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As the US population ages, a growing challenge is placing hospital patients who require long-term post-acute
care into adult foster care facilities: small long-term nursing facilities that care for those unable to age in place
because their care requirements exceed what can be delivered at home. A key challenge in patient placement is
the dynamic matching process between hospital discharge coordinators looking to place patients and facilities
looking for residents. We designed, built, deployed, and maintain a system to support decision making among
a team of 6 discharge coordinators assisting in the discharge of 127 patients across 1,047 facilities in Hawai’i.
Our system collects vacancy and capability data from facilities via conversational SMS and processes it to
recommend facilities that discharge coordinators might contact. Findings from a 14 month deployment provide
evidence for how timely, accurate information positively impacts matching efficacy. We close with lessons
learned for information collection systems and provisioning platforms in similar contexts.
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1 Introduction

As the US population ages, a growing body of CSCW and HCI research explores how technology
might support the provision of care for older adults. Much of this research focuses on enabling
older adults to remain at home or “age in place” [18, 25, 43], often with the help of formal [50, 60]
or informal caregivers [8, 46]. However, 19% of adults over 50 believe their home is insufficient
to facilitate aging in place [67], and over 1.5 million US adults over 65 currently live in nursing,
residential, or adult foster care homes [16, 30, 74].

One prevalent avenue to no longer being able to remain at home is after a hospital stay: older
adult patients often cannot be discharged back home even if they no longer need acute hospital
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care, and must instead be placed in a long-term care home. Such placement is a major challenge:
in November 2022, 35 medical organizations, including the American Medical Association, wrote
to the Biden administration detailing “gridlock” in Emergency Departments, and a “public health
emergency” in part due to the inability to discharge patients [56]. Such gridlock leads to increased
length of patient stays in hospital and substantial extra expense: an occupied bed can cost thousands
of dollars per day, which is often paid by the hospital [56].

This paper contributes findings from a 14 month deployment of an intervention to improve the
process of discharging patients in need of long-term care, from hospitals to adult foster care (AFC).
We focus on patients whose hospitalization has lasted longer than 21 days; prior work has shown
that such long-term stays are important; while they are only 2% of hospitalizations, they account
for roughly 15% of overall hospital bed-days [28].

At hospitals, discharge is managed by Discharge Coordinators who work to find an appropriate
home to discharge patients to. Coordinators often have limited control over a patient’s care, includ-
ing insurance coverage and care home availability; thus, a large part of their work is information
discovery and communication. They may need to call hundreds of homes before finding one that
can accept a given patient. Coordinators also seek to identify placements that are less likely to lead
to readmission, which may increase costs and worsen patient outcomes—motivating an inclusion
of social and cultural factors in the placement process. These factors combine to make coordinators’
job important and challenging that, although fulfilling when a successful placement happens, often
leads to high levels of stress and burnout.

On the other side are Adult Foster Care Homes, who must find suitable residents. In contrast to
better-known nursing homes, AFC homes are smaller scale (often five or fewer residents), less
institutionalized homes that are often run by, for example, a retired nurse who is also an older
adult [29, 51]. AFC homes are often more local to where their patients used to live—and thus more
integrated within the community. However, finding suitable residents can be challenging. Homes
have specific capabilities and preferences, for example with respect to the medical severity of a
patient. Empty beds or ill-matched patients may have disproportionate impacts on small homes
and their patients, compared to larger nursing homes.

In our setting, coordinators historically rely on State Department of Health data to decide which
homes to contact about placement. This data principally serves to convey that a home is licensed
to operate, to prevent placements into unlicensed homes, but also includes whether a home has
a vacancy. As we’ll show, this data is insufficient for effective matching: we find it is updated on
average every 105 days, but actual vacancies change much faster. We show how the task of calling
homes about patient placement is challenging, which can in-part be alleviated by systems designed
to align with existing workflows, that enable faster information update intervals.

We designed and deployed a conversational SMS system in Hawai’i, in partnership with a
local hospital, to exchange patient availability and home vacancy data. As a working system in a
high-stakes domain, our system needs to continuously engage with stakeholders, balance their
constraints and priorities, and fit into existing workflows. We worked closely with coordinators and
care homes for over two years to understand the daily workflows and challenges associated with
placement, and over multiple iterations of system design, to create tools that support their work.
This paper describes a portion of our work which sends personalized surveys periodically to care
homes via SMS. We use human-in-the-loop labeling to compile these messages into status updates
for homes, which informs ranked call recommendations provided to a team of 6 coordinators, who
use this list to decide which homes to call.

Findings from a 14 month study in Hawai’i provide evidence of the impact that timely, accurate
information has on increasing matches between patients and homes. By reducing informational
and coordination frictions, our system improves patient placement workflows. We show substantial
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engagement with the system throughout the population, both for individual surveys and over the
duration of our study, indicating the potential for such systems to effectively collect and disseminate
information. Homes frequently updated their information in our system, demonstrating the need
for such systems and the desire from homes to participate.

We conclude by discussing challenges and opportunities associated with the long term viability
of such a system. We highlight the importance of centering improvement in everyday workflows,
rather than measuring success via specific end metrics. We also discuss how our system constitutes
a coordination mechanism that aids coordination between a team of hospital discharge coordinators
and a large, distributed network of independently-owned and operated care homes. Finally, we
discuss questions of sustainability and potential scaling across contexts.

Author Positionality. We acknowledge that researchers’ backgrounds and experiences shape
their perspectives and that our research may include our personal biases [72]. Our team consists
of interdisciplinary collaborators with expertise in HCI, Operations Research, and healthcare,
and years of experience in long-term care placement in Hawai’i. Our work embraces a reflective
approach necessitated by the sensitive nature of foster care placement of vulnerable patients.

2 Related Work

In this section, we review relevant literature on (1) patient placement in adult foster care, (2)
coordination work in healthcare, and (3) algorithmic decision support for vulnerable populations.

2.1 Adult Foster Care Placement

Adult foster care (AFC) is an important, but critically understudied component of the healthcare
infrastructure in the United States. State-funded AFC started in the late 1970’s in Oregon and
Washington, and since then all but four states have adopted state-supported AFC [31]. Research
has examined the challenges faced in AFC [38]. For example, Mollica et al. [51] provide guiding
frameworks for state implementation and state-specific idiosyncrasies. Researchers have also
studied resident perceptions around placement in AFC [65], the differences between nursing homes
and AFC homes [66], and the need for different policy provisions between larger assisted-living
facilities and smaller AFC homes [53]. To our knowledge, our work is the first to address the
placement challenges faced by home operators and discharge coordinators or to discuss potential
interventions (let alone computational interventions) aiding placement.

However, there is literature on effective children’s foster care placement. Zeijlmans et al. [81]
detail, for example, major gaps in the "Decision-Making Ecology" of foster care placement, noting a
clear need for effective matching into foster care. Other work has examined the risks of placement
instability and the implementation of a web-based matching system to inform placement decisions
[52]. Saxena et al. [68] review the use of algorithms in the US Child Welfare System, and emphasize
the importance of utilizing salient social worker knowledge and employing context-relevant social
work literature. Researchers have also examined the role of trust in existing apprehensions of
algorithmic decision-making in child welfare services [14]. Beyond foster care placement, Sun et al.
[77] detail the reality that data-driven decision making in long-term care delivery and management
is ultimately contingent on a growing burden of work on frontline care workers, for example to
aggregate sensor data and digitize field notes about a patient’s level of care.

Our work centers concerns of how data-driven and algorithmic systems affect the work and
burdens placed on stakeholders. To this literature, we contribute insights into how out-of-date
data leads to a phenomenon we call “runaway labor”—the amount of work a discharge coordinator
needs to do to place a patient grows sharply with the data’s age. We further contribute the design
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and deployment of a system to collect timely data from care homes in ways that aid coordination
via integration with stakeholders’ existing workflows.

2.2 Coordination Mechanisms in Healthcare

CSCW has long sought to understand how technology might support coordination and reduce
friction in complex workflows [2, 34, 45]. Much of this research explores coordination in healthcare
settings, including among formal and informal caregivers (e.g., family members) as older adults seek
to age in place [10, 12, 78], within community health programs in the Global South [26, 27, 36, 79],
and among formal care teams in hospital settings [1, 71, 75].

In our context, our placement data provision system can be viewed as an example of a coordination
mechanism. Coordination mechanisms in cooperative work have been formalized since 1996 [70],
and have been especially studied in hospital settings. For example, prior work studied the use of
whiteboards and digital wall displays shared between internal hospital teams to call attention to
important matters across teams of varying purpose [9]. Further work has sought to understand
non-physical coordination mechanisms, for example in supporting emergency communication
teams in hospital settings with a variety of computer systems and information panels [83]. With
the rapid standardization of electronic health records and the growing adoption of clinical decision
support, more recent work has studied for example the design of hospital alerts as coordination
mechanisms to support decision making [49].

However, much of this work focuses on coordination among workers in a single organizational
context (e.g., a hospital) and among internal teams. By contrast, studies that explore how to achieve
coordination across multiple different organizational contexts are relatively rare. A notable example
is the Care Hotel [11] which proposed ways to support actors from various organizational settings as
they provide rehabilitative services to older adults transitioning from a hospital to their own home.
The authors emphasize how successful coordination requires a shared communication platform
that is flexible enough to support standardized and ad-hoc communication and coordination [11].

Our paper contributes an example of how technology can support coordination between an ex-
ternal network of over a thousand independently operated community care providers coordinating
with a team of hospital discharge coordinators. Our system uses a communication channel (SMS) as
a coordination mechanism, where natural language is used to enable data updates, which ensures
sufficient flexibility to facilitate coordination with a large, heterogeneous set of AFC homes.

2.3 Algorithmic Decision Support for Vulnerable Populations

The challenge tackled by our system can be understood as a matching one: we wish to efficiently
connect patients to compatible care homes that currently have vacancies. A long line of work in
dynamic matching—for organ exchange [5], housing [80], ridesharing [23], etc.—develops algo-
rithmic matching approaches that take in data and provide an answer. One particularly relevant
example is refugee resettlement, wherein social workers use decision support tools to facilitate
optimal placement of refugees across locations, to maximize objectives such as employment, burden
sharing, and personal preference [3]. This literature describes a progression from a greedy batch
matching process, that primarily seeks to burden share across locations, and eventually implements
dynamic matching using predictions of placement success.

The CSCW community has similarly sought to understand the challenges faced in human-AI
integration, ranging from supporting work in government [4, 33] to healthcare [17, 35]. In particular,
work has highlighted a need to calibrate Al in service of mitigating over-reliance and loss of equity
[19,33], and a need to enable augmenting decision making rather than fully automating it [4]. Work
to better understand supporting frontline health workers has especially emphasized the importance
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of successful integration with daily workflows [35, 36], and a need for Al to be accompanied with
concise and comprehensive information regarding their capabilities and limitations [17].

To this literature, the present work establishes that even absent sophisticated matching algo-
rithms, there are substantial gains from accurate, timely information provision, as a decision-aid
to participants engaging in a human-driven matching process. This work thus serves as a foun-
dation to develop collaborative human-algorithmic approaches to matching in complex, sensitive
contexts—prioritizing information discovery as well as matching, given the data.

A growing body of research has also examined the impact of algorithmic decision support tools
deployed in practice [40-42, 62]. One salient cluster of studies focuses on child welfare [39, 68, 69].
This work has in part centered on studying the impact that the Allegheny Family Screening Tool—a
decision support tool that calculates a score representing the risk of child maltreatment allegations—
on helping social workers decide appropriate next steps. Findings from these studies point to
misalignments between algorithmic predictions and stakeholders’ decision-making objectives [39]
and call for algorithmic decision-support tools that augment human discretion and incorporate
holistic assessments, rather than focusing on deterministic scoring [69]. Further, these studies
discuss how deployments of algorithmic decision support tools often fail to account for people’s
existing workflows, calling for research that explores “how best to support complementary human-
Al performance in practice, in real-world organizational contexts” [39].

We answer these calls by contributing the design and deployment of a system in an understudied
domain: adult foster care. In contrast to prior approaches, our system seeks to improve matching
via dynamic information discovery, rather than computing scores or predictions given a static
dataset. In doing so, we prioritize improvements in stakeholders’ day-to-day workflows and job
satisfaction, rather than end metrics such as decision quality. We also pay close attention to the
needs and priorities of stakeholders on both sides of the matching process—in our context, discharge
coordinators and care home operators.

3 Intervention Design
3.1 Research Context and Background

Before describing our intervention, we explain how patient discharge processes currently operate
and discuss the status-quo state-provided data. To our knowledge, the state has offered data to
support the ecosystem of foster care homes since June 2014. The primary purpose of the data is to
verify legal operation of a home; nonetheless, discharge coordinators historically used this data to
identify homes to discharge patients. The most recent dataset lists 1,240 homes as of August 2023.

Discharge process. Once a patient has been financially and medically assessed as being ready
for discharge from the hospital and is in need of long term care,' a discharge coordinator makes
referrals to shelters, rehabilitation facilities, case management agencies, and other community
partners, seeking to place the patient with one of these resources.

Figure 1 details the coordinator workflow that begins with: (a) placing calls to homes (if they are
able to reach them on the phone, itself a several-step process). Homes with potential vacancies
are historically identified using the state-provided data; (b) during a conversation, the home may
express interest in a patient and plan a visitation; (c) not all planned visitations turn to actual
visitations (there is substantial drop-off); (d) an actual visitation, in which the home operator visits
the patient in person, may result in a placement. There are numerous reasons why each stage may
not proceed to the next. Discharge coordinators have indicated that, using state data, it might take
upwards of 200 calls to get to a placement for a single patient. The system described in this paper

IThis process includes medical risk assessments and securing Medicaid Long Term Care insurance. [20]
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Fig. 1. A four part workflow for discharging a medically-ready, insurance cleared, long-term care patient: (a)
a call which may lead to a conversation, (b) a conversation may lead to interest in a patient and scheduled
visitation, (c) a scheduled visitation may lead to a visitation, and (d) a visitation may lead to a placement.
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Fig. 2. Recorded Updates between 01/2014 and 12/2022. Mean gap: 105 days, SD: 98, minimum: 29, mode: 31,
outliers: 365, 395.

focuses on improving results in the first two stages, (a) and (b), since better, more up-to-date data
may result in more success in calling the correct homes. We leave to future work the important
challenges faced in stages (c) and (d).

Description of historical state-provided data. To understand whether a data collection inter-
vention is required and to inform system design, we conduct an analysis of state-provided historical
data, collected via a state data portal. All homes, when first licensed to operate, fill out forms which
are sent either by email or mail, describing their capabilities; these are published on an online data
portal that hospital staff can access. Then, the onus is on care homes to update portions of this
form on a case-by-case basis via various other pdf forms; for example, a home must either email
or mail a “Remove Vacancy Form” to a government agency, who updates the database behind the
state data portal. Participants discussed how the state data portal is frequently out of date, with
updates to the data being slow and unreliable, occurring on average every 105 days.

To further illustrate this point, we analyze changes to the state data portal, including 29 data
refreshes identified between January 2014 and December 2022. We collect this data primarily via
website archives on Archive.org; from October 2021 through December 2022, we further verify in
real-time the Archive updates, via weekly website polling for changes. While it is possible that
Archive.org may have missed a posted update by the state, this seems unlikely as the archive
recorded 93 snapshots over this timeframe, and we uncovered a significantly lower count of only 29
refreshes. Figure 2 shows the set of recorded snapshots, depicting when updates were provided. The
gaps between refreshes amount to: a) an average refresh rate of 105 days, b) a standard deviation of
98 days, and c) a minimum of 29 days, mode of 31, and two outliers of 365 and 395 days.

Over time, this data has been refined to indicate more precisely where homes are located and
what specific capabilities they have. In turn, this data has served not only in the interest of verifying
legality of operation, but also in finding suitable long term care patient discharge locations, as the
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Fig. 3. Our system design and information flow, detailing the initiation of survey participation, survey roll-out,
manual verification of responses, and ranked call recommendations fitting into a workflow coordinators at a
hospital use to discharge patients. We highlight in pink, the stages of SMS participation by care homes we
automate, in yellow what is manually done by us, in black what is automated and shared with coordinators,
and in blue the manual work carried out by coordinators.

coordinators we worked with explained. We further observed several format changes in the data
throughout the years, suggesting qualitative changes in its utility for placement.

The first change in data format we note is between June 2014 and October 2016; prior to this
time, license expiration was not included; we interpret the subsequent inclusion of this data as
the intent to facilitate license verification. In the early data updates, we see 7 columns for home
location and contact information, and a remaining 11 columns intended for placement such as
"How many patients do you need?", “Will you accept all Medicaid?” and “How many Male,Female?”
We then note that from 2017 onward, there were 12 columns for home location and contact, one of
these additional columns being an alternate phone number to contact the home, and two being for
date of certificate expiration. However, columns related to assisting with patient placement were
reduced to one—simply indicating home capacities. We explore why this change may have taken
place in Section 5, though it is clear that the granularity of data provided for patient placement
was reduced. These changes mark a potential shift in burden on discharge coordinators and social
workers who may have relied on this data before these updates. It is also worth noting that this
change corresponds with a decreased rate of the data being updated at all, as apparent in Figure 2.

Effective matching requires access to accurate and up-to-date information about homes’ capabil-
ities and vacancies. We describe below how this can be achieved through the use of data collection
and sharing platforms, such as the conversational SMS system discussed in this paper. Providing
timely and accurate information can increase the efficiency of the matching process and help to
ensure that patients are placed in homes that are well-suited to meet their needs.

3.2 Design Choices

Our system (flowchart in Figure 3) uses automated conversational SMS messages to communicate
with care home operators and request status updates, which are manually verified before being
passed on to discharge coordinators. Curated data and facility recommendations for each patient
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Table 1. An example list of ranked call recommendations provided to discharge coordinators for a patient.
This is the information a discharge coordinator received from our system.

Total Matches I  Facility = Recent Messages

1 Facility A "male medicaid hospice less than 150 lbs"
3 Facility B "good morning [...] i have 1bed open right now .."
18 Facility C  "confirm"

are shown to discharge coordinators as a list (see Table 1); coordinators use this information to
help decide which facility to contact regarding a patient. The right-most column of Figure 3 shows
how these call recommendations fit into discharge coordinators’ workflows, who work both to: a)
get patients medically cleared, and b) get their insurance ready. Lastly, referrals are also sent to
community partners, such as shelters or case management agencies (CMAs), to request that they
consider accepting the patient. We detail their involvement further in Section 5.

The system was designed via collaboration among the first three authors (researchers and
hospital staff) between February and December of 2021, in response to hospital stakeholders who
asked about building a system to improve data quality and in turn support patient placement.
Subsequently, the first author had multiple discussions with relevant stakeholder groups, including
hospital leadership, discharge coordinators, and care home operators, to understand how they
operated. These initial conversations, for example, surfaced that SMS communication would be a
preferred mechanism for care homes and that sending SMS surveys roughly every 21 days would
support coordinators’ workflows. Based on the information obtained, the first author developed
and proposed an initial system design to stakeholders. After developing an initial system design,
we engaged in multiple rounds of iterative feedback and prototyping with stakeholders, including
discharge coordinators and care home operators, starting with low-fidelity mockups and slowly
transitioning to a functional system that was deployed. In these prototyping sessions, hospital
discharge coordinators were involved with the design of the ranked list of matches, while both
discharge coordinators and care home operators were involved in the design of the SMS exchanges.
This incremental prototyping and feedback stage unfolded between June and December of 2021,
with stakeholder feedback involving approximately four discharge coordinators and nine care
home operators. After settling on a functional system, we tested it by sending pilot SMS surveys
to a subset of 57 care homes, with the responses routed to a single discharge coordinator. The
system functioned as intended, and we received a high SMS response rate of 64% over a 24 hour
period. Following this pilot phase, we then deployed the system with all 1,240 care homes and
progressively on-boarded five more discharge coordinators from the hospital team. The system has
been fully operational since December 2021 and continues to operate at the time of writing. We
now discuss important design choices that shape our intervention: (1) why we use SMS, (2) what
questions we ask and why, and (3) how status updates are manually verified and integrated into
ranked call recommendations.

Why SMS. SMS-based systems are a convenient and low-cost communication channel in the
United States [63], especially for communities where smartphone apps may be a barrier. A wealth
of prior research has shown the potential for SMS to support community health programs (e.g.,
[55, 58, 59, 76, 82]). In our setting, many home operators are themselves older adults who may be
uncomfortable using new technologies [47, 54]. However, initial discussions with stakeholders
suggested that SMS was an actively used form of communication among the population and
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preferred over smartphone apps or email. We use an external service to identify SMS-able phone
numbers from the roster of care home operators?. Notably, (1) our SMS messaging is designed in
compliance with federal consent and opt-in standards, as illustrated in Figure 3; and (2) the phone
numbers shared by care home operators are provided for professional work use to the state data
portal. In initial surveys with 57 homes, we received a high SMS response rate of 64% over a 24
hour period. In our study findings (Section 5) we show similar high response rates, received quickly,
and sustained over the duration of our study.

Question Finding. Our initial stakeholder discussions also sought to identify questions being
asked by stakeholders about one another. We identified three sources of questions: what care home
operators want to know, what discharge coordinators are most often asked for, and what level of
care is determined by a risk evaluation (regularly conducted by social workers) to secure health
insurance. Each of these sources of questions have their own set of forms that each party fills
out, which discharge coordinators and care home operators helped us rank in importance. For the
purposes of this study we examine vacancy, weight and sex as changing factors.

We use this question priority order to progressively request updates via SMS. As shown in
Figure 3 (left object, top box), all surveys began with an opt-in and explanation of how to opt-out:
"Welcome to [this] SMS service for care homes. At any moment you can unsubscribe by replying
‘stop’. Please text ‘1’ to begin." This line of messaging is in accord with well established practices
in automated messaging [24]. We subsequently ask in every survey to confirm the status of their
vacancy or lack thereof. Each iterative survey contains a question specific to their status with
respect to the queue of questions. Homes, for example, may receive messages such as:

"Good morning from QMC Care Coordination. The last update we have is your facility is full: 0
medicaid 0 private vacancies, and you have no patient preferences. Please respond ‘confirm’ if these
are the same. Otherwise, respond, for example, with: ‘0 medicaid, 0 private, prefer male less than
180 [pounds].” So we can find the best fit when you do have a vacancy."

The majority of responses receive a standardized thank you message to indicate their response
or update was received, and that we will follow up via phone call if a vacancy and capability
match is possible. However, if a home indicates a vacancy, and also has preferences which reduce
their matching patient pool to less than three, we send a de-identified patient description for the
home to assess if they might be interested in such a patient, for example: "Please respond with ‘1’
if interested, or ‘0’ if not: 60y/0 MEDICAID: UHC Female, 130-140 lbs." In practice, it is rare that a
home has constrained their patient pool to between 1 and 3 potential matches, and therefore many
homes may not receive this message. Still, we found homes continue to participate, because they
will nonetheless receive a phone call from a coordinator if they do have a vacancy. Section 5.3.3
discusses challenges around how to enable this information exchange, while heeding prior cautions
on risks of ‘gaming the system’ and pitfalls of attempting to mitigate such gaming [39].

Hybrid Computer-Human SMS and Manual Labeling. While a significant portion of our survey
deployment is automated, a similarly significant portion is enabled by manual, hybrid computer-
human SMS. As described in prior work [58], hybrid computer-human SMS refers to messaging
that combines automated and manual processes. In our setting, population-wide outbound surveys
are automatically triggered, with personalized messages being generated based on a finite set of
home capabilities; responses to these messages are then analyzed by a human to help determine,
for example, the next home capability question to ask. The degree of automation and manual
intervention can vary depending on the specific use case. For example, in some instances, the

?Homes that are not SMS-able communicate largely via landline phone; of the 1,240 care homes in the state data in August
2023, for example, 165 homes were not SMS-able.
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Table 2. Summary of Interview Participant Demographics

Discharge  Coordinator | Care Home Operators (n=4) | Other participants (n=2)

(n=6)
Age (years) 30-35: 2, 35-40: 2, 61+: 1, 35-40:1,51-55: 1, 61+: 1, 30-35: 1,

Did not say: 1 Did not say: 1 Did not say: 1
Gender Female: 5 Male: 1 Female: 3 Male: 1 Female: 1 Male: 1
Experience (years) | 1-5:2,6-10:3, 10+: 1 1-5:1, 6-10: 1, 10+: 2 6-10: 2

human may only be involved in a few stages of the conversation, while in others they may be
constantly monitoring and guiding the conversation. Updates received are processed and analyzed
automatically, but with the option for human interaction to verify or provide additional information
as needed. This hybrid approach afforded us efficient data collection, while still maintaining the
accuracy and reliability of traditional human-led data collection methods.

We employ hybrid computer-human SMS primarily as a means of verifying that updates to a
home’s status are being conveyed to discharge coordinators correctly, and in some cases where
error handling was insufficient to process a home’s response, a human would follow up with a
clarifying question. We differentiate between ‘automated’ and ‘manual’ in Figure 3, to delineate
how we facilitate this hybrid approach. The manual work then feeds back to update home status
and subsequently matching and call recommendations in the automated steps.

Labeled responses in turn drive automated compatibility matching and ultimately ranked call
recommendation. Discharge coordinators are provided a list of call recommendations (Table 1),
with homes ranked in order of ascending match count for each patient. This means that a home
with no stated preference is most likely to be ranked at the bottom of the list, while homes stating
specific preferences that match with, e.g., only one patient, are at the top of the list. The selection
of which home to call is ultimately left to the discharge coordinator.

We also underscore here the manual work conducted by coordinators surrounding their use of our
call recommendations. This includes both seeking out placement referrals from other community
partners, such as shelters, rehabilitation facilities and case management agencies, updating patients
and their needs, and keeping internal call notes on our system with respect to calling homes sourced
through our SMS surveys. We discuss further in Section 5 how, throughout our deployment, 127
patients were uploaded and subsequently discharged in the system.

4 Field Study

We deployed our system with a local hospital in O’ahu, Hawai’i in February 2022 and continue to
run the system and collect data at the time of writing. Here, we report on 14 months of study data,
from February 2022 to April 2023. As described in Section 3.2, care homes were initially sent SMS
messages that informed them the system was being operated by the hospital for the purpose of
patient placement and instructed them on how to use it.

4.1 System Data Collection

From our analysis of state data, we find 1,840 unique homes ever listed, growing steadily since
the July 2014 update which contained 300 homes. For our data analyses, we primarily consider
the 1,047 homes that were operational and that had SMS-able numbers (verified by an external
service) during our study period of February 2022 and April 2023. We sent out 16 surveys over our
14 month deployment, totalling 37,402 messages and 8,014 received messages from 16 surveys. We
then manually verified status updates such as vacancies and preferences, as we detail in Section 3.2,
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for each responding home. Surveys were sent out approximately every 21 days (mode 21, median
23, standard deviation 4.1, with no outliers). This survey period of 21 days was determined in
coordination with discharge coordinators, who felt that 21 days provided a conservative estimate
of how frequently they contact care homes and would effectively balance their need for fresh data
while not overburdening care homes. We further corroborate the utility of this rate in Figure 9, and
discuss opportunities for future work to explore survey periods in Section 6. Our analyses omit the
first 5 surveys, which were early prototypes of our messaging system, not sent to every home. We
analyze the remaining 11 surveys: documenting response time, whether the home updated their
vacancy status, and whether they updated their patient preferences.

4.2 Participant Interviews

To complement our system data, we conducted qualitative interviews to understand stakeholders’
perspectives. Care home participants were recruited via randomized phone calls to reach both
active and inactive participants. Hospital participants were recruited via our existing partnership
with the hospital system in Hawai’i. All study procedures were IRB-approved.

Participants. We recruited 12 interview participants (see Table 2): six were staff on the hospital
care coordination team using our system (identified as H1-6), and four were care home operators
(CH1-4). All hospital participants had experience interacting with or using data from our system
over the full deployment period before being interviewed, and all care home operators received
SMS surveys, although one had been unresponsive (CH1).

The other two participants had different backgrounds: one was a case management agency
owner (CM1) and one was a home licensing staff working with the State Department of Health
(S1). Although these two participants had not used our system, they were able to provide valuable
perspectives on how such a system might affect the broader landscape of patient placement.

Three participants were male, nine were female, and all had worked to help facilitate placement
for more than five years, with an average of 12 years of professional experience. We also include in
our analysis messages obtained over SMS, labelled as ‘SMS.

Interview Procedures. We conducted semi-structured interviews that explored participants’
experiences and opinions regarding long-term placement broadly and with respect to our system.
Interviews lasted roughly 45 minutes and participants were offered a $25 giftcard. Participants were
asked what challenges they face in patient placement, work they have historically done to surface
information, and for those using our system, successes or challenges they had with the system.

For the two participants who were not system users (the CMA owner and State interviewee),
we did not ask about system usage or efficacy. Instead, we provided a system description and
demo, after which we limited our questions to the implications of such a system for the broader
landscape of patient placement (e.g., impact on non-hospital stakeholders like CMAs, accessibility
of technology, etc.)

Data Analysis. In total we collected nine hours of audio recordings, which were transcribed
before being analyzed via thematic analysis [13], wherein we analyzed transcripts with multiple
passes reading each transcript, allowing an initial set of codes to emerge. The first author conducted
the analysis and synthesis of these transcripts, which took place after quantitative data analysis.
This process initially resulted in 88 codes, and after iterating on feedback with other authors
eventually evolved into 34 codes ranging from "idiosyncracies of long term care" to "outdated or
inaccurate knowledge." Codes were clustered into 6 high level themes such as "process efficacy”

"on

containing codes e.g. "measurement challenges", "redundancy of work", or the theme "placement

non non

fairness" containing codes e.g. "perceived rush to discharge", "patient difficulty”, "re-admissions."
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Table 3. Summary of our study findings.

Theme / Finding Section

Why Discharge Coordinators Use Our System 5.1

Coordinators find our system surfaces data more accurate than state data and helps them with placement. | 5.1.1

Prior to our system, inaccurate data led to excessive repetitive labor. 5.1.2
Coordinators find faster, more accurate information may help address burnout. 5.1.3
Why Care Homes Use Our System 5.2

Care homes exchange fast changing information with our system consistently. 5.2.1
Our system enables a gain of information for care homes. 5.2.2

Design of an easy-to-use communication channel, that aligns with existing workflows, increases its use. | 5.2.3

Uncovering Fast-Changing Information and Preferences 5.3

Our system shows that home vacancies change rapidly over time. 5.3.1
Homes communicate preferences through our system, but may over-restrict their patient pool. 5.3.2
Preferences help avoid miscommunication about a patient, stakeholder incentives remain a challenge. 5.3.3
Opportunities and Limitations of Automating Placement Processes 5.4

Participants perceived an opportunity to improve our system to help with scheduling and assessments. 5.4.1
Data from our system enables coordinators to give their perspective to homes about patients. 5.4.2

These themes were then combined with our system usage data to form the mixed methods analysis
presented below.

5 Findings
This section interweaves quantitative data collected via our system with qualitative insights from
our interviews. Table 3 provides an overview of our findings.

5.1 Why Discharge Coordinators Use Our System

We begin by discussing how coordinators use our system, primarily replacing use of state provided
data. We detail how the system reduces repetitive labor, decreasing burnout and leaving more time
for non-automatable tasks.

5.1.1 Discharge coordinators use our system. We begin by demonstrating that our system is used
by coordinators. For a relatively new system deployed in practice, we saw a substantial fraction
of such long-term stay patients added to the system: 155 patients out of a total of approximately
400-500 such patients that the hospital would receive over the 14 month deployment. Although the
total number of long-term stay patients is relatively small (i.e., 400-500), we note that this group is
especially hard to place and makes up the single largest proportion of post-acute bed days at most
hospitals: 1 in 7 nationally, and closer to 1 in 5 in our context [28]. Over the deployment period, 155
patients were added to our system, and coordinators have confirmed that 127 of these patients were
discharged. Coordinators confirmed that at least one-third of these placements were to homes first
contacted using our data and stated, "We found several accepting [homes] from using [this system]”
(H1). The original source of the remaining patients is unknown, and some home placements may
have been first contacted using other channels, such as community referrals. Although these other
channels may still contribute to sourcing potential placement locations, coordinators shared that
our data has replaced their use of state data. H6 told us, "[with state data] you would get a lot of T'm
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Data refresh every 105 days
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Fig. 4. Via simulation, the expected number of phone calls as a function of data refresh rate. Overall, the
expected number of calls with a refresh rate of 21 days is 6 calls/patient. With a data refresh rate of 105
days, it is 18 calls/patient. We show two 105 day refresh cycles, and ten 21 day refreshes overlapped, with
significant peaking of needed calls between 11 and 21 days, this sustains for the remainder between each 21
and 105 day cycle, which constitutes the ‘runaway labor’ we seek to alleviate, and sharply drops after a 21
day refresh.

full, I don’t have any vacancy’, so it was really time consuming ... [now we] mainly go off [this data],
this at least narrows it down to people who actually have an opening."

5.1.2  Addressing runaway labor. As suggested above, the state data often led to coordinators calling
homes that did not have a vacancy, even though the state data does contain vacancy information.
To provide further intuition for the challenge tackled by our system, we formalize and quantify
this effect, through a calibrated simulation of how coordinators call homes to match patients. We
demonstrate that slow data refresh rates lead to "runaway labor", where relying on stale data means
that coordinators may eventually call homes essentially at random.

This simulation was constructed using shared expertise with respect to current call workflows.
At a high level, simulated coordinators call homes each day. They prioritize calling homes who,
based on the latest available data, have vacancies and would be a match for the patient. However,
each home’s vacancy and capability status may change over time. Coordinators only have data
from the last data refresh and from previous calls, so their data may no longer be accurate if a
home’s status has changed. Details are available in Appendix 9.1. We calibrate the parameters of
our simulation to our findings regarding the state provided data and our system’s data.

Figure 4 shows the average number of calls made (across multiple simulation runs) over time, at
different refresh cadences: either every 105 days, representing historical state data refresh rates, or
every 21 days, representing our system data. With fresh data (right after a data refresh, as indicated
by the striped vertical lines), the coordinators only have to make a few calls, as the homes who
had a vacancy at the last refresh still likely have a vacancy. As the data grows stale, however, the
number of calls required to successfully place a patient grows rapidly, which we call “runaway
labor” Eventually, with stale data the coordinators are calling essentially at random (which would
have a call success rate of about 5%, or 20 calls until a home with a vacancy is found). Overall,
more timely data in our simulation leads to a factor of three reduction in the number of phone calls
needed between coordinators and care homes.
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Coordinators we interviewed noted that, in practice, they can experience far greater call counts
with state data. For example, one participant described how, with state data, “it would take them
hundreds and hundreds of calls before they could get any kind of hit.” (H2) As such we note that
our simulation likely underestimates ground truth, which we understand is largely due to not
incorporating other factors discussed in the background such as having a visitation fall through or
other complex home preferences that may prevent matches.

5.1.3 Addressing Length of Stay and Burnout. A key long-term goal of our system is to reduce the
length of a patient’s post-acute hospital stay. We initially believed that being able to measure a
reduction in length of stay would determine whether the system should continue to be used: if it
was not measurably reducing length of stay, there was no use in continuing the system. However,
patient length of stay is a function of many other factors, such as time varying effects, patient needs,
home availability, among many others, meaning measurements, for example, of a counterfactual
to a patient placement that reduced length of stay are highly complex. While reducing length
of stay remains a central goal, we learned from interviews that there are immediate challenges
workers face in their current day-to-day workflows, and we can do a lot of good to support their
decision making processes. In particular, we find that our system helps reduce workloads, enabling
coordinators to carryout more patient-focused work. Coordinators emphasized that the efficacy of
our system—in reducing the number of calls needed—helps to mitigate burnout among staff, and
this directly ties to job satisfaction:

“What they used to do felt thankless and redundant ... [coordinators] are the ones that the whole care
team looks to, to be like, ‘When are we getting this patient out?’ So they feel a lot of responsibility
... [with] this system we have definitely seen some improvement in job satisfaction because it’s
actually effective at matching patients to [vacancies].” (H3)

Throughout our study, participants discussed how the state provided data was out of date; in
some cases home operators had either retired, closed, or were otherwise no longer operational. We
received SMS responses from 28 homes that provided information such as "Sorry, just retired" (SMS).
Without our system, a coordinator would not know that a home had ceased operation and might
needlessly try to call. Instead, coordinators we interviewed discussed how our system enables them
to perform more human-specific tasks rather than fighting through repetitive failed attempts at
contacting non-operational homes:

“[This system] allows the coordinator to perform at the top of their skill set and have meaningful
conversations with interested caregivers .. it takes away the inefficiencies and the time suck that is
calling people to only get an out of service phone number." (H2)

Although we did not quantitatively measure burnout for discharge coordinators using our system,
this feedback suggests the system may help to reduce burnout by reducing redundant work, even if
it may be for similar measured output with respect to a patient’s post-acute hospital stay.

5.2 Why Care Homes Use Our System

We now analyze system usage among care homes and factors that contribute to continued usage,
concluding that community alignment matters: it is essential to design an information gathering
system that integrates with existing workflows and stakeholder priorities.

5.2.1 Care homes use our system. We saw sustained, rapid engagement throughout our deployment,
with 99% of messageable homes responding at least once during the deployment: of the 1,047 homes
messaged, 1,042 responded at least once. On average, about 40% of homes responded to any single
survey. Figure 5 shows that engagement is sustained over the deployment. This level of voluntary
engagement is higher than standard, modern phone polling rates. As a point of comparison, modern
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Fig. 5. Alineplot with 11 markers representing each survey, and corresponding percent of received responses
across the participating 1,047 homes, between July 2022 and April 2023. We show an initial plateau from 64%
response steadying out between 35% and 44%.
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Fig. 6. Bar chart showing the proportion of responses received within ‘N’ hours, where by the end of the first
hour, labeled ‘1°, 36% of responses are received. Response rates drop dramatically after the third hour; 83% of
responses are received within the first three hours, following a long tail ending at hour ‘8’.

political polling by phone has less than a 5% response rate [6]. We also found that homes responded
quickly: 83% of responses were received within three hours after a survey is sent (Figure 6).

We note that homes do not only respond when they have a vacancy; many respond to confirm
a lack of a vacancy. Among homes that responded after not responding for two or more survey
periods (about 6 weeks), only 10.8% stated they had a vacancy; the other 89.2% confirmed that they
were full. Home operators also shared largely positive sentiment, with 22% of all received messages
containing the word "thank".

5.2.2  Gaining Information. One reason that homes use the system is that they see how coordinators
use the data they provide. Throughout our deployment, coordinators shared their use of vacancy and
preference data to arrange phone calls, follow-up calls and visitations; subsequently, we saw homes,
over text, indicate that they had "received your call, will call you back" (SMS). Interview participants
confirmed this observation, for example: "Yes, I received a call from [a coordinator], I remember ...
told her, do you want me to assess the patient?" (CH4). These findings provide encouraging signs
that home operators see their updates are being used by coordinators to make decisions.

Our system also provides more personalized information to homes, including about potential
new candidate patients they might otherwise not have learned about. As discussed in Section 3.2,
after a home confirms a vacancy and has an eligible match, they may be provided personalized
information that includes de-identified information about specific potential patients. Coordinators
saw our system leading to care homes that “are highly motivated to use this system because they
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Fig. 7. Boxplots of when survey responses were received after a survey was sent, showing better engagement
in the morning. We observe faster responses and a net increase in responses when survey waves are sent
in the morning: on average, we receive responses from 401 homes when surveys are sent in the morning
versus 336 homes when surveys are sent in the afternoon. Note that we cannot make causal claims regarding
response rates, as survey timing was not randomized and we instead prioritized morning communication.

know that they do get way more information than they do from [coordinators]. They get accurate
information. For those who have had successful placements, they know that it works” (H2).

Care home operators noted that our system may especially benefit homes that are more open to
accepting patients and that have fewer constraints “because they’re willing to accept the challenge
...they don’t look at so many things” (CH2). Home operators also discussed how, with some patient
descriptions, they can easily know “if I look at those texts, I already have a feeling like oh yeah this
[is not] appropriate for me” (CH2). This suggests that the patient data received via SMS or through
calls that result from information exchange over SMS is sometimes sufficient for homes.

Importantly, we note that although our system automates some personalized information transfer,
there is nevertheless a substantial human component. Automated information provides the basis
for a phone call between a coordinator and home, and a potential in-person assessment. The system
thus combines automated information transfer and human skilled labor, focusing human effort on
the type of information and work that cannot be automated.

5.2.3 Factors to Sustained Use. Beyond using our system to gain information, we note several
factors that contributed to sustained use over time. A central design choice in our system is the
exchange of information over SMS. As one home operator explained, many care home operators are
older and would rather not have to learn an app “or website or anything, they don’t like that” (CH2).
Furthermore, software that may be normally used by coordinators may not be appropriate for care
home operators: “using [healthcare software] is a beast. It’s not something that you can quickly get a
hang of like SMS” (H3).

Motivated by the need to align the system with existing workflows (which itself motivated the
selection of SMS as a communication channel), we analyze whether survey response variance
across waves is due to message timing, a factor discussed in prior work [7, 37, 61, 73]. Figure 7
shows that we observed more and faster response rates for messages sent in the morning, with
responses decreasing and slowing down as the day progresses. This finding is consistent with the
work day of a home operator: once the day has begun, patient care work becomes more pressing
than engaging in an SMS survey, and is consistent with prior work showing that generally SMS
participants in similar contexts will either respond promptly or not at all [37].

We also note that we sent personalized status update requests rather than general messages.
We asked directed questions such as "Our last update from you was the following", as opposed to:
"Do you have any vacancies?" This signaled to users that their messages were being stored and
they had a status they could update, meaning their answers were not being ignored. When their
status from the previous survey was communicated back to them, home operators often corrected
it, for example, with “actually no longer medicaid.” (SMS). We further enabled homes to respond
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by simply saying “confirm” to confirm their status, finding this response received high usage: of
homes reporting an unchanged status, 40% used the “confirm” option.

5.3 Uncovering Fast-Changing Information and Preferences

We now analyze our system data to uncover (1) that vacancy information is fast-changing, with
only about 20% of vacancies being reconfirmed in the following survey, and (2) that homes express
preferences about patients, which may change over time. These findings underscore the importance
of faster-updating, informative communication channels. Finally, we note the ambiguous effect of
more information provided to care homes, and the challenges inherent in communicating subtle
preferences via an automated system. This analysis was also used to inform our simulation of
runaway labor (Figure 4).

5.3.1 How many vacancies are there at any given time and how long do they last? At each wave, care
homes primarily responded to communicate if they have a vacancy. Figure 8 shows each response
for each home over survey waves: whether homes responded, and how many vacancies they had.
Following individual strands from left to right, representing single homes, one can see homes who,
for example, were completely unresponsive, through to homes who consistently confirmed no
vacancy, to homes who had communicated sporadic vacancies. On average, about 55 homes indicate
a vacancy during each response. In our system, we impute non-response to a survey asking about
vacancy as no vacancy; homes were both informed of this via messages and shown this status
in the subsequent survey. This choice enabled coordinators to prioritize calling homes that were
most likely to still have a vacancy. It also enabled homes to simply not respond if they don’t have a
vacancy and thus may not see a benefit in responding.

In our system, vacancies are filled quickly. Of the average 55 homes that indicate a vacancy
during a survey, only about 11 also confirm a vacancy in the following survey; a further 20 homes
respond that they no longer have a vacancy. Figure 9 further shows the conditional autocorrelation
for home vacancies across surveys: given that a home has a stated vacancy at a survey, what is
the probability they state a vacancy 7 surveys later? Only about 20% of vacancies last to the next
survey and about 10% last 2 surveys. We note that this quick churn (as surveys are typically about
21 days apart, compared to the state data update frequency of 105) suggests that a data update rate
of 105 days is insufficient to guide calling decisions: far before the data is updated, listed home
capacities would no longer be informative.

5.3.2 Do homes have preferences about patients and are they consistently communicated? Beyond
vacancies, home operators also express and change their capabilities and other preferences, such as
the medical needs and patient sex. These preferences are important and substantially influence
matches. Coordinators reiterated that “if everyone could do everything, then it wouldn’t be so hard
to match” (H3). Here, we analyze preferences for patient sex or weight, which we saw were
subject to change over time. For example, one home operator changed a preference to not take on
heavier clients "due to recent pregnancy” (SMS). Preferences are thus important to communicate to
coordinators attempting to place patients. In our data, 289 homes stated explicit sex preferences and
6% of these changed their preference at least once. Meanwhile, 340 homes stated weight preferences,
with 10% of these changing their preference at least once during the deployment.

The consideration of what constitutes a preference is also subject to interpretation. For example,
homes may be willing to forgo their preferences if it means receiving a patient. Coordinators
pointed out that homes may "blame [inability to take a patient] on a capability, when really it’s
a preference” (H3). This distinction, between a capability and a preference, we interpret as the
difference between a hard and soft constraint. A capability, or hard constraint in this context, means
the home is trained to handle a specific condition or has the requisite infrastructure (e.g., being
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Fig. 8. A heatmap showing each participating
home on the y-axis, and their vacancy status over
11 survey periods. Four increasing shades of color
represent heat, the lightest, white, representing
no response, makes up a quarter of the heatmap,
the next darkest, beige, representing a confirma-
tion of ‘0’ vacancies, and makes up a large ma-
jority of the heatmap, with only a few speckled
purple and black marks representing ‘1” and 2+’
vacancies respectively.

Fig. 9. A plot that shows: if a home states a vacancy in
a survey, the probability that the same home also states
a vacancy 7 surveys (21 days) later, i.e., the probability
a vacancy lasts over 7 surveys. The plot shows that
only 20% of vacancies are reconfirmed 1 survey after
they are initially shared, with confidence intervals +5%.
This suggests that the state data, which updates on
average every 105 days, would largely be stale and show
vacancies that no longer exist.

able to accommodate dialysis). Such capabilities differ from soft constraints, or preferences, such
as preferring that patients are ambulatory or not, or preferring patients between specific weight
brackets, which may be more subject to change. One home operator shared, "I thought [T would
only take] private [pay] initially, but just as a preference” (CH4). Four messages in our dataset also
shared, for example, that homes had not yet received a call from a coordinator, with one stating
“update update update, never get anything” (SMS). However, when we analyzed their responses,
we found they had provided constrained preferences, such as a low weight limit that few patients
meet and would likely not yield a match. This unintended consequence of a preference yielding
no possible matches occurred for a small number of homes. Future work is needed on how to
communicate potential consequences of such preferences and to enable homes to express more
flexible preferences versus hard constraints (e.g., that they would prefer patients below a certain
weight but may be willing to accept someone above that).

5.3.3  What level of preference communication is appropriate? Additional complicating factors to the
placement workflow include accurately communicating patient information and home preferences,
and also accounting for different incentives of care homes and coordinators when information is
exchanged. Care homes must cope with the challenges associated with accepting a patient and
want to avoid taking patients that might be too challenging. Meanwhile, coordinators may be
working to place patients in a home to reduce their length of stay and may be wary of homes that
refuse patients. We now study the role of such incentives during the placement process.

When asked to consider if their preferences were indeed necessary, care home participants
elaborated that, especially with the complex patients our system primarily serves, they perceive
that coordinators want to get them discharged and, as a result, not all information may get conveyed
about a patient that is seemingly feasible for them to foster:
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“Their focus is ‘Get this patient out’. Like their acute stay is up, Let’s get them out, find a home
for them.” But when I asked them, ‘Hey, so does that patient have a guardian? Who takes care of
the finances? Do you know how much the patient makes a month?’ [Coordinators] are like, ‘Oh, I
don’t know’ ... their level of care, sometimes they don’t send it with the referral.” (CH1)

Gathering accurate information is a priority for home operators when receiving or looking for
patients; they know that others might be incentivized to place a patient, but they will be the ones to
bear the burden if finances are not in place or the patient is more challenging than communicated.

Coordinators raised concerns around the volume of patient information that could be shared
with a home over SMS. They also noted that “homes] can be picky about who they place into
their homes” (H6). Coordinators further stated that although homes might make more informed
decisions given more information, “they might get super nitpicky. They see something in [the patient’s
information] that’s from like 10 years ago and it may not even be relevant to the patient anymore” (H6).
They further expressed that communicating complex information might mislead homes: “[homes]
don’t understand, so even if they got the [patient’s]| chart they would be seeing outdated data” (H1).
Similarly, home operators discussed how, ultimately, automated information exchange alone will
be insufficient for the final task of placing a patient:

“Tthink it’s very important that actual assessment should be done. Because it’s impossible. I could
have received all those texts... I would still want to do my assessment.” (CH2)

These challenges underscore a limit to communicating preferences through automated channels
like SMS and stakeholders’ concerns around accurately conveying preferences; these include
coordinators’ concerns that care homes may strategically alter their behavior to ‘game the system’
as a result of “too much transparency”[39]. Coordinators also believed that patient matching should
be less subject to preferences to promote equitable patient treatment: “If we’re truly dealing with
patients from an equitable standpoint... [matching] should be pretty objective based on the patient’s
care needs” (H3), and to this end furthered a need for stricter certification requirements due to the
difficulty in matching:

"[State licensing] should make ... you get certified just if you can [cover] all those capabilities ...

[and if not] can [state licensing] mandate that they use [your system] and mandate that they do

these check-ins?" (H3)

However, our state participant clarified that their work is focused not on deciding what capa-
bilities care homes can cover, and instead handling “reports of agencies placing [into] unlicensed
care homes” (S1), further clarifying the purpose for their data updates, and suggesting potential
limitations to policies addressing placement challenges:

"The problem is ... care home operators will intentionally misrepresent that they have vacancies
to get more business, or at least [referrals], so we seldom get updates that they don’t have any
vacancies ... unfortunately there’s no requirements in the administrative rules that they provide us
with accurate data as far as [vacancies are] concerned.” (S1)

5.4 Opportunities and Limitations of Automating Placement Processes

Lastly, we discuss considerations associated with improving scheduling and assessment outcomes
and the role agencies play in patient placement.

5.4.1 Opportunities to improve placement beyond initial calls and conversations. We model place-
ment as shown in Figure 1: getting a coordinator to make a call and have a conversation that leads
to interest in a patient, then a scheduled visitation, and finally a placement. Our system currently
seeks to improve the initial parts of this process: improvements to calls which led to conversations
and interest in patients that accounted for preferences. Beyond these initial stages, participants
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envisioned future improvements to our system that might help later stages in the placement process,
namely scheduling and visitations.

Care home operators saw our system as potentially enabling them to conduct in-person patient
assessments on their own terms:

“You [could] have standing appointments that are shared over SMS. Open assessment or date of
assessment should be applicable to all the caregivers, like the date and time. Because you will have
more caregivers that would respond to that.” (CH2)

Suggesting that, by allowing homes to schedule into open assessment slots, they would be more
proactive in taking on patients. On the other hand, coordinators cautioned “even if there were open
appointments, we need to wake up the patient and prepare them” (H5). They agreed that “we should
be making it so that we’re available for the [home] ... we should be able to accommodate that” (H3).
Currently, assessments are scheduled in low volumes one at a time. Participants saw the potential
for our system to scale up assessments, potentially increasing efficiency, though they cautioned
about the challenges managing multiple caregivers assessing one patient: “Oh, it’s gonna be chaotic
...all the caregivers at the same time doing assessment for one patient” (CH2). Coordinators shared
that while they do schedule single assessments at a time, they rarely have a single assessment result
in a placement, meaning scheduling assessments also requires overbooking interest in a patient
such that multiple homes are given a chance to decide on taking on a patient.

With respect to visitations, coordinators empathized that the challenge in assessing a patient
reaches beyond scheduling, and that care homes carry out difficult work simply to visit patients
in-person: “They have to find a ride, they have to find a replacement to replace them [at the home].
It’s not like the case management agency is doing all this for them” (H2). A coordinator also noted:

“I think for a caregiver who’s taking care of [activities of daily living], you shouldn’t need to do an
in-person assessment. It could all be telehealth. Because you could show them the wound. You could
show them everything. The head to toe. You could get to know the person, lay eyes on them, start to
match the condition with the person. So I think it would lead to a much quicker placement if they
didn’t have to visit [in person].” (H3)

This participant went on to add that the speed with which SMS messages are received means
“you could do like, ‘Hey, I have you [texting] right now. Let’s switch to a [virtual assessment]’” (H3).

5.4.2  Considerations around agency involvement. While participants imagined several future im-
provements enabled by our system, our system exists within a complex multi-stakeholder ecosystem.
As such, non-hospital community partners can play important roles assisting in patient placement,
which our system does not replace. One such entity is a Case Management Agency (CMA) who, in
some cases, can serve as an alternative match-maker between discharge coordinators and homes.
Their role was self-described during our interviews as "make sure the [patient] is placed in a good
place... we see them once a month... we make sure the caregivers are doing their job" (CM1). Our
CMA participant emphasized the importance of their human work in this process, namely in
clarifying misconceptions about a client, in a way that simple information exchange may not be
able to accomplish: T see the [coordinators] are like, ‘Help me place this patient.” I said, ‘No, there’s
no guardian. Don’t bother me with that one. I don’t want to stress out’” (CM1). They further view
their role as protecting care homes from difficult patients or identifying patients whose needs differ
from their medical charts.

Since our system was developed in collaboration with and for use by hospital staff, CMAs are
not its intended users. Some coordinators raised concerns about the system bypassing CMAs and
"going behind CMA backs" (H4), because coordinators "already send referrals to CMAs" (H4). Other
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coordinators argued that our system acted to help coordinators "assist CMAs with finding interested
caregivers, so if we find an interested caregiver, we refer them to the CMA" (H1).

At the same time, coordinators and care homes saw significant benefits to direct communication
with each other. Indeed, they discussed how CMAs often ask care home to call coordinators anyway
and that, by proactively communicating with care homes, coordinators share information that
homes would not have received from a CMA about a patient: "the [CMAs] usual response to patients
that are less than easy is ‘no interested caregivers’ (H1). Instead, the calls facilitated by our system
help coordinators voice their perspective on the patient directly to potential caregivers.

Simultaneously, we saw that care homes wanted to have more direct communication with
coordinators, perceiving that, by exchanging their preferences over SMS, they would receive
more frequent calls directly from coordinators. They were also dissatisfied with CMAs: "CMA’s
are charging like crazy for placement. [If] I share updates over SMS, I want a call from you [the
coordinator] not the CMA” (SMS). We see clear benefits to directly connecting coordinators and
care homes via our system. Such communication may both help and harm CMAs, who work as
middlemen in the patient placement pipeline. Future work might consider if or how it may be
appropriate to expand data access with CMAs.

6 Discussion

This paper presents an information sharing and decision support system that helps coordinators
place older adult patients into adult foster care homes. As a working system in a high-stakes domain,
it must continuously engage with stakeholders, integrate with existing workflows, and enable
coordination among stakeholders. Here, we discuss challenges and opportunities associated with
the long-term viability of such a system: (1) the importance of centering improving workflows as
opposed to just end metrics; (2) opportunities to support coordination and flexibility in patient
placement processes; and (3) sustainably and ethically scaling across contexts.

6.1 Centering improvement of workflows as opposed to end metrics

Our system tackles what can be understood as a matching problem: how to best match patients
ready for discharge with homes who have vacancies. As such, natural end success metrics may
include the number of matches our system finds, the quality of those matches, and how long
post-acute patients must stay at the hospital waiting for a placement. Related high-stakes dynamic
matching and algorithmic decision support literature has followed this approach of primarily
measuring against such end metrics, such as organ exchange [5] with respect to maximizing organ
availability while minimizing donor swaps; risk assessment tools in criminal justice [32] that aim
to recommend whether someone should be released; resource allocation in homelessness settings
to decide allocations that minimize simulated recidivism to homelessness [64, 80]; and matching in
refugee resettlement [3] to maximize placement success, such as employment likelihood.
However, although we are able to quantify that at least a third of the patient placements we focus
on can be traced back to our matching efforts (Section 5.1.1), we cannot yet compare against the
counterfactual placement rate for these patients without our system, i.e., if they would have been
placed regardless of our system. Instead, our contribution is to show that, by provisioning accurate,
timely information to support decisions along a pathway to placement—even absent sophisticated
matching algorithms optimizing for an end-metric—we create improved stakeholder workflows.
We demonstrate a foundation towards dynamic matching that also prioritizes maintenance of
up-to-date information (as opposed to a static dataset) and enablement of matching given the data.
Towards building on this foundation, one example for how our system might optimize toward
an end-metric might be to gather data about prior patient placements, and generate a forecast for
placement difficulty in order to help workers in prioritizing the placement of new patients as they
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come in. Such an approach would be similar to the use of algorithmic decision support for child
welfare [22] which helps decide how to move forward while balancing potential new allegations
of child maltreatment with risk assessment scores. However, as several recent studies point out
[39, 69], such an approach may lead to misalignments between algorithmic predictions and worker
decision-making processes. While the decision support tools studied in this literature and our
system both support decision making at the earliest stages, such as when a new case or patient is
available, our work instead strives to center the immediate daily needs of the workers we seek to
support. This means working to surface fresh data on a regular basis about the potential available
resources for both care homes and coordinators: patients and vacancies, and thereby facilitating
timely exchange of up-to-date information.

6.2 Supporting coordination in patient placement processes

Key to our focus on supporting daily workflows is aiding the coordination work required for patient
placement. As discussed in Section 2.2, our system acts as a distributed coordination mechanism
between a heterogeneous array of external, individually-operated care homes, and an internal team
of hospital discharge coordinators. As detailed in Figure 1, discharging a patient is a multiple step
process that requires substantial coordination, starting with discharge coordinators making calls to
potential homes and ending with placement after a visit by a care home operator. In collaboration
with stakeholders, our design focused on the initial stages of this system: the rate at which calls
lead to conversations with compatible homes with vacancies.

One reason to focus on these initial stages is the relative ease with which technology is able to
automate the collection of vacancy and some capability and preference information from homes,
compared to the complexity of orchestrating an assessment. This information can be relatively
standardized, does not require patient-specific details, and reduces the likelihood that coordinators
repeatedly call homes without vacancies. By collecting this information via SMS, a widely accessible
communication channel, we see how our system successfully establishes a "shared platform of com-
munication” [11], which Bossen and Gronvall discuss as a key requirement to enabling coordination
among diverse stakeholders.

At the same time, our design heeds calls for coordination mechanisms that are "flexible enough
to enable standard and ad hoc communication and coordination” [11, 15]. In our case, although
there are benefits to maximally standardizing messaging and exchange of preferences and patient
needs, there are also benefits to providing flexibility in how care home preferences are set and
communicated (Section 5.3.2). One way our system affords this flexibility is by enabling home
operators to respond via natural language, rather than forcing homes’ responses to conform to
pre-specified structures.

However, this flexibility yielded new challenges. For example, we saw how some homes un-
knowingly expressed stringent preferences that precluded them from matching with any patient
(Section 5.3.2). Such homes may then become frustrated that using the system does not lead to calls
from coordinators about patient matches. Moreover, since a key benefit that homes derive from our
system is gaining information about potential patients (Section 5.2.2), homes may strategically alter
their survey responses, for example by indicating an openness to accept any patient, when in reality
they have constraints. While this may lead to the home receiving more calls from coordinators,
these calls may increase coordinator workload and be unlikely to actually lead to a match.

These challenges suggest rich opportunities for future work, towards a system that effectively
solicits granular care home preferences and constraints in a way that "enables a comprehensive
overview of required information and establishes shared understandings of information among collabo-
rators" [11]. For example, the system might alert homes whose resulting number of patient matches
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is either very low or very high, and provide opportunities for them to consider adjustments to their
expressed preferences and constraints.

Beyond care home preferences, we see further design opportunities to increase flexibility in
ways that aid the work of discharge coordinators. In particular, our current system design sends
surveys to homes at fixed intervals every 21 days, a period that was decided in collaboration with
hospital staff. Such a design may push discharge coordinators to schedule their work according
to when new vacancy data has freshly arrived. However, a more flexible model might instead
seek to instead provide fresh data to coordinators on demand, changing the system so that it
conforms to coordinators’ desired schedules. For example, a discharge coordinator planning to call
homes about a patient could request fresh data; the system could then send a survey to a subset
of homes that it determines are most likely to have a vacancy, and provide just-in-time data to
aid the coordinator. Across these future efforts, a key system design consideration will remain the
focus on how technology might automate work that can easily be automated, while supporting
coordinators and home operators in their more specialized, patient-specific workflows.

6.3 Sustainability and scaling present additional challenges

When deploying computational systems for high-stakes contexts such as ours, research has high-
lighted the need to plan early on for "sustainability, maintenance, and repair” [57]. To ensure
long-term sustainability, our system was built in close collaboration with our hospital partner and
carefully attends to their and other stakeholders’ priorities and workflows. As a result, the system
has been continually operating since February 2022 and, importantly, our hospital partner has
assumed financial costs of running the system, a clear indication that it provides value.

At the same time, we saw challenges to ensuring equitable access to the system. As detailed
in Section 5.2.1, some care homes did not have listed phone numbers and could not be reached
via SMS, while some do not regularly respond to our surveys. Especially as hospital discharge
coordinators increasingly rely on our system, more work will be needed to ensure these homes are
not excluded from patient placements.

In addition, only discharge coordinators in our collaborating hospital can currently access
our system and data. However, potentially expanding the system to include other hospitals in
Hawai’i will require caution. For example, complications may arise if discharge coordinators at
different hospitals “compete” to place patients with the same set of homes. Strategies will need
to be developed to ensure that both homes and hospitals equitably benefit from the system and
contribute to updating the system’s data after calls with homes.

Finally, future work is needed to understand if or how our system might work in other regions or
domains. Most states in the US offer some form of residential long-term care, and specifically small
scale adult foster care [31]. However, prior work [44, 48] has highlighted the significant challenges
in generalizability and cautioned against assuming expansion of deployments, and discussed the
important role that domain specific expertise can play in the success of any such expansion or
deployment [21]. For example, our system currently requires some manual labeling of home
responses before the database is populated; this labeling is not possible without an understanding
of the kinds of preferences homes have, as well as various stakeholder incentives (Section 5.3).

7 Conclusion

We design, build, deploy, and evaluate a conversational SMS system in Hawai’i, to aid in the
discharge of older adult patients from a hospital to adult foster care homes. We provide qualitative
and quantitative evidence that our system improves participants’ workflows by providing more
timely, accurate information to inform matches, aiding coordination between care homes and
hospital discharge coordinators. Taken together, our findings advance the CSCW community’s
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knowledge of how to design and deploy multi-stakeholder information collection and sharing
systems in high-stakes domains.
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9 Appendix.
9.1 Modeling Patient Matching and Efficient Labor

Algorithm 1 Patient Placement Simulation

Data: Ground Truth Vacancies and Capabilities Y, Knowledge of Ground Truth f/, List of
Patients (0o, 0;... On)

1: function PLACEMENTSIMULATION(patients, facilities, data refresh 7)

2 Sort ¥ by descending vacancies (e.g. 1, 1 ... 0, 0)

3 for patient in patients do

4: Set matched = False, update ground truth, Y

5 if patient = increment of 7 then

6 Perform knowledge refresh: set Y = Y; re-sort by descending vacancies

7: while not matched do
8 Call next facility from Y where the facility-patient pair is compatible
9: if Facility has a vacancy then

10: Assign facility to patient and update Y, ¥

Update facility state and knowledge for called facility

11 Return list of calls performed per patient

Simulation description. Our simulation is detailed as Algorithm 1. The simulation proceeds over
time, with N facilities, each with at most one vacancy (guaranteeing at least one facility that has
a vacancy). Each time step (day), the true status of each facility (both vacancy status and patient
preference) may update. Whether they have a vacancy is updated with probability p (otherwise,
their status remains the same as the previous time step). Whenever their status is updated, they
have a vacancy with probability g, and no vacancy otherwise. Preference updates are analogous.
However, the information system used by discharge coordinators does not have perfect data: rather,
the information system receives a knowledge refresh every r time steps. At each time step, a
discharge coordinator is attempting to place a single patient. They do so using the latest data that
they have available, calling only facilities that they believe have a vacancy and have preferences
that match the patient.

We calibrate the parameters to the data from our system. We set N = 1,047 facilities, with
probability of a vacancy at ¢ = 0.05 (as, at any given time, about % facilities respond that they
have a vacancy). Vacancy update probability p is set to be consistent with Figure 9, in which about
20% of facilities that have a vacancy at day ¢ still have a vacancy about 21 days later at day t + 21:
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i.e., p is set to be the solution of (1—p)?! + (1 - (1-p)?!)q = 0.2, implying p ~ 0.08.® For simplicity,
we just model sex preferences, and model these preferences as static: 60% of patients are male, 40%
are female; 80% of facilities have no sex preference, while 13% prefer females. Finally, we simulate
two data refresh rates: every 21 days (matching our system), and every 105 days (matching the
mean update cadence for the state data).

Received January 2024; revised July 2024; accepted October 2024

3Either this facility never had their vacancy status updated, or had their status updated at least once and the last update led
them to having a vacancy.
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