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Abstract

I estimate the effect of team production on labor productivity and product quality using a cross section of British establishments.  A distinguishing feature of this study is its use of a structural model that treats as endogenous the organizations’ choices of teams and whether or not to grant autonomy to team members.  One of the main findings is that the typical establishment enjoys statistically significant increases in labor productivity (but not product quality) from using teams, though there is no statistically significant difference between the predicted gains from autonomous versus non-autonomous teams.  I show that standard methodological approaches that treat teams and autonomy as exogenous induce biases of two forms: 1) the benefits from teams are inflated, 2) the benefits of autonomous teams relative to those of non-autonomous teams are inflated.  Both biases are particularly severe in the case of product quality.
I. INTRODUCTION
This paper contributes to a vast and growing interdisciplinary literature concerning the effects of team production on organizational performance.  Using the 1998 wave of the Workplace Employee Relations Survey (WERS), a large and nationally-representative cross section of British establishments, I estimate the effects of team production on labor productivity and product quality and ask whether and how these effects differ when teams are granted autonomy.  In a closely related recent paper, DeVaro (2004), I focused on measuring the effect of autonomous and non-autonomous teams on the financial performance of establishments in the same British cross section.  I found a positive effect of teams for the typical workplace and no statistically significant difference between autonomous and non-autonomous teams in terms of their predicted benefits to financial performance.  In that study, the survey measure of financial performance was interpreted by the respondent employers as synonymous with profit.  An advantage of using an indicator of profit as the organizational outcome variable is that it is a broad measure of performance that is net of costs.  Since firms are assumed to maximize profit, this must ultimately be the relevant metric for gauging the benefits of team production.  A disadvantage, however, is that studying profit alone does not illuminate the channels through which team production impacts performance.  The goal of the present study is to clarify the channel through which teams increase profit, by analyzing the intermediate effects of teams on labor productivity and product quality.  

The distinguishing feature of both studies is that I treat employers’ choices of whether or not to use teams and whether or not to grant teams autonomy as endogenous variables, as opposed to the standard approach of treating these choices as exogenous right-hand-side variables in regressions of organizational performance.  This is important, because unmeasured determinants of an employer’s choices of teams and autonomy (such as, for example, managerial personality and tastes) are likely correlated with unmeasured determinants of organizational performance.  Such correlations result in biased estimates of the effects of interest if the endogeneity of teams and autonomy is ignored.  In DeVaro (2004) I found that these biases were relatively modest in magnitude when the outcome measure was financial performance.  That is, ignoring the endogeneity of teams and autonomy would not have led to seriously mistaken inferences in that case.  In contrast, in the present paper I demonstrate more severe biases, particularly in the case of product quality, that alter the magnitudes of interest considerably and also change the qualitative nature of the conclusions.  One of the main goals of the paper is to illustrate the misleading inferences that can occur if the endogeneity of teams and autonomy is ignored in research on teams.  To my knowledge, these papers are the first in the literature to estimate structural models in which teams and autonomy are endogenous.   
The WERS data set has variation not only in whether or not team production is used but in the type of team production used, in particular whether or not team members are granted autonomy.  In addition to detailed firm characteristics for use as controls, the sample also includes multiple measures of organizational performance (financial performance, labor productivity, and product quality).  While panel data would be preferable to cross sectional data for the purpose of measuring the effects of teams on organizational outcomes, to my knowledge there exist no large, nationally-representative panel data sets that contain information on the types of teams used (autonomous or non-autonomous), firm characteristics, and multiple-measures of organizational performance.  While the WERS data contain a panel component, the questions on teams are only asked in the 1998 wave of the survey.  My research strategy is therefore to exploit the unique and extensive information contained in the available cross sectional data, while simultaneously addressing the concerns arising from correlations in unobserved determinants of employer choices and organizational outcomes.       

Before proceeding with the analysis, I preview the five main results and indicate how the remainder of the paper is organized.  The first result is that the median workplace benefits from team production through higher labor productivity but not through higher product quality; although the effects on product quality are positive, they are statistically insignificant.  Second, for establishments predicted to benefit more from teams than the median establishment (more precisely, for the establishment at the 0.75 quantile of the distribution of predicted benefits from teams) there is evidence of large benefits from teams both to labor productivity and product quality.  On the other hand, at the 0.25 quantile the statistical evidence of a detrimental effect of teams on either outcome is weak.  Third, there is no statistically significant difference between autonomous and non-autonomous teams in terms of their predicted effects on labor productivity and product quality, though the point estimates favor autonomous teams.  Fourth, the unobserved determinants of autonomy are negatively correlated with the unobserved determinants both of teams and of organizational performance (labor productivity and product quality) given that teams are chosen.  Furthermore, the unobserved determinants of teams are negatively correlated with the unobserved determinants of organizational performance given that teams are not chosen, though this correlation is statistically significant only for product quality.

Finally, ignoring the endogeneity of teams and autonomy leads to misleading inferences, particularly in the case of product quality.  The bias has two effects.  First, it inflates the predicted benefits from teams.  Second, it inflates the benefits of autonomous teams relative to non-autonomous teams.  This second effect of the bias is so severe in the product quality model that it leads to a conclusion that autonomous teams confer greater benefits to product quality than do non-autonomous teams, with the difference statistically significant.  In contrast, if the preferred structural estimates are used, there is no statistically-significant difference between autonomous and non-autonomous teams even using a weak criterion for statistical significance. 
I begin by providing some theoretical background and a discussion of the previous literature on the effects of teams on organizational outcomes such as labor productivity and product quality.  I then describe the data and present some descriptive evidence on the relationship between teams and the outcome variables.  The discussion then moves to an explanation of the structural model in which teams, autonomy, and organizational performance are treated as jointly endogenous.  After estimating the model and using the structural estimates to answer the questions of interest regarding the effects of teams on labor productivity and product quality, I then illustrate the misleading inferences that would have been drawn if we had instead treated teams and autonomy as exogenous right-hand side variables in regressions of organizational performance.  The paper ends with a discussion that relates the main findings to those in DeVaro (2004) and comments on some fruitful directions for future research in light of the collective evidence from both studies. 
II. THEORETICAL BACKGROUND AND PREVIOUS LITERATURE
Some of the main benefits of team production accrue through productive information sharing among workers, when potential team members have knowledge that is non-duplicative and also relevant to the production process (Lazear 1995, 1998).  These synergies in information can give rise to new ideas about process improvement that lead to higher product quality. 
  The potential for such productive synergies should theoretically increase with the size of the group and the associated pool of ideas, though some costs also increase with group size including the greater likelihood of free riding.  Kandel and Lazear (1992) argue that teams alleviate costly monitoring of workers in the presence of asymmetric information by relying on monitoring of workers through peer pressure.  Mohrman and Novelli (1985) discuss two ways in which teams produce benefits to labor productivity and product quality.  The first is that teams lead to idea generation and implementation, which in turn leads to improved productivity and quality.  The second is that teams lead to improved job satisfaction, motivation, and task performance, which ultimately translates into increased productivity.  A variety of costs are also associated with team production.  These include regular team meetings and training, and shirking and free-riding among team members (Alchian and Demsetz 1972, Holmstrom 1982, Rasmusen 1987, Itoh 1991, 1992, McAfee and McMillan 1991, Legros and Matthews 1993).  

It is frequently argued that teams confer the greatest benefits when they are granted autonomy, and indeed autonomous or self-managing teams have been the focus of much of the empirical teams literature.  The distinguishing feature of self-managed or autonomous teams is that team members are given the latitude to jointly decide how their work is to be done.   The alternative to an autonomous team is a non-autonomous or closely-managed team, in which team members have little discretion over tasks and are told not only what to do but how to do it.  When the teams under study are autonomous or self-managing, a positive effect on firm performance is typically found in the literature.  For example, Hamilton, Nickerson, and Owan (2003) found a fourteen percent increase in labor productivity after the introduction of self-managed teams in a garment manufacturing plant, and Eriksson (2003) found a positive effect of self-managed teams on labor productivity in a cross section of establishments.  

Theoretical rationales for granting teams autonomy can be found both in economics and in organizational behavior.  In economics the relevant literature concerns the delegation of authority within organizations, and the insights from this literature are relevant in the team context even though the theories are frequently framed in language pertaining to individual workers.
  Grossman and Hart (1986), Hart and Moore (1990), and Hart (1995) suggested that authority may be conferred by the ownership of an asset, which gives the owner the right to make decisions concerning the use of this asset.  More generally, authority may result from an explicit or implicit contract allocating decision rights to a team or to an individual worker in the organization.  An idea that emerges from this literature is that the agent’s incentives are weaker when he does not have control over asset-allocation decisions.  In the team context, this suggests a benefit from granting autonomy.  An important contribution to this incentives-based literature is Aghion and Tirole (1997), which develops a theory of the allocation of formal authority (the formal right to decide) and real authority (the effective or de facto control over actual decision making) within organizations.  

Asymmetric information is key to the Aghion and Tirole model.  A principal who has formal authority over a decision or activity can always reverse the subordinate’s decision but will refrain from doing so if the subordinate is much better informed and if their objectives are reasonably congruent.  In the Aghion and Tirole model, there are two main benefits associated with delegating formal authority to the agent (or team in the present context).  First, it credibly increases the agent’s initiative or incentive to acquire information, since the granting of authority prevents the principal from over-ruling the agent in those situations in which both parties have acquired the information.  Second, granting authority over decisions that matter relatively more to the agent than to the principal (an example would be performing the job standing up versus sitting down) and for which the principal’s overruling might hurt the agent will make the agent more likely to participate in the contractual relationship.  The main cost of delegating authority is the principal’s loss of control over the choice of tasks or projects and how they are executed.  An increase in an agent’s real authority promotes initiative but results in a loss of control for the principal.  This basic tradeoff between loss of control and initiative is a central idea, and in the team context it implies that granting teams more autonomy is not necessarily better.  

In organizational behavior, the rationale for granting autonomy evolved from work on motivational job design for individual workers (Hackman and Oldham 1976, 1980; Turner and Lawrence 1965).
  According to the theory, the degree of autonomy a worker is granted affects three critical psychological states, which in turn induces a number of outcomes of interest both to workers and firms, such as high internal work motivation, high quality work performance, high satisfaction with work, and low absenteeism and turnover.  Hackman (1987) applied these ideas to teams, synthesizing an extensive literature on group research to propose variables that are key to group job design.  Hackman identified a number of task conditions that would produce high task motivation, and among these was autonomy.  That is, the tasks assigned to the group should provide group members with substantial autonomy for deciding how best to accomplish them.

To the extent that workers experience autonomy in a team production context, Hackman (1987) argues that they experience greater motivation, which should translate into higher labor productivity.  There is also evidence that in some production contexts monitoring by peers in self-managed teams is better than supervisory monitoring, encouraging team members to meet self-imposed group norms (Barker 1993).  As mentioned earlier, Kandel and Lazear (1992) argue that teams alleviate costly monitoring of workers in the presence of asymmetric information by relying on monitoring of workers through peer pressure.  A theoretical counterargument is the agency perspective (Alchian and Demsetz 1972, Holmstrom 1982) that predicts shirking and free-riding problems to increase in a team context when workers are no longer closely monitored by supervisors.  Self-managed teams change the organizational structure of firms, from hierarchical to horizontal, as team members assume some of the discretion that would otherwise be held by management.  This is another means by which team production can impact labor productivity.  See Batt (2001) for further discussion.    

Previous Empirical Evidence on the Effects of Teams on Organizational Performance

The large number of studies in the empirical literature on teams can be categorized according to the type of data they use and the outcome variables they analyze.  Some examples of studies from the empirical economics literature on teams include DeVaro (2004); Boning, Ichniowski, and Shaw (2003); Hamilton, Nickerson, and Owan (2003); Encinosa, Gaynor, and Rebitzer (2000); Nalbantian and Schotter (1997); Hansen (1997); Gaynor and Gertler (1995); and Leibowitz and Tollison (1980).  There is great diversity in the analysis samples across these studies, ranging from nationally representative cross sections of establishments, to workers from law firms or medical partnerships, experimental data, seamstresses, or workers from individual manufacturing and service firms.  Some are case studies of single firms or establishments and others use broader cross sections or panels.  
The case study approach involves examining one or a small number of firms, usually over time.  Some examples using this approach are Bartel 2004; Batt 2004; Boning, Ichniowski, and Shaw (2003); Hamilton, Nickerson, and Owan 2003; and Banker, Field, Schroeder, and Sinha 1996.  The main advantage of such case studies is that they avoid many of the potential problems from unobserved heterogeneity that plague studies that span production processes across numerous firms.  The main disadvantage is that it is never clear how representative particular case studies are of employer behavior in general.  
Using data from the steel manufacturing sector, Boning, Ichniowski and Shaw (2003) found that production lines that adopted problem-solving teams experienced large gains in labor productivity.  However, this was true only for production lines that undertook complex production processes and products – in less complex environments there was no benefit to using teams.  Hamilton, Nickerson, and Owan (2003) collected data on all 288 personnel files at Koret, a garment factory in California’s Napa Valley.  Observations included weekly productivity measures for seamstresses during the years 1995-1997, a period which included a transition from individual to self-managed team production.  Among the main results, the authors found that a switch to self-managed team production substantially increased labor productivity in that establishment and that teams with greater heterogeneity in ability were more productive.
  

Banker, Field, Schroeder, and Sinha (1996) is a longitudinal field study conducted from April 1992 through December 1993 that examined the impact of work teams on manufacturing performance in an electromechanical assembly plant.  The main finding was that both labor productivity and product quality improved over time after the formation of teams.
  
An alternative to the case study approach, and the one taken in this paper, is the use of broader cross sections or panels of organizations.  Recent examples of studies taking this approach include Black and Lynch 2004, DeVaro 2004, Eriksson 2003, Kato and Morishima 2002, Cappelli and Neumark 2001, Caroli and van Reenen 2001, and Black and Lynch 2001.  For example, Black and Lynch (2001) found that U.S. firms in manufacturing that use high performance workplace practices such as regular group meetings, benchmarking, self-managed teams and profit sharing have higher productivity and wages than other firms.  Black and Lynch (2004) suggested that the adoption of such innovations were an important factor contributing to the jump in multifactor productivity of the U.S. economy in the second half of the 1990s.  Cappelli and Neumark (2001) studied the effects of high-performance work practices including benchmarking, regularly scheduled group meetings to discuss work-related problems, job rotation, self-managed teams, pay for skill and profit sharing.  Their results show that these practices may raise productivity, though with little statistical significance, and that the effects on overall labor efficiency is small. 

These broader data sets often suffer a number of disadvantages relative to case studies.  First, since the samples are more heterogeneous, the definitions of variables (for instance, the meaning of “team production”) are not always as comparable as they would be across observations in a single case study.  Second, significant heterogeneity in these samples increases the threat that unobserved heterogeneity may bias the estimated effects of teams on organizational performance.  Nonetheless, the advantages of considering evidence from broader samples than narrow case studies are obvious, and studies using this approach therefore provide useful complementary information.  
Teams were the central focus in many of the studies discussed thus far.  In other studies, teams are considered as one of a number of practices in a larger system of “high-performance” or “high-involvement” practices.
  See Ichniowski et al. (1996) and Wood (1999) for relevant discussions.  Three well-known studies in this vein are Black and Lynch (2001), Ichniowski, Shaw, and Prennushi (1997) and MacDuffie (1995).  As mentioned earlier, Black and Lynch (2001) found positive effects of high-performance systems on labor productivity and wages in the manufacturing sector.  Using data from a specific production process in steel manufacturing, namely steel finishing lines, Ichniowski, Shaw and Prennushi (1997) studied the effects of high performance workplace systems on labor productivity and product quality.  Specifically, the measure of teams that entered their system was the existence and prevalence of formal work teams for the purposes of problem-solving activities, and worker membership in multiple problem-solving teams.  They found that finishing lines that utilized a set of innovative work practices had higher levels of labor productivity than lines that used more traditional practices and that there were complementarities between certain high performance practices.  MacDuffie (1995) used an international data set from a 1989-1990 survey of 62 automotive assembly plants.  He constructed an HRM Policies index, one component of which was the percentage of the workforce involved in formal work teams.  He found positive effects of HRM systems on both labor productivity and product quality.  
In empirical economics, both in the literature specifically on teams and in the literature on high-performance systems, the focus has mainly been on outcome variables of particular interest to firms.  The most commonly used measures are labor productivity and product quality, and the present study focuses on both of these.
  Financial performance, which was the focus of DeVaro (2004), is rarely seen as the outcome measure in studies of the effects of teams on organizational performance.  This variable is of particular interest as an overall measure of firm performance, since as a measure of profit it is more inclusive than other outcome measures of the wide array of benefits and costs associated with HR practices.  Labor productivity is much more commonly used (Hamilton, Nickerson, and Owan 2003, Eriksson 2003, Kato and Morishima 2002, Black and Lynch 2001, Ichniowski, Shaw, and Prennushi 1997, Banker, Field, Schroeder, and Sinha 1996, Ichniowski 1990).  Other outcome variables have also been studied, such as product quality (Ichniowski and Shaw 1999, Ichniowski, Shaw, and Prennushi 1997, Banker, Field, Schroeder, and Sinha 1996), innovation and R&D (Michie and Sheehan 1999), turnover (Huselid 1995), worker well-being and wages (Caroli and van Reenen 2001, and Bauer and Bender 2001), worker satisfaction (Batt 2004, Batt and Appelbaum 1995, Godard 2001), worker absenteeism (Askenazy et al. 2001) and firms’ layoff rates (Osterman 2000). 
III. DATA AND DESCRIPTIVE EVIDENCE
The data used in this study are from the management questionnaire in the 1998 wave of the British Workplace Employee Relations Survey (WERS), jointly sponsored by the Department of Trade and Industry, ACAS, the Economic and Social Research Council, and the Policy Studies Institute.  Distributed via the UK Data Archive, the WERS data are a nationally representative stratified random sample covering British workplaces with at least ten employees except for those in the following 1992 Standard Industrial Classification divisions: agriculture, hunting, and forestry; fishing; mining and quarrying; private households with employed persons; and extra-territorial organizations.  Some of the 3192 workplaces targeted were found to be out of scope, and the final sample size of 2191 implies a net response rate of 80.4% (Cully et al., 1999) after excluding the out-of-scope cases.  Data were collected between October 1997 and June 1998 via face-to-face interviews, and the respondent manager was usually the most senior manager at the workplace with responsibility for employment relations.  

Labor Productivity and Product Quality

The outcome variables in this study, labor productivity and product quality, are both observed as discrete responses.  The respondent manager is asked how the current labor productivity of his or her workplace compares with that of other establishments in the same industry.  The same question is then asked of the establishment’s current quality of product or service compared with that of other establishments in the industry.  Responses to both questions include “A lot better than average”, “Better than average”, “About average for industry”, “Below average”, “A lot below average”, and “No comparison possible.”  

A drawback of these outcome variables is that they are subjective, giving rise to two potential problems.  It might be that unsystematic reporting error (perhaps because of imperfect information on the part of the respondent managers about the industry averages for labor productivity and product quality) gives rise to a subjective productivity measure that is simply noisier than the actual productivity measure would be.  The effect of this problem is to bias all treatment effects of interest towards zero, making it more difficult to identify significant effects of teams on productivity even if such effects exist.  Another possibility is that reporting error is systematic, which may or may not have damaging implications for the analysis.  A commonly-cited form of reporting error in such subjective rankings is the so-called “Lake Wobegon effect” whereby virtually all respondents claim to have above-average performance.  As we shall see in Tables 1 to 4, it is true that few establishments report labor productivity or product quality below the industry average.  This need not have any negative consequences for the analysis, however.  Even if all respondents overstate productivity, this need not amount to anything more than a relabeling of the discrete categories describing productivity, with no implications for the treatment effects of interest. 
It should also be remembered that the survey is conditional on an establishment’s being operational.  Given a competitive environment, establishments with labor productivity or product quality that lag significantly behind the industry averages are likely to close operations before having a chance to be included in a survey taken at a point in time.  We should therefore not expect the observed distribution of responses to be symmetric around “average” performance but rather skewed in the direction of above-average performance.  A final point worth noting is that the outcome measures are discrete.  The informational demands on the respondent manager are much lower in these survey questions than they would be if the manager were asked to make more finely-tuned comparisons with the performers of other establishments in the industry.  This means that reporting errors caused by imperfect information will contaminate the results to a lesser extent than if the response were measured more finely than on a coarse five-point scale.
A more damaging source of reporting error than systematic “Lake Wobegon” inflation of performance would occur if the reporting errors were correlated with the endogenous variables of interest (namely teams and autonomy in the present context).  This could arise if an omitted variable, such as “managerial optimism,” determines both the outcome measure (labor productivity or product quality) and the decision to engage in teams.  It might be that the more optimistic managers have a rosier view of the establishment’s performance relative to the industry average and that such managers are more likely to organize production in teams.  Such systematic reporting errors would indeed bias estimates of the teams treatment in a regression of organizational performance on the use of teams.  But my estimation approach explicitly accounts for correlations in the unobserved determinants of teams, autonomy, and organizational performance, so that these correlations are not confounded with the treatment effects of interest.  In effect, it is precisely concerns such as these (namely omitted unobserved variables that might influence not only the employer’s response to questions about organizational performance but also the issues of whether teams are chosen and granted autonomy) that motivate the structural approach taken in this paper.

In summary, while subjective responses create the possibility of reporting error, such errors need not have damaging implications for the analysis.  While objective measures of labor productivity and product quality are to be preferred when available, I see the measures used here as still interesting and worthy of study given that they are available across a wide and representative sample of British establishments.  Furthermore, since the survey is anonymous, there are no incentives for respondents to purposefully misrepresent their answers to either of these questions.  Much of the error that plagues these measures is likely a consequence of imperfect information on the part of the respondent, though it is hoped that in most cases the most senior manager at the establishment would be knowledgeable about the industry and have a good sense of how the establishment’s productivity and product quality stand relative to that of the competition.  As we have argued, introducing such noise into productivity measures creates less of a problem here (since the outcome variable is measured in a few discrete categories) than if the question were more finely-tuned.  And even if present, such errors based on imperfect information bias the treatment effects towards zero.   

Teams and Autonomy


The 1998 wave of the WERS is the first to include questions about team production.  Specifically, the respondent manager is asked to report the proportion of employees in the largest occupational group at the workplace that works in formally designated teams.  Responses are in the following discrete categories:  “All 100%”, “Almost all 80-99%”, “Most 60-79%”, “Around half 40-59%”, “Some 20-39%”, “Just a few 1-19%”, “None 0%”.  An advantage of this survey question is that it specifically refers to “formally designated” teams.  This precise wording of the question should direct the respondent’s attention to situations of true joint production and should reduce the respondent’s likelihood of reporting the use of teams simply on the basis of a cooperative or friendly atmosphere of “team spirit” at the workplace.  A drawback of the survey question is that it is restricted to the largest occupational group at the establishment.  The sample may contain establishments in which team production is heavily used in occupational groups other than the largest, yet the response to this question might be “None 0%”.  This measurement issue is one limitation of the study.     

The survey also contains a measure of team autonomy that closely corresponds to the broad notion of autonomy discussed in the economics literature on organizations and in the literature on organizational behavior (Aghion and Tirole 1997, Hackman 1987).  Hackman (1987) writes that team members are motivated when “the task provides group members with substantial autonomy for deciding about how they do the work [emphasis added] – in effect, the group ‘owns’ the task and is responsible for the work outcomes.”  For establishments that report the use of formally designated teams in the largest occupational group, the respondent manager is asked to respond “Yes” or “No” to the following statement:  
“Team members jointly decide how the work is to be done.”   

The key distinguishing feature of an autonomous or self-managing team is that team members are granted discretion over how their work is to be done.  In contrast, closely-managed or non-autonomous teams are given a task and told not only what to do but how to do it.  

Unconditional Associations Between Teams and Organizational Performance


There are 1769 establishments for which information is available on both labor productivity and the use of teams.  Table 1 displays cell counts and the distribution of labor productivity categories by the percentage of workers in teams.  The lower panel re-displays the information from the upper panel as percentages of the column sums.  A chi-square test of independence yields a Pearson’s chi-square statistic of 45.4 that, under the null of independence, has a chi-square distribution with 24 degrees of freedom.  The associated p-value is 0.005, providing strong evidence against the null that the team production and labor productivity classifications are independent of each other.

Restricting our attention to those establishments that use teams and that grant teams autonomy by allowing team members to jointly decide how the work is to be done, cell counts and column percentages are given in Table 2 for a total of 855 establishments.  The Pearson’s chi-square statistic for the test of independence is 23.4, to be referred to the chi-square distribution with 20 degrees of freedom.  The associated p-value is 0.271.  Hence, the null that the autonomous teams and labor productivity classifications are independent cannot be rejected at conventional significance levels.  Tables 3 and 4 display the analogous results for product quality that Tables 1 and 2 displayed for labor productivity.  There are a total of 1966 establishments in Table 3 and 955 establishments in Table 4.  The chi-square test of independence in Table 3 yields a Pearson’s chi-square statistic of 17.6 with an associated p-value of 0.820.  In Table 4 the chi-square statistic is 12.9 with an associated p-value of 0.880.   

In summary, the descriptive evidence suggests that team production is empirically related to labor productivity but that, given that teams are used, self-managed or autonomous team production is not.  In contrast, neither team production in general nor autonomous team production is empirically related to product quality.  Inferences based on such tabulations can be misleading since they are unconditional, and the story might look quite different after controlling for omitted establishment characteristics.  Furthermore, the possibility that unobserved determinants of labor productivity and product quality are correlated with unobserved determinants of the establishment’s choices of teams and autonomy suggests the need for a structural approach.  I address these issues in the next section.   

IV. STRUCTURAL MODEL OF TEAMS AND TEAM AUTONOMY

Theory predicts that organizational outcomes are determined by whether or not the establishment organizes production into teams and, when team production is chosen, on whether teams are granted autonomy.  The choices of teams and autonomy are both endogenous variables, and it is likely that the unobserved determinants of these choices are correlated with the unobserved determinants of labor productivity and product quality.  For example, it might be that good workers go to work in more productive establishments and that establishments with good workers choose to use team production.  As other examples, managerial personality and the social atmosphere of the workplace are factors that vary over time that could impact both organizational performance and the employer’s choices of teams and autonomy, and that cannot be captured well in the WERS or most other data sets.  Given these correlations between the unobserved determinants of labor productivity or product quality and of the decisions to use teams and to grant them autonomy, estimation approaches that ignore the endogeneity of the choice variables yield biased estimates of the effects of teams and autonomy on labor productivity and product quality.  This issue motivates the structural approach developed here.   

Due to the small counts in many of the cells in Tables 1 to 4, some aggregation is needed before proceeding to multivariate analysis.  I therefore focus on the decision to use formally designated teams or not in the largest occupational group, rather than the actual fraction of the workforce engaged in team production.  That is, I construct the following binary variable for the choice of team production in establishment i:

TEAMSi = 1 if positive fraction of workers in the largest occupational group is in teams


   = 0 otherwise

The autonomy variable is already coded as binary and is given as follows:

AUTOi = 1 if team members are allowed to jointly decide how the work is to be done


= 0 otherwise

Since relatively few respondents report below-average labor productivity and product quality, I consider only three categories for both of these variables rather than five, constructing the following trichotomous variables:

LABPRODi = 1 if labor productivity is “About average for industry” or below


        = 2 if labor productivity is “Better than average”

        = 3 if labor productivity is “A lot better than average”

QUALITYi = 1 if quality of product or service is “About average for industry” or below


       = 2 if quality of product or service is “Better than average”

       = 3 if quality of product or service is “A lot better than average”
[image: image1.wmf]
The structure of the model is as follows.  The establishment first decides whether or not to organize production in teams.  Given that teams are chosen, the establishment further decides whether to grant autonomy to team members.  Finally, the resulting labor productivity and product quality depend on the choices of teams and autonomy and on other factors.  Since the labor productivity and product quality models have identical structures, I describe only the labor productivity model in the following discussion.    

Let TEAMSi* be a latent index measuring the ith establishment’s propensity to organize production into teams.  This propensity is determined by a vector of firm characteristics, X2i.  Assuming a linear functional form we have:

TEAMSi* = X2i( + (2i
The binary realization of this latent index describes whether or not team production is used, as follows:

TEAMSi = 1 if TEAMSi* > 0


   = 0 otherwise

Let AUTOi* be a latent index measuring the ith establishment’s propensity to grant autonomy to team members by allowing them to decide jointly how the work is to be done.  A vector of characteristics, X3i, determines this propensity.  Assuming a linear functional form we have:

AUTOi* = X3i( + (3i

if TEAMSi = 1.

The binary realization of this latent index is a censored indicator for whether or not the ith establishment allows team members to jointly decide how the work is to be done, given that teams are used at all.  It is defined as follows:

AUTOi = 1 if AUTOi* > 0 and TEAMSi* > 0


= 0 if AUTOi* ( 0 and TEAMSi* > 0.

Let LABPRODi* be a latent index measuring the labor productivity of the ith establishment relative to that of others in the same industry.  This index is a function of establishment characteristics and, in the event that team production is chosen, also on team production and team autonomy.  Assuming a linear functional form for this index we have:

LABPRODi* = (AUTOi + X1i(1 + (1i  
if TEAMSi = 1


          = X1i(2 + (0i

     
if TEAMSi = 0
.

The observed discrete realization of this latent index is:

LABPRODi = 1 if LABPRODi* < 0


        = 2 if 0 ( LABPRODi* < c


        = 3 if LABPRODi* ( c

where c > 0.

The full specification of the structural model is as follows:

LABPRODi* = (AUTOi + X1i(1 + (1i 
 if TEAMSi = 1


          = X1i(2 + (0i  


 if TEAMSi = 0  

TEAMSi* = X2i( + (2i

AUTOi* = X3i( + (3i



 if TEAMSi = 1

LABPRODi = 1 if LABPRODi* < 0


        = 2 if 0 ( LABPRODi* < c


        = 3 if LABPRODi* ( c

where c > 0

TEAMSi = 1 if TEAMSi* > 0


   = 0 otherwise

AUTOi = 1 if AUTOi* > 0 and TEAMSi* > 0


= 0 if AUTOi* ( 0 and TEAMSi* > 0

The first two equations of the simultaneous equations model can be described as a switching ordered probit model with endogenous switching, and the autonomy equation is a censored probit.
 The stochastic disturbances (0, (1, (2, and (3 are described by a joint distribution with density function f and distribution function F.  As is conventional in simultaneous equation models with discrete endogenous variables, I assume this joint distribution is multivariate normal.  That is, ((0, (1, (2, (3) ~ N(0, ().  


In addition to establishment characteristics, I include industry controls in X2 and X3 since the establishment’s choices of teams and autonomy are also likely to vary by industry.  I exclude these industry controls from the labor productivity and product quality equations since the survey asks the employer to rate the establishment’s current labor productivity and product quality compared with other establishments in the same industry, so industry differences are in effect already controlled by the nature of the question.  The twelve industry controls are dummy variables indicating the 1992 SIC code that most closely corresponds to the main activity of the establishment.  The upper panel of Table 5 displays the distribution of the sample by industry.    Since both the teams and autonomy variables measure organizational choices in the largest occupational group, I also include in X2 and X3 a set of occupational dummy variables indicating the establishment’s largest occupational group.  All survey responses correspond to SOC codes, some at the one-digit level and others at the two-digit level.  I aggregated all observations to the one-digit level, and sample frequencies for the resulting nine occupational groups are displayed in the lower panel of Table 5.

Identification

Identification is facilitated through some exclusion restrictions on the exogenous variables.  The variable excluded from the labor productivity and product quality equations and used to identify the use of teams is the indicator for “just-in-time” production.  That is, I assume that just-in-time technology directly affects whether work is organized in teams but affects organizational performance only indirectly through its effect on teams.  A review of the teams literature provides a clear justification for the presence of just-in-time in the teams equation, since just-in-time is frequently cited as an important determinant of the decision to use team production.  For example, as argued by Berg et al. (1996) in the context of the apparel industry, the demands of just-in-time production require flexible organizational structures such as teams.  More recently, Hamilton, Nickerson, and Owan (2003) cite the demand by retailers for just-in-time production as a major reason for the introduction of teams during 1995-1997 in the garment manufacturing establishment they study.  

However, the exclusion of just-in-time from the equations for labor productivity and product quality requires some comment.  With any measure of organizational performance, including the two studied here, virtually any exclusion restriction is open to the critique that it might have some effect on performance that operates directly as opposed to through the channel of team production.  While this argument cannot be refuted, it should be noted that whether or not a production process is characterized by just-in-time is more central to discussions of teams in the literature than it is to discussions of labor productivity and product quality.  Empirical studies of labor productivity or product quality rarely include just-in-time production as a determinant of labor productivity or product quality, nor do they discuss the implications of omitting it.  Finally, my work with these data confirms that there is no noteworthy statistical relationship between just-in-time and either labor productivity or product quality, either unconditionally or in the presence of any array of controls.
  In light of all of this, the decision to allow just-in-time to influence labor productivity and product quality only through its effect on teams seems reasonable.  

The decision over whether to allow teams autonomy or not is identified from a set of four variables, unique to the autonomy equation, that proxy for the organizational and informational structure of the establishment, the alignment of incentives between workers and owners, and the importance to the establishment of monitoring inputs.  The first three of these are qualitative measures of managerial opinion.  The manager is asked to respond with “Strongly agree” (1), “Agree” (2), “Neither agree nor disagree” (3), “Disagree” (4), or “Strongly disagree” (5) to each of the following statements:
Information:  “Those at the top are best placed to make decisions about this workplace.”

Incentive Alignment:  “Employees here are fully committed to the values of this

organization.”

Decisions:  “Most decisions at this workplace are made without consulting employees.”

The fourth variable unique to the autonomy equation, pertaining to the importance to the organization of closely monitoring labor inputs, is the proportion of workers at the establishment that ever work from home during normal working hours.  Responses include: “Half or more 50%+” (1), “A quarter up to a half 25-49%” (2), “Up to a quarter 10-24%” (3), “A small proportion 5-9%” (4), “Hardly any (less than 5%)” (5), or “None 0%” (6).  

The theoretically predicted signs of the effects of these variables, ceteris paribus, on the propensity to grant teams autonomy are as follows.  In establishments where the production process is such that top managers are better equipped or have better information for making decisions than workers on the line, autonomy is less likely to be granted to teams.  Therefore, “Information” and “Decision” should both have positive effects, meaning that employers who disagree with those statements are more likely to grant autonomy.  In establishments where the interests and goals of workers are aligned with those of the firm, autonomy is more likely to be granted to teams.
  Therefore “Incentive Alignment” should have a negative sign, since agreement with the statement is associated with more autonomy (Aghion and Tirole 1997).  The fraction of employees who work at home might be thought of as a proxy for the importance the employer places on monitoring workers through direct supervision, as opposed to relying on the social norms and peer pressure that arise in a team context, as discussed in Kandel and Lazear (1992).  Therefore, the expected sign on this variable is negative, meaning that workplaces that are more permissive of working from home are more likely to grant team autonomy.  As we shall see in Tables 7 and 8, in both the labor productivity and product quality models all of the coefficients on these variables have the correct theoretically predicted signs.    


The maintained assumption is that these four variables do not determine teams and that they determine organizational performance only through their effects on team autonomy.  Again, given the broad nature of the outcome variables, virtually any variable one excludes from these equations is subject to the critique that it might have a direct effect and should therefore be included.  My approach is therefore to select a set of variables that, while clearly important in determining team autonomy, are less important in determining performance and teams.  The only one of these variables that is statistically significant in either the performance or teams equations is whether the employees are fully committed to the values of the organization, which has a positive effect on performance.  Identification does not hinge on this particular variable, however, and its inclusion in the performance equations (and the teams equation) yields results similar to those I report in the paper.  

In addition to these economic issues of identification, the statistical model requires some standard identifying restrictions on the covariance matrix, due both to the discrete nature of the endogenous variables and to the fact that part of the system is a switching model with endogenous switching.  Since each of the endogenous variables is observed only discretely, I normalize the diagonal elements of ( to one.  Furthermore, the parameter (01, or cov((0, (1), is not identified because for each observation organizational performance is observed in only one of the two states (TEAMS = 1 or TEAMS = 0).  I therefore impose the restriction (01 = 0, as is standard in switching regression models.  Though such a restriction is necessary, it might not be innocuous since, for example, it implies that there are no common shocks to performance across geographic locations.  

The parameter (03, or cov((0, (3), is also not identified because the performance equation conditional on “no teams” being chosen is never observed in conjunction with the autonomy choice.  Some restriction is therefore required, and again I fix this parameter to zero.  This restriction might be problematic if, for example, some workplaces have greater monitoring ability and this is correlated both with performance and with the willingness to grant teams autonomy.  While restrictions such as (03 = 0 and (03 = 0 are necessary, given the available data, they should not be viewed as extending beyond the standard restrictions that are imposed in teams research.  The standard approach is to treat both teams and autonomy as exogenous variables on the right-hand-side of some equation for organizational performance.  This approach implicitly imposes not only (03 = 0 and (03 = 0, but additionally (02 = 0, (12 = 0, (13 = 0, and (23 = 0.  The issue is not discussed in the literature, because in single-equation models with only one disturbance specified, all of these restrictions are implicit rather than explicit as they are in my model.  My approach treats (02, (12, (13, and (23 as unrestricted parameters to be estimated.  
V. ESTIMATION RESULTS FROM STRUCTURAL MODEL
Table 6 displays means and standard deviations for all variables in the structural models except for the occupation and industry variables that were summarized in Table 5.  Tables 7 and 8 display the parameter estimates from the labor productivity and product quality models.
 Both the labor productivity and the product quality models require the estimation of 97 parameters.  For the sake of brevity, I do not report the estimated parameters on the occupation and industry controls in Tables 7 and 8 even though these variables are included in the TEAMS* and AUTO* equations in estimation.  Given that both models are nonlinear, the parameter estimates are not easily interpreted.  Of greater interest are various functions of the parameters, in particular those describing how labor productivity and product quality are affected by the use of teams and autonomy.  I now describe these treatment effects of interest.  

Median Effect of Team Production on Labor Productivity and Product Quality

 Let us first consider the effect of teams on labor productivity and product quality, leaving aside for now the issue of whether such teams are self-managing or not.  Recall that both labor productivity and product quality assume values of 1, 2, or 3 according to whether the establishment’s recent performance in these areas relative to that of other establishments in the same industry is average or below, better than average, or a lot better than average.  The effect of teams on an establishment’s outcome is measured as the change in the probability that the establishment’s outcome is in each of these three categories when team production is used in the largest occupational group compared to when it is not used.  That is, the following three measures give the effect of team production on labor productivity for establishment i:

(Effect A1)i = Prob(LABPRODi = 1 | TEAMSi = 1) – Prob(LABPRODi = 1 | TEAMSi = 0)

(Effect A2)i = Prob(LABPRODi = 2 | TEAMSi = 1) – Prob(LABPRODi = 2 | TEAMSi = 0)

(Effect A3)i = Prob(LABPRODi = 3 | TEAMSi = 1) – Prob(LABPRODi = 3 | TEAMSi = 0)

An analogous set of three measures gives the effect of team production on the quality of the product or service that establishment i provides, as follows:

(Effect A1Q)i = Prob(QUALITYi = 1 | TEAMSi = 1) – Prob(QUALITYi = 1 | TEAMSi = 0)

(Effect A2Q)i = Prob(QUALITYi = 2 | TEAMSi = 1) – Prob(QUALITYi = 2 | TEAMSi = 0)

(Effect A3Q)i = Prob(QUALITYi = 3 | TEAMSi = 1) – Prob(QUALITYi = 3 | TEAMSi = 0)

Since these three effects must sum to zero for an individual establishment, any two of them contain all of the information about the effect of team production on that establishment’s labor productivity or product quality.  For example, the predicted effect of teams on labor productivity for establishment i can be completely described by the ordered pair (EffectA1i, EffectA3i).  Panel 1 of Figure 1 displays a scatter plot of these ordered pairs for each of the 1727 establishments on which the labor productivity model was estimated, graphically illustrating the predicted effects of teams on labor productivity.  Establishments predicted to benefit the most from team production are those farthest from the origin in the second quadrant, and those predicted to be hurt the most are those farthest from the origin in the fourth quadrant.  Only a small number of establishments fall into either of the other quadrants.  Inspection of the scatter plot reveals that the predicted effect of team production is positive for many establishments and negative for many others, though the positive effects appear to dominate.  Panel 2 of Figure 1 displays the analogous scatter plot for the predicted effect of team production on product quality, for each of the 1917 establishments on which the model was estimated.

The scatter plots in Panels 1 and 2 reveal the predicted effects of teams on labor productivity and product quality but say nothing about how precisely they are estimated.  To conduct statistical inference, I first construct univariate measures of the degree to which team production increases the probability of high labor productivity and product quality, and I rank the establishments by these measures.  Since large values of Effect A3 and small values of Effect A1 imply larger positive effects of teams on labor productivity, the difference (Effect A3 – Effect A1) is a natural measure for ranking workplaces by the predicted effect of teams on labor productivity.
  Given an ordered ranking of establishments by their values of (Effect A3 – Effect A1), I select three establishments of interest (the median, or “typical”, establishment; the establishment at the 25th percentile; and the establishment at the 75th percentile) and determine whether their respective values of Effects A1, A2, and A3 are statistically significantly different from zero.  The method for product quality is directly analogous; given the ranking of establishments by their values of (Effect A3Q – Effect A1Q), I select the workplaces at the 0.25, 0.50, and 0.75 quantiles, and determine whether their respective values of Effects A1Q, A2Q, and A3Q are statistically significantly different from zero.  

The rationale for considering the two quantiles other than the median is to get a sense of the magnitude of predicted benefits of team production for an establishment that has a higher predicted benefit than most and one that has a lower predicted benefit than most.  These comparisons are interesting given the wide range of predicted benefits of team production displayed in Panels 1 and 2 of Figure 1.  
Effect of Autonomous and Non-Autonomous Team Production 

For the same selected workplaces, I next ask how they are predicted to benefit from autonomous team production versus non-autonomous team production in terms of labor productivity and product quality.  Again, there are three relevant measures describing autonomous team production and another three for non-autonomous team production, analogous to the “A” effects for teams in general.

What is the effect of autonomous, or self-managing, teams on labor productivity?

Effect B1 = Prob(LABPROD=1 | TEAMS=1, AUTO=1) – Prob(LABPROD = 1 | TEAMS = 0)

Effect B2 = Prob(LABPROD=2 | TEAMS=1, AUTO=1) – Prob(LABPROD = 2 | TEAMS = 0)

Effect B3 = Prob(LABPROD=3 | TEAMS=1, AUTO=1) – Prob(LABPROD = 3 | TEAMS = 0)

What is the effect of autonomous, or self-managing, teams on product quality?

Effect B1Q = Prob(QUALITY=1 | TEAMS=1, AUTO=1) – Prob(QUALITY = 1 | TEAMS = 0)

Effect B2Q = Prob(QUALITY=2 | TEAMS=1, AUTO=1) – Prob(QUALITY = 2 | TEAMS = 0)

Effect B3Q = Prob(QUALITY=3 | TEAMS=1, AUTO=1) – Prob(QUALITY = 3 | TEAMS = 0)

What is the effect of non-autonomous teams on labor productivity?

Effect C1 = Prob(LABPROD=1 | TEAMS=1, AUTO=0) – Prob(LABPROD = 1 | TEAMS = 0)

Effect C2 = Prob(LABPROD=2 | TEAMS=1, AUTO=0) – Prob(LABPROD = 2 | TEAMS = 0)

Effect C3 = Prob(LABPROD=3 | TEAMS=1, AUTO=0) – Prob(LABPROD = 3 | TEAMS = 0)

What is the effect of non-autonomous teams on product quality?

Effect C1Q = Prob(QUALITY=1 | TEAMS=1, AUTO=0) – Prob(QUALITY = 1 | TEAMS = 0)

Effect C2Q = Prob(QUALITY=2 | TEAMS=1, AUTO=0) – Prob(QUALITY = 2 | TEAMS = 0)

Effect C3Q = Prob(QUALITY=3 | TEAMS=1, AUTO=0) – Prob(QUALITY = 3 | TEAMS = 0)

  A convenient way to assess the incremental effect of autonomy on labor productivity and product quality, given that teams are used, is to consider the difference between the “B Effects” and the “C Effects”, as follows: 

What is the incremental effect on labor productivity of autonomy, given that teams are used?

 (Effect D1)i = (Effect B1)i – (Effect C1)i =   

Prob(LABPROD=1 | TEAMSi=1, AUTOi=1) – Prob(LABPROD = 1 | TEAMSi = 1, AUTO = 0)

(Effect D2)i = (Effect B2)i – (Effect C2)i =   

Prob(LABPROD=2 | TEAMSi=1, AUTOi=1) – Prob(LABPROD = 2 | TEAMSi = 1, AUTO = 0)

(Effect D3)i = (Effect B3)i – (Effect C3)i =   

Prob(LABPROD=3 | TEAMSi=1, AUTOi=1) – Prob(LABPROD = 3 | TEAMSi = 1, AUTO = 0)

What is the incremental effect on product quality of autonomy, given that teams are used?

(Effect D1Q)i = (Effect B1Q)i – (Effect C1Q)i =   

Prob(QUALITY=1 | TEAMSi=1, AUTOi=1) – Prob(QUALITY = 1 | TEAMSi = 1, AUTO = 0)

(Effect D2Q)i = (Effect B2Q)i – (Effect C2Q)i =   

Prob(QUALITY=2 | TEAMSi=1, AUTOi=1) – Prob(QUALITY = 2 | TEAMSi = 1, AUTO = 0)

(Effect D3Q)i = (Effect B3Q)i – (Effect C3Q)i =   

Prob(QUALITY=3 | TEAMSi=1, AUTOi=1) – Prob(QUALITY = 3 | TEAMSi = 1, AUTO = 0)

I compute the B, C, and D effects for the same workplaces previously selected.
Tables 9 and 10 display the main results of this study for labor productivity and product quality.  In both of these tables, Effects A, B, C, and D are reported in the first four columns, respectively.  Given the definition of the “D” effects, the fourth column is simply the second less the third.  Results for the selected establishments of interest (the workplaces at the 0.25, 0.50, and 0.75 quantiles) are displayed in the three panels of the tables.  The first main result is that the typical or median workplace benefits considerably from team production in terms of labor productivity but not in terms of product quality.  The effect of team production is an 11.0 percentage point decrease in the probability that labor productivity is at or below the industry average.  The point estimates suggest that of these 11.0 percentage points, 8.0 are accounted for by an increase in the probability that labor productivity is better than the industry average and the remaining 3.0 are accounted for by an increase in the probability that labor productivity is “a lot above average” for the industry.  Although the point estimates reveal a positive effect of team production on product quality for the median workplace, this result is statistically insignificant.  


The second main result is that there is no important difference between the effects of autonomous teams and those of non-autonomous teams.  As was the case for team production in general, for both autonomous and non-autonomous team production the median workplace benefits considerably in terms of labor productivity.  While the point estimates suggest slightly higher benefits from autonomous teams than from non-autonomous teams, the difference between the two types of teams is statistically insignificant.  For product quality, the only effect that achieves significance at the ten percent level is the effect of autonomous teams on the probability that product quality is “a lot above” the industry average.  As with labor productivity, the point estimates are slightly more favorable to autonomous than to non-autonomous teams, but again the difference between the two types of teams is statistically insignificant.  The finding of no significant difference between autonomous and non-autonomous teams holds for the workplaces at the 0.25 and 0.75 quantiles as well as at the median.  At least in terms of statistical significance, the data therefore do not support the notion that self-managed or non-autonomous teams are superior to closely-managed or non-autonomous teams. 


The third main finding is that, while the workplaces at the 0.75 quantile experience predicted benefits to both labor productivity and product quality that far exceed those at the median, there is no evidence that the workplaces at the 0.25 quantile suffer in either dimension from using teams.  For the workplace at the 0.75 quantile in the labor productivity model, using teams is associated with a decrease of 21.0 percentage points in the predicted probability that labor productivity is at or below the industry average and an 8.7 percentage point increase in the probability that productivity is “a lot above” the industry average.  The corresponding numbers for the median workplace were only 11.0 and 3.0 percentage points, respectively.  For the workplace at the 0.75 quantile in the product quality model, using teams is associated with a decrease of 13.2 percentage points in the predicted probability that quality is at or below the industry average and an increase of 11.4 percentage points in the probability that quality is “a lot above” the industry average.  The corresponding numbers for the median workplace were only 3.7 and 6.0 percentage points, respectively, and neither were statistically insignificant.  Turning to the workplaces at lower quantiles of the predicted benefits from using teams, for labor productivity none of the effects are statistically significant for the workplace at the 0.25 quantile and even the point estimates do not suggest a detriment to using teams; while the predicted probability of experiencing labor productivity “a lot above” the industry average is lower when teams are used, so is the predicted probability of experiencing labor productivity “at or below” the industry average.  For product quality, while the point estimates for the workplace at the 0.25 quantile suggest a negative effect from using teams, the magnitudes are small and all effects are statistically insignificant.  


The fourth set of findings concerns the correlations among the unobserved determinants of the endogenous variables.  The pattern of signs on these correlations is the same for labor productivity and product quality.  That is, the estimates of σ02, σ13, and σ23 are all negative and that of σ12 is positive, though the estimate of σ02 ​is insignificant in the labor productivity model and the estimates of σ12 are insignificant in both models.  The results on σ13 and σ23 imply that the unobserved factors that make an establishment more likely to grant autonomy to teams also make the establishment less likely to use teams and mean that (in the event that teams are chosen), both labor productivity and product quality are likely to be lower.  A similar result was found for financial performance in DeVaro (2004); both σ13 and σ23 were negative, though only σ13 was statistically significant.  The finding that σ12 is positive suggests that unobserved factors that make an establishment more likely to choose teams also increase the likelihood of high labor productivity, product quality, or (as found in DeVaro 2004) financial performance.  In all of these cases, however, the positive estimates for σ12 were statistically insignificant. 
VI. ESTIMATION RESULTS FROM A “NON-STRUCTURAL” MODEL


A frequent approach in management research is to treat the choice variables of the organization (such as team production and autonomy in this study) as exogenous on the right-hand side of regressions of organizational outcomes.
  This approach is potentially problematic since unobserved determinants of organizational outcomes are likely correlated with some of the unobserved determinants of the management choice variables being studied.  If so, the result is biased estimates of the effects of interest.  In this subsection I investigate the extent to which we would have been misled in the current analysis, had we instead taken the standard approach of treating the choices of teams and autonomy as exogenous.  Ignoring the endogeneity amounts to assuming that the disturbances are uncorrelated across equations, or simply estimating the model equation-by-equation treating labor productivity and product quality as switching models with exogenous switching and exogenous autonomy.  The last four rows of Tables 7 and 8 display the structural estimates for the disturbance correlations.  They suggest that the data are incompatible with such restrictions for both labor productivity and product quality, since a number of these correlations are large in magnitude and precisely estimated.  Likelihood ratio tests reject the restrictions ( = I at the five percent level in the labor productivity model (p = 0.025) and at the one percent level in the product quality model (p < 0.001).  

If ( = I is nonetheless imposed on the model, a simple visual summary of how the results change can be seen by comparing Panels 1 and 2 of Figure 1 to Panels 3 and 4, where the latter two panels are computed using the estimates from the restricted model.  In Panels 3 and 4 the predicted effects are more heavily concentrated in the second quadrant (where the predicted benefits from teams are the highest) and less concentrated in the fourth quadrant (where the predicted benefits are the lowest) than in the corresponding structural scatter plots in Panels 1 and 2.  This shift in the scatter is clearly more pronounced for product quality than for labor productivity.  To reveal the magnitudes of these distortions, Tables 11 and 12 display the key effects of interest based on the constrained models.  These tables are analogous to Tables 9 and 10, respectively, that were based on the structural models.  For labor productivity, as seen by comparing Tables 9 and 11, the Effects A1, A2, and A3 that were found to be (-0.110, 0.080, 0.030) for the median establishment using the structural model would be (-0.125, 0.086, 0.039) if the endogeneity of teams and autonomy were ignored.  In this case the magnitude of the distortion is relatively modest.  
The magnitude of the bias is much larger in the case of product quality and gives rise to a qualitatively different conclusion.  As was seen in Table 10, Effects A1Q, A2Q, and A3Q were 
(-0.037, -0.023, 0.060) for the median establishment using the structural product quality model, and each of these estimates were statistically insignificant.  In contrast, as revealed in Table 12, when endogeneity is ignored the corresponding numbers are (-0.068, -0.014, 0.082) and are statistically significant.  In summary, by treating teams and autonomy as exogenous, we would incorrectly infer an economically and statistically significant positive effect of teams on product quality for the median workplace, whereas accounting for the endogeneity we would infer no statistically significant effect.  

Ignoring the endogeneity of teams and autonomy would also lead to mistaken inferences regarding the difference between autonomous and non-autonomous teams.  As revealed by the “D” effects in the fourth columns of Tables 9 and 10, the structural model implies that there are no statistically significant differences between autonomous and non-autonomous teams in their effects on either labor productivity or product quality.  In contrast, if the endogeneity of teams and autonomy is ignored, the fourth column of Table 12 would lead us to the erroneous conclusion that autonomous teams yield statistically significantly larger benefits to product quality than do non-autonomous teams, at each of the three quantiles of interest.  Regarding labor productivity, both the structural and non-structural models yield roughly the same qualitative conclusions regarding the difference between autonomous and non-autonomous teams.

VII. DISCUSSION

I conclude with a discussion of how the findings here relate to those in my earlier 

paper that addressed financial performance, commenting on what I believe the collective results from these two papers suggest about fruitful directions for future empirical research on teams.  First, let us recall the main results from the earlier paper:  i) for the typical or median workplace, team production was associated with significantly (in both a statistical and an economic sense) higher financial performance; ii) while the predicted benefits to financial performance were much higher at the 0.75 quantile than at the median, there was no statistical evidence of a detrimental effect of teams even as low as the 0.25 quantile of the distribution of predicted benefits from teams; iii) although the point estimates suggested larger benefits from non-autonomous than from autonomous teams at all quantiles considered, these differences between the two types of teams were never statistically significant; iv) unobserved determinants of teams were positively correlated with unobserved determinants of financial performance, and unobserved determinants of autonomy were negatively correlated with the unobserved determinants of financial performance given that teams were used; v) ignoring the endogeneity of teams and autonomy led to results that were less favorable to teams overall than the structural results and to an improvement in the predicted benefits of autonomous teams relative to non-autonomous teams (though the non-autonomous teams still had slightly higher predicted benefits than the autonomous teams). 

A single clear lesson emerges from the two papers, namely that empirical analyses of the effects of team production on organizational performance should treat the employers’ choices of teams and autonomy as endogenous.  Failure to do so could result in serious biases and misleading inferences regarding the effect of teams on organizational performance.  The point is made most vividly in the case of product quality and can be seen immediately by comparing Panels 2 and 4 of Figure 1; when teams and autonomy are treated as exogenous the result is a large bias that inflates the predicted benefits from using teams.  Furthermore, in general it is not possible to determine the sign of the bias introduced by ignoring the endogeneity of teams and autonomy.  In the cases of labor productivity and product quality the bias inflated the predicted benefits from teams, but in the case of financial performance the bias diminished the predicted benefits.  Moreover, the magnitude of the bias could range from relatively modest, as in the case of financial performance, to severe as in the case of product quality.  The researcher who treats teams and autonomy as exogenous variables in standard regressions therefore risks introducing biases of potentially large magnitudes and unknown signs.

In addition to biasing the measures of the overall effects of teams on organizational performance, neglecting the endogeneity of teams and autonomy is likely to inflate the benefits of autonomous teams relative to those of non-autonomous teams.  This second effect of the bias was observed for each of the three outcome measures.  In the case of financial performance, where the bias was relatively modest in magnitude, both the structural and the non-structural estimates implied a relatively small and statistically insignificant difference favoring non-autonomous teams.  However, ignoring the endogeneity resulted in a narrowing of the gap between the two types of teams, or an inflation of the benefits of autonomous teams relative to those of non-autonomous teams.  In both the structural and the non-structural labor productivity and product quality models, the point estimates always suggested an advantage for autonomous teams over non-autonomous teams.  However, whereas in the structural models these differences were always statistically insignificant, in the non-structural product quality model the bias inflated the relative benefits of autonomous teams so much that the difference became statistically significant at each of the three quantiles considered.  The same could be said of the labor productivity model, if the criterion for statistical significance is one-tailed hypothesis tests.

The finding that the endogeneity bias tends to inflate the relative benefits of autonomous teams as opposed to non-autonomous teams, at least in this data set with these three measures of organizational performance, is interesting in light of the common view that autonomous teams tend to be superior to non-autonomous teams in terms of their benefits to organizational performance.  For example, one of the leading texts in strategic HRM argues that “Closely managed teams miss many of the advantages that internally autonomous teams can have, while possessing a number of the disadvantages.  Except where concerns for internal equity are paramount, allowing teams the freedom to internally manage themselves seems to us the better strategy.” (Baron and Kreps 1999)  The results here and in my earlier paper suggest that neglecting the endogeneity of teams and autonomy might contribute to an overly sanguine view of the merits of autonomous teams relative to non-autonomous teams.  While my best estimates suggest no differences between the two types of teams for any of the three measures of organizational performance, neglecting the endogeneity in the WERS data would lead one to the erroneous conclusion that the typical establishment benefits more (in terms of labor productivity and particularly product quality) from autonomous than from non-autonomous teams.  

Another point that emerges from the two papers regarding the relative advantages of autonomous and non-autonomous teams is that whether autonomous teams are preferable to non-autonomous teams for the typical workplace depends on the measure of organizational performance considered.  In the present study of labor productivity and product quality, the point estimates favored autonomous teams.  In the earlier study on financial performance, the reverse was true.  In the empirical teams literature, the most commonly used measures of performance are labor productivity and product quality, whereas broader measures of organizational performance such as profit are much rarer.  The results of this study suggest that a second possible reason (apart from the endogeneity issue) for the relatively favorable view of autonomous teams is the heavy focus in the literature on outcome measures such as labor productivity.  If the focus of future work shifts more in the direction of broader measures of organizational performance, then the results from the WERS suggest that the evidence in favor of non-autonomous or closely-managed teams may improve.  Increased attention to broader outcome measures such as financial performance would be desirable in any case.  Such measures are more inclusive of the full spectrum of benefits and costs resulting from teams than are intermediate outcomes such as labor productivity.  Most firms will ultimately care the most about what effect a given HR policy has on profit, regardless of how various intermediates such as labor productivity and product quality may be affected.  In summary, this pair of studies suggests that greater attention both to endogeneity and to broader measures of organizational performance in future research is likely to yield results that are more favorable to non-autonomous teams than have been found in previous work. 

APPENDIX
Exogenous Variables Included in the Model

I included the following common set of control variables in each of X1, X2, and X3.   

Establishment size: total number of full time, part time, and temporary workers at the

establishment  

Single: dummy variable that equals 1 if the establishment is either a single independent

establishment not belonging to another body, or the sole UK establishment of a foreign organization and equals 0 if the establishment is one of a number of different establishments within a larger organization      

Part time: number of temporary workers at the establishment as a fraction of firm size

Temp: dummy variable that equals 1 if there are temporary agency employees working at the

establishment at the time of the survey and equals 0 otherwise

Fixed Term 1: dummy variable that equals 1 if there are employees who are working on a

temporary basis or have fixed-term contracts for less than one year and equals 0 otherwise

Fixed Term 2: dummy variable that equals 1 if there are employees who have fixed term

contracts for one year or more and equals 0 otherwise

Union: dummy variables that equals 1 if any of the workers at the establishment belong to a

Union and equals 0 otherwise

Ownership 1: dummy variable that equals 1 if the establishment is a private sector company

and a franchise and equals 0 otherwise

Ownership 2: dummy variable that equals 1 if the establishment is a private sector company

but not a franchise and equals 0 otherwise

Ownership 3: dummy variable that equals 1 if the establishment is an alternative private

sector firm and a franchise and equals 0 otherwise 

Ownership 4: dummy variable that equals 1 if the establishment is an alternative private

sector firm but not a franchise and equals 0 otherwise 

Ownership 5: dummy variable that equals 1 if the establishment is in the public sector and 

equals 0 otherwise


In the TEAMS equation I include a dummy variable indicating whether a just-in-time system is in operation at the establishment.  Specifically, the employer is asked “Does this workplace operate a system designed to minimize inventories, supplies or work-in progress?  This is sometimes known as Just-in-Time.”  Responses are coded as one for yes and zero for no.  The TEAMS equation also includes twelve industry dummies and ten dummies for the establishment’s largest occupational group.  


In the autonomy equation I include a set of four proxies for the organizational and informational structure of the establishment, the alignment of incentives between workers and owners, and the importance to the establishment of monitoring inputs.  The first three of these are qualitative measures of managerial opinion.  The respondent manager is asked to comment on each of a list of statements, responding with “Strongly agree” (1), “Agree” (2), “Neither agree nor disagree” (3), “Disagree” (4), or “Strongly disagree” (5).  The questions of interest as determinants of team autonomy are as follows:

Information:  “Those at the top are best placed to make decisions about this workplace.”

Incentive Alignment:  “Employees here are fully committed to the values of this

organization.”

Decisions:  “Most decisions at this workplace are made without consulting employees.”

In addition to these managerial opinion variables, as a proxy for the importance the employer places on monitoring worker inputs, I include a discrete variable measuring the proportion of workers at the establishment that ever work from home during normal working hours.  Responses include: “Half or more 50%+”, “A quarter up to a half 25-49%”, “Up to a quarter 10-24%”, “A small proportion 5-9%”, “Hardly any (less than 5%)”, or “None 0%”.  

The full specification of the exogenous variables in X1, X2, and X3 is summarized in the following table.  

Exogenous Variables Included in Structural Model

	
	LABPRODi and QUALITYi
	TEAMSi
	AUTOi

	
	X1
	X2
	X3

	Establishment Size
	YES
	YES
	YES

	Single
	YES
	YES
	YES

	Part Time
	YES
	YES
	YES

	Temp
	YES
	YES
	YES

	Fixed Term 1
	YES
	YES
	YES

	Fixed Term 2
	YES
	YES
	YES

	Union
	YES
	YES
	YES

	Ownership 1
	YES
	YES
	YES

	Ownership 2
	YES
	YES
	YES

	Ownership 3
	YES
	YES
	YES

	Ownership 4
	YES
	YES
	YES

	Ownership 5
	YES
	YES
	YES

	Just-In-Time Production
	
	YES
	

	Information
	
	
	YES

	Incentive Alignment
	
	
	YES

	Decisions
	
	
	YES

	Work at Home
	
	
	YES

	Industry controls (12)
	
	YES
	YES

	Occupation controls (10)
	
	YES
	YES


Constructing the Likelihood Function

The statistical model can be described as a simultaneous system involving both a censored probit and an ordered probit switching model with endogenous switching.  Note that for the ith workplace in the data there are nine possible discrete outcomes.  Letting ( denote the vector of parameters in the model and Yi the measure of organizational performance (either labor productivity or product quality), the probabilities of these outcomes and the corresponding values of the discrete endogenous variables in the model are as follows:

	Probability
	Yi =
	TEAMSi =
	AUTOi =

	P1i(()
	1
	1
	1

	P2i(()
	1
	1
	0

	P3i(()
	2
	1
	1

	P4i(()
	2
	1
	0

	P5i(()
	3
	1
	1

	P6i(()
	3
	1
	0

	P7i(()
	1
	0
	unobserved

	P8i(()
	2
	0
	unobserved

	P9i(()
	3
	0
	unobserved


Let Zji = 1 if workplace i experiences the jth outcome

           = 0 otherwise,
for i = 1, 2, … , N and j = 1, 2, …, 9

Then the likelihood function, L*, is
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       and the log-likelihood function, L, is 
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Since each of the endogenous variables is observed only discretely, each probability of the form Pji(() is a multiple integral of the joint density f((0i, (1i, (2i, (3i).  Suppressing all subscripts i, the expression for P1i(() is as follows:  
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 Probabilities P2(() to P9(() are similarly defined.

I used the MAXLIK routine in GAUSS and the BFGS algorithm to maximize the log-likelihood function, using Gauss-Legendre quadrature to compute the multiple integrals that appear in the probability functions.  Since a small number of establishments have missing values for some of the exogenous variables, the estimation sample sizes are slightly smaller than those listed in the tabulations of the endogenous variables in Tables 1-4.  To produce starting values I estimated each equation individually using either probit or ordered probit estimation.  Although only a subset of the parameters are consistently estimated using this method, the BFGS algorithm converged to a local maximum without incident.  Given that part of the structural model is a switching model with endogenous switching, and that in such models it is not unusual for the log-likelihood function to have multiple local maxima (see, for example, Maddala and Nelson 1974), I also estimated the model from a variety of alternative starting vectors.  In all cases in which convergence was achieved the same local maximum was always attained.  I computed standard errors via the parametric bootstrap with 100 replications.  
Treatment Effects of Interest for Teams and Autonomy
The effects of interest are functions of the Pj(() and are computed as follows, evaluating the expressions for Pj at the estimated values of (:
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TABLE 1:  Labor Productivity by % of Largest Occupational Group in Teams

	
	0%
	1-19%
	20-39%
	40-59%
	60-79%
	80-99%
	100%

	Observed Cell Counts of Labor Productivity

	A lot below average
	2
	1
	2
	2
	2
	0
	1

	Below average
	10
	3
	11
	6
	12
	19
	23

	About average for industry
	110
	46
	52
	47
	90
	152
	263

	Better than average
	75
	34
	67
	32
	88
	142
	272

	A lot better than average
	22
	11
	12
	6
	16
	37
	101

	Observed Distribution of Labor Productivity

	A lot below average
	0.9
	1.1
	1.4
	2.2
	1.0
	0.0
	0.2

	Below average
	4.6
	3.2
	7.6
	6.5
	5.8
	5.4
	3.5

	About average for industry
	50.2
	48.4
	36.1
	50.5
	43.3
	43.4
	39.8

	Better than average
	34.2
	35.8
	46.5
	34.4
	42.3
	40.6
	41.2

	A lot better than average
	10.0
	11.6
	8.3
	6.5
	7.7
	10.6
	15.3

	Column sum
	100
	100
	100
	100
	100
	100
	100


Note:  Column categories represent the fraction of the largest occupational group that is engaged in team production.  Row categories represent the labor productivity of the establishment relative to the industry average, as reported by the respondent manager.  The upper panel contains cell counts for the 1769

establishments, and the lower panel provides the same information as percentages of the column sums. 

TABLE 2:  Labor Productivity by % of Largest Occupational Group in Autonomous Teams

	
	1-19%
	20-39%
	40-59%
	60-79%
	80-99%
	100%

	Observed Cell Counts of Labor Productivity, Given Autonomous Teams

	A lot below average
	1
	1
	1
	2
	0
	0

	Below average
	2
	4
	2
	7
	9
	15

	About average for industry
	22
	23
	20
	49
	77
	153

	Better than average
	16
	32
	17
	42
	86
	171

	A lot better than average
	5
	4
	4
	10
	21
	59

	Observed Distribution of Labor Productivity, Given Autonomous Teams

	A lot below average
	2.2
	1.6
	2.3
	1.8
	0.0
	0.0

	Below average
	4.3
	6.3
	4.5
	6.4
	4.7
	3.8

	About average for industry
	47.8
	35.9
	45.5
	44.5
	39.9
	38.4

	Better than average
	34.8
	50.0
	38.6
	38.2
	44.6
	43.0

	A lot better than average
	10.9
	6.3
	9.1
	9.1
	10.9
	14.8

	Column sum
	100
	100
	100
	100
	100
	100


Note:  Column categories represent the fraction of the largest occupational group that is engaged in 
team production, given that teams are used and granted autonomy.  Row categories represent the labor productivity of the establishment relative to the industry average, as reported by the respondent manager.  The upper panel contains cell counts for the 855 establishments, and the lower panel provides the same 
information as percentages of the column sums.

TABLE 3:  Product Quality by % of Largest Occupational Group in Teams

	
	0%
	1-19%
	20-39%
	40-59%
	60-79%
	80-99%
	100%

	Observed Cell Counts of Product Quality

	A lot below average
	0
	0
	0
	1
	0
	0
	2

	Below average
	8
	2
	4
	1
	5
	9
	17

	About average for industry
	66
	24
	44
	23
	58
	102
	177

	Better than average
	131
	54
	70
	49
	115
	209
	366

	A lot better than average
	48
	20
	31
	19
	48
	78
	185

	Observed Distribution of Product Quality

	A lot below average
	0.0
	0.0
	0.0
	1.1
	0.0
	0.0
	0.3

	Below average
	3.2
	2.0
	2.7
	1.1
	2.2
	2.3
	2.3

	About average for industry
	26.1
	24.0
	29.5
	24.7
	25.7
	25.6
	23.7

	Better than average
	51.8
	54.0
	47.0
	52.7
	50.9
	52.5
	49.0

	A lot better than average
	19.0
	20.0
	20.8
	20.4
	21.2
	19.6
	24.8

	Column sum
	100
	100
	100
	100
	100
	100
	100


Note:  Column categories represent the fraction of the largest occupational group that is engaged in team production.  Row categories represent the product quality of the establishment relative to the industry average, as reported by the respondent manager.  The upper panel contains cell counts for the 1966 
establishments, and the lower panel provides the same information as percentages of the column sums. 

TABLE 4:  Product Quality by % of Largest Occupational Group in Autonomous Teams

	
	1-19%
	20-39%
	40-59%
	60-79%
	80-99%
	100%

	Observed Cell Counts of Product Quality, Given Autonomous Teams

	A lot below average
	0
	0
	0
	0
	0
	1

	Below average
	1
	2
	1
	2
	4
	8

	About average for industry
	12
	21
	7
	35
	60
	99

	Better than average
	30
	30
	26
	61
	113
	223

	A lot better than average
	7
	13
	9
	24
	51
	115

	Observed Distribution of Product Quality, Given Autonomous Teams

	A lot below average
	0.0
	0.0
	0.0
	0.0
	0.0
	0.2

	Below average
	2.0
	3.0
	2.3
	1.6
	1.8
	1.8

	About average for industry
	24.0
	31.8
	16.3
	28.7
	26.3
	22.2

	Better than average
	60.0
	45.5
	60.5
	50.0
	49.6
	50.0

	A lot better than average
	14.0
	19.7
	20.9
	19.7
	22.4
	25.8

	Column sum
	100
	100
	100
	100
	100
	100


Note:  Column categories represent the fraction of the largest occupational group that is engaged 
in team production, given that teams are used and granted autonomy.  Row categories represent 
the product quality of the establishment relative to the industry average, as reported by the 
respondent manager.  The upper panel contains cell counts for the 955 establishments, and the 
lower panel provides the same information as percentages of the column sums.

TABLE 5:  Distribution of Establishments by Industry and Largest Occupational Group

	
	Number of

Establishments
	Percent of Total

	Distribution by Industry

	Manufacturing
	299
	13.6

	Electricity, Gas, and Water
	80
	3.7

	Construction
	112
	5.1

	Wholesale and Retail
	322
	14.7

	Hotels and Restaurants
	127
	5.8

	Transport and Communication
	136
	6.2

	Financial Services
	101
	4.6

	Other Business Services
	227
	10.4

	Public Administration
	183
	8.4

	Education
	244
	11.1

	Health
	249
	11.4

	Other Community Services
	111
	5.1

	         Total
	2191
	100

	Distribution by Largest Occupational Group

	Managers & Administrators
	15
	0.7

	Professional Occupations
	309
	14.1

	Associate Professional & Technical Occupations
	180
	8.2

	Clerical & Secretarial Occupations
	390
	17.8

	Craft & Related Occupations
	231
	10.5

	Personal & Protective Service Occupations
	314
	14.3

	Sales Occupations
	237
	10.8

	Plant & Machine Operatives
	278
	12.7

	Other Occupations
	237
	10.8

	         Total
	2191
	100


TABLE 6:  Descriptive Statistics for Variables in

         Structural Teams Models

	
	Mean
	Standard Deviation

	Dependent Variables

	Labor Productivity
	1.632
	0.681

	Product Quality
	1.942
	0.701

	Teams
	0.870
	0.337

	Autonomy
	0.554
	0.497

	Firm Controls

	Single
	0.217
	0.412

	Firm Size
	294.3
	857.4

	Part Time
	0.258
	0.280

	Temp
	0.380
	0.486

	Fixed Term 1
	0.439
	0.496

	Fixed Term 2
	0.241
	0.428

	Union
	0.659
	0.474

	Ownership 1
	0.011
	0.106

	Ownership 2
	0.372
	0.483

	Ownership 3
	0.011
	0.104

	Ownership 4
	0.300
	0.458

	Ownership 5
	0.309
	0.462

	Just-in-time
	0.296
	0.457

	Information
	2.729
	1.086

	Incentive Alignment
	2.310
	0.846

	Decisions
	3.742
	0.980

	Work at Home
	5.369
	0.930


Note:  The structural models also include industry and occupation

dummies.  Table 5 reports the distributions of these variables.

TABLE 7:  Estimates from Structural Model for Labor Productivity

	
	LABPROD* (TEAMS=1)
	LABPROD* (TEAMS=0)
	TEAMS*
	AUTO*

	AUTO
	0.816**
	●
	●
	●

	
	(0.173)
	
	
	

	Single
	0.023
	-0.089
	-0.138
	-0.184*

	
	(0.082)
	(0.189)
	(0.105)
	(0.105)

	Firm Size
	-0.002
	-0.068
	0.052**
	-0.004

	
	(0.004)
	(0.057)
	(0.022)
	(0.004)

	Part time
	0.203*
	0.133
	-0.263
	0.066

	
	(0.114)
	(0.307)
	(0.250)
	(0.183)

	Temp
	-0.035
	-0.133
	0.146
	-0.261**

	
	(0.067)
	(0.241)
	(0.108)
	(0.080)

	Fixed Term 1
	0.017
	-0.059
	0.227**
	-0.043

	
	(0.070)
	(0.213)
	(0.106)
	(0.076)

	Fixed Term 2
	0.067
	-0.481
	0.259*
	0.008

	
	(0.083)
	(0.301)
	(0.150)
	(0.098)

	Union
	-0.017
	0.313
	0.145
	-0.025

	
	(0.078)
	(0.215)
	(0.115)
	(0.104)

	Ownership 1
	0.611**
	0.245
	0.521
	-0.411

	
	(0.245)
	(2.010)
	(1.124)
	(0.321)

	Ownership 2
	0.229**
	0.444
	-0.045
	-0.032

	
	(0.077)
	(0.300)
	(0.173)
	(0.118)

	Ownership 3
	-0.369
	0.174
	-0.105
	-0.131

	
	(0.334)
	(1.375)
	(0.349)
	(0.371)

	Ownership 4
	0.018
	0.670**
	-0.162
	0.155

	
	(0.091)
	(0.322)
	(0.190)
	(0.122)

	Just-in-time
	●
	●
	0.312**
	●

	
	
	
	(0.119)
	

	Information
	●
	●
	●
	0.102**

	
	
	
	
	(0.030) 

	Incentive alignment
	●
	●
	●
	-0.193**

	
	
	
	
	(0.047)

	Decisions
	●
	●
	●
	0.071**

	
	
	
	
	(0.033)

	Work at home
	●
	●
	●
	-0.063*

	
	
	
	
	(0.038)

	Constant
	-0.627**
	-0.893
	0.968**
	0.686**

	
	(0.169)
	(0.561)
	(0.277)
	(0.320)

	c
	1.145

	
	(0.065)

	σ 02
	-0.200

	
	(0.157)

	σ 12
	0.381

	
	(1.283)

	σ 13
	-0.527**

	
	(0.012)

	σ 23
	-0.692**

	
	(0.009)


Note: Standard errors from the parametric bootstrap are in parentheses (100 bootstrap replications).  * and ** indicate significance
at the 10% and 5% levels, respectively.   Industry controls and indicators for the largest occupational group are also included in 
the TEAMS* and AUTO* equations.  Sample size is 1727. 

TABLE 8:  Estimates from Structural Model for Quality of Product or Service

	
	QUALITY* (TEAMS=1)
	QUALITY* (TEAMS=0)
	TEAMS*
	AUTO*

	AUTO
	1.141**
	●
	●
	●

	
	(0.138)
	
	
	

	Single
	0.176**
	0.242
	-0.159
	-0.152

	
	(0.076)
	(0.151)
	(0.111)
	(0.100)

	Firm Size
	0.001
	-0.091**
	0.049**
	-0.005

	
	(0.004)
	(0.044)
	(0.023)
	(0.005)

	Part time
	0.006
	0.221
	-0.194
	0.038

	
	(0.108)
	(0.196)
	(0.211)
	(0.163)

	Temp
	0.028
	-0.318*
	0.090
	-0.184**

	
	(0.070)
	(0.174)
	(0.102)
	(0.072)

	Fixed Term 1
	-0.075
	-0.046
	0.210**
	-0.037

	
	(0.060)
	(0.157)
	(0.101)
	(0.078)

	Fixed Term 2
	-0.045
	-0.184
	0.250**
	0.079

	
	(0.074)
	(0.210)
	(0.120)
	(0.085)

	Union
	-0.135*
	-0.052
	0.185**
	0.035

	
	(0.073)
	(0.144)
	(0.091)
	(0.091)

	Ownership 1
	0.470*
	0.020
	0.609
	-0.398

	
	(0.252)
	(1.396)
	(1.455)
	(0.330)

	Ownership 2
	0.408**
	0.542**
	-0.025
	-0.008

	
	(0.086)
	(0.249)
	(0.158)
	(0.101)

	Ownership 3
	0.198
	-0.037
	-0.036
	-0.199

	
	(0.298)
	(0.834)
	(0.346)
	(0.382)

	Ownership 4
	0.375**
	0.576**
	-0.135
	0.073

	
	(0.095)
	(0.235)
	(0.155)
	(0.121)

	Just-in-time
	●
	●
	0.316**
	●

	
	
	
	(0.096)
	

	Information
	●
	●
	●
	0.078**

	
	
	
	
	(0.029) 

	Incentive alignment
	●
	●
	●
	-0.211**

	
	
	
	
	(0.047)

	Decisions
	●
	●
	●
	0.064**

	
	
	
	
	(0.030)

	Work at home
	●
	●
	●
	-0.075**


	
	
	
	
	(0.035)

	Constant
	-0.329*
	-0.855**
	0.944**
	0.813**

	
	(0.180)
	(0.294)
	(0.264)
	(0.347)

	c
	1.201

	
	(0.084)

	σ 02
	-0.653**

	
	(0.006)

	σ 12
	0.096

	
	(0.491)

	σ 13
	-0.697**

	
	(0.003)

	σ 23
	-0.464**

	
	(0.046)


Note: Standard errors from the parametric bootstrap are in parentheses and are based on 100 bootstrap replications. 

* and ** indicate significance at the 10% and 5% levels, respectively.  Industry effects and indicators for the establishment’s

largest occupational group are also included in the TEAMS* and AUTO* equations.  Sample size is 1917.

TABLE 9

Effect of Team Production on Labor Productivity of Selected Workplaces

AUTO = Team Members Jointly Decide How the Work is to be Done

Panel 1:  Results for Workplace at 0.25 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.016
(0.059)
	-0.042
(0.061)
	-0.002
(0.064)
	-0.040
(0.039)

	Better than average
	0.029
(0.047)
	0.050
(0.048)
	0.018
(0.049)
	0.032
(0.025)

	A lot better than average
	-0.013
(0.034)
	-0.008
(0.035)
	-0.016
(0.036)
	0.009
(0.018)


Panel 2:  Results for Workplace at Median of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.110**
(0.051)
	-0.112*
(0.057)
	-0.107**
(0.054)
	-0.005
(0.044)

	Better than average
	 0.080**
(0.039)
	0.081**
(0.041)
	0.079**
(0.040)
	0.002

(0.024)

	A lot better than average
	0.030
(0.021)
	0.031
(0.025)
	0.028
(0.022)
	0.003
(0.023)


Panel 3:  Results for Workplace at 0.75 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.210**
(0.056)
	-0.246**
(0.060)
	-0.193**
(0.061)
	-0.053
(0.050)

	Better than average
	0.124**
(0.059)
	0.142**
(0.063)
	0.114**
(0.057)
	0.028

(0.030)

	A lot better than average
	 0.087**
(0.026)
	0.103**
(0.028)
	 0.079**
(0.034)
	0.025
(0.025)


Notes:  Cell entries denote the effects of team production on the probability that labor productivity is a lot better than average for the industry, better than average for the industry, and at or below the industry average.  Standard errors from the parametric bootstrap (100 replications) are in parentheses.  * and ** denote statistical significance at the 10% and 5% levels, respectively

TABLE 10

Effect of Team Production on Product Quality of Selected Workplaces

AUTO = Team Members Jointly Decide How the Work is to be Done

Panel 1:  Results for Workplace at 0.25 Quantile of (Effect A3Q – Effect A1Q)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	0.033
(0.044)
	0.033
(0.047)
	0.031
(0.049)
	0.002
(0.043)

	Better than average
	-0.028
(0.059)
	-0.033
(0.059)
	-0.018
(0.064)
	-0.016
(0.039)

	A lot better than average
	-0.005
(0.043)
	-0.0002
(0.043)
	-0.014
(0.052)
	0.014
(0.035)


Panel 2:  Results for Workplace at Median of (Effect A3Q – Effect A1Q)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.037
(0.042)
	-0.038
(0.048)
	-0.035
(0.042)
	-0.004
(0.039)

	Better than average
	 -0.023
(0.063)
	-0.030
(0.069)
	-0.012
(0.059)
	-0.018
(0.036)

	A lot better than average
	0.060
(0.037)
	0.069*
(0.040)
	0.047
(0.041)
	0.022
(0.028)


Panel 3:  Results for Workplace at 0.75 Quantile of (Effect A3Q – Effect A1Q)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.132**
(0.057)
	-0.141**
(0.061)
	-0.123**
(0.063)
	-0.019
(0.052)

	Better than average
	0.018
(0.087)
	0.020
(0.094)
	0.015
(0.084)
	0.006
(0.043)

	A lot better than average
	 0.114**
(0.049)
	0.121**
(0.054)
	 0.108*
(0.061)
	0.013
(0.035)


Notes:  Cell entries denote the effects of team production on the probability that product quality is a lot better than average for the industry, better than average for the industry, and at or below the industry average.  Standard errors from the parametric bootstrap (100 replications) are in parentheses.  * and ** denote statistical significance at the 10% and 5% levels, respectively.
TABLE 11

“Non-Structural” Effect of Team Production on Labor Productivity of Selected Workplaces

AUTO = Team Members Jointly Decide How the Work is to be Done

Panel 1:  Results for Workplace at 0.25 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.027
(0.045)
	-0.046
(0.045)
	-0.014
(0.048)
	-0.032
(0.023)

	Better than average
	0.015
(0.035)
	0.025
(0.034)
	0.008
(0.036)
	0.017
(0.013)

	A lot better than average
	0.012
(0.027)
	0.021
(0.027)
	0.006
(0.028)
	0.015
(0.012)


Panel 2:  Results for Workplace at Median of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.125**
(0.047)
	-0.137**
(0.046)
	-0.105**
(0.049)
	-0.032
(0.023)

	Better than average
	 0.086**
(0.033)
	0.094**
(0.034)
	0.074**
(0.034)
	0.020
(0.013)

	A lot better than average
	0.039**
(0.019)
	0.043**
(0.020)
	0.031
(0.019)
	0.012
(0.012)


Panel 3:  Results for Workplace at 0.75 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.214**
(0.071)
	-0.221**
(0.072)
	-0.189**
(0.072)
	-0.032
(0.023)

	Better than average
	0.126*
(0.065)
	0.129**
(0.066)
	0.115*
(0.065)
	0.014
(0.011)

	A lot better than average
	 0.088**
(0.024)
	0.092**
(0.026)
	 0.074**
(0.023)
	0.018
(0.013)


Notes:  Cell entries denote the effects of team production on the probability that labor productivity is a lot better than average for the industry, better than average for the industry, and at or below the industry average.  Standard errors from the parametric bootstrap (100 replications) are in parentheses.  * and ** denote statistical significance at the 10% and 5% levels, respectively.

TABLE 12
“Non-Structural” Effect of Team Production on Product Quality of Selected Workplaces

AUTO = Team Members Jointly Decide How the Work is to be Done

Panel 1:  Results for Workplace at 0.25 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.045
(0.033)
	-0.062*
(0.035)
	-0.022
(0.034)
	-0.039**
(0.020)

	Better than average
	0.024
(0.021)
	0.033

(0.022)
	0.013
(0.021)
	0.020*
(0.012)

	A lot better than average
	0.021
(0.029)
	0.029
(0.031)
	0.010
(0.029)
	0.019
(0.019)


Panel 2:  Results for Workplace at Median of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.068*
(0.041)
	-0.084*
(0.043)
	-0.059
(0.040)
	-0.025
(0.019)

	Better than average
	 -0.014
(0.036)
	-0.022
(0.037)
	-0.010
(0.033)
	-0.012
(0.010)

	A lot better than average
	0.082**
(0.031)
	0.106**
(0.034)
	0.070**
(0.031)
	0.037*
(0.020)


Panel 3:  Results for Workplace at 0.75 Quantile of (Effect A3 – Effect A1)

	
	All Teams
	Autonomous Teams
	Non-Autonomous Teams
	Difference

	Average or below
	-0.196**
(0.064)
	-0.213**
(0.068)
	-0.175**
(0.061)
	-0.039*
(0.022)

	Better than average
	0.116*
(0.060)
	0.123*
(0.063)
	0.107*
(0.055)
	0.017
(0.012)

	A lot better than average
	 0.080**
(0.034)
	0.090**
(0.038)
	 0.068**
(0.034)
	0.022
(0.016)


Notes:  Cell entries denote the effects of team production on the probability that product quality is a lot better than average for the industry, better than average for the industry, and at or below the industry average.  Standard errors from the parametric bootstrap (100 replications) are in parentheses.  * and ** denote statistical significance at the 10% and 5% levels, respectively.

          FIGURE 1:  Effect of Teams on Labor Productivity and Product Quality
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Panel 3: 'Non-structural' Effect of Teams on Labor Productivity


EffectA3


EffectA1


-.5


0


.5


-.4


-.2


0


.2


.4


Panel 4: 'Non-structural' Effect of Teams on Product Quality
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Notes:  Workplaces with the highest predicted benefits from teams are those farthest from the origin
in the second quadrant, whereas those with the lowest predicted benefits are those farthest from the 
origin in the fourth quadrant.  Panels 1 and 2 compute the effects of interest from the unconstrained 
structural model, whereas Panels 3 and 4 compute the effects using the estimates from the models that
impose ( = I in estimation.  Sample sizes are N = 1727 in the labor productivity model and N = 1917

in the product quality model.  The axes are defined as follows:   
(Effect A1)i = Prob(LABPRODi = 1 | TEAMSi = 1) – Prob(LABPRODi = 1 | TEAMSi = 0)

(Effect A2)i = Prob(LABPRODi = 2 | TEAMSi = 1) – Prob(LABPRODi = 2 | TEAMSi = 0)

(Effect A3)i = Prob(LABPRODi = 3 | TEAMSi = 1) – Prob(LABPRODi = 3 | TEAMSi = 0)

(Effect A1Q)i = Prob(QUALITYi = 1 | TEAMSi = 1) – Prob(QUALITYi = 1 | TEAMSi = 0)

(Effect A2Q)i = Prob(QUALITYi = 2 | TEAMSi = 1) – Prob(QUALITYi = 2 | TEAMSi = 0)

(Effect A3Q)i = Prob(QUALITYi = 3 | TEAMSi = 1) – Prob(QUALITYi = 3 | TEAMSi = 0)
























































































� The idea that team production should yield benefits through the particular channel of product quality has also been discussed in the quality management literature, including Juran and Gryna (1980) which suggests the benefits of  “breakthrough” teams and Deming (1986) which argues that quality improvement is realized through worker input  and cooperation between workers and management.


� See DeVaro (2004) for a more detailed discussion of the theory of delegation of authority in organizations and the rationale for granting teams autonomy.


� See Griffin and McMahan (1994) for a review of this literature.  More recently, DeVaro, Li, and Samuelson (2004) review the empirical literature and test some propositions of the Job Characteristics Model using the 1998 wave of the WERS data.


� Another example from the apparel manufacturing industry is Berg, Appelbaum, Bailey and Kalleberg (1996), which found that team production improved such outcomes as quality, costs, and responsiveness to retailers via better coordination among team members as a result of their ability to self-regulate work, eliminate bottlenecks, resolve conflicts, help one another solve problems, and make improvements to the production process.  


� As suggested by these examples, the majority of empirical studies on teams that have used the case study approach or considered a single industry have focused on the manufacturing sector.  An example from the service sector is Batt (1999), which found that the use of self-managed teams among customer service and sales workers yields a statistically significant improvement in self-reported service quality and sales per employee (the measure of labor productivity in sales occupations).  When combined with new technology usage, teams boost sales by an even greater magnitude.  Batt’s (2001) empirical results suggest that there are no significant differences in labor productivity and service quality when field technicians work in teams rather than independently.


� The evidence suggests that teams are an important component of such high-performance systems, and teams are almost always included in empirical measures of high-performance systems.  Analyzing data on 56,000 U.S. production workers, Cappelli and Rogovsky (1994) found that one of the most common skills required by new work practices is the ability to work as a team. 


� In the disciplines of management, psychology, and organizational behavior, the choice of outcome variables in empirical research on teams is guided by the goal of evaluating group effectiveness (Gladstein 1984, Hackman 1991).  Group effectiveness includes both outcomes of particular interest to firms, such as labor productivity and product quality, and outcomes of particular interest to workers, such as job satisfaction.  The dependent variables used in studies in this vein are from three main groups: organizational performance outcomes (e.g. quantity and quality of outputs, efficiency, labor productivity, sales, response time, wages, customer satisfaction, innovation); team member attitudinal outcomes (e.g. employee satisfaction, commitment, trust in management); and behavioral outcomes (e.g. worker absenteeism, turnover, safety).  An extensive summary of this literature can be found in Cohen and Bailey (1997). 


� There are several alternative modeling approaches that might have been taken.  A simpler approach involves only one equation for labor productivity rather than a switching model.  This would include two endogenous treatment variables on the right-hand side, for autonomous teams and non-autonomous teams, with “no teams” serving as the reference group.  The model I estimate is less restrictive than this, since in the switching model the teams treatment is allowed to interact with all of the other observable and unobservable determinants of labor productivity.  Yet another approach involves a three-equation switching model for labor productivity rather than the two-equation model I estimate.  There would be one labor productivity equation for autonomous teams, a second equation for non-autonomous teams, and a third equation for “no teams.”  This model is less restrictive than the one I estimate, since it allows both the teams treatment and the autonomy treatment to interact with firm characteristics, whereas in my model autonomy enters only as an intercept shift.  I view my approach of modeling the two treatments asymmetrically (allowing the TEAMS treatment to interact with all of the other firm characteristics while restricting the AUTO treatment to an intercept shift) as a compromise, given the sample size and costs of computation.


� For example, in ordered probits of labor productivity and product quality the coefficients on “just-in-time” are statistically insignificant.  For labor productivity, the just-in-time coefficient is -0.047 (Z = 0.40), and for product quality it is 0.152 (Z = 1.27).


� Among other places, this is argued in Baron and Kreps (1999).  Following a measured endorsement of granting autonomy to teams, they append the following footnote describing the necessary preconditions for the granting of autonomy to be beneficial.  “Of course, this takes as given that team members have internalized the organization’s goals and possess the information and resources (including training) necessary to manage themselves effectively.  If these conditions are not satisfied, then the management involved has been derelict in establishing the preconditions for a [self-managed or autonomous] team to work effectively.”  Baron and Kreps (1999)


� The reported standard errors are based on 100 replications from the parametric bootstrap, computed according to the following algorithm:





i.  Take N pseudo-random draws from the standard normal distribution to simulate ε2.


ii.  Compute TEAMS* for each observation using the estimated parameters and the simulated disturbances from Step


      i.  Then use TEAMS* to compute TEAMS.


iii.  For all observations for which TEAMS = 0 from Step ii, take a pseudo-random draw from the conditional


      distribution of ε0 given ε2 and use it in conjunction with the estimated parameters to compute LABPROD* and


      LABPROD given that TEAMS = 0.   


iv.  For all observations for which TEAMS = 1 from Step ii, take a pseudo-random draw from the conditional


      distribution of ε3 given ε2 and compute AUTO* and AUTO for these observations.  Next take a pseudo-random 


      draw from the conditional distribution of ε1 given ε2 and ε3 and use it in conjunction with AUTO and the


      estimated parameters to compute LABPROD* and LABPROD given that TEAMS = 1.


v.  Combine the constructed variables LABPROD, TEAMS, and AUTO with the actual exogenous variables X1, X2,


      and X3, to produce a bootstrap sample with which to estimate the model.  


vi.  Estimate the model using the data from Step v.


vii.  Repeat the above steps 100 times, and take the standard deviation of the sampling distribution for each


       parameter. 


� Evaluating the expressions for Pij at the estimated parameters, the effects of interest in the labor productivity model are computed as follows (with Effect A1Q, A2Q, A3Q from the product quality model defined analogously):


� EMBED Equation.3  ���


� While a univariate measure of the predicted benefits from teams significantly eases the presentation of results, collapsing Effects A3 and A1 into (Effect A3 – Effect A1) necessarily involves some loss of information, since neither Effect A3 nor Effect A1 can be inferred from their difference.  For example, suppose that one workplace has Effect A3 = 0.10 and Effect A1 = -0.07, whereas another has Effect A3 = 0.07 and Effect A1 = -0.10.  Both are ranked the same by the criterion Effect A3 – Effect A1.  However, this lost information is not particularly useful.  To see why, consider an alternative to (Effect A3 – Effect A1) that assigns greater weight to increases in Effect A3 than to decreases in Effect A1, or vice versa.  Using such an alternative criterion, one of the two workplaces in the example could clearly be ranked above the other in terms of predicted benefits from teams.  Absent any information about the establishments’ loss functions, however, there is no clear basis for weighting increases in Effect A3 differently from decreases in Effect A1.  


� In the Appendix I state the formulae for computing these effects.


� Evaluating the expressions for Pij at the estimated parameters, the effects of interest in the labor productivity model are computed as follows (with the effects from the product quality model computed analogously):


� EMBED Equation.3  ���


� For a recent discussion of this problem and its prevalence in the management literature see Hamilton and Nickerson (2003).


� Actually, a qualitative difference emerges if we use a less stringent criterion based on one-tailed hypothesis tests instead of two-tailed tests.  In that case, ignoring the endogeneity of teams and autonomy, we would conclude that autonomous teams yield greater benefits to labor productivity than do non-autonomous teams.  The result is statistically significant at the ten percent level for each of the three quantiles of interest.  However, in the preferred structural analysis there is no statistically significant difference between the two types of teams, even using this less stringent criterion for statistical significance.
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