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Abstract. Closing a deal in a business to business environment implies a
series of orchestrated actions that the sales representatives are taking to
take a prospective buyer from first contact to a closed sale. The actions,
such as meetings, emails, phone calls happen in succession and in different
points in time relative to the first interaction.

Time-series are ordered sequences of discrete-time data. In this work,
we are examining the relationship between the actions as time series
and the final win outcome for each deal. To assess whether the behavior
of the salespeople have a direct influence on the final outcome of the
current deal, we used histogram analysis, dynamic time warping and
string edit distance on a real-world Customer Relationship Management
System data set. The results are discussed and included in this paper.

1 Introduction

The sales process in the Business to Business (B2B) environment consists of
a series of steps and actions intended to take a prospective buyer from initial
interest to a closed sale. The series of actions the salespeople take can damage
or improve the odds of successfully closing the deal. Therefore analyzing these
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series of actions can reveal insights into how to successfully close a deal that
can be taught and shared with the entire sales team.

Closing a deal in B2B environment is different than selling Business to Con-
sumer (B2C). In B2C, the target is presumably millions of people versus B2B
where the potential customers are considerably few. In both B2C and B2B
product knowledge is needed however in B2B the product knowledge of the
sales representative has to go deeper into design details, advantages, disadvan-
tages and competitors’ knowledge as the buyers understand the complexity of
the products and their sophistication. In B2C usually one decision maker is
involved, in B2B orders are considerably higher in monetary value, multiple
decision-makers need to be convinced which leads to a longer time period to
close the deal [3, 21]. Therefore a system is needed to keep track of all these
activities. The tracking of all the information, requirements, products of in-
terest, notes and, in general, entire interaction with the potential customer is
tracked using an opportunity entity inside a Customer Relationship Manage-
ment (CRM) System [8].

Each activity (such as meetings, emails, phone calls) that a sales representa-
tive is performing for an opportunity is usually recorded with their associated
notes for historical and recollection reasons. We can note that each activity
is performed in a precise point in time relative to the creation of the CRM
opportunity. Furthermore, the time gap between activities and the type of
activity (email, phone call) could play a role in the final outcome of the deal.

How much information is recorded in the series of activities for each oppor-
tunity? Is there a pattern of a successful sale in the way a deal is won? Can we
distinguish the series of activities that lead to lost sales versus won sale? We
set ourselves to find out the answer to these questions by doing a time series
analysis of the activities performed for each won and lost opportunity.

Our hypothesis is that won deals and lost deals can be clustered together,
in other words, there is a distinctive pattern of activities performed for won
deals and for lost deals. This hypothesis, if true, could help us improve the
B2B sales prediction models that we previously studied in [17, 16].

This paper is organized as follows: section 2 describes related work on B2B
time series analysis, section 3 introduces our methodology and the problem
domain while sections 4 and 5 presents our results, conclusion and future work.

2 Literature review
In the last few years, researchers have become increasingly interested in im-
proving B2B selling using CRM data analytics [14]. Therefore in this section,
we will look first at the B2B selling and the influencers of a successfully closed
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deal followed by sales forecasting and the methods used to predict future busi-
ness income.

2.1 B2B selling

B2B sales are driven by the relationship that is established between the sales-
person and the prospect. One study found that the relationship is stronger
and the actions more impactful when the product or service is more critical to
the customer and when the sales person is directly interacting with an individ-
ual decision maker instead of the firm [13]. In another study, the performance
of 816 salespeople in 30 sales organizations has been conducted to research
the influence of the company strategy towards the final sales outcome. It has
been found that the company strategy influences considerably the individ-
ual salespeople performance especially related to the prioritization, customer
orientation and value-based selling [19].

The clarity of the sales role, no ambiguity and lack of conflict, has a direct
positive influence on the job performance which in turn influences the quota
attainment and the individual opportunity success rate [9].

The ethical behavior of salespeople has been studied in [20] where it has been
found that ethical behavior is linked to increase sales and customer satisfaction
as well as product or service quality. Likewise, the sales person adaptability
during the sale has a strong correlation to the success of the sale [2]. Adapt-
ability requires the examination of the internal and the external activity that
trigger changes in behavior to successfully close a sale.

There is also momentum in a closing deal. After each stage and after each
customer interaction a successful sales representative will ask for an agree-
ment for the next step. If the potential customer is moving along and the set
milestones are hit, more than likely the successful sale will happen [4].

In this study, we are looking at the behavior of salespeople as recorded in
the series of activities performed on each opportunity and their relationship
to the final outcome. The behavior, even influenced by the company strategy
or the adaptability of the sales person, if consistent can shed light on the steps
necessary to successfully close a deal.

2.2 Sales forecasting

Forecasting is the process of predicting future events based on the informa-
tion and events that already occurred [1]. Sales forecasting is a prediction of
future sales performance using the information known today from marketing
conditions to sales pipeline analysis.
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Figure 1: An example of activities succession to close an opportunity

As sales are the lifeline of any business, a significant amount of research
has been done to predict future sales using time series analysis in different
industries such as fashion, e-commerce, appliances to name a few [12, 11, 22].
Even more, combining forecasting from different models has shown to perform
better than a single model forecast for most time series [6].

However, to best of our knowledge, no study has looked specifically at the
impact of the individual activities for each opportunity and how the implied
behavior might affect the final lost/win outcome.

3 Problem domain and methodology

B2B sales take time to close. To keep track of the progress on each opportunity,
sales representatives are recording notes along with their activities. The cus-
tomer interaction history might include quotes and proposals, product codes
and volumes needed, delivery requirements or product configuration informa-
tion. All in all, the opportunity entity contains the stages, milestones and key
activities performed for each opportunity.

Sales representatives, over time, develop a set of steps and activities that
they execute to close a deal that could be as personal as a fingerprint. For
example one sales representative might use a demo meeting, following with
an email, waiting for a week and making a phone call, whereas another sales
representative might be more aggressive and after the demo follow up with a
phone call and two days later with another voice mail. Part of the behavior of
the sales representative is recorded in the succession of the activities performed
and also in the length of time between each activity until the opportunity is
closed (see Fig. 1).

Our study builds up by starting first with histogram analysis of the lost/won
deals, subsequently by time series analysis using dynamic time warping and
wraps up with string edit distance.
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3.1 Histogram analysis

A histogram shows the frequency distribution of a continuous data set. Using
the shape bar bins which represent the intervals of the continuous data, the
data is plotted bidimensionally against the frequency [7].

In the first part, we created histograms of the won deals and of the lost
deals. The histograms, if different, can show us these differences between the
activity patterns for lost deals compared to the activity patterns for the won
deals.

3.2 Dynamic time warping

Our subsequent approach to discover similarities between won activities and
lost activities was to use dynamic time warping (DTW) which is an algorithm
used for comparison of time series. In essence, given two time series of activities
the algorithm stretches or compresses the series along the time axis in order
to resemble each other as much as possible while simultaneously measuring
the similarities between the two time series.

Formally, given two time series of length n and respectively m:

X = x1, x2, . . . , xn

Y = y1, y2, . . . , ym

(1)

we construct a wrap path W

W = w1, w2, . . . , wK max(m,n) ≤ K << m+ n (2)

where K is the length of the wrap and the k element of the wrap path is:

wk = (i, j) i = 1 . . . n, j = 1 . . .m (3)

the distance of the wrap path W is:

Dist(W) =

K∑
k=1

Dist(wki, wkj) i = 1 . . . n, j = 1 . . .m (4)

The optimal warp path is the wrap path with the minimum distance[18].

3.3 String edit distance

Similar to a DNA sequence encoded with the four letters AGTC that under-
goes insertions, deletions substitutions and transpositions, we could encode
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all the activities performed on an opportunity as a succession of letters and
subsequently for each succession calculate the distance between any other suc-
cession using a string edit distance metric. The main idea is to compare two
DNA sequences and see how closely they are to each other.

3.3.1 Damerau–Levenshtein string edit distance

Damerau and Levenshtein studied spelling errors and discovered that almost
80% of the spelling errors are at distance one in the metric that carries their
names [5]. The metric is a function from an alphabet combination of characters
to an integer value [10]. The created metric evaluates how many operations
are needed to transform string s1 into string s2.

The distance d(s1,s2) between two strings can be a combination of the fol-
lowing operations:

• insert a character,

• delete a character,

• substitute a character with another from the same alphabet,

• transposition of two adjacent characters.

Although can be a high number of combination of these operations to con-
vert s1 into s2, the metric returns the length of the shortest sequence as
the distance between the two strings. For example, in Fig. 2, to transform
the text ABACDEAAB into BACDEAEAB we need two operations a delete
operation and an insert operation: ABACDEAAB =⇒ BACDEAAB =⇒
BACDEAEAB. Therefore d(ABACDEAAB,BACDEAEAB) = 2.

We used this metric to calculate the distance between the list of activities
performed on won deals and the list of activities performed on lost deals in
two flavors. First, we did not consider the time elapsed between activities. On
the second approach we encoded any week with no activity with a 0. This way
we take into account not only the type of activities and their succession, but
also the time component that captures periods of inactivity.

4 Results

4.1 The dataset

The data set [15] used for our research represents B2B sales of an ERP software
that is sold globally. The data set has 276 deals, 153 lost and 123 won deals
in the period 2009-2016 with 19082 activities.
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Figure 2: An example of activity succession alignment using Damerau–
Levenshtein string edit distance

A summary statistics of the data set is present in Table 1.
Furthermore, the quartiles of the number of days to a closed deal is shown

in Table 2.

4.2 Histogram analysis results

We used two approaches to preprocess the opportunities data. The first ap-
proach was to extract the minutes between two consecutive notes for each lost
and won opportunity.

A second approach for histogram analysis was to use the number of activities
the sale representative is performing each week for each opportunity. This
approach is meant to reduce the variance due to a too granular look when
using the number of minutes between activities. This approach solves also
the weekend problem as in general there are no activities in the weekend and
national holidays (however, if there are we don’t need to treat them specially).
Using the week level aggregation could reveal more clear weekly behavioral
patterns.

Examining the histogram in Fig. 3 we notice that there are more activities
for the lost deals than the won deals (frequency bypasses 5000). However, this
is correlated with the fact that there are more lost activities than won activ-
ities in the data set. Other than these insights, the histograms show that the
wait time between activities is similar for the won deals and lost deals with
just a few tiny spikes on the lost deals side. In this context, there are no partic-
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Value Won Deals Lost Deals

Opportunities 123 153
Activities 12129 6953
Avg(#activities/opportunity) 98 45
Max(#activities/opportunity)286 153
Min time to a closed
deal

4 1

Avg time to a closed
deal

47 38

Max time to a closed
deal

195 155

Table 1: Data set statistics

Quartile Won Deals Lost Deals

0% 4 1
25% 23 23
50% 47 38
75% 98 58
100% 195 155

Table 2: Quartiles of how many days it takes to close a deal

ular idiosyncrasies between the two sets to extract an obvious differentiating
behavior. One of the reasons could be that the minutes between activities is a
too detailed level of analysis and we might need to zoom out. This prompted
us to explore the number of activities per week as well.

The results analysis for the number of activities per week in Fig. 4 shows
that in the first week a lot of activity happens for both won and lost deals.
However, after the first couple weeks the pattern is slightly different for won
and lost deals. The won deals have a constant stream of activities, whereas
the lost deals, similar to the minutes between activities histogram, have some
spikes.

This prompted us to further examine the patterns of activities for the
lost/won deals using dynamic time warping time series analysis and string
edit distance to further isolate and measure the possible patterns.
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Figure 3: Histogram of minutes between activities for lost/won deals

4.3 Dynamic time warping results

Dynamic time warping is an algorithm used to measure the similarity between
two sequences which may vary in speed or time. To prepare the data for DTW
exploration we used the same process as above for counting the number of
notes per week for each won and lost deal.

We conducted a quantitative analysis by measuring DTW using Euclidean
distance and also a variant using standardization. We would have expected the
won deals to be close together with a low DTW number and the won versus
lost deals to have a higher number. However, as seen in Table 3, the average
distance between won deals is 77, the average distance between lost deals is
35 and between lost and won deals is and in between value of 35. This last
value we would have expected to be very high which it would prove that we
can separate the lost deals from won deals using DTW.
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Figure 4: Histogram number of activities per week for won and lost deals

Yet, these findings suggest that our results did not provide convincing ev-
idence towards our hypothesis which means that a pattern cannot be estab-
lished between the won deals and lost deals. To further prove the new hypoth-
esis, we turned to string edit distance for an additional perspective analysis.

4.4 String edit distance results

To use Damerau–Levenshtein string edit distance we encoded each activity
type with a letter from the ASCII code. For our data set we have 28 different
activity types. Once we assigned a character to each activity type we create
the sequence of activities for all the opportunities lost and won. The process
is illustrated in Table 4.

Once all the activity letter sequence was calculated for each opportunity we
calculated the distances between won activities, lost activities and between
the won and the lost.
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Deals Avg DTW distance Avg DTW normalized distance

All won deals 77 2.96
All lost deal 35 0.31
All won vs all lost 61 1.74

Table 3: DTW distance between deals

Activity Encoding Sequence

Phone call A A
Email B AB
Phone call A ABA
Customer visit notes C ABAC
Proposal preparation D ABACD
Fax E ABACDE
Phone call A ABACDEA
Phone call A ABACDEAA
Email B ABACDEAAB

Table 4: Activities encoding sequence

The evidence we were looking for was that the won opportunity activities
are clustered together showed by a low distance, the same for lost opportu-
nity activities and in contrast the distance between won opportunity activities
and lost opportunity activities is considerably higher. This would mean that
we could group the won activities and the lost activities and therefore could
establish a pattern for each group of activities.

As we can see from table 5 the average distance between all won deals was
77 and the average distance between all lost deals was 61. These numbers
prove that that the succession of activities for the won deals is much more
different than for the lost deals. When we calculated the distance between the
succession of activities for the won deals against the succession of activities
for the lost deals we obtained 42. As can be seen, the numbers match the
findings we attained with dynamic time warping: a high distance between the
won deals, a low distance for the lost deals and an in-between distance for the
won versus lost deals.

The initial approach that we used for string edit distance did not take into
account the time element. For example, a phone call followed by an email can
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Deals Avg string edit distance

All won deals 77
All lost deal 61
All won vs all lost 42

Table 5: Damerau–Levenshtein distance between deals

Deals Avg string edit distance

All won deals 1022
All lost deal 334
All won vs all lost 748

Table 6: Damerau-Levenshtein distance between deals with time series

be done after 1 day or after 1 month. Obviously, it is much better to do it
sooner than later. For this reason, we explored a second approach of calculating
the string edit distance by encoding weeks with no activities as 0. Therefore
a sequence of AB can be A00000B if 5 weeks passed with no activities on the
active opportunity. The results of the string edit distance with 0s for weeks
with no activity are shown in Table 6.

Although the distances are larger, the results in Table 6 strengthen again
the argument that a pattern could not be established. Therefore, contrary to
our expectations, our hypothesis that there is a pattern of actions for won
deals (and lost deals) does not hold. The general picture emerging from this
analysis is that current actions taken cannot predict the future deal outcome.

5 Conclusion and future work

In this paper, we looked into the behavior of the salespeople captured by the
successions of activities to determine their influence towards the final outcome.
We started with the hypothesis that the pattern of activities for won deals
might be different from the patterns of activities for lost deals. However, the
results yielded some interesting findings.

The analysis of the succession of activities for lost deals and for the won deals
shows that the sales representatives win their deals in very different ways as
exhibited by the high distance value for both DTW and Damerau–Levenshtein
distance. In contrast, the deals are lost in a more comparable fashion revealed
by a low DTW and Damerau–Levenshtein distance.
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More surprising however, is the fact that the lost deals patterns are closer
to the won deals than the won deals themselves. We can infer from these
results that the sales representatives don’t behave differently, they behave the
same way for the won deals and for the lost deals and their behavior is not
correlated with the final outcome i.e. they treat each deal the same putting
the same amount of effort to close the deal, not knowing if it will be lost or
won which is revealing and encouraging for the sales team.

However, our data set was limited to one B2B CRM instance. Future re-
search will have to clarify whether similar results could be obtained with a
different B2B CRM data set. Furthermore, we examined the time series with-
out adding any contextual knowledge (the size of the deal, the period during
the quarter, the country of the customer). Adding context might offer addi-
tional insights that we plan to address in more detail in a future work.
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