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Abstract. We study the impact of peers on coworker productivity growth using four years of
individual cosmetic sales data from a Chinese department store. Learning in our retail setting is
not trivial, since the sales process cannot be standardized and requires the workers to understand
how to execute customized sales techniques that fit with heterogeneous and often unobservable
customer needs. We find that both learning-by-doing and the relative productivity of peers play
critical roles in the salesperson’s learning curve. In contrast, we find no evidence of forgetting.
We exploit the existence of firm boundaries and two sales tasks of different difficulty in our data
to find evidence consistent with two learning mechanisms: (1) learning by observing the sales
techniques of high-skilled peers; and (2) direct teaching by these superior peers. Our paper
suggests that both the organizational learning curves and inter-organizational knowledge
spillovers observed in past studies have micro-foundations in individual peer-based learning.
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I. Introduction

A well-developed literature in economics and management studies organizational
learning curves. The primary focus of this research has been learning-by-doing (Arrow 1962),
with empirical work identifying cost decreases with the cumulative production of aircraft
(Alchian 1963; Benkard 2000), ships (Rapping 1965; Thompson 2001), trucks (Argote and Epple
1990), chemicals (Lieberman 1984), and semiconductors (Hatch and Mowery 1998).” This
literature has also identified depreciation of knowledge, or organizational forgetting, in periods
of low production in multiple empirical settings (Argote et al. 1990; Darr et al. 1995; Benkard
2000, 2004; Thompson 2007). These findings have led to important studies in the industrial
organization literature demonstrating the implications of learning-by-doing and forgetting in
shaping the dynamic competitive strategies of firms and their consequences for industry structure
(e.g. Cabral and Riordan 1994; Besanko et al 2010).

These empirical findings, however, identify learning curves at the organizational or group
level. We have little empirical evidence about the underlying individual mechanisms that
generate this phenomenon, a shortfall frequently noted by those studying learning (e.g. Adler and
Clark 1991; Argote 1999; Lapré et al. 2000). While one hypothesized mechanism is individual
workers’ learning-by-doing through experimentation and observation of own outcomes (e.g.
Blume and Franco, 2007), economic theory on social learning suggests that peer-based learning
mechanisms may play a critical role in worker productivity growth (Ellison and Fudenberg 1993,
1995; Bala and Goyal 2001; Young 2009). This peer-based learning may involve a combination
of observing coworkers’ practices and the active teaching of coworkers (Arrow 1994), with both

mechanisms facilitating knowledge transfer between coworkers in an organization. Despite
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abundant empirical evidence of peer-based learning in education (Hoxby 2000; Sacerdote 2001;
Carrell et al. 2009; Carrell and West 2010), crime (Bayer et al. 2009), economic development
(Bandiera and Rasul 2006; Duflo et al. 2011; Kremer and Miguel 2007; Conley and Udry 2010),
and the family (Huang et al. 2009), direct evidence of knowledge transfer among individual
workers within organizations and work places remains rare.’

In this paper we dissect the separate roles of peer-based learning and individual learning-
by-doing (and forgetting) in worker productivity change. Our primary interest is to understand
the importance of peer-based learning for individual workers and their organizations. We extend
our investigation to study how peer-based learning may also occur across firm boundaries. This
simultaneous examination of peer-based learning both within and across firms is motivated by
more macro-level evidence of knowledge transfer across firms (Argote et al. 1990; Gruber 1998),
between stores under a common franchisee (Darr et al. 1995), products (Benkard 2000; Thornton
and Thompson 2001) or shifts within the same firm (Epple, Argote, and Murphy 1996). Yet like
other industrial learning research, these works do not identify individual-level mechanisms. The
advancement of this research is critical due to its immediate implications for phenomena such as
productivity growth (Ghemawat and Spence 1985; Lucas 1988), open source software (Lerner
and Tirole 2002), agglomeration effects (Jaffe et al. 1993; Zucker et al. 1999), and innovation
and economic development (Audretsch and Feldman 1996; Branstetter 2001).

Our empirical setting is four years of individual sales data for 92 salespeople working for

11 co-located cosmetics counters in a Chinese department store. This research setting is
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extremely promising for two primary reasons. First, multiple manufacturers employ salespeople
at co-located counters on the same retail floor, allowing us to observe peer-based learning both
within and across firms. More importantly, the complicated job task of our salespeople (instead
of simpler and more standardized tasks in farms or factories) makes on-job learning more
important. We conceptualize the sales task as a stochastic production function with parameters
linking the output (sales) with input variables (selling activities) unknown to workers. In order to
maximize sales, a new worker has to learn the true value of the parameters. While these true
parameter values could in principle be achieved by experimenting with input variables and
observing the outcome (Easley and Kiefer 1988), such a learning-by-doing process is likely to be
extremely slow, because the sales task involves high-dimensional parameters: selling to each
customer may represent a completely different process involving an entirely new set of
parameters. A skilled salesperson must know how to identify unique customer needs, match
these needs with the right cosmetic products, and convince the customer to purchase these
expensive products, often without direct evidence of product efficacy. Furthermore, the short-
term cost of failure (i.e. lost sales commissions) may dissuade the worker from experimenting
with input variables and eventually learning the true parameter values.”

We argue that for complicated production processes like ours, a more effective learning
strategy is to observe the practice of peers, within and outside firms, and to seek direct
instruction from peers on the different optimal techniques to different customers. The value of
such peer-based learning is not identical across all coworkers, since observing the successful
practice of a more productive worker should convey more information on the true parameter

values in the production function than observing failures from lesser peers. The value of direct

* Easley and Kiefer (1988) also showed that under general conditions the worker’s beliefs will converge to a limit
distribution that may not be concentrated at the true parameter values.



teaching by peers is similarly asymmetric. The existence of different cosmetic products (as we
will explain later) and firm boundaries in our setting allows us to dissect the two mechanisms of
peer-based learning. While some knowledge may be learned through directly observing other
salespeople, more difficult products to sell may require active teaching from peers (Arrow 1994),
a process unlikely across firm boundaries.

We build a non-linear dynamic empirical model allowing an individual’s productivity in
any period to depend on her knowledge accumulated from past interaction with peers, her own
learning-by-doing, and forgetting. Assuming that the worker will allocate the optimal level of
input variables to maximize expected sales, better knowledge of the parameter values in the
production function will lead to better input decisions and consequently higher sales. Peer-based
learning therefore can be inferred from the dynamic change in the worker’s sales as a function of
the variation in the pool of peers in prior periods. This variation comes from several unique
features of the data that can reasonably be treated as exogenous. First, salespeople are randomly
assigned into shift-based schedule (more details will be discussed later). Two, frequent leaves of
absence by workers for vacation and personal reasons (e.g. sick or maternity leave) provide
shocks to the set of peers with whom an individual works. Third, we observe high turnover rates
in the data, which provides additional variation in coworker composition. Finally, cosmetic
counters are abruptly relocated on the retail floor in the middle of our sample due to construction
surrounding the department store, immediately changing the stock of peers at adjacent counters
for each worker. This shock helps us to identify the impact of learning from peers at competing
counters.

Similar to past work on contemporaneous peer effects (e.g. Mas and Moretti 2009), we

establish several important identification conditions to establish learning from peers. First, we



show that peers are not strategically and endogenously assigned. All workers, including new
hires, are equally likely to work in any shift, on any day, and with any other worker, and all
average the same number of working hours. In other words, the ability of coworkers is
independent of the starting ability or learning potential of any new worker. Second, we show
that worker exits and entry are independent of demand. Through reduced-form regressions that
specifically control for firms selecting workers based on learning capability, we find results
largely consistent with our main findings. Finally, we explain why the reflection problems
common to papers on contemporaneous peer effects are minimal in our dynamic model.

Using detailed sales data in our dynamic model, we find that learning from peers at the
same and adjacent counters plays an important role in the productivity growth of workers.
Learning-by-doing plays a lesser role, and the impact from forgetting is insignificant. For
instance, by working alone for forty hours (the average weekly working hours observed in our
data) in the first employment week, a new salesperson would improve her future sales
productivity by 2%. In contrast, if she were to constantly work with a within-counter peer with
twice her productivity, her future sales productivity would grow by an additional 6%. A peer
with double productivity at an adjacent competing counter would generate productivity growth
of an additional 1.5%. With whom a salesperson works captures the large variation of
productivity growth across new workers in the data. Relative peer productivity also influences
knowledge transfer across firm boundaries, suggesting that worker interactions may be the
source for the knowledge transfers across firms, locations, and product categories documented in
past studies.

We further explore the mechanism of peer-based learning by comparing the magnitude of

such effects in two sub-categories with different sales task difficulties — skin care and makeup.



Skin care products, as credence goods, are more difficult to sell than makeup products. We find
that for skin care products, cross-counter learning is far weaker than within-counter learning,
while for makeup products the two effects are similar. We argue that workers can glean
knowledge from observation on simpler tasks, thereby making cross-counter peers a viable
source for learning. On the other hand, teaching from peers, which is unlikely across counters, is
essential for more complicated tasks. We also find that peer-based learning at the firms using
individual-based compensation systems is different from this process at those using team-based
compensation, suggesting that financial incentives may induce workers to invest different levels
of time and effort toward learning from or actively teaching their peers. We further examine
other alternative explanations for our results, including customer loyalty, mean regression, and
peer effects in work ethic. We present more evidence that dispels these alternative hypotheses
and supports the existence of peer-based learning in the data.

The peer-based learning in this study is different from the peer effects identified in the
previous literature (e.g. Bandiera et al 2005; Mas and Moretti 2009; Chan et al 2012). The
former increases the stock of knowledge of peer workers, providing a long-term impact on
productivity, while the latter provides a temporary shock only in that time period. If the sales of
other workers in future periods systematically decreased after a star salesperson quit her job, this
could not be explained by the previously identified temporal peer effects in the literature. Our
results suggest that workplace peers may have a much more substantial impact on long-term
productivity than has been observed in previous peer effect studies.

Furthermore, understanding the underlying mechanisms in organizational learning curves
has critical implications for firm policy and market equilibrium. If individual learning-by-doing

and forgetting are the main mechanisms, firms can improve their competitiveness over time by



gaining market share through aggressive pricing or mergers and acquisitions, shaping industry
concentration in the long-run. However, for complicated production tasks it may be more
effective for firms to design a work environment that encourages worker interaction that
facilitates learning from successful or experienced peers. The competitive advantage of a firm
therefore will rely more on organizational decisions such as job assignments, team formation,
and turnover of workers, rather than the production scale or market share. Understanding
mechanisms of individual worker learning is therefore critical to the literature of industrial
organization and personnel economics.
The structure of the paper is as follows. Section 2 discusses the empirical setting. In

Section 3 we develop a model of worker learning. Section 4 presents the results and addresses

potential identification issues. Section 5 concludes this paper.

II. Empirical Setting

Our empirical setting is cosmetic sales in a department store in a large metropolitan area
in Eastern China. This department store is one of the largest in China in both sales and profit and
has 15 major brands in its cosmetics department, with each occupying a counter in the same floor
area. These brands hire their own workers to promote and sell their products, while paying the
department store a share of their revenues. The cosmetics floor area effectively becomes an open
market, with multiple firms competing for customers in a shared space.’

We observe cosmetic sales for 11 of the 15 counters over a four-year period (January 1,
2003 — December 31, 2006). Descriptive statistics for these brands are summarized in Table 1.

The counters vary both in average price and total revenue. The 11 brands in our data use two

> This setup is similar to inside contracting systems historically prevalent in manufacturing (e.g Buttrick 1952;
Williamson 1980; Bucheli et al. 2010).



different compensation systems: team-based commissions (TC) and individual-based
commissions (IC). Four of the brands use team-based commissions and pay each worker a
monthly salary of 900-1000 Chinese Renminbi (CNY)° plus 0.5% of the monthly total counter
sales. The other seven brands use individual-based commissions. In these counters, workers are
given a monthly salary of CNY800-900 plus 2% of personal monthly sales.

Table 1: Descriptive Statistics of Cosmetic Brands

Compensation Annual Sales Average Price (CNY) Average
System Revenue - Transaction Size
(IC/TC) (CNY in Thousand) All Skin Care Makeup (Units)
Products Products Products
Brand 1 IC 3742.86 131.28 140.38 106.96 1.83
Brand 2 TC 3602.28 106.64 119.67 93.88 1.54
Brand 3 TC 3145.11 85.28 89.69 79.59 1.57
Brand 4 TC 1196.08 127.76 141.75 91.96 1.71
Brand 5 TC 682.02 47.84 55.23 44.39 1.60
Brand 6 IC 1058.30 130.00 143.68 103.68 1.56
Brand 7 IC 1752.44 150.80 164.19 110.83 1.34
Brand 8 IC 525.51 108.40 115.11 73.33 1.71
Brand 9 IC 1054.94 118.08 133.51 74.20 2.06
Brand 10 IC 763.89 136.24 143.79 100.39 1.66
Brand 11 IC 725.77 109.76 114.40 102.68 1.48

In each counter, salespeople work in one of three overlapping shifts during the seven
days per week that the department store is open: first shift from 9am to 3pm, second shift from
12pm to 6pm, and third shift from 3pm to 9pm. Workers typically rotate shifts that are assigned
by the department store manager. For example, if a salesperson works the first shift on Monday,
she will work in the second or third shift on Tuesday. This scheduling process, while not
completely random, ensures that each salesperson will rotate workdays and times, and thereby
share their shifts with a variety of peers. In interviews with the store manager, we learned that
the rotating system is implemented for fairness considerations. There is no strategic scheduling

of workers with either certain peers or during specific shifts or days of the week.
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Given the average item price of about CNY 114 (see Table 1), cosmetics sold in the store
are luxury products for most Chinese consumers during our sample period. Selling cosmetics is a
far more challenging task than selling other categories such as groceries or clothing. Customers
have unique product needs; even for the same product (e.g. lipstick) there are numerous colors
and scents that customers evaluate differently. A newly hired salesperson has to learn about
various types of products and their attributes as well as how they match with customers with
unique needs. She must also be patient but persuasive when talking to customers who may want
to know every detail about product attributes. Interviews with the store manager reveal that the
selling process can last an entire hour before a customer makes a decision.

There are two major cosmetic categories — skin care and makeup. Skin care products are
typically more expensive than makeup products (average prices at CNY124 and CNY&9,
respectively). While the benefits of makeup in improving appearance can be immediately
verified by customers, the value of skin care products can only be observed through long-term
usage. Further, for most Asian customers the benefits sought from skin care are the “whitening”
and “smoothing” of skin, which may not be obvious even after long usage. In this sense most of
the skin care products can be classified as credence goods (Darby and Karni 1973). The
information asymmetry of credence goods provides considerable incentives for opportunistic
seller behavior (Emons 1997), a problem that makes customers very cautious in the buying
process. A good salesperson has to have good selling techniques so that she can convince
customers that the product is worthy of its high price. Our interviews with cosmetic salespeople
and managers in both China and the US consistently reveal that selling skin care products is a

more challenging task than selling makeup products.
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When an individual salesperson with a unique ID completes a sale, the cashier records
the identity of that salesperson, the product identity, quantities, prices, and time of the sale. This
careful sales tracking provides the store with detailed information about every cosmetic sale for
each of its brands at the individual level and allows us to infer the change of sales productivity
over time for each worker. Our data exhibit considerable changes in worker productivity over
time, especially for newly-hired ones. Figure 1 plots the productivity growth rate of new workers
in our data in their first two years of service. The middle curve is the non-parametric smoothed
“learning curve” averaged over all new workers, showing that the growth occurs mainly in the
first 6 months of employment, from which one may infer as learning-by-doing. However, there is
a large variation across workers (see the smoothed curves in Figure 1 representing the lower and
upper quartiles of productivity change of all workers in each month). This variation may be due
to the heterogeneity of learning ability between workers, or due to the difference in the learning

process as a result of the variation in the pool of peers in different months.

Figure 1: Productivity Growth of New Workers
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We will discuss some unique features in the data that allow us to identify peer-based
learning. The first is the departure of existing workers and the entry of new workers. Ninety-two
female salespeople worked for the 11 brands, with 44% turnover among workers during the
entire sample period. The store manager offered us various reasons for attrition: some were
promoted to management positions, some left for better paying jobs, and others left for different
personal or family reasons. Table 2 provides basic information about individual cosmetics sales
teams. For some brands, the sum of entering and exiting salespeople is larger than the total
number of observed salespeople (e.g. Brand 2) because some salespeople hired during the
sample period leave the job before the end of the sample period. The last column reports the
average tenure length across counters truncated from both the left and right of the data.

Table 2: Descriptive Statistics of Cosmetics Sales Teams

Total # of . oe

Salespeople during #S(;ﬁig:;l;ﬁ: g z;fe:i)xel(t)l;l% Average Working Days

the Sample Period
Brand 1 13 8 5 749.22
Brand 2 14 9 7 373.31
Brand 3 7 3 3 1084.89
Brand 4 6 3 2 1169.31
Brand 5 9 6 4 697.78
Brand 6 5 2 2 802.59
Brand 7 9 5 4 602.19
Brand 8 5 2 2 561.52
Brand 9 11 8 6 361.19
Brand 10 5 2 2 1087.49
Brand 11 8 5 4 541.17
Mean 8.36 4.82 3.73 730.06

The law requires that workers on average have two days off per week. The department
store is open seven days per week, and weekends and public holidays such as New Year and
Chinese New Year are usually its busiest time. It cannot let workers off during these days, nor do
salespeople want to given their commission-based pay. The workers in our data typically

continuously work for long periods without days off, redeeming their accumulated vacation for
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longer breaks. A salesperson on average works 181 hours per month with a standard deviation of
61 hours. Across the entire sample period, we observe 562 times a worker is absent for more
than 2 days. The average absence time is 4.5 days with a standard deviation of 5.6, and the
maximum is 63 days. Figure 2 provides the empirical distribution of workers’ days of leave-of-
absence. Based on our understanding the longer leaves are mainly used for vacation trips or
maternity leave. We also find from data that these leaves are distributed over various months in a
year. This data feature will provide a nice variation in the pool of peer workers within and cross
counters that helps to identify peer-based learning.

Figure 2: Empirical Distribution of Worker Leave-of-Absence
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Finally, from the beginning of our sample (January 1, 2003) until the end of October
2004, the cosmetics department occupied the east gate area of the store, which used to be the
main customer entry point. The floor plan and location of the counters in this period is presented
in Figure 3(a), with TC counters in blue and IC counters in red. On November 1, 2004, all
cosmetics counters were relocated to the west gate area. This was because the construction
surrounding the store caused the west gate to replace the east gate as the store’s main entry point.
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Figure 3(b) presents the floor plan and location of the cosmetics counters after the relocation.
Such a relocation offers another exogenous variation in the pool of cross-counter competing
peers — each salesperson after relocation faces a new set of peers from competing counters.

Figure 3(a): Cosmetics Floor Layout Before Relocation

Figure 3(b): Cosmetics Floor Layout After Relocation
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II1. An Empirical Model of Worker Learning
To examine the role of peer-based learning among workers, we build a model that identifies how
co-located salespeople in our data influence the productivity of one another through repeated
interactions, accounting for their own learning-by-doing and forgetting. More specifically, we
model how worker productivity evolves across weeks. Suppose that there are / salespeople

working for J counters in the store in week 7. We assume that for each salesperson i her average
hourly sales revenues in the week, Y;, is a function of her productivity in the same week, )A/l.,,

and a (row) vector of covariates that may affect sales, Zj, including year (Year 2 through Year
4), month (February — December), day of week (Monday through Saturday), and brand indicators

as follows:
Y, =Y, 1% (1)
where 79 is a (positive) error term representing demand shocks, such as store promotion of

cosmetics or other product categories, that may affect the store traffic. Lety, =In(Y,), p, = ln(?it)

and 77, = In(79p) . The above equation can be re-written as
Vi =V +thﬂ+77it (2)
The focus of our model is the evolution of the salesperson’s productivity Vi . We first present our

empirical models estimating learning and forgetting, then present critical tests of the identifying
assumption necessary for our dynamic peer-based model.
3.1 Modeling Peer-based Learning

We model how the productivity of individual salespeople changes over time through

repeated interactions with their peers. In our analysis, a salesperson’s peers are defined as all
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other cosmetics salespeople who either work at the same counter (within-counter peers or inside
peers) or work in any adjacent counter (cross-counter peers or outside peers).’

Lety, and N . denote the total number of salespeople working in the worker’s own
J

counter j and in any adjacent counters j’ in any hour 4 that the salesperson works, respectively.
We assume that productivity j, in week ¢ is affected by the peer interaction in the previous week
t-1. Since salespeople could work with different peers in different working hours throughout the
week, we begin by specifying the peer interaction at the hour level. We assume that p, is
affected not by the absolute productivity of peers but by the difference between her productivity
and peers’, because what a worker can learn from peers should also depend on how productive
she is. A star salesperson is less likely to learn than a newly hired salesperson, given identical

productivity levels of their peers. We further assume that 3, is affected by the average of those

productivity differences in any hour /4 the salesperson works, represented by

Zke,\,v _(.);k,t—l _.j}i,t—l) Ek‘ezv, (yk',z—l _yi,t—l)
Jhik#j and Jjh
N, -1 N,

Jjh

, respectively. We then aggregate these hourly

interactions to the week level and normalized by the total work hours H;,;. We start with a
baseline model that includes only this peer-based learning (Model 1):

Zk'ezv,, (j}k',t_l _j}i,z—l)
N.

Jh

Z (yk — y )
~ A keN jps i -1 i—1
yi -yi, +9 E {l i

t - : h N‘h —l

J

1V H,.}+6, A VH, j+7, ()

In the specification, J, is first assumed to be dependent on the worker’s ability in the previous

week, V,,_,. Parameters 6, and 0 represent the within-counter and cross-counter peer-based

7 Salespeople at distant counters cannot be directly observed or interacted during work time therefore their
techniques are difficult to be learnt. Chan, Li, and Pierce (2011) showed from the same data source that cross-
counter peer effects rapidly diminish with distance between counters.
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learning effects, respectively, to be estimated from the data. Finally, 7, is an error term

representing “learning shocks” that are not captured in our model (e.g. the salesperson may
enroll in a training course). The major difference between the learning shocks and demand
shocks (77;) on sales y; is that the former will be carried over to future periods (as capital of
knowledge) and the latter will not.

Given that there are / salespeople, we have / equations (2). Let y, =(J,,, V,,,---, 7, )" and
L =Dyi>Pargsees Vi)' bE the vectors of their ability in weeks ¢ and #-7, respectively. The

equation system can be transformed into a matrix format as follows:

A

Y, = ®t—1j’t—1 +7, 4)

where 7, =(7,,,7,,,....T,)", and ®  is an [ by [ square matrix with the [i,s] element (assume

t—1

worker i works in counter ;) as

1-(8,+6,), ifs=i

) l{se N h} _ .
0O, [i,s]=186, z[ 1/ H,,_,,if s #i and both work at the same counter (5)

0. Z[ ]/ H,,_,,if s #i and both work at different counters

where 1{se N} and 1{se N,,} are indicators that peer worker s worked during hour 7 in week
t-1 (for counter j or any of j’s adjacent counters, respectively).
Let y, =(¥,,, V- );)" be the vector of the (log) average hourly sales revenues of the /

salespeople in week ¢, and similarly let Z; be a matrix with the row vectors Z;, for all salespeople
combined. From equations (1) and (4) we establish a relationship between workers’ sales in

week ¢t and own and peers’ productivity in week #-1 as:
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y,=0_y_ +Z[+7T +1, (6)
We can similarly rewrite y_ =@, ,y,,+7, , and plug into equation (6). Assume that we
observe the sales for 7 weeks. For any given week /=2, 3, ..., T, we can repeat the iteration ¢-/
times to obtain

-1

v, = (H 0., ]ﬁl +ZB+¢, (7)

i
where p, represents the initial productivity of all salespeople, which is a vector of parameters
we will estimate. For new workers who were hired in the middle of our sample period, this is
their ability in the first week in the store. For the workers who had worked in the store before our

data started, this is their productivity in the first week of our sample. The error term ¢, is a

combination of demand shocks and past learning shocks as follows:

E =17+ i|:[ﬁ®t—h ]‘T,_g}'ﬂz
g=1 h=1

Under such specification g, for every salesperson will be serially correlated. This implies that
we have to allow for a general structure of heteroskedasticity for g, in our estimation.

3.2 Modeling Learning-by-Doing and Forgetting

To model learning-by-doing, standard practice uses past production or sales as a proxy
for past work experience. However, if we were to only use past sales, a good salesperson with
higher productivity will always have higher work experience than her peers, even though they
have worked the same number of hours. This will create bias in estimating the effect of learning-
by-doing. In a selling environment like ours, a salesperson may improve her skills through

repeated interaction with customers, even though this does not always lead to purchases.
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Therefore, unlike previous studies, we choose work hours as the measurement for past
experience.

We assume that a worker’s productivity in week ¢ is affected by (the log of) the total
number of hours she worked in week #-1, A;,;. We model forgetting as the fraction of
productivity lost from last week if the worker did not work. Specifically, equation (3) is
redefined to include peer-based learning, learning-by-doing and forgetting (Model 2) as:

Zk’ezv,, ()A}k',z_l - J;[,t—l)
N,

Jh

2 (.j}k —1_)7:—1)
oY ~ KEN ji e ! b
Vi =VVisa +012{[

]/Hit—1}+622{[ ]/Hit—l}+2’hit—l+7‘-it
i N, -1 ’ i ’ ’

where the parameter y captures the carry-over of knowledge from last week to the current week.
An estimate being significantly smaller than one implies depreciation in the salesperson’s
productivity, or forgetting. If a worker were on leave for the whole week, her productivity for the
following week would be reduced by the proportion of /-y. The parameter A captures the effect
of learning-by-doing from the work experience in the previous week.

in equation (5): its off-

With the new productivity specification we can also redefine @,

diagonal elements are the same but diagonal element ©, ,[i,i] now is y—(6,+6,). We can rewrite
equation (6) as
Y, =0 0+ A +Z B+7,+7), )]

whereh,_ =(h,_,h,,,...,h, )" Again by iteration, as in equation (7), we can obtain

Y, =(ﬁ®,g ]jzl +ﬂi{(ﬁ@th thg:|+Ztﬁ+St (10)

where all other variables and parameters are the same as in equation (7).
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3.3 Model Identification

We will discuss in this section those features in the data that allow us to separately
identify learning-by-doing, forgetting, and learning from peers in the model. The identification
of learning-by-doing and forgetting in each week comes from the accumulation of a
salesperson’s work experience over time. If learning-by-doing is a key force in changes in
worker productivity, a salesperson’s average hourly sales will increase with the accumulated
working hours, holding other factors constant. Since learning-by-doing will never reduce work
ability, if we observe in our data that after a salesperson worked fewer hours in a period (e.g. for
long vacation) her average hourly sales are reduced in the next period, again holding other
factors constant, this will be inferred as forgetting in our model.

The identification of peer-based learning from within-counter and cross-counter comes
from variation in the pool of peers in the previous week (see equation (8) and (9)). Due to the
previously discussed shift rotation policy of the department store, there is little variation across
workers at the same counter in terms of the number of hours working with other peer workers.
However, we consistently observe exit and entry from workers for all 11 counters throughout the
sample period (see Table 2). This creates the variation in the pool of peers in different weeks.
Suppose, after a star salesperson quits her job, the productivity growth of other salespeople in the
same counter in future weeks decreases. This implies a positive within-counter peer-based
learning effect. If the productivity growth of salespeople in other adjacent counters also slows
down, we can infer that a positive cross-counter peer-based learning effect also exists. The
concern of using the entry and exit of salespeople is that these are endogenous decision
variables; however, we have controlled for this potential issue in the model by including brand,

year and month fixed effects (in Z;), and individual peer worker productivities in the previous
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week y.; (see equation (8)). Our model identification therefore only requires that entry and exit
of peers are exogenous to the residuals & in the estimation model (10) unexplained by these
factors.

Our study further exploits two other sources of data variation that can be reasonably
assumed to be exogenous shocks to the process of learning. First, the counter relocation in the
middle of our sample period brings a change in the pool of outside peers the worker faces and, as
a result, provides her the opportunity to learn by observing how a new group of competitors
serve their customers. This new opportunity could be critically important if she had long worked
in the store and had exhausted the potential knowledge spillovers from neighboring counters.
Second, as discussed before, many salespeople choose to work six or seven days a week in order
to save for a longer vacation. These absences also serve as an instrument for identifying the
worker learning. For example, a new salesperson who must work alone for more hours because
her more experienced peers are on vacation may have a completely different learning process
compared with others who can spend their first weeks observing and learning from peers. We
will further investigate the issue of endogenous selection of workers in later section.

3.4 Model Estimation
In equations (7) and (10), the O@’s of different weeks are functions of unknown

parameters ), 6 and 6,. They multiply themselves over weeks and interact with the vector of
salespeople’s initial productivity j, that are also parameters to be estimated. Thus, both models

1 and 2 are non-linear. If we simultaneously estimate equation (7) or (10) for all parameters via a
non-linear least-square approach, the dimensionality problem of the parameter space (the number
of parameters is 126 in the simplest model) is very severe. Any numerical algorithm of searching

for the optimal parameters will take extremely long to converge and, even when it converges, the
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estimates are likely to be local optimum due to the non-linearity nature of the equation system.
We adopt the nested optimization procedure proposed by Chan, Li, and Pierce (2012) to solve
this problem. This procedure recognizes that the dimensionality problem mainly comes from the

92 parameters in yp,, each representing the initial productivity of a salesperson. However,
conditional on the three parameters ), 6,and 6,, ©’s can be treated as covariates and hence
equations (7) and (10) become linear in y>, . The nested procedure therefore starts by choosing
some initial values for ), 6 and 6,, computing @’s from equation (5), and then estimating j,

(and other parameters including A and f) via standard linear least-square methods (inner
procedure).

The outer procedure is to search for the optimal ), 6 and 6,, using standard numerical
minimization routines that minimize the sum of squared errors as the criterion function value. In
our implementation, we use the Nelder-Mead (1965) simplex method to search for the optimal

V., 6 and 6,. Since given @’s p, can be computed analytically using the linear method,

numerical search is only used in the outer procedure, which is much faster than searching for all

parameters in the model simultaneously. Furthermore, given @’s the estimate y, is a unique

optimum in minimizing the criterion function value. We find that practically local optima are not

an issue in our model estimation — no matter what initial values for ), 6 and 6, we use, the

procedure always converges to the same optimum.

Since this procedure is only different from the non-linear simultaneous estimation
procedure in the numerical implementation, but their criterion functions are the same, estimates
obtained from both procedures are equivalent. We can compute the standard errors for all

estimates assuming that they are obtained using the simultaneous non-linear least-square
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approach. Furthermore, given that &, in equations (7) and (10) are possibly serially correlated, we
compute the robust standard errors clustered at the individual worker level for the non-linear
least-square estimators.
3.5 Asymmetric Learning Models

Our models thus far have several limitations. First, they are “symmetric” in the sense that
the 0’s in equation (8) do not differentiate working with superior peers from working with
inferior peers. This implies that the positive effect of learning from a peer who on average sells
CNY100 more per hour is cancelled by the negative effect of learning from another peer who
sells CNY100 less. Second, our baseline models are also silent on the possible different learning
processes among new vs. incumbent workers. A salesperson who is newly hired has a lower
initial productivity and hence may benefit more from learning. Given higher returns from
learning, she will also have a stronger incentive to invest time and effort toward learning from
more experienced peers. In this section we extend our baseline models to address these issues.

First, we construct an asymmetric model of peer-based learning allowing the magnitudes
of effects from superior peers within and across counters to be different from those from inferior
peers (Model 3). The only difference between this asymmetric model and the symmetric model

in equation (7) is that for the peer-based learning effects 6; and 6., we now estimate two separate
effects, & and 6’;’, g=1, 2. The former (latter) represents the within- or cross-counter peer-
based learning effects from coworkers with higher (lower) productivity. That is, for a focal
worker i and her peer worker k, we estimate & if {y, <J,} and " otherwise. Model 3

consequently has four 6’s instead of the two in Models 1 and 2.
Though the extension is straightforward, the nested non-linear estimation algorithm we

adopted to estimate our symmetry models cannot be directly applied to this model. The key to
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using the algorithm is that all ability parameters », ’s are linear in they,’s conditional on 2~
and 6’s. With asymmetric effects, however, 7, ’s now interact with indicator functions
{y, <P, or{y, >y,}. Weemploy a trick in order to avoid estimating them non-linearly. The
key observation is that the indicators {y <P, } or {J, <7, } only depend on the productivity

ranking for workers j and k in week ¢. In the estimation, we use the ranking of workers’ average

sales in the week observed from data to proxy the ranking of ability. Specifically, we use the

average hourly sales for all salespeople in week t,y_l.t, to construct proxies {J_’,-t S;kt} or

{y,>y,} forindicators { ¥, <P, tor{p, >, }. These two rankings should be consistent with

each other if the learning effect does not dominate the main ability difference. Conditional on the
ranking, we repeat the nested non-linear algorithm as discussed before to estimate the four 0’s
and other parameters. After that, we re-estimate all model parameters simultaneously via the
non-linear numerical algorithm, using the estimates we already obtained as the starting values.
We find that for all model specifications the algorithm of this second step always immediately

converges to the same starting values, indicating that the productivity ranking based on the actual
sales revenues is reliable. We also compare the actual sales revenue ranking {;n < )_/kt} and
(v, > v, with {$ <3 }and {J >, } based on the estimates, and find them consistent for all

iandt.
We further extend our asymmetric Model 3 to allow the magnitude of both learning-by-
doing and peer-based learning for new workers to be different from those for incumbent workers.

To do this we first classify a worker as new for the first three months she worked in the store.”

¥ This classification is based on conversations with the store manager, who suggested that a new worker would take
about three months to obtain a full knowledge of products and selling techniques. We also test other specifications
(e.g. the first month) and find that results are qualitatively the same.
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We also received from the department store the tenure of employment for every worker as of the
first month of our data. A worker is classified as an incumbent only if she had worked for longer
than three months when the sample period started, otherwise she will be classified as a new

worker. We then allow the learning-by-doing parameter A and the peer-based learning
parameters 6" , &, 65 and 8. to be different between new and incumbent workers in our

model. This becomes our complete model — Model 4.

We also present one additional model (Model 5), in which we estimate only peer-based
learning and learning-by-doing for new workers. In this model, incumbent learning and
forgetting parameters are restricted to zero, and the focus is on only the first three months of
employment. Weekly productivity for incumbent workers are estimated as permanent

productivity levels, similar to traditional temporal peer effects models.

IV. Results

The results from our models are presented in Table 3. Column 1 presents our symmetric
model with peer-based learning only (Model 1). The productivity of peers both within and across
counters clearly impacts a salesperson’s weekly sales growth. Workers learn at a faster rate when
working with high-ability peers both within their own counter and at adjacent counters, with the
effect from within-counter peers being 3 times as large. This is likely because salespeople can
learn more from within-counter peers through closer observation and through soliciting active
teaching and advice. Peer teaching is unlikely to occur across counters since they are competing
against one other and are compensated based on their sales. Still, the significant cross-counter
learning effect suggests that by closely locating to a competing counter with star salespeople,

workers can improve their productivity through the observation of the selling practice of
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competitors. While sales may be hurt by stronger competition in the short run, the long-term
benefit for the counter is substantial.

Column 2 presents the results of Model 2 that separates learning-by-doing and forgetting
from peer-based learning. Working longer hours in the prior week appears to increase
productivity, but the magnitude is smaller than the effect from with-counter peers. The
productivity carry-over parameter ¥ is less than but not statistically different from one,
suggesting no forgetting or knowledge depreciation in our empirical context.” This, together with
the significant peer-based learning effect, suggests that knowledge transferred from peers will
have a long-lasting benefit.

Column 3 presents estimation results from our first asymmetric model (Model 3). While
the effects from learning-by-doing and forgetting remain unchanged, we observe substantial
asymmetry in the effects from superior vs. inferior peers. Superior workers have substantial
positive impact on the learning of their peers, with this impact again much stronger within
counter than from adjacent counters. In contrast, inferior peers appear to have a very small
negative impact on the learning of salespeople.'’ This may result from the focal salesperson
learning bad sales techniques or practices, or from adopting a poor work ethic that has long-term
effects. These results also have implications for workers’ team formation. Compared to teams
consisting of homogeneous salespeople with average productivity, a team with a mix of star
salespeople and inexperienced rookies can have a much faster growth in total sales. This finding

is consistent the empirical results in Hamilton et al (2003), Mas and Moretti (2009) and Chan et

’ We note that this result does not imply that workers would never suffer forgetting if they were to leave their jobs
for very long time (e.g. years). We are not able to observe such lengthy absence in our data, and thus must remain
agnostic on this issue.

'” Given that the difference in productivity between an inferior peer worker and the focal worker is negative (see
equation 3), a positive coefficient implies the lower the productivity of her peer the lower the productivity of the
worker.
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al (2011), but it suggests that the benefit from team heterogeneity can be even stronger in the
long run.

Column 4 presents estimation results from Model 4, which separately estimates learning-
by-doing and peer-based learning for new and incumbent workers. The results from this model
are consistent with Model 3, with the positive effects of peer-based learning from superior
within- or cross-counter peers dominating the negative effects from inferior peers. However, the
results suggest that the strong learning effects identified in Models 1 - 3 probably come from
new workers. Specifically, the learning effect from within-counter superior peers on new
workers is about six to seven times larger than the effect on incumbents. The results from Model
5 are consistent with Model 4.

Our results provide substantial information on the relative importance of each source of
learning. Our estimates imply that a new salesperson, after 40 hours of work in the first week,
will experience a productivity growth from learning-by-doing of about 2%. In contrast, if she
also worked at the same counter with a peer of twice her productivity all the time, her
productivity would grow by an additional 6%. If this peer were at a competing counter, her
productivity would grow by an additional 1.5%. Given that the worker exit rate is 44% and an
average salesperson only works for two years in the data, learning-by-doing alone will not be
sufficient to compensate for the high employee turnover. Our findings illustrate that the major
contributing factor for the observed worker learning curves is peer-based learning. For a new
salesperson, working together with an experienced peer of superior ability greatly enhances her

future sales productivity.
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Table 3: Estimation Results for Worker Learning Models

(0)) 2) 3 “4) ()
Model 1 Model 2 Model 3 Model 4 Model 5
Carry-Over (Forgetting Parameter) 1 (8?223) (8?223) (8?222) 1
Overall Within-Counter 0.0197*** | 0.0163***
Peer-based learning (0.0051) (0.0045) B B B
Within-Counter Peer-based learning 0.0679%*%*x*
from Superiors B B (0.0149) B B
Within-Counter Peer-based learning 0.0089%%*x*
from Inferiors B B (0.0031) B B
New Worker Within-Counter 0.0825%** 0.0856%**
Peer-based learning from Superiors B - B (0.0158) (0.0191)
New Worker Within-Counter 0.0100%** 0.0103***
Peer-based learning from Inferiors B B B (0.0032) (0.0038)
Existing Worker Within-Counter 0.0134%***
Peer-based learning from Superiors B B B (0.0062) B
Existing Worker Within-Counter 0.0029
Peer-based learning from Inferiors B - B (0.0019) -
Overall Cross-Counter 0.0065*** | 0.0045%**
Peer-based learning (0.0022) (0.0016) B B B
Cross-Counter Peer-based learning 0.0139%#*
from Superior B B (0.0043) B B
Cross-Counter Peer-based learning 0.0028
from Inferiors B B (0.0019) B B
New Worker Cross-Counter 0.0212%** 0.023***
Peer-based learning from Superiors B B B (0.0059) (0.0074)
New Worker Cross-Counter 0.0033* 0.0035%*
Peer-based learning from Inferiors B B B (0.0018) (0.0020)
Existing Worker Cross-Counter 0.0037*
Peer-based learning from Superiors B B B (0.0019) B
Existing Worker Cross-Counter 0.0025
Peer-based learning from Inferiors B B B (0.0017) -
Overall Experience Learning -- 0(‘8.001080*;;* 0('8'001080*;* -- --
New Worker Experience Learning -- -- -- O('gf)ososlj;* 0('8905071*5*
Existing Worker Experience Learning -- -- -- (88883) --

Robust standard errors in parentheses. *: significant at 10% level; **: significant at 5% level. ***: significant at

1% level.

Our results suggest that while learning-by-doing may impact worker learning curves, it is
not necessarily the most important factor. Our results that learning from peers is more important
than experience is likely explained by the nature of cosmetic sales. To become a good
salesperson requires not only knowledge of products but, more importantly, how to identify the
needs of customers, how to match the right products with their needs, and how to persuade and

convince these customers to buy the products. Unique selling processes may be involved in each
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customer interaction, requiring new sales approaches, techniques, and solutions. These are
difficult and also costly to learn from repeated experimentation with new practices; instead, it
may be more effective to learn from the experiences of peer workers, either through observation
or through their active teaching. We caution that the relative importance and roles of peer-based
learning and learning-by-doing may be different for other job tasks, such as factory and farm
production, where fewer parameters are involved in the production process. We also note that
most salespeople in our data were required to finish a pre-job training program before working at
the counter. The small learning-by-doing effect in our model may indicate that the majority of
such learning has been achieved during the training.
4.1 Further Model Extensions and Results on Peer-Based Learning

We further explore how peer-based learning may vary depending on the financial
incentives for salespeople. As discussed earlier, inside the department store there are four brands
using team-based commissions (TC) and seven using individual-based commissions (IC). While
these incentives cannot be represented as exogenous, they may provide some insight into the
impact that a truly exogenous incentive shock might have on worker learning. To explore this,
we separately estimate the long-term peer effects for TC and IC counters. Specifically, we extend

equation (3) to the following:''

z c (.)’}k,t— _j}i,t— )
5 =30+ (8 e ICH+6]° 1 je TONY = 1 “V/H,,
h Jjh -

Zk'e N, (yk',t_l ~Vii)

+HOS 1 jeIC}+6° 1{je TC})Z{[ 1/H,, }+7,

ih

"' To focus on peer-based learning effects, here we only discuss the extension of our Model 1. The extension of our
other model specifications is similar. The results in Table 4 are from the Model 5 extension, i.e., we estimate only on
new workers and also set forgetting parameter to zero. The results from Model 4 extensions are consistent.
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in which the variables 1{je IC} and [{je TC} are indicators that brand ; is an IC counter or a TC
counter. Parameters 8/ and 6’ represent the within-counter peer-based learning effects for IC

and TC counters, respectively. Parameters 6 and 6/ measure the peer-based learning effects

from workers at competing counters on salespeople at IC and TC counters, respectively.
Columns 1 and 2 of Table 4 report the estimated learning effects. Though the positive effects
from within-counter superiors are similar for the two compensations systems, they may reflect
two countervailing financial incentives. While team-based compensation provides a stronger
incentive for superior workers to actively teach their peers, peers at IC counters have weaker
incentives to devote effort to learn. In fact, we observe that learning-by-doing for new workers is
higher in IC counters than in TC counters, implying that the stronger financial incentives of IC
may increase the worker’s effort toward learning. We also observe much stronger cross-counter
peer-based learning effects for IC counters, also consistent with higher-powered individual
incentives, since cross-counter peers are unlikely to actively teach new workers at competing
counters.

Next, we investigate how the knowledge transfer between coworkers depends on the
difficulty of job tasks. We examine the two cosmetic sub-categories, skin care and makeup, as
discussed in previous sections. Interviews with cosmetic salespeople and managers in China and
the United States consistently reveal that skin care products are much more difficult to sell than
makeup products. We identify all the cosmetics products sold during our sample period as
belonging to the skin care or makeup categories, and re-run our asymmetric Model 5 using a
salesperson’s average hourly sales of skincare and makeup products as dependent variables. We
present these as Model 7 and Model 8 in Table 4, respectively. Peer-based learning effects

remain the most important predictors of weekly productivity gains for both types of products, but
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the differences in the coefficients suggest that the learning process is not identical for each
product type. Within-counter learning from superiors is much stronger for skin care, while cross-

counter learning from superiors is stronger for makeup.

Table 4: Estimation Results of Product Category and Compensation Models

) (2) 3)
Model 6 Model 7 Model 8
IC Counters TC Counters | Skin Care Products Makeup
Carry-Over (Forgetting) 1 1 1
b Wi]tghi“'dcg““ter. 0.0872%%* 0.0825%%* 0.1041 %% 0.0612%%*
eer-nase earning
from Superiors (0.0191) (0.0188) (0.0237) (0.0165)
P Wi]tghi“'dcg““ter. 0.0089* 0.0134%%* 0.0106%** 0.0097%**
eer-nase earning
from Inferiors (0.0049) (0.0045) (0.0037) (0.0038)
Peef_r];’;;cd"L“e“;fiing 0.0324 % 0.0107%x 0.0056%** 0.0588***
from Superiors (0.0099) (0.0038) (0.0021) (0.0183)
Peef_r];’;;cd"L“e“;fiing 0.0027* 0.0038* 0.0013 0.0057*
from Inferiors (0.0016) (0.0021) (0.0009) (0.0032)
Exerience Learnin 0.0079%** 0.0047%%* 0.0024%%* 0.0037%**
P g (0.0021) (0.0014) (0.0007) (0.0010)

Robust standard errors in parentheses. *: significant at 10% level; **: significant at 5% level. ***: significant at
1% level.

These results are consistent with the difference between observing the practice of peers
and teaching from peers. Knowledge transfer across firm boundaries is unlikely to involve active
teaching given the competition between the firms,'? and is mostly likely to occur through pure
observation. In contrast, learning within firms will likely involve both active teaching and
observation. For skin care, the much stronger within-counter peer effect from superiors than
from cross-counter peers suggests that for difficult sales tasks new workers need active help from

peers to learn how to pitch these products to consumers. Since makeup sales are less complex

and easier to observe, learning to sell these products from observing high-ability peers at

"2 There is a possibility that social preferences may lead workers to actively help their competitors, as in the
tournament-based compensation of fruit-pickers in Bandiera, Barankay, and Rasul (2005). Still, the magnitude of the
active help across counters should be far smaller than within counters.
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adjacent counters is much more feasible than it is for learning skin care sales. The magnitude
similarity of learning from inside and outside superiors suggests that learning to sell makeup may
occur mainly through observation. Our results therefore provide some evidence that knowledge
transfer between coworkers involves both observing and teaching from peers.

4.2 Tests of the Identifying Assumptions

We have attributed the positive relationship between peers’ productivity and a
salesperson’s long-term productivity growth to peer-based learning. In this section, we will test
critical identification assumptions and examine several explanations of our findings that are
alternative to the learning hypothesis. The identification of any type of peer effect can be
problematic due to two primary factors: reflection problems and spurious correlations due to
common shocks or endogeneity. Manski (1993) explains the reflection problem as how two
workers might simultaneously impact the productivity of one another. Any attempt to identify
the impact of one on the other will be unsuccessful because it will reflect both directions in the
peer effects. We believe reflection problems are minimal in our model for several reasons. First,
because we are estimating weekly productivity based on all hours worked, and estimating the
peer effect based on the subset of hours in which two workers are peers, the reflection problem is
reduced.

While estimating weekly productivity is less effective in countering reflection problems
than the permanent productivity used in contemporaneous peer effect models, our dynamic
model uses an independent variable of estimated peer ability lagged by one week. As Manski
(1993) explains, lagged models do not suffer from the same severe reflection problems as
contemporaneous peer effects models so long as the time lag is appropriately determined. If the

learning of existing workers is minor, compared to the learning of new workers, any reflection
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problem is likely to be insignificant. Finally, one might be concerned that a new salesperson may
experience lower sales when working with superior peers in the previous month, but sales will
recover the next month when she works with other salespeople with average productivity. This
reflection problem, which resembles mean reversion, would also explain the positive correlation
between a salesperson’s current sales and the productivity of peers either within or across
counters in the previous month. However, this explanation does not apply here since we model
the level and not the growth or change of sales. The fact that working with superior peers may
lower sales in the previous month should have no bearing on the salesperson’s sales level in the
current month.

One obvious alternative explanation is related to the endogenous selection issue — firms
with good workers may be more likely to hire new workers with good learning capability, or new
workers with good learning capability may select firms with good salespeople to work. If
salespeople with higher learning ability are consistently matched with high productivity peers,
we will observe the positive relationship in our results. We test for this endogeneity problem in
several ways. First we test whether new workers are staffed differently, which might reflect
endogenous attempts by management to train workers on the job. New workers on average work
41.81 weekly hours, compared with an average of 40.87 hours for experienced workers. This
difference is not statistically significant at the 10% level. Similarly, we test whether new workers
are equally likely to work on certain shifts, and whether this shift assignment changes as they
gain experience. We present in Table 5 the percentage of time that workers are staffed in each
shift both in their first three month and in later months, broken down by counter. Shift

assignment is nearly identical for all workers, and differences can be rejected at the 10% level.
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Table S: Average Weekly Shift Assignment

Average shift percentage within three

Average shift percentage across the entire

months of entry data
Shift lst 2nd 3rd lst an 3rd
Brand 1 34.5% 32.0% 33.5% 32.3% 33.7% 34.0%
Brand 2 35.4% 30.5% 34.1% 34.1% 32.8% 33.1%
Brand 3 34.2% 32.6% 33.2% 32.2% 33.7% 34.1%
Brand 4 35.7% 33.9% 30.4% 34.7% 32.6% 32.8%
Brand 5 34.6% 36.6% 28.8% 34.5% 33.3% 32.2%
Brand 6 35.0% 31.6% 33.3% 34.0% 33.3% 32.7%
Brand 7 32.1% 30.6% 37.3% 34.1% 32.1% 33.7%
Brand 8 32.7% 32.7% 34.5% 33.1% 32.7% 34.1%
Brand 9 36.2% 29.6% 34.2% 33.4% 32.4% 34.3%
Brand 10 30.4% 35.7% 33.9% 32.9% 34.7% 32.3%
Brand 11 33.6% 32.7% 33.7% 33.9% 33.0% 33.2%

An even larger identification concern is that new workers are endogenously assigned to

work with high ability workers in their first three months. We test this by examining whether

new workers are more likely to be staffed with high-ability workers (defined by those at the same

counter above the average estimated weekly productivity) than low ability workers (below the

average estimated weekly productivity). We present these frequencies in Table 6 for each of the

eleven counters. As is evident, new workers are equally likely to be staffed with high ability and

low ability workers, consistent with our identifying assumption of exogenous staffing.

Table 6: Frequency of Coworker Assignment for New Workers

High-Ability Peers Low-Ability Peers
Brand 1 51.1% 48.9%
Brand 2 50.6% 49.4%
Brand 3 49.7% 50.3%
Brand 4 49.6% 50.4%
Brand 5 50.1% 49.9%
Brand 6 48.8% 51.2%
Brand 7 52.5% 47.5%
Brand 8 51.4% 48.6%
Brand 9 47.6% 52.4%
Brand 10 49.1% 50.9%
Brand 11 51.7% 48.3%
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Finally, we are concerned that workers are endogenously selected for their learning
ability. To test whether or not our findings are driven by this reason, we ran a regression using
sales growth of new salespeople in the first three months of employment as the dependent
variable in the regression. This growth rate is measured by the log of the average hourly sales in

the second month relative to the first month, In(Y,,/Y,), and in the third month relative to the
second month, In(Y,/Y,). By constructing this variable we have controlled for individual fixed

effects representing the worker heterogeneity in the level of sales. The remaining endogeneity
issue is that firms select workers based on learning capability.

To control for this issue, we include fixed effects for each firm in the regression.
Compared with the significant fluctuation in within- and cross-counter peers due to departure or
long leaves, the ability of firms to attract workers with different learning capability should be
relatively time-invariant; hence, the worker selection issue will be mitigated by estimating these
fixed effects. We estimate two regression models. The first uses four covariates of change in
peers: (i) an indicator of a high productivity within-counter peer departing or taking a long leave
in the previous month; (ii) an indicator of a low productivity within-counter peer departing or
taking a long leave in the previous month; (iii) an indicator of a high productivity cross-counter
peers departing or taking long leave in the previous month; and (iv) an indicator of a low
productivity cross-counter peer departing or taking a long leave in the previous month. The
second model further separates departing peers from those taking a long leave. We use the
median of average hourly sales for all salespeople at the same counter to differentiate workers
with high productivity from those with low productivity. We also incorporate year and month
dummies to control for seasonality. Finally, we calculate the robust standard errors clustered at

the worker level.
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Regression results are presented in Table 7. Effects from within-counter peers are
consistent with our previous findings — leaves of high-productivity peers in the previous month
in the two models significantly lower the productivity of a new salesperson, and vice versa for
the leaves of low-productivity peers. Relative magnitudes between the two types of peers are
also consistent. The significance and consistency of the within-counter peer effects provides
support that our peer-based learning findings are at least not entirely driven by the selection
issue. We can also use these results to rule out another alternative explanation again based on the
selection story: knowing its star salesperson is leaving, a firm will select workers with good
learning capability to hire as replacement. Such argument does not explain the effect of peers
taking leave-of-absence; more importantly, if the argument is valid, we should expect positive
instead of the negative coefficients for the departure of high-productivity peers in our regressions.

Regarding the cross-counter effects, the only significant result (at 10% significance level)
is the negative effect from the departure of a high-productivity peer, which is again consistent
with our previous results. The lack of significance for other effects is probably due to the few
observations we use in the regression. It may also be because of the crude measurement for peer
productivity (e.g. a low-productivity cross-counter peer may still be more productive than the

new salesperson).
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Table 7: Effects of Peer Leaves on Productivity Change

Model 1 Model 2
Estimate Std. Error | Estimate Std. Error
High Productivity Peers o
Departed Last Month -0.321 -0.157
. . -0.403* -0.237
High Productivity Peers Took _0.489%* 20.179
Within- Leave Last Month ) :
Counter Low Productivity Peers sk
Departed Last Month 0.008 0.003
.. 0.049%* 0.028
Low Productivity Peers Took 0.263%* 0121
Leave Last Month ) )
High Productivity Peers -0.084* -0.050
Departed Last Month 0.247 0172
High Productivity Peers Took ' ' 0334 0.254
Cross- Leave Last Month ’ e
Counter Low Productivity Peers
Departed Last Month 0.010 0.007 0214 “0.145
Low Productivity Peers Took e e 0.077 0.056
Leave Last Month ) )
R-Square 0.39 0.44
Observations 90 90

Robust standard errors in parentheses. *: significant at 10% level; **: significant at 5% level. ***: significant at
1% level.

4.3 Alternative Explanations

One alternative explanation for our findings is that a salesperson gains long-term
customers when working with productive peers, and consequently she will experience higher
sales in the next period from these returning customers. This explanation, if true, implies that the
underlying mechanism of our findings is irrelevant to knowledge transfer. However, this story
cannot explain the positive association between the salesperson’s sales and the productivity of
cross-counter peers, since counters always compete for instead of share customers. Further,
results in Table 5 show that when a high-productivity within-counter peer departs or takes a
leave-of-absence, productivity of a new salesperson declines in the following month. If customer
transfer is the underlying mechanism, the new salesperson should gain more customers from the

departure of the peer, which contradicts the negative effect in the regressions.
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The possibility of this explanation can be further examined by comparing the peer effects
in our model based on the competitive relationship between salespeople. Unlike IC counters,
there is no financial incentive for salespeople at TC counters to compete for customers. Chan, Li
and Pierce (2012) used data from the same source and demonstrated that, within TC counters,
working with superior peers will increase the current sales of a salesperson. Columns 1 and 2 in
Table 4 show positive effects from within-counter superiors at both TC and IC counters. If the
competition between salespeople drives our previous findings, we should not observe the
positive effect from TC counters, therefore we can exclude this alternative explanation.

We have offered evidence that salespeople learn from peers, but we have not shown what
has been learned. The final alternative explanation for our findings is that the improvement in a
salesperson’s productivity comes from her adopting the work ethic of superior peers instead of
learning the knowledge or ability of selling. Evidence in Carrell et al (2011) suggests that the
asymmetry of peer effects in work ethic is of the opposite direction of our findings. Their peer
effects are primarily from inferior peers, while ours are from superior peers. Even if this
alternative hypothesis were true, we believe that adopting work ethic could be classified as a type
of peer-based learning and therefore does not contradict our primary claims. Still, given our
hypotheses of knowledge transfer, it is important for us to explore if there is evidence of learning
the parameter values in the production function from peers.

To support our claims, we again compare the peer effects from the skin care and makeup
categories. Model 7 and Model 8 in Table 4 show that within-counter learning and cross-counter
learning from superiors are different between skin care and makeup products. If the peer-based
learning mechanism only involves adopting the work ethic from superiors, there is no reason

why the learning effects in the two categories should be different. Since the impact of observing
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work ethic within-counter and cross-counter is similar for makeup sales, one cannot explain the
large difference between within-counter and cross-counter peer effects for skin care. Suppose
observing work ethics from cross-counter peers is more difficult than from within-counter peers,
and hence the cross-counter effect is negligible for the skin care category, we should also find
such asymmetry in the makeup category. The inconsistency in the results for the two product
categories suggests that the identified peer effects cannot be solely explained by observing work
ethic from superior peers.
4.4 A “What-If” Experiment: The Impact of Employee Turnover on New Worker Learning

Theoretical (Becker 1962) and empirical (Ton and Huckman 2009) work suggests that
one major cost of turnover may be lost opportunities for knowledge transfer, and thus
productivity growth or maintenance, within the firm. To explore this, we compare a hypothetical
scenario of new worker learning with the real scenario from data to illustrate the implications of
our findings of peer-based learning for a firm’s employee turnover policies. We specifically
examine a new worker A from counter 3 who replaces an exiting worker B in April 2005 (See
Figure 3(b)). Worker A has a low estimated initial productivity at CNY119.6, relative to the
average initial productivity of CNY171.5 of all new workers in our data. The exiting worker B is
a star salesperson whose productivity is at CNY402.1 in her last week; she is the third most
productive salesperson based on our estimates. The left bars under “Productivity growth of the
new worker in the original scenario” in Figure 4 illustrates the growth of A’s productivity from
the second to fourth month through peer-based learning. Her productivity after the fourth month
is CNY216.2 and stabilizes after that.

In the alternative hypothetical scenario, we consider how the new worker’s learning

might have benefited from extending the tenure of worker B by three months. We assume that
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worker B is retained, and instead a lower productivity worker C (at CNY169.3) had exited. This
scenario holds the total number of peers constant while changing the average productivity of
inside peers for the new worker. We assume that worker B works the same hours as worker C.
The hypothetical productivity growth of A with the retention of worker B in the first three
months is presented in the middle bars under “Productivity growth of the new worker in the
alternative scenario”. The total productivity growth in the three months would be CNY165.19,
representing CNY68.07 or 70 percent higher growth than the original scenario. These simulated
results suggest that retaining the best workers not only improves firm performance through their
own productivity, but also through the indirect effect they have on the learning of new peers.
This peer effect also extends to competitors. In our example, counter 3 is adjacent to
counters 1, 2, and 9 (see Figure 3(b)). In the second month after worker B left, a new salesperson
at counter 2 replaces another worker, and in the third month another was hired at counter 1. By
retaining worker B, the productivity of these new workers is also enhanced. Although it does not
directly benefit counter 3, total sales of the cosmetic category are likely to increase, making this
is an important consideration for the department store. We calculate the expected sales revenue
of all other outside workers from the second to the fourth month based on our estimates. The
right bars in Figure 4 show the results of the differences between the original scenario and the
hypothetical scenario. The total external benefits of retaining worker B for the competing
counters in the first three months is CNY36.45, a non-negligible impact, although it is smaller
than the within-counter effect. This exercise highlights that when productivity growth is driven
by peer-based learning, the economic consequence of losing or retaining existing high-ability

workers can be significant.
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Figure 4: Impact of Retaining a Star Worker on Peer Productivity Growth
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V. Discussion and Conclusion

This study identifies that, in the empirical setting of cosmetic sales, changes in worker
productivity over time are mainly influenced by the presence of peers from which workers can
learn. While knowledge transfers have been documented at the organization or firm level, we
have identified individual-level peer-based learning that dramatically outweighs learning-by-
doing in driving worker productivity growth. These occur both within and across firm
boundaries, and their magnitude depends on the ability of both the source peer and the recipient
of the knowledge. It is crucial for a new worker to work with more productive workers when she
starts. Learning-by-doing also plays a fairly important role. In contrast, forgetting has little
impact on worker’s productivity growth in our study. We believe this paper makes important
contributions to the literature on learning and knowledge transfer in economics. To the best of

our knowledge, this paper is the first to decompose the underlying mechanisms of individual
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worker learning in an industrial setting. The simultaneous and separate identification of
individual peer-based learning and learning-by-doing has broad implications on firm’s dynamic
competitive strategies (Cabral et al 1994; Besanko et al 2010), productivity growth (Ghemawat
and Spence 1985) and agglomeration effects (Zucker et al. 1998).

While we cannot directly observe the mechanism through which learning occurs, the
difference in the magnitude of learning from inside peers and from outside peers suggests that
workers learn from both observation and the active teaching of their peers, with the latter
mechanism unlikely to occur across firm boundaries. The differential importance of learning
from inside and outside peers in skin care and makeup categories suggests that active teaching
from peers is critical to the learning of difficult tasks. For simpler tasks with easily observable
knowledge, the observation of high-ability peers may be sufficient. We have also argued that the
identified peer-based learning is likely to involve knowledge transfers and not entirely from
adopting the work ethic of superior workers.

Our study has only focused on the empirical setting of cosmetic sales in a department
store. The role of peer-based learning and learning-by-doing on worker productivity growth can
be very different in other workplaces. We hypothesize that their importance relies on the nature
of job tasks. For jobs requiring the knowledge of high-dimensional parameters in a stochastic
production function (e.g. how to match unique customer needs with various cosmetic products),
it is more effective for a new salesperson to learn the knowledge from experienced peers. In
contrast, learning-by-doing may play a bigger role in more standardized job tasks with fewer
parameters, and in those where speed and precision of each work procedure are the primary
concerns (e.g. farm and factory production). It is important for future research to explore the

determinants of the job nature and workplace environment on the roles of learning-by-doing vs.
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peer-based learning. Furthermore, sources of the learning curve of a firm may come from the
improvement of the production process or the adoption of better technologies. The exploration of
such technology growth is out of the scope of this study, since in our data the retail technology
has remained constant throughout the sample period. Yet this can be an important source of
productivity growth for technology-intensive industries such as aircraft (Alchian 1963; Benkard
2000), ship building (Rapping 1965; Thompson 2001) and semiconductors (Hatch and Mowery
1998).

Finally, we have not been able to fully investigate the conditions that facilitate knowledge
transfers between workers within and across firms. Our finding of the asymmetric peer-based
learning between IC and TC counters indicates that financial incentives may be crucial for
workers to invest effort in learning and teaching. Other factors that may impact worker
interaction include the physical proximity and group identity of workers in the same or different
organizations, individual worker personality and organizational culture. To what extent these
factors facilitate the peer-based learning and how they affect firms’ productivity growth are to be

addressed by future research.
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