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Abstract 
As the population ages and an increasing number of adults 
want to age in place in their homes, they will rely on a net-
work of family, friends, and other caregivers to provide vari-
ous forms of assistance. Coordination across this loosely con-
nected network is a common challenge, requiring information 
sharing, schedule alignment and task coordination. Here, we 
propose that artificial intelligence (AI) may be used to de-
velop tools to help loosely connected care networks develop 
better collective cognition.  Specifically, we focus on helping 
members of care networks develop a transactive memory sys-
tem, or a shared system for storing and retrieving knowledge 
that expands the capacity of a group to effectively use infor-
mation. In this paper, we describe the motivation for our 
study, and our planned research program based on the use of 
an online experimental platform facilitating human-AI col-
laboration to develop and test tools to enhance collective cog-
nition in care networks. 

Introduction    
 The average age of the world population has been pro-

jected to continue to rise steeply through the rest of this 
century (Lutz et al. 2008) with almost 40% of the popula-
tion in the US over age 60 by the year 2100 (Tuljapurkar 
et al. 2000). As the amount and type of assistance needed 
increases for most adults as they age, older adults increas-
ingly rely on family and friends for help. Today, over 53 
million Americans are estimated to be caregivers to a 
family member marking a significant increase over the 
last few decades (Binette et al. 2021). 

 When caregiving responsibility falls primarily on one or 
a few family members, it can become physically and men-
tally taxing, underscoring the urgent need for support for 
these vital roles (Trivedi et al. 2014). However, the di-
verse range of needs of most older adults can be signifi-
cant, including everything from daily check-ins and assis-
tance with activities of daily living, such as bathing and 
eating, to managing complex interactions with the 
healthcare system (Peek et al. 1997) making coordination 
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of many helpers quite complex. However, when a care 
network — or a loosely coupled group of family, friends, 
and/or paid caregivers — can be effectively coordinated, 
it can result in a significant positive impact on the daily 
lives and overall well-being of the recipients (O’Caoimh 
et al. 2016). 

 A core challenge of coordination in a care network is 
managing collective information, particularly helping 
members understand who knows what or who needs to 
know what. A survey and interview study involving 2,000 
caregivers in the USA highlighted a variety of difficulties, 
including communication breakdowns, scheduling con-
flicts, and the management of caregiving responsibilities 
(Schurgin et al. 2021). Many caregivers reported chal-
lenges in getting information to the right people or ensur-
ing coverage when care is needed and alignment on tasks. 
Furthermore, caregivers may understand their role and 
tasks, but lack knowledge of other caregivers' activities or 
important information that could affect the overall well-
being of the care recipient (Li et al. 2023).  

 These challenges underscore the critical need for better 
systems to support the collective intelligence (CI) of care 
networks to enable them to effectively share information, 
coordinate tasks, and make informed decisions (Woolley 
et al. 2024). In this research program, we focus on the role 
of AI-enabled tools to support the collective cognition 
necessary for collective intelligence to emerge. Here we 
focus on tools to support the development of collective 
memory. 

Transactive Memory Systems 
An area where AI-enabled tools could be leveraged to en-
hance CI is in helping care networks develop a transactive 
memory system (TMS), or a dynamic system consisting of 
member’s understanding of each others' knowledge and 
skills that facilitates allocation and retrieval of information 
to and from the most appropriate member (Argote et al. 
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2012). TMS develops via three transactive processes that 
maximize capacity for storing information and utilizing it 
effectively: updating, allocation, and retrieval. In traditional 
teams, whether co-located or distributed, learning and up-
dating “who knows what” occurs as members cooperate to 
accomplish interdependent tasks and observe evidence of 
others’ competencies. Allocation occurs as members direct 
new, incoming information to others who are most likely to 
use it and store it. This is enhanced by updating via ongoing 
experience, and expands the total useful information capac-
ity of the network. Specialization develops as a consequence 
of the consistent allocation of new information within a par-
ticular domain to the same member (and information from 
other domains to other members). Retrieval is, in turn, en-
hanced as members direct inquiries in certain domains to the 
associated member, which minimizes the time required for 
retrieving knowledge. By reliably and successfully respond-
ing to others’ inquiries in a knowledge domain, each mem-
ber establishes credibility with the others and solidifies the 
network’s shared beliefs about each member’s expertise.  

 Research on TMS was initially conducted with co-located 
team members, but a growing number of studies demon-
strate its benefits in distributed and virtual teams, working 
synchronously or asynchronously (Yan et al. 2021). Tech-
nology can facilitate TMS developments, particularly when 
used to facilitate communication, but when tools are used as 
substitutes for human cognition to store directory infor-
mation about who knows what, it can undermine team ef-
fectiveness (Gupta et al. 2018). 

 The rapid advancement of AI tools, particularly in under-
standing, recording, and retrieving relevant communication, 
offers significant potential to enhance the coordination of 
home care networks by assisting them in developing a trans-
active memory system (Faraj et al. 2019). By utilizing natu-
ral language comprehension and generation technologies 
such as large language models (LLMs), AI could stimulate 
information seeking and sharing among care network mem-
bers that serve as the engine of TMS, and potentially avoid 
the downsides of supplanting the development of shared 
cognition that occurs if technology is used to simply store 
the information (Sparrow et al. 2011). Facilitating TMS de-
velopment would supply one of the key components identi-
fied by the Transactive Systems Theory of Collective Intel-
ligence as essential for developing collective intelligence in 
many settings, including healthcare (Gupta et al., 2021).  

 Here we describe an approach to leveraging AI more gen-
erally in the context of full-cycle research (Chatman et al. 
2005), which enables researchers to triangulate between di-
rect observation of phenomena and more controlled experi-
mentation to refine their understanding and, in our case, test 
tools that will robustly support the forms of collective cog-
nition that we know can enhance team coordination. 

 
 

Full Cycle Research 
Full-cycle research is a dynamic and iterative approach to 
scientific inquiry that emphasizes the continuous interplay 
between field observation, theory development, and experi-
mental testing (Chatman et al. 2005). The approach is novel 
in the context of academic research, where qualitative and 
experimental methodologies are typically siloed and con-
ducted within different subdisciplines of a field (if not in 
different disciplines) and published for different audiences. 
Over time, multi-method approaches or comprehensive re-
views might connect and cross-pollinate ideas, though de-
velopment typically follows a linear progression from more 
qualitative and exploratory to more focused and quantitative 
methods, with application to real-world problems as an af-
terthought. 
 By contrast, full-cycle research advocates for a cyclical 
process where insights from natural settings inform theoret-
ical models, which are then rigorously tested in controlled 
environments, such as experiments, and subsequently vali-
dated back in the field. This approach ensures that research 
findings are not only theoretically sound but also practically 
relevant, offering a comprehensive understanding of com-
plex phenomena. Such an approach parallels widely used 
model in software development and product management, 
such as the V-Model, which proceeds from design (rooted 
in understanding requirements), to implementation (where 
code is rigorously tested), and then to integration (where the 
resulting software is tested by users to ensure it meets re-
quirements.) What is novel about full-cycle research is its 
application to the development and application of scientific 
theories, often involving a variety of scientists in different 
subfields or disciplines, and their application to real-world 
problems.  A contribution of this research program is the ap-
plication of full cycle research in the context of application-
oriented multidisciplinary collaboration, where real world 
use cases are combined with relevant theories to devise po-
tential solutions that both advance the underlying science 
and its application. 
 By implementing full-cycle research in the development 
of AI-based tools for enhancing transactive memory sys-
tems (TMS) within care networks, we build from initial field 
observations and interviews with caregivers to provide the 
foundation for identifying key areas where TMS can be im-
proved, particularly in managing the coordination required 
to help the elderly age in place. These insights inform the 
design of our AI-based tools, which are then tested in a con-
trolled experiment for their impact on TMS development. 
 To conduct our controlled experiments, we developed the 
Collaborative Caring Virtual Testbed, a digital environment 
simulating a caregiving situation. In this testbed, partici-
pants are assigned roles as caregivers to care for a recipient 
with ongoing emergent needs. As they handle routine tasks,  
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Figure 1. The main interface of the Collaborative Caring 
Virtual Testbed, featuring (a) a care recipient, (b) tasks such 
as medication management, (c) environmental objects, (d) 
optional status indicators, (e) a simulated interactive care 
network, and manipulatable caregiver instructions and tools. 
 
 
diagnose unexpected problems, and address them, they con-
sult notes and information provided by other members of the 
care network and reach out to them for assistance. Synthetic 
team members (implemented using adapted language mod-
els) are developed and tested to serve as facilitators of trans-
active memory system development among the members of 
the care network, allowing us to evolve effective app-based 
tools for future testing in field settings. 
 The cyclical nature of our research allows us to refine our 
tools continuously, ensuring they are adaptable to the evolv-
ing needs of different care situations. By moving back and 
forth between natural observations and controlled experi-
ments, we can validate the efficacy of our interventions, en-
suring they are robust, generalizable, and capable of produc-
ing tangible improvements in care network coordination. 
This iterative process not only enhances the practical ap-
plicability of our tools but also contributes to the theoretical 
understanding of how TMS develops and how AI can facil-
itate collective cognition in complex social networks. 
  
 
 
 

Large Language Models and TMS 
Large Language Models (LLMs) can be instrumental in 
helping care networks develop a TMS. At the most basic 
level of AI support, ‘Content’ AI support can assist mem-
bers of a care network in locating information and its asso-
ciation with other members to help all contributors build a 
shared understanding of who knows what. In addition, this 
Content AI support could proactively solicit information 
from the care network to ensure important details are made 
available to other members and consolidated to identify im-
portant new patterns or developing issues. Such a function 

can result in an important knowledge base that can be que-
ried as problems emerge, and help build a shared under-
standing that adapts as the situation changes. 
 Another form of support for the care network is “Social 
AI Support,” which in addition to providing content can also 
serve to build and reinforce members’ understanding, cred-
ibility and trust of one another. Such an assistant would be 
cognizant of building members’ awareness of the source of 
information, prompting each other for mutual assistance as 
needed, and helping make contributions visible by com-
municating about them to the network.  
 Leveraging our understanding of TMS within teams, the 
provision of Content and Social AI Support could not only 
aid in the effective distribution of tasks and information but 
also ensure that all members are aligned with the current sta-
tus and needs of the care recipient, thereby minimizing the 
risk of errors and enhancing the overall efficiency of the 
caregiving process. Such AI-enhanced tools could funda-
mentally improve how care network members communicate 
and collaborate, making the care process more seamless and 
less prone to the common pitfalls of miscommunication and 
task misalignment. Additionally, such support could help 
‘bootstrap’ networks with member turnover or dynamic 
membership perform to the level of more mature, perfor-
mant teams. 
 However, extending AI support beyond content and into 
social interaction has many potential risks, and exposes the 
system to rejection by the network participants if the result-
ing system interactions fail to be sufficiently useful or seam-
less. An important research question in this program exam-
ines a core assumption underlying the interaction between 
AI support, transactive memory support, and social interac-
tion - can a sufficiently useful AI support system develop 
and reinforce team transactive memory by shepherding so-
cial interactions between team members? Does this ap-
proach maintain effectiveness over time or is it best used to 
‘bootstrap’ TMS?   
 

Proposed Method 
 We will conduct our study as a randomized, controlled 
online experiment utilizing the Collaborative Caring Vir-
tual Testbed. In this testbed, participants are assigned roles 
as caregivers to a recipient with ongoing emergent needs. 
After a brief training module that introduces them to the 
platform, participants engage in a simulated caregiving 
shift. They are tasked with diagnosing and addressing the 
recipient's various needs to maintain their comfort and 
health. At the end of their shift, participants receive a per-
formance evaluation based on an algorithm and then com-
plete a survey to capture additional data on their experi-
ences and perceptions before the experiment concludes.  
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Figure 2. The Collaborative Care Virtual Testbed addition-
ally lays the foundation for the evaluation of AI-support in-
terventions for caregiving tasks in a diversity of form fac-
tors, environments, care network configurations, and levels 
of existing caregiver support.  
 
 
Our research protocol has been approved by the Institu-
tional Review Board (IRB) at Carnegie Mellon University. 

Manipulations 
The experiment differentiates participant experiences 
through three types of AI support, aiming to examine the 
impact of AI on caregiving coordination at three different 
levels. In the No AI Support condition, participants receive 
standard caregiving information via notes and messages, re-
flecting typical communication environments in asynchro-
nous distributed work environments, including caregiving. 
The Content AI Support condition provides participants 
with an AI agent that summarizes and clarifies information 
aiding in understanding and retention. The Social AI Sup-
port condition enhances this further by having an AI agent 
help identify knowledgeable members within the social net-
work and their connection to relevant information, helping 
to clarify task allocation and member relationships, enhanc-
ing overall network efficiency. 
 
 

Measures 
Our key dependent measure,  transactive memory, will be 
captured both based on behavioral indicators (Riedl et al. 
2021)  as well as with validated survey measures (Lewis 
2003). Behavioral measures will include the accuracy of in-
formation seeking, allocation, and retrieval by directing 
questions to the appropriate care network member or sharing 
critical information with those who should receive. These 
behavioral measures will be triangulated with participants’ 
responses to validated self-report measures of transactive 
memory used in extant research (Lewis 2003). These ques-

tionnaires include items such as the degree to which partic-
ipants knew what task-related skills and knowledge other 
care network members possess; who in the network had spe-
cialized skills and knowledge that was relevant to their 
work; and, whether others shared their special knowledge 
and expertise with one another.  
 

Broader Impact Statement 
This research program is in the conceptual stage, with the 
goal of progressing toward and iterating with usability test-
ing as we triangulate theory and application. We conducted 
qualitative interviews with healthy older adults and caregiv-
ers of adults with MCI in the initial stages of this research 
to provide the basis for our experimental design. A main 
contribution of our work is the application of full-cycle re-
search in the context of application-oriented multidiscipli-
nary scientific collaboration, where real world use problems 
are addressed by relevant theories to devise potential solu-
tions that advance both the underlying science and its appli-
cation. The goal of this work is to support the development 
of AI-based tools that will facilitate the coordination of care 
networks to enable older adults to age in place by helping 
the community around them provide the assistance they 
need. 
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