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1. Introduction

What is the optimal level of discretion employers should grant their workforce? On the

one hand leaving employees a lot of leeway can increase productivity, as workers them-

selves might know best how to get their tasks done most e�ciently.1 This result has

extensively been reviewed in Ichniowski and Shaw (2003). However, de�ning operating

processes less strictly may induce employees to lower e�ort without having to fear imme-

diate consequences. The latter argument is in line with classical moral hazard frameworks

where agents maximise utility by minimising e�ort costs � at the expense of the principal

who may for several reasons not be able or willing to fully monitor employees' actions.

This basic trade-o� between monitoring and shirking gave rise to fruitful research on

incentive mechanisms which aim to circumvent one of the two extreme outcomes: either

literally no discretion at the cost of high e�ciency losses or some amount of discretion

combined with high levels of shirking. To overcome that dilemma, standard theory usu-

ally suggests to pay agents for performance or, alternatively, provide e�ciency wages to

avoid potentially high risk premia and to cope with situations in which monitoring is par-

ticularly di�cult.2 An e�ciency wage strategy is promising when both parties repeatedly

interact such that the employee has a high continuation value from the relationship and

the threat of dismissal is credible.

More recently, increasingly many contributions highlight the importance of non-standard

behaviour of employees. Among others, two distinct mechanisms may both lead to em-

ployees providing higher e�ort even in situations with moral hazard: Huang and Cappelli

(2010) �nd that self-reported employee performance seems to be higher if managers pre-

fer to employ job candidates with high �work ethic�. It is argued that these employees

unconditionally exert higher levels of e�ort as working hard is part of their personality.

This trait makes them more desirable for �rms to hire.

Great attention in recent research however was also dedicated to the concept of reci-

procity which implies gift-exchange behaviour between employer and employee.3 Employ-

ees with reciprocal traits respond to kind labour contracts � commonly achieved with

higher than outside option income for them � with high levels of e�ort. Compared to the

concept of e�ciency wages, which is agnostic about (non-standard) agent behaviour and

to the mechanism of �work ethic� which assumes employees to intrinsically work harder,

�rms attempting to make use of reciprocity need to meet two conditions: in a world

with heterogeneous agents, the �rm �rst has to employ workers with reciprocal traits

1The terms �worker� and �employee� are used interchangeably throughout this essay.
2See Prendergast (1999) for an extensive survey on incentive mechanisms.
3For comprehensive surveys on reciprocity, see Fehr and Gächter (2000) or Fehr and Schmidt (2006).
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and second has to o�er these employees generous labour contracts. The �rst part can

be achieved by explicit screening for reciprocity whereas the second part is most easily

accomplished by paying higher than outside option incomes.

In this paper I use data from the 2004 wave of the �Workplace Employment Relations

Survey� (WERS 2004), a representative survey of the British economy, to explore com-

plementarities between human resource management practises (HRM) and labour pro-

ductivity. Common sense suggests that �rms deciding to grant employees high discretion

may need to implement complementary practises to prevent workers from exploiting in-

creased shirking opportunities. Contrary to this intuition I will �nd that �rms leaving

discretion do not face detrimental consequences even if discretion is not complemented

with additional HRM practises which suggests that shirking may (here) not be the pre-

dominant e�ect. However combining high discretion with providing high income (this

combination is henceforth referred to �good jobs�, a terminology which is borrowed from

Bartling et al. (2012a)) along with screening job candidates for personality signi�cantly

predicts higher than average labour productivity. Importantly, the necessary combina-

tion of personality tests upon hiring and high income suggests a conditional relationship

which is consistent with gift-exchange as an underlying mechanism: generous �rms may

only expect high e�ort exertion (and hence high labour productivity) by the �right� em-

ployees, i.e. those who were screened for personality and hence should exhibit reciprocal

traits. Simply providing �good jobs� alone without screening for personality is not suf-

�cient to predict high �rm performance. This study therefore casts doubts on e�ciency

wages as the optimal strategy to e�ciently make use of discretion. Complementing dis-

cretion with personality tests for job candidates in hope to select the �right� employees

who unconditionally exert high e�ort even for low wages likewise fails to be related to

bene�cial �rm outcomes. Finally competency tests � a screening device to uncover ap-

plicant's cognitive ability � is not suitable to predict labour productivity to a similar

extent as personality tests do.4 This suggests that not screening itself but screening for

personality is the key parameter to complement �good jobs�, as only personality tests

reveal reciprocal types.

Relating �rm outcomes to generosity in income and discretion requires me to match

responses from two sources of the WERS 2004 dataset. Labour productivity is taken

from the management survey, which supplies �rm level estimates of labour productivity.

Estimates for the level of discretion and the generosity of income are derived from an

4Screening usually can be distinguished in two main dimensions: screening for personality and screening
for ability/competency. Interviews, computer-based tests, and reference letters are popular screening
devices and are applied to both dimensions.
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employee questionnaire, for which a number of employees is drawn randomly from each

�rm surveyed in the WERS 2004. As income and the degree of discretion depend on

several personal characteristics of the respective employee, I separately regress income

and discretion on a series of observables like age, tenure, or occupational group to generate

estimated values of both variables.5 I then compare estimated and actual values of income

and discretion separately to determine the degree of �rm's generosity towards each single

employee for each dimension. As the dataset does not provide information on individual

performance or e�ort exertion I aggregate employee responses on �rm level by calculating

average scores of deviations of income and discretion for each establishment.

With personality tests and competency tests I use two distinct screening procedures

job candidates may have to undergo. Though both practises are commonly used by em-

ployers, each device measures di�erent dimensions of applicants' quali�cations. Whereas

competency tests are cognitive ability tests to reveal the intellectual capacity of employ-

ees, personality tests aim to uncover personal traits of the workers. Personality tests are

generally based on the Five Factor Model, a theory in psychology which classi�es human

traits into �ve dimensions. These so called Big Five personality traits are �openness�,

�conscientiousness�, �extraversion�, �agreeableness�, and �neuroticism�. In a laboratory

study, Ben-Ner et al. (2004b) relate these �ve traits to behaviour in dictator games

and �nd that �agreeableness� and �openness� are positively correlated with agents' gen-

erosity in gift-exchange games.67 In an earlier contribution Ashton et al. (1998) �nd

that reciprocal altruism as measured in laboratories is closely linked to personality traits

�agreeableness� and �emotional stability�; the latter refers to �neuroticism�.8 Day and

Silverman (1989) furthermore �nd that personality traits signi�cantly predict job perfor-

mance even when cognitive ability is controlled for.

In light of this evidence, I interpret personality tests upon hiring as an indicator for

the degree of reciprocity within a �rm's labour force � not necessarily because employers

explicitly screen for reciprocity but due to correlations between Big Five traits and labo-

ratory measures of reciprocity. In contrast to personality tests, Ben-Ner et al. (2004b) do

5This two-step approach of �rst comparing actual from estimated values and then using these deviations
for further inference is similar to Black and Lynch (2001). Black and Lynch, in a �rst step, estimate
production functions for each establishment and then relate the residual to human resource practises.

6�Agreeableness� refers to cooperative and compassionate behaviour towards others. �Openness� de-
scribes the degree of intellectual curiosity in comparison to cautious behaviour. For further reference,
see Atkinson and Hilgard (2000).

7A similar �nding is reported in Ben-Ner et al. (2004a). Evidence on predictability of Big Five indicators
on giving can be found in Ben-Ner and Kramer (2011).

8See Part II of this dissertation for an extensive discussion on personality tests and reciprocity. En-
glmaier and Leider (2012) furthermore provide evidence for increased e�ectiveness of reciprocal in-
centives if a personality test beforehand classi�ed agents to be reciprocal.
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not �nd associations between ability and Big Five traits. This suggests that competency

tests seem to measure traits which are orthogonal to personality traits like reciprocity.

This study at hand was inspired by a laboratory experiment by Bartling et al. (2012a).

In this paper a principal sets a �xed wage and decides on the level of worker's discretion:

high discretion implies high productivity of e�ort at the cost of unlimited shirking op-

portunities for the employee. Indeed the authors �nd that providing discretion turns out

not to be pro�table on its own as shirking is widely prevalent. However combining discre-

tion with high wages renders pro�table for employers (and employees) if employers can

o�er such contracts selectively to workers with high e�ort record. Exogenous variation

in the viability of screening agents for their past e�ort provision allows the authors to

identify screening opportunities as the causal determinant of the creation of �good jobs�.

If screening is permitted then this leads to the emergence of two job-clusters: �good jobs�

with high wages, high discretion, and high rent-sharing and �bad jobs� with low wages,

low discretion, and little rent-sharing for employees with poor reputation. Most notable,

only trust and trustworthiness are necessary for the dichotomy of job-clusters to emerge

endogenously.9

The most important di�erence between Bartling et al. (2012a) and this study is that I

use real-world data. The nature of the data also implies that I cannot exogenously change

the market environment as generally done by laboratory studies. Despite this limitations

my results give rise to reciprocity as a plausible underlying mechanism casting doubts on

e�ciency wages and �work ethic� to be the sole explanations of my �ndings. However,

this paper refrains from making causal statements: The study exploits variations which

exclusively come from endogenous �rms' choices of whether to make use of screening

devices or not. Hence this contribution should be regarded as providing correlations

between complementarities in HRM practises and labour productivity.

An asset of the WERS 2004 is that the dataset is a representative sample of the British

economy, which allows making general statements. This complements the limited gen-

eralisability of laboratory experiments, in which the researcher usually does not observe

behaviour of real-world decision makers. Of course, real data come at the cost that

behavioural responses cannot be measured with the same accuracy in the �eld as in lab-

oratory experiments: For instance, instead of using e�ort levels of each employee I rely

on �rm-wide labour productivity, which itself is a function of employees' e�ort provision.

But regardless whether the relationship between e�ort and productivity is one-to-one or

not, it seems plausible to regard productivity and not merely e�ort provision as a decisive

9Altmann et al. (2013) suggest a non-behavioural mechanism for labour market segregation which is
the result of incomplete contracts.
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part in managers' objective functions. Despite these potential drawbacks of real-world

datasets, my results are remarkably consistent with �ndings of Bartling et al. (2012a).

Finally this contribution highlights the importance of personality tests in understand-

ing interactions between the behaviour of the employer and the employee in the work-

place. Altogether, my results give rise to reciprocity as a plausible explanation for the

strong relationship between high �rm performance, �good jobs�, and screening for per-

sonality.

This paper contributes to the rich literature on workplace organisation and personnel

economics. Ichniowski and Shaw (2003) provide evidence from various studies that high-

performance work systems, in particular high levels of discretion, seems to turn out to

be (highly) predictive for �rm success whereas traditional and hierarchical workplace or-

ganisations are less correlated with favourable outcomes; in this respect this contribution

is not an exception. However Ichniowski and Shaw (2003) suggest conventional methods

like indoctrination of employees, management culture, or work practises which establish

high e�ort norms and fosters peer pressure to mitigate the free-rider problem. In a study

on steel �nishing lines, Ichniowski et al. (1995) and Ichniowski et al. (1999) demonstrate

that innovative HRM practises like incentive pay and work�ows being organised in teams

are associated with high line productivity.

In contrast to the above, some recent studies put more emphasis on behavioural aspects

of employer-employee relationships. In a laboratory experiment Falk and Fischbacher

(2006) provide evidence for workers' adverse behavioural responses after an increase in

workplace control, as such policies are perceived as signals for distrust against employees

(�hidden costs of control�). Even though such costs may amplify positive e�ects of high-

performance work systems with high discretion (and are consistent with my results), this

paper does not build on that mechanism. Another example for employees' non-standard

reaction on institutional changes within the workplace is put forth by Nagin et al. (2002)

in a �eld experiment on shirking in call centres. A signi�cant fraction of employees

does not react adversely to reductions in monitoring rates suggesting heterogeneity in

fairness concerns among workers. These results may imply that choosing the �right�

job candidates allows employers to provide discretion to their employees without facing

the immediate threat of extensive shirking. This complements �ndings by Bartling et al.

(2012b) who provide an example in which employers with fairness concerns have a broader

range of contracts they are able implement as compared to sel�sh employers.

Similar to Bartling et al. (2012a), this study advances reciprocal responses of employees

on employers' behaviour as a potential mechanism to overcome the trade-o� between

6



discretion and shirking.10 In a theoretical contribution, Englmaier and Leider (2012)

incorporate such reciprocal traits of employees into the utility function and solve an

otherwise classical moral hazard problem.11 In their framework, employing reciprocal

agents gives employers the opportunity to use two distinct devices to motivate employees:

Classical monetary incentives and providing the agent with higher than outside option

utility, which induces e�ort provision through gift-exchange motives.

Closer to this study, however, are empirical papers highlighting the importance of

reciprocity in the �eld. Leuven et al. (2005) provide survey evidence that workers with

higher inclination to reciprocity have higher training rates compared to employees with

low sensitivity for reciprocity. Similarly, Dohmen et al. (2009) relate individual measures

for reciprocity to employee-speci�c labour market outcomes. They �nd that positive

reciprocity tends to increase wages and is associated with working harder. Bellemare and

Shearer (2009) report strong and persistent e�ects of gift-exchange for a tree-planting

�rm in British Columbia.12

Finally, this paper is related to research on screening methods of employers. Autor

and Scarborough (2008) report that screening is widely prevalent among �rms. This

also is in line with the WERS data used in this study, where one third of all �rms use

personality tests and even two thirds of surveyed establishments require competency tests

upon hiring. In a laboratory experiment, Englmaier et al. (2011) show that employers

pay substantial wage premia for information about a worker's cognitive ability and her

trustworthiness, implying willingness to pay for screening devices. Finally, Wilk and

Cappelli (2003) report that employers di�er to a substantial extent in the level they

make use of screening devices.

The remainder of the paper is organised as follows: In Section 2 I develop three

hypotheses on labour productivity and workplace organisation. Information about the

WERS 2004, the matching procedure and the estimation of income and discretion are

provided in Section 3, along with an extensive description of the �nal dataset. Section

4 empirically tests the hypotheses with various econometric speci�cations. A variety of

di�erent speci�cations to evaluate the robustness of the results is o�ered in Section 5.

Section 6 discusses the results.

10Evidence on a relationship between e�ort and wage can be found in Fehr et al. (1993), Charness
(2004), Cohn et al. (2012), and Kube et al. (2012).

11Another formal foundation of reciprocity can be found in Falk and Fischbacher (2006).
12Kube et al. (2013) �nd that employees react with negative reciprocal behaviour on wage cuts. Contrary

to these studies with positive e�ects of reciprocity on labour market outcomes, Gneezy and List (2006)
do not �nd strong and long lasting e�ects of gift-exchange in the �eld.
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2. Hypotheses

In this section I develop testable hypotheses on the relationship between HRM policies

and labour productivity. First I generate job-clusters which are derived from combina-

tions of di�erent HRM practises and correspond to at least three major HRM policies:

paying e�ciency wages, screening for �work ethic� and making use of reciprocity. This

classi�cation will later on be re�ned to provide conditions under which reciprocity ap-

pears to be a plausible explanation.

As reviewed in Ichniowski and Shaw (2003), empirical evidence suggests that decentral-

isation of information �ows and implementation of high-performance work systems are

associated with �rms being more productive. Theoretically, however, the relationship

is ex-ante ambiguous as gains from decentralisation may not necessarily outweigh the

increase in shirking opportunities for employees which may potentially result in overall

lower e�ort provision. Additional empirical challenges due to the cross-sectional nature

of the data arise because �rms with high-performance work systems may di�er in sev-

eral observable and unobservable dimensions from �rms with rather traditional human

resource policies. In this paper I hence regard the relationship between �rm performance

and the implementation of high-performance work systems as an inherently empirical

question which leads me to formulate the �rst hypothesis rather cautiously.

Hypothesis 1 (Discretion and Firm Performance). High-performance work systems and

�rm performance should be positively correlated if productivity gains outweigh potential

reductions in e�ort provision or if �rms with high-performance work systems di�er in

other dimensions which are positively correlated with performance.

Even if �rms with high-performance work systems may report systematically di�erent

�rm performances, the focus of this paper is to identify HRM-clusters, which are corre-

lated with high productivity. Inspired by Bartling et al. (2012a), I focus (next to the

degree of employee discretion) on �rms' generosity in wage payments and �rms' use of

screening methods in their hiring practises. For the latter, I distinguish between person-

ality tests which may be correlated with agents' preferences and competency tests which

are not.

If neither screening for personality nor the generosity of employees' income is corre-

lated with labour productivity, then the data should not show any pattern in �rm pro-

ductivity between �rms with high income provision and/or personality tests and �rms

without these practises. Such a pattern should be observed, when, �rstly, �rms are able

to motivate employees independently from income levels. For instance, peer e�ects or
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e�ort norms could generate high e�ort exertion despite shirking opportunities. If sec-

ondly personality tests measure personal traits which are orthogonal to e�ort provision,

then a �rm's decision to screen job candidates should not systematically be related to

performance.

Following the argument of e�ciency wages, it could be su�cient to motivate workers

by paying incomes which are substantially higher than obtained in comparable labour

relations. This option is disregarded in static principal-agent models, as in these models

interactions are one-shot. Hence this implies an abstraction from the threat of dismissing

agents if their e�ort provision is too low. However, e�ciancy wages are independent from

screening devices as e�ort provision is not a result of agent's other-regarding preferences

but is derived from inter-temporal utility maximisation.

Huang and Cappelli (2010) suggest �work ethic� to be the decisive human resource

parameter to attain high �rm performance. Employees with high �work ethic� uncondi-

tionally provide high e�ort, which makes it particularly cheap for employers to mitigate

the trade-o� between discretion and shirking: The employer has to pick job candidates

with high �work ethic� but can provide wages that meet the agent's outside option.13 It

follows that �rms that screen for personality (�work ethic�) and pay low income should

perform weakly better than �rms paying high income, as wages are, at least in this model,

unrelated to e�ort provision.

Finally, if employees can be motivated via gift-exchange (reciprocity), two conditions

have to be met. First, an employee has to have reciprocal traits. By applying personality

tests, �rms either screen for reciprocity directly or screen for personal traits, which are

correlated with reciprocity. The average worker hence should in these �rms be more

inclined to reciprocity than in �rms without screening for personality. But as reciprocity

is not an unconditional concept, reciprocal employees only provide high e�ort if the �rm

previously provided a gift to them. This is achieved most easily by paying higher than

outside option income. Hence, if reciprocity between employers and employees is the

underlying mechanism, the data should show particularly high performance for �rms

which provide high wages and screen for personality.

These considerations result in the second hypothesis:

13In fact, Huang and Cappelli (2010) �nd that �rms screening for �work ethic� also pay higher wages.
The authors explain this �nding with competition among �rms for these unconditionally motivated
workers which �nally results in rent-sharing of the generated surplus. Higher wages are hence inter-
preted as a consequence of high e�ort and not as a prerequisite for that.
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Hypothesis 2 (Job-Clusters and Firm Performance). Positive associations between high-

performance work systems and �rm performance should be (weakly) stronger for job-

clusters in which the �rm

a) neither screens nor pays high income if employees can su�ciently be motivated

otherwise,

b) pays high income if e�ciency wages are su�cient to induce high e�ort from em-

ployees (regardless of applying screening devices),

c) screens for �work ethic� and pays low wages, if the �rm can pick employees who

unconditionally work hard, and

d) screens job candidates for reciprocity and pays high wages, if reciprocity is the un-

derlying behavioural mechanism which induces employees to work hard.

Ex-ante a potential association between �good jobs�, personality tests and high �rm

outcomes, however, is just as plausible as the explanation that screening itself, not nar-

rowly screening for personality is su�cient to predict that pattern. As screening in

general is likely to be an indicator of careful human resource policies, �rms using tests

upon hiring may be able to successfully provide leeway to employees and simultaneously

discipline them.

However, if not screening for personality is the decisive factor for the correlation be-

tween �good jobs� and �rm performance but the fact that �rms use any of various possible

screening devices, then the same pattern of �good jobs�, screening and �rm performance

should arise similarly for competency tests as well. Firms using any screening devices

should be aware of modern human resource practises but only personality tests are associ-

ated with traits which predict reciprocity. This insight gives rise to the third hypothesis:

Hypothesis 3 (Competency Tests and Firm Performance). If screening itself as opposed

to narrowly screening for personality is su�cient to generate a positive association be-

tween �good jobs� and �rm performance, then �rms using competency tests to screen job

candidates should likewise report exceptional high productivity.

3. Data

The data comes from the �fth wave of the �Workplace Employment Relations Survey�

(WERS 2004) with �eldwork taken place in 2004. Funded by the British government this

study is part of a series with previous waves conducted in 1980, 1984, 1990, and 1998
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and intents to �provide a nationally representative account of the state of employment

relations and working life inside British workplaces�.14 The data consists of four separate

datasets including a management survey, an employee survey as well as a questionnaire

for employee representatives and a �nancial performance questionnaire. The following

paper studies both the management and the employee survey.

In total, the management survey consists of 2,295 Britain-based establishments from

almost all branches of the economy with a minimum of �ve employees per �rm.15 Within

each �rm, a maximum of 25 employees were randomly sampled and requested to partici-

pate in the employee survey.16 Overall, in three fourths of the establishments at least one

employee returned a questionnaire � hence for 562 �rms only information from the man-

agement questionnaire is available. Provided a minimum of one employee questionnaire

returned, the overall response rate is slightly above 60 percent.

This paper relates �rm outcomes to the following three parameters of personnel policy:

The generosity of wages, the amount of discretion employees are granted, and whether

the �rm screens for the personality of job candidates. Whereas I retrieve information

on the �rst two policies from the employee survey, data on personality tests and the

outcome variable, labour productivity, are derived from responses by managers from

the management survey. In the remainder of this section I �rst outline the matching

procedure followed by an extensive description of the matched dataset with a special

focus on the level of discretion employees enjoy as well as their income. Next, I provide

information on the procedure of how wages and discretion were estimated on an individual

level. I proceed by presenting details on the aggregation procedure and �nally an overview

of all variables of interest will be provided.

Matching A unique �rm identi�er allows me to match the management dataset and the

employee survey, leading to a dataset which consists of 1,733 �rms with 22,451 workers

surveyed. The median number of workers surveyed per �rm is 13 and the 25th (75th)

percentile gives 8 (18) returned questionnaires per �rm. Very low response rates and rates

close to 25 are rather rare, as can be seen in Figure 4 in Appendix B. The newly generated

dataset is weighted with the standard weight which is provided in the employee dataset,

is strati�ed according to the suggested procedure, and standard errors are clustered on

14Source: http://www.wers2004.info/wers2004/wers2004.php. January 28, 2013.
15Sectors not covered by WERS 2004: Agriculture, hunting and forestry, �shing, mining and quarrying,

private households with employed persons, and extra-territorial bodies.
16Questionnaires were distributed to all employees if the respective establishment employed less than 25

workers.
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�rm level.17

Description of Employee-Level Variables In the employee questionnaire workers are

asked to state their weekly income before taxes and other deductions by marking one out

of 14 income intervals, ranging from 50 pounds a week and below to 871 pounds per week

and above. The brackets are not equally spaced and the spacing increases with income.18

Overall 414 employees refused to indicate their income and 19 multi-coded, so that 22,018

answers on income remain. A histogram of the income distribution is depicted in the left

panel of Figure 1. The median income in the sample is 311 - 360 pounds a week (16,121

- 18,720 pounds per year). Notice however that employment relations are not necessarily

full-time; about one quarter of surveyed employees work less than 30 hours a week.

To proxy for discretion I use two di�erent measures. Employees are asked to rate

whether they feel to have �a lot�, �some�, �a little� or no (�none�) in�uence over what tasks

they do in their job and how they do their work.19 A histogram of both distributions

is provided in the right panel of Figure 1. A very large fraction of surveyed employees

feels to have at least some leeway over how they perform their work and which actions

they can choose. However, even though only approximately 15 (25) percent state to have

little or no control over the tasks they do (how they do work) a substantial di�erence in

discretion may exist between statements of having �a lot� or only �some� leeway.

Both income and the individual level of discretion are likely to depend on several

characteristics of the employee, such that absolute levels are likely to only be a poor

signal about a �rm's generosity � the income of an unskilled routine worker with a

generous wage will in most cases still be less than that of a badly paid manager. In

order to assess generosity in income and discretion, I use deviations of actual income and

discretion from estimated values. However, before presenting results from the regressions

I �rst introduce the set of control variables which are summarised in Table 6 in Appendix

A.

To generate indicators of generous wages and high levels of discretion, I control for

an employee's age and tenure, gender, academic and vocational quali�cations, whether

the employee is a member of a union, as well as the occupational group. Finally, I also

control for the number of hours worked per week.

17For reference, see http://www.wers2004.info/FAQ.php#5, section 5.6 �How do I apply weights and
correctly estimate variances in Stata?�, January 28, 2013.

18The precise categories of weekly income measured in pounds are as follows: 50 and below, 51 - 80, 81
- 110, 111 - 140, 141 - 180, 181 - 220, 221 - 260, 261 - 310, 311 - 360, 361 - 430, 431 - 540, 541 - 680,
681 - 870 and 871 and above.

19The exact wording is �In general, how much in�uence do you have over the following?�, followed by
�What tasks you do in your job� (�What Tasks�) or �How you do your work� (�How to Work�).
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Figure 1: Histograms of Income Distribution and Distribution over Perceived Discretion
This �gure provides historgrams for the income distribution (measured in pounds per week) (left) and
the distribution of two measures for perceived discretion (right) � the dark grey bars of panel (b) refer
to preceived discretion in how employees can do their work, the light-coloured bars provide evidence
on the autonomy which tasks can be done by employees. All employees who refused to answer or who
multi-coded are excluded.

(a) Weekly Income (b) Discretion

The median age of surveyed employees is between 40 and 49 years, with only 3.3 percent

of very young (under 20) and 4.7 percent of old employees (60 and older). Employees

are on average between 2 and 5 years in the respective workplace. The data further-

more distinguishes between nine occupational groups. Each employee may belong to:

(1) manager and senior o�cials, (2) professional occupations, (3) associate and technical

occupations, (4) administrative and secretarial occupations, (5) skilled trades occupa-

tions, (6) caring, leisure and other personal service occupations, (7) sales and customer

service occupations, (8) process, plant and machine operatives and drivers, or (9) routine

unskilled occupations. As can be seen from Table 6, Appendix A.1, employees are rel-

atively equally sampled from all occupational groups, with slightly less observations for

groups (5) - (8). More than a third of the surveyed labour force is unionised and about

17 percent have been in the past. Almost half of the employees (46 percent) obtained

a GCSE grade D-G (or comparable)20, whereas only 4 percent of surveyed employees

�nished education with a university degree. 80 percent of employees obtained at least

a level 1 NVQ (National Vocational Quali�cation) but less than 0.5 percent reach the

top level 5, which involves substantial autonomy and includes bearing high amounts of

responsibility. Gender is split almost equally with a slight concentration of males and

the average working time is 36 hours per week.

20The General Certi�cate of Secondary Education (GCSE) is a necessary prerequisite for attending high
school in the UK education system.
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Estimation The estimation of income �rst has to account for censoring at the bottom

and at the top and second has to take bracketing of the answers on income levels into

account. For this reason I estimate a variant of a Tobit model which accounts for the sur-

vey structure of the data and allows for di�erently spaced intervals.21 For the underlying

(unrestricted) model of income I assume the following Mincer-type model:

wi = S′
iβS + F′

iβF +X′
iβX + εi. (1)

where wi is the wage employee i receives, Si is a vector which contains the set of

dummy variables from both academic quali�cation and vocational training. The vector

Fi includes variables that describe the employee's experience, namely the tenure and the

age. Xi �nally summarises all remaining control variables I introduced beforehand, and

εi is the error term. Tobit models imply two critical assumptions: First, it is assumed

that the error is normally distributed and second a homoskedastic error structure is

required, i.e. εi ∼ N(0, σ2). The �rst issue is addressed in the robustness section by

using log-income instead of income.22 I deal with the second issue by re-estimating the

wage equation with plain OLS, which does not change results.23

Results of the wage regression are presented in Table 7, column (1) in Appendix A.

Here I provide regression results for a speci�cation that slightly deviates from the classical

Mincer wage regression, by omitting the quadratic term on experience. However, both

proxies for experience, age of the employee and tenure, are included as dummies for

each possible category. As can be seen immediately, an inversely u-shaped relationship

between age and income emerges: Ceteris paribus, employees aged between 40 and 49

have the highest income, signi�cantly higher than the base category of under 16 - 17

year olds. With age above 49, the coe�cients decrease but income stays signi�cantly

above those of job entrants. A similar picture emerges for tenure: Employees with long

histories in a particular establishment have substantially higher income than employees

with short tenure.

�Occupational group� has the expected in�uence on income: the more abstract and

skill-intensive the occupation, the higher the income. The base category is managers and

senior o�cials. Women on average earn less.

The right panel of Table 7 provides estimates on expected discretion, which I obtain

estimating the same equation 1 substituting income with discretion but using simple

regression techniques. Column (2) gives results for the question of perceived discretion

21For further references see commands �intreg� and �svy� in StataCorp. (2011).
22Transforming income into log-income and re-estimation of the model does not change results.
23Regression results are available from the author upon request.

14



concerning what tasks employees are allowed to perform and column (3) refers to how

work is done. The pattern here is again similar to what is expected: Older workers with

more tenure in more abstract jobs on average report to have more leeway on what tasks

to perform and also how to do them.

Aggregation and Generation of Variables Results from estimating equation 1 provides

expected income for each employee, conditional on observables. In order to obtain an

estimate of whether the employer is generous towards the respective employee with re-

gard to income, I calculate deviations of estimated income from actual income for each

employee. As however actual income is only reported within intervals, I use mean in-

come within each interval as actual income. If an employee reports to have income in

the highest or lowest category (i.e. her income is censored) I cannot calculate deviations

from estimated income, because there is no sensible average for these two categories. If

I, for example, set actual income of the top (open) category to its lower boundary, i.e.

to 871 pounds per week, then every employee in this category with estimated income

higher than 871 pounds would automatically be classi�ed as not being paid generously,

because estimated income then always exceeds actual income. In the same manner, all

employees falling in the lowest category (and having estimates lower than 50 pounds)

would be treated as earning higher than expected income when using the upper end of

the category (i.e. 50 pounds per week). For this reason I set observations on income to

missing if an employee states to be paid in the highest income category and the esti-

mated income is above 871 pounds, which indicates the top (open) category; I proceed

analogously with the lowest income category. For discretion I also compare actual and

estimated values, but do not have to take censoring into account.

As survey responses for income and discretion are measured in brackets, this procedure

is not innocuous. It implies that employees whose continuous estimate for income exactly

meets the indicated interval, but exceeds the mean income of the respective interval are

classi�ed to receive higher than expected income. But as observed data do not contain

any information about within category distribution, these deviations within the interval

only provide tendencies towards more or less generosity in salery.

For this reason I alternatively generate a more conservative measure of generosity:

Employee contracts are classi�ed to be as expected whenever the estimated value lies in

the reported interval. This implies that only large deviations of estimated and actual

income lead to contracts being classi�ed as generous. I provide further details on this

procedure in Section 5, where I show that results of this paper do not hinge on any of

the suggested speci�cations.
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After obtaining measures for �rm generosity in income and discretion for each em-

ployee, I need to aggregate this information on �rm level. This is done by generating the

average deviation of employees' income and discretion within each �rm, such that each

�rm obtains a continuous score of generosity separately for income and discretion.

Subsequently I collapse the dataset by deleting all duplicate observations with regard to

�rms, implying that only �rm level information can furthermore be used. All individual

employee level information has to be aggregated on �rm level at this stage. In order to

additionally obtain a more compact measure than continuous �rm generosity, I generate

a binary variable indicating whether a �rm pays higher than expected income/discretion

to its employees or not. For that, I calculate the mean deviation across all �rms and

then relate the score of the respective �rm to the average score across all �rms.

Description of Firm-Level Variables Summary statistics of �rm-level variables, includ-

ing deviations in estimated averages of employees' income and discretion within a �rm

are provided in Table 1.

The �rst panel summarises the distribution of labour productivity, according to self-

reported assessments of managers rating their own workplace on a �ve-point ordinal

scale compared to competitors in the same industry.24 As can immediately be seen, most

managers regard the labour productivity of their establishment to be average or even

better compared to their industry, whereas only 6.5 percent claim to perform worse. In

accordance with recent literature however, this overrating bias from self-reporting seems

to merely a�ect the absolute level but keeps the relative ordering among �rms una�ected,

as shown in Wall et al. (2004).25 As the study at hand compares relative productivity

and is agnostic about absolute levels, using self-reported productivity measures seems to

be valid.

Human resource policy variables are summarised in the second panel of Table 1. The

continuous measure of income generosity is centred around zero with 50 percent of the

values lying between -49.5 pounds per week (i.e. less than expected) and 39.1. Reducing

information to generate a binary variable of deviations in income gives a dummy variable

with almost equal split.

24The exact question is: �Compared to other establishments in the same industry how would you assess
your workplace's labour productivity?� Managers could answer the following: �A lot better than
average�, �better than average�, �about average for the industry�, �below the average�, �a lot below
the average� or �no comparison possible�. For intuitive reasons, I re-labelled the variable, such that
higher values correspond to higher productivity.

25Guthrie (2001) and Baer and Frese (2003) compare subjective and objective performance measures
and �nd product-moment correlations between 0.41 and 0.81. For further evidence on self-report bias
see Machin and Stewart (1996).
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Table 1: Summary Statistics of Firm-Level Variables

Pctl.

Obs. Avg. SD 25 50 75 Min. Max.

Outcome Variable

Labour Productivity
A lot better 1977 0.07 0.25 0 0 0 0 1
Better 1977 0.42 0.49 0 0 1 0 1
Average 1977 0.45 0.50 0 0 1 0 1
Worse 1977 0.06 0.24 0 0 0 0 1
A lot Worse 1977 0.004 0.06 0 0 0 0 1

Modern Human Resource Policy

Continuous
Income 1728 −0.89 80.8 −49.5 −8.9 39.1 −329.8 384.7
Income: Binary 1728 0.44 0.49 0 0 1 0 1

Discretion
What Task 1732 0.01 0.41 −0.21 0.02 0.26 −2.50 1.34
What Task: Binary 1732 0.52 0.50 0 1 1 0 1
How Work 1732 0.01 0.35 −0.18 0.04 0.22 −2.56 1.01
How Work: Binary 1732 0.54 0.50 0 1 1 0 1

Pers. Test 2292 0.34 0.47 0 0 1 0 1
Comp. Test 2291 0.61 0.49 0 1 1 0 1

Control Variables

Firm Size 2285 411 947.7 21 67 300 5 10006
Union 2295 0.58 0.49 0 1 1 0 1
Public Sec. 2295 0.27 0.44 0 0 1 0 1
Foreign 2295 0.02 0.14 0 0 0 0 1

Notes: This table provides information on the number of observations, mean and standard deviation,
25th, 50th and 75th percentiles as well as minimum and maximum values of �rm performance, human
resource practises and control variables. Statistics for each variable are calculated omitting answers
�refusal�, �don't know� and �not applicable�, indicating unclear answers.

Both variables for discretion, i.e. the level of leeway what tasks employees do and how

they do their work are centred around zero. As the distributions of both measures for

discretion are highly symmetric, the binary representations of discretion have a mean

close to 0.5.

About one third of the �rms screen job candidates for personality, or, may (indirectly)

search for reciprocal types. In contrast, over 60 percent of �rms make use of competency

tests aiming to elicit workers' (cognitive) ability. The correlation between both screening

devices is modest: ρ = 0.19. About one third of the �rms do not screen at all and one

third only uses competency tests. Slightly below 7 percent of the �rms only screen for

personality and 27 percent rely on both tests. Whereas personality tests are most likely

for applicants in high-skilled and abstract jobs (and sales occupations), competency tests
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are demanded throughout all occupational groups (see Part II of this dissertation).

The third panel refers to control variables, which aim to control for industry speci�c

di�erences. More speci�cly, I control for �rm size and �rm size squared, unionisation,

whether the establishment belongs to the public sector and whether it is foreignly con-

trolled. Furthermore I include dummies for the industry and regional dummies (not part

of Table 1).26

4. Empirical Analysis

In this section I test for the hypotheses developed in Section 2 with a special focus on

Hypothesis 2, by o�ering three methodological approaches: First I generate HRM-clusters

and relate them to �rm outcomes. Second, the relationship between outcomes and HRM

practises is explored in a fully-�edged regression model. Finally, this paper makes use of

continuous deviations of estimated and actual values in income and discretion.

4.1. Discretion and Labour Productivity

Figure 2 provides an illustrative description of the subsequent empirical elaborations.

Raw correlations provide tentative evidence for a positive association between providing

high discretion to employees and labour productivity con�rming previous results on pos-

itive e�ects of high-performance work systems on �rm performance. The dashed line in

Panel (a) (discretion measured via the question on leeway of �What Tasks� to perform)

refers to the full dataset, i.e. including all �rms and shows a slightly increasing but

concave pattern. Even though I do not count these graphs as hard evidence, the cor-

relations at least do not support a hypothesis of adverse e�ects of discretion on labour

performance. The second measure for discretion (the level of autonomy of how to per-

form tasks) shows a similar pattern. A potential interpretation to these �ndings is that

�rms do not seem to excessively su�er under shirking, even in cases where employees are

granted high discretion and discretion does not come along with speci�c human resource

practises.

Restricting the sample to �rms which pay higher than expected income and screen

for personality (solid line) draws a di�erent picture. If discretion is at most as high as

26 Industry is classi�ed according to the UK National Statistics and distinguishes between (1) man-
ufacturing, (2) electricity, gas, and water (3) construction, (4) wholesale and retail, (5) hotel and
restaurants, (6) transport and communication, (7) �nancial services, (8) other business services (9)
public administration, (10) education, (11) health, and (12) other community services. Regional
dummies are the following: (1) North East, (2) North West, (3) Yorkshire & The Humber, (4) East
Midlands, (5) West Midlands (6) East of London, (7) London, (8) South East, (9) South West, (10)
Scotland and (11) Wales.
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Figure 2: Relationship between Discretion and Firm Performance
These �gures illustrate the quadratic relationship between deviations of actual to estimated levels of
discretion and labour productivity. The dashed line is based on the entire sample of �rms; the solid line
describes the relationship for the subset of �rms which pay higher than expected income and screen for
personality. The dotted line uses the full sample of �rms excluding �rms which pay high wages and use
personality tests (i.e. the subset of �rms used for the solid line). For graphical reasons, I use Stata's
jitter option for the scatter plot, which adds random noise to observations (the slope of the functions
are una�ected).

(a) Discretion: �What Tasks� (b) Discretion: �How to Work�

expected, then �rms paying high salery and screen job candidates report similar labour

productivity as the average �rm (panel (a)). But whereas higher discretion only has

minor e�ects on productivity for the average �rm, establishments with high saleries and

screening devices report higher labour productivity. A di�erent pattern arises when

using autonomy on how to perform tasks as measure for discretion, which is depicted

in panel (b). The relationship of productivity and discretion of �rms which pay high

income and screen job candidates is similarly concave but has a steeper slope than the

average �rm. This implies that if employees in high-income and screening establishments

do not receive high levels of discretion, labour productivity sharply decreases. These

establishments are successful in terms of labour productivity only if they grant high

discretion to their employees.

The dotted line corresponds to the full sample excluding �rms which pay high income

and screen for personality. I provide these estimates to show that the slight positive

slope of the full sample (dashed line) is not driven by the subset of �rms, which pay high

income and screen for personality (solid line).

Result 1 (Discretion and Firm Performance). Firms have slightly higher labour produc-

tivity if their employees enjoy high levels of discretion.
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Figure 3: Firm Performance and Human Resource Cluster
Panel (a) and (b) provide deviations and 90 percent con�dence bands of mean �rm performance for
�rms classi�ed in 8 di�erent HRM-clusters. Read classi�cation as follow: [personality tests, high
income, high discretion] i.e. the �rst position displays whether �rms in this cluster use personality tests
upon hiring (1) or not (0). The second position refers to whether �rms in this cluster pay higher than
average expected income (1) or not (0) and the last entry is related to �rms with higher (1) or lower (0)
than mean expected discretion.

(a) Discretion: �What Tasks� (b) Discretion: �How to Work�

4.2. Interacting Income, Discretion, and Personality Tests

HRM-Clusters � Graphical Approach In this section I use the binary representation

for income and discretion, as explained in Section 3, where each establishment is classi�ed

to either pay high or low income and to grant much or little discretion, respectively. I

combine this information with �rms' screening methods for personality (likewise binary)

to assign every single �rm to one of eight HRM-clusters. These clusters are all potential

combinations of three binary variables implying 2 × 2 × 2 combinations, ranging from

�rms with (on average) lower than expected wages, lower than expected discretion, and

no screening for personality to �rms with high wages, high levels of discretion, and

personality tests for job candidates.

Figure 3 provides deviations from mean �rm performance for each HRM-cluster to the

overall performance average of all �rms in the dataset.27 Cluster on the x-axis refer to

the following notation: [personality tests, high income, high discretion], where �1� in the

respective position implies that �rms requires personality tests upon hiring, pay high

income or allow for discretion. To the extremes, the illustration shows �rms which do

not screen for personality, pay low income and do not grant high discretion on the very

left of each panel ([0,0,0]) and �rms with personality tests, high income and discretion

27Relative frequencies of each of the eight HRM-clusters are provided in Figure 5 in the Appendix,
Section B.
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to the right end ([1,1,1]).

As can immediately be seen in both panels, �rms in cluster [1,1,1], i.e. establishments

providing �good jobs� and screen for personality, report the highest labour productivity

which lies signi�cantly above average productivity. In accordance to Result 1, clusters

of both panels are split into two groups: All clusters, in which �rms provide higher than

estimated discretion perform above average (despite not necessarily signi�cantly higher),

whereas �rms in 3 out of 4 clusters in both panels with little discretion report to have

poorer than average labour productivity. Firms using personality tests and pay high

income but do not allow their employees high levels of discretion (cluster [1,1,0]) report

exceptionally low labour productivity in panel (b).

HRM-Cluster � Regression Approach Equation 2 provides more structure than simple

mean comparisons. I estimate for each �rm j the in�uence of belonging to a certain

HRM-cluster, Gj, on ordered outcome variable yj . The vector Gj includes seven dummy

variables for all but one potential HRM-cluster. Xj contains control variables, including

size of the establishment (number of employees), size squared and dummies for whether

the �rm is unionised, is owned by a foreign company and belongs to the public sector.

Finally, the vector includes dummies for industry and region as described in footnote 26.

More precisely, I estimate the following reduced form model:

yj = G′
jβG +X′

jβX + εj . (2)

Simple regression analysis of equation 2 con�rms results from previous mean compar-

isons.28 Using �rms without personality tests, low income and limited discretion, i.e.

cluster [0,0,0] as base category (columns (1) and (3)), the job-cluster which refers to

�good jobs� and screening ([1,1,1]) predicts signi�cantly higher labour productivity for

both measures of discretion. In accordance to panel (b) in Figure 3, all three remaining

job-clusters with high discretion concerning employees' autonomy on how to carry out

their work ([0,0,1], [1,0,1] and [0,1,1]) yield signi�cantly higher labour productivity as

compared to cluster [0,0,0] (column (3)).

28Throughout this paper I use simple regression techniques, because an ordered probit approach yields
qualitatively the same results. As simple regression analysis facilitates the interpretation, I decided
to report these results. Ordered probit results are available from the author on request.
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Table 2: Regression of Labour Productivity on HRM-Cluster

What Tasks How Work

(1) (2) (3) (4)

HRM Cluster
[0,0,0] −0.50∗∗∗ −0.50∗∗∗

(0.14) (0.16)
[1,0,0] 0.100 −0.40∗∗ 0.13 −0.36∗

(0.15) (0.18) (0.15) (0.20)
[0,1,0] 0.21∗∗ −0.29∗∗ 0.29∗∗∗ −0.20

(0.10) (0.14) (0.10) (0.17)
[0,0,1] 0.13 −0.37∗∗∗ 0.26∗∗∗ −0.24

(0.10) (0.14) (0.093) (0.16)
[1,1,0] −0.065 −0.57∗∗ 0.019 −0.48∗

(0.25) (0.26) (0.25) (0.28)
[1,0,1] 0.21 −0.29∗ 0.32∗∗ −0.17

(0.14) (0.17) (0.13) (0.19)
[0,1,1] 0.13 −0.37∗∗∗ 0.16∗ −0.33∗∗

(0.11) (0.14) (0.098) (0.16)
[1,1,1] 0.50∗∗∗ 0.50∗∗∗

(0.14) (0.16)
Union −0.064 −0.064 −0.042 −0.042

(0.084) (0.084) (0.084) (0.084)
Pub. Sector −0.068 −0.068 −0.060 −0.060

(0.11) (0.11) (0.11) (0.11)
Foreign 0.55∗∗∗ 0.55∗∗∗ 0.64∗∗∗ 0.64∗∗∗

(0.12) (0.12) (0.13) (0.13)
Constant 3.61∗∗∗ 4.11∗∗∗ 3.52∗∗∗ 4.02∗∗∗

(0.20) (0.22) (0.20) (0.24)
Firm Controls Y es Y es Y es Y es

Subpop. Observations 1812 1812 1812 1812
R2 0.093 0.093 0.103 0.103

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
HRM cluster and controls. The �rst panel (column (1) and (2)) refers to answers on the question �What
Tasks� as proxy for discretion, columns (3) and (4) use �How to Work�. Columns (1) and (3) use cluster
[0,0,0] as base category; column (2) and (4) omit cluster [1,1,1].
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.

Columns (2) and (4) provide results for the same regression but relative to cluster [1,1,1]

as baseline category. It is important to notice that all job-clusters yield signi�cantly worse

labour productivity, when discretion refers to which tasks employees are allowed to do

(column (2)). This implies that also within the subset of rather successful �rms using high

discretion (Result 1), paying high wages and simultaneously screening for personality is
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associated with signi�cantly higher labour productivity.

This result similarly applies to the second measure of discretion. Although a few

job-clusters are not signi�cantly distinguishable from job-clusters of �good jobs� and

personality tests, point estimates are exclusively negative.

Fully-Fledged Interaction Model In the following, I depart from the rather in�exible

analysis of eight pre-speci�ed job-clusters and allow for a fully-�edged interaction model

of personality tests, income and discretion. To facilitate interpretation the following

analysis is based on binary HRM measures. Subsequently I allow HRM practises to be

measured continuously.

The following model measures the relationship of high income (Ij = 1), high discretion

(Dj = 1), and compulsory personality tests upon hiring (Pj = 1) on �rm performance yj

for each �rm j. Apart from the main e�ects of HRM practises on performance, interaction

terms are of main interest as these e�ects provide insight into complementarities of HRM

practises: Ij ×Dj is de�ned as the interaction between income and discretion and yields

value 1 if �rm j both provides high income and leaves discretion to their employees

(provide �good jobs�). Ij × Pj , the interaction between high income and compulsory

personality tests and Dj × Pj , which interacts high discretion with personality tests

are de�ned accordingly. The three-way interaction Ij × Dj × Pj is equal to 1 for all

�rms which were previously classi�ed to provide �good jobs� and additionally demand

personality tests when recruiting new employees. Finally, the vector Xj contains control

variables as de�ned previously in this section.

yj = β + βIIj + βDDj + βPPj + βID(Ij ×Dj) + βIP (Ij × Pj) + βDP (Dj × Pj)

+ βIDP (Ij ×Dj × Pj) +X′
jβX + εj (3)

Table 3 provides estimation results of model 3 using simple regression analysis.29 As

all HRM practises are de�ned on a binary support, the constant can intuitively be inter-

preted as the labour productivity of the average �rm (average with respect to controls)

which neither pays high income nor provides discretion nor screens for personality. The

main e�ect of income is the di�erence in reported labour productivity of �rms which do

not pay high income compared to establishments which do pay high income (everything

else equal). If the ceteris paribus condition implies that �rms neither grant high levels of

discretion nor screen for personality then the coe�cient on income displays the full e�ect

of high income on productivity. The positive and signi�cant coe�cient on income for

29Here, again, applying ordered probit estimation qualitatively does not change the results.
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Table 3: Regressions of Labour Productivity on HRM Complementarities

What Tasks How Work

(1) (2) (3) (4)

High Income (I) 0.24∗∗ 0.21∗∗ 0.29∗∗∗ 0.29∗∗∗

(0.11) (0.10) (0.11) (0.10)
High Discretion (D) 0.18∗ 0.13 0.31∗∗∗ 0.26∗∗∗

(0.10) (0.10) (0.099) (0.093)
Pers. Test (P) 0.12 0.100 0.15 0.13

(0.15) (0.15) (0.15) (0.15)
I × D −0.24 −0.22 −0.37∗∗ −0.39∗∗∗

(0.15) (0.15) (0.15) (0.15)
I × P −0.37 −0.37 −0.40 −0.41

(0.29) (0.29) (0.30) (0.29)
D × P −0.041 −0.024 −0.089 −0.066

(0.21) (0.20) (0.21) (0.20)
I × D × P 0.71∗∗ 0.67∗ 0.72∗ 0.67∗

(0.36) (0.35) (0.38) (0.36)
Union −0.064 −0.042

(0.084) (0.084)
Pub. Sector −0.068 −0.060

(0.11) (0.11)
Foreign 0.55∗∗∗ 0.64∗∗∗

(0.12) (0.13)
Constant 3.39∗∗∗ 3.61∗∗∗ 3.34∗∗∗ 3.52∗∗∗

(0.073) (0.20) (0.069) (0.20)
Firm Controls No Y es No Y es

Subpop. Observations 1815 1812 1815 1812
R2 0.023 0.093 0.037 0.103

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
binary variables of income, discretion, personality tests and its interactions. The �rst panel (column (1)
and (2)) refers to answers on the question �What Tasks� as proxy for discretion, columns (3) and (4) use
�How to Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.

all speci�cations hence provides evidence that �rms paying high income ceteris paribus

report higher levels of labour productivity as compared to �rms which pay low income.

Similarly a positive and signi�cant coe�cient on discretion in 3 out of 4 speci�cations

re�ects a positive correlation between discretion and labour productivity. Only the main

e�ect of personality tests is not signi�cantly di�erent from zero.30

30In Part II of this dissertation, Englmaier, Kolaska, and Leider in fact �nd a positive relationship
between �rm performance and personality tests. As model speci�cations are very di�erent, results
are not directly comparable.
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The two-way interactions Ij × Dj is signi�cantly negative for discretion measured in

employees' leeway how to work. This means that �rms paying high income and leave their

workers discretion but do not screen for personality report signi�cantly lower productivity

of labour than �rms with limited discretion all other parameters equal. Applying a causal

interpretation, Ij × Dj is the additional e�ect from complementarities between income

and discretion when switching from low to high wages in �rms which already provide

high levels of discretion. As the interaction is signi�cantly negative, this policy, which

corresponds to paying e�ciency wages, turns out to be not successful. The interaction

of high income and personality tests (paying low income) Dj × Pj is not signi�cantly

distinguishable from zero, discarding optimality of the strategy to rely solely on �work

ethic� but refrain from paying high wages. Finally the third interaction, Ij × Pj does

similarly not depict a signi�cant pattern for any measure of discretion.

The main interest however, is placed on the three-way interaction term between income,

discretion and personality tests, Ij ×Dj × Pj . This interaction is signi�cant in all four

speci�cations. Intuitively (and causally interpreted) this interaction is the additional

e�ect of introducing personality tests given that the respective �rm already pays high

income and leaves their employees high discretion on productivity. The overall e�ect of

personality tests (given the �rm o�ers �good jobs�) is the sum of all coe�cients, which

contain personality tests, i.e. βP +βIP +βDP +βIDP . A Wald test on the null hypothesis

that the sum of all four coe�cients containing personality tests is zero can be rejected

in three out of four speci�cations.31

Analysis with Continuous Deviations A potential immediate critique of the previous

analysis is that it entirely relies on the binary classi�cation of �rms' HRM practises,

which implies that a lot of information is (unnecessarily) lost. In the following, I exploit

continuous deviations of actual income and discretion to estimated outcomes. However,

this procedure also comes at a cost. As answers on the survey question concerning

discretion are ordinal, deviations are not directly interpretable, suggesting a very cautious

interpretation of the subsequent results.

In order to address complementarities of di�erent HRM practises, it is essential to

include interactions, as done before. However as multiple interaction e�ects of continuous

variables are very problematic to interpret, I keep the analysis tractable by dividing the

dataset into �rms using personality tests upon hiring (Pj = 1) and those who do not

(Pj = 0). For each dataset k ∈ {0, 1}, I then separately estimate the e�ect of income

31The models which include �rm controls (columns (2) and (4)) strongly reject the null at a 1%-
signi�cance level and at a 5%-signi�cance level, respectively. Speci�cation (1) rejects the null at
a 10%-level and model (3) fails to reject it (Prob > F = 0.18).
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ij , discretion dj and the multiplication term (ij × dj) of income and discretion on �rm

performance yj .

I estimate the following reduced-form model:

yj|Pj=k = βiij + βddj + βid(ij × dj) +X′
jβX + εj ∀ k ∈ {0, 1}. (4)

Equation 4 is estimated with simple regression techniques.32 As both income and

discretion are centred around zero, the intercept of each regression depicts mean labour

productivity if actual and estimated values of income and discretion are exactly aligned

(meaning that �rms exactly provide wages and discretion as expected), at the mean of

all control variables. βd can be interpreted as the average di�erence in reported labour

productivity of the mean �rm (with regard to controls) if employees on average report one

step higher perceived discretion and income is exactly as expected (i.e. ij = 0, leading

the interaction term to be zero). The same is true for ij > 0 and dj = 0; the main e�ect

of income can be seen as the impact of paying one pound more per week on average to

each employee on labour productivity, given that the �rms allow discretion exactly as

expected. The interaction term is hence only di�erent from zero, if both HRM measures

depart from expected values. A positive interaction can be interpreted as follows: The

more actual income exceeds estimated income, the stronger the association of discretion

on �rm performance becomes. The interpretation vice versa is true as well, implying

that the more �excess� (i.e. above estimated) discretion �rms allow their employees on

average, the more increasing income is associated with �rm outcomes. As in a framework

with continuous wage and measures for discretion no �rm exhibits income and discretion

exactly at the sample mean, the e�ect of income on �rm output depends on the level of

discretion if the interaction e�ect is signi�cantly di�erent from zero.

Columns (1) and (3) of Table 4 provide evidence on estimates for income, discretion

and the interaction of both for the subset of �rms, which do not use personality tests when

screening job candidates. For this subset of �rms, neither income nor discretion (or the

interaction) is associated with labour productivity. This is true for control variables as

well with the exception of �rms which are foreign owned: These �rms report signi�cantly

higher labour productivity.

Restricting the dataset to �rms which screen for personality reduces the number of

observations, as can be seen in column (2) and column (4). Whereas the main coe�cients

of income increase but are indistinguishable from zero even if �rms screen for personality,

coe�cients of discretion sharply increase 10-fold and 7.5-fold. Likewise point estimates

32Here, again, applying ordered probit estimation does not alter the results.
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Table 4: Regression of Labour Productivity on HRM Complementarities II

What Tasks How Work

w/o PT w/ PT w/o PT w/ PT
(1) (2) (3) (4)

Income −0.000086 0.00066 −0.00022 0.00070
(0.00059) (0.00075) (0.00057) (0.00074)

Discretion 0.026 0.30∗ 0.064 0.48∗∗

(0.094) (0.17) (0.089) (0.24)
Income × Discretion −0.00094 0.0019 −0.0011 0.0044∗∗

(0.00065) (0.0015) (0.00073) (0.0019)
Union −0.042 −0.13 −0.024 −0.13

(0.095) (0.18) (0.097) (0.17)
Pub. Sector −0.095 0.052 −0.093 0.015

(0.12) (0.20) (0.12) (0.20)
Foreign 0.48∗∗∗ 0.88∗∗∗ 0.50∗∗∗ 0.59∗∗

(0.14) (0.24) (0.14) (0.24)
Constant 3.75∗∗∗ 3.71∗∗∗ 3.73∗∗∗ 3.70∗∗∗

(0.22) (0.27) (0.22) (0.28)
Firm Controls Y es Y es Y es Y es

Subpop. Observations 998 496 998 496
R2 0.088 0.249 0.092 0.266

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
income, discretion and the interaction between income and discretion. The �rst panel (column (1) and
(2)) uses answers on the question �What Tasks� as a proxy for discretion, columns (3) and (4) use �How
to Work�. Columns (1) and (3) correspond to the restricted set of �rms which do not use personality
tests, columns (2) and (4) refer to establishments which make use of personality tests for job candidates.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.

of the interaction term increase compared to �rms without personality tests and result

in signi�cant correlation of the interaction between discretion and income, and labour

productivity in column (4). Using leeway on what task to perform as measure for dis-

cretion and conditioning on �rms with personality tests also increases point estimates of

the interaction term, as can be seen in column (2). Higher standard errors however, lead

to insigni�cant coe�cients, which may be a result of limited sample size. It is important

to notice that also the goodness-of-�t is approximately three times as high when condi-

tioning the sample on �rms with personality tests but otherwise estimating the identical

model. This provides evidence for high explanatory power of HRM practises for labour

productivity.

To show that the impact of discretion on labour productivity crucially depends on the
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level of income if �rms screen for personality, I �nally provide estimates for the evolution

of discretion along di�erent levels of income deviations. Estimates in Table 5 are simply

the linear combination of the main e�ect of discretion on labour productivity for three

di�erent levels of income: income evaluated at its mean (i.e. no deviation from estimated

income), actual income being one standard deviation above and one standard deviation

below estimation. The �rst panel provides estimates for the subset of �rms, which screen

for personality and the second panel for �rms not using compulsory personality tests.

The e�ect of discretion on labour productivity is largest when income is high and drops

considerably with low income for �rms which screen job candidates for personality. This

is true for both measures of discretion. The coe�cient for discretion, given that income

is one standard deviation below its mean, is not distinguishable from zero; in that case

an increase in discretion does not predict higher labour productivity. As before, the

subset of �rms without personality tests do not show a clear pattern. I interpret this as

personality tests being crucial for �good jobs� to translate into high labour productivity.

Result 2 (Job-Clusters and Firm Performance). Firms paying higher than expected in-

come to their employees while at the same time allowing their workforce substantial dis-

cretion on how to perform tasks (HRM practises which are associated with �good jobs�)

report signi�cantly higher labour productivity. However, this is the case only if these �rms

screen job candidates for personality. Hence, this pattern is consistent with reciprocity as

underlying mechanism to achieve high �rm performance, discarding explanation (a) no

additional human resource practise necessary, (b) e�ciency wages only and (c) relying

on �work ethic� as sole explanations.

4.3. Competency Tests

Firms o�ering �good jobs� report to have signi�cantly higher labour productivity if they

screen for personality when hiring employees. However, personality tests may only be a

proxy for advanced HRM practises which itself is likely to be positively correlated with

�rm performance. Competency tests may similarly proxy for �rms with advanced HRM

policies but ability tests unlike personality tests aim not to uncover personal traits of the

employee but try to reveal her ability. Though both tests are indicators of modern HRM

practises of a �rm, only personality tests are consistent with reciprocity as an enhancing

mechanism for productivity. Hence, this section summarises the results using the same

analysis as in the previous section but de�ning competency tests instead of personality

tests as a screening device.

Table 8 (Appendix, Section A.2) provides estimates from equation 2, where personality
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Table 5: Impact of Discretion on Labour Productivity

Coe�. Std. Err. t p>|t| 95% Conf. Int.

With Personality Test
What Tasks
Slope at Mean of Income 0.30 0.17 1.78 0.08 −0.03 0.64
Slope at Mean + 1 SD of Income 0.46 0.23 2.01 0.05 0.01 0.91
Slope at Mean − 1 SD of Income 0.15 0.18 0.80 0.42 −0.21 0.50

How Work
Slope at Mean of Income 0.48 0.24 1.98 0.05 0.005 0.95
Slope at Mean + 1 SD of Income 0.83 0.37 2.26 0.02 0.11 1.55
Slope at Mean − 1 SD of Income 0.12 0.17 0.74 0.46 −0.20 0.45

Without Personality Test
What Tasks
Slope at Mean of Income 0.03 0.09 0.28 0.78 −0.16 0.21
Slope at Mean + 1 SD of Income −0.05 0.12 −0.41 0.69 −0.29 0.19
Slope at Mean − 1 SD of Income 0.10 0.09 1.12 0.26 −0.08 0.28

How Work
Slope at Mean of Income 0.06 0.09 0.73 0.47 −0.11 0.24
Slope at Mean + 1 SD of Income −0.03 0.12 −0.21 0.83 −0.27 0.22
Slope at Mean − 1 SD of Income 0.15 0.09 1.81 0.07 −0.01 0.32

Notes: This table provides linear regression coe�cients, standard errors and con�dence intervals for the
e�ect of discretion on labour productivity for di�erent levels of income. The �rst line of each panel is
the compound e�ect (main e�ect plus interaction) of discretion at mean income payment. The second
line describes the e�ect of discretion on productivity if income is one standard deviation above the
mean. The third line corresponds to estimates for income one standard deviation below the mean.
The �rst panel reports estimates for �rms using personality tests, the second panel for �rms without
screening for personality.

tests Pj are replaced by competency tests Cj . Column (1) and (3) report signi�cantly

higher labour productivity if �rms provide �good jobs� and screen for ability compared

to �rms in cluster [0,0,0]. Furthermore using �rms with �good jobs� and ability tests

as base category I �nd signi�cantly higher levels of labour productivity compared to

establishments in other job-clusters. This e�ect is particularly strong for discretion mea-

sured by the question on how autonomous employees are allowed to perform their tasks.

Even though results in these regressions are considerably weaker than results on person-

ality tests, using this piece of evidence does not speak against an association of labour

productivity and �good jobs� combined with competency tests.

Results on estimating three-way interactions of model 3 are provided in Table 9. Dis-

cretion relates positively to labour productivity and the coe�cient is substantial if dis-

cretion is measured by employees' leeway on how to work. More importantly however,
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the interaction e�ect of high income, high discretion, and competency tests is indistin-

guishable from zero for all four speci�cations. Intuitively this means that �rms providing

�good jobs� and screen for competency when hiring employees do not report higher labour

productivity than �rms o�ering equally good jobs but do not screen job candidates for

ability. This is in sharp contrast to �ndings on the impact of personality tests which

renders screening itself unlikely to be the driving force of �good jobs� to translate into

high labour productivity.

Result 3 (Competency Tests and Firm Performance). Screening job candidates for com-

petency as opposed to personality has considerably less power to explain labour perfor-

mance if �rms o�er �good jobs�. Not screening itself but screening for personality is

decisive for �good jobs� to turn into high labour productivity.

5. Robustness

In this section I perform a series of robustness checks: First, instead of estimating devi-

ations in income and discretion, I use raw responses on income and discretion. Secondly,

I only classify �rms to be generous if actual income/discretion is at least one category

higher than estimated values. In a third check, I perform the Tobit model substitut-

ing income with logarithmised income. Fourth, in order to provide a di�erent method

of how to aggregate employee responses into �rm averages, I �rst calculate binary �rm

generosity towards each employee and second aggregate over all employees per establish-

ment. To address the fact that some �rms simultaneously make use of personality and

ability tests, I �nally re-estimate models on both screening devices excluding �rms which

simultaneously search for personality and ability.

Raw Responses In this section, I re-estimate models 2 and 3 using raw responses from

the employee questionnaire. By skipping the entire procedure on estimating income and

discretion I hence do not account for personal characteristics of each employee. However,

because �rms di�er in the composition of which employees answer the questionnaire I

may systematically over- and underrate income and discretion of �rms. If questionnaires

however were returned purely random in each establishment, then using raw correlations

should only increase noise but is not expected to systematically bias coe�cients.

As shown in Table 10, column (1) and (2) in the Appendix, Section A.3, estimates for

both measures of discretion show a similar pattern as in the main section, even though

coe�cients are estimated less precisely. For model 2 and using job-clusters of �rms provid-

ing �good jobs� and personality tests as reference category we �nd consistently negative
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coe�cients; some clusters exhibit signi�cant lower associations with labour productivity.

Column (1) and (2) in Table 12 �nally re-estimates model 3 substituting estimated in-

come and discretion with raw values. Here, we �nd signi�cant interaction terms between

�good jobs� and personality tests only for one of two speci�cations.

Categorising Deviations Another potential critique could be the use of (hypothetical)

continuous deviations between estimated and actual values for income and discretion.

For the previous analysis I generate a continuous measure of expected income, though

actual income is only observed within intervals. This, however, implies that �rms are

classi�ed to pay less generous income to a certain employee if the estimated income is

higher than the average income within the respective interval. Some employees hence

will falsely be categorised to receive generous wages. The situation is analogously when

estimated income is below the mean income within an interval, which leads �rms to

appear generous. Despite inaccuracies, however, the procedure so far is not expected to

systematically bias the results (assuming a symmetric income distribution around the

mean of each category) but having rather a tendency to increase the variance.

To nevertheless address these concerns I subsequently classify �rms only then to be

generous with regard to income if the lower bound of their actual income interval exceeds

their estimated income. All employees, whose estimated income lies in the interval of

their actual payments are classi�ed as to receive income as expected. If �rms pay as

expected then deviations are equalised to be zero; if establishments pay higher (lower)

than expected then I use the mean payment of the actual interval as reference payment.

I similarly proceed with estimates on discretion, where employees' answers on perceived

discretion are scales from �1� (�none�) to �4� (�a lot�).33 Given this scale, I only count

answers to be higher (lower) than expected if expected and actual values deviate by at

least the positive (negative) magnitude of 0.5. In these cases actual discretion is not the

closest integer to estimated discretion.

Table 10 (column (3) and (4)) provides estimates from model 2 for both suggested

measures for discretion. Contrary to the main results, in column (3) the cluster [1,1,1]

is not signi�cantly stronger correlated with productivity compared to some other clus-

ter, though all point estimates direct towards this relationship. Using responses on the

question �How to Work� as measure for discretion, estimates are comparable to the main

results (column (4)). A similar picture arises for model 3 in Table 12. Human resource

indicators do not show signi�cant patterns (column (3)) using �What Tasks� as mea-

33Issues on the interpretability of ordinal responses are dealt with in �Alternative Method of Aggregation�
in this section.
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sure for discretion � the magnitude of the coe�cient on �good jobs� in combination with

screening for personality is considerable smaller than in the base speci�cation. Apply-

ing �How to Work� as measure for discretion, results are again comparable to the main

section.

Log-Income Crucial for the estimation of income with interval regressions is the nor-

mality assumption. As the distribution of log-income in many applications is closer to

the Gaussian normal (compared to raw income) I re-estimate model 1 after transforming

income into log-income.

The transformation has no e�ect on the results of job-clusters (Table 10 in Appendix

A.3): Relating labour productivity to HRM-clusters I �nd negative point estimates for

all job-clusters when omitting �rms with �good jobs� and personality tests as base cate-

gory. Six out of seven clusters (for each measure of discretion) report signi�cantly lower

productivity. Results on model 3 are presented in Table 12. Here, however, I do not �nd

signi�cant interaction e�ects on Ij × Dj × Pj for discretion measured by the question

on �What Tasks�. Using �How to Work�, I �nd high and signi�cant correlations between

the three-way interaction and labour productivity. Hence, the �ndings in this section

a�rm that results from the main section are robust to a transformation of income into

log-income.

Alternative Method of Aggregation A serious concern of the previous analysis is the

interpretation of deviations from estimated HRM practises, although discretion is an

ordinal measure without scale. Moreover, when calculating �rm averages, exceptionally

high positive (negative) deviations of discretion for one employee could potentially o�set

lower (higher) than expected levels for several employees.

Here, I address both problems by changing the order of aggregation and averaging

across �rms. Before, I summed deviations in income (discretion) across all employees

within one establishment and then took the mean deviation in income (discretion) within

the �rm. In this section I �rst calculate a binary measure for each single employee,

indicating whether this respective employee receives generous income (discretion) or not

from her �rm. In a second step I calculate the fraction of employees with high income

(discretion) for each �rm. Finally, a �rm is classi�ed to be generous with regard to income

(discretion) if it provides more employees high income (discretion) than the average �rm

in the sample.

Estimates qualitatively do not change when applying the latter method of aggregation.

Columns (1) and (2) in Table 11 provide estimates for model 2 using job-cluster [1,1,1]
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as base category. As seen immediately almost all job-clusters yield signi�cant negative

correlations with labour productivity compared to �rms which provide �good jobs� and

screen for personality. In Table 13 (columns (1) and (2)) I �nd positive and signi�cant

correlations of productivity with the interaction of �good jobs� and screening, Ij×Dj×Pj .

This implies that the e�ect of HRM practises on productivity is not driven by the way

how I aggregate information from the regressions on income and discretion onto �rm

level.

Excluding Firms with Personality and Competency Tests A �nal potential worry of

the previous analysis is the fact that some �rms use personality tests and competency

tests simultaneously. In this paragraph I exclude exactly these �rms from the analysis.

This may be particularly interesting for the results on competency tests because these

results include a subset of �rms which also screen for personality.

Estimation results on job-clusters excluding the subset of �rms using both screening

devices are provided in Table 11, where columns (3) and (4) refer to personality tests

as a screening device and columns (5) and (6) to ability tests. Comparing results to

the main tables, I do not �nd qualitative di�erences. This is only partly true for model

3. As can be seen in columns (3) and (4) the interactions of �good jobs� and person-

ality tests are not signi�cantly di�erent from zero for both measures of discretion, even

though point estimates sharply increase. This observation however, may be explained

by limited sample size resulting in standard errors which are approximately 50 percent

higher compared to the base speci�cation. Finally, competency tests (columns (5) and

(6)) in combination with �good jobs� cannot explain labour productivity, which is in line

with Result 3. Here, standard errors are comparable to the standard errors in the main

regressions.

6. Discussion

Research in personnel economics has highlighted the importance of workplace organisa-

tion for �rm success. Rather recently, however, a number of studies �nd that behavioural

aspects within �rms may shape outcomes. This implies that taking the �right� actions

may allow employers to bene�t from non-standard behaviour of employees. Three of

these potentially �right� actions are presented in this paper.

This paper uses �eld evidence from the �Workplace Employment Relations Survey� to

relate three human resource policies � paying high income to employees, leaving worker

high discretion, and screening for personality or competency � to �rm performance. I
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show that �rms which pay high income, grant high level of discretion, and screen their

job candidates for personal traits report to have exceptional high labour productivity. I

interpret this �nding as evidence consistent with employees responding to gift-exchange;

job-clusters which are associated with e�ciency wages or high �work ethic� of employees

alone are not associated with positive �rm outcomes. This similarly applies for �rms

which screen for ability instead of personality.

In a broader context, this analysis shows the importance of personality tests when

screening job candidates. Interestingly, however, in this dataset only one third of the

�rms make use of that screening device, which is a bit of a puzzle: If personality tests

are the key to increase labour productivity (because this device reduces the number of

employees with adverse behaviour towards the �rm) then one should expect �rms to

increasingly make use of screening for personality. If however, only a limited number

of employees in the population exhibit reciprocal traits then rising demand for these

workers could lead to segmentation in the labour market: Successful �rms with reciprocal

employees and �good jobs� on one side and �rms providing jobs with low payments and

low discretion on the other. (The argument of segmentation in labour markets has, in a

slightly di�erent context, already been made by Bartling et al. (2012a))

A natural next step could be to provide causal evidence of HRM practises, in particular

of personality tests on �rm performance using �eld data. Whereas laboratory studies

can isolate underlying principles, it is often not clear whether the identi�ed mechanism

has real-world implications. Gaining evidence on the actual importance of reciprocal

behaviour between employer and employee could improve labour market relations with

potential bene�ts for both parties.
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Appendix

A. Tables

A.1. Data Description

Table 6: Summary Statistics of Employee Characteristics

Obs. Avg. SD Min. Max.

Age
< 20 22362 0.03 0.18 0 1
20 - 29 22362 0.18 0.39 0 1
30 - 39 22362 0.25 0.43 0 1
40 - 49 22362 0.27 0.44 0 1
50 - 59 22362 0.22 0.41 0 1
60+ 22362 0.05 0.21 0 1

Tenure
< 1 22367 0.16 0.36 0 1
1 - 2 22367 0.13 0.33 0 1
2 - 5 22367 0.27 0.44 0 1
5 - 10 22367 0.19 0.39 0 1
10+ 22367 0.26 0.44 0 1

Occupational Group
Management 22762 0.11 0.31 0 1
Professional 22762 0.12 0.32 0 1
Associate Professional 22762 0.17 0.37 0 1
Administrative 22762 0.19 0.39 0 1
Skilled Trade 22762 0.07 0.25 0 1
Personal Service 22762 0.09 0.28 0 1
Sales 22762 0.07 0.26 0 1
Machine Operatives 22762 0.08 0.26 0 1
Routine and Unskilled 22762 0.11 0.32 0 1

Union
Yes 22329 0.37 0.48 0 1
No, but in the past 22329 0.17 0.37 0 1
No, never 22329 0.47 0.50 0 1

Acad. Qual. 21991 2.03 1.21 1 8
Voc. Qual 21022 1.30 0.71 1 9
Gender 22345 0.54 0.5 0 1
Weekly Hours Working 22114 35.93 12.45 0 96

Notes: This table provides information on the number of observations, mean and standard deviation as
well as minimum and maximum values of control variables for estimations on income and discretion.
Statistics for each variable are calculated omitting answers �refusal�, �don't know� and �not applicable�,
all indicating unclear answers.
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Table 7: Estimation of Income and Discretion Regressions

Income Discretion

What Tasks How Work
(1) (2) (3)

Occupational Group
Professional −8.12 0.33∗∗∗ 0.21∗∗∗

(8.87) (0.028) (0.023)
Associate −85.3∗∗∗ 0.30∗∗∗ 0.19∗∗∗

(8.25) (0.027) (0.022)
Secretary −158.1∗∗∗ 0.60∗∗∗ 0.33∗∗∗

(7.41) (0.031) (0.026)
Skilled Trade −178.2∗∗∗ 0.54∗∗∗ 0.20∗∗∗

(8.37) (0.042) (0.031)
Personal Service −221.2∗∗∗ 0.49∗∗∗ 0.35∗∗∗

(7.81) (0.040) (0.030)
Sales −219.5∗∗∗ 0.65∗∗∗ 0.47∗∗∗

(7.87) (0.043) (0.034)
Operatives −233.0∗∗∗ 0.79∗∗∗ 0.52∗∗∗

(8.74) (0.042) (0.037)
Unskilled −264.2∗∗∗ 0.62∗∗∗ 0.37∗∗∗

(8.26) (0.036) (0.030)
Age
Age 18 - 19 −8.09 −0.088 −0.065

(12.7) (0.093) (0.077)
Age 20 - 21 10.4 −0.14 −0.11

(12.8) (0.094) (0.077)
Age 22 - 29 35.3∗∗∗ −0.15∗ −0.13∗

(11.8) (0.085) (0.067)
Age 30 - 39 94.9∗∗∗ −0.28∗∗∗ −0.24∗∗∗

(11.5) (0.085) (0.067)
Age 40 - 49 106.6∗∗∗ −0.30∗∗∗ −0.24∗∗∗

(11.9) (0.086) (0.068)
Age 50 - 59 102.4∗∗∗ −0.30∗∗∗ −0.24∗∗∗

(11.9) (0.087) (0.067)
Age 60 - 64 72.7∗∗∗ −0.38∗∗∗ −0.34∗∗∗

(13.1) (0.097) (0.075)
Age 64+ 16.2 −0.43∗∗∗ −0.26∗∗

(21.2) (0.13) (0.11)
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Tenure
Tenure 1 - 2 years 4.88 −0.091∗∗∗ −0.00073

(4.89) (0.032) (0.027)
Tenure 2 - 5 years 22.7∗∗∗ −0.12∗∗∗ −0.056∗∗

(4.34) (0.029) (0.023)
Tenure 5 - 10 years 21.8∗∗∗ −0.17∗∗∗ −0.095∗∗∗

(4.79) (0.032) (0.026)
Tenure > 10 years 43.3∗∗∗ −0.25∗∗∗ −0.14∗∗∗

(5.23) (0.031) (0.025)
Gender −78.0∗∗∗ 0.0049 −0.041∗∗

(3.82) (0.019) (0.016)
Constant 160.0∗∗∗ 2.30∗∗∗ 2.01∗∗∗

(16.4) (0.098) (0.078)
Employee Controls Y es Y es Y es

Observations 21506 21420 21428
R2 0.087 0.059

Notes: This table provides estimation results for interval regressions of income (column (1)) and linear
regression of discretion on employee observables. Predictions from these regressions are used to generate
estimated values for income and discretion for each employee.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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A.2. Competency Tests

Table 8: Regression of Lab. Prod. on HRM-Cluster � Competency Tests

What Tasks How Work

(1) (2) (3) (4)

HRM Cluster
[0,0,0] −0.31∗∗ −0.33∗∗∗

(0.14) (0.13)
[1,0,0] −0.076 −0.39∗∗∗ 0.087 −0.25∗∗

(0.13) (0.12) (0.11) (0.12)
[0,1,0] 0.097 −0.22 0.14 −0.19

(0.16) (0.15) (0.15) (0.15)
[0,0,1] 0.092 −0.22∗ 0.35∗∗∗ 0.015

(0.14) (0.13) (0.11) (0.12)
[1,1,0] 0.081 −0.23∗ 0.37∗∗∗ 0.035

(0.15) (0.14) (0.14) (0.15)
[1,0,1] 0.034 −0.28∗∗ 0.15 −0.19

(0.14) (0.14) (0.13) (0.14)
[0,1,1] −0.041 −0.36∗∗ 0.15 −0.19

(0.15) (0.14) (0.13) (0.14)
[1,1,1] 0.31∗∗ 0.33∗∗∗

(0.14) (0.13)
Union −0.050 −0.050 −0.046 −0.046

(0.085) (0.085) (0.084) (0.084)
Pub. Sector −0.065 −0.065 −0.070 −0.070

(0.12) (0.12) (0.11) (0.11)
Foreign 0.65∗∗∗ 0.65∗∗∗ 0.65∗∗∗ 0.65∗∗∗

(0.15) (0.15) (0.15) (0.15)
Constant 3.69∗∗∗ 4.01∗∗∗ 3.52∗∗∗ 3.86∗∗∗

(0.20) (0.21) (0.19) (0.21)
Firm Controls Y es Y es Y es Y es

Subpop. Observations 1812 1812 1812 1812
R2 0.094 0.094 0.106 0.106

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
HRM cluster using competency tests as screening device and controls. The �rst panel (column (1) and
(2)) refers to answers on the question �What Tasks� as proxy for discretion, columns (3) and (4) use
�How to Work�. Columns (1) and (3) use cluster [0,0,0] as base category; column (2) and (4) omit cluster
[1,1,1].
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 9: Regressions of Lab. Prod. on HRM Complementarities � Competency Tests

What Tasks How Work

(1) (2) (3) (4)

High Income (I) 0.11 0.097 0.19 0.14
(0.17) (0.16) (0.16) (0.15)

High Discretion (D) 0.13 0.092 0.39∗∗∗ 0.35∗∗∗

(0.14) (0.14) (0.12) (0.11)
Comp. Test (C) −0.083 −0.076 0.076 0.087

(0.13) (0.13) (0.12) (0.11)
I × D −0.17 −0.23 −0.36∗ −0.35∗

(0.21) (0.20) (0.20) (0.19)
I × C 0.097 0.061 0.038 0.14

(0.21) (0.20) (0.21) (0.19)
D × C 0.045 0.018 −0.26 −0.29∗

(0.18) (0.18) (0.18) (0.17)
I × D × C 0.18 0.35 0.32 0.25

(0.28) (0.27) (0.28) (0.27)
Union −0.050 −0.046

(0.085) (0.084)
Pub. Sector −0.065 −0.070

(0.12) (0.11)
Foreign 0.65∗∗∗ 0.65∗∗∗

(0.15) (0.15)
Constant 3.46∗∗∗ 3.69∗∗∗ 3.33∗∗∗ 3.52∗∗∗

(0.11) (0.20) (0.095) (0.19)
Firm Controls No Y es No Y es

Subpop. Observations 1815 1812 1815 1812
R2 0.017 0.094 0.035 0.106

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
binary variables of income, discretion, competency tests and its interactions. The �rst panel (column
(1) and (2)) refers to answers on the question �What Tasks� as proxy for discretion, columns (3) and (4)
use �How to Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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A.3. Robustness

Table 10: Labour Productivity on HRM-Cluster: Robustness I

Raw Categorical Log Income

�What� �How� �What� �How� �What� �How�
(1) (2) (3) (4) (5) (6)

HRM Cluster
[0,0,0] −0.37∗∗ −0.40∗∗∗ −0.38∗∗∗ −0.53∗∗∗ −0.38∗∗∗ −0.50∗∗∗

(0.15) (0.15) (0.15) (0.15) (0.15) (0.15)
[1,0,0] −0.27 −0.26 −0.31 −0.38∗∗ −0.39∗ −0.41∗∗

(0.22) (0.20) (0.20) (0.19) (0.21) (0.21)
[0,1,0] −0.36∗∗ −0.29∗∗ −0.22 −0.33∗∗ −0.36∗∗ −0.35∗∗

(0.15) (0.15) (0.15) (0.15) (0.15) (0.15)
[0,0,1] −0.22 −0.23 −0.30∗∗ −0.33∗∗ −0.35∗∗ −0.32∗∗

(0.15) (0.15) (0.14) (0.15) (0.14) (0.15)
[1,1,0] −0.66∗∗∗ −0.64∗∗∗ −0.43∗ −0.61∗∗ −0.43∗∗ −0.53∗∗

(0.23) (0.24) (0.25) (0.24) (0.22) (0.22)
[1,0,1] −0.054 −0.10 −0.14 −0.24 −0.24 −0.29

(0.17) (0.19) (0.18) (0.19) (0.17) (0.18)
[0,1,1] −0.23 −0.30∗∗ −0.19 −0.28∗ −0.27∗ −0.32∗∗

(0.14) (0.14) (0.15) (0.15) (0.14) (0.15)
Union −0.048 −0.048 −0.053 −0.062 −0.058 −0.048

(0.086) (0.084) (0.085) (0.084) (0.084) (0.083)
Pub. Sector −0.073 −0.063 −0.085 −0.070 −0.086 −0.058

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11)
Foreign 0.58∗∗∗ 0.56∗∗∗ 0.56∗∗∗ 0.54∗∗∗ 0.57∗∗∗ 0.56∗∗∗

(0.14) (0.13) (0.14) (0.13) (0.13) (0.13)
Constant 3.97∗∗∗ 4.00∗∗∗ 4.01∗∗∗ 4.07∗∗∗ 4.07∗∗∗ 4.08∗∗∗

(0.22) (0.23) (0.23) (0.23) (0.22) (0.23)
Firm Controls Y es Y es Y es Y es Y es Y es

Subpop. Observations 1498 1498 1495 1495 1494 1494
R2 0.100 0.099 0.091 0.103 0.088 0.095

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
HRM cluster and controls for di�erent control speci�cations. Uneven columns refer to answers on the
question �What Tasks� as proxy for discretion, columns (2), (4) and (6) use �How to Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 11: Labour Productivity on HRM Cluster: Robustness II

Aggregation Only Pers. Tests Only Comp. Tests

�What� �How� �What� �How� �What� �How�
(1) (2) (3) (4) (5) (6)

HRM Cluster
[0,0,0] −0.41∗∗∗ −0.43∗∗∗ −0.50∗∗∗ −0.50∗∗∗ −0.31∗∗ −0.33∗∗∗

(0.16) (0.13) (0.14) (0.16) (0.14) (0.13)
[1,0,0] −0.29 −0.31∗ −0.40∗∗ −0.36∗ −0.39∗∗∗ −0.25∗∗

(0.19) (0.17) (0.18) (0.20) (0.12) (0.12)
[0,1,0] −0.30∗ −0.39∗∗∗ −0.29∗∗ −0.20 −0.22 −0.19

(0.16) (0.13) (0.14) (0.17) (0.15) (0.15)
[0,0,1] −0.33∗∗ −0.40∗∗∗ −0.37∗∗∗ −0.24 −0.22∗ 0.015

(0.15) (0.13) (0.14) (0.16) (0.13) (0.12)
[1,1,0] −0.56∗∗ −0.65∗∗∗ −0.57∗∗ −0.48∗ −0.23∗ 0.035

(0.24) (0.22) (0.26) (0.28) (0.14) (0.15)
[1,0,1] −0.23 −0.34∗ −0.29∗ −0.17 −0.28∗∗ −0.19

(0.20) (0.18) (0.17) (0.19) (0.14) (0.14)
[0,1,1] −0.31∗∗ −0.33∗∗ −0.37∗∗∗ −0.33∗∗ −0.36∗∗ −0.19

(0.15) (0.14) (0.14) (0.16) (0.14) (0.14)
Union −0.068 −0.061 −0.064 −0.042 −0.050 −0.046

(0.084) (0.084) (0.084) (0.084) (0.085) (0.084)
Pub. Sector −0.078 −0.074 −0.068 −0.060 −0.065 −0.070

(0.11) (0.11) (0.11) (0.11) (0.12) (0.11)
Foreign 0.57∗∗∗ 0.55∗∗∗ 0.55∗∗∗ 0.64∗∗∗ 0.65∗∗∗ 0.65∗∗∗

(0.13) (0.13) (0.12) (0.13) (0.15) (0.15)
Constant 4.07∗∗∗ 4.12∗∗∗ 4.11∗∗∗ 4.02∗∗∗ 4.01∗∗∗ 3.86∗∗∗

(0.23) (0.22) (0.22) (0.24) (0.21) (0.21)
Firm Controls Y es Y es Y es Y es Y es Y es

Subpop. Observations 1494 1494 1494 1494 1494 1494
R2 0.089 0.091 0.093 0.103 0.094 0.106

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
HRM cluster and controls for di�erent control speci�cations. Uneven columns refer to answers on the
question �What Tasks� as proxy for discretion, columns (2), (4) and (6) use �How to Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 12: Labour Productivity on HRM Complementarities: Robustness I

Raw Categorical Log Income

�What� �How� �What� �How� �What� �How�
(1) (2) (3) (4) (5) (6)

High Income (Inc.) 0.015 0.11 0.16 0.20∗ 0.025 0.15
(0.11) (0.10) (0.099) (0.10) (0.11) (0.10)

High Discretion (Disc.) 0.16 0.17∗ 0.081 0.20∗∗ 0.029 0.18∗

(0.11) (0.10) (0.099) (0.094) (0.11) (0.095)
Pers. Test (PT) 0.11 0.15 0.073 0.14 −0.0065 0.091

(0.19) (0.16) (0.17) (0.15) (0.18) (0.17)
Inc. × Disc. −0.027 −0.18 −0.053 −0.15 0.064 −0.15

(0.15) (0.14) (0.14) (0.14) (0.14) (0.14)
Inc. × PT −0.41 −0.49∗ −0.28 −0.43 −0.068 −0.27

(0.28) (0.26) (0.28) (0.26) (0.27) (0.26)
Disc. × PT 0.057 −0.021 0.090 −0.049 0.12 −0.064

(0.23) (0.22) (0.22) (0.21) (0.22) (0.22)
Inc. × Disc. × PT 0.47 0.67∗∗ 0.31 0.61∗ 0.22 0.57∗

(0.33) (0.33) (0.35) (0.33) (0.32) (0.33)
Union −0.048 −0.048 −0.053 −0.062 −0.058 −0.048

(0.086) (0.084) (0.085) (0.084) (0.084) (0.083)
Pub. Sector −0.073 −0.063 −0.085 −0.070 −0.086 −0.058

(0.11) (0.11) (0.11) (0.11) (0.11) (0.11)
Foreign 0.58∗∗∗ 0.56∗∗∗ 0.56∗∗∗ 0.54∗∗∗ 0.57∗∗∗ 0.56∗∗∗

(0.14) (0.13) (0.14) (0.13) (0.13) (0.13)
Constant 3.60∗∗∗ 3.60∗∗∗ 3.62∗∗∗ 3.54∗∗∗ 3.68∗∗∗ 3.58∗∗∗

(0.21) (0.20) (0.20) (0.20) (0.20) (0.20)
Firm Controls Y es Y es Y es Y es Y es Y es

Subpop. Observations 1498 1498 1495 1495 1494 1494
R2 0.100 0.099 0.091 0.103 0.088 0.095

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
binary variables of income, discretion, personality tests and its interactions. Uneven columns refer to
answers on the question �What Tasks� as proxy for discretion, columns (2), (4) and (6) use �How to
Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 13: Labour Productivity on HRM Complementarities: Robustness II

Aggregation Only Pers. Tests Only Comp. Tests

�What� �How� �What� �How� �What� �How�
(1) (2) (3) (4) (5) (6)

High Income (Inc.) 0.10 0.037 0.21∗∗ 0.30∗∗∗ 0.095 0.14
(0.10) (0.090) (0.10) (0.10) (0.16) (0.15)

High Discretion (Disc.) 0.082 0.035 0.13 0.25∗∗∗ 0.096 0.34∗∗∗

(0.10) (0.10) (0.11) (0.092) (0.14) (0.11)
Pers. Test (PT) 0.12 0.12 0.032 0.11

(0.14) (0.14) (0.31) (0.28)
Comp. Test (CT) −0.13 0.064

(0.13) (0.12)
Inc. × Disc. −0.092 0.030 −0.21 −0.38∗∗∗ −0.23 −0.34∗

(0.15) (0.15) (0.14) (0.15) (0.20) (0.19)
Inc. × PT −0.38 −0.38 −0.34 −0.42

(0.26) (0.25) (0.46) (0.44)
Inc. × CT 0.17 0.21

(0.20) (0.20)
Disc. × PT −0.027 −0.065 0.18 0.073

(0.22) (0.22) (0.38) (0.36)
Disc. × CT 0.073 −0.29

(0.20) (0.20)
Inc. × Disc. × PT 0.59∗ 0.65∗∗ 0.75 0.84

(0.34) (0.33) (0.54) (0.53)
Inc. × Disc. × CT 0.27 0.22

(0.29) (0.29)
Union −0.068 −0.061 −0.066 −0.047 −0.044 −0.041

(0.084) (0.084) (0.089) (0.090) (0.091) (0.091)
Pub. Sector −0.078 −0.074 −0.088 −0.083 −0.087 −0.097

(0.11) (0.11) (0.13) (0.12) (0.13) (0.12)
Foreign 0.57∗∗∗ 0.55∗∗∗ 0.51∗∗∗ 0.61∗∗∗ 0.64∗∗∗ 0.66∗∗∗

(0.13) (0.13) (0.12) (0.13) (0.16) (0.16)
Constant 3.66∗∗∗ 3.69∗∗∗ 3.62∗∗∗ 3.53∗∗∗ 3.70∗∗∗ 3.53∗∗∗

(0.20) (0.21) (0.22) (0.21) (0.21) (0.21)
Firm Controls Y es Y es Y es Y es Y es Y es

Subpop. Observations 1494 1494 1108 1108 1108 1108
R2 0.089 0.091 0.099 0.109 0.098 0.110

Notes: This table provides linear regression coe�cients and standard errors of labour productivity on
binary variables of income, discretion, personality tests (competency tests for columns (5) and (6)) and
its interactions. Uneven columns refer to answers on the question �What Tasks� as proxy for discretion,
columns (2), (4) and (6) use �How to Work�.
Level of Signi�cance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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B. Figures

Figure 4: Distribution of Employee Questionnaires per Firm
This �gure provides relative frequencies of returned questionnaires per �rm. Only �rms with a minimum
of one questionnaires are included.
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Figure 5: Distribution of HRM Clusters
This �gure provides relative frequencies of HRM clusters, which were used in Section 4. Panel (a) refers
to "What Tasks" as measure of discretion, panel (b) to "How to Work".

(a) Discretion: �What Tasks� (b) Discretion: �How to Work�

Figure 5 depicts relative frequencies of each of the eight HRM clusters for two measures
of discretion. The notation for each cluster is described as follows: [personality tests,
high income, high discretion]. Each position is either 0 or 1 depending on whether �rms
require personality tests for job candidates, pays high income or allows for discretion.
Hence on the very left of the �gure cluster [0,0,0] describes �rms which do not screen for
personality, pay low income and do not grant high discretion and on the other extreme
(cluster [1,1,1]) describes �rms with personality tests, high income and discretion. Both
panels exhibit similar frequency distributions. About 18 percent of �rms belong to cluster
[0,0,1], implying that these establishments do not screen job candidates for personality,
do not pay higher than expected wages but provide substantial discretion. Approximately
10 percent of �rms o�er �good� jobs and screen for personality.
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