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Management Summary 

 

Introduction 

Research has shown that nearly 70% of the marketing generated leads in a B2B-setting are not 

followed up by sales representatives (Sabnis, Chatterjee, Grewal, & Lilien, 2013). Previous studies 

show that within Company X the lead follow-up percentage is way lower than the number reported in 

literature and as such deserves attention for further examination. Although literature presents different 

possible reasons for the poor lead follow-up (i.e., lack of motivation and skills), much is unknown 

with the respect to the do’s and don’ts with regards to improving poor lead follow-up. Exploratory 

interviews with company representatives and exploratory process mining of data on the market-to-

order process, revealed an important bottleneck in the lead assigning process, the step in which 

incoming leads are assigned to salespeople (i.e., lead owner). Assigning a lead to the wrong 

salesperson causes delays in the process, which makes that the time before a salesperson contacts the 

customer takes too long, which ultimately lowers the chance that a deal is made. Process mining 

clearly validates this problem. Process mining reveals that in approximately half of the cases a lead is 

assigned multiple times to salespeople before it is accepted. For leads changing salesperson at least 

once, the average time till the lead is correctly assigned is 8.5 days on average while the company 

norm for finding the correct lead owner is preferred to be a maximum of three days. As mentioned, 

more attempts will increase the total time of the process and therefore it is expected that performance 

will decrease. As such, further research is necessary to identify the impact of this problem and how 

this can be countered. Therefore, the following research question is formulated.  

 

How could the lead assignment process, timely assigning leads (i.e., lead process assigning speed) 

and number of attempts to assign leads correctly (i.e., lead process assigning quality), be improved 

such that higher lead follow-up (i.e., performance) is obtained? 

 

1. Which theoretical frameworks can explain the lead assigning process? 

2. Which factors can be identified in previous research that explain effective lead assignment? 

3. What is the impact of lead assigning quality and speed on lead follow-up? 

4. What actions can Company X take to enhance lead follow-up? 
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Literature review 

The literature review shows that multiple reasons exist for poor lead follow-up such as poor lead 

qualification, a bad relationship between marketing people and sales people, delayed leads, and the 

lack of knowledge on the quality of lead information (Monat, 2011; Sabnis et al., 2013; Smith, 

Gopalakrishna, & Chatterjee, 2006). However, not much research has been done on assigning leads to 

sales representatives in the lead follow-up literature. This is important given the fact that many 

companies struggle with lead-to-order processes (i.e., > 70% is not followed up on average), resulting 

in large marketing related investments that are not turned into sales outcomes. Since important 

outcome-related parameters of any process are quality and speed, this study reviews related literature 

(e.g., service, new product development, management, and operations management) on quality and 

speed of the process to better understand antecedents and outcomes. Research shows a positive impact 

of quality and speed on performance (Aina, Hu, & Mohammed, 2016; Jacoby, 1977; Judge & Miller, 

1991), but many causes for poor quality and low speed are mentioned such as time pressure, high 

velocity environments, initial information, or unnecessary actions in the process (Edland & Svenson, 

1993; Nave, 2002; Shepherd & Rudd, 2014).  

 

The literature review indicates multiple theories used to understand speed and quality in business 

processes. This study primarily draws upon normative decision-making theory – NDT (Simon, 1979; 

Vroom & Jago, 1974). NDT indicates that high quality information and good information access are 

required to process information and to make high quality decisions (Aina et al., 2016). According to 

information processing theory (a subset of NDT - Hilton, 1980), an individual has a limited capacity 

to process and remember information, especially when this information is textual information (Lurie 

& Mason, 2007; Speier & Morris, 2003; Wedel & Pieters, 2000). Given that a key characteristic of the 

lead assignment process is the limited information under which marketing and salespeople must make 

a decision, this study takes an information processing perspective to better understand the impact of 

information on the lead assigning process quality, speed, and follow-up performance.  

 

Considering the lead assigning process, assigning leads correctly relies on the amount of available 

lead information which is gathered in the front-end of the sales process. (i.e., number of words in 

inquiry details and follow-up comments). Information processing theory states that any individual has 

limited information processing ability (Schulte & Peter, 2007), and that the amount of available 

information influences the lead assigning process (i.e., quality and speed). In this study it is proposed 

that people normally adopt an intuitive decision-making approach which becomes more inaccurate 

when presented with more information, because people become more selective in their information 

processing and look for ‘approximate’ answers to a reasoning problem or question (i.e., confirmation 

heuristic or positive hypothesis testing) to save time and energy (Laughlin, Bonner, & Altermatt, 

1999). This implies that more information relates negatively to decision-making quality and speed. 
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Yet, how available information is processed depends on certain contingencies. Specifically, some 

contingencies may trigger normative (or deliberative) decision making which takes more time and 

effort (Hall, Ahearne, & Sujan, 2015). In particular, it is expected that the uncertainty of converting 

the lead into a deal (i.e., pre-qualification level) and familiarity with the customer (i.e., existing or 

new account) determine whether the deliberate processing mechanisms is triggered or not. In case 

deliberate decision making is triggered by either familiarity or uncertainty, it is expected that 

information is used more elaborately, which decreases assigning speed and quality. Finally, the 

performance of the lead assigning process is expected to influence the outcome of a lead (i.e., lead 

follow-up). Concluding from the literature insights, the following conceptual model is proposed 

(Figure 1).  

 

Follow-up comments (#words) [IL]

#Attempts [QUAL]

- Time till correctly 

assigned [SPEED]

Lead Follow-up [LFU]

H1a (-)

H1b (-)

H4a (+)

H4b (+)

Information Load

Trigger of deliberate 

processing mechanism

Lead assigning process

Lead outcome

H2a, H3a
 (+/-)

H2b,H3b
(+)

Quality

Speed

Control Variables

- Qualification level [UNC]

- Customer familiarity (yes/no) [FAM]

Uncertainty

Familiarity

 

 

Figure 1. Conceptual Model 

Research Design 

Preliminary research is done by exploratory interviews and process mining to allocate the problem in 

the market-to-order process. Data was retrieved from the data warehouse Salesforce.com and prepared 

for process mining. For process mining the data was filtered for the lead ID, the edit date of events, 

and the events itself. The analytical tool Disco is used to perform process mining. 

For testing the hypotheses, the data which was used for process mining was edited, extended, 

and prepared for a further data analysis. Additional information on the variables from the research 

model were added. These variables were: initial information (#words), triggers for deliberative 

decision making (lead qualification level and customer familiarity), lead assigning quality (-

1*#attempts) and speed (-1*time till correctly assigned), and lead follow-up. A final dataset of 754 
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leads is analyzed by using three different regression methods (see Figure 2). For lead follow-up as a 

dependent variable, binary logistic regression is performed. For assigning quality as a dependent 

variable, linear regression is used. At last, the total time till correctly assigned as dependent variable, 

the Cox regression is used. All regressions are executed by using IBM SPSS 23.  

Follow-up comments (#words) [IL]

#Attempts [QUAL]

- Time till correctly 

assigned [SPEED]

Lead Follow-up [LFU]

H1a (-)

H1b (-)

H4a (+)

H4b (+)

Information Load

Trigger of deliberate 

processing mechanism

Lead assigning process

Lead outcome

H2a, H3a
 (+/-)

H2b,H3b
(+)

Quality

Speed

Control Variables

Linear Regression

Cox and Linear 
Regression

Binary Logistic 
Regression

- Qualification level [UNC]

- Customer familiarity (yes/no) [FAM]

Uncertainty

Familiarity

First Time Right

 

Figure 2. Type of regression models on different parts of the research model 

 

Discussion and conclusions 

This research provided both managerial and theoretical implications. First, three different theoretical 

literature streams (i.e., lead follow-up literature, decision making theory, and information processing 

theory) were used to explain the lead assigning process. Furthermore, this study found several factors 

that effectively explain the lead assigning process. One of these factors is information load, as it is 

known that an individual has a limited capacity to process high amounts of information. This study 

shows a negative influence of information load as a factor for decreasing lead assigning process 

effectiveness. In a situation of high uncertainty, more deliberate decisions are made, which causes the 

lead assigning speed to drastically decrease for leads with a high information load compared to low 

information load. It is found that a decreased assigning speed leads to lower probability of lead 

follow-up. On the other hand, a decreased assigning quality leads to higher probability of lead follow-

up. Findings therefore show an unexpected paradoxical situation for the impact of lead assigning 

quality and speed on lead follow-up. It is noteworthy as this implies that trial-and-error approach 

towards lead assigning would increase the probability of lead follow-up. However, trial-and-error is 

not preferred since this increases workload for salespeople for which actually no capacity and time is 

available, or they may process it in a less efficient way, because people become more selective in their 
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information processing. Lastly, this study shows that in case of highly uncertain situations, high lead 

assigning speed is key for a higher probability in lead follow-up.   

 

Three main advises are given to the company. Two advices focus on the improvement of lead follow-

up. First, as the paradox showed, more attempts in a shorter time increases the probability of lead 

follow-up. But as a trial-and-error approach would therefore mean that the workload increases which 

is not preferred. The post-hoc analysis showed a significant moderating effect on relationship between 

lead assigning speed and quality on lead follow-up if uncertainty is present. Therefore, in case of high 

uncertainty it is advised to assign leads intuitively (i.e., assign leads fast). This will increase the 

assigning quality and in the end the probability of lead follow-up. The second advice for better lead 

follow-up is to train the front-end employees on the importance of focusing on the follow-up 

comments because that tends to increase the probability of lead follow-up. Therefore, further research 

should elaborate on which information in follow-up comments is most valuable. When this is clear, 

the company can invest in training the front-end employees on the importance of the follow-up 

comments, and their influence on actual lead follow-up, by register the correct information. 

 The third and final recommendation relates to the processing of available data in the 

company. Although the company has massive amounts of data available to support their decision-

making processes at different levels within the company, currently the data of the lead and 

opportunity process are stored in different data warehouses with different data structures. As this 

research clearly shows the benefit of analyzing this kind of data, it is important to store all data at one 

place. In addition, the data should be sorted and coded for specific analytical techniques like process 

mining, because currently data needs too much cleaning and preprocessing before it is ready to use. 

Using process mining to analyze the market-to-order process is strongly advised, as this can provide 

support for analyzing optimizations for the process.  
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1. Introduction 

This chapter first described the empirical context, which is followed by the problem analysis. Then, in 

1.3 the problem statement and the research questions are presented. After that the research approach 

and structure, and the managerial relevance are described.   

 

1.1. Empirical Context 

Company X is an expert in the high-tech lighting industry, with a specialization in four different 

business groups: Home, Professional projects, LED’s, and regular lightbulbs. Company X is world 

leader in global change towards LED’s lighting and intelligent light systems. The company has 

currently over 30.000 employees in more than 70 different countries. In order to remain competitive at 

global level, efficient selling is needed to increase performance (Zallocco, Bolman Pullins, & Mallin, 

2009). Despite the leading market performance, Company X has difficulty in efficiently executing the 

market-to-order (M2O) process. This makes them experience low lead follow-up rates by salespeople 

and a long lead cycle time. This is problematic for at least two reasons. First, valuable marketing 

resources spent on marketing campaigns are wasted if the leads are not followed-up by sales people 

(Sabnis et al., 2013). Second, poor follow-up and long sales cycles result in lost sales, both on the 

short term (i.e., lead is not converted into a deal) and long term (e.g., loss of cross-selling 

opportunities, bad reputation) (Järvinen & Taiminen, 2015; Tipirishetty, 2016) 

To better understand the M2O process of Company X, a short explanation is provided (see 

Figure 3). The M2O process generally consists out of three consecutive steps; inquiry management, 

lead management, and opportunity management. Inquiries are captured in three different ways: (i) 

inquiries generated via marketing campaigns, (ii) inquiries coming from current clients via Company 

X’s sales representatives, and (iii) inquiries coming from prospects initiating contact themselves (i.e. 

telecommunication, webform, e-mail). When the inquiry enters the system, the virtual contact center 

(VCC) classifies the inquiries as either “commercial”, “support request”, “consumer”, or “complaint”. 

The contact center qualifies the commercial leads according to the BANT criteria and registers any 

follow-up comments when necessary. VCC forwards all “commercial” inquiries to the lead catcher 

(i.e. a marketing representative who coordinates the incoming commercial inquiries) of the market. 

The lead catcher assigns valuable leads to a sales representative in the correct region, within the 

correct segments, or rejects leads. The sales representative is expected to follow-up on leads and 

either convert leads in opportunities, convert leads to an account, or reject leads. In all three cases the 

lead is closed. When a lead is converted to an opportunity, opportunity management starts, which 

results in an order when an opportunity is won or no order when an opportunity is lost.  
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Figure 3. Market-to-order process 

 

1.2. Problem Analysis 

Based on suggestions of the company, this research has analyzed the possibilities for improving the 

M2O process of Company X in the professional lighting market. Previous research conducted at 

Company X indicated that especially lead follow-up by salespeople is a bottleneck in the M2O 

process (Nies, 2017). This study showed that only 1 percent of marketing generated leads is followed-

up by sales representatives globally, and only 14 percent in the Benelux, which negatively influences 

the sales performance of the company. Based on these insights, willingness of sales to follow-up on 

leads, prequalification of leads, and lead volume were concluded to influence the probability for lead 

follow-up. The reason why these insights influence lead follow-up remains unclear. Therefore, more 

thorough research on this topic is necessary. To get acquainted with the company context and to better 

understand the M2O process and related bottlenecks, orientating interviews were held with employees 

in different field within Company X. Next the research method of the exploratory study is described, 

and the findings are discussed. 

 

Orientating Interviews 

The goal of the interviews was to create insight in the problems and opportunities within the M2O 

process of Company X. All interviewees are involved in a different phase within lead management, 

which ranges from when a lead is created by the VCC towards when a lead is converted into an 

opportunity by sales representatives.  

The data was collected in a semi-structured manner. This means the interview was guided 

towards certain questions, but there was an option for an interviewee to provide their own input. The 

general questions used in the interview were: “Where do you think the bottleneck is in the process?”, 

“What solution do you see for the problem”. All interviews were conducted face-to-face and took 45 

minutes on average. The conversation is not audiotaped, because these interviews were informal and 

exploratory and assured a low threshold for sharing (sensitive) information. In addition, three out of 

four interviewees send extra information. 
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Open coding was used to analyze the data gathered from the interviews. Axial coding, a form of open 

coding, was used to derive a conceptual level instead of a descriptive (Glaser, Strauss, & Strutzel, 

1968). The goal was to come to a core description of the problem according to the employees and the 

reason for the problem, which lead to import research topics. After axial coding, selective coding was 

performed to categorize different factors within the conceptual levels of the problem. The different 

coding steps can be found in Appendix A, Table 12. 

Following from the data gathered in the interviews a cause-effect diagram was developed (see 

Figure 4). Multiple bottlenecks were found in different stages of the process. Most of the comments in 

the interviews were related to the wrong assignment of leads and the lead process delay.  

 

According to the customer care manager of the Benelux [Interview 4] the front-end of the M2O 

process leaves room for improvement. This is based on low customer ratings for a non-obligatory 

feedback questionnaire, rated low for speed of handling of Company X. This rate is based on the 

handling of customers by the customer contact center. The VCC employees do notice multiple 

complaints on the duration of their lead. As Company X is moving towards a more standardized and 

structured process, employees of the VCC are not allowed to deviate from the set guidelines. This 

results in spending time on steps in the process which are not necessary to execute.  

Other problems related to the long lead cycle time were addressed by the digital marketing 

manager [Interview 3]. An example was the fact that sales targets are set too low by higher 

management. When targets are set too low, employees are not challenged to execute more leads in the 

same amount of time. This depends on another problem: the fully manual execution of the M2O 

process. An example was given for the selection of the correct lead owner. A lead catcher receives 

possible leads which he or she must appoint to the correct lead owner. Because of often too little 

information on the lead, results in trial-and-error before the correct lead owners is appointed.  
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Figure 4. Cause-Effect diagram interview-based 
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Finally, the global lead marketing automation & lead manager [Interview 2] noticed other factors that 

might lead to low lead follow-up, such as the available capacity of employees to execute tasks. For 

instance, currently lead volume continues to increase, while capacity and money remains the same or 

decrease. Low capacity and more work results in longer cycle times. Besides that, another factor 

according to interviewee 2, is the time spent on “wrong” leads. The selection of “good” leads is based 

on a model, filled in by using gut feeling. This sometimes-wrong selection results in spending time on 

less impactful leads. If it was possible to eliminate or predict “wrong” leads, more time could be spent 

on possibly “good” leads.  

 

Process Mining 

Process mining was used as a second exploratory source to define the lead process related bottlenecks. 

Lead history data was analyzed by extracting data from the data warehouse Salesforce.com. The 

extracted Excel file was prepared and analyzed by a process mining technique, using the analytical 

tool Disco. When extracting the data from Salesforce.com, the data was not yet ready to use for 

process mining. Certain steps were taken to prepare the data (see Figure 5). 

 

1) Remove 
Test Leads

2) Remove 
non-

interesting 
events

3) Adjust 
event names 

for readability

4) Rename 
Lead Owner 

event

5) Rename 
Lead Stage: 

Closed

6) Adjust Lead 
State to New 

Value

7) Macro to 
Sort File

 

Figure 5. Data preparation steps 

 

First, the test leads were removed from the dataset as these leads were not reliable. Second, the 

useless events were selected and removed. Third, if necessary the events were given a more readable 

name. Fourth, for the event of changing lead owner, the name was changed to “lead catcher” in case 

of the lead owner being the lead catcher. Fifth, a closing event had to be added, because process 

mining works with closed processes. The lead stage “closed” was added as event. Finally, an Excel 

Macro file is used to sort out all the closed leads from the open leads, to make sure only closed 

processes were shown in process mining.  

The events which were used for process mining are shown in Table 1. 
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Table 1.Process Event explanation 

Lead Stage/State 
Description Process level  

Account & Contact 
Lead is converted into a new account and contact Lead 

Added to Existing Account 
Lead is added to an existing account Lead 

Added to Existing Contact 
Lead is added to an existing contact Lead 

Cancelled by Customer 
Opportunity is cancelled by the customer Opportunity 

Closed 
Lead is closed after added to an account/contact, 

converted to opportunity or rejection 

Lead 

Converted to Opportunity 
Lead is converted to an opportunity by sales 

representative 

Lead 

Created 
Lead is created by contact center  Lead 

Develop 
An opportunity/idea is further developed Opportunity 

Lead Merged 
Lead is merged with another lead Lead 

Lead Owner: Account Manager 
Lead is assigned to a sales representative by the lead 

catcher 

Lead 

Lead Owner: Lead Catcher 
Lead is assigned to the lead catcher by either the 

VCC or a sales rep 

Lead 

Lost 
Opportunity is lost Opportunity 

MQL 
A lead is qualified as a marketing qualified lead Lead 

No Lead 
Lead turns out not to be a lead (not a commercial 

inquiry) 

Lead 

Not Pursuing 
Opportunity is no longer pursued Opportunity 

Order Booked 
Order is booked by the customer Opportunity 

Order Promised 
Order is promised by the company Opportunity 

Propose 
A proposal is given for the opportunity Opportunity 

Qualify 
After the lead is converted into an opportunity the 

lead enters the stage qualify 

Opportunity 

Rejected 
A lead is rejected (could be for many reasons) Lead 

SQL 
A lead is qualified as a sales qualified lead Lead 

Sales Recognized 
An opportunity has become a sale (won lead) Opportunity 

 

Using the events as shown in Table 1, process mining was executed. From the process mining results 

(see Figure 6 and 7) an obvious bottleneck for appointing a lead to the correct lead owner was found. 

A bottleneck is visible since you see 873 leads entering the process at the top of the model, and the 

event “Assigned to account manager” is executed 1291 time (which is 418 times too often). This 

bottleneck might influence the sales performance of the company. The time it takes to appoint a lead 

to the correct lead owner is desired to be within three days [Interview 3]. When only looking at the 

leads that are correctly assigned at once, the results show a mean time of less than three days. For the 

cases in which the lead owner changes at least once, a total mean time of 9.3 days is found. The 

change from lead catcher to a lead owner takes on average 19.3 hours, and the change from lead 

owner to another lead owner takes on average 8.5 days, which in total sums up to 9.3 days.  
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Figure 6 shows a simplified design (i.e., Disco path settings = 10%) of the lead process of the Benelux 

market. When evaluating process mining results further, a few aspects are interesting to mention. The 

incoming number of cases (in this case 873 leads) should be the exact same amount of cases closed. In 

this case 907 leads are closed which raises questions and a reason should be determined. In Disco 

different cases can be viewed, which shows some cases to be closed and reopened again after some 

time. Another aspect to take into account are the incoming cases and the times an event is executed. 

For example, 776 (264+512) cases are moved to the event assigned to account manager, of which the 

event is executed 1291 times. In this case the reason is that the event is repeated. 

 

Figure 6. Process mining result lead process 

 

Going more in depth into the bottleneck of the lead process, a close-up example is given for the event 

assigned to account manager. The event of changing an lead owner can vary from one repetition till 

six repetitions (see Figure 7: max repetitions). Besides the repetition of choosing the lead owner, 60 

cases are also sent back to the lead catcher, which leads to extra repetitions and a longer lead 

assignment process. Two worst cases can be derived from the analysis: (1) leads changing lead owner 

six times or (2) leads changing lead owner seven times including returning to a lead catcher twice 

(i.e., max number of attempts = 7). Figure 7 also provides a histogram to notice the amount of leads 

per number of attempts.    
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Figure 7. Close-up bottleneck in lead process, including histogram # Attempts 

 

Figure 8 shows the opportunity process of the Benelux market. Both lead process and opportunity 

process can be connected when all data is stored in the same Excel sheet. For now, the opportunity 

process does not show many interesting event or bottlenecks. The most important reason is because 

the conversion rate to an opportunity is not very high. Because of the lack of information in the 

opportunity process, the focus will be on the lead process.   

 

 

Figure 8. Process mining result opportunity process 
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1.3. Problem Statement and Research Questions 

The exploratory interviews and process mining indicated that the event of choosing the appropriate 

lead owner for a lead is a current bottleneck in the M2O process. Leads are too often assigned 

wrongly, which might negatively influence lead follow-up. The process mining analysis showed that 

on average the lead owner is changed more than once in approximately 50% of the cases, and in 60 

cases (out of 873 leads) the lead even returns to the lead catcher. For leads changing lead owner at 

least once, the total time till the lead is correctly assigned is 8.2 days on average. The total time for 

finding the correct lead owner is preferred to be a maximum of three days [Interview 3]. Because the 

problem considers two different variables i.e. number of attempts (lead assigning quality) and the time 

till correctly assigned (lead assigning speed) two problem statements are formulated: 

 

1. The number of lead re-assignments of a single lead (to a sales representative) in the lead 

assignment process, is on average more than one (indicating wrongly assigned leads). 

 

2. The lead-time to correctly assign a lead to a sales representative in the lead assignment 

process in on average more than 3 days (average 8.5 days, median= 5.5 hours) 

 

This research aims to tackle the problems as stated in the problem statements. The company wants 

leads to be assigned to sales representatives in one attempt and within three days, as it is expected that 

this increases the probability of lead follow-up while still being feasible to execute. The variables and 

conditions necessary for optimally assigning leads will be the focus of the current study. Therefore, 

the following research question is formulated: 

 

How could the lead assignment process, in particular timely assigning leads (i.e., lead process 

assigning speed) and number of attempts to assign leads correctly (i.e., lead process assigning 

quality), be improved such that higher lead follow-up (i.e., performance) is obtained? 

 

Sub-questions are formulated in order to answer the above stated research question. 

1.  Which theoretical frameworks can explain the lead assigning process? 

2. Which factors can be identified in previous research that explain effective lead assignment? 

3.  What is the impact of lead assigning quality and speed on lead follow-up? 

4. What actions can Company X take to enhance lead follow-up? 
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1.4. Managerial Relevance 

This research contributes to the company’s practices by the following aspects. First, the study 

investigates the assigning process effectiveness of Company X, and therefore looks into literature on 

quality and speed of the process, as these are aspects of business processes effectiveness (Dane & 

Pratt, 2007; Lane & Staelin, 1987). The effect of the assigning quality and speed on lead follow-up 

will be an important insight, as these help the company to focus on speed and quality related KPI’s in 

the future. This will be relevant for enhance the probability of lead follow-up. 

Second, the research evaluated factors influencing assigning speed and quality, which will 

provide the company with detailed information on the front-end of the process. Till now the focus has 

been on the lead follow-up at the end of the process, whereas aspects of the front end might be the 

cause of poor lead follow-up.  

1.5. Research Approach 

The project started by defining the company specific problem, which makes the approach used for the 

project the regulative cycle (van Aken, 2004), seen in Figure 9. The regulative cycle has five steps of 

which the first three steps are the minimum reached during this thesis project. The problem definition 

and the diagnosis are discussed in section 1.2 and 1.3. During this exploring phase orientating 

interviews were held, and the results were validated by an analytical method; process mining. In the 

second phase, the empirical cycle starts in chapter 2. A literature review is provided, a theoretical 

framework is chosen, and in section 2.5 and 2.6 hypotheses are stated.  hypotheses will be validated 

by using data of the lead process. When an evaluation is provided on the hypotheses the regulative 

cycle continues and a solution will be discussed in chapter 4.  

Regulative cycle

Problem 
Definition

Diagnosis

Solution

Implement

Evaluate Induction

Deduction

Testing

Empirical 
Cycle

Theory, Method, Results

Introduction

Discussion & Conclusion

Chapter 1

Chapter 2,3,4

Chapter 5

 

Figure 9. Regulative and Empirical Cycle  
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2. Literature review 

This chapter provides a theoretical background on assigning and follow-up marketing generated leads 

to and by salespeople. Following from the theoretical background, the research gap will be defined 

and the position of this research in current literature is given. After that, the research model is created, 

and hypotheses are developed.  

 

2.1. Lead Follow-up Research 

The sales process can be seen as the acquisition and retention of customers which go through different 

stages in the so-called sales funnel (Poel & D’Haen, 2013). The sales process has been developed 

over the years. Originally, a seven steps paradigm was designed (Moncrief & Marshall, 2005). The 

seven steps are 1) Prospecting, 2) Pre-approach, 3) Approach, 4) Product Presentation, 5) Handling 

Objectives, 6) Closure, 7) Follow-up. Nowadays, another approach to the sales process model is 

proposed, which is a dynamic and iterative model. This model is flexible to adjust to especially 

technological and societal changes (Moncrief & Marshall, 2005). An example of a more iterative 

model is presented in Figure 10. 

  

 

 

Figure 10. Proposed model by Selden, 1998 

 

Within the sales process, marketing is often responsible for creating leads for sales representatives 

(Monat, 2011). Marketing representatives secure leads and then forward the lead to sales 

representatives who are expected to follow-up on this lead, i.e. contact the customers to analyze their 

needs (Selden, 1998). For example, when marketing representative execute a marketing campaign, 

prospect may contact the company via one of the channels (i.e., telephone, e-mail, webform). When 

these inquiries are registered as leads, marketing representatives assign the leads to sales 

representatives who are expected to act on this lead. First action would be calling back the prospect to 

understand what they want and need. 



 

12 

 

The most beneficial scenario would be for sales representatives to follow-up on every single 

marketing generated leads. Lead follow-up means to either accept, reject, or assign the leads. 

However, recent research indicated that on average 70% of the marketing generated business-to-

business leads are not followed-up by salespeople, but disappear in the so-called sales lead black hole 

(Sabnis et al., 2013). Poor lead follow-up might be a result of several aspects (see Table 2 for an 

overview).  

Table 2. Reasons for poor Lead follow-up 

Influence Reason Article 

Poor Lead Qualification 
Based on ‘gut-feeling’ (Erschik, 1989; Sabnis et al., 2013; 

Smith et al., 2006) 

Bad relationship between 

marketing and sales 

Lack of cooperation, communication. 

Misaligned goals 

(Homburg & Jensen, 2007; Oliva, 

2006; Patterson, 2007) 

Delay in the process, not 

processing leads 

See no use and value in leads, therefore 

do no proceed the leads 

(Hutchings, 1987; Smith et al., 

2006) 

Quality of Information is 

unknown 

No knowledge on relevance of 

information 

(Järvinen & Taiminen, 2015) 

 

Research points to several reasons for poor lead follow-up of marketing-generated leads: lead 

qualification; marketing-sales interaction; process delay; limited knowledge on information relevance 

(Table 2). First, a poor lead qualification process and method causes poor lead follow-up (Erschik, 

1989; Sabnis et al., 2013; Smith et al., 2006). One reason for wrong lead qualification is 

misunderstandings between marketing and sales, on the value of prequalification and what it actually 

means, or distrust of sales representatives towards the quality of the ‘gut-feeling’ qualified leads by 

marketing representatives (D’Haen, Van Den Poel, Thorleuchter, & Benoit, 2016). Distrusting the 

qualification by marketing representatives, leads to sales representatives focusing more on their self-

generated leads (Sabnis et al., 2013) and therefore marketing generated leads are not followed-up 

Second, poor lead follow-up is caused by a low level of interaction and communication 

between marketing and sales representatives (Sabnis et al., 2013), even when both representatives are 

responsible for creating revenue in these sales process stages (Patterson, 2007). Multiple studies 

mention the issues of a lack of cooperation and communication between marketing and sales 

representatives (Homburg & Jensen, 2007; Oliva, 2006), and the misalignment of their goals 

(Homburg & Jensen, 2007; Patterson, 2007). According to Homburg & Jensen (2007), most 

misalignments or discrepancies result from different orientation such as differences between customer 

and product orientation, or long-term and short-term orientation. Another example by Homburg & 

Jensen (2007) for misalignments, are different competences such as market knowledge, product 

knowledge, and interpersonal skills. Organizational factors might also play a role as power imbalance 

possibly exists between both functions. Therefore, for multiple reasons communication and guidance 



 

13 

 

of managers between both marketing and sales representatives is necessary to connect both parties 

(Guenzi & Troilo, 2007). 

Third, incoming leads do not get adequate attention, causing delays in assigning leads and 

follow-up which by itself lowers the chance of follow-up (Smith et al., 2006). Inquiries are sorted by 

different individuals which increases the chance of process delay. Not all people see the use and value 

of inquiries and therefore do not notice leads getting “cold” by not proceeding them (Hutchings, 

1987). This increases the chance of losing potential customers to competitors. As sales representatives 

are already skeptical towards the qualification of leads, handing over the so-called cold cases to them 

(i.e., delayed leads before reaching sales representatives) will contribute to their skepticism 

(Hutchings, 1987).  

Fourth, leads often come with limited information, making it difficult for salespeople to 

assess potential value, often resulting in inertia (Järvinen & Taiminen, 2015). Research on risk and 

uncertainty shows that salespeople become conservative in their selling behavior when uncertainty is 

perceived as high (van der Borgh & Schepers, 2017). Given the lack of information in the early stages 

of the sales process it is often difficult to make informed decisions (Donath, Obermayer, Dixon, & 

Crocker, 1994). Not surprisingly, research does show interest in the possibility of predicting the 

outcome of a process (e.g. whether a customer has an intention to buy), by analyzing and thus using 

the limited available lead information (Monat, 2011).  
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Table 3. Positioning of current study in lead follow-up literature 

Study Current Study (Sabnis et al., 2013) (Smith et al., 2006) (Monat, 2011) 

Focus on assigning leads Yes No No No 

Theoretical aspects 

 

IPT, DMT MOA framework IMC framework Lead characterization theory 

Conceptual aspects 

 

• Initial Information 

• Lead Assignment speed 

and quality 

• Lead follow-up 

 

• Firm-level 

processes 

• Sales reps’ ability 

• Lead follow-up 

• Three lead-stage 

communications 

• Lead follow-up 

• Customer purchase 

decision 

• Lead follow-up 

Methodological aspects 

Sample 

Sample size 

Design 

Analysis 

 

Lead and event data 

757 leads 

Data analysis 

Binary logistic regression, Cox 

regression, Linear regression 

 

Sales reps B2B firms 

2666 respondents 

Surveys 

Markov chain Monte Carlo 

procedure 

 

Lead Data 

19496 leads 

Data Analysis 

Seemingly unrelated regression 

(SUR), Log likelihood, 

Nagelkerke 

 

Non-current sales leads 

324 leads 

Experiment 

SMART technique 
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2.2. Overview and Gaps of the Lead Follow-up Literature 

Two observations stand out when reviewing the emerging literature on lead follow-up (see Table 3). 

First, previous research on lead follow-up mainly focus on understanding why salespeople do or do 

not follow-up on leads. For instance, misunderstanding between marketing and sales may lead to poor 

lead follow-up (Sabnis et al., 2013). Misunderstandings can derive from the way marketing 

representatives prequalify leads. Considering the BANT-criteria, the terms “hot” leads or “cold” leads 

might not have the same value to salespeople as to marketing people. The separation in other fields 

between marketing people and sales people influences the decision on following-up on leads or not. 

As the study of Sabnis et al., (2013) focusses on the reasoning and psychology behind salespeople’s 

choices on whether to follow-up on leads, certain results might consist of psychological biases. 

Therefore, it is recommended to do research in the field of lead follow-up, by using lead-level data 

and eliminate possible psychological biases (Sabnis et al., 2013). 

Investigating the assigning of leads to salespeople is important, as incorrectly assigning leads 

causes delays in the process and therefore lower the probability of lead follow-up (Hutchings, 1987). 

This research has the possibility to be performed on lead level data. Little attention has yet been given 

to the assigning of leads to salespeople in literature. Many companies have a dedicated system in 

which leads are pre-qualified (Sabnis et al., 2013) and then assigned to salespeople. Salespeople can 

either adopt the lead (i.e., follow-up), reject the lead, or assign it to trade partners. The extent to which 

leads are correctly assigned or not, will largely determine whether leads are successfully followed-up 

or not. For instance, when leads are not correctly assigned to a salesperson, delays in the process will 

occur, and hereby the responsiveness towards the customer lowers (Hutchings, 1987). 

Second, although process related outcomes such as quality (i.e., do we assign a lead correctly) 

and flow (i.e., time to assign a lead) are important aspects of effectiveness and efficiency of business 

processes (Dean & Sharfman, 1996; Lane & Staelin, 1987; Rodriguez & Honeycutt, 2011), marketing 

research on lead processes barely addresses these two aspect. This contrast related literature in 

service, innovation, management and operations who have long traditions in measuring process 

related outcomes such as quality and flow. We now turn to these streams of literature to better 

understand the value of considering quality and flow in the context of sales processes (also see Table 

4) 

 

Service literature 

The importance of the quality and speed of services is noticed in service literature. Service speed can 

be seen as the waiting time of the customer (Kumar, Batista, & Maull, 2011). Kumar et al. (2011) 

describe that waiting time influences the short-term customer acquisition. Furthermore, Kumar et al. 

(2011) describe that lower waiting times are positively related to customer loyalty. Service delivery 

quality increases the customer’s perceived quality leading to customer loyalty and customer retention. 
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In research two different service qualities are proposed: output (technical) quality and process 

(functional) quality (Cox & Dale, 2001). ‘What’ kind of impression a consumer perceives after using 

a service, can be seen as the output quality, whereas ‘how’ the service is received can be seen as the 

process quality of a service (Grönroos, 1993). To measure service quality, the SERVQUAL Gap-

model was designed. This model describes the gaps between the service provider’s impression of 

service quality and the actual perceived quality of the consumer (Parasuraman, Zeithaml, & Berry, 

1985). If the customer perceives high quality of services, they will be more loyal (Kumar et al., 2011). 

Loyalty is important since this provides competitive advantage (Cox & Dale, 2001). Furthermore, 

high stable service quality influences the long term customer retention (Kumar et al., 2011) 

 

NPD literature 

In NPD literature, quality and speed are known as new product quality and the speed to market, which 

are important factors for product success in the market (Chen, Reilly, & Lynn, 2005). New product 

speed is defined as the time starting from the moment that the product is developed till the actual 

introduction of the product into the market (Fang, 2008). It is suggested that a NPD process needs to 

speed-up, because it is important to stay ahead of competitors and gain advantage on them (Ali, 

2000). Speeding-up the NPD process creates a stronger position in the market (Ali, 2000), however a 

fast NPD process does not necessarily lead to high new product quality (Chen et al., 2005). New 

product quality can be determined by the level of appearance, performance and durability of the 

product (Sethi, 2000). Research states that information integration of a team, customer’s influence 

during the NPD process, and an orientation towards quality positively influence the new product 

quality (Sethi, 2000).    

 

Management literature 

According to management literature, the terms speed and quality are related to decision making. 

Decision effectiveness is “the extent to which a decision achieves the objectives established by 

management at the time it is made” (Dean & Sharfman, 1996, p. 372) and therefore considers both 

speed and quality. Multiple antecedents influence strategic decision speed and quality. These 

antecedents are environmental, organization, and individual characteristics (Baum & Wally, 1994, 

2003; Shepherd & Rudd, 2014). Besides that, the research of Shepherd & Rudd (2014), also specifies 

the influence of strategic decision process characteristics on the speed and quality of a decision. 

Decision speed is the point where the first action is made, till the set time in which the act should be 

fulfilled, and how quickly the decision is executed (Forbes, 2005; Judge & Miller, 1991). Decision 

quality can be seen as the value of the decision process or the value of the outcome of the decision 

process (Oz, Fedorowicz, & Stapleton, 1993). It can be measured by determining and measuring the 

best choice measure (Hahn, Lawson, & Lee, 1992). Achieving higher decision speed and quality will 
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result in positive firm performance (Baum & Wally, 2003). The combination of decision quality and 

decision speed is defined as decision effectiveness (Eisenhardt, 1999).  

 

Operations management literature 

In operations literature the quality and speed processes are known as the process flow. Generally, 

operations management focus on the transformation of input into outputs (Gupta & Boyd, 2008). 

Examples of operation management literature are lean thinking theory or theory of constraints and Six 

Sigma. Lean thinking theory has it focus on removing waste actions in a process which do not 

contribute to the outcome (i.e., product or service) of the process (Nave, 2002). Theory of constraints 

focuses on the weakest link or bottleneck in the process, which will make the process not perform 

better than the weakest link (Goldratt, 1990; Gupta & Boyd, 2008). Six Sigma is a theory for 

improving (i.e., better, faster, cheaper) the current business process (Sheu, Chen, & Kovar, 2003). All 

theories are focused on the importance of a speed and quality of the process flow (Nave, 2002). 

Process flow is the acceleration of the process by removing unnecessary actions (i.e., waste, 

constraints) from the process, which enhances the process quality. To be able to enhance profitability 

in a firm, the flow of the lead process should be analyzed. 

 

Concluding from the different literature fields, quality and speed are both important to gain a type of 

performance level. In case of service literature notices a positive effect on customer loyalty, according 

to NPD literature a competitive advantage is gained, management literature proposes higher firm 

performance, and according to operations management literature profitability is gained when 

improving quality and speed. Investigating the influences of lead assigning quality and speed is 

relevant as it is expected that process flow without delays leads to higher performance (i.e., lead 

follow-up).   
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Table 4. Illustrative Overview of Quality and Speed and the antecedents influences them, in different literature fields 

Literature 
Author (year) Speed/Qualit

y 

Antecedents Theory/Framework Unit of analysis Key findings 

Service 
Kumar et al., 2011 Speed &  

Quality 
High demand, 
Insufficient capacity 

Service Profict Chain 
Framework 

Large Telecommunications 
firm 

Service speed will increase customer acquisition whereas 

consistent quality increases customer retention on the long run 

 
Parasuraman et al., 

1985 

Quality Consumer 

expectations & 
perception 

Gap-model Executives and Consumers 

service firms 

Four gaps of which service providers might influence the 

perceived service quality for the consumers 

 
Grönroos, 1993 Quality Functional quality Service Quality model Service business executives Functional and technical quality are both important to 

perceived service 

NPD 
Chen et al., 2005 Speed Familiar/Uncertain 

market place 

NPD speed and success NPD projects Speed-to-market less important when uncertainty in market is 

low 

 
Ali, 2000 Speed Experience Product development 

acceleration 

Development time firm and 

market perspective 

Product innovativeness influences relation between 

development time and market performance 

 
Langerak & 
Hultink, 2008 

Speed Supplier/lead user 
involvement, 

training/rewarding 

NPD acceleration 
approach 

Manufacturing firms’ 
acceleration techniques 

Five NPD acceleration approaches positively influence NPD 

speed 

 
Sethi, 2000 Quality Info integration, 

customer’s influence, 

quality orientation, 

Innovativeness 

Quality management, 
Group Psychology, 

Innovation 

Key informants in cross-
functional teams 

Information integration, customer’s influence in NPD process, 
and quality orientation influence NPQ positively. 

Innovativeness negatively 

Management 
Baum & Wally, 

1994 

Speed &  

Quality 

Personal and structural 

determinants 

Strategic decision-

making theory 

CEO’s of manufacturing 

firms 

Individual and organizational characteristics influencing 

decision pace 

 
Baum & Wally, 
2003 

Speed & 
 Quality 

Dynamism, 
Munificence, 

(De)Centralization 

Informalization 

Strategic decision 
process theory 

CEO’s of industrial 
companies 

Environmental and organizational influencers of decision pace 

and firm performance 

 
Eisenhardt, 1999 Speed &  

Quality 

Collective intuition, 

Defusing political 

behavior 

Strategic decision 

making 

Top-management firms is 

high-velocity firms 

4 strategies for strategic decision making: build collective 

intuition, assemble diverse teams, time pacing, defuse politics 

 
Shepherd & Rudd, 

2014 

Speed &  

Quality 

Top management 

team, Strategic 

decision charact. Ext. 
environment, Firm 

characteristics 

Strategic decision-

making processes 

Literature review on 

previous research 

Identified four categories of contextual variables influencing 

decision speed and quality: Management Team, Strategic 

decision, external environment, and firm characteristics  

Operations 

Management 

Gupta & Boyd, 
2008 

Speed &  
Quality 

Proposed framework Theory of Constraints Categorization of 
operations decisions 

Theory of constraints suits to the operations management 

literature as it considers the optimization of the process 

 
Nave, 2002 Speed & 

 Quality 

- Lean Thinking theory, 

Theory of constraints, 
Six Sigma 

Literature review on 

previous research 

Identification of the differences between TOC, lean thinking 

and Six Sigma. TOC will improve throughput volume, Lean 
thinking will improve flow time improvement, and SS 

focusses on uniform process output 

 
Sheu et al., 2003 Speed &  

Quality 
Proposed framework Six Sigma, Theory of 

constraints 
Axle manufacturing 
company 

A TOC and SS framework was proposed 
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2.3. Understanding Lead Assigning Process: Decision Making Theory  

Since we are interested in understanding the lead assignment process in terms of quality and speed 

and how marketing people assign leads to salespeople we draw on normative decision making theory 

(Simon, 1979; Vroom & Jago, 1974). Normative decision making theory assumes that decision-

making is based on two different cognitive processes each associated with different levels of speed 

and quality: System 1 and System 2 cognitive processes (Frederick, 2005; Hall et al., 2015). System 1 

processes consider the more spontaneous and intuitive decision making and does not need much 

effort, whereas System 2 processes consider more mental activity and concentration (Bazerman & 

Moore, 2009; Frederick, 2005; Moritz, Siemsen, & Kremer, 2014). System 1 cognitive is often fast 

and effortless, because of using intuition (Bazerman & Moore, 2009). Intuition is often a result from 

previous experience (Baum & Wally, 1994; Dane & Pratt, 2007). As proposed by dual process theory, 

experience-based intuition leads to better decision quality (Kaufmann, Meschnig, & Reimann, 2014).  

System 2 cognitive process on the other hand is more deliberative and takes more time, effort, and 

logic (Hall et al., 2015; Kahneman, 2003).  

 

High information quality and good information access are required to process information and to 

make high quality decisions (Aina et al., 2016). Research has demonstrated that an individual has a 

limit for the amount of information he or she is able to process (Malhotra, 1982). It is known that an 

individual is only able to process information of one process at the same time, as this is a result of 

small focus and attention (Simon, 1978). Short-term memory is limited to absorb only a few so-called 

chunks (Simon, 1978). “Chunks” are a few items of information, understood as one simple item 

(Bettman, Johnson, & Payne, 1991). Information processing theory (IPT) states that individuals are 

limited in processing a certain amount of information which influences the decision quality and speed 

(Schulte & Peter, 2007).     

Yet, in the early stages of the lead process (i.e., sales process) employees often have to work 

with limited information about the customer and their needs. The degree to which information is 

available (i.e., information load) influences their decision quality and speed. Information load 

considers the amount of information and the type of information people have at hand when making 

decisions (Jacoby, 1977). Research with consumers shows that information load influences the ability 

of consumers to make the right decision (Malhotra, 1982; Malhotra, Jain, & Lagakos, 1982). 

Although most research emphasized information overload, both information overload (Hwang & Lin, 

1998; Malhotra, 1982) and information underload (Reilly, 1980) have a negative relationship with 

actual decision making. On the one hand, the higher the information load, the higher the information 

complexity for decision makers (Denize & Young, 2007). On the other hand, the lower the 

information load the less cues the decision maker has at hand to understand the decision making 

context (Malhotra, 1982)   
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2.4. Research Model 

The process of assigning leads to salespeople is important to investigate, as it assumingly leads to 

delays and therefore lower the probability of lead follow-up (Hutchings, 1987). The longer it takes to 

follow-up on a lead, the less value a lead will have, because customers may have gone elsewhere, feel 

disappointed, or simply because the interest in the product declines (Smith et al., 2006). Previous 

studies within lead follow-up literature have not yet covered research on the lead assigning process. 

Therefore, comparable literature is used to relate process aspects and outcomes, and to create a new 

conceptual model (Figure 11). 

 

Considering the lead assigning process, assigning leads correctly relies on the amount of available 

lead information which is gathered in the front-end of the sales process. (i.e., number of words in 

inquiry details and follow-up comments). Information processing theory states that any individual has 

limited information processing ability (Schulte & Peter, 2007), and that the amount of available 

information influences the lead assigning process (i.e., quality and speed). In this study it is proposed 

that people normally adopt an intuitive decision-making approach which becomes more inaccurate 

when presented with more information, because people become more selective in their information 

processing and look for ‘approximate’ answers to a reasoning problem or question (i.e., confirmation 

heuristic or positive hypothesis testing) to save time and energy. This implies that more information 

relates negatively to decision-making quality and speed. Yet, how available information is processed 

depends on certain contingencies. Specifically, some contingencies may trigger normative (or 

deliberative) decision making which takes more time and effort (Hall et al., 2015). In particular, it is 

expected that the uncertainty of converting the lead into a deal (i.e., pre-qualification level) and 

familiarity with the customer (i.e., existing or new account) determine whether the deliberate 

processing mechanisms is triggered or not. In case deliberate decision making is triggered by either 

familiarity or uncertainty, it is expected that information is used more elaborately, which decreases 

assigning speed and quality. Finally, the performance of the lead assigning process is expected to 

influence the outcome of a lead (i.e., lead follow-up). Concluding from the literature insights, the 

following conceptual model is proposed.  
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Follow-up comments (#words) [IL]

#Attempts [QUAL]

- Time till correctly 

assigned [SPEED]

Lead Follow-up [LFU]

H1a (-)

H1b (-)

H4a (+)

H4b (+)

Information Load

Trigger of deliberate 

processing mechanism

Lead assigning process

Lead outcome

H2a, H3a
 (+/-)

H2b,H3b
(+)

Quality

Speed

Control Variables

- Qualification level [UNC]

- Customer familiarity (yes/no) [FAM]

Uncertainty

Familiarity

 

 

Figure 11. Conceptual model 

 

2.5. Effect of Amount of Information on Lead assigning process 

The amount of available textual information is expected to have a negative relationship with the lead 

assigning process quality, which means that too much information has a negative effect on lead 

assigning quality. This statement is supported by literature on decision making theories and 

information processing literature. (Hwang & Lin, 1998; Lane & Staelin, 1987; Lurie & Mason, 2007) 

For making decisions, the amount of information (i.e., information load) is known to have an 

influence on the decision quality. On the one hand research shows an increase in information 

processing when information load increases (Hwang & Lin, 1998), but on the other hand decision 

effectiveness decreases when information load increases (Lane & Staelin, 1987). Information load has 

an inverted U-shaped relationship with the decision quality (Argouslidis, Baltas, & Mavrommatis, 

2014; Hahn, Lawson, & Lee, 1992; Hwang & Lin, 1998). This means that information underload or 

information overload both result in poorer decision making (Malhotra et al., 1982).  

According to information processing theory, an individual has a limited capacity to process 

and remember information, especially when this information is textual information (Lurie & Mason, 

2007; Speier & Morris, 2003; Wedel & Pieters, 2000). Therefore, it is expected that the information 

load will affect lead assigning process quality, the following is hypothesized:  

 

Hypothesis 1a: The amount of available textual information will have a negative effect on 

lead assigning process quality. 
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The amount of available textual information is expected to have a negative effect on lead assigning 

process speed. Literature on decision making theories, information processing literature, and 

operations management theory show a negative relationship between available information and speed 

(Clark & Collins, 2002; Kahneman, 2003; Lane & Staelin, 1987). 

According to decision making studies, the terms decision time, decision speed, or the 

acceleration of cognitive processing are known (Clark & Collins, 2002). Decision speed is the 

moment from which the first action is made, till the set time in which the act should be fulfilled 

(Judge & Miller, 1991). Decision speed is influenced by amount of information. In most cases, 

decisions are preferred to be made quickly (Oz, Fedorowicz, & Stapleton, 1993), in which 

information might play a role. The higher the information load the lower the decision effectiveness, 

and therefore the decision speed (Lane & Staelin, 1987). 

 Decision making will take more time and effort when the type is information is textual 

information of which the information load increases (Hendrick, Mills, & Kiesler, 1968; Jacoby, 

Speller, & Berning, 1974) and increases even more when there is an information overload (Speier, 

Valacich, & Vessey, 1999). The reason behind textual information negatively influencing decision 

speed, is because textual information seems to only affect explicit attitudes (Trendel, Mazodier, & 

Vohs, 2018). Explicit attitude is driven by conscious and controlled decision processes (rational 

decision making) (Trendel et al., 2018), which takes more time and effort than intuitive decision 

making (Kahneman, 2003).  

A higher amount of initial information in this case is assumed to be a constraint to the 

assigning process because it is expected that a higher amount of information consists of more waste 

influencing the process flow. According to the theory of constraints and lean thinking, processes 

should contain a certain flow, without causing any delays in order to create higher performance 

(Goldratt, 1990; Nave, 2002). Theory of constraints states that the functioning of a process depends 

on the constraints a process has (Gupta & Boyd, 2008). Considering the above-mentioned influences, 

it is expected that the amount of textual information negatively influences lead assigning process 

speed. Or more formally:  

 

Hypothesis 1b: The amount of available textual information will have a negative influence on 

lead assigning process speed. 

 

The relationship between the amount of available textual information and the lead assigning process 

quality and speed is expected to become pronounced when triggers for deliberative decision making 

are present. Concluding from decision making theory, deliberative decision mechanism proposes that 

deliberative decisions are made more slow, and more consciously (Hall et al., 2015). For this type of 

decision it is expected to integrate all observed present content in a decision including complex 
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information as well (Hall et al., 2015), which results in paying more attention to the available textual 

information.  

The study by Hall et al, (2015) proposes a two-way interaction between intuitive and 

deliberative decision making when aiming for decision accuracy. When intuitive decision is made, the 

decision maker is more capable of selecting information from complex information (Dane & Pratt, 

2007; Hall et al., 2015). As the information complexity increases when information load increases 

(Denize & Young, 2007), it is assumed that intuitive decisions are made when information load is 

high. A study on a cognitive reflection test between System 1 (i.e., intuitive decision making) and 

System 2 (i.e., deliberative decision making) cognitive processes, clarified triggers for using both 

decision approaches (Frederick, 2005). An important trigger for using deliberative processing is 

familiarity with the subject off interest (Stieger & Reips, 2016). When people are cued with the 

familiarity of a lead, i.e., they have served this customer before, which will activate a deliberative 

cognitive process. In deliberative processes, people tend to pay more attention to the available textual 

information. The underlying reason for paying more attention are that employees feel more committed 

and connected to existing relations and feel more obliged to serve them in a responsive manner 

(Meyer, Becker, & Vandenberghe, 2004). Based on this it is assumed that familiarity will trigger a 

more deliberative decision-making process in which people tend to take more time to reach a 

decision, but with a higher quality. Hence: 

 

Hypothesis 2a: The negative relationship between the textual information load and the lead 

assigning quality is expected to become weaker when familiarity is high. 

 

Hypothesis 2b: The negative relationship between the textual information load and the lead 

assigning speed is expected to become stronger when familiarity is high. 

 

Another stimulator is the level of uncertainty under which a decision needs to be made. In the lead 

assignment process, the level of uncertainty is indicated by the lead qualification, where lower levels 

associate with higher degree of uncertainty. The higher the uncertainty, the more effective it would be 

to have deliberate decisions (Read, Dew, Sarasvathy, Song, & Wiltbank, 2009). This is consistent 

with theory on the JUMP-model, which state that uncertainty in making a decision negatively 

influences the actual decision behavior (Chandrashekaran, McNeilly, Russ, & Marinova, 2000). This 

is also supported by a study on decision behavior in new product selling, which state that an 

individual prefers more certain over uncertain options (van der Borgh & Schepers, 2017). It is 

therefore expected when an individual will show more commitment towards more certain situations in 

assigning leads, and therefore might postpone the assigning of uncertain lead.  

 Although it is expected that more deliberate decisions are made in uncertain situations, and 

the expectations would be for both quality and speed to increase, Baum & Wally (2003) state that 
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uncertainty has a negative influence on firm performance. Decision quality is a measure of 

performance (Shepherd & Rudd, 2014); therefore it is assumed that uncertainty negatively influences 

the decision quality. Especially when the information load increases, it is possible that uncertainty 

increases as well (Jacoby, 1977). 

When people have to make a decision under uncertainty, i.e., when a customer is not yet 

known to the company, a deliberative cognitive process will be activated in which more time will be 

taken to make a deliberate decision. Although quality is expected to increase when deliberate 

decisions are made, the impact of information load on uncertainty makes that a stronger relationship 

between information load and lead assigning quality is expected. Therefore, the next hypotheses are 

stated:  

 

Hypothesis 3a: The negative relationship between the textual information load and the lead 

assigning quality is expected to become stronger when uncertainty is high. 

 

Hypothesis 3b: The negative relationship between the textual information load and the lead 

assigning speed is expected to become stronger when uncertainty is high. 

 

2.6. Lead assigning process on Lead Follow-up 

The lead assigning process quality is expected to have a positive relationship with the probability for 

lead follow-up, which means when a lead is assigned at once the probability of lead follow-up will 

increase. This statement is supported by literature on decision making theories and optimal resource 

allocation. In decision making literature it is assumed that decision quality enhances performance 

(Aina et al., 2016; Amason & Schweiger, 1994). An example is given on a study for NPD which 

implies the importance of management decision making quality in order to improve the success rate of 

new products (Nijssen & Frambach, 2001). Besides that, decision quality is often taken as a measure 

of performance, as the quality of a decision is the outcome of the actual decision made (Shepherd & 

Rudd, 2014).  

Theory on marketing resource allocation proposes that marketing resource allocation 

performance is high when resources are optimally allocated (Raman, Mantrala, Sridhar, & Tang, 

2012). Besides that, high marketing resource allocation performance increases firm profitability 

(Raman et al., 2012). Lead assigning is assumed to be closely related to both decision making (i.e., 

choosing the correct lead owner) and the allocation of resources (assigning the lead to a lead owner), 

therefore the lead assigning process quality is expected to positively influence actual lead follow-up, 

the following is hypothesized:  
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Hypothesis 4a: The lead assignment process quality will have a positive influence on lead 

follow-up. 

 

The lead assigning process speed is expected to have a positive relationship with the probability for 

lead follow-up, which means when a lead is assigned quickly the probability of lead follow-up will 

increase. This statement is supported by literature on decision making theories and operations 

management process flow. (Argouslidis et al., 2014; Baum & Wally, 1994, 2003). Decision speed is 

assumed to have a positive relationship with performance (Carbonell & Isabel, 2006; Judge & Miller, 

1991). When strategic decisions are made quickly, the probability of higher sales growth increases 

(Judge & Miller, 1991). Besides a direct relationship with performance, Baum & Wally (2003) 

concluded that decision speed is also a mediator between organizational and environmental variables, 

and performance. Although Argouslidis et al., (2014) expected that when actions are performed faster, 

there is a chance of increasing eventual performance. This contradicts with proposing an inverted U-

shape relationship between decision speed and actual performance (Argouslidis et al., 2014), which 

means that from a certain decision speed until a certain speed, will result in higher performance.  

As the speed of a process is important for performance, process flow should be optimal. 

According to Nave (2002), organizational processes should have a flow to reach higher firm 

profitability. It is expected that a lead process needs a flow to reach higher performance. If people 

take more time to take a decision, this leads to a less efficient process and delays, and therefore 

decreases the possibility of higher firm profitability (Jacoby, Speller, & Berning, 1974). As lead 

follow-up literature mentions the unwillingness of sales people to follow-up on delayed leads (i.e. 

“cold case” leads) (Hutchings, 1987), an increase in lead assigning process speed is expected to 

positively impact the performance. Since the decision speed is expected to influence the lead follow-

up, the following hypothesis was stated:    

 

Hypothesis 4b: The lead assigning speed will have a positive influence on lead follow-up.  
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3. Methodology 

In this chapter a detailed explanation is given on how the dataset is prepared for analysis. After that, 

the tools and methods to analyze the data is described  

 

3.1. Data Preparation 

The data for answering the hypotheses is derived from the company’s lead and opportunity data of the 

M2O process from the data warehouse Salesforce.com. Both lead and opportunity data can be found 

in Salesforce.com, in two different reports. After downloading both lead and opportunity history 

report, the reports must be connected. The reason for using the history report is because this report 

registers the lead ID, the edit date on which an event happens, and the functions or events per lead, 

which are necessary for performing process mining earlier in this research. Data from the market 

Benelux is used for the analysis, of which all leads are created and closed since January first, 2017, till 

April first, 2018. The history report of January 2017 till April 2018 consists of 1377 both open and 

closed leads. This timespan in which the lead is downloaded, ends before the name change of 

Company X occurred (May 2018), to prevent biased data.   

For testing the conceptual model, the dataset which was used for process mining was prepared 

and edited, because this dataset did not cover all variables necessary to test the conceptual model. 

Several variables are added; Lead Follow-up (LFU), Total time till correctly assigned (SPEED), Time 

till first attempts, Number of attempts (QUAL), First attempt correct, Follow-up Comment (IL). 

Moderators are Level of Qualification (UNC), Customer known to the Company (FAM), Experience, 

Inquiry details, Segments, Country, and Channel.  

 

Measurement Instrument data  

Table 5 presents how all variables are coded for the data analysis. All coding is performed in Excel, 

using a Macro for calculating the speed variables, and using “VLookup” function to link variables. 

The original dataset for process mining only consisted of a lead ID, the events, and the edit date, 

therefore other datasets had to be used to complete the dataset with the variables mentioned before. 

Besides that, the process mining dataset contains information on both lead level and event level. Since 

most information is lead information, the event data is aggregated and given one value for each lead.  
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Table 5. Operationalization of conceptual model 

Column 
Conceptual variable Manifest Variable Abbreviation Coding 

Dependent 
Lead Outcome Lead Follow-up 

 

LFU 1 – 0  

Mediators 
Lead Assigning quality 

Lead Assigning Speed 

Number of attempts to choose correctly 

Total time till lead is correctly assigned 

QUAL 

SPEED 

-1*(1 – 7)  

-1*(0-8736) Hours 

Independent 
Information Load Amount of words in Follow-up 

comments 

IL 0-615 words 

Moderators 
Uncertainty 

Familiarity 

Lead qualification level 

Customer is known by the company  

UNC 

FAM 

-1* (0 – 3)  

-1 – 1  

Control 

Variables 

 Country: Netherlands/Belgium 

Channel: Consumer 

Channel: OEM 

Channel: Professional 

Segment: Office & Industry 

Segment: Public 

Segment: Retail & Hospitality 

Amount of words in inquiry details 

Experience 

 1 – 0  

1 – 0  

1 – 0  

1 – 0  

1 – 0  

1 – 0  

1 – 0 

0-602 Words 

0,5 – 30 Years 

 

To enable data analysis, all textual variables are given a numerical value. For the dependent variable 

lead outcome (i.e., lead follow-up), a binary code is used to model value 1 for converted to 

opportunity or existing account and value 0 for not converted to opportunity or added to existing 

account. The two mediators lead assigning quality and lead assigning speed are both measured on a 

ratio scale. The lead assigning quality, is given value -1 till -7, depending on the lead’s number of 

attempts. Lead assigning speed is measured in hours with a meaningful absolute zero and is therefore 

a ratio scale. The time is calculated in hours which varies from 0 to -8736 hours. Both variables are 

inversely coded as high quality means the least number of attempts, and high speed means the lowest 

time till correctly assigned.  

The independent variable information load is coded as follows. Initially two different 

information sources could be used: Inquiry details and Follow-up comments. For this research, the 

Follow-up comments are used, because these comments are assumed to be most valuable for decision 

makers. Follow-up comments consist of more deliberate information and are therefore assumed to be 

most valuable for testing the impact of available information on the lead assigning process. In order to 

measure information load, the amount of words in the Follow-up comments are taken. This is a ratio 

scale, which varies from 0 to 615 words. Although inquiry details are not used as a measure for the 

independent variable information load, the amount of words in the inquiry details is used as a control 

variable. 

The moderating variables are coded as follows. First, uncertainty (i.e., lead qualification 

level) is measured on an ordinal scale where a “hot” lead is given value -3, a “warm” lead value -2, 

and a “cold” lead value -1, and value 0 for unknown or blank values. Uncertainty is inverted coded, 

because uncertainty is high when the lead qualification level is unknown or low. Second, familiarity 

(i.e., customer known by the company) is binary coded in which value 1 means that a lead comes 
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from an existing customer and value 0 means that lead comes from a new customer. Since familiarity 

is a binary moderating variable, contrast coding was used for measuring the two-way interactions. 

At last the control variables prepared to use in the analyses, as these variables decrease 

variation and increase model fit. For the control variables, dummy variables were created. 

Luxembourg is deleted from the data set as this country only has 3 leads. The other countries, 

Netherlands and Belgium are binary coded in which value 1 means Netherlands and value 0 means 

Belgium. For control variable Channel three dummy variables were created: OEM, Consumer, 

Professional. For control variable Segment three dummy variables were created: Office & Industry, 

Public, and Retail & Hospitality. Experience will be used as a control variable which is a coded on a 

ratio scale from 0,5 to 30 years. To have the least biased measure of experience (i.e., number of years 

working at Company X), the experience of the person to whom the lead is assigned to at first is used. 

The lead catcher is not considered as the first attempt, as this employee is the distributor of all leads 

and therefore no validated measure can be taken. Experience is registered for 113 out of 130, the other 

17 will be treated as missing values using pairwise deletion. At last, the variable Inquiry details is 

added to compare the influence with Follow-up comments influence. This variable is also coded on a 

ratio scale, which varies from 0 to 602 words. 

 

3.2. Method of Analysis 

After preparing the final dataset, the data was explored and analyzed in the statistical program IBM 

SPSS 23. The conceptual variable name (see Table 5) is used for the hypothesis testing and analysis. 

First, the data is explored using a correlation matrix, which was created using Kendall’s tau B 

coefficient. Second, different relationships in the conceptual model are approached by different 

regression methods (see Figure 13). The different analyses consider a binary logistic regression, a Cox 

regression, and a linear regression.  

Follow-up comments (#words) [IL]

#Attempts [QUAL]

- Time till correctly 

assigned [SPEED]

Lead Follow-up [LFU]

H1a (-)

H1b (-)

H4a (+)

H4b (+)

Information Load

Trigger of deliberate 

processing mechanism

Lead assigning process

Lead outcome

H2a, H3a
 (+/-)

H2b,H3b
(+)

Quality

Speed

Control Variables

Linear Regression

Cox and Linear 
Regression

Binary Logistic 
Regression

- Qualification level [UNC]

- Customer familiarity (yes/no) [FAM]

Uncertainty

Familiarity

First Time Right

 

Figure 12. Type of regression per part of the model 
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The analyses were done using three different regression methods (i.e., binary logistic regression, Cox 

regression, linear regression) as shown in Figure 13. For the linear regressions and Cox regression 

four different models were tested. Model 1 tested the main effect of the independent variable on the 

dependent variable. Model 2 tested the quadratic effect of the independent variable on and the 

dependent variable. Model 3 tested the two-way effect of both moderators on the relationship between 

the independent variable and the dependent variable. Model 4 tested the two-way interaction of the 

moderators on the quadratic effect of the independent variable on the dependent variable. The control 

variables are included in all models.   

 

Effect of Information load and Lead Assigning Quality 

For the dependent variable lead assigning quality, a linear regression is performed for all four models. 

The relationship with the independent variable information load is measured. For the independent 

variable the skewness and kurtosis were tested, to determine whether a transformation is necessary for 

the variable. A log transformation is performed since the skewness and kurtosis were higher than 1 

(4.372, 44.711)  

Additionally, moderators are added to the model and analyzed. The moderators are created by 

multiplying the standardized value of the independent variable and the moderator. Since the variable 

familiarity is a binary variable, standardization is not necessary. However, contrast coding is used for 

familiarity, to have the variables lay in between -1 and 1, which is comparable to standardized 

variables. Therefore, value 0 will be replaced by -1.  

 

Effect of Information Load and Lead Assigning Speed 

For the relationship between the information load and the assigning speed two different analyses are 

performed. First, a linear regression is performed between information load and assigning speed. The 

skewness and kurtosis for this variable were measured to determine whether a transformation was 

necessary. A log transformation is used as the skewness and kurtosis are higher than 1 (7.690 and 

70.665). A dependent variable preferably is not log transformed, because this results in a more 

complex interpretation of the regression coefficient. However, in case of time dependent variables 

with a wide range of hours, a transformation might be necessary. 

Second, a Cox regression is performed for the first-time-right cases. In general, leads being 

assigned correctly at the first attempt are expected to lead to increased lead follow-up. Of all leads, 

422 leads (out of 754) are correctly assigned at the first attempt, of which 99 leads are followed-up. 

This means that more than half of the followed-up leads are assigned correctly at the first attempt. 

This analysis will therefore be used to compare to the linear regression results. The Cox regression is 

a more reliable analysis method, when considering time as a dependent variable. The regression 

measures whether a certain event happens within the set time. As all leads are correctly assigned 

(considering working with only closed leads), it is not possible to perform the Cox regression on the 



 

30 

 

total time till correctly assigned. Therefore, the regression is performed on additional variables; time 

till the first attempt in case of the first time right. The variable time till the first attempt is log 

transformed as the skewness and kurtosis are higher than 1 (2.030 and 4.789).   

 

Lead Assigning Speed and Quality on Lead Follow-up 

For the relationship between the dependent variable lead follow-up and the independent variables for 

the lead assigning speed and lead assigning quality a binary logistic regression is performed. A binary 

logistic regression was chosen since the outcome of lead follow-up is binary. For this analysis Model 

1 and 2 are the only models tested, as no moderating effect was conceptualized. The control variables 

experience and inquiry details are not used for this measure as it is assumed that these do not effect 

lead follow-up. 
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4. Data Analysis 

This chapter presents the results of the analyses. Section 4.1 shows the reliability and validity of the 

measure and provides the descriptive statistics of the used dataset. Section 4.2 shows the results and 

testing for the hypothesis. Section 4.3 provides a post-hoc analysis.  

 

4.1. Descriptive Statistics 

Table 6 shows the correlations, minimum, maximum, mean, and standard deviations of all variables. 

The final dataset, used for the analysis, consist of 754 leads which all belong to the Benelux market. 

Of these leads, 612 leads are from the Netherlands, and 142 leads from Belgium. Leads are positioned 

into three segments: Office & Industry (213 leads), Public (313 leads), Retail & Hospitality (81 

leads). The leads are positioned into three channels: Consumer (16 leads), OEM (2 leads), 

Professional (643 leads). The dependent variable lead follow-up (LFU) consists of the leads converted 

to an opportunity by sales or customers converted to an existing account or contact. In this dataset 188 

out of 754 leads (24.83%) are followed-up.  
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Table 6: Correlation Matrix 

  
Abbreviation 

1 2 3 4 5 6 7 8 9 10 11 12 13 

Dependent Variables                            

1. Lead Follow-up LFU 1.000 

            
Mediator Variables                            

2. Time till correct Assign SPEED .117** 1.000 

           3. Number of Attempts QUAL -.035 .375** 1,000 

          
4. First Time Right  -.032 .369** .909** 1.000 

         5. Time till first assign  .129** .716** .121** .128** 1.000 

        
Independent Variables                            

6. Follow-up Comments IL -.038 -.364** -.285** -.298** -.341** 1.000 

       
Moderators                            

7. Qualification level UNC -.092** .283** .300** .314** .244** -.445** 1.000  

     8. Known to company  FAM .337** .004 -.075* -.088* .023 .010 .075* 1.000    

  
Control Variables                          

9. Country  -.118** .046 -.035 -.024 .023 -.048 -.030 .038 1.000    

 10. Channel  .157** .082** .048 .050 .086** -.055 -.109** .080* -.033 1.000    

11. Segment  -.013 .087** .174** .183** .047 -.140** -.007 .068* .129** .557** 1.000   

12. Experience  .062 .051 .036 .058 .044 -.077* .060 .072 -.016 -.020 -.018 1.000  

13. Inquiry Details  .007 -.029 -.023 -.019 -.027 .058* -.070* .036 -.038 .000 -.096** .034 1.000 

Minimum   0 0 1 0 0 0 0 0 0 0 0 0.5 0 

Maximum  1 8736 7 1 503 615 3 1 1 3 3 30 602 

Mean  0.25 -197.66 -1.68 0.56 -58.95 35.29 -1.71 0.04 0.81 2.57 1.73 5.6 46.40 

Standard Deviation  0.432 655.05 0.941 0.497 79.918 42.99 1.111 0.186 0.391 1.026 1.193 5.9 62.611 

*p<0.05, **p<0.01, N=754 Leads 

 

NOTE: Grey variables indicate the variables used for the Cox Regression, these are not considered for the testing the hypotheses 
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4.2. Testing Hypotheses 

To test the hypothesized model, three different type of regression methods are used for the 

relationships between information load, lead assigning quality, lead assigning speed, and lead follow-

up.  

 

Effect of Information Load on Lead Assigning Quality 

The results of Model 1 (see Table 7) show a negative effect of information load on lead assigning 

quality (B= -.190, p < .01), in support of hypothesis 1a. This implies that high amounts of available 

textual information lead to lower quality of the lead assigning process. Appendix B, Table 13, shows a 

comparable analysis, but in this case the total amount of words (i.e., #words of both inquiry details 

and follow-up comments) is taken as a measure for information load. The comparable study is not 

used to answer the hypotheses, as in this specific case the follow-up comments are more frequently 

used than inquiry details.  

 

Effect of Information Load on Lead Assigning Speed 

The results of Model 2 (see Table 8) show a U-shaped relationship for the effect of information load 

on lead assigning speed (B= .241, p < .01), with a strong negative effect of the main effect (B= -

2.205, p < .01). Because of the steep descending slope of the effect, the U-shape is close to a negative 

linear effect. This implies that high amounts of available textual information lead to lower speed of 

the lead assigning process. Appendix B, Table 14, shows a comparable analysis, for the total amount 

of words (i.e., #words of both inquiry details and follow-up comments) as measure for information 

load. Similar to the analysis on lead assigning quality, the comparable study is not used to answer the 

hypotheses. 
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Table 7. Hypothesized effects dependent variable Assigning Quality 

 

Model 1 

Main effect 

Model 2 

Quadratic effect 

Model 3  

Two-way effect    

Model 4 

Two-way Quadratic effect   

 

     Uncertainty Familiarity Uncertainty Familiarity 

Factor B SE B SE B SE B SE B SE B SE 

IL -.190*** .034 -.157 .115 -.144*** .043 -.327*** .096 -.262 .191 -.853 1.457 

IL 2 

  

-.006 .020 

    

.094 .202 .438 1.468 

Moderators                        

UNC 

  

  -.173*** .264 

  

.127** .049 

  FAM 

  

  

  

-.173 .264 

  

.078 0.640 

Two-way effect                       

IL x UNC 

  

  -.046 .047 

  

.296 .192 

  IL x FAM 

  

  

  

-.190 .122 

  

-.524 1.861 

IL2 x UNC  

  

  

    

-.324* .175 

  IL2 x FAM 

  

  

      

.174 1.468 

Control Variables                       

Country -.312*** .102 -.310*** .102 -.276*** .104 -.327*** .102 -.278*** .103 -.323*** .105 

Channel: 1 .296 .312 .304 .314 .494 .315 .301 .312 .378 .328 .206 .316 

Channel: 2 .541 .872 .534 .873 .864 .868 .547 .870 .899 .866 .568 .873 

Channel: 3 -.031 .212 -.024 .213 .100 .266 -.054 .213 .069 .227 .081 .227 

Segment: 1 -.290 .197 -.296 .198 -.328 .213 -.255 .198 -.314 .212 -.392* .214 

Segment: 2 .140 .193 .134 .194 .096 .211 .182 .195 .115 .211 .038 .213 

Segment: 3 -.165 .222 -.170 .223 -.148 .235 -.131 .223 -.123 .235 -.250 .236 

Experience .004 .007 .004 .007 .001 .007 .005 .007 .001 .007 .002 .007 

Inquiry Details .014 .031 .013 .032 .032 .032 .012 .031 .030 .032 .023 .032 

                        

Rsquared 14.3% 

 

14.3%  18.5%  15.0% 

 

19.3% 

 

16.9% 

 *p<0.1, **p<0.05, ***p<0.01 

 
Note: IL= Information Load, IL2= Quadratic effect Information Load, UNC = Uncertainty, FAM = Familiarity, Channel = Consumer, Channel 2= OEM, Channel 3= Professional, 

Segment 1= Office & Industries, Segment 2= Public, Segment 3= Retail & Hospitality 
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Table 8. Hypothesized effects dependent variable assigning Speed 

 

Model 1 

Main effect 

Model 2 

Quadratic effect 

Model 3  

Two-way Effect     

Model 4  

Two-way Quadratic Effect   

 

   Uncertainty Familiarity Uncertainty Familiarity 

Factor B  SE B  SE B SE B SE B SE B SE 

IL -.905*** .076 -2.205*** .250 -.682*** .088 -1.082*** .215 -2.881*** .410 -5.418* 3.102 

IL 2 

  

.241*** .044 

    

.344*** .063 .643 .455 

Moderators                        

UNC 

  

  .294*** .098 

  

.156 .106 

  FAM 

  

  

  

.127 .592 

  

1.264 1.362 

Two-way effect                       

IL x UNC 

  

  -.331*** .093 

  

.335 .413 

  IL x FAM 

  

  

  

-.241 .274 

  

-2.759 3.962 

IL2 x UNC  

  

  

    

-.459 .377 

  IL2 x FAM 

  

  

      

1.668 3.125 

Control Variables                       

Country -.058 .228 -.132 .222 -.120 .225 -.077 .230 -.081 .222 -.141 .223 

Channel: 1 .801 .698 .461 .680 1.310* .692 .805 .699 .347 .705 .080 .673 

Channel: 2 -1.144 1.949 -870 1.891 -.374 1.909 -1.130 1.952 -.333 1.861 -.762 1.859 

Channel: 3 .787* .473 .522 .462 .538 .470 .740 .478 .764 .487 .827* .484 

Segment: 1 .009 .440 .241 .429 .231 .432 .061 .445 .050 .456 -.037 .456 

Segment: 2 -.253 .432 -.006 .421 .046 .425 -.194 .438 -.236 .454 -.337 .454 

Segment: 3 -.838 .496 -.636 .483 -.536 .489 -.791 .500 -.723 .504 -.871* .502 

Experience -.003 .015 .006 .015 -.003 .015 -.002 .015 -.004 .015 -.002 .015 

Inquiry details .046 .070 .085 .069 .093 .069 .043 .070 .136 .069 .125* .069 

                        

Rsquared 29.9% 

 

34.2%  33.7% 

 

30.0% 

 

36.9% 

 

36.3% 

 *p<0.1, **p<0.05, ***p<0.01 

 
Note: IL= Information Load, IL2= Quadratic effect Information Load, UNC = Uncertainty, FAM = Familiarity, Channel = Consumer, Channel 2= OEM, Channel 3= Professional, 

Segment 1= Office & Industries, Segment 2= Public, Segment 3= Retail & Hospitality 
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Model 2 (see Table 9) shows an inverted U-shaped relationship for the effect of information load on 

lead assigning speed (first time right) (B= -.230, p < .05), with a positive slope (B= .669, p < 0.1). 

Model 1 has a -2 Log Likelihood of 899,809, which decreases when adding a quadratic effect in 

Model 2. Therefore, a better model fit is found for Model 2. Because of the steep ascending slope of 

the effect, the inverted U-shape is close to a positive linear effect. This implies that high amounts of 

available textual information lead to higher speed of the lead assigning process in case of the first time 

right.  

 

Table 9. Results Cox regression analysis in case of first time right, dependent variable: Time till first attempt 

 

Model 1  

Main effect 

Model 2 

Quadratic effect 

  

  

Model 3  

Two-way effect     

Model 4  

Two-way Squared effect   

 

    Uncertainty Familiarity Uncertainty Familiarity 

Factor B SE B SE B SE B SE B SE B  SE 

IL -.181* .108 .669* .372 -.186 .130 -.232 .313 .449 .399 .226 0,472 

IL 2 

  

-.230** .101 

    

-.176* .103 .732 0,473 

Moderators                          

UNC 

    

.279* .169 

  

.033 .259 

  FAM 

      

.178 1.081 

  

1.494 1,448 

Two-way 

effect                         

IL x UNC 

    

.216 .136 

  

.282 .203 

  IL x FAM 

      
-.069 .399 

  
.030 0,427 

IL2 x UNC  

        

-.317 .226 

  IL2 x FAM 

          

,732 0,473 

Control 

Variables                         

Country -.302 .283 -.168 .304 -.115 .310 -.318 .286 .079 .339 -.239 0,319 

Channel: 1 1.029 .854 1.009 .861 1.101 .904 1.027 .854 .961 .916 .866 0,862 

Channel: 2 

            
Channel: 3 .473 .827 .588 .834 .652 .839 .407 .846 .816 .847 .635 0,862 

Segment: 1 .311 .454 .144 .457 .232 .455 .377 .487 -.034 .469 .141 0,495 

Segment: 2 .446 .445 .300 .465 .445 .474 .503 .484 .080 .537 .219 0,531 

Segment: 3 

            
Experience .010 .017 -.002 .018 .005 .018 .010 .018 -.007 .018 -.005 0,019 
Inquiry 

details .022 .086 .006 .090 .034 .088 .014 .088 .000 .092 .029 0,096 

             -2 log 

likelihood 899.809 892.947 

 

896.799 899.525 889.869 889.756 

*p<0.1, **p<0.05, ***p<0.01 

 
Note: IL= Information Load, IL2= Quadratic effect Information Load, UNC = Uncertainty, FAM = Familiarity, Channel = Consumer, 

Channel 2= OEM, Channel 3= Professional, Segment 1= Office & Industries, Segment 2= Public, Segment 3= Retail & Hospitality, 

ID= Inquiry Details 
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Moderating effects of deliberative triggers 

Table 7 and 8, Model 3-4, show the results of the regression analyses, including both moderators – 

familiarity and uncertainty. Table 7, Model 3-4, does not show a significant moderating effect for 

familiarity on the relationship between information load and lead assigning quality, therefore H2a and 

H2b are rejected. Familiarity and uncertainty were also tested in the same model, but this made the 

moderating effect less strong, therefore the moderators are tested separately. 

 

Table 7, Model 3-4, show a moderating effect of uncertainty on the relationship between information 

load and lead assigning quality. The results show a borderline significant moderating effect for 

uncertainty on the curvilinear relationship between information load and lead assigning quality (B= -

.324, p<.1). As the moderator does not support a negative linear relationship between information 

load and lead assigning quality, but a quadratic relationship, H3a is not supported. The interaction 

effects in Figure 14 show when uncertainty high, lead assigning quality is high between certain levels 

of information load.   

 

 

 

Figure 13. Moderating effect Uncertainty on relationship Information Load and Assigning Quality 

 

Table 8, Model 3-4, show a moderating effect of uncertainty on the relationship between information 

load and lead assigning speed. The results show a significant moderating effect for uncertainty on the 

linear relationship between information load and assigning speed (B= .331, p<.001). Therefore, H3b is 

supported. The interaction effects in Figure 15 show when uncertainty is high, slower lead assigning 

speed occurs if there is a high information load, compared to low information load. At low levels of 

uncertainty, the difference in speed between high and low information load is much smaller. 

Therefore, the effect of high information load on lead assigning speed becomes stronger when 



 

38 

 

uncertainty is high.  lead assigning quality is high between certain levels of information load.  leads to 

a stronger effect on the relationship between information load and assigning quality.  

 

Figure 14. Moderating effect Uncertainty on relationship Information Load and Assigning Speed 

Speed and Quality on Lead Follow-up 

The results in Table 10 (Model 1), show a negative effect of lead assigning quality on lead follow-up 

(B= .329, p < .01). Therefore, H4a is rejected. This implies that, contrary of the expectations, the 

salespeople are less likely to follow-up on leads when lead assigning quality is high. 

Besides that, Model 1 shows a positive significant effect of lead assigning speed on lead 

follow-up (B= .198, p < .01). As there is no quadratic relationship, the relationship between speed and 

lead follow-up is linear. Model 1 shows a positive relationship therefore H3b is supported. This 

implies that higher lead assigning speed leads to an increased probability of lead follow-up. 

Table 10. Hypothesized effects dependent variable: Lead follow-up 

 

Model 1 

Main Effect  

  

Model 2 

Quadratic effect 

  

Factor B SE B  SE 

Quality -.329*** .112 -.836** .367 

Quality 2 

  

.099 .069 

Speed .198*** .047 .207* .126 

Speed 2 

  

-.001 .020 

Control Variables         

Country -.695*** .227 -.699*** .228 

Channel 1: Consumer 21.877 4041.667 21.910 4037.773 

Channel 2: OEM .413 28669.027 .491 28662.897 

Channel 3: Professional 19.681 4041.667 19.661 4037.773 

Segment 1: Office&Industry .878** .423 .871** .423 

Segment 2: Public .131 .424 .153 .424 

Segment 3: Retail&Hospitality .342 .486 .346 .486 

-2log likelihood 722,140  719,941  

*p<0.1, **p<0.05, ***p<0.01 
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4.3. Post-hoc analysis 

From the data analysis a paradox is found between number of attempts and the lead assigning process 

speed. From this finding a two-way interaction between assigning speed and quality on lead follow-up 

is expected. More attempts are necessary within a faster timespan in order to create a higher 

probability of lead follow-up, even though it was assumed that the lower the number of attempts the 

lower the time till correctly assigned. The results of the binary logistic regression suggest that 

salespeople have to approach the lead assigning process more like trial-and-error by using an intuitive 

approach towards decision making, instead of thinking more deliberate and therefore take more time 

to assign. Trial-and-error is not preferred as this will lead to a higher workload for salespeople for 

which actually no capacity and time is available, leading to a paradoxical situation 

One possible explanation is that variables quality and speed interact in their effect on follow-

up. It could be that making quicker decisions co-exist with less qualitative decision-making and as 

such jointly determine outcomes. To test this alternative explanation the two-way interaction effect of 

assigning quality and speed is measured. As can be seen in Table 11 Test 1, no two-way interaction 

effect is found.  

To better understand under which conditions the trial-and-error approach is feasible, two 

additional moderators are considered – experience and uncertainty. Previous studies show that 

experience allows an individual to make better decisions in less time, as more information is 

processed in an intuitive manner (Dane & Pratt, 2007; Hall et al., 2015). As the leads vary from one 

attempt till seven, the experience of the lead owner of the first attempt is used for this analysis. When 

a lead is longer in the system other aspects might influence the assigning process, such as the 

resistance to handle delayed leads (Hutchings, 1987).  

Uncertainty is measured as the qualification level of the lead. When the qualification level is 

low, or unknown, uncertainty is high. The higher the uncertainty, the more effective it would be to 

have deliberate decisions (Read et al., 2009). Deliberative decision are known to decrease the 

effectiveness of the decision (Denize & Young, 2007), therefore it is assumed that low uncertainty 

will enhance the relationship between assigning quality and speed. 

To test the additional moderators a binary logistic regression analysis was performed. 

Resulting from this analysis no significant moderating effect for experience is found. A significant 

two-way interaction is found for uncertainty (Table 11, Test 3), on the relationship between assigning 

quality and lead follow-up (B= -.278, p< .05). Figure 16 shows the two-way interaction, in which we 

can conclude when uncertainty is high, lower probability of lead follow-up occurs if there is a high 

lead assigning quality, compared to low lead assigning quality. At low levels of uncertainty, the 

difference in the probability for lead follow-up between high and low lead assigning quality is much 

smaller, close-to non-existing.  
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Figure 15. Two-way interaction Uncertainty x Assigning Quality on Lead follow-up 

 

Table 11, Test 4 shows a significant two-way interaction of lead assigning quality and speed on lead 

follow-up (B=.349, p <.05). Figure 17 shows the two-way interaction, in which we can conclude 

when lead assigning speed is low, lower probability of lead follow-up occurs if there is a high lead 

assigning quality, compared to low lead assigning quality. At high lead assigning speed, the difference 

in the probability for lead follow-up between high and low lead assigning quality is much smaller, 

close-to non-existing.  

 

 

Figure 16. Two-way interaction between Assigning Quality x Assigning Speed 

 

Table 11, Test 4 also shows a three-way interaction of uncertainty, lead assigning quality and lead 

assigning speed. The three-way interaction effect shows a positive moderating effect (B=.347, p 

<.05). Figure 18 shows the three-way interaction. Considering assigning leads under high uncertainty, 

when assigning speed is low (i.e., deliberate decisions), which will lead to a smaller probability of 

lead follow-up, in case of high lead assigning quality. Lead assigning under high uncertainty, when 

assigning speed is high (i.e., intuitive decisions), will lead to a higher probability of lead follow-up, in 

case of higher lead assigning quality.  
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Figure 17. Three-way interaction between Uncertainty * Quality * Speed  
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Table 11. Moderating effect of Experience, dependent variable: Lead follow-up 

             

 

Test 1 

Two-way interaction 

Quality & Speed 

  

 

Test 2 

Main Effect 

Moderators 

  

Test 3 

Two-way interactions 

 

 Experience 

 

 

Uncertainty 

Test 4 

Three-way 

interactions 

 Experience  Uncertainty 

Factor B  SE B SE B  SE B  SE B  SE B  SE 

Quality -.291** .130 -.140 .147 -.122 .169 -.344** .155 -.121 .169 -.373** .163 

Speed .189*** .049 .202*** .064 .137** .062 .245*** .054 .134** .063 .207*** .057 

Moderator                         

Experience 

  

.014 .019 .006 .021 

  

.004 .024 

  Uncertainty 

  

-.237** .116 

  

-.247** .106 

  

-.388*** .123 

Two-way interaction                         

QUALxSPEED .069 .119 

  

.107 .152 .196 .129 .110 .152 .349** .149 

QUALxEXP 

    

.023 .149 

  

.041 .164 

  SPEEDxEXP 

    

.198 .130 

  

.184 .140 

  QUALxUNC 

      

-.278** .141 

  

-.204 .151 

SPEEDxUNC 

      

.069 .119 

  

-.021 .129 

Three-way EXP 

        

.043 .165 

  Three-way UNC 

          

.347** .144 

Control Variables                         

Country -.682*** .228 -.638** .285 -.581** .287 -.636*** .228 -.588** .288 -.603*** .229 

Channel: Consumer 21.878 4038.847 21.484 4834.108 21.791 4862.090 21.968 3920.279 21.791 4863.806 23.419 3568.881 

Channel: OEM .430 28663.955 -.222 40482.631 .429 40485.982 .156 28161.896 .451 40486.188 1.454 28597.479 

Channel: Professional 19.687 4038.847 19.781 4834.108 19.768 4862.090 19.916 3920.279 19.759 4863.806 21.318 3568.881 

Segment: Office&Industry .882** .424 .404 .533 .549 .534 .831* .425 .558 .535 .757* .429 

Segment: Public .129 .424 -.217 .530 -.065 .533 .091 .426 -.055 .535 .075 .428 

Segment: Retail&Hospitality .351 .487 .082 .608 .301 .606 .269 .489 .310 .607 .192 .491 

             -2 log likelihood 721.802 

 

431.149 

 

426.537 

 

709.448 

 

431.155 

 

703.312 

 

*p<0.1, **p<0.05, ***p<0.01 
Note: QUAL = Quality, EXP = Experience, UNC = Uncertainty 
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5. Discussion and Conclusion 

This study tried to identify factors affecting the lead assigning process and the effect on the 

probability of lead follow-up in the M2O process. First, in paragraph 5.1, a more detailed explanation 

is given on the findings of this research and the theoretical contributions to the lead follow-up studies. 

After that, paragraph 5.2, the managerial contributions are provided using CIMO-logic. Last, 

paragraph 5.3, the limitations of this research are explained and possibilities for further research are 

given.  

 

5.1. Findings and theoretical implications 

Regarding research sub-question one; this study used three different theoretical literature streams (i.e., 

lead follow-up literature, decision making theory, and information processing theory). This study 

contributes to current research on lead follow-up, by conforming the importance of increased lead 

assigning speed on the probability of lead follow-up. This is in line with literature on delays in the 

lead process, which are expected to negatively influence lead follow-up (Hutchings, 1987; Smith et 

al., 2006). Additionally, this study contributes to decision-making theory, by creating new insights on 

the effect of deliberative decision approach when assigning leads. When a situation is uncertain, a 

deliberative approach is expected. Results of this study show that deliberatively assigning (i.e., slow 

assigning) under high uncertainty and high lead assigning quality leads to a lower probability of lead 

follow-up. Although this was an unexpected outcome, this might be in line with recent studies which 

concluded that an intuitive approach enhances decision making effectiveness, by being able to better 

select from complex information (Hall et al., 2015). At last this study contributes to information 

process theories, by confirming the effect of assigning leads under high and low information load. 

This study shows a negative effect on assigning quality and speed when information load is high. This 

is in line with theories on information processing, which imply that decision effectiveness is low 

when information load is high (Lane & Staelin, 1987).  

 

Regarding sub-question two, this study found several factors that effectively explain the lead 

assigning process. Information load is found as a factor for decreasing the lead assigning process 

effectiveness. Higher information load has a negative effect on the lead assigning quality and speed. 

This is in line with previous research, that show that increasing information load leads to an increase 

in the complexity of the decision and therefore decision effectiveness decreases (Denize & Young, 

2007). Deliberative triggers, such as uncertainty or familiarity, were expected to have a moderating 

effect on the relationship between information load and assigning quality and speed. This study 

provides a new insight on processing information in case of assigning leads to salespeople under 

uncertainty. This research shows that in a situation of high uncertainty, lead assigning speed 
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drastically decreases for leads with a high information load compared to low information load. At low 

uncertainty the effect on lead assigning speed is very low. This is in line with van der Borgh & 

Schepers (2017), who propose that individuals are more committed to act in more certain situations. 

Therefore, a salesperson will show more commitment towards more certain situations in assigning 

leads, and therefore might postpone the assigning of uncertain leads. Since assigning of uncertain 

leads is postponed, the lead assigning speed decreases in these cases which affects the possibility for 

lead follow-up. Although uncertain leads are assumed to be less valuable, still 66 (out of 187) 

followed-up leads originate from high uncertain leads (i.e., lead qualification level unknown or low). 

Therefore, high lead assigning speed is important in high uncertain situations, to be able to increase 

lead follow-up.   

 

Regarding sub-question three; a paradoxical situation is noticed for the impact of lead assigning 

quality and speed on lead follow-up. According to the results low assigning quality and high assigning 

speed provide a high probability of lead follow-up. This is an unexpected outcome, which is 

noteworthy as this implies that trial-and-error approach towards lead assigning would increase the 

probability of lead follow-up. Trial-and-error is not preferred since this increases workload for 

salespeople for which actually no capacity and time is available. Under certain conditions, lead 

assigning quality and speed interact in their effect on actual lead follow-up. When lead assigning 

speed is low and the lead assigning quality is high, the probability of lead follow-up decreases. The 

probability of lead follow-up is not influenced by the lead assigning quality in case lead assigning 

speed is high. Therefore, it is desired to have salespeople assign leads fast. 

The variables uncertainty, lead assigning quality, and lead assigning speed, all three interact 

in their effect on lead follow-up. In line with studies on information processing, this study shows that 

an intuitive approach enhances decision making effectiveness which results in a better performance 

(Hall et al., 2015). Lead assigning speed is the most important predictor of lead follow-up, regardless 

of the lead assign quality (i.e., assigning leads first time right) and the level of uncertainty. In 

situations of high uncertainty and low lead assigning quality (i.e., more assigning attempts), high 

speed weakens the negative effect of high uncertainty and low lead assigning quality. Therefore, it is 

once more confirmed that it is desired for salespeople to assign leads fast. 
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5.2. Managerial Contributions and recommendations 

Regarding sub-question 4, this study suggests factors which influence the probability of lead follow-

up. Managerial recommendations for Company X are proposed with CIMO logic mechanisms. CIMO 

logic combines “the problematic Context, for which the design proposition suggests a certain 

Intervention type, to produce, through specified generative Mechanisms, the intended Outcome” 

(Denyer, Tranfield, & Van Aken, 2008, p. 393). Three CIMO mechanisms are proposed. 

 

Lead follow-up 

When uncertainty is high (i.e., lead qualification level is low or unknown) while assigning leads to the 

correct lead owner (C), it is important for salespeople to assign the leads intuitively (assign lead fast) 

(I) to have a higher probability of choosing the correct lead owner at once (M) in order to improve the 

probability of lead follow-up (O). 

 

This research shows that when leads are assigned intuitively in high uncertain situation the probability 

of lead follow-up increases. In most cases making intuitive decisions is not preferred as this type of 

trial-and-error assigning will lead to more workload for salespeople. High uncertainty means that 

leads are not qualified or are qualified as “cold” leads according to the BANT-criteria. These leads 

might give the impression that they are not as important as high qualified leads. However, these leads 

represent 35% (i.e., 66 out of 187 converted leads) of the followed-up leads and should therefore not 

be ignored. Nor should the focus be purely on high qualified leads. In case of high qualified leads, the 

assigning of a lead shows to be more deliberate, and therefore the assigning process might take more 

time. Considering these insights, time restricted KPI’s can be set for the company in case of either 

high or low qualified leads.  

 

 

Initial information 

When the virtual contact center receives additional information on a lead (C), it is important to create 

awareness at employees on the most efficient amount of words for the follow-up comments (I) in 

order to increase lead assigning speed (M) to improve the lead follow-up probability (O). 

 

Company X is interested in speeding up the lead assigning process, to have salespeople call back 

prospects within three days [Interview 3]. This research showed that more words in the follow-up 

comments of the lead (i.e., initial information load) result in a decrease in assigning speed. This 

means when information load is high, the time till a lead is correctly assigned increases. This can be 

explained by the fact that more information increases the complexity of a decision, and therefore 

uncertainty increases. Since people prefer to handle situations which are certain, the chance for 
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uncertain situations to be postponed and delayed, will influence the speed. Further research should 

determine the maximum amount to be most efficient in the assigning process and possibly look in to 

the type of words which are key for decision-making. For now, it is most important to create 

awareness for employees working at the virtual contact center, about their position in the follow-up 

rate. Creating awareness might stimulate the motivation and commitment towards information 

registration (Meyer et al., 2004), which possibly increases the lead assigning process and therefore 

lead follow-up. 

 

 

Process mining 

When a visualization of bottlenecks in the sales process are required for process optimization (C), it is 

important for Company X to generate an additional lead report (I) to make it easier to use process 

mining as tool to visualize bottlenecks (M) in order to provide data-supported optimization plans(O). 

 

This recommendation relates to the processing of available data in the company. Although the 

company has massive amounts of data available to support their decision-making processes at 

different levels within the company, currently the data of the lead and opportunity process are stored 

in different data warehouses with different data structures. As this research clearly shows the benefit 

of analyzing this kind of data, it is important to store all data at one place. In addition, the data should 

be sorted and coded for specific analytical techniques like process mining, because currently data 

needs too much cleaning and preprocessing before it is ready to use. Appendix C shows a step-by-step 

explanation on how the data on the lead process is prepared for process mining using the tool Disco. 

This will enable Company X to use process mining, till a more appropriate data source is created. The 

way of using process mining, as done for this study, is too time consuming. Therefore, it is 

recommended to invest in possibilities of sorting and ordering the data for process mining. An 

example would be to create a new data lake, in which lead data and opportunity data (and preferably 

inquiry data) is stored. This will increase the probability of using process mining in the future. 

 

5.3. Limitations and Future Research 

This research explores new ground but also suffers from some limitations. These limitations serve as 

opportunities for future research. First, this research used data of only one market in one company. 

Although the choice for focusing on one company was useful for eliminating potentially disturbing 

factors, it also limits generalizability to other settings. It would therefore be advised to perform this 

study for multiple markets in the company, and test multiple other companies in order to create 

generalizability.  
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Second, while the strength of this study is the use of real behavioral data, augmented with 

exploratory analysis (both qualitative and quantitative), it does not provide the reasoning behind the 

actions in the decision-making process of individual employees. In this case, the choice for focusing 

on especially company data was based on recommendations in previous research (Sabnis et al., 2013). 

Besides that, the name-change of Company X created limitations for the availability of employees and 

their input. However, this did not influence the current data, because all leads which were used, were 

retrieved before the name change. Future research should combine the current study with previous 

lead follow-up studies, to be able to evaluate the data more thoroughly in the context.   

Third, this study used was limited to the information load of initial information. Further 

research could examine and explore multiple information sources. It would be interesting to define 

what initial information is used to assign a lead. Approaches could be for example using eye-tracking 

methods, or qualitative interviews, to enrich the current knowledge on initial information onlead 

assigning. Combining qualitative data with the current study might result in relationships between 

certain key-words which possibly function as a prediction for correctly assigning when applying for 

example text-mining. 

Finally, the variable assigning speed is investigated on an aggregated level and therefore 

limited to the total time till correctly assigned. Other levels of time could be studied, such as time 

between events, or maximum and minimum time between events. The findings for the different 

approach might provide a more in-depth analysis on the how people assign leads. Questions to be 

answered are for example; are leads assigned more quickly when a lead has been assigned before (i.e., 

there is updating of information) or will the time between attempts increase as the importance and 

commitment to the lead will fade.  

In sum, this research explores new ground with respect to lead assigning quality and speed 

and how this impacts lead follow-up of salespeople. Although this study provides crucial information 

in the link between information availability and the assignment process, it also shows that the process 

is complex and deserved more attention in future research. 
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7. Appendices 

A. Orientating interviews 

Motivation 

The goal of the interviews was to create insight in the problems or opportunities within the M2O 

process of Company X. The proposed problems will be validated by using process mining as a tool. 

The interviewees are selected across different function within the M2O process. All are involved in a 

phase within lead management, this ranges from the when a lead is created toward when a lead is 

converted into an opportunity.  

 

Data Collection 

The data is collected in a semi-structured manner. This means the interview was guided towards 

certain question, but there is an option for an interviewee to provide own input. The general questions 

used in the interview are: “Where do you think the bottleneck is in the process?”, “What solution do 

you see for the problem”. All interviews were conducted in person and took 45 minutes on average. 

As these interviews were orientating interviews, the conversation is not audiotaped. Though three out 

of four interviewees send extra information on the discussed topic. 

 

Method 

To analyze the information gathered from the interviews, open coding is performed. From open 

coded, axial coding was used to derive a conceptual level instead of a descriptive (Glaser et al., 1968). 

The goal is to come to a core description of what is happening and the reason for that. This would 

hopefully lead to import topics for investigation. After that a selective coding is created to categorize 

different factors.  
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Table 12. Open coding, axial coding, and selective coding results of orientating interviews 

Key words interviews  Open coded  Axial code Selective code 

Miscommunication, 

Marketing and Sales, 

some countries do not fill 

in qualification criteria, 

countries do not see value 

in qualification [1] Are 

other markets ready to 

adjust? [3] 

Miscommunication; 

misunderstanding; 

marketing to sales  

Understanding each 

other is difficult 
Socio-cultural 

impact 

Different opinions; 

development level of 

markets is different 

Cultural differences in 

way of handling 

Leads end up in lead 

blackhole [1] Lead 

volume grows, Capacity 

& money declines, time 

spent on wrong leads [2], 

Faster, target too low, 

automation is essential to 

speed up [3] no 

knowledge, low score 

speed of handling, one 

process with exceptions is 

impossible, differentiation 

needed [4] multiple data 

warehouses; difficult 

overview of process [5] 

Customer waiting period 

takes too long; speed of 

handling too slow; from 

customer contact center to 

sales representatives takes 

too long; manual 

procedures delay process 

Wanting the speed of 

handling to be optimal 

Sales process 

performance  

Not enough capacity; not 

enough money, not enough 

knowledge; increasing lead 

volume; targets set too low 

Wanting the best 

performance for the 

least money and effort 

No insight in entire 

process; multiple 

warehouses 

Digital processes are 

too complex 

Process structure too strict; 

no room for differentiation 

Wanting a functional 

structure for the market 

to order process 

Leads end up in lead 

blackhole [1] low score 

proactive communication 

[4]  

Proactive communication; 

customer goes to 

competitor; customer not 

satisfied 

Wanting the customer 

to be satisfied 

Customer 

satisfaction 
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B. Information Load 

Table 13 and 14 on the next pages present the analysis of information load on the assigning quality 

and speed. In this case the information load means the sum of words of both the inquiry details and 

the follow-up comments. In that case the total amount of initial information is measured, to compare 

with the results of the analyses on only follow-up comments.  

 

Model 1, Table 13 shows a negative effect of total information load on lead assigning quality (B= -

.080, p < .01). This implies that high amounts of available textual information lead to lower quality of 

the lead assigning process. Model 4 shows a moderating effect of uncertainty on both the curvilinear 

(B=.515, p<.01) and linear relationship of information load (B= -.556, p<.01) on lead assigning 

quality.  

 

Model 2, Table 14 shows a U-shaped relationship between total information load on lead assigning 

speed (B= .068, p < .01) with a strong negative effect (B= -1.168, p < .01) this implies that high 

amounts of available textual information lead to lower speed of the lead assigning process. Model 4 

shows a moderating effect of uncertainty the curvilinear on lead assigning quality (B= -.012, p < .01).  
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Table 13. Total information load, dependent variable: Assigning Quality 

 

Model 1   Model 2   Model 3       Model 4       

 

        Uncertainty Familiarity Uncertainty Familiarity 

Factor B  SE B SE B  SE     B SE B SE 

InfoTotaal -.080*** .023 -.189* .100 -.025 .025 -.196** .087 -.169 .125 .004 .650 

InfoTotaal2 

  

.010 .009 

    

.009 .010 -.160 .052 

Moderators Main effect                         

UNC 

    

.196*** .042 

  

.172*** .042 

  FAM 

      

-.158 .283 

  

-.230 .332 

Moderators two-way effect                         

InfoTotal x UNC 

    

-.041 .043 

  

.515*** .196 

  InfoTotal x FAM 

      

-.241 .174 

  

.396 1.299 

InfoTotal2 x UNC 

        

-.556*** .193 

  InfoTotal2 x FAM 

          

-.596 1.178 

Control Variables                         

Country -.317*** .104 -.329*** .105 -.301*** .102 -.326*** .104 -.306*** .102 -.339*** .105 

Channel: Consumer .343 .318 .325 .318 .609* .315 .350 .317 .464 .319 .330 .318 

Channel: OEM .660 .888 .686 .888 1.010 .871 .653 .886 1.084 .865 .683 .887 

Channel: Professional .070 .214 .062 .214 .042 .212 .065 .215 .001 .211 .055 .215 

Segment: Office & Industry -.346 .200 -.342* .200 -.222 .197 -.337 .200 -.220 .196 -.330* .200 

Segment: Public .083 .196 .084 .196 .205 .193 .106 .197 .212 .192 .106 .197 

Segment: Retail & Hospitality -.329 .223 -.321 .223 -.116 .222 -.303 .223 -.085 .221 -.291 .224 

Experience .007 .007 .008 .007 .005 .007 .008 .007 .005 .007 .009 .007 

             Rsquared 10.8% 

 

11.1% 

 

15.3% 

 

11.5% 

 

16.8% 

 

11.8% 

 *p<0.1, **p<0.05, ***p<0.01 
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Table 14. Total information load, dependent variable: Assigning Speed 

 

Model 1   Model 2   Model 3       Model 4       

 

        Uncertainty Familiarity Uncertainty Familiarity 

Factor B  SE B SE B  SE     B SE B SE 

InfoTotaal -.395*** .054 -1.168*** .236 -.208*** .058 -.341 .208 -.715** .290 .992 1.533 

InfoTotaal2 

  

.068*** .020 

    

.038 .024 -.105 .122 

Moderators Main effect                         

UNC 

    

.559*** .097 

  

.513*** .098 

  FAM 

      

-.250 .677 

  

-.729 .781 

Moderators two-way effect                         

InfoTotal x UNC 

    

-.380*** .099 

  

.689 .455 

  InfoTotal x FAM 

      

.111 .415 

  

4.366 3.062 

InfoTotal2 x UNC 

        

-.012*** .446 

  InfoTotal2 x FAM 

          

-3.978 2.777 

Control Variables                         

Country -.085 .247 -.085 .246 -.105 .237 -.082 .248 -.126 .236 -.166 .247 

Channel: Consumer 1.023 .756 .895 .749 1.918*** .728 1.021 .758 1.581** .737 .891 .749 

Channel: OEM -.587 2.112 -.399 2.089 .358 2.011 -.590 2.116 .557 2.003 -.390 2.091 

Channel: Professional 1.357** .510 1.199** .504 .986** .489 1.274 .513 .935* .489 1.205** .507 

Segment: Office & Industry -.252 .476 -.221 .471 .163 .456 -.262 .478 .161 .453 -.218 .472 

Segment: Public -.587 .467 -.516 .462 -.107 .462 -.533 .470 -.110 .445 -.529 .465 

Segment: Retail & Hospitality -1.603*** .530 -1.546*** .524 -.904* .513 -1.618*** .533 -.853* .511 -1.536*** .527 

Experience .012 .017 .016 .016 .006 .016 .012 .017 .007 .016 .015 .017 

             Rsquared 17,40% 

 

9,40% 

 

24,20% 

 

17,40% 

 

27,10% 

 

19,80% 

 *p<0.1, **p<0.05, ***p<0.01 
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C. Process mining step-by-step 

Process mining is a very useful analytical tool used to visualize the steps and bottlenecks in a process. 

For this thesis process mining was used for the lead and opportunity process of Company X. Here a 

step-by-step explanation will be given on how the data was retrieved and prepared for process mining. 

 

1. Download the report 

If you go to salesforce.com you can navigate to report and start a “new report”. From multiple options 

I navigated to Leads > Lead history report. After selecting this option, a new screen shows, and you 

can decide: within which timeframe do you want your report and maybe select a market. Columns 

will show.  

 

2. Choose variables  

Of all columns the only necessary columns are: Edit date, Field/Event, Old value, New Value. The 

rest may be deleted if in that case not necessary. More variables can be added but most important to 

add: Lead ID, Inquiry details, Follow-up Comments, and Reason for rejection. The lead ID, edit date, 

and field/event are the basics needed for process mining, inquiry details, follow-up comments and 

reason for rejection are needed to filter out test-leads. 

 

3. Open in excel 

When all variables are chosen, the report can be saved and run. When the report ran, the report can be 

exported, which will lead to a report being downloaded. An Excel file is downloaded to your 

computer.  

 

4. Choose events necessary to plot 

Once the Excel file is downloaded, the file can be opened in Excel. This file is not yet ready to be 

used for process mining. The variables in the function/event columns should be sorted out on what is 

necessary to plot in the process visualization and what is not. The first step is removing the test leads. 

These can be found in the descriptions of the column inquiry details or reason for rejection. By 

removing it is meant to delete the entire row. 

The second step is to remove the field/events which do not contribute to the process flow. In 

my case these field were: Lead Identification date (because this is the same date as the event: created), 

Company, Country, First Name, Last Name, Salutation, work e-mail, reason for rejection, and Lead 

Converted. By using the filter function in excel, these variables can be selected. All rows containing 

these variables can be deleted. 
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The third step is adjusting certain names of field/events for example “Existing Account” into 

“Added to Existing Account”, to clarify the steps when process mining is used. These variables are 

the once visible in the process mining visualization. 

Fourth step is a combination of the column “field/event”; variable Lead Owner and the 

column “new value”. The new value is used because at that certain timestamp the lead changes into 

this new value. For the new value X the function “lead owner” is changed to “Lead Catcher” 

(depending on who the lead catcher is for that specific market). For all other names the value of “lead 

owner” is changed into “Assigned to Account Manager”.  

Fifth step is changing the function “Lead Stage” in the column field/event for the new value 

“Closed”, into closed. All rows of the “Open” and “Unknown” values are deleted, because process 

mining is only interested in when the lead is closed, not when it is open or unknown. 

Sixth step is changing the field/event “Lead Status” into every new value it has. Examples of 

functions for lead status are “No Lead”, “Rejected”, “Converted to an Opportunity”, “Converted to 

Marketing Qualified Lead”, “Converted to Sales Qualified lead” and more.  

The seventh step, taken for process mining, is filtering the data to ensure all data has the 

function “Created” and “Closed”. This is done by using a self-written Excel Macro which 

automatically copies only these leads who have the event created and closed. In the following table 

you can see the amount of leads and events after preparing the data.  

 

5. Load into Disco 

The process mining tool Disco is used to perform the analysis in. When you load the prepared data 

file in Disco, the columns should be labeled. Lead ID is given the label…, Edit date is given the time 

label, and Field/Event is given the event label. Process mining is now ready to run.  

 

6. Inconsistencies 

The model should be analyzed for certain inconsistencies to overcome irregularities. One common 

mistake is the order of events. Sometimes two events happen at the same time. More logical would be 

for example to have the lead being created first before it is send to the lead catcher, but as this 

happens at the same time these variables sometimes switch. Process mining will show arrows from 

lead catcher to the event created. This should be solved in Excel.     

 

 

 

 


