
Best next offer: 
get ahead with 
predictive 
analytics 
Discover how Apteco FastStats® can help you 
predict your customer’s next purchase.



Introduction
 

An Apteco FastStats® system typically holds the buying 
history of a customer as a series of transactions. 
Can we use this information to predict the most likely 
next purchase for a customer? If so then we could 
highlight this product in a personalised marketing 
communication.  

Of course we can’t expect to know exactly what 
someone is about to purchase, but it’s possible to use 
collaborative filtering techniques with past transactions 
to suggest the most likely next purchase.  
 
In this eGuide we’ll look at how this can be achieved 
using the “Best Next Offer” (BNO) wizard in Apteco 
FastStats. First we’ll look at the basics using the familiar 
data of the holidays system, before digging a little 
deeper with some real data.

Best next offer
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Affinity Cube

The BNO wizard first generates the Affinity Cube, which 
explores “what is bought with what?” 

3 apteco.com



Propensity

The product categories (in this case holiday 
destinations) are shown on both axes. Each 
cell shows the number of customers who have 
purchased both products. The highlighted cell 
shows that 56,242 customers bought both “Greece” 
and “United States” holidays. This sounds a lot but, 
given the number of people who have bought 
the two products individually, the figure is actually 
significantly lower than expected.  
 
This is highlighted by the high negative cell z-score 
statistic, which has been used to shade the cube. 
In the same column we can see that Australia X 
United States is a higher number than expected. We 
can conclude that someone who has bought the 
US destination holiday is more likely to also buy the 
Australia holiday and less likely to buy the Greece 
holiday.

56,242
-261.24
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Using this approach we can calculate 
a measure of propensity for each 
combination of products (destinations 
in this example). 

Each customer has a recorded 
purchase history so we can work 
through their transactions and look 
up the propensity to accumulate a 
score against each of the candidate 
products. The product with the highest 
score is then the one that is the best 
suggestion for their next offer.
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(a X propensity)  
+  

(b X popularity)

BNO  
score = 

Popularity

Working purely with propensity can produce less 
common product suggestions. Even when these 
are statistically significant there might be some 
underlying reason why a particular odd product 
combination was popular but only for a short time 
period.  

In some marketing scenarios these will be interesting 
niches that you can exploit, but in other cases you will 
want to nudge the BNO suggestion towards a more 
popular choice even if that means a slightly lower 
propensity. It seems sensible to factor a measure 
of the overall product popularity into the BNO. This 
is easily calculated from the marginal totals of the 
Affinity Cube. 

Our overall score is therefore a weighted 
combination of propensity and popularity.

Working through a customer’s past transactions 
we can accumulate this weighted score for each 
candidate product, rank them, and select the BNO for 
this individual.
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Other considerations

For many applications we will want to exclude 
the possibility of suggesting a product that 
has already been bought. For example, if a 
customer has already bought a washing 
machine then don’t try to sell them another 
– at least not for a few years. The wizard 
therefore defaults to Allow Prior Choice = No. 
 
If your system can highlight more than one 
product then you could select rank two in the 
wizard to get the “second best next offer” and 
so on. 

In this simple example we have included all 
transactions in the analysis. The wizard allows 
us to specify a transaction filter that will often 
be required. For example, we might sensibly 
exclude transactions for products that were 
returned or rated badly.
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Using the BNO
The BNO product for each customer is written into a 
virtual variable. This can then be used to personalise 
the next marketing communication to the customer 
to highlight this product. 
 
This datagrid shows the customer’s past holiday 
destinations along with the BNO suggestion using 
a Propensity / Popularity weighting of 75%/25% as 
described above.

 It will often be more practical to work at a higher 
level “product group” than, say, a low level SKU code. 
The BNO can then be used to suggest the product 
group and you can use other criteria (stock level, 
profitability, seasonal effects) to target a particular 
product from within that group.

You can also use BNO in combination with other 
models like Recency-Frequency-Value (RFV). In this 
case your marketing communication could use the 
RFV to promote the customer’s “usual choice” with the 
BNO result as a “or why not try something new” option.

Data grid
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Application to real data
Transactional data with real purchase history tends 
to be closely guarded by our clients for obvious 
reasons. However, we can illustrate some of the 
practical considerations when using the BNO 
techniques by looking at some real but public film 
review data (sourced from the MovieLens project 
https://movielens.org/).

This data has a table of members of a movie review 
website. Each member has added reviews of a 
number of films rating them from one to five stars 
and these form a transaction table in the FastStats 
system. We will try to use BNO to suggest the next film 
that should appeal to the member given their viewing 
history.

Here is a data grid with the reviews by one member.

9 apteco.com

https://movielens.org/)


Limit the number 
of products

This database lists over 10,000 films. The 
BNO technique depends on building the 
Affinity Cube and this won’t be possible for 
more than a few thousand categories (the 
maximum cube size allowed in a system 
is configurable and can be increased 
especially in 64bit implementations but is 
ultimately limited by resources). 
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There are several approaches to reducing the 
number of product categories:

Use a product grouping to combine 
similar products.  
 
Limit the products to the most popular 
N – in this case the top 100 films by 
viewings. 

Limit the products to those that feature at 
least N times – in this case the films that 
have been rated at least 500 times.

All of these groupings can be built using the 
Combine Categories wizard.

Let’s work with the top 100 films.

Top 100
films
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Filter people

The BNO model is going to reflect 
the behaviour of the people that 
are fed into the tool so we need to 
consider carefully who to include.  
 
People who have bought 
less than two products will 
automatically be excluded from 
the Affinity Cube. Depending on 
the task it might make sense to 
exclude certain types of non-
typical customer e.g. corporate 
customer of consumer business, 
lapsed customer. 

In this case let’s include 
all people.
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Filter transactions
The BNO model is going to be built 
directly from the transactions that 
are fed into the tool so we need to 
consider carefully which to include. 
In many cases it will be a good 
idea to remove older transactions, 
judging the cut-off from your 
knowledge of the market sector. 
Refunds, free offers, seasonal deals 
might be other candidates for 
exclusion.  
 
Here the goal is to recommend a 
film that the customer will enjoy 
so we will filter the transactions to 
include only four to five star ratings.
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Affinity Cube
It is always a good idea to study the 
Affinity Cube. In this case it shows 
some believable correlations between 
films. In some cases this might have 
achieved your analysis objective to gain 
understanding and visualise products 
that are purchased together. Remember 
that you can also use Basket Analysis to 
investigate multiple product lines that 
are most frequently bought in the same 
transaction or by the same customer. 

Continuing with the wizard will build 
a BNO model and use it to produce 
individual product suggestions.

14 apteco.com



Adjust weightings

As discussed, general weighting towards 
propensity will favour niche combinations 
of products that might not always be 
desirable. However, here we have already 
restricted the analysis to more popular 
products by using the top 100 films.  
 
Therefore we have chosen to weight more 
by propensity as the candidate films are 
all popular. We have also forced the BNO 
suggestion to be a film not seen before by 
setting “Allow Prior Choice” No. 
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Review results

The BNO suggestion is produced as a 
virtual variable so all the usual FastStats 
analysis tools can be used to explore and 
review the results. 

Here we’ve used a datagrid to show the 
film’s transactions for a person along with 
the BNO suggestion. Remember to apply 
the same filtering selection to the datagrid 
if you want to see transactions that were 
used to model the BNO.  
 
In this case the films are limited to those 
in the top 100 for which the member had 
awarded a rating of four or five stars. Tip - You will often want to go back to tweak 

the weightings and transaction filters. If you 
avoid closing the wizard then you can use the 
back button and change the setting.
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Cubes are the obvious way to explore the distribution 
of the BNO suggestions, and of course you can break 
these down by other variables and use Charting to 
visualise further. 

Die Hard
Members 11,486
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Selection based on individual’s RFV 
history e.g. last/most frequent product 
bought 

Selection based on the demographic 
cluster of an individual 

Selection based on the season, topical 
event or brand promotion

The BNO suggestion is stored as a virtual variable 
and so can easily be exported in a datagrid or 
included in an Apteco PeopleStage™ output. The 
BNO code can be used to specify the product 
offered within the marketing communication.
 
Of course there are other methods of choosing a 
product to offer the individual, including:

Using the BNO result
Depending on your sector some of these 
methods are probably already in use. It makes 
sense to introduce the BNO suggestion as an 
alternative alongside these established options. 

BNO is a flexible technique but the application 
above shows that it’s crucial to set the 
parameters carefully, experiment, and test the 
results.
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Book an Apteco demo to discover how 
understanding your customers’ most likely 
next purchase can boost your campaigns.

BOOK A DEMO

Or call us on +44 (0)1926 407 565
info@apteco.com

https://content.apteco.com/book-a-demo
mailto:info@apteco.com?subject=eGuide%20enquiry


apteco.com

Creating and building industry-leading software to convert 

customer data into actionable insights.


