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Abstract: The scientific literature has not considered that the conversion rate in sales could have
an irreqular behaviour throughout the Product Life Cycle (PLC). The main contribution of this
article is to reveal this unequal behaviour of the conversion rate in each of the phases of the PLC
and highlight the advantages that the knowledge of this behaviour brings to Marketing and sales
departments. In the empirical analysis carried out 157,960 clients have acquired 27,831 vehicles
during 42 months considering a national network of car dealerships. We use ARIMA methodology
to study the evolution of the time series considered. The results show a countercyclical behaviour
of the conversion rate variable and an evolution pattern that fluctuates with the cycle in the case
of the analysis of the clients assisted variable. Contrary to what might be expected, the conversion
rate variable increases significantly in the launch phase and decreases significantly in the growth
phase. This unknown performance of the conversion rate can be used in business decisions by
the Marketing and sales departments to improve their efficiency. The conclusions obtained in this
investigation can be an advance in the use of the PLC in analysing the evolution of the company,
promoting a development of knowledge in both the academic field and in the business world. This
work has theoretical and practical implications that can help business management. This research is
an exciting scientific challenge that aims to develop numerous and important practical applications,
with the aim of combining the management of the PLC with the conversion rate in sales, aspects
that are closely related in the business field.
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Introduction there is the right product, in the right place, at
The conversion rate in sales is a fundamental  the right time, and with the right price. At that
parameter to assess the performance of the = moment, the conversion rate is a crucial value
Marketing and sales departments. Fisher to measure the effectiveness of the Marketing
(2013) claims that when customers visit a store,  policies and commercial teams in relation to
retailers try to convert traffic by making sure  consumer behaviour.
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The conversion rate (CR) measures the ratio
between the total number of visitors entering an
establishment and those who make a purchase
(on a daily, monthly, quarterly and annual
basis). The conversion rate can also be useful
to analyse the evolution of the commercial
efficiency in a business or to compare similar
establishments in which the conversion rates
are significantly different. Somehow, the
efficiency depends on the adequate commercial
performance of the sales team, trying to attract
the largest number of potential buyers visiting
the establishment (Rodriguez, Olarte-Pascual,
& Saco, 2017). Therefore, the conversion rate
grows with an excellent customer service and
better execution of the store processes.

Product Life Cycle (PLC) is a relevant
concept in the commercialization process, in the
consumer behaviour analysis and in the study
of the accommodation to the changes that take
place in a business and competition environment
(Ferreira et al., 2017). These changes condition
the design of the Marketing strategy, therefore,
the knowledge of the behaviour of the market,
contributing to reduce the level of uncertainty
and improving Marketing decisions (Briede-
Westermeyer et al., 2016, p. 622). In this
sense, Miquel and Molla (1982) point out that:
“The recognition of the existence of the PLC
highlights the need for companies to innovate in
products. Therefore, the position of its products
in reference to the PLC and the forms it adopts is
an important element for planning the innovation
strategy within the company”.

There is a broad consensus in the scientific
literature in relation to the fact that the PLC
must be taken into account when determining
marketing strategies to follow. Kaldasch (2015)
and Moon (2005) point out that the knowledge
of the PLC allows the positioning of product to
improve as well as improves the efficiency of
Marketing strategies in companies. Shankar et
al. (1999), Rink and Swan (1979) and Palacios
(2013) highlight that a correct knowledge of the
evolution of some variables along the phases
of the PLC is a relevant factor in the business
strategy.

The analysis of the PLC is very important
for companies since it allows them to be
prepared and to use its forecasting as a tool to
plan strategically the investment in innovation
and Marketing. Therefore, its knowledge and
development should be a scientific challenge
for the coming years. Saffo (2007) supports this
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position stating that “the art of forecasting is to
identify an S curve when it begins to emerge,
well before its inflection point”. In addition,
it has been proved (Qualls, Olshavsky, &
Ronald, 1981; Shu et al., 2015) that the sales
behaviour of the most recent innovations
shows a progressive shortening of the life cycle
duration, especially in the introduction and
growth phases.

Currently, the scientific literature has
studied separately the PLC and the conversion
rate, considering that the latter variable does
not undergo modifications throughout the PLC.
Therefore, the main objective of this article is
to study the behaviour of the conversion rate
throughout the Product Life Cycle (PLC) of
a durable consumer product, as opposed to the
recurrent use of the sales variable. Our aim is
to deepen in the analysis of the behaviour of the
conversion rate throughout each of the phases
of the PLC. This will reveal opportunities to
create a new business decision methodology
that allows the efficiency of the Marketing and
sales departments to increase and develop the
most appropriate strategies.

In this regard, researchers consider that this
article could be a great opportunity within the
scientific landscape and an ambitious challenge
that opens a new line of research around the
atypical behaviours of the conversion rate along
the phases of the PLC. This base grounds and
gives importance to the research developed in
this document. The originality of the finding (an
atypical behaviour of the conversion rate along
each of the phases of the PLC) can entail a new
line of research.

The aim of the article is to use a variable
of measurement different from the sales
variable to determine the evolution of the life
cycle of the product. The parameter studied
is the conversion rate and we demonstrate
with a time series analysis that the temporal
evolution of the series itself, draw the phases
of the cycle, so that, the evolution of the series
itself fits perfectly the phases of the cycle of
the product. The authors dated in a previous
article the phases of the cycle for this specific
product by using the Bass model methodology
(Galiano, Rodriguez, & Saco, 2018). So the aim
of this article is not to do the same but to apply
a time series analysis to corroborate that the
evolution of the series itself draw the life cycle
of the product, and this happens when the
conversion rate variable is used.
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1. Theoretical Framework
Product Life Cycle Literature

In this section, we have made a review thorough
the PLC literature (Tab. 1). In this search, we
have found that articles refer to the number of

1.1

sales as a single variable for the PLC analysis,

variable in

not having found any evidence about the use of
a different variable.

Despite the dominant use of the sales

the PLC analysis,

different

Summary of the revision: theoretical framework about the PLC analysis — Part 1

V?Jrslzlc)ile Area of application | Research object Study limitations Sources
Sales Sales of 314 Launch new First years of product | Fu (2009)
industrial vendors products launch
Sales Sales of PLC prediction This research uses Orbach & Fruchter
technological model historical data. (2014)
products
Sales The sales of 29 Introduction in new | Little depth of the PLC | Shankar et al. (1999)
brands markets of the product
Sales Sales in new Analysis of the PLC | No benefits are Suomala (2004)
products and PLC defined in the
relationship between
both variables
Sales The evolution of Analysis of the PLC | Behaviour of supply Kaldasch (2015)
and prize | sales and price and demand
Sales Sales analysis Analysis of the PLC | Analyze durable Palacios (2013)
8 products in 9 goods
countries
Sales Purchase intention | Launch new Absence of analysis | Briede-Westermeyer
of potential products of purchase decisions | et al. (2016)
customers
Sales Sales of 3 products | Analysis of the PLC | Absence of the Ratcliff (2016)
influence of customs
Sales Evolution of sales Launch new Absence of market Cetinkaya & Thiele
over time products size analysis (2016)
Sales Sales of General Conversion rate Analyze sales Ledingam (2006)
Electric in a market
Sales Mobile sales and Sector of Absence of adoption | Weissmann (2008)
internet access communications and | patterns between
the digital economy | countries
Sales Sales in the PLC Absence of business | Hachula & Schmeidel

electricity market

implications

(2016)
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Summary of the revision: theoretical framework about the PLC analysis — Part 2

Vz-:lrslzzle Area of application | Research object Study limitations Sources
Sales Analysis of customer | Analysis of the PLC | Homogeneous Wu et al. (2015)
fatigue on the population. Cross
product sales are not taken
into account.
Sales Apparent Analysis of the Estimation of sales Polo (1983)
consumption behaviour of the due to lack of data
life cycle of durable
consumer products
Sales Sales to define the | Sales dissemination | Bad adjustment of Zhu, Tokimatsu,
real diffusion curve |analysis in several |the model in some & Matsumoto (2017)
countries countries
Sales Sales in units of Measurement PLC | Influence of Aguilar et al. (2012)
products of the macroeconomic
industrial sector variables on sales
Sales Theoretical Confluence between | Sensitivity of the sales | Rodriguez Escudero
approximation PLC | the theory of chaos | curve using the CVP | (1996)
and the PLC
Sales Sales simulations Forecast of fashion | Use of theoretical Spragg (2017)
and inventory demand based on models
management the Bass model and
News Vendor
Source: own
researchers (Rodriguez Escudero, 1996; a marked effect on the behaviour of the sales
Aguilar et al.,, 2012; Muhiz-Ferrer, 2008; variable and, consequently, on the analysis of

Mahajan, Muller, & Bass, 1979) corroborate that
the sales variable is not the best measurement
parameter for the analysis of the PLC. The
argument, that these authors follow, is that
the sales variable is affected by economic and
sociodemographic variables, as well as the
evolution of the complementary markets, which
dismisses its use to make long-run forecasts
based on this variable. Thus, it could be that, the
anomalous behaviour of the PLC was caused
by the influence of macroeconomic phenomena
that are alien to the company, but which have

the PLC. Camacho and Galiano (2009) show
the influence of macroeconomic variables
on the economic cycle, and they prove how
they affect to microeconomic variables such
as personal income and, consequently, the
purchasing capacity of consumer.

Therefore, the authors consider that it is
important for companies not only to use the sale
variable to know the situation of their products.
On the contrary, this research proposes
that companies can handle other types of
parameters, such as the conversion rate, to
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assess the effectiveness of their Marketing
and sales departments, and to improve the
management of the phases of the PLC.

1.2 Conversion Rate

The conversion rate (CR) is a fundamental
parameter widely used to assess the
effectiveness of the Marketing and sales
departments, to evaluate the effect of Marketing
and operational actions and/or to detect aspects
that do not work properly and, consequently, to
adopt strategic decisions. It can also be used
to forecast the future trend of some business
variables or to identify the most profitable
customers. These will help companies to make
better investment and to take better Marketing
decisions.

For Choe (2016) the studies about the
conversion rate are a standard technique
whereby marketing specialists evaluate the
effectiveness of advertising. Literature in this
area have evolved to include the decisions of
potential customers; nevertheless, there are
few comparative articles (Choe, 2016, p. 143).

Many researches analyse the impact of
the Marketing actions focused on increasing
the traffic of clients to the establishment. The
absence of data in the past about the traffic of
clients leads to the exclusive use of sales and
earnings data (Walters & Rinne, 1986; Walters
& Mackenzie, 1988). Perdikaki et al. (2012)
are pioneers in using real traffic data (using
traffic counters installed at store entrances).
Their objective was to relate the role of the
labour factor to the customer traffic and to the
sales results in a store. These authors point
out that an increase in customer traffic does
not necessarily increase the conversion rate,
since too much public and/or poor planning of
marketing actions can have a negative impact
on consumer behaviour, such as queues,
stressed personnel, overwhelm, bad image can
be so dangerous, that defrauded customers will
not return to the stores and will even speak ill of
the establishment).

It is very important to attempt that client
has a good experience in the establishment,
so that she can repeat her visit in the future. In
this line, Soderlund (2014) focuses his research
on the following hypothesis: having a positive
visit in a store, but without a purchase, can
lead to a purchase in another store of the
competition. So far, the investigations aimed
at the satisfaction of the customers who

bought and not those who left without buying.
It is essential to convert these visitors into
real buyers to increase the conversion rate.
However, visitors who left without buying should
not be considered as lost consumers, since
their visit, if it produces a good impression on
them, it could imply a future purchase and could
have an impact on the perception of the client
in relation to the brand image of establishment
(Bloch & Richins, 1993).

Seiler and Yao (2017) carried out another
novel empirical work. They not only analyse the
traffic of clients, but also the movements within
the establishments, the exposure to advertising
and how they influence the conversion in
supermarkets. Data set come from 26-day
observation of a hypermarket in California,
and completed this information with exposure
to television advertising through the IRI data
set. The conclusions of the article showed
that television advertising increases customer
traffic at this point of sale, but does not improve
conversion rates.

In spite of those reviewed article, which
analyse the customer traffic, we have detected
a lack of empirical analysis on the economic
impact of this traffic at the points of sale.
Knowing this traffic more rigorously will help to
improve positively the results at the points of
sale (Netessine et al., 2010; Rodriguez, Olarte-
Pascual, & Saco, 2015).

In other line, there are relevant studies that
analysed the conversion rate based on the
exposure of potential consumers to advertising
(Sahni, 2015). This research uses a nested test
to assess the retention in memory of advertising
in restaurants across 11 countries. The result of
the research is that a periodic and coordinated
exposure of advertising to consumers improves
sales conversion rates.

There are also studies that corroborate that
the computation of the conversion rate is very
important because it constitutes the metric to
measure the profitability of the business (Sood &
Kumar, 2017). These studies add a perspective
that focuses on profitability to identify the most
profitable customers.

The concept of conversion rate (CR) has
also be used in online stores to assess the
effectiveness of their communication actions.
Although e-commerce is a recent phenomenon
compared to physical commerce, there are
more studies on conversion rates online than on
physical commerce. Puente (2016) considers
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the conversion rate as a crucial parameter in the
e-commerce, and he points out that the fact of
increasing a few tenths this figure will increase
considerable the volume of income. Therefore,
to invest time and resources in analysing what
is wrong and try new alternatives to see which
reports more benefits is a good investment if
this achieve to increase the conversion on the
web. In the same line, Saura et al. (2017) carried
out an investigation in which, as a conclusion,
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KPIs (activity indicators) were proposed to
improve the conversion rate and, therefore, the
effectiveness of digital marketing policies. The
influence of friends and influencers on social
networks has also been analysed, as well as
how they influence the rate of conversion in
sales (Zhu et al., 2016).

Then, we summarise the revision of the
Theoretical Framework about the use of the
conversion rate (Tab. 2).

Summary of the revision: Theoretical Framework about the use
of the conversion rate — Part 1

LD Area of application | Research object LLL Stt.'d).’ ct?ntent Sources
used and limitations
Conversion | Retail clothing data: | Analyse the impact | Importance of in- Perdikaki et al.
rate store traffic and of traffic between store operations for (2012)
sales performance |sales and their driving the financial
components. performance of
retailers
Conversion | Clothing retailer Retail industry Retail management Fisher (2013)
rate/sales analysis to identify | should focus:
the operational Conversion rate,
challenges faced electronic commerce,
by retail managers | Social Media
and operational
managers
Conversion | Shopping center The effects of The reality of retail Sdderlind (2014)
rate Sweden Clothing satisfaction derived | indicates that many
retailer (Inditex, from a specific visit | customers leave the
H&M) to the store about stores without making
the customer’s purchases despite the
relationship with satisfaction of the visit
other stores (store
creation)
Bass Empirical data Identify the Identify the most Sood & Kumar
diffusion of technological most profitable profitable customers. |(2017)
theory/ services company customers.
sales/ in 7 countries for 6
conversion |years
Diffusion Business field They develop an It shows how the Guo & Chen (2017)
model/sales analytical model to | price and time
study the strategy of | policy affects the
the company related | strategic behaviour of
to time and prices consumers.
in the dissemination
of products. Review
dissemination
models
Conversion | Digital market Analysis of the The investment in Puente (2016)
rate purchase behaviour |ecommerce improves
of digital customers | the conversion rate in
sales.
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Summary of the revision: Theoretical Framework about the use
of the conversion rate — Part 2

Conversion
rate

QQ Social Network

Influence of friends
and influencers in
social networks on
buying behaviour

The influence of
friends, who have
made purchases
before, is the biggest
influence.

Zhu et al. (2016)

The repeated
exposure of
consumers to
advertising increases
the conversion rate.

Sahni (2015)

Conversion | Online restaurants | Analysis of the

rate in 11 countries exposure influence
of restaurant
consumers

Conversion | Marketing strategies | Review of digital

rate in the digital marketing strategies

environment

Proposal of some
KPI's to improve the
conversion rate in
sales

Saura et al. (2017)

Conversion | 30,814 American Analysis of the The model Choe et al. (2017)
rate travelers who influence of Destinarion
purchased their advertising on the Advertisement
tickets online conversion into Response (DAR
sales model) is a model
suitable for the
analysis of the
conversion rate.
Conversion | Observation Influence of Advertising influences | Seiler & Yao (2017)
rate during 26 days advertising, traffic people’s traffic, not

of a supermarket
in California and
completed the

of people and
movements within
the supermarket

the conversion rate

related to the
conversion rate

information with IRI
data

After the next extensive review of the
literature (Tab. 2), we found no evidence about
the analysis of the behaviour of the conversion
rates in sales along the phases of the PLC. In
this context, this article aims to contribute to the
joint research of the commercial and marketing
management, from the theoretical and practical
point of view, deepening in the analysis of the
conversion rate (CR) throughout the phases of
the Product Life Cycle (PLC). To reach this goal,
we propose the following Research Question:

RQ: Does the use of the evolution of the TC
along the PLC allow adjusting the marketing
and sales strategies, improving the planning
and commercial management of the points of
sale?

This Research Question will allow us to test
the following hypotheses:

H1: The behaviour of the conversion rate
(CR) is homogeneous throughout the phases

Source: own

of the PLC, assuming an opportunity for
companies that know how to adapt.

H2: The increase in sales volume in the
growth phase is due to the improvement in the
conversion rate.

2. Methodology
21 Data

Citroén Spain Automobile has provided the
information used in this study. Data set was
collected during 42 months, from August 2014 to
January 2018. The total number of observation
is 157,960 clients assisted who have
purchased 27,831 vehicles. The observation
units were registered from a network of 140
car dealerships located throughout the national
territory. This fact enriches the sample and
ensures the possibility of making inferences at
the national level. The data were obtained from
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the customer treatment software of Citroén
that lets you know how many customers were
interested in the vehicle (customers assisted)
and finally how many bought it (sales). The
percentage of sales on customers treated is the
conversion rate used in this study.

This paper focuses on a specific model of
vehicle, C4 Cactus, which was launched onto
the market in August 2014 (at this time we
began to collect data) and was finally renewed
in January 2018, so we have the complete life
cycle for this product.

The evolution in the clients assisted variable
shows the following phases in the PLC:
= |ntroduction of the product in the market:

launch period, with an average growth rate

of 2.68%.
= Growth of the product in the market: until

July 2015 with an average growth rate of

7.35%.
= Maturity-decline of the product in the

market: from March 2017 with growth rates

remains almost constant, with lower rates
compared to the previous phase.

C4 Cactus model is a vehicle of the compact
segment (4.16 meters long) with a broad client
target: older couples, young couples and single
people. This makes it suitable to be analysed
due to the wide range of clients included.

2.2 \Variables of Study and Period
Analysis
Data set collect information about the following
variables: (1) clients assisted and (2) effective
sales.
The conversion rate (CR) is computed from
these collected variables as:

CR = ES/CA * 100, (1)

where ES is the number of customers who make
a purchase and CA the number of customers
that visit the stores, prospective clients.

Following this formula (1), the conversion
rate is defined as the number of customer
who make a purchase over the total number of
clients who visits the establishment. Therefore,
this ratio computes the proportion of clients
assisted on sales.

Considering the methodology apply in
Galiano, Rodriguez and Saco (2018) — where
the authors analyse the duration of the product
PLC of the C4 Cactus by using the Bass model
methodology, and according to the graphical
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evolution of the variable conversion rate (CR)
and its behaviour along the phases of the
life cycle of the product showed in Fig. 1, we
consider the following periods of analysis:

= Launch phase: August 2014 to January

2015.
= Growth phase: February 2015 to July

2015.

Maturity phase: July 2015 to March 2017.

Decline phase: March 2017 to January

2018.

We must not be surprised about the short
time considered in the different phases of the
PLC. To this respect, it should be considered
that, in the automobile sector, the PLC is five-
years average. That is why the launch phases
and growth are shorter since it is sought to
achieve a high volume of sales as soon as
possible, and to remain across time as long
as possible (maturity phase). Also making the
phase of the decline briefest.

The conversion rate shows a continued
growth until January 2015. This mean that
during the launch phase it shows a positive
behaviour with an average growth rate of 0.81%,
therefore, in this phase of the PLC the values
of the conversion rates are high, which would
mean that the proportion of clients assisted on
sales is high and positive. However, after this
period and until July 2015, the growth period,
conversion rate behaves negative, on average
-0.52%. These behaviours will be corroborating
as significant by our models.

The fall showed during the growth phase
evidence a countercyclical behaviour for the
conversion rate — we understand the cycle as
the product life cycle (PLC) — opposites to the
finding of the scientific literature who has always
identify the growth phase as the phase in which
sales increase the most. However, this increase
is not due to an improvement in the conversion
rate, but on the contrary, the conversion rate
worsens. Therefore, the cause of an increase
in sales during the growth phase is due solely
and exclusively to an increase in the traffic of
clients assisted, even in spite of the negative
values of the conversion rates suffered in that
phase of the PLC.

From that moment on, there is a growing
linear trend in the maturation and decline phase
showing ups and downs movements. In spite
of these fluctuations, and controlling for them,
our model will show a positive and significant
trend from the growth phase until March 2017
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m Temporal evolution of the series conversion rate of the C4 Cactus model
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(beginning of the maturation phase), and
later a negative trend, although not significant
(during the decline phase).

As a result, the previous graphic analysis
gives us visual evidence about a countercyclical
pattern in the conversion rate (CR).

3. Results

Results imply two step analysis: first, it is
necessary to treat the series in order to capture
the best model to explain the behaviour of the
series. Second, once we find the true model that
define the behaviour of the series, we proceed to
analyse if there are temporary moments that are
significant across time, and if they have a negative
or positive effect on the evolution of the series.

3.1 Treatment of the Series

The empirical part deals with the temporal
analysis of the conversion rate series, which
is computed from assisted clients and sales

Source: own

variable for the period August 2014 to January
2018.

We wuse Box-Jenking methodology to
analyse the evolution of this series (ARIMA
models). This methodology goes beyond the
simple modelling of the cyclical, trend and
seasonal components. Specifically, it focuses
on analysing the non-systematic part of the
series, random and irregular, trying to identify
a pattern of interest in its evolution.

This is a methodology for modelling non-
stationary series, so the first step corresponds
to the correct treatment of the series to turn
it into stationary. We also have to control
for seasonality. Subsequently, we follow in
the analysis the phases of the Box-Jenkins
Methodology: identification, estimation and
modelling.

Following the steps previously commented,
firstly we observe the original graph of the series
(Fig. 1) which leads us to think that the series
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Augmented Dickey-Fuller test
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Coefficient Star_’nda.;rd t-ratio p-value | Significance
deviation
Constant 0.109828 0.0331242 3.316 | 0.0023
Variable in levels -0.752960 0.218942 -3.439 | 0.0463 >
VRIS T [Tk 0.222135 0.217621 1.021 0.3150
difference
VEIEELE ) SE3ere 0.0223314 0.184082 0.1213 | 0.9042
differences
VENEERLR T Ve 0.467077 0.160176 2916 | 0.0064
differences
Trend 0.00120352 0.000659627 1.825 | 0.0774 .
Source: own

Note: The significance of the estimated parameters is given next to each estimation: *5-10 per cent; **1-5 per cent;

***< 1 per cent.

Estimation of the conversion rate SARIMA(2,2,1)

Estir_na_lted Star_idz_ard t-ratio p-value Significance
coefficients deviation
AR(1) -0.734077 0.142660 -5.146 2.67e-07 e
AR(2) -0.627765 0.136051 -4.614 3.95e-06 e
MA(1) -1.00000 0.236775 -4.223 2.41e-05 e

Source: own

Notes: Constant is not included in the estimation because it is not significant. Dependent variable in logarithms.
SARIMA(2,1,2) model estimation. Estimation uses the Kalman filter (MV). Standard deviation based on the Hessian. The
significance of the estimated parameters is given next to each estimation: *5-10 per cent; **1-5 per cent; ***< 1 per cent.

presents seasonality, with a marked tendency
and changes in its variability, as a result we will
consider the series in logarithms. Secondly,
we deal with the non-stationarity. To this
respect, the Dickey Fuller test (Tab. 3) shows
the presence of unit roots. To deal with non-
stationarity issue, we consider the logarithms
of the series in second differences. We also
consider a degree of seasonal differentiation.

We estimate a SARIMA(2,2,1) model with
one seasonal lag. In the estimation (Tab. 4), all
the estimated coefficients are significant at 1%,
and we observe non-stationary performance
(white noise) in the residual of the estimated
model (Fig. 2).

3.2 Estimation of the Model with

Temporary Dummy Variables
In this analysis, the objective is to identify
possible temporary co-movement between the
serie and the different phases of the PLC. With
that purpose, we define the following temporary
dummy variables, which take the value 1 if the
series is in the mentioned period and 0 on the
contrary:
= DJanuary2015 = 1 if launch period (August
2014 to January 2015);
= DJuly2015 = 1 if growth period (February
2015 to July 2015);
= DMarch2017 = 1 if maturity phase (July
2015 to March 2017);
= DJanuary2018 = 1 if decline phase (April
2017 to January 2018).
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m Correlogram of the residual
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Source: own
The effect of the temporary dummy  opposite to the scientific literature that has always

variables will be analysed using separate
regressions, in order to isolate the effect of each
of them. Doing that, in each regression is going
to be considered the evolution of the series
within each period opposite to its evolution in
a different period. Next, it is summarised the
estimation results (Tab. 5).

We observe that the launch period dummy
variable (DJanuary2015) is positive (significant
at 1%, p-value equal to 0.001), corroborating
a positive and increasing behaviour for the
conversion rate during this period. The opposite
behaviour is occurred during the growth period
(DJuly2015). Along this phase, the conversion
rate shows a negative behaviour (significant at
1%, p-value equal to 0.001). Therefore, the model
throws evidence about a negative behaviour
of the conversion rate along the growth period,

considered it as a splendour period for sales.

For the maturity phase, the evolution of
the conversion rate is positive (significant at
10%), which shows a change in trend once
the growth phase has been overcome. This
parameter indicates that the conversion rate is
positive and stable in the maturity phase. After
this, in the decline phase (DJanuary2018), the
estimation is negative, although not significant
(p-value = 0.2825).

4. Discussion

In view of the results evidence by the Box-
Jenkins methodology and the regression
analysis with the temporary dummy variables,
we detail the following results for the behaviour
of the conversion rate (CR) throughout the life
cycle of the C4 Cactus model:
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Estimation of the time series model using temporal dummy variables

Estir.ne.lted Star.1d.ard t-ratio p-value Significance
coefficients deviation
DJanuary2015 0.342555 0.103684 3.304 0.0010 e
DJuly2015 -0.228169 0.0694609 -3.285 0.0010 b
DMarch2017 0.170372 0.0889512 1.915 0.0554 *
DJanuary2018 -0.135210 0.125810 -1.075 0.2825

Source: own

Notes: Constant is not included in the estimation because it is not significant. Dependent variable in logarithms.
SARIMA(2,1,2) model estimation. Estimation uses the Kalman filter (MV). Standard deviation based on the Hessian. The
significance of the estimated parameters is given next to each estimation: *5-10 per cent; **1-5 per cent; ***< 1 per cent.

= | aunch phase: The conversion rate takes
high values showing a positive behaviour
and indicating that the proportion of clients
assisted on sales is high and positive.

= Growth phase: Conversion rate falls along
this period corroborating a countercyclical
behaviour (significant at 1%). So that, the
conversion rate does not present a positive
behaviour in the algid phase of sales.

= Maturity and decline phase: The conversion
rate behaves as expected, with a positive
and significant evolution in the maturity
phase, and negative evolution, but not
significant, in the decline phase.

This atypical and unknown behaviour in the
conversion rate can be used throughout the
PLC to improve the effectiveness of commercial
management policies. Therefore, the authors
answer the Research Question and, also, they
analyse each of the research hypotheses:

RQ: Does the use of the evolution of the TC
along the PLC allow adjusting the marketing
and sales strategies, improving the planning
and commercial management of the points of
sale?

Affirmative: This article opens a new line of
research from the finding of a heterogeneous
and unexpected behaviour of the conversion
rate in sales along the phases of the PLC.
This finding revels to the Marketing and sales
department that is crucial to catch traffic of
clients to the point of sales during the launch
period, since at this point of the PLC the
conversion rate reaches the peak.

H1: The behaviour of the CR is
homogeneous throughout the phases of the

PLC, assuming an opportunity for companies
that know how to adapt.

Refused. It has been revealed throughout
the empirical analysis that the conversion rate
has not a homogeneous behaviour along the
PLC, on the contrary it shows a countercyclical
evolution along the growth phase. This fact has
been unknown before this research.

This unexpected behaviour of the
conversion rate has wide and deep implications
in the Marketing and sales departments since it
shows the way to redirect its policies in order to
allocate their resources more efficiently.

H2: The increase in sales volume in the
growth phase is due to the improvement in the
conversion rate.

Rejected. The positive evolution of sales
is not the result of an improvement in the
conversion rate. The change in the trend from
negative to positive from the growth phase to
the maturity phase is particularly striking, which
highlights the marked countercyclical nature of
the conversion rate in the peak period of sales.

The scientific literature (Fu, 2009; Briede-
Westermeyer et al., 2016; Cetinkaya & Thiele,
2016) had focused the policies of these
departments along the launching phase of the
PLC with the purpose of guiding policies to the
discovery of the product. On the contrary, our
research suggests that they should considered
policies aimed to attract clients to the points of
sales during the launch phase because at this
time their propensity to purchase is the highest;
consequently, the efficiency of the Marketing
and sales departments will improve.
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Conclusions

This article performs an empirical research that
evidences the existence of a heterogeneous
and unexpected behaviour of the conversion
rate in sales along the phases of the PLC.
Consequently, this work proposes to use this
atypical behaviour with the aim of orientating
more efficiently the business sales and to attract
clients to the point of sales, mainly during the
launch phase of the PLC.

This article is in line with the results obtained
in the previous work of Galiano, Rodriguez and
Saco (2018) in which, using the Bass model,
these authors dated the phases of the PLC
in durable consumer products. The research
pointed out the importance of defining the
phases of the PLC using the assisted clients
variable, but the behaviour of the evolution of
the conversion rate in sales along the phases
of the PLC was not explored; an aspect that the
authors consider of great importance. Mufiz-
Ferrer (2008) concludes that the conversion
rate in sales is a crucial parameter to be analyse
in order to improve the results of Marketing and
sales departments; consequently, it will improve
the efficiency and the forecasting capacity of
the sales variable when analysing the PLC.
However, there is a gap in the analysis of the
conversion rate and its behaviour along the
PLC.

Previous  scientific literature  neither
refers nor even proposes a management of
the behaviour of the CR along the phases
of the PLC. Moreover, there is neither
precedent nor evidence about the existence
of a heterogeneous behaviour in the sales
conversion rate along the phases of the PLC
(Perdiaki et al., 2012; Soderlind, 2014; Choe et
al., 2017; Saura, 2017).

However, articles focused on the efforts of
the points of sale in the improvement of the
conversion rate start to be published (Fisher,
2013). Empirical studies such as this one that
evidence a heterogeneous behaviours in the
conversion rates variable, will help to increase
the efficacy of this parameter. In this sense,
the policies focus on the management of the
conversion rate will not only increase efficiency
but also improve the return on investment
making the Marketing and sales policies
more profitable (Sood & Kumar, 2017; Guo &
Chen, 2017). Furthermore, for an adequate
management of the conversion rates, activity
indicators such as those recommended by

Saura et al. (2017) should be used. These
authors point out that not only an effectiveness
management analysis of the conversion rate
should be carried out, but also those analyses
aimed to know the deviations in the results and,
consequently, develop corrective actions.

The main empirical result of our research
is that the behaviour of the conversion rate
is heterogeneous, atypical and different from
what expected. Especially striking has been
the result of its behaviour along the growth
phase, where it shows a countercyclical
behaviour (a negative and significant
evolution). Consequently, it can be concluded
that the increase in sales evidenced in the
growth phase is not a consequence of the
behaviour of the conversion rate, but of the
increase in the ftraffic of assisted clients to
the points of sale. An empirical analysis apply
to the collected variables has been used to
reach such a conclusion. Concretely, it is used
time series analysis over the conversion rate
variable, using ARIMA methodology for non-
stationary and seasonal series (Box-Jenkins
methodology).

As a conclusion, the most relevant finding
of this research is to show an unexpected and
countercyclical behaviour of the conversion rate
along the PLC and to expose the possibilities
that this finding offers to the management of
the Marketing and sales departments. These
departments can used this result to lead
more effectively and efficiently their policies
and resources. These find open a new and
interesting line of research in which the authors
of this article intend to deepen in further studies.

The main limitation of this research is the
absence of previous scientific literature that
analyses the behaviour of the conversion rate
variable for the PLC analysis, possibly caused
by the repeated use of the sales variable in the
scientific community.

Another limitation of this article is that this
study focuses on analyzing durable consumer
goods in a specific model inside the automotive
sector. Although the results are considered
to be an important advance, it is not known if
this is a particular feature of this sector in the
study area or the results can be extrapolated.
Therefore, the author recommend to replicate
this study in other sectors of activity to compare
results.
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