
Understanding Sales
Performance Using
Natural Language
Processing
An experimental study evaluating rule-based algorithms in a B2B
setting

Angelica Smedberg



Abstract

Natural Language Processing (NLP) is a branch in data science that marries artificial intelligence
with linguistics. Essentially, it tries to program computers to understand human language, both
spoken and written. Over the past decade, researchers have applied novel algorithms to gain a
better understanding of human sentiment. While no easy feat, incredible improvements have
allowed organizations, politicians, governments, and other institutions to capture the attitudes
and opinions of the public. It has been particularly constructive for companies who want to check
the pulse of a new product or see what the positive or negative sentiments are for their services.
NLP has even become useful in boosting sales performance and improving training.

Over the years, there have been countless studies on sales performance, both from a
psychological perspective, where characteristics of salespersons are explored, and from a data
science/AI (Artificial Intelligence) perspective, where text is analyzed to predict sales forecasting
(Pai & Liu, 2018) and coach sales agents using AI trainers (Luo et al., 2021). However, few
studies have discussed how NLP models can help characterize sales performance using actual
sales transcripts. Thus, there is a need to explore to what extent NLP models can inform B2B
businesses of the characteristics embodied within their salesforce. This study aims to fill that
literature gap.

Through a partnership with a medium-sized tech company based out of California, USA, this
study conducted an experiment to try and answer to what extent can we characterize sales
performance based on real-life sales communication? And in what ways can conversational data
inform the sales team at a California-based mid-sized tech company about how top performers
communicate with customers? In total, over 5000 sentences containing over 110 000 words were
collected and analyzed using two separate rule-based sentiment analysis techniques: TextBlob
developed by ​​Steven Loria (2013) and Valence Aware Dictionary and sEntiment Reasoner
(VADER) developed by CJ Hutto and Eric Gilbert (2014). A Naïve Bayes classifier was then
adopted to test and train each sentiment output from the two rule-based techniques. While both
models obtained high accuracy, above 90%, it was concluded that an oversampled VADER
approach yields the highest results. Additionally, VADER also tends to classify positive and
negative sentences more correctly than TextBlob, when manually reviewing the output, hence
making it a better model for the used dataset.

Keywords: NLP, Sentiment Analysis, Ruled-based algorithms, TextBlob, VADER, Naïve Bayes, Machine
Learning



Synopsis
Background
Sentiment analysis can bring great insights to businesses. It, for instance, detects how customers
feel about a product or an interaction, which can help companies create better strategies,
particularly around customer service. Sentiment analysis can also increase awareness around
employee performance, which is core in developing efficient training tools. Analyzing real-life
sales transcripts can be particularly beneficial as the content of calls represents the individual
business.

Problem
There is current behavioral and organizational research that addresses employee performance and
explores what sales characteristics are desirable from a revenue perspective. Recent research has
also developed sentiment analysis models to understand the context of written language.
However, very few studies use sentiment analysis to understand sales characteristics using
real-life sales conversations. Because of this, there is little insight into how applicable different
sentiment analysis tools are on sales transcript data and how much information about sales
characteristics can be retrieved from it. I have partnered with a California-based tech company
that wants to know more about its own sales organization and is interested in leveraging NLP
methods to discover patterns.

Research Question
As a result of the research problem, this thesis has the following questions: "To what extent can
we predict and characterize sales performance based on real-life sales communication?" and "In
what ways can conversational data inform the sales team at a California based mid-sized tech
company about how top performers communicate with customers?"

Method
An experiment was appropriate because it aims to find a correlation between sales
communication and performance. This study was able to pinpoint the benefits of NLP in sales
performance research and the results informed the company of improvements that could be made
in order to streamline training and hiring. In order to complete the research, a dataset was created
from the partner company's internal sales log. Two primary rule-based algorithms were used to
categorize the sentiments of the dataset–VADER and TextBlob. A Naïve Bayes classifier was
used on each sentiment outcome to evaluate the performance.
A Bag-of-Words approach was also used to validate the classifier's prediction. The results were
used to establish the type of rule-based approach preferred for this dataset. Additionally, other
quantitative data were analyzed, such as word count and common topics within the dataset, to
gain further insights.



Results
An oversampled VADER approach yielded the highest accuracy, 0.94; TextBlob provided a
slightly lower accuracy (0.90), meaning that this particular dataset was more suitable for
VADER. Furthermore, specific characteristics could be established between high, medium, and
low sales performers. For example, during sales calls, high performers talk more about the
company product; they also have small talk to a slightly greater extent.

Discussion
This thesis reveals characteristics that differentiate high sales performers from medium and low.
The data helps provide the company insights into how to better shape sales training as it is shown
that understanding company products and having thoughtful small talk increases the likelihood
of a sale closing. The results are limited since the whole sales cycle is not explored. Nor does this
study investigate factors such as seniority and other personality traits beyond client
communication. As a result, it is recommended that further studies are developed to investigate
sales performance and characteristics more holistically.
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1. Introduction
What does it take to be a top sales performer? Motivation? Yes. Grit? Maybe. Empathy? Could
be useful. So far, empirical studies have primarily focused on evaluating the characteristics of
sales performers from a psychological perspective. Churchill et al. (1985) proposed that the
dynamic nature of sales conversations is critical in evaluating a salesperson's aptitude and
motivation. Similarly, Verbeke et al. (2011) adopted the underpinnings of Churchill et al.'s
research and extended it to include a predictive model that validates sales performance
determinants and links their findings to the development of the knowledge-intensive economy.
While the findings of both studies provide important insights into what characteristics set
salespeople apart, their methodologies resonate in meta-analysis. Over the past decade,
researchers (Yan, 2018, Syam & Sharma, 2018., Luo et al. 2021., Paschen et al. 2020., Paschen
et al. 2021,. Liu et al. 2007., Liu et al. 2010., Pai & Liu, 2018., Prieto & Braga, 2021., Rotovei &
Negru, 2019) have investigated sales performance using AI or NLP. Some have developed novel
models to predict sales performance using machine learning algorithms. Lui et al.'s (2010)
created a novel sentiment analysis model called S-PLSA+ to analyze online reviews from IMDB
to predict product sales performance. They specifically argued that the opinions expressed in
online reviews are strongly correlated to the sales performance of products. Similarly, in Rohaan
and Topan's work (2022), the researchers’ used an unsupervised machine learning model to
forecast B2B sales using RFQs. As of the few works that used real-world sales communication,
Rotovei & Negru (2019) explored different research fields such as decision support methods,
sales prediction, and sentiment analysis using sales notes from CRM systems. They specifically
aimed at enhancing "the lost/won prediction of the active deals" and "enable salespeople in B2B
sales to test their beliefs and prepare winning actions." (2019). However, none of the works
reviewed in this research specifically analyzed full-length transcripts to understand the
relationship between customers and sales representatives.

The connection between written text and emotions/context has been well-studied. As an
emerging field within data science, linguists, computer scientists, and psychologists have
developed different methods to capture the tone of a written message to understand its context.
Gupta et al. (2017) developed a novel deep learning model to conduct emotional analysis on
Twitter data. They found that combining sentiment and semantic features in their novel
SS-LSTM model outperformed other, more popular LSTM models. Gupta et al. also observed
that the word "Happy," tends to perform worse than other emotional classes. They found that
words relating to being happy are more contextual than other emotional words. For example, the
following conversation between two users could both be seen as a simple commentary or as a
happy sentence (indicated by the word "great")
User 1: "What r the birthday plans? ;)
User 2: "going to hills with friends"
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User 1: "Oh, great!"
As the authors argue, certain conversations can have different emotions depending on the
context, which makes it incredibly challenging to interpret. NLP is a subfield of AI; it aims to
solve practical problems in human languages (Lauriola et al. 2022.) Essentially, by designing and
implementing algorithms, developers can enable computers to understand text and spoken words
like humans can. As seen above, it is challenging for software to determine the intended meaning
of words and texts as human language contains ambiguities such as idioms, sarcasm, emoticons,
and other grammatical sentence structures. However, with recent developments in deep and
machine learning, natural language applications can unlock great analytics in various fields such
as politics, business operations, sales, social media, and marketing.

There are three primary methods used when conducting sentiment analysis: machine learning,
deep learning, and a hybrid approach that combines both ML and DL algorithms, and sometimes
rule-based approaches (Prabowo, R. and Thelwall, 2009). ML techniques are often used for
"binary classification and predictions of sentiments as either positive or negative." (Wang et al.
2012). The machine learning process can either be unsupervised, meaning that the machine
discovers patterns without a target field, or supervised, using historical data to make predictions.
Within the field of machine learning exists rule-based learning (RBML), which combines
interpretation and identification of data with predictability (Gudyś et al., 2020). It is a powerful
technique that leverages pre-set rules to provide descriptive models for analysis. Beyond
rule-based learning, ML has other common techniques for analyzing sentiment in text, as
discussed by Ahmad et al. 2017.
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Table 1: Common machine learning tools for sentiment analysis

Machine learning tool Description

Naïve Bayes Is a supervised classifier that’s primarily used to calculate the
probability of data containing sentiments to be either positive
or negative. It’s relatively easy to implement and efficient in
terms of performance, which is why it's one of the most
widely used tools for sentiment analysis. In short, Naïve
Bayes assumes that “predefined properties are unrelated to
the presence of any other feature that exists.” (Ahmad et al.
2017). It specifies the relation between the probabilities p of
two events c and Z and represented as P(c) and P(Z) and the
conditional probability of event c conditioned by event Z and
vice versa” (ibid.) in the following calculation:

𝑃(𝑐 | 𝑍) = 𝑃(𝑐)𝑃(𝑍|𝑐)
𝑃(𝑍)  

The model is particularly useful for large datasets.

Support Vector Machine Is like Naïve Bayes a supervised machine learning model that
works particularly well on high dimensional data that has a
linear separation. It locates the best boundaries within the
data set and separates the data into positive and negative
training samples. SVMs are known to perform accurate
calculations with less computational power than other ML
models.

Maximum Entropy (MaxEnt) Feature based models that do not consider assumptions. This
allows for the most unified model to be favored given a set
amount of constraints. MaxEnt is particularly useful in
estimating probability distributions. Features using bigrams
as well as phrases can be added to the model.

Random Forest Is an ensemble learning method that contains a lot of
individual decision trees. Each tree is distributed identically
across random vectors and through a voting process the class
with the most votes becomes used as the model’s prediction.
Random forest is widely used in semantic analysis, as it
provides a robust process for classification. Additionally, its
ability to use the “wisdom of the many” makes it an ideal
approach for high dimensional data.
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Over the past decade deep learning models have gained wide popularity when conducting
sentiment and emotional analysis. At its core, DL is an application of ANN. By using these
networks of multiple layers the model keeps developing and learning. In the network, layers
closer to the data input learn easy features, while layers further away learn more complex
features derived from the layers below (Zhang et al. 2018).
Researchers are continuously developing new novel approaches to DL algorithms to improve the
accuracy. Some of the more common ones are:

Table 2: Common deep learning tools for sentiment analysis

Deep learning tool Description

Long short-term memory
(LSTM)

Is a recurrent neural network (RNN) that can specifically
handle long-term dependencies. A typical RNN model (which
LSTM is based on) struggles with problems with the
gradient-descent variance and has a hard time remembering
long-term dependencies. LSTM avoids these issues by
including an input gate (for the input data) and a forget gate
for “weighing the significance of memory cell state from the
previous computed state” (Poomka et al. 2021), a memory
gate (for new memory cells), and an output gate, which
computes a new hidden state.

Gated recurrent unit (GRU)
GRU can be seen as an advancement of an LSTM network in
that it lowers some of the gates in the cells and thereby helps
reduce some of the complexities associated with LSTM.
Instead of containing four gates for the data, a GRU model
only contains three parameters: an input, output and reset
gate, which makes the computation time faster.

Convolutional Neural
Networks (CNN)

CNNs is one of the most common deep learning algorithms
and is often used to analyze pictures or videos. One of its
main advantages is that it does not require human supervision
to identify relevant features in the dataset (Alzubaidi et al.
2021).

Temporal Convolutional
Networks (TCN)

Is a dilated-causal version of CNNs created by Bai et al.
(2018), which ensures that no information is leaked from
future to pasts. Another benefit is that the model has a
“substantially longer memory, and is thus more suitable for
domains where a long history is required.” (ibid.) It uses the
following calculation to perform sentiment analysis tasks:
TCN = 1D FCN + causal convolutions, where 1D FCN is a
1D fully-convolutional network (FCN) architecture.
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Applying NLP methods to better understand the customer is becoming exceedingly popular;
companies such as Grammarly and IBM have recently launched tone detection algorithms to
support the ever-growing demand from companies trying to understand customer sentiment.
Through analyzing emotions and tones in text, IBM’s Watson tone detection algorithm can
predict if the sender or receiver is happy, sad, confident, confused, and other emotions that help
enhance a company’s customer service. Similarly, tech start-up Gong.io has developed a product
that captures and analyzes customer interactions using sales communication from video
conferencing, phone calls, and emails. Leveraging NPL, the company can analyze sales
performance and provide information on what deals are likely to close.

NLP and AI at large can help companies, especially B2B organizations, develop elevated sales
strategies and tactics. However, it is difficult as customer preferences change fast; the sales
process has become more prolonged and cumbersome, with more people involved, product
changes, and market changes (Paschen et al., 2020; Cotter et al., 2018; Ingram, 2004). The
application of NLP in business is widespread. A recent publication by Ahmed et al. (2022)
claimed that AI, and more specifically, sentiment analysis, has enhanced businesses in various
fields ranging from health care to farming and finance. At its core, the primary function of any
business is to attract customers. Sentiments from both internal and external participants play a
crucial role in sales. Connecting with customers and tapping into their emotions can guide them
more efficiently and naturally to purchasing a particular product (ibid.). While crucial for a
business, researching customers, which includes conducting detailed competitor and feedback
analyses, is costly and time-consuming.

Despite the recent advances made by various technology-driven companies, there is not much
research specifically focusing on using sentiment analysis and rule-based machine learning to
understand sales performance using real-world sales conversations. Often it is difficult for
researchers to gain access to real-life sales data. Obtaining permission from companies can be
particularly challenging as sales communication often contains confidential information. This
research has generously been given access to sales transcripts by a mid-sized tech company from
California and will thereby be able to fill a gap in the literature. By analyzing sales transcripts
from initial meetings with customers, this study applies sentiment analysis using rule-based
techniques (TextBlob and VADER) to bring insights into how the application of NLP can be used
to understand (and, to an extent, validate) sales performance. Further, this study investigates the
dynamic structure of the tech company’s sales operations and explores if NLP techniques can
provide good insights for their specific sales teams.
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1.1 Research problem
While plenty of literature examines what drives sales performance and explores AI's role in
sales, there is a need to specifically investigate to what extent sales performance can be
understood using sentiment analysis. Silber-Varod et al. (2019) studied 358 real-world sales
conversations in the "discovery phase."1 Their work focused on the Communication
Accommodation theory, which analyzes why, when, and how people change their
communicative behavior during interactions. Their goal was to examine the gaps between sales
representatives and customers; they specifically were interested in communication between
genders; essentially, how would a male sales representative address a female customer versus a
male customer, etc. While their research is interesting and findings are valuable, it does not apply
NLP models to understand the communication or figure out what makes certain representatives
perform better than others. Their quantitative approach of analyzing average talk time, amount of
words spoken, and call distribution between sexes do not explore the sentiment, which is
arguably a crucial part of interpersonal communication. Understanding what the sentiments of a
conversation are is critical to exploring the relationship between sellers and buyers. Nevertheless,
as mentioned previously, it is not well studied. This thesis aims to address that problem by filling
the research gap within the field of data science.

Moreover, it is challenging for companies to allocate the time and resources necessary to
investigate if there is a difference in communication between top sales performers and other sales
representatives. Understanding differences within a sales organization can provide individual
companies with better insights on how to structure hiring and training. Often the lack of
resources, know-how, and time makes it challenging for companies to comprehensively assess
their sales teams, which causes a lack of awareness about individual contributors' sales potential;
in some cases, a combination of generic training and inadequate quality controls results in
unfavorable sales results for the company. Traditionally, sales training can be flooded with
information without proper context (Singh et al. 2022). Salespeople differ, which is why
researchers Siddharth Singh et al. argue that companies should "tailor programs to individual
salespeople" (2022) rather than providing generic training. Increasing awareness about
salespeople's individual characteristics and communication styles can maximize sales revenue for
companies.

For a rapidly growing tech company, like the one researched in this study, setting aside sufficient
time to evaluate sales performance at large and develop meaningful training based on
characteristics held by the top salespeople can be an endeavor. This study is designed to provide
the tech company with the insights necessary better to understand their sales organization from a
performance perspective and guide them to meaningful training based on their data. However,
while this research only analyzed sales data from one tech company, the findings presented are

1 The discovery phase in sales is typically the initial conversation with a potential client. These types of calls attempt to
understand the customer’s pain points and goals. It also gives the seller an opportunity to present the company and its products.
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applicable across any industry, as the core functionalities of sales are similar regardless of the
company.

1.2 Research question
While sales data can provide an abundance of insights, this study attempts to answer the
following questions,

1. To what extent can we characterize sales performance based on real-life sales
communication?

2. In what ways can conversational data inform the sales team at a California-based
mid-sized tech company about how top performers communicate with customers?

The findings of this thesis will be presented in the results section. However, the overall aim of
this thesis is partly to provide valuable insights to the company and to fill the gap in the
literature, which can provide other sales organizations with a better understanding of sales
performance and how real-world data can inform the business of its sales potential.

1.3 Delimitations
The participating tech company is based out of California, USA, and has over 500 employees,
but less than 1000 and is therefore considered “mid-sized.” The data sample analyzed in this
study was pulled from 30 full-length sales transcripts from the introductory calls and ranged
from 45 minutes to 1 hour. It contained 5000 sentences and a total of 112291 words. Sales
performance was evaluated based on two primary factors, win rate over time and account value.
High performers had a win rate over 20% and a total sales account typically valued at over $1
000 000. Medium performers had a win rate over 15%, and most accounts valued at over $100
000 and low performers won less than 15% of the time, and had sold for less than $100 000. In
addition, how many total wins and losses were considered. For instance, a sales performer could
have been classified as a high performer based on win rate and a high total account value;
however, if that representative had only prospected two customers, they would have been
delimited from this study. The transcripts used in this study tended to come from sales
representatives with at least 15 registered sales targets. The best performer analyzed had a 23%
win rate out of 27 total customers in the pipeline and had sold for 27% more than the next “high
performer.”

1.4 Thesis structure
The first chapter in this study covers the introduction to the research. Chapter 2 includes the
background, which covers an introduction to NLP and sentiment analysis, a discussion on how
the digitalization of the industry impacts B2B sales, a deeper dive into what defines sales
characteristics based on psychological studies, and a discussion of the challenges of sentiment
analysis. Chapter 3 covers the methodology and research strategy. The results are presented in
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chapter 4, and chapter 5 is reserved for the discussion, conclusion, and suggestions for future
studies in the field.

1.5 Limitations of the study
This study has a few limitations. First, it only relies on sales transcripts from one mid-sized tech
company based in California. Traditionally a sales cycle can be divided into five to seven
different steps ranging from prospecting, introduction, assessing a problem, providing a solution,
to negotiations and closing. Each step requires its diligence in which sales performance can be
evaluated. This research only used introductory sales calls as they tend to set the relationship and
introduce the company and its offerings. However, this is a limitation as the sales process
contains other vital steps that could make or break a deal, such as price and contract negotiations,
responsiveness throughout the process and product deep-dives.

Additionally, this study only looked at a year's worth of data, which could be detrimental to
newly onboarded sales team members who may not have established a network yet. Individual
sales performance is generally difficult to analyze without conducting a significant background
review. However, despite these limitations, this study provides valuable insights and sets a good
baseline for further explorations.

Another limitation is the timeline allocated for this Master's thesis. Since the dataset had to be
built from scratch and significantly redacted, the scope and volume were limited.

This study focuses on exploring what sentiment analysis methods (TextBlob and VADER) are
helpful in evaluating salespeople. Since it will rely on machine learning techniques instead of
deep learning algorithms, it may be possible that not all facets are appropriately explored.
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2. Extended Background

2.1 Impact of digitalization in the B2B sales space & the benefits
of text analysis in sales

Over the past decade, Business-to-Business (B2B) sales have undergone a dramatic
transformation as artificial intelligence, and machine learning has digitalized the sales
environment. Change is nothing new to the sales profession; long gone are the days of traveling
sales people going door-to-door with dedicated routes based on demand, as depicted in Arthur
Miller's play Death of a Salesman (1949). However, this recent transformation is expansive; from
forecasting sales prediction (Mehendale and Sherin, 2018) to leveraging machine learning
algorithms to understand customer churn (Lalwani et al. 2020), these models have significantly
altered the way companies approach the sales process. Sales, in nature, is human-centric. It relies
on a personal and emotional connection between the salesperson and the client. One of the
challenges with the digital transformation of sales is ensuring that human relationships remain
front and center since the interpersonal buyer-seller bond plays a critical role in the sales process
(Knight, 2017). But as Jeannette Paschen et al. (2020) argue, the possibilities of AI and machine
learning to advance the quality and quantity of information to sales departments in terms of data
management, customization, and even personalization. In their study, they list seven stages of the
sales process (prospecting, pre-approach, approach, presentation, overcoming objection, close,
and follow-up) and outline the specific value-add AI has for each stage. In traditional sales,
prospecting entails finding leads and evaluating whether these prospects are real sales
opportunities. AI and machine learning algorithms can use unstructured and structured data to
build richer lead profiles and help predict the qualifications of a lead. For instance, a company's
web traffic and clicks provide great insights into potential customers; while such data is mainly
unstructured, AI can identify leads and generate lists faster and more efficiently than humans
sorting through the same data manually. Additionally, AI's power in providing accurate lead
scoring allows sales teams to specifically target prospective accounts that are more probable to
be converted into customers based on a set of characteristics (Syam and Sharma, 2018).

In the nurturing stage, which is part of the pre-approach and approach phase, the sales
representative is tasked with acquiring additional information about prospects and initiating
conversations. Understanding a potential customer's needs, preferences and habits enable the
salesperson to approach the client better. This targeted approach includes customized messaging
and content curation and can establish rapport with potential customers (Paschen et al., 2020).
From automating routine tasks such as scheduling meetings or sending follow-up messages, to
tailor and delivering targeted content to customers, AI frees up time for the sales team to focus
more on "value-add contributions" (ibid.) Nurturing the potential buyers of a product in an early
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stage can lead to better engagement throughout the sales process. The California-based
technology vendor ServiceMax uses machine learning to provide their website visitors with a
more "relevant journey" throughout their website. As the potential customer enters, the machine
learning algorithm collects information, such as firmographic and intent data, and predicts the
next page the customer will click. This allowed ServiceMax to serve the clients more relevant
pages pertaining to their product and upcoming conferences. It has led to a decrease in bounce
rates and a 100% increase in on-site and page-per-session. Essentially, when customers visit the
website, they are "more likely to become a prospect and (ultimately) customer." (Harrison,
2019).

Once it is time for a customer presentation, AI-enabled prototyping and slide bots that help
improve presentation content by recommending layouts and messaging help sales representatives
deliver higher-quality presentations (Paschen et al., 2020). Further, using machine or deep
learning to analyze emotions and tone in verbal communication can unlock insights into sales
performance and determine the sentiment of customers (ibid.) Those insights are also significant
throughout the sales funnel. Objections, verbal and non-verbal, from potential customers can
alert the team and shift the sales approach. By acting quickly on the data provided by AI, sales
professionals can manage objections and prevent potential churn. Tech startup Gong.io captures
and analyzes client interactions. Its software alerts sales professionals about risks and
opportunities by recording sales communication, analyzing the data, and providing insights and
recommendations.

AI can also assist with closing a deal. For instance, chatbots can help answer common questions
customers may have before making the deal and assist legal teams in drafting contracts.
However, as Paschen et al. argue, closing a deal is complex, and while AI can assist and provide
valuable insights, the final phase relies heavily on the sales professional's interpersonal skills and
requires continuous involvement. Building and maintaining trust and having the skills to
effectively persuade customers are key characteristics of a good salesperson. AI, in collaboration
with the sales team, can increase overall performance by combining data insights and building
customer relationships.

2.2 Getting valuable insights through text analysis
At its core, sentiment analysis is a text classification tool that uses NLP, text analysis, and
computational algorithms (Hussein, 2018) to identify context and opinions in data; it analyzes
incoming textual data and evaluates whether the sentiment is positive, negative, or neutral.
Sentiment analysis primarily focuses on opinion polarity, but the term opinion is a broad concept
that includes sentiment, evaluation, appraisal, or attitude (Cambria et al., 2017). The text used for
sentiment analysis could be documents, single sentences, product features, or aspects (Jain &
Dandannavar., 2016)
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In a traditional sense, the analysis can give politicians, companies, governments, and other
institutions insights into public opinions about their products, campaigns, efforts, brand, etc. For
organizations that want to monitor their reputation, get feedback and check the public’s pulse on
products and actions, the written data can be seen as a “gold mine” (Feldman, 2013). Companies
can rely on sentiment analysis to “determine strategies to improve product quality and allow
policy makers access public sentiments with respect to policies, public services or political
issues.” (Prabowo & Thelwall, 2009). This type of data has become more readily available
through social media, blogs, online product reviews, and any other online portal that harness
sentiment. Hence there is a need to improve the algorithms continuously. Over the past few
years, researchers have developed novel algorithms to make the models more accurate and
reliable for classification tasks. The improvements in machine and deep learning techniques have
enabled companies and researchers alike to analyze public sentiment at a more granular level.
Researchers are now going beyond classifying sentiments into positive, negative, and neutral and
classify emotions using machine and deep learning models, which can allow for even richer
insights. Capturing emotions such as sadness, happiness, fear, anger, disgust, and surprise
(Ekman, 1982) within a text is expected in emotion/tone detection. As a subfield of sentiment
analysis, this type of detection is commonly used to predict sales performance (Liu et al., 2007),
improve customer success (Martoglia et al., 2020) and salesmanship skills (Singh et al., 2018).

2.3 Behavioral characteristics of a salesperson & the
nature of sales communication
In 1985 Churchill et al. proposed six categories that should be used when predicting sales
performance: personal characteristics, role perceptions, organizational/environmental variables,
aptitude, motivation, and skill levels. Since then researchers have updated the characteristics and
reframed the analysis for characterizing sales performance as the nature of sales have shifted and
the economy has become more technologically driven. In more recent works (Verbeke et al.,
2011) , these six categories have expanded into several sub-categories.
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Figure 1: Verbeke et al. (2011) Conceptual sales performance model of the meta analysis

Role perceptions can include four additional interrelated constructs, role conflict, role overload,
burnout, and role ambiguity, which becomes a factor when salespeople feel as if they do not have
enough information to perform (ibid.). Similarly, the taxonomy of aptitude corresponds to
dispositional traits, personal concerns, identity, and cognitive ability, which includes measuring
the salesperson's mental, verbal, and quantitative ability. "Skill level" has several sub-categories,
including interpersonal micro selling, adaptiveness, and the salesperson's depth of knowledge.
On the other hand, motivation can be classified into underlying goals and cognitive choice,
which describes a salesperson's choice for "initiating, expanding and persisting in expanding
effort over time on a certain task" (ibid.). Motivation can also be explained in terms of work
engagement. Personal, which include intra-individual factors that are unrelated to the other
predictors, as well as demographic variables, physical characteristics, personal experiences,
current family status, and lifestyle, can all impact a salesperson's performance. The final category
that has been expanded is organizational/environmental variables. This comprises external
factors faced by salespeople, internal factors ranging from organizational characteristics and
social relationships, and the manager's leadership style. With these predictors, researchers have
been successful in scoring what the main drivers are to sales performance.
Verbeke et al. concluded that the five drivers have an "independent predictive effect on sales
performance, in terms of magnitude" (2011). They list selling-related knowledge, degree of
adaptiveness, role ambiguity, cognitive aptitude, and work engagement as good predictors of
sales performance. High work engagement, for instance, increases the ability to focus on goals
and drives the salesperson to perform better. In contrast, role ambiguity is an adverse driver of
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sales performance. Clear expectations about the role increase the salesperson's performance.
According to the study, selling-related knowledge was the biggest driver of sales performance.
The most effective salespeople are so-called knowledge brokers. The classification is closely tied
to a salesperson's cognitive ability; continuously obtaining knowledge from different avenues
and transferring it to customers creates stronger sales leaders and ultimately drives performance.
Customers are more informed than ever due to the wealth of information available. There are
heightened expectations on sales representatives to solve latent and explicit problems (Verbeke et
al., 2011). Through conversations, salespeople have an opportunity to share their knowledge and
build trust with clients, and more likely close the deal. Thus, effective communication is
foundational in providing selling-related knowledge (Bharadwaj & Shipley, 2020, Singh, Brady,
Arnold, & Brown, 2017; Spiro & Weitz, 1990; Webster, 1968; Weitz, 1981).

2.4 Challenges of analyzing sales conversation using sentiment
analysis
Sentiment analysis does not come without its challenges. Naturally, it is difficult for computers
to understand human sentiment. Thus, providing the accurate meaning of opinions and matching
suitable emotions with text often requires human interpretation. Researchers and companies are
continuously working on mitigating sentiment analysis challenges and great strides have been
made over the past decade to improve the algorithms. However, some challenges persevere albeit
the efforts. Unmistakable, massive amounts of data are generated daily, both externally and
internally, at individual companies. Most of this data, which includes text, videos, and images, is
raw and unstructured (Shayaa et al., 2018). Sorting through this data and extracting useful
information requires a great deal of NLP knowledge and resources, especially in terms of data
storage; it is a fundamental challenge of sentiment analysis (Misra et al., 2014).
As previously discussed, some NLP models are better suited for analyzing text sentiments, and
each is faced with its own challenges. One of the most apparent challenges for sentiment analysis
is when words have two different meanings. For a lexicon-based approach, a real-value score of
the association between a word and its valiance (sentiment), the same term can have different
sentiments for different contexts, which can create a challenge for the algorithm. The statement,

Yee: Anna could not stop talking about last night's hockey game.

If the speaker of this sentence cheers for the same team as Anna, the sentence is positive.
However, if Anna and Yee are cheering on two different teams, the sentence has a negative
connotation. Similarly, it can be challenging for the algorithm to differentiate who is
communicating. Much sentimental analysis has focused on detecting utterances from the speaker.
However, a conversation can include a listener (sometimes referred to as the reader), a speaker,
and another communicator. It can be unclear for the algorithm to separate the utterance from the
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sentiment of a person. For instance, a text conversation can include the sentence: The unfortunate
death of the singer was caused by drowning.

It is unclear whether the speaker describes the event or is personally upset about it. From an
algorithmic standpoint, this sentence can either be classified as negative because it adversely
impacted the speaker, or neutral because the utterance is just a statement of fact. Thus, assigning
whether a speaker is neutral, positive, or negative rests on the system's developers (Cambria.,
2017).

Another challenging part of sentiment analysis deals with figurative expressions such as irony
and sarcasm. An ironic sentence can "reverse the expressed sentiment polarity from positive to
negative" (Mahdaouy et al., 2021); take the example of an Amazon review for a banana slicer
that was given five stars from the customer:
"What can I say about the 571B Banana Slicer that hasn't already been said about the wheel,
penicillin, or the iPhone.... this is one of the greatest inventions of all time. My husband and I
would argue constantly over who had to cut the day's banana slices. It's one of those chores NO
ONE wants to do… That's when I found the 571B Banana Slicer. Our marriage has never been
healthier…THANKS 571B BANANA SLICER!" (Mrs. T, 2012, amazon.com)
Clearly, this sentence is ironic. Few would compare a simple banana slicer to the importance of
penicillin. However, on its face, this review would sentimentally be characterized as positive,
which presents a challenge for some NLP techniques.

2.5 Related Research
This research aims at understanding the linguistic characteristics that separate a top sales
performer from a medium and low performer. It also explores how sentiment analysis can
determine these characteristics using real-world sales transcripts. While a few similar studies
exist, no research found has used the same approach and methodology as this. Rarely has a
combination of semantic analysis and sales characteristics been at the forefront of other works.
Nonetheless, the list below contains studies found to be the most relevant to this particular study.

Syam and Sharma (2018) explored the impact of machine learning and AI on personal selling
and sales management. In their study, they discuss various approaches, such as sales teams using
Support Vector Machine algorithms to perform sales forecasting and text categorization to
provide advanced warning of possible customer churn, NLP to extract information to glean
customer insights, and review trend analysis. One of the research questions raised was if text
mining coupled with machine learning and AI can enhance pre-approach and approach sales
methods and thereby override or replace more traditional methods? Their work concluded that
one of the most significant impacts machine learning and AI would have on sales will be
understanding customer behavior to "design and deliver highly customized offerings" (Syam and
Sharma. 2018) as well as enhancing the salesperson's effectiveness when selling. Building on
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Syam and Sharma's question and conclusion, this research explores explicitly to what extent
machine learning can be used to differentiate between salespeople using data from the initial
approach stage. Without that understanding, developing universal approaches to make each
salesperson efficient and successful is challenging.

Luo et al. (2021) conducted field experiments to explore the use of AI sales coaches to train sales
agents. These AI coaches record salespersons' conversations with customers and provide training
feedback to improve their sales skills. The goal of Luo et al.'s work was to understand whether
there were any caveats in using these types of AI coaches to improve sales teams' performance.
Additionally, it sought to answer which type of sales agents (top, medium, or low performers)
benefited the most and least from AI coaches. Similar to this study, the researchers used real-life
sales data from two fintech companies as a base for their study. They concluded that AI sales
coaches positively affect salespeople in terms of job performance. This is especially true for
mid-ranking salespeople, who seem to benefit from AI coaches the most. Naturally, this thesis
adopted a similar approach to Luo et al.’s categorization of sales agents.

Paschen et al. (2021) contributed to this research by exploring AI and ML's benefits in B2B
sales. They conducted semi-structured interviews with salespeople at a North American-based
B2B start-up. The researchers transcribed the interviews and thematically analyzed them to gain
an overall sentiment from the members of the sales organization. Paschen et al. were particularly
interested in exploring how AI and ML add value to salespeople. While they encouraged more
research to explore how NLP and ML can be used as tools to enable B2B sales better, Paschen et
al. concluded that AI could add value to B2B sales, but it requires human actors to co-create that
value.

Researchers Halimin Herjanto and Drew Franklin (2019) conducted a systematic review to
investigate different performance factors in salespeople. They analyzed over 250 articles on sales
performance between 1986 and 2017. The researchers concluded that personal, organizational,
co-worker, buyer, and situational dimensions are all at play regarding sales performance.
Specifically, social intelligence, which alludes to the ability of the salesperson to be socially
skillful and aware, plays a significant role in performance. So too does the personality faction in
which a high-performing salesperson tends to be aggressive, motivated, competitive, and
organized. Further, a successful salesperson has two core values, a self-regarding one and an
"other-regarded" one, where the representative cares deeply for the buyer's welfare. Building a
good rapport with a buyer is also vital in sales. The authors' acknowledged that the rise of AI in
sales is relatively unexplored, and the question "[t]o what extent can AI technology motivate and
improve a salesperson's sales performance?" is left unanswered in the literature but is of great
importance. One of the research questions for this research is loosely trying to answer an aspect
of Herjanto and Franklin's question by exploring the usefulness of sentiment analysis in sales.
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Rotovei and Negru (2019) used real-world Customer Management System (CRM) notes to
analyze the sentiment of sales representatives. Their goal was to use these notes to predict if a
salesperson would win or lose the deal. Using TextBlob and Pattern Library, the researchers
concluded that sentiment information from CRM notes could successfully be used to predict the
outcome of complex sales.
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3. Methodology

3.1 Research strategy
This research explores to what extent NLP can be used to measure and improve sales
performance. There are a plethora of strategies available to researchers. Action research,
grounded theory, ethnography, phenomenology, experiments and surveys are most widely
adopted. Each method, as described by Denscombe (2014), has its strengths and weaknesses, and
selecting the most fitting depends on the aim of the particular research. Since most current sales
performance research uses interviews or other qualitative research methods to understand sales
performance, it felt appropriate to tackle the study from a more empirical angle. Testing different
ML models to establish causal relationships between specific sales communication patterns and
sales outcomes can produce novel insights and bring value to organizations. Thus, considering
the aim and the research questions an experiment was chosen as the appropriate strategy to
analyze the data and validate potential relationships. Although different research goals, this
study’s research strategy has been largely inspired by Rotovei and Negru’s (2019), Hutto, C. and
Gilbert, E. (2014) and Luo et al. (2020) work in understanding and improving sales performance.
Similar to their work, the experiment strategies used in this research were designed to establish
causality by manipulating independent variables and observing their effects on dependent
variables in the test data set. Their works also helped inform which sentiment analysis tool that
could be successfully tested on sales data. The goal was to evaluate which ML model had the
best performance and with that insight be able to provide the company with recommendations on
how to understand and analyze their sales data moving forward.

Experiments, as Denscombe writes, are typically concerned with establishing a linkage between
the things that are being studied; such as sales communication and performance, or effectiveness
of ML algorithms on full-length sales transcripts. This linkage should be used to determine the
cause and effect of the thing that’s being studied. By distinguishing between the dependent
variable and the independent variable. For this study, a change in the size (independent variable)
of the test/train data impacts the dependent variable. Also, a change in the structure of the ML
model also impacts the dependent variable, which we will see in the result chapter; the different
rule-based models tested on the sales communication datasets impact the performance of the
analysis.

The purpose with an experiment strategy is to “discover new relationships with the materials
being investigated, or to test existing theories” (Denscombe 2014). For the tech company
analyzed in this study, these discoveries give greater insights into the company’s sales
performance data and provide recommendations into how this data can be analyzed using NLP
algorithms. According to Densombe (2014), experiments can either be conducted in a lab, where
the researchers have close control over the variables and the observations are meticulously
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measured. But experiments can also be conducted in a more quasi-experimental manner. In these
instances, it is common for the researcher to have less control over the circumstances and
observe and measure the impact of “isolated variables through circumstances as they happen,
without imposing artificial controls” (ibid.) This method could have been used in this research
had the goals been to study the sales team more holistically, rather than only analyze their
performance using transcripts. However, it seemed more fitting to analyze the data by artificially
manipulating the data to control the variables, such as how the data is processed, split and
features extracted for consistency.

The primary dependent variable that this experiment was concerned with was the accuracy of
each NLP algorithm (textblob, VADER and BOW). The results after applying a Naïve Bayes
classifier gave insights into how useful these types of algorithms are when analyzing the
sentiment of sales transcripts. These models also shed light on what characteristics different sales
performers embody based on their communication style. The accuracy was measured in a range
from 0-1, where 1 was representing 100% accuracy of correctly classified sales transcripts. In
this experiment there were also three primary control variables (data preprocessing, training and
test data splits and feature extraction). As shown in the results chapter, modifications of these
control variables impacted how well the algorithms performed.

This thesis choice of methodology was largely inspired by the works of Rotovei and Negru’s
(2019), Hutto and Gilbert (2014) and Luo et al. (2020). The experiment design as shown in
figure 4 was modified from Rotovei and Nergu’s work on sales prediction using communication
sentiment analysis in B2B customer relationship management systems. Aside from conducting
an experiment of five different NLP models - sent140, Stanford CoreNLP, Sentiment Word Sense
Disambiguation, Vivekn and TextBlob and Pattern. They also conducted a what-if analysis with
the goal of enabling “salespeople in B2B sales to test their beliefs and prepare winning actions.”
(Rotovei and Negru. 2019). Further, they concretely outlined methods to guide salespeople into
paying “specific attention” (ibid.) to what influences winning deals. Since the objective was to
evaluate the performance of rule-based algorithms, it seemed appropriate to select VADER as the
comparative model. VADER was developed by Hutto and Gilbert in 2014, and performed well
on social media tweets, but had not been evaluated on lengthier sales communication data.
Additionally, this thesis also aims to provide sales teams with concrete insights into what
characteristics are typical for high performing sellers. Similarly, in Luo et al.’s work, the
researchers adopted field experiments at two fintech companies with the goal of providing novel
insights into improving sales skills and “solving both problems faced by bottom- and top-ranked
agents” (Luo et al. 2020).

This study has two main research questions: "to what extent can we characterize sales
performance based on communication?" And "in what ways can conversational data inform the
sales team at a mid-sized tech company about what characteristics top performers have?" Each of
these questions aims to be a value enhancer of knowledge for the tech company where this
research takes place. It focuses exclusively on sales performance and data at a mid-sized tech
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company in California. One of the goals is to provide the said company with an in-depth
understanding of the relationships between their sales staff and the clients. Apart from increasing
awareness about sales characteristics within the company, the research can also give the
company insights into what extent sentiment analysis can benefit their sales team.

3.2 Sampling
This study is based on both quantitative data, in terms of sales volume, win rate, and account size
and qualitative in terms of actual sales transcripts. The sampling was made through purposeful
sampling since its purpose “is to select information rich cases that best provide insight into the
research questions and will convince the audience of the research.” (Emmel, 2013). Using a
modified version of Hamed Taherdoorst (2016) sampling methodology the sampling was divided
into five segments.

1. The population was clearly defined. In the case of this research the population analyzed
were sales representatives at a tech company.

2. The sampling frame contained a year's worth of sales transcripts.
3. The chosen sales sample was stratified random sampling, in which the sales population

was divided into subgroups based on their sales performance. After distinguishing the
subgroups into high, low and medium performers randomly selected samples of
transcripts were chosen. In a sense, the stratified sampling technique used could be
regarded as purposive sampling, however, once the stratas were established a random
selection was chosen.

4. The total number of records at the company was well over 10 000, but that included
transcripts from each stage of the sales process. As mentioned, this research only focuses
on introductory calls as those tend to “set the tone” for the rest of the sales process. Thus,
the sample size contained 30 full length sales transcripts ranging from 45 minutes to 1
hour; ten transcripts from each performance category. Of those ten transcripts, five were
won deals and the other five were lost. Taherdooorst sampling calculation established the
balanced point where both bias and diminishing returns would be reduced.

𝑛 =  𝑝 (100 −  𝑝) 𝑧2 / 𝐸2

𝑛 𝑖𝑠 𝑡ℎ𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒 
𝑝 𝑖𝑠 𝑡ℎ𝑒 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 𝑜𝑓 𝑎 𝑠𝑡𝑎𝑡𝑒 𝑜𝑟 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛
𝐸 𝑖𝑠 𝑡ℎ𝑒 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑒𝑟𝑟𝑜𝑟 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑
𝑧 𝑖𝑠 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔 𝑡𝑜 𝑙𝑒𝑣𝑒𝑙 𝑜𝑓 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 

The number obtained from the calculation was then reduced to accommodate for the time
constraints.

5. The collection of data was completed during the spring of 2022.
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The sixth stage in Taherdooorst sampling method is “Assessing Response Rate” (2016),
however, this was omitted from this study as it did not apply to the methodology.

3.3 Data Collection Method & Analysis Process
An experiment was used to answer the two research questions. As Denscombe (2014) describes,
there are four methods of data collection: observation, documents, questionnaires, and
interviews. This research exclusively relies on documents as primary data sources. Documentary
research can generally entail written text (such as articles, books, and reports), digital
communication (web pages, blogs, texts, or network sites) and/or visual sources. The documents
used for this research were transcribed communication from meetings between sales
representatives at the tech company and potential clients. Typically, records from meetings are
considered reliable, even though there are instances in which companies communicate off the
record. Because of the nature of the records used in this research, every spoken word during a
sales call was recorded and automatically transcribed. This heightens the credibility of these
documents. Other documents used in this research were books and scholarly articles, all of which
were peer-reviewed before publication.

While these records are restricted, the company authorized the use of this data under the
condition that information that could be tied back to either the company or its clients was
anonymized. It could be seen as a limitation to the research, but since the goal of this research is
to understand to what extent NLP models can be used to analyze characteristics in sales
performance, the anonymization of data is not a hindrance in this study. Thus, the particular
company or client information is not necessary.

The data collected were transcripts captured from a third-party vendor called Gong.io. As this
research focuses on performance, a stratified sample of 30 full-length transcripts containing over
110 000 words was selected. All transcripts analyzed were no older than one year, and each sales
representative had either closed and won the deal or closed because the deal was lost. Total sales
volume for each rep, number of targeted accounts, and win rate were the metrics used to
categorize each salesperson into high, medium, and low performers. Ten transcripts from each
performance category were selected. Five transcripts were won, and five were lost.
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Table 3: Dataset statistics

Value Won deals Lost deals Words per
performance
category
(Won)

Words per
performance
category
(Lost)

High performers 5 5 23 735 17 578

Medium performers 5 5 19 773 13 160

Low performers 5 5 16 233 17 449

While this research primarily focused on obtaining a broad view of sales performance,
recognizing patterns within data that were lost or won within each performance category was
helpful in validating the differences between high, medium and low performers. All the
transcripts were at least 45 minutes long and included a discussion about the company and the
product. High performers had a win rate over 20% and a total sales account typically valued over
$1 000 000. Medium performers had a win rate over 15% and most accounts valued over $100
000 and low performers won less than 15% of the time and had sold for less than $100 000. In
addition, how many total wins and losses were considered. For instance, a sales performer could
have been classified as a high performer based on win rate and a high total account value,
however, if that representative had only prospected two customers, and one one would have been
delimited. Arguably, those are not the only factors important in sales performance, but it is a
good indicator. Once the transcribed data was separated into different performance categories,
the documents could be analyzed.

The transcripts were converted into a CSV file and each sentence of the transcripts were
manually categorized into four columns. The first column contained performance information,
whether a sentence belonged to a high, medium or low performer. The second column labeled
the status of the transcript, if it had been won or lost. Depending on the content of the individual
sentence, the third column informed whether the sentence was “small talk”, “about the
company”, “demo”, “meeting agenda”, “pricing”, “onboarding”, “next steps”, and “wrap up”.
Most of these labels had been set by the company as a tracking metric, but “demo” was created
for the purposes of this research, as visually showcasing a product is a major selling point. Below
are a few examples of how the data was categorized.
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Table 4: Example of how the data was structured

Performance Lost/Won Conversation
segment

Transcripts

High Won Small talk CSM
1:51 Yeah, good. Well, we've got you now.
So first off, CLIENT, where are you based
out of?
CLIENT
2:01 Kinda like STATE? So bottom right
hand corner of the state of STATE.
CSM
2:07 Okay.
CLIENT
REMOVED 4/20
3/4/22, 1:15 REMOVED
2:08 Live in AREA county. So, I'm putting
five minute commute into work everyday.
CSM
2:13 Yeah.
CLIENT
2:14 Pretty pretty recent better these days
with so many people working from home or
is like not even a traffic concern, which is
pretty awesome.
CSM
2:22 Yeah. Yeah. Then the wall to wall or a
few times, I got a lot of family out in
CITY… visited watch. I haven't seen in a
while now.
CLIENT
2:33 Said your CITY area, right? Is that
correct?
CSM
2:36 I'm not, no.

Low Won Demo ACCOUNT EXECUTIVE
22:53 Yep. So I'll kind of keep... keep
moving forward here so we can see a, you
know, a little more features and capabilities
of this here. So what I'm gonna do is I'm just
gonna go ahead and clear out of this. I'm
gonna exit out and I'll just put in and this is
this... this I'm like demo instance, if you,
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what is a retail example, but it's still gives,
you... you know, an idea, right?

Medium Lost Wrap-up ACCOUNT EXECUTIVE
50:56 But if there's interest we, then, yeah, I
think we've got next steps is getting the
engineers involved, and then we can be
flexible on that. So.
CLIENT
51:06 Yeah.
COMPANY EMPLOYEE
51:08 Awesome.
CLIENT
51:09 Cool. Thanks.

Because the documents, also referred to as corpus, contained a lot of direct or indirect
information that could tie the research back to the company, it had to be manually redacted. As
seen above all the names have just been replaced with the title of each participant in the
conversation. “Account Executive” is the sales representative leading the conversation. In most
cases a “sales engineer” (or “solutions engineer” is brought in to actually demo the product and
answer technical questions. In some instances other employees at the company such as customer
service managers and or architects, marketing managers, and c-level executives were brought in
to support the conversation. In the majority of conversations there were multiple individuals
representing the client company, but for the sake of ease, all client participants were labeled
“client.” Further, locations were either redacted as “state”, “city”, “country” or “area”, company
names were just listed as “company”, competitors and other vendors were listed as “third party
vendors” and any conversation pertaining to specific company product features or billing/pricing
structure was removed. Once the company approved the anonymization, the data was cleaned.
Using standard pre-processing techniques, all words were made into lower case, stopwords such
as “I”, “a”, “is”, “are” and “the” were removed using the NLTK library. Null values,
punctuations and other special characters were removed and the CSV was converted to a string.
Using NLTK contradictions within the text were fixed. After the corpus was cleaned, it was
tokenized to break the text up into small pieces and lemmatized to transform the words into their
root form. Both methods are important steps in making the NLP process more accurate.
However, because this study used TextBlob and VADER, in which pre-processing is less critical,
one CSV containing just clean data and another one that was cleaned and preprocessed
(tokenized and lemmatized) was run through both techniques to validate whether preprocessing
impacted the results.
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While the original dataset, before obtaining a polarization score, was balanced (it contained five
performance/won and five performance/lost), the final corpus analyzed was imbalanced.
Typically, a dataset is considered imbalanced if the classes are unequally distributed, which can
lead to poor performance if the majority of classes are over-represented. This is particularly
prevalent in fraud detection datasets since the majority of financial transactions are legal.
Similarly, for the sales dataset used in this study, when applying TextBlob the majority
(~99.96%) of sentiments classified were positive. In the figure below 0 represents all negative
sentiments found (22) in the dataset whereas 1 represents all the positive sentiments (538).

Figure 2: Dataset after applying sentiment scores to the text.

If time permitted it would have been a great asset to anonymously survey the sales
representatives at the company as it could bring a better understanding about their personalities,
resume and motivations.

3.4 Method application
One of the first steps in completing an experiment is identifying the research question and initial
hypothesis. This process was done at the very early stages of the research over a couple of zoom
meetings with representatives from the company. While the overall sales performance of the
company was good, there was a curiosity to explore avenues to improve and grow revenue. With
this goal in mind, it was decided to explore whether there was a clear difference between
salespeople in the way that they communicate. After pulling some sales metrics from the
company, it was uncovered that there was a notable difference between the sales team–some
were generating more revenue and had a higher win rate than others. The question then
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remained, why did some salespeople perform better than others? Could their way of
communicating to customers be a key factor in their success? And how could this be measured?
These questions were further narrowed down to accommodate for the limited time that could be
allocated to the thesis, which resulted in the two primary research questions.

Based on the problem and the questions, three initial hypothesis were established:
1. Sales transcripts recorded for B2B transactions are likely to contain sentiment

information that could inform sales performance.
The company researched held many different data points that could be used to measure
performance. Most obvious would have been to link the resumes of the sales staff with their
performance since there is a universal notion that success comes with experience. However, to
gain a true sense of day-to-day performance it seemed more fitting to investigate the linkage
between direct client communication and performance. The hypothesis is similar to that of
Rotovei and Negru’s (2019) work, where they hypothesized that CRM notes might contain
sentiment information that could be used to enhance their lost/won prediction model.

2. Sentiment analysis models outperforms other NLP techniques such as name entity
recognition, topic modeling and text summarization for this type of sales analysis.

There are many different approaches within the field of NLP, but the most popular one is
sentiment analysis. It is particularly useful in cases where people express their opinions, which is
often the case in conversations. It’s also useful when trying to understand the overall sales
conversation; whether meetings tend to be positive, negative or neutral, and if that can be linked
to performance. Being in the data science space and not having direct access to the sales staff, it
also seemed appropriate to explore this notion from a semantic perspective, as communication
rests at the very core of sales.

3. High sales performers are more personal in the way they communicate with their
customers, which makes them more efficient sellers.

This hypothesis was inspired by research in the field of organizational management and sales
psychology (Churchill et al. 1985, Bharadwaj & Shipley, 2020, Singh, Brady, Arnold, & Brown,
2017; Spiro & Weitz, 1990; Webster, 1968; Weitz, 1981) and aimed to link current research with
this study in the field of computer science. The proposed hypothesis also demonstrates that there
are different characteristics and communication styles between high, medium and low
performing sales people.

After establishing the research questions and hypothesis, a thorough review of different sales
metrics was conducted. The data created a baseline of what constituted a high, medium and low
performer since total revenue, win rate and percentage of revenue from new vs. existing
customers was considered applicable when evaluating sales performance. Based on this baseline,
the transcript data could be collected and analyzed according to each different performance tier.
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The transcription had automatically been recorded and transcribed to text through Gong.io. The
transcribed data used in this study were manually reviewed and rectified (when necessary) as
voice-to-text transcriptions tend to provide some inaccuracies in the translation. This study relied
heavily on python programming language using jupyter notebook. Python is a common
programming language when performing NLP. It has many built-in libraries and frameworks that
enable critical functions in cleaning, pre-processing, and analyzing text data. For instance, one of
the most popular libraries is Python's Natural Language Toolkit (NLTK), which supports a
variety of tasks ranging from classification, Part-of-Speech (POS) tagging, stemming, parsing,
and tokenization. Despite its usefulness in pre-processing and cleaning the data, this study used
NeatText (nxt) to remove punctuation, stop words, multiple spaces, and special characters,
convert all words to lowercase, and fix any contractions in the data. The NeatText library was
selected over NLTK because of its ease-of-use nature. To pre-process the data, all PDFs
containing the sales transcripts had to first be converted to txt files for manual redaction and then
manually transferred into a CSV file as it is easy to read files in python using pandas
pd.read_csv() command. The converted txt transcripts were merged using python into their
specific buckets (highwon, highlost, medwon, medlost, lowwon, lowlost) relating to the sales
representative's performance category and whether the sale was won or lost. It resulted in five
transcripts in each bucket, totaling 30 transcripts. It was important to capture what type of
conversation the sales transcript contained as it provides granular insight into how sales reps
communicate with clients. Therefore, the transcripts had to be manually transferred to Microsoft
Excel (for the CSV conversion) and labeled with the performance status (high, medium, low),
the sales status (won or lost) and the conversation segment ("small talk", "about the company",
"demo", "meeting agenda", "pricing", "onboarding", "next steps", and "wrap up").

Figure 3: dataset of cleaned transcripts transferred, labeled and converted into a csv file.

There are plenty of python libraries that aim at extracting the sentiment of texts with NLTK
being the most common one used in research. While NLTK is comprehensive and supports a
large number of languages, it can be quite slow and splits up the text by sentences in a way that
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is ignoring some of the semantic structures that could provide insights. Since all the text used in
this research was in English and the data used is quite small, I opted to use TextBlob since it’s
based on NLTK but has a more intuitive interface. It was also successfully used in Rotovei and
Negru’s (2019)’s work on sales prediction, giving the highest performance (along with the
Pattern classifier) on their CRM dataset. TextBlob is considered a lexicon-based approach (often
referred to as rule-based), in which the sentiment of a word is defined by its intensity within a
sentence. The pre-defined dictionary that is built into the model contains words that have been
classified as positive or negative. TextBlob takes a sentence and assigns individual scores to all
the words contained in that sentence. Once the scoring is completed, the final sentiment is
calculated by pooling the average of the totality. Then, TextBlob’s analyzer returns two scores,
one for subjectivity and one for polarity. The polarity score lies between [-1,1], where -1 is equal
to a negative sentiment and a 1 is considered a positive sentiment. For example, this sentence:
“account executive: awesome thanks so much for the time i appreciate it
client: yeah no problem thank you nice to meet you alright bye
account executive: bye you too”
Was given a polarity score of 0.333, meaning that it was a positive sentiment. From looking at
the text it is clear that the conversation between the account executive and the client is positive.
It is the last exchange, usually referred to as the “wrap-up”; it contains a lot of positive words,
such as “awesome”, “nice to meet you”, “thank you,” and “I appreciate it.”
On the other hand, this pre-processed conversation:
“client: start using this now
sales engineer: yeah youve got basically days that you can essentially do whatever you want you
can contact me via email we can set up a weekly or or you know a couple of times biweekly office
hours are meetings but if you have any questions just shoot me an email and we can take it from
there normally weve got at least one or two meetings a week when im when im doing these so
that we can connect and either one of us i usually dont but if you if you have an issue or you dont
need to me obviously you can just send me a note cancel it and that time”
was given -0.06, which is considered negative. While the overall sentiment is not necessarily
negative, it does contain words such as “usually don’t”, “issue”, “cancel”, which usually have
negative connotations.

The subjectivity score measures the personal opinion in relation to the factual information in a
text. This score is on a [0,1] scale where the more opinions a text contains the higher it will be to
1, whereas factual texts will be closer to 0. TextBlob calculates the subjectivity score by
specifically looking at the intensity of a word, for instance if the sentence contains “too” or
“very” it would likely rank the sentence as having a high subjectivity. The same sentences as we
saw above were given a ​​~0.47 (for the first conversation) and a 0.35 subjectivity score for the
latter, which seems accurate considering that the second conversation lists information of how
the client can get in touch with the sales engineer.
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To evaluate and compare the performance of the sentiment scores obtained from TextBlob
VADER was also used in this research. VADER was developed by Similar to TextBlob, VADER
is a rule-based lexical approach developed that scores the sentiment of text. Instead of just
providing a positive or negative score, it scores how much a sentence is positive, negative or
neutral. If we look at the same two conversations as above, VADER scored the first one as
follows:

Table 5: VADER Scores for Conversation 1 & 2

Conversation Positive Negative Neutral Composite Sentiment

Conversation 1 0.36 0.14 0.50 0.79 Positive

Conversation 2 0.04 0.91 0.05 -0.26 Negative

Aside from obtaining the sentiment score, this paper also used Pandas value count function to
calculate what was the most covered conversation segment and the frequency of words spoken
by high, medium and low account executives. A combination of excel and Python code was used
to obtain certain calculations and graphs.

A Naïve Bayes classifier was used to predict the sentiment results of TextBlob and VADER. The
classifier is arguably one of the most popular algorithms used for sentiment analysis prediction
as it tends to give great results for a multitude of problems. It is based on Bayes theorem, which
is a classification technique used to calculate conditional probabilities using the following
formula:

𝑃(𝐴|𝐵) =  𝑃(𝐵|𝐴) *  𝑃(𝐴) / 𝑃(𝐵)

Essentially, by understanding how often B happens we can understand how often A will occur. It
is specifically useful for binary classification problems such as the one presented in this research,
where the sentiment is either positive or negative. The data was split into two, where 80% of the
data was placed into the training set and 20% was placed into the test set.

The Naïve Bayes classifier was evaluated by calculating how accurate the predictions of the
classifier were using: 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 / (𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠) *  100
When applying the Naïve Bayes classifier on data from TextBlob the accuracy was ~ 96.2%.
However, VADER rendered a higher accuracy with ~ 97.1%.

The experiment design (as shown in figure 2) showcases the structure of the thesis based on the
selected method. The independent variables in this experiment are the three NLP algorithms -
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VADER, TextBlob, and the bag-of-words approach - if the input from the preprocessing step
changes, the performance of these algorithms will change.

Figure 4: Experimental design method

These steps were crucial in testing the three hypotheses and thereby answering the research
questions.

3.5 Alternative Methods

To some extent, this research relies on designing and developing algorithms that can be used for
analyzing sentiments. Thus, adopting a design science research approach could have been helpful
for this type of research, as it often aims at improving or solving real-life problems within a
particular environment. One example could be improving sales at a tech company. Essentially,
design science research, as discussed by Johannesson and Perjons, aims at creating “novel
artifacts in the form of models, methods, and systems that support people in developing, using
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and maintaining IT solutions.” (2014). While this research does not wholly intend to develop
novel approaches for maintaining IT solutions, the NLP algorithms created could be used by the
company beyond this research. There are a few reasons as to why a design science methodology
was not adopted. First, design science research places a big emphasis on the design process, the
goal of this thesis was to focus on the results and actionable insights. Second, the outcome of
design science research is typically an artefact. Aside from the development of the artefact,
evaluation plays a critical part in design science research. For this project, it was easier and less
time consuming to conduct an experiment of the algorithms, instead of a full development and
evaluation of an artefact. Similarly, this research provides insights, rather than a specific tool or
model; as a result it was not possible to demonstrate the artefact in the business setting, which is
another important process in design science research.

Another methodology that would have been suitable for this type of research is semi-structured
interviews, where the sales staff at the company could have discussed their experience in sales
and elaborated on what communication they believe helps seal a deal. Interviews are beneficial
in small-scale research, where the researcher wants to explore experiences and complex issues
(Denscombe, 2017). Understanding the fundamentals of sales and what factors interconnect in
successful selling could be dissected by the primary actors in sales–the account executives.
However, because of time and limited access to sales staff, this type of qualitative methodology
was not feasible.

3.6 Research ethics
It is critical when conducting research to evaluate any ethical risks and potential issues. Since
this research deals with confidential data, it is essential that the treatment of data will protect the
participants and the companies they represent. To ensure that anonymity of the data is
guaranteed, representatives from the tech company have reviewed and approved the redacted
data used. Additionally, the researcher has agreed to not disclose the company’s name, product or
clients. While the researcher was granted access to the data and is allowed to use the data for
research purposes, there are stipulations relating to privacy, confidentiality and company
property. This research is basis its security measures on Denscombe’s eight principles for data
protection (2014), namely:

● The data collected and processed is done so in a fair and lawful manner.
● The data is only used for the purposes originally specified.
● The researcher is only collecting the data needed to conduct the study.
● The researcher acknowledges the responsibility to ensure that the data provided in this

study are accurate.
● The data obtained and used in this research are not to be kept longer than necessary.
● All data from the company is kept secure.
● The data are not to be distributed for any purposes.
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● All data used in this research is anonymized and cannot be linked to identifiable
individuals or companies.

In addition to the principles outlined by Denscombe, this research also follows the ethical
frameworks developed by Shamoo and Resnik (2009) which includes legality, social
responsibility, non-discrimination, confidentiality, accountability, transparency, openness,
integrity, carefulness, objectivity, and honesty.

4. Results
This chapter outlines the results obtained from the sentiment analysis conducted on 30
full-length sales transcripts. Aside from providing significant details about the communication
style and effect of low, medium and high sales performers, it also evaluates the accuracy of the
ML models used.

4.1 What do high, medium and low sales performers talk about in
initial sales calls?

One of the main objectives of this research was to explore whether there was a difference in the
communication styles of high, medium, and low performers. While there certainly are a plethora
of factors that contribute to a successful sale, there are certain features found in this research that
suggest that there are differences in how a high performer conducts an introductory sales call
versus how a low performer does it.

The recorded communication between the client and the account executives was divided into
segments depending on the nature of the conversation. For instance, discussing the company
product is a critical piece of selling. In these types of conversations, the salesperson often
discusses their company’s product in relation to other competitors and speaks diligently about
how the company product is different and better because of specific reasons, as seen in the
transcript below:

Sales engineer: …and you know kind of taking a step back I know that one of the questions was
how this fits in [removed] competes with something like a [competitor] frankly again based on
my experience what i've found is its weird to say the two almost go hand in hand because really
this type of question that I’ve asked it's probably not something that I want to monitor over time,
right? It's very important for me because if I’ve got a meeting in minutes and I want to get this
answer after that meeting, I don’t care about this anymore, and so the idea of going to a report
developer or someone they can create this in the tool, if I don’t have the expertise to do that, I
saved them the effort of actually creating that, and how many of those queries on a daily basis
fall into that category where it's simply just a one off its not worth the effort to create a
dashboard or report. It connects me right to the data element that I want to see and now all of a
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sudden that workload is basically eliminated, it’s not just reduced, it's eliminated from the
development team because this is not something that needs to be monitored over time…

In this product segment the salesperson is letting the client know that with the company product,
the user can easily get the information they need without involving a development team. They
also acknowledge the competition but affirming that the company’s product is less resource
intensive as it doesn’t require monitoring to the same extent.

These types of conversations are common in early sales conversations as they can convince the
buyer to not look elsewhere for solutions. When looking at the data, it is clear that company
products are the most discussed topic, as seen in the table below:

Table 6: Totality of most discussed topics

Conversation Segment Value count

Company product 122

About company 78

Demo 77

Small talk 46

Next steps 45

Customer base 44

Onboarding 39

Wrap-up 36

Pricing 26

Deployment options 25

Agenda 23

As mentioned, discussing the company product is critical for introductory sales meetings. “About
company,” which covers general information about the company such as when it was founded,
the mission statement and goals, was the second most discussed topic. Demoing the product
followed by small talk and outlining “next steps” were within the top five most discussed areas.
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If we look at how these segments are distributed across each performance category, we can see
that high performer are significantly more likely to talk about the company product than medium
and low performers, as outlined below:

Figure 5: Conversation segments by performance

Similarly, the topic “about company”, in which the account executive discusses the company’s
origin and mission, is 53% more prevalent for high performers than medium performers, and
76% more common in high performers compared to low performers.

Other noteworthy findings were that high performers tend to do “small talk” slightly more (6%)
than medium and low performers. Small talk is often linked to the personalization of sales. In
these types of conversations the sales representative and the client converse about things outside
the realm of the company, product, next steps or demo. These personalized conversations is
meant to form a bond between the client and the sales team, as seen below:

Sales engineer: How's it going, [client name]?
Client: Good. How are you?
Sales engineer: Good. Happy Monday.
Client: How's your Monday to you?
Sales engineer: Where are you actually located?
Client: [City]
Sales engineer: Good deal. Good deal.
Client: Okay. What about you?
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Sales engineer: I'm up in [city]. Cool. Yeah, cool.
Client: I've only... I've only been there once beautiful city.
Sales engineer: “Yeah, it's funny. My girlfriend's sister is moving down to [city] this weekend
and I'm kind of like, I, I'd like to, you know, a change of pace and, you know, maybe checkout
[city] for a year to make a good day.
Client: Yeah, I went up to [city] back in [year] so long time ago now, and... I just remember, I
was trying to like go to some club in [city], but my sneakers were like kinda dirty. I want to let
me [they wouldn’t let me in].
Sales engineer: Well, it's just like this. That's nice.
Client: Is too clean, man.
Sales engineer: That's something like European nightclub rules. I haven't heard that. And since
I've been.
Client: [removed] time ago, though, so, I don't go to clubs anymore.

This “small talk” is very casual and there are multiple points of connection between the
salesperson and the client, from the cities they each live in to night clubbing.

Taking the analysis even further, we can see that certain topics are more prevalent than others in
won sales deals versus lost deals. Below outlines the conversation segments by high, medium
and low performers in both won and lost deals.

High performers

Figure 6: Conversation segments by high performers/lost deals Figure 7: Conversation segments by high performers/won deals

As mentioned previously “company product” is the most discussed by high performance,
however, at the surface, there is no correlation between won sales deals and the discussion of the
company product. “Small talk”, “Onboarding”, “Wrap-up” and “Deployment” are all more
prevalent in won deals than lost (for high performers).
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Medium performers

Figure 8: Conversation segments by medium performers/lost deals Figure 9: Conversation segments by medium performers/lost deals

Medium performers who won their sales deal demoed the company’s product 64.7% more than
lost deals. However, they discussed the product 21% less than lost deals. Additionally, they
slightly had more “small talk” in lost deals than won, and the conversation segment “about
company” came up 62.5% more in lost deals.

Low performers

Figure 10: Conversation segments by low performers/lost deals Figure 11: Conversation segments by low performers/lost deals

Similar to high performers, low performers discussed company products at a great length in both
won and lost deals. Won cases had 13% more “company product” discussion than lost cases.
Demoing the company’s product seemed more beneficial in won cases, whereas small talk
actually seemed to be more common in lost cases.
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4.2 The quantity of communication during sales calls

As part of tokenizing the transcript a word count was established based on each performance
level and sale outcome. The results showcase that medium and high performers have higher
word count than low performers. For those performers, won deals had also higher word count
than lost. As shown the difference between high won cases and medium won cases is 3962
words. Between high won and low won it is 7502 words.

Figure 12: Word count per performer
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4.3 TextBlob on sales communication

When applying TextBlob on the sales transcripts, the overall results were as follows:

Table 7: TextBlob data

Polarity Subjectivity

Count 558 558

Mean 0.17 0.47

Std 0.11 0.10

Min -0.40 0.00

25% 0.11 0.43

50% 0.16 0.48

75% 0.22 0.52

Max 0.70 0.90

Overall, TextBlob characterized the majority of sentiments as having positive polarity and
subjectivity scores. While sales conversations are generally positive, the polarity score is
relatively low, which implies that most conversations are neutral in nature. The graph below
shows the result of TextBlob (539 positive and 19 negative sentiments).

Figure 13: Positive and negative sentences from TextBlob algorithm
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The dataset is unbalanced with the majority of sentiments being positive, and only a very small
amount being negative and neutral.

In contrast, sales conversations have a significantly higher subjectivity score. The subjectivity
mean score indicates that the conversations are just slightly more factual than opinions-based as
it’s graded on a [0-1] scale. The most negative sentiment according to the algorithm received the
score -0.40 and was the following conversation:
​​
Solutions Engineer: So if I were to day bags or, you know, [city] in this case, it and basically
attract these would be here. Then if somebody already that hourly and it will surface hourly
instead of monthly. So that's one one probably the way to mitigate that. But like I said, on the
back end, you can basically specify to only look at the detail level even despite lotto under user
types on the search bar.
So even if that ideally, if the [company] finds that there was an hourly granularity, it's kinda by
default. Sure. Probably.
Client: It was like, yeah. So when you're searching here and you're clicking sales, is that like
instantly scanning the scheme of the table so, you know, what dimensions you actually have
available?
Solutions Engineer: That's correct sales would only focus if there was a sales call and schemer
that's right?
Client: Okay
Account Executive: Yep. I'm gonna leave. I'm gonna leave 15 minutes here for [solutions
engineer] to actually share his screen and actually dive into the back end and kind of give you
all. I just wanted to give you an idea of how this works and then have many kind of give you all
a, and I know this, you know, it might be overwhelming.

While this conversation is not necessarily negative per se, the sentence “it might be
overwhelming” and the word “schemer” contributes to the overall negative sentiment.

4.4 VADER on sales communication

VADER was used to compare the results of TextBlob. As seen below, the results are slightly
different:
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Table 8: VADER data

Composite
Score

Positive
Score

Negative
Score

Neutral
Score

Count 558 558 558 558

Mean 0.91 0.16 0.02 0.82

Std 0.24 0.07 0.02 0.07

Min -0.89 0.09 0.11 0.80

25% 0.95 0.11 0.01 0.79

50% 0.99 0.15 0.02 0.83

75% 0.99 0.19 0.03 0.87

Max 0.99 0.47 0.19 0.98

In contrast to TextBlob, VADER classifies more sentiments as neutral, hence providing a lower
positive mean score. It also provides higher max scores, lower min scores and reports a higher
standard deviation.

The most negative sentence labeled by VADER includes sentences such as “didn’t seem like we
connected”, “I didn't see any of the same kind of hurdles that... that we're running into”, “I feel
like it's my personal life is starting to distract me “ and “I'm trying to figure out if there's
something that we can... we can do better…”. It also contains words such as “weird”, “panic”,
“lost”, “scattered brained”. All of which have negative connotations.

Because this work evaluates the performances on a binary scale, the compound score is
determining whether a sentence is positive or negative. The scale ranges from -1 (being the most
negative sentence) to 1. For the dataset used in this research, VADER labeled 549 sentences as
positive, and only 9 sentences as negative.
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Figure 14: Positive and negative sentences from VADER algorithm

Similar to TextBlob’s dataset, the dataset from VADER has a disparity of classes in the variables,
which causes the dataset to be unbalanced.

4.5 Results of VADER versus TextBlob in classifying negative
sentences

Both VADER and TextBlob captured the sentiments of the transcripts used for this research,
albeit with varied success. TextBlob classified 539 positive and 19 negative sentiments, whereas
VADER only classified 9 negative sentences and 549 positive. After manually reviewing all the
negative sentences by TextBlob and VADER it was clear that VADER was more accurate in
predicting sentences that had a negative tonation. For instance, TextBlob incorrectly classified
this sentence as negative:

Client: hey solutions engineer as you as you just went through that how did you how did those
dropdown selections come up is that because of prior history or is that are you looking at I don’t
know what what what created that selection list so if you go back on age group or yeah I don’t
know if that was one of them

Aside from having the sentences “ I don’t know”, it is rather neutral in tone as the verbiage is
more inquisitive than negative.
However, this following sentence could certainly be interpreted as more negative as the sales
engineer specifically calls out the frustrations faced by customers using competitive products:

Sales engineer: I mean when you’re having to do data extracts and put things in cache and
different bi layers to enable performance on those its its a bit of an extension of that, so we very

40



specifically designed it because we knew our customers were wanting to stop that and they did
not want to have another caching there because frankly that's what the in memory database was
for all intents and purposes…”

While VADER classified fewer sentences as negative, it appears to be more accurate. These two
sentences were both accurately classified as negative:

Solutions engineer: I think it’s like every one of those customers that basically bought and
implemented [company name] because of the search capability and if it doesn’t stand up and
then we’re dead in the water.

Similarly VADER classified this example as negative:
Company employee: It's been an enormously helpful thing for them because in any [removed]
tool you may want to roll it out to a large user group but it’s very hard to do one on one training
every time and that's an enormous time suck you know for the for the analyst for the [removed]
team.

In all, VADER was accurate in its classification 89% of the time, whereas TextBlob was only
53% accurate.

4.6 Naïve Bayes classifier on VADER and TextBlob algorithm

Naïve Bayes is one of the fastest classification algorithms used for sentiment analysis. It is also
the most used because it performs well due to its ability to calculate features in the data that are
conditionally independent, which is why it was selected for this research. However, as previously
mentioned, both datasets produced by VADER and TextBlob were unbalanced. This usually
leads to poor results, as the model generalizes too much and leads to bias. To mitigate this
problem, one can either undersample, in which a random subset of the data is selected for
evaluation, or oversample the dataset, where a synthetic observation of the minority class is
created.
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Figure 15:Oversampling and undersampling technique

While both processes can balance the dataset, it was important for this research to evaluate which
of the sampling techniques would be the most beneficial for this research. Beyond using the NB
classifier on the oversampled and undersampled datasets, it was also used on the original,
unbalanced, datasets produced by VADER and TextBlob. Accuracy, Recall, and F1 scores were
used to evaluate the NB classifier on each dataset, with the following results:
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Table 9: Performance on unbalanced and balanced datasets

Unbalanced
TextBlob

Unbalanced
VADER

Undersample
TextBlob

Undersample
VADER

Oversample
TextBlob

Oversample
VADER

Accuracy 0.96 0.97 0.86 0.83 0.90 0.94

F1 0.98 0.98 0.67 0.00 0.88 0.93

Recall
macro

0.98 0.99 0.92 0.92 0.92 0.95

Recall
micro

0.96 0.98 0.86 0.83 0.90 0.94

Recall
weighted

0.96 0.98 0.86 0.83 0.90 0.94

As to be expected, the unbalanced datasets have the best performance, but the results are
misleading because the binary classes are severely skewed. Thus, the NB model mirrors the
distribution of the positive and negative data points in the set. When the datasets are balanced,
the results, while lower, are more accurate. The performance yields best results when the dataset
from VADER is oversampled. However, because VADER labeled fewer sentences as negative,
the undersampled dataset is smaller than that of TextBlob, and thereby produces slightly worse
results, despite having a larger split (70-30) in comparison with the other splits which were all
set to 80-20.

4.7 Text classification with the Bag-of-Words model

TextBlob and VADER are both ruled-based ML approaches that calculate the intensity (VADER)
or polarity and subjectivity (TextBlob) of sentences. To compare the performance of Naïve
Bayes on complete sentences, a Bag-of-Words model was used, which pre-process the text and
tallies the total occurrences of the most frequented words through a tokenization process. The
output from VADER’s sentiment analysis was used in the BOW model, since it appeared to
classify negative sentences more accurately. The BOW model was tested on the undersampled
and oversampled VADER dataset as well as the unbalanced one.
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Table 10: BOW performance on unbalanced and balanced datasets

Unbalanced
BOW

Undersample
BOW

Oversample
BOW

Accuracy 0.49 0.20 0.70

F1 0.23 0.23 0.36

Recall 0.50 0.00 0.43

Precision 0.99 0.00 1.00

Similar to the other results, the oversampled BOW provides the highest accuracy, F1, recall and
precision scores.

It is clear from the results that the Naïve Bayes classifier works best on oversampled sentiment
analysis data, regardless of model (BOW, VADER and TextBlob). Overall, the most accurate
model used the oversampled VADER dataset. The BOW approach had significantly lower
accuracy, F1 and recall than both VADER and TextBlob.
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5. Discussion
5.1 Research Goal

The research goal for this thesis was two-fold. The first question this thesis sought was to what
extent it is possible to predict and characterize sales performance based on real-life sales
communication? The second question explored in what ways can these sales transcripts inform
the sales team at the California based tech company about how top performers communicate with
customers. Aside from categorizing sales communication based on performers, this research
evaluated three different methods to predict the sentiments of the transcripts. The research goal is
considered accomplished.

5.2 Discussion of the results
Typically, sentiment analysis is used to capture the sentiments of reviews, social media posts, and
other such forums where there is a distinct polarity in the language used. To an extent, it is
certainly easier to gauge the sentiment of a Twitter comment discussing a political topic or a
movie review commenting on the latest blockbuster from Marvel than to classify sales
conversations. This is why most NLP researchers use high-polarity data to evaluate models and
discern public opinions. However, as noted in this research, sales transcripts also offer good
insights into sales conversations.

As mentioned in the results segment, VADER appeared to be more accurate when classifying
positive and negative sentiments. This result is similar to that of other researchers (Subhasis &
Barai. 2021; Lee & Tse. 2020; Gottipati et al. 2021), who also found that VADER’s accuracy in
classifying negative sentiments was more elevated than TextBlob. One of the reasons why
VADER tends to outperform TextBlob is because VADER scores for sentiment intensity. While
the data used in this work had removed punctuations, lowered characters, and contained no
emoticons, VADER did better analyze the overall grammatical and syntactic conventions for
expressing sentiments. Similarly, TextBlob tends to reverse the overall polarity when a negation
exists in the middle of a sentence; this practice does not always produce accurate results.

VADER was not only more accurate when manually reviewing the positive and negative
classifications, it also provided better accuracy, F1, and recall scores across the board. The
unbalanced dataset initially used produced abnormally high results as the NB model was
overfitting. This prompted the need to run the model through an oversampled and undersampled
dataset. As expected, the undersampled datasets from both VADER and TextBlob yielded lower
accuracy than the oversampled data sets did. Because the undersampled datasets for each were so
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small (only containing 18 and 36 sentences respectively), it made it more challenging to
generalize patterns in the training data, thus resulting in lower performance.

In terms of characterizing sales performance, this research found that certain topics are more
commonly discussed by high performers versus medium and low. While the topic “company
product” is the most discussed topic across all levels of performers, it appears that high
performers discuss the company’s product to a greater extent than medium and low performers.
High performers discuss the topic 53% more than low performers and 42% more often than
medium performers. This finding can arguably be linked to Ingram et al.’s (1992) work, which
concluded that inadequate product knowledge is one of the most significant aspects of why some
salespeople fail. In some cases, lack of knowledge can be attributed to the seniority of an account
executive; if most low performers are recently hired, that could impact the sales representative’s
ability to communicate the product efficiently and convincingly. While seniority at the company
or in sales, in general, was not considered for this research, it could help explain some of the
discrepancies seen in the data.

In lieu of effectively discussing the company product, demoing the product seems more
advantageous for medium and low performers. One can theorize that showing the product, rather
than talking about it, can help low and medium performers close the deal. The results show that
these performers were over 50% more likely to win the sales deal if they demoed the product.
However, this did not apply to high performers, which alludes that they may have a greater
product knowledge and ability to effectively communicate it to the client rather than showcasing
it.

Small talk is also slightly more common in sales conversations held by high performers. It also
appears that having small talk is beneficial to the overall outcome of the sale. Deals that
contained “small talk” were more likely to close for high performers. Appropriate small talk is
often considered a relational communication skill that can enhance the relationship between
sellers and buyers. By displaying affiliation, the salesperson can instill trust and build a report,
which according to researchers, is economically consequential (Clark et al. 2003). Despite this,
small talk can also be detrimental to the sales process. There is a risk that the salesperson may
fail to recognize the customer's business needs if they solely rely on their personality (Johnson et
al. 2021). While the results from this research could not firmly conclude that more small talk
leads to an increase in sales revenue, it does support the notion that appropriate small talk
benefits the outcome of the sale. The results can also infer that high performers tend to be more
skilled in managing small talk.

Beyond discussing certain segments at a greater extent, the research also shows that high
performers tend to be more structured in their sales approach. High performers, regardless of the
sales outcome, tend to be more structured when discussing the key sales drivers, that is: company
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product, about the company and demo; essentially, what the customer is buying and who they are
buying it from. In contrast, medium and low performers shift the key sales conversation
segments at a higher rate. There are not many studies done on the link between communication
structure and sales efficiency, however, there are plenty of studies that (Piercy et al., 1997; Singh,
2011; Churchill, 1985; Verbeke et al., 2011), discusses the important role of product knowledge
in sales. As also confirmed by this study, high performers discuss product knowledge to a greater
extent. Naturally, it could be inferred that structuring sales calls around the product being sold,
leads to more favorable results. The theory would be that if low and medium performers
consistently use a similar structure to that of high performers, they could win more deals.
However, that linkage should be explored further. Instead, what could be confirmed by this and
other studies, is that good product knowledge is central to sales.

While there is a notion that more words does not equate to better content, it is noteworthy that
there is a significant discrepancy between the three levels of performers. As shown in the results,
high performers are not only using more words, but higher words content appears to impact the
sales outcome. Because there is no found research to support this finding, one can only theorize
that there may be a relationship between word count and good sales content, which leads to
favorable sales outcomes. Aside from gaining a better understanding of the actual sales content,
future studies should also explore who the speakers are during successful sales calls. Do sales
people talk more, less or equal to customers? And how does that shape the sales relationship and
content of the calls? These are all questions that could be explored in future research.

5.3 Originality and Value
This work was done in partnership with a mid-sized tech company based in California. They
have not previously used their sales transcripts to conduct research to improve revenue. Beyond
providing new insights to the company, this research is original in that it leverages VADER and
TextBlob to conduct sentiment analysis on real-life sales conversations. Aside from only finding
a handful of academic journals using this type of data, none have implemented and evaluated the
effectiveness of the two rule-based approaches used. Thus, this novel research fills an important
gap in the literature as more sales organizations want to use sentiment analysis and NLP methods
to improve performance and understand their customers and employees.
Similarly, and equally important, this study adds great value to the company. The insights
unlocked in the results segment show that there are differences in communication between high,
medium, and low performers. Further, this work also outlines some characteristics that seem to
distinguish each performer; concretely, it shows that high performers are more likely to talk
about the company product than medium or low performers, and have a clearer sales call
structure. High performers also tend to use small talk more efficiently. However, demoing the
product is beneficial for medium and low performers.
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Additionally, this research showed that it is possible to apply rule-based sentiment analysis
techniques to sales transcripts, which had not previously been explored. While an oversampled
VADER model worked best on this company’s dataset, there is a possibility that other companies
using similarly structured data of the same volume can have equivalent findings.

5.4 Limitations and Research Quality
This research aims to evaluate two rule-based NLP algorithms when used on full-length sales
transcripts, hence why an experiment was chosen as the appropriate methodology. Nevertheless,
as with any methodology, there are limitations. Experiments often take place in an artificial
setting where specific parts are being evaluated. In this experiment, a relatively small sample size
was used which limits the generalizability of the study. Since the company researched wanted to
gain actionable insights about sales performance, the output from this study may not be able to
generate the desired action plan and training materials. Sales performance boils down to people’s
knowledge, communication style, contacts, resume, the company product, and motivations.
Thus, understanding sales performance is complex and multifaceted. As such, only studying the
communication style in early sales meetings is not enough to evaluate sales performance as a
whole. To do that, a mixed methodology would be more suitable. While it did successfully
answer the research questions, generate some insights about sales characteristics at the company,
and provide an evaluation on new metrics that the company can use, these insights may not
directly impact the company’s revenue. The study is simply too narrow and atomistic, which is
typically not desirable for a fast-moving startup who wants to see data translated to business
improvements. That being said, there are some key takeaways that the company can translate
into actionable steps. Mainly, evaluate their training materials and provide more in-depth product
training and provide coaching on efficient small-talk. In the event that the company would like to
explore sales performance more, this study does provide a good baseline on what NLP
techniques are useful on their sales materials and provide suggestions on how to obtain a better
holistic view of their sales team.

As started, the research goal has been to give the company some valuable insights into its sales
team, which can act as a foundation for strategy development and training. The research
question, process, and data were all valid for this type of project. The data was relative to the
business. The research process was general enough to be reproduced, and the research question
was narrow enough to be answered despite the time restraints. As stated above, sales is complex
in nature. As presented in this work, closing deals involves multiple steps, from first outreach to
negotiations. Since this research only focused on introductory meetings, other aspects in later
sales calls may have detrimental effects on the sale. Perhaps a considerable discount was given
during the negotiations persuading the client to buy the product? Or the client company shifted
its priorities, thus making the sale go through? These extraneous circumstances are not reflected
in this research, which is a limitation as some reasons may be out of the individual seller's
control.
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Similarly, there is not much known about each seller. Beyond their successes at the company, in
terms of sales volume and closed deals, it does not include interviews with the sales team or any
indication of the salesperson's resume or seniority at the company. As a result, the findings are
not irrefutable, which impacts the validity of the results. While this study can certainly be
replicated in terms of the process, the results may or may not change depending on the
methodology used.

Anonymisation was essential to the business to protect its clients, employees, business model,
and sales strategy. Arguably, this anonymization of the data and secrecy of the company is a
limitation that could question the credibility of the research. Despite this, I consider the results
credible for a few reasons. First, the findings are supported by other existing academic papers.
Second, the business has informally validated the results based on conversations with sales
managers. Third, information sanitation is relatively common in research; other related research
(Rotovei and Negru, 2019; Luo et al., 2021) that inspired this thesis also anonymized the
companies they partnered with.

In a broader context, the ethical and societal consequences of the findings are at large positive, as
they can inspire further research in the field and give other B2B businesses insights into sales
characteristics that may be seen in their own organization. However, whenever you are
segmenting a population into hierarchical orders where there is a possibility that people may take
offense; working hard, but being considered a low performer, may negatively impact a person's
motivation. This is why it is imperative to anonymize the sellers; the focus should not be on
singling out low or medium performers but understanding what top performers do to make them
successful and applying that knowledge to the entire workforce.

Naturally, all of the previously discussed limitations impact the conclusion and open up
possibilities that the findings can be contradicted if further studies are conducted. Still, despite
the limitations, I find this research to be of high academic quality, especially considering the time
restraints that prevented me from exploring more facets of sales characteristics. Even though this
research deals with a local problem, it is general and applicable to other businesses. The method
and process can easily be reproduced elsewhere using similar datasets. It is also likely that other
researchers would reach the same results if they maintained the same process and dataset,
making this study reliable. Essentially, the uniqueness of this research and its value to both the
company and academia adds to the overall quality.

5.5 Future Research
This research was only able to scratch the surface, but it does provide a good starting point for
future research. Since only VADER and TextBlob were used to conduct sentiment analysis, it
could be worth exploring other instruments, such as Flair, or even building models from scratch
in Python. To that point, instead of solely relying on an NB classifier, exploring more deep
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learning approaches could be interesting as new algorithms for NLP tasks are evolving and
becoming more sophisticated.

It could also be worthwhile to conduct qualitative research, such as interviews, in conjunction
with sentiment analysis. That can possibly validate some of the results found in this research.
Additionally, looking at the other sales process is valuable because it can give more details into
the sales characteristics as well as provide insights into what point a customer decides to commit.
A customer rarely commits to buying a product after one introductory call, but using sentiment
analysis throughout the customer journey enables a company to create better forecasting models
and facilitate more targeted training. All of which are of great value for any business.
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Appendix A – Code & Datasets

Github page for code and dataset:
https://github.com/asmedberg-ai/NLP_Thesis
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Appendix C – Reflection

This study generally corresponds well to the goals of this thesis course. One of the primary
objectives was to conduct research and write a master's thesis that contributes to the computer
and system sciences field, and I believe this thesis fulfills that requirement. Aside from writing
about a topic within the realm of computer and system sciences–Natural Language
Processing–this thesis fills a research gap by leveraging real-world sales data in a field that tends
to rely on fictional sales datasets or unrelated transcripts to prove different models. Similarly, this
research uses well-established research methods relevant to the topic and the overall goals. It
also cites relevant resources that cover both sales behavior and sentiment analysis. While this
research does not necessarily criticize relevant scientific literature, nor is it broad enough to
critically discuss the societal aspects or impacts, it does create a good baseline for ongoing
studies in the field. I am particularly pleased with the contributions of this research, both from an
academic perspective and for the individual company studied, as they can learn more about what
characteristics are embodied in their sales organization.

The planning for this thesis was a little challenging for various reasons. First, since I was not an
employee of the company, I did not instantaneously have the credentials necessary to gather the
material needed for the study. Fortunately, the company was incredibly accommodating and
moved fast once I had obtained the contract outlining the conditions of the research. However,
because I had to work with multiple people at the company, it slightly impacted my planning.
Second, the planning could have been done better had I been a stronger coder. This was my first
time working with NLP models, and I had no previous experience using VADER or TextBlob.
As a result, I underestimated the length and effort it would take to learn and understand the
processes of each model.
Similarly, this research did not use an existing dataset, but I had to create one, which was
significantly more challenging than I originally anticipated. Third, I was also building out my
company while conducting this thesis. During the spring semester, I was fortunate to be awarded
a scholarship, which created an urgency to finish building the app and connect with important
stakeholders. While the additional funding was great for my business, it impacted my timeline.
With better structuring, I may have been able to juggle both more seamlessly.

This work is highly related to my education at Stockholm University. Although I did not have a
class specifically related to natural language processing or sentiment analysis, I found that the
business analytics course I took helped me understand the problem faced by the company and
creatively seek solutions. The "Research topics in Data Science" course was also relevant as I
conducted a thorough systematic review of sentiment analysis literature. It particularly helped
inform me of the general topic and existing literature. Additionally, the technical skills I acquired
from the "Data Mining in Computer and System Sciences" was foundational to building out the
models.
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I sincerely believe that this work has academic value for future work. Sentiment analysis is a hot
topic for many businesses; organizations are using it internally and externally to gather more
intelligence that can impact their bottom line. Despite this, there is not a lot of published research
that speaks to the business application of sentiment analysis.
It is a privilege to use real-world sales data; not many academics can obtain sales transcripts and
publish the results. As a result, not many scholarly articles apply sentiment analysis to actual
sales transcripts. Thus, this research fills a gap in the literature and can undoubtedly be used as a
baseline for further studies. The results are not only providing good insights to the company
studied, but with some modifications to the code, it can also provide knowledge to other
organizations.

Considering the time restriction and limitations, I am happy with the result of this master's thesis.
Beyond the educational value of this research, it has been enriching on a personal level. The
challenges, especially the technical ones, have made me a better coder and a more critical
thinker. There were indeed times when I felt overwhelmed, but I am proud of what I have
accomplished. I aspire to continue researching within the field of NLP, and I am excited by the
knowledge I have obtained throughout this process. It has been immensely rewarding.
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