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A B S T R A C T

Understanding how the use of IT influences the performance of inside sales is imperative, yet there is a lack of
research in this area. This study empirically validates a conceptual model based on the Technology-Task-Fit
theory, capturing the impact of lead management systems (LMS) on inside sales performance through the fol-
lowing mediators: task characteristics (call quantity and lead follow-up intensity), selling behavior (adaptive
selling), and salesperson characteristics (technical and salesmanship skills). Using PLS-SEM on 108 responses
collected from sales professionals, our analysis shows that the use of LMS in inside sales affects performance via
improving salespeople's adaptive selling and lead follow-up intensity, technical and salesmanship skills; together
these variables explain over a half (55%) of the variance of sales performance. Our findings aim to inform
academics and practitioners on the key enablers of inside sales performance and IT usage approaches that can
optimize marketing output in the inside sales industry.

1. Introduction

Advances in information technology (IT) have been the catalyst for
significant changes in sales operations (Rapp, Agnihotri, & Forbes,
2008; Rutherford, Marshall, & Park, 2014). The reaction to these
changes has forced most organizations to restructure their sales func-
tions through a rapid increase in the utilization of inside sales (Gessner
& Scott Jr, 2009; Järvinen & Taiminen, 2016). Inside sales refer to a
sales method that uses one or more IT tools to execute routine sales
tasks remotely (i.e., over the phone, e-mail, the Web, and other In-
ternet-based technologies) without the traditional face-to-face interac-
tion with customers (Seley & Holloway, 2008).
Pursuing leads (i.e., potential customers) until qualification and/or

conversion to sale is a fundamental function of inside sales (Pullins,
Timonen, Kaski, & Holopainen, 2017). Resources are spent on mar-
keting to generate these leads through advertising, web campaigns and
trade shows, but most of the leads are ignored and never contacted by
salespeople (D'Haen, Van den Poel, & Thorleuchter, 2013; VanillaSoft,
2014) because of poor work conduct among salespeople (Monat, 2011;
Sabnis, Chatterjee, Grewal, & Lilien, 2013), and/or improper lead
management systems (D'Haen, Van den Poel, Thorleuchter, & Benoit,
2016; Smith, Gopalakrishna, & Chatterjee, 2006; VanillaSoft, 2014). It
is safe to say that marketing efforts in lead generation are worthless if
leads are not properly managed. Yet, the literature lacks studies that

suggest effective lead management practices can improve inside sales
performance. The literature presently has two major limitations.
First, there is currently a shortage of research studies on inside sales

in general. Particularly, little is known about factors that improve lead
management outcomes in inside sales (Ohiomah, Benyoucef, &
Andreev, 2016). It was suggested that factors that improve the perfor-
mance of outside sales may not necessarily do the same for inside sales
because of the differences in sales interactions, selling tasks, environ-
ment, and organizational contexts (Chapman, 2018; Rutherford et al.,
2014; Singh & Koshy, 2010). Yet, existing studies have mostly focused
on identifying factors that improve the lead management outcomes of
outside sales (Rutherford et al., 2014) while often ignoring inside sales
(Harmon & Funk, 2014).
Second, little has been done to investigate sales-technology ap-

proaches to the inside sales process that can help shape future devel-
opment decisions and enhance sales performance (Kuruzovich, 2013;
Ohiomah et al., 2016; Rutherford et al., 2014). Prevailing studies on the
role of IT in sales have focused primarily on outside sales (Ahearne,
Jones, Rapp, & Mathieu, 2008; Ferrell, Gonzalez-Padron, & Ferrell,
2010; Honeycutt Jr., 2005). Inside sales are fundamentally metrics,
process, and technology-driven, and they rely on innovative IT tools to
engage and develop relationships with prospects and customers (Seley
& Holloway, 2008). It should be noted that many inside sales programs
have failed to reach their objectives because of the shortfalls of poor
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Customer Relationship Management (CRM) systems or related IT tools
that support inside sales activities (Marketo, 2008). Still, to the best of
our knowledge, no study has empirically investigated the effect of lead
management systems on inside sales performance. Lead management
systems (LMSs) are IT tools designed to automate and support effective
lead management. They are the most deployed technology by inside
sales organizations (Ostrow, 2009), and as a result, they represent an
important investment (Maddox, 2013). Without effective LMSs, leads
generated through marketing campaigns can hurt downstream sales
outcomes because of wasted effort on poorly qualified leads and/or
delays and inefficiencies in following up with leads (Smith et al., 2006).
Currently, LMSs can be classified into List-based and Queue-based
LMSs. A list-based LMS provides a salesperson with a long list of leads
and it is upon the salesperson to filter and select which leads to manage.
Lead selection in these systems relies heavily on the salesperson's in-
dividual decision-making capability. When a salesperson is done with a
lead, he/she goes back to the list to find the next best lead to contact
based on his/her qualification criteria. A queue-based LMS uses pre-
defined business rules and a configured workflow sequence to auto-
matically filter and provide a salesperson with the next-best lead to
manage. When a salesperson is done with a lead and enters the result of
the call into the system, the system automatically selects the next best
lead to be contacted by the salesperson. Here, decisions on who man-
ages what leads are taken by the LMS based on predefined business
rules set by the organization. Knowing which lead to contact, how and
when to contact the lead represents a significant challenge for inside
salespeople. Such knowledge directly impacts the performance of inside
sales, yet existing literature falls short of this needed knowledge.
We address these gaps in the literature by answering the following

question: “What is the role of LMS use on key drivers and enablers of inside
sales performance?” We aim to understand the impact of employing both
LMS types (List-based and Queue-based) and how both approaches in-
fluence key enablers of inside sales performance. Accordingly, our re-
search objectives are (1) to introduce and empirically validate a con-
ceptual model that captures how LMS use influences key factors of
inside sales performance; (2) to investigate the difference between how
List-based and Queue-based systems influence inside sales performance;
and (3) to provide LMS adopters with recommendations regarding LMS
use in order to improve inside sales performance. We argue that the
problems encountered by inside sales organizations with regard to lead
management can be addressed by highly efficient LMSs. The systems
and procedures used to manage leads are key determinants for sales
success. Therefore, organizations need comprehensive LMSs that are
built on best practices.
This study makes three main contributions. First, we introduced a

conceptual model based on the Technology-to-Performance Chain
(TPC) of the Task-Technology-Fit (TTF) theory by Goodhue and
Thompson (1995). Second, after developing and administering an on-
line survey, we employed Partial Least Squares Structural Equation
Modeling (PLS-SEM) to assess the model. Third, we identified the the-
oretical and practical implications of our findings, namely, that “lead
management systems affect inside sales performance via improving sales-
people's adaptive selling, lead follow-up intensity, technical skills and
salesmanship skills, and together these variables explain more than half
(55%) of the variance of inside sales performance”.
This paper is organized as follows. Section 2 presents the theoretical

background and formulation of our conceptual model. The research
design, data collection and analysis method are detailed in Section 3. In
Section 4, we provide an evaluation of our conceptual model using PLS-
SEM guidelines. Finally, in Section 5, we discuss the findings of our
research and detail key theoretical contributions, practical implica-
tions, limitations, and future research opportunities.

2. Theoretical background

This paper extends a conceptual model previously introduced in

Ohiomah et al. (2016). The conceptual model was proposed but was not
empirically validated. The model was developed through a synthesis of
the literature and was centered on the Technology-to-Performance
Chain (TPC) of the Task-Technology-Fit (TTF) theory by Goodhue and
Thompson (1995). The TTF-TPC theory argues that individuals' use of
IT influences their performance and that the benefits will be higher only
if IT is properly utilized and fits the requirements of the task it supports
(Goodhue & Thompson, 1995). This theory helps in understanding the
link between LMS use and inside sales performance through the com-
pletion of the lead management task. Furthermore, this theory is not
only concerned with technology, task, and individual characteristics
but also accommodates the assessment of individual attitudes and be-
haviors.
Previous studies investigating sales performance have espoused the

TTF-TPC theory (e.g., Ahearne et al., 2008; Hunter & Perreault Jr, 2006;
Román & Rodríguez, 2015) but their focus was on outside sales. We
argue that the literature can benefit from a technology-to-performance
chain model for inside sales, particularly to provide insights on how
technology (i.e., LMSs) use can support lead management activities and
drive inside sales performance. Moreover, recent studies argue that the
mediating role of key selling factors in the association between tech-
nology use and performance remains unexplored (Román & Rodríguez,
2015). Hence, we propose a model classifying the impact of LMS use on
inside sales performance through the following mediators: (1) Task
characteristics (i.e., activities performed by individuals to achieve out-
puts (Goodhue & Thompson, 1995); (2) Selling behavior (i.e., what
salespeople do during the execution of selling-related activities to aid
the performance of their jobs); and (3) Salesperson's characteristics
(i.e., a combination of a salesperson's selling-related knowledge, skills,
attitude, role perception and motivation portrayed during selling).

2.1. Conceptual model

The conceptual model (Fig. 1) suggests that LMS use indirectly in-
fluences inside sales performance through the following mediating
variables: task characteristics (i.e., call quantity and lead follow-up in-
tensity); selling behavior (i.e., adaptive selling); and salesperson char-
acteristics (i.e., technical skills and salesmanship skills). Consistent with
Barker's (1999) perspective that salespeople should be evaluated based
on output and behaviors that they can control, our conceptualization of
sales performance refers to the degree of efficiency and effectiveness to
which a salesperson achieves the objectives of lead management for an inside
sales organization (Ohiomah et al., 2016).

2.1.1. Mediating variables-to-sales performance
2.1.1.1. Call quantity. Call quantity refers to the number of sales calls
made by salespeople to contact a lead through the phone or Internet
technologies with the intention of selling a product or service. Call
productivity (i.e., number of calls over hours worked) is said to increase
performance in Ahearne, Hughes, and Schillewaert (2007). However,
the use of hours worked can be a misleading when assessing call
productivity of salespeople because it also includes the time
salespeople spend on non-selling activities (e.g., territory
management). Accordingly, scholars have advised against the use of
hours worked to measure sales input activities (Rapp et al., 2008).
Ahearne et al. (2008) found that call activity (i.e., number of calls) had
a positive and significant relationship with performance. Furthermore,
the number of sales calls has served as a key measure of a salesperson's
efficiency (Zallocco, Pullins, & Mallin, 2009) and hard work (Rapp,
Ahearne, Mathieu, & Schillewaert, 2006). Thus, we posit that.

H1. Call quantity positively affects sales performance.

2.1.1.2. Lead follow-up intensity. Following up on leads during pre-sale
and post-sale is an essential part of salespeople's job design (Pullins
et al., 2017). Lead follow-up intensity is the degree to which a
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salesperson closely pursues leads and maintains contact with them until
the close of a sale or until a lead is abandoned (Sabnis et al., 2013).
Within inside sales practice, persistency, consistency and speed to
contact are key factors in salespeople's lead follow-up endeavors and
are seen by practitioners as significant sales performance indicators
(Elkington & Oldroyd, 2016; Sabnis et al., 2013; Smith et al., 2006).
Smith et al., (2006) suggested that leads contacted immediately (i.e.,
within the first 5 days of being identified) have a 20% better chance of
making a purchase than those contacted afterwards. Sabnis et al.,
(2013) found that salespeople perform better when they increase their
lead response and follow-up activities. Therefore, we argue that.

H2. Lead follow-up intensity positively affects sales performance.

There are several channels used by salespeople to contact leads,
including phone, email, SMS, and social media (e.g., Twitter and
LinkedIn), in order to nurture leads and take them from being aware of
a product/service until they make a purchase decision. In order to
follow up on leads, salespeople must make calls. Hence call quantity is
an essential component of the lead follow-up process in inside sales. An
increase in the number of a salesperson's calls will increase his/her
contact ratio via a shorter sales cycle (i.e., from first contact attempt to
close of sale) (Ohiomah et al., 2018). Bradford, Johnston, and Bellenger
(2016) found that increased effort (i.e., the average number of sales
calls per week) reduced sales cycle time, and ultimately improved lead
conversion outcomes. Furthermore, every attempt to connect with a
lead improves contact persistency and consistency, interaction dura-
tion, and overall follow-up intensity (Moutot & Bascoul, 2008; Smith
2006). Hence, we argue that.

H3. Call quantity positively affects lead follow-up intensity.

2.1.1.3. Adaptive selling. Adaptive selling means modifying “selling
behaviors during a customer interaction or across customer interactions
based on perceived information about the nature of the selling situation”
(Weitz, Sujan, & Sujan, 1986, p. 175). The successful implementation of
adaptive selling requires that a salesperson senses customers'
personalities, moods, information needs, risk aversion, etc., and then
modifies selling strategies to match the needs of customers (Porter,
Wiener, & Frankwick, 2003). The last 20 years have produced empirical
evidence to support the hypothesis that high performing salespeople are
able to adapt to different selling situations (Ahearne et al., 2008;
Boorom, Goolsby, & Ramsey, 1998; Franke & Park, 2006; Goad &
Jaramillo, 2014; Jaramillo & Grisaffe, 2009; Kadic-Maglajlic, Vida,
Obadia, & Plank, 2016; Porter et al., 2003; Román & Iacobucci, 2010).
More so, some scholars (e.g., Giacobbe, Jackson Jr., Crosby, & Bridges,
2006; Verbeke, Dietz, & Verwaal, 2011) rank adaptive selling as an
important driver of sales performance. However, other studies (e.g.,
Keillor, Parker, & Pettijohn, 2000) found non-significant relationships
between the practice of adaptive selling and improved sales
performance. Limbu, Jayachandran, Babin, and Peterson (2016) for
instance found that adaptive selling increased relationship quality with
customers but does not improve salesperson outcome performance. This
highlights inconsistencies in the relationship between adaptive selling
and sales performance. Hence, there is a need for further investigation
to clarify conflicting results from earlier studies (Ahearne et al., 2008;
Itani, Agnihotri, & Dingus, 2017). Accordingly, we propose the
following hypothesis:

H4. Adaptive selling behavior positively affects sales performance.

2.1.1.4. Selling skills. Salespeople require certain basic skills for
performing the necessary tasks for the sales job (Singh & Venugopal,

Fig. 1. Conceptual model.
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2015). Rentz, Shepherd, Tashchian, Dabholkar, and Ladd (2002)
proposed a scale that integrates three skill-based dimensions: (1)
interpersonal skills (e.g., verbal and nonverbal communication
proficiency); (2) salesmanship skills (e.g., prospecting and qualifying
customers, and sales presentation); and (3) technical skills (e.g., selling
knowledge). Since then, other studies (e.g., Singh & Venugopal, 2015;
Wachner, Plouffe, & Grégoire, 2009a) have adapted Rentz et al.'s
(2002) dimensions in their investigation of salespeople's skills.
Nevertheless, in this study, we only investigate technical and
salesmanship skills. We do not investigate interpersonal skills because
they reflect aspects like nonverbal expressions, empathy, awareness of
nonverbal communication, ability to control and regulate nonverbal
displays of emotions, etc. (Rentz et al., 2002), which cannot be
effectively measured within the context of our study.

2.1.1.5. Technical skills. Rentz et al. (2002) described technical skills as
a salesperson's knowledge of the market, product features and benefits,
salesperson's own company procedures, and competitors' products and
services and sales policies. This knowledge is critical to a salesperson's
performance (Baldauf & Cravens, 2002; Carter, Henderson, Arroniz, &
Palmatier, 2014; Groza, Locander, & Howlett, 2016; Miao & Evans,
2012a). Knowledgeable salespeople are familiar with their product or
service, have an understanding of customer needs and expectations, and
learn critical information about their customers (Rapp et al., 2006).
Within sales management research, technical skills have been labelled
with different terms, including selling knowledge, selling-related
knowledge (Miao & Evans, 2012b; Verbeke et al., 2011), knowledge
breath (Carter et al., 2014), industrial and organizational knowledge
(Groza et al., 2016) and understanding customers (Rodriguez, Ajjan, &
Peterson, 2014). Verbeke et al., (2011) found selling-related knowledge
to be the most important driver of sales performance. Miao and Evans
(2012a) found a positive relationship between selling knowledge and
sales performance. Groza et al. (2016) found a positive relationship
between organizational knowledge and sales performance.
Furthermore, Plouffe, Hulland, and Wachner (2009) found that the
impact of technical skills on sales performance was inconsistent based
on different data sets and different measures of sales performance (i.e.,
subjective vs objective). Plouffe et al. (2009) suggested that technical
skills were not significant when sales performance was measured using
objective reports (i.e., supervisory report of salesperson performance).
Accordingly, in the context of inside sales it is important that we verify
the consistency of the significance of technical skills in explaining sales
performance. Hence, we posit that.

H5. A salesperson's technical skills positively affect sales performance.

2.1.1.6. Salesmanship skills. Salesmanship skills include prospecting for
new customers, qualifying customers by uncovering and understanding
their needs, customizing solutions for each lead, presenting solutions
back to customers, handling customer objections and questions
regarding the proposed solution, and closing the sale (Rentz et al.,
2002). A salesperson with strong prospecting and qualification abilities
can identify and categorize different client types, as well as their
associated product and selling requirements (Román & Iacobucci,
2010). Proper identification of leads, particularly those with high
purchase intent can increase the likelihood of conversion to sales
(Ahearne et al., 2007; Román & Rodríguez, 2015). More importantly,
salespeople who know how to effectively present information about the
products they sell can provide the right product and service to the right
lead, address concerns while interacting with a lead, increase a lead's
perception of trust and satisfaction, and ultimately increase sales
performance (Abdolvand & Farzaneh, 2013; Johlke, 2006). Finally,
Wachner, Plouffe, and Grégoire (2009b) suggested a positive effect of
salesmanship skills on sales performance. Accordingly, we posit that.

H6. A salesperson's salesmanship skills positively affect sales

performance.

2.1.2. The use of LMS-to-mediating variables
Technology plays an ever-increasing role in sales (Ahearne,

Srinivasan, & Weinstein, 2004). Technology does not only enhance the
quality and speed of information gathering (Speier & Venkatesh, 2002)
but also automates the sales process and enables salespeople to better
analyze and interpret data about their leads, competition, and market
(Ahearne, Mathieu, & Rapp, 2005). LMSs collect, unify, and organize
data and information about leads to make the lead management process
more efficient and effective. Low usage of implemented technology is a
major factor underlying low productivity and returns on organizational
IT investments (Venkatesh & Davis, 2000). Accordingly, our study fo-
cuses on the effective use of LMSs. The use of LMSs here refers to the
degree to which salespeople integrate the full potential of LMSs to carry out
lead management tasks. The effective use and frequency of use of tech-
nology drive a salesperson's performance (Burton-Jones & Grange,
2012; Sundaram, Schwarz, Jones, & Chin, 2007). The above discussion
shows that the impact of LMS use on sales performance is not direct but
is rather mediated through effective integration and utilization of LMSs
during the execution of key lead management activities. Accordingly,
we posit that.

H7. The use of LMSs does not directly influence sales performance.

In general, the literature provides evidence that the use of sales
technologies (i.e., SFA and CRM) improves a salesperson's call quantity
(Ahearne et al., 2007; Ahearne, Jelinek, & Rapp, 2005; Rapp et al.,
2006). This argument can be used when discussing the impact of the use
of LMSs on call quantity because SFA and CRM are similar technologies
that offer functionalities (e.g., call history logs) that are used to manage
leads. The use of LMSs can allow salespeople to make more sales calls.
Indeed, technology automates the selling process and increases the
capacity of salespeople to make more sales calls (Ahearne et al., 2007;
Rivers & Dart, 1999). Technology usage increases the proportion of
successful sales calls by reducing the amount of time salespeople spend
on non-selling tasks (Moutot & Bascoul, 2008). Sales technologies used
for lead management can also schedule and automatically route leads to
a salesperson to contact, which can enable a salesperson to contact a
large number of leads efficiently (Kuruzovich, 2013). Accordingly, we
posit that.

H8. The use of LMSs increases salespeople's call quantity.

Salespeople can only tailor a sales presentation to the unique needs
and concerns of their leads if they have the right information about the
leads, competitors and market (Ahearne et al., 2008; Itani et al., 2017;
Park, Kim, Dubinsky, & Lee, 2010). Correspondingly, a key role of LMSs
is to allow salespeople to collect information about leads, identify and
understand their needs and engage adaptively with customers and
prospects (Ahearne et al., 2008; Park et al., 2010). Accordingly, we
posit that.

H9. The use of LMSs increases salespeople's adaptive selling behavior.

The importance of a salesperson's use of information in modern day
selling cannot be over emphasized. Salespeople need extensive access to
data and information to be successful, and the fundamental purpose of
information technology is to provide users with access to data and in-
formation (Hunter & Perreault Jr, 2006). The impact of technology on
technical skills has been confirmed in the literature. Ahearne et al.
(2008) found that salespeople who effectively use technology will
possess relevant knowledge of the sales situation. Hunter and Perreault
Jr. (2007) found that using sales technology for accessing information
was positively associated with administrative performance. Moreover,
Hunter and Perreault Jr. (2007) found that using sales technology for
analyzing and better understanding information about the market,
customer and product can help build better relationships with
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customers.
LMS use can provide salespeople with access to massive amounts

data, help them synthesize such data, and identify patterns within it.
These patterns can represent usable knowledge and market intelligence.
This can allow salespeople to learn more about their customers and use
the information to stay informed and knowledgeable before, during and
after customer interactions, which may help foster better business re-
lationships and ultimately improve sales performance. Accordingly, we
posit that.

H10. The use of LMSs increases salespeople's technical skills.

IT supports salespeople with the information needed to target the
best leads at the best time. The enhanced visibility gained through the
repository of information needed for contact and account management
should motivate salespeople to properly select sales calls and only work
on those they can justify, which should improve sales ratios. Ahearne
et al. (2007) showed that the use of technology will enhance sales-
people's ability to target and qualify leads through effective analysis of
lead information. Román and Rodríguez (2015) found that technology
usage has a direct influence on qualification skills, a construct related to
salesmanship skills.
LMS use improves access to data about customers, which is im-

portant for organizational CRM endeavors (Anderson, 2007; Park et al.,
2010). LMSs can help salespeople identify and select leads with high
interest, potential and ability to buy, and provide tools to manage
contact (e.g., calendars for setting appointments, customized sales
presentations, document generation etc.) with these leads. LMSs can
offer sophisticated features such as call scripting to support calls, as
well as features to maintain organizational charts, customer notes, and
supplemental sales information during customer interactions. To sum-
marize, using information available through an LMS about leads,
market and competitors, salespeople can effectively complete their lead
management task through better content delivery, quick access to in-
formation, quality interactions and better prospecting through strategic
lead sorting and classification (Ahearne et al., 2007; Park et al., 2010).
Accordingly, we posit that.

H11. The use of LMSs increases salespeople's salesmanship skills.

3. Research method

We developed an online survey to operationalize our conceptual
model. Most of the measurement items used in the survey were adapted
from previous research that has explored similar constructs. A pre-
liminary survey was conducted with a sample of 6 expert respondents
from diverse inside sales industries to examine the items as well as the
reliability and face validity of their scales. All 6 experts are members of
the American association of inside sales professionals (https://www.aa-
isp.org/) and thus, we assume they are credible. All 6 expert re-
spondents gave positive feedback and confirmed that they understood
all items, that all items were applicable to their industry and that the
available scales were adequate. In the end, twenty-three (23) items
were retained, and they all represented their target constructs (see
Table 1). The feedback from experts confirms the reliability and con-
sistency of our measurement items.

3.1. Data collection

The original sample population consisted of nearly a thousand sales
professionals from several inside sales organizations using either list-
based or queue-based LMSs. Using random sampling, our final sample
consisted of 483 selected contacts of sales managers, supervisors, and
top-level executives of these inside sales organizations. For that, we
selected at least one contact from each organization in the population.
A web link to our survey was disseminated through an email invitation
to these contacts to gather information on each organization's

assessment and perceptions of the impact of its LMS usage.
To minimize response bias, we collected data in two (2) rounds.

First, we selected 300 potential participants and sent emails inviting
them to participate in the survey. Having recognized that follow-ups
can effectively increase the response rate (Van der Stede, Young, &
Chen, 2005), a follow-up email reminder was sent out to these potential
participants after one week. One month later, we selected the remaining
183 potential participants and sent them an invitation email to parti-
cipate in the survey. After a week, we followed up with an email re-
minder to the second group. The survey was conducted in Januar-
y–February 2015 and lasted 6 weeks.
Most participants were recruited from companies in North America,

and few in Australia, New Zealand, the United Kingdom and Brazil. At
the close of the survey, we collected a total of 122 responses (25.3%
response rate). Given that respondents were under no obligation to
complete the entire survey, 14 responses were incomplete, leaving us
with 108 valid responses.

3.2. Data analysis

To test our hypotheses, we implemented Partial Least Squares
Structural Equation Modeling (PLS-SEM) using SmartPLS 3.2.7. PLS-
SEM is a component-based approach used to analyze hypothesized re-
lationships in a path model (Urbach & Ahlemann, 2010). We chose PLS-
SEM over other covariance-based SEM (CB-SEM) approaches because it
allows us to simultaneously investigate both measurement and struc-
tural models. Another reason for choosing PLS-SEM is that it accom-
modates the small sample size of this study, and it can process together
the different measurement scales of this study (Urbach & Ahlemann,
2010; Wold, 1985). In addition, it allows for the use of both reflective
and formative measurement indicators in our model. Note that the PLS
approach is recognized as highly appropriate at the earlier stages of a
model's development, which is the case in this study.
After carrying out a listwise deletion of responses with missing data,

we retained 108 complete responses, which is sufficient to validate our
model. The rule of thumb is that the minimum sample size should ex-
ceed 10 times the largest number of formative indicators used to
measure a particular construct, or 10 times the largest number of paths
directed to a construct in the model (Hair Jr, Hult, Ringle, & Sarstedt,
2016). The construct with the most connected paths in our model is
Sales Performance, which has six (6) paths. This means that a minimum
sample size of sixty (60) is required to validate our research model.
Furthermore, according to Hair Jr. et al., (2016)’s suggestion regarding
sample size, we would need 66 samples for a statistical power of 80%
given R2 value of at least (0.25) for the sales performance construct
(i.e., construct with the largest number of paths) for a 1% probability of
error.

4. Results

Table 2 shows the demographic profile as reported by the re-
spondents to our survey. The respondents represent a variety of in-
dustries. On the high side, 26.9% and 15.7% of them represent tele-
marketing, and business and professional services respectively. The
majority of our respondents are sales managers and top-level execu-
tives. Over 62% of the respondents are from companies that use B2B
models. Additionally, 84.3% of the respondents come from small and
medium-sized organizations. Finally, the majority (82.4%) of our re-
spondents are users of queue-based systems because they all use an LMS
by the same vendor who encourages the use of queue-based systems.

4.1. Model evaluation

We employed a two-stage approach to empirically validate our
model. The first stage evaluates the measurement models (Section 4.2)
for reliability and validity of constructs and measures, and the second
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stage evaluates the structural model (Section 4.3) to assess the re-
lationships between constructs in the path model (Chin, 1998; Hair Jr
et al., 2016; Henseler, Ringle, & Sinkovics, 2009) and predictability of
the model. In addition, we conducted an individual analysis of just the
queue-based dataset of both the measurement and structural models to

explore possible changes in the outcome (Section 4.4). Accordingly, we
developed two different models: a general model that captures data
from all respondents, and a queue-based model that only captures data
from respondents using queue-based LMSs. Evaluation of the model for
list-based LMSs was not conducted due to the small sample size (see

Table 2
Demographic profile of respondents.

Industry representation Count % Position of respondents Count %

Telemarketing 29 26.85% Supervisor/manager 44 40.74%
Business & professional Services 17 15.74% Top level executive 35 32.41%
Education 9 8.33% Administrative/support personnel 17 15.74%
Others 9 8.33% Other 12 11.11%
Media & communications 8 7.41% Total 108 100%
Technology 7 6.48%
Insurance 6 5.56% Company size of respondents Count %
Banking & finance 5 4.63% Small 66 61.11%
Energy 4 3.70% Medium 25 23.15%
Merchant services 4 3.70% Large 17 15.74%
Home improvement 3 2.78% Total 108 100%
Non-profit 3 2.78%
Health 2 1.85% Type of LMS Use Count %
Manufacturing & product Sales 2 1.85% Queue-based system 89 82.41%
Total 108 100% List-based system 19 17.59%

Total 108 100%
Company size of respondents Count %
Business-to-business (B2B) 67 62.04%
Business-to-consumer (B2C) 21 19.44%
Both 20 18.52%
Total 108 100%

Fig. 2. Evaluation of measurement and structural models of general model.
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Section 5.3 for the limitations of the study). Fig. 2 shows the results of
our structural and measurement models' evaluation of the general
model.

4.2. Evaluation of measurement models

Our study uses both reflective and formative indicators to estimate
our constructs. In the reflective case, it is assumed that a latent variable
causes the observed items, while in the formative case, the observed
items cause a latent variable (Jarvis, MacKenzie, & Podsakoff, 2003).
The path model includes five reflective constructs (i.e., use of LMSs,
adaptive selling, call quantity, technical skills, salesmanship skills and sales
performance), and one formative construct (lead follow-up intensity).

4.2.1. Evaluation of reflective measurement models
We tested our reflective measurement model for internal con-

sistency reliability, indicator reliability, convergent validity, and dis-
criminant validity (Chin, 1998; Hair Jr et al., 2016; Henseler et al.,
2009; Henseler, Ringle, & Sarstedt, 2015). Note that these measures are
not appropriate for evaluating call quantity because it is a single item
construct with a fixed loading of 1.000.

4.2.1.1. Internal consistency reliability. We used Cronbach's alpha (CA)
and Composite reliability (CR) to test for internal consistency
reliability. Table 3 shows that all our reflective constructs have
internal consistency reliability. Values are above 0.785 and 0.861 for
CA and CR, respectively. Both scores are above the recommended 0.7
required levels (Chin, 1998; Cronbach, 1951).

4.2.1.2. Indicator reliability. The reliability of an indicator relies on the
inference that a construct should explain at least 50% of each of its
associated indicator variance (Chin, 1998). The indicator loadings of
our reflective constructs are well above the required 0.7 and are
statistically significant (Chin, 1998; Gefen, Straub, & Boudreau, 2000;
Henseler et al., 2009). This confirms the reliability of our indicators.
Having met the criteria for internal consistency reliability and
convergent validity, we chose to retain this indicator (Hair Jr et al.,
2016) (see Fig. 2 and Table 3).

4.2.1.3. Convergent validity. The AVE values of our reflective constructs
are all above 0.5 (Chin, 1998; Fornell & Larcker, 1981) (all above
0.609), meaning that each construct explains over 50% of their

indicator variance (see Table 3).

4.2.1.4. Discriminant validity. We assess the reflective constructs for
discriminant validity using the Fornell-Larker criterion, cross loadings
and the Heterotrait-monotrait (HTMT) ratio. Table 4 illustrates the
result of the Fornell-Larker criterion, indicating that the square root of
the AVE of each construct exceeds the correlation with other constructs
in the path model, thus signifying that each construct is unique because
it shares more variance with its associated indicators than with other
constructs in the path model.
The cross loadings test shows that none of the indicators load higher

on any construct other than the target one in our path model (see
Appendix A). This is consistent with the principle that an indicator
should load higher on its target construct than on any other construct in
the path model (Chin, 1998).
Furthermore, we used HTMT to assess between-trait correlations

and within-trait correlations (i.e., the true correlations between two
constructs) (Henseler et al., 2015). To establish discriminant validity,
the literature suggests that true correlations between two constructs
should be below 0.9 if both constructs are conceptually similar, and
0.85 if both constructs are conceptually different. A correlation close or
equal to 1 infers a lack of discriminant validity. Table 5 illustrates that
all HTMT correlations between two constructs are< 0.782. Ad-
ditionally, a bootstrapping procedure reaffirms that true correlations
between two constructs are< 1 with a confidence interval of 97.5%,
thereby confirming the discriminant validity of our reflective constructs
(Hair Jr et al., 2016; Henseler et al., 2015). Tables 4 and 5 as well as
Appendix A show the distinctiveness of constructs in our path model.

4.2.2. Evaluation of formative measurement models
We tested our formative measurement model for content validity,

indicator weights and significance level, and indicator multicollinearity
(Andreev, Heart, Maoz, & Pliskin, 2009; Hair Jr et al., 2016).

4.2.2.1. Content validity. Given the limited theoretical research in this
field, we established content validity of our formative construct based
on industrial practices. The discussion below establishes content
validity for the Lead follow-up intensity formative construct.

Lead follow-up Intensity is the ability of salespeople to closely
pursue leads and to maintain contact with those leads until the close of
a sale or a lead is abandoned. This construct is shaped by persistency,
consistency and immediacy (Elkington & Oldroyd, 2016; Ohiomah et al.,

Table 3
Internal consistency reliability, indicator reliability and convergent validity statistics for general model.

Constructs Convergent validity Internal consistency reliability Indicator reliability

AVE Composite reliability (CR) Cronbach's Alpha (CA) Indicators Indicator loadings T statistics P values

Use of LMS 0.618 0.866 0.798 LMSU1 0.817 14.926 0.000
LMSU2 0.713 7.407 0.000
LMSU3 0.795 12.884 0.000
LMSU4 0.815 15.081 0.000

Adaptive selling 0.710 0.880 0.795 AS1 0.814 15.792 0.000
AS2 0.840 23.450 0.000
AS3 0.872 26.709 0.000

Technical skills 0.713 0.908 0.868 TS1 0.908 38.897 0.000
TS2 0.875 36.179 0.000
TS3 0.825 14.484 0.000
TS4 0.761 11.748 0.000

Salesmanship skills 0.613 0.863 0.791 SS1 0.813 16.811 0.000
SS2 0.805 16.424 0.000
SS3 0.732 12.750 0.000
SS4 0.778 11.092 0.000

Sales performance 0.609 0.861 0.785 SP1 0.873 45.792 0.000
SP2 0.728 7.819 0.000
SP3 0.758 11.713 0.000
SP4 0.755 14.086 0.000
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2016; Smith et al., 2006; VanillaSoft, 2014). Persistency refers to how
many times salespeople attempt to contact a lead, consistency refers to
the continuous update of information about leads, and immediacy
concerns how fast leads are first contacted by salespeople. Collectively,
these three dimensions define lead follow-up intensity as con-
ceptualized by the industry. We followed the same defining criteria
from Jarvis et al. (2003) to conclude that lead follow-up intensity is a
formative construct.

4.2.2.2. Indicator validity and multicollinearity. We used the SmartPLS
bootstrapping procedure to obtain indicator weights and t-statistics for
evaluating the significance of formative indicators. The weights of all
our formative indicators are above 0.1, and they are statistically
significant except for LFU2 (consistency). We have empirical
justification to retain these indicators (Hair Jr et al., 2016) with the
exception of LFU2. However, we chose to retain LFU2 (consistency)
because it is an important aspect of lead follow-up intensity, and its
removal would change the meaning of the defined construct (Jarvis
et al., 2003) (see Table 6).
Subsequently, we obtained Variance Inflation Factor (VIF) scores to

assess multicollinearity. The VIF scores range from 1.004 to 1.077 (see
Table 6). Since the VIF scores are below the 5 threshold (Hair Jr et al.,
2016), we validate the absence of multicollinearity in our formative
construct.
Speed (y=0.911) was found to be a major and significant com-

ponent of Lead follow up intensity. Consistency (y= 0.176) was found
to be a weak and insignificant component of Lead follow up intensity
but it was retained in the model.

4.3. Evaluation of the structural model

To validate our structural model, we follow the guidelines of Hair
Jr. et al., (2016). We also apply recommendations from other studies
(Chin, 1998; Henseler et al., 2009).

4.3.1. Coefficient of determination (R2)
The results indicate that our predictor variables explain 55%

(R2=0.549) of sales performance variance. The test criteria here spe-
cify that values of 0.75, 0.50 and 0.25 are considered substantial,
moderate and weak respectively (Hair Jr et al., 2016). Thus, the ex-
plained variance of the sales performance is considered moderate. Ad-
ditionally, LMS use explains 8.4% of adaptive selling variance, 2.1% of
call quantity variance, 10.7% of technical skills variance, and 8.1% of

salesmanship skills variance. Call quantity alone explains 4.6% of lead
follow-up intensity variance.

4.3.2. Significance of path coefficients
We ran bootstrapping with 5000 resamples to evaluate the sig-

nificance of hypothesized path relationships in our model using t-sta-
tistic values. A relationship is said to be statistically significant in the
structural model if the t-statistic value is above 1.96 and 2.57 at 5% and
1% significance level, respectively (Hair Jr et al., 2016). Fig. 3 and
Table 7 show the significance of our hypothesized path relationships.
Eight positive (H2, H3, H4, H5, H6, H9, H10 and H11) and one insig-
nificant (H7) hypothesized relationships were supported, while two
positive hypothesized relationships (H1 and H8) were rejected.

4.3.3. Mediator analysis
We also assessed the significance of mediator constructs in the

model. Table 7 shows that Adaptive Selling, Technical Skills and
Salesmanship Skills significantly mediate the relationship between the
Use of LMS and Sales performance (0.228, p < 0.01). Since the direct
relationship between the Use of LMS and Sales performance is insig-
nificant (0.041, NS), we conclude according to Hair Jr. et al., (2016)
suggestion that Adaptive Selling, Technical Skills and Salesmanship
Skills fully mediate the relationship between the Use of LMS and Sales
performance. Our analysis also shows that Lead Follow-up Intensity did
not mediate the relationship between Call Quantity and Sales Perfor-
mance (0.05, NS). Also, call quantity did not mediate the relationship
between the use of the Use of LMS and Lead Follow-up Intensity (0.031,
NS).
In addition to the mediation analysis conducted in SmartPLS, we

also implement Nitzl, Roldan, and Cepeda (2016) procedure for med-
iation analysis. The rule of thumb states that VAF (Variance Accounted
Factor) values over 80% justify arguments for full mediation in a model.
Table 8 shows that 85% of the total effect is due to the mediated effects
in the model. The results also confirm that Adaptive selling, Sales-
manship skills and Technical skills are the only significant mediators of
the Use of LMS on Sales performance.

4.3.4. Effect Size (f2)
Multiple PLS estimations were carried out, each time excluding an

ascendant construct in our path model to identify the contribution of an
independent construct on a dependent construct. According to Cohen
(1988), f2 values of 0.02, 0.15 and 0.35 are considered small, medium
and large, respectively. Table 9 shows that adaptive selling has a

Table 4
Construct cross-correlation statistics: Fornell-Larcker criterion for general model.

Constructs Adaptive selling Call quantity Sales performance Salesmanship skills Technical skills Use of LMS

Adaptive selling 0.842
Call quantity 0.069 1.000
Sales performance 0.622 0.099 0.780
Salesmanship skills 0.528 0.022 0.581 0.783
Technical skills 0.391 −0.136 0.495 0.568 0.844
Use of LMS 0.289 0.144 0.277 0.284 0.327 0.786

Table 5
Heterotrait-monotrait ratio (HTMT) test for general model.

Constructs Adaptive selling Call quantity Sales performance Salesmanship skills Technical skills Use of LMS

Adaptive selling
Call quantity 0.076
Sales performance 0.782 0.124
Salesmanship skills 0.656 0.092 0.723
Technical skills 0.448 0.155 0.568 0.682
Use of LMS 0.339 0.157 0.335 0.339 0.377
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Table 6
Indicator validity and multicollinearity of formative constructs for general model.

Constructs Indicators Weight STD T-statistics P values VIF

Lead follow-up intensity LFU1: Persistency 0.295* 0.150 1.963 0.050 1.004
LFU2: Consistency 0.176ns 0.198 0.886 0.376 1.077
LFU3: Speed 0.911** 0.114 7.989 0.000 1.077

Notes: Significant at 1%= **, Significant at 5%= * and Non-significant= ns.

Fig. 3. Evaluation of measurement and structural models of the queue-based model.

Table 7
Significance of path relationships for general and queue-based models.

Hypotheses General model Queue-based model

Direct effects Indirect effects Total effects Direct effects Indirect effects Total effects

Path T-Stat Path T-Stat Path T-Stat Path T-Stat Path T-Stat Path T-Stat

H1 Call Quantity - > Sales Performance 0.037ns 0.565 0.05 ns 1.388 0.087ns 1.290 0.063ns 1.035 0.058ns 1.830 0.121ns 1.828
H2 Lead follow-up intensity- > Sales Performance 0.234⁎ 2.272 – – 0.234⁎ 2.272 0.245⁎⁎ 2.906 – – 0.245⁎⁎ 2.906
H3 Call Quantity - > Lead follow-up intensity 0.215⁎ 2.141 – – 0.215⁎ 2.141 0.238⁎ 2.511 – – 0.238⁎ 2.511
H4 Adaptive selling - > Sales Performance 0.352⁎⁎ 3.357 – – 0.352⁎⁎ 3.357 0.261⁎ 2.154 – – 0.261⁎ 2.154
H5 Technical Skills - > Sales Performance 0.171⁎ 2.242 – – 0.171⁎ 2.242 0.208⁎ 2.194 – – 0.208⁎ 2.194
H6 Salesmanship Skills - > Sales Performance 0.203⁎ 2.073 – – 0.203⁎ 2.073 0.203⁎ 2.004 – – 0.203⁎ 2.004
H7 Use of LMS - > Sales Performance 0.041ns 0.593 0.228⁎⁎ 3.55 0.269⁎⁎ 3.313 0.130ns 1.638 0.290⁎⁎ 4.698 0.421⁎⁎ 5.254
H8 Use of LMS - > Call Quantity 0.144ns 1.646 – – 0.144ns 1.646 0.198⁎ 2.013 – – 0.198⁎ 2.013
H9 Use of LMS - > Adaptive selling 0.289⁎⁎ 2.959 – – 0.289⁎⁎ 2.959 0.372⁎⁎ 3.685 – – 0.372⁎⁎ 3.685
H10 Use of LMS - > Technical Skills 0.327⁎⁎ 3.611 – – 0.327⁎⁎ 3.611 0.380⁎⁎ 4.092 – – 0.380⁎⁎ 4.092
H11 Use of LMS - > Salesmanship skills 0.284⁎⁎ 3.077 – – 0.284⁎⁎ 3.077 0.443⁎⁎ 5.882 – – 0.443⁎⁎ 5.882

Use of LMS - > Lead follow-up intensity – – 0.031ns 1.176 0.031ns 1.176 – – 0.047ns 1.390 0.047ns 1.39

Notes: Significant at 1%=**, Significant at 5%= * and Non-significant= ns.
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medium effect on sale performance (f2= 0.183), while lead follow-up
intensity (f2= 0.094), technical skills (f2= 0.039), and salesmanship
skills (f2= 0.050) all have a small effect. Use of LMSs has a small effect
of adaptive selling (f2= 0.091), technical skills (f2= 0.120), and
salesmanship skills (f2= 0.088). Additionally, call quantity has a small
effect on lead follow up.

4.3.5. Predictive relevance (Q2)
To assess the predictive relevance of our structural model, we ran a

Stone and Geisser test using a blindfolding procedure on SmartPLS. A
structural model has a predictive relevance if the Q2 values of all en-
dogenous constructs in a path model are above zero (> 0) (Hair Jr
et al., 2016). Table 10 confirms that all endogenous constructs in our
path model have predictive relevance as the Q2 values are all above
zero.

4.4. Comparison of data groups

As mentioned earlier, the majority of our respondents reported that
they use queue-based LMSs. The small sample of companies using list-
based LMSs does not allow for conducting a cross-comparison analysis
of queue-based versus list-based LMS users; hence, it is difficult to ef-
fectively compare their performance impacts. A viable alternative is to
run a cluster analysis of queue-based LMSs and compare the outcome
with the whole sample. Ketchen Jr and Shook (1996) described cluster
analysis as a statistical technique that sorts responses into similar
groups.
We carried out PLS-SEM for only queue-based LMS users (89 re-

spondents out of 108). The evaluation of the measurement models met
the reliability and validity criteria for all tests with no significant dif-
ferences in values. However, a structural model evaluation for just
queue-based LMS companies revealed some crucial and statistically
significant differences in direct and indirect effect between the con-
structs (see Table 7), as well as the coefficient determination of en-
dogenous constructs. Fig. 3 shows that one previously non-significant
path relationship is now statistically significant. The use of LMSs

positively affects call quantity (0.198, p < 0.05). Furthermore, the
queue-based model explains 60.7% of the sales performance variance.
In addition, adaptive selling, technical skills and salesmanship skills
explain variances of 13.8%, 14.5%, and 19.7% respectively.
For the effect size (f2) analysis, we determined that the contribution

of each independent construct on the endogenous construct in the
model differed considerably from the original analysis. The difference
here is that the use of LMSs has a small effect size on call quantity and a
medium effect size on adaptive selling, technical skills and salesman-
ship skills. Additionally, adaptive selling now has a small effect on sales
performance.

5. Discussion and implications

This study seeks to contribute to the growing body of technology-to-
performance research by presenting an empirical model validating the
impact of the use of LMSs on key factors (as mediators) of inside sales
performance. To start with, we adopt a model that captures key inside
sales performance drivers and enablers, after which we empirically
identified the impact of the use of LMSs on these drivers. Most of the
concepts used in this study were previously recognized in the literature;
however, these concepts have not been used in a single study in-
vestigating sales performance. Eleven (11) hypotheses were proposed
and our findings provide support for nine (9) of them. Overall, we can
state that the use of LMSs affects inside sales performance via im-
proving salespeople's adaptive selling, technical skills and salesmanship
skills. Together, these variables explain more than half (55%) of the
variance of inside sales performance.

5.1. Theoretical implications

Our reflective review reveals several theoretical contributions,
which are explained below.
Contrary to previous research (Ahearne et al., 2007; Zallocco et al.,

2009), this study found no correlation between call quantity and sales
performance (H1 rejected). Ahearne et al. (2008) suggested that call

Table 8
Mediation analysis.

Indirect paths Original (O) CI: lower (5%) CI: upper (95%) VAF

H9 x H4 LMS- > AS x AS- > SP 0.102** 0.032 0.187 38%
H8 x H1 LMS- > CQ x CQ- > SP 0.005 ns −0.011 0.025 2%
H11 x H6 LMS- > SS x SS- > SP 0.058* 0.005 0.119 21%
H10 x H5 LMS- > TS x TS- > SP 0.056* 0.013 0.103 21%
H8 x H2 x H3 LMS- > CQ x CQ x LF x LF- > SP 0.007* −0.001 0.021 3%
Total indirect effect 0.228** 0.038 0.455 85%

Significant at 1%=**, Significant at 5%= * and Non-significant= ns.
Notes: AS: Adaptive selling; CQ: Call Quantity; LF: Lead follow-up intensity; LMS: Use of LMS; SS: Salesmanship skills; TS: Technical Skills.

Table 9
Effect Size (F2) statistics for general model.

Hypotheses General model Queue-based model

F2 Effect F2 Effect

H1 Call Quantity - > Sales Performance 0.003 – 0.008 –
H2 Lead follow-up intensity - > Sales Performance 0.094 Small 0.103 Small
H3 Call Quantity - > Lead follow-up 0.049 Small 0.060 Small
H4 Adaptive selling - > Sales Performance 0.183 Medium 0.106 Small
H5 Technical Skills - > Sales Performance 0.039 Small 0.062 Small
H6 Salesmanship Skills - > Sales Performance 0.050 Small 0.056 Small
H7 Use of LMS - > Sales Performance 0.003 – 0.031 Small
H8 Use of LMS - > Call Quantity 0.021 Small 0.041 Small
H9 Use of LMS - > Adaptive selling 0.091 Small 0.161 Medium
H10 Use of LMS - > Technical Skills 0.120 Small 0.169 Medium
H11 Use of LMS - > Salesmanship skills 0.088 Small 0.245 Medium
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productivity had a significant impact on sales performance. We treated
call quantity with the same measure but found no statistically sig-
nificant relationship between the two constructs. Call quantity should
not be restricted to salespeople making high numbers of calls but
making quality calls that could improve lead conversion ratio. In rea-
lity, a salesperson can make 10 sales calls in an hour, and only connect
to one lead. Another salesperson might make 5 sales calls and suc-
cessfully connect to 3 leads. Hence, we believe that within the inside
sales industry, call quantity should not be about the number of sales
calls made, but should consist of factors that increase connect ratio, and
ultimately the sale of products and services. We argue that the re-
lationship between call quantity and sales performance may be highly
dependent on salespeople contacting the right leads with persistency,
consistency and immediacy.
This study provides support for the relationship between lead

follow-up intensity and sales performance (H2 supported). This out-
come is consistent with the inside sales industry's expectations on lead
follow-up undertakings (Elkington & Oldroyd, 2016; VanillaSoft, 2014).
This relationship can be justified with the fact that salespeople are more
likely to qualify and convert leads to sales if they consistently contact
leads with persistency and immediacy (Sabnis et al., 2013; Smith et al.,
2006). We also found a positive relationship between call quantity and
lead follow-up intensity (H3 supported). Obviously, the number of sales
calls made by salespeople is a key indicator of the effort they devote to
lead follow-up. The remote nature of inside selling makes sales calls a
significantly interactive medium for completing the lead follow-up task.
The impact of adaptive selling behavior on sales performance has

been previously tested and validated in the sales literature (Ahearne
et al., 2008; Franke & Park, 2006; Goad & Jaramillo, 2014; Kadic-
Maglajlic et al., 2016; Verbeke et al., 2011). The result of our research
confirms that adaptive selling has a moderate impact on sales perfor-
mance and is the most significant driver of sales performance in our
empirical model (H4 supported). We believe this correlation is sub-
stantiated because when salespeople fit their sales approach to meet the
specific needs of a lead, they increase the likelihood of closing a sale,
while building an effective relationship with the lead. Leads are more
likely to buy from salespeople who they believe treat them uniquely
and meet their specific needs.
Our study shows that a salesperson's technical and salesmanship

skills improve sales performance (H5 and H6 supported). This confirms
our prediction that those salespeople who contact leads who provide
the most business, demonstrate company products and/or services,
handle customer objections and questions, close sales and possess en-
hanced selling knowledge about their market, customer and products
tend to achieve higher performance. Salespeople are key to finding
target customers, conveying an organization's message to them, and
understanding customer needs and expectations related to the product
and/or service. This is an important task that salespeople cannot afford
to fail at because a failure will result in loss of sales.
Furthermore, our study assessed the direct relationship between the

use of LMSs and sales performance and found no significant correlation

between the two variables (H7 supported). However, when we assessed
an indirect relationship between the use of LMSs and sales performance
(via mediating variables), we found a positive and significant correla-
tion. As predicted, this means that the impact of the use of LMSs on
sales performance is experienced through selling tasks, behaviors and
characteristics, which drive sales performance. The use of LMSs did not
relate significantly to call quantity in the general model (H8 rejected).
The literature suggests that the use of IT directly improves adaptive

selling (Ahearne et al., 2008), and our study confirms a direct impact of
the use of LMSs on adaptive selling (H9 supported). LMSs provide
salespeople with access to information about leads to adapt sales calls
and/or presentation based on a lead's specific needs. Also, our findings
reveal that LMS use improves a salesperson's technical and salesman-
ship skills (H10 and H11 supported), thus signifying that LMS use helps
salespeople stay updated about their customer, product and market
knowledge, which increases their ability to identify those leads who are
most profitable.

5.1.1. Queue-based lead management systems
An analysis of just the queue-based dataset (i.e., respondents using

queue-based LMSs) yielded an interesting outcome. Indeed, we found
that the use of queue-based LMSs increased call quantity and was sta-
tistically significant (H8 supported), unlike our initial analysis of the
general model. This may be because in a queue-based LMS, salespeople
do not have to go back and forth filtering through a list of leads to
determine which lead to call next. Instead, a queue-based LMS auto-
matically assigns the next best lead for salespeople to call based on
business-configured priorities. Hence, there is no downtime, which
enables salespeople to always focus on making sales calls.
Additionally, we found that the use of queue-based LMSs has more

impact on adaptive selling, technical skills and salesmanship skills than
originally analyzed. Here, the use of queue-based LMSs, adaptive
selling, lead follow-up intensity, technical skills and salesmanship skills
explain a variance of 60.7% in inside sales performance as opposed to
55% in our initial analysis. This shows that the dataset available from
list-based LMS users causes a detriment to our overall outcome. This
significant improvement may be because queue-based LMSs allow
management to implement effective and efficient business rules that
can improve lead priority ranking, lead coverage and the quality of calls
by salespeople. Here, we concluded that more research is needed to
understand the specific dynamics of queue-based LMSs, and how queue-
based approaches influence factors that improve inside sales perfor-
mance.

5.2. Practical implications

The findings of this study provide industry practitioners with sev-
eral strategic insights. For instance, we found that salespeople who
effectively use LMSs increase their sales performance through task ef-
ficiency, improved sales behavior, and enriched information-based
skills and knowledge. Using LMSs may help salespeople to keep abreast

Table 10
Blindfolding statistics for predictive relevance (Q2) for general model.

Constructs General model Queue-based model

SSO SSE Q2 (=1-SSE/SSO) SSO SSE Q2 (=1-SSE/SSO)

Adaptive selling 324 307.155 0.052 267 245.262 0.081
Call quantity 108 106.671 0.012 89 88.389 0.007
Lead follow-up intensity 324 320.089 0.012 267 266.286 0.003
Salesmanship skills 432 415.794 0.038 356 322.651 0.094
Technical skills 432 404.051 0.065 356 324.394 0.089
Sales performance 432 304.006 0.296 356 250.973 0.295
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of their market and technical know-how. It also provides them with the
proper tools to effectively demonstrate their products and services
while sustaining quality conversations with leads. The information-
based gains from LMSs allow salespeople to better understand the needs
and purchasing abilities of leads and how to better sell to those leads.
Additionally, our research suggests that salespeople who tailor their

sales presentations to fulfill the needs of their potential customers are
more likely to close sales and ultimately improve sales performance.
Accordingly, inside sales organizations should hire able salespeople
who can effectively apply the information provided by their LMSs
during interactions with leads.
Furthermore, we found that call quantity has no direct impact on

sales performance but that it increased lead follow-up intensity, which
in turn increases sales performance. This implies that not only do
salespeople need to make many calls, they need to make many contact
attempts to the right leads with consistency and speed. We advise
managers on the need to communicate to their salespeople the im-
portance of speed in their lead follow-up effort. Our findings show that
immediacy is the most important factor in lead follow-up as it triggers
the impact of lead follow-up intensity on sales performance. Contacting
leads quickly after interest is shown allows salespeople to catch them at
their highest point of interest, which could easily translate into sales.
Most importantly, inside sales organizations should leverage the

benefits of queue-based systems to realize competency gains, task ef-
ficiency and enriched sales behavior. The use of queue-based LMSs can
help salespeople increase the number of calls they make, increase their
contact speed, increase phone contact attempts to leads, improve their
contact ratio and decrease lead decay rate.
Finally, remote selling in today's rapidly evolving economy is be-

coming more complex. Salespeople need to devote additional effort,
have persuasive and targeting skillsets, be very adaptive and equally
knowledgeable about their leads, product category, and market settings
to successfully advocate sales in the inside sales industry. Thus, the use
of LMSs is a productive option for salespeople to integrate into their
sales process. Inside sales managers looking to fully maximize the
benefits of their technology investments should deploy LMSs built with
the finest practices, and, most importantly, they should make sure their
salespeople use these systems effectively.

5.3. Limitations and future research

While this study makes significant contributions to the under-
standing of sales technology approaches in the inside sales practice, it
poses a few limitations that provide several opportunities for further
research. First, we used a convenience sampling procedure, as our
sample was represented by SMEs mainly in North America. This causes
a considerable restriction on the generalizability of our findings and
their applicability across larger organizations in the inside sales in-
dustry. Additionally, the findings of this study are based on a 108
sample size representation. Future studies should re-estimate our model
with a larger sample size.
Second, to reduce response bias, we collected objective responses

from sales managers and decision makers about their salespeople (i.e.,
how managers and decision makers perceive their salespeople's activ-
ities, behaviors, characteristics and performance). In doing so, we
overlooked the fact that aspects such as the usage of LMSs are better
reported on by salespeople who use the systems. Therefore, response
bias may still exist. However, collecting data from managers and de-
cision makers allowed us to collect a single response that was reported

for an average of 10. This is because each sales manager was re-
sponsible for an average of 10 salespersons.
Third, we used a single item measure for call quantity. Although this

method is acceptable, we could have used a more comprehensive
measure. Thus, we call for further research with an extensive con-
ceptualization of call quantity. Additionally, our survey did not collect
enough data from list-based LMS users to enable a comparison of both
LMSs. Hence we only compared the use of queue-based LMS to the
general model. More research is needed for a better understanding of
both LMS types.
Furthermore, our study did not explore moderating impacts of the

use of LMS on sales performance because we did not consider this while
collecting data for our research. Accordingly, we call on future research
to consider modeling several moderating effects of technology usage on
performance. It will be interesting to assess if the relationship between
LMS use and sales performance is not mediated through adaptive
selling, technical skills and salesmanship skill, but rather LMS use
moderates the relationship between adaptive selling, technical skills
and salesmanship skill and sales performance.
Finally, we believe that valuable research can be conducted to in-

vestigate the mediated impact of social media on IT usage and sales
performance. Social media plays a key role in today's knowledge-in-
tensive and smart selling environment (i.e., how salespeople use social
media to discover potential customer needs or identify priority leads).

6. Final conclusions

Despite the rising importance of inside sales, the literature is short
of knowledge on inside sales in general. Particularly, the literature lacks
insights on technology usage practices, and effective lead engagement
practices that can improve lead management outcomes, customer ac-
quisition, and sales performance in inside sales. The current work at-
tempts to fill this gap. We proposed that, when managing leads, LMSs
that are built on best practices can curb the challenges faced by inside
sales organizations. Accordingly, this study makes the following key
contributions. First, we introduced and empirically validated a con-
ceptual model based on the Technology-to-Performance Chain (TPC) of
the Task-Technology-Fit (TTF) theory by Goodhue and Thompson
(1995) that captures key inside sales performance drivers and enablers,
and the impact of the use of LMSs on these drivers and enablers. We
believe that this is the first empirical investigation covering all the
proposed concepts in a single study. A PLS-SEM analysis provided
support for nine (9) of our 11 proposed hypotheses. Second, we showed
that LMS use affects inside sales performance via improving sales-
people's adaptive selling, technical skills and salesmanship skills, and
together these variables explain more than half (55%) of the variance of
inside sales performance. We also uncovered a negative relationship
between call productivity and inside sales performance, and high-
lighted that queue-based LMS users obtain better inside sales perfor-
mance (compared to list-based LMS users). Finally, we offered an aca-
demic standpoint on the nature of inside sales and the major role that IT
plays in their success; and educated practitioners on the key enablers of
inside sales performance and effective IT usage approaches that can
drive inside sales performance.
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Appendix A

Table A1
Indicators cross loadings for general model.

Indicators Constructs

Adaptive selling Call quantity Use of LMS Technical skills Salesmanship skills Sales performance

AS1 0.814 0.034 0.248 0.290 0.430 0.485
AS3 0.840 0.073 0.269 0.380 0.527 0.559
AS3 0.872 0.064 0.212 0.312 0.369 0.523
CP1 0.069 1.000 0.144 −0.136 0.022 0.099
LMSU1 0.220 0.157 0.817 0.304 0.221 0.266
LMSU2 0.113 0.072 0.713 0.270 0.034 0.124
LMSU3 0.196 0.129 0.795 0.164 0.287 0.242
LMSU4 0.327 0.085 0.815 0.291 0.279 0.207
TS1 0.378 −0.110 0.304 0.908 0.489 0.451
TS2 0.392 −0.080 0.343 0.875 0.454 0.510
TS3 0.184 −0.173 0.217 0.825 0.449 0.295
TS4 0.316 −0.125 0.201 0.761 0.549 0.360
SS1 0.374 0.085 0.072 0.430 0.813 0.418
SS2 0.502 0.085 0.208 0.445 0.805 0.506
SS3 0.392 −0.028 0.114 0.390 0.732 0.420
SS4 0.375 −0.058 0.417 0.492 0.778 0.458
SP1 0.550 0.090 0.210 0.499 0.523 0.873
SP2 0.409 0.023 0.175 0.298 0.439 0.728
SP3 0.503 −0.027 0.147 0.355 0.343 0.758
SP4 0.470 0.202 0.325 0.364 0.493 0.755
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