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Emergency department (ED) providers are important collaborators in preventing falls for older
adults because they are often the irst health care providers to see a patient after a fall and be-
cause at-home falls are often preceded by previous ED visits. Previous work has shown that ED
referrals to falls interventions can reduce the risk of an at-home fall by 38%. Screening patients
at risk for a fall can be time-consuming and dif icult to implement in the ED setting. Machine
learning (ML) and clinical decision support (CDS) offer the potential of automating the screening
process. However, it remains unclear whether automation of screening and referrals can reduce
the risk of future falls among older patients.

Objective

The goal of this paper is to describe a research protocol for evaluating the effectiveness of an
automated screening and referral intervention. These indings will inform ongoing discussions
about the use of ML and arti icial intelligence to augment medical decision-making.

Methods

To assess the effectiveness of our program for patients receiving the falls risk intervention, our
primary analysis will be to obtain referral completion rates at 3 different EDs. We will use a
quasi-experimental design known as a sharp regression discontinuity with regard to intent-to-
treat, since the intervention is administered to patients whose risk score falls above a threshold.
A conditional logistic regression model will be built to describe 6-month fall risk at each site as a
function of the intervention, patient demographics, and risk score. The odds ratio of a return
visit for a fall and the 95% CI will be estimated by comparing those identi ied as high risk by the
ML-based CDS (ML-CDS) and those who were not but had a similar risk pro ile.

Results

The ML-CDS tool under study has been implemented at 2 of the 3 EDs in our study. As of April
2023, a total of 1326 patient encounters have been lagged for providers, and 339 unique pa-
tients have been referred to the mobility and falls clinic. To date, 15% (45/339) of patients have
scheduled an appointment with the clinic.

Conclusions

This study seeks to quantify the impact of an ML-CDS intervention on patient behavior and out-
comes. Our end-to-end data set allows for a more meaningful analysis of patient outcomes than
other studies focused on interim outcomes, and our multisite implementation plan will demon-
strate applicability to a broad population and the possibility to adapt the intervention to other
EDs and achieve similar results. Our statistical methodology, regression discontinuity design, al-
lows for causal inference from observational data and a staggered implementation strategy al-
lows for the identi ication of secular trends that could affect causal associations and allow miti-
gation as necessary.
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Introduction

Falls are highly prevalent among older adults in the United States [1,2] and are a common reason
for emergency department (ED) visits [2-4]. They often precipitate a decline in the patient’s
overall health and ability to perform activities of daily living, such as dressing, bathing, and toi-
leting [3,5]. ED providers are important collaborators in preventing at-home falls because they
are often the irst providers to see a patient after a fall (secondary prevention) [1] and because
outpatient falls are often preceded by previous ED visits (primary prevention) [6]. This phenom-
enon is especially true for patients being discharged from the ED [3].

Patients presenting to the ED are at higher risk of falls than the general population and are more
likely to face barriers that limit their access to screening and interventions available in other
health care settings [7-12]. While previous work has shown that ED referrals to falls prevention
interventions can reduce the risk of an at-home fall by 38% [13], ED-based interventions to
identify and refer high-risk older adults for falls prevention services have not been widely imple-
mented [14]. Major barriers to fall risk screening in the ED include the additional time and re-
sources necessary to perform in-person screening, but the integration of machine learning (ML)
and clinical decision support (CDS) offers the possibility of automating the screening process,
thereby making it feasible to incorporate in routine ED practice at scale without adding to
provider cognitive burden [15-19]. However, it remains unclear whether the automation of such
screening and referral systems can reduce the risk of future falls among older patients. The goal
of this paper to is describe a research protocol for a study evaluating the effectiveness of an au-
tomated screening and referral intervention, both in terms of leading to evaluations at the
Mobility and Falls Clinic and preventing future falls.

More generally, this study will provide data on the effectiveness of a model of an automated in-
tervention to identify and refer patients during an ED visit. This model of care is extensible to
many other conditions and situations in which ED patients would bene it from screening and
primary or secondary prevention services.

Methods



Setting and Patient Population

This study takes place at 3 EDs, described in Table 1, within a health system in the Midwestern
United States. All 3 EDs share an instance of the electronic health record (EHR) developed by
Epic, though system con iguration (eg, nursing low sheets and order sets) is not identical at the
3 sites.

The patient population for our study is individuals aged 65 years or older who present to partici-
pating EDs between February 22, 2022, and spring 2026, were discharged, and who had (at the
time of ED visit) a primary care provider practicing within the health system in which this study
is based. Because the ML-based CDS (ML-CDS) will be implemented in a rolling fashion at differ-
ent EDs within the system, the start date for data will vary at different study sites. Dates were
chosen to have at least two years’ worth of index ED data for each site and an additional 6
months of follow-up ED visits to identify subsequent falls.

Intervention

These patients will be evaluated by our ML algorithm, and patients at high risk for an at-home
fall within the next 6 months were lagged by our CDS when a provider documented a disposi-
tion of discharge from the ED [20,21]. The intervention, as well as training and validation of the
algorithm, are limited to this in-system patient population for 2 reasons: irst, these patients
have a more complete patient history in the EHR for the algorithm to draw on, and second, this
restriction mitigates the possibility that access to care or insurance coverage network would be
a barrier to patients being seen in the falls clinic.

The study intervention applies automation to harness existing data resources and information
systems both to estimate risk at the patient level and to facilitate referral among high-risk pa-
tients. This risk estimate drives a CDS tool that presents a referral recommendation to the physi-
cian within the ED work low. This selective application of automation is aligned with human fac-
tors principles [21-24] and allows busy clinicians to improve patient care without interruption
to existing work lows.

To support efforts by ED providers to prevent falls among older adults, our team has developed
an ML-based CDS algorithm to identify the risk of a return to the ED for a fall for discharged pa-
tients [20]. This algorithm was subsequently incorporated into the EHR (Epic Systems). When
providers are preparing to discharge a patient, this CDS alerts the ED provider if the ML algo-
rithm identi ied the patient as at high risk of an at-home fall in the next 6 months and recom-
mends referral to an outpatient mobility and falls clinic [21]. This process is illustrated in
Figure 1 [21]. The ML algorithm will be retrained with the same feature set for each site prior to
implementation. Implementation at each site will be done in compliance with institutional prac-
tice for CDS changes, following human factors engineering principles [23,24], and using best
practices for ML-based CDS implementations [25].

At the outpatient clinic, patients receive an evidence-based, multidisciplinary intervention to



help them reduce their risk of a fall [13]. Together, the algorithm and associated CDS tool form a
novel automated screening and referral intervention that was designed and implemented using
a human factors engineering framework to ensure both usability and an emphasis on patient
safety [21-23].

Outcomes

Our primary outcome is the rate of completed referrals to the Mobility and Falls Clinic among
patients identi ied as high-risk. We de ine a completed referral as a patient completing an initial
visit with a falls prevention specialist at the mobility and falls clinic.

Our secondary outcome is return visits to any ED for a fall within 6 months of the index ED visit,
the outcome our ML algorithm was trained to predict. This outcome is meant to re lect the over-
all effectiveness of the intervention in preventing falls among patients identi ied as high-risk.

Additional process outcomes will be investigated to deconstruct steps from the identi ication of
high-risk patients to completed referrals. These include whether a patient was referred to the
outpatient mobility and falls clinic after being identi ied as high risk, whether referred patients
were reached by schedulers, and whether referred patients scheduled an initial appointment, re-
gardless of whether they attended.

Data Collection

Variables Variables for analysis were selected conceptually based on the Andersen behavioral
model of health services use, a well-established model that provides a context for characterizing
the many factors which lead to health care use [26-29]. Within this model, both contextual and
individual factors in luence patients’ initial ED visits and downstream health care use and out-
comes. This model has been used to frame numerous prior studies involving ED use and falls
among older adults [30,31], as well as the initial design and validation study of this intervention.
During previous work, we have built a rich data set of covariates with over 700 potential EHR
data features at ED 1 and will add data from ED 2 and ED 3 using the same data de initions [20].
These include patient factors, such as age, sex, race, ethnicity, and previous health system use;
enabling factors, such as inancial and physical availability of care; and ED encounter level fac-
tors, such as treatment team composition, ED length of stay, reason for visit, emergency severity
index, diagnostic tests, and pharmaceutical and therapeutic interventions.

Data Retrieval Process Data will be collected from the EHR in 4 steps. First, we will retrieve data
about the patient, their index ED visit, and falls risk information—ML algorithm risk score, walk-
ing aids, history of falls, and acute care usage—from the EHR. Second, these data and informa-
tion about referral orders and subsequent scheduled visits with the mobility and falls clinic will
be uploaded to a Health Insurance Portability and Accountability Act (HIPAA)-compliant data-
base built in a Research Electronic Data Capture (REDCap; Vanderbilt University) database [32].
This REDCap database is needed so documentation about the reason a patient did not ultimately
schedule or attend the clinic visit can be abstracted. Speci ic reasons for not completing the re-



ferral are not always documented discretely, so they will be abstracted from free-text scheduler
notes by 2 trained reviewers. Speci ically, the reviewers will look for reasons the patient was
documented to be ineligible. Reasons include whether the patient is in other physical therapy, in
hospice, or in memory care; is too advanced to bene it, immobile, or wheelchair-bound; and
whether the patient or caregiver declined or was unreachable. Third, after verifying outcome
variables and the reason for not scheduling a visit, the data on the clinic visit will be joined with
the curated data described above into a limited data set for analysis. Finally, falls outcome data
will be merged with Medicare claims data to determine if the patient was treated for a fall at an
outside ED.

Statistical Analyses

Primary Outcome: Completed Referrals The primary association of interest is whether an ED-
based referral from an ML-based CDS can successfully cause patients to complete a specialist ap-
pointment. To assess the effectiveness of our program for patients receiving the falls risk inter-
vention, our primary analysis will be to obtain point estimates and the 95% Wald CI of referral
completion rate by site. We will perform a similar analysis to identify rates for prespeci ied
process metrics, including referral orders placed among lagged patients and clinic appoint-
ments scheduled among at-risk patients. Further, we will perform a secondary analysis to iden-
tify subgroups at risk for lower odds of referral completion using a logistic regression model for
each site to predict referral completion as a function of demography (sex, age, race, ethnicity, and
education) and fall risk score. A model built for each site will account for site-level variability.
Estimated coef icients and their 95% CIs will indicate risk factors for poor referral completion.
This will help inform future implementation by, for example, identifying risk score thresholds for
obtaining target rates of completed referrals for a given patient population.

Secondary Outcome: Return Visits to ED for a Fall Although the intervention is not randomized,
our study has a quasi-experimental design known as a sharp regression discontinuity with re-
gards to intent-to-treat, since the intervention is administered to patients whose risk score falls
above some threshold. This design allows for causal inference, provided that differences in out-
comes for patients with similar risk scores can be attributed to the intervention (formally, ex-
pected potential outcomes are continuous in risk score). This occurs when patients are not ma-
nipulating their assignment to the intervention. Assuming this holds, we will primarily analyze
only those patients whose risk scores fall within a band around the risk score threshold.
Additionally, patients will be strati ied by ED arrival date to account for changes to this threshold
to be aligned with a sharp research continuity design. A conditional logistic regression model
will be built to describe 6-month fall risk at each site as a function of the intervention, patient
demographics, and risk score. The odds ratio of a return visit for fall and the 95% CI will be esti-
mated by comparing those identi ied as high risk by the ML-CDS algorithm and those who were
not but had a similar risk pro ile. Sensitivity analyses will be performed to examine the in luence
of bandwidth choice and key assumptions (ie, continuity of potential outcomes and linearity in
risk score) on estimates. A secondary analysis will be to investigate the effect of covariates on
completed referrals and falls using a strati ied Cox proportional hazards model for time-to-fall
events (right-censored by follow-up time).



Statistical Power With the plan to lag 5 patients per week at each referral site, we plan to refer
520 patients per site, generating 1560 total patients referred. A sample size of 520 would lead to
95% Wald CI for referral completion rate by site that is 8.6% in width or smaller. This width pro-
vides suf icient precision for our study, considering that (1) a completion rate as small as 10%
would be clinically meaningful and (2) we expect to observe a referral completion rate of 50% or
higher—in which case, there would be nearly 100% power to reject a referral completion rate of
10% at a signi icance level of .05 when n=520.

For reference, very few patients were referred from the ED to the mobility and falls clinic prior
to our intervention, and the clinic estimates that 80% of their patients referred from other
providers visit the clinic. Power can be estimated for detecting a signi icant intervention effect
on fall risk, provided additional covariates are ignored. In this case, a score test for this effect is
equivalent to a Cochran-Mantel-Haenszel test of independence in a strati ied sample. Such a test
has 89.7% power to detect a difference in fall risk of 10% in a strati ied sample size of 12 groups
(in twelve 8-week periods over 2 years) assuming (1) a signi icance level of .05, (2) 40 patients
receive the intervention and 40 patients do not who have similar risk scores, and (3) an average
fall risk of 25%. For reference, our preliminary work predicted a number to treat of about 10 (ie,
a fall risk difference of 10%) when setting the risk score threshold so that 5 persons per week
receive the intervention (or 40 persons per 8 weeks) and an average fall risk of about 25% for
individuals with a fall risk score above or near the fall risk score threshold. We plan on ex-
ploratory analysis of pooled data to evaluate the effect of speci ic covariates on rates of referral;
in these cases, power will be lower based on the incidence of speci ic covariates in the data.

Data Protection

The major potential risk to subjects is that of loss of con identiality. We have policies and
procedures in place to protect the con identiality and security of patient data, and our data pro-
tection measures (for protected health information) are consistent with HIPAA privacy and secu-
rity rules. Only persons directly involved in the project will have access to patient data. Access to
computer-stored information will be strictly controlled with data stored on servers physically
sequestered and protected behind both physical and digital access controls. All servers are be-
hind our organization’s HIPAA irewall. All project personnel have successfully completed insti-
tutionally required human subjects training (required every 3 years) and HIPAA privacy and se-
curity training (required every year).

Dissemination

Our multidisciplinary team spans emergency medicine, engineering, health services research,
and biostatistics, facilitating dissemination to a diverse and multidisciplinary audience. We will
leverage institutional resources across the health system and university and capitalize on the
breadth of professional networks offered by our interdisciplinary team to ensure broad dissemi-
nation. Dissemination of indings and of the inal intervention will be accomplished through 2
channels. Academic dissemination will occur through publication in relevant peer-reviewed
journals and presentations at national conferences focused on aging research, informatics, hu-



man factors, and emergency medicine. We will also share indings at end-user and EHR-focused
conferences to reach potential adopters who might not be reached by more formal outlets.

Ethics Approval

This research plan was reviewed and approved by the University of Wisconsin Health Sciences
Institutional Review Board (2021-0776). This observational quasi-experiment is registered with
clinicaltrials.gov (NCT05810064).

Results

As of April 30, 2023, the CDS tool has been implemented at 2 of the 3 sites. Providers at ED 1
have written 303 referral orders for 260 unique patients, or 5 referrals per week on average,
which is our goal. ED 2, the community ED, has not been live with the ML-CDS as long, and
providers have written 91 referral orders for 86 different patients, or just over 3 referrals per
week. Both EDs refer roughly 30% of patient encounters the algorithm identi ies: 303 referrals
for 1007 patients lagged at ED 1 and 91 referrals for 319 patients lagged at ED 2. The patient
populations between these 2 EDs have substantial overlap, and 6 patients have received refer-
rals from both EDs. After conversations with the mobility and falls clinic, we do not see repeat
referrals as a problem unless the patient has already completed 1 of the referrals, so our ML-CDS
tool was updated to exclude patients with a completed or scheduled appointment at the mobility
and falls clinic. Notably, the patient uptake of the inal intervention is about 15% of patients re-
ferred—45 patients of 339 unique patients; 1 patient was seen at and referred by both ED 1 and
2—which is less than the 80% that the clinic estimates for other referral sources. While not sur-
prising that uptake would be lower from ED provider referrals than from primary care provider
referrals, this conversion rate is lower than we anticipated, and we have taken steps to improve
messaging, patient follow-up, and providers’ ability to talk to patients about the program, and
we have taken other steps that have shown some improvement appointment conversion in re-
cent months. Additionally, waning concerns about COVID-19 have seemed to increase patients’
willingness to consider completing the referral.

Discussion

Hypothesis and Expected Findings

We expect that this research will show the bene icial impact of automated screenings on both
patients receiving recommended care (completed referrals) and preventing adverse outcomes
(falls). Even for patients who are not referred, we anticipate providers having conversations
with patients who are lagged as high risk for a fall, which could still lead to increased compli-
ance with ongoing treatment or seeking falls prevention treatment outside our partner clinic
(eg, physical therapy available at an assisted living facility). These indings will inform ongoing
discussions about the use of ML and arti icial intelligence to augment medical decision-making.



Significance of Principal Findings

Previous work with ML-CDS tools has focused on their implementation in a speci ic context [33]
or on the predictive performance [34] of the underlying algorithm. Our unique data set will in-
clude information about patient’s health history (eg, health care use) prior to the ED index visit,
referral completion, and subsequent ED return visits for falls (either in the system or from
Medicare claims), providing a more complete picture of a given patient’s trajectory than most
studies. We will use this unique data set to track not just ML-CDS performance in the context of
its implementation, but in the context of larger patient health outcomes, which, to our knowl-
edge, has not been done for this kind of long-term, preventative ML-CDS system. Similarly, the
multisite implementation plan will demonstrate applicability to a broad population and the pos-
sibility to adapt the intervention to other EDs and achieve similar results.

Our statistical methodology (a regression discontinuity design) allows for an intent-to-treat
causal inference about the impact lagging high-risk patients can have on patients’ future falls.
Conversations with patients about the referral, even if a referral is not written, could have im-
pacts on patients’ risk awareness and compliance with physical therapy, so ML-CDS lagging is
the correct epidemiologic exposure to assess with respect to the outcomes of completed mobil-
ity and falls visits or return ED visits for falls. A staggered implementation strategy allows for the
identi ication of secular trends that could affect causal association and mitigation as necessary.

Limitations

To achieve the desired number of clinic referrals per week, the falls risk threshold for the CDS
identi ication will be changed over time. Because regression discontinuity designs typically as-
sume a static threshold for analysis, we will need to approach the regression discontinuity analy-
sis carefully and with suf icient sensitivity analyses to ensure that these threshold changes do
not compromise the indings. Simulation studies will be conducted to ensure the assumptions of
regression discontinuity analysis are met.

Clinically, our assumptions about the effectiveness of the mobility and falls clinic intervention
are based on PROFET (Prevention of Falls in the Elderly Trial) [13], which speci ically evaluated
patients referred from the ED. The intervention is based on evidence from a randomized clinical
trial, but the magnitude of the effect may be different in our patient population—for example,
due to endogenous factors like demographic composition of the community or exogenous fac-
tors related to changes in care patterns during the COVID-19 pandemic. In addition to method-
ological concerns, there are some pragmatic limitations. First, the intervention was implemented
during the COVID-19 pandemic. During the study period and community, there were—and could
continue to be—multiple waves of elevated SARS-CoV-2 infections and case counts that may dis-
suade some patients from scheduling an appointment at the mobility and falls clinic. Similarly, in
order to maximize patient impact and to study the human factors inputs to this system, efforts
were made to increase referral rates and referral completion with providers and patients. While
these efforts will likely increase the statistical power over time, it is also likely that there will be
secular effects in the imperfect compliance with referral rates and referral completion rates that



are present in the data as a result of these efforts.

Acknowledgments

This work is supported by the Agency for Health Care Research and Quality (grant
R18HS027735; BWP, PI) and by the National Institute on Aging of the National Institutes of
Health (award K24AG054560; MNS). ALC receives additional funding from the American
Psychological Association as a statistical editor for The American Journal of Psychiatry. This work
is solely the output of the authors and does not represent the views of any funding agencies.

Abbreviations

CDS clinical decision support

ED emergency department

EHR electronic health record

HIPAA Health Insurance Portability and Accountability Act

ML machine learning

ML-CDS machine learning–based clinical decision support

PROFET Prevention of Falls in the Elderly Trial

Multimedia Appendix 1

Summary Statement and Peer Review from Healthcare Information Technology Research (HITR) - Agency for Healthcare

Research and Quality (USA).

Footnotes

Contributed by

Authors' Contributions: DJH wrote and edited the manuscript and designed and built the data extraction and re-

trieval process. ALC performed substantial editing and review of the manuscript, is a coinvestigator on the Agency



for Health Care Research and Quality R18 grant, and provided biostatistical expertise for the analysis plan pre-

sented in the manuscript, research plan, and R18 grant. APM and HJB reviewed and edited the manuscript, gave

substantial feedback on data management processes, and helped manage the team. BWP is the principal investiga-

tor on this project and provided substantial manuscript editing and review and clinical expertise for the intervention

design and implementation. MNS, DW, MAS, and FL provided manuscript review and substantial contributions to

the study conception and design.

Conflicts of Interest: None declared.

References

1. Moreland BL, Kakara R, Haddad YK, Shakya I, Bergen G. A descriptive analysis of location of older adult falls that

resulted in emergency department visits in the United States, 2015. Am J Lifestyle Med. 2021;15(6):590–597.

doi: 10.1177/1559827620942187. https://europepmc.org/abstract/MED/34916877 .10.1177_1559827620942187

[PMCID: PMC8669898] [PubMed: 34916877] [CrossRef: 10.1177/1559827620942187]

2. CDC Older adult falls data. US Centers for Disease Control and Prevention. 2020. [2022-09-14]. https://www.cdc.gov/

falls/data/index.html .

3. Bloch F, Jegou D, Dhainaut JF, Rigaud AS, Coste J, Lundy JE, Claessens YE. Do ED staffs have a role to play in the

prevention of repeat falls in elderly patients? Am J Emerg Med. 2009 Mar;27(3):303–7. doi: 10.1016/

j.ajem.2008.02.026.S0735-6757(08)00160-5 [PubMed: 19328374] [CrossRef: 10.1016/j.ajem.2008.02.026]

4. Patterson BW, Jacobsohn GC, Maru AP, Venkatesh AK, Smith MA, Shah MN, Mendonça Eneida A. Comparing strategies

for identifying falls in older adult emergency department visits using EHR data. J Am Geriatr Soc. 2020 Dec;68(12):2965–

2967. doi: 10.1111/jgs.16831. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7744315/ [PMCID: PMC7744315]

[PubMed: 32951200] [CrossRef: 10.1111/jgs.16831]

5. Ayoung-Chee P, McIntyre L, Ebel BE, Mack CD, McCormick W, Maier RV. Long-term outcomes of ground-level falls in the

elderly. J Trauma Acute Care Surg. 2014;76(2):498–503. doi: 10.1097/TA.0000000000000102. discussion

503.01586154-201402000-00037 [PubMed: 24458057] [CrossRef: 10.1097/TA.0000000000000102]

6. Patterson BW, Smith MA, Repplinger MD, Pulia MS, Svenson JE, Kim MK, Shah MN. Using chief complaint in addition to

diagnosis codes to identify falls in the emergency department. J Am Geriatr Soc. 2017;65(9):E135–E140. doi: 10.1111/

jgs.14982. https://europepmc.org/abstract/MED/28636072 . [PMCID: PMC5603381] [PubMed: 28636072] [CrossRef:

10.1111/jgs.14982]

7. Carpenter CR, Avidan MS, Wildes T, Stark S, Fowler SA, Lo AX. Predicting geriatric falls following an episode of

emergency department care: a systematic review. Acad Emerg Med. 2014;21(10):1069–1082. doi: 10.1111/acem.12488.

https://europepmc.org/abstract/MED/25293956 . [PMCID: PMC4311401] [PubMed: 25293956] [CrossRef: 10.1111/

acem.12488]

8. Tiedemann A, Sherrington C, Orr T, Hallen J, Lewis D, Kelly A, Vogler C, Lord SR, Close JCT. Identifying older people at

high risk of future falls: development and validation of a screening tool for use in emergency departments. Emerg Med J.

2013;30(11):918–922. doi: 10.1136/emermed-2012-201783.emermed-2012-201783 [PubMed: 23139096] [CrossRef:

10.1136/emermed-2012-201783]

9. Carpenter CR, Scheatzle MD, D'Antonio JA, Ricci PT, Coben JH. Identi ication of fall risk factors in older adult emergency



department patients. Acad Emerg Med. 2009;16(3):211–219. doi: 10.1111/j.1553-2712.2009.00351.x. https://

onlinelibrary.wiley.com/doi/10.1111/j.1553-2712.2009.00351.x .ACEM351 [PubMed: 19281493] [CrossRef: 10.1111/

j.1553-2712.2009.00351.x]

10. Weigand JV, Gerson LW. Preventive care in the emergency department: should emergency departments institute a

falls prevention program for elder patients? A systematic review. Acad Emerg Med. 2001;8(8):823–826. doi: 10.1111/

j.1553-2712.2001.tb00214.x. https://onlinelibrary.wiley.com/resolve/openurl?

genre=article&sid=nlm:pubmed&issn=1069-6563&date=2001&volume=8&issue=8&spage=823 . [PubMed: 11483459]

[CrossRef: 10.1111/j.1553-2712.2001.tb00214.x]

11. Babcock Irvin C, Wyer PC, Gerson LW, Society for Academic Emergency Medicine Public Health and Education Task

Force Preventive Services Work Group Preventive care in the emergency department, part II: clinical preventive

services--an emergency medicine evidence-based review. Acad Emerg Med. 2000;7(9):1042–1054. doi: 10.1111/

j.1553-2712.2000.tb02098.x. https://onlinelibrary.wiley.com/resolve/openurl?

genre=article&sid=nlm:pubmed&issn=1069-6563&date=2000&volume=7&issue=9&spage=1042 . [PubMed: 11044002]

[CrossRef: 10.1111/j.1553-2712.2000.tb02098.x]

12. Rhodes KV, Gordon JA, Lowe RA. Preventive care in the emergency department, part I: clinical preventive services--

are they relevant to emergency medicine? society for academic emergency medicine public health and education task

force preventive services work group. Acad Emerg Med. 2000;7(9):1036–1041. doi: 10.1111/

j.1553-2712.2000.tb02097.x. https://onlinelibrary.wiley.com/resolve/openurl?

genre=article&sid=nlm:pubmed&issn=1069-6563&date=2000&volume=7&issue=9&spage=1036 . [PubMed: 11044001]

[CrossRef: 10.1111/j.1553-2712.2000.tb02097.x]

13. Close J, Ellis M, Hooper R, Glucksman E, Jackson S, Swift C. Prevention of falls in the elderly trial (PROFET): a

randomised controlled trial. Lancet. 1999;353(9147):93–97. doi: 10.1016/

S0140-6736(98)06119-4.S0140-6736(98)06119-4 [PubMed: 10023893] [CrossRef: 10.1016/S0140-6736(98)06119-4]

14. Carpenter CR, Cameron A, Ganz DA, Liu S. Older adult falls in emergency medicine: 2019 update. Clin Geriatr Med.

2019;35(2):205–219. doi: 10.1016/j.cger.2019.01.009.S0749-0690(19)30010-2 [PubMed: 30929883] [CrossRef:

10.1016/j.cger.2019.01.009]

15. Carpenter CR, Griffey RT, Stark S, Coopersmith CM, Gage BF. Physician and nurse acceptance of technicians to screen

for geriatric syndromes in the emergency department. West J Emerg Med. 2011;12(4):489–495. doi: 10.5811/

westjem.2011.1.1962. https://europepmc.org/abstract/MED/22224145 . [PMCID: PMC3236152] [PubMed: 22224145]

[CrossRef: 10.5811/westjem.2011.1.1962]

16. Donaldson MG, Khan KM, Davis JC, Salter AE, Buchanan J, McKnight D, Janssen PA, Bell M, McKay HA. Emergency

department fall-related presentations do not trigger fall risk assessment: a gap in care of high-risk outpatient fallers.

Arch Gerontol Geriatr. 2005;41(3):311–317. doi: 10.1016/j.archger.2005.04.008.S0167-4943(05)00057-9 [PubMed:

15982758] [CrossRef: 10.1016/j.archger.2005.04.008]

17. Pitts SR, Carrier ER, Rich EC, Kellermann AL. Where Americans get acute care: increasingly, it's not at their doctor's

of ice. Health Aff (Millwood) 2010;29(9):1620–1629. doi: 10.1377/hlthaff.2009.1026.29/9/1620 [PubMed: 20820017]

[CrossRef: 10.1377/hlthaff.2009.1026]

18. Chou SC, Venkatesh AK, Trueger NS, Pitts SR. Primary care of ice visits for acute care dropped sharply in 2002-15,

while ED visits increased modestly. Health Aff (Millwood) 2019;38(2):268–275. doi: 10.1377/hlthaff.2018.05184.

https://www.healthaffairs.org/doi/10.1377/hlthaff.2018.05184 . [PubMed: 30715979] [CrossRef: 10.1377/



hlthaff.2018.05184]

19. Lobach DF, Hammond WE. Computerized decision support based on a clinical practice guideline improves

compliance with care standards. Am J Med. 1997;102(1):89–98. doi: 10.1016/

s0002-9343(96)00382-8.S0002934396003828 [PubMed: 9209205] [CrossRef: 10.1016/s0002-9343(96)00382-8]

20. Patterson BW, Engstrom CJ, Sah V, Smith MA, Mendonça EA, Pulia MS, Repplinger MD, Hamedani AG, Page D, Shah MN.

Training and interpreting machine learning algorithms to evaluate fall risk after emergency department visits. Med Care.

2019;57(7):560–566. doi: 10.1097/MLR.0000000000001140. https://europepmc.org/abstract/MED/31157707 .

[PMCID: PMC6590914] [PubMed: 31157707] [CrossRef: 10.1097/MLR.0000000000001140]

21. Jacobsohn GC, Leaf M, Liao F, Maru AP, Engstrom CJ, Salwei ME, Pankratz GT, Eastman A, Carayon P, Wiegmann DA,

Galang JS, Smith MA, Shah MN, Patterson BW. Collaborative design and implementation of a clinical decision support

system for automated fall-risk identi ication and referrals in emergency departments. Healthc (Amst)

2022;10(1):100598. doi: 10.1016/j.hjdsi.2021.100598. https://europepmc.org/abstract/MED/34923354

.S2213-0764(21)00081-6 [PMCID: PMC8881336] [PubMed: 34923354] [CrossRef: 10.1016/j.hjdsi.2021.100598]

22. Carayon P, Schoofs Hundt A, Karsh BT, Gurses AP, Alvarado CJ, Smith M, Flatley Brennan P. Work system design for

patient safety: the SEIPS model. Qual Saf Health Care. 2006;15(Suppl 1):i50–i58. doi: 10.1136/qshc.2005.015842.

https://europepmc.org/abstract/MED/17142610 .15/suppl_1/i50 [PMCID: PMC2464868] [PubMed: 17142610]

[CrossRef: 10.1136/qshc.2005.015842]

23. Carayon P, Wooldridge A, Hoonakker P, Hundt AS, Kelly MM. SEIPS 3.0: human-centered design of the patient journey

for patient safety. Appl Ergon. 2020;84:103033. doi: 10.1016/j.apergo.2019.103033. https://europepmc.org/abstract/

MED/31987516 .S0003-6870(19)30239-X [PMCID: PMC7152782] [PubMed: 31987516] [CrossRef: 10.1016/

j.apergo.2019.103033]

24. Salwei ME, Carayon P, Hoonakker PLT, Hundt AS, Wiegmann D, Pulia M, Patterson BW. Work low integration analysis

of a human factors-based clinical decision support in the emergency department. Appl Ergon. 2021;97:103498.

doi: 10.1016/j.apergo.2021.103498. https://europepmc.org/abstract/MED/34182430 .S0003-6870(21)00145-9

[PMCID: PMC8474147] [PubMed: 34182430] [CrossRef: 10.1016/j.apergo.2021.103498]

25. Bedoya AD, Economou-Zavlanos NJ, Goldstein BA, Young A, Jelovsek JE, O'Brien C, Parrish AB, Elengold S, Lytle K, Balu

S, Huang E, Poon EG, Pencina MJ. A framework for the oversight and local deployment of safe and high-quality prediction

models. J Am Med Inform Assoc. 2022;29(9):1631–1636. doi: 10.1093/jamia/ocac078. https://europepmc.org/abstract/

MED/35641123 .6596175 [PMCID: PMC9382367] [PubMed: 35641123] [CrossRef: 10.1093/jamia/ocac078]

26. Aday LA, Andersen R. A framework for the study of access to medical care. Health Serv Res. 1974;9(3):208–220.

http://europepmc.org/abstract/MED/4436074 . [PMCID: PMC1071804] [PubMed: 4436074]

27. Andersen RM. Revisiting the behavioral model and access to medical care: does it matter? J Health Soc Behav.

1995;36(1):1–10. [PubMed: 7738325]

28. Andersen RM, Rice TH, Kominski GF, editors. Changing the U.S. Health Care System: Key Issues in Health Services Policy

and Management, 3rd Edition. San Francisco, CA: Jossey-Bass, A Wiley Company; 2007. Feb 2,

29. Ricketts TC, Goldsmith LJ. Access in health services research: the battle of the frameworks. Nurs Outlook.

2005;53(6):274–280. doi: 10.1016/j.outlook.2005.06.007.S0029-6554(05)00121-1 [PubMed: 16360698] [CrossRef:

10.1016/j.outlook.2005.06.007]

30. Stephens CE, Newcomer R, Blegen M, Miller B, Harrington C. Emergency department use by nursing home residents:



effect of severity of cognitive impairment. Gerontologist. 2012;52(3):383–393. doi: 10.1093/geront/gnr109. https://

academic.oup.com/gerontologist/article/52/3/383/581739?login=false .gnr109 [PubMed: 22056961] [CrossRef:

10.1093/geront/gnr109]

31. Chatterjee S, Chen H, Johnson ML, Aparasu RR. Risk of falls and fractures in older adults using atypical antipsychotic

agents: a propensity score-adjusted, retrospective cohort study. Am J Geriatr Pharmacother. 2012;10(2):83–94.

doi: 10.1016/j.amjopharm.2011.10.006.S1543-5946(11)00178-4 [PubMed: 22306198] [CrossRef: 10.1016/

j.amjopharm.2011.10.006]

32. Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG. Research electronic data capture (REDCap)--a

metadata-driven methodology and work low process for providing translational research informatics support. J Biomed

Inform. 2009;42(2):377–381. doi: 10.1016/j.jbi.2008.08.010. https://linkinghub.elsevier.com/retrieve/pii/

S1532-0464(08)00122-6 .S1532-0464(08)00122-6 [PMCID: PMC2700030] [PubMed: 18929686] [CrossRef: 10.1016/

j.jbi.2008.08.010]

33. Goldstein Benjamin A, Navar Ann Marie, Pencina Michael J, Ioannidis John P A. Opportunities and challenges in

developing risk prediction models with electronic health records data: a systematic review. J Am Med Inform Assoc. 2017

Jan;24(1):198–208. doi: 10.1093/jamia/ocw042. https://europepmc.org/abstract/MED/27189013 .ocw042 [PMCID:

PMC5201180] [PubMed: 27189013] [CrossRef: 10.1093/jamia/ocw042]

34. Greenes Robert A, Bates David W, Kawamoto Kensaku, Middleton Blackford, Osheroff Jerome, Shahar Yuval. Clinical

decision support models and frameworks: Seeking to address research issues underlying implementation successes and

failures. J Biomed Inform. 2018 Feb;78:134–143. doi: 10.1016/j.jbi.2017.12.005. https://linkinghub.elsevier.com/

retrieve/pii/S1532-0464(17)30275-7 .S1532-0464(17)30275-7 [PubMed: 29246790] [CrossRef: 10.1016/

j.jbi.2017.12.005]



Figures and Tables

Table 1

Intervention settings.

ED  site Type Intervention implementation date Approximate annual volume of patients, n

ED 1 Academic, level 1 trauma center February 22, 2022 60,000 (25% geriatric)

ED 2 Community September 27, 2022 22,000 (28% geriatric)

ED 3 Community Planned September 2023 65,000 (20% geriatric)

ED: emergency department.

Figure 1

Operationalization of automated falls risk screening and referral process in the ED (adapted from Jacobsohn et al, reused

with permission from Elsevier [21]). CDS: clinical decision support; ED: emergency department.
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