
Using Cognitive Load Theory to Improve
Posthospitalization Follow-Up Visits
Elizabeth M. Harry1,2 Grace H. Shin1 Bridget A. Neville1 Stuart R. Lipsitz1 Gennady M. Gorbovitsky3

David W. Bates1,2 Jeffrey L. Schnipper1,2

1Division of General Internal Medicine and Primary Care, Brigham and
Women’s Hospital, Boston, Massachusetts, United States

2Harvard Medical School, Harvard University, Boston, Massachusetts,
United States

3Partners Healthcare Information Systems, Boston, Massachusetts,
United States

Appl Clin Inform 2019;10:610–614.

Address for correspondence Elizabeth M. Harry, MD, Division of
General Internal Medicine and Primary Care, Brigham and Women’s
Hospital, Boston, Massachusetts, United States
(e-mail: EHarry@bwh.harvard.edu).

Background and Significance

Cognitive load theory states humans have limited capacity
for information processing viaworkingmemory.1,2 As health
care complexity increases, processing each patient medical
record is nowa considerable challenge.Workingmemorycan
be overwhelmed and information can be lost, impacting
patient safety. Wasting working memory on inefficient in-
formation presentation carries high risk. Providers
experiencing high cognitive load are hypothesized to provide
poorer care for patients and be at higher risk of providing
care influenced by stereotypes and bias.3 The period after
hospital discharge is a particularly high-risk period for
patients, and studies have shown deficiencies in documen-
tation of hospitalizations, thus adding to the challenges of
providers caring for these patients.4,5 Electronic health
record (EHR) interfaces designed based on information needs
of intensive care physicians demonstrated decreased task
load, time to completion, and cognitive errors.6 Strengthen-
ing this end user-based design by applying the science of
cognitive load theory may further improve providers’ ability
to process information, reducing potential errors and
fatigue.6–9

Methods

In this randomized controlled nonclinical trial, we developed
a posthospitalization dashboard (PHD), randomized internal
medicine residents and faculty to the PHD or usual care for a
simulated standardized posthospital follow-up visit, and
collected data on performance and cognitive load. To design
the PHD, we conducted interviewswith internists to identify
key content for follow-up visits, consulted with human

factors and cognitive load specialists to design the user
interface, and prototyped the PHD for feedback and refine-
ment. Using cognitive load theory, information presentation
was optimized to minimize extraneous cognitive load due to
split attention10 (e.g., having to consult several information
sources for a comprehensive picture of the patient’s status).
We pulled information via live data services from our EHR
(Epic, Verona, Wisconsin, United States) to populate the PHD
(►Fig. 1). Due to time and budget constraints, we simulated
data extraction in a few cases where live data services were
not yet available. This study was approved by the Brigham
and Women’s human subjects research committee.

The PHD (►Fig. 1) consists of three columns. The leftmost
column consists of historical information including the team
that cared for the patient during the hospitalization, the
active hospital problems addressed, and a clear list of med-
ications that were discontinued, changed, or continued
during the hospitalization. The middle column displays
information from the hospitalization and postdischarge pe-
riod, including vital sign trends and laboratory abnormalities
that were unresolved at the time of discharge. The final
column includes documentation, including items critical for
follow-up, incidental findings, critical goals-of-care informa-
tion (including any code status change), and links to other
critical pieces of documentation, such as visit notes from
consultants and home care services. This column also
includes future appointments to help with coordinating
care over the hospital-to-home continuum. The PHD was
designed to minimize redundant information and group-
relevant information to paint a cohesive picture of the
hospital stay across information types. This was augmented
using the column format to display historical information,
data, and care coordination/follow-up items.
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Wedeveloped afictitious virtual patient with a congestive
heart failure exacerbation. The content for the hospitaliza-
tion and subsequent home health visits were included in the
simulatedmedical record and PHD. Eight elements of patient
safety risk were built into the record, each with a desired
appropriate action to be taken by the provider during the
simulated observed postdischarge follow-up visit. These risk
elements were based on expert interviews with providers
who frequently conduct posthospital follow-up visits and
were noted to bekinds of information needed for patient care
but were sometimes missing or difficult to find. The risk
elements included identifying increasing patient volume,
inadequate support at home, incidental pulmonary nodule,
missed cardiology appointment, a medication error, health
proxy documentation missing, a code status change, and
acute kidney injury. Our primary outcome was number of
appropriate actions taken (out of 8 predetermined correct
actions), based on the documentation written by each par-
ticipant and as adjudicated independently by two clinician
investigators (E.M.H., J.L.S.), both blinded to the study arm;
discrepancies were resolved by consensus and we did not
calculate interrater reliability. Our secondary outcomeswere
identification (based on direct observation by a trained
research assistant using a think-aloud protocol) and docu-
mentation of each safety risk (based on participant docu-
mentation and adjudicated by the principal investigator [E.
M.H.]); time to complete the follow-up visit; and task load.
Task load was measured using the National Aeronautics and

Space Administration Task Load Index (NASA TLX), reported
as an overall workload score from 0 to 100 based on a
weighted average of six subscales: mental demands, physical
demands, temporal demands, performance, effort, and frus-
tration which has been shown to have good reliability and
validity.11,12 Per TLX protocol, the total score is weighted
based on subjective importance to raters of each subtype of
workload. For example, frustration is evaluated using the
prompt: “How irritated, stressed, and annoyed versus con-
tent, relaxed, and complacent did you feel during the task?”
and scored on a 0 to 100 scale.

With institutional review board approval, we recruited
medical resident and primary care physician faculty at a
single academicmedical center via email, obtained informed
verbal consent, and randomized them to usual care (EHR
process alone, as is currently in use at our medical center) or
intervention (PHDþ EHR) via a random number generator
iOS app fromOctober to December of 2017. Participants who
received the PHD were briefly oriented to its features. All
clinical content in the PHD was available in the EHR. Partic-
ipants were instructed to review the hospitalization and any
postdischarge patient information, including history and
exam information from the current visit from a previsit
note given to the participant from our research assistant,
and document their findings and planned actions as a visit
note while thinking aloud. Participants in the usual care arm
were told to use the EHR just as they normallywould during a
postdischarge clinic visit, while participants in the

Fig. 1 Screenshot of posthospitalization dashboard. Data are compiled using live data services from the electronic health record (EHR) and
displayed on a screen that can be accessed from within the EHR environment. Underlined text in blue represents links to additional
documentation. Under the box labeled “Proprietary” is a report from the EHR demonstrating laboratory tests whose latest values remain
abnormal, with results and date.
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intervention arm were told to use the EHR plus the PHD.
Participants completed the cognitive load assessment on an
iPad (Apple Inc., Cupertino, California, United States) using
the NASA TLX application immediately following the simu-
lated visit. All participants received the same case from the
research assistant, unblinded to study arm.We hypothesized
a priori that performance would improve, and perceived
workload would decrease with the PHD compared with
usual care.

Data Analysis

Bivariate analyses were conducted for participant character-
istics in the two study arms. We used Fisher’s exact test for
dichotomous characteristics (sex and faculty/resident sta-
tus), and Wilcoxon rank sum exact test for continuous
characteristics (postgraduate year). Outcomes (both primary
and secondary) were all continuous (and not normally
distributed), and we compared them between arms using
Wilcoxon rank sum exact test.13 We calculated unadjusted
differences (PHD minus usual care) of medians and then
inverted the Wilcoxon rank sum test to generate 95% confi-
dence intervals (CIs). Similar analyses were performed for
the secondary outcomes. Two-sided p-values of< 0.05 were
considered statistically significant. All analyses were per-
formed using SAS software, version 9.4 (SAS Institute Inc.,
Cary, North Carolina, United States).

Using preliminary data for the study, we estimated base-
line results and the interquartile range (IQR) for median
number of appropriate actions taken. With 20 participants
per arm, using a two-sidedWilcoxon rank-sum test with a 5%
type I error, this study had 80% power to detect a 1.75
difference in the number of appropriate actions taken be-
tween arms, that is, an increase from a median of 3.0 actions
in the control arm to 4.75 actions in the intervention
(IQR 2.5).

Results

Twenty participants were in the PHD arm and 21 in the usual
care arm (out of 140 approached). There were no significant
differences in sex, resident status, or postgraduate year by
arm (►Appendix A). The results are summarized in►Table 1.
Participants using the PHD demonstrated amedian of 5.0 out
of 8 appropriate actions taken versus 3.0 out of 8 in the usual
care arm (difference in medians 2.0, 95% CI, 0.9–3.1, p<

0.001). Themedian number of issues identifiedwas 5.0 in the
PHD versus 2.0 in the usual care arm (p< 0.001). Median
weighted cognitive load was 50 (PHD) versus 63 (usual care)
out of 100, p¼ 0.02. There were no statistically significant
differences in subscales for mental demand, physical de-
mand, temporal demand, performance, or effort by arm, or in
time to complete the task. The median frustration subscale
was 3.5 (PHD) versus 8.0 (usual care), p¼ 0.04.

Table 1 Outcomes

Outcome Dashboard (n¼ 20)
Median (IQR)

Usual care (n¼ 21)
Median (IQR)

Unadjusted difference
in medians (95% CI)

p-Value

Primary outcome

Number of appropriate actions takena 5.0 (4.0–5.0) 3.0 (2.5–4.0) 2.0 (0.9, 3.1) < 0.001

Secondary outcomes

Number of safety issues identifieda 5.0 (4.0–6.0) 2.0 (2.0–3.0) 3.0 (1.8, 4.2) < 0.001

Number of safety issues documenteda 4.0 (3.0–6.0) 3.0 (2.0–4.0) 1.0 (0.2, 1.8) 0.01

Weighted cognitive loadb 50.0 (41.3–60.2) 63.3 (46.3–68.7) –13.3 (–25.0, –1.6) 0.02

Adjusted components of cognitive loadc

Mental demand 14.8 (9.7–22.3) 18.7 (12.0–21.3) –3.8 (–12.8, 5.2) 0.41

Physical demand 0.0 (0.0–0.0) 0.0 (0.0–0.0) 0.0 (0.0, 0.0) NAd

Temporal demand 9.3 (4.0–16.7) 10.0 (8.0–15.0) –0.7 (–5.4, 4.1) 0.79

Performance 5.0 (3.0–7.7) 4.0 (3.3–6.7) 1.0 (–2.8, 4.8) 0.61

Effort 10.3 (4.3–13.2) 12.0 (9.3–18.7) –1.7 (–3.8, 0.5) 0.12

Frustration 3.5 (1.0–8.3) 8.0 (3.3–17.3) –4.5 (–8.9, –0.1) 0.04

Time to complete task (minutes) 12.4 (8.5–14.6) 12.8 (9.8–16.8) –0.5 (–1.6, 0.7) 0.42

Abbreviations: CI, confidence interval; IQR, interquartile range; NASA TLX, National Aeronautics and Space Administration Task Load Index.
aOut of 8 predetermined actions: identifying increasing volume, inadequate support at home, nodule on chest X-ray, allopurinol missing on
discharge medication list, no health care proxy listed, a chance in code status, and development of acute kidney injury during hospitalization.

bUsing NASA TLX, 0–100 scale, lower score is better.
cAdjusted components: Scale is weighted based on subjective importance to raters of each subtype of workload, computed by multiplying each
rating by the weight given to that factor by that subject. The sum of the weighted ratings for each task is divided by 15 to restore the 0–100 scale for
each component, same as for the total cognitive load.
dAll observations for physical demand in the dashboard arm (and all except 3 observations in the usual care arm) had a value of zero, making
statistical testing fairly uninterpretable.
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Discussion

We found that a PHD built using cognitive load theory was
associated with an increase in the likelihood providers will
take appropriate actions in a simulated posthospitalization
follow-up visit. This improvement was seenwith no increase
in visit time, a significantly lower level of frustration and
overall perception of task load, and superior performance in
identifying and documenting patient safety risks present in
the medical record. These data suggest that this tool, in-
formed by human factors and cognitive load theories, was
able to improve information presentation, decrease extrane-
ous cognitive load, decrease provider frustration, and there-
fore decrease the likelihood that critical information was
missed.

Limitations of this proof of concept study include some
simulated data elements in the PHD not currently available
from live data sources (but available soon), the simulated
patient and visit (which decreased realism but had the
advantage of standardizing the evaluation), the relatively
small sample size, and the participants’ lack of familiarity
with the PHD (which if anything could bias the results in
favor of usual care). The relatively low participation ratemay
limit the generalizability (but not the internal validity) of the
findings. The participants could not be blinded to interven-
tion status, which could affect subjective outcomes such as
cognitive load, but the primary outcome was adjudicated by
two blinded investigators. Onemight argue that the casewas
designed to emphasize the strengths of the PHD, but there is
nothing unusual about the case or the PHD elements to
suggest that this actually occurred. Finally, a predesigned
evaluation such as this one might hide potential limitations
of the intervention; future studies should include qualitative
input from users to avoid such bias.

Health care today faces two critical challenges: informa-
tion overload and provider frustration and burnout.14,15

Using cognitive science to navigate information overload to
decrease frustration while increasing performance can im-
pact patient outcomes and provider experience. Understand-
ing cognitive science when designing information
presentation systems is critical to future health care delivery
as complexity increases. Further randomized controlled
trials with all live data and real patient interactions are
necessary to draw further conclusions.

Clinical Relevance Statement

Acknowledging cognitive limitations and designing infor-
mation presentation with these limitations in mind allows
providers to perform most optimally. Considering cognitive
load theory and consulting human factors experts when
developing information technology is important as the
amount of information providers are processing increases.

Multiple Choice Questions

1. Cognitive load theory states humans have ________capac-
ity for information processing.

a. Unlimited.
b. Limited.
c. Limited only when under stress.
d. Modifiable.

Correct Answer: The correct answer is option b. Humans
have a limited capacity for processing this information
and this capacity is known as working memory. This
capacity can be narrowed when stressed physiologically
or emotionally. Practicing memory skills does not expand
working memory, but rather enhances the capacity to
retrieve information from long-term memory, a resource
not known to have limitations, in contrast to short term
working memory.

2. Working memory is used unnecessarily by
a. Data standardization.
b. Inefficient data presentation.
c. Workflow standardization.
d. Consolidation of all critical data pieces to one easily

accessed format.

Correct Answer: The correct answer is option b. Extrane-
ous cognitive load unnecessarily uses working memory.
The three largest contributors to extraneous cognitive
load are lack of standardization, split attention, and
redundancy. Efforts to standardize workflows or data
presentation, consolidate data, and eliminate redundant
data presentation will all decrease extraneous cognitive
load and free up working memory.

Protection of Human and Animal Subjects
All human subject involvement of this study was ap-
proved by the local IRB.
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Appendix A Respondent characteristics by study arm

Dashboard Usual care Chi square, p-value Fisher's
exact, p-value

Wilcoxon's
rank sum,
p-value

Wilcoxon's
exact, p-value

Characteristic n ¼
21

n ¼
20

Gender (n, %) 0.8665 1.0000

Female 9 42.86% 10 50.00%

Male 11 52.38% 11 55.00%

Faculty versus
Resident (n, %)

0.6537 0.7557

Faculty 9 42.86% 8 40.00%

Resident 11 52.38% 13 65.00%

Years of experience
(PGY) (median, IQR)

3 2, 9 3 2, 6.50 0.843 0.8368

Min, max 1 16 1 15

Abbreviation: IQR, interquartile range.

Applied Clinical Informatics Vol. 10 No. 4/2019

Letter to the Editor614

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.

https://catalyst.nejm.org/cognitive-load-theory-implications-health-care/
https://catalyst.nejm.org/cognitive-load-theory-implications-health-care/

