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Abstract

We investigate the impact of cohesion versus structural

holes in two different types of knowledge networks—help‐

seeking networks and voluntary contribution networks—on

adaptation to health IT‐enabled patient‐care practices. In a

multimethod study conducted within a large hospital sys-

tem, qualitative and quantitative data were collected from

806 clinicians working with electronic medical record sys-

tems in 27 inpatient patient‐care units. Multilevel analysis

of the data revealed that overall network cohesiveness ver-

sus location in structural hole positions related to adapta-

tion differently, depending on the type of network. In

help‐seeking networks, location in structural hole positions

was negatively related to adaptation, while network cohe-

sion had a bell‐shaped curvilinear relationship with adapta-

tion; in voluntary contribution networks, the overall

cohesiveness of the network was negatively related to

adaptation, but location in structural hole positions was

irrelevant to adaptation. Our findings suggest a more

nuanced way of monitoring and utilising different sets of

informal social interactions at work to maximise employees'

adaptation to IT‐enabled work.
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1 | INTRODUCTION

Health information technologies (ITs), such as electronic medical records (EMRs), aim to transform patient‐care work

to make it safer and of higher quality (Halbesleben, Savage, Wakefield, & Wakefield, 2010; Middleton et al, 2013;

Wulff, Cummings, Marck, & Yurtseven, 2011). To realise this promise of health ITs, health‐care professionals must

adapt to new health IT‐enabled patient‐care practices by consistently complying with the new tasks created by tech-

nology (Barley, 1990; Davidson & Chismar, 2007; Feldman & Rafaeli, 2002; Fiol & Lyles, 1985; Ng, Kankanhalli, & Yip,

2011). However, such adaptation is challenging due to the high levels of coordination needed on interdependent

work involving multiple providers (Debono et al, 2013; Hertzum, 2010; Lapointe & Rivard, 2007). To cope with this

challenge, knowledge sharing is pivotal as professionals deal with IT‐enabled work practices.

Social interaction is recognised as an enabler of adaptation by facilitating knowledge sharing, in the form of advice

and help, as people try to adapt (Gallivan, Spitler, & Koufaris, 2005; Sykes, Venkatesh, & Gosain, 2009). This is par-

ticularly true for adaptation to health IT‐enabled patient‐care work, given that, by its very nature, this type of work

involves interdependent coordinated engagement of multiple professionals working together (Novak, Brooks, Gadd,

Anders, & Lorenzi, 2012). However, what is often disputed are the particular social interaction structures that are the

most conducive to successful adaptation (for a review, see Flap, Bulder, & Voker, 1998). Extant literature presents

inconsistent evidence regarding the ability of an individual to adapt when embedded in overall cohesive network

structures, in the extremes of which every member of the network is directly connected to every other member, ver-

sus when located in structural hole positions that bridge across otherwise disconnected portions of the network

(Burt, 1992; Coleman, 1988; Dong & Yang, 2015, 2016). On the one hand, Coleman (1988) argues that highly cohe-

sive structures enable better communication as well as a normative culture that promotes trust and discourages

opportunistic behaviour, which can facilitate adaptation (Gargiulo & Benassi, 2000). On the other hand, Burt

(1992, 1997) and others argue that positions of structural holes offer greater flexibility of interaction and better coor-

dination of actions when adapting to new ways of working, which also facilitates adaptation (Burt, 1992, 1997, 2000;

Hansen, 1999).

Recent studies have sometimes shown cohesion and at other times shown structural holes as being more condu-

cive to such outcomes as adaptation, change, innovation, social capital, etc (Battilana & Casciaro, 2012; Gargiulo &

Benassi, 2000; Tortoriello, 2015). This has further fuelled questions about whether cohesion or structural holes is

the dominant factor impacting various outcomes relevant to adaptation and change (Chai & Rhee, 2009). However,

cohesion and structural holes are characteristics of network structure that exist at different levels of analysis and

need not be mutually exclusive (Hanneman & Riddle, 2005). Cohesion is a network‐level concept, while structural

holes is defined at the level of individual or nodal position (Borgatti, Everett, & Johnson, 2013; Burt, 1992); someone

who is not in a cohesive network is not automatically in a high structural hole position and vice versa. Given that

these structures are not mirror opposites, it makes sense that they could both relate to outcomes, as current cumu-

lative evidence suggests. Therefore, resolving this apparent inconsistency of cohesion versus structural holes in

knowledge networks may not be a question of whether—but rather, of when—these two structures assume greater

salience in impacting outcomes of interest (Chai & Rhee, 2009; Xiao & Tsui, 2007). In taking this approach, we join

other studies that have also presented various contingency theories explaining when—rather than whether—cohesion

versus structural holes are salient to outcomes of interest (Battilana & Casciaro, 2012; Chai & Rhee, 2009; Xiao &

Tsui, 2007).

To investigate this question of “when,” we undertake a disaggregated view of knowledge networks. Help‐seeking

networks are structures through which people actively seek help and advice when faced with a problem in health IT‐

enabled patient‐care work. Voluntary contribution networks are structures through which people voluntarily share

useful tips, tricks, and insights with others, without the latter facing any problems in health IT‐enabled patient‐care

work (Gray & Meister, 2004; Hurlbert, Haines, & Beggs, 2000; Konrad, Radcliffe, & Shin, 2016; Obukhova & Lan,

2013; Renzulli & Aldrich, 2005; Sykes et al, 2009). Recent IS work has shown that disaggregating social networks,

such as advice networks or knowledge networks, into more nuanced components can provide a finer understanding



RAMAN AND GROVER8
of the impact of network structure on outcomes (Sykes et al, 2009; Sykes, Venkatesh, & Johnson, 2014; Zhang &

Venkatesh, 2013). We investigate the roles of cohesion and structural holes in both types of knowledge networks,

which coexist within the same set of nodes. We address the following broad non–context‐specific research question:

What is the impact of cohesion and structural holes in help‐seeking networks and voluntary contribution networks on

adaptation to IT‐enabled work practices? We answer this question in the specific context of health IT‐enabled

patient‐care practices.

Through extensive field observation (qualitative) and quantitative data, we empirically investigate the roles of cohe-

sion and structural holes in 27 sets of help seeking and voluntary contribution networks co‐occurring within the entire

population of 27 inpatient patient‐care units within a large urban hospital system, representing 806 health‐care pro-

viders. This hospital system had implemented a clinical information system, comprising EMRs and associated decision

support technologies. Each patient‐care unit within the hospital provided a unique localised context within which pro-

viders working in that unit needed to adapt to the same hospital‐wide EMR‐enabled patient‐care practice. Our goal in

this study is to provide a more fine‐tuned story about when each structural feature is more relevant than the other in

knowledge networks—when the network is viewed from the perspective of the knowledge seeker (help‐seeking net-

work) versus the knowledge donor (voluntary contribution network) as the driver of content flow.

Below, we describe the setting that allows us to contextualise the theoretical background for the study, followed

by hypotheses, method, and results. In the Discussion section, we describe the contributions that our study makes to

research and practice.
2 | THE SETTING

To better contextualise the theoretical background, we begin with a description of setting, as observed in our qualitative

fieldwork. Here, we describe the specific health IT‐enabled patient‐care practice that we focused on, namely, the EMR‐

enabledmedication verification practice.We also describe our outcome of interest, namely, adaptation to health IT‐enabled

patient‐care work, and illustrate the types of knowledge networks and their importance in achieving adaptation.
2.1 | EMR‐enabled medication verification practice, adaptation, and knowledge sharing

Organisational work practices involve multiple people working jointly in repetitive recognisable patterns of interde-

pendent actions (Feldman & Pentland, 2003; Pentland & Rueter, 1994). Therefore, adapting to IT‐enablement of

organisational work practices presents additional challenges of coordination and interdependencies across multiple

providers acting as agents responsible for different aspects of the work.

In this paper, we focus on adaptation to IT‐enablement—specifically, EMR enablement—of a specific

organisational work practice that is salient in inpatient hospital settings, namely, “medication verification practice”

(Beagley, 2011; Garber, 2011; Novak et al, 2012; Prakash et al, 2014). Appendix A describes the medication verifica-

tion practice before and after EMR enablement, as observed in qualitative fieldwork at our field‐site hospital, as well

as the practical issues and challenges that typically manifest as providers adapt to the new EMR‐enabled system.1

Briefly, the medication verification practice is one of the practices relevant to administering medications to patients

admitted to the inpatient division of a hospital. The purpose of this practice is to allow nurses/respiratory therapists

(RTs) to systematically check/verify every new medication for each of their patients received from pharmacy against

the physicians' original prescription; this is an important check‐and‐balance mechanism to reduce errors of translation

between prescribing physicians and fulfilling pharmacy personnel. The practice itself includes a sequence of tasks that

involves change of hands between physicians, pharmacy, nurses, and respiratory therapists as the primary partici-

pants and unit secretaries and patient care technicians as support participants; these tasks are detailed in Appendix
1We supplement this presentation with references from the medical informatics literature as evidence of the generalisability of our qualitative findings to

other healthcare organisations.
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A. The practice unfolds primarily within the various inpatient patient‐care units throughout the hospital, with some

steps being executed centrally within the pharmacy department; it unfolds multiple times throughout the day—each

time a physician writes a new medication order or changes an existing medication order, a new instantiation of the

medication verification practice initiates.

EMR enablement introduced several changes in this practice (see Appendix A); these changes were intended to

reduce errors and improve patient safety. Many of the changes were in the form of new tasks that were created

because of the technology itself, which did not exist prior to the technology; as such, the very doing of these tasks

indicated adaptation to the IT‐enabled changes introduced in the practice. We chose one such EMR‐enabled task,

which was a core task within the overall EMR‐enabled medication verification practice, as an indicator of adaptation

to the EMR‐enabled practice.

Adaptation to the EMR‐enabled practice is embodied in compliance with a new medication verification task that

was specifically created because of EMR enablement and did not exist in the pre–EMR‐enabled version (see Appen-

dix A for details). This task required each new medication appearing on the EMR screen in a given shift to be verified,

on the same shift, against the physician's original order.2 Compliance with this EMR‐enabled task involved more

than simply accepting the technology to conduct a task. Rather, in many ways (see Measurement section for details),

compliance with this task inextricably represented a rich set of necessary process modifications following EMR

enablement. It was therefore appropriate as a measure of adaptation to the EMR‐enabled medication verification

practice as a whole, rather than simply as a measure of EMR system acceptance. The number of new medications that

were verified, as described above, was indicative of the extent of adaptation to the EMR‐enabled version of the prac-

tice; fewer medications verified within the same shift indicated lower adaptation to the EMR‐enabled practice as

compared with more medications verified.

Patient‐care practices in inpatient hospital settings are interdependent on many dimensions—interdependencies

extend across work roles, across tasks within a single patient‐care practice, and across tasks from cross‐cutting

patient‐care practices. For example, nurses must depend on physicians to write the prescription order before they

can verify information about the processed order on the EMR screen. Nurses may also need to depend on laboratory

to process ordered blood work in a timely fashion (a different patient‐care practice) so that physicians can review the

test results and prescribe any changes to already‐ordered medications. These changed medications would then need

to be refilled by pharmacy before the nurse could do his/her job of verifying the accuracy of the refilled medication.

Verification of new medications is, in turn, a necessary precursor to administering medications to patients. The EMR

system digitised not just the medication verification practice but the whole gamut of cross‐cutting patient‐care prac-

tices relevant to the entire inpatient hospital setting. As such, EMR enablement created new challenges of coordina-

tion and communication within and across patient‐care practices; the requirement to streamline most coordination of

work and communication between personnel in particular EMR‐enabled ways was a key constraint fuelling many of

these challenges, as elaborated in Appendix A.

The interdependent complex and challenging nature of the EMR‐enabled medication verification practice—and of

EMR‐enabled patient‐care work in general—created fertile ground for help seeking and voluntary contribution inter-

actions between health‐care providers within a patient‐care unit as they went about these practices (Borgatti &

Cross, 2003; Feldman & Pentland, 2003; Leonardi, 2011; Sykes et al, 2014). Help‐seeking interactions occurred in

response to any problems that arose in daily performance of EMR‐enabled work (see Appendix A) (Bates, Ebell,

Gotlieb, Zapp, & Mullins, 2003). For example, clinicians would seek each other's help on their unit when delays in

receiving test results from laboratory stalled their medication verification work, pushing it close to shift‐change time.

Instead of quietly waiting for the test results to show up on the EMR screen, as they were expected to do, or calling

laboratory, as they were discouraged to do, nurses would seek help from colleagues on their unit, such as other

nurses or unit secretaries, about how to resolve this issue. Should they call lab, how long should they wait before
2In the pre‐EMR version, information on the medication vial would be verified against the physician's prescription order. In the EMR‐enabled version, this

verification would be performed in addition to the verification of the information appearing on the EMR screen; the latter is the new task that did not exist

prior to the EMR system and is the focus of our DV.
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calling? If so, whom should they call—who, in lab, would be more receptive or helpful with such a phone call? At what

point should the physician be notified of an excessive delay?

Opportunities for voluntary contribution of one's insights to others also abound in this context (Hurlbert et al,

2000; Konrad et al, 2016; Obukhova & Lan, 2013; Renzulli & Aldrich, 2005). As people engaged with the EMR‐

enabled medication verification practice on a daily basis, they would come upon useful tips, tricks, and insights that

would help them adapt more readily to these practices. Patient‐care work is interdependent, involving multiple peo-

ple (Leonardi, 2011; Sykes et al, 2009). Caring for the well‐being of all patients, not just the ones assigned to them, is

a characteristic of health‐care professionals. So, when people uncovered something useful in the course of working

with the EMR‐enabled medication verification practice, they would tend to pass it along to others so that others may

also benefit from the insight. Because of interdependencies in work, voluntarily contributing insights to others even

helped the contributors do their work more smoothly and reduced interruptions in their workflows.

We observed multiple instances of voluntary contribution of insights in our qualitative fieldwork. For example,

medication names can sometimes be tricky, because the same medication could typically have multiple different

names and different medications could have very similar sounding names (Lisby, Nielsen, & Mainz, 2005; Orrico,

2008). In the interest of patient safety, the EMR system would only allow one set of hospital‐approved names for

all the medications that were prescribed in the hospital. Often, physicians would break hospital‐approved protocol

and call‐in verbal orders over the phone; when they did so, they typically used their own preferred names for the

medications they were calling in, rather than the hospital‐approved names (Koczmara, Jelincic, & Perri, 2006; West

et al, 1994). However, when processing this order into the EMR system, pharmacy would be constrained by the

EMR system to only use one set of standardised hospital‐approved names. This would increase the number of med-

ication name discrepancies between the EMR screen versus the physician's verbal order that nurses would then need

to reconcile. One nurse figured out a way to keep a written log of all previously resolved discrepancies in medication

names so as to not have to reinvent the wheel with each new prescription order. This nurse passed along this insight

to others on her unit so that others could also contribute to this log based on their own experiences. In this way, she

helped not only others, but also herself, adapt better to the EMR‐enabled medication verification practice by learning

from medication name discrepancies that other nurses had resolved and added to the log.

Our qualitative observations, therefore, revealed the many interdependencies in the EMR‐enabled medication

verification practice, intensified by EMR enablement, which caused social networks to be salient for adapting to

individual‐level tasks within this practice. This sets the stage for the following theoretical background on cohesion

and structural holes, as discussed in prior literature on adaptation, change, and related concepts.
3 | THEORETICAL BACKGROUND
3.1 | Network cohesion and structural holes

Cohesion and structural holes are key concepts in social network studies of various organisational phenomena related

to adaptation, such as organisational change, innovation, and adapting to different professional roles. For example,

the role of cohesion and structural holes is invoked to explain how people can adapt to changes in task interdepen-

dencies (Gargiulo & Benassi, 2000). Cohesion and structural holes also affect how individuals acquire external knowl-

edge and transform it into innovations (Tortoriello, 2015). These characteristics have been discussed as enabling or

hindering social capital (Chai & Rhee, 2009; Gargiulo & Benassi, 2000), organisational change (Battilana & Casciaro,

2012), the change of network relations following transitions in professional roles (Jonczyk, Lee, Galunic, & Bensaou,

2016), and others. Prior literature, therefore, provides good support for investigating cohesion and structural holes as

network structural antecedents to adaptation to EMR‐enabled patient‐care work in this study.

Cohesion is a property of the whole network in which there are close ties, involving few intermediaries,

connecting everyone in the network (Gargiulo & Benassi, 2000; Hanneman & Riddle, 2005; Reagans & McEvily,
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2003). It is well established in prior literature that cohesive network structures facilitate collaboration and trust

among people by creating a normative culture that favours collaborative collective action and disfavours acts of

defection or opportunism (Coleman, 1988; Gargiulo & Benassi, 2000). In cohesive networks, people connected to

each other are more likely to have common third parties as contacts. In exchanges within cohesive structures, there-

fore, people are likely to act in collaborative and trustworthy ways because acts of opportunism would be visible to

the common third parties and may preclude individuals exhibiting such behaviour from receiving future social bene-

fits (Gargiulo & Benassi, 2000; Granovetter, 1985). While cohesive structures offer this safety of trust and close‐

knittedness, they are also described in the literature as being inflexible and difficult to change (Burt, 1997; Gargiulo

& Benassi, 2000).

Structural holes define a property of social networks at the individual nodal‐level (Burt, 1997; Gargiulo & Benassi,

2000). Structural holes are created when pockets of disconnection arise in the network, offering the unique posi-

tional advantage of bridging across disconnected clusters. These positions allow access to and monitoring of knowl-

edge and opportunities across disconnected network clusters whose knowledge content would otherwise have had

no way to connect and merge (Burt, 1997; Hahl, Kacperczyk, & Davis, 2016). People in structural hole positions can

act as brokers negotiating the sharing of knowledge and communication across disconnected clusters (Hahl et al,

2016; Quintane & Carnabuci, 2016). Unlike cohesive networks, structural holes offer more flexibility due to greater

disconnections between nodes. These positions are more likely to facilitate coordination of work, especially in

response to changes in task needs and interdependencies (Gargiulo & Benassi, 2000). Although cohesion and struc-

tural holes are defined at different levels of analysis and, as such, are not mirror opposites of each other, they are

nonetheless opposing structural tendencies. In other words, networks that are more cohesive would tend to have

fewer structural holes in them and vice versa (Burt, 1997; Gargiulo & Benassi, 2000).

One stream of research in this domain has emphasised the contrasting roles of cohesion versus structural holes

for various outcomes of interest (Burt, 2004; Gargiulo & Benassi, 2000; Reagans & McEvily, 2003). For example,

Gargiulo and Benassi (2000) found that social structures rich in structural holes were better than cohesive structures

in allowing flexibility and change in network structure following changes in task interdependencies. Other work has

identified different sets of benefits of each structural characteristic in the generation of social capital (Chai & Rhee,

2009; Gargiulo & Benassi, 2000).

Another stream of research has recognised the importance of both cohesion and structural holes for outcomes of

interest and has focused on identifying the contingent factors and circumstances under which each is relatively more

salient than the other (Battilana & Casciaro, 2012; Xiao & Tsui, 2007). For example, with respect to organisational

change, structural holes are found to be more conducive than cohesion for change initiatives that diverge significantly

from the institution's status quo but not for less radical change initiatives (Battilana & Casciaro, 2012). Other work has

found both cohesion and structural holes to impact the network structure transitions that occur following role tran-

sitions and promotions in organisations (Jonczyk et al, 2016). Still other studies have found cultural factors to play

a contingency role in the relative importance of cohesion versus structural holes towards social capital (Chai & Rhee,

2009; Xiao & Tsui, 2007). IT‐enabled capability can also have a contingent effect on the extent to which structural

holes can impact the intensity of competitive action undertaken by a firm (Chi, Ravichandran, & Andrevski, 2010).

In this study, we join the latter stream of research that has emphasised a contingency perspective on elucidating

the relative significance of cohesion and structural holes. The contingency factor that we consider in this study is the

mode of disaggregation of the network itself, based on whether the seeker or the contributor is driving the flow of

content through the network.
3.2 | Help seeking versus voluntary contribution networks

Help seeking versus voluntary contribution are two different modes—pull versus push—through which knowledge

gets shared in organisations (Acharya, Franklin, & Zdonik, 1997; Gray & Meister, 2006; Kendall & Kendall, 1999; Unni
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& Harmon, 2007). Help seeking is when people encounter problems in their work, for example, in the EMR‐enabled

medication verification practice, and reach out to others to help resolve these problems (Gray & Meister, 2004). Vol-

untary contribution is not initiated by any problem that the recipient is facing. Instead, voluntary contribution

involves people coming across a useful tip or insight in their daily performance of the EMR‐enabled medication ver-

ification practice and voluntarily passing it along to others so that they may also benefit from this insight. These vol-

untary contributions are one‐on‐one interactions between the contributor and the people to whom he/she chooses

to pass on the insights. As such, voluntarily shared insights are not formalised into a knowledge repository that is

freely available to everyone in the organisation. Social interaction is, therefore, essential for the flow of these unso-

licited insights. Help‐seeking and voluntary contribution differ in terms of the agent that is actively driving the flow of

network content (Howard‐Grenville, 2005; Schultze & Orlikowski, 2004; Unni & Harmon, 2007), thereby

emphasising the “why,” in addition to the “what,” underlying network flows.

Figure 1 illustrates the dyadic unit of interaction underlying each network. Help‐seeking interactions are

characterised by the flow of “requests for advice,” initiated by a focal node encountering problems and terminating

on an alter node in the same unit who may be able to help. A dyad in voluntary contribution networks involves “pre-

ferred unsolicited insights” from the donor (the alter node) flowing to a potential recipient (the focal node) within the

same work unit who finds this insight useful. The two networks, therefore, differ in the actual content that is flowing

through them and in the drive for each of these flows: in the help‐seeking network, seeker‐initiated “requests for

advice” in response to encountered problems, and in the voluntary contribution network, donor‐initiated “unsolicited

preferred insights” unrelated to any problem on the recipient's end. We demonstrate the conceptual, operational, and

analytical distinctiveness of these two networks, which represent two distinct network structures between the same

set of nodes, rather than different perspectives on a single network structure.

In the next section, we develop our hypotheses linking cohesion and structural holes in help‐seeking networks

and voluntary contribution networks to adaptation to the EMR‐enabled medication verification practice. In doing

so, we offer a contingency explanation of cohesion and structural holes as antecedents to adaptation by undertaking

a disaggregated view of traditional knowledge networks.
4 | RESEARCH MODEL AND HYPOTHESES DEVELOPMENT

In this section, we will first present a set of boundary conditions within which our research model (Figure 2) and its

hypotheses would be relevant. We then develop hypotheses pertaining to the help‐seeking network followed by the

voluntary contribution network.
FIGURE 1 Help seeking and voluntary contribution dyads
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4.1 | Boundary conditions

4.1.1 | One: Middle‐of‐the‐continuum network structures that are partially cohesive and
also have some structural holes within the same network

In prior social networks literature, structural holes and cohesion are treated as being on opposite ends of a continuum

—a network is either cohesive, where the contacts of a person's contacts are mostly connected to each other, or it is

rich in structural holes. Most studies have compared the behaviours of networks that are on either end of this con-

tinuum (Burt, 1997; Coleman, 1988; Gargiulo & Benassi, 2000). Our study purposefully focuses on network struc-

tures that are in the middle of this continuum, where both structural characteristics—cohesiveness and structural

holes—can simultaneously exist. In these middle‐of‐the‐continuum structures, there is variance in both cohesion

and structural holes.
4.1.2 | Two: Multilevel comparison of cohesion versus structural holes

In social network theory, the concept of cohesion is a whole network property, while structural holes is a property of

node positions within the network (Burt, 1997; Hanneman & Riddle, 2005). Extant studies that apply these concepts,

particularly in a comparative mode, tend to view these two properties at the same whole‐network level of analysis.

For example, studies have compared cohesive networks against networks that are rich in structural holes (Burt, 1992,

2000; Chai & Rhee, 2009; Gargiulo & Benassi, 2000). In this study, we keep apart the levels of these two structural

characteristics, in line with their theoretical definitions, and perform a multilevel investigation comparing these two

characteristics.

In our hypotheses development, which follows, we evaluate the implications of such multilevel network location

and network embeddedness on individuals' adaptation to IT‐enabled work practices. The theorisations elaborated in

the sections that follow are supported, in Appendix B, by practical illustrations from the healthcare context.
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4.2 | Cohesion and structural holes in the help‐seeking network

In help‐seeking networks, people seek advice to help resolve problems that they have encountered while adapting to

IT‐enabled work practices; finding help to resolve a problem is, therefore, the key factor driving content flow in this

network. As help is mobilised, problems are more likely to get resolved, and people are more likely to adapt to IT‐

enabled work practices (Giampaoli, Ciambotti, & Bontis, 2017; Tyre & von Hippel, 1997). We expect that two differ-

ent characteristics of help‐seeking network structures—location in structural hole positions versus embeddedness in

overall cohesive network structures—would relate in qualitatively different ways to individuals' problem solving and,

in turn, to their adaptation to IT‐enabled work practices.

The central premise guiding our theorising is that, in help‐seeking networks, closeness of connections—rather

than newness of insights—is the dominant factor relating to problem resolution. Problem solving requires close col-

laborative interaction—ie, frequent contact via relatively few intermediaries—between the advice seeker who is fac-

ing the problem and others who are likely to offer advice (Brown & Duguid, 2001; Hansen, 1999, 2002). Helping to

resolve a problem involves more than simply the give‐and‐take of preformed knowledge (Nickerson & Zenger, 2004;

Szulanski, 2000). Rather, problem resolution is constructed within its local context by applying, integrating, and syn-

thesising received knowledge with the specific characteristics of the local context and the nuances of the problem at

hand (Howard‐Grenville, 2005; Szulanski, 1996; von Hippel, 1998). This requires in‐depth familiarity with the context

and the ability to learn deeply about the problem, often through back‐and‐forth verbal reconstruction with the help

seeker (Nickerson & Zenger, 2004; Szulanski, 2000). It also requires considerable investment of time and energy from

the provider of help, which is likely to be more forthcoming if the helper feels like he/she can relate to or empathise

with the predicament of the help seeker (Granovetter, 1985; Tyre & von Hippel, 1997; von Hippel, 1998). People are

also more likely to invest time and energy into helping others in need when their actions are observable to those

around them (Gargiulo & Benassi, 2000). There is greater incentive to help others when doing so earns helpers the

kudos, positive regard, and hopefully future help of others in their network (Adler & Kwon, 2002; Inkpen & Tsang,

2005. All of these benefits are likely to be realised when the help seeker can connect through close interaction with

others in the help‐seeking network.

For the most part, the newness or novelty of knowledge is not particularly important for problem resolution

(Hansen, 2002). For one, since, in the help‐seeking context, relevant knowledge is tied to the problem at hand, it

could not, by design, be too drastically new or different. Furthermore, relatedness—rather than novelty or distinctive-

ness—of knowledge received from different sources is likely to lend the knowledge more readily to integration, appli-

cation, and synthesis in the local problem‐specific context (Goh, 2002; Hansen, 2002; Tyre & von Hippel, 1997).

Entirely new or different insights may, in fact, create difficulties in translation or understanding of how these insights

connect with each other and apply to the specific problem within the local context (Roberts, Galluch, Dinger, &

Grover, 2012; Tsai, 2001).

4.2.1 | Structural holes in help‐seeking networks

Given the above characteristics of help seeking and problem solving, we expect structural hole positions in help‐

seeking networks to be negatively related to adaptation. People who occupy high structural hole positions in help‐

seeking networks (Figure 3A.1) engage with others, who are themselves disconnected from each other, for

problem‐specific advice (Burt, 1997; Hanneman & Riddle, 2005). They are also only sparsely connected to the people

immediately spanning the structural hole, rather than having dense connections with entire clusters of people on

each side of this hole (Burt, 1997; Granovetter, 1985). As such, these positions do not allow deep embeddedness

within local network contexts. This, in turn, precludes the close collaborative interaction and familiarity with the

help‐seeker's local work context that is necessary for complex problem‐solving. Relatedly, the characteristic lack of

common third party contacts in these positions (Burt, 1997; Gargiulo & Benassi, 2000) is likely to result in help‐giving

responses that are less observable for judgement or reward by others in the network, reducing accountability and, in



FIGURE 3 Illustration supporting help‐seeking network hypotheses. NOTE 1: Within each vertical series of figures,
some arrows are represented in wider/darker form simply to more easily highlight the difference with the previous
figure in the same vertical series. The width of the arrows in these network illustrations do not convey any
substantive information about the strengths of the corresponding interactions. NOTE 2: No corresponding figure
supporting the voluntary contribution network hypotheses (H3 and H4) is provided since the theorising and practical
examples supporting these hypotheses (in the article text and in Appendix B) do not refer to a pictorial illustration
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turn, incentive to help when called upon (Gargiulo & Benassi, 2000). Consequently, people in high structural hole

positions likely find it more difficult to resolve problems and, in turn, to adapt to IT‐enabled work practices.

As the extent of “structural hole”‐ness of the position decreases (Figure 3A.2), this means that more cross‐cluster

links are created between people across the hole (Borgatti et al, 2013). As this happens, greater connectedness is cre-

ated in the local network surrounding the person in the structural hole position, arguably at no extra cost to him/her.

All of the previously mentioned benefits of closer interaction to problem solving are now more likely to be experi-

enced as the “structural hole”‐ness of the position decreases, relating in turn, to better adaptation to the IT‐enabled

work practice.

4.2.2 | Cohesion in help‐seeking networks

A less cohesive help‐seeking network (Figure 3B.1) is one involving open nonclustered forms where, in the smallest

unit, if A asks B for help and B asks C for help, it is less likely that A would also ask C for help (Borgatti et al, 2013;

Hanneman & Riddle, 2005). Thus, there are open strings of help‐seeking interactions that involve larger numbers of

intermediaries between help seekers and most providers. In these less cohesive (but still connected) structures, there

is very little closeness of interaction (Borgatti et al, 2013; Scott, 2000). So a person seeking help while being
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embedded in this type of overall network structure is less likely to mobilise the resources needed to solve the prob-

lem. The first reason for this is that his/her own connectivity in the network is more likely to be sparse, involving

larger numbers of intermediaries. This would make it more difficult for him/her to engage suitable help givers in

response, within his/her local problem context and, therefore, to mobilise the help that would be needed for problem

resolution (Hansen, 1999;Szulanski, 2000 ; Tyre & von Hippel, 1997). Second, the sparseness in overall network con-

nectivity would weaken broader social accountability and reward mechanisms that may have kept responding help

givers more “honest” or proactive in providing help (Adler & Kwon, 2002; Inkpen & Tsang, 2005; Konrad et al,

2016). Individuals' adaptation to IT‐enabled work practices is, therefore, likely to be low when they are embedded

in less cohesive overall network structures.

As network cohesiveness grows (Figure 3B.2), people are more closely connected to each other through fewer

intermediaries separating pairs of nodes (Borgatti et al, 2013). An individual encountering a problem when embedded

in such a network is more likely to engage people who can integrate and synthesise what they know, in a context‐

specific manner, and apply it to the problem at hand (Szulanski, 2000; Tyre & von Hippel, 1997). People's actions

are also more readily “watched” amidst such closed structures, creating greater incentive for them to respond to calls

for help, and in turn, greater likelihood for people to mobilise help (Gargiulo & Benassi, 2000; Inkpen & Tsang, 2005).

Thus, as the cohesiveness of the overall network increases, people embedded in these network structures find it eas-

ier and/or quicker to resolve problems and, in turn, to adapt to IT‐enabled work practices.

As the level of cohesion in the help‐seeking network keeps increasing (Figure 3B.3), it is likely that, beyond a cer-

tain point, further adding to the connectedness of individuals—ie, adding even more ties in an already well‐connected

network—is likely to yield diminishing returns for problem solving (Falci & McNeely, 2009; Molina‐Morales &

Martínez‐Fernández, 2009; Wise, 2014). This is because, in a well‐connected network, there are already many people

who can readily be brought to bear on a problem (Coleman, 1988; Tyre & von Hippel, 1997). Further adding connec-

tions is likely to be redundant with respect to the help that can be mobilised in such tightly closed structures (Molina‐

Morales & Martínez‐Fernández, 2009). This means that, for help seekers, as cohesiveness of their network increases,

so does redundancy in the information being brought to bear on the problem, resulting in lower rates of problem res-

olution and adaptation (Wise, 2014).

As the cohesiveness of the help‐seeking network grows even further, problem‐solving for help‐seekers embed-

ded in such structures is likely to become increasingly negative. In addition to the redundancy problem mentioned

earlier, as the overall number of help‐seeking ties in the network grows even further, there is now a cost or burden

that people begin to face in such structures from being overloaded with too many requests for help from too many

people that are too close to them (Bawden & Robinson, 2009; Eppler & Mengis, 2004; O'Reilly, 1980). As a result,

at such high levels of cohesion, potential help givers are more likely to be fatigued or even irritated due to the

increasing demands on their time from having to attend to others' problems (Speier, Valacich, & Vessey, 1999).

Consequently, the quality of help that is mobilised to the problem is likely to suffer; people may make hurried or

distracted offers of help without listening carefully to the problem, because of being overburdened by too many

requests for help, which may backfire and actually lower adaptation to greater and greater extents (Buchanan &

Kock, 2001; Speier et al, 1999).

Therefore, we expect that, as the cohesion of the help‐seeking network increases, it will initially relate positively

but then reach diminishing returns with respect to problem resolution and, in turn, to adaptation to IT‐enabled work

practices. If the cohesion of the network continues to grow even higher beyond this point, it is likely to relate to an

increasingly negative relationship with adaptation. So the overall cohesiveness of help‐seeking networks is expected

to have a bell‐shaped or concave diminishing curvilinear relationship with individuals' adaptation to IT‐enabled

work practices.

This leads to the first two hypotheses of this study, pertaining to help‐seeking networks:
H1. Location in structural hole positions in help‐seeking networks is negatively related to adaptation to

IT‐enabled work practices for individuals occupying these positions.
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H2. The overall level of cohesiveness of the entire help‐seeking network is likely to have a bell‐shaped con-

cave relationship with adaptation to IT‐enabled work practices for individuals embedded in these networks

(ie, the relationship is positive with diminishing returns, turning negative at high levels of cohesion).
4.3 | Cohesion and structural holes in the voluntary contribution network

In voluntary contribution networks, people voluntarily share with others helpful tips, tricks, and insights that have

allowed them to work better with the IT‐enabled practice, so that others may also benefit from these insights. A

key distinction from the help‐seeking network is that the flow of content in this network is driven by the contributor

(not the seeker/recipient), based on what he/she has found useful when working with IT‐enabled practices and not

by any problem faced by the recipient. We hypothesise that, in the voluntary contribution network, structural hole

positions are not relevant, but the overall cohesiveness of network structure is significant for individuals embedded

in these networks to adapt to IT‐enabled work practices.

The central premise guiding our theorising on voluntary contribution networks is that the perceived newness of

shared insights in this network is the key factor relating to adaptation to IT‐enabled work practices. People are likely

to pay attention to received unsolicited insights if the insights are offering something new that they did not already

know (Reagans & McEvily, 2003; Tortoriello, 2015; Tortoriello & Krackhardt, 2010). As people pay attention to

received unsolicited insights, they are likely to apply them in their own work and to benefit from these insights, since

these had already proven useful to the contributor. This way, recipients are likely to improve their adaptation to IT‐

enabled work practices by taking advantage of the learning experiences of others in the network (Boud & Middleton,

2003; Boyd, Richerson, & Henrich, 2011; Kim & Miner, 2007).

Furthermore, because of interdependencies of work created by IT‐enabled work practices, as others apply the

insights shared by the contributor, this in turn increases the value of these insights to the contributor (Howard‐Gren-

ville, 2005) and improves the latter's adaptation to the IT‐enabled work practice as well. As more people accept and

apply shared insights, any errors or opportunities to improve them are more readily brought to the awareness of the

contributor and can be corrected or improved. The act of teaching one's insights to others, in the process of sharing

these insights, also increases the contributor's own proficiency with the insight (Nestojko, Bui, Kornell, & Bjork,

2014).

Increased attention to shared insights in voluntary contribution networks, sparked by newness of these insights,

is, therefore, likely related to greater adaptation to IT‐enabled work practices for everyone involved.

4.3.1 | Cohesion in voluntary contribution networks

In less cohesive voluntary contribution networks, people share unsolicited insights with other people through larger

numbers of intermediary contacts in open nonclustered structures (Borgatti et al, 2013; Hanneman & Riddle, 2005).

In such network structures, individual experiences with IT‐enabled work practices, as well as the insights that people

gain from these experiences, are seldom common across large numbers of people and also take much longer to equil-

ibrate across people due to the sparseness of connections between them (Chai & Rhee, 2009; Gargiulo & Benassi,

2000; Xiao & Tsui, 2007). So, when someone uncovers a useful insight in such a network structure, it is likely that

there would be others in the network to whom this would be a novel insight and who would therefore pay attention

to it (Burt, 1997; Gargiulo & Benassi, 2000). More of the insights that are shared in an unsolicited manner in less

cohesive network structures are likely to be perceived as new by others in the network and, therefore, likely to

receive their attention.

As the level of cohesiveness of voluntary contribution networks increases, more people are directly connected to

each other, and their contacts are also connected to each other in closed clusters (Borgatti et al, 2013; Coleman,

1988; Scott, 2000). In such structures, people's experiences with IT‐enabled work practices, and the insights that

they gain from these experiences, are likely to be similar to each other (Hansen, 2002; Monge & Contractor, 2003;
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Reagans & McEvily, 2003). This is because close‐knit direct connections enable shared and readily shareable experi-

ences, which lead to overlapping and related insights about IT‐enabled work practices emerging from these experi-

ences (Coleman, 1988; Gargiulo & Benassi, 2000; Granovetter, 1985). Also, more cohesive networks include more

redundant paths connecting nodes in the network (Hanneman & Riddle, 2005; Scott, 2000). As a result, individuals

within more cohesive networks may be receiving the same insights via multiple paths, thereby further reducing the

overall newness of the set of insights they receive in such structures. It is, therefore, less likely for someone to come

upon distinctively novel insights from the network when embedded in cohesive network structures (Burt, 1997;

Gargiulo & Benassi, 2000). Moreover, the greater connectedness that exists in close‐knit network structures implies

that a much larger number of unsolicited insights, in total, is likely to actually be circulating in increasingly cohesive

voluntary contribution networks (Rowley, 1997). Therefore, as the cohesiveness of voluntary contribution networks

increases, people embedded in these networks are likely to suffer from increasing levels of attention fatigue, which

may desensitise them into paying lesser attention to received unsolicited insights in general (Grise & Gallupe, 2000;

Hunter, 2004; Kock, 2000). So, as voluntary contribution network cohesion increases, individuals' adaptation to IT‐

enabled work practices decreases, partly because the network is likely not yielding as many fresh new insights in gen-

eral and partly because the people in the network are likely overburdened with attention fatigue from too many

insights floating around.
4.3.2 | Structural hole positions in voluntary contribution networks

A structural hole represents a point of disconnectedness in the network (Hanneman & Riddle, 2005; Scott, 2000). So,

people on either side of a structural hole are likely to have different experiences with the IT‐enabled work practice

and, in turn, to have largely distinct sets of insights (Aarstad, 2012; Ahuja, 2000; Burt, 1997; Min, Chung, & Kim,

2017). However, a person in a high structural hole position is only sparsely connected to these people on either side

of the “hole”—typically, to only one person from each disconnected group on either side of the hole—creating a rather

thin connection or bridge between these two groups (Borgatti et al, 2013; Hanneman & Riddle, 2005). This creates

structural limitations in the extent to which these disconnected insights—no matter how novel—can actually flow

through a high structural hole position. The sparse connectedness of this position, therefore, makes the newness

of these disconnected insights less relevant to a person in this position. The insights may be new, but if the position

structurally does not allow much of these insights to flow through it, then that newness is not able to garner much

attention from a person located in that position. If recipients in these positions are unable to receive and attend to

much of these unsolicited insights, they cannot use them to improve their adaptation to the IT‐enabled work practice.

As the extent of “structural hole”‐ness of the position decreases, connections are formed between people across

the structural hole position, creating greater interconnectedness in the local network surrounding this position

(Borgatti et al, 2013). This improvement in connectivity improves the flow of unsolicited insights through the position;

ironically, however, as the extent of “structural hole”‐ness of the position decreases, the insights that are now flowing

relatively more freely through this position are now less likely to be perceived as new (Burt, 1997; Hansen, 2002). The

very connections across disconnected clusters that help to improve the flow of insights through the structural hole

position also reduce the newness of the insights that are flowing. Insights that are less novel, even if there are more

of them, are likely to receive less attention and, in turn, be less valuable in adapting to IT‐enabled work practices.

Thus, as the extent of structural hole‐ness of a position swings across from high to low, a person in this position

goes from encountering very low amounts of new insights to rather large amounts of not‐so‐new insights. Both of

these scenarios are less conducive to garnering the attention of individuals towards the received unsolicited insights

and, in turn, to helping them adapt to IT‐enabled work practices. Therefore, the extent of structural holeness of a

position, no matter whether it is high or low, will remain irrelevant to adaptation to IT‐enabled work practices for

people occupying those positions.

Therefore,
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H3. The level of cohesiveness of the entire voluntary contribution network would be negatively related to

adaptation to IT‐enabled work practices for individuals embedded in this network.

H4. Location in structural hole positions within the voluntary contribution network would be unrelated to

adaptation to IT‐enabled work practices for individuals occupying these positions.
5 | METHODS
5.1 | Research context

This study was conducted in a large urban hospital system that had implemented a clinical information system (CIS),

including EMRs and associated decision‐support technologies, in a multiphased manner over several years. Our

research association with this hospital began in the early stages of this implementation process, before the major

interactive functionalities of the clinical information system were implemented. The initial years of this association

were spent conducting qualitative fieldwork. This allowed us to obtain an intimate understanding of our research set-

ting and of how the unfolding implementation of the clinical information system was changing patient‐care practices

throughout the hospital. This in‐depth understanding of the research site through extended fieldwork subsequently

guided the design and conduct of quantitative data collection; the quantitative data were used to generate the find-

ings that we report in this study.

The quantitative data were collected after the electronic medical record system, pharmacy module, laboratory

module, and inpatient electronic charting components of the CIS had already been implemented and in use for sev-

eral months, although other components of this system, like computerised physician order entry, were still under

development. Our study is, therefore, situated in a context where the EMR technology and its use itself was not

new, but people were still adapting to the standardisation of work practices, interactions, and stipulated outcomes

that were enabled by the technology.

The inpatient division of this large hospital system was organised into a set of 27 patient‐care units, some of

which were intensive care units while others were general care areas. Work within intensive care units was relatively

less predictable and of higher intensity compared with general care areas, as reflected in the lower patient‐to‐nurse

ratio in the former. Full‐time clinical employees who worked on an everyday basis in these patient‐care units included

nurses, respiratory therapists, patient‐care technicians, and unit secretaries, and comprised our respondent pool for

the quantitative study.

In terms of physical infrastructure, each patient‐care unit included a nurses' station, where clinicians typically con-

gregated in between checking up on patients. Each nurses' station included one to three desktop computer terminals.

Prior to CIS implementation, these computer terminals were hooked up to the medical technologies within patients'

rooms, alerting nurses to changes in patients' vital signs, etc; at this time, patient charting was done on paper‐based

charts, which were hung over the doors of patients' rooms. Patients' current medication records and other files on

inventory management for patient‐care rooms were maintained in binders that were located on shelves and cabinets

at the nurses' stations.

The EMR system was at the core of the CIS, and interfaced with other functionalities, like the order management

system (which processed physicians' procedure orders, such as X‐rays, CT scans, and other diagnostic tests), the elec-

tronic charting system (where nonphysician clinicians, like nurses, patient‐care technicians, and respiratory therapists,

kept track of detailed patient‐care activities and assessments), the pharmacy and laboratory modules of the CIS, the

patient admissions database, and others. Together, these systems digitised delivery of a variety of interdependent

patient‐care practices in the inpatient division of this hospital.

As the functionalities of the CIS were implemented in phases, they became available on the computer terminals

located at the nurses' stations in patient‐care units. Following the first phase of implementation, as EMR and other
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functionalities were implemented, providers were expected to actively enter information into the system. The hospi-

tal additionally provided a set of “computers‐on‐wheels” (or COWs, as they were called) to each patient‐care unit.

Walking into any patient‐care unit, seeing two to three COWs in a hallway was a common sight. They were unwieldy,

often ran out of power, and were typically not available in sufficient numbers at a time, resulting in long wait times

particularly when many people needed to document at roughly the same time. Nonetheless, hospital administration

expected that they would be wheeled into patients' rooms in real time for bedside charting and documentation. A

common complaint from providers at this hospital was that the hospital had not been architecturally designed for

digitisation. It was typically difficult to wheel the COWs into patients' rooms; there was often not much room to

move around once a nurse or multiple providers were in the room along with the COW. Overall, it was a cumbersome

experience working with these clunky systems while maintaining a personal connection with patients at point of care.

Despite these physical infrastructure challenges, however, implementation of the clinical information system pro-

vided the first opportunity at this hospital system to enforce and automatically track compliance with standardised

hospital‐approved patient‐care practices. Embedding patient‐care practices into the CIS introduced new

technology‐enabled tasks (see Appendix A) as part of these practices, designed to improve patient safety; these tasks

were tracked by the organisation through periodic reports generated by the CIS. For example, nurse verification of

new medications appearing on patients' EMR screens against physicians' original prescription orders was a quality

management task specifically created following EMR implementation. As a result, compliance with this new medica-

tion verification task—specifically, the number of new medications on the EMR screen that a nurse verified against the

physician's original order within the same shift—was a direct measure of adaptation to the EMR‐enabled medication

verification practice, our dependent variable in this study.

Finally, data entry into the system was accomplished manually by providers, using a combination of typing and

drop‐down boxes available through the system. At the time of our study, the hospital had begun looking into

barcoding as a potential future direction for data capture but had not yet implemented automatic data capture via

barcoding (Fowler, Sohler, & Zarillo, 2009; Poon, Poon, Keohane, & Yoon, 2010; Seibert, Maddox, Flynn, & Williams,

2014). Hospital administration encouraged all data entry to be done directly and, in real‐time, within the computer

system. However, challenges presented by technology interface, device availability, and physical building infrastruc-

ture resulted in providers often using handwritten notes while they were on‐the‐go around the unit, which they

would later transcribe into the computer system.
5.2 | Measurement

Table 1 presents construct measures.
5.2.1 | Dependent variable

Data on the dependent variable were obtained from organisational records. From monthly EMR reports, we obtained

the number of new medications that populated the EMR screen on a given shift during each month, which the

responsible clinician was able to verify3 for accuracy against the physician's original order on the same shift. This

“new medication verification” task did not exist prior to the EMR system and was introduced by the EMR system

as a required part of the EMR‐enabled version of the medication verification practice. As such, successful new medi-

cation verification indicated adaptation to the EMR‐enabled medication verification practice. Failure to verify was equiv-

alent to the pre‐EMR way of doing things and reflected failure to adapt to the EMR‐enabled practice.

We chose the number of new medications verified on time, rather than the proportion of new medications verified

on time (number of new meds verified on time/total number of new meds to be verified), as the measure of our
3The EMR report actually included “number of medications not verified,” from which we calculated our DV measure, “number of medications verified,” as

follows: number of meds verified = total number of meds to be verified − number of meds not verified.



TABLE 1 Variable definitions and measures

Variable Name
Variable
Type Measurement Data Source

Dependent

Variable

Adaptation to IT‐
enabled work

practice

Count Number of new meds verified on time: EMR

enablement of the medication verification

practice required that each new medication

order that showed up on the nurse's/RT's

view of the EMR screen on a given shift was

verified by the patient's nurse/RT, on the

same shift, against the physician's original

prescription order. At the end of each month,

the EMR system generated a report listing the

total number of new medications that each

provider had verified in this manner (as

indicated by electronic signature) during that

1‐mo period. This count serves as our

measure for the DV.

These objective DV measures were staggered in

time by 2 mo following the collection of

survey data on independent and control

variables.

Monthly report

automatically

generated by the

EMR system

Control

Variables

Unit size Continuous The total number of healthcare providers,

including nurses, respiratory therapists, unit

secretaries, and patient‐care technicians,

employed within each patient care unit.

Physicians were excluded from this count

because they tended to work all over the

hospital, following their patients as they

moved from one unit to another.

Organisational records

Unit type Categorical/

dummy

Whether the patient care unit is a general care

area (GCA) or an intensive care unit (ICU).

GCA = 1, ICU = 0

Organisational records

Total number of

new

medications to

be verified

Count For each healthcare provider, the total number

of new medications that showed up on the

EMR screen and therefore needed

verification during the same 1‐mo period as

the DV measure.

Monthly report

automatically

generated by the

EMR system

Technology

experience

Continuous The number of hours in a typical work‐day that

the respondent spends using the EMR

system.

Self‐reported survey

data

Organisational

tenure

Continuous The number of years that the respondent has

spent working in this hospital system.

Self‐reported survey

data

Relational

Variables

HSN (or VCN)

cohesion

Continuous Cohesion was measured as “transitivity,” which

denotes the density of transitive triples in the

network. It denotes the extent to which triads

of nodes in the network are fully connected

(Borgatti, Everett, & Freeman, 2002).

“Three vertices u, v, and w taken from a directed

graph are transitive if, whenever vertex u is

connected to vertex v and vertex v is

connected to vertex w, then vertex u is

connected to vertex w. The density of

transitive triples is the number of triples

which are transitive divided by the number of

Self‐reported survey

data

(Continues)
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TABLE 1 (Continued)

Variable Name

Variable

Type Measurement Data Source

paths of length 2, ie, the number of triples

which have the potential to be transitive.”
(Borgatti et al, 2002)

HSN (or VCN)

structural holes

Continuous This was measured as the “constraint” of the
focal node in the network (Burt, 1992). “It is a
summary measure showing the extent to

which ego is connected to others who are

also connected to each other. If ego's

connections all have each other as potential

connections, ego is constrained. However, if

ego's connections do not have many

alternatives in the network, they cannot

constrain ego's behavior” (Hanneman &

Riddle, 2005). Therefore, greater the

constraint of ego, lower is the extent to

which ego is in a structural hole position.

Consider the constraint of focal node i, caused

by a single alter node j.

“Alter j constrains i to the extent that:

• i has invested in j

• i has invested in people (q) who have

invested heavily in j. So, i's investment in q

leads back to j.

• Even if i withdraws from j, everyone else in

i's network is still invested in j” (Borgatti,
Everett & Freeman, 2002)

The constraint measure for each node i is a

summary of the constraint values (cij) caused

by all its alter nodes, j. Therefore, constraint

for node i is

Ci = ∑j (cij)

Self‐reported survey

data

We recognise that the number of new meds that are verified on time by a provider (our DV measure) is related to the total

number of new meds that the provider is responsible for verifying. Since the latter varies from provider to provider, we need

to control for this variability. This could be done in one of two ways: Either, use the count measure of the “number of new

meds verified on time” as DV and include “total number of new meds to be verified” as a control variable; Or, use the pro-

portion of “number of new meds verified on time”/”total number of new meds to be verified” as the measure of the DV. In

this paper, we have undertaken the former approach.
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dependent variable. Although the total number of new medications that needed verification (the denominator in the

“proportion”measure) could vary across patients with different needs, these differences were, nonetheless, fairly ran-

domly distributed across clinicians within a shift. In other words, all clinicians were roughly comparable in their overall

workload of the total number of medications that they may be expected to verify during a given shift; no theoretically

significant differences were expected across clinicians within a shift. Therefore, we chose the number, rather than the

proportion, of new medications verified on time as the measure of adaptation to the EMR‐enabled medication ver-

ification practice.

Performing the EMR‐enabled new medication verification task represented modifications of process, rather than

simply acceptance of technology (Cooper & Zmud, 1990), for a few key reasons. First, the EMR system imposed hard

constraints on allowable medication names within the system, enabling substantive discrepancies between
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medication names in handwritten physician orders versus those appearing on the EMR screens, as processed by

Pharmacy.4 Prior to the EMR system, when this constraint did not exist, pharmacy would simply mirror the same

name on the medication vial label that the physician had used in writing the prescription order. As such, discrepancies

between these two names would be primarily due to legibility concerns or careless errors. In the EMR‐enabled prac-

tice, however, discrepancies could very logically extend to substantive medical reasons. Achieving a certain number

of verified meds in the EMR‐enabled practice, therefore, implied a significant change in the process of reconciling

medication names, which nurses must have had to encounter en route to marking those medications as verified. Sec-

ond, the EMR‐enabled medication verification practice, for the first time, necessitated that verification be completed

within the same shift. This is another substantive process change from pre‐EMR to EMR‐enabled. In the pre‐EMR

world, nurses could have verified medications at any time, regardless of shift‐change, because of the lack of time‐

stamping facility on the paper‐based system. Therefore, again, the number of medications verified within the

EMR‐enabled system automatically implies a modification of process wherein nurses would need to pay attention

to when they were verifying the new medication compared with when the medication first showed up on the

EMR screen. Finally, the EMR system had transformed the broader communication process associated with inpatient

hospital work. As such, successfully verified meds within the EMR‐enabled environment would have likely proceeded

through a modified process wherein clinicians would have needed to communicate with pharmacy and other hospital

constituents via the EMR system, instead of through the previously commonplace phone‐based or in‐person commu-

nication modes, unless only as a last resort. The new EMR‐constrained communication rules also engendered process

workarounds in which nurses would informally consult with each other to more quickly resolve a problem. For all of

these reasons, “number of new meds verified on time” was chosen as a robust and rich measure of adaptation to the

EMR‐enabled practice.

A 2‐month time lag in dependent variable measurement, compared with the measurement of independent and

control variables, helped the data to establish some temporal precedence as a condition for causal inference of the

relationship of the hypothesised and control variables with the dependent variable. We chose a time‐lagged depen-

dent variable to account for a broader “chicken and egg” argument that is yet unresolved in prior social network

research about whether network structure impacts behavioural characteristics (eg, performance, adaptation, attitude,

and psychological safety) or vice versa. Quite possibly, network structures would enable and constrain individual

behaviour. Individual behaviour in turn would drive who these individuals would interact with, thereby further

impacting network structure in a recursive longitudinal relationship. Contributing to this discussion is beyond the

scope of our cross‐sectional study, which is, in any case, focused on a different question; however, to safeguard

the rigour of our findings, with respect to this issue, we chose to use a lagged dependent variable. Robustness checks,

in which different lag durations were tested, supported 2 months as being the lag that, although in large part quali-

tatively similar to other time lags (1 month through 5 months), yielded statistically the most significant results.

5.2.2 | Independent (network) variables

In the course of adapting to health IT‐enabled patient‐care practices, help seeking and voluntary contribution inter-

actions occurred primarily within the patient‐care units where work was done, which, therefore, served as natural

boundaries for each of these networks.

Help seeking and voluntary contribution network data were collected using separate socio‐metric survey ques-

tions. These questions were constructed based on theoretical conceptualisation as well as practical qualitative field-

work. The questions were developed in a way that highlighted the conceptual distinctiveness of the two networks.
Notably, the follow‐up implementation of technologies, like computerized physician order entry (CPOE), which would enable physicians to directly enter

rescription orders into the EMR system, would not eliminate this discrepancy. Instead, CPOE and related technologies would simply shift the burden of

solving the discrepancy from the pharmacy and nurse to the physician, as the latter would now need to find the “correct” hospital‐approved synonym

r their preferred medication name before placing the order into the system. Moreover, in typical multiphase implementation plans, a hospital could remain

this post‐EMR but pre‐CPOE implementation state for 2 to 3 years, causing this discrepancy—even exactly as currently described in our field‐site context

to significantly endanger patient safety and increase financial burden.
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The following question was used to measure help‐seeking interactions: Who do you go to for help when you

encounter a problem with [name of the EMR] in your work? We asked respondents about problems faced, not just

with the EMR, but with “the EMR in [their] work.” This wording allowed focus on problems arising in the EMR‐

enabled patient‐care practice, and not just on technical problems with the EMR. The question also focused on only

those interactions where the help‐seeker initiated the tie (“Who do you go to…” ). The advice sought by the help

seeker also needed to be specific to a problem that he/she was facing and not a general insight about the system

or about the EMR‐enabled practice (“… when you encounter a problem …”).

The following question measured “voluntary contribution” interactions: Even without your asking, who voluntarily

shares useful tips, tricks, and insights with you regarding [the EMR] in your work? The focus of this question is on

unsolicited voluntary contributions of knowledge (“Even without your asking, who voluntarily shares…” ). The word-

ing emphasises general insights regarding the EMR‐enabled patient‐care practice that the contributor chooses and

initiates (“… voluntarily shares … tips, tricks, and insights … regarding [the EMR] in your work”). Qualitative fieldwork

indicated that it was best to capture voluntary contribution interactions from the point of view of the recipient,

rather than of the contributor, of unsolicited insights. Doing so increased the likelihood of complete recall and

excluded from consideration voluntary contributions that were considered as useless by recipients (“… who voluntar-

ily shares useful tips, tricks, and insights with you …”) and, therefore, unlikely to affect adaptation to IT‐enabled work.

We did not restrict our network questions specifically to the EMR‐enabled medication verification practice, phras-

ing them more generally about “the EMR in [their] work,” instead. A central aspect of patient‐care professionals' work

in hospitals involves EMR‐enabled medication administration, of which EMR‐enabled medication verification is an

essential component (Brady, Malone, & Fleming, 2009), so discussions of “the EMR in [their] work” invariably include

this practice. Furthermore, other intersecting EMR‐enabled patient‐care practices, such as processing laboratory

orders or waiting to receive diagnostic test results, would often get in the way of medication verification work and

were relevant to adaptation to EMR‐enabled medication verification. Interaction frequencies were measured on a

scale from 1 (Rarely) to 7 (Often), with 0 indicating absence of connection (Marsden, 1990).

Individual responses within each unit were compiled to construct help seeking and voluntary contribution net-

works for that unit. Normalised measures for independent variables, as indicated in Table 1, were calculated for each

network via UCINET (Borgatti et al, 2002). As an illustration, let us say, we had four respondents—Sally, Sam, Jess,

and Roman—each of whom were asked the two questions in our survey for their help seeking and voluntary contri-

bution interactions. Let us say, Sally responds that she engages in help‐seeking interactions with Sam and Roman and

that Jess offers her unsolicited insights (voluntary contribution interaction). Similarly, Sam may have named Roman

for help‐seeking interactions and Jess for voluntary contribution interactions and so on for each of the other respon-

dents. This information from all four respondents would be compiled in UCINET to create two separate matrices—

one for the help‐seeking network and the other for the voluntary contribution network. The rows and columns of

each matrix would list each of the same four respondents; the respondents named in the rows are where the links

start (the “From” node) and the respondents named in the columns are where the links end (the “To” node). For exam-

ple, Sally's help‐seeking interactions would be represented in the help‐seeking network, with numbers indicating

reported interaction frequency (1‐7), in the cells that form at the intersection of the “Sally” row and the “Sam” column

and of the “Sally” row and the “Roman” column. The rest of Sally's row would be marked with zeroes, indicating no

additional help‐seeking interactions initiated by Sally. Sally's reported voluntary contribution interaction would be

captured as a number denoting the reported interaction frequency appearing in the row for “Jess” and the column

for “Sally.” Notice that the voluntary contribution interactions are coded differently from the help‐seeking interac-

tions to take into account differences in the phrasing of the corresponding survey questions through which these

data were collected. All other cells within the “Sally” column in the voluntary contribution network matrix would

be marked as zero, indicating that Sally only receives voluntary contribution interactions from Jess. These matrices

would be directed and asymmetric, indicating that the ties between respondents are not mutually reciprocated.

UCINET applied its prebuilt algorithms to each of these two matrices to calculate cohesion and structural hole

values for each of the two networks. Table 1 provides the concise theoretical logic underlying the calculations made
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by UCINET; while a detailed mathematical exposition of these calculations is beyond the scope of this paper, we refer

the interested scholar to a few widely accepted publications (Borgatti et al, 2013; Wasserman & Faust, 1994). Note

that, since cohesion is a network‐level concept, it will have the same value for all individual nodes within the same

network, but structural holes, which represents an individual positional characteristic, would have different values

for each individual respondent/node in our dataset.

5.2.3 | Control variables

We controlled for characteristics of individual providers (level 1 controls) and of the patient‐care units in which they

worked (level 2 controls).

Our level 1 controls included the following: total number of new medications that needed verification by each

respondent as well as the technology experience and organisational tenure of each respondent. The total number

of new medications that needed verification signifies the total workload that the respondent faces. Larger workloads

could make it more challenging for people to adapt. Alternatively, knowing that one has a larger workload to get

through could also motivate people to work faster to get as much of this work done as possible, unless it demoralises

people, which can happen if the workload is unrealistically large. Technology experience captures the number of hours

in a typical workday that the respondent spends using the EMR system. Respondents that spend more hours on the

EMR system are getting more practice with using this system, which is likely to positively impact their ability to get

more new medications verified on the system. Alternatively, more time spent using the EMR system may be indica-

tive of greater struggle in coping with new medication verification and other patient‐care work using the system.

Finally, organisational tenure refers to the number of years that the respondent has spent working within this hospital

system. Those with longer organisational tenure are likely to be more resourceful when they are stuck or need help

and more familiar with organisational practices and norms. However, when it comes to adapting to new ways of

working, enabled by a relatively new EMR system, people who have worked longer in the organisation may find it

harder to “unlearn” old ways of working and adapt to the new technology‐enabled tasks. This could negatively impact

the number of new medications that the respondent is able to verify on the EMR system.

We considered the following level 2 controls in this study: unit size and unit type. Unit size refers to the number of

employees working within the patient‐care unit in which the respondent works. This represents the total resource

pool that the respondent has at his/her disposal to ask questions, seek help, and volunteer advice. In the context

of interdependent complex work practices, such as the EMR‐enabled medication verification practice, however, hav-

ing more employees within one's work unit may also indicate higher costs of coordination and more interruptions in

one's daily work. This could get in the way of the amount of work that one is able to do, ie, the number of new med-

ications that a respondent is able to verify. Unit type refers to whether a respondent works within an intensive care

unit or a general care area. Unit type reflects the design, criticality, and intensity of work that characterises the unit as

a whole. It is likely that people working within high‐intensity work units, with more critical high‐risk patients (eg,

ICUs), would find it more difficult to complete tasks, like verifying new medications. However, given the inherent

importance of the medication verification task to patient safety, people in high‐intensity work units—where patients

are in critical condition and failures in medication verification can have drastic consequences—may also likely be more

diligent towards this medication verification task.

5.3 | Data collection

This is a multilevel study, consisting of data on individual clinicians (level 1) nested within patient‐care units (level 2).

Our dependent variable measured individual clinicians' adaptation to EMR‐enabled medication verification practice

(level 1, in a two‐level hierarchical linear model). The help seeking and voluntary contribution networks were con-

structed at the level of the patient‐care units (level 2), by compiling the interaction responses of all clinicians within

each unit. Then, within each network, we analysed the impact of the structural hole positions held by these individual
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clinicians (level 1 measure) and the overall cohesiveness of the network within which the clinicians were embedded

(level 2 measure) on clinicians' adaptation (ie, number of new medications verified on time). All network measures

were normalised to account for differences in network size across patient‐care units.

We collected data on the entire inpatient organisation of the hospital system. Data on “number of new meds ver-

ified on time,” our measure for the dependent variable, were obtained from objective monthly reports generated by

the EMR system. Data on social networks and the control variables were collected, using survey questionnaires, from

the nonphysician clinician workforce, including nurses, respiratory therapists, unit secretaries, and patient‐care tech-

nicians, who were adapting to EMR‐enabled work at the time of this study. Our social network data included 27 help‐

seeking networks and 27 voluntary contribution networks corresponding to the 27 different patient‐care units in our

dataset. The response rate from each unit was over 80%, enabling the inclusion of whole‐network variables, like

cohesion, in our analysis (Kane & Alavi, 2007; Kane & Borgatti, 2011; Marsden, 1990; Oh, Chung, & Labianca,

2004; Sparrowe, Liden, Wayne, & Kraimer, 2001; Sykes et al, 2014). Our final dataset, after discarding missing data,

consisted of 806 responses spanning 27 patient‐care units.

To ensure complete and valid responses to the social network questions in our survey, we provided respondents

with a “reference list” containing the names of all full‐time clinical employees working in the inpatient patient‐care

units in this hospital system. Respondents were encouraged to consult this list when responding to the social net-

work survey questions but also encouraged to include additional names, beyond the list, as they saw fit. Given the

large network sizes in our data, this approach helped with recall and reduced cognitive load on respondents, thereby

helping us to achieve high response rates (Marsden, 1990; Scott, 2000). Reference lists did not constrain responses

to network questions but were only meant to serve as a reference; this minimised the possibility of measurement bias

in defining network boundaries.

Empirically, help‐seeking and voluntary contribution networks were distinct structures, as evident from qualitative

fieldwork and quantitative network data. It was typically infeasible for people facing problems (help seeking) to spe-

cifically seek help from people who had previously shared with them their unsolicited insights (voluntary contribu-

tion) on the patient‐care unit. Because of the shift‐based nature of hospital work, the voluntary contributor may

not even be working on the same shift when the seeker encounters a problem. Moreover, a prior voluntary contrib-

utor may be busy with his/her own work at the time of a problem, as is typical with unpredictable patient‐care work.

Most patient‐care problems tend to be time bound and urgent, making it infeasible for the help‐seeker to wait around

for the voluntary contributor when other credentialed colleagues were near at hand, even if they had not previously

shared their unsolicited insights. Credibility in a health‐care setting derives in large part from education and experi-

ence, because of the high professional affiliation of patient‐care providers, rather than simply from their informal

knowledge‐sharing behaviour, as one might expect on an online knowledge exchange forum, for example. These

characteristics of the health‐care workplace ensured the systematic conceptual and empirical distinctiveness of help

seeking and voluntary contribution interactions.

A strength of our dataset is that dependent variable data were collected from a different source, namely, objective

organisational records, compared with social network and control variable data. More details on further steps taken

to alleviate survey bias are presented in Appendix C.
6 | ANALYSIS AND RESULTS
6.1 | Testing for distinctive help seeking and voluntary contribution interactions

We ran multiple tests to ensure the independence of help seeking and voluntary contribution interactions in our

dataset (Hanneman & Riddle, 2005). Correlations between help‐seeking and voluntary contribution ties were insignif-

icant (P < 0.05) for more than 80% of the patient‐care units in our dataset. Other regression‐type tests were run to

investigate the extent to which the presence of one type of tie affected the likelihood of the other type of tie
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coexisting between a pair of nodes. Adjusted R2 values from these regression tests were between 0% and 0.5%.

Together, these tests indicated that there was no systematic correlation, or tendency towards coexistence, for the

help seeking and voluntary contribution ties in our dataset.
6.2 | Model specification

To confirm that our nested dataset (patient‐care providers nested within inpatient units) warrants multilevel analysis,

we calculated the intraclass correlation coefficient (ICC)5 using the “Analyze > General Linear Model > Variance Com-

ponents” command submenu within SPSS (SPSS version 24). On the basis of this analysis, the ICC value for our model

was 0.259995. This means that nearly 26% of the total variance in our dependent variable, “number of new medica-

tions verified on time,” is between units, ie, arises because of unit‐specific factors, rather than individual‐specific fac-

tors. On the basis of this high ICC value, we proceeded to fit our data to a multilevel model.

Our dependent variable is measured with count data following a Poisson distribution instead of a normal distribu-

tion. We have, therefore, used “generalised linear modelling,” which does not assume normally distributed error

terms, as the broad analytical approach in this study (Fox, 2008; Hoffman, 2003; Nelder & Wedderburn, 1972). To

further account for the multilevel nature of our dataset (individual patient‐care providers nested within patient‐care

units), we have selected “generalised estimating equations” (SPSS version 24)—a class of generalised linear models—

as our specific analytical approach (Ballinger, 2004; Hardin & Hilbe, 2007; Johnson & Kim, 2004).

We used the following analytical equation:
Yij
ICC =
α + βXij + γZi + εij, where
Yij
 “number of new meds verified on time” by respondent j within patient‐care unit i,
Xij
 individual (respondent)‐level variables (such as, “technology experience” and “structural holes”) of respondent j

within patient‐care unit i, and
Zi
 unit‐level variables of patient‐care unit i (“unit type,” “unit size,” “cohesion,” “cohesion*cohesion”—to reflect the

bell‐shaped concave relationship theorised in Hypothesis 2)
We expected high multicollinearity between the square term (HSN Cohesion*HSN Cohesion) and the correspond-

ing singular variable (HSN Cohesion) in our model. To correct for this problem, we used the residual‐centring

approach (Lance, 1988; Xue, Ray, & Gu, 2011). In this approach, the square term is regressed on the corresponding

singular term, and the residuals from this regression are used as the values of the square term in our generalised esti-

mating equations model used for hypotheses testing.
6.3 | Results

Tables 2A and 2B present summary statistics and correlations for levels 1 and 2 variables, respectively (Brady,

Voorhees, & Brusco, 2012; Shin, Kim, Lee, & Bian, 2012; Suh, Shin, Ahuja, & Kim, 2011). Table 3 presents the results

of hypothesis testing.

Our results support Hypotheses 1 through 4. The results show that help seeking versus voluntary contribution

networks involve very different network structures, operating at different levels of analysis, to impact adaptation

to “new medication verification” on the EMR system. In voluntary contribution networks, the overall cohesiveness

of the entire network, rather than individual network positions, is significantly related to more medications being

verified; less cohesive networks relate to more medication verification. In contrast, in help‐seeking networks, indi-

viduals' locations in positions of structural holes as well as the cohesiveness of the overall network both matter to

medication verification in qualitatively different ways. While structural hole positions are linearly and negatively
σ2unit/(σ
2
unit + σ2error) (de Vet, Terwee, Mokkink, & Knol, 2011).
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TABLE 2A Level 1 variables—Descriptive statistics and correlations

Mean SD 1 2 3 4 5

1 Number of new meds verified on time (DV) 117.82 86.12 1

2 HSN structural holes 0.312 0.20 0.059 1

3 VCN structural holes 0.464 0.31 0.037 0.279** 1

4 Total number of new meds to be verified 134.23 91.65 0.991** 0.049 0.036 1

5 Technology experience 5.80 3.05 0.050 0.014 0.020 .050 1

6 Organisational tenure 6.89 7.26 −0.123** −0.064 −0.062 −0.136** −0.123**

**Correlation is significant at the 0.01 level (two tailed).

TABLE 2B Level 2 variables—Descriptive statistics and correlations

Mean SD 1 2 3

1 HSN cohesion 0.474 0.16 1

2 VCN cohesion 0.322 0.17 0.659** 1

3 Unit size 87.08 39.16 −0.217** −0.372** 1

4 Unit type 0.44 0.49 0.115** 0.338** −0.390**

**Correlation is significant at the 0.01 level (two tailed).

TABLE 3 Results (Analytical approach: Generalized estimating equations with Poisson log linear model; SPSS
Version 24). DV: No. of new meds verified on time; n = 806 patient‐care providers, j = 27 patient care units

Unstandardised
Coefficient

Standard
Error

Wald
χ2

P
Value

Technology experience −0.011 0.004 8.177 0.004

Organisational tenure −0.009 0.003 7.599 0.006

Total no. of new meds to be verified 0.005 0.0005 99.436 0.000

Unit size −0.001 0.0004 12.847 0.000

Unit type 0.027 0.047 0.332 0.564

Help‐Seeking Network (HSN) Structural Holes (H1) 0.168a 0.027 37.755 0.000

Help‐Seeking Network (HSN) Cohesion (H2) −0.024 0.123 0.037 0.847

Help‐Seeking Network (HSN) Cohesion* Help‐Seeking Network (HSN)

Cohesion (H2)b
−1.647 0.392 17.684 0.000

Voluntary Contribution Network (VCN) Cohesion (H3) −0.389 0.132 8.676 0.003

Voluntary Contribution Network (VCN) Structural Holes (H4) −0.036 0.033 1.214 0.271

aBecause of the way in which structural holes is measured (seeTable 1), the theoretical direction of the relationship between

structural holes and the DV is the opposite of that in the empirical analysis (listed in Table 3).
bWe have used the centering‐residual value for the square term in order to correct for inherent high multicollinearity

between the singular and square terms (Xue et al, 2011).
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related to adaptation, network cohesion is positively and quadratically related to adaptation, with diminishing

returns from increases in cohesion beyond a certain point, and increasingly negative relationship with adaptation

at even greater values of cohesion, ie, an overall bell‐shaped or concave relationship between HSN Cohesion

and adaptation (UCLA Statistical Consulting Group, January 1, 2019). It may be noteworthy to mention here that
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even negatively hypothesised relationships between specific network structural characteristics (eg, structural holes in

H1 or cohesion in H3) and adaptation signal the presence of a meaningful relationship between social interaction, in

general, and adaptation. This is because social interaction structures are assortments of what one may think of as

two‐sided concepts, where low levels of one type of structure imply high levels of the mirror‐opposite type of struc-

ture, and both structural types are conceptually meaningful. For example, the negative relationship between structural

holes in the help‐seeking network and adaptation to IT‐enabled work practice (H1) is the equivalent of a positive rela-

tionship between local connectedness (rather than local disconnectedness) and adaptation to IT‐enabledwork practice.

Among level 1 control variables, “technology experience” had a strongly significant negative relationship with

“number of new medications verified on time,” indicating that people who spent more time in a day on the EMR sys-

tem possibly did so because they were taking longer to figure out how to complete work on the system. The number

of years that a provider had spent working in this hospital system (“organisational tenure”) also had a strongly signif-

icant negative relationship with “number of new medications verified on time,” indicating that these individuals were

likely more entrenched in older ways of doing things, making it more difficult for them to adapt. Also, as expected, the

total number of new medications that the provider needed to verify had a strongly significant positive relationship

with the number of medications that he/she was actually able to verify on time. Among level 2 control variables, unit

size had a strongly significant negative relationship with “number of new medications verified on time.” This suggests

that the higher costs of coordinating between more number of employees and the greater likelihood of being

interrupted in one's work in units with more number of employees has an adverse connection with the amount of

work that individuals were able to get done in units of larger sizes.

6.3.1 | Goodness of fit

In ordinary least squares analysis, R2 values evaluate goodness of fit of the model to the actual data. R2 values show

the proportion of variability in the dependent variable that is explained by the model or the improvement of the fitted

model compared with the null model in explaining the variation in the outcome variable. The OLS R2 value is based on

minimising sum of squared errors. In this study, we used maximum likelihood as our analytical approach for fitting

generalised linear models. As such, the regular OLS R2 metric is not meaningful in our case.

To evaluate goodness of fit, therefore, we used a combination of different measures suited to generalised linear

models (Freese & Long, 2006; Long, 1997). First, we considered the value of the deviance of the model. Deviance is

a measure of badness of fit of a generalised linear model, with higher numbers indicating poorer fit. The absolute value

of the deviance for a givenmodel is not meaningful. Rather, deviance can only be interpreted by comparing twomodels

predicting the same outcome variable, where one model is a subset of the other. In our case, going from the control‐

only model to the full model including the hypothesised variables reduces the deviance from 8436.29 for 698 degrees

of freedom to 7728.446 for 681 degrees of freedom. This means that adding the hypothesised variables to our model

reduces the deviance by an additional 707.844 for a reduction of 17 degrees of freedom. The full model, including our

hypothesised variables, is therefore a much better fit to the data in comparison with the control‐only model.

Next, we considered another measure of goodness of fit appropriate for generalised linear models, namely

Akaike's Information Criteria (AIC). AIC is a measure that is based on deviance and, like deviance, can only be

interpreted in comparison between two models; the absolute values of AIC are not meaningful. The advantage of

AIC over deviance is that AIC penalises for making the model more complicated. It is, therefore, similar in principle

to adjusted R2 in penalising for including irrelevant predictors. In comparing between two models, the one with

the lower AIC has the better fit. In our case, going from the control‐only model to the full model including the

hypothesised variables reduced AIC from 12 895.147 to 12 121.849, ie, a reduction of 773.298. This means that

adding the hypothesised variables results in a model that has a much better fit to the data than the control‐only

model. These two measures taken together established confidence that our hypothesised variables were explaining

a considerable proportion of the variation in our dependent variable; including these hypothesised variables resulted

in a model that fit the data considerably better than the control‐only model.



RAMAN AND GROVER30
6.4 | Robustness checks

We conducted robustness checks of our theorised research model.
6.4.1 | Check #1: Combining help seeking and voluntary contribution networks

A distinctive contribution of this study was to disaggregate knowledge sharing networks into help‐seeking and vol-

untary contribution networks. While we present, in detail, the conceptual, operational, and analytical distinctiveness

of these two networks, we also ran a robustness check where we combined help seeking and voluntary contribution

networks into one aggregated knowledge network. The combined network model was a poorer fit to the data com-

pared with our theorised model in which help seeking and voluntary contribution networks are considered separately.
6.4.2 | Check #2: Possible quadratic effects for other hypotheses (H1, H3, and H4)

We included linear terms and square terms for all four network variables—help‐seeking network structural holes (H1),

help‐seeking network cohesion (H2), voluntary contribution network cohesion (H3), and voluntary contribution net-

work structural holes (H4)—in a single combined research model with the same DV. Results indicated that the qua-

dratic effect was only statistically significant for H2, as hypothesised. For H1, H3, and H4, only the linear terms

were statistically significant—not the square terms. This lends further empirical support for the theorised linear

effects of H1, H3, and H4.
7 | DISCUSSION

Current literature has presented complex findings on the roles of cohesion versus structural holes on outcomes such

as adaptation, organisational change, and innovation (Chai & Rhee, 2009; Dong & Yang, 2015, 2016; Gargiulo &

Benassi, 2000; Xiao & Tsui, 2007). Viewing cohesion and structural holes as network structural properties on oppo-

site ends of the same continuum, some studies have found cohesion to be more effective for outcomes while others

have found structural holes to be better (Burt, 1997; Coleman, 1988; Tortoriello, 2015; Yu, Brett, & Oviatt, 2011).

This study finds that cohesion and structural holes both impact individuals' adaptation to the EMR‐enabled medica-

tion verification practice, but in different ways, depending on the particular agent (help seeker versus voluntary con-

tributor) driving the flow of content through the network. In help‐seeking networks, which are driven by the help‐

seeker, occupying positions of structural holes is less conducive to adaptation; embeddedness in overall cohesive net-

work structures, initially, pays off well with respect to adaptation but at progressively higher levels of cohesion, yields

diminishing returns and, eventually, increasingly negative impacts on adaptation. In voluntary contribution networks,

which are driven by the unsolicited knowledge contributor, being embedded in structures that are, overall, less cohe-

sive is more suited for adaptation, but location in structural hole positions does not matter either way.

Our study makes the following key contributions. Most studies comparing cohesion versus structural holes have

primarily considered network structures that are on either end of the continuum, where these two structural charac-

teristics tend to be mutually exclusive (Burt, 1997; Coleman, 1988; Gargiulo & Benassi, 2000). We complement this

literature by focusing on network structures that are more in the middle of the continuum, in which cohesion and

structural holes are likely to be copresent, and investigate the impact of each structural characteristic on adaptation

in the presence of the other characteristic. This approach reveals the interesting insight that, for networks that are

not at structural extremes, being cohesive on the whole is not the mirror‐opposite of being located in structural hole

positions. This insight also derives from our second key contribution, which is to undertake a multilevel comparison of

cohesion versus structural holes. Most extant studies tend to compare these at the same level of analysis by compar-

ing cohesive networks with networks rich in structural holes, even though the concepts of cohesion versus structural
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holes are theoretically defined at the whole network level versus the individual node level respectively (Gargiulo &

Benassi, 2000). Holding the levels of analysis separate reveals that it is possible to be located in structural hole posi-

tions within overall network structures that are either more or less cohesive, unless, of course, one is considering

extreme network structures at one or the other end of the continuum.

Finally, our study contributes by adding to other contingency theories that have been offered in existing literature

to explain the relative impact of cohesion versus structural holes on outcomes of interest (Chai & Rhee, 2009; Xiao &

Tsui, 2007). We show that the type of network itself matters as a contingency factor determining whether cohesion

versus structural holes would be significant with respect to our outcome of interest, adaptation to IT‐enabled work.

In this study, we have disaggregated knowledge networks into two conceptually, operationally, and analytically dis-

tinct networks, namely, help seeking and voluntary contribution networks, which differ in terms of the agent driving

the flow of content and the nature of the content that is flowing through the network.

7.1 | Implications for Research

The contributions from our study bear implications for three primary streams of research: adaptation to IT‐enabled

work, knowledge management, and social networks.

7.1.1 | Adaptation to IT‐enabled work

Organisational work practices are complex interdependent sequences of tasks that require the joint action of multiple

people working together (Feldman& Pentland, 2003). IT enablement intensifies these task interdependencies and intro-

duces new interdependent tasks due to the additional constraints of technology embeddedness (Howard‐Grenville,

2005). For example, as we saw in the case of the EMR‐enabled medication verification practice, the “new medication

verification” step was a key task introduced by EMR embeddedness, where every new medication order on the EMR

screen would need to be verified against the physician's original order. Even though this is an individual‐level task,

our study shows that when such tasks are embedded within IT‐enabled organisational work practices, they actually

depend on multilevel factors beyond the control of the individual responsible for the task. Yet, many times, employees

are evaluated or blamed for failure to comply with individual‐level tasks, such as medication verification, even when

these are beyond their control, creating discontentment and possible job turnover (Lapointe & Rivard, 2007). The find-

ings from our study reveal relevant social interaction structures that can help people adapt better to individual‐level

tasks embedded within IT‐enabled practices, even when these tasks are not entirely within their control.

7.1.2 | Knowledge management

Studies that draw on knowledge management to explain various outcomes of interest typically focus on the sharing

or the transfer of the knowledge itself as the key antecedent driving these outcomes (Argote, Ingram, Levine, &

Moreland, 2000; Szulanski, 1996, 2000). Our study shows that even before knowledge is shared, the motive/agent

that drives this knowledge sharing can have differential impact on outcomes. Our findings suggest that there may

be theoretical value in disaggregating knowledge sharing networks in other ways in order to undertake further

nuanced views of how these networks can impact various outcomes of interest.

7.1.3 | Social networks

Our findings contribute back to the social networks literature by maintaining a multilevel perspective of cohesion and

structural holes (Hanneman & Riddle, 2005; Monge & Contractor, 2003). We also show that additional insights can

be gained by considering network structures that are in the middle range of the continuum between cohesion and

structural holes. Our findings show that, in these regions of the continuum, both cohesion and structural holes can
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simultaneously exist at different levels of the network and impact adaptation to IT‐enabled work, our outcome of

interest, in different ways. Our findings support calls for multilevel network analysis made by other researchers

(Monge & Contractor, 2003). For example, future studies could consider the comparative effects of other multilevel

network characteristics, like closeness centrality (a nodal property) and indirect ties (a dyadic property), to evaluate

their joint and differential impacts on various outcomes of interest.
7.2 | Implications for practice

Our findings offer several practical implications for managers. First, we show that individuals' adaptation to IT‐

enabled work is impacted by multilevel factors beyond the control of the individual responsible for this work (How-

ard‐Grenville, 2005; Tucker, Nembhard, & Edmondson, 2007). Managers need to bring this awareness to perfor-

mance evaluations and provide the support resources needed for successful adaptation to IT‐enabled work. Too

often, failures to adapt are attributed to employee resistance, when the underlying factors may be beyond the control

of the responsible individual, leading to employee discontentment (Joia & Magalhães, 2009; Lapointe & Rivard, 2007;

Ng et al, 2011).

Our findings offer insights on specific multilevel factors, beyond individual control, which are likely to impact

individual‐level adaptation. Many of these relate to the informal social interaction structures within which people

must perform IT‐enabled work. One practical implication that emerges from our network findings is that too much

cohesion is likely not of value for adaptation. While managers should certainly encourage informal interactions at

work, they should be watchful to ensure that these interactions are not too tightly knit, wherein everyone is

interacting with everyone else on the work unit. The time and resources invested in such closed patterns of informal

interactions are not likely to yield value in terms of successful adaptation of individuals to their work, based on

our findings.

Another practical insight that our work reiterates is that, at any given time, people interact with each other for

multiple reasons. Each of these interactions represents a different social network, and multiple social networks typ-

ically coexist between the same set of people within the same work unit. This theoretically well‐known insight is

often neglected in practical settings, where people tend to pool all informal interactions as one. Our findings reveal

the fallacy in this approach, since different interaction types have different structural implications for the same out-

come of interest. On the basis of our findings, we recommend that managers should encourage the seeking of help

from positions other than brokerage or structural hole positions and within overall network structures that are not

excessively cohesive. However, when it comes to sharing one's unsolicited insights with others on the unit, structural

hole positions do not matter. Managers should encourage all employees, regardless of their network location, to

share what they know with others, without getting too tightly knit within the unit as a whole. Our findings, therefore,

suggest a more nuanced way of monitoring and utilising different sets of informal social interactions at work to max-

imise employees' adaptation to IT‐enabled work.

Our findings carry obvious implications directed specifically to the healthcare industry. Nonetheless, this study

can benefit any type of organisation where people are adapting to complex IT‐enabled work, such that individual‐

level tasks are embedded within interdependent higher‐order task structures involving multiple people

and technologies.

Moreover, even within the health‐care context, our study focuses on a rather vulnerable time in any

hospital system's IT implementation lifecycle when the technology has already been implemented, the major

financial and resource commitments have already been made, and now the uphill task of getting individuals and

groups to successfully adapt their daily workflows to the technology‐enabled context must begin. An understand-

ing of social interaction structures that can facilitate or hinder this adaptation, such as that provided in this

paper, would have much practical value to health‐care organisations and could also generalise to other non–

health‐care contexts.
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7.3 | Limitations and future directions

Our findings, although robust, are only applicable within a set of well‐defined boundary conditions. This limits the

range of applicability of our research model, which in some ways could be viewed as a limitation. In other ways, how-

ever, this limitation may also be turned around as a strength by providing greater nuance and focus in our under-

standing of relationships between network structure and outcomes. In the previous Research and Practical

Implications sections, we have identified some such opportunities in which our well‐defined boundary conditions

could actually inform social networks research and managerial applications of this research in a more nuanced man-

ner. In addition, future work can strive to further sharpen these boundary conditions. In this study, we submit that

our findings apply to network structures that are somewhere in the middle‐of‐the‐continuum between fully cohesive

networks versus networks rich in structural holes. Future research could investigate whether and how our findings

change as we slide up and down the middle range of this continuum.
8 | CONCLUSION

Cohesion and structural holes can have differential impacts on adaptation to the EMR‐enabled medication verifica-

tion practice depending on the type of network in which these structural characteristics are studied. We offer a mul-

tilevel contingency perspective on the roles of these two network structural properties in two types of social

networks: help‐seeking networks and voluntary contribution networks. In doing so, our study contributes to research

on adaptation to IT‐enabled work, knowledge management, and social networks as well as to health‐care practice.
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APPENDIX A

DESCRIPTION OF THE MEDICATION VERIFICATION PRACTICE
Pre‐EMR version

In its pre‐EMR paper‐based version, the medication verification practice began with the physician prescribing a medica-

tion order (Beagley, 2011; Garber, 2011; Prakash et al, 2014). Pharmacy would then process this order and send over the

actual medication to the patient‐care unit. At the time of medication administration, the nurse/respiratory therapist (RT)
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would need to verify the medication information on the vial/container/packaging sent over by pharmacy against the phy-

sician's original prescription order and then administer the medication. In the case of controlled substance medications,

such as morphine for pain relief, a witness nurse would need to coverify this medication information (Crooks, Clark, Caie,

& Mawson, 1965; Gibson, 2001). The primary nurse would walk over to the witness nurse, with the medication vial and

the patient's paper‐based chart containing the prescription order in hand, to obtain the witness' signature.

If any discrepancies in medication information were identified during verification, the nurse/RT would pick up the

phone and call pharmacy, and the issue would be resolved in real‐time over the phone. This approach had created

unpredictable and interruption‐prone workflows for pharmacists (Coletti et al, 2015; Prakash et al, 2014).

In some cases, physicians would call in new or changed medication orders from their offices. These were known

as verbal orders (Dahl & Davis, 1990; Massaro, 1993; Paparella, 2004). Nurses/RTs would take down verbal orders

over the phone, repeat these orders back to physicians over the phone, and then the orders would be processed

as usual by pharmacy. Hospital administration strongly discouraged the use of verbal orders due to safety concerns

(Shojania, Duncan, McDonald, & Wachter, 2002).

Medication reconciliation would be conducted at every change of shift in the hospital (Acheampong, Anto, & Koffuor,

2014; Hughes & Stone, 2004; Kwan, Lo, Sampson, & Shojania, 2013). In this task, the outgoing nurse/RT from the previ-

ous shift would sit downwith the incoming nurse/RT from the next shift, with all of their patients' charts, in order to trans-

fer care over to the next shift. As part of this process, the outgoing nurse/RT would go over every single medication that

the patient had been prescribed during his/her shift and the current status of that medication. Other issues relating to

medication ordering, processing, and administering, encountered on the previous shift, were also discussed. In the

pre‐EMR version, this would involve thumbing through paper charts in a free‐flowing conversation with no particular

standardised structure. As such, medication information would, at times, be communicated repetitively and, at other

times, be missed. Any slip‐ups in medication‐related tasks during the previous shift were also difficult to catch during

medication reconciliation, in this pre‐EMR version, because of the reliance on paper‐based charts.
Post‐EMR version

Following EMR implementation, the EMR‐enabled medication verification practice was instituted, hospital wide, to

replace its pre‐EMR version (Appari, Carian, & Johnson, 2012; Mahoney, Berard‐Collins, Coleman, Amaral, & Cotter,

2007; Prakash et al, 2014; Ray, Clark, Jeter, & Treadway, 2013). The EMR system captured real‐time tracking infor-

mation and generated periodic reports on providers' compliance with key tasks in this changed EMR‐enabled practice

(Bates et al, 2003; Hannan, 1996).

The EMR‐enabled medication verification practice began with the physician prescribing a handwritten paper‐based

medication order (Devine et al, 2010; Grossman, Gerland, Reed, & Fahlman, 2007; Kaushal, Kern, Barrón, Quaresimo,

& Abramson, 2010). After processing the order by entering order details in the EMR system, pharmacy would send over

the actual medication vial to the patient‐care unit. Simultaneously, information about this order displayed on the

nurse's/RT's view of the patient's EMR screen. Every new medication order that showed up on the EMR screen during

a work‐shift would then need to be verified, on the same shift, against the physician's original order. The nurse/RT would

need to check the medication information—for example, name, strength, timing, and dosage—appearing on the EMR sys-

tem to ensure that it exactly matched the physician's original prescription. The nurse/RT would then place an electronic

signature in the EMR system denoting successful verification. This was an entirely new task created within the EMR‐

enabled medication verification practice, which did not exist in the pre–EMR‐enabled version of the practice. As such,

compliance with this task denoted adaptation to the EMR‐enabled practice. Failure to comply, ie, failure to document ver-

ification of new medications by placing the digital signature stamp in the EMR system, denoted inability to adapt to the

EMR‐enabled practice. The EMR system generated a monthly report that captured, for each nurse/RT, the number of

medications that he/she had not verified within the same shift during that month and the total number of medications

that he/she was responsible for verifying in the same time period.
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For controlled substance medications, this verification task would need to be performed in the copresence of a

witness nurse/RT, who would need to electronically sign on the EMR screen in real‐time with the patient's primary

nurse/RT (Cina et al, 2006; Hammon, 2009).

At the time of medication administration, a second verification step would need to be performed, this time, com-

paring the information on the medication vial and that on the patient's EMR screen. This task was similar in intent to

the verification task in the pre‐EMR‐enabled practice mentioned earlier, but was different in actual form/content,

since it involved verifying the medication vial against the EMR screen, rather than against the original physician order.

The monthly EMR report mentioned earlier, counting the number of verified medications within the same shift and

serving as a measure of adaptation to the EMR‐enabled practice, did not include this verification task.

Finally, duringmedication reconciliation, the incoming and outgoing nurses/RTs would now sit together with the EMR

screen, rather than with paper charts, open in front of them (Kwan et al, 2013). They would go through every single med-

ication on this screen, discussing anything special or out of the ordinary that had occurredwith that medication during the

previous shift, such as, discontinued medications, waiting to receive a patient's laboratory test results for the physician to

determine medication changes. At this time, any missed new medication verification tasks would readily be noticed

because of a flag that appeared on the screen next to that medication. When such slip‐ups were identified, the outgoing

nurse/RT would need to pause transfer of care to complete this medication verification task, in turn, potentially delaying

medication verification, administration, and other tasks for the nurse/RT taking over the next shift.
Challenges experienced

A variety of challenges typically occurred that got in the way of successful adaptation to the above‐mentioned EMR‐

enabled medication verification practice. For example, discrepancies were often encountered between the new medica-

tion information on the EMR screen, as processed by pharmacy, versus the physician's original order (Mekonnen, Abebe,

McLachlan, & Brien, 2016; Metules & Bauer, 2007). Accidental discrepancies, such as because of careless errors or illeg-

ible handwriting, were just as likely to occur in the EMR‐enabled as well as the pre‐EMR versions of the practice (Bhosale,

Jadhav, & Adhav, 2013; Cohen, 2012; Gorbach et al, 2015; Hewitt, 2010). However, in the EMR‐enabled practice, these

accidental discrepancies were joined by additional systematic substantive discrepancies as physicians used their preferred

medication names to write their handwritten orders, which did not always match with the hospital's approved names for

the same medications that were embedded in the EMR system. Any given medication typically has multiple different

names, which are all synonymous to each other, and different medications can sometimes end up having similar sounding

names as well. In the EMR‐enabled practice, to process the physician's order, pharmacy would need to translate the med-

ication name written by the physician to the corresponding hospital‐approved synonym available through the EMR sys-

tem. For a nurse/RT participating in the EMR‐enabled medication verification practice, this created substantive

discrepancies between the name on the EMR screen and that in the original prescription order.

In the pre‐EMR practice, discrepancies could be resolved in real‐time through a quick phone call to pharmacy. In

the EMR‐enabled practice, resolving such problems required considerable discretion and often needed to be accom-

plished by sending an electronic message through a “Feedback” button available within the EMR system, rather than

through a phone call. The pharmacist would then prioritise the order in which he/she would respond to these mes-

sages received from all across the hospital. This constraint of electronic communication through the EMR presented

another challenge unique to EMR enablement of the medication verification practice. A nurse/RT waiting to hear

back from pharmacy on such an electronic question would often get busy with other work and forget to verify this

medication before his/her shift ended, or the pharmacist may not have a chance to respond to the nurse's/RT's mes-

sage until much later (Bower, Jackson, & Manning, 2015; Flynn, 2016).

For controlled substance medications, the need for real‐time coordination between primary and witness

nurses/RTs, in the presence of the computer system, created additional challenges. Nurses/RTs may be unavailable

to serve as witnesses right when they were needed because of their own patient‐care demands, delaying new
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medication verification tasks and potentially causing them to be forgotten as a result (Prakash et al, 2014). In the pre‐

EMR system, witnessing in real‐time was made easier by the primary nurse being able to walk over the paper chart to

where the witness nurse was working. This was much harder to do with the clunky computers‐on‐wheels displaying

the EMR screens, often necessitating witness nurses to have to leave what they were doing and walk over to the

computer system, instead.

Yet other challenges in verifying new medications, which were entirely beyond the control of the verifying nurse/RT,

would arise when, for various reasons, new medications needing verification would appear on the EMR screen relatively

close to shift‐change time (Carayon et al, 2012). For example, a physician may call in a verbal order close to a change of

shift. Or cliniciansmay bewaiting for results from patients' laboratory tests and other procedures to populate on the EMR

system before physicians could decide on necessary medication changes (Miller & Sim, 2004). In the pre‐EMR system,

nurses/RTs would typically just call laboratory to inquire about delayed ormissing test results. However, with EMR imple-

mentation, they were expected to wait for the results to auto‐populate on the EMR system, since hospital administration

was keen on using the system to streamline and document hospital‐wide communication (Strauss, 2015). Therefore, even

such things as technical difficulties in the laboratory module of the information system or difficulties in synchronising

between the lab module and nursing module would delay receipt of test results, and in turn, prescription orders (Berg,

1999; Bodenheimer, 2008; O'malley, Grossman, Cohen, Kemper, & Pham, 2010). Sometimes, laboratory may have even

uploaded test results in the clinical information system, but the results would just not be showing up on the nurses'/RT's

view, because of these technology synchronisation issues. Technology issues would, therefore, actually create these

major communication gaps that would delay medication prescriptions (O'malley et al, 2010). In the EMR‐enabled practice,

nurses/RTswould need towait patiently for the test results to appear on their screen, particularly because theywould not

know, until a significant amount of time had passed, whether the delays were due to a technical glitch or because labora-

tory just needed more processing time. Because of such interdependencies in the work of multiple providers and techni-

cians throughout the hospital, new medications would often end up appearing on nurses'/RTs' view of the EMR screen

close to shift‐change time, for reasons beyond the nurse's/RT's control. When this happened, the nurse/RT would either

not be able to verify the medication on the same shift, which would look bad on his/her record. Or he/she would stay

overtime to finish verifying the medication, which would then delay transfer of care to the next shift, not to mention loss

of employee morale.

Challenges that affected the EMR‐enabled medication verification practice also occurred in the medication rec-

onciliation task of this practice due to the standardised transfer of care format enabled by the EMR system

(Athwal, Fields, & Wagnell, 2009; Tang & Carpendale, 2007). The EMR system clearly flagged down every new

medication order that was pending verification. This made it very easy for slip‐ups in medication verification to

be detected during medication reconciliation. This was a good thing for patient safety, of course, but it also meant

delays in transferring care over to the next nurse/RT, creating delays in the latter's work that were beyond

his/her control.
APPENDIX B

PRACTICAL ILLUSTRATIONS, FROM HEALTHCARE CONTEXT, OF
THEORISATIONS LEADING TO HYPOTHESES
Help‐seeking network hypotheses—Illustrations supporting H1 (structural holes) and H2
(cohesion)

Consider Figure 3 as representing a help‐seeking network among clinicians working within a hospital patient‐care

unit; Figure 3A series illustrates H1 and Figure 3B series illustrates H2.

In Figure 3A.1, nurse N occupies a structural hole position; she is flanked on either end by nurses A and B, who

are disconnected from each other and are connected to their own sets of contacts in the help‐seeking network.
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Let us say that Nurse N is waiting for her patient's laboratory results to auto‐populate on the EMR screen; before

this information appears on the EMR screen and has been reviewed by the physician, nurse N is unable to verify the

accuracy of future medication dosages and timings for her patient. The delay that she is experiencing, though, may be

excessive and likely to stall her medication verification task until it was too close to shift‐change. This is the problem

that nurse N needs to resolve.

As Nurse N seeks help from others on her unit to resolve this problem, she is unable to directly tap into the rich

insights of the two clusters on either end of her position due to her relatively loose connection to each cluster via simply

a single node, A or B. Even nodes A and B are less likely to be committed to helping node N since the corresponding

network repercussions or rewards relating to nurse N would not be that high. Since the majority of node A's or B's con-

nections are within their respective clusters, that is where their allegiance primarily lies. This is because node A's or B's

actions are most visible and, therefore, subject to positive or negative judgement, within the clusters that contain the

majority of their connections in the network. Node A or B would, therefore, be more likely to invest in helping nodes

within their respective clusters rather than in helping node N, who is outside of this cluster with no common third party

contacts beyond the cluster. Consequently, nurse N is likely to take longer to resolve her problem of delays in the

patient's laboratory test results populating on the EMR screen. As she waits longer for these results to show up on

the EMR screen, she is more likely to not be able to complete medication verification before her work‐shift ends.

Her resulting ability to verify fewer of her patients' medications on the same shift would reflect poorer adaptation to

the EMR‐enabledmedication verification practice. Thus, being in a high structural hole position within the help‐seeking

network makes it less likely for nurse N to adapt to EMR‐enabled medication verification work.

Now let us consider a scenario, in Figure 3A.2, where nurses on either side of nurse N's position—for example, I

and C, G and D, and J and E—start to connect with each other through help‐seeking interactions. As nurses I, G, and J

engage with their counterparts on the other side of nurse N, namely, nurses C, D, and E, seeking help for their prob-

lems, explaining their problem contexts, being asked for help with the others' (eg, C, D, or E's) problems, and having to

engage with their problem contexts, the closeness in the immediate local environment of nurse N increases. As a

result, the direct contacts of nurse N on either side of nurse N's position—namely, nurses A and B—now have better

appreciation for the general local context within which nurse N works. In other words, nurse B's understanding of

local context and problems is not just limited to the circumstances of nurses I, G, and J in B's immediate local cluster

but also to the circumstances of their contacts, C, D, and E on the other side of the structural hole position. Nurses A

and B are now more likely to understand and empathise with the problem of delayed laboratory test results facing

nurse N. Perhaps this sort of delay in laboratory test results is more likely with certain kinds of tests that nurse N

happens to encounter more often; nurses B or A may never have known about this until their contacts started

interacting with each other for help across the structural hole. Understanding nurse N's work context can help nurses

A and B suggest more helpful workarounds for nurse N to be able to continue with her medication verification work

despite the delay in laboratory test results. Moreover, nurses A's and B's responses towards nurse N's requests for

help are now readily visible to more people in the network. If B chooses to ignore nurse N's call for help, he/she risks

not just those within his/her cluster knowing about this (namely, nurses I, G, H, and J) but also everyone on the other

side of the structural hole (namely, A, F, C, D, and E) due to the indirect connections between them. This gives nurse

N's contacts greater incentive to help nurse N and less opportunity to ignore nurse N's pleas for help. Thus, as the

extent of “structural hole”‐ness of her position decreases, nurse N is able to mobilise more related insights that

she can integrate and apply to her specific problem and in turn overcome her problem more quickly. As the problem

gets resolved more efficiently, nurse N is more likely to successfully perform her medication verification task before

shift change, allowing it to count towards her performance productivity relating to this important EMR‐enabled med-

ication verification practice.

Figure 3B represents a different version of a help‐seeking network between the same set of nodes as Figure 3A,

but one that focuses on the overall cohesiveness of the network, rather than focusing on the “structural hole”‐ness of

the position of one of the nodes (node N) as in Figure 3A. When there are very few connections in this network (see

Figure 3B.1), nurse N may find it more difficult to mobilise the help that she needs in order to figure out suitable
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workarounds for timely medication verification work despite the delay in laboratory test results. For example, in

Figure 3B.1, nurse N is directly connected to only nurses B and F, which are, therefore, the only nodes that can

directly engage with nurse N to develop a suitable solution to nurse N's problem that would work for her. Nurse

N also has several indirect connections to other nodes in the network, but getting them to engage with nurse N's

local context for problem resolution is time consuming and error prone. As a brief example, an indirect contact of

nurse N, such as nurse G or nurse A, in this sparsely connected overall structure may suggest that nurse N reach

out to Lab Manager Susan in order to try expediting the lab results. However, her lack of immersion in nurse N's spe-

cific context, because of the large social distance between them, may have precluded her from knowing that nurse N

and Lab manager Susan have a previously strained relationship, rendering this theoretically good advice inapplicable

in nurse N's specific context.

As more help‐seeking interactions arise between nodes in an increasingly cohesive structure (see Figure 3B.2),

nurse N develops more direct contacts of her own; in Figure 3B.2, nurse N is now directly connected to nurses H,

B, F, C, and E. In addition, her indirect contacts are connected to her through fewer intermediaries (eg, nurses I, J,

and A connect to nurse N through only one intermediary) and/or multiple alternate paths (eg, nurse N's connec-

tions to nurses B, C, J, or H). All of this affords nurse N's contacts greater familiarity with her local work context

—enough, for example, to know about nurse N's socio‐professional relationship with members in the laboratory

department and incorporate this information in the solutions they offer. As the cohesiveness of nurse N's broader

help‐seeking network increases, therefore, nurse N is able to mobilise more context‐specific help from the network.

This allows nurse N to more readily figure out workarounds to the problem of delayed lab results, which in turn,

may increase her chances of completing medication verification work on the EMR system in a timely manner (ie,

in the same shift).

Even more number of links in the network (Figure 3B.3) would result in redundant ties and likely entirely redun-

dant information coming to nurse N. Although this information may still be useful, its incremental value to nurse N

may not be as high as it was in the reasonably‐high‐but‐not‐near‐closed‐clustered structure in Figure 3B.2. Even fur-

ther increases in the number of help‐seeking links in the network would also create a general burden on people in the

network from having to field too many questions from people that were connected to them either directly or through

only a few intermediaries and, as such, were not easy to dismiss/decline/ignore. In such networks, nurse N's request

for help may now start to be met with not only just redundant information but also erroneous or half‐baked sugges-

tions, which could end up backfiring and creating more work for nurse N. Overall, therefore, increasing cohesiveness

in the help‐seeking network would result in a bell‐shaped concave relationship—starting off as positive, then reaching

diminishing returns, and eventually turning to negative—between help‐seeking network cohesion and nurse N's adap-

tation to the EMR‐enabled medication verification practice, as hypothesised in H2.
Voluntary contribution network hypotheses—Illustrations supporting H3 (cohesion) and H4
(structural holes)

To illustrate, consider that nurses are often learning about valid synonyms for medication names as they resolve

discrepancies between physician‐prescribed versus hospital/EMR‐approved medication names in the course of

patient care. Sharing these insights with others helps save a lot of time and aggravation for other nurses who

do not need to look up this information anymore but can simply use it for their own medication verification work.

Note that these insights are not shared in response to an active problem on the recipients' end, but at the time of

sharing is mostly “good to know” information that can then be applied at a later time when the opportunity pre-

sented itself.

When the cohesiveness of the voluntary contribution network is low, more of the valid synonyms for medication

names that are being offered up as insights by individuals in the network would appear new to others in the network.

Because of the sparseness of connections in such structures, individual nurses are less likely to be aware of all the
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medication name synonyms that were being discovered as part of patient‐care work on the unit, except for the ones

that their direct contacts and they themselves were discovering. So individuals within units with less cohesive volun-

tary contribution networks are likely to perform more efficiently on their EMR‐enabled medication verification work

due to these network contributions of new insights. This would increase the likelihood that individuals in these net-

work structures would complete their EMR‐enabled medication verification work on the same shift, ie, they would

adapt better to the EMR‐enabled medication verification practice.

As the cohesiveness of the network increases, however, and more direct connections are formed between indi-

viduals, newly discovered synonyms for medication names spread almost instantly to others in the network due to

direct connections between many more nurses in the network and multiple alternate paths connecting the same

set of nurses. So, any individual nurse may be hearing the same insight three or four times from different people

in the network, depending on how many alternate paths exist in the network, which increases with the cohesiveness

of the network. This creates a tendency to not pay attention to received insights, especially since any individual nurse

embedded in this network is likely to be encountering many more of these shared insights simply due to the sheer

number of links that now exist in more cohesive structures. The network itself, then, provides fewer new insights

relating to the vast variety of synonyms for each medication name, making it likely that individuals would need to

spend more time trying to figure out discrepancies in medication names on their own, when these arise during

EMR‐enabled medication verification tasks. More of these tasks would, then, likely have the chance of spilling over

to the next shift, rather than being completed on the same shift, which would signify reduced adaptation to the EMR‐

enabled medication verification practice.

Finally, the extent of “structural hole”‐ness of individuals' positions in the voluntary contribution network—

regardless of whether it is high or low—would remain unrelated to individuals' adaptation to EMR‐enabled

medication verification work. A person in a high structural hole position would likely be connected to only two

or three people spanning disconnected clusters in the network as a bridge between them. While these individuals

would certainly have different subsets of medication name synonyms to share with the high structural hole

position, the number of these unsolicited insights is likely to be much lower compared with what could have

been gained from being connected to more such people in the network. As the extent of “structural hole”‐ness

of the position decreases, because of people across previously disconnected clusters now linking to each other,

more redundant paths to the structural hole position are created. While redundant paths are good for the flow

of insights they are not so good for the newness of the insights that flow through them. A structural hole position

therefore, represents a classic “catch‐22” in which one is doomed to either receive too few new medication name

synonyms or to receive many redundant medication name synonyms. Both of these do not help as much with

the efficiency of EMR‐enabled medication verification work, rendering the extent of “structural hole”‐ness of a

position in the voluntary contribution network irrelevant to adaptation to the EMR‐enabled medication

verification practice.
APPENDIX C

ASSESSMENT OF SURVEY BIAS6

To assess nonresponse bias, we first interviewed a few randomly selected nonrespondents to ask them why they

chose not to participate. The most common responses were lack of time or losing track of the end‐date of the survey

period. Second, no systematic difference between the respondent versus nonrespondent pool could be detected on
6Randomly chosen respondents were interviewed as part of postsurvey validity testing, where they were asked the following: (a) could they have entered

additional names in response to the network questions? (b) Looking back, are the names they entered what they wanted to enter? (c) What did they think

the questions were asking (this applied to network as well as non‐network questions in our survey)? (d) Did they encounter difficulty understanding any of

the questions in the survey. The feedback received indicated that, in general, people were comfortable answering all the questions in the survey. They also

confirmed the completeness and accuracy of their network responses during these post‐survey interviews.
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multiple relevant characteristics, such as age, work roles, and organisational tenure (Armstrong & Overton, 1977).

Finally, the potential for nonresponse bias in our dataset is significantly low due to the greater than 80% response

rate (Armstrong & Overton, 1977; Sykes et al, 2014).

Several safeguards against common method bias were maintained (Podsakoff, MacKenzie, Lee, & Podsakoff,

2003). A particular strength of our research design, which also helps against common method bias, is that our depen-

dent variable data were collected from objective organisational records while many control variables and the social

networks from which independent variables were computed were collected through survey questionnaires. Differ-

ences in construct measures also helped reduce common method bias. Specifically, the dependent variable was mea-

sured as count data. Among control variables, “unit type” was measured as a categorical variable using organisational

records, while “unit size,” “technology experience,” and “organisational tenure” were single‐item continuous measures

and “total number of medications that needed verification” was a count measure. Network variables were not directly

measured using the same survey instrument that was used to measure the control variables. Instead, social network

variables were computed, after data collection, from network matrices that were generated as a composite of individ-

uals' responses to each socio‐metric survey question. The socio‐metric questions that each respondent saw in the

survey, therefore, had little obvious logical connection with the network measures that were computed later. Even

the social network itself was not “visible” to a single respondent, since each respondent was only privy to information

about his/her own interaction partners, in responding to socio‐metric questions. The network was then constructed,

post–data collection, from the composite of these individual responses. Also, different scales were used for different

measures in our model. Finally, we applied the Harmon single‐factor test (Podsakoff & Organ, 1986) to the survey

data. No single factor accounted for the majority of covariance, confirming that common method bias was not

an issue.


