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Abstract

Worker attrition is a costly and operationally disruptive challenge throughout the world.

Although large bodies of research have documented drivers of attrition and its operational con-

sequences, managers still lack an integrated approach to understanding attrition and making

decisions to address it on a forward-going basis. To fill this need we build and then estimate

a structural model that captures both the firm’s decision to terminate a workers’ employment

(involuntary attrition) and uses an optimal stopping problem process to model a workers’ de-

cision to leave the firm (voluntary attrition). We then estimate the parameters of the model

and conduct counterfactual analyses on the population of 3,680 agents serving one client over

five years for an Indian business process management (BPM) company. Our model reveals a

number of interesting findings as we see that agents focus little on the future and are rela-

tively insensitive to salary. These factors only increase with time spent at the firm. We find

that supervisors have a strong impact on whether employees stay as they reshape the way that

agents make their decisions. If all employees were managed by the best supervisor in our data

then voluntary attrition would reduce by over 30%. Altogether our paper contributes to the

burgeoning literature on people operations, as well as to managerial practice.

Keywords: Attrition, Empirical Operations, People Operations, Structural Estimation
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1 Introduction

The departure of existing employees from a firm, employee attrition, is a costly and consistent

operational challenge. For example, industry estimates suggest that attrition costs a firm as much

as two times an individual’s salary (WSJ (2017)). However, as noted by Heskett et al. (2008),

“the real cost of turnover is the loss of productivity and decreased customer satisfaction (p. 168).”

Research in operations supports this view finding that attrition leads to slower delivery of products

and services and worse quality of the output (Oliva and Sterman (2001); Ton and Huckman (2008);

Narayanan et al. (2009)). All told this suggests that attrition can lead to billions of dollars in lost

profits for firms (Glebbeek and Bax (2004)).

Given that the cost of attrition is clear, what then is a manager to do? A reasonable first step

is to examine drivers of attrition. A long line of research has done just that identifying a myriad

of factors from compensation to work structure to one’s manager that may lead to increases in

attrition (see Griffeth et al. (2000) for a review of the literature). The next step would then be

to use research to identify rigorous approaches to decrease turnover. Although prior research has

found correlates with worker attrition that could help in this regard, two significant and related

challenges remain. First, little of this work has been done with methods to identify causal rela-

tionships. Second, even when causal methods are used (e.g., Cable et al. (2013)) they tend to

examine one possible driver, rather than taking a more holistic approach. In this paper we aim to

address these difficulties by building and then estimating a structural model of worker attrition.

With this approach we not only are able to gain insight into the relative impact of different drivers

of attrition, but also through the use of counterfactual analysis we can make recommendations on

how managers should most effectively address the attrition challenge.

As a context to examine attrition we choose the Indian business process management (BPM)

industry. In this industry workers complete back office processes such as data entry or customer

support through voice or text. This is an important industry to study as it is estimated that India

accounted for 38% of the $186 billion global market in 2015 (NASSCOM (2016)). Moreover, at-

trition is a constant challenge, with reported industry attrition rates hovering anywhere from 50%

- 75% annually (Mukherjee et al. (2009)). Therefore, we collected detailed data from one contact

center account within a leading Indian BPM firm. Combining individual demographic information

with salary data, and macroeconomic data we study 3,680 individuals working in one customer

account at the firm over five years.

To examine the agent attrition decision we build a structural model of the attrition process. An

individual can leave a firm either unwillingly (involuntary attrition) or willingly (voluntary attri-

tion). To incorporate this duality we first characterize the firm’s decision for involuntary attrition

to terminate or not terminate an agent’s employment. We then model agents’ decision to stay or

leave the firm as an optimal stopping process in a dynamic programming context. After evaluating

our findings we then conduct a Monte-Carlo based counterfactual analysis to understand how a

firm could address the attrition challenge.

Our model reveals a number of interesting findings. First, we find that, although there is
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variability, in general, agents forward looking behavior is low. In other words, agents discount

the expected future utility heavily and are myopic, or short-term focused, rather than being more

strategic, or long-term focused. Consequently, agents may not delay their decision to leave the

firm for the hope of obtaining a higher utility (e.g. salary) in the future. As a result, employees’

time focus has important implications for how to structure interventions meant to reduce attri-

tion. Second, we find that sensitivity to salary is generally low in our sample. This suggests that

agents are unwilling to change their attrition behavior dramatically with increases in salary. Our

counterfactual analysis supports this view finding that a 30% increase in salary is only related to

a 2.5% decrease in voluntary attrition. Third, we find that work experience at the firm changes

agents’ behavior in important ways. Over time agents’ sensitivity to salary increases but their

willingness to stay for non-monetary utility goes down. Moreover, the level of forward looking

behavior goes down even more. This is consistent with a view that employee relationships with a

firm grow more transactional over time. Finally, we find important differences in employee behavior

under different supervisors as supervisors terminate agents’ employment at different rates and also

employees choose to leave supervisors at varying rates. Our counterfactual analysis shows that if

all supervisors were to achieve results like the most successful supervisor in the firm then voluntary

attrition would decrease by over 30%. Somewhat surprisingly we find that this supervisor actually

separates employees at a higher rate than normal, however, this link is consistent throughout our

model as we see that an increasing chance of termination is related to increasing forward looking

behavior which decreases voluntary attrition.

Altogether our paper contributes to literature on attrition in operations as we introduce a pow-

erful tool to consider the systemic nature of attrition and to make decisions going forward. In

addition, our findings help managers to address one of their most significant problems - managing

attrition.

In the remainder of the paper, Section 2 presents the literature review. Section 3 describes our

data set. Section 4 presents the model for the involuntary and voluntary attrition decisions. Section

5 lays out the estimation framework. Section 6 illustrates the estimation results and insights, and

Section 7 provides the interpretation of the demographics and supervisor effects. Section 8 presents

the results of our counterfactual analyses. And finally, Section 9 provides a discussion of our results

and offers concluding remarks.

2 Literature Review

In this paper we draw on three streams of literature. The first, largely within the management

literature, looks at predictors of attrition. A number of thorough reviews have been conducted on

this literature (e.g., Griffeth et al. (2000); Holtom et al. (2008)). These studies highlight a number

of important correlates with worker attrition. These include demographic characteristics, such as

age, monetary factors, such as salary, non-monetary factors, such as the work in the job or the work

environment, supervisor interaction, and the external environment, such as alternative job oppor-
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tunities. A thorough consideration of a worker’s decision to leave a firm must consider each of these

elements independently, but also together as a system, something that has rarely been done (Grif-

feth et al. (2000)). In addition, although the reviews point out that theory on attrition/turnover

has grown more dynamic with time, there is a need for more development as can be seen when

Holtom et al. (2008) call out that “We believe that the increase in temporal theorizing in turnover

study is promising and clearly one of the most fertile areas for future research (p. 255).” In this

paper we believe that we are the first to not only examine demographic, monetary, non-monetary,

supervisor, and external characteristics together, but also do so in a dynamic model.

The second area of related research is in the work that examines the relationship between

attrition and operational performance. Park and Shaw (2013) review this literature across the

management, economics’, and operations’ domains. The operations literature has typically focused

on one of two areas in this tradition. In one line of work attrition has served as an input to decision

models. For example, models looking at employee planning problems explicitly incorporate attri-

tion (Dill et al. (1966); Sohoni et al. (2004)). In a related line of work, Green et al. (2013) show

that overwork leads to absenteeism and then offer a staffing model that incorporates the impact of

overwork.

In the second line of work the focus is on how attrition changes operational performance. For

example, Oliva and Sterman (2001) use a systems dynamics model to show how attrition can lead

to an erosion of service quality. Ton and Huckman (2008) show that worker attrition leads to lower

profits and worse customer service, although they find that increased process conformance can

offset the negative effect. Narayanan et al. (2009) use software teams to show that not only does

worker attrition lead to longer task completion times, but also that teams are hurt more when more

knowledgeable team members leave. A meta-analysis of this line of work highlights the importance

of breaking attrition down into voluntary attrition, when workers leave by choice, and involuntary

attrition, when workers are forced to leave, as the paper finds that voluntary attrition is related

to negative operational performance, but involuntary attrition is not negatively related to perfor-

mance (Park and Shaw (2013)). This body of work motivates our study of worker attrition since

it highlights the importance of attrition as an input to successful operational systems. Moreover,

we are guided by the insight of two types of attrition and so model both the firm’s involuntary

attrition decision and the worker’s voluntary attrition decision.

Finally, we build on prior work that use a structural estimation approach. The structural esti-

mation approach has recently become popular in the Operations Management literature. Olivares

et al. (2008) use a structural estimation approach to impute the parameters of a newsvendor model

for operating room scheduling. Li et al. (2014) model customers as strategic decision makers in the

airline industry context. Aksin et al. (2013), Aksin et al. (2016) and Yu et al. (2016) use an optimal

stopping model, similar to that of the seminal work by Rust (1987), to model customers’ decision

between waiting and abandoning in the call center context. We use a similar stopping model for

agents’ voluntary attrition decision. Some of the most relevant work for this paper are those that

use the structural estimation approach to model workers’ decision making processes. In Daula and
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Moffitt (1995) the authors use a dynamic model to estimate the impact of financial incentives on

the re-enlistment decisions of military personnel. Chung et al. (2013) and Misra and Nair (2011)

estimate a dynamic model of sale force compensation to find the impact of financial incentives,

such as bonuses, on sale force productivity. Our framework is focused on attrition rather than

productivity. We not only implement the involuntary attrition decisions of the firm (employment

termination decisions) but also use a dynamic model for agents’ voluntary attrition decisions, and

take into account the impact of agents’ level of forward looking behavior and their non-monetary

utility on top of their sensitivity to monetary compensations (salary). One similarity between our

work and Chung et al. (2013) is that we are able to estimate agents’ discount factors as a proxy

for their level of forward looking behavior. We give more details about this in Section 5.

3 Data

Our data contains human resources information (including the attrition decisions) for agents work-

ing in a contact center for a BPM service provider in India. We call this contact center service

provider “the firm” for the remainder of the paper. The firm provides contact center services for

different clients/companies in firm facilities throughout India. However, our data shows the infor-

mation for agents providing service to only one of the clients working across two firm centers. We

can observe agent demographics, their annual salaries and their attrition status. We do not observe

agents’ operational performance measures in the data. To be more specific, our cleaned data set

includes information for the complete population of 3,680 agents from January of 2011 to February

of 2016 working for the client with the following entries:1

• Year and Month of joining the firm

• Status of the agent:

– Current (C): the agent is still working for the firm

– Involuntary attrition (IA): the agent’s employment was terminated by the firm

– Voluntary attrition (VA): the agent left the firm voluntarily

• Year and month of leaving the firm if the agent is not currently working for the firm (IA and

VA status)

• Annual salary for every year (we do not observe the actual numbers. The salaries were scaled

for confidentiality.)

• Gender

• Age when joined the firm

1We have removed rare observations and outliers, which consist of less than 5% of our data set. The following
observations were removed from our data: 37 agents with location in Saritavihar, 25 agents with shift defined as
general and 117 agents with missing position.
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• Location of the center: Airoli, Noida (two Indian cities)

• Education level prior to joining the firm: Engineering, Graduate, Undergraduate, others

• Position: Associate, Senior Associate, Analyst

• Shift of work: Day or ND (Not determined)

• ID of agents’ supervisor

The following table shows the summary statistics of agent demographics.

Table 1: Summary statistics of agent demographics.

Education Location Tenure (years)

Graduate - 26.93% Noida -70.95% Mean = 0.71

Under graduate - 33.97% Airoli - 29.05% St. Dev.= 0.66

Engineering - 12.47% Gender Age (years)

Others - 26.63% Male - 70.68% Mean=25.85

Position Female - 29.32% St. Dev.=4.51

Associate - 75.92% Shift

Senior associate - 16.90% Day - 45.41%

Analyst - 7.17% ND - 54.59%

Figure 1 shows the number of agents joining the firm in different years.
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Figure 1: The number of agents joining the firm in different years.

As can be seen in Figure 1, as a result of a larger share of business from the client, the firm

started to hire a relatively higher number of agents from 2014 onwards. The number in 2016 is low,

which is a result of having data until February of 2016 and not observing all hires in 2016.

The following table shows the number of agents, the percentage of the total agents and the

average tenure depending on agents’ status.
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Status of the agent Number of agents % of total Average tenure (years)

Voluntary Attrition 1823 49.54% 0.88

Involuntary Attrition 561 15.24% 0.60

Current 1296 35.22% 0.62

Table 2: The number of agents, the percentage of the total number of agents and the average tenure
depending on agents’ status.

As can be seen in Table 2 around 65% of the agents in the population leave the firm either

voluntarily or involuntarily. Moreover, the average tenures of the agents who left the firm are less

than a year.

Figure 2 illustrates the histogram of agents’ tenure durations depending on their status. As can

be seen in Figure 2, most of the agents currently working in this account have been working for less

than two years. In addition, Figure 2 shows that most of the agents who left the firm irrespective

of it being voluntarily or involuntarily worked for less than a year. In the next section, we explain

the model for the attrition decisions.
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Figure 2: The histogram of agents’ tenure duration depending on status.

4 The Model

In this section, we lay out a structural estimation model for agent attrition. We first characterize

the firm’s decision between terminating or not terminating an agent’s employment (Involuntary

attrition). Then we model agents’ decision of leaving the firm or continuing to work at the firm

(voluntary attrition) as an optimal stopping process.

Preliminaries. Suppose that agents are indexed by i ∈ {1, ..., N}. Let t denote the time

passed since an agent joined the firm and let d(t) denote the actual calendar month of t. For

example, if agent i joins in October of 2008 and continues to work until December of 2008, in

December we have: t = 2 months and d(t) = December, 2008. We denote the vector of macro
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economic conditions at time t since joining the firm by Ed(t). In our setting, we assume the vector

Ed(t) contains two variables: Indian GDP (in 10 Trillion) and inflation rate (in percentage).

Denote by Wi the duration of time the agent worked or has been working for the firm, and

denote by Oi the status of the agent. The variable Oi is equal to 1, 2 and 3 if the agent is currently

working for the firm, was terminated by the firm and voluntary left the firm, respectively. Further-

more, suppose that sit denotes the salary of agent i in period t since joining the firm. Moreover,

let xi denote the vector of demographics of agent i. The vector xi contains the following variables

for agent i: age when joined the firm, indicator variables for location, shift assignment, gender,

position, supervisor, and education level. And finally, denote by yit the vector of state variables

observable by agent i in period t since joining the firm. This vector is observable by the firm as

well. We have yit = (t, sit, Ed(t)). In other words, the vector of state variables includes how long

the agent has been working for the firm, the current salary and the vector of economic conditions

in the current period. Next we explain the model for involuntary attrition. In the remainder of

the paper, the term “IA” and “VA” stand for “involuntary attrition” and “voluntary attrition,”

respectively.

4.1 The Model for Involuntary Attrition

As mentioned in Section 3 around 15% of the agents in our data set involuntarily leave the company.

In other words, the firm chooses to terminate their employment. We do not observe the reason for

employment termination. However, we want to find out the impact of agents’ tenure, salary and

demographics on their chances of involuntary attrition.

Let fit denote the decision of the firm with respect to agent i in period t since the agent joined

the firm, where fit = 1 corresponds to terminating the agent’s employment and fit = 0 corresponds

to keeping the agent. The utility of the firm from taking action fit is given by

uIAfit(fit, yit, εfit) = vIAfit(fit, yit) + εfit(fit), (1)

where εfit is the random shock (unobserved to the econometricians) that may shift the utility

of the firm. The term vIAfit(fit, yit) is the nominal utility of the firm that is independent of the

random shock. The error term εfit captures the impact of factors unobserved in the data that may

contribute to the decision of the firm with respect to the involuntary attrition decision such as

unsatisfactory performance of an agent that may trigger termination.2 We assume that the error

terms εfit(fit) are independent across agents and time periods.

Following the standard practice in the marketing and industrial organization literature (Nevo

(2000)), for identification purposes we need to normalize one of the nominal utilities. We assume

2Recall that we do not observe the agents’ operational performance in the data.
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that the nominal utility of the firm from keeping the agents (not-separating) is zero.3 That is:

vIAfit(0, yit) = 0. (2)

The nominal utility of the firm from terminating the agent’s employment depends on the agent’s

salary, tenure, demographics, and the economic conditions in the following fashion:

vIAfit(1, yit) = λ0 + λtt+ λssit + λTxxi + λTe Ed(t). (3)

We assume the firm makes the decision between terminating and not terminating the agent’s

employment at the end of period t. If the firm decides to keep the agent, the agent may work in

period t+ 1 and the firm makes the decision between terminating and not terminating again at the

end of period t+ 1. The optimal decision of the firm denoted by foptimalit is given by

foptimalit = max
fit∈{0,1}

uIAfit(fit, yit, εfit(fit)). (4)

Moreover, we assume that the random shocks εfit have type-I extreme value distribution with the

scale parameter equal to 1 and the location parameter −γ, where γ is Euler’s constant. This ensures

that the mean of the extreme value distribution is zero (see Nair (2007)). Following this assumption

the probability of involuntary attrition for agent i in period t since joining the firm has the Logit

form and is given by

P IAfit (1, yit) =
exp(λ0 + λtt+ λssit + λTxxi + λTEEd(t))

1 + exp(λ0 + λtt+ λssit + λTxxi + λTEEd(t))
. (5)

The next section lays out the model for agents’ voluntary attrition decisions.

4.2 The Model for Voluntary Attrition

We model agents’ voluntary attrition decisions using an optimal stopping framework in the dynamic

programming context. The dynamic optimal stopping models have been used extensively in the

literature in different areas from the seminal work of Rust (1987) to more recent applications in

the OM literature such as Aksin et al. (2013).

Agents are forward looking and take expected future utility into account when making decision

about leaving the firm or continuing to work. The motivation for including the forward looking

behavior of the agents using a dynamic model is that agents when making the voluntary attrition

decision not only take their current condition into account but also may take the expectation about

their future utility into consideration. For example, not only the current salary of an agent, but

also her expectation about the amount of its increase in future years would impact her voluntary

3The results would be the same if we assume the nominal utility from terminating the agent’s employment is zero
and characterize the nominal utility for keeping the agent.
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attrition decisions.

We assume that an agent makes her voluntary attrition decision at the beginning of each

time period (in contrast to the involuntary attrition decision made by the firm at the end of the

period). If she decides to continue working at the firm, she works for the current period; and if

her employment is not terminated by the end of the period, she makes another decision between

working and quitting at the beginning of the next period.

Denote the action of agent i in period t after joining the firm by ait, where ait = 1 indicates

quitting and ait = 0 indicates continuing to work. The utility of agent i from taking action ait in

period t is given by

uV Ait (ait, yit, εit(ait)) = vVit (ait, yit) + εit(ait), (6)

where εit(ait) denotes the random shocks and vVit (ait, yit) denotes the nominal utility. Similar to the

error term in the involuntary attrition model εfit, the error term in the voluntary attrition process

εit(ait) captures the impact of unobserved effects that may encourage an agent to quit or continue

working such as a new job opportunity or moving to a different city. If the agent quits, she will

get utility from outside options that depends on the economic condition. Consequently, we assume

that the nominal utility from quitting has the following linear form

vV Ait (1, yit) = ωTEd(t), (7)

where the vector ω captures the impact of the economic condition on an agent’s outside option.4

The nominal utility of continuing to work for the firm is given by

vV Ait (0, yit) = αitsit + ηit + δit(1− P IAfit (1, yit))Vit(yit) + δitP
IA
fit (1, yit) (ωTE[Ed(t+1)|Ed(t)]). (8)

As can be seen in (8) agent i’s per period utility of working for the firm is αitsit + ηit, where

αit is the sensitivity of the agent to her salary, and ηit captures all factors other than salary that

encourage the agent to stay with the firm such as satisfaction with the job or the position. We

call ηit the non-monetary utility. The parameter δit is the discount factor of the agent for the

expected utility of the next period. For example, δit = 0.8 indicates that the agent attaches 20%

less value to the utility in the next period compared to that of the current period. As illustrated

in the fourth term on the right hand side of (8), the agent’s employment will be terminated by

the end of the period with the probability P IAfit (1, yit), and consequently, she will get the expected

utility of the outside option for the next period. In addition as illustrated in the third term on

the right hand side of (8), with the probability (1 − P IAfit (1, yit)) the agent’s employment will not

be terminated and she will get the expected future utility of staying with the firm and making the

optimal decision in the next period denoted by Vit(yit). The function Vit(yit) is the value function

in the dynamic programming context. We assume that the probability of termination by the end

of the period P IAfit (1, yit) is known by the agents, and that the agents acquire this knowledge based

4Note that adding a constant to the utility of the discrete choice models would not change the choice probabilities
(Rust (1996)). Hence, for identification purposes, we need to fix the intercept to zero.
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on their experience with the firm and observing the involuntary attrition of other coworkers. This

assumption is similar to the rational expectation assumption in the industrial organization context

where it is assumed that consumers make rational forecasts about future prices and their forecasts

matches the actual values (see Nair (2007)).

To account for the impact of agents’ tenure and demographics on their sensitivity to salary,

non-monetary utility and their discount factor, we assume that the parameters αit, ηit and δit are

given by:

αit = α0 + αTxi + λαt,

ηit = η0 + ηTxi + ληt, (9)

δit =
exp(δ0 + δTxi + λδt)

1 + exp(δ0 + δTxi + λδt)
.

Note that the functional form of (9) ensures that the discount factor δit would be a value between

0 and 1.

Following Rust (1987), by assuming type-I extreme value distribution for the error terms εit(ait),

we can find a closed form solution for the integrated value function Vit(yit) as follows

Vit(yit) =

∫
log
(

exp(ωTEd(t+1)) + exp
(
αit+1sit+1 + ηit+1

+ δit+1(1− P IAfit+1(1, yit+1)Vit+1(yit+1) (10)

+ δit+1P
IA
fit+1(1, yit+1) (ωTE(Ed(t+2)|Ed(t)))

))
dF (yit+1|yit+1),

where F (yit+1|yit) denotes the distribution of future state variables conditional on the current state

variables observed by the agent. We assume that an agent does not work more than T periods in

the firm. Hence the terminal condition for the value function is given by

ViT (yit) = E[Ed(T )|Ed(t)]. (11)

The agent would take the action that maximizes her utility in period t. The optimal action of the

agent i in period t since joining the firm denoted by aoptimalit is given by

aoptimalit = max
ait∈{0,1}

uV Ait (ait, yit, εit(ait)). (12)

Given our assumption about the type-I extreme value distribution for the error term, the probability

of choosing action ait in period t for agent i denoted by P V Ait (ait, yit) is given by

P V Ait (ait, yit) =
exp

(
vV Ait (ait, yit)

)
exp

(
vV Ait (0, yit)

)
+ exp

(
vV Ait (0, yit)

) , (13)

where vV Ait (1, yit) and vV Ait (0, yit) are given by (7) and (8), respectively.
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5 Estimation Strategy

In this section we lay out the estimation strategy to estimate the parameters of the involuntary

and voluntary attrition models. We use a two-stage approach to estimate the parameters of the

model. We first estimate the parameters of the involuntary attrition model. Next, we estimate the

parameters of the voluntary attrition model assuming that agents know their chances of involuntary

attrition (employment termination). The two-stage estimation approach has been used extensively

in the industrial organizations and marketing literature. For example, Rust (1987) estimates the

transition probabilities of the state variables first. Then, he estimates the parameters of the de-

cision maker assuming that the decision maker knows the transition probabilities based on past

experiences. Similarly, in Nair (2007) the author estimates the parameters of the demand model

assuming that the consumers make rational (and perfect) forecasts about the evolution of prices.

Then, the author uses the parameters of the demand model to find the optimal pricing policy.

5.1 Estimation of the Parameters of the Involuntary Attrition Model

We use the maximum likelihood estimation method to estimate the parameters of the involuntary

attrition model denoted by Θf = (λ0, λt, λx, λE). Recall that Wi signifies the duration of time the

agent worked or has been working for the firm and Oi denotes the status of the agent in the data.

Hence, if agent i is currently working for the firm (Oi = 1), the sequence of actions of the firm

(termination vs. not-termination) with respect to agent i are (fi1 = 0, fi2 = 0, ..., fiWi = 0). If the

agent was terminated (Oi = 2), the sequence of actions are (fi1 = 0, fi2 = 0, ..., fiWi = 1). However,

if the agent voluntarily left the firm (Oi = 3), given that we assume agents make their voluntary

decision at the beginning of the period and the firm makes their involuntary attrition decisions at

the end of the period, the sequence of action of the firm would be (fi1 = 0, fi2 = 0, ..., fiWi−1 = 0).

Note that in this case, the agent leaves at the beginning of period Wi.

The likelihood of the involuntary attrition decisions of the firm with respect to agent i denoted

by LIAfi (Θf ) is the product of the firm’s decisions and is given by

LIAfi (Θf ) =

I{Oi=1,2}Wi+I{Oi=3}(Wi−1)∏
t=1

P IAfit (fit, yit). (14)

The log-likelihood of the actions of the firm with respect to all agents denoted by log−LIAf (Θf ) is

given by

log−LIAf (Θf ) =

N∑
i=1

log
(
LIAfi (Θf )

)
. (15)

To estimate the vector of the parameters of the involuntary attrition model, we maximize (15) with

respect to Θf .
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5.2 Estimation of the Parameters of the Voluntary Attrition Model

Denote the vector of parameters of the voluntary attrition model by Θa = ({α0, α, λα}, {η0, η, λη},
{δ0, δ, λδ}). Moreover, denote the sequence of actions of agent i with respect to her voluntary

attrition decision by {ait : t = 1, ...,Wi}. The likelihood of actions of agent i denoted by LV Ai (Θa)

is given by

LV Ai (Θa) =

Wi∏
t=1

P V Ait (ait, yit). (16)

The log-likelihood of actions of all agents with respect to their voluntary attrition decisions denoted

by log−LV Aa (Θa) is given by

log−LV Aa (Θa) =
N∑
i=1

log
(
LV Ai (Θa)

)
. (17)

To estimate the parameters of the voluntary attrition model we maximize log−LV Aa (Θa) subject

to the agent choice probability in Equation (13), the integrated value function in Equation (11),

the nominal utilities in Equations (7)-(8), and agent heterogeneity in Equation (9). The estimation

problem is as follows:

maximize
Θa

log−LV Aa (Θa)

subject to for all i = 1, ..., N, t = 1, ...,Wi :

PV Ait (ait, yit) =
exp

(
vVit (ait, yit)

)
exp

(
vVit (0, yit)

)
+ exp

(
vVit (0, yit)

) ,
Vit(yit) =

∫
log
(

exp(ωTEd(t+1)) + exp
(
αit+1sit+1 + ηit+1 + δit+1(1− P IAfit+1(1, yit+1)Vit+1(yit+1)

+δit+1P
IA
fit+1(1, yit+1) (ωTE(Ed(t+2)|Ed(t)))

))
dF (yit+1|yit+1),

vVit (1, yit) = ωTEd(t),

vVit (0, yit) = αitsit + ηit + δit(1− P IAfit (1, yit))Vit(yit) + δitP
IA
fit (1, yit) (ωTE[Ed(t+1)|Ed(t)]),

αit = α0 + αTxi + λαt,

ηit = η0 + ηTxi + ληt,

δit = exp(δ0+δ
T xi+λδt)

1+exp(δ0+δT xi+λδt)
.

(18)

To solve this maximum likelihood problem we use the FMINCON package in MATLAB. We solved

the maximization problem for 300 random starting points to make sure that we find the actual max-

imizer.

To simplify the estimation procedure we decrease the number of decision epochs and assume

the firm and the agents make their decisions every quarter (3 months). Given that the data is

more granular and that the agents make their voluntary attrition decisions at the beginning of the

period while the firm makes the involuntary attrition decision at the end of the period, we round

the tenure time for agents with the current status and involuntary attrition status upward, and for
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the agents with the voluntary attrition status downward.

Furthermore, as mentioned in Section 4 the vector of demographics for agents xi include the in-

dicator variables for supervisors. There are 164 supervisors in total in the data set. Considering an

indicator variable for all of them would increase the number of variables in our model significantly,

which makes calculation of the integrated value functions and solving the estimation problem cum-

bersome. Consequently, we create indicator variables only for supervisors who have more than or

equal to 50 agents under their supervision. The number of agents with this characteristics is 12.5

Moreover, to calculate the nominal utility of waiting in Equation (8) we need to specify agents’

expectation about the economic condition variables in the next period given the observable con-

dition in the current period (E[Ed(t+1)|Ed(t)]). Similarly, to calculate the recursive formula for the

integrated value function in Equation (11) we need to specify agents’ belief about the state transi-

tion probabilities (F (yit+1|yit)). Recall that the vector of state variables yit contains the following

variables: t, sit and Ed(t). The transition of the time variables t is trivial: it will be t + 1 with

100% probability in the next period. For the salary variable sit we assume that the agents, before

the first annual salary increase after joining the firm, believe that the future increases will be equal

to the average salary increase in the firm (7.5%). However, after experiencing an increase in the

salary at the end of the year, the agents use the amount of experienced increase as their estimate

for salary increase in the future. For the economic condition variables we assume that the agents

use a moving average as the estimate. To be more specific, suppose that the length of the moving

average window is l. Then agents in period t believe that the vector of economic condition in the

next period will be
∑l−1

k=0Ed(t−k)/l. In our estimation procedure we considered different values for

the length of the moving average window from t = 1 to t = 8. the best fit (the highest likelihood

value) is achieved by t = 4.

One of the main differences between the structural estimation procedure in this work and the

traditional literature in Marketing and Industrial Organization is that we are able to find agents’

discount factors by estimating ({δ0, δ, λδ}). It is well known in the literature on dynamic discrete

choice models that discount factors cannot be identified. Hence the standard approach is to as-

sume discount factors (Rust (1994)). However, as illustrated in Chung et al. (2013) discount factors

can be identified if two conditions are satisfied: having a finite horizon model, and an exclusion

restriction separating the current and future payoffs. Both condition are satisfied in our setting.

The agent attrition model is a finite horizon problem and agents do not work for an unlimited

time period for the firm and will leave the company eventually without having any forward looking

behavior in the last period. In addition, salary increases occur only annually. In other words,

in three quarters agents do not expect any salary increase. Consequently, only a forward looking

person (with a non-zero discount factor) may change her attrition decision based on proximity to

the time of salary increase and her expectation about the salary increase in the future. Next we

explain the estimation results and insights.

5For robustness check we repeated all analyses for a case that we consider indicator variables for 39 supervisors
who supervise more than 30 agents. The results and insights of our analyses do not change.
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6 Estimation Results

In this section we lay out our estimation results and insights. We estimate the parameters of

the involuntary attrition model using the procedure in 5.1. The maximum log-likelihood value is

-1,817.23. Table 3 shows the estimation results along with the standard errors of the estimates. To

calculate the standard errors we use the non-parametric bootstrap method (see Heckman (1979)).

Table 3: The estimates for the parameters of the involuntary attrition model.

Parameter Estimate Standard Error

λ0 -71.10 8.04

λt 0.22 0.07

λs -0.05 0.02

λage 0.03 0.01

λNoida 0.82 0.10

λMale 0.47 0.09

λShift − Day -0.88 0.14

λGraduate -0.12 † 0.10

λUnder graduate -0.94 0.20

λOther degrees -0.35 0.14

λAssociate 39.98 8.58

λSenior Associate 37.08 8.53

λSupervisor 1 2.14 0.20

λSupervisor 2 1.20 0.20

λSupervisor 3 0.24 † 0.31

λSupervisor 4 -0.48 † 0.69

λSupervisor 5 -0.16 † 0.35

λSupervisor 6 -0.13 † 0.47

λSupervisor 7 1.38 0.22

λSupervisor 8 -0.25 † 0.38

λSupervisor 9 1.76 0.34

λSupervisor 10 -1.15 0.56

λSupervisor 11 0.49 † 0.33

λSupervisor 12 -0.69 0.29

λGDP 117.91 17.85

λInflation 57.09 8.81

All parameters except those marked by † are significant at p < 0.05.
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The estimation results in Table 3 support the following insights with respect to involuntary

attrition:

Insight 1 (IA). The chance of employment termination goes up with agents’ tenure. As can

be seen in the results, the coefficient for tenure (λt) is positive and significant.

Insight 2 (IA). Both economic factors (GDP and Inflation) increase the chance of termina-

tion. This insight follows from the fact that the coefficients for the economic factors (λGDP

and λInflation) are positive and significant.

Insight 3 (IA). Supervisors exhibit statistically significant differences in their likelihood to

terminate workers’ employment at the firm. This insight follows from the difference between

the magnitudes of the estimates for the supervisor indicator variables in Table 3. We note

that these differences are statistically significant.

The parameters of the voluntary attrition model are estimated using the procedure laid out in

Section 5.2. The maximum log-likelihood value is -3,448.86. Table 4 shows the estimates and

standard errors for the parameters of salary sensitivity (αit), non-monetary utility (ηit) and discount

factor (δit) in the voluntary attrition model. Furthermore, Table 5 shows the estimation results for

the parameters of the outside option utility (ω). The estimation results in Tables 4 and 5 lead to

the following insights:

Insight 1 (VA). The degree of forward looking behavior of the agents is low. Using the

estimates for the discount factor (δit), which represents the degree of forward looking behavior

of the agents, and Equation (9) we calculate all agents’ discount factors when they joined the

firm. the average of the discount factor is 0.343 and its standard deviation is 0.275. This

shows that the agents discount the utility of staying with the firm for one more period by

34% on average. We also find that the degree of variation of the discount factor across the

agents is high. Figure 3 shows the histogram of agents’ discount factor when joining the firm.
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Figure 3: The histogram of agents’ discount factor when joining the firm.
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As can be seen in Figure 3 most of the agents have discount factors less than 50%. This

low degree of forward looking behavior indicates that the agents are not optimistic about the

likelihood of staying with the firm and heavily discount the future utility, which can be one

of the reasons for a high level of voluntary attrition at the firm.

Table 4: The estimates for the parameters of salary sensitivity (αit), non-monetary utility (ηit) and
discount factor (δit) in the voluntary attrition model.

Parameter Estimate (αit)
Standard

Error (αit)
Estimate (ηit)

Standard

Error (ηit)
Estimate (δit)

Standard

Error (δit)

Intercept 0.16 0.05 6.83 1.25 -0.49 0.03

Tenure 0.05 0.02 -0.51 0.15 -0.97 0.24

Age -0.01 9.48E-05 0.16 2.67E-03 0.01 2.71E-03

Noida -0.10 0.02 1.52 † 4.57 0.62 0.12

Male -0.01 1.13e-03 0.46 0.12 -0.12 0.04

Shift - Day 0.16 0.05 -0.88 0.25 -2.03 0.75

Graduate -0.09 3.12e-03 2.55 0.51 -0.47 0.13

Under graduate 0.04 † 0.01 2.53 0.88 -1.38 0.54

Other degrees -0.06 0.01 3.19 1.09 -1.54 0.71

Associate 0.04 † 0.05 -5.19 2.06 0.23 0.10

Senior Associate -0.01 0.05 -3.29 0.38 2.48 1.02

Supervisor 1 0.05 0.01 -6.58 1.17 2.47 0.65

Supervisor 2 -0.11 0.02 -4.72 1.56 3.06 1.43

Supervisor 3 0.23 0.08 -1.65 1.11 0.23 0.07

Supervisor 4 0.27 0.11 -5.63 1.70 -0.69 0.20

Supervisor 5 0.18 4.78e-03 -5.35 1.12 0.23 0.04

Supervisor 6 0.03 4.07e-03 -0.08 0.02 -0.17 0.03

Supervisor 7 -0.01 † 0.01 -6.29 1.94 2.76 0.57

Supervisor 8 4.05e-03 1.64e-03 -0.54 0.16 0.48 0.16

Supervisor 9 -0.09 0.03 1.70 † 0.93 0.09 0.89

Supervisor 10 0.16 0.04 -4.26 1.14 0.93 0.23

Supervisor 11 -0.04 0.01 0.29 0.10 -0.19 0.04

Supervisor 12 -0.07 1.02E-03 0.72 0.22 0.16 0.03

All parameters except those marked by † are significant at p < 0.05.
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Table 5: The estimates for the parameters of the outside option utility (ω) in the voluntary attrition
model.

Parameter Estimate Standard Error

ωGDP 40.29 14.66

ωInflation 12.74 6.65

All parameters are significant at p < 0.05.

Insight 2 (VA). As agents’ tenure increases their sensitivity to salary goes up, their will-

ingness to stay with the firm based on their non-monetary utility goes down and their level

of forward looking behavior diminishes. These insights follow the sign and significance of the

coefficient for tenure in the estimates for αit, ηit and δit, respectively.

Insight 3 (VA). There is significant variability in supervisors’ impact on agents’ sensitivity

to salary, non-monetary utility and degree of forward looking behavior. This insight follows

the magnitude and significance of the coefficient for the supervisor indicator variables in the

estimates for αit, ηit and δit, respectively.

Insight 4 (VA). The impact of economic factors on agents’ voluntary attrition decisions is

similar to their impact on the firm’s termination decisions. As can be seen in Table 5 the

coefficients for GDP and Inflation in the utility of outside option are positive (the same as

their sign in the estimates of the involuntary attrition model in Table 3). This shows that a

higher GDP and a higher inflation rate not only increase the chance of termination by the

firm but also increase the chance of agents leaving the firm.

7 Interpreting Demographics and Supervisor Effects

To get deeper insights about the impact of demographics and supervisors on the firm’s termination

decisions and agents’ voluntary attrition decisions, we have performed principal component analyses

(PCA) (see Jolliffe (2002)). Tables 6 and 7 show the coefficients for the demographics and supervisor

indicator variables in the involuntary attrition model (IA), the sensitivity to salary in the voluntary

attrition model, the non-monetary utility in the voluntary attrition model and the discount factor

in the voluntary attrition model. The values in Tables 6 and 7 are the same as those in Tables 3

and 4, which are put together in new tables to make the explanation of the principal component

analyses easier.

Tables 6 and 7 represents the impact of demographics and supervisor indicator variables on four

axes in a 4-D space. These four axes are: the impact on agents’ probability of termination, how

much agents value salary, agents’ non-monetary utility from staying with the firm and agents’ level

of forward looking behavior. Using principal component analyses we can represent the impact of

demographics and supervisor indicator variables using the two principal components of the matrices
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in Tables 6 and 7 in a 2-D space. We also can find the relationship/correlation of the new 2-D

components with the 4-D components in the original representations.

Table 6: The estimates for the impact of demographics.

Parameters IA model
VA model -

sensitivity to salary - αit

VA model -

non-monetary utility - ηit

VA model - degree of

forward looking behavior - δit

Tenure 0.22 0.05 -0.51 -0.97

Age 0.03 -0.01 0.16 0.01

Noida 0.82 -0.10 1.52 0.62

Male 0.47 -0.01 0.46 -0.12

Shift - Day -0.88 0.16 -0.24 -2.03

graduate -0.12 -0.09 2.55 -0.47

others -0.35 -0.06 3.19 -1.54

under graduate -0.94 0.04 2.53 -1.38

Associate 39.98 0.04 -5.19 0.23

Senior Associate 37.08 -0.01 -3.29 2.48

Table 7: The estimates for supervisor indicator variables.

Indicator

variables
IA model

VA model -

sensitivity to salary - αit

VA model -

non-monetary utility - ηit

VA model - degree of

forward looking behavior - δit

Supervisor 1 2.14 0.05 -6.58 2.47

Supervisor 2 1.20 -0.11 -4.72 3.06

Supervisor 3 0.24 0.23 -1.65 0.23

Supervisor 4 -0.48 0.27 -5.63 -0.69

Supervisor 5 -0.16 0.18 -5.35 0.23

Supervisor 6 -0.13 0.03 -0.08 -0.17

Supervisor 7 1.38 -0.01 -6.29 2.76

Supervisor 8 -0.25 0.00 -0.54 0.48

Supervisor 9 1.76 -0.09 1.70 0.09

Supervisor 10 -1.15 0.16 -4.26 0.93

Supervisor 11 0.49 -0.04 0.29 -0.19

Supervisor 12 -0.69 -0.07 0.72 0.16

Figures 4 and 5 show the loading plots for the two principal components of the impact of

demographics and supervisors, respectively. Figure 4 shows that the two principal components can

explain 94.2% (60.2%+34%) of the variation across different demographics in terms of their impact.

Similarly, Figure 5 shows that the two principal components can explain 87.8% (50.4%+37.4%)

of the variation across different supervisors in terms of their impact. The amount of variation

that can be explained by the two principal components for both the impact of demographics and

supervisors is high, which shows the two principal components can capture the essence of the effects

of demographics and supervisors on involuntary and voluntary attrition decisions.

19



'HPRJUSDKLFBFOXVWHULQJ���3ULQFLSDO�&RPSRQHQWV 3DJH���RI��

3ULQFLSDO�&RPSRQHQWV��RQ�&RUUHODWLRQV

6XPPDU\�3ORWV

(LJHQYDOXH
������
������
������
������

�� �� �� ��

��

��

��

�

�

�

�

&R
P
SR

QH
QW
��
���
��

��
�

��

�

�

�

�

�

�

�

�

�

�� �� �� � � � �
&RPSRQHQW������������

����

����

���

���

���

&R
P
SR

QH
QW
��
���
��

��
�

,$

9$���GHJUHH�RI�IRUZDUG�ORRNLQJ�EHKDYLRU

9$���VHQVLWLYLW\�WR�VDODU\

9$���QRQ�PRQHWDU\�XWLOLW\

���� ���� ��� ��� ���
&RPSRQHQW������������

Figure 4: The loading plot for the principal component analysis of the estimates for the impact of
demographics.
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Figure 5: The loading plot for the principal component analysis of the estimates for the impact of
supervisors.

As can be seen in Figures 4 and 5 for both the demographics and supervisors the arrows for

the impact on the involuntary attrition probabilities and degrees of forward looking behavior are

20



close to each other and pointing to the right direction. Furthermore, the arrows corresponding to

the impact on the non-monetary utility and sensitivity to salary are pointing to different directions

(one is pointing to the top and the other one to the bottom). Moreover, the direction of the arrow

for the impact on the degree of forward looking behavior is more similar to the direction of the

arrow for the impact on involuntary attrition than the directions of the arrows for the other factors.

These observations support the following findings:

Insight 1 (PCA). Demographic characteristics and supervisors that increase agents’ chance

of termination also increase their degree of forward looking behavior.

Insight 2 (PCA). Demographic characteristics and supervisors that increase agents’ sensi-

tivity to salary also decrease their non-monetary utility.

Insight 3 (PCA). Agents’ degree of forward looking behavior is correlated more positively

with their chances of termination than their sensitivity to salary or non-monetary utility.6

8 Counterfactual Analysis

In this section we perform a series of counterfactual analyses to find the impact of policy changes

on the voluntary and involuntary attrition rates of the agents working at the firm. To find the

impact of different policies, we use a Monte-Carlo simulation strategy. To be more specific, we

consider the population of agents in our data, and simulate the firm’s involuntary attrition and the

agents’ voluntary attrition decisions using the estimates in Section 6 and the model in Sections 4.1

and 4.2. The randomness in the simulation comes from the random shocks in the involuntary (εfit)

and voluntary (εit) attrition models. We draw these random shocks from the type-I extreme value

distribution for each decision epoch of the firm and the agents. For each policy change, we perform

the simulation 50 times and record the average of the results across all simulation iterations.

We first perform a Monte-Carlo simulation for the status-quo of the system. The predictions

of our model for the Voluntary Attrition rate (VA rate), Involuntary Attrition rate (IA rate) and

the rate of agents who will be active (Current rate or C rate) are 47.03%, 21.26% and 31.71%,

respectively. These values are close to the actual rates in the data set (49.54%, 15.24% and 35.22%).

To find the impact of salary changes on the attrition rates, we multiply agents’ salary in the

data by values from 0.7 to 1.3 with the increment of 0.1 and perform the Monte-Carlo simulation

study. Table 8 shows voluntary attrition, involuntary attrition and the current rates for agents

in the data for different levels of salary changes. Note that the case with ×1 corresponds to the

status-quo prediction.

6We also test this insight by calculating agents’ probability of involuntary attrition, sensitivity to salary, non-
monetary utility and discount factor for all periods during their tenure and find the correlation between these variables.
We find that the correlation between agents’ discount factor with their sensitivity to salary, their non-monetary utility
and their probability of involuntary attrition are -0.3320, -0.1493 and 0.4283, respectively. This shows that agents’
degree of forward looking behavior is positively correlated by their chance of termination but is negatively correlated
with their sensitivity to salary and non-monetary utility.
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Table 8: The impact of salary changes on attrition rates.

Salary × VA rate IA rate C rate

0.7 49.66% 25.01% 25.33%

0.8 48.37% 23.64% 27.99%

0.9 47.70% 22.27% 30.03%

1 (Status-quo) 47.03% 21.26% 31.71%

1.1 45.66% 20.90% 33.44%

1.2 45.43% 19.90% 34.67%

1.3 44.57% 19.30% 36.13%

As can be seen in Table 8 decreasing salary would lead to higher attrition rates and increasing

it would lead to lower rates. However, the impact of salary changes appears relatively small, which

is a result of the small values for the coefficient of salary in the involuntary attrition model (-0.05)

in Table 3, and the intercept of the sensitivity to salary in the voluntary attrition model (0.16)

in Table 4. Table 8 shows that in this firm increasing the salary by 30% would decrease the total

attrition rate (i.e. would increase the C rate) by only 4.41%=36.13%-31.71%. This decrease in the

attrition rate is due to a 2.46% decrease in the voluntary attrition rate and a 1.96% decrease in the

involuntary attrition rate.

To find the impact of the non-monetary utility (ηit) on the attrition rates, we change the

intercept of the non-monetary utility (η0) in Equation (9) by adding values between -3 and 3 with

the increment of 1, and perform the Monte-Carlo simulation. Table 9 shows the impact of the

change in the non-monetary utility on attrition levels.7 As can be seen in Table 9, increasing the

intercept of the non-monetary utility by 2 units (a 29.28% increase relative to 6.83) would decrease

the total attrition rate by 12.78% (44.49%-31.71%) and the voluntary attrition rate by 25.47%

(47.03%-21.56%). It also increases the involuntary attrition rate (employment termination rate) by

12.69%. This shows that the impact of a 30% increase in the non-monetary utility is considerably

more significant than the impact of a 30% increase in salary on decreasing the voluntary attrition

rate (25.47% versus 2.46%). This finding suggests that managers should pay more attention to

non-monetary factors that may encourage agents to stay longer with the firm.

Although salary is the most common lever that a firm might use, we next consider an alternative

driver of attrition - the role of the manager. We consider hypothetical scenarios in which all agents

are managed by a specific supervisor. To do so, we replace the parameters for the impact of

supervisors in Tables 3 and 4 for all agents with those of a specific supervisor. Table 10 shows

the attrition rates for the status-quo of the system and also the hypothetical scenarios in which all

agents are managed by a specific supervisor.

As can be seen in Table 10 among supervisors 1 to 12 only supervisors 3, 4 and 6 would

7In Appendix A, we perform sensitivity analyses to find the impact of changes in some of the fundamental
parameters of the model on the attrition rates. We do not repeat the results of the sensitivity analyses here for
brevity.
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Table 9: The impact of the change in the intercept of the non-monetary utility in the voluntary
attrition model (η0) on attrition rates.

η0 + VA IA C

-3 70.93% 13.36% 15.71%

-2 64.27% 14.51% 21.22%

-1 56.42% 17.17% 26.41%

0 47.03% 21.26% 31.71%

1 34.72% 27.58% 37.70%

2 21.56% 33.95% 44.49%

3 11.06% 39.81% 49.13%

decrease the total attrition rate; i.e. increase the C rate. The scenario with supervisor 3 managing

all agents has the most significant impact. Table 10 illustrates that if all agents are managed by

supervisor 3 the total attrition rates decreases by 15.18%=46.90%-31.71%. This is achieved by a

31.11% decrease in the voluntary attrition rate and a 15.92% increase in the involuntary attrition

(termination) rate. This shows that the impact of the supervisor on decreasing the total attrition

rate (a decrease of 15.18% in the total attrition rate) is more than three times higher than the

impact of a 30% increase in the salary (a decrease of 4.41% in the total attrition rate). It is also

higher than the impact of a 29.28% increase in the non-monetary utility (a decrease of 12.78% in

the total attrition rate).

Table 10: Attrition rates for hypothetical scenarios in which all agents are managed by a specific
supervisor.

Scenario VA IA C

Status-quo 47.03% 21.26% 31.71%

All managed by Supervisor 1 43.52% 48.20% 8.27%

All managed by Supervisor 2 66.74% 28.59% 4.66%

All managed by Supervisor 3 15.92% 37.18% 46.90%

All managed by Supervisor 4 57.57% 9.57% 32.86%

All managed by Supervisor 5 63.71% 10.83% 25.46%

All managed by Supervisor 6 44.89% 19.65% 35.46%

All managed by Supervisor 7 62.09% 32.05% 5.86%

All managed by Supervisor 8 52.50% 15.88% 31.62%

All managed by Supervisor 9 22.14% 54.81% 23.05%

All managed by Supervisor 10 62.06% 6.38% 31.56%

All managed by Supervisor 11 48.21% 24.16% 27.64%

All managed by Supervisor 12 59.61% 10.68% 29.71%

9 Discussion and Conclusion

The field of operations is focused on how to match supply to demand. As such, a great deal of

attention has been devoted to topics that address this potential imbalance, ranging from inventory
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ordering policies to worker scheduling and staffing to optimal contract structure and mechanism

design. Increasingly though, the field has turned its attention to the role of people within operat-

ing systems. In many ways this is the field returning to its roots - given the pioneering work of

individuals within the Scientific Management movement, such as Frederick Taylor (Taylor (1911)),

or later scholars such as Wickham Skinner (Hayes (2002)).

The increased attention on people operations is a result of two related factors. First, the liter-

ature has come to appreciate that the people within a system function differently than inanimate

objects, such as inventory, because the people dynamically respond and adapt to their circum-

stances. For example, in a seminal paper in the area of people operations, Kc and Terwiesch (2009)

show that individual service rates are not exogenous, but rather are a function of the load of the

server. A growing body of work shows that elements of the operating system can change individual

productivity, learning, and even whether individuals choose to stay in the system, or not (e.g., Tan

and Netessine (2014); Tucker (2015); Buell et al. (2016); Song et al. (2015)).

The second driver of the growth in this field is the increasing availability of granular data from

within and across firms. The use of large public and private datasets with both archival and sensor

collected data helps to identify new findings, leading to an increased understanding of the first

point and additional company implementation (Kim et al. (2014); Freeman et al. (2016); Staats

et al. (2017)). This increase in attention has impacted not only the academy, but practice is also

responding as can be seen by firms, such as Google, building up People Operations departments to

consider how to hire, train, staff, develop, and retain the right people so that the organization can

operate at a high level.

We respond to the need for further research in the area of people operations by building a

structural model that incorporates demographic, monetary, non-monetary, supervisor and external

characteristics into a dynamic, structural model. This meaningful addition to the theoretical and

practical literature leads to four additional, significant contributions. First, we focus upon the

strategic behavior of employees. We find agents’ level of forward looking behavior by estimating

their discount factors. We show that although there is variability, the average of agents’ discount

factor is 0.34, which shows a low level of forward looking behavior. In other words, agents are my-

opic, or short-term focused, rather than being more strategic and long-term focused. Consequently,

they may not delay leaving the firm for the hope of having a higher utility in future periods.

The strategic behavior of consumers has been investigated extensively in the Operations Man-

agement literature (Shen and Su (2007), Netessine and Tang (2009) and Li et al. (2014)), and its

impact has been studied in different areas from revenue management (Jerath et al. (2010)) to inven-

tory procurement (Cachon and Swinney (2009)). Moreover, it has been also shown that consumers’

strategic behavior may have either a positive or a negative impact on a firm’s revenue (Aviv and

Pazgal (2008), Levin et al. (2009), Su (2007), and Cho et al. (2009)). However, to the best of

our knowledge this work is the first that not only provides a framework to find agents’ level of

strategic behavior but also shows how this behavior would impact the attrition level, which would

translate directly to profit/loss for the firm. We believe that there is a significant opportunity for
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the operations literature to consider the myopic vs. strategic behavior of employees, in addition

to the prior work on consumers. Both building models around this and further empirical analysis

would be valuable.

We note that although our counterfactual analyses show that a higher level of forward looking

behavior would result in a lower voluntary attrition level, our framework does not reveal a man-

agement strategy that encourages a higher level of forward looking behavior among agents. Future

work should examine the role other factors play in the level of forward looking behavior of agents.

In addition, future work should look to identify practical strategies that firms can pursue to raise

the level of forward-looking behavior.

Second, we find that the most common lever managers are likely to pull in managing attri-

tion - salary increases - has a limited impact. We find that agents’ sensitivity to salary is low.

Consequently, they do not change their attrition behavior dramatically with an increase in salary.

Our counterfactual analyses show that increasing agents’ salary by 30% would decrease the vol-

untary attrition level by only 2.5%. We also estimate agents’ non-monetary utility and show that

increasing it would have a more significant impact on the voluntary attrition level. As discussed

in Section 8 increasing the intercept of the non-monetary utility by 2 units (29% relative to 6.83)

would decrease the voluntary attrition level by 25.5%. These findings illustrate that even though

firms might be focused on pulling a monetary lever such as salary to control attrition, agents may

not be responsive to this strategy. This firm does not use variable, performance-based compensation

in this account and so one possible extension of this work would be finding the impact of monetary

compensations other than salary on agent attrition using more granular data. In addition, future

work could focus on methods to increase agents’ non-monetary utility through providing a better

work climate or career development opportunities. With the use of our model it is possible to

incorporate this information, assuming there is data, in order to examine the differential effects

and conduct counterfactual analysis.

Third, we highlight the role of experience in the attrition process. Experience is an important

area of study within the people operations’ domain, as prior work highlights how experience can

help, or hurt, operational outcomes (Lapré et al. (2011); Staats et al. (2016)). We estimate the

impact of agents’ tenure on their attrition behavior. We show that as agents stay longer with the

firm their sensitivity to salary increases while their non-monetary utility and level of forward look-

ing behavior decline. This finding is consistent with a view that employee relationships with a firm

grow more transactional over time (Rousseau and McLean Parks (1993)). Other than salary we do

not observe how agents’ treatment in the firm has changed through the course of their tenure. A

possible extension of our work would be building on more granular data to explore practical ways

to increase agents’ non-monetary utility, and also to improve how agents perceive their future with

the firm, which may increase their level of forward looking behavior.

Finally, we put a structure around finding individual manager’s impact on agents’ attrition

behavior by estimating managers’ effect on agents’ probability of involuntary attrition, sensitiv-

ity to salary, non-monetary utility and degree of forward looking behavior. Conventional wisdom
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claims that individuals do not leave a firm, but rather leave a manager. Prior research supports

this contention (Griffeth et al. (2000)). With our model we are able to disentangle how this com-

plex relationship unfolds in the context of our firm. We find that there is significant variability

in attrition across managers and that these managers differentially impact individuals’ response.

Moreover, our structural model permits us to analyze the impact of changing how managers inter-

act with employees.

Our counterfactual analyses show that if all supervisors adopt the management style of the most

successful supervisor, the voluntary attrition rate would decrease by 30%. Furthermore, we find

that this successful supervisor separates employees at a higher rate than normal, i.e. terminates

agent employment with a higher probability. This result is related to our finding that an increasing

chance of termination is related to an increasing level of forward looking behavior, which in turn

decreases voluntary attrition. Separating employees at a higher rate can be perceived as a fair

behavior by employees and has been linked to decreasing the voluntary attrition (Aquino et al.

(1997) and Jones and Skarlicki (2003)). Even though we show supervisors are significantly different

in terms of their impact on agent’ attrition behavior, our data does not allow us to do a deeper

analysis on what management styles/strategies give rise to this difference. Future work should focus

on supervisors’ specific actions/decisions that impact agents’ attrition decisions. These actions can

be incorporated into a modeling framework or be studied using field experiments.

9.1 Limitations

Although our paper has a number of strengths, as with any paper it also has limitations to highlight.

First, although we have data for several thousand individuals over multiple years, the data comes

from one company. Future work should seek to generalize our model to more and different types

of firms. Second, although our modeling framework presents a broad and detailed approach to

capturing the attrition outcome - we do not have all possible information with which to evaluate

the decision. For example, we have highlighted how new and detailed data on the work context

could provide additional insight. In addition, factors, such as personal situation at home, could

provide more insight. Furthermore, we do not observe employees’ operational performance in our

data set. Future work could focus on the impact of employees’ operational performance measures

on the firm’s employment termination decisions and on agents’ expectations about their future

utility (e.g. salary) in the firm and their voluntary attrition decisions. We believe that we offer the

most comprehensive model, to date, to study the attrition question, and that this lack of data does

not create a problem of bias, however, future work could gain more insight were it to add more

information. Finally, in the case of the variable, shift, some individuals are coded by the company

system as Not Determined. We include the variable in the model for the sake of completeness,

but note that our findings are meaningfully unchanged if we remove it. This is another area where

future work might gain more insight with a detailed understanding of the shift structure of work.
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9.2 Managerial Implications

Increasingly organizations are building people operations’ areas or departments within the firm -

a mix of a human resources department with finance, operations, and analytics in order to better

understand how to hire, train, staff, develop, and retain individuals to help the organization excel.

Our work contributes directly to this area and organization operational success more generally.

Throughout the paper we have discussed how organizations can and should approach attrition

in a different manner. We see that by gaining a more complete and forward-looking view of

attrition through our structural model we can help managers better plan for attrition that may

occur. Moreover, we are able to help managers rethink how they should approach keeping the right

workers within the firm.

First, if employees are not forward-looking then it changes the value of different interventions

- including increasing salary. Although raising salary is an easy way to respond to an attrition

challenge, our results suggest that it is unlikely to be particularly impactful in our context. Instead

managers should consider what strategies they could pursue to alter individuals’ forward-looking

behavior. If they are not able to do this then they should also recognize the need for interventions in

the here and now - not changes that may not be felt for many years (e.g., an improved retirement

plan or education benefit) and so will be discounted heavily. Instead, what immediate changes

could improve the situation for employees?

Second, our results show that the impact of non-monetary utility on the voluntary attrition

level is more significant than the impact of salary: increasing salary by 30% decreases the voluntary

attrition by 2.5% while increasing the non-monetary utility by the same percentage would decrease

the voluntary attrition by more than 25.5%. This suggests that managers should pay more attention

to non-monetary factors that may encourage agents to stay longer with the firm. This may also

give a higher return on investment to managers in terms of decreasing the voluntary attrition level.

Third, we see that with experience individuals grow more transactional in their relationship with

the firm. As a result, managers need to be aware of this and consider ways to combat it. Fourth,

we highlight the critical role that managers play in the attrition process. Successful operational

leaders not only look to improve the system, but also must work with managers to help them adopt

policies and practices that may lead to improved voluntary attrition - perhaps even being more

willing to separate underperformers.

9.3 Conclusion

Altogether, our work provides a framework to study involuntary and voluntary attrition jointly

and in so doing makes a meaningful contribution to the growing academic literature on people

operations. This framework can also be used by managers to find the impact of economic conditions,

agent demographics, their tenure and supervisors on their chance of employment termination and

also their probability of voluntarily leaving the firm. We provide deep insights about the effect

of different factors on agents’ sensitivity to salary, their non-monetary utility and their degree of

forward looking behavior. This framework not only can be used to get a better understanding of
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the attrition process but also can be used to perform extensive policy experiments from altering

salary lever to changing supervisors. With a better understanding of people operations both theory

and practice can improve.
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A Sensitivity Analysis

In this appendix, we perform sensitivity analyses to find the impact of some fundamental parameters

of the model on the attrition rates. We perform Monte-Carlo simulations as described in Section 8

to find the attrition rates for the four following cases:

• If we change the intercept of the nominal utility of terminating an agent (λ0) in Equation (3)

by adding values between -3 and 3 with the increment of 1. The results for this experiment

are illustrated in Table 11.

• If we change the intercept of the sensitivity to salary (α0) in Equation (9) by adding values

between -0.15 and 0.15 with the increment of 0.05. The results for this experiment are

illustrated in Table 12.

• If we change the intercept of the non-monetary utility (η0) in Equation (9) by adding values

between -3 and 3 with the increment of 1. The results for this experiment are illustrated in

Table 13.

• If we change the intercept of the model for the degree of forward looking behavior (δ0) in

Equation (9) by adding values between -3 and 3 with the increment of 1. The results for this

experiment are illustrated in Table 14.

As can be seen in Tables 11, a lower value for λ0 would lead to a lower attrition level. Furthermore,

Tables 12 to 14 show that higher values for α0, η0 and δ0 would lead to lower attrition levels. In

addition, the results in Tables 11 to 14 show that the prediction of the model is extremely sensitive

to the parameters of the model and the fact that our stats-quo prediction (corresponding to +0

in the tables) are close to the rates observed in the data support the accuracy of our model and

estimation results.
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Table 11: Sensitivity to the intercept of the involuntary attrition model (λ0).

λ0+ VA IA C

-3 62.73% 1.69% 35.58%

-2 60.52% 4.49% 34.98%

-1 55.57% 10.45% 33.98%

0 46.72% 21.58% 31.70%

1 33.95% 38.45% 27.60%

2 19.13% 59.18% 21.70%

3 8.20% 76.62% 15.18%

Table 12: Sensitivity to the intercept of the sensitivity to salary in the voluntary attrition model
(α0).

α0 + VA IA C

-0.15 70.95% 14.38% 14.67%

-0.1 63.14% 16.04% 20.81%

-0.05 55.45% 18.01% 26.54%

0 47.03% 21.26% 31.71%

0.05 35.88% 26.42% 37.71%

0.1 24.83% 31.47% 43.70%

0.15 16.46% 35.59% 47.95%

Table 13: Sensitivity to the intercept of the non-monetary utility in the voluntary attrition model
(η0).

η0 + VA IA C

-3 70.93% 13.36% 15.71%

-2 64.27% 14.51% 21.22%

-1 56.42% 17.17% 26.41%

0 47.03% 21.26% 31.71%

1 34.72% 27.58% 37.70%

2 21.56% 33.95% 44.49%

3 11.06% 39.81% 49.13%
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Table 14: Sensitivity to the intercept of the degree of forward looking behavior in the voluntary
attrition model (δ0).

δ0 + VA IA C

-3 53.13% 17.37% 29.51%

-2 51.86% 18.29% 29.86%

-1 50.47% 19.29% 30.24%

0 47.03% 21.26% 31.71%

1 39.46% 26.25% 34.30%

2 29.52% 31.57% 38.91%

3 20.36% 35.91% 43.72%
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