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Abstract
Behavioral theories of organizational decision making emphasize that organizations are political coalitions. Despite considerable recent qualitative research in management and organizational theory on the role of politics in decision making and managing organizational change, quantitative research in this area has stalled. The reason for the lack of progress is not theoretical, but rather methodological; researchers lack empirical tools for understanding basic processes of coalition formation, evolution, and conflict in organizations. We introduce a novel method for modeling politics in organizations that builds on the model of intra-organizational conflict in March (1962), which we call “subcoalition cluster analysis” (sCCA). The main contribution of sCCA is that it identifies subcoalitions with consistent preferences that are in conflict without placing additional restrictions on the structure of individual preferences. We apply sCCA to two cases, Wikipedia and the Baseball Writers’ Association of America and show how leadership would benefit from conceiving of their membership as competing subcoalitions instead of individuals with idiosyncratic preference disagreement. Finally, we compare the performance of sCCA to Principal Component Analysis (PCA) and k-means clustering and demonstrate that sCCA does a better job identifying latent structure in the data when the organization consists of more subcoalitions, when individual preferences are not perfectly aligned with those of their subcoalition, and when observations are missing.

1. Introduction
Behavioral theories of organizational decision making emphasize that organizations are political coalitions (Cyert and March 1963; Pfeffer 1981). The benefits associated with specialization among and collaboration between units with different expertise, roles, and experiences often come at the cost of disagreement about desired outcomes (Heath and Staudenmayer 2000). Behavioral models of organizations that analogize organizational decision making to individual decision making implicitly deny that many important organizational decisions emerge through a process of contestation and compromise. Yet, despite the considerable attention paid to the role of politics in decision making and organizational change in recent qualitative research on organizations (e.g., Kellogg 2009; Morrill 1991; Zbaracki and Bergen 2010), quantitative research in this area has stalled among management scholars (Gavetti, Levinthal, and Ocasio 2007; Gibbons 2003). The reason for the lack of progress is not theoretical, but rather methodological; management scholars lack empirical tools to identify and measure basic processes of coalition formation, evolution, and conflict in organizations.
We introduce a novel method for modeling politics in organizations that builds on the model of intra-organizational conflict in March (1962), which we call “subcoalition cluster analysis” (sCCA). March (1962) identifies a set of necessary conditions for political analysis of decision making in an organization: (1) there are groups with consistent preferences over outcomes; (2) the groups’ preferences conflict. Political analysis thus requires identification of groups of individuals in organizations with preferences capable of being aggregated consistently, which March defines as “subcoalitions” or “subsystems,” determining the consistent preference ordering for each subcoalition, and identifying the extent to which the subcoalitions’ preferences disagree. The main contribution of sCCA is that it identifies subcoalitions with consistent preferences that are in conflict without placing additional restrictions on the structure of individual preferences. Existing clustering methods such as factor analysis and principal components analysis combined with spatial clustering routines allow the analyst to identify groups of individuals with similar preferences, but not necessarily groups of individuals with consistent preferences (Jakulin et al. 2009; Van Gunten, Martin, and Teplitskiy 2016). Voting and other preference aggregation methods reveal a collective consistent set of preferences over outcomes, but offer no insight into the potential existence of competing subcoalitions inside of organizations (Saari 2001; Ossadnik, Schinke, and Kaspar 2016).
Quantitative methods for measuring legislative conflict in political science such as NOMINATE that arrange individuals on a unidimensional political spectrum do permit the identification of coalitions (e.g., political parties), coalition preferences (e.g., party platforms), and the extent of conflict (e.g., distance between party medians), but also place an unreasonable “single-peaked” profile restriction on the preferences of individuals in the organization (Austen-Smith and Banks 1999; Poole and Rosenthal 2001; Saari and Valognes 1999). These methods rely heavily on empirical research demonstrating that elected representatives in the U.S. can be faithfully characterized as having unidimensional spatial preferences (Poole and Rosenthal 1987; Poole, Rosenthal, and Koford 1991). While this assumption is overly restrictive for describing coalition politics in many organizations, the widespread success of this empirical research program in legislative studies should be a source of inspiration for management scholars (Bonica 2014; Martin and Quinn 2002; Poole and Rosenthal 2001). What management scholars lack, and what is proposed here, is an analogous methodology flexible enough to permit analysis of collective decision making in organizations where the single-peaked assumption is unreasonable.
In our paper, we first describe sCCA, emphasizing how it differs from prior clustering and preference aggregation routines. Then, we apply sCCA to two empirical contexts: Wikipedia and the Baseball Writers’ Association of America (BBWAA). We show how the failure to conceive of Wikipedia editors as two subcoalitions led some to misinterpret the causes for the decline in the number of active editors on the platform and underestimate the backlash to the introduction of editing tools intended for novice editors. Then, we show how the emergence of subcoalitions surrounding questions related to the performance-enhancing drug use of Hall of Fame candidates became self-reinforcing through changes to the structure of social influence. Finally, we examine the robustness of sCCA and compare it to the performance of principal components analysis (PCA) and k-means clustering, which is a method frequently used to identify clusters of preferences in organizations.

2. Introducing sCCA	
2.1 Consistent Subcoalition Preferences
March (1962) requires that a subcoalition has a “consistent preference ordering,” i.e., “an ordering [of states] such that for any realizable subset of possible states of the system there exists one state that is at least as good as any other state in the subset” (p. 663). A subcoalition thus can assign ordinal ranks to all potential outcomes, where outcomes with higher ranks are preferred to those with lower ranks. The major contribution of sCCA is that it takes a list of individual preferences over outcomes and sorts the individuals into groups with internally-consistent, externally-conflicting preferences.
There are two types of algorithms commonly used to construct a collective ranking out of a list of individual preferences. The first and most common is a voting system. Individual decision makers allocate points among potential outcomes, which are then ranked based on the number of points they receive. Voting thus determines a consistent preference ordering in a bottom-up fashion. Some voting systems are simple (e.g., everyone can allocate one point among the potential outcomes and the outcomes are ranked according to the tally of points received) and some are quite complex (e.g., voters can allocate many points; voters can have different numbers of points to allot; the set of outcomes can be sequentially culled or expanded across several stages, etc.). A major drawback of a voting system in the context of identifying subcoalitions is that, if presented with two potential hierarchies of outcomes, there is not a straightforward way of determining which one an individual voter prefers.
An alternative method for finding collective preferences involves selecting the consistent preference ordering that maximizes the utility of individuals polled (Nurmi 2004; Saari and Merlin 2000). Finding the maximum-utility preference ordering requires an algorithm that sorts among all possible consistent preference orderings, assigns a score to each, and identifies the best one. In contrast to voting, this algorithm, sometimes called a distance-based method, takes a top-down approach. The advantage of distance-based methods is that they allow the analyst to identify the best consistent preference ordering as well as the extent of collective and individual disagreement with it. This feature permits the identification of stable subcoalitions within organizations.

2.2 Distance-based Collective Preference Profiles
The major issue with many distance-based methods of preference aggregation is computational. The most studied distance-based method in the literature on social choice, called the Kemeny rule, involves finding the collective preference ordering that minimizes the sum of individual violations of binary comparisons of outcomes. For example, imagine a hiring committee choosing between hiring []lice, []ob, and []harlotte. If the collective preference is  is better than  is better than  (i.e., ) and there is a committee member who prefers  to  () and  to  (), then that member contributes two units of disutility to the collective. Finding the consistent preference ordering that satisfies the Kemeny rule, however is NP-hard (Bartholdi, Tovey, and Trick 1989; Conitzer, Davenport, and Kalagnanam 2006).
Gupte et al. (2011) identifies another distance-based method where the best consistent preference ordering can be identified in polynomial time. This method places greater weight on larger preference violations. For example, if the hiring committee again prefers  to  to  while a committee member prefers  to , that is a bigger violation of the collective preference than if the same committee member preferred  to . Disutility in Gupte et al. (2011) is calculated in the following way: Let  indicate the ordinal rank of alternative  and  indicate the rank of alternative . The disutility associated with an individual binary comparison of alternatives, , is . Thus, for a group ranking of , , and , and an individual member with  and , the member contributes , i.e., , to collective disutility. Finding the preference ordering for a group of individuals involves minimizing collective disutility, which is the solution to a linear program. This method, therefore, allows the analyst to efficiently find a collective group preference ranking and a measure of individual disutility with that collective preference ranking.

2.3 Assigning Individuals to Coalitions
We permit organizations to be characterized by subcoalitions with competing preference rankings and assign individuals to subcoalitions based on the extent to which their preferences and the subcoalition’s preferences align. Subcoalitions and their associated preference rankings are identified in order to split the organization into groups with minimal intragroup discord and maximal intergroup disagreement.
Returning to the example of the hiring committee, imagine there are two subcoalitions with different preferences over candidates. The first coalition prefers candidates with shorter names. As such,  and , , and . The second prefers candidates whose names end in vowels, so  or  and . A member who prefers  and  would contribute two units of disutility to the first coalition, i.e., , and three to the second coalition, i.e., , so we would assign the member to the second subcoalition.
We require that partitions of individuals into subcoalitions satisfy the Pareto criterion: no individual would be better off being a member of a different subcoalition than the one to which they are assigned. Through an iterative process of finding the minimum-disutility consistent preference ranking for each subcoalition, and then assigning members to the subcoalition to which they would contribute the least disutility, the algorithm finds a stable sorting of individuals into subcoalitions. As this MM algorithm finds a local minimum, not a global one, we initialize the search for minimum-disutility subcoalitions with different initial conditions seeded using a close variant of the k-means++ algorithm and choose the one with the lowest collective disutility (Arthur and Vassilvitskii 2007).

2.4 sCCA Output and Inference
sCCA calculates a series of indicators relevant to the study of conflict in organizational decision making. For a given number of subcoalitions, it returns the preference ordering of outcomes for each subcoalition, the allocation of individuals across subcoalitions, and the collective level of disutility. In addition, it returns the individual level of disutility with each of the subcoalitions and the extent to which each subcoalition satisfies the goals of its members. 
	We also propose a set of heuristic methods to identify whether there is subcoalition conflict in an organization and, if there is, how many subcoalitions exist. The first, the “elbow method,” involves identifying a discontinuity in the slope of the function that maps the number of subcoalitions to overall disutility. A more robust approach compares the observed relationship between the number of subcoalitions and overall disutility to the expected relationship if there were no subcoalitions in the organization. In this method, based on the “gap statistic” proposed in Tibshirani, Walter, and Hastie (2001), we create multiple synthetic datasets in which the aggregate preferences over outcomes for the organization remains the same, but the preferences for each individual are randomized. Then, we compare the observed relationship between subcoalition count and disutility to the average across the synthetic datasets.
	An alternative approach examines the stability of the identified subcoalitions with respect to random perturbations in the organization’s membership (von Luxburg 2010). In this method, we use the bootstrap to sample individuals with replacement and examine the extent to which the subcoalitions identified in each sample align with the subcoalitions in the observed data. If individuals in the bootstrap samples are consistently assigned to the same subcoalitions, then it provides additional confidence that there are meaningful subcoalitions in the organization. In contrast, if many individuals who are identified in the same subcoalition in the observed data are assigned to different ones in the bootstrap samples, then it is less likely that the subcoalitions in the observed data represent meaningful conflict. Our stability score equals the average share of individuals who are identified in the same subcoalition as in the observed data across bootstrap samples.

3. Applying sCCA: Wikipedia and the Baseball Writers’ Association of America
Next, we apply sCCA to two cases: Wikipedia and the BBWAA. Both cases represent examples of organizations trying to understand the values, preferences, and goals of their membership at critical decision points when the existing routines that facilitated internal cooperation appeared to be breaking down. In the case of Wikipedia, the problem was declining editor participation. For the BBWAA, the problem was the growing difficulty in finding consensus candidates for the National Baseball Hall of Fame.

3.1 Wikipedia
Following rapid growth in editor participation from 2003 to 2007, the number of new editors active on Wikipedia suddenly began to decline (Suh et al. 2009). Wikipedia responded with new tools and infrastructure designed to make editing easier, but with little impact. In his 2009 “State of the Wiki” address, founder Jimmy Wales argued that “if active contributors continue to decrease, there may not be a large enough cohort to ‘look after’ Wikipedia” (Wales 2009). Concerns that a smaller, more homogeneous editor population would jeopardize the future health of the Wikipedia project prompted a focus on editor recruitment and retention as a part of the 2011-2015 strategic plan. As part of the plan, Wikipedia designed a series of surveys in order to understand the experience of editors and recommend strategic changes.
	Inside Wikipedia, there were competing theories about the causes of the weakening participation. The first was that editing articles of Wikipedia was too technically demanding. By creating an easier user interface for editors, more people would be attracted to the community. The second was a culture hostile to new editors. Rather than welcoming new participants and encouraging them to learn the norms of the platform, experienced editors would delete the edits of new editors that did not conform with Wikipedia’s guidelines without providing constructive feedback. The editor survey offered the potential to get anonymous feedback from participants in order to prioritize changes to the platform and community standards.
3.1.1 Data. We analyze a question on the 2012 Wikipedia Editor Survey in which respondents were asked to identify “the most important problems that have affected you personally, making it harder for you to edit.” Editors were given a list of ten potential problems and had the opportunity to select up to three they found most relevant to their experience. In Wikipedia’s topline analysis, approximately two-fifths of the over 17 thousand participants surveyed criticized “editors who feel like they ‘own’ specific articles and don’t want others to contribute to them.” Thirty-two percent felt that there were “too many rules and policies.” Between twenty and thirty percent responded affirmatively to four of the remaining eight options. The results supported the theory that Wikipedia’s editorial culture was its biggest problem, but that the other concerns were valid as well.
3.1.2 Results. We use sCCA to analyze internal disagreement over Wikipedia’s most important problems. We restrict the data set to editors who contribute primarily to English Wikipedia and who indicate that they at least sometimes participate as editors. For each respondent, we create a set of binary comparisons of the ten candidate problems. We assume that each editor finds the problems they voted for more serious than the ones they did not vote for. After excluding editors who selected none of the problems, we are left with 1,416 individuals in our dataset
	We present the ranks of problems conditional on the number of subcoalitions in the data in Figure 1. When analyzed as a single group, our data reflect the results of Wikipedia’s topline analysis. The biggest problem is editors who “feel like they own specific articles.” Tied are “too many rules and policies,” the editing interface being “hard to use,” editors not being “fun to work with,” “lack of support from other editors,” “lack of access to research materials,” and “criticism of you and your work.” Lowest ranked were problems related to the software, “warning messages on your talk page,” and “harassment” by other editors.
	However, when we analyze Wikipedia as two subcoalitions, we identify substantial internal conflict. One subcoalition (“B”), which includes 690 editors, identifies editorial ownership of articles, editors not being fun to work with, and criticism of one’s work as the most serious problems. The second subcoalition (“A”), which includes 726 editors, instead points to the number of rules, difficulties using the editing interface, and lack of access to research materials as the most important problems. Two of the problems that were most important to the latter group were least important to the former. The top line results thus obscure a division among editors about the major problems with the platform. Subcoalition B identifies cultural problems as the most important problems for Wikipedia to address. Subcoalition A identifies technical problems as more important. This divide is also captured by the difference between the average disutility of editors with the preferences of their own subcoalition – 8.3 and 8.8 for subcoalitions A and B, respectively – against average disutility of editors with the preferences of the other subcoalition – 21.6 and 23.8 for subcoalitions A and B, respectively.
	When we use sCCA to identify more subcoalitions, we observe more moderate disagreement across the groups. When we allocate the editors among three groups, the third groups preferences are a mix of the two identified previously. The third group’s top problem is a lack of access to research materials, but their second tier of problems includes both issues with other editors and difficulties using the editing platform. For four groups, similarly, one group continues to emphasize cultural issues, one emphasizes technical ones, and the other two are a blend.
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Figure 1. Wikipedia: Aggregate Group and Subcoalition Preferences

	Next, we use the three heuristic methods to identify the number of subcoalitions in the editor population. The left panel of Figure 2 reports aggregate disutility levels conditional on subcoalition count for one through five groups. The “elbow” that appears at two groups suggests that a meaningful second subcoalition may be present. The center panel reports the difference between the aggregate disutility level in the observed data and aggregate disutility when individual preferences are randomized in 100 synthetic datasets, along with 95 percent confidence intervals. The mean disutility difference between observed clusters for a subgroup count of two is significantly different from the mean difference for the combined group. The right panel reports the stability score for 100 simulated datasets in which individuals are sampled with replacement. The score remains as high as 0.9 for two subgroups, dropping greatly if a third is added. All three of the methods therefore agree that the editors are well-characterized by two subcoalitions.
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Figure 2. Wikipedia: Disutility, Gap Statistic, and Stability Score by Number of Subcoalitions

	We next examine what types of editors fall in each subcoalition and how the subcoalitions differ in terms of organizational goals. We use logistic regression to predict membership in subcoalition B conditioned on the amount of time spent on Wikipedia, editorial experience, age, gender, and country of origin. We find that editors who spend more than an hour in the last week contributing to Wikipedia are 16 percent more likely to be a member of Subcoalition B (, ). Further, each additional year of editing experience makes an editor three percent more likely to be a member of subcoalition B (, ). Both effects are significant at the 0.01 confidence level. Gender, age, and country-of-origin are not significant predictors of subcoalition membership. Experienced editors and avid users are more likely to be a member of the subcoalition who believe other editors are the most significant problem with Wikipedia. Inexperienced and less frequent users are more likely to point to the problems associated with the editing platform.
This same schism exists when using subgroup membership to predict editors’ values related to resource allocation. On the same survey, editors were asked to allocate a $100 donation among different priorities for the Wikimedia foundation. On average, Subcoalition B allocated three more dollars than subcoalition A to technical upgrades to the platform and features directed at experienced editors. Subcoalition A allocated three more dollars than subcoalition B to features directed at new editors and features for readers. Both of these differences are significant at the 0.01 confidence level as well.
These results reflect the tension at the heart of Wikipedia’s efforts to stem its declining editor base (Simonite 2013; Halfaker et al. 2013). According to the survey, the biggest problems for new editors were primarily related to ease of use. However, the more powerful subcoalition of avid users believed that the biggest problems at Wikipedia related instead to editorial culture. Difficulty using the interface and lack of access to research materials were the least important problems reported by avid users. 
This conflict between the subcoalitions erupted when English Wikipedia introduced its new Visual Editor in 2013 in order to make it easier for new editors on the site. Existing editors complained that the bug-marred rollout was disrespectful to committed contributors, a waste of donated money, and reflected a lack of commitment to Wikipedia’s core mission. In response, editors “staged a rebellion” by adopting user-written code that allowed them to circumvent the visual editing platform, leading Wikipedia to grudgingly change the Visual Editor interface from opt-out to opt-in (Orlowski 2013; Sampson 2013). Had leadership been aware that the rationale for this major change to the editing interface was in conflict with the experience of its most avid users, they would have known they needed to be more careful during the Visual Editor’s introduction.

3.2 Baseball Writers Association of America (BBWAA)
The most important public function of the BBWAA is determining which retired baseball players are inducted into the National Baseball Hall of Fame. Beginning in 2013, however, the election process became embroiled in controversy because none of the candidates received the seventy-five percent of votes required for induction. For the first time in a half-century, the National Baseball Hall of Fame had a summer induction ceremony with no living inductees. The BBWAA considers Hall of Fame voting to be “the ultimate privilege” for its members (Chappell 2014). Yet rumors swirled that, if the BBWAA continued to be unable to serve its purpose of selecting candidates for the Hall of Fame, the Hall of Fame would begin to explore other options for determining who should be inducted (Keri 2013).
Prior to the election, baseball writers acknowledged that 2013’s crop of new candidates were particularly controversial. Barry Bonds and Roger Clemens, two players who are among the most distinguished in the game’s history but whose candidacies were shrouded in rumors of performance-enhancing drug (PED) use, were submitted to the baseball writers for consideration for the first time. Absent the PED question, both Bonds and Clemens would be near-consensus Hall of Fame picks. While other marginal Hall of Fame candidates suspected of PED use had been considered by the voters in prior years, this was the first time the writers had to judge players with such extraordinary on-the-field performance who were also suspected of using PEDs. Despite many baseball writers acknowledging a crowded, controversial ballot with many qualified newcomers, few suspected that no candidates would be elected.
New York Times columnist Nate Silver hypothesized that the tenor of the debate had changed during the 2013 voting: “Instead of the typical friendly arguments about how a player’s lifetime accomplishments might be weighed against how dominant he was in his best seasons, or how to compare players at different positions, the writers are now spending most of their time arguing about who used steroids and when, and how this should affect Hall of Fame consideration” (Silver 2013). Disagreements over players prior to 2013 tended to be idiosyncratic, as each voter applied slightly different criteria for measuring greatness. The 2013 disagreement, instead, felt more like competing factions within the BBWAA: the writers who felt that PED rumors disqualified a player from Hall of Fame induction against those willing to weigh possible PED use against on-the-field performance.
Following the public announcement of the 2013 election results, baseball writers began to publicly complain that the voting system had become dysfunctional in its current form. Some argued that the problem lay in the ambiguous voting criteria, or the 10-vote cap on the number of candidates each voter could select, or an aging voter pool who had grown out of touch with the modern game (Caple 2012; Keri 2013; Silver 2013). The BBWAA responded with a series of changes to the voting procedures. In 2014, the maximum amount of time that a player could remain on the Hall of Fame ballot was shortened from 15 years to 10 years in order to decrease the number of players on future ballots. In 2015, the BBWAA also decided to limit the voter pool to members who have actively covered baseball in the past ten years.
3.2.1 Data. Many baseball writers voluntarily make their Hall of Fame ballots public. Beginning with the 2009 class of candidates, a Twitter user @leokitty began tracking these public votes. In 2013, Ryan Thibodeaux took over the ballot tracking effort in a public spreadsheet posted on his website. In addition, starting in 2013, the BBWAA began to publish the votes of willing writers. Over time, the number of public ballots has increased, from 60 in 2009, to 168 in 2013, to 312 in 2017.
We use these public ballots to study the nature and evolution of the conflict among the baseball writers over Hall of Fame candidates. From each writer’s ballot, we create a series of binary comparisons between players. We assume that writers prefer players for whom they voted to those for whom they did not. 
3.2.2 Results. We explore whether the nature of disagreement over which candidates deserve induction into the Hall of Fame and whether it changed in 2013, the first year that Bonds and Clemens were on the Hall of Fame ballot. Then, we examine whether subcoalition conflict in the BBWAA has changed how voters use other writers’ prior votes to update their beliefs about active candidates and inform their future voting behavior.
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Figure 3. BBWAA: Disutility, Gap Statistic, and Stability by Number of Subcoalitions

We begin by examining the aggregate level of disutility conditional on the number of subcoalitions for each year from 2009 through 2016, displayed in the first column of Figure 3. Because there are different numbers of writers and candidates in each year, we scale disutility so that it equals 1 when the writers are treated as a single group. The longitudinal data identify a clear elbow beginning with the 2013 voting that did not exist in the earlier years. From 2009 through 2012, the relationship between the number of subcoalitions and overall agony is roughly linear. From 2013 through the present, it is highly nonlinear, with a kink at two groups. This aligns with the hypothesis that there is one subcoalition from 2009 through 2012, but two distinct subcoalitions from 2013 on. 
	The second column of Figure 3 reports the difference between the observed aggregate disutility level and the disutility in synthetic datasets with randomized preferences, which also indicates a clear shift beginning in 2013. Prior to 2013, the difference between the observed and randomized data by subgroup count is relatively linear and monotonically decreasing. After 2013, the mean difference in disutility between the observed and synthetic data for two groups is significantly different from the mean difference for the aggregate group.
	The third column of Figure 3 reports the stability score. Again, the pattern changes after 2013. Prior to 2013, many voters who are identified as a part of the same subcoalition in the observed data are part of different subcoalitions in bootstrap samples. After 2013, individuals in the bootstrap samples are placed into the same subcoalition as they are in the observed data nearly 100 percent of the time. Once again, the three methods agree that the BBWAA is well-characterized as competing subcoalitions.
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Figure 4. BBWAA: 2012 Combined and Subcoalition Preferences

	We next focus on the transition from 2012 through 2013 to better understand the split in the electorate. In Figure 4, we display the ranks of each candidate if the electorate is treated as one subcoalition, and then the ranks for each subcoalition when the electorate is divided into two subcoalitions. In 2012, Lee Smith and Edgar Martinez are the primary sources of disagreement between the two subcoalitions. Suspected PED-users Mark McGwire and Rafael Palmeiro are ranked behind seven other candidates in both groups, indicating that the PED issue was yet not a major source of disagreement among the voters.
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Figure 5. BBWAA: 2013 Combined and Subcoalition Preferences

	In 2013, in contrast, the differences in ranks between the two subcoalitions is much more significant. For the PED-insensitive subcoalition, Barry Bonds has no candidates ranked above him and Roger Clemens just has Bonds above him. For the PED-sensitive subcoalition, both Bonds and Clemens have 45 candidates ranked above them. Also of note is the significant disagreement that emerges among more marginal candidates widely perceived as non-PED users, like Don Mattingly and Fred McGriff. In the PED-insensitive coalition, Mattingly and McGriff have 18 and 15 candidates ranked above them, respectively. For the PED-sensitive coalition, both have just 9 ranked above them. The ranks for 2013 are displayed in Figure 5.
Next, we use sCCA to examine whether changes to patterns of social influence are contributing to the ossification of subcoalition boundaries and difficulty reaching consensus on candidates. Baseball writers frequently cite each other’s analysis and prior voting behavior when publicly justifying their voting choices, creating a bandwagon effect for some candidates. Although some candidates are elected in their first year on the ballot, most face a slower process in which writers gradually become convinced of their value following many years of debate, balloting, and re-evaluation. This multiyear conversation about whether a player is worthy of induction has tended to generate coordination among the electorate. As a result, every player but one who has received 50 percent of the vote from the writers has eventually been inducted.
However, if baseball writers’ evaluations of candidates are influenced more strongly by writers in their own subcoalition than by writers outside their subcoalition, then the social influence of the out-group writers would be weakened and the cross-subcoalition divergence in evaluation would be self-reinforcing. In contrast, if baseball writers are influenced uniformly by members of their own subcoalition as by members of the opposing one, the divergence in player evaluation would be more likely to weaken over time. The data thus provide an opportunity to apply the theory of “associative diffusion” proposed in Goldberg and Stein (2018).
	We examine the dynamics of social influence among the writers using a series of regression analyses. These models estimate whether a writer, i, voted for a candidate, j, in year, t, where a vote by a writer for a candidate in a year, , is evaluated as a 1 and the absence of a vote is evaluated as a 0. In all years, we divide the writers into two subcoalitions. The inclusion of a lagged dependent variable complicates estimation of a discrete choice model (Honore and Kyriazidou 2000), so we estimate linear probability models of the following form:

 measures the influence of in-subcoalition writers on a writer’s voting decision in the subsequent year.  measures the influence of other writers on a writer’s voting decision in the subsequent year.  measures the persistence of a writer’s voting decision.   is a set of year fixed effects. Then, we examine whether the pattern of influence changes post-2013 using the following model: 

 and  measure the change in in- and out-subcoalition influence, respectively, after 2013. Two-way cluster robust standard errors are reported for all regressions, where errors are clustered on the level of the writer and candidate.
	The results, which are presented in Table 1, are consistent with a self-reinforcing split among the writers after 2013. Model 1 indicates that writers are more influenced by in-subcoalition writers than by out-subcoalition writers, because  exceeds . However, Model 2, demonstrates that this difference is isolated to the post-2013 period. Prior to 2013, writers are about equally influenced by in- and out-subcoalition writers, consistent with the absence of meaningful subcoalitions in the data. After 2013, however, they are significantly less influenced by out-subcoalition writers and marginally more influenced by in-subcoalition writers. The difference between  and  is significant at the 0.01-level, which indicates that the change in influence from in-subcoalition writers is different than the change in influence from out-subcoalition writers.
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Table 1. BBWAA: Logistic Regression Results

	sCCA thus points to a change in the social structure of Hall of Fame voting following the 2013 election. Prior to 2013, conflict over candidates was idiosyncratic and writers learned equally from those who they had more similar preferences and those who had more different ones. After 2013, not only did the writers split into two subcoalitions, one sensitive to PED use and one insensitive to it, but also this split appears self-reinforcing, because writers’ future voting decisions are no longer as strongly influenced by voters outside of their subcoalition as by voters inside their subcoalition.

4. Robustness Checks and Comparisons with Prior Methods
Next, we examine the robustness of sCCA to the presence of many subcoalitions, heterogeneous preferences within subcoalitions and to missing data. We use Principal Components Analysis followed by k-means clustering in order to benchmark the performance of sCCA, because PCA/k-means is one commonly-used methodology for identifying groups of individuals with similar preferences in sociology and political science. 
There are two major differences between sCCA and PCA/k-means. First, sCCA requires that the identified subcoalitions have consistent preferences. PCA/k-means, in contrast, clusters individuals based on the similarity of their preferences. Second, sCCA is more flexible in terms of data requirements. In sCCA, individuals are matched to subcoalitions solely based on the disutility that arises from the preferences they report. PCA/k-means, in contrast, requires that individuals be placed in a metric space prior to the clustering step. As such, missing data on individual preferences need to be imputed. For the PCA/k-means analysis, we use the regularized iterative PCA algorithm that is a part of R’s “missMDA” package version 1.14. 
	All of our robustness tests include 100 simulated datasets with 96 individuals choosing among ten alternatives. We perform analyses on data with two to four subcoalitions, where each subcoalition has a randomly assigned set of consistent and strict preferences over outcomes. The proportion of all possible pairs of outcomes evaluated by each individual range from ¼ to 1. We also randomly induce disagreement between individuals and their assigned subcoalition with regards to the rank of a particular alternative. This rate of disagreement ranges from 0 to ½. We present results from 48 () different cases (2, 3, and 4 subcoalitions; evaluation rates of ¼, ½, ¾, and 1; rates of disagreement of 0, 1/8, ¼, and ½).
[bookmark: _GoBack]	Figure 6 presents the average disutility for each individual in the 100 simulated datasets. The black bars dots indicate average disutility for sCCA and gray bars indicate average disutility for PCA/k-means clustering. Average disutility under sCCA is increasing in the level of disagreement and increasing in the number of groups. In all cases, sCCA identifies subcoalitions that produce less disutility than PCA/k-means clustering, and the divergence between sCCA and PCA/k-means clustering is increasing with respect to the number of groups, increasing with the extent of disagreement of individuals with their subcoalition, and decreasing with the evaluation rate.
[image: ]
Figure 6. sCCA vs. PCA/k-means Clustering: Average Disutility

	Figure 7 presents the average minimum matching distance between the true subcoalitions and those identified in the 100 simulated datasets. The average minimum matching distance is 0 when individual preferences are entirely aligned with subcoalition preferences, and is increasing in the extent of disagreement of individuals with their subcoalition. The average minimum matching distance is also increasing in the number of groups and constant with respect to the evaluation rate. sCCA outperforms PCA/k-means clustering at low rates of evaluation and at modest rates of disagreement. At high rates of disagreement and high evaluation rates, however PCA/k-means clustering marginally outperforms sCCA. This is unsurprising, because PCA/k-means is not restricted to consistent subcoalition preferences and, as such, does a good job identifying individuals with similar preferences when the ability to aggregate individual preferences consistently is more limited.

[image: ]
Figure 7. sCCA vs. PCA/k-means Clustering: Average Minimum Matching Distance

As sCCA always identifies Pareto optimal subcoalitions with consistent preferences over outcomes, we next examine whether PCA/k-means identifies groups that (1) are stable under the Pareto criterion and (2) have preferences capable of being consistently aggregated. The first test asks whether there is an individual who is assigned to a group who would prefer to be in a different group (using the same disutility measure as we use sCCA). If there is, then the PCA/k-means grouping of individuals fails the Pareto criterion. The second test examines the presence of intransitive cycles when binary preferences over outcomes are defined by Condorcet voting. For example, an intransitive cycle occurs if a majority of group members prefer A to B, a majority prefer B to C, and a majority prefer C to A. We use the probability of a Condorcet cycle to quantify the ease of constructing consistent group preferences for PCA/k-means. Figure 8 demonstrates that PCA/k-means clustering fails to identify stable subcoalitions with consistent preferences when individual disagreement with their subcoalition is high, when there are more than two groups in the data, and when the evaluation rate is low. This figure thus reinforces the major difference in performance between sCCA and PCA/k-means clustering. When seeking to identify subcoalitions of individuals with consistent preferences, sCCA consistently outperforms PCA/k-means clustering. In most cases, sCCA does at least as good of a job of identifying the latent structure in the data and, when it does not, it is because PCA/k-means clustering fails to identify consistent basic units.

[image: ]
Figure 8. sCCA vs. PCA/k-means Clustering: Probability of Intransitive Cycle

5. Discussion and Conclusion
	Frustration among organizational researchers on the lack of quantitative research on the role of politics and conflict in organizational decision making is as old as the original theory of the “business firm as a political coalition” (March 1962). We argue that progress analyzing organizations from a political perspective has been hampered by a lack of empirical tools to a greater extent than by a lack of theoretical frameworks. Specifically, the tools that we have for identifying groups in conflict in organizations are either too unstructured, i.e., PCA/k-means clustering, or too restrictive, i.e., NOMINATE, to be appropriately applied to many organizational contexts. We propose a new method called sCCA that identifies subcoalitions in organizations with consistent preferences over outcomes. sCCA thus permits the type of political analysis proposed in March (1962).
	We apply sCCA to two empirical contexts. Wikipedia sought to learn about its editors in order to implement organizational changes to stem the decline in editor participation. The topline results of the survey indicated that editors felt the biggest problem was other editors, which supported the view that Wikipedia’s culture required reform. However, sCCA shows that Wikipedia’s editors were composed of two subcoalitions, one with experienced, active users and one with newer, less frequent users. The former group identified editorial behavior as the biggest problem with Wikipedia, but the latter instead pointed to the technical complexity of the editing platform. This divergence of opinion was also reflected in the recommendations about how to use Wikipedia’s resources. The former group recommended spending more on technical upgrades to the platform and features for experienced users. The latter recommended spending more on features for new users and for readers. This split between two subcoalitions erupted with the introduction of the Visual Editor on English Wikipedia in 2013, when experienced editors rebelled against the new editor interface.
	In the case of the BBWAA, we demonstrate that the nature of conflict over candidates for the National Baseball Hall of Fame changed in the 2013 election. Prior to 2013, conflict over candidates was idiosyncratic, but the issue of PED use split the writers into two subcoalitions. We use sCCA to demonstrate not only the presence of subcoalition-based conflict, but also that the conflict was self-reinforcing. Prior to 2013, writers were influenced by the entire BBWAA when deciding whether to vote for candidates that had been on the ballot in previous years. However, once the split occurred in 2013, the social influence of writers in the competing subcoalition weakened. The bifurcation of the writers thus undermined the bandwagon effect that the BBWAA had relied upon to get candidates above the supermajority threshold in prior years.
	Finally, we show that sCCA is robust to many groups, missing data, and imperfect alignment of subcoalition and individual preferences to a greater extent than competing methods. When seeking to identify subcoalition in organizations, sCCA outperforms PCA and k-means clustering, which is a common way of identifying clusters of individuals in organizations. In addition, we believe that sCCA is more transparent and easier-to-use than PCA and similar group-detection methods that rely on matrix decomposition. sCCA output is straightforwardly derived from the output of a linear program that seeks to minimize an objective function. Researchers need no background in multivariate analysis in order to understand how sCCA works.
	We think that sCCA can be a springboard to future studies analyzing the presence, emergence, and evolution of subcoalition-based conflict and decision making in organizations. In addition to identifying and measuring political conflict in organizational decision making, sCCA can be a valuable tool for organizational researchers to better understand power dynamics in organizations, as in the Wikipedia case, and social influence in organizations, as in the BBWAA case. It took nearly a half century from the formalization of the median voter theorem in Black (1948) until the introduction of NOMINATE scores in Poole and Rosenthal (1985), which have since become the workhorse for the empirical study of the U.S. legislature. We hope that sCCA, by similarly tying method to model, will become the new standard for analyzing political decision making in organizations.
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