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Abstract

There is a subtle but important diference between
! targeting people who ae likely to buy if they ae included in a campaign

and
! targeting people who ae only likely to buy if they ae included in a campaign.

It transpires that this single-word distinction is often the difference between a strongly probt
able and a severely loss-making campaign. We have seen many cases in which moving to
targeting on the second basis (for incremental sales)has more than doubled the extra sales
generated by a campaign. ConventionalOesponseOnodelsNdespite their nameNtarget on
the former basis, and have a marked tendency to concentrate on people who would have
bought anyway, thus misallocating marketing resources by increasing costs and failing to
maximize sales. This paper discusses the use of a radical new type of predictive model-
lingN uplift modellingNthat allows campaigns to be targeted on the second basis, i.e. so as
to maximizeincremental sales fom cross-sell, up-sell and other sales-generation campaigns.

Management Implications

O\/Ieasring

¥ Measuring incemental sales, while essential, is not enough: the goal is tmaximize incremental

| incemental
sales. saless
¥ Traditional GesponseO models have a stng tendency to direct resources towards customers who not enough-
would have bought anyway; this often esults in comparatively few incemental sales. The go_al_ IS
to maxinas
¥ The customers who spend most after being subject to a marketing intervention amot necessarily incemental -
the ones whose spending inceases most as a esult of that intervention. sales

¥ Because campaigns ae often limited by volume (e.g. the top 20% of the customer base by sceris
mailed), the price of mistargeting is not megly an incease in the cost of each incemental sale but
also a reduction in the total volume and value of in@mental sales (and thegfore of total sales).

¥ Particular cae must be taken when assessing andoptimizing the Pnancial impact of incentive-
based campaigns. While thee may be collateral benebts, ééring an incentive to a customer who

would have bought anyway has a double costNthe contact cost and the (unnecessary) incentive
cost.

¥ Response codes, while useful indicators, do not actually mve incremental impact and can be
misleading; this is particularly true when they arassociated with an incentive.

¥ Businesses not curently using rigoous control groups should adopt them as a matter of priority
and always eport the incremental impact (uplift) of initiatives.

¥ Businesses using contol groups should consider adopting uplift modelling to drive grater
incremental sales and signibcantly enhanced campaign plptability and eectiveness.
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1. Intr oduction

It is often said that success has many parents, but failue is always an or-
phan. Nowhere is this more true than in sales and marketing, where any
sale will typically be claimed by at least a product team, an advertisingteam
and a direct marketing team, while missed targets will invariablybe blamed
by each function on the others. In truth, of course, outcomes have multiple
causes, but this does not diminishthe importance of correctly assessingand
maximizingthe contribution of each.

One of the strengths of direct marketing is that it is possible to prove with
great conbdencethat a particular campaign has generated a certain level of
incremental business. The key to such proof is the systematic use of con-
trol groups. However, while control groups now form an essential part of
best practice in direct marketing, their use is almost always limited to as-
sessing incrementality after the event.  The propensity models normally
used for targeting are not built with the goal of maximizingthis incrementality
This paper discusses the benebtsthat can be gained by switching to model-
ling approaches that are designed with the specibcgoal of maximizing the
incremental sales generated by a apss-sell, up-sell or deep-selt campaign.

2. Incremental Impact or Uplift

Different individuals naturally react differently to any given marketing campaign.
For simplicity consider the case of a campaign that aims to sell a single unit of a
particular product or serviceto people. Ingeneral,there will be some people for
whom the campaign will be effective, meaning that their probability of purchase
will increase if they are included in the campaign; we call such people
OPersuadablesO. Ther will others for whom the campaign has little or no
impact; we call these OlmmovablesO. Finally we have to accept at least the
logical possibility that there will some people for whom the campaign will have a
negative effect, i.e. they will be less likelyto purchase the product in question as
a result of the intervention; we call such people OSleepingdogsO. As we shall
see later, compelling evidence shows that such negative effects do exist, and
are more frequent than we might expect, across a range of marketing
campaigns.

If we measure the incremental sales generated by the campaign at different
targeting volumes, starting with those people most positively infuenced and
working our way down the customer base to those most negativelyaffected, the
result is the graph to the rightNthe OltaliarFlag DiagramO. If our goal is to
maximize incremental sales at minimum cost, it is clear that we should ideally
target only the Persuadablessegment, as money spent on the Immovables has
no meaningfulimpact on sales and money spent on Sleeping Dogs, when they
exist, is counterpoductive.
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3. The Fundamental Campaign Segmentation

We now examine propensity models and consider how they relate to the
Italian Flag diagram.

It is obviously the case that each of our customers either will or will not buy
the product in question if we do not treat them (i.e. do not include them in
our campaign). Equally it must be the case that each customer will either
buy or not buy that same product (during our chosen outcome period) if we
do treat them. We cannot directly measure both of these outcomes for any
customer, because we cannot simultaneouslytreat and not treat an individ-
ual; however, in principle, everyone has a position in the segmentation
shown to the right, which we call the Fundamental Campaign Segmentation.
In effect, this splits our previous OlmmovablesGegment into two sub-
segmentsNthe OSue ThingsOwho purchase whether we include them in the
campaign or not, and the OLostCausesOwho do not purchase in either
case. Again, in the ideal world, if the goal of our cross-sell campaign is to
generate as many extra sales of our product as possible, at minimum cost, it
is clear that we should target only the Persuadables segment.

In reality the most we might reasonably expect to be able to do is to assess
the propensity of customers to buy in the two cases. So it is interesting to
look at a OsoftCversion of the Fundamental Segmentation, which corre-
sponds more closely to the Italian Flag Diagram we introduced earlier
Now, instead of binary outcomes, we consider the probability of purchase for
each customer in the two scenariosNtreated and non-treated. Again, the
Persuadables segment is at the top left because Persuadableshave a sig-
Conversely the
Sleeping Dogs are at the bottom right because their probability of purchase

nibcantly higher probability of purchase when treated.
is materially reduced by inclusion in the campaign. Thus incremental im-
pact, or uplift, increases from bottom right to top left: the higher this is for an
individual, the higher is the probability of an incremental sale as a result of
treatment.

Despite their name, so-called OesponseOmodels do not, in general, predict
incremental sales (uplift),as we shall see in section 5. Before that, however,
we need brielRy to eview control groups.

4. Contr ol Groups

Control groups are now widely recognized as being crucial for measuringthe
true impact of targeted marketing and form a standard part of best practice.
The most widely used control group is the Mailing Control Group?Na ran-
domly chosen set of people who meet the campaign selection criteria but
are deliberately omitted from the campaign to allow measurement of the
incremental impact of that campaign. Provided that the only systematic
difference between the controls and the treated group is the treatment, and
that both are of adequate size, a mailing control group allows accurate as-

sessment of the extra sales generated by a campaign during whatever out-
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Persuadables are more likely to puchase if treated
Sure Things are likely to buy whether teated or not
Lost Causes are unlikely to buy whether teated or not

Sleeping Dogs are discouraged fom buying by treatment

2 More generally we call these Campaign
Controls, or Treatment Contmwls, because they
are used to allow assessment of the change in
behaviour that esults fom a campaign or
treatment. Other kinds of contols are Targeting
Controls and Fallows. T&rgeting controls are
people who do not meet the targeting criteria,
but who are treated to allow assessment of the
quality of targeting. Fallows a& customers
excluded from all (or at least a range of)
marketing activity to allow assessment of the
impact on behaviour of a complete marketing
programme.
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come period is chosen. It is worth noting that mailing controls are quite
capable of isolating the effect of a single marketing action, whatever other
activity is happening at the same time provided, again, that they are genu-
inely chosen at random fom the initial target population.

In the case of a binary outcome such as a purchase, we debnethe uplift
simply as the difference between the purchase rate in the treated group and
that in the control group. For example, if the purchase rate in the treated
group is 1.7% and the purchase rate in the control group is 1.3%, the upliftis
0.4 percentage points. If the value of sales is being considered, we would
normally look at the difference in spend per head of population, so that if the
average purchase size in the treated group were #11.70 and in the control
group were #10.20, this would represent an uplift of #1.50 per head.

5. OResponseO Models and Penetration Models

We repeatedly enclose the OesponseOof Oesponse modelsOin quotation
marks not to belittle them, but because the term OesponseOcarries strong
connotations of causality Thus OesponseOmodels sound as if they esti-
mate outcomes caused by the interventionin question, which they do not.
In fact, that is precisely what uplift models do. Evenwhen a mailing control
group has been used in a campaign, the almost universal approach with
OesponseQnodellingis to remove the controls from the modelling population
and to bta model to predict the probability of purchase given treatment,
which we denote p'. More formally we debne g by

p' = Prob (purchase | treatment).

This is exactly the quantity plotted on the vertical axis of the soft form of the
Fundamental Campaign Segmentation. As a result, targeting the ObestO
people as identibedby a OesponseOmodel corresponds to selecting those
above some horizontalline. As s illustratedto the right, to catch all the Per-
suadables in this way, it is normally necessary to include all of the Sure
Things (who will buy anyway), and a fair number of the Lost Causes and
Sleeping Dogs as welf

Though less often used, there is another kind of propensity model, namely
the penetration model.  Penetrationmodels simply take the customer base
and model how likely a customer is to have the product in question, i.e. the
probability of having purchased. Depending on the nature of marketing that
has been carried out previously this can be quite similarto the quantity plot-
ted on the horizontal axis, the probability of purchase given no treatment,

which we denote pY, i.e.

pY = Prob (purchase | no treatment).

Of course, the penetration model could be restated as estimating the prob-
ability of having purchased given the marketing mix in operation since that
customer joined. In practice, penetration models are mostly used when

100% 2
7
7/

Persuadables 7 Sure
7 Things
2
<

A

Purchase probability if treated

0 100%
Purchase probability if not treated

3 Though be awaee that population density
is not shown on the diagram and that the
exact positions of all segment boundaries
are subject to interpretation and choice.
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there is no previous campaign to analyse, so this is quite similar to pY.
Allowing this approximation, a penetration model predicts something close to
the quantity plotted on the horizontal axis of the (soft) FundamentalSegmen-
tation, so that selecting a population on this basis corresponds largely to
selecting a population to the right of some line on the diagram. As can be
seen, this is even worse than targeting with a so-called response model,
since it gives priority to SleepingDogs and Sure Things, while missing signibk
cant numbers of Persuadables.

6. Case Study: Cr oss-Selling

A major North American bank repeatedly ran (and runs) a cross-sell cam-
paign for a high-value poduct to selected segments of its customer base.

The brstrun of the campaign was an untargeted trial, sent to approximately
10% of the base.
sponseOmodelling. The background purchase rate in the control group was

This provided good baseline data for conventional Oe-

around 0.9%, while in the treated group this rose to about 1.1%, giving a
small uplift of around 0.2 percentage points. Since the mailing cost was
around $0.50, and the value of a sale was over $1,000, this was a highly

probtable campaign.

The second run of the campaign targeted the best 30% of those identibed
by a standard OesponseGmodel. A mailing control group (aound a tenth of
the total) was kept, and around 10% of the lower seven deciles were also
mailed as a OtargetingcontrolO. (Theseallow the quality of the targeting to
be assessed.)

The result of targeting with a conventional OesponseGnodel, when assessed
on the basis of uplift, is shown on the two graphs to the right. The upper
graph (the gains chart) shows a conventional view of the model, and it is
quite encouraging. But when a conventionalresponse-based gains chart is
replaced with one that shows the incremental sales generated at different
targeting volumes, the results look almost unbelievably bad, showing that
targeting the Obest@0% (as chosen by the OesponseOmodel) yields no in-
cremental sales at all. In fact, the rate of sales s very slightly lower than in

the control group, though not signibcantly so.

But there is no mistake here. The explanationis simply that the OesponseO
models are not supposed to predict incremental purchases, but merely pur-
chases: in this case, clearly the people it targeted would have bought any-
way.

Showing some fortitude, the bank in question then tried two approaches to
modellingincrementalimpact. The brstwas to build two models, one on the
treated population, and the other on the untreated population.* Subtracting
the latter from the former gives an unbiased estimate of the uplift. We refer
to this as Opooman®Quplift modelling. The problem with this technique is

Generating Incemental Sales.
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that neither of the two models has the prediction of uplift as its goal, i.e. nei
ther is supposed to predict it. Whileit is the case that if both models were
perfect, their difference would perfectly model uplift, as the models depart
from perfection we would expect that the errors in their prediction of uplift
would increase signibcantlyfaster, if only because errors add when models

are subtracted. The sketch graph to the right illustrates the mblem.

The bank also used a dedicated uplift modelling package to model the in-
cremental impact directly. ~ This was a tree-based method® that directly
works with both the treated and untreated populations and has as its spe-
cibcmodelling goal the pbttingof variationin uplift as a function of the predic-
tor variables. We refer to this as OdiectOuplift modelling. Another cam-
paign was run, again targeting around 30% of the base. In this case, how-
ever, some of the targets were chosen by the poor-man® uplift model, and

some by direct uplift modelling.

The results are shown in the graph to the right® This shows a number of
interesting things.
incremental sales at the chosen cut-off (30%), but signibcantly(unlike the
OesponseOmodel) out-performed an untargeted approach. In the case of
the direct uplift model, incremental sales were about three times as high as
with random targeting, and with the poor-man® uplift model they were
around double. Secondly, at all reasonable targeting volumes the direct
uplift model signibcantlyoutperformed the poor-man® approach, as well as
exhibiting considerably more stability  Thirdly, the last couple of deciles ex-
hibit very unstable behaviour and indeed there is quite a lot of noise in gen-
eral beyond the third decile. This is largely because treated volumes were
much smaller beyond this point, increasing noise. We suspect that most of
the variation beyond 40% (for the direct uplift model) and beyond 60% for
the poor-man® model is actually noise.

cies between the modelling population and the campaign population, and

There were also some discrepan-

we would expect to see greater stability if the models wee rebuilt.

In terms of Pnancialimpact, the campaign (which was probtable even with
the initialrandom sampling strategy) was over three times as probtableusing
direct uplift modelling and cutting off at 30%. The increase results from two
factorsNa cost reduction from targeting fewer people and a higher absolute
volume of sales as a result of driving more incremental business (and there-
fore more total business). It could have been even more probtablehad the
cut-off been reduced to 20%, with only a marginal impact on incremental
sales. Inthe case of the poor-man® uplift model, the optimal targeting vol-
ume was rather larger (more like 50%) and incremental sales somewhat
weaker at that volume than targeting 20% or 30% with the direct uplift
However, even this poor-man® approach to uplift modelling is sig-

nibcantlymore probtablethan random targeting, which in turn, for this cam-

model.

paign, was obviously vastly better than using a conventional OesponseO

model, which generated no incemental sales at all (pgvious page).

As well as the general evidence that this example provides that uplift model-
ling can be very efbcientat generatingincremental sales probtably it is impor-
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First, both uplift approaches not only led to signibcant
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tant to note that when the contact volume is bxed(as s frequently the case),
better targeting not only reduces the cost per incremental sale, but also in-
creases the absolute volume and value of incremental sales. The summary
impact, for this campaign, is shown in the table to the right.

7. Negative Ef fects

The cross-sell example in the previous section has illustrated the difference
between targeting on the basis of purchase probability and targeting on the
basis of uplift. However; it certainly has not provided compelling evidence
for the existence of negative effects in direct marketing. We now consider
these.

Some kinds of marketing interventions frequently have negative effects for
signibcantproportions of the customer base. Perhapsthe clearest example
of this is the case of retention activity Here, the mainstream approach is to
target people who are perceived to have a high risk of attrition (often
weighted by customer value). Unfortunately such people are, almost by
debnition, often dissatisPed,and because of this virtually any approach by
the business carries a signibcantrisk of back-pringand bringing forward the
very attrition it is designed to prevent’” Indeed, occasionallythe overall im-
pact of retention campaigns is to incease attrition.

There are a number of factors that seem to increase the likelihood of nega-
tive effects. These include intrusive contact mechanisms (particularly out-
bound calling) and excessive contact frequency. It is also obviously the
case that some creative messages may offend or otherwise actively repel
certain customers, or may emphasize features of a product or service that
are unappealingto a particular customer. There is also a suggestion that
contact may in some cases turn what would have been an impulse purchase
into a considered purchase that may be more likely to be subject to com-
parison shopping. For example, certain claims (Ooneof the highest interest
rates availableOjnay inadvertently encourage a customer to go to a com-
parison site when she might otherwise simply have stuck with her current
institution.

Across the various cross-sell, up-sell and deep-sell campaigns we have
looked at and modelled, we have frequently found that the last one or two
deciles are negative on the historical datasets used to build models. How-
ever, just as any model usually performs slightly more strongly on historical
data than new data (if only because causal relationships change over time),
these effects usuallyweaken on deployment, though are still sometimes pre-
sent. Certaintyin this area is made more difbcultbecause, of course, once
uplift models have been built and validated, campaigns are usually heavily
biased in favour of those showing strong positive uplift, with at most low
volumes of targeting contols being employed in the bottom deciles.

For sales-generation campaigns, it is of course only critical to understand
whether there are negative effects if the intention is otherwise to target eve-

Impact of tar geting best 30% by scor e

Probt per million

Uplift t
plift (pc pY customers mailed
Response -0.004% -$540,000
Model
Poor-Man& o

.05%
Uplift Model 0.05% $0
Uplift Model 0.18% $1,300,000

7 For more details on this topic, see
Oldentifying Who Can be Saved and Who
will be Driven Avay by Retention ActivityO,
also available fom Stochastic Solutions in
two versions, one focusing on chun in
mobile telecoms and another focusing on
attrition in Pnancial services.

OTriggeed attrition,
intusve contact,
induced compass
N just thee gects
of ngatie décts O
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ryone. Whenever the contact cost is non-negligible, campaigns tend to
become unprobtable well befoe any negative efects set in.

It is also worth noting that there are other kinds of applications, such as
changing credit limits, interest rates or service levels, where the potential for
variouskinds of negative effects is much greater. In those cases, clearlythis

becomes a very salient issue.

8. Incentives and Response Codes

There are special factors to consider when a marketing campaign involves
some kind of incentive, such as a discount. There are, of course, many
different reasons for giving discounts including generation of good-will and
customer loyalty protection of market share, response to competitor activity,
a beliefthat such an Oinvestment@ill increase long-term customer value and
reductions in costs of production or other business efbciencies. If these or
similarfactors are the main motivation behind an incentivizedcampaign, then
the arguments in this paper may not be elevant.

If, however, the principal purpose of an incentivized direct marketing cam-
paign is the generation of incremental sales, and more particularly incre-
mental probt, accurate assessmentand prediction of uplift becomes critical.
The problem here is two-fold. The Prstis that it is fairly common for cam-
paign codes to be used as a mechanism for assigning OceditOfor a saleto a
particular marketing initiative. While we would argue that using a control
group is a much better way to assess incremental impact, it is clearly the
case that quoting a campaign code or presenting a coupon provides rea-
sonable evidencethat a customer has been at least somewhat inBuencedby
the corresponding campaign. However, this evidence is much more dubi-
ous when the campaign code gives access to a discount, as it is manifestly
the case that manyNperhaps even mostNcustomers who plan to buy any-
way will take advantage of any incentives of which they are aware. Indeed,
helpful staff often inform customers of incentivesthat are available,frequently
to the long-term benebtof the business. Clearly however, as well as provid-
ing various benebts,incentives carry a direct cost, and if a sale that would
have occurred anyway now attracts a discount, that has an immediate nega-
tive effect on probtability Manifestly if the goal of the campaign is to stimu-
late probts, the ideal campaign targets are people who will buy with the in-
centive, but not without. Once again, uplift modelling is designed precisely
to identify such people.

Evenin this context, however, it will sometimes be the case that a business
will feel that it is in some way OwongOor dangerous to offer discounts to
some customers and not to others. Indeed, there is the wholly hard-headed
point that loyal customers can be particularlyinfuriatedto discover that less-
loyal people are given preferential treatment, and this can lead to strong
negative effects very similar to those discussed in the previous section.
Once again, it is not the purpose of this paper to discourage businesses
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from giving discounts or treating customers Ofairly@®or indeed to take a one-
dimensional view of the potential benebts of a marketing campaign. We
simply argue that it is important to be clear as to what the goals of a cam-
paign are, and that if those goals are mainly to maximize the probtcontribu-
tion from an incentivized cross-sell, up-sell or deep-sell campaign, it is im-
portant to take account of the fact that customers who would buy anyway
are extremely likely to use incentives given to them.

9. When is Uplift Modelling Needed?

We have discussed in detail one example in which uplift modelling is clearly
vastly superior to OesponseOmodelling, and have made reference to other
cases, particularly retention initiatives, in which it is even more effective (be-
cause of the existence of signibcantnegative effects for anything from 10%
to 70% of the population). We have applied the method to various other
cross-sell and related campaigns, and in most cases it has signibcantlyout-
performed OesponseOmodelling, but there have been a few cases in which
the difference has not been signibcant. It would clearly be usefulto charac-
terizewhen it is superior and when it is not.

We begin with an obvious point: uplift is the difference between purchase
probability with and without treatment. So if the purchase probability with-
out treatment is zero or negligible, uplift models reduce to response models 2
In practice, this means that uplift modelling is more important in situationsin
which there are many factors potentially driving a customer to purchase.
For example, well known companies with large advertising spend and major
high-street presence have to be relativelycareful when attributing an appar-
ently incemental sale to a particular diect marketing campaign.

Perhaps a more subtle point is that uplift modelling is less important if sales
are strongly correlated with incremental sales, i.e. if the campaign is most
effective for people in segments with a high background purchase rate. This
is particularlytrue if only the rank ordering from the model is to be used, as is
the case when a bxedtargeting volume is chosen. One situation in which
we have seen this severaltimes is in retail, for example with catalogue retail
ers. Itis not hard to imagine that customers with an afPnityto a particular
catalogue might be more likely than others to open and read a newly re-
ceived copy, and might therefore have both a high background purchase
rate, and a high incremental purchase rate. On the other hand, we have
also seen retail situations, including other catalogue mailings, in which uplift
modelling has been able to identify good targets signibcantlybetter than a
conventional GzsponseO model; so the evidence is not cleaut.

Other considerations are model complexity and noise. Although this paper
is not primarily concerned with technigues, uplift modelling is more complex
than OesponseQor penetration modelling, since it seeks to btthe difference
in behaviour between two populations? 1911 So uplift models are second
order and so are harder to bt. This also means that there is more intrinsic
noise to overcome with uplift models, and this is usuallyexacerbatedin prac-
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8 Equivalentlywhen the purchase
rate in the contmol group is zem,
OesponseO models actually do
predict true (i.e. incemental)
response.

9 Radclife N. J. & Surry P. D. (1999).
ODferential esponse analysis:
Modeling true lesponse by isolating
the effect of a single action.O
Proceedings of Credit Scoring and
Credit Control VI. Cedit Reseach
Centre, University of Edinburgh
Management School.

10 Radclife, N. J. (2007). OUsing
Control Groups to Target on

Predicted Lift: Building and Assessing
Uplift ModelsO, Dirct Marketing
Analytics Jounal, Direct Marketing
Association, 2007.

1110, V. S. Y. (2002). OThe true lift model®.
ACM SIGKDD Explorations Newsletter
Vol. 4 No. 2, 78D86. 1
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tice because control groups are rarely of truly adequate size. (In practice,
control groups, being sized primarily for measuring uplift, are typically only
around 10% of the size of treated groups.) For these reasons, uplift models
are sometimes no better than conventional OesponseOmodels, and could in
principle be worse in some cases.

Notwithstanding these caveats, in general, we believe uplift modelling to be
the better approach, on the basis (following John Tukey'?) that an approxi-
mate solution to the right problem is normally more useful than a more pre-
cise solution to the wrong problem. However, the effectiveness of uplift
models should always be checked, and it is never a bad idea to benchmark
against a conventional model.

10. Conclusion

Best-practice post-campaign analysis already uses control groups to allow
calculation of the incremental impactNor upliftNof a marketing campaign.
Unfortunately the corresponding mainstream best practice for targeting
campaigns uses so-called OesponseOmodels, which are not designed to
maximizethe incremental impact that we use as the yardstick for judging the
success of campaigns. In this sense, there is a fundamental mismatch be-
tween accepted direct marketing goals and mainstream approaches to tar-
geting.

We have argued that from a theoretical perspective targeting should normally
be performed using a model specibcallydesigned to maximize incremental
impact. We have also shown one of severalcross-sell campaigns we have
seen in which this difference was extremely important in practice. As we
discussed, there are both simplistic (Opooman&0)approaches to building
models that predict uplift and more sophisticated, direct methods for doing
Sso.

Of course, in some cases all of the apparent responses are truly incremental,
and when this is so an uplift model will offer no advantage;indeed, it may be
less good, because it is a more complex approach. Similarly if response
and uplift are strongly positively correlated, the approach may offer not any
advantageif scores are only to be used for rank ordering. However, overall,
the weight of evidence strongly supports uplift modelling as better way of
targeting, both in theory and in practice.

In our experience, organizations that adopt uplift modelling rarely if ever go
back to OesponseOmodelling. We take this as evidencethatNas we like to
sayN one day, all targeting will be done this way.
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