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Capturing heterogeneities in orchestrating resourcgfor accurately
forecasting high (separately low) project managemeiperformance
Abstract

Applying complexity theory tenets, the study hesatdbutes an asymmetric modeling
perspective for examining resources orchestratioaisindicate high (separately low) project
management performance (PMP) accurately. Comgléx#ory tenets include recognizing that
the causal conditions resulting in high PMP ha¥fednt conditions (i.e., ingredients) typically
than the causal conditions resulting in low PMP—mhgy this perspective supports the
usefulness of asymmetric point or interval estioratiather than the currently pervasive
symmetric approach to theory construction and englimodeling of variable directional
relationships (VDR). This study constructs a gaherodel and specific configurational
propositions that include social capital, procesard knowledge management effectiveness as
causal conditions indicating case outcomes of highseparately low PMP. Using survey data,
the study includes examining propositions and nwdeipirically on the causal conditions for
completed projects (n = 302, USA sample of exeestin product and service industrial firms).
The findings support the perspective that highwel as low) PMP depends on resource
orchestration (configurational) antecedent condgioThe findings serve to support the general
proposition that applications of complexity theamyproject management research respond
effectively in building in the requisite varietyrfdeep understanding and accurate forecasting of
performance outcomes. This study includes cortinba to theory and empirical research that
support the perspective that separate sets ofn@souchestrations of alternative complex
antecedents (rather than a VDR, symmetric, net&sfigerspective) forecast high (low) project
management performances accurately.

Keywords algorithms; configurations; knowledge manageméettveness; performance; project

management; social capital



Scientists’ tools are not neutral. (GigerenzeB1t264)

1. Introduction
Gigerenzer’s (1991) wisdom underpins the presentystwhat tools scientists use influences the
theories that they construct and restricts/foceg tata collection and interpretation of findings.
He further notes, “The power of tools to shapegwan to become theoretical concepts is an
issue largely ignored in both the history and @olahy of science” (Gigerenzer, 1990: 254). The
pervasive adoption of correlation (r), multiple megsion analysis (MRA), and structural
equation modeling (SEM) in constructing and testmgesearch in general along with null
hypothesis significance tests (NHSTs) without goestg the usefulness of these tools versus
alternative tools illustrate the two quoted statetsérom Gigerenzer (1991). Given their
pervasive use in project management, and thedeNeaknesses of using r, MRA, and SEM as
Armstrong (2012), Fiss (2007, 2011), Hubbard (2008Closkey (2002), Trafimow and Marks
(2015), Wasserstein and Lazar (2016), WoodsideQR@hd Ziliak and McCloskey (2008)
describe, supports the call that the present stiudyrates theoretically and empirically for
moving away from symmetrical to asymmetrical thecoystruction and empirical analysis.

This study proposes and tests two sets of issua®jact management research. The
first set of issues concerns identifying completeaedents condition®f firms’ demographic
states, knowledge management effectiveness (KM&yanial capital for accurately predicting
the firm’s project management performance (PMPa@uies. Rather than hypothesizing and
testing for symmetrical VDRS, this study proposed gests for accuracy in predicting case
outcomes (e.g., firms in the top quintile for ficaal performance, and modeling separately,
firms in the bottom quintile for firm performance)Rather than asking if a VDR is significant

statistically in supporting the alternative hypdaiseto the null, the study here asks which simple

! While a “variable” is an continuous or discretiihtite, a simple “condition includes a point aniied range of
scores for a variable (e.g.,” firm age” is a valggbfirms with ages less than ten years” is a étoot “project
management performance” (PMP) is a variable, “firmhe top performance quintile” is a condition.



or complex antecedent conditions (if any) predigtiv@n outcome “almost always” (e.qg., for
projects exhibiting both high social capital angrhKME, does high PMP occur almost
always)? Operationally here, “almost always” issagmmetric case model outcome achieving
the odds equal or greater than 2-to-1 for the fwith high scores in the complex or simple
antecedent condition having high scores in theau&condition. The specific issues that the
study addresses include the following questiodsl)(ls high KME a necessary and/or sufficient
conditiorf for firms achieving high PMP? (1-2) Is high sdciapital among members of a
project team a necessary and/or sufficient condioo firms achieving high KME? (1-3) Is

high social capital among members of a project taamacessary and/or sufficient condition for
firms achieving high PMP? (1-4) Is high social ¢apamong members of a project team a
necessary and/or sufficient condition for firmsiaging the combination of high PMP and
KME? (1-5) Do firms using a specific type of projenanagement process achieve high social
capital? (1-6) Do different profiles of managerdicate (a) high (low) social capital and (b)
high (low) KME? (1-7) Do different profiles of magers indicate (a) high and (separately low
KME, (b) high versus low (separately) social cdp@ad (c) high versus low (separately) high
PMP and (b) low PMP outcomes?

The second set of issues relates to Rumelt’s (20drkpective on firm-level case
anomalies. Theoretically and methodologicallys #tudy also addresses issues relating to
anomalies in research findings that occur even viimeings support VDR hypotheses. The
following issues illustrate potential anomaliegirm project performance research. (2-1) Are

some firms with low KME scores also high in PMP rveéhen the findings indicate a

2 A “necessary” antecedent condition occurs wheimale antecedent condition must be present foruaoome
condition to occur; a necessary condition alonesigally insufficient for indicating the outcome citon.
“Sufficiency” occurs when an antecedent condititoma or a complex configuration of antecedent ctoowis
accurately predicts an outcome condition; a sufitsimple/complex antecedent condition is unnecgss
usually—more than one model predicts an outcomdition accurately (i.e., the “equifinality” tenebim
complexity theory of multiple solutions for the saimutcome applies).



statistically significant positive KME and PMP VDR®2-2) Are some firms with high KME
scores low in PMP even when the findings indicaséaéistically positive KME-PMP VDR? (2-
3) If such anomalies do occur, what complex opénantecedent conditions accurately predict
these two types of anomalies? Researchers typidaihtify cases contrary to a statistically
supported hypothesis and findings as anomaliesraydusually ignore these anomalies when
reporting symmetric VDR findings. Researchers éidgm case-based, asymmetric, outcome
perspective embrace Rumelt’s (2011: 248) wisdonut tB others, an anomaly marks an
opportunity to learn something perhaps very valealbh science, anomalies are the frontier,
where the action is.”

Resource orchestration theory (ROT) is foundatidmratonstructing asymmetric case-
based models indicating high (and separately, Iot@ymediate and/or final project performance
outcomes. ROT seeks to explain how managers gabine project resources effectively for
high-performance achievement. “The complexity ahastrating resources in practice has been
overlooked in the project field and it is now nesay to go beyond hypothesizing and testing for
VDR net effects of individual resources and uncalifferent resource configurations that
maximize profitability” (Hughes, Elliott, & Hughe2018, p. 1125). For example, rather than
asking if knowledge management effectiveness (KRS a positive, net, direct effect on
performance gains, resource orchestration thedy, &“KME a necessary and/or sufficient
condition for achieving high performance or is hKME one ingredient in a configuration with
other ingredients that in combination, indicateghiperformance? Also, is achieving high social
capital a necessary and/or sufficient conditioa pfoject to achieve high performance or does a
high social capital occur in nearly all configucetts with additional ingredients in orchestrations

indicating high performance? The study here cbuates to the PMP literature uniquely by



constructing case-base, asymmetric, forecastingeta@hd empirical testing answers to these
and related questions.

Thus, the present study applies asymmetric, casedbautcome, configurational theory,
modeling, and empirical test these models for @test accuracy via somewhat precise outcome
tests (SPOT) (Woodside, Nagy, & Megehee, 2018)diRgs for an asymmetric model
indicating the odds are 2-to-1 or higher than aiigehigh occurs is the SPOT standard set for
indicating high accuracy (cf., Ragin, 2008). Thowgrrently comparatively rare to the
construction and testing of symmetric VDR hypo#sewith NHSTSs, prior asymmetric
configurational theory construction and empiricggeaarch using Boolean algebra appears in the
project management literature (Chereshnyuk, eR@l7; Galeazzo & Furlan, 2018; Kapasili,
Roehrich, & Akhtar, 2019; Young & Poon, 2013). Yaguand Poon (2013, p. 943) provide
asymmetric configurational theory and “findingsrfra fuzzy set analysis” indicating, “top
management support—almost always is necessaryoanetisnes sufficient for success.” A
“fuzzy set” includes “computing with words [via g&eory and Boolean algebra]” (Zadeh, 1996,
2010) using “membership scord$dr each case in a study whereby a fuzzy set ss@gual to
the lowest among the set of two or more conditiartee antecedent model (i.e., recipe). The
present study contributes to the nascent projenigement literature stream of asymmetric
modeling and research.

The research perspective here also builds fronuadation of complexity theory pillars

(i.e., tenets). These tenets provide propositibasare testable for consistency of their

3 A membership score is a calibrated number ranfyarg 0.00 to 1.00 for each condition in a data sétfuzzy set
score for the configuration of KME “AND” social ciagl for a case with a KME score equal to 0.85 arsdcial
capital score equal to 0.40 is equal to 0.40. flilaey set score equal to 0.40 indicates the extemtembership
overlap between KME and social capital. “AND” i8aolean operator indicating the extent that amivase
achieves all conditions in a fuzzy recipe statemdifitus, the size of a recipe is limited by its akest link” or the
simple condition with the lowest score among theditions in the recipe. For a variable with a reued original
values greater than three, a calibrated scoreameersion of original variable numbers into a $bigi function
membership scores ranging from 0.00 to 1.00. RE2§IA8a) provides details.



predictive accuracies with the objective of achmgvisomewhat precise outcome tests
(SPOT)"—that is, the predicted outcome occurs farty all the projects matching the
conditions in a configuration. Consequently, rathan focusing on the net effects of VDRS,
applying configurational theory in research on Pid§ts on core tenets of complexity theory. In
strategic management, Fiss (2007, 2011) pointthatifocusing on the net effects of
independent variables’ associations with a depengeiable for a theory attempting to indicate
an outcome represents an empirical-theory mismatch.

This mismatch has caused a number of problemseXample, the classic linear

regression model treats variables as competingpfaming variation in

outcomes rather than showing how variables comioimeeate outcomes. By

focusing on the relative importance of rival vates a correlational approach has

difficulty treating cases as configurations andreixang combinations of

variables. This becomes particularly evident infdet that regression analysis

focuses on the unique contribution of a variabldevholding constant the values

of all other variables in the equation. (Fiss, 208 1182)

The present study’s adoption of asymmetric theonstruction, modeling, and data
analysis addresses the limitations of symmetriorheonstructing and testing with symmetric
tools (e.g., multiple regression analysis and e af null hypothesis significance testing
(NHST) and serves to end the mismatch that Fis8422011). Theory construction and testing
of variable directional relationships (VDRS) hagiberiticized tellingly in the social science and
business (Ragin, 2008a; Hubbard, 2015), econorditak & McCloskey, 2008), psychology
(Gigerenzer & Brighton, 2009) and statistics (MedBI78; Wasserstein & Lazar, 2017)
literatures. Variablalirectional relationship (VDR) hypothesis constroictand NHST are bad
science practices for several reasons. In MRA guattices focus on examining whether or not
the findings support rejecting the null hypothdeiseach independent variable—a particularly
low bar of information especially compared to potidig a precise score outcome or an interval

range of impact. Learning that a statistically gfigant positive (negative) relationships exist

between XY variables usually provides scant infdramaon the occurrence of a specific



outcome—and the information that is provided ondinectionality of relationships frequently is
misleading of the nature of the relationship (aiséombe, 1973). Armstrong (11970, 2012)
provides examples of the great ease of achievatgttal significance using data from a table
of random numbers. The majority of studies usingRv&hd NSHT fail to consider anomalies to
hypothesized, tested, and supported main effestgyalith moderating effects (Woodside
(2019). Discretizing by quintiles and cross-tatinaan antecedent and an outcome condition
usually results in the appearance of ten-to-tweetgent of the cases demonstrating the opposite
relationships to the VDR even though the VDR sutsptire hypothesis statistically significantly.
While VDR symmetric tests using NHST provide higfievalidation (reports of adjusted?Ror
the models using the data from which the model®wlereloped) in modeling they provide
lower predictive validation (validating models ugidata additional samples) than asymmetric
algorithm models (Gigerenzer & Brighton, 2009).eTAmerican Statistics Association (ASA)
created a committee of prominent statisticiang0ih52to study question on the pervasive use of
VDR and NHST by academic given that their use lesniseverely. The ASA Committee
reported in 2017 that the main reason for the ooetl use of symmetric tests (VDR hypothesis
testing by NHST) constitutes a vicious loop.

Q: Why do so many colleges and grad schools tpacf.05?

A: Because that's still what the scientific commntyrand journal editors use.

Q: Why do so many people still upe= 0.05?

A: Because that's what they were taught in colleggrad school.

(Wasserstein & Lazar, 2017)

The rest of the paper has the following structufist, we review existing literature
regarding the constructs in this study and the lopweent of theory and empirical tests
regarding these constructs. Second, we presenbtiedenets of complexity theory. Third, we

present the configurational theory of the antecedenditions indicating high versus low PMP.

Fourth, we present our methodology and this indutie method for scale development, data



collection, and data analysis. Fifth, we preskatfindings. Finally, the study concludes by
presenting the discussion section, describingtindys contributions to project management
theory, practice, and limitations.

2. Literature review on project success/failure modehg

The phenomenon of project performance has recejrest interest from both academicians and
practitioners in recent years because recognizsttategic importance of successes or failures
of projects for firms. Project performance receiggtensive discussion in the relevant literature
with several factors contributing to the succesprofects (Arumugam et al., 2013; Clark, 1989;
Han & Hovav, 2013; Hughes et al., 2018; Justin @ 0dalach-Pines et al., 2009; Marzagao,
2016; Moser et al., 2018; Thoumy & Vachon, 2012tddmitzenberger & Bryde, 2019).
Likewise, the roles of knowledge in the organizath@ave received extensive examination in the
literature (Argote & Ingram, 2000; Cummings & Te2@03; Inkpen & Tsang, 2005; Landaeta,
2008; Mowery et al., 1996). However, these stutlipgally apply symmetric analysis for
predicting whether or not the VDRs of specific ahles have a positive or negative association
with firms’ project performance without examinifgetconfigurations of conditions (though a
few of the studies sometimes examine the statigtigaificance of two-way interaction of the
independent variables in VDR multiple regressiordeis) that may contribute to the success or
failure of projects. For example, Tseng (2014)neixes the net VDR effects of knowledge
management capability (KMC, a variable similar tdK) and supplier relationship management
(SRM) indicating corporate performance in a sangpleiddle-top managers from 114 of the
500 largest Taiwanese firms. Tseng (2104) propasddests two hypotheses. “H1. The degree
of KMC will have a positive effect on corporate foemance” (Tseng, 2014, p. 41). “H2: The
association between the degree of KMC and corppetiermance is mediated by SRM”

(Tseng, 2014, p. 42). Tseng (2014) reports empisigaport for both hypotheses via MRA in



that the b-coefficient for each variable (i.e., KNM@d SRM) is significantly statistically greater
than zero in predicting corporate performance ntifigng the positive mediating effect of SRM
on the KMC and PMP relationship is a valuable dbaotion by Tseng (2014). Similarly, using
moderated regression analysis, Yang (2010), shieatsatknowledge management and strategy-
performance connection is contingent on both peréorce-driven strategies, (including reward
system and process innovation) and knowledge mamagebased competencies, such as R&D
from past projects, market intelligence, and imtrganizational knowledge sharing.

The present study expands on Tseng’s H2 (2014)and’s (2010) H2 by going beyond
the positive interaction VDR perspective of KMC &ldM to propose and test configuration
models of complex antecedents indicating high PMea@ames—and separate (asymmetric)
configuration models indicating low PMP outcomeseiig (2014) builds theory from prior work
(Dyer and Nobeoka, 2002; Frazier et al., 2009; @adt al., 2006; Lee et al., 1997; Liu et al.,
2012; Paulraj et al., 2008). These studies argesiiye of the general statement that some
combinations of project management conditions mgitigh PMP while some alternative
complex project management conditions indicate RdP—and the existence of high KMC or
KME alone is insufficient for indicating high PMRaurately with high consistency. The same
perspective holds for SRM and social capital. present study’s focus is on point/interval
estimates of outcomes and not VDRs (e.g., somesfidentifiable by demographic
combinations having high scores in social capi#@D” high scores in KME achieve high PMP
scores with high consistency—this statement isxamgle of a “somewhat precise outcome
proposition” (Woodside, 2018) that focuses on preay outcomes, not relationships—such
accurate asymmetric models typically do achieveddl@ent accuracy in their predictions that
cases (e.g., projects) with high membership sdardge complex antecedent conditions all have

high scores in the simple or complex outcome cast
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Tseng (2014) does not report net effects of denpbgecavariables or combinatory effects
of demographics, KMC, and SRM on corporate perforcea—through his study included
collecting and summarizing data firm profiles fowef demographics (Tseng, 2014, Table 1, p.
42). Yang (2010) included demographic variablemdspendent terms in his moderate
regression models but Yang does not test for thegemading effects of the demographic variables
(i.e., firm age, size, and innovation diffusion}kvihe knowledge management strategy variables
on PMP in his findings (Yang, 2010, Table 2, p. 22Doing such testing would likely show that
knowledge management strategy (KMS) and innovatitfasion interactive positively
(statistically significantly) in predicting strategperformance. This speculation follows from the
statistically significant correlation (r = 0.27<0.05) for KMS and innovation diffusion in Table
1in Yang, 2010, p. 219). The research practicetécting business demographic information
but not examining their effects on dependent véembs moderators occurs frequently in the
project and firm performance literature (e.g., Gtpaiponn, & Yang, 2017; Hong, et al. 2011)
and not doing so has been identified as a badszieractice in behavioral science, business
(Woodside, 2016), and in medical science on theay of new ethical drug benefits (Krauss,
2018).

Because of the aforementioned strategic benefigsaécts in the firm, this paper draws
from the social capital theory, KME, project managat processes, and PMP research for a
cross-section of project participants. The stuabuges on deriving configurations to predict
high or low project management performance in sgpagets of asymmetric models as well as

high or low knowledge management effectivenesssacthl capital.

2.1. Social Capital

Social capital includes “the norms and networks tin@ate the necessary trust for people to

cooperate to solve collective action problem” (Gkry2014: 413). Colclough and Sitaraman
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(2005) and Gibbs et al. (2015) propose the relatignembeds in these social networks and in
individual's positions within them provide peopléhwa substantial amount of resources and
power than they would normally hold (i.e., “linkihgocial capital), through access to resources
such as information, knowledge, people, money aveep (i.e., “bridging™ social capital) and
psychological support which builds trust and reogiy (“bonding” social capital) (Teo &
Lesomore, 2017).

Regarding social capital in sociology and projeanagement, Coleman (1988) suggests
that a relationship network with strong connecticesembles social capital. “Social capital” is a
configurational concept in project management téfgrs to innovation, transformative capacity,
and knowledge integration in project team leadeetvork connections (Kao and Shen, 2009).
According to social capital theory and relatindg’tdP, interpersonal skills and relationships
have a direct influence and affect the contribugiaithin a research team that influence
performance (Stewart & Barrick, 2000). ResearcHifigs in the PMP literature support the
view that the depth of a social network reflects ithportance of a person acting as the
information or knowledge source within his or hes@ciated organization or society (Bjork &
Magnusson, 2009; Tsai, 2001). Metaphorically,ghlsocial capital assessment may serve as
the conduit for effectively generating downstreanmjgct success via coupling with high
KME)—nhigh social capital by members as well as atire project management team may
authenticate high KME. Without the presence ohlggcial capital, a project exhibiting high
KME may be thwarted from achieving high PMP becafstghe forces of inertia” (Huff &
Huff, 2000). The forces of inertia thwart the corsien of high KME into activities necessary
for high accomplishments. The forces of inertigynmelude policies, procedures, and necessary
support of additional teams, departments, and s.gtho are blocking actions and plans by a

project team. “We knew what to do and how to dbutt could not get the firm-level support
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necessary to enact our plans,” is a narrative sspe of the following configurational model:
KME e~SC— ~PMP, where the mid-level dot represents the Bootgerator of the logical
“AND”, the arrow represents “indicates” and sidewége, “~” indicates negation.

2.2.  Knowledge management effectiveness

Knowledge management effectiveness (KME) is how amlorganization creates, stores,
transfers, and reuses its knowledge (Song et@0.7,2008). Knowledge management involves
an effort to gain useful knowledge within the orgation by encouraging communication and
the free flow of ideas between employees, worksyibd business units. KME in the
organization involves the integration of knowledgen different sources (Ramesh & Tiwana,
1999). KME may impact process innovation and improent, executive decision-making, and
organization adaptation in numerous contexts (2&01). In the business environment, the
difference between a successful firm and an unsstgeorganization may be the way the firm
attempts to achieve team manage knowledge. Asgitégam members interact within and
across teams, they share and transform informatioch leads to the creation, storage, and
transfer of knowledge.

2.3.  Project participant configurations

Prior work in project management usually reportdistributions of the demographic variables
of the participants but rarely describes how tlnidies of the participants impact project
management processes and outcomes (Han & Hova8; PAthdaeta, 2008; Maladphines,
2009). The present study does examine how demographfigurations of participants impact
PM process, social capital, and knowledge manageeffattiveness. Such analysis builds from
the proposition that R&D managers with several desaf work experience, having a Ph.D. in
electrical engineering, and ten years as a projactager interpret a specific project process and

outcomes differently from an operations managerhiiha few years of work experience with no



13

post-graduate training and one year experiencepagj@ect manager. The study findings below
do confirm that the executives in different prddilef the participants completing the survey
impact how project management processes, socidbtamd KME affect project performance
outcomes.

2.4  Project Management Processes

Project management process refers to the methogakey for the planning, scheduling,
enacting, and controlling of the project. The agditaditional (waterfall) and hybrid are the
project management process methodologies thaeteeant literature identifies and examines.
The agile methodology is an iterative processithatganic, people-centric and involves the
extensive collaboration of the project team memk¥esur et al., 2005). The waterfall approach
is a sequential method where prior phases of thjegirare completed before the next phase.
The hybrid methodology combines the traditionalrapph as well as the agile approach.
Organizations applying the agile process modelrpgaproject implementation in small
interdisciplinary teams designed to complete alsipgpject iteratively, rather than using a more
formal hierarchical structure; which keeps the teaembers both informed and connected
(Bartleby, 2018). Thus, cases implementing agite@sses may generate high project
outcomes.

Waterfall process uses less iterative and flexalpleroaches that the agile model—as
progress flows in largely one direction ("downwdrlilee a waterfall) through the phases of
conception, initiation, analysis, design, consiargttesting, deployment, and maintenance
(Rodriquez & Williams, 1998). Relevant literatutescribes substantial criticisms of the
waterfall model since the model’s use typically i@es in one direction (e.g., after needs are set,
the setting is not revisited/revised based on dtwam knowledge and design changes). A

hybrid PM process is when activity is initially sesptial, and then iterative throughout the
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development process. “The hybrid model creates@plined timeline that allows for client
alignment, but still flexible enough to iterate aefine. Due to the sudden shift from sequential
to iterative, strong project management is neebearder to keep the project’s decision making
on track” (Justin, 2018). Firm “own internal” pess models include highly modified versions
with combinations of the characteristics of theeotthree PM process models. The respondents
in the study were asked which of the four modets bescribed the process in-use in
implementing their project; the respondents hadatiditional option to answer, “Other” as well.
Almost all respondents were able to select onéefitst four process models to describe their
projects’ process models.

Before implementing the survey stage, the predediysncluded completing long face-
to-face interviews individually with ten memberspobject teams; these interviews indicating
the possibility that members of some projects mighemphatic in describing their PM process
to be highly unique and created internally by thiem/organization. Denison, Hart, and Kahn
(2996) include related findings from 200 long oarded interviews that members of some
teams claim their PM processes to be unique. Thamjing the presence, antecedents, and
outcomes of this PM process uniqueness perspqairepted the inclusion of “own internal
PM process” in the survey instrument.

3.0. Complexity Theory Tenets

Table 1 includes five complexity theory tenets.eTinst tenet is the insufficiency tenet
that represents the XY association whereby high deicessary but insufficient for identifying
cases having high Y scores. The second tenethle Tlastates that an asymmetric model may be
sufficient for identifying cases having high X sesithat have high Y scores consistently—
nearly always. A complex X is a configurationatstment, for example, cases high in KME as

well as being high in social capital—a specificjpob operation must have high scores in both
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KME and social capital for a high X score. Oridineores are calibrated using a 0.00 to 1.00
scale and the Boolean “AND” operation of using lth&est score for the simple conditions to
represent the set score. Thus, if a project ojperdas a KME calibrated score equal to 0.35 and
a social capital calibrated score equal to 0.95 ctinfigurational score equals 0.35—the amount
of scoring that the two conditions share. Consetiyefor symmetric scoring combining two
simple conditions into a complex score require$ lsabres to have high calibrated scores—for
example, a second project operation having a KMEesequal to 0.80 and a social capital score
equal to 0.81, its complex score would equal 0.80.

Table 1 here.

The reality of contrarian cases to the variablteational hypothesis is one way of
expressing the third tenet of complexity theoryweiwhen an XY relationship in a study
indicates a statistically significant finding refeg the null hypothesis, contrarian cases usually
occur—cases showing the opposite relationship iK¥aplot or by discretizing both X and Y
data and cross-tabbing using quintiles. Usingtgas) the findings in Table 2 from the present
study for KME and PMP illustrate this tenet andlfirgs. Cases exist in all four corners of the 5
by 5 cross-tabulation of KM and PMP in Table 2 ettfewugh the phi coefficient indicates a
statistically significant positive relationship taeten X and Y (phi = 0.714, p < 0.000). Positive
PMP outcomes occur for cases having low KME coodgifor nine percent of the 302 cases in
the study (i.e., the cases in the upper-right ¢ellBable 2). Negative PMP outcomes occur for
cases having high KME conditions for five perceinthe 302 cases (i.e., the cases in the lower-
left cells in Table 2). Adopting an asymmetricgpactive and discretizing via quintiles
indicates the usefulness of examining cases iimatlcomplex outcomes via asking when does

high, as well as low KME, indicate high PMP and wide high as well as low KME indicate
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low PMP rather than simply reporting a statistigalignificant, positive, variable-directional
relationship.

Table 2 here.

The reality of causal asymmetry (cf. Misangyi let2016; Woodside, 2014)) is the
fourth complexity theory tenet. The causal cowdisi indicating cases having high outcome
scores usually vary in content from the causal tmms indicating cases having low outcome
scores. “Emergence” is the fifth complexity theteget in Table 1. The fifth tenet refers to the
principle that a screen whereby a case has toachigh scores (e.gz,0.90) for each of several
conditions (a non-compensatory rule) is a tougbguirement than setting a screen whereby a
case has to achieve a high score (2.9.90) on the sum of several conditions (a compgenga
rule).

Configurational Theory of Complex Antecedent Conditons Indicating High (Low) PMP
Figure 1 is a visual of the general asymmetric thed antecedents and outcomes of project high
versus low in KME, in social capital, and in PMPigure 1 builds from the perspective that
ongoing success in project management dependsomsicly the right mix of new product
strategy, organizational structure, and NPD praeeéBarczak, 1995; Henard & Szymanski,
2001). This general theory focuses on predictingamuaes accurately with high consistency and
not proposing and testing variable-directional higgees. Figure 1 is a visual of complex
antecedent conditions for KME and social capitava as KME and social capital as simple
and within complex antecedent conditions indicatiigh versus low PMP outcomes. This
section describes the eleven propositions appeariRure 1. These propositions provide a
rich and deep understanding of the complex antetexdafigurations indicating high (and

modeled separately) low outcomes.
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Figure 1 here.

Pla: KME < PMP. The following asymmetric statement expresses &dses high in KME
indicate cases that are high in PMP with high aecyr

P1b: ~KME < ~PMP. Cases low in KME indicate cases that are consigteaw in PMP.This
proposition examines the impacts of the negatiodME on PMP.

Propositions (P1la and Pb) are consistent withitheature (Haas, 2006; Liu et al., 2011,
Mitchell 2006) that posits that the way knowledg@nanaged on the project impacts the
performance of the project. The proposition rathese two possibilities: First, cases high in
KME are consistently high in PMP, that is, identify project achieving high KME is sufficient
for identifying cases high in PMP. Second, casesih KME are consistently low in PMP, that
is, identifying project achieving low KME is suffent for identifying cases low in PMP.

P2a: Social capitakk KME. Cases high in social capital is sufficient for petidg cases high

in high in KME.

P2b: ~ Social capitak ~KME. Cases that are low in social capital is suffickntpredicting
cases that are consistently low in KME.

Because the present study defines project higbdiakcapital to include high scores in separate
metrics for both bonding and bridging mechanismse-eimergence tenet in complexity theory
applies here, the study applies a strict operatide@nition of social capital as a complex
antecedent condition (i.e., bond#igidging = social capital, where the Melel dot ‘e”
represents the logical Boolean algebra “AND” ogeraind the directional arrow;-",

indicates prediction). Consequently, the resulomputation for social capital represents a
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complex “fuzzy” statement (Ragin, 2008). Projegith high calibrated scores in bonding AND
high calibrated scores in bridging results in higibrated scores in social capital.

Consistent with the literature (Ajmal & Koskiner(B), social capital influence on
KME is positive when social capital is high and atége when social capital is low. Via bridging
and bonding, social capital may enable and expaviet knd PMP. Relatedly, the low KME is
likely to occur in a project having comparativebyM social capital.
P3a: Social capitakk PMP. Cases that high in social capital are sufficfenpredicting cases
high in PMP.
P3b: ~Social capitak ~PMP. Cases that low in social capital are suffici@ntpredicting
cases low in PMP.
Propositions 3a and 3b are consistent with thealiee. For instance, Bartsch et al. (2012) found
that social capital positively influences learningrojects, Di Vincenzo & Mascia (2012) found
empirical support that social capital positivelypiacts project performance. Likewise, Villena et
al. (2011) provide empirical support that sociglital may impede value creation while
Villalonga-Olives, & Kawachi (2017) found that satcapital can have a negative effect on
health outcomes.
P4a: Social capitak PMP. Cases that high in social capital are sufficfenpredicting cases
high in KME AND high PMP.
P4b: ~Social capitak ~KME e ~PMP. Cases that low in social capital are sufficient
predicting cases low in KME AND high PMP.
P5a: Social capitale KME <PMP. Cases that high in social capital and KME arfégent
for predicting cases high in PMP.
P5b: ~Social capitale KME <~PMP. Cases that low in social capital and KME aréigent

for predicting cases low in PMP.
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Relevant literature examines the roles of socipital knowledge, and performance in the
organization. Maurer et al., (2011) argues thgh Isiocial capital in organizations fosters
knowledge transfer and innovative performance., Ktral. (2013) reports that in the tourism
sector, high social capital positively impacts kitexdge sharing and organization performance
and Suseno & Ratten (2007) posited that high sceijaital impacts the firms’ knowledge
development and alliance performandeffman et al., (2005) argued that high social tpi
and knowledge results in superior performance émtlarket. Invariable, the low KME and PMP
capital are likely to occur in a project having gmaratively low social capital. Likewise, low
PMP is likely to occur in projects having low sdaapital and KME.

P6a: The knowledge of project team participant demgraphic profiles and project
management processes are sufficient for indicatingrojects high in social capital.

P6b: The knowledge of project team participant demgraphic profiles and project
management processes are sufficient for indicatingrojects low in social capital.

P7: The knowledge of project team participant demgraphic profiles and project
management processes are sufficient for indicatingrojects high in KME and PMP

P8: Knowledge of project team participant demograpic profiles are sufficient for
indicating projects high in social capital.

Rather than focusing on the relative worth of thgeaversus waterfall models (i.e. instead of
viewing project management processes to be congpagiainst each other), the present study
focuses on the more complex question of the comiextvhich each process model is an
ingredient in complex antecedent configuration niededicating high social capital (or models
for low social capital). We examine the impaceath of the four PM process models: agile,
waterfall, hybrid, and firm internal models and themographic profiles of the project

participants.
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Team members working on the projects differ fredlyan training and expertise and
vary by job function, gender, age, and years ojgetananagement experience (PME)—creating
such requisite variety in among team members ermalriging multiple skills to bear for
achieving high social capital or high KME and PMRowever, while configurations of
information describing specific team members mawg bgeful ingredient in complex antecedent
conditions indicating high social capital, suchomhation may be too meager to do so
consistently. We examine complex configurationssfacial capital, KME, and PMP as the
outcome conditions.

P9: Project member demographic profiles and projecmanagement processes are
sufficient information to indicate the project management performance consistently.While
the specific project member participant may berrdouting ingredient in identifying a project
management process, we examine the complex coafigarabout information about project
participants as well as the methodology used faragang the project for accurately identifying
the project management performance consistentbmigning the demographic profiles of the
project participants and the methodology used nmayigee an insight into their configurations
and how they impact project performance. As thermections discuss, most studies use the
demographic profiles as control variables, we pibsit assessing demographic conditions as
integral in case outcome modeling (as well as VDRey and experiment modeling are
necessary (cf. Krauss, 2918). The extant litergBaetleby, 2018; Nerur et al., 2005) also
suggests that the agile methodology offers greagfits to project outcomes but we argue that
that the methodology used in an ingredient in coratidn with other profiles of project
participants will provide a good insight of thesgammes.

4.0. Methods
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This section describes the study’s survey instruptba procedure for data collection, the data,

and the data analysis steps.

4.1. Data collection and Respondents
The present study includes an empirical examinadfaronfigurations in the context of project
participants, project management processes, stagathl, KME, and PMP. The survey was
completed by project managers from the USA usiegstitvey questionnaire. The study data
collection was done using USA Qualtrics, Inc. syrpanel. Project managers were asked to
complete the survey online. Because of the bidseo§urvey panel, several attention filters were
included randomly in the questionnaire to incretagequality of the data. For instance, at
random places in the survey, responders were dsk@dk either agree, disagree or somewhat
agree, and if they pick the incorrect response; there immediately exited out of the survey. A
total of 746 respondents completed the questioena@7 failed an attention filter and were
removed from the survey data, 246 were not praojestagers and were also removed from the
survey, and 303 were project managers successfuthpleted the survey. Of the 303
guestionnaires, one was unusable due to incom@sp®nses and was subsequently removed
from the analysis. Hence, a total of 302 respong#s used for the data analysis

A total of 157 (52%) of the respondents were mdiden145 (48%) were female. In
terms of age, 3% were between 18 and 24 yeargl8¥d,between 25 and 34 years old, 38%
between 35 and 44 years old, 12% between 45 aydd4 old and 5% were 56 or older. Only
one of the respondents reported having less tlyaarexperience as a project manager (PM),
11.6% reported having 1 to 2 years’ experienceR1a20.2% have 3-4 years’ experience as a
PM, 52.3% have 5-10 years of experience as a PN%d @ave 11-15 years of experience as a
PM and about 5.3% reported having more than 1sy&fagxperience as a PM. A total of 124

respondents reported having a bachelor’'s degré@é)(AB3 (27%) have a graduate degree (27%),
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28 (9%) have an associate degree, 27 (9%) have sollege and 15 (5%) have a Ph.D. degree.
The processes used in the project are as folléwmtal of 86 (28.4%) of the projects used the
waterfall (traditional) method, 86 (28.4%) used liybrid method, 52 (17.2%) used the agile,
and 79 (26.2%) did not have an established projectagement process.

The primarily functional area of the respondenesas follows: 129 (42.7%) are in
productions and project, 53 (17.9%) in researchdevelopment, 40 (13.2%) in administration,
36 (11.9%) in sales and marketing, 43 (14.2%) im#&wo resources, purchasing, customer
service, IT support and finance and account. Tkeakttown of the type of project is as follows:
63 (20.9%) construction project, 49 (16.2%) aragteprojects, 40 (13.2%) are R&D projects,
37 (12.3%) are new product development projectsla@demaining 113 (37.4%) are
maintenance, administrative, computer softwaratedyc, architectural development,
applications, and infrastructure projects. The dpsee statistics and correlations for the
different variables are in Table 3. A comparisonhaf findings in Tables 2 and 3 supports the
perspective that discretized findings can iderdigubstantial share of firms having contrarian
associations to the statistically significant nelaship found by correlation analysis: 9% of the
firms have low KME and high PMP and 5% of the firhae high KME and low performance
in Table 2 though the correlation between KME aMPRs highly significant statistically (r =

0.61, p < .001).

Table 3 here.

4.2.  Survey Instrument

The questions in the study include multiple-iterales measured on the seven-point

Likert scales. Question options ranged from Ir@rsgly disagree”) to 7 (“strongly agree”).
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Exploratory factor analysis using varimax rotatwas used to extract the factors and reliability
of the constructs was done by calculating the Caohlalphas. The survey comprises of four
parts including bonding capital, bridging capifaipject management performance, knowledge
management effectiveness, The Appendix includestopureitems and Cronbach alphas for
constructs. Prior studies informed the developmétitese items and they were contextualized

into the domain of project management.

Bonding Capital. The bonding capital scale included four items tamethe work of

Seashore (1954). Cronbach’s alpha was 0.85.

Bridging Capital. The bridging capital items are based on the woiklieson et al.,
(2007). In the factor analysis, one of the itenzssrloaded on bonding capital and was

subsequently was removed from further analysisniaoh’s alpha was 0.89.

Project management performance. The five items measuring PMP are based on the work
of Malach-Pines et al. (2009) and adapted from &&tovav (2013). Cronbach’s alpha was

0.84.

Knowledge management effectiveness. The three items measuring KME were adapted

from the work of Song et al. (2007). Cronbach alfdvahis scale equaled 0.81.

4.3. Analysis

The current study employs a set-theoretic apprbaskd on fuzzy set QCA that allows for a
detailed analysis of how causal conditions contglia an outcome of interest. Fuzzy set QCA is
suitable for analyzing causal processes becapseviides a configurational understanding of
how causes combine to lead to different outcomiss (2007; Ragin, 2000, 2008). The basic
tenet underlying QCA is that cases are best unatmisds configurations of attributes and that a

comparison of cases can allow a researcher tmabdttributes that are unrelated to the outcome



24

of interest (Fiss, 2011). The set-theoretic analggamines causal patterns by focusing on the
subset relationship. “For instance, to explain winatfigurations lead to high performance, it
examines members of the set of “high-performingjamizations and then identifies the
combinations of attributes associated with the @uie of interest (high performance) using
Boolean algebra and algorithms that allow logiealuction of numerous, complex causal
conditions into a reduced set of configurations kad to the outcome” (Fiss, 2011: 402).
Fuzzy-set theory (Zadeh, 1965, 1996, 2010) enaxpressing a case's degree of
membership in a set in fine gradations ranging ffokmon-membership (0.05 and below) to
full membership (0.95 and above). The analysisirequcalibrating the original value for a
variable for a case against a range of membersbigs that represent the accumulated
knowledge about a set. The membership scoresdpeggent the set are estimated by examining
information on the entire set (Ragin, 2008a) tantdg the threshold for full non-membership
(set at 0.05); the point of “maximum membership muiby” (set at 0.50); and the threshold of
full membership (set at 0.95). Calibrating origimalues into fuzzy-set scores transforms ordinal
or interval scales into the degree of membershtpeantarget set. Ragin (2008b: 183) refers to
this as “a truth value” that reflects each caseStin in an established set, which allows
comparison of each case against a known exteraadiatd; and enables the identification of fine
gradations in the degree of membership of a sehdrturrent study, all antecedent conditions
and the outcome conditions were calibrated basedaords for the full set for each condition.
The analysis includes the median value as the pbimaximum ambiguity (0.50); full
membership (0.95) was equal to the value immedi&iellow the highest 14 percent of all
available projects; full non-membership was eqadhe value immediately above the lowest 14
percent of all available projects. The calibratsoiroutine in the software program (available at

fsQCA.com) computed the scores for all nationienstudy. With no appreciable changes
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resulting in the findings, the present study ineldigherforming an alternative calibration
procedure that the one recommended by Ragin (2Q088b) whereby the 0.05 value was set at
the 14th percentile level and the 0.95 score wiaatdbe 86th percentile value. For all
conditions, three slightly different sets of breaikps were tested to confirm that the findings did
not vary in calibrating either full- or non-membieigs points. The calibration subroutine in the
software, fSQCA.com, applies a logarithmic functisrcalibrating all other original values into
membership scores.
4.4. Consistency and coverage
Consistency is an index measure of the degree ichvehspecific recipe is consistent with the
outcome. A high consistency score indicates thatlypeall cases with a high membership score
in the recipe of conditions also have a high sootee outcome condition. Consistency occurs
when a case's level of membership in the causgleés less than or equal to its level of
membership in the outcome (i.e., the causal rasipesubset of the outcome) (Ragin, 2008a
provides explicit examples for Computing consisieaisd coverage). The fsQCA software
estimates consistency (X Yi), by dividing the sum of the minimum of Xi ori ¥y the sum of
Xi. ConsistencyXi <Yi) =% {min (Xi, Yi)}/XZ (Xi), where Xi is the case i's membership score
in set X; Yi is the case i's membership score éxdbutcome condition, Y. This approach
penalizes consistency scores for occurrences whercéeds Yi in proportion to the size of the
inconsistency. Calculation of consistency is ddflaas performing “somewhat precise outcome
testing (SPOT)” (Woodside, 2017). SPOT is an aieve summary metric to symmetric test's
null hypothesis statistical tests (NHST) (Woods2ig]7). In order for a proposition to be
supported, the consistency index has to be at (e8st

The coverage index in fsSQCA assesses the degmgleitb a causal configuration

accounts for instances of an outcome. Coveragddlooly be considered after consistency is
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established. Set theory accommodates the idethitrat are alternate causal recipes that lead to
the outcome. QCA compares alternate configuratigndetermining the proportion of cases that
are consistent with a particular configuration (Rag008a). If a configuration accounts for
more cases then it is more informative. To caleutatverage, the fSQCA software calculates the
proportion of cases where the degree of membeisltige configuration is less than the
membership in the outcome, but this time dividdsyithe total score for the outcome condition.
This coverage calculation estimates the level telwthe configuration (the subset) covers the
outcome (the larger set) (Ragin, 2008a). Covetdge Yi) =% {min (Xi, Yi)}/ Z (Yi).

5.0. Findings

Section 5 reports the findings of the fuzzy-setlitatéve comparative analysis (fsQCA) that was
used for modeling both positive and negative pailtgegh scores in an outcome variable. We
also discuss the findings relating to the configjores of antecedents’ conditions ant their role in
predicting the outcome variable.

51 Detailed findings

Pla: receives partial support. Cases high KME is somewhat sufficient for indicating cases high

in PMP. The findings in Table 4 and Figure 2 partially sop®1a because the consistency
index is 0.78 which is slightly below the consistgimdex threshold selected for this study equal
to 0.8. Hence, we suggest that projects high in KaviEsufficient marginally for indicating
successful PMP consistently. Hence, KME alonenesiogredient among a few in indicating
high PMP, KME alone is not necessary for the o@nwe of high PMP. These findings support
the perspective that high KME alone is insufficiatpredicting high PMP. The project cases
low in KME and high in PMP support the perspectivat additional asymmetric models are
needed that may include the negation of KME andtiadel conditions for indicating high PMP

consistently.
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Table 4 and Figure 2 here.

P1b: does not receive support. Cases low KME are insufficient for indicating caseslow in PMP.

The findings in Table 4 and Figure 2 does not supgpbb because the consistency index is 0.73.
P2a receives support. Cases high social capital are cases high in KME. The findings in Table 4
and Figure 3 supports P2a with a consistency ind@®808 and coverage of 0.66. Bonding
capital by itself and bridging capital by itself dot predict cases with high KME consistently.

Bonding and bridging capital have to both be presepredict cases high in KME.

Figure 3 here.

P2b does not receive support. Cases low in social capital are not sufficient for indicating cases
lowin KME. The findings in Table 4 and Figure 3 does not suppdb because the consistency
index is 0.74 and coverage of 0.86.

P3a receives support. Cases high in social capital is sufficient for indicating cases high in PMP
The findings in Figure 3 supports P3a with a cdesisy index of 0.86 and coverage of 0.65.
Bonding capital by itself and bridging capital bself do not predict cases with high PMP.
Bonding and bridging capital have to both be presepredict cases high in PMP. The XY plot
from testing P2b (Figure 4) indicates that the caldsgreater than 4-to-1 that cases high in

social capital are cases high in PMP.

Figure 4 here.
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P3b does not receive support. Cases low in social capital is not sufficient for indicating cases

low in PMP. The findings in Figure 3 does not support P3b cthresistency ratio is 0.71.

P4a does not receive support. Cases highin social capital are not consistently high in the joint
outcome for KMPePMP. The consistency index for this model is equd).#8 with coverage
equal to 0.76.

P4b does receive support. Caseslow in social capital are consistently low in the joint outcome

for KMEePMP. The consistency index for this model is 0.86 witlverage equal to 0.83.

P5a receives support. Cases high in social capital and KME is sufficient for indicating cases
highin PMP. The findings in Table 4 support P5a. The consestémdex equals 0.90 and the
coverage index equals 0.55 for this model. The h@tsistency supports the conclusion that the
combination of high social capital (bonding andignng) in combination with high KME is
sufficient for predicting cases having high PMPgistently. The findings include the odds
being greater than 4-to-1 that projects having Isigtres for the complex antecedent condition

have high scores on PMP.

Figure 5 here.

P5b does not receive support. Caseslow in social capital and KME is not sufficient for

indicating cases low in PMP. The findings in Table 4 and Figure 6 do support.Pbbe
consistency index equals 0.69 and the coverage iegieals 0.94 for this model.

P6a and P6b receive support. Project-participant demographic configurations are sufficient for
indicating cases high (low) in KME. The findings in Table 4 provide details from tegtiP6a

and P6b. These propositions predict that specdiaabraphic configurations indicate high (low)

scores for the complex outcome of KME. Tablesrixh%b provide details for the findings for
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P6a and P6b. Examining tables 5a and 5b indibatetie demographic feature can be positive
or negative for different recipes with the outcoofdnigh social capital occurring (i.e., the

complexity theory equifinality tenet receives sugipo

Tables 5a and 5b here.

P7a and P7b receive support. Project-participant demographic configurations are sufficient for
indicating cases high (low) in social capital. The findings in Tables 6a and 6b provide details
from testing P7a and P7b. These propositions préuat specific demographic configurations
indicate high (low) scores for the complex outcarhbonding AND bridging (i.e., social

capital). Tables 6a and 6b provide details forftheings for P7a and P7b. Examining tables 6a
and 6b indicate that the demographic feature cgrobiive or negative for different recipes

with the outcome of high social capital occurring.( the complexity theory equifinality tenet
receives support)

For instance, model 1 in Table 6a indicates the¢g&aving the following PM
membership profile have high social capital: olaede managers with many years of experience
as a project manager whose functional working ereales & marketing and with high or low
education. Examining Table 6b indicates that theafgaphic feature can be positive or
negative for different recipes with the outcoménigh social capital occurring (i.e., the
complexity theory equifinality tenet receives sugipe-with one exception. A project manager

with a high number of years of experience is auieain all three configurations in Table 6a.

Tables 6a and 6b here.
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P8a and P8b receive support: PM participant demographic profiles indicate cases high (low) in
PMP. The consistency of the configurations is 0.85 @&® as shown in Table 4. Tables 7a and
7b provide the details of the configurations. $fjpedeep (i.e., configurational) descriptions of

project managers do indicate high and low PMP saelyr

Tables 7a and 7b here.

P9 receives support. Project participant demographics AND project management processin
combination are sufficient for indicating cases for the complex outcome high in KME AND high
PMP. The findings in Table 4 support P9 with an oMesalution consistency of 0.86 and
coverage of 0.17. The finding suggests that tmeodgaphics of the project participants AND
project management process are sufficient for ptedj high scores in the complex outcome of
KME AND PMP. Table 8 provides the details of theftgurations. For example, model 1 in
Table 8 predicts that cases with the following Pidgess and demographic profile have high
KME AND PMP: a young female who is highly educatetio works in production, the project
is not R&D and uses the agile project process aog@ management experience is irrelevant in
this model.

Table 8 here.
6.0  Discussion
6.1 Research implications
The study here applies a holistic view of a confagwnal approach and provides a complex
understanding of project management performanc&aodledge management effectiveness
outcomes. This approach does appear previouslgerations management (Cai & Jun, 2018;

Castka, 2018; Dul et al, 2010). The study heresisgia configurational approach to develop and
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identify complex antecedent conditions of firmshaegraphic states, knowledge management
effectiveness (KME) and social capital for accusapeedicting a firm’s project management
performance (PMP) outcomes accurately. The stuelytifies complex or simple antecedent
conditions that accurately predict outcomes. Thdifigs of this study provide strong support for

casual asymmetry complexity (P1la — P5b) and eauifin(P6a-P8b).

Configurational case outcome research is underdpedlin the project management
literature, hence, our research makes importarttibotions from a theoretical perspective.
First, this study examines and tests for accunagyedicting case outcomes (Cai & Jun, 2018;
Castka, 2018; Dul et al., 2010; Woodside 2013; Véabelet al., 2018) rather than the variable
directional hypothesis testing. The findings supgee first complexity tenet that a single
antecedent condition is insufficient usually fodirating cases with high scores in an outcome
condition. This perspective receives support gahyeeven when the correlation between the
single antecedent and outcome condition is verly fegg., r =0.70, p <.001). Thus, ifa
researcher focuses on predicting outcomes accyratiler than showing that one or more
relationships do not have a zero correlation, ésearcher needs to construct and test theories of
recipes (Ordanini et al. 2014).

Second, by recognizing the inherent complexitgchieving high (as well as low)
project management performance (PMP), in the comtigxroject management the study here
offers workable theoretical and empirical solutitmshe crucial problem in strategic
management of firm heterogeneity—"why firms adoiffedent strategies and structures, why
heterogeneity persists, and why competitors perfdiffarently” (Powell, Lovallo, & Fox, 2011,
p. 1370). The solutions include embracing Wei¢R®07, p. 17) call for richness in the study of
project management (PM): “Simple accounts meanythiaare not paying attention.” Applying

and confirming complexity theory tenets in the pregsstudy enrichens theory construction and
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empirical testing to represent the inherent rickreesd complexity occurring in PM. Testing the
consistency of predicting outcomes with algorith(ires, “computing with words,(CWW)”
Zadeh, 1996, 2010) rather than testing the existeh®¥DRs via null hypothesis significance
tests (NHST) enables shifting to good science aeind away from bad science practice (cf.

Hubbard, 2015; Wasserstein & Lazer, 2017; Ziliak&Closkey, 2008).

Third, the findings here support the perspectiat the study of low project management
performance (~PMP) require models with featuresamdigurations separate and unique from
models of high PMP. This perspective is suggestvacholars working on topics relating to
the highly reliable organization (HRO), for exampléeick (1987), LaPorte and Consolini
(1991), and Weick, Sutcliffe, and Obstfeld, D. (80PMP outcomes include failure,
mediocrity, as well as success. The evidencedrpthsent study provides an indication of how

low PMP occurs and that forecasting projects regulh low PMP is possible.

Fourth, the results of this study serve to indi¢ht#d models of high and low PMP should
include modeling the impacts of PM participantsmbgraphic profiles, and project processes.
Research in the project management literature &eidyireports classifications and distributions
for these features in the data collected for a waéshgie of projects but ignores these features in
its modeling. The general theory supports thepgestsve that these PM features can have direct

and/or indirect impacts on projects’ social capikME, and performance.

Fifth, the theory and findings of this study suggbe perspectives that alternative
configurations which include project managementigigants, processes, and project type,
impact both KME and social capital. The theory &indings extend prior work on asymmetric

modeling in project management (Ordanini, et &14), individual project management
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attributes have complex trade-off effects that ad@stain combinations of attributes act as

sufficient conditions for high PMP.

6.2 Practice implications

Although several factors influence project managgmetcomes, project managers may benefit
by recognizing several factors/ configurations istgaoject outcomes. For example, projects
having high bridging capital alone or high bondaagpital may not achieve high performance.
But most projects that achieve both high bondingdjlsigh bonding achieves high performance.
Also, knowledge management effectiveness (KME) aldoes not indicate high project
performance, KME needs to be combined with highad@apital in other for the project to

achieve high performance via this configuration.

Project managers may benefit from realizing thaahee certain simple and complex
antecedents and configurations may achieve higegroutcomes, the exact opposite of the
antecedents may not impact project performancetivetja For instance, projects that achieve
high social capital will achieve high performanag projects that have low social capital will
not achieve low-performance. Likewise, projectg tieve high social capital will not achieve a
combination of high-performance and knowledge manamt effectiveness but projects that
have low social capital will achieve a combinatadiow performance and knowledge

management effectiveness.

The type of methodology used for managing the ptagbould be chosen with
consideration of the demographic configurationghase that would be on the project team. The
agile methodology receives attention in the exligertature and thus is usually recommended.
But our study shows that the use of waterfall watsam indicator of cases high in the project

indicators. Agile was found to be an ingredientnodels specifying specific categories of
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projects for indicating projects achieving boththlME and high PMP. Thus, agile does matter
but managers must learn how this method mattersesm@érch needs to go deeper rather than

specifying agile as a simple main effect on socagdital on project performance.

6.3 Limitations and Future Research

Limitations of the present study include the nemdeikamining the general theory in additional
studies on PMP. Also, additional studies are resrgshat include asymmetric modeling of data
that includes interviewing two or more team memberssking on the same project. Though
rarely appearing in the extant literature, the fility exists of examining projects where project
team members’ responses are in high, medium, amtelels agreement and to build separate
asymmetric models for each of these three setsopégis (e.g., Cheng, Chang, & Li, 2012).
Also, the need exists to rely not solely on projeenagers’ responses to surveys but to directly
observe their behavior as well in field studies anlsequently to construct asymmetric
forecasting models (e.g., Gladwin, 1980). Consaty, while the general theory and findings
in the present study are encouraging, they areddriy depth and scope of coverage. Future
reach may include splitting the sample into twoadepized and performing predictive cross-

validation checks.

6.4 Conclusion

The present study supports two primary conclusidfsst, while unnecessary for achieving high
PMP, achieving both high social capital and highEKNb indicate projects achieving high PMP
with high accuracy. Also, projects with both loacsl capital and/or low KME indicate cases
achieving low PMP with high accuracy. The ordefitgguent, and consistent occurrences of
high social capital and high KME in models indicaticases high in PMP coupled with the

frequent occurrences of low social capital and KMME indicating low PMP support the
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perspective that advancing theory of PMP benefisifthe study of both project social capital
and KME with applications of complexity theory acmhfigurational analysis. Second, the
theory and findings in the present study suppatibw that applying complexity theory tenets
and using asymmetric modeling methods are vialligisas to moving beyond symmetric

modeling using MRA/SEM with null hypothesis signdince tests (NHST).

By posing and answering the research questiotigimtroduction, this study offers a
useful perspective for developing a point/intesymmetric outcome sufficiency theory in
predicting high and (separately) low PMP. Regay@dinswering question 1-1 (high KME is
sufficient for identifying high PMP), examining tfiedings in Figure 2 and the consistency
index for P1a most project managers would be ulyliteerely on achieving high KME for
achieving high PMP—project managers are more likeipstall additional conditions to
achieve nearly “fail-safe” (Kusek et al., 2013)@arhes to increase the odds that high PMP will
occur in practice—achieving 2-to-1 odds for sucdssachieving high KME is unlikely to be
sufficient in practice. The empirical findingstime present study offer higher odds (i.e., 4-to-1)
that high KME follows from achieving high socialpital—the second research question (1-2).
However, the present study is not a longitudinaneixation but the study provides exploratory
support for a positive answer to the second rebeguestion. The present study provides a
positive answer empirically for the third reseagelestion (1-3): high social capital among
members of a project team is a sufficient complaxddtion for firms achieving high PMP even
though the negation of PMP is an insufficient ctindifor indicating the negation of PMP as an

outcome.

The findings do not support a positive answer grésearch question 1-4. High social
capital among members of a project team is noffecgunt condition for indicating firms

achieving the combination of high KME and PMP—aw Isocial capital does support the



36

perspective that the combination of KME and PMPuesevith odds of this outcome found to be
5-to-1. The findings support a positive answeresearch questions 1-5—firms using a specific
type of project management process achieve highlsmapital with agile plus additional
conditions rather than using the waterfall processen though Justin (2018) reports that the
waterfall versus the agile process has a higheesfause in managing projects. The answer is
yes, for questions 1-7—different profiles of manag#o indicate (a) high versus low KME
outcomes, (b) high versus low social capital outesnand high versus low PMP outcomes; the
findings appear in Tables, 4, 5, and 6. Both pas#énd negative individual conditions appear in
all six sets of these demographic profiles indimatbutcomes. Consequently, these findings
support this perspective that demographic configuma indicating high KME, social capital,
and PMP are identifiable having high consistenclekes, but generalizing that males versus
females or high versus low years of experiencanother other single condition nearly always
occurs for high performance is likely to be an maate perspective—and the same conclusion
applies (separately) for configurations indicathegative outcomes.

Related to the set of questions guiding this sttliy finding supports and expands on
Rumelt’'s (2011) perspective on firm-level case aales. The second set of issues relates to
Rumelt’'s (2011) perspective on firm-level case aales. The findings support a positive
response to question (2-1): some firms with low KMEmbership scores also high in PMP even
when the findings indicate a statistically sigraiit positive KME and PMP for a variable
directional relationship. The findings in Figure&tends this view that a number of firms low in
the configuration of KME “AND social capital stithanage to be high in the PMP outcome.
Additional research would be useful to explain anedict how this negative complex antecedent
condition and positive outcome condition occurse Tindings in Figure 4 support a positive

answer to question 2-2 as the cases in the topfi€iigure 4 indicate: some firms with high
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social capital scores are low in PMP even wheriititings indicate a statistically positive
KME-PMP VDR. The odds are high (i.e., 4-to-1) thadjects achieving a high KME have high
PMP scores but information that a project achidwglk social capital alone appears to be
incapable information that high KME will always accFinally, while the findings in the
present study provide substantial evidence thatalies occur that run counter to simple
asymmetric relationships in PMP, additional rese@mecessary to answer a rewording of
guestion 2-3). Given that such anomalies do oathiat complex or simple antecedent

conditions accurately predict these two types ohsalies?
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Appendix
Construct Coding Iltems Cronbach’s
alpha (a)
Bridging Capital BR1 | On my project, members feel they are part of thyaoization 0.89
BR2 On my project, members are interested in whas@n in the
organization
*BR3 | On my project, members are willing to contributéraxime to meet
deadlines
BR4 Interacting with people in our organization mskny project team feel
like a part of the organization
BR5 | On my project, team members are willing to spemebtio support
general organization activities
BR6 In my organization, my project team come irtatect with new
people all the time
BR7 Interacting with people in our organization remimdembers of my
project that everyone in the world is connected
BR8 Interacting with people in our organization maknembers of my
project want to try new things
Bonding Capital | BO1 | On my project, members defend one another froritistins 0.85
BO2 On my project, members help each other on thieqt
BO3 | On my project, members get along with each other
BO4 Om my project, members stick together
Project PF1 | | believe my project is meeting the project schedidals 0.84
Performance : T - -
PF2 | believe my project is meeting the projectdmtdman-hour) goals
PF3 | believe my project s meeting the project funcéibrequirements and
specifications
PF4 | believe our project answer customer’s needs
PF5 | believe customers are satisfied with our project
KME KME1 | The way knowledge is managed has made rajept more creative 0.81
and adaptive
KME2 | The way knowledge proposition has improved thectiffeness of my
project
KME3 | Overall, | am satisfied with knowledge managemin my project
Methodology | Method | Please identify what methodology is/ was used @ngtoject?
a. Agile
b. Traditional (water fall)
c. Hybrid
d. No established PM methodology
e. Others
Type of Project TOP What type of project is thisjpct?
a. R&D b. Maintenance c. Coustion
d. New product development e. Adsimtive
f. Design g. Strategic
h. Architectural development i. Irfaucture
j- Applications k. Computer software development
Highest Level of | HLE | What is your highest level of education?

Education

a. High School
b. Some College

c. Associate Degree
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d. Bachelors
e. Graduate Degree
f. PhD

Job Function JF What is your job primary functioagda in your

organization/corporation?
a. Production Project b. Finance and Accounts
c. Human Resources d. Administration
e. Purchase f. Researdbe&elopment
g. Customer Service h. IT Support
Project PME | How many years of experience do you have as aginsjanager?
Manager’s

Experience
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Table 1
Core Tenets of Complexity Theory

Tenet Concept Description Boolean Expression

T1 Insufficiency High X may be necessary but this condition is insuffidier X //—Y
identifying as cases high in' Y

T2 Equifinality A few, not one, distinctly unique complex configurations (XeR) <Y + (=XT) <Y
of antecedent conditions indicate the same outcome

T3 Contrarian Both high X and low X associate with high Y X*R)SY+ (=XeT)<Y
Both high X and low X associate with low Y XeW)<~Y + (=X F)<~Y

T4 Causal asymmetry Complex antecedent conditions for low Y are nitirtioe X*R)<Y# (=X *~R)<~Y

opposite of complex antecedent conditions for high Y

T5 Emergence System effects occurring in creating configurationmpfesi  (SE*GSE<LC+ES > CSE,)
conditions are greater than the sum of the simple conditions
(where SE = self-esteem, GSE = generalized self-effiday
= locus of control, ES = emotional stability, and CSE = core
self-evaluations

Key: Boolean algebra operational meanings: mid-level @df,ifidicates the logical “and”; sideways tilde, “~”, indicates negatthe plus size “+” indicates “or”;
the less than or equal sigry’“and the directional arrow 4”") indicate scores for the model input statement are all or ndalbnar than scores for the outcome,
Y or (Y * Z); the not equal sign, “//—” indicates that the input model (simple or complex) does not indicate an asyenpattern that screens for Y or ~Y where “Y”
refers to cases with high Y scores and “~Y” refers to casedawtlY scores, the negation of a Y score; “X” refers to high X scores-axtrefers to low X scores.
X, R, F, and W refer to simple antecedent conditidinmd Z refer to simple outcome conditions; “#” refers to causal asymmetry.

Notes. A useful heuristic is to discretize scores when calibratedsvaf a variable into fuzzy-set scores so that all cases in testlquintile have fuzzy-scores0.10
and cases in the highest quintile have fuzzy-sce@980. Configural analysis and setting consistency requirements are “fozggiding what constitutes low (e.g. ~Y)
and high (Y) scores and in deciding on the limit necessary for models of coampéeedent conditions to surpass to indicate high accuracy in predicting Y or ~Y.



Table 2
Cross-tabulation of case outcomes via discretizingsing quintiles:
Knowledge management effectiveness (KME) and projemanagement performance (PMP)

Project management performance

1.00 2.00 3.00 4.00 5.00 Total
SImgommmommees ‘ e -, ~KME ePMP
Knowledge Verylow 1.00 132 10; 14 1 8 W
! 27% | . 9% i
management 2.00 \17. _ ToIT 24, 11 11 7 6, 69
effectiveness 3.00 5. 14 31 15 1 72
4.00 18 8 6 '35 8 i 65
. | 9 \ : 23% -
o 368 Lo 38 L 8
Total KME e~PMP 62 59 62 80 39 302 KME ePMP

Key: The mid-level dot, ¢”, indicates the Boolean logical “AND” operation; the sidewaydetil'~", indicates the negation of a
calibrated score. The numbers in Table 2 indicate the numberesf @asurring in each of the 25 cells in this 5-by-5 crosstab.

Notes.

Phi = 0.714, p < .000 for this cross-tabulation of quintiles.

r = 0.615, p < .000 using original continuous values of the data.

Linear regression analysis: PMP = 2198.85 + (2&kKME), for b coefficient, t = 11.17, p < .000.

Even though the symmetric analysis indicates a highly statistgrafisant relationship (e.g., b coefficient = 29.27 supports the
alternative hypothesis that40.00), discretizing the data into quintiles and cross-tabulating KMEMy indicates 14% of the
cases are contrary to a positive main effect for KME and PMP.

Asymmetric analysis includes modeling cases in all four cornasgescwhere high KME indicates high PMP; cases where high
KME indicate low PMP; cases where low KME indicate high PkiiR} cases where low KME indicate low PMP.
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Figure 1
The general theory of project management practices and performancaitcomes

Note. Given the study’s adoption of the asymmetamplexity theory tenet that complex causal amteots indicating high scores in an outcome condiiiffer in substance from
the complex causal antecedents indicating low scoran outcome condition, two sets of models aeessary for each proposition: Pa are modelsgiireglihigh outcomes while Pb

are models predicting low outcomésob function = administration production/operatioR&D, sales/marketing, or other.



Table 3
Descriptive Statistics of Variables

Variables Mean Std. Deviation| Gender Age Method PME KME PMP Bcnefrﬁiglg
Gender 1.48 0.5
Age 36.33 8.902 -0.102
Method 2.65 1.07 0.089 0.097
PME 7.08 5.33 -0.066 .566 -0.033
KME 5.75 0.93 -0.046 -0.032 -0.082 0.019
PMP 5.88 0.86 -0.027 0.018 -0.004 0.006 615
Bridging capital 5.75 0.89 -0.041 0.002 -0.058 0.085 .582 .596"
Bonding Capital 5.73 0.86 -0.007 0.018 -0.055 0.019 537 642 618"

**_Correlation is significant at the 0.01 level (2-tailed).
PME = PM years of Experience, KME = Knowledge Management Effawtiss, PMP = Project Management Performance, Method = Methodology.



Table 4
General theory propositions and findings: Mainly testing simply atecedents statements as necessary conditions

Propositions Consistency (C1) Coverage (C2) Pi Supported?
Pla High KME is sufficient for indicating<) high project management performance (PMP) 0.78 0.72 Partially
P1b: Low KME is sufficient for indication-¢) low project management performance (~PMP) 0.73 0.79 No
P2a: High social capital (SC) is sufficient for indicating)(high KME, bondingbridging— KME 0.81 0.66 Yes
P2b: Low social capital (~SC) is sufficient for indicatirgl¢w KME, ~(bondingbridging)— ~KME 0.74 0.86 No
P3a: High social capital is sufficient for indicating § high PMP, that is, bondimdpridging— PMP 0.86 0.65 Yes
P3b: Low social capital is sufficient for indicating) low PMP, that is ~(bondirgoridging)}— ~PMP 0.71 0.89 No
P4a: High social capital is sufficient for indicating X high KMEe PMP 0.73 0.76 No
P4b: Low social capital is sufficient for indicating) low ~(KMEe PMP) 0.86 0.83 Yes
P5a: High social capital AND KME (SXKXME) indicate cases high in PMP 0.90 0.55 Yes
P5b: Low social capital AND KME: ~(SXKME) indicate cases low in ~PMP 0.67 0.94 No
P6a: Project participant demographic profile and project managementgprocesial capital 0.73 0.32 No

P6b: Project participant demographic profile and project management precesscial capital

P7a Project participant demographic profilesigh social capital 0.86 0.10 Yes
P7b Project participant demographic profitedow social capital 0.85 0.59 Yes
P8a Project participant demographic profiteshigh PMP 0.85 0.21 No
P8a Project participant demographic profiedow PMP 0.89 0.01 No
P9 Project participant demographic profiles AND project managemerggsrechigh KMEe PMP 0.89 0.11 Yes

Note. Ex ante set requirement set for high consistericg2. Key: KME = knowledge management effectiveness;
PMP = project management performancey”*“is sufficient for indicating”; “e”; “~” indicates negation (i.e., 1 minus the causal condition)
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Table 5a

P6a receives support: Project manager demographjmrofiles accurately indicating cases high scores KME

Model: kmec = f(mgr_yr_exp_c, age_c, edu_c, r_d, adm prodops, salesmtg, gender_c)
INTERMEDIATE SOLUTION: frequency cutoff: 2.00; cosgency cutoff: 0.86

coverage consistency
1. mgr_yr_exp_eage_o~r_deadmine~prodop®~salesmtg~gender_c 0.06 0.84
2. ~mgr_yr_exp_eage_®edu_e~r_de~admim~prodop®~salesmtggender_c 0.06 0.95
3. mgr_yr_exp_e~age_eedu_o~r_de~admirm~prodop®salesmtggender_c 0.04 0.92
solution coverage: 0.12; solution consistency: 0.88
Table 5b

P6b receives support: Project manager demographigrofiles accurately indicating cases low (negatioaf) scores in KME
Model: not_kmec = f(mgr_yr_exp_c, age_c, edu_c, r_a@dmin, prodops, salesmtg, gender_c)

INTERMEDIATE SOLUTION: frequency cutoff: 2.00; coisgency cutoff: 0.86

coverage consistency
1. ~mgr_yr_exp_e~age_e~r_de~admim~prodops~salesmtg~gender_c 0.05 0.89
2. ~age_e~edu_e~r_de~admim~prodop®~salesmtggender_c 0.07 0.83
3. ~mgr_yr_exp_eage_®edu_®~r_deadmine~prodop®~salesmtg 0.08 0.91
4. ~age_eedu_@r_de~admim~prodop®~salesmtggender_c 0.06 0.87
5. mgr_yr_exp_eage_o~r_deadmimne~prodop®~salesmtggender_c 0.06 0.92
6. mgr_yr_exp_e~age_e~edu_er_de~admim~prodop®~salesmtg~gender_c 0.03 0.87
7. mgr_yr_exp_eage_eedu_o~r_de~admim~prodop®~salesmtg~gender_c 0.03 1.00
8. ~mgr_yr_exp_eage_®edu_e~r_de~admimprodop®~salesmtg~gender_c 0.07 0.86
9. ~mgr_yr_exp_e~age_®edu_®~r_de~admim~prodopssalesmtggender_c 0.03 0.87

solution coverage: 0.32; solution consistency: 0.84



Table 6a: P7a receives support--Project managemedemographic profiles predict high social capital acurately

Model: bond_bridge_c = f(mgr_yr_exp_c, age_c, edu, ¢ d, admin, prodops, salesmtg, gender_c)
INTERMEDIATE SOLUTION: frequency cutoff: 1.00; ceistency cutoff: 0.87.

Models coverage consistency
1 mgr_yr_exp_e~age_o~r_de~admim~prodop®salesmtggender_c 0.04 0.94
2 mgr_yr_exp_eage_®~edu_®~r_de~admim~prodop®~salesmtg~gender_c 0.03 0.87
3 mgr_yr_exp_eage_®~edu_er_de~admim~prodop®~salesmtggender_c 0.07 0.88

Solution coverage: 0.10; solution consistency: 0.86
Note. Example of reading models (“computing witbrds”): model 1 states that male managers with héglrs of experience working sales & marketing, w&itd high or low
education indicates high social capital.

Table 6b: P7b receives support—Project managemenethographic profile predicts low (negation of) sociacapital accurately

Model: not_(brdg_bond) = f(r_d, admin, mgr_yr_exp_¢ age_c, edu_c, prodops, salesmtg, gender_c)
INTERMEDIATE SOLUTION --- frequency cutoff: 2.00; osistency cutoff: 0.85.

Models coverage consistency
1 ~r_de~admimm~age_®~edu_®prodop®~salesmtg 0.15 0.83
2 ~r_de~admim~mgr_yr_exp_eprodop®~salesmtg~gender_c 0.13 0.79
3 ~r_ce~admim~age_e~edu_e~salesmtggender_c 0.13 0.85
4 ~r_ce~admime~mgr_yr_exp_e~age_®~edu_®~prodop®~gender_c 0.06 0.89
5 ~r_de~mgr_yr_exp_e~age_eedu_®~prodop®~salesmtg~gender_c 0.07 0.95
6 ~r_deadminemgr_yr_exp_eage_®~edu_e~prodop®~salesmtg 0.05 0.87
7 ~admimemgr_yr_exp_eage_®edu_®~prodop®~salesmtg~gender_c 0.05 0.87
8 r_de~admim~age_®edu_®~prodop®~salesmtggender_c 0.05 0.94
9 ~r_de~admimm~mgr_yr_exp_eage_®edu_e~salesmtggender_c 0.10 0.89
10 ~r_ce~admimmgr_yr_exp_e~edu_®prodop®~salesmtggender_c 0.09 0.82
11 ~r_deadmineage_®edu_e~prodops~salesmtggender_c 0.06 0.92
12 r_de~admimmgr_yr_exp_e~age_®~edu_e®~prodops~salesmtg~gender_c 0.03 0.93
13 ~r_ce~admim~mgr_yr_exp_e~age_®edu_e~prodop®salesmtggender_c 0.03 0.88
14 ~r_ce~admiremgr_yr_exp_eage_e®edu_e~prodopssalesmtggender_c 0.04 0.88
15 ~admim~mgr_yr_exp_e~age_®~edu_®~prodop®~salesmtggender_c 0.07 0.84
16 ~r_cwadmine~mgr_yr_exp_e~age_eedu_e~prodops~salesmtg 0.06 0.92
17 r_de~admim~mgr_yr_exp_e~age_®~prodop®~salesmtggender_c 0.05 0.84
18. ~r_cadmine~mgr_yr_exp_eedu_e~prodop®~salesmtggender_c 0.05 0.89

Solution coverage: 0.59; solution consistency: 0.81
Notes. A greater number of project demographicagament (PDM) models indicate low PMP outcomes tharPDM models indicating high social capital outes.



Table 7a: P8a receives support— Project managers a@graphic profiles accurately indicate cases havingigh project management performance

Model: pmp = f(mgr_yr_exp_c, age_c, edu_c, r_d, adm, prodops, salesmtg, gender_c)
INTERMEDIATE SOLUTION: frequency cutoff: 2.00; consistency cutoff: 0.86

Models Coverage Consistency
1 ~mgr_yr_exp_e~age_o®edu_o~r_de~prodop®~salesmtggender_c 0.08 0.85
2 ~age_eedu_o~r_de~admim~prodop®salesmtggender_c 0.05 0.95
3 mgr_yr_exp_eage_e®~edu_e~r_deadmine~prodop®~salesmtg~gender_c 0.04 0.88
4 ~mgr_yr_exp_eage_eoedu_e~r_deadmime~prodop®~salesmtg~gender_c 0.05 0.90
5 mgr_yr_exp_eage_e®~edu_er_de~admim~prodop®~salesmtggender_c 0.05 0.87
6 mgr_yr_exp_e~age_eedu_or_de~admim~prodop®~salesmtggender_c 0.05 0.91

Solution coverage: 0.21; solution consistency: 0.85

Example reading, model 1: young, male, projectagan with few years of experience, high educatiwel| not working in production/operations, nosales/marketing, nor in R&D indicates high PMP.

Table 7b: P8b receives support—Project manager demyeaphic profiles accurately indicate projects havimg low (negation of) project management performance

Model: not_pmpc = f(mgr_yr_exp_c, age_c, edu_c, r_edmin, prodops, salesmtg, gender_c)
INTERMEDIATE SOLUTION ---frequency cutoff: 2.00; agistency cutoff: 0.88.

Models Coverage Consistency
1 ~mgr_yr_exp_e~age_®~r_de~admim~prodop®~salesmtg~gender_c 0.05 0.88
2 mgr_yr_exp_eage_®edu_®~r_de~admim~prodop®~salesmtg~gender_c 0.03 0.95
3 mgr_yr_exp_eage_®~edu_®~r_deadmire~prodop®~salesmtggender_c 0.04 0.89

Solution coverage: 0.08; solution consistency: 0.89

Example reading model 1: young female project mganavith few years experience, low or high educetiiainment, and not in administration or procargibperations or in sales/marketing indicates
low PMP.



Table 8
P9 receives support: PM process and project managdemographic profiles accurately
indicating cases having high scores in the compl@utcome of high KME AND high PMP

Testing P9: Model: kme_pmp_c = f(agile_c, r_d, admi, prodops, salesmtg, gender_c, mgr_yr_exp_c, ageedu_c)
INTERMEDIATE SOLUTION: frequency cutoff: 1.00; neistency cutoff: 0.86.

Models
coverage consistency

1. agile_®~r_de~admimprodop®~salesmtg~gender_e~age_eedu_c 0.05 0.93
2. agile_®~r_de~admimprodop®~salesmtgmgr_yr_exp_e~age_eedu_c 0.08 0.90
3. ~agile_er_de~admim~prodop®~salesmtggender_emgr_yr_exp_e~age_®~edu_c 0.06 0.86
4. agile_®~r_de~admim~prodop®salesmtg~gender_e~mgr_yr_exp_e~age_eedu_c 0.03 0.94
5. agile_®~r_deadmime~prodop®~salesmtggender_e~mgr_yr_exp_e~age_e®edu_c 0.04 0.90
6. agile_®r_de~admim~prodop®~salesmtg~gender_emgr_yr_exp_e~age_e®edu_c 0.03 0.98
7. -~agile_®~r_de~admim~prodop®salesmtggender_emgr_yr_exp_e~age_eedu_c 0.04 0.90

Solution coverage: 0.17; solution consistenc860.



