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CASTING THE NET: A MULTIMODAL NETWORK
PERSPECTIVE ON KNOWLEDGE MANAGEMENT

Gerald C. Kaneand Maryam Alavi
Goizueta Business School
Emory University
Atlanta, GA U.SA.
jerry _kane@bus.emory.edu maryam_alavi@bus.emory.edu

Abstract

Recent information systems research has challenged the tendency of researchers to focus upon single
information system (Vertegaal 2003) or upon individuals simply as users of those systems (Lamb and Kling
2003). Responding to these critiques, this paper forwards a new paradigm through which to study knowledge
management: the multimodal knowl edge network. Drawing heavily upon thefield of social network research,
we argue that the way in which multiple individuals interact with one another and with multiple information
management systemswill have significant implicationsfor organizational knowledge sharing outcomes. Inthis
study, we conduct a compar ative case study through which to begin building a theory of multimodal knowledge
networks. We study five health care teamsin a large health maintenance organization and find that, although
these teams have identical portfolios of information management systems and a similar complement of
employees, each team configures its knowledge resour ces differently to complete similar tasks. We find that
the structuresthat result fromthese multipleinter per sonal and human—systemsinteractions have implications
on knowledge outcomes for the network. We develop propositions as a result of this analysis and outline
directions for future research.

Keywords: Knowledge management, social networks, multimodal networks, health care, theory

I ntroduction

Considerable research has attested to the important role of information management systems, such as databases, to knowledge
management initiatives in organizations (Alavi and Leidner 2001). Some researchers have commented that these information
management systems (IMS) are, in fact, the cornerstone of successful organizational knowledge management strategies
(Davenport and Glaser 2002). Although considerable research has investigated effective design and implementation of these
systems, recent research has suggested that whether employees actually use the IMS at their disposal is a critical factor in
understanding their impact on organizational knowledge management initiatives (Devara) and Kohli 2003).

Despite the importance of this human— M S interaction to knowledge management performance, little is understood about how
individuals actually interact with IMS in organizational settings beyond the single user—system relationship. Researchers have
begun to recognize that the limited view of understanding an individual solely in terms of his or her role as user of information
systems significantly limits the scope of inquiry into IMS use (Lamb and Kling 2003). Individuals are not simply users of
information systems, but are social actors, influenced by anumber of different environmental forcesthat affect the way in which
they interact with and value information systems. Others have further noted that it may also be limiting to examine only the way
in which individuas interact with a single information system, when most individuals employ multiple information systemsto
manage different types of knowledge and knowledgetasks (V ertegaal 2003). |M S are embedded with distinct socia assumptions
by their designers (Desanctis and Poole 1994), and these embedded social structures may complement or complicate theway in
which individuals interact with multiple systems.
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In this paper, we forward a model to complement existing IS research by understanding the way in which multiple individuals
interact with multiple M Sto manage knowledge, the multimodal knowl edge network, defined asthe collection of multiplepeople
and multipleinformation management systemswith which thoseindividualsinteract to provide or receiveinformation to perform
tasks (Monge and Contractor 2003). We argue that, when examined as a whole, the features of this multimodal knowledge
network can help explain outcomes of knowledge management initiatives that are overlooked when only examined at the level
of the system or of the single user—system relationship.

In order to identify the features of these knowledge networks, we draw heavily upon the field of social network research (Raider
and Krackhardt 2002). Social network research has been used extensively in management to knowledge sharing relationships
between peopl e (Hansen 1999; Reagansand M cEvily 2003; Reagansand Zuckerman 2001) and viainformation technol ogy-based
communication-support systems, such as e-mail and listservs (Ahujaet al. 2003; Wasko and Fargj 2005). In this paper, weaim
to demonstrate that this social network paradigm can be extended to understand the way in which multiple individual s interact
with multiple IMS for knowledge management. In doing so, we adopt the embedded view of knowledge in which the social net-
work perspectiveis based—knowledge as present in the minds of individuals, in the information systems, and in theinteractions
between them (Nidumolu et al. 2001; Spender 1996)—rather than the data—knowledge—information hierarchy often used.

The remainder of the paper proceeds as follows. First, we review several features of socia networks that have proven to be
influential in the study of knowledge management: tie strength, network density, and centrality. Second, we detail our research
method and setting. We conduct acomparative case study of five health careteams (HCT) inalarge, national health maintenance
organization (HMO). The advantage of thisresearch setting is that the teams are comprised of roughly the same complement of
people, employ anidentical portfolio of information systems, and perform acommon task. Despite these commonalities, wefind
that each configures its multimodal knowledge networks in distinct ways, and each HCT will be analyzed as an independent
multimodal knowledge network. Third, following Eisenhardt (1989), we seek to use this case study to begin building a theory
of multimodal knowledge networks. Wefirst conduct awithin-case analysisto identify the relevant features of these multimodal
knowledge networks. Then, we conduct a cross-case analysisto identify how these features influence knowledge outcomes.

Knowledge M anagement in Social Networ ks

Several features of social networks have proven critical for predicting knowledge management outcomes. First, the strength of
the relationships, or ties, between individual s has been shown to influence the ease with which particul ar types of knowledge are
shared between them. Second, the portfolio of ties that comprise a knowledge network—measured in terms of a network’s
density—has al so been shown to beimportant, both in conjunction with and independent from tie strength. Third, the configura-
tion of ties within a network of others—particularly identifying which individuals are core or periphery to the network—has
proven influential to the knowledge sharing behaviors of both the individual and the network.

Tie Strength

Network research has long examined how the nature of ties between individuals influences the knowledge sharing behavior of
the network. Tiesare usualy described in terms of their strength, strong or weak, and two factors are usually used to determine
tiestrength: frequency and depth of interaction (Mardsen and Campbell 1984). Sincewesak tiesare characterized by lessfrequent
and more superficia interaction between individuals, they usually require less effort to maintain. Individuals usually maintain
these relationshipswith agreater number and variety of others; thus, weak tiesaretypically useful for giving anindividual access
to agreater breadth and variety of knowledge (Constant et al. 1996; Hansen 1999). In contrast, strong ties are marked by greater
frequency and depth of interaction, usually requiring greater effort to maintain. Individuals can maintain strong ties with fewer
others, and they are often associated with greater trust between parties (Uzzi 1997). Because of their distinct characteristics,
knowledge management researchers have explored different ways in which strong and weak ties affect knowledge sharing.
Research suggests that weak ties are superior for searching for knowledge and transferring codified knowledge within a network
(Burt 1992; Hansen 1999). In contrast, strong ties appear superior for transferring knowledge, particul arly tacit knowledge, and
individuals tend to rely on strong ties to transfer sensitive or critical knowledge (Hansen 2002; Reagans and McEvily 2003).
Regardlessof their particular features, tie strength isclearly animportant feature of social networksfor understanding knowledge
management outcomes.
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Density

In addition to attempting to understand the characteristics of tiesthat comprise anetwork, researchers have a so sought to under-
stand the composition of the whole relational network, measured in terms of anetwork’ s density. Defined as the ratio of actual
ties to the number of possible ties in a network, density is somewhat related to tie strength (Brass 1995). Although related,
researchers have found that it is necessary to examine both tie strength and network density independently to effectively capture
the knowledge management dynamicsin the network (Reagans and McEvily 2003). The debate as to whether high-density or
low-density networks perform better has been and continues to be a key area of interest for network researchers (Raider and
Krackhardt 2002) primarily because researchers have found evidence to support both sides of the argument. Some researchers
have found that higher network density improves knowledge management outcomes (Ingram and Roberts 2000), whereas others
have found that low-density networks are superior (Cummings 2004). Many researchers now agree that the impact of density
largely depends on the knowledge management environment in which the network operates. High-density networks may bemore
effectivefor knowledge sharing within teams, whereaslow-density networks may be more effectivefor knowledge sharing across
teams (Reagans and Zuckerman 2001). Density may also be related to knowledge tasks, with high-density networks being more
effective for knowledge exploitation and low-density networks being more effective for knowledge exploration (Rowley et al.
2000).

Centrality

Social network researchers have suggested that the configuration of the network isalso important to knowledge sharing effective-
ness, often described in terms of centrality of particular individuals in the network. Although socia network analysis has
developed a number of different ways to define centrality within a network, the general construct of centrality seeks to capture
the same characteristic, whether particular individual soccupy acentral or peripheral position within therelational network (Brass
1995). Individualsin central positions within the network have been shown to possess a number of knowledge benefits above
othersin the network. Central individuals have greater and timelier access to knowledge (Burt 1992) and the individuals who
are central in anetwork may have important implications for the performance of that network. Since central individuals often
serve the role of knowledge-broker for therest of the network, the performance of these central individuals may be critical to the
performance of the network asawhole (Crossand Prusak 2002). Teams have been shown to perform better if central individuals
have more general knowledgethan if they have specialized knowledge (Rulke and Galaskiewicz 2000). Further, centrality isnot
simply afunction of theindividual, but isal so ameasure of the degree to which anetwork val ues the knowledge and contribution
of particular individuals (Perry-Smith and Shalley 2003).

Research Method and Setting

In order to explore the concept of multimodal networksin IM S-based knowledge sharing, we conducted acomparative case study
for the purposes of theory building. Westudied five primary careteamsat aregional division of HealthProviders, alarge, national
health maintenance organization. Eachteamisanalyzed asanindependent multimodal knowledge network. Theseteamsperform
acommon task, are comprised of asimilar complement of employeesand expertise, and possess an identical portfolio of informa-
tion systems used for knowledge sharing. Despite these commonalities, however, each team assembled these individuals and
information systems into different network structures. Thus, these teams should provide a valuable opportunity to isolate and
examinethefeatures of multimodal networks. Following Eisenhardt (1989), wefirst analyze our databy conducting awithin-case
analysis of each of the five primary care teams. The purpose of this within-case analysis is to identify which features of the
multimodal knowledge sharing networks are likely important for characterizing these networks. Then, having separated teams
into high- and low-performers, we conduct a cross-case analysis between the five distinct multimodal networks to assess how
network characteristicsidentified inthewithin-caseanalysislead to performance outcomes of these networks. Through thecourse
of this cross-case analysis, we develop a series of propositions for future testing.

HealthProviders has begun to invest heavily in IMS as part of an effort to share knowledge more effectively within its organi-
zation. The organization’s effectiveness relies heavily on the front-line health care teams (HCT), which consist of the primary
care providers (PCP) and their support staff (e.g., nurses, administrative staff), to interact with this I T infrastructure effectively.
One respondent echoed these sentiments:

Another success factor is while trying to keep the health care teamin the middle of all the care, developing
enough support systems and support resources to allow themto deliver it. What | mean by that is: we have
the PCP at the epicenter of the world and we ask them to do a hell of alot. They are only as good as the
systems you supply them to work with, and how well they use them.
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The key to providing effective health care, therefore, depends on how well this team, represented as a multimodal knowledge
network, can function.

Although teams occasionally seek knowledge outside the team (e.g., PCP consulting with an outside specialist), the primary
function of the HCT is to manage knowledge within the team (medical history, test results, clinical guidelines, prescription
formulary) in order to leverage the most appropriate organizational resources and expertise to care for patients. Each HCT has
acommon set of knowledge tasks: to useitsinformation infrastructure to develop and maintain both specific (e.g., individual
patient medical records) and general (e.g., features of diabetic patients as a population) knowledge about the patients in their
charge. Geographic proximity, scheduling procedures, and col ocation of paper-based records mean that PCPswithin ateam often
treat one another’ s patients but rarely treat patients from other teams. HCTs are evaluated as a unit based on financial, patient
satisfaction, and clinical quality metrics. Since individual bonuses for physicians and team leadership are based on these team-
level outcomes, HCT members have incentives to work together.

TheHCT isresponsiblefor providing baseline assessmentsof patients’ needsand responding with threetypesof treatment: acute
care, referrals, and chronic care. We will focus primarily on the chronic care treatment in our qualitative research for several
reasons. First, because chronic careinvolves patient tracking, ongoing collection of patient diagnostic and pharmaceutical knowl-
edge, and analysis of all availableinformation to adjust care guidelinesfor aparticular patient, it isthe most knowledgeintensive
of thetreatment types. Second, HealthProviders places a special emphasis on chronic care, encouraging HCTsto treat all patient
contact—including acute care and referral s—as an opportunity to addressthe applicable chronic care needs of the patient. Third,
research has shown that costsrelated to chronic care of just afew diseases accountsfor the vast majority of the projected increase
in U.S. health care costs (Thorpe et al. 2005). Health care organizationsthat can learn to treat these chronic diseases efficiently
and effectively are likely to leverage these treatment practices for competitive advantage (Porter and Teisberg 2004).

Thissetting isparticularly advantageousfor studying the features and performance outcomes of multimodal knowledge networks
because the commonalities shared by each network allow theoretical comparisons acrossteams. First, theseteams share afairly
similar workload, assigned approximately 2,000 patients per PCP, adjusted for patient risk. Second, each HCT is comprised of
virtually identical staff. Each HCT consists of between 4 and 8 PCPs and between 8 and 16 clinical and administrative support
staff members. Staffing and organizational roles are assigned at the team level, and each team is comprised of similar organi-
zational roles, such asclinical support staff, popul ation care managers, clinical supervisors, and lead physicians. Third, eachteam
also shares an identical portfolio of six primary information systems (scheduling, laboratory, radiology, pharmacy, population
registry, and medical abstract systems), which are used by the HCTsin performing their tasks (see Table 1). Fourth, they al have
similar levels of general computer efficacy. Each team member was asked to rate their facility with systems on ascale of 1 to
7, and no significant differenceswerereported acrosstheteamsunder study. Thiscontrol of the network composition acrosscases
permitted by the environment enabled us to isolate different features of the multimodal networks under analysis. Despite these
commonalities across task, staff, and IMS, the knowledge network represented by each team was structured quite differently.
Thisenvironment, therefore, representsanideal setting for isolating thefeatures of multimodal knowledge networksand analyzing
the implications of these features on outcomes.

Case Selection

We collected both qualitative and quantitative data through multiple methods (Table 2). Over the 12-month period of the study,
we attended meetings, participated in a series of information systems demonstrations, conducted both individual and group
interviews, observed HCTsduring their workday, reviewed company documentation, and studied quantitative data. Qualitative
datawas coded using AtlasTi. Coding categories and frequency of occurrence can be found in Table 3.

We selected a small sample of HCTs for analysis based on their characterization as high performers or low performers.
Generating research propositions by comparing and contrasting a small group of cases strikes a balance between depth of
observation and generalizability, which has been used successfully in previous theory-building research (Dubé and Paré 2003).
Two criteriawere used for case selection. First, we asked the chief of Internal Medicinefor theregion toidentify HCTsthat were
the highest and lowest performersin terms of clinical quality outcomes. Second, this subjective assessment was corroborated
using quantitative organizational data, aseriesof diabetes metricshighlighted by the organization asacritically important quality
initiative during the past year. Y early monitoring of three metricsis considered to be the standard of care by which the diabetes
can be effectively managed: (1) HbA1C, ablood sugar measure, (2) LDL, a cholesterol measure, and (3) nephropathy, akidney
measure. |If monitored effectively, these metrics enable the teams to provide proactive chronic care; the organization maintains
records regarding the percentage of patientsin ateam in compliance on these yearly metrics.
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Table 1. Description of Information Systems Employed by HCTs

System Primary Users Description Comments

Lab PCP, clinical PCP orderstest through system, | Only system that requires correct password for
support staff, lab results sent electronically to PCP | full functionality. A new system, it had
technicians inbox. significant problems with implementation.

Scheduling | Advice nurse, call Manages appointments, patient Tacit knowledge problems, the person making
center staff, flow, and patient contact/ appointment needs to know whether problem
administrative staff | benefits information. Permits required 15- or 30-minute appointments, often

longitudinal analysis of data. mis-scheduled.

Radiology PCP, clinical System only used for scheduling | Only operational system without any data links
support staff, radiology tests. Radiologist to others.
radiology tech, inputs diagnosis into system.
radiologist

Medical Administrative Summarizes diagnoses, Data populated entirely by other systems. No

Abstract support staff, PCP treatment, and pharmacy data direct datainput by HCTSs.
(mediated) over past 10 patient visits.

Population PCM, system Tracks patients with chronic Intricate social network supports interaction.

Registry administrator, data diseases (e.g., diabetes). Each disease managed separately, patients with
clerk, PCP Determines whether care multiple diseases will be in multiple registries.
(mediated) provided within guidelines.

Phar macy Pharmacy staff Tracks pharmacy refills from Not used directly by teams, but provides

local pharmacies. important data used by other systems.

Table 2. Description of Qualitative Data Used for Study

Unstructured | nterviews

9 interviews; average 60 minutes per interview

Semi-Structured I nterviews

16 interviews; average 55 minutes per interview

Focus Group Interviews

5 interviews; average 6 participants; average 50 minutes per interview

Conference Call 1 conference call; 19 participants; 45 minutes

System Demonstrations 6 demonstrations; average 45 minutes per demonstration

M eetings 16 meetings; 5 distinct workgroups; average 180 minutes per meeting
Observation 5 HCTs; 4 distinct facilities; average 8 hours per observation per HCT

Documentation

Meeting minutes (past 2 years); organizational 1S strategy documents

Table 3. Final Coding Categoriesand Frequencies of Observations
General Network Characteristics Tie Strength (General) 42
e Network Composition 39 e Strong Ties 19
e Complex MMKN Interactions 28 e Weak Ties 16
Density (General) 29
Outcomes ¢ High Density 20
e Cost 24 e Low Density 19
e CareQuality 17 | Centrality (General) 39
»  Efficiency/Effectiveness 13 e Direct Ties 15
e Indirect Ties 19
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These key diabetes metrics were chosen as the basis for assessing performance because they represented explicitly defined
organizational knowledge outcomes, they had clearly defined causal links to organizational performance outcomes, and the
organization had identified them as key benchmarks by which to evaluate team performance. As the chief indicated,

Diabetes careisreally the classic case when dealing with disease state management. It encompasses cardio-
vascular disease, eye disease, renal disease, and a whole host of other medical problems. When dealing with
diabetes, you really summarize what is happening all across the spectrum.

Diabetes metrics, therefore, appear to serve as an effective representative indicator for clinical quality enabled by the team’'s
multimodal knowledge network. Further, since diabetes patients are considered high-risk, failing to monitor these patients can
havesignificant financial implicationsfor the organization. A single hospitalization can cost the organization $10,000; thus, even
a1 percent change in the hospitalization rates for a single team can cost $1 million.

Each of the high performing teams identified by the chief scored above average for the region, and each of the low performing
teams scored bel ow average for theregion on all three diabetes metrics. The selection processresulted in the study of five HCTS,
three of which were high performers and two of which were low performers. The sixth team declined to participate in the study.

Within-Case Analysis. Features of the Multimodal Knowledge Networ k

The first phase of analysis involved conducting a within-case analysis to identify which features seemed to be relevant across
multimodal knowledge networks.

Tie Strength

Tie strength is often defined in network literature as an average of frequency and depth of interaction between two nodesin a
network (Mardsen and Campbell 1984). Variation observed in both frequency of interaction with the IMS and the level of
functionality used appearsto translate well into ameasure of tie strength with the information systemsin amultimodal network.
The strength of tieswith the information systemsin teamswill likely prove important in understanding the effectiveness of IMS-
based knowledge sharing.

Onemethod for gauging tie strengthinvol ved noting differencesin frequency of usage. Someindividual's, both doctorsand nurses
alike, actively used the system as part of their workflows. Asthese individuals needed to interact with the systems to conduct
particular tasks, they went directly to the system in order to enter or retrieve the needed information before moving on with the
next task. Othersseemed to interact with the system lessfrequently, batching the necessary tasksand entering them at alater time
when it was more convenient to do so. This batched data entry could occur every few hours, at the end of the day, or after afew
days of allowing the necessary tasks to accumulate. For instance, in one team, the PCPs would interact with the systems
immediately following each patient visit, resulting in near real-time information update. In another team, however, PCPswould
see two or three patients at atime, and then interact with the system while the nurse moved a new set of patients into the exam
rooms. In one extreme situation, the PCP saved all but essential system interactions until the end of the day.

Individuals also appeared to employ higher or lower levels of the functionality available in each of the IMS at their disposal.
Some used the systemsonly for the most basic and essential tasks necessary to their work requirements. For instance, wheninter-
acting with the scheduling program, a number of individuals simply printed out the PCP' s schedule at the beginning of the day
and posted that printed copy in an areawhere all relevant parties could track it. Others used additional functionality available
in the systems and used the scheduling system to monitor and improve the information flows into the work environment. These
individual s used this system functionality to track when patients arrive and how long they have been waiting, which coworkers
may be running behind and could use additional help, and to monitor schedule changes that might happen through the course of
the day.

Density

Teamsdemonstrated different overall interaction structuresthat might be generally categorized ashigh- and | ow-density networks
(Figure 1). Someteamspreferred to haveindividualsdevel op very genera working rel ationshipswith every member of theteam,
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Low-Density Network High-Density Network

People: S = Support Staff; P = PCP

Systems. L =Lab; X = Radiology; S = Scheduling; R = Registry
Ties, —  =weak ti.es

= strong ties

Figure 1. Multimodal Structures Observed in Teams (Density)

whereas other teams preferred to match PCP and support staff into smaller units in which very strong working relationships
devel oped among the members and there was relatively little interaction with members of the team outside the subgroup. The
decision whether to cultivate a high- or low-density network wasintentional and left to the discretion of theteam supervisor. As
one supervisor indicated,

It's pretty much up to the supervisors of the teamto decide. We have chosen to rotate staffing because we feel
like it gives us better flexibility and cooperation across the whole team. | have colleagues in other teams,
however, who swear by the other model.

The choice made in this example resulted in a dense network of tiesin which individuals had relationships with nearly all other
members of theteam. The alternate structure resulted in alower-density network in which individuals often interacted with only
afew othersin the team.

The nature of this interpersonal network structure had implications for the way in which people interact with the information
systems. Because individuals in the high-density networks were constantly working with different members of the team, they
needed to interact with nearly all the information systems in the multimodal knowledge network at one time or another. Since
staff roleswereregarded aslargely interchangeabl e, not knowing with whom they would be working or what taskswere required
of them, general familiarity and interaction with all of the available systems was critical to effective functioning in this network
structure.

In contrast, thelow-density networksresulted in individual s devel oping more specialized and specificinteractionswith particular
systems. Sinceindividualsknew precisely with whom they would be working regularly, they werefreeto focuson afew systems
that they would berequired to use on aregular basis. For instance, one support staff reported a PCP’ stendency to use aparticular
system directly, instead of relying on the clinical support staff:

Dr. Smith lovesto usethe lab program. | know that he likes to enter hislabs himself. We work together on
the other systems, but the labs are his domain.

Individualsintheselow-density networksinteracted with afewer number of theavailable systems, resulting either fromadivision
of labor between PCP and support staff or from a mutual decision to value a particular system above or below others. For
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instance, more pressing needs of day-to-day treatment meant that some PCP-support staff teams underutilized systems that
supported longer term goals, such asthe population registry system. Becausethe interpersonal network was|essinterdependent,
each subunit was free to develop its own style of interaction with the information systemsin the low-density network.

Information Systems Centrality

Whereas tie strength captures average individual IMS interaction within the network and density captures the average number
and strength of all relationships across the network, centrality captures particular structural characteristics of the network
(Figure 2). For instance, centrality reflects which individuals are using the systemsin the network. Two of the teams observed
had assigned a unique role to a member of their team, that of dedicated data clerk. The primary job responsibility of the clerk
wasto usethe systems on behal f of other members of theteam. Team memberswould communicateto the dataclerk what needed
to be done within the system, and then the clerk would conduct the needed tasks. Other teams did not assign a specialist position
for data entry, so these responsibilities were distributed across the team. Whereas average tie strength with the systems and
network density might be equal between these two configurations, the structures of interacting with the systems are clearly quite
different. One way to begin capturing these structural differencesisthrough an examination of centrality.

Onanother level, centrality al so capturesthe effectiveness of theinterpersonal social network surrounding the single user—system
relationship. For example, eachteam had adedicated user for the population-registry system, and that person would communi cate
information from the system to the rest of the team.

Although frequency of usage was controlled by allotting those users a designated and equal amount of time per week to interact
with the systems, the degree to which others used the information provided by the dedicated users varied across teams. Asone
team leader reported,

Dr. Gisthe provider on our team that actually works with the registry and will get all that information that
isinput into the registry systemin usable form. Of course he goes through all that work, givesit to the other
providers, and then some throw away the information before ever looking at it.

Although the system may be used by the same people and for the same amount of time between teams, the efficacy of the knowl-
edge sharing rel ationshi ps between the system user and othersin the team will aso be an important factor in assessing theimpact
of IMS. These network-level interactions will also be reflected in the centrality of the systems.

Central Systems Peripheral Systems

People: S= Support Staff; P = PCP
Systems: L = Lab; X = Radiology, S= Scheduling; R = Registry

Figure2. Multimodal StructuresObserved in Teams (Centrality)
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Table4. Summary of Comparisons between Multimodal Networks
TEAM CHARACTERISTICS Team A Team B Team C Team D Team E
#PCPin Team 6 4 4 4 8
# Patients (Risk Adjusted) 13982 9720 9504 9156 17705
# Patients PCP 2330 2430 2376 2289 2213
Performance High High High Low Low
(as Reported by Chief)
Diabetes M onitoring, Percent of 82/84/84 87/86/82 82/81/79 74/75/66 72/77/65
Patients Within Guidelines:
HbA1c/L DL/Nephrology
Average Team Tenure 5.9 years 5.84 years 8.62 years 5.3 years 6.3 years
NETWORK FEATURES
Tie Strength High Mixed High Mixed Low
Density High High Hybrid Low Low
Centrality Central Central Centra Peripheral Peripheral

In summary, we made three key observations regarding the structure of multimodal networks. First, tie strength captures the
frequency and depth with which team members directly interact with the information management systems available to the team.
Second, density represents the total portfolio of relationships present in a network as a function of the number of possible
relationships in a network. Third, information systems centrality captures how these knowledge sharing relationships are con-
figured in away that places the information systems as either central or peripheral to the overall knowledge sharing network as
afunction of al knowledge sharing relationshipsin ateam.

Cross-Case Analysis. Connecting Network Featuresto Performance

To assess how these features of the multimodal knowledge network influence knowledge and performance outcomes, we then
compared the features of the high-performing networkswith the features of the low-performing onesto assesswhether particular
features of the networks were associated with performance (see Table 4).

One of the most interesting and significant observations of our analysis was the high degree of variance in the configuration of
the multimodal knowledge network between the HCTs. Each team was comprised of virtually identical personnel, systems, and
training, but each configured its multimodal network in adifferent way (see Appendix A). One supervisor, who had worked at
two facilities simultaneously during atime of transition, confirmed our observations:

I think you will find that everybody is doing something very different. | haveworked at two facilitiesfor a year,
both simultaneously. They do things completely differently; they really do. It'salmost like beingin a foreign
land when you go to another team.

Tie Strength

In our within-case analysis, we drew upon existing social network literature to define tie strength as the frequency with which
individual sinteracted with the system and the degree of functionality used. Observation suggeststhat greater tie strength between
users and systems leads to greater knowledge and performance outcomes.

First and most simply, morefrequent interaction seemed more beneficial thanless-frequent interaction. Oftentimestheindividuals
who interacted with the systems less frequently by batching their work performed redundant and duplicate tasks that took
significant time and energy to complete. They would record the necessary tasks on preprinted forms or simply on scraps of paper
and then would file those notes away for later entry into the information systems. We observed several instances where clinical
support staff members had difficulty remembering exactly what needed to be done in the system and had to clarify with the PCP
to refresh their memory asto what particular notes meant.
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Second, since the multimodal network often worked together to address the patient care tasks, individuals who batched their
processes often left others who used the system waiting for particular information before they could begin their tasks. For
instance, the lab had to wait until particular orders were input into the lab system before they could begin processing work for
the patient. Frequently, lab workershad to call the HCT to remind them to enter the ordersinto the lab system so that they could
begin processing the data.

Third, frequency of interaction also had implications for efficient access to the system. Systemsin this setting each required a
different password, which expired at differentintervals. Individual swho used the systeminfrequently often foundit moredifficult
to manage their passwords. In fact, passwords could be reset or disabled if not used within a given interval. The password
protocols discouraged infrequent users from using the system. Asone PCP explained,

| lost accessto the system once because | could never remember my password. | simply did not use it enough.
Then, the system kicked me out and | just had to access the system through others from then on. It was just
easier to useit that way than to go through the hassle of resetting my password through the IT department.

Thus, infrequent users were able to interact with the systems less efficiently and effectively than more frequent users.

Tie strength is also defined by the degree of functionality used within the systems, and teams that used a greater depth of
functionality within the systems also performed better than teamswho only used the systems for basic and essential tasks. One
clinical support staff in alow-performing team used the scheduling system only by printing off the schedul e at the beginning of
theday. Using such alow level of functionality resulted in repeated problems and led her to question the value of the system and
itsinformation. She indicated,

| don’t know why | even bother paying attention to the schedule. By thetime | start my day, everything has
already changed. Honestly, | am better off just taking things as they come, rather than trying to keep up with
of how things are supposed to happen.

Usersin high-performing teamswere ableto usethe functionality of the same scheduling systemto providereal-timeinformation
related to patient flows. They found the system valuable precisely because it enabled them to track the inevitable changesin the
schedule and also help others when problems arose.

These observations suggest that stronger ties between individuals and systemsin amultimodal network are positively associated
with knowledge and performance outcomes.

Proposition 1:  Tie strength between users and systems will be positively related to performance in a
multimodal knowledge network.

Density

Network density describes the total number of relationships present in a multimodal network as a function of the total possible
relationships in that network. We identified that teams demonstrated one of two network structures, low- or high-density, and
that these structures influenced not only the interpersonal interactions, but also interactions with the information systems. Asa
general rule, thelow-performing teamsunder analysis demonstrated characteristics of low-density networksand high-performing
teams opted for high-density structures.

Thelarge number ties cultivated in the high-density networks created several distinct advantagesfor theteam. Becausethey had
cultivated relationships with all members of the team, members of high-density networks were more willing to step in and help
one another. As one high-performing team member reported,

Who do you go to if you have a problem or need help with the system? What I’ ve learned in the teamsiis that
if you don’t know, someone on your team has figured it out. Or, they' Il see you struggling with a particular
thing. They'll walk over and volunteer to help.

We observed that individuals in high-density networks devel oped more general levels of competence with a greater numbers of
systems, which meant that individuals in these networks often used the systems in similar ways. These standardized ways of
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interacting with the systems meant that team members could easily step in and assist others with necessary tasks because they
cultivated interchangeabl e knowledge. A supervisor of ahigh-performing team noted that thisinterchangeability was her reason
for choosing a high-density network:

Pretty much everyone does everything the same. Intermsof prioritizing thingsfor individuals and individual
staff members, it’s uniformin terms of how the day-to-day activities are organized and the systems are used.
That way we can support each other better with help using the systems.

Thehigh-density networksreported greater commonality in the nature of the user—system relationship, aiding thewillingnessand
the ability of individuals to help one another.

This common interaction was not observed in the low-density networks. We found that low-density networks developed
subnetworksthat had specialized andidiosyncratic ways of interacting with the systems. Thisidiosyncratic usageisnot aproblem
in and of itself, but it became a problem when they were not able to develop shared knowledge about how to use the systems.
Individuals in the network, therefore, could not rely on each other for assistance interacting with the systems. During our
observation of one low-performing team, we observed one of the support staff members turning to another for help using the
system. As they tried to figure out how to solve the problem, the two users realized that they were actually using different
versions of the same system, each with somewhat different functionality. Because of these differences, one user was unable to
help the other with her problem. One supervisor of alow-density network expressed frustration at this tendency.

So for at least two weeks, administrators were given the task of going around to every department and make
sure they are not using the old version of the system. | would see that blue screen [ characteristic of the older
version] but they would see me coming and switch systems and say, “ We arenot in.” | couldn’t get someto
stop using it.

Theuseof different versions of applicationswithin teamswascommon in low-density networksbut not in high-density networks.
These differences did not cause widespread operationa problems, because these applications till interfaced with the same
information repositories, but it did create difficultiesfor individualsin the team to rely on fellow usersfor help using the systems
or developing common knowledge within the team.

Proposition 2:  High-density networks will perform better than low-density networks in a multimodal
knowledge network.

Information Systems Centrality

Information systems centrality capturesthe configuration of the multimodal knowledge network through both the position of the
information systemsin the network and the interpersonal relationships supporting the IMS interaction. We found evidence that
centrality on both of these levels influenced the performance outcomes of the multimodal knowledge network.

Information systems centrality captures the role of the information systems within the multimodal knowledge network. For
instance, we observed that PCPs demonstrated several distinctive patterns of interacting with systems—dependent, independent,
and interdependent—and each of these different interaction patterns would result in different centrality scores for the systems.
In dependent interaction, the PCP always relied on support staff to interact with the systems, never interacting with the systems
personally. Independent interaction meant the PCP insisted on always personally and directly interacting with the system, never
relying on the support staff for hel p using the systems. Interdependent interaction, in contrast, reflected the tendency for the PCP
and support staff to interact with the systemsinterchangeably. We observed that PCPs demonstrating interdependent interaction
performed better, and this type of interaction would be reflected in certain centrality measures when aggregated to the whole
network level.

Nevertheless, centrality isalso afunction of the efficacy of theinterpersonal knowledge sharing relationships with system users.
For instance, although the general structure of interactions was the same in the two teams with designated data clerks, the
centrality of the systems was different because each clerk had significantly different relationships with othersin theteam. Ina
high-performing team, the data clerk was seated at a dedicated terminal in the middle of the team’swork area. Team members
frequently approached her regarding more complicated tasks in the system, to seek advice regarding one of the systems, or to use
the system together, both looking at the monitor. In alow-performing team, the data clerk was located in an office that was of f
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the regular communication and workflows of the teams. Team members rarely spoke to this data clerk, and she had a series of
inboxes for data entry forms on her door, further minimizing communication. The official roles of each position and system
interaction were the same, but the relationships of that individual with the rest of the team resulted in different centrality of the
systems within the network.

In essence, centrality of the systems captures the degree to which the entire network interacts with the system, both directly and
indirectly, through others. When asked to assess the performance of the information systemsto the HCTson ascale of 1 to 10,
the Chief of Internal Medicine alluded to this importance of the entire team valuing and using the systems:

| would probably say that for the average team, the value of the systemsis about a seven; but this depends on
the team support around the system. That number may either be an eight or a nine or may go aslow asafive.
Example: If you have a team and everyone has taken ownership, they are going to make sure that when a
patient comesin, they will check the population registry systemto seewhat heedsto be done, and communicate
those needsto the appropriate people. Inother teams, thisdesireto do theright thing isnot there; and because
of thislack of desire, the registry won't be checked, and then things that need to be done may or may not get
done because the information is not communicated. Those teams may tend to value the systems at five or six
versus other folks who take more ownership may be eight or nine. Put seven in the middle as an average.

The value of the systems was clearly dependent upon the role of the systems within the entire network, depending both on how
individual saccessed the systems, how they communi cated theknowledgefromthe systemto relevant others, and what individuals
didwiththat knowledgeoncereceived. Theseobservationssuggest that centrality of the systemsispositively related to outcomes.

Proposition3:  Centrality of theinformation systemsin amultimodal knowledge network will be positively
related to multimodal knowledge network performance.

Conclusion and Future Directions

The purpose of this comparative case study was to forward the concept of the multimodal knowledge network as a means by
which to study IM S-based knowledge management initiatives. Our analysis showed that teams may have the same complement
of employees and information management systems, but the way they configure these resources to manage knowledge may vary
considerably, with significant implications on outcomes. We suggested that the paradigm of social network research may be a
valuable means by which to study the way in which the multiple individuals and multiple IMS come together for knowledge
management tasks, identifying three features—tie strength, density, and centrality—which may help describe and predict these
outcomes.

Clearly, a number of possible research directions exist in relation to a study of multimodal knowledge networks. First, social
network research has shown that additional features of the interpersonal knowledge network, such as relational and cognitive
dimensions, may affect outcomes, and further research can determine whether these features also translate in the multimodal
network setting (Nahapiet and Ghoshal 1998). Second, the propositions developed here can be tested through quantitative
methods—regression analysis being the most appropriate for our method and propositions—to further corroborate the validity
of the multimodal network approach. Third, the multimodal network perspective can and should be applied to IMS-based
knowledge sharing in other environments. Nevertheless, the multimodal network perspective on IM S-based knowledge sharing
may represent an exciting new approach to human-system interactions that complement existing paradigms in information
systems research to build arobust body of research.
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Appendix A. Difference between Multimodal
Knowledge Network Configurationsin HCT

g oo ¢ Team 1

TS P
ALY

System 4

The above figures demonstrate one view of how HCTs exhibit different MMKN structures. Team 1 displays different distances
of the systems from the body of the network (tie strength), arelatively higher number of linesin the network (high density), and
shows all the systems skewed to the right of the graph (low centrality). In contrast, Team 2 demonstrates a more consistent
distance of the systems from the network (tie strength), relatively fewer number of linesin the network (low density), and shows
the systems relatively evenly distributed around the network (high centrality).
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