 x 60? different
regressions (with different values of &, &, and ). In this case, using the bootstrap method to
calculate the robust standard errors clustered by nurses is computationally prohibitive given our
computational resources. To address this, we use a conservative approximation of the robust stan-
dard errors instead. In particular, we first calculate the standard non-clustered standard errors,
and then multiply these standard errors by a factor of 20. The value 20 is the largest ratio between
the robust standard error and the standard non-clustered standard error we see in all the other

estimations we run in Section 4 and Sections 5.2 — E.1; the average was 8.2. Note that such a
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conservative approximation of the robust standard errors could make the gray region a bit larger
than its actual size, and it could also make the white region smaller than its actual size.

We observe in Figure 3 that the white region is quite large. The dots in the plot correspond to the
(&1,1)-values (in the first row) or (€2,)-values (in the second row) for all observed covariates. Note
that most of the dots are in the white region, suggesting that in order for there to be an unobserved
confounder that would explain away our result, the effect size of this unobserved confounder would
have to be much larger than those of most of the observed covariates. The only dot that falls into
the grey region is the dot corresponding to DDClntensity in Figures 3 (a) and (d). DDClntensity
is known to be highly correlated with the outcome, and it is quite unlikely that the unobserved

confounder has as large an effect on the outcome as DDClntensity.

-06 -04 -02 00 02 04 06 -06 -04 -02 00 02 04 06 -06 -04 -02 00 02 04 06

&1 &1 &1

(d) &, =-0.12 (e) &2=0 (f) &2 =0.08
Figure 3 Sensitivity analysis for the validity of 1Vs: 1 is the impact of unobserved confounder { on the
outcome; & and & are the sensitivity parameters of IVs Avg_Last_DDC and Avg_Last_LAPS on (; and the dots

denote corresponding coefficients of the observed covariates.

5.2. Sensitivity Analysis for Measurement Errors
In this section, we conduct a sensitivity analysis with respect to the measurement error induced
by missing admission-patient assignments. As discussed in Section 3.1.3, in the linear response

model, the direction of the estimation bias depends on the correlation between the measurement
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error and the IVs. To examine this issue, we consider the three imputation schemes introduced in
Section 3.1.3. The first scheme imputes assignments to induce a positive correlation between the
IVs and ARec_Work,,: (Positive Cor); the second induces a negative correlation between them
(Negative Cor); and the third uses random assignment (No Cor). We then re-estimate the model
using the imputed true recent workload Rec Work;, , defined in (13).

Under the Positive Cor scheme, the estimated coefficient of Rec_ Work;, ,, is 0.218 with standard
error 0.057; under the No Cor scheme, the coefficient is 0.259 with standard error 0.069; and under
the Negative Cor scheme, the coefficient is 0.315 with standard error 0.088. All three estimates are
statistically significant at the 0.001 level, based on 11,736 observations. The pattern is consistent
with our analytical discussion. When the IVs and ARec_Work, ,: are positively correlated, the
estimated treatment effect becomes smaller, suggesting that ignoring this type of measurement
error would overestimate the treatment effect. Conversely, when the IVs and ARec_.Work,, ;. are
negatively correlated, the estimated treatment effect becomes larger, suggesting that ignoring this
type of measurement error would underestimate the treatment effect. Importantly, across all three
imputation schemes, the estimated effects remain close to the main estimate of 0.273 and pre-
serve the same positive and statistically significant direction. These results suggest that our main
conclusion is not driven by measurement error in the recent workload variable.

Additionally, while deriving the directional analysis for estimation bias is analytically intractable
under the non-linear ordered probit specification, we leverage the theoretical insights established
in the linear framework to design some stress tests. Specifically, we apply the same three missing-
data imputation schemes to re-estimate the ordered probit model. By mechanically inducing these
extreme correlation structures between the IVs and the measurement error, we can empirically eval-
uate the stability of the treatment effect. Consistent with the linear model’s behavior, we observe
the exact same directional pattern in the ordered probit estimates. The coefficient for Rec_.Work*
is 0.454 (standard error is 0.119, average treatment effect is 0.226) under the Positive Cor scheme,
increases to 0.542 (standard error is 0.150, average treatment effect is 0.245) under the No Cor
scheme, and reaches its largest magnitude at 0.691 (standard error is 0.198, average treatment
effect is 0.289) under the Negative Cor scheme. All estimates remain statistically significant at
0.001 level. Such observations are aligned with the linear response model case, thereby ensuring
that our core empirical conclusions remain robust even when the discrete nature of the response

variable is explicitly modeled.

6. Simulation Analysis: Patient-to-Nurse Assignment Policy
Our empirical analysis reveals that the recent workload exposure increases nurses’ perceived work-

load relative to the order-based benchmark. Because psychological strain is a primary driver of
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nursing burnout and compromised patient safety, it is desirable to reduce the perceived workload.
Motivated by this, we explore how hospitals can proactively leverage assignment history when

making assignment decisions to achieve better workload management.

6.1. Perception-Aware Assignment Optimization

We first develop a perception-aware assignment optimization that dynamically assigns patients
with a goal of reducing total perceived workload. Specifically, our policy myopically solves a linear
integer program for each shift t. Let N; denote the set of nurses who work in shift ¢ and P, denote

the set of patients in the MICU in shift ¢t. Then, the integer program takes the form

min Z Z Predict_PJ, p1- T py

ne€Ny peP;
s.t. Z Ty pt - DDCIntensity, <5,Vn € Ny, Z T pt = Patient_Num, ;,Vn € Ny, (10)
pEly pEP;
Z wn7p7t = 17Vp S Pt7 x"ypyt (= {07 1}
neN

where Predict_PJ, , . is the expectation of predicted PJIntensity of assigning patient p to nurse n

in shift ¢ (explained in more details below), and x,, ,,; is the binary decision variable, with z,, ,;, =1
indicating patient p is assigned to nurse n in shift ¢ and 0 otherwise. The first constraint requires
that the sum of DDClntensity of patients assigned to a nurse can not exceed 5. For example, we
cannot assign two patients with DDClIntensity> 3 to the same nurse in a shift. We impose this
constraint to avoid assigning too heavy a workload to a nurse in a shift. The second constraint
requires that we maintain the same number of patients assigned to nurse n in shift ¢ as in the
data (Patient_Num,,,; denotes the number of patients assigned to nurse n in shift ¢ according to
raw data). We impose this constraint to make the comparison with the status quo conservative:
the algorithm can only improve assignments by reallocating patients across nurses, while holding
fixed each nurse’s patient count as observed in the data. The third constraint requires that each
patient be assigned to exactly one nurse. For patients who are assigned to more than one nurse
in the data, we maintain the same nursing assignment for them and do not include them in the
optimization problem, i.e., we only shuffle the patient-to-nurse assignment for patients who are
originally assigned to one nurse. In addition to constraints listed in (10), more practical constraints
can be easily accommodated to our framework, as we will discuss later.

Recall PJIntensity, ,: = DDCIntensity,, + Intensity_Gap,, .. Since the set of patients in a
shift is fixed, the total order-based workload does not depend on how patients are matched to
nurses. Therefore, minimizing total predicted perceived workload is equivalent to minimizing the
predicted perception gap. The framework can also accommodate alternative objectives, such as

threshold or convex penalties that place greater weight on extreme perceived workload.
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To implement the counterfactual assignment policies, we proceed shift by shift. The observed
data policy, which corresponds to the patient-to-nurse assignments recorded in the hospital data,
serves as the status quo benchmark. In each counterfactual policy, we hold fixed the set of patients,
the set of working nurses, and the number of patients assigned to each nurse in every shift. The
policy only changes which nurse is assigned to which patient among the feasible assignments.

A practical challenge is that the fitted empirical model cannot be used mechanically for real-time
assignment. Some covariates, such as current-shift LAPS, are unavailable when assignments are
made. The continuity of care indicator may be affected by the assignment itself, but its coefficient
does not have a clear causal interpretation. Nurse fixed effects may also create undesirable allocation
incentives. We therefore distinguish between the score used to construct assignments and the score
used to evaluate counterfactual outcomes. For assignment construction, unavailable covariates are
replaced with their values from the previous shift, continuity of care indicator without the clear
causal interpretation is set to unit-level averages, and nurse fixed effects are replaced by a common
reference value. After assignments are generated, we evaluate them using a richer information set,
including realized patient acuity and nurse fixed effects. For continuity of care, we continue to use
the average values. This separation ensures that the assignment rule is implementable and does
not exploit noncausal or potentially unfair predictors, while the evaluation uses the best available

information to approximate the realized perceived workload under each policy.

6.2. Policy Analysis
To evaluate the value of perceived-workload prediction, we compare our policy with the observed

assignments and two DDClntensity-based benchmarks. Let W,,, =>" _, DDCIntensity, ;- ,

PEP;
denote nurse n’s current-shift order-based workload. Because nurses may be assigned different
numbers of patients, both benchmarks balance workload within groups of nurses with the same
patient count.

The current-only benchmark minimizes ), > Wit — Wikl, where W, is the average

neNt,k ‘
current-shift workload among nurses who are assigned k patients. The history-aware benchmark
instead balances B,, ; = W,, ; + Rec_Work, ;, where Rec_W ork, , is nurse n’s total assigned DDCIn-
tensity in the most recent prior working shift, corresponding to the main treatment variable used

in our empirical analysis. In particular, this benchmark minimizes ), > | B+ — By.i|, where

nENy
B, ;. is the average among nurses who are assigned k patients in the current shift. Note that this pol-
icy accounts for recent objective workload history, but only through a simple additive adjustment
rather than through the estimated empirical model.

Next, we consider a set of complementary metrics that capture both subjective perceived work-

load and objective workload allocation fairness.
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Table 3 Comparison of Assignment Policies on Perceived Workload Metrics

Metric data policy current-only history-aware perception-aware
Level-3 predicted PJ 67.2% 66.9% 66.6% 65.8%
Level-4 predicted PJ 7.3% 6.9% 7.4% 6.5%
Tail excess above Level 3 0.071 0.070 0.074 0.066
Nurse-shift Level-4 exposure 10.8% 11.1% 11.5% 10.4%

6.2.1. Effectiveness in Reducing Total Perceived Workload We evaluate the impact of
the proposed assignment policy on the upper tail of predicted perceived workload. First, we report
the number of nurse-patient-shift observations with predicted perceived workload at Level 3 or
Level 4, which captures the frequency of high and extremely high predicted perceived workload.
Second, we compute the average tail-excess perceived workload above Level 3, defined as the mean
of (Predict_PJ, ,, —3)+ across all nurse-patient-shift observations. Third, we evaluate extreme
exposure at the nurse-shift level, defined as the fraction of nurse-shifts in which a nurse is assigned
at least one patient with predicted perceived workload at Level 4 or above. The comparison of
these metrics under our perception-aware assignment policy versus the three benchmark policies
is reported in Table 3.

We observe from Table 3 that the perception-aware policy performs best across all four perceived-
workload metrics. Relative to the observed assignments, it reduces the share of Level-4 pre-
dicted PJ from 7.3% to 6.5%, an 11% relative reduction, and also improves the Level-3 rate, tail
excess above Level 3, and nurse-shift Level-4 exposure. The two DDC-based benchmarks produce
mixed results: they improve some perceived-workload measures but worsen others, particularly
in the extreme upper tail. This comparison highlights the incremental value of incorporating the
perceived-workload prediction model into the assignment optimization. While the history-aware
benchmark also accounts for prior assignments, it does so through a simple additive measure of
current and prior workload. In contrast, our proposed policy combines these and other assignment
characteristics according to estimated weights, providing a more refined measure of assignment

burden.

6.2.2. Fairness in Assignment Allocation A natural concern is that reducing predicted
perceived workload could come at the expense of objective-workload fairness. Because our policy
incorporates recent workload history, it may promote temporal balancing, but this is not guaran-
teed. We therefore audit objective workload fairness at both the nurse-shift and the nurse levels.

Nurse-Shift Level Analysis: Let W7, =5 DDCIntensity,, denote the total objective

pEP:{,t

workload assigned to nurse n in shift ¢ under assignment policy 7. Table 4 shows that the perception-

aware policy improves nurse-shift level fairness metrics relative to the observed assignments. The
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Table 4 Comparison of Assignment Policies on Nurse-Shift-Level Fairness Metrics

Metric data policy current-only history-aware perception-aware
Avg. spread of W, ; 3.362 2.813 2.803 3.088
High workload outlier rate  2.93% 0.42% 0.17% 0.12%
Top 10% workload share 15.1% 14.4% 14.8% 14.2%
Top 20% workload share 29.3% 27.2% 28.5% 28.5%

Table 5 Comparison of Assignment Policies on Nurse-Level Fairness Metrics

Metric data policy current-only history-aware perception-aware
Mean |A, | 0.076 0.050 0.046 0.058
SD of A, 0.092 0.068 0.079 0.072
90th pct. |A,| 0.145 0.112 0.086 0.107
Max-min spread of A, 0.416 0.382 0.500 0.372

average within-shift workload spread, max,cy, W, — min,cn, W, falls from 3.362 to 3.088. The
fraction of nurse-shift observations whose objective workload exceeds the mean by more than two
standard deviations (high workload outlier rate) decreases from 2.93% to 0.12%. When nurse-shift
observations are ranked by total objective workload Wy ,, the share of total workload carried by
the top 10% decreases from 15.1% to 14.3%. Similarly, the top 20% share decreases from 29.3%
to 28.5%. Although the DDC-based benchmarks directly optimize objective-workload balance, the
perception-aware policy achieves broadly comparable fairness improvements.

Nurse Level Analysis: At the nurse level, raw average workload may confound assignment
imbalance with differences in patient counts. We therefore residualize each nurse’s workload rel-
ative to nurses in the same shift with the same patient count. Specifically, define AT =1/|S,]|-
D ies, (Wj;t - ng‘ Pn,t|>’ where S, is the collection of shifts where nurse n works, Wtﬂ P, is the
average workload among comparable nurses (nurses who are assigned |P, ;| patients) in shift t.
We summarize the distribution of AT using its mean absolute value, standard deviation, 90th per-
centile of |AT|, and max-min spread. As shown in Table 5, the perception-aware policy achieves
broadly comparable nurse-level fairness to the two DDC-balancing benchmarks and improves all
four metrics relative to the observed assignments in data.

Above all, the fairness audit shows that the proposed perception-aware policy reduces exposure to
high predicted perceived workload without worsening the fairness of objective workload allocation.

In fact, this policy improves several objective workload balance metrics at both the nurse-shift and

nurse levels.

6.3. Discussion: Implementation Considerations
We interpret above counterfactual analysis as a decision-support exercise rather than a replacement

for charge-nurse judgment. Actual assignments may depend on various clinical and operational
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Table 6 Comparison of Assignment Policies
Policy Perceived workload Nurse-shift fairness Nurse-level fairness
Proportion of Level-4 PJ Avg. spread of W, ; Mean |A,|
data policy 7.3% 3.362 0.0752
unconstrained 6.5% 3.088 0.0587
random 30% nurses fixed 6.8% 3.154 0.0634
top 30% severe patients fixed 6.9% 3.230 0.0672

considerations not fully observed in our data, including nurse competencies, bed proximity, isolation
requirements, and continuity of care. However, these factors can be incorporated as additional hard
or soft constraints in the optimization easily. To assess robustness to such restrictions, we consider
two constrained variants: one fixes the observed assignments of a random 30% of nurses, and the
other fixes the assignments of the 30% highest-workload patients. As expected, these constraints
reduce the achievable improvement, but the results remain directionally consistent. The comparison
of different policies is reported in Table 6.

Another concern is strategic reporting in order to avoid burdensome assignment. Our design
mitigates this risk because the assignment score excludes nurse fixed effects and uses objective
order-based recent workload rather than nurses’ past subjective reports. Thus, self-reported work-
load does not directly feed back into future assignments. Nevertheless, prospective implementation
should monitor reporting behavior over time and periodically recalibrate the prediction model to
guard against unintended behavioral responses.

Finally, our simulation modifies patient-to-nurse assignments within each shift while holding the
set of working nurses fixed. It therefore does not alter nurse schedules, consecutive-shift patterns,
night-shift sequences, or rest times. This design isolates the effect of patient assignment decisions
and ensures that the counterfactual policy does not introduce additional scheduling-related risks.
At the same time, it also limits the scope of the analysis. Integrating patient assignment with

staffing and scheduling decisions is an important direction for future research.

7. Concluding Remarks

In this work, we study workload carryover in nursing assignments. Using patient—nurse—shift level
data from a medical ICU, we quantify how a nurse’s recent order-based workload affects the
nurse’s subsequent professional-judgment assessment of patient workload relative to an automated
order-based benchmark. We find that heavier recent workload systematically increases perceived
workload relative to the benchmark, highlighting an important temporal dimension of nursing
workload that contemporaneous order-based measures may miss. We further show how this insight

can inform patient-to-nurse assignment decisions. Our perception-aware assignment policy uses the
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estimated workload-carryover mechanism to reduce exposure to high predicted perceived workload.
In retrospective simulations, the policy shifts assignments away from the upper tail of predicted
perceived workload while maintaining safeguards on objective workload allocation. The framework
is intended as a decision-support tool that helps charge nurses incorporate recent workload exposure
into assignment decisions, rather than as a replacement for clinical judgment.

Our study also has several limitations. First, the empirical setting is a single medical ICU,
and the magnitude of workload carryover may differ across hospitals, units, and nursing special-
ties. Second, DDClntensity and PJIntensity are operational measures generated within a commer-
cial workload-management system; because the underlying DDC weighting rules are proprietary
and implementation-specific, we interpret DDClntensity as an automated order-based benchmark
rather than as a complete measure of true nursing workload. Third, although we control for a rich
set of patient, shift, and nurse characteristics, the gap between PJIntensity and DDClIntensity may
also reflect unobserved clinical complexity or non-order-driven care demands. Relatedly, our anal-
ysis does not directly quantify how workload misalignment affects downstream outcomes such as
nurse burnout, job dissatisfaction, turnover, or patient safety. These outcomes are important, but
they are realized over longer horizons and cannot be reliably linked to specific patient—nurse—shift
assignments in our data. Our findings should therefore be interpreted as evidence on a proximal
assignment-level workload outcome. Future research could combine workload-misalignment mea-
sures with longitudinal nurse and patient outcomes to study these downstream consequences.

Finally, our simulation holds staffing levels and nurse schedules fixed. This means that our
counterfactual assignment policy changes patient-to-nurse matching within a shift, but does not
change consecutive workdays, night-shift sequences, or rest times. Identifying the causal effects
of such scheduling patterns would require a separate empirical strategy because schedules are
themselves endogenous and may depend on nurse characteristics, staffing needs, and unit-level
demand. Future research could integrate workload carryover into joint staffing, scheduling, and
assignment models that explicitly account for rest time, consecutive workdays, cumulative fatigue,

and nurse-level workload fairness.
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Appendix A: Full Estimation Results of Main Models

Table 7

Full Estimation Results: Comparison of Linear Response and Ordered Probit Models

Linear Response Model

Ordered Probit Model

Variable name Coefficient Std. Error  Coefficient Std. Error
Recent workload exposure 0.2726*** 0.060 0.5952*** 0.1677
Day shift indicator 0.0297 0.0996 0.0576 0.2245
Weekday indicator —0.0447* 0.0219 —0.1040* 0.0488
Elixhauser comorbidity score 0.0028 0.0023 0.0055 0.0051
Average hourly LAPS 0.0024 0.0013 0.0052 0.0031
Current order-based workload intensity —0.9933*** 0.0830 —2.1957*** 0.1947
Patient discharged during current shift —0.1457*** 0.0344 —-0.3107*** 0.0756
ICU length of stay before shift, in hours —0.000180**  0.000057 —0.000412**  0.000127
First 24 hours in ICU indicator 0.1893*** 0.0451 0.4199*** 0.1007
Patient age —0.0034*** 0.0008  —0.0076*** 0.0017
Male patient indicator 0.0915*** 0.0157 0.2032*** 0.0341
Admitted from emergency department —0.0862*** 0.0195 —0.1884*** 0.0429
Number of admissions during shift 0.0201* 0.0079 0.0445* 0.0174
Number of discharges during shift —0.0183** 0.0070 —0.0394* 0.0154
Average unit census during shift 0.0120 0.0106 0.0293 0.0244
Average patient-to-nurse ratio —0.0483 0.0627 —0.1221 0.1420
Relative DDC intensity 0.4179** 0.1423 0.8815** 0.3216
Relative Elixhauser score —0.1575* 0.0669 —0.3278* 0.1500
Relative LAPS —0.0973 0.1008 —0.2114 0.2282
Number of patients assigned to nurse —0.4876** 0.0466  —1.0970*** 0.1073
Continuity-of-care indicator 0.0436* 0.0205 0.0965* 0.0454
Rest time since prior working shift 0.0237*** 0.0066 0.0516*** 0.0148
Insurance: Medicaid —0.0029 0.0209 —0.0109 0.0469
Insurance: Medicare 0.0033 0.0215 0.0047 0.0483
Insurance: self-pay or none 0.2036* 0.0809 0.5355** 0.1815
Inverse Mills ratio 0.2382 0.1726 0.5736 0.5549

Notes: Nurse fixed effects are included but not reported. *p < 0.05, **p < 0.01, ***p < 0.001.

Appendix B: Details of Data Cleaning Procedure

In this study, we combine data from multiple sources: patient-flow data, hospitalization data, LAPS data,
OptLink assignment data, OptLink intensity data, and nurse staffing data. To process the data, we first
correct erroneous records by cross-checking different data sources. When inconsistency arises, we use the
majority-vote rule to correct the records. Then we impute some missing non-admission shift assignment data
leveraging the nurse staffing data. For this part, there are 83 patient-shifts belonging to 62 shifts that do
not have the nurse assignment information. By checking the staffing data, we find that in 33 of the 62 shifts,
there is only a single patient missing the nurse assignment information and a single “idle” nurse, i.e., a nurse
who is working in that shift according to the staffing data but does not have an assignment recorded in
the assignment data. For these 33 shifts, we match the idle nurse and the patient who does not have an
assignment. In 16 of the 62 shifts, there is a single patient missing nurse assignment information but more

than one idle nurse. For these 16 shifts, we match all the idle nurses with the patient that does not have
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an assigned nurse. Lastly, in 13 of the 62 shifts, there is no idle nurse. For these shifts, we randomly pick a
nurse among those who have only one patient assigned and match the nurse with the patient that does not
have an assigned nurse.

All shifts in January and December are excluded due to missing data: some information for patients
admitted before January 2018 or discharged after December 2018 is missing. Thus, our final cohort for
analysis is from Feb 1, 2018 to Nov 30, 2018. We further exclude all patient-shifts that correspond to the
admission shifts of the patients (1,079 observations) due to a large amount of missing assignment information.
(28.7% of the patients do not have the nurse assignment information during the shift at which they are
admitted to the MICU.) However, we do include the admitted patients in the calculation of the unit census.
We also control for the number of admissions in each shift in our regression analysis. Lastly, we conduct
sensitivity analysis by including the imputed admission shift assignments (see Section 5.2). We exclude 94
observations associated with four shifts that have a large amount of missing assignment information. Next,
we exclude 454 observations associated with 32 unique patients whose patient-level information like LAPS or
Elixhauser scores are missing. These observations are included in the unit census calculation though. Lastly,
we classify a nurse as “primary” versus “non-primary” based on whether the nurse worked for more than
30 shifts during the study period (30 corresponds to the lower 5% percentile). The “non-primary” nurses,
which includes all the agency nurses (each of whom works for at most 13 shifts during the study period),
may primarily work at other units rather than the MICU, and thus we may not be able to measure their
recent workload exposure accurately. Based on this classification rule, our data contains 72 primary nurses
and 77 non-primary nurses. The primary nurses worked on average 112 shifts during the study period. We
exclude 700 observations that are associated with the 77 non-primary nurses. Again, these observations are
included in the unit census calculation. In addition, we exclude 273 observations in the first week of the
study period since the recent workload cannot be accurately evaluated for these observations. Lastly, we
exclude 916 observations for which multiple nurses (mostly two nurses) are assigned to a single patient.
This assignment pattern is relatively rare, only 5%. The remaining patient-to-nurse assignments are either
one patient to one nurse or two patients to one nurse. This is because our analysis is at the nurse-patient-
shift level, while workload intensity scores are measured at the patient-shift level. When multiple nurses are
assigned to a single patient, we can not determine which nurse reported the clinically perceived workload.
We also run a robustness check by including these patient-shifts and duplicating the corresponding entries
so that we have the workload intensities scores measured at the nurse-patient-shift level (see Appendix E).
More details of data processing and cleaning are provided in Appendix B. Our final cohort contains 11,736
nurse-patient-shift observations, associated with 939 unique patients and 72 unique nurses. See Figure 4 for
a summary of the final cohort construction.

Table 8 also provides an overview and some summary statistics of the control variables used in our

estimation model.
Appendix C: Data Evidences to Support Validity of IVs

In this section, we take several precautions to enhance the validity of our IVs. Since we exclude the focal

patient and the focal nurse does not work in the “IV” shift, the likelihood of the IVs being correlated with



Author: The Effect of Workload Carryover on Nurses’ Perceived Workload

Flow Dataset ™|
T
Dataset
LAPS Datase! s ;
Assignment
Hospitalization Dataset
Dataset Remove erroneous records

Impute missing (non-admission) assignment
Merge
v

Figure 4 Flow chart of data cleaning procedure

Table 8  Summary statistics of control variables

Variable category | Variable | Mean/Proportion | Stdev
day shift flag 48.8%
weekday flag 71.6%
Shift factors (unit level) i(;ff il?sncﬂ}llszf;ggss 1;2 iig
census 22.36 1.14
patient-to-nurse ratio 1.58 0.125
age 57.19 17.55
gender-male 52.4%
from emergency department 35.2%
Patient factors (visit level) l?zzzizziéfﬁgii?l gz%gg
insurance: Medicare 40.9%
insurance: self-pay 0.6%
Elixhauser 30.88 15.52
average hourly LAPS 83.27 32.52
DDClntensity 2.18 0.61
average unit DDClntensity 2.32 0.56
first 24-hour flag 7.5%
Patient factors (shift level) discharge during the shift 1.82 0.68
LOS so far (hours) 186.48 225.3
relative LAPS 1.006 0.407
relative DDClntensity 1.002 0.285
relative Elixhauser 1.013 0.531
continuity of care flag 44.8%
Nursing factors rest time 4.76 5.94
# of patients assigned per nurse 1.84 0.43

the characteristics of the focal nurse or patient is reduced. However, unit-wide busyness could still pose a
concern, as a busy unit may lead the focal nurse to perceive a higher workload, and workload levels can
exhibit temporal correlation. To address this, our main model controls for unit-level busyness and the focal
patient’s relative severity compared to the shift average. In addition, the empirical correlation between the

busyness in shift ¢ — k,, — 1 and shift ¢ is only 0.172, likely due to relatively large k,’s. The average value of k,,
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is 4.75 shifts (approximately 57 hours). Very few, i.e. less than 0.5% of the nurse-patient-shift observations
have a k, less than 2 shifts (24 hours). We also note that a nurse who previously managed a high-workload
patient in shift ¢ — k,, may be more likely to be assigned to the same patient in shift ¢ for continuity of care.
Meanwhile, this familiarity may help reduce the perceived workload. To account for this, our main model
includes a continuity-of-care flag.

We also explore additional potential violations of the exclusion restriction by analyzing nurses’ working
patterns below. We rule out scenarios such as most nurses working in the focal shift having had the same
previous assignment shift, a nurse consistently working in the same type of shifts, or two nurses regularly
being assigned to the same shift.

Specifically, we report some summary statistics related to nurse working patterns. For nurse-to-patient
matching patterns, 2087 (17.8%) observations (nurse-patient-shifts) correspond to one-nurse-to-one-patient
matching; 9320 (79.47%) observations correspond to one-nurse-to-two-patients matching; and the remaining
329 (2.8%) observations correspond to one-nurse-to-three-patients matching. The number of nurses classified
into levels 1, 2, and 3 is 53 (73.6%), 5 (6.9%), and 14 (19.5%), respectively.

Figure 5 depicts the histogram of nurses’ rest times (the number of shifts between the focal shift and the
focal nurse’s last assignment shift).

For different nurses working in the same shift, there is significant heterogeneity in the timing of their last
assignment shifts. To demonstrate this, we calculate the entropy (a classic metric of variability, where a
larger value indicates less concentration and higher variability) of the distribution of nurses’ rest times for
each shift. Figure 6 shows the distribution of these entropy values. Note that most of these entropy values

are significantly greater than zero.

g &
[=] c
o (]
8 o
g o g
= w
g ©
=1 o
o o
g ™ °
w- I T T T T 1
o - e ] 05 10 15 20 25 3.0
0 5 10 15 20 25 30 entropy list
rest time
Figure 6 Histogram of the entropy of
Figure 5  Histogram of nurses’ rest time different nurses’ rest times in each shift

Figure 7 shows the histogram of the total number of shifts each nurse worked during the studied period.

Nurses work in a variety of shifts, with no nurse restricted to only day/night shifts or specific days of the
week. There are 14 different types of shifts (e.g., Monday day shift, Monday night shift, etc). We calculate
the entropy of each nurse’s working shift distribution across these 14 shifts. Figure 8 plots the histogram of
these entropy values. Note that in the extreme case where a nurse only ever worked in 3 types of shifts (on

average, a nurse worked 3 shifts per week in our data), the corresponding entropy would be log(3) ~ 1.1. We
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observe that for most nurses, the entropy is much larger than 1, indicating that nurses do not always follow

the same working schedule.
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Lastly, we examine the overlap between nurses’ working shifts. For each pair of nurses, we calculate their

overlapping rates, defined as the number of shifts they worked together divided by the total number of

working shifts for each nurse. Specifically, assume the working shift sets of nurse n; and ns be T,,, and T,,,.

The overlapping rates for nurse n; and nq are defined as r,, = |T,,, NT,,|/|T, | and 7., =|Tn, N Ty |/ | Ty -

Figure 9 shows the histogram of overlapping rates of all nurse pairs, i.e., {r,,, ., i 7 j,Vi,j € N}, where N

denotes the index set of nurses. We observe that for most pairs, the overlapping rates are quite small.
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Appendix D: More Details of Sensitivity Analysis

In this section, we provide more analysis of measurement error and censored response, including detailed

analytical derivations and some empirical verifications.
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D.1. Measurement Error Analysis

D.1.1. Analytical Insights Let Rec Work; , , denote the true recent workload of nurse n who cares
for patient p in shift ¢, which may contain the workload associated with some assigned patient(s) who
is/are admitted in the nurse’s last assignment shift, i.e., shift ¢t — k,,. Recall that Rec_Work,, ,, is the recent
workload we observe, which does not contain the workload associated with the newly admitted patients. We
define

ARecWork, , = RecWork} ,— RecWork, ;.

n,p,t

Then we have

Rec Work;,, ,, = Rec Work,, , , + ARec Work, ,
:XnT’p’t(Y +mn1 - Avg_Last_DDC,, , ,+n2 - Avg_Last_LAPS,, , , + € pt + ARec.Work,, , 4, (11)

and the outcome equation takes the form:

Intensity Gap,, ,, =0 - Rec. Work;, , , + X! B+ 'y/\(f(;pyta) + enpits

n,p,t

where the noise e, ,; has mean zero conditional on X, ,, and Report_PJ, ,.=1. By plugging (11) in the
outcome equation, we obtain

Intensity Gap, p. =X, , (B+08)+~- ANXT

n,p,t

«) +0n, - Avg_Last_DDC,, ,,
+0ny - Avg_Last_LAPS,, ,;+ (enp:+0c,,:) +0 - ARec Work, , ;.
To simplify the discussion, we assume that there is only a single IV, which is denoted as IV, ,, ;, and the IV
is positively correlated with Rec_-Work, , ., i.e, the IV has coefficient 81 with 7 > 0 in the outcome equation.

(Xn,pyt,)\()zfpyta)) is negligible, i.e.,

n

We further assume that the effect of covariates 7, ,, , :=

Intensity-Gap, p, = Bo+0n-IV, ,.+0-ARecWork, ,; + (enpi +0€n 1)

In this case, when using 2SLS to estimate the treatment effect, the estimator 6 converges to
Cov(IV, ptr€npi+0€, . |Report_PJ, ,, =1)
nVar(IV, ,.|Report_PJ, ,.=1)
Cov(IV,, 1, ARec_Work,, , | Report_PJ, , = 1)
nVar(IV, ,.|Report_PJ, ,.=1) '

We next show that the second term in (12) is equal to zero. First, Cov(IV,, , ;,€n p.c|Report_PJ, ,, =1)=0

0+

+0

(12)

because by assumption, IV, , . is independent with ¢, ,, .. In addition,

Cov(IVy 1, €0p,c|Report_PJ, , . =1)
=E[IV, p:€npi|Report_ PJ, , . =1]— E[IV, ,|Report_PJ, ,.=1]- Ele, p.|Report_PJ, ,: =1]
=E[IV, ps- (Unpe— E[unyp,t|)~(n7p,t, Report_P.J, ,.=1])|Report_PJ, ,=1]
=E[IV, 1 tnpi|Report P, . =1] = E[E[IV, p+ - tn pt| X0 pss Report_PJ,, ., = 1]|Report_PJ, , , = 1]

=0, because IV, ,, is contained in X, , ;.

Then, we incur an estimation bias of

0. Cov(IV,, p+, ARec-Work, , .| Report_PJ, ,,=1)
nVar(IV, ,.|Report_PJ, ,.=1) ’
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which is the third term in (12)

It is easy to see that when IV, ,, and ARec_Work, , . are negatively correlated, we underestimate the
treatment effect. Otherwise, we overestimate the treatment effect. When considering the effect of other covari-
ates Z, .+, the above rationale should still hold by considering the residuals of IV, ,, ; and Admin_-Work, , .

regressed on Z, , ; respectively.

D.1.2. Details of Imputation Algorithm Let ¢/ =¢— k, denote nurse n’s last assignment shift prior

*

to shift . We first impute the missing admission assignments in shift ¢ and then calculate Rec Work;, , ,

based on the full assignment information for nurse n in shift ¢'. Recall that Py (n) is the set of non-admission
shift patients that nurse n is taking care of in shift ¢’. Define the non-admission assignment workload in
shift ¢ as

Non_Admin Work,, ., = Z DDCIntensity, ..

p/EPt/ (n)

Note that Rec_-Work, ,, = Non_Admin_Work, , .. When imputing the missing admission assignments in
shift ¢/, we assume a nurse can be assigned at most one newly admitted patient. In the first scheme, we try
to match an admission-shift patient with a higher DDClIntensity with a nurse with a higher non-admission
assignment workload. This creates a positive correlation between IV, , ; and ARec_Work,, ;.. In the second
scheme, we try to match an admission-shift patient with a higher DDClntensity with a nurse with a lower
non-admission assignment workload. In the third scheme, we randomly match the admission-shift patients
with nurses.

After imputing the missing admission assignments, let AP,/ (n) denote the set of admission patients assigned
to nurse n in shift ¢’ (note that AP, (n) contains at most one patient). Then, we can calculate the true recent
workload exposure Rec.Work;, ,, as the sum of DDClIntensity scores of all patients assigned to nurse n in
shift ¢, i.e.,

Rec Work?  , = > DDClIntensity,, s, -1(k, < 14). (13)

n,p,;t T
qEPy_,, (N)UAP;_,, (n)

Algorithm 1 illustrates the missing admission shift assignment imputation mechanism details.
D.2. Censored Response Analysis
D.2.1. Analytical Insights Suppose we can remove the cap at 4 and the floor at 1 and let
PJIntensity;, ,, be true PJIntensity a nurse wants to report. Thus, the true workload gap can be represented
as Intensity Gap;, ,, = PJIntensity, ,, — DDClIntensity, ,, and the censored workload gap becomes
Intensity Gap,, ,, =60 Rec Work, ,, . + XnT‘p’tﬁ + W)\(X;pytoz) +enpi

Rec.Work,, ,+ = X,Ip,t(S +mn1 - Avg_Last_DDC,, , , +n2 - Avg_Last_LAPS,, , , + € p.t

Intensity Gap,, ,,, = C(PJIntensity, ) — DDCIntensity, ;.
where the censoring operator C is defined as C(z)=1-(x <1)+2-1(1<x<4)+4-(x>4). Let AGap,, ,, =
Intensity_Gap, . — Intensity_Gapj, , ., which is the gap between the censored response and true response.
Then,

Intensity Gap, . =0 - Rec Work, ,. + X, 5+ 'y)\(X,Ip,ta) +enpt +AGAD, p 1
=X

n,p,t

(B+66)+~- )\(X;p’ta) +6n, - Avg_Last_-DDC,, ,, ;
+0ny - Avg_Last_LAPS,, , ;+ (enpi +02,,:) + AGap,, ..
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Algorithm 1 Pseudo-code of missing admission assignment imputation strategy
for shift ' =1,2,---T do

Find AMP;, the set of admission patients in shift £ who do not have the nurse assignment
information. Sort AMPy in the decreasing order of DDCIntensity, .

Let N AN, denote the set of nurses working in shift ¢ who do not have an admission assign-
ment. Calculate their current non-admission assignment workload, i.e., Non_Admin_-Work,,
for all n e NANy. Sort N AN in the decreasing order of Non_Admin_-Work,, ,.

while AMP, is not empty do

if Want to achieve a positive correlation then
Match the first patient in AMP, with the first nurse in N AN .
else if Want to achieve a negative correlation then
Match first patient in AMP, with the last nurse in N AN 4.
else
Match the first patient in AMP, with a randomly selected nurse from N AN .
end if
Remove the matched patient from AMP, and remove the matched nurse from N AN .
end while

end for

where the noise terms satisfy
Elenp:+ 020 p.0|Zn piy Avg-Last_DDC,, , ,, Avg_Last_LAPS,, , ;, Report_PJ, ,,=1] =0,

and Z,, . = (Xo .t )\(X;’pytoz)). To simplify the discussion, we assume there is only one IV, which is denoted
as IV, ,. with corresponding coefficient 67 for n > 0 (i.e., the IV is positively correlated with Rec.-Work,, ,.),
and the effect of the covariates Z, , ; is negligible. Similar to the analysis in Section 3.1.3, when using 2SLS
to estimate the treatment effect, the estimator 6 converges to

Cov(IV,, ,.,AGap, ,.|Report_PJ, ,.=1)

6+0
* nVar(IV, ,|Report_PJ, ,,=1)

Note that C(z) — x is a monotonically decreasing function of z. Since IV, ,. is positively correlated
with Rec_Work, ,;, which is hypothesized to have a positive impact on PJIntensity; , ,, we have
Cov(IV,, .+, AGap,, , +|Report_PJ, , = 1) < 0. This implies that the censored response leads to an underes-
timation of the treatment effect. As such, we do not explicitly correct for this potential bias, but note that
it may result in conservative estimates of the true treatment effect. In particular, if we find a positive and
significant effect of Rec_Work,, ,, on Intensity_Gap,, , ., this implies the true treatment effect is positive

and significant, possibly with an even larger effect size.
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Appendix E: Robustness Check and Heterogeneity Analysis
E.1. Alternative Model Specifications

In this section, we consider several alternative model specifications to further verify the robustness of our
estimation results. The primary objective is to validate the qualitative consistency and directional stability
of our main conclusions across various empirical settings. Since the previous analysis already demonstrates
a strong qualitative and quantitative alignment between the linear response model and the ordered probit
model, we conduct subsequent analysis exclusively within the linear framework. This ensures computational
tractability and allows for a straightforward interpretation of coefficients across various specifications, while

sufficiently capturing the underlying directional effects.

E.1.1. Alternative Recent Workload Measures In our main model, Rec. Work,, ,, is defined as
the sum of the DDClIntensity scores among all the patients assigned to the focal nurse in the nurse’s last
assignment shift. In our primary analysis, we treat this as a continuous variables. However, as shown in Figure
1, our recent workload is distributed across 10 discrete levels (0-9). Ideally, one might treat each discrete level
as a separate indicator variable. However, in a standard IV framework, identifying these indicators would
require a correspondingly rich set of IVs. Because our identification strategy uses only two IVs, we address
this concern by implementing a binary treatment model as a robustness check. Specifically, we bifurcate
the recent workload into high and low categories using a median split (threshold = 4). We then re-estimate
our baseline model using this binary treatment while maintaining sample selection and IV framework. The
estimated treatment effect remains positive and highly significant (point estimate is 0.653, SE is 0.182,
p < 0.01), which confirms that our findings are not an artifact of the continuous assumption of treatment.
It reflects a robust workload memory effect where transitioning from a normal workload to a high-intensity
workload significantly amplifies the nurse’s subsequent perceived burden.

In addition to a DDClntensity-based recent workload measure, we also consider three alternative measures
of the recent workload:

1. Adjusted Mazximum DDClIntensity Score. We calculate the maximum DDClntensity score among all
patients assigned to the nurse during their last assignment shift and add one point if the nurse was assigned
two patients. For example, if nurse n was assigned two patients with DDCltensity scores 2 and 3 in their
last assignment shift, the adjusted maximum DDClntensity score is max{2,3} +1=4.

2. Sum of Average LAPS Scores. LAPS is updated hourly and is a measure of patient severity. We first
calculate the LAPS at the patient-shift level by averaging the hourly LAPS. We then take the sum of average
LAPS scores among all the patients assigned to the focal nurse in the nurse’s last assignment shift. Note
that a more severe patient is in general associated with a heavier workload.

3. Sum of PJIntensity Scores. We calculate the sum of PJIntensity scores among all the patients assigned
to the focal nurse in the nurse’s last assignment shift. Recall that around 20% of PJIntensity scores are
missing in our dataset. We exclude any nurse-patient-shift whose last assignment shift involves missing
PJIntensity (We still include observations where only the outcome is missing and use the Heckman selection
model to estimate the treatment effect.). Note that this exclusion might introduce bias if PJIntensity is not

missing at random. For example, if PJIntensity is more likely to be missing when the nurses are busy, and a
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heavier recent workload is associated with a larger workload intensity gap (e.g., due to a larger “burn-out”
effect), then we may underestimate the size of the treatment effect. However, since the inverse Mills ratio
does not have a significant effect in our main model, we expect the sample selection bias to be small.

Table 9 summarizes the estimation results using the three alternative treatment variables. We also include
the treatment effect in the main model (i.e., the “sum of DDC” column) to facilitate comparison. We observe
that in all cases, the recent workload has a statistically significant positive effect on Intensity_Gap,, ;.. The
coefficient in the “sum of LAPS” column is smaller, because the LAPS scores (mean 83.3 and standard
deviation 32.5) are in general much larger than the DDClntensity scores (mean 2.2 and standard deviation
0.61). When considering the effect of a one-standard-deviation increase of the treatment variable, we observe

more comparable treatment effect sizes as demonstrated in the “standardized effect” row in the table.

Table 9 Estimation with Alternative Recent Workload Exposure Measures

Treatment Specification
Sum of DDC Adjusted Max DDC Sum of LAPS Sum of PJ

Kk k Kk >k *kkk *kkk

Rec_Work 0.273 0.321 0.008 0.296
(0.060) (0.159) (0.003) (0.080)

Standardized Effect 0.359 0.299 0.503 0.459
Observations 11736 11736 11736 8326

standard error in parentheses
"p<0.05 Tp<001, p<0.001

Standardized effect denotes the change of outcome when the treatment increases by one unit of standard

deviation.

To ensure our model captures temporally relevant workload memory, we implement a look-back truncation
window size when constructing Rec_Work. Our primary specification uses a one-week truncation window,
which effectively filters out assignments separated by more than seven days of absence. To verify that our
results are not sensitive to this specific choice of cutoff, we re-estimate the model using two-week and three-
week truncation window size. Moreover, for the vast majority of our sample (> 96%), these different windows
lead to identical Rec_Work values because nurses typically have at least one assignment every seven days.
Expanding the truncation window reduces the zero-Rec_W ork proportion from 3.9% to 0.3%.

As shown in Table 10, the estimated treatment effects remain consistent across the three specifications (the
sample sizes in the three columns are slightly different because we have to remove the first one/two/three
weeks of data respectively to properly measure Rec_-Work). A statistical test for the difference between the
most extreme estimates (one-week vs. three-week) yields a p-value of approximately 0.70, indicating that the
variations between these coeflicients are not statistically significant. The slight, non-significant downward
shift in the point estimates as the window size increases likely reflects the inclusion of additional recent

workload data points. As the truncation boundary expands, the cumulative workload variable incorporates
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shifts from more distant periods, which may naturally modulate the average perceived impact per unit of
workload compared to the most immediate assignments. Ultimately, the high degree of stability in both the
magnitude and significance of these estimates demonstrates that our primary conclusion is not sensitive to

the specific choice of the truncation window size.

Table 10 Estimation with Different Truncation Window Size when Calculating Rec_Work

Truncation Window Size

One week Two weeks Three weeks

Rec_Work* 0.273""  0.252" 0.2417"
(0.060)  (0.063) (0.059)

Observations 11736 11434 11144

standard error in parentheses
p<0.05, p<0.01, p<0.001

Lastly, in our main specifications, recent workload is characterized using the objective workload of a nurse’s
single most recent shift. While this captures immediate spillover effects, it may not fully encapsulate the
dynamic nature of cumulative fatigue over time. To more comprehensively address this and capture long-
term workload memory, we construct alternative recent workload measures that incorporate information
from multiple recent shifts. We define a binary treatment variable to evaluate the impact of sustained high
workload. Specifically, for the K-recent-shift specification (K = 2,3), this binary variable equals one if the
nurse’s order-based workload exceeds the high-workload threshold (defined as the median of the variable,
which is 4) in each of the nurse’s K most recent working shifts before the focal shift, and equals zero
otherwise. This variable indicates whether a nurse experienced a consistently high objective workload across
their multiple consecutive assignments. We then re-estimate our primary model using this binary treatment,
maintaining a similar IV strategy as before. We find that the effect of sustained recent workload on the
perceived workload gap remains positive and statistically significant for both the two-recent-shift specification
(point estimate is 0.745, SE is 0.234, p < 0.01, marginal effect is 0.256) and the three-recent-shift specification
(point estimate is 0.964, SE is 0.320, p < 0.01, marginal effect is 0.212). These consistent results imply that
the misalignment between perceived and objective workload is not merely a short-term reaction to the single
past shift, but rather a genuine consequence of cumulative, sustained fatigue built up over consecutive high-
stress assignments. Nevertheless, a more granular investigation into the decay dynamics of this cumulative

impact—specifically how it dissipates over subsequent rest periods—is left for future research.

E.1.2. Alternative Outcome Variables Our main outcome variable is the gap between perceived
workload and order-based workload. This gap is well aligned with our research question. However, one may
also be interested in whether recent workload exposure affects the level of perceived workload itself. To
address this question, we re-estimate our model using PJIntensity directly as the dependent variable. The

coefficient for recent workload remains positive and statistically significant (point estimate is 0.272, SE is
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0.070, p < 0.01). This estimate is very close to the corresponding estimate when Intensity_Gap is used as the
dependent variable. The similarity is expected because our main specification already controls for the focal
patient’s current DDClntensity and other patient- and shift-level acuity measures. Thus, using the gap as
the outcome can be viewed as a transparent way to residualize perceived workload relative to the order-based

benchmark, while using PJIntensity directly provides a complementary clinical interpretation.

E.1.3. Alternative Control Variables To ensure our estimates are not sensitive to omitted variables
or restrictive functional form assumptions regarding our covariates, we re-estimate our model using two
alternative control strategies to address the following concerns.

First, a potential concern is the treatment of the ordinal objective workload D DCIntensity as a continuous
variable, which inherently imposes a strict linear functional form assumption. To address this, we replace
the current continuous DDC Intensity with a set of discrete indicator variables. Under this specification,
the coefficient for recent workload remains positive and statistically significant (point estimate is 0.273, SE
is 0.073, p < 0.01), which is same as the main analysis. This alleviates the concerns regarding the functional
form of control variable DDC Intensity, demonstrating that our baseline estimates are reliable.

Second, another concern is that the estimated effect of recent workload merely captures a nurse’s time-
invariant reporting habit or a persistent emotional baseline (e.g., a baseline tendency to complain or over-
report stress), rather than the actual carry-over of past true workload. Although this issue can be partially
controlled by including nurse fixed effect, to further isolate the impact of recent objective workload from such
intrinsic reporting tendencies, we introduce the nurse’s perceived workload from their most recent shift as
an additional control variable. The rationale is that if a nurse possesses an intrinsic tendency to overreport
fatigue, this disposition should be largely captured by their prior subjective report. By controlling for this
lagged perception, we effectively absorb the time-invariant reporting bias. However, an empirical challenge
in implementing this specification is the presence of missing PJIntensity data, meaning this covariate is
not universally available. For simplicity, we estimate this specific regression restricted to the subsample of
observations where this covariate is well-defined. Even with this stringent control, the effect of recent work-
load remains positive and statistically significant point estimate is 0.295, SE is 0.085, p < 0.01, reinforcing

the robustness of our empirical conclusions.

E.1.4. Alternative Standard Error Calculation Lastly, we evaluate the robustness of our statistical
inferences by employing alternative clustering strategies to account for potential multi-dimensional depen-
dencies in the error structure. While our primary analysis clusters standard errors at nurse level to address
serial correlation, we further implement several two-way clustering via bootstrap to calculate the standard
erTor.

First, we consider a two-way clustering strategy at both the nurse and week-of-year levels. Given that
our study only covers a one-year period, we utilize the weekly rather than the monthly dimension to satisfy
the asymptotic cluster size requirement. This specification accounts for shared environmental shocks such
as seasonal patient surges or unit-wide operational changes that may simultaneously affect all nurses within
the same week. Comparing to the one-way clustering standard error reported in the first column of Table 2,

the two-way standard error here is 0.095, maintaining a similar magnitude.
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In addition, we implement a two-way clustering strategy at both the nurse and shift levels. This specifica-
tion directly addresses the concern that observations may be correlated not only within nurses over time, but
also within the same shift. Such within-shift dependence may arise because nurses sometimes help patients
who are not formally assigned to them, and because shared unit-level conditions in a shift may simultaneously
affect multiple nurse-patient observations. Therefore, clustering by both nurse and shift allows arbitrary
correlation among observations from the same nurse and among observations from the same shift. In this
case, the two-way clustered standard error is 0.088, again very close to that in main table.

Lastly, we implement two-way clustering at the nurse and patient level. This test guards against the
possibility that unobserved patient-level idiosyncrasies (e.g., behavioral complexity or unmeasured clinical
instability) might induce correlated psychological strain among different nurses who treat the same patient.
We find that the standard errors in this case is 0.062, almost same as the main result. This suggests that
our comprehensive set of patient-acuity controls (e.g., LAPS and Elixhauser scores) effectively captures
idiosyncratic patient-level heterogeneity, leaving little residual correlation within patient clusters.

Overall, our estimated treatment effect remains positive and statistically significant under these conser-
vative multi-way clustering specifications. Such a persistence underscores that the workload memory effect
is a robust psychological phenomenon, rather than an artifact of unobserved temporal or individual-level

correlations.

E.2. Alternative Data Population

In our main model estimation, we exclude 7% data where more than one nurses are assigned to a single
patient during a shift. We next run a sensitivity analysis by including these patient-shifts. Since our analysis
is at the nurse-patient-shift levels, we duplicate these patient-shifts so we have a copy for each nurse-patient-
shift. For example, suppose nurse n; and ny are assigned to patient p in shift ¢, we create two observations
corresponding to tuples (ni,p,t) and (ng,p,t). The final cohort has 12510 observations and the estimated
treatment effect is 0.285 (standard error: 0.081), which is very similar to 0.273 in our main model estimation.

We also conduct a robustness check by only including the nurse-patient-shifts with DDClntensity equals 2
or 3, which accounts for 90% of the observations. This subpopulation is less likely to incur censored responses.
In this case, the estimated treatment effect is 0.290 (standard error: 0.056), which is again very similar to

0.273 in our main model estimation.

E.3. Heterogeneous Treatment Effect

In this section, we examine potential variations in the treatment effect by focusing on three distinct aspects:

patient workload intensities, nurses’ experience, and rest time between shifts.

E.3.1. Heterogeneity in patient workload intensities We divide the observations into two subsets:
high versus low-intensity patients. We define a focal nurse-patient-shift as high-intensity if its DDClntensity is
larger than or equal to 3, which according to the Optilink manual indicates a ‘High’ or ‘Extreme’ order-based
workload; otherwise, the nurse-patient-shift is low-intensity. Then, we estimate the impact of recent workload
exposure on the gap between the PJIntensity and DDClntensity scores for the high and low-intensity groups

separately.
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For the low-intensity group, the estimated treatment effect is 0.278 (standard error: 0.081); for the high-
intensity group, the estimated treatment effect is 0.425 (standard error: 0.072). Our analysis in Section 3.1.4
shows that censored responses can lead to an underestimation of the true treatment effect. We anticipate this
censoring bias to be more pronounced for the high-intensity patient group. This is because when DDClIn-
tensity is 4, nurses are unable to report a higher PJIntensity than the DDClntensity. The combination of
the censoring bias and the estimated treatment effects suggests that the impact of recent workload is likely
to be larger for the high-intensity group. This is likely because multiple shifts of high workload would lead
to more stress and fatigue, which in turn increases the intensity gap. Consequently, it becomes even more

crucial to balance the nursing workload over time.

E.3.2. Heterogeneity in nurses’ experience We consider two proxies for the nurses’ experience: one
is based on the level in the nurse’s title; the other is based on the number of shifts the nurse worked during
the study period.

Our data record the title of each nurse as registered nurse level 1, 2, or 3, where a higher level indicates
a higher qualification and seniority. Among the 72 nurses in our data, 53, 5, and 14 nurses belong to levels
1, 2, and 3, respectively. We combine levels 2 and 3 as one group and consider two nurse groups. There are
8958 (76.5%) observations belonging to the level 1 group and 2778 (23.5%) observations belonging to the
levels 2 & 3 group.

For the second grouping, we divide the nurses into two groups based on the number of shifts they worked
during the study period. Nurses who have worked 120 shifts or more — equivalent to an average of three
shifts per week — are considered more experienced, under the assumption that greater exposure to the
MICU environment enhances familiarity and expertise. Among the 72 nurses, 43 worked less than 120 shifts,
accounting for 5489 (46.7%) observations (nurse-patient-shifts). The remaining 29 nurses worked more than
120 shifts, accounting for 6247 (53.3%) observations.

We estimate the impact of recent workload on the gap between the PJIntensity and DDClntensity for each
group separately. The estimation results are summarized in Table 11. We observe that the treatment effects
are positive and statistically significant at the 5% significance level for all groups except the levels 2 & 3 nurse
group. For levels 2 & 3 nurse group, even though the estimated effect size, 0.228, is similar in magnitude to
our main model estimation, the standard error is high, making the estimated effect statistically insignificant.
This may be due to the small sample size for this group. We also observe the estimated treatment effects for
the more experienced nurse group tend to be lower than those of the less experienced nurse group (although
none of the differences are statistically significant). This suggests that more experience may enable nurses

to better handle the workload and thus, be less impacted by high recent workload.

E.3.3. Heterogeneity in nurses’ rest time To examine the heterogeneity in nurses’ rest time, we
divide the dataset into two subsets, depending on whether the focal nurse’s rest time is larger than 6 (6 shifts,
i.e., 3 days). There are 2035 (17.3%) observations for which the rest time is larger than 6. For this group, the
estimated treatment effect is 0.124 (standard error: 0.061). There are 9701 (82.7%) observations for which
the rest time is less than or equal to 6. For this group, the estimated treatment effect is 0.336 (standard

error: 0.103). For both groups, the estimated treatment effects are positive and statistically significant at the
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Table 11 Heterogeneity of Treatment Effect in Different Nurse Groups
Nurse Group
Level 1 Nurse Level 2 & 3 Nurse Less than 120 shifts More than 120 shifts
Rec_Work 0.276"" 0.228 0.442" 0.209"""
(0.089) (0.272) (0.206) (0.067)
Observations 8958 2778 5489 6247

standard error in parentheses

“p<0.05 < Tp<0.01, p<0.001
5% significance level. This demonstrates that the impact of recent workload on nurses’ perceived workload
exists in both groups. However, the effect size is larger for the group with a shorter rest time, which indicates

that a longer rest time may help alleviate the impact of recent workload.
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