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Abstract Enter 2021, 90 years since the famous McElroy ‘Brand Men’ memo1 also 
marked the start of the shift of ‘brand activities’ from advertising to full ownership of 
everything needed to produce business results: ‘Where brand development is heavy and 
where it is progressing, examine carefully the combination of effort that seems to be 
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clicking and try to apply this same treatment to other territories that are comparable.’ 
The explosion of sales and marketing channels since has spawned a plethora of 
marketing specialisms and seen businesses come almost full circle, with marketing 
departments focusing solely on incremental growth and campaign ROI, sometimes 
at risk of losing control of core activities. The pandemic of the last two years has 
accelerated the growth and importance of digital media and sales channels – another 
typically siloed team – in how customers research, consider and buy. Change is not 
only taking place in more obvious consumer markets, but also in B2B, where both 
customers and suppliers have been forced to move more of sales and service processes 
online. This is delivering surprisingly positive outcomes in many cases, with McKinsey’s 
research showing that buyers and sellers alike prefer the new digital reality.2 As the need 
to connect ‘base nurturing’ activities (which tend to be owned by sales departments) and 
‘growth activities’ (usually led by marketers) becomes clearer and as the digitalisation 
of both sale and marketing becomes more mainstream, we are seeing the re-birth of 
the ownership of ‘line of sight to results’ across functional silos. This is happening 
with the creation of roles such as Chief Growth Officer, Chief Customer Officer and 
new-style CMOs or CSOs who take a data-first approach and tend to look further than 
their own discipline along the entire value chain for the customer. This hybrid position 
bridges traditional departmental silos such as business development, sales, marketing, 
operations, customer support and information technology. While those organisations 
are striving to understand their customers’ omni-channel jouneys and add value all the 
way across this complex ecosystem of interactions, some historical models of analysis 
may no longer be able to cope with today’s cross-silo, omni-channel reality that 
requires end-to-end insights for many teams across the business. In this article we 
examine various useful, relevant, data science based approaches on which modern 
executives can rely to understand this new interconnected reality, allowing them to 
understand, nurture and grow their customer relationships, even in times of uncertainty 
and rapid change. We use examples of how traditionally marketing department-led 
activities such as customer segmentation and marketing investment analysis can evolve 
into a more cross-functional approach delivering better insights and, importantly, more 
value to the business. 

KEYWORDS: data-science approaches, customer relationships, customer segmentation, 
marketing 

HOW ROCKFON GOT IT RIGHT – 
IN PURSUIT OF A DEEPER 
UNDERSTANDING OF THE CUSTOMER 
ECOSYSTEM 
In 2019, Rockfon — a Danish company 
developing acoustic ceiling and wall 
solutions to create beautiful, healthy, 
comfortable spaces — set out on a mission 
to understand their long-standing customers 
better, with whom their relationship often 
spanned decades. The company sought 

to improve the knowledge of both their 
customers’ changing needs and their own 
place in their unique partner ecosystem, 
with the goal of serving their customers 
better now and in the future. 

Using K-means clustering — an 
unsupervised data science machine learning 
technique, to create needs-based customer 
segmentation — the company was able 
to refine and upgrade its service approach 
across all customer-serving departments, 
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taking into account how and where 
customers preferred to be served. 

Figure 1: Inertia formula and visualisation 

Rockfon was able to anticipate the needs 
and trends of both its direct and indirect 
customers in parallel, through an information 
network technique, using project-level 
data from the building industry to map the 
ecosystem the company operates in. 

Defining a focus area for each in-country 
team, with each respective service level 
at exactly the right touchpoints for the 
customer – regardless of which department 
was serving them – is what ultimately made 
Rockfon’s ‘win local’ approach such a 
success. 

Matching business needs to the best data 
science approaches 
To get the maximum benefit from applying 
data science to a business problem, it 
is crucial to spend time upfront to gain 
further understanding of the reasons why 
the organisation wants to improve its 
current performance and how the teams 
involved will use the new solution as part 

of their daily operations and processes going 
forward. 

This ensures that data science solutions 
are focused not just on maximum 
performance but also importantly on 
maximum usability by the teams they are 
being designed for. 

Data science summary: K-means clustering 
As with most data-driven customer 
segmentations, the process started with an 
unsupervised clustering technique. The best 
fit for Rockfon’s specific needs proved to be 
the partitional clustering algorithm K-means, 
using RFM (recency, frequency, monetary 
value) variables. 

This enabled a multi-disciplinary team 
from both companies to build and refine a 
comprehensive set of customer behaviour 
profiles, using descriptive statistics such 
as purchase size, number of orders per 
month, spend per month, frequency 
progression, purchase value progression, 
window between purchases, customer 
tenure and more. 
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 Figure 2: Distortion visualisation 

This mix of descriptive techniques, 
clustering and statistics defined the 
customer segments, ensuring minimal 
variation within clusters and maximum 
variation between clusters. This is done 
by calculating inertia (the sum of squared 
distances of samples to their closest cluster 
centre) and distortion (the average of the 
squared distances from the cluster centres of 
the respective clusters). 

The next step was to enrich the data-
driven findings from the K-means clustering 
with other information and data. These 
customer segments were brought to life 
by building customer personas, drafted 
based on both data-driven profiles and 
industry knowledge from different Rockfon 
departments, including field sales, internal 
sales, customer service and marketing. 

MULTI-DISCIPLINARY TEAMS AND 
THE BUSINESS-DRIVEN APPLICATION 
OF DATA SCIENCE FOR INCREASED 
CUSTOMER EXPERIENCE AND 
HIGHER REVENUES 
A common, data-driven view of each 
customer enabled Rokfon to have a better 
collaboration between the client-serving 

teams and helped them to identify where 
to focus. This step essentially involved 
implementing a strategy mapping tool 
across departments, helping Rokfon to 
gain a better understanding and provide 
a better service to its customers, as 
well as anticipating customer needs for 
tomorrow. The data-driven approach 
helped Rokfon to focus objectively and 
uniquely on each type of customer. 
Cross-functional teams then seamlessly 
implemented and used the service level 
guidance for their respective customers 
in both their daily responsibilities and 
their annual accounting plans. A common 
understanding of the customer base 
throughout the organisation allowed a 
smooth transition of customers through 
every stage of the sales funnel. The result 
was an improved customer experience, 
resulting in revenue growth for Rockfon 
far above the industry average. 

Enriching customer segmentation with a 
unique, data-driven ecosystem view 
As well as understanding them better 
through segmentation, Rockfon embarked 
on an ambitious journey to create a data-
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driven map of their customer business 
ecosystem, using graph models. This 
mapping was a critical ingredient for 
improving the level of service customers 
experienced and delivering insights to 
unlock business growth. 

Figure 3: The ecosystem approach 
Source: https://amplify-demos.com/ 

Giving Rockfon’s cross-functional team 
the use of a complete toolset spanning both 
direct and indirect customers helped them 
identify a cohesive set of relevant strategies 
across sales, marketing and customer services 
within the ecosystem, increasing efficiency 
and boosting revenue. 

● Each node (dot) is a company with its 
respective role colour and each edge (link) 
tells us which two companies have worked 
together in the past. 

● Play around with the filters on the left and 
see how it affects the selection stats in the 
dashboard view below the network map. 

● The segmentation tabs will show you 
the ranked list of customers used for 
segmentation purposes to set out strategic 
goals for the sales and marketing teams. 

Each market had access to a project 
database providing details of local past and 
current projects in the building industry. 
The data was gleaned from project and 
stakeholder pairs (eg, Project 1 – Company 
A (architect)) and grouped all the project 
stakeholders together (eg, Project 1 – 
Company A (architect), Company B 
(building contractor), Company C (owner)). 
This enabled us to map players in each 
market in the building industry through 
their mutual project work. The map was 
visualised in an interactive web application 
with a user-friendly dashboard, allowing 
the slicing and dicing of results and the easy 
selection of focus areas. 

By employing methods from graph 
theory such as measuring degree distribution 
and network strength, we were able to 
evaluate how interconnected each market 
is compared to others, as well as to question 
who are the most connected players in each 
market. 

Every data science model requires 
maintenance over time to sustain relevance 

https://amplify-demos.com/
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and added value. The last step in the 
implementation and deployment journey 
of this data-driven segmentation was the 
ongoing measurement of impact and 
performance. Results were generated 
through a multi-class classification algorithm 
using random forest, trained on the initial 
segments, and then used for predictions on 
the newly available transaction data. The 
model was adjusted for inflation and industry 
growth within that period and the dashboard 
showed which customers were moving 
between segments. 

The Rockfon teams were able to select 
priority groups of customers to address 
through a variety of channels, including 
sales, marketing, inside sales and customer 
service. The service model nurture structure 
improved customer experience and 
customers engaged with Rokfon more often, 
migrating into new and different segments. 

This deliberate effort to get under the 
skin of the customer base and develop a 
common understanding across teams serving 
the customer ensured that all the relevant 
data insights were immediately actionable by 
all the relevant departments. 

Understanding customer behaviour is complex – 
you cannot look at factors in isolation 
Blind spots can be created when 
organisations lack the purposeful effort 
of joining the dots across the functions, 
and when marketing is operating in its 
functional silo of limited data and classic 
ROI modelling. Techniques such as 
market mix modelling (MMM) have found 
acceptance as a marketing tool among the 
major consumer marketing companies, but 
such models typically do not analyse a large 
part of business revenue, often called ‘core 
sales’ or ‘run rate’ business. The assumption 
is often that those core sales will remain 
stable and are expected to keep coming 
with very little nurturing. COVID-driven 
shifts in media consumption and buying 
trends have put this logic to a hard test and 

many organisations are finding it insufficient 
to inform their decision-making and 
forecasting. 

Another advocate of the cross-
department, holistic view of the customer is 
Victoria Jenner, Head of Customer Insights 
& Analytics at Harrods, a London-based 
luxury goods emporium. As part of the 
Chief Customer Officer function, Victoria’s 
team strives to understand the customer 
from every possible angle. At Harrods, 
insights and analytics are deliberately located 
across functions, rather than sitting in the 
marketing department, as was traditionally 
the case. This enables the Customer Insights 
team to keep ahead of changing customer 
needs, and especially new needs emerging as 
a result of the recent pandemic. 

The way customers engage and shop has 
changed considerably over the last two years 
and has chiefly seen a shift towards online 
platforms and mixed channels. Harrods’ 
customer research shows that although many 
customers state an intention to return to their 
primary channel of choice, there is increased 
use of a variety of different channels during 
their journey towards making any purchase. 
Many customers now research a purchase 
online and are increasingly well informed 
before they enter the store. 

This seismic shift in how customers 
approach making a purchase provides new 
challenges and opportunities for using 
the data science and analytic techniques 
discussed in the first half of this paper 
to understand their behaviour in greater 
depth and detail. Some purely digital 
methodologies, such as digital attribution, 
are not going to be as relevant, because you 
risk missing sales that online browsers are 
completing in your store. 

If you focus solely on direct digital 
attribution (a popular approach of 
performance marketing), you could end 
up overlooking a vast revenue source, and 
consequently failing to identify the need 
to make important decisions that could 
affect your business as a whole. Channel-
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specific methodologies are going to become 
less relevant because they are not broad 
enough to pick up significant chunks 
of the customer journey. Being able to 
follow and explain the detail, especially in 
todays’ complex, omni-channel world of 
interactions, is increasingly important. 

Looking at factors in isolation is not 
particularly helpful and even likely to 
deliver inaccurate findings, because we 
now know that every customer journey is 
a set of interrelated actions and decisions. 
Methodologies that can handle many 
interactions in parallel, seeing not just how 
they relate to your final variable (often sales) 
but also how they relate indirectly to each 
other, are crucial to good decision-making 
and accurate forecasting. 

APPLYING EXISTING DATA SCIENCE 
TECHNIQUES IN NEW WAYS, 
TO BUILD A HOLISTIC PICTURE 
Data science provides a plethora of means 
to examine customer interactions in a 
holistic fashion. As historic analytical models 
become less relevant, and as the pace of 
change accelerates, companies should be 
looking to adopt the practice of using agile 
data science techniques in combination 
with business hypotheses, covering business 
activities end-to-end. 

One such model is a key leading 
indicators of sales model (KLIS)3, which 
enables business and marketing leaders 
to inspect the direct and indirect drivers 
of sales across online and offline channels 
simultaneously, then allocate budgets 
across teams and channels for maximum 
effect. The KLIS model provides a 
granular understanding of what drives sales 
performance beyond the amount spent 
on different media, such as TV spend, for 
example, and its impact on search patterns 
and volumes, both online and offline. 

Further, it helps identify and manage 
leading sales indicators such as pricing, 
distribution and search metrics, rather than 

relying on lagging and less manageable 
indicators such as market share, to determine 
if goals are being met. Importantly, KLIS 
works on aggregated marketing data, future-
proofing it for a time when third-party 
cookies might no longer be around. 

KLIS uses advanced statistical analytics 
such as Bayesian belief networks and 
elastic net to measure relationships 
between marketing activities as well as 
their relationships to each other. First, and 
crucially, you assemble a multi-disciplinary 
team representing the business, whose job 
it is to develop a set of hypotheses of how 
business generates its sales. You would then 
employ common techniques such as: 

● regression and correlation, to analyse 
various outcomes between pairs of 
marketing and sales variables; 

● a time-series analysis, tracking trends over 
time; 

● decision tree modelling, for example on 
customer ratings and reviews, to decide 
what topic sentiments drive positive 
review ratings; 

● pricing analyses to evaluate optimal product 
pricing points to maximise sales; and 

● topic modelling and sentiment analyses on 
ratings and reviews to identify the most 
commonly discussed topics and touch-
points for customers. 

The next step is to progress to advanced 
modelling of interconnected factors 
using data science techniques such as 
elastic net modelling, with which we 
create a descriptive model to identify the 
relationships between different variables, and 
to gauge the strength of their effect on sales 
and other KPIs chosen by the business. 

DATA SCIENCE SUMMARY: 
THE ELASTIC NET 
Linear regression assumes there is a linear 
relationship between the input features and 
the outcome. 
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The formula is Y =W 
0 
+W

1
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1 
+…W

p
X

p 
 .

In this equation the W values (also called 
coefficients) are gleaned from an optimisation 
process. 

In presence of a single variable, this 
relationship is a line, and with an increase 
in dimension (more than one input feature), 
it can be thought of as a hyperplane. The 
coefficients of the model are discovered 
using an optimisation process that aims 
to minimise the sum of the squared error 
between the predictions and the expected 
target values as shown below (loss function). 

The loss function is shown as follows: 

1 ˜ 2 
˛ 
n 

(Y −Y )i i n i=1 

Here Ŷ
i
 is the predicted value of target 

and Y
i
 is the expected target value. 

One of the problems with linear 
regression is that the model’s coefficients can 
get very large, making the model sensitive 
to inputs and possibly unstable. Under such 
circumstances the model runs the risk of 
overfitting (a situation in which the model 
performs well on training data but badly on 
unseen data). We can address this problem 
using regularisation. 

Regularisation is performed by changing 
the loss function to include additional costs 
for a model with large coefficients. A group 
of models using modified loss function are 
referred to as penalised linear regression. 

One way to penalise the model is based 
on the sum of the square of the coefficient 
values. This is known as L2 penalty (ridge 
regression). It reduces the size of all the 
coefficients as well as preventing any of 
them from being removed from the model. 
The L2 penalty is as follows: 

N 
˜ ̃  w 2 

j
j=1 

Another way to penalise a model is 
based on the sum of the absolute coefficient 
values. This is called the L1 penalty (lasso 
regression). It minimises the size of all the 
coefficients while simultaneously allowing 

some of the coefficients to be 0 which 
removes the input variable from the model. 
The L1 penalty is as follows: 

n 
˜ ̃  wi 

i=1 

We use an elastic net regression model to 
determine the key likely indicators of sales 
(KLIS). 

Elastic net is a penalised linear regression 
model that includes both L1 and L2 
penalties. Elastic net includes the lasso 
regression penalty, and when used in 
isolation it becomes ridge regression. During 
regularisation with an elastic net, we firstly 
find the coefficient for ridge regression. 
Next, we perform a lasso algorithm on this 
ridge regression coefficient to shrink it. This 
enables us to get the best of both worlds. 

Elastic net penalty = α * L1 penalty + (1- α) 
*L2 penalty 

The term α determines how much weight 
needs to be given to each of the L1 and L2 
penalties. It is a value between 0 and 1. 

Elastic net regression= lasso regression 
+ridge regression 

Figure 4 shows what a typical output 
from an elastic net model looks like. 

The features shown in small circles are 
the key likely indicators of Amazon sales. 
The width of the arrows pointing towards 
Amazon sales indicate the magnitude of the 
impact that any specific indicator has on 
sales. The sign given the coefficient indicates 
the direction of impact. For example, 
seasonality has a positive impact whereas 
Amazon price of product A has a negative 
impact on sales. 

Elastic net in real life: key leading indicators of 
sales at a consumer robotics company 
A leading consumer robotics company was 
using an MMM study, which concluded 
that TV advertising was delivering 
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high ROI for the manufacturer and 
recommended they significantly increase 
their investment in this particular channel. 
However, when the key leading indicators 
of sales analysis was conducted across the 
whole business, it uncovered a strong 
interdependence between TV investment, 
Google paid search and Amazon-sponsored 
product campaigns. 

Figure 4: A typical output from an elastic net model 
Source: Author 

The KLIS model was able to capture the 
consumer journey from watching a TV ad 
and inspiring interest in a new category, 
and then following this interest up by 
researching the category online, starting on 
Google and moving on to Amazon. The 
bulk of search terms used on both Google 
and Amazon were category terms. 

So, if the company had followed 
the MMM recommendation without 

considering the additional insights provided 
by the more holistic KLIS model, it was 
likely the competition would benefit 
from the increased consumer interest 
created by further TV advertising, as they 
had a high share of voice in both paid 
Google search and Amazon campaigns. 
As the elastic net model has revealed the 
extent of this interconnectedness it has 
enabled the multidisciplinary team to 
design a successful way forward: deciding 
to increase investment in all three areas 
recommended by the KLIS analysis to 
ensure that awareness at the top of the 
funnel gets converted into sales rather than 
feeding competitive growth. The company 
achieved double digit growth, with 
Amazon channel sales doubling at a time of 
increased competitive pressure. 
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Communication is key 
The best models are often also the easiest 
to understand. Sometimes a sophisticated 
analytics model is needed, but if it is 
difficult to explain its output to someone 
else, its value is lost. Worse still, there is a 
risk of creating an aversion to data-driven 
decision-making, because if things are 
too black-box, people start to distrust the 
model. People working in analytics are 
not usually the same people acting on the 
model’s outputs. Insight might be delivered 
to people working in marketing strategy, 
creative or digital marketing and they must 
then put their trust in the model outputs 
and use them in their own decision-making. 
Being able to explain why the model tells 
you what it does, especially in this complex, 
interrelated world, is very important. 

Moreover, data analytics is growing up 
fast, and more organisations than ever are 
trying to embrace the promised benefits 
of unlocking the value of (internal) data. 
Sometimes these efforts are met with 
frustration, from data and business teams 
alike. The role of business analyst is pivotal 
to every data science project intended for 
business use. The business analyst has a 
foot in both camps. Crucially, they have a 
strong affinity for data and making sense of 
data insights to solve business challenges or 
explain a performance gap or opportunity. 
Most often they come from a business 
background, having worked in functions like 
sales, marketing or sales and ops planning. 
They understand enough data science to 
act as a sounding board and project leader, 
ensuring the data science team stays on track 
to answer the business question at hand. It 
is unrealistic to expect highly technical data 
scientists, able to build sophisticated models 
to influence real-time decisions, to also 

have top-notch stakeholder communication 
and storytelling skills. People like this are 
‘unicorns’4 and often, even if they do possess 
all these skills, they do not enjoy all aspects 
of the work equally. 

SUMMARY 
With clear customer preferences for omni-
channel engagement, those organisations 
that are set up to understand a variety of 
customer journeys from start to finish and 
add value in the complex ecosystem of 
interactions accompanying them will be 
best equipped to nurture long-term client 
relationships. Some historical models may 
no longer be able to handle this cross-
silo, omni-channel reality or provide 
vital end-to-end insights for teams right 
across the business. Fortunately, however, 
there are useful, relevant data science-
based approaches which executives can 
use to establish reliable visibility over this 
interconnectedness, allowing them to 
understand, nurture and grow customer 
relationships, even in times of uncertainty. 
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