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Summary:

About this POV: Surveys, especially Usage & Attitude Studies (U&A’s), often have broad business 
objectives (like “we want to understand the market or the category”), making it at times challenging 
to tie the insights to specific decisions that need to be made. For that reason, Ipsos has re-designed 
a vision for U&A studies, and Targeted Analytics is one of the components of this new U&A approach.

1. What is targeted analytics?

In order to apply the notion of targeted analytics, it is best to start with a business 
problem, or even better, with a business decision in mind. With a business decision in 
mind we can loosely define targeted analytics as follows:

“A targeted analytics approach is an iterative approach to analyzing the data at hand. 
Each analytical step taken provides more specific insights which will get decision-
makers more confidently closer to more specific decisions.” 

We illustrate the notion of targeted analytics through various examples. We base our 
example off the below common scenario. Your client has just commissioned a strategic 
U&A study wanting to understand what drives their brand equity and how they can 
grow their business. Data was collected on several brands, brand perceptions were 
part of a survey, and an overall measure of brand strength was also included (maybe 
via a conjoint, maybe via a BVC1 metric).

A common analytical step is to run a driver analysis to determine what drives brand value. 
There are various approaches to doing these driver analyses. However, it is not the 
intention of this POV paper to discuss the pros and cons of various alternatives of driver 
analyses. For illustrative purposes we pick a common approach that proceeds as follows:

1. Analyze brand perception data with factor analysis first resulting in a smaller number 
of derived brand factors.

2. These brand factors are subsequently included in a regression model that tries to 
explain brand value.

This analysis shows the importance of each of the brand factors. The fact that we have 
a predictive model is a first step toward targeted analytics. However, any brand 
decision-maker who is about to make a decision would still have to rely quite a bit on 
gut feel. There are still questions that remain:

• What specific brand perceptions should I focus on (because in the above approach 
I only know the relative importance of the brand factors)?

• Who in the target population should I target?

• If I improve one perception would other perceptions move as well?

• How much can I really expect from my marketing investments and how confident 
can I be about this?

So, in order to get insights to these questions we need to take additional analytical 
steps. Each analytical step should bring the insights closer to specific decision(s) that 
need to be made. It also should bring the insights closer to the financial gain or upside 
of the recommended decision.

We can achieve this in three ways:

1. Going from broad to specific insights or vice versa to make the insights more 
actionable (specific) or estimate the business impact of the possible 
decision(s), (broad)

2. Analyzing across different data sources, and 

3.  Document the reasons and extent to which the decision maker can have confidence 
in the decisions.

Using the business problems above we illustrate the notion of targeted analytics with 
various examples, mostly from real studies we have done at Ipsos (albeit disguised to 
protect client confidentiality).
1 BVC=Brand Value Creator. Ipsos approach to measuring brand value.
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2.  Going from broad to specific or vice versa

Example 1: Often factors derived from a factor analysis are hard to translate into specific 
actions. So in order to target our analytics toward more actionable results we need to 
bring the original variables back in the model. We can do this by translating the factor 
analysis back to the original variables. That will tell us what the effect of individual 
variables is. In one of our studies for a CPG brand, we took the following three steps:

1. In the study we had a brand price conjoint (DCM2) component resulting in brand 
utilities. Brand utilities are a measure of brand value3. (Note: DCM studies are 
often studies all by themselves, i.e. not part of another study such as a brand 
study or U&A study. However, they can be used for specific purpose, when 
designed in a small way so the DCM exercise can be added to a brand, 
segmentation or A&U survey).

2. We also had a large set of brand attributes that were rated by the respondents, and 
these were factor analyzed to get the brand factors.

3. The brand utilities were modeled as a function of brand factor scores. This allowed 
us to model the brand utilities as a function of the brand factor scores, giving us 
an estimate of how important the brand factors were in determining brand value.

Note: we can do something similar in Censydiam4 if we would have a conjoint section 
or a BVC section in the study. If we have BVC then we would use the brand factor scores 
as independent variables to predict the attitudinal equity (AE) scores5 (using the raw 
attitudes scores not the derived shares). 

A limitation of the above approach is that the client can no longer see the impact of the 
original variables that were put in the study. We can fix this by taking one extra step, 
going from broad factor scores back to specific attributes. So, we add a fourth step:

4. Model the brand scores (these are the values each brand has on the brand 
factors) as a function of the original brand attributes. (The GMU or marketing 
science resource can do this for you). We can now build a simulator where we 
can now include and simulate the original brand attributes. For example, we can 
simulate how much more consumers would be willing to pay for, say, a 10% 
improvement in one of the existing original brand attributes (See Exhibit 1 for 
an overview of the steps, and see Exhibit 2 as an example of the output).  
We note that such insights should be considered directional and not be 
interpreted as absolute. Also, respondents are usually less price sensitive in a 
survey than in the real world. Also, we should only use the results if the % price 
increase stays within range of the price 
variations within the DCM. If the price increase 
moves out of that range we have to be even 
more careful. Out of range price deltas were not 
tested in the DCM and hence we should be 
more cautious in taking these results too literally. 
Finally, because the original variables can be 
highly correlated we recommend, after the initial 
prioritization, to pick one variable from each 
factor. We can also compare the relative 
attribute importance with current levels of 
fulfilment. Attributes that the brand already 
owns may be monitored and attributes that are 
not as developed can be concentrated on.

Exhibit 1: Example: Going from Broad Speci�c

Brand factors are modeled as a function of the 
original brand attributes

Brand utilities are modeled as function of the scores 
brands have on the brand factors

DCM between brand & price gives brand utilities  

Factor analysis reduced initial set to smaller set

Brands are rated on brand attributes

2 DCM is an abbreviation of Discrete Choice Modeling, a term often used to refer to conjoint studies. 
3 See Vriens, M. and C. Frazier (2003), Brand positioning conjoint: The hard impact of the soft touch”, Marketing research magazine, pp 22-27.
4 Censydiam is Ipsos approach to understanding human motivations and has been applied very successfully in the area of branding. The Censydiam approach gives us a 
globally consistent point of view as we use a Universal Validated motivational framework. Based in the principles of psychology,  the model has been validated in 70+ 
countries across 36 categories and has been used by Censydiam for 25 years to help clients develop their brand and innovation strategies.
5 See Hofmeyer, J., V. Goodall, and M. Bongers (2007), “A new measure of brand attitudinal equity based on the Zipf distribution”, International Journal of Market Research, 
50, 2, 181-201. 

Copyright© 2015 Ipsos. All rights reserved. 3

Ta rgeted Ana l y t i cs:  How to make U& A’s more act ionab le



Exhibit 2: Output from example described in Exhibit 1: The value of an attribute

Brand Factor Driver 
(Relative importance)

Attributes on which 
brand factor driver is 

based

Current average on 
brand attribute

Simulated average on 
brand attribute

Price increase the 
simulated improvement 

can demand

Romantic treat 

10%
For special event 7.6 7.7 4%

For young adults 8.1 8.2 5%

Tender Moment 

40%
I will please my partner 4.9 5.0 5%

Helps me relax 6.5 6.6 2%

1. Romantic treat and Tender Moment are the drivers (factors derived from original items). “For a special event”, “For young adults” etc. 
are the original items used in the survey.

So because we added this extra step we can expand the actionability in two ways:

a) The client can now compare how investments across different attributes will 
pay off: this will help them choose what attributes to invest in. These insights 
are also translated in terms of “what-would-consumers-be-willing-to-pay” so 
it is also easy to calculate the overall business impact.

b) The client, after they have decided on what attribute to improve on, can now 
include that specific attribute in a tracking study, something which is hard to 
do with brand factors.

Example 2: A second example of where we go from broad to specific is the switchable 
consumer analysis6 (see Ipsos POV “Competition Analysis and Switchable Consumers”) 
where we go from an aggregate level or sample level choice model to individual-level 
brand choice probabilities. This analysis results in more actionable insights because 
not only do we know what the drivers are of brand choice we also know which 
consumers are likely to defect to our client brand and hence are most likely to respond 
to our marketing efforts. We won’t describe this approach here further but refer to the 
POV paper that we have on this topic (see footnote 3).

Example 3: We regularly hear clients asking what is driving the drivers. For example, 
often in branding studies clients want to know which brand perceptions are impacting 
each other. We can use a “drivers of drivers” analysis for that, and different approaches 
exist to get these types of insights. One of the tools that can help with this and answer 
the more specific business questions in the targeting framework is the Ipsos Bayes 
Nets approach; an innovative drivers method developed by Mike Egner and Rich 
Timpone in the Ipsos Science Center7.

We outline a real-life example (disguised) below that shows what the outcome this  
type of analysis is. This case study was done by Matthias Tien – head of Marketing 
Science for Ipsos Germany. The client was running a bonus (loyalty) card program and 
needed to answer the following business question: How can I grow the number of 
users of this program?

6 See Vriens, M. and A. Martins Alves (2015), “Ipsos POV: Competition Analysis and the Switchable Consumer”, Ipsos Point of View.
7 See Drivers analysis and Simulation Ipsos Point of View by Ipsos Science Center (2012).
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First, the relative importance of the drivers in the study was determined (in terms of 
impact on usage in this case). See Exhibit 3 for an example. The impact numbers in 
this case are based on direct and indirect effects. This gives us more accurate impact 
estimates for the drivers. See Exhibit 4 for an example of what an indirect effect is.  
In this illustration, while product quality has a direct effect on usage, it also has an 
indirect effect by raising perceptions of ‘points paying off’ which also impacts usage.

That is not all though, indirect effects also give the client insight into how consumers 
connect attributes. This helps identify how to activate a driver as well as how to create 
‘stickier campaigns.’; ones that breakthrough the mass of messages that consumers 
see on a daily basis and leverage what is known about cognitive processes and 
individual decision making to make business efforts more effective.

Exhibit 5 shows the full structural map of the variables in that study. The variable 
“Delivers the impression that collecting points pays off” is the most impactful driver: 
While the client can act directly on this, a second question is what do consumers 
connect to this driver and how can the firm increase its perception on it? That is where 
the full structural map comes in (Exhibit 5). Based on this map we can see that to create 
a holistic campaign and activate this driver we can include in our offering and 
messaging elements such as “attractive point level in a short amount of time”, “good 
way to save money”, and “a simple part of shopping”.

By digging deeper we made our insights better and more actionable. A second benefit 
of this structural map is that we can sometimes identify higher level themes that can 
indicate an innovation space. In many (of our) branding studies we have a mix of 
functional attributes and emotional benefits. In one these studies we found a mix of 
functional and emotional drivers that were all driving and reinforcing each other. If this 
cluster of drivers overall is important and the brand owns at least a few of the drivers 
in this cluster, then new products can be ideated based on these functional attributes 
in that cluster and the brand’s ability to own that cluster from a perception perspective.

Exhibit 3: Driver impact: Top 10 Drivers 

0.00 0.20 0.40 0.60 0.80

Delivers Impression Collecting Points Pays Off

Has A Good Reputation

Collecting Points Is Fun

Attractive Point Level In Short Time

Good Way Saving Money

Simply Part Of Shopping

Good Way For Price Advantages

Points With Many Companies

Values And Rewards Customers

Huge Choice Of Incentives

Impact Users

Exhibit 4: Indirect Effects

Usage
Delivers Impression
of Points Paying Off

Product Quality
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In sum, there are (at least) three key benefits to this type of targeted analytics:

1. By searching for these richer structures we are now capturing both direct and 
indirect effects which create more accurate predictions and can have a big impact 
on the likelihood that a potential driver gets identified as a significant, meaningful 
and impactful driver. We have seen many situations where standard driver models 
(and even other Bayes Nets approaches) did not pick up a potential driver, or 
picked it up only as a fairly weak driver while Ipsos Bayes Nets identified it as a 
meaningful one8.

2. By seeing the richer structure it becomes easier for the client to see (read: more 
actionable) what they can do to change a driver if that driver turns out to be a key 
driver, and how to create holistic campaigns that are more likely to change 
consumer’s beliefs more fundamentally.

3. By seeing what perceptions are impacting each other we may identify a 
combination of functional and emotional benefits that can point to an innovation 
platform and can lead to new or improved positioning.

We note that different driver modeling approaches can give different results. This means 
that if you think you might need a drivers of drivers analysis or attribute specific drivers, 
it is best to select a modeling approach that can accommodate this from the get-go. 
This is to prevent having to use two different driver modeling approaches – as the results 
may differ across approaches and this will be confusing for stakeholders. 

It is recommended to always have a slide that focuses on the business value. The reason 
for that is that once executives have a feeling for the magnitude of impact of a certain 
set of possible decisions, it is going to be easier to (1) make a decision among the 
alternatives, and (2) to actually decide whether the investments that go with this decision 
actually will pay off. This can be done in a variety of ways. One way was shown in the 
first example where we translated the results into willingness-to-pay for improvements. 
Another can be found in our BVC product as the next example shows.

Exhibit 5: Structural map

Usage

Intransparent point system 
Points have comparable value

Points expire quickly

Points with many 
companies

Collecting points is fun

Delivers impression 
collecting points pays off

Different ways for redeeming points
Points redeemed in cash

Good way saving money
Good way for price advantages

Huge choice of incentives

Easy and uncomplicated to redeem points

Offers tailored for my preferences

Not only points, rebates as well

Informs about expiration of points

Makes aware of new collecting partners

Missing noti�cation for point 
collection at check out

Many services, special offers and 
advantages not available without card

Values and rewards customers

Simply part of shopping

State of the art, App for smart phoneHas a good reputation

Have to remember to 
take card with me

Impression to be talked into s.th.

Level of edge consistency: 94% Monetary Benefits

Attractiveness of Collecting

Redemption

Emotional Benefits

Broadness of Program 

Barriers

Attractive point level in short time

8 Egner, M., I. Kukuyeva, and R. Timpone. (2013), “Causal Search, Bootstrap Aggregation, and Bayesian Networks: An Application to the Consumer Packaged Goods 
Industry.”, American Statistical Association/Institute of Mathematical Studies Spring Research Conference on Statistics in Industry and Technology.
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Example 4: With our BVC analysis we can do an add-on analysis called  
“Brand Spotlight9”. 

Brand Spotlight makes use of two metrics that have a proven relationship with 
consumer behavior: Attitudinal Equity (AE10) and claimed share of wallet. We first 
calculate AE at a respondent level which shows for each person their level of brand 
desire in the category. The individual AE numbers are transformed in individual share 
numbers using the Zipf distribution (see footnote 4). This metric gives us a good 
understanding of what consumers want to do. This is then combined with stated 
individual level share of wallet numbers which represent what consumers are actually 
doing. The Brand Spotlight model is based on the premise that what consumers will 
do in the future lies somewhere between what they want to do (AE), and what they are 
currently doing (claimed behavior/share). When determining the future distributions for 
consumer behavior, Spotlight applies a Bayesian analysis that simulates 1000 
purchasing occasions at the respondent level. When aggregated up across all 
respondents and brands, Brand Spotlight arrives at an aggregate prediction of 
expected brand growth/decline11. No specific predictions are made but the analysis 
will state that a brand may (1) decline more than 20%, (2) decline in between 10-20%, 
(3) no change, (4) increase in between 10%-20%, and (5) increase more than 20%.

Brand Spotlight has since been validated across 250+ brands and 2000+ brand 
observations, and has given clients direction on which competitors to look out for, 
which to target, and more importantly, how to ensure their growth outlook becomes 
reality, or how to turn around a potential decline. This is done by examining attribute 
performance on impactful drivers, and assessing market effects that act as barriers to 
purchase for brands. This is obviously a very actionable and urgent insight. 

In sum, the examples above are chosen to illustrate what we mean by targeted 
analytics via the “going from broad to specific route”. Specific can mean that we get 
more specific in terms of the actions we should take or specific can mean being more 
specific as to what the impact on the business will be.

Across the U&A’s and brand studies we encounter a variety of business objectives. 
Not all of these business objectives can be addressed via the examples shown above. 
The precise “going from broad to specific” route needs to be determined on a case by 
case basis. Below we give a few other examples of where going from “broad to more 
specific” has paid off:

• After an initial segmentation we can calculate the probability of respondents 
belonging to each segment and by doing that we are able to distinguish between 
“core members” and “ghost members” (more specific). This will result in a more 
successful segmentation strategy12 because we know more specifically who is 
going to be most likely in our segment. This approach was pioneered by Larry 
Anderson (US GMU, see footnote 8).

• Conjoint can be combined with laddering/Censydiam. By doing that we can first 
identify the optimal product. Once we have the optimal product we can see what 
benefits and values these attributes activate. So it makes a DCM (conjoint) more 
actionable because not only can we find the optimal product, we also now know 
how to position it. UBS used this approach to launch a successful global 
repositioning of their brand13.

• Market structure analysis can be combined with a new product concept. In that 
way we get richer more specific insights. Not only do we learn how much interest 
there is for the new concept we also learn where this new product is likely going 
to be placed in consumers mind and if and how much competition this concept 
should expect.

 9 Brand Spotlight is a product developed by Ipsos Labs.
10 AE=Attitudinal equity is based on 2 questions: (1) How well does this brand meet your needs and (2) How close do you feel to this brand.
11 See Lloyd, G., I. Durbach, A. Davidse, and D. Hanney (2015), “What Does the Future hold for your Brand”, Ipsos White Paper.
12 See Anderson, L. and C. Ho (2011), Life is Iterative, so is Segmentation. Ipsos POV.
13 See Loch, O. and P. Kidd (2005), “Building the Corporate Brand: Beyond Individual Loyalties”, ESOMAR Conference on Financial Services”, London.
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3.  Analyzing across different data sources

Targeted analytics, of course, is dependent on what data you have available. We may 
not be able to get where we want to be with just one data source. If we do a U&A 
study, we can go about as described in the previous sections but still end up with 
unanswered questions. For example, we may have found out what the drivers are, 
we may even have the structural map of how the drivers interact, but the decision-
maker could still feel ambiguous as what to do with the insights. In our vision we see 
U&A studies as highly iterative and modular. After we have gathered the U&A data, 
and we have exhausted the analytical toolbox we may decide that we need to run a 
follow-up pop-up community to further validate findings or where we address some 
of the aspects that are not fully clear. For example, in the bonus card example we 
may want to understand more deeply what consumers mean when they say it 
“delivers the impression that collecting points pays off”. Thus, we decide to set-up a 
quick pop-up community where we zoom in on this aspect, and maybe quickly create 
a few potential messages to see how the community members respond to that.

4. Increasing decision confidence

There are two levels of uncertainty that we have discussed more elaborately14 

elsewhere: (1) statistical confidence and (2) solution confidence. Statistical confidence 
has to do with the robustness of the results. The examples and methods we have 
discussed would each approach this slightly differently, but each would provide 
information to increase confidence. This may include measures of statistical 
significance or confidence intervals, or robustness from running models multiple 
(potentially hundreds) of times. It is not the intent of this paper to review this from a 
technical implementation perspective. The key here is that we want to make the 
insights as credible as possible.

A second component, solution confidence, has two layers: (1) Are there any factors that 
may impact my (research-based) prediction that I just did not take into account, and (2) 
Does it actually work in the real world? We can illustrate these in the following examples.

14 See Vriens, M. and D. Rademaker (2015”, Deciding with Analytics and Big Data: what every marketer needs to know about advanced analytics (part 2). Unpublished paper.
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Example 5: The marketing director of a financial services bank is responsible for making 
the decision to go forward or not with a new financial product. Initial focus groups 
seemed to support the firm’s gut feeling that consumers might want this new product. 
Even though the new product was initially suggested by a senior executive, the marketing 
director still commissions a concept test study to verify that it indeed is a product that 
consumers would buy and to justify the infrastructure and marketing investments.  
The marketing team also expects a discrete choice conjoint test to tell them exactly how 
big the demand for this new product will be so it can set the expectations and ask for 
the required budget. The results indicate that 25% of the sample would be willing to buy 
this service at a price of $15 per month. After the service gets introduced the uptake is 
slow, much slower than expected. The result: the internal decision-makers faith in 
marketing research is reduced. This is an example of incomplete insights. Consumers 
are known to over-state their intention to buy something and known to overstate the 
price they are willing to pay for something. The remedy against this type of mistake can 
be done by articulating the assumptions and:

1. Correct the predictions based on the assumptions;

2. Increase the likelihood the assumptions are holding up in the market or;

3. Quantify how the predicted outcome might change if assumptions are not holding 
up in the market.

A correction for over-statement behavior can be done in two ways. One, a correction 
based on experience: say we reduce our estimate by 20% and we hope this will be more 
in line with real behavior. Second, we correct based on an analytical approach15.  
There can be other reasons why the actual behavior is not in line with the prediction.  
For example, the prediction assumes everybody is aware of the new product and its 
benefits. So the business case that is put in front of the decision maker needs to state 
this and ideally should state what the likely forecasts are under different levels of 
awareness (e.g. what if only 50% of your target audience will actually be aware of the 
new product and its benefits)? Likewise there are several additional assumptions that 
often should be addressed: “Are we assuming zero switching costs”, “Is the actual 
experience as good as the initial product promise?”, “There is no competitive response?”, 
“Respondents will behave as they will say they will in the survey?”, and “There are no 
structural changes in the market during the time the new product is launched”.  
The impact of most, if not all, of these assumptions on the forecast can be quantified. 
Especially the delta between stated intentions and actual behavior should be addressed 
(adjusted) and if feasible to competitive response should be accounted for.

Addressing the incomplete insights needs to be done in the first instance by considering 
what elements that could affect how consumers respond were not included in the study 
or were not part of the predictions? Then, we can think about how to mitigate these. 
A tool that can help with this is Insight Cloud, especially if Insight Cloud has been 
populated with insights prior to the execution of the study at hand.

Lastly, how about assessing the degree to which recommendations are likely to work 
in the real world? There are several approaches to how this likelihood can be 
assessed. The best way is via real world implementation using either a step-wise roll 
out of the recommendations or a field experiment. An alternative approach is to use 
a database where the results of similar studies are stored along with actual 
performance indicators; for example the BVC (Ipsos Brand) database. This database 
shows a high correlation between a brand’s attitudinal measure and its’ corresponding 
market share. Thirdly, a tool like Insight Cloud can help here as well. If multiple 
studies, using different methodologies point to the same insight and recommendation 
then this further validates the insights.

15 See Orme, B. and R. Johnson (2006), “External Effects Adjustments in Conjoint Analysis”, In Sawtooth Software Conference Proceedings. 
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5. Concluding remarks
Targeted analytics is not a single technique. It is not an argument to use one method 
over another. The goal of our notion of targeted analytics and this point of view paper 
is that it pays off to start with: (1) A business objective in mind, (2) Approach in a 
step-wise fashion where each analytical step is only taken if it makes the insights 
more actionable by making them more specific so there is less ambiguity as to what 
decision should be taken based on the insights (this is the going from broad to 
specific path), and then (3) Leverage an iterative modular data-agnostic approach to 
get the missing pieces from other data sources (e.g. social intelligence, pop-up 
communities, etc.) of the specific insights puzzle. All this makes it easier to choose 
among a set of possible decisions because the expected business impact is known 
or decision-makers have more confidence in the recommendations.  
We believe this approach to analytics will pay off in U&A studies, as well as in brand 
and segmentation studies. 
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