2011 11th IEEE International Conference on Data Mining Workshops

Estimating Post-Event Seller Productivity Profiles in Dynamic Sales Organizations

Kush R. Varshney, Moninder Singh, Mayank Sharma, and Aleksandra Mojsilovié
Business Analytics and Mathematical Sciences Department
IBM Thomas J. Watson Research Center
Yorktown Heights, NY, USA
Email: {krvarshn,moninder,mxsharma,aleksand} @us.ibm.com

Abstract—In modern sales organizations, the salesforce is
constantly in flux due to sellers retiring or leaving to take
positions in other organizations, and due to new sellers being
hired from universities, from other organizations, and trans-
ferring in from different divisions within the enterprise. The
productivity of sellers in the time period after these human
resource events is not the same as that of entrenched sellers.
It takes time for new sellers to ramp up their productivity
and the ramping up profile of productivity for new sellers
of different categories varies. Also, sellers that attrit have a
lasting effect on sales in the pipeline after they leave. Thus
revenue projections and other business planning decisions
cannot simply be made from the total headcount of sellers;
post-event seller productivity profiles must also be taken into
account. In this paper, we propose a regularized estimation
technique using linear programming to minimize maximum
residual error for determining seller productivity profiles from
aggregate sales revenue and headcount data that can then
be used in future planning. We demonstrate the estimation
technique on real sales data from a global enterprise and
compare results to productivity profiles elicited from salesforce
leaders in the enterprise.

Keywords-linear programming; minimax estimation; produc-
tivity profiles; salesforce analytics;

I. INTRODUCTION

Workforce productivity is a critical driver of the success of
enterprises; improvements in worker productivity can lead to
substantial gains in both revenue and profit. For example, the
speed at which calls can be correctly handled by a call center
associate has a direct impact on the operational success of
the organization. Similarly, in an enterprise with a large
services or product portfolio, the effectiveness with which its
salesforce can sell services or products to its clients directly
affects its bottom and top line [1], [2]. This is also true for a
non-client-facing workforce, such as assembly line workers
or software developers [3], where the productivity of the
workers is a major determiner of the throughput, and thus
of the financial performance of the organization.

Thus, strategies for increasing worker productivity have
been widely studied over the past decade, with much of
the focus being on the development of various information
technology based platforms and techniques for this purpose.
These include various customer relationship management
(CRM) systems [4], [5] for the integration and management
of data relevant to the complete marketing and sales pro-
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cesses, as well as salesforce automation (SFA) systems [6]
for allowing sales managers to better balance available seller
resources against identified opportunities by automating the
various stages of the sales process.

While such tools provide improvements in productivity
by improving the overall efficiency of (and automating) the
sales process, additional major improvements in productivity
require insights that can be obtained through predictive and
prescriptive analytics using enterprise data. For example,
sales demand forecasting algorithms can be used to estimate
the quantity of a product or service that consumers might
purchase, a critical input into sales resource planning [7].
Similarly, sales territory design and optimization techniques
can be applied to enable more effective allocation of sellers
to customer accounts or sales districts [8] while sales recom-
mendation systems [9], customer propensity modeling and
market opportunity estimation algorithms [10] can be used
to aid sales resources in more effectively identifying and
serving client opportunities.

These methodologies mostly focus on a single dimension
of the sales process: the client dimension. However, pro-
ductivity of sellers, especially in a large company with a
large product portfolio and a diverse client base, is affected
by many additional factors along multiple dimensions, such
as seller characteristics (e.g., skills, experience) and market-
place opportunity (e.g., competitive landscape, size of poten-
tial sales) as well as external factors (e.g., macroeconomic
conditions). This often leads to large differences in sales
performance across various business units, product groups,
or geographies within an organization.

Businesses therefore look for novel ways to obtain an ac-
curate assessment of sales performance, benchmark different
sales groups and units, and provide guidance to identify,
design and manage performance improvement initiatives.
Several studies have investigated the effects of these factors
on sales performance. However, the work has primarily
focused on analysis using a single factor at a time, cf. [11],
[12], [13], [14], [15].

Substantial work has also been done for the identification
of the most relevant factors behind sales performance. This
work has mostly been qualitative (e.g., interviews, case
studies and literature review) and therefore has been unable
to quantify the underlying relationships. For example, a
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meta-analysis is presented in [16] where relevant findings
from published and unpublished work are aggregated into
a set of major determinants of seller performance. Issues
relevant to measuring the performance of industrial sellers
are reviewed in [1] through a set of interviews and self-
assessments conducted with sellers and managers from five
major industrial firms. More recently, [2] describes a unify-
ing framework for modeling the relationship between various
productivity drivers/inhibitors and business success along
multiple dimensions for identifying actionable drivers, and
determining the best set of actions to improve both seller
and organizational performance given various constraints.

However, all these approaches focus on modeling and
understanding steady state workforce productivity such as
identifying attributes that affect such productivity (e.g. train-
ing and skill of workforce) and actions that can be taken
to increase it (e.g. hire more skilled workers). One aspect,
though, that has traditionally not been focused on is under-
standing the temporal nature of the productivity of a typical
worker after certain HR-related events, such as the hiring
of the worker, a transfer to another business unit within the
same organization, or the retirement of the worker from the
organization. In such cases, the productivity of a worker
changes over time post-event until it reaches steady state
and the worker performs at the level of a typical worker.

Thus, in order to accurately model and estimate workforce
productivity, it is imperative to estimate how worker produc-
tivity changes over time after such events [17]. For example,
a new hire fresh from a university (with no experience)
cannot reasonably be expected to become productive from
day one. One would expect an initial period of little or
no productivity during which the seller learns the ropes,
gets familiar with the organization, products, etc., followed
by a period of gradually increasing productivity until the
seller reaches an average, steady state productivity level.
Similarly, an experienced seller (who may have had very
high productivity at his or her previous position) would still
be expected to have a period of little to low productivity as
the worker gets familiarized with the products and processes
of the new organization. However, on average, this period
would be lower than that for an inexperienced hire and the
experienced hire would be expected to have a much shorter
time period to reach the productivity of a typical seller. On
the other hand, the productivity of a seller who leaves an
organization will not typically fall to zero immediately but
would be expected to do so gradually over some time as
deals in advanced stages that the seller had been working
on close despite his or her leaving.

In any modern sales organization, the workforce is in a
state of constant flux with often rapidly changing underlying
headcount dynamics, with sellers being hired, moving across
jobs within the organization, joining via acquisitions, or
leaving due to various reasons (e.g. retirement, another job).
This is often true even though the overall headcount may
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be static or show little change, especially in large orga-
nizations with complex and rich product/service portfolios
and large client-facing workforces. Thus, modeling the post-
event productivity profiles of workers is necessary, both at
an individual level as well as at an organizational level.

At the individual level, post-event productivity profiles
help in setting the right expectations (especially for new
hires) as well as help the organization identify the kind of
help and training need (and the best time to provide it).
However, a much more significant impact of such post-event
productivity profiles is at the organizational level, and is the
main motivation behind the work described in this paper.

Traditionally, organizations have made strategic as well as
tactical decisions and conducted planning, such as making
revenue projections, making budget allocations and hiring
decisions, and setting financial targets on the basis of the
sales headcount. However, the headcount is not a true
representative of the effective sales capacity due to the
underlying sales dynamics as explained above. Each sales-
force event, such as a new hire, has an immediate impact
on the total headcount; however, its effect on the sales
capacity of the workforce is not felt immediately. Modeling
and using productivity profiles for each type of headcount
dynamic can help determine the true sales capacity (the
effective number of sellers that are selling). As an example,
consider a scenario where 100 current sellers leave and are
replaced by 100 inexperienced, university hires. Assuming
that inexperienced hires have zero productivity upon starting,
the headcount will remain unchanged but the sales capacity
will drop by 100.

Salesforce productivity, as measured by revenue per unit
of sales capacity, thus offers a much stronger metric to base
decisions on, as compared to the traditionally used measure
of productivity as revenue per unit of sales headcount. This
has a strong impact on decisions made at multiple levels and
functions within an organization. For example, executives
often compare various regions or brands to identify areas of
poor performance and to make decisions regarding future
investments and deployment/hiring of sellers. Comparing
revenue per unit of sales capacity offers a much more
accurate measure to do so than the traditional revenue per
headcount measure. Similarly, financial planners often use
past revenue per headcount to set sales targets for the future.
Once again, better and more accurate estimates can be
obtained by basing such targets on productive capacity.

Moreover, productivity curves can also help organizations
in carrying out ‘what-if’ analyses to see the effect of
various hiring plans and simulate the effect of implementing
such plans on future revenue attainment. For example, an
organization may decide to hire a number of sellers to meet
near term revenue estimates (or fill a gap between targeted
revenue and expected revenue). While it may seem to be
an appropriate decision assuming each seller will bring in
the same amount of revenue that each current seller does,



it will likely be a gross overestimate since most new sellers
will likely have varying levels of zero or little productive
capacity in the near future. Thus, if the organization hires a
number of inexperienced sellers, their addition will likely
add nothing to the immediate term revenue attainment
(assuming zero productivity for such sellers for the first
few months) but the models based on headcounts will make
inaccurate assumptions of the available salesforce capacity
and overestimate the revenue potential of the salesforce.

The estimation of typical productivity profiles from very
noisy samples of individual sales productivities is similar
to estimation of time-response signals to events that has
been studied in various domains, and can thus be potentially
approached using similar methods as described in [18], [19].
However, there are two issues that prevent such methods
from being applied here. First, individual sales data is often
very difficult to get within an organization due to privacy
rules as it is closely related to individual performance and
compensation. Second, even if such data was acquired (say,
by anonymization), individual revenue data is often not re-
flective of the individual’s true productivity. This is because
sellers often work in teams and take credit jointly and
individually for any transaction, a practice called ‘stacking,’
which often ends up highly inflating the revenue data that
is associated with an employee. Moreover, the magnitude
of such stacking may vary widely with geographies, brands,
job roles, etc. As such, estimating productivity profiles from
such data will likely generate incorrect results. On the
contrary, aggregate revenue data from the ledger gives a true
picture of the actual revenue attained by the entire salesforce.
Hence, in this paper, we describe an approach for estimating
productivity profiles using aggregate revenue and headcount
data.

The remainder of the paper is organized as follows. In
Section II, we describe salesforce data that would typically
be available from a CRM to use in performing analytics.
Additionally, we propose an estimation scheme to learn tem-
poral seller productivity profiles from this data for different
classes of new sellers as well as sellers that attrit. Section III
validates the proposed approach through application to a
real-world data set from an enterprise’s sales organization.
In Section IV, we summarize the paper and provide perspec-
tives on future directions of research.

II. PRODUCTIVITY PROFILE ESTIMATION FROM
AGGREGATE DATA

In this section, we describe aggregate salesforce data
of revenue and headcounts that is available in CRMs and
present an estimation approach for determining sales pro-
ductivity and attrition profiles from such data.

A. Aggregate Data

Historical revenue and headcount data for the entire sales-
force is typically available within any sales organization.
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Moreover, in addition to the total headcount at any point
of time, organizations also track the underlying salesforce
dynamics such as the number of sellers being hired, acquired
via acquisitions or joining via internal transfers, as well as
number of sellers leaving due to retirement or moves to
external organizations. We present a formulation to infer
productivity profiles of new sellers as a function of time
after joining the organization and attrition profiles of residual
productivity after sellers depart the organization.

We denote the total revenue for all sellers in the salesforce
at time k by Rj. Then for a series of £ times, the available
revenue data is Iy,..., R¢. We index productivity profiles
by times j = 1,...,v < &, and we index classes of new
sellers by ¢ = 1,..., u. The available headcount data is as
follows. The value n; ;1 is the headcount of sellers at time k
that joined j times earlier as a member of class ¢. The value
Nold,%; 18 the headcount of sellers at time & that joined more
than & times ago. The value n 4 ; 1 is the attrition headcount
of sellers that left the salesforce j times before the time
k. With these definitions, n; j 1 = 1 j+1,k+1 and na j i =
NAG+1,k+1-

B. Regularized Linear Programming Formulation

Given the total salesforce revenue and headcount data,
we would like to determine the v-time long productivity
profiles of new sellers for each of the p classes. (We will
come back to attrition profiles in Section II-C.) We approach
this problem as one of data fitting and focus on minimizing
the maximum residual error using linear programming [20,
Sec. 1.3]. The general approach is as follows.

Consider the collection of data points
{(n1,R1),...,(ng, Re)}, m € RY, R, € R, that we
wish to model linearly through a parameter vector o € R”
as R = n”a. The optimization problem to minimize the
maximum residual error is:

min max | Ry — n} a,
[ k

and can be equivalently written [20, Sec. 1.3]:

minimize z
subject to Rk—n;{agz, k=1,...,¢
—Rk+n£a§z, k=1,...,¢

For our problem at hand, the parameter vector is the
productivity profile measured in revenue per seller, and
we have p different parameter vectors: one for each class.
Thus, we denote the productivity profile for sellers in class
¢ by ;1,...,q;,. Additionally, we assume that after v
months in the salesforce, sellers become ‘old-timers’ with
productivity L. Here L is a saturation level of productivity
(which we also optimize for data fit). Putting these pieces
together, our linear model for revenue is:

noov
Ry = ZZamn,’%k—i-Lnold’k, k=1,...,¢&

i=1 j=1



minimize z

i

Rp—>_

i=1j=1

subject to

123 v
—Ri+ Z Z Qi i 5.k + Lo,k < 2,

i=1j=1

Qi1 — i < L/m,

For purposes of regularization, we restrict productivity
profiles to belong to a certain function class through the
following constraints. We constrain them to be monotoni-
cally non-decreasing in time and in the range [0, L], and
also include a maximum slope constraint parameterized by
a fixed value m. The constrained linear program that we
solve to determine productivity profiles is given in (1).

C. Formulation with Attrition

We may also include the effect of attrition on the total
revenue because the sales from the pipelines of departed
sellers keep coming in after they have left the salesforce.
We assume this after-effect lasts for 4 times. The attrition
profile is denoted 1, ..., B,,. The model for total revenue
with attrition is:

noov
Rk=§ E QM +

va
E Bina gk + Lnoa,k,
i=1 j—1 i=1

k=1,...,¢

We include similar regularization for the attrition profile
as for the productivity profiles. We constrain the attrition
profile to be monotonically non-increasing in the range [0, L]
and have a minimum slope constraint parameterized by the
value m 4. The linear program with attrition is given in (2).

II1. EMPIRICAL RESULTS

We apply the estimation methodology discussed above
to real selling data from a large global enterprise. The
data represents headcount and revenue data for five and a
half years, and covers over 10,000 sellers for one business
unit spanning all geographies. The revenue we consider is
transactional revenue; it is adjusted for seasonal effects, such
as more sales in the fourth quarter of the year. The headcount
data is for all seller job categories, including technical and
client-facing sellers. The p = 4 different classes of sellers
that join the salesforce are: transfers in, new hires with
experience, new hires from universities, and sellers from
acquisitions. We differentiate between these kinds of seller
additions based on feedback from sales leaders that indicate
significant differences in productivity between these classes
of sellers after joining a sales organization.

v
Z ;i jn .k — Lo,k < 2,
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Figure 1. Total headcount data.

Fig. 1 shows the total headcount of sellers in the organiza-
tion during the period we examine.! Fig. 2 shows headcount
dynamics for the different classes of new sellers and sellers
that attrit. The values shown indicate the number of sellers of
each category that joined the organization during the month.
The attrition headcount dynamic is shown as a positive
quantity but represents a decrease in the total headcount.
In this analysis, we take v to be 36 months, so the number
of ‘old-timers’ at month 1 can be calculated by subtracting
the sum of new sellers in months —35 to 0 in all classes
from the total number of sellers at month 1.

We run the proposed linear program without attrition
and with slope constraint parameter m = 1/6 to estimate
productivity profiles for the different classes of new sellers.
While smaller values of m (such as 1/10) lead to smoother
productivity curves, no major differences in the shape of the
solution profiles was observed when changing m. As such,

IDue to the confidential nature of the data used, we do not show the actual
values of revenue, total headcount or headcount dynamics in the figures.
Also, the productivity profiles are shown after normalizing the average
revenue per salesperson.



minimize z

subject to
i=1j=1

M v VA
—Ri+ Y > aignijk+ > Binajk+ Lnoak < 2

i=1j=1 j=1

Hov VA
Ry = Z Zo‘ivl’”i,j,k - E Binajk — Lnoar < z,
j=1

(@)

k=1,...,¢
k=1,...,¢
0< a1, i=1,...,p
i <oy, i=1,...,n,5=1,...,v—1
;i1 — g5 < L/m, i=1,...,u,7=1,...,v—1
o, < L, i=1,...,p
0<Bu,,
Bi+1 < Bi g, j=1,...,va—1
Bj — Bj+1 < L/may, ji=1,...,va—1
B1 < L.

:
—6— transfer in
—e— cxperienced new hire
—#— university new hire
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40
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Figure 2. Headcount dynamics.

we chose m = 1/6 based on feedback from sales leaders
that sellers typically took at least 6 months to ramp up to
their final productivity. The estimated profiles are shown in
Fig. 3. With these estimated productivity profiles, we can
examine the reconstructed revenues and note the data fit and
residual error in Fig. 4.

Similarly, including attrition profiles of length v4 = 12
months and with attrition slope constraint parameter m 4 =
1/6, we obtain the productivity profiles shown in Fig. 5. The
revenue data fit with attrition is shown in Fig. 6.

In both sets of results, with and without attrition, we see
that new hires with experience behave as ‘old-timers’ in that
they are at steady-state productivity L from the outset. Also
in both sets of results, new hires from universities are not
productive at all in the beginning. In the first eight months,
they have zero productivity before eventually having some
productivity in the ninth month after joining the salesforce.
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Figure 4. Revenue fit using estimated productivity profiles without
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Figure 6. Revenue fit using estimated productivity profiles with attrition.

Transfers in and those that join due to acquisitions begin
with productivity greater than zero. Those from acquisitions
reach the steady-state productivity L after approximately the
same time as new hires from universities whereas those that
transfer in reach L after new hires from universities. The
attrition profile reaches zero after nine months. The residual
error for both sets of regularized productivity profiles is not
too severe and matches fairly well, and in fact smooths out
some of the noise in the total revenue.

In addition to estimating productivity profiles from CRM
data, we also elicited productivity profiles from leaders in
the sales organization. These elicited profiles are shown in
Fig. 7. The human experts indicated no residual effect of
attrition sellers, and indicated four months of no productivity
for new hires (experienced and university) and transfers
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Figure 7. Productivity profiles elicited from leaders in sales organization.
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Figure 8. Revenue fit using productivity profiles elicited from leaders in

sales organization.

in. They also indicated an intermediate initial capacity for
acquired sellers. The ramping up period indicated by the
sales leaders was slowest for university hires, followed by
experienced new hires, and fastest for transfers in. With
these elicited productivity profiles, we obtain the revenue
reconstruction shown in Fig. 8.

The productivity profiles we obtain through data mining
share many characteristics with the elicited profiles, such as
the general shape of the profile, but also have certain key
differences. One main difference is that for sellers joining
the organization, the estimated profiles mostly have a longer
period until the seller reaches full capacity. For example,
university new hires have eight months of no productivity
rather than four months, and transfers in barely reach full



capacity after three years. On the other hand, experienced
new hires reach full capacity very rapidly (within the first
month itself), something that is quite counterintuitive as even
experienced sellers would be expected to have some non-
productive time. Similarly, the effect of a seller who attrits
is felt much longer than the very short period estimated by
sales leaders.

The minimax reconstruction error of the elicited profiles
is 1.6280 larger than the data-optimized solution without
attrition and 1.6673 times larger than the solution when
attrition is included in the model. Thus through optimization,
we recover profiles that are more reflective of the behaviors
present in the data. The gut instinct of sales leaders is
accurate to a point, but through business analytics, we are
able to produce more refined and exact productivity profiles.

IV. CONCLUSION

In this paper, we have discussed the issue of seller
productivity in sales organizations with constant flux of
human resources. In particular, we have focused on temporal
productivity profiles of sellers after HR events such as hiring
and attrition, which have not received much attention in the
literature from a quantitative or data mining perspective.
Effectively modeling productivity as a function of time
is essential for strategic as well as operational enterprise
planning. With such models, it is possible for organizations
to get an accurate estimate of the performance of a salesforce
within a particular unit (such as geography or brand) and
compare performance within units, set better sales targets
for its salesforce, as well as try scenarios and ask ‘what-if’
questions such as the near-term effect of its hiring plans on
revenue (e.g. what will the impact of hiring 50 university
sellers be on revenue in the following quarter, or what kind
of new-hire composition can help it meet sales targets in
two quarters).

Towards developing post-event productivity profile mod-
els, we obtained enterprise CRM data of aggregate sales rev-
enue and headcounts, including monthly hiring and attrition
numbers. For this type of data, we developed a productivity
model estimation procedure that minimizes the maximum
residual error of aggregate sales revenue using linear opti-
mization. The solutions we find through data mining yield
smaller minimax error than productivity profiles elicited
from leaders within the sales organization.

In future work, we plan to use the estimated productivity
profile models for forecasting and prediction to inform hiring
decisions. In doing so, we will examine the generalizability
of the estimated profiles to future times. Another avenue
of future work is to examine productivity profile estimation
with optimization criteria other than minimax, for example
least squares. We may also examine various other advanced
formulations of regression.

From a business viewpoint, there are several avenues for
future work as well. Firstly, we assumed that the same
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productivity profiles were applicable across all geographies,
brands and job roles. However, this is likely not true. For
example, a new teleseller (i.e. one who conducts sales via
telephone) will likely ramp up differently than a client-facing
seller as well as a technical seller. As such, we are planning
on applying this methodology to learn different sets of pro-
ductivity profiles for different geographies, brands and job
roles. It will also be interesting to see if similar profiles are
generated as we do this exercise, or if some of the differences
observed between the learned and elicited profiles (notably
experienced hires and transfers in) disappear.

Secondly, the productivity profiles elicited from sales
leaders are currently being used within predictive models
that are used within the organization for help with predicting
expected revenues, planning and setting targets, and evaluat-
ing/comparing salesforce performance. We would also like
to examine the use of the mined productivity profiles within
these models and compare the predictions, both with those
predicted by current models as well as actual results.
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