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Disclaimer: Due to data privacy issues with the addressed company, this published paper is 

censoring some of the information given. 

 

Title: A ML-based customer reference recommendation system to optimize the sales process at a 

B2B software company 

I. Abstract 

As account-based marketing and customer engagement are major sales drivers in B2B companies, 

this paper aims to examine and improve the customer referencing at a B2B software company. 

Customer referencing allows prospective customers to interact with existing customers and learn 

about their experience with the company’s software. Currently, prospects and possible advocates 

are matched manually, resulting in a time- and resource-intensive procedure. The goal of this paper 

is to propose a machine learning-driven recommendation system to match prospect requests with 

the company’s existing advocates based on their similarity. 

 

Keywords: Business Analytics, Data Analytics, Machine Learning, Multilabel Classification, 

KNN, Account-based Marketing, Customer Engagement, Sales Reference, Customer Reference, 

Process Optimization 
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1. Introduction 

This paper identifies a solution to recommend best matching advocates for customer reference 

requests made by prospect customers at a European software company. Before, when a reference 

request is made by a prospect company, matches are manually searched for, which slows down the 

matching process. To solve this problem, best matches are generated using a machine learning 

(ML)-driven approach and the result is pushed into an application, called Reference Dashboard. 

Two lists are proposed for matching each request: One shows best matches among customers that 

previously showed a willingness to engage in advocacy and the other one includes best matches 

among all possible customers. 

First, a theoretical overview of customer reference systems is given, using a funnel approach by 

introducing account-based marketing followed by customer engagement. This enables the reader 

to understand the importance of a customized marketing and sales approach in business-to-business 

(B2B) companies. In a next step, this is narrowed down to explaining why customer references 

provide highly transparent and trustworthy validation of a product or service. Further, the paper 

describes the technical approach taken to identify best matches among existing customer accounts 

for reference requests. In a first step, use cases that the prospect is likely to implement using the 

software were predicted and then used as additional features to match the prospect with existing 

accounts based on similarity.  
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2. Sales Customer Reference Process 

Figure 1: Sales Customer Reference Funnel 

 

 

 

Aiming to explain what a good reference is and how the software company is generating advocates 

out of customer accounts, a funnel approach, shown in figure 1, is used. Starting with account-

based marketing as a customized way of targeting key customers and turning them into advocates, 

the value of customer engagement and its benefits to B2B firms, is discussed. Finally, the customer 

reference process, the focus of this paper, is presented as a form of customer engagement.  

3.1. Account-based Marketing 

The number of approachable companies for B2B businesses can be limited (Stadelmann, Pufahl, 

and Laux 2020), which forces these businesses to make efforts to grow existing customers’ loyalty 

and convince them of their superiority to their competition. Within a potential prospect firm, “the 

number of individuals needed to convince before making a purchase are numerous” (Gene Day and 

Wei Shi 2020). With modern technology, customers and prospects are far more well informed than 

some years ago and can easily compare a company to its competitors (Povolna 2017), which causes 

higher expectations and more complex requests (Andersen et al. 2017). This induces the need for 

a marketing strategy that customizes the sales and product experience for customers and prospects, 

which is called Account-based Marketing (ABM). 

ABM is a strategic approach (Bacon 2021) to target the most important customers or prospects to 

land or expand opportunities in B2B companies. “ABM has specific objectives and a narrow 

audience” (Burgess 2016) and is often referred to as “Flipping the Funnel” when compared to 
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traditional Demand Generation Methods (Vajre 2016) (see Appendix A). This comparison 

originates from the strategy to first approach a lead that identifies as high potential account and 

building a relationship with that account from there: “Account-based marketing is like learning a 

new language. You’re no longer targeting demographics or personas, but rather specific 

organizations” (Pavan Kumar and Rajasekhar 2020). Marketing, sales, and account management 

departments must work closely together (Burgess 2016; Bacon 2021) to “focus […] on building 

relationships with prospects, gaining a deep understanding of their needs, and offering ongoing 

consultations and solutions” (Pavan Kumar and Rajasekhar 2020). ABM is understood and 

addressed differently from company to company - “there is no one size fits all” (Bacon 2021). 

The pareto principle, also referred to as the 80/20 Rule helps understand why ABM is such an 

essential approach for B2B firms. It sheds light on the fact that “80% of results will come from just 

20% of the action” (Kruse 2016) or in other terms that “20% of customers account for 80% of total 

profits” (Kruse 2016) of a company. Looking at the total revenue of US$ 677 of the three leading 

tech companies, Apple, Samsung Electronics, and Alphabet (Ponciano 2021), it is shown that it 

makes up about 3% of the US gross domestic product (GDP) and 15% of German GDP (The World 

Bank Group 2021).This proves that focusing sales and marketing efforts on key customers can 

generate more revenue for the company than penetrating many small ones. 

ABM can be implemented on existing accounts to discover new or expand on existing opportunities 

or on prospective customers to raise their interest and convince them of a product’s superiority over 

competitors. According to Lucie Povolna, “existing customers possess much larger value than 

customers which are new to the company and the extension of cooperation with them is essential 

for maximizing the value of the company” (2017). 

Three types of ABM exist: One-to-One, One-to-Few, and One-to-Many (see Appendix B). One-
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to-One or Strategic ABM focuses on chosen accounts that have a high recurring value for the 

company. This form of ABM is very resource-intensive, as high investments into research must be 

made over a long period (Bacon 2020). ABM Lite focuses on similarity-clustered groups of high-

value accounts. This is less resource-intensive than Strategic ABM, as resources can be shared 

among a cluster. The least expensive form is Programmatic ABM, which focuses on a larger 

number of accounts and is closest to traditional demand generation channels (Bacon 2021).  

3.1.1. Account-based Marketing at a B2B software company 

At the software company we are looking at, ABM is managed by the field marketing department 

that is usually for conventional demand generation. According to the Director of Field Marketing 

(see Appendix C), the company is using a Strategic ABM approach, with responsible very few 

targeted accounts. Even though this approach is considered more resource- and investment-

intensive, the company identified it as a less laborious approach that can be tackled within the 

existing structures of this department. As stated by the Senior Field Marketing Manager (See 

Appendix D), each field marketer manages a different region and is “alongside” handling ABM 

campaigns for key accounts within this area. Thus, ABM has no dedicated role within the company 

and, according to  the Director of Field Marketing (2021) (see Appendix C), a lot more education 

and training is needed in this area to align understanding and tactics among the team. 

Currently, the company identifies ABM accounts by following strict criteria, where either the 

predicted actual cash value (ACV) or the annual recurring revenue (ARR) of an a customer account 

must be above a certain threshold (Field Marketing Department 2021). Most accounts approached 

are existing customers, however, the Senior Field Marketing Manager (2021) (see Appendix D) 

mentioned that ABM could work very well for potential accounts if the focus was shifted. 

Strong coordination between sales, customer success, marketing, and business development teams 
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is needed. According to the Director of Field Marketing (2021), communication among the 

departments varies from account to account. Thus, a basis must be built that aligns communication, 

bandwidth, priorities, and resources among the teams (see Appendix C). Another challenge in the 

expansion of ABM at the company is the goal setting for the field marketing department. The 

incentive lies in fulfilling a certain pipeline within one year, but ABM must be approached and 

measured over a much longer timeframe (Senior Field Marketing Manager, 2021) (see Appendix 

D). 

As mentioned above, ABM can be leveraged by companies to build strong relationships with key 

accounts or corresponding personas and thereby generate more sales at a larger scale. Additionally, 

this approach improves the buying experience of the customer and strengthens the loyalty and trust 

towards the company. These motivational drivers can turn customers into advocates who engage 

in the form of co-marketing and help the company acquire potential customers or advance 

opportunities. Aarikka-Stenroos and Jaakkola describe this phenomenon of customer engagement: 

“If customers experienced sufficient value from the use of the solution in its application contexts, 

they began to act as co-marketers” (2012) The following section throws light on the importance 

and application of customer engagement and the power of word-of-mouth (WOM). 

3.2.Customer Engagement 

Customer Engagement is a term used in the context of B2B marketing and sales and is defined by 

the leveraging of customer relationships in marketing and sales (Harmeling, Moffett, and Carlson 

2016; Elina Jaakkola and Alexander 2014). These voluntary customer contributions within 

companies “occur in interactions between the focal object and/or actors and result from 

motivational drivers” (Jaakkola and Alexander 2014). 

For B2B technology companies, each customer receives individual solutions adapted to their 
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specific needs, which makes it more difficult for these companies to deliver proof of value 

throughout the sales process. Thus, a positive image and customer satisfaction are vital to 

demonstrating the value of the product to prospects: “Customer commitment to the business is an 

important signal to promote joint involvement in developing the business” (Ruokolainen 2007). 

While customer engagement is not reduced to the most-valuable customers, ABM drives their 

engagement to attract more of their kind. Companies can have a large impact on how engagement 

is leveraged to approach and persuade potential customers and discover new opportunities.  

Malthouse et al. mention two types of customer engagement. First, “lower engagement, in which 

consumers only passively consume content or use very basic forms of feedback”, such as ‘liking’ 

a post on social media (Malthouse et al. 2013). In higher engagement, the customer actively 

participates in co-marketing activities, such as testimonials, referrals, or references (Malthouse et 

al. 2013; Elina Jaakkola, Aarikka-Stenroos, and Kimmel 2014; Bijmolt et al. 2010). Today, online 

sources are strongly used for the exchange of information about products or services. However, 

these sources are easily forgeable, which causes offline forms, such as WOM, to be considered 

more reliable. “The power of WOM is based on the accessibility, credibility, and trustworthiness 

of the information source” (Jaakkola, Aarikka-Stenroos, and Kimmel 2014). 

3.3. Sales Customer Referencing 

Sales customer references, which are the focus of this paper, are one form of WOM. Customer 

referencing occurs when a company reveals its customers to demonstrate the performance and 

credibility of a product or service (Jing et al. 2020; Zhang 2018; Ruokolainen and Igel 2004). In 

the following, these customers are referred to as Advocates, while the customers requesting this 

service are called Prospects. Prospects can be potential customers or existing customers that want 

to identify and discover new opportunities within our respective company. 
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Customer referencing is based on the theory of signaling, which describes the information 

asymmetry between different parties (Connelly et al. 2011). The theory assumes that “prospective 

buyers face information asymmetry because they cannot experience the benefits of the product or 

service until after adoption“ (E. Jaakkola and Aarikka-Stenroos 2019) (see Appendix E). Thus, this 

asymmetry is balanced by letting an advocate signal his or her experience with a product or service 

to a prospect. Moreover, credibility and the reduction of perceived risk are further benefits of the 

exchange (Morgado, Mota, and Castro 2015; Salminen and Möller 2006; E. Jaakkola and Aarikka-

Stenroos 2019; Blazevic et al. 2013). The general perception is that receiving information from an 

experienced customer is more authentic than from the company itself: “While evidence of 

competence presented in a firm’s advertising may be viewed as biased, evidence provided via 

customer reference is seen as more independent because it is from third party” (Zhang 2018).  

4. Problem Formulation 

To understand the problem and solution that this paper is addressing, it is essential to understand 

the current sales customer reference process at the respective company, which is outlined in the 

following section. 

4.1. Sales Customer Referencing at a B2B software company 

At the addressed B2B software company, sales customer referencing is available to all potential 

customers or customers who want to discover new opportunities. The main reasons identified for 

requesting a reference at this company are to learn about functionalities of the software or best 

practices regarding the implementation (Internal Database, n.d.). Furthermore, references are used 

to double-check the investment and to convince top management of the purchase (Internal 

Database, n.d.). 

Figure 2: Customer Sales Reference Process at the B2B software company (censored due to data privacy issues) 
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As shown in figure 2, five parties are involved in the sales referencing process: the prospect, the 

Sales Representative (SR), the Customer Reference Manager (CRM), the advocate, and the 

Customer Success Manager (CSM) of that advocate. The prospect is the company that requests the 

reference, who wants to gain more knowledge about the company and software from an existing 

customer. The SR’s goal is to convince the prospect of investing in the software or to expand on 

its existing subscription. The advocate belongs to an existing customer account who aims to share 

knowledge about his or her experience with thproe product. The motivation to share information is 

mainly driven by enthusiasm about the product, a strong relationship with the assigned CSM, or 

the willingness to network with similar organizations. The CSM takes care of the advocate account 

and will reject a reference request if it is not in the best interest of the advocate account. The 

customer reference process is managed by the CRM, who is part of the Customer Marketing 

Department (CMD) and aims to offer the best reference meeting experiences to both prospects and 

advocates.  

When a reference is requested, the SR contacts the CRM and the information is added in the sales 

software. The CRM then searches for a fitting request in the Advocate Finder (AF), a list in the 

sales software that stores all advocate contacts and can be filtered by industry, region, and use case. 

When a fitting advocate is found, the CSM of that advocate is contacted, who can reject or approve 

the request in consultation with the advocate. If the advocacy request is rejected, the CRM must 

search for a new advocate until an available advocate is found and the request accepted by the 

corresponding CSM. The CRM then schedules a meeting between the prospect and the advocate. 

After the meeting has taken place, feedback on the process is requested from both parties and the 

CSMs and SRs participation in the reference program is rewarded. 

A Customer Marketing Hub (CMH) is to be introduced where all customer marketing activities can 
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be tracked and managed on one platform. This way, customer marketing processes should be made 

more generic and easier accessible for all parties. The customer reference process is also to be part 

of the CMH with an optimized process that this paper is outlining. The challenges and problems 

with the current process and a suggested solution are discussed in the following section. 

4.2. The Problem 

As can be seen above, the reference process is complex and can contain many loops in cases in 

which advocacy requests are rejected. Rejections can have many reasons: For example, accounts 

can be temporarily disqualified from advocacy by being in a renewal phase of their subscription or 

having engaged in too many advocacy activities in past months. With the current process, these 

criteria are not easy to identify by the CRM who must frequently reach out to CSMs to identify the 

company’s availability for advocacy. Furthermore, rejections can be due to the CSM or SR deciding 

that the match is not ideal and not wanting to engage their accounts in any unnecessary activities. 

This is bound to a lot of research to find good matches for each request. Having only three filters 

to search for advocates in the AF often throws the same advocates at top rows while some stay 

hidden at first glance. Because advocates can only be requested once every three months and twice 

every six months, this involves repetitive and time-intensive searching by the CRM. Thus, the most 

time-consuming part of the process is the search for a matching advocate, which is increased 

through the mentioned rejection loops.  

One could argue that the simplest solution would be giving the SR the option to propose advocates 

that he or she considers a good fit. Before, this option existed, however, the SRs proposed the same 

most successful firms repeatedly. Thus, this option was disregarded. In the following section, a 

solution is proposed to optimize the identified problem area.  

4.3. The Solution 
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The solution aims to reduce the number of loops taken to find a good advocate match for a request. 

This was achieved by enabling easier identification of disqualifying criteria of an advocate account 

or advocate persona. Furthermore, 53 variables instead of the mentioned three were used to 

determine the similarity between prospects and advocates. The proposed matches are automatically 

generated and made available for the CRM, which results in a less time-consuming process. This 

was accomplished by the implementation of a machine learning-driven algorithm that matches a 

request’s associated account and sales opportunity data with already existent customer accounts 

and their closed and won sales opportunities. This resulted in two lists with best matches for a 

specific request: One with only those accounts that have shown a willingness for advocacy and the 

other one with all possible customer accounts. The second list was created to give the CRM the 

option to view those accounts and corresponding contacts that would be good advocates and should 

be contacted to join the customer reference program. 

The lists are pushed into an application, called Reference Dashboard, which is hosted by the 

Customer Marketing Hub. This app displays an informed list of all requests that the CRM can click 

and see the 50 best matches among advocates and 50 best matches among all existing customers. 

Clicking on these matches enables the CRM to see corresponding contacts that are or are not 

available as advocates. Also, directly from the app, the advocate can be added to the request in the 

sales software, which triggers an email being sent out to the assigned CSM of the selected advocate. 

The following methodology section gives a deeper understanding of the machine learning model, 

the matching algorithm, and the creation of the Reference Dashboard. 

5. Methodology 

As mentioned above, a machine learning-driven approach was used to find the best matches for a 

specific request. Because it is found that a good match between accounts for reference purposes is 
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based on their similarity, the model uses similarity metrics for matching. The company’s focus lies 

on the optimization of certain use cases, which makes those a key variable for the model. Thus, in 

the first step, the model takes prospect account and opportunity data which are linked to the request 

object in the sales software to predict use cases the prospect company is likely to implement based 

on existing customers’ implementations. The predicted use cases are then used for similarity 

matching of accounts in a second step. 

First, the relevant data collected in the sales software was gathered and transformed. A data model 

(see Appendix H) that links all relevant tables via a 1:N pattern was created. These tables were then 

used in an analysis to gather, analyze, filter, and clean the data. The machine learning (ML) part 

was done using JupyterLab, an open-source interface that can contain data, live code, equations, 

visualizations, and text (Jupyter Project, n.d.). The data was pulled from the analysis to the Jupyter 

Notebook in the form of an Online Analytical Processing Table (OLAP) and used for further 

cleaning and analysis. The notebook was then used to create the model that finds the best matches 

for requests and each time it has run through, it pushes the results into the data model. From there, 

the results were embedded into the Reference Dashboard where the users can access the 

information. This process, from extraction to upload into the Reference Dashboard, is reloaded in 

an hourly manner to keep results up to date. 

Step 1 – Use Case Prediction: 

As each account can have multiple use cases, nine binary target features – one per use case – were 

created. With nine labels, the prediction of use cases was achieved using multilabel classification 

to predict one or more use cases for each prospect account. To find a suitable model for the 

multilabel classification, three models were compared and the best performing one was selected 

for account matching: K-Nearest-Neighbors (KNN), Multi-layer Perceptron classifier (MLP), and 
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Binary Relevance Gradient Boosting Classifier (BR GBM), which are explained in section 7. 

Randomized search cross-validation (CV) was used for hyperparameter tuning. To balance test and 

training sets for highly unbalanced labels, stratified sampling was used. Several metrics were 

employed to identify the strongest model: the accuracy classification score, the jaccard score, 

precision and recall scores, and the f1-score. The accuracy classification score returns the fraction 

of correctly classified samples, as shown in equation 1 (Pedregosa et al. 2011).  

 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑦, 𝑦̂) =
1

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

∑ 1(𝑦̂𝑖 = 𝑦𝑖)

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠
−1

𝑖=0

 (1) 

The jaccard score returns intersection size divided by the union size of the predicted labels and true 

labels, as shown in equation 2 (Pedregosa et al. 2011). When the average parameter is set to ‘None’, 

it returns the score for each label. Because the predicted labels are unbalanced, a weighted average 

of the score was computed. This is done by taking each label’s score and computing their average 

weighted by support (Pedregosa et al. 2011). 

 𝑗𝑎𝑐𝑐𝑎𝑟𝑑(𝑦𝑖 , 𝑦̂𝑖) =  
|𝑦𝑖 ∩ 𝑦̂𝑖|

𝑦𝑖 ∪ 𝑦̂𝑖

 (2) 

The precision score (equation 3) “is the ability of the classifier not to label as positive a sample that 

is negative” (Pedregosa et al. 2011), while the recall (equation 4) shows the number of truly 

predicted positives out of all positive samples (Pedregosa et al. 2011). The f1-score is a “harmonic 

mean of the precision and recall” that is computed using equation 5 (Pedregosa et al. 2011). All 

scores are calculated for each label as well as a weighted average. 

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 (3) 

 𝑟𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (4) 
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 𝑓1 = 2 ∗ 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (5) 

The model with the best scores was selected to predict the prospect’s use cases. These newly won 

features were then added to the prospect’s features to proceed with the second step. 

Step 2: Similarity Matching 

Using the Nearest Neighbor (NN) algorithm, the 50 best matches for one specific request were 

found, based on account, opportunity, and predicted use case data. This was done for two different 

lists: One that excludes all accounts that do not show a willingness for advocacy, and one that 

shows the similarity among all accounts. Both must fulfill certain criteria that identify the most 

successful accounts and are elaborated in the data preparation section. The NN model throws out 

the indices of these 50 best matches alongside their distance to the prospect data. The smaller the 

distance, the better the match. Thus, the distance can be used to sort the matches in an ascending 

manner in the resulting list. Having identified the best matching accounts, the results are hourly 

pushed into the Reference Dashboard, where they can be used by the CRM to identify reference 

matches. 

6. Data Preparation 

In the sales software used, reference requests are linked to an opportunity that is linked to an 

account and use case, just like existing customer accounts are linked to an opportunity and a use 

case. Opportunities are created for each sales option and use cases give further details, like use case 

or initiative information. Thus, one account can have many opportunities which can have many use 

cases. The use case data is aggregated on an account level, because, for this purpose, knowing use 

case details of the account induces more value than for each opportunity. However, because a 

request is primarily linked to an opportunity, the model considers multiple opportunities per 

account. Thus, the resulting data frame has one account which has one row per opportunity.  
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For the model, only accounts with an ARR of more than $0 and record type ‘Customer’ were 

considered, which excludes test or non-customer accounts. Only completed and won opportunities 

were selected, which excludes open or unsuccessful ones. This results in a data frame with X 

(censored due to data privacy) rows, 44 features, and 9 target features to predict the nine use cases 

of the prospect account. In the second step, the matching of accounts using NN, these nine use 

cases are added to the prospect data as additional features resulting in 53 features for the matching 

step.  

Because the model aims at recommending only successful accounts, the data frames used for 

matching were filtered further. Risky accounts and accounts that have a subscription renewal 

coming up are excluded. The resulting number of accounts can quickly change if a filter does not 

apply anymore, or new accounts and opportunities are added.  

In table 1, features extracted from the account and opportunity object are listed, where two are 

highlighted in yellow: Use case initiatives and objectives. These were, just like the predicted use 

cases, aggregated on an account level, which means that they were split into one boolean column 

per category. Also, the number of employees was categorized, as the CRM is using these categories 

for matching. The number of snap users, revenues, ACV targets, and expected opportunity revenue 

were split into bins to distribute the number of associated accounts more evenly.  

Table 1: Features extracted from Account and Opportunity Object in the sales software (censored because of data privacy issues) 

Because new accounts and opportunities are added every day, the following section shows a 

snapshot of the current situation. Table 2 lists target features that were used for predicting use cases, 

which are nine more general use case classifications, that the prospect is likely to implement. A 

more detailed use case classification was used to map higher level use cases that were not filled in 

the sales software (see Appendix F). The higher level use cases before and after this mapping are 
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shown in figures 3 and 4. Figure 4 has more entries, which happens because a single use case might 

be mapped to another name than the name entered in the sales software. In this case, the account is 

assigned to both use case names.  

Column Name Types Source Description Distribution Distinct Missing Zeros 

Account use cases Categorical Use Case Use case aggregated on account level --> split 

into 9 columns 

See below 9 cols 0% 0% 

Use case 1 Boolean Use Case 
 

False: 476; True: 105 2 0% 0% 

Use case 2 Boolean Use Case 
 

False: 569; True: 12 2 0% 0% 

Use case 3 Boolean Use Case 
 

False: 327; True: 254 2 0% 0% 

Use case 4 Boolean Use Case 
 

False: 351; True: 230 2 0% 0% 

Use case 5 Boolean Use Case 
 

False: 473; True: 108 2 0% 0% 

Use case 6 Boolean Use Case 
 

False: 553; True: 28 2 0% 0% 

Use case 7 Boolean Use Case 
 

False: 519; True: 62 2 0% 0% 

Use case 8 Boolean Use Case 
 

False: 570; True: 11 2 0% 0% 

Use case 9 Boolean Use Case 
 

False: 390; True: 191 2 0% 0% 

Table 2: Target Features extracted from Use Case Object in the sales software and aggregated on Account level (Status 

12.12.2021) (Names and descriptions censored due to data privacy issues) 

 

Figure 3: Use cases (before cleaning) (Status: 12.12.2021) 

(names censored due to data privacy issues) 
Figure 4: Use cases (after cleaning) (Status: 12.12.2021) 

(names censored due to data privacy issues) 

The summary statistics of numerical features are shown in table 3. For all three the 75th percentile 

is close to the mean and thus higher numbers are rare. On average an account has 18 opportunities 

and almost 3 quotes. 

Table 3: Summary statistics for numerical features (Status: 12.12.2021) (censored due to data privacy issues) 

 

Figure 5:  All Accounts – Number of Employees in Industries Figure 6: Advocate Accounts – Number of Employees in 



- 17 - 

 

(Top 10) (Status: 12.12.2021) (industry names censored due to 

data privacy issues) 
Industries (Top 10) (Status: 12.12.2021) (industry names 

censored due to data privacy issues) 

Figure 5 shows the top 10 industries of accounts, considering all customer accounts and their 

number of employees within categories. Only a small number of small and midsize businesses 

(SMB) is available. 

Considering all accounts, four regions are represented, namely Europe, North America (NA), Asia-

Pacific, and Latin America, while only Europe and NA are present once the list is filtered to only 

advocate accounts, as shown in figures 7 and 8.  

 

7. Machine Learning Model Selection 

As mentioned in the methodology section, three models were compared and the best one chosen to 

predict use cases for the prospect account: KNN, MLP, and BR GBM. Because nine use case 

columns were to be predicted, the models used are compatible with multi-label classification. The 

best parameters for the models are found using randomized search CV. This section describes how 

the different models work and how they performed in the prediction. It must be noted that because 

data changes frequently, the numbers mentioned are only a snapshot of the current situation. 

K-Nearest-Neighbors (KNN): KNN is a supervised learning algorithm that measures the distance 

from prospect features to considered existing accounts within a matrix. The K closest accounts are 

selected, and a larger vote wins for predicting the target features. KNN is a lazy learner, which 

“implies that it does not learn a discriminative function from the training data but rather memorizes 

the training data instead” (Vatsal 2021). It is flexible in using different distance metrics (Vatsal 

2021), however, it performs worse on imbalanced datasets and the larger the data, the slower its 

Figure 7: All Accounts GFTS accounts per region (Status: 

12.12.2021 (censored due to data privacy issues) 
Figure 8: Advocate Accounts – GFTS accounts per region 

(Status: 12.12.2021) (censored due to data privacy issues) 
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computational speed (Vatsal 2021). For KNN the following best parameters were identified: 

Parameter Description (Pedregosa et al. 2011) Value 

Number of neighbors (K) Number of neighbors  2 

Weights Weight function used: 'uniform': All points weighted equally; 'distance': Closer neighbors have greater influence Distance 

p p = 1: Manhattan Distance; p = 2: Euclidean Distance 2 

Table 4: KNN Parameters, Descriptions from Scikit Learn  (Pedregosa et al. 2011) (Status: 12.12.2021) 

Multi-layer Perceptron Classifier (MLP):  The MLP is a supervised neural network model that aims 

at minimizing the loss function (Pedregosa et al. 2011). It has a minimum of three layers: the input 

layer, one or more hidden layers, and an output layer, where “the data flows in the forward direction 

from input to output layer” (Raj and Lin 2020). The model uses backpropagation, which 

“repeatedly adjusts the weights of the connections in the network so as to minimize a measure of 

the difference between the actual output vector of the net and the desired output vector” 

(Kostadinov 2019). MLP can be applied to non-linear problems and has a high computational 

power with large datasets (Sumsion et al. 2019). Parameters found for MLP are the following: 

Parameter Description (Pedregosa et al. 2011) Value 

Activation 

function 

Activation function for hidden layer: ‘identity’: no-op activation, returns f(x) = x; ‘logistic’ logistic sigmoid function, returns 

f(x) = 1/(1+exp(-x)); ‘tanh’: hyperbolic tan function, returns f(x) = tanh(x); ‘relu’: rectified linear unit function, returns f(x) = 

max(0,x) 

relu 

Solver Solver for weight optimization: ‘lbfgs’: optimizer in the family of quasi-Newton methods; ‘sgd’: stochastic gradient descent; 

‘adam’: stochastic gradient-based optimizer  

sgd 

Alpha L2 penalty (regularization term) parameter 0.001 

Learning rate Learning rate schedule for weight updates (only used when solver = ‘sgd’): ‘constant’: constant learning rate given by 

‘learning_rate_init’; ‘invscaling’: learning_rate = learning_rate_init / pow(t,power_t); ‘adaptive’: keeps the learning rate 

constant to ‘learning_rate_init’ if training loss keeps decreasing.  

Invscaling 

Learning rate init Initial learning rate used. Controls the step size in updating the weights. Only used when solver=’sgd’ or ‘adam’. 0.01 

Power T Only used when solver=’sgd’: The exponent for inverse scaling learning rate. 0.1 

Max iter Maximum number of iterations. For stochastic solvers (‘sgd’, ‘adam’), note that this determines the number of epochs, not the 

number of gradient steps. 

200 

Early stopping If set to True, terminates training early when validation score is not improving further. False 

Table 5: MLP Parameters, Descriptions from Scikit Learn  (Pedregosa et al. 2011) (Status: 12.12.2021) 

Binary Relevance Gradient Boosting Classifier (BR GBM): Gradient booster models (GBM) “train 

upon the residuals, the difference between the prediction and the actual results” (Wade 2020). Thus, 

for each iteration, it considers previous errors and improves upon this, which aims to turn weak 

learners, like decision trees, into strong learners. GBM is flexible in dealing with different loss 

functions, and imputation of missing data is not required.(Kurama 2019). Nonetheless, GBM 

continues until all errors are minimized, which can “overemphasize outliers and cause overfitting” 

(Kurama 2019). BR classification makes the GB classifier compatible with multiple labels. The BR 
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algorithm “transforms a multi-label classification problem with L labels into L single-label separate 

binary classification problems using the same base classifier provided in the constructor” 

(Szymanski and Kajdanowicz 2017) This means that it uses all given features to predict each use 

case separately. This approach is computationally efficient; however, it ignores a possible 

correlation between target features (Hong 2014). The parameters used for GBM are the following: 

Parameter Description (Pedregosa et al. 2011) Value 

Maximum Depth Maximum depth of the individual regression estimators.  4 

Learning Rate Shrinks the contribution of each tree by the value.  0.4 

Maximum 

Features 

The number of features to consider when looking for the best split: ‘auto’ & ‘sqrt’ = max_features = sqrt(n_features); ‘log2’ = 

max_features = log2(n_features); None = max_features = n_features 

Auto 

Table 6: Parameters BR GBM Classifier, Descriptions from Scikit Learn (Pedregosa et al. 2011) (Status: 12.12.2021) 

7.1.Model Performance 

Model Overall 

Accuracy 

Weighted 

Jaccard Score 

Weighted 

Precision Score 

Weighted Recall 

Score 

Weighted F1 

Score 

K Nearest Neighbors (KNN) 42.37% 52.13% 72.07% 66.67% 67.65% 

Multilayer Perceptron Classifier (MLP) 35.59% 53.76% 69.17% 67.57% 67.78% 

Binary Relevance Gradient Boosting (BR GBM) 45.76% 58.92% 83.86% 65.77% 72.86% 

Table 7: Model Performances (Status: 12.12.2021) 

In table 7, the weighted scores, as well as the overall accuracy of the three models, are compared. 

The weighted average is taken because the predicted labels are very unbalanced and perform very 

differently. This is also why the accuracy score, which is an unweighted average of the results, 

scores worse than the weighted jaccard score. It becomes evident, that, looking at the scores in 

table 7, the binary relevance gradient boosting model performs best in all scores. To get a better 

understanding of how the scores are calculated, the following table shows the scores for the 

individual use case predictions for the best performing model: Binary Relevance Gradient 

Boosting. 

Metric Use Case 1 Use Case 2 Use Case 3 Use Case 4 Use Case 5 Use Case 6 Use Case 7  Use Case 8 Use Case 9 

Distribution 

in training 

False: 476 

True: 105 

False: 569 

True: 12 

False: 327 

True: 254 

False: 351 

True: 230 

False: 473 

True: 108 

False: 553 

True: 28 

False: 519 

True: 62 

False: 570 

True: 11 

False: 390 

True: 191 

Jaccard Score 54.54% 100% 58.75% 61.54% 66.67% 20% 37.5% 50% 41.67% 

F1 Score 70.59% 100% 85.71% 76.19% 80% 33.33% 54.55% 66.67% 58.82% 

Prediction 85.71% 100% 90% 84.21% 88.89% 50% 100% 100% 66.67% 

Recall 60% 100% 81.82% 69.57% 72.73% 25% 37.5% 50% 52.63% 

Table 8: Binary Relevance Gradient Boosting Performance (Status: 12.12.2021 (use case names censored due to data privacy) 

In this snapshot of model performance in table 8, use case 2 stands out, scoring 100% for all metrics. 
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This means that all predictions for this use case are correct (see Appendix G). If the use case 

distribution is very balanced or very unbalanced between the binary values, they usually score 

better than the ones in between. The use case prediction made using the BR GBM were added as 

additional features to the prospect’s data and used to match the prospect with existing accounts. 

8. Matching based on similarity 

For the matching process, which is based on the similarity of features between a prospect and 

existing customer accounts, the unsupervised NN algorithm from scikit learn was used. The 

algorithm finds a defined number of nearest neighbors to the prospect features. For this model, the 

algorithm predicted the 50 nearest neighbors of the prospect. From this, a mapping list was created 

consisting of the reference request name, the matched account ID, and the distance from the account 

to the prospect determined by the NN algorithm. Thus, for each prospect request, 50 entries were 

created in this table and ordered in ascending order of distance. Because an account can have 

several rows dependent on the number of opportunities, only the row with the closest distance to 

the prospect data was kept. This was done once for only advocate accounts and once for all accounts 

resulting in two mapping tables. The mapping tables are then pushed into the data model (see 

Appendix H), from where the data gets called into the Reference Dashboard. This is then used by 

the CRM to find good matches for a request. 

9. Result Presentation & Measure of Success 

The Reference Dashboard stores all requests with the corresponding prospect information in a list 

(see Appendix I). The entries are ordered by creation date of the request to have the most recent 

ones at the top. The list can be filtered for non-completed requests and one can click on a request 

to open a pop-up with a detailed view of this request, including the two lists of proposed matches 

(see Appendix J). The first list shows matches among advocate accounts and the second considers 
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all existing customers. The matched accounts are clickable to open another window (see Appendix 

K) with details on account contacts, where an advocate can be requested via a button. 

To improve performance, the models will be closely monitored, and parameters adjusted. The 

success of the Reference Dashboard will be measured by looking at the adoption metrics, such as 

daily active users, which can be tracked within the app. If the dashboard was not useful to the CMD, 

it is assumed that it would not be used. Feedback from the CMD, who will be the power users of 

the dashboard, will be considered to improve the ease of use of the Reference Dashboard. 

Furthermore, the time taken from request creation to the reference meeting taking place will be 

assessed and compared to the previous manual process in the form of A/B testing.  

10. Limitations & Future Work 

Due to time and publishing constraints, the dashboard and therefore the model is not actively used 

yet at the company. Publishing will most likely take place within the coming two months as soon 

as the CMH has advanced further. Therefore, the measurement of success of the model and 

dashboard could not be executed yet but will be performed as soon as the model is published to 

users. 

Because, applying the filters, currently only a limited amount of advocate companies is available 

for advocacy, oftentimes same accounts are recommended at top rows. Also, in case the CRM has 

a more specific search, such as a certain industry, only some accounts are available for each. The 

more accounts engage in advocacy, the better the model will work and find good matches among 

the existing accounts. This limitation should, in the future, be improved by increasing account 

engagement in co-marketing activities. Furthermore, because some use cases are more frequently 

implemented than others, their performance is much better within the model. By expanding on 

opportunities at existing customers, this distribution will likely improve over time. 
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Because data on references and requests is limited and unreliable, it cannot be used as a feedback 

form to the recommendations. With the CMH, the tracking of advocacy will become much easier 

in the future which can also be used to make the Reference Dashboard more comprehensive. For 

example, a new feedback form with more detailed questions is created to gather the sentiment of 

the prospect after the reference meeting has taken place. This data can be used to train the model 

whether a predicted match was a good one or not to improve the recommendation system. 

11. Conclusion 

The importance of ABM and customer engagement becomes evident in B2B companies where 20% 

of accounts generate about 80% of the revenue. Accounts must be well managed from beginning 

to end of the sales cycle. The customer sales reference process enables this engagement at the very 

start of the account’s journey. Being well-matched with an existing account and learning about its 

experiences, will strengthen the prospect’s trust and feeling of security towards B2B software 

companies. 

The proposed model helps to improve the matching process by automatically recommending the 

best matches for a specific prospect and making this information easily accessible for the CRM. 

The model is created in a two-step process: First, the prospect’s most probable use cases for 

implementation in the software are predicted using Multilabel Classification. Among three models, 

the gradient boosting classifier model was identified as the best performing one and was made 

compatible for multi-label classification by using the binary relevance algorithm. In a second step, 

using this prediction as an additional feature, the prospect account is matched with existing 

accounts based on similarity.  

Due to partially unbalanced target features, namely use cases, some use case predictions score much 

higher than others. With more and more customers being acquired and more and more opportunities 
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being created, the diversity of use cases implemented will most probably become stronger, which 

will deliver a more balanced dataset in the long term and therefore stronger models.  
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III. Appendices 

Appendix A: Comparison of Inbound-Marketing and Account-based Marketing (Stadelmann, 

Pufahl, and Laux 2020) 

 

 

 

 

 

 

Appendix B: The three types of account-based marketing (Pavan Kumar and Rajasekhar 2020; 

Golec, Isaacson, and Fewless 2019) 

 

 

Appendix C: Interview with Director of Field Marketing of the software company looked at 

(20.10.2021). This interview is taken out due to data privacy reasons of that company. 
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Appendix D: Interview with Senior Field Marketing Manager (21.10.2021). This interview is 

taken out due to data privacy reasons of that company. 

Appendix E: Signaling Timeline in Company Context (Connelly et al. 2011) 

 

Appendix F: Use Case Mapping for Target Features. This mapping table is taken out due to data 

privacy reasons. 

Appendix G: Confusion matrices for use case prediction (use case names censored due to data 

privacy issues) 
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Appendix H: Data Model 

 

 

 

Appendix I: Reference Dashboard – List of Requests. This view is taken out due to data privacy 

reasons of that company. 

Appendix J: Reference Dashboard – Detail View of Requests with proposed best matches.  This 

view is taken out due to data privacy reasons of that company. 

Appendix K: Reference Dashboard – Detail View of matched accounts with contact information  

This view is taken out due to data privacy reasons of that company. 


