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Abstract

Background Patients with language barriers encounter healthcare disparities, which may be alleviated by leveraging
interpreter skills to reduce cultural, language, and literacy barriers through improved bidirectional communication.
Evidence supports the use of in-person interpreters, especially for interactions involving patients with complex care
needs. Unfortunately, due to interpreter shortages and clinician underuse of interpreters, patients with language bar-
riers frequently do not get the language services they need or are entitled to. Health information technologies (HIT),
including artificial intelligence (Al), have the potential to streamline processes, prompt clinicians to utilize in-person
interpreters, and support prioritization.

Methods From May 1, 2023, to June 21, 2024, a single-center stepped wedge cluster randomized trial will be
conducted within 35 units of Saint Marys Hospital & Methodist Hospital at Mayo Clinic in Rochester, Minnesota.

The units include medical, surgical, trauma, and mixed ICUs and hospital floors that admit acute medical and surgi-
cal care patients as well as the emergency department (ED). The transitions between study phases will be initiated

at 60-day intervals resulting in a 12-month study period. Units in the control group will receive standard care and rely
on clinician initiative to request interpreter services. In the intervention group, the study team will generate a daily
list of adult inpatients with language barriers, order the list based on their complexity scores (from highest to lowest),
and share it with interpreter services, who will send a secure chat message to the bedside nurse. This engagement
will be triggered by a predictive machine-learning algorithm based on a palliative care score, supplemented by other
predictors of complexity including length of stay and level of care as well as procedures, events, and clinical notes.

Discussion This pragmatic clinical trial approach will integrate a predictive machine-learning algorithm into a work-
flow process and evaluate the effectiveness of the intervention. We will compare the use of in-person interpreters
and time to first interpreter use between the control and intervention groups.

Trial registration NCT05860777. May 16, 2023.

Keywords Healthcare disparities, Non-English language preference (NELP), Complex care needs, Language services,
Complexity score, Al, In-person interpreter
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Background and significance

The United States healthcare system continues to face
persistent challenges in providing medical care to an
increasingly diverse and multilingual patient population
[1-3]. Optimal approaches to providing sufficient and
high-quality interpretation remains challenging [4-6].
Studies indicate significant disparities in the quality of
care for individuals who have a non-English language
preference (NELP) and complex medical conditions
[7-17]. When admitted to the intensive care unit (ICU),
those patients become particularly vulnerable to an
increased risk of medical errors and may experience less
favorable outcomes compared to their English-speaking
counterparts [8, 18-20]. These disparities include pro-
longed ICU stays, a higher likelihood of ICU mortality,
increased utilization of aggressive interventions, and
suboptimal symptom management [9, 10, 20]. While the
literature underscores the benefits of professional inter-
pretation, clinicians’ inconsistent engagement with such
services may lead to patients with NELP not receiving the
entitled and essential interpretation they need [21-32].

Clinical encounters in the ICU often involve sig-
nificant educational or psychosocial components,
demanding nuanced communication where in-person
interpretation can be more effective [19, 33-39]. To save
time and potentially because of concerns about cost to
the patients, clinicians may avoid engaging interpret-
ers [19, 40—42]. Moreover, the COVID-19 pandemic has
reduced the availability of in-person professional inter-
preters and increased the use of remote phone and video
interpretation [43, 44]. While these remote options have
been deployed to maintain healthcare services, they can-
not always foster the desired inclusivity, particularly for
interactions involving patients with complex care needs
[44, 45]. In-person interpreting offers significant poten-
tial in addressing healthcare disparities and accurately
interpreting non-verbal cues among patients facing criti-
cal and complex illnesses where precise understanding
is vital [33]. In-person interpreters can provide a deeper
understanding of cultural considerations, enhancing the
quality of communication and ensuring that every word
and sentiment is understood as intended [33, 39].

There is a substantial knowledge gap regarding how to
prioritize patients for in-person professional interpreters
in settings where there is a shortage of in-person inter-
preters and high reliance on ad hoc or virtual interpre-
tation [46]. These factors present significant difficulties
in addressing the needs of inpatients with NELP and
complex healthcare requirements [26]. Integrated health
information technology (HIT) and analytic solutions that
develop mechanisms to prioritize services and streamline
the process for engaging in-person interpreters may be
helpful for addressing this shortage [30, 47-54].
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Language and medical complexity risk scores

In order for healthcare organizations and clinicians to
address the language, cultural, and health literacy bar-
riers of inpatients with NELP and complex healthcare
needs, it is crucial for them to identify the patients most
likely to benefit from language assistance and prioritize
them. Although guidance exists for evaluating if a per-
son has language proficiency, healthcare systems do
not routinely assess proficiency [55-57]. We encourage
healthcare facilities to adopt a consistent method for
identifying patients with language barriers and complex
medical needs, and the algorithm to be tested in this
study might fulfill this proposed standard. We believe
that this combined with proactive outreach efforts will
also encourage increased use of in-person interpreters,
ultimately addressing healthcare disparities and improv-
ing the overall quality of care.

With the protocol described in this paper, we plan to
test and evaluate the impact of an artificial intelligence
enabled intervention on the identification of patients
with complex care needs and language barriers and sub-
sequent in-person interpreter service utilization. The sys-
tem, known as Control Tower (CT), is a fully integrated
information technology (IT) system solution which
pulls and processes medical data presenting the results
through an ordered patient list in a custom graphical user
interface (GUI). The algorithm extracts information from
electronic health records (EHR)s, predicts complex care
needs to stratify those who would benefit from an in-per-
son interpreter, and allows a human operator to review
the predictions and provide their evaluation to language
services. The following integration phase into the work-
flow entails notifying the clinical team about identified
patient needs and facilitating a process to connect inter-
preters with patients and clinicians.

Development of integrated language complexity score
algorithm

Building on our current integrated palliative risk score
algorithm that uses machine learning predictive analytics
for defining need for palliative care as well as EHR data—
such as length of stay, events list (clinical notes from
teams and services involved in care, procedural notes and
diagnostic reports), and level of care (ICU/PCU/floor)—
we have developed a complexity score [58, 59]. This score
is combined with informatics data about the patient
(“preferred language not English”) in the EHR to identify
those who would benefit from an in-person interpreter.
The algorithm, along with other contextual patient data,
is integrated into a graphical user interface (GUI) that
allows a human operator, known as the Control Tower
Operator (CTO), to review and validate its forecast.
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Evaluation of artificial intelligence (Al)

This paper describes work we will do to implement a
complexity score among inpatients with NELP to iden-
tify those that would benefit from an in-person inter-
preter. We consider patients with complex care needs
as those with a high burden of disease, those experi-
encing critical or serious illness, those with a life-lim-
iting illness, and those with palliative care needs. To
our knowledge, this type of score—combining NELP
and complexity—has not been previously developed
or implemented in practice. We have conducted other
work as a foundation for the trial to ascertain the per-
ceived risks and benefits of Al to improve in-person
interpreter use [60]. Successful integration into the
practice workflow is key for AI to be useful in clini-
cal care [61-65]. Algorithms cannot earn trust solely
through research showcasing predictive performance
(phase I) or clinical assessment (phase II). It requires
two additional phases. The first involves field testing
through clinical trials to showcase an impact on clinical
outcomes (phase III), alongside establishing an infra-
structure for prospective monitoring during routine
usage [66].

Aims of the study

The aim of this study is to assess the effectiveness of our
comprehensive intervention, integrating artificial intel-
ligence (AI) with a human operator into the language
services process to provide in-person interpreters to
patients with complex care needs. The study will focus on
evaluating the impact of the combined human-AI inter-
vention, along with the defined process (active outreach
to healthcare teams caring for identified patients) on in-
person interpreter utilization in the target population.
Hypothesis statement: By employing a machine learning
algorithm to identify individuals with NELP and complex
care needs, patients will be more likely to receive an in-
person interpreter and at an earlier stage of the hospitali-
zation compared to standard care.

Trial design

To achieve the objectives, we will conduct a two-armed
stepped wedge cluster randomized trial in both inpa-
tient campuses at Mayo Clinic, Rochester. Trial units
will undergo a HIT assessment of patients who would
benefit from in-person interpreter support, allowing a
human operator (CTO) to validate the forecast and notify
the language services about the identified patient needs.
Patients in control units will receive usual standard
of care relying on their clinicians to reach out to inter-
preter services to request an in-person interpreter or use
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another type of interpretation modality such as video or
phone.

Methods/design

Study setting

From May 1, 2023, to June 21, 2024, a single-center
stepped wedge cluster randomized trial will be conducted
within 35 units of Saint Marys Hospital and Methodist
Hospital at Mayo Clinic in Rochester, Minnesota. The
units include medical, surgical, trauma, and mixed ICUs
and hospital floors that admit acute medical and surgical
care patients as well as the emergency department (ED).
The transitions between study phases will be initiated at
60-day intervals resulting in a 12-month study period.
Mayo Clinic’s Institutional Review Board (IRB) approved
the study as minimal risk (IRB-22-002974) and waived
the requirement to obtain individual patient and clinician
and provider consent due to the pragmatic nature of the
design. The study has been registered on ClinicalTrials.
gov NCT05860777.

Eligibility criteria

The recruitment and enrollment processes are broad
and designed to simulate the use of the CT in practice.
We will include those patients who will be admitted to
the hospital or seen in the ED during the study period.
Patients who have a NELP and complex care needs iden-
tified by the algorithm will be eligible. NELP will be
identified and confirmed in several ways: through the
algorithm-generated reports as well as using manual con-
firmation in the EHR by a human operator. Complexity
will be identified using a palliative care score and supple-
mented by other predictors of complexity, such as length
of stay, level of care, procedures, events, and clinical
notes.

Patients will be excluded from the review if they are
less than 18 years; do not have a language listed in EHR
or any evidence of interpreter use; use sign language;
are a confidential, unidentified, or non-verbal patient; or
have an incomplete EHR. Patients who do not authorize
the use of their EHR for research in accordance with the
Minnesota state statute will be also excluded from the
study [67].

Intervention

This study will be conducted using a workstation and
software tool known as Control Tower. The CT is a web
browser application that extracts medical data, pro-
cesses the prediction algorithm, and presents the results
through an ordered patient report list. See Fig. 1. More
details can be found in Murphree et al’s work [68].



Strechen et al. Trials (2024) 25:450 Page 4 of 10
MR AP
CLINIC
@y
My AMP Patients My Epic Patients All My Facilities Saint Marys Methodist SMC CCM1 SMC CCM2 SMC CCM3 MCF CCM1 MCF CCM:
Al AL7TE DO2D DO3D DO4D DOSD DO6B DO6D ElO04-
MB7DE MB8BG MBS8DE MBED NT10AB NT4AB NTS5AB N CLNG Complex Care, Language Advanced Filter X
m Map ‘ Alerts | Cedar | I Y PAL Filter | D ‘ Y CLNG Filter CLNG Complex Care threshold
QO High
Patient, Test ProblemList 112t¢ (7)) Medium
s 1. Hyponatremia (202, (O Low
2.F
f Preferred Language: English
A * Ores
R COVID DECO @ No
Problem List 39 tot Age
1. Acu Min
1§ $ An

00 A

MEWS SOFA PAL GWTG ASA AKI CLNG SR (

Fig. 1 Screenshot of the Control Tower user interface

In addition to the complexity score, additional data on
language needed, age, other common risk scores, hospi-
tal unit/floor, and current length of stay are available and
presented in the report to provide context for the calcu-
lated complexity score.

Patients with NELP in the intervention units will have
complexity scores calculated within the Control Tower
(>9 points=severe complexity; 4—-8 points=moderate
complexity; <4 points=mild complexity). Higher scores
indicate increased complexity and need for in-person
interpreter. Patients with NELP and calculated com-
plexity scores are subsequently ranked from highest to
lowest complexity score, as well as being color coded,
with red indicating a score of 9, orange <9>4, and yel-
low <4. Newly admitted patients who are currently being
evaluated by the algorithm have their scores labeled as
grey. The complexity score is based on a machine learn-
ing palliative care score, supplemented by other predic-
tors of complexity, including length of stay and level of
care as well as events (clinical notes from teams and ser-
vices involved in care, procedural notes, and diagnostic
reports) (see Supplemental Table S1).

As part of the intervention, a CTO will engage with the
language services coordinator responsible for coordinat-
ing, organizing, and providing in-person interpreters at
study sites. The CTO will monitor the CT during regular
weekdays starting early in the morning and generate a list
once daily at 7 am. This list comprises adult patients with
NELP and complex care needs, ordered by their com-
plexity scores (from highest to lowest), and is assessed for
any additional exclusion criteria in the development of

o

the final list. Upon completing the screening process, the
CTO will send the ordered list to the language services
coordinator.

Units in the stepped wedge design will be randomized
in their order for receiving treatment by a random sorting
algorithm with a set seed for reproducibility. For our data
pipeline, all dates for transition will be hard-coded so that
the study participants enter the list when their admission
corresponds to a study wedge. At each wedge transition,
study staff will review the list to ensure that the program
correctly switches patients over at the appropriate time.
The number of patients on the list will vary and increase
as we move forward with each stepped wedge of the trial
every 60 days (adding 7 units to the intervention arm
with each wedge). However, by working closely with lan-
guage services leadership and operations managers, we
believe this will be feasible even as the numbers in the
intervention group grow. Rather than limiting the num-
ber of patients eligible to be included on the list sent to
language services, it was agreed that should the list of
patients in the intervention group become too large for
disseminating secure chat messages and providing in-
person interpreters, the organized list would help lan-
guage services prioritize those patients with the highest
complexity scores. This allows for the matching of patient
need with the expected capacity of the language services
team which is a pragmatic approach to balance effective-
ness while avoiding interruptions to the usual workflow
throughout the trial.

For those patients who are in the intervention arm, the
language services coordinator will record if they have
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in-person interpreter for that particular language. Then,
the language services coordinator will send a secure chat
message via the EHR to advise the bedside nurse that the
patient would benefit from an in-person interpreter and
include contact information for how to reach language
services. The secure chat message will be “Good morn-
ing. For an in-person interpreter, please contact Lan-
guage Services at ext. X-XXXX with a date & time. We
will do our best to meet the patient’s and medical team’s
needs” In contrast, the patients in the control units will
continue to receive the regular standard of care, with
patients potentially receiving an in-person interpreter or
another interpretation modality following standard pro-
cedures by the primary healthcare team. Those patients
in the control group will rely on clinician initiative to
request language services.

Due to the potential disruption of using a new
approach and tool such as a complexity score and CTO
for promoting in-person interpreter use, we have com-
municated with multiple practice leaders and divisional
and departmental committees. Additionally, we plan to
send email communications to unit nurse managers prior
to each stepped wedge roll out to prepare them.

In our study, 68% of the in-person interpreters are cer-
tified at the highest level for their respective languages by
the Multiple National Certifying Organizations for Medi-
cal Interpreters. The remaining staff are in the process
of certification, adhering to a strict code of ethics and
standardized testing to ensure proficient language skills.
Both study arms receive the same interpretation person-
nel and quality, but they follow different processes to
access language services.

Outcomes

For all study outcomes, data will be collected through
either the EHR or language services report list. The data
outcomes will be abstracted during the patient hospitali-
zation. The primary outcome is the number of patients
with NELP and complex care needs who use an in-person
interpreter during hospitalization in the units of interest
as measured by language services daily report list. The
secondary outcome will be time to first use of in-person
interpreter—measured as time in hours and minutes
from admission to in-person interpreter use as measured
by the language services team electronic documentation
system. The secure chat process measures including if
sent, if responded to, and if not sent the reason such as
no in-person interpreter on staff or available that day will
be collected daily.

Participant timeline
The stepped wedge design involves allocating 35 floor and
ICU units into a design matrix comprising 5 treatment
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wedges. Computer allocation will be used to generate the
allocations prior to the start of the study. Each unit will
cross over randomly from the control group (standard
clinical practice and care) to the intervention group. Each
wedge will span approximately 60 days, resulting in a
study period of approximately 12 months unless specified
otherwise. The initial step will entail a baseline period
during which no intervention is administered, with all
clusters receiving the intervention in the final step. Due
to the pragmatic design of the trial, clinicians cannot be
blinded to patient allocation to the intervention or con-
trol units, and we do not plan to implement blinding
during the analysis as our endpoints are objective, and
diffused roll-out would make this impossible [69]. This
is most relevant if there are patient-reported outcomes.
Patients will receive standard in-person interpreter ser-
vices if requested and available in the hospital; however,
those in the intervention group will differ in that clini-
cians will have been alerted to the patient’s need based
on complexity score, CTO review and filter and secure
chat sent by language services personnel. No additional
patient data beyond the hospitalization will be collected,
and there will be no follow-up visits. See Fig. 2.

Data analysis plan

Power statement

The proposed investigation will use a stepped wedge
cluster randomized design with 12 clusters. Based on
preliminary data, it is estimated that there are>9000
inpatient admissions with NELP annually at our insti-
tution of which only 14 to 16% use the services of an
in-person interpreter at some point during their hos-
pitalization. For sample-size/statistical power consid-
erations, we assume that the proportion of patients with
NELP receiving in-person interpreter services at the
start of our study period (while all patients are receiv-
ing usual care) will be 0.15. Although not all inpatients
with NELP will meet study inclusion criteria, we believe
that over the course of the year, the total number of inpa-
tients who meet study inclusion criteria will be in the
range of 500 to 700 for each of the 12 clusters. Stepped
wedge cluster randomization trials typically have more
statistical power than other cluster randomized designs
when clusters are correlated, because each cluster is able
to serve as its own control. Within-cluster correlation
was introduced by using cluster-specific baseline rates
(which ranged between 10 and 20%), and within-cluster
correlation coefficients were not specified. Because of
the complex nature of the design, we estimated statisti-
cal power using Monte Carlo simulation [70]. The Monte
Carlo simulation for this paper was generated using the
SAS software (Copyright © [2024] SAS Institute Inc. SAS
and all other SAS Institute Inc. product or service names
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Fig. 2 SPIRIT figure—stepped wedge cluster randomized study design. The trial will be conducted over 12 months with 12 inpatient units crossing

u_n

from control to intervention(X) in 60-day steps. Usual care is denoted by

are registered trademarks or trademarks of SAS Institute
Inc., Cary, NC, USA.) A logistic regression model was
used for the simulation with the outcome being the use of
in-person interpreter services. Simulations were created
with the overall baseline percentage of patients receiv-
ing in-person interpreter services set at 15% (with clus-
ter-specific baseline rates set between 10 and 20%) and
included slight upward secular trend over time. Supple-
mental Table S2 presents the statistical power provided
for detecting potential intervention effects corresponding
to odds ratios ranging from 1.35 to 1.65 using 3 various

C

sample size scenarios (500, 600, and 700 patients per
cluster). Based on these simulations, the proposed inves-
tigation should have statistical power of >80% to detect
an odds ratio of 1.5 or greater.

We will generate overall and cluster-specific summa-
ries of patient characteristics (sex, age, primary language,
risk scores, etc.) using descriptive statistics, including
mean + SD for continuous variables with frequencies and
percentages for nominal variables. The entire study pop-
ulation will be analyzed following an intention-to-treat
(ITT) approach. The ITT analysis will include all patients
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in the intervention group regardless of whether the
secure chat was sent and regardless of whether the clini-
cian requested the service after receiving the secure chat.
This principle will be extended to the cluster status in
the event of transfers between intervention and control
units. All missing data will be analyzed using complete
case analysis. The primary outcome will be a binary vari-
able representing any use of interpreter services during
hospitalization. To assess the effects of the intervention,
the primary outcome will be analyzed using a general-
ized linear mixed-effects model with variables: interven-
tion approach and time period. The inpatient unit will be
denoted as the random effect in the model to character-
ize the correlation among patients within the same clus-
ter. An additional secondary outcome will be evaluated
as the time from “intervention” to first use of an inter-
preter. Eligible patients are identified at 7 am daily, Mon-
day to Friday. Time of intervention is calculated from
the first time a patient is identified until documentation
of first use of an interpreter. Patients may be eligible on
multiple days and calculation of this outcome will start
evaluation at 7 am on the first eligible day identified by
the CTO. Those who never receive an interpreter will be
assigned an adverse value (an arbitrarily large amount
of time, reflecting an outcome worse than any observed
time to interpreter). A generalized linear mixed-effects
model with proportional odds link function will be used
to evaluate this outcome to account for the stepped
wedge cluster randomized study design including adjust-
ment for time period and random effect for cluster. An
alternative approach may consider reporting cumulative
incidence estimates of time to interpreter by intervention
group, with death or discharge a competing risk, which is
functionally similar to the assignment of large arbitrary
value for those without interpreter services. Patients who
received interpreter services prior to identification by
the CTO will be excluded from analyses as they do not
meet inclusion criteria at “time zero” or baseline of the
analysis. In all cases, the intervention effect will be sum-
marized by reporting point estimates and corresponding
95% confidence intervals. Two-tailed p-values<0.05 will
be considered statistically significant [71, 72].

Data management

All data pertaining to study outcomes/model covariates
and process measures will be collected through the fol-
lowing methods: (1) all input data received from the
machine learning model will be logged each time the
algorithm is called and stored in a study database; (2)
study outcomes will be collected from the hospital EHR
and language services daily report; (3) process measures
(such as the number of secure chat messages sent and
reasons not sent or in-person interpreter declined) will
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be gathered through the daily logs exchanged between
the CTO and the language services team.

Data monitoring

The proposed intervention has been reviewed by the
IRB and was determined to be a minimal risk study, so
no data monitoring committee (DMC) will be created.
Consequently, there will be no interim analyses or prede-
fined stopping rules for prematurely ending the trial. The
anticipated risks to patients in this study are expected
to align with those encountered in routine clinical care.
Ensuring patient safety will primarily rely on clinical staff
adhering to established standards of care. Study logs will
undergo bi-monthly audits for reporting purposes, but
no decisions will be made based on the data to either stop
or continue the trial.

The evaluation of study logs will involve several diverse
personnel, the CTO, PI, study team statistical analyst,
and IT personnel. The interpreter services personnel and
CTO will monitor the algorithm while utilizing the tool
to identify any potential errors affecting their workflow,
such as missing complexity scores or inaccuracies in
data elements or score components. The study team, PI,
statistical expert, and IT support will review the logs to
ensure complete field entries and mitigate omissions. The
IT study team members will oversee the data pipelines
to guarantee proper functionality across all data systems
involved in score calculation. We will document all days
when the pipeline fails to fire.

Confidentiality

Patient participation will occur through the utilization of
hospital interpreter services with no additional contact or
visits needed; therefore, we will follow the hospital’s poli-
cies and procedures for maintaining patient privacy and
confidentiality with respect to data. For report purposes,
we will use Agency for Healthcare Research and Quality
(AHRQ) guidelines [73]. All results will be reported in
aggregate with no cells size smaller than 10.

Dissemination policy

We anticipate given the novelty of our proposed work
that we will have an opportunity to publish in the sci-
entific literature regardless of outcome. Trial summary
results will be submitted to ClinicalTrials.gov following
the completion of the trial. The team have experience
with publication, and we will follow all standard author-
ship and ethical requirements as specified in journals in
which we publish. We anticipate that all authors of this
protocol paper will also be authors of the subsequent
outcome paper. We will use the Equator guidelines for
reporting of pragmatic clinical trials to report our results
[74]. Furthermore, here, we have included a checklist of
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recommended items to provide in clinical trial protocol
[75] (Supplemental Table S3).

Discussion

This research explores the impact of incorporating a ML
algorithm into a healthcare system to facilitate timely and
more frequent in-person interpreter services for inpa-
tients with NELP and complex medical needs. There are
substantial gaps in our understanding of how these algo-
rithms operate in real-world clinical settings due to the
challenges with integration and evaluation. Aside from
understanding the perceived risks and benefits of using
Al in this domain, for Al to benefit patients, effective
integration into clinical practice workflows is essential
(60, 64, 68]. This work does not delve into specific imple-
mentation issues, unlike some other studies [62]. Addi-
tionally, akin to any clinical intervention, evaluating a
predictive model, its deployment, and its impact should
entail robust assessment beyond merely examining pre-
dictive accuracy and reliability [61, 63]. Developing an
algorithm as well as the required infrastructure for real-
time implementation and devising a workflow model that
seamlessly integrates the algorithm into clinical practice
demands interdisciplinary teamwork. The diverse IT
skills and expertise needed as well as the collaboration
with leadership and clinical groups can be challenging
and needs sustained effort for success.

We should also note that this research project and pro-
tocol benefits from previous work several members of
our broader research study team conducted developing a
palliative care algorithm to increase palliative care refer-
rals for patients who needed it based on ML predictive
analytics [58, 68]. Based on the significantly improved
patient outcomes such as increased use of palliative care
and reduced readmissions, that algorithm has since been
incorporated into routine clinical care throughout much
of the broader hospital and enterprise beyond where
it was initially developed and tested. It has also been
updated and will be a component of the complexity score
that will be used in our trial.

This pragmatic clinical trial design should be con-
sidered in light of noteworthy strengths and limita-
tions. This study design offers various benefits, such
as reducing contamination among clinicians by imple-
menting interventions at the unit level, mirroring how
organizations typically introduce interventions gradu-
ally in real-world settings, and requiring fewer clusters,
thus ensuring feasibility [71, 76, 77]. Given its integra-
tion into clinical practice across all acute care units
in both Rochester campuses, the trial boasts a well-
represented patient population with minimal exclu-
sion criteria and waivers for both patient and clinician
consent. Furthermore, it imposes minimal burden on

Page 8 of 10

patients or clinicians as there are no complex study
visits, procedures, or evaluation questionnaires to
be completed. All assessments will be conducted by
the research team and are inherent to the healthcare
model, designed to complement usual care without
causing disruption.

Despite these strengths, pragmatic clinical trials such
as this also have some drawbacks. We are relying on
routinely collected data from language services. Other
important outcome measures such as satisfaction
with care and decision making as well as healthcare
utilization would be challenging to ascertain. In addi-
tion, the study was powered for our chosen outcome
measures. Finally, the description of this protocol and
submission for publication was somewhat delayed and
ideally would have occurred earlier during the over-
all study timeline. Several factors contributed to the
delay in protocol submission: team members working
part-time, pursuing further education, and prepar-
ing for exams; the necessity of coordinating feedback
from multiple authors across different teams, which
required extra time to ensure a thorough review and
consensus; competing priorities among the investiga-
tors involved; and our commitment to maintaining the
standard of care provided by language services without
any disruption.

Trial status

The protocol submitted here is version 1.1 dated Feb-
ruary 23, 2024. The study began on August 21, 2023.
Recruitment for the study commenced on May 1, 2023,
and is expected to continue until June 21, 2024.
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