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Abstract

The learning health system (LHS) model was proposed to provide real-time,

bi-directional flow of learning using data captured in health information technology

systems to deliver rapid learning in healthcare delivery. As highlighted by the land-

mark National Academy of Medicine report “Crossing the Quality Chasm,” the

U.S. healthcare delivery industry represents complex adaptive systems, and there is

an urgent need to develop innovative methods to identify efficient team structures

by harnessing real-world care delivery data found in the electronic health record

(EHR). We offer a discussion surrounding the complexities of team communication

and how solutions may be guided by theories such as the Multiteam System (MTS)

framework and the Multitheoretical Multilevel Framework of Communication

Networks. To advance healthcare delivery science and promote LHSs, our team has

been building a new line of research using EHR data to study MTS in the complex

real world of cancer care delivery. We are developing new network metrics to study

MTSs and will be analyzing the impact of EHR communication network structures on

patient outcomes. As this research leads to patient care delivery interventions/tools,

healthcare leaders and healthcare professionals can effectively use health IT data to

implement the most evidence-based collaboration approaches in order to achieve the

optimal LHS and patient outcomes.
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1 | INTRODUCTION

The landmark National Academy of Medicine report “Crossing the

Quality Chasm” highlighted that the U.S. healthcare delivery industry

represents complex adaptive systems.1,2 Complex adaptive systems

include systems embedded in larger systems with control distributed

among agents who are interconnected non-linearly through working

relationships or other interactions. Given the complexity of

teamwork,3-10 the multiteam system (MTS) perspective offers a

theoretical foundation to conceptualize interdependent work among

multiple teams.7 MTSs are networks of interdependent teams, also

referred to as component groups, with collective system goals in

addition to local goals.11-13

With cancer as a major public health problem worldwide and the

second leading cause of death in the US, our research team has been

interested in studying teamwork and the complex adaptive systems of

healthcare delivery for cancer patients using electronic health record

(EHR) data. In total, more than 1.9 million cancer cases will be
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diagnosed in 2023 and 609 820 Americans are expected to die of

cancer.14 A report on cancer care emphasized that 18 or more differ-

ent clinical disciplines or roles may be involved in patients' compre-

hensive cancer care.15 Furthermore, as many oncology specialists do

not feel well-equipped to manage cancer patients' comorbidities, addi-

tional primary care and/or other specialist physicians are needed for

patients with multiple and complex medical problems.16 Optimizing

patient care by high-performing teams that communicate and collabo-

rate effectively17,18 has been identified as a key strategy to improve

health outcomes and patient experiences.1,19 Yet there is surprisingly

little evidence identifying MTS composition, even during the critical

treatment planning period.20

Moreover, the generalizability of traditional team literature to

complex MTSs is being challenged. Salas et al. highlighted the need

to study teams “in the wild”, instead of laboratory settings, using

unobtrusive and robust measures collected over time.21 In their

review of MTS research, Shuffler and Carter found a heavy reliance

on self-reported surveys, observations of teams in laboratory con-

texts, and limited repeated measures, all approaches constrained in

their ability to reveal the richness of multiteam interactions, especially

how interactions unfold over time to changing environmental and sit-

uational circumstances.22 A recent study by Doose et al. found that

50% of newly diagnosed early breast, colorectal, and lung cancer

patients received high-complexity MTS care23 as defined by Zaccaro's

theory-based classification of teams to classify MTS complexity.24 As

the authors noted, using SEER-Medicare data only identifies physi-

cians or advanced practice providers, and other methodologies are

needed to study varying MTS members providing care to cancer

patients with multiple chronic conditions.

Research shows significant differences exist in the flow of com-

munication by high- versus low-performing teams.25-27 In particular,

organizational research of communication and information processing

has identified challenges confronted by complex MTSs.22,28-32 As

teams grow, a major challenge is ensuring inclusive communication.

Hackman underscored “the larger a group, the more process problems

members encounter in carrying out their collective work. […] It's man-

aging the links between members that gets teams into trouble.”33

Krackhardt called this constraint on communication and other net-

works the “Law of n-Squared” where n is the number of team mem-

bers, and the number of potential links in a team's communication

network increases quadratically with the number of people. In fact, it

grows so rapidly (Figure 1) that the number of people to which each

person could be linked quickly exceeds everyone's communication

capacity.34,35

2 | OPPORTUNITIES FOR LEARNING
HEALTH SYSTEMS

The LHS model was proposed to provide real-time, bi-directional flow

of learning using data captured in health information technology sys-

tems to deliver rapid learning in healthcare delivery.36-38 With EHRs

now nearly ubiquitous in the US,39 the LHS model highlights the

importance of utilizing EHR data in tandem with external data sources

to reduce care costs while allowing for the highest quality of care.

However, for LHSs to work, population-level data is needed and

EHRs are largely designed to provide individual, patient-level data.

Furthermore, compiling EHR data alone or across multiple institutions

is challenging and tedious. While health systems may use the same

vendors to host their EHRs, interoperability between systems can

vary due to features purchased and data structures.40 Regarding the

structure of EHR data, it is estimated that 80% of the data captured is

unstructured or in free-text form, with emphasis on structured data

for billing-related fields rather than clinical care fields.41 Although

Large Language Models are tapping the potential of free-text data in

EHRs for direct patient care,42 as Lee et al. noted in “The AI Revolu-

tion in Medicine,” GPT-4's domain of expertise cannot be fully evalu-

ated so unanticipated and potentially dangerous conclusions or

suggestions continue to be the central problem.43 However, there

remains a large window of opportunity to tap into backend EHR data

and unstructured fields to develop standardized data capture to guide

team communication for patient care.

2.1 | Harnessing big data and the complexities
of assessing healthcare delivery teams

“Digital traces” of teamwork interactions “in the wild” present oppor-

tunities to measure and study teamwork in MTSs.22,44 As information

repositories, EHRs provide “digital traces” of teamwork in natural set-

tings and include (i) the ability of information holders and information

retrievers to carry out their tasks asynchronously, (ii) reduce informa-

tion processing load in a team because information holders may satisfy

multiple requests by a single contribution to the repository, and

(iii) direct access to “external” information from outside the team when

multiple teams are all active users of the common repository.45,46

However, computer-mediated communication by distributed

teams also presents significant challenges to information sharing for

complex and interdependent tasks.32,47,48 In particular, Kush et al.

noted that being a member within multiple work groups can lead to

weaker group identities.32 And while geographically separated mem-

bers can add novel knowledge to a group, the reliance on technology

F IGURE 1 The number of potential links in a team's
communication network increases quadratically with the number of
people on the team. The number of links grows so rapidly that the
number of people to which each person could be linked quickly
exceeds everyone's communication capacity.
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to communicate can create barriers to the successful transfer of this

knowledge to other group members. A piece by the Harvard Business

Review outlined key characteristics to consider when building a multi-

disciplinary and dispersed team.48 These characteristics include identi-

fying appropriate team members who are the best fit for virtual

teamwork, have strong communication skills, and have high emotional

intelligence; keeping the size of the team relatively small, with high-

performing teams consisting of less than 13 members; creating sub

teams with specific roles in the domains of core, operational, and outer

project functions; appointing strong leadership who are able to build

trust with team members, are encouraging of open dialogue, and are

able to clarify project goals and guidelines; establishing in-person com-

munication for key project moments such as project start-up, onboard-

ing of new members, and major project milestones; and, lastly,

utilization of a variety of technological communication platforms.48

In addition to the challenges specific to team structures and the

flow of information between dispersed members, there are numerous

other system-level factors that need to be considered to assess a

team's ability to deliver care. The National Academy of Medicine's

“Crossing the Quality Chasm” report emphasized a patient-centered

approach to healthcare.1 This proposed direction, along with interest

among healthcare institutions and regulating bodies to track the qual-

ity of healthcare delivered has led to the implementation of patient

satisfaction metrics.49 The response from healthcare professionals

regarding the use of patient satisfaction metrics has been mixed as

these metrics have been inappropriately disaggregated and included

in the determination of productivity as well as payments to incentivize

physicians for quality service. In response, Centers for Medicare &

Medicaid Services (CMS) emphasized the need for responsible use of

the Hospital Consumer Assessment of Healthcare Providers and Sys-

tems (HCAHPS) survey, as it was not designed to evaluate individual-

level providers.50 Additionally, patient satisfaction metrics can create

racial and gender inequity related to unfavorable scoring and incentive

payout, possibly as a result of implicit and institutional biases.51

With the push for patient-centered care and the expansion of tel-

ehealth efforts, the demand for immediate and face-to-face care, dur-

ing and after standard work hours, has been on the rise. This trend

has worsened the work-life balance for physicians with more:

(a) personal time needed for patient care in the EHR, (b) errors, and

(c) physician burnout and attrition.52-57 Using EHR logging data, Arndt

et al. found that family medicine physicians were spending approxi-

mately 4.5 hours (45%) of their workday in the EHR, with an addi-

tional 1.4 hours spent in the EHR outside of clinic hours or on the

weekend.58

A recent report from the U.S. Department of Health and Human

Services (HHS) highlighted major issues and concerns related to EHR

burden including clinical documentation as well as the usability and

user experience of health information technology.59 A large body of

research supports these pain points. To address these growing con-

cerns, HHS also provided guidance for actions to implement and

address these issues: reducing the regulatory burden of documenta-

tion; developing a process to address inconsistent data collection by

federal, state, and local programs standardizing service orders and data;

improving the user interface to match clinical workflow; and improving

the value and usability of electronic clinical quality measures.59

With a growing and aging population in the U.S., including a large

portion of physicians nearing retirement or choosing early retirement,

the healthcare professional shortage will continue to worsen. The

Association of American Medical Colleges (AAMC) projected that

between 17 800 and 48 000 primary care physicians and between

21 000 and 77 100 non-primary care physicians will be lost by

2034.60 This workforce reduction adds increased case load to an

already stressed network of healthcare professionals, opening up fur-

ther opportunity for errors and burnout.

Although a growing body of literature is documenting the role of

EHRs in patient care inefficiencies, errors, and physician burnout,52-57

Rosen et al. noted that information systems, such as EHRs, have the

potential to support teamwork, and that research should apply MTS

models to study and develop interventions that strengthen teamwork,

especially between groups.61 Experts emphasize that information pro-

cessing complexity in large MTSs require coordination mechanisms

that must leverage the structure and relative importance of different

positions in the system.62

While research exists that utilizes EHR data, these studies have

primarily focused on cognitive workflow or cognitive burden, commu-

nication patterns, and message volume and content, and do not

involve a tangible solution to make use of backend user data collected

in the EHR to assist in improving care delivery.63-67

2.2 | Theory-guided research and solutions

Although our new healthcare delivery ecosystem is rapidly changing

the way healthcare professionals communicate, there is limited litera-

ture on how to optimize communication and information processing

in MTSs.68,69 In their Multitheoretical Multilevel Framework of Com-

munication Networks, Contractor et al. identified nine families of

social theories and their theoretical mechanisms that have been used

to explain various organizational networks.70 Four theoretical families

with direct implications for teamwork in MTS are summarized in

Table 1 with corresponding theoretical mechanisms. We briefly

review key theoretical mechanisms that explain how individual and

network factors may affect the effectiveness and efficiency of com-

munication and information sharing in cancer care teams.

Proximity theories posit that people communicate better with

those to whom they are physically close or within a reachable dis-

tance. The theory of electronic proximity extends this to the realm of

various forms of electronic communication.71 Coordination theory

argues that proximity influences the amount and quality of interaction

which in turn influences coordination.72 Cognitive theories explore

the role that meaning, knowledge, and perceptions play in communi-

cation and information sharing. Specifically, transactive memory sys-

tems theory and cognitive structure theory suggest that shared

perceptions of the communication network and knowledge about

where information/expertise is located facilitate effective communica-

tion and information search/retrieval in teams.34,73
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Theories of self-interest focus on how people make choices that

favor their personal preferences and desires. This theory is particularly

helpful in explaining individual drivers behind certain communication

and information-sharing behaviors. Cognitive consistency theories

focus on the extent to which the attitudes, beliefs, opinions, and

values of network members are governed by a drive toward consis-

tency. This theory suggests that network members tend to form links

with similar others (e.g., within the same professional group) to main-

tain cognitive balance and avoid cognitive dissonance, which in turn

influences the level of satisfaction and commitment.

The concept is especially relevant for understanding teamwork in

MTSs is a transactive memory system, a critical form of shared cogni-

tion defined as a set of individual memories connected by the commu-

nication that takes place between individuals.73,74 Transactive memory

systems can also be conceptualized as a communication network, with

team members representing information agents and communication

among them representing information links between the agents.71,75,76

Schakel argued that a transactive memory system is an antecedent

to combining knowledge and capabilities to achieve team effectiveness,

and that failure to develop an effective transactive memory system is

one of the most common barriers to team success.77 Transactive mem-

ory systems should reduce the cognitive load on individuals, enlarge

the collective pool of expertise, and minimize redundancy.31 However,

the literature also raised concerns about transactive memory systems

pertinent to EHRs including the following: (a) failure to capture impor-

tant information, (b) diffusion of responsibility, and (c) limitations to the

size of distributed memory systems, at which point tracking costs may

outweigh memory gains.6,73,76

Of note, Gupta and Woolley's research found that working with

many different group members across various projects negatively

affected team performance by impairing the transactive memory sys-

tem.74 Their study also showed that access to team information miti-

gated this negative effect.74 An important mechanism driving team

performance, transactive memory system is a potential point of lever-

age for MTS interventions.

More recently, advances in the MTS literature have been made

surrounding the identification of themes and patterns that are present

among real-world cases of failed MTSs. Real-world cases of failed

MTSs can range from extreme, high-stakes contexts such as the 2017

collision of three U.S. Navy vessels, resulting in the deaths of several

Navy sailors and millions of dollars in damages,78 to less extreme con-

texts such as the 2013 failed launch day for the Affordable Care Act

website, which saw more than 250 000 users, of which only six were

able to select a plan and submit an application.79 Overall, a failed MTS

can be defined as an MTS whose performance, in the face of chal-

lenges, resulted in a failure to achieve targeted distal goals.80

In their historiometric analysis of failed MTS performance,

Campbell and colleagues80 identified four major themes that were

found across or seen as a contributing factor in known cases of MTS

breakdown. Using the action subphases or team alignment behaviors

(acting, monitoring, and recalibrating) at the within- and between-

teams levels from Torres et al.78 as the foundation for their evaluation,

they noted that failing MTSs demonstrated an imbalance in within-

team alignment behaviors more often than and at the expense of

between-team alignment behaviors. Rationale for this relationship may

be that within-team behaviors are more familiar, and therefore, less dif-

ficult to contribute to in comparison to between-team facilitations. The

second theme noted among failing MTSs was that the full span of the

action subphase was not employed, with subphase acting behaviors

(behaviors related to goal striving and accomplishment) being the most

dominantly engaged among these systems. While attempts were made

to monitor and recalibrate, “wait-and-see” tracking was often the

approach used, resulting in insufficient efforts for corrective action.

The third theme identified was that boundary status (whether teams

are within a single (internal) or multiple (external) organizations81), fur-

ther increases the inefficiency of engaging in between-team behaviors,

TABLE 1 Multitheoretical multilevel framework of communication networks for teamwork.

Theories Theoretical mechanisms Survey measures EHR SNA measures

Proximity

theories

Influence of distance and accessibility

• Information transfer distance

• Information accessibility

• Coordination by proximity

• Physical proximity

• Electronic proximity

• Reachability

• Interaction frequency

• Closeness

centralization

• Reachability

• k-shells

Cognitive

theories

Shared perceptions and knowledge of

information location

• Effective information search and retrieval

• Efficient network structure

• Ease to determine “who talks to whom”
• Ease of knowledge and information search

and retrieval

• Density

• Global efficiency

Self-interest

theories

Advantages in network positions

• Control of information flow

• Opportunities for coordination

External drivers

• Time, finance, and other self-interests

• Time allocation

• Clinical workflow efficiency

• Productivity measures

• Revenue impact

• Clustering

coefficient

• Effective

network size

• Betweenness

centrality

Consistency

theories

Drive to reduce cognitive & other dissonance

• Communication in role-based groups

• Communication in structure-based groups

• Intra-group communication

• Inter-group communication

• Communication satisfaction

• Transitive triads

• Assortativity

• Community

structure
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noting that external groups tended to turn to more inward activities as

the crisis persisted. The final theme noted by Campbell is that goal type

(physical goals that require physical skills or a tangible outcome; or

intellectual goals, which require mental skills and new knowledge24,82)

also further increases the pattern of insufficient between-teams behav-

iors. In particular, the full span of the action subphase occurred more

often within physical MTSs but more often between intellectual MTSs,

noting that the collaborative barriers may differ between physical and

intellectual MTSs. To address these patterns among failed MTSs,

Campbell suggests that entrainment, or the cyclical within-team align-

ment and between-team behaviors, is a key driver in whether an MTS

succeeds or fails. As such, cues or a monitoring system, deployed in the

monitoring phase should be adopted to allow for the adaptive shifting

of task requirements and execution to meet target goals.

Additionally, there has also been a call in the literature for a way

to measure team effectiveness. Building upon the team effectiveness

model and incorporation of temporal processes described by Marks

et al.,10 Turner and colleagues83 have laid out a team effectiveness

model specifically for MTSs. Their model consists of two formulas that

account for team characteristics at the MTS, component team, and

individual levels of analysis, as well as for each temporal process (tran-

sition, action, interpersonal). Given the dynamic nature of team collab-

oration, the application of their model is ideal as it would allow for the

assessment of the MTS patterns over time rather than assessing cor-

relations at a single point in time. With the robust theory- and

research-driven approaches noted here, our team has developed a

clear path forward in advancing MTS communication and coordination

in healthcare settings.

3 | DISCUSSION

As this is a newly emerging and complex area of inquiry, we found lim-

ited research on communication networks, information flow, informa-

tion processing, and their implications for teamwork on patient care

coordination and health outcomes. MTS experts have recommended

greater use of network metrics to study MTSs,24,84,85 and emphasized

network features within and between groups. In contrast to the par-

ticipant burden and reliability challenges of survey and observational

data collection,71,86-91 EHR access-logs capture all communication

activities related to encoding and retrieving patient record information

and surmount the constraints of traditional team research to study

complex MTSs in natural healthcare settings. Research is urgently

needed to understand and apply social network analysis (SNA)

methods that innovatively measure within- and between-group EHR

communication in healthcare MTSs and determine the impact of

EHR communication network structures on patient outcomes.

To advance healthcare delivery science and promote LHSs, our

team has been building a new line of research using EHR data to study

MTS in the complex real world of cancer care delivery. Our first

study of 100 surgical colorectal cancer patients had almost 2.5 million

records of time-stamped EHR access logs from more than 6800

unique users.92 Across all networks, healthcare professionals were

connected to an average of 5.8 other professionals, but some

were rarely connected with others while over 20 were very highly

connected to over 100 other healthcare professionals. We also found

substantial variations in size and structures among the 100 EHR com-

munication networks.93 Furthermore, the distributions of conditional

uniform graph quantiles suggested that our network-construction

technique captured meaningful underlying structures that were differ-

ent from random unstructured networks.

Based on the literature and our study findings to date, we

developed the framework illustrated by Figure 2 to further guide our

research with a focus on communication, specifically information shar-

ing in MTS, and new measures that need to be developed to advance

teamwork for optimal patient care and outcomes.

Our current research (NIH R01 CA273058) aims to provide novel

evidence of cancer care MTS communication and coordination in nat-

ural settings across multiple academic health systems using unobtru-

sive and robust “digital traces” of teamwork interactions.21,22 We are

leveraging SNA and machine learning (ML)-assisted visual analytics to

extend our research from general EHR communication structures

to theory-informed, targeted MTS network structures of breast, colo-

rectal, and non-small cell lung cancer patients at three clinical sites

that all use Epic EHRs.55,94 Our research centers on one modifiable

dimension of team communication, information sharing through EHRs,

with these aims: (a) develop new measures of within- and between-

group EHR communication in cancer care MTSs; (b) determine the

associations of targeted EHR communication structures with cancer

care quality outcomes; and (c) develop ML-assisted visual analytics

and prototype tools to (i) characterize MTSs, and (ii) predict patients

with EHR communication structures associated with poor quality

outcomes.

Based on our research to date using EHR data, to deliver on the

possibilities of rapid learning using health information technology

data, LHSs need effective information sharing by their MTS members

enabled through rigorous data analytics. Research that effectively

addresses the communication and information-processing complexi-

ties of healthcare delivery is urgently needed. Our team chose to

apply network science and visual analytics to study the most effective

team structures and how best to modify existing collaborations in care

to improve patient outcomes.

In addition to the architecture of workflows and systems on com-

plex processes such as patient care, other areas of much-needed

research to optimize teamwork in LHSs include the following:

(i) usability testing of digital tools95-97; (ii) coupling of data and

teams—does more shared data and analytics add efficiency to team

interactions?; (iii) team roles as well as the knowledge, experience,

and skillsets needed for our increasingly more complex and rapidly

changing digital healthcare landscape; and (iv) decision making at the

many levels and components of MTSs.

Of notable consideration is the role that leadership plays as it is a

key component in the success or failure of multi-team collaboration.

The leadership literature identifies key components that facilitate

team coordination, including boundary spanning, risk taking, visioning,

leveraging opportunity, adaptation, coordination of information flow,
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and facilitation.98 Traditional command-and-control leadership has

shown less effectiveness than diverse team leadership that is sup-

ported by their respective organizations. Furthermore, hierarchical

leadership structures limit the ability of “lower ranking” team mem-

bers to voice opinions, make implementing change and innovation dif-

ficult, and contribute to gender and ethnic inequalities and

discriminatory practices.99 Diverse team leadership groups have dem-

onstrated to be a characteristic of high-performing teams,100 with

greater success in innovation and outcomes.101 To facilitate team

leadership, the conceptual framework of boundary-spanning leader-

ship (BSL),102 defined as “leadership that bridges boundaries between

groups in service of a larger organizational vision, mission, or goal,”103

offers three strategies to align team members across multiple groups,

including managing boundaries, forging common ground, and discov-

ering new frontiers. Taken together, these three strategies allow

teams to satisfy members' need for autonomy, unity, and advance-

ment of interdependence through fostering innovative and creative

solutions among group members.104

When applied to a public health context, BSL can provide a prac-

tical toolset to foster interprofessional collaboration and enhance the

full patient care experience. As noted by Flick-Cooper et al., through

their experience with multisite public health partnerships, they were

able to successfully incorporate BSL tactics including on-site training

with active coaching for team members and receipt of federal funding

to assist with the implementation of BSL practices.104 Similarly, in the

United Kingdom, Hunt et al. found that incorporating a designated

community and physical health coordinator with protected time to

perform boundary-spanning activities, along with multi-disciplinary

team meetings enhanced their team collaboration in the diversity and

length of information exchanged and recorded, as well as the diversity

in the division of tasks or responsibility between group members.105

While research supports the importance of team leadership, health-

care entities largely continue to operate using the traditional hierar-

chical models of leadership. Hierarchical leadership in a healthcare

setting or other “extreme action teams”106 is necessary as it lets team

members know who to look and defer to in a crisis event. However,

Klein and colleagues106 have noted that a hybrid leadership structure,

referred to as a “deindividualized system of shared leadership”, spe-
cific to these types of teams may prove more useful. This system, they

argue, allows for dynamic delegation of the active leadership roles

which facilitates learning and reliability among the more junior team

members.

As these research directions bear fruit, including the latest

advances in SNA and artificial intelligence, healthcare leaders and

healthcare professionals can effectively use health information tech-

nology data to implement the most evidence-based collaboration

approaches in order to achieve optimal LHS and patient outcomes.
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