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Abstract

The purpose of this document is to demonstrate how spatial models can be integrated into
purchasing decisions for reine bidding on advertising exchanges to improve ad selection and
performance. Historical data makes it very apparent that some neigbhtsrére much more
interested in some ads than others. Similarly, some neighborhoods are also much more interested
in someonlinedomains than others, meaning viewing habits across domains are not equal. Basic
data analysis shows that neighborhoods belmpeedictable ways that can be exploited using
observed performance information. This paper demonstrates how it is possiblspatiedly
correlatednformation to better optimize advertising resources.
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1 Introduction

The purpose of this document is to explore the markets efinrealbidding (RTB)
exchanges of online advertising. These exchanges are fast paced auctions for ad space on various
websites. Unlike standard stock markets, these single advertisements arelysede for a
single ad and cannot be resold. Related to online content buying is the fact these ads are spread
across the country. It is possible to evaluate the performance of these ads by comparing their
relativegeospatial distributions. Since tlwduntry has a finite number of inhabitants, a
continuous analysis of a surface across the country is not reasonable. Similarly, operating on a
per person scale is too fine of a resolution. Such a scale is computationally expensive and tends
to wash out angbservable spatial trends. Instead, the country can be divided into 52,000
neighborhoods that represent groups of people spatially related to each throughout the day. These
neighborhoods are determined by grouping individuals that share simiisustri as
socioeconomic statusaceor any other factorThis number of divisions creates an optimal
coarseness of regions that people tend to group. If too many divisions are used, the model will
not accurately predict spatial elements. Having too many groups introduces too much noise into
the data making wifficult to identify trends in data. Using too few divisions creates an almost
uniform surface purged of any usable trends. 52,000 neighborhoods is a fine enough scale that
separates dissimilar neighbors into subsets without adding too much noise:dsrgéded
data becomes more readily available, additional divisions will become increasingly more useful.
Whenindividuals move in and out of these neighborhoods, people naturally tend to segregate
themselves spatially and mentally. Having record of #gregation allows for the optimization
of targeted adverting distribution based on location.

Essentially, the concept is to use historical data to predict the optimal manner in which to
successfully distribute future ad spathe only requirement for a success metric is that it is
quantitative. The analysis was performed in conjunction with MaxRueractive a real time
bidding advertisingompany. MaxPoint provided the mednyswhich to instantly adjust the
purchasing andd distribution algorithm to observe how spatial effects can be used to optimize
ad campaignslests performed in this document tise standard metrics ofick through rate,
view through rate and pixels as examp(@i&cks represent when an ad is clidken and linked

to a new page. A view is when the consumer interacts with the ad in a manner that indicates they



have acknowledged the ad. A pixel is a term for any other metric that might be used, such as if
the consumer hovers a mouse over theradggers a video ad to playhrough initial analysis

of the data, itvas observed that view through rate ia better metric ai$ is observednore
frequently.This means that view through rates had the least noise or misleadingraata.
optimization of adgspace allocation is done by identifying what attributes of a consumer and ad
produce the most successful outcome. Currently, the method is to produce a regression of
predicted outcomes that can be used to appropriately allocate advertising re3tisces.
regression uses independent variables such as consumer income levels, housing values, or
educational zoning. Locationgth low predictedsuccess rates are not advertised to and those
with higher success are focused Gurrently,the model does not congidspatial correlation, a
potentially vital component of the residuals of this regresSpatial orrelations between the ad
and consumer preferencemnbeused to reduce the error associated with the current model
Considering this idea leads to aniogl geaspatial ad distribution that both lowers cost by
reducing less successful ads while improwsngcess ratdsy cateringads to areas in which they
are most effective. Thus, the final goal isrtgorovethe current modddy incorporatingspatial
techniques to further explain the residual erfidre next portion of this document will review

various spatial models and their strengths and weaknesses.

2 Spatial Modeling

This portion of the document is devoted to the introductispafial modeling. The
purpose is to create a general understanding of the mechanics of spatial modeling admow it
be applied.

2.1 Linear Regression Model
=100 B+ b
NIRRT prorm ol

This is a simple @monstration of a linear regression oéxplanatory variables on a
dependent variablg. The vectorX,, represents a set of explanatory variables with associated

parameterd,, . These explanatory variables consist of any relevant data correlated with ad
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performance. The vector represerdgthe performance of observed aHach observation has an
underlying mean of, ! , with a random component,. Thiserror term/,, is assumed tbave

the ¢andard traits of an error termhis means the error mrmally distributedvith anaverage

value of zeroand is completely uncorrelated!tp or!,. Each observationrepresents a set of

points in space with observed values at those locations. This model can be modified to include
more complex regressions such as logarithmic or higher order powers or moments of explanatory
variables. This model does not take into actauny spatial correlation between points and is
assumed to be a basic representation of the current model under which an advertising agency
may operate. Normally it is assumed that these points are statistically independent, implying that
E(.!) =E(,)E(,) =0. This is not true in a spatial context. Rather, the valug déjjends on

Y, and visa versa. For exampgeedicting if it will rain in your yard is a function of indicators

like air pressure, air saturation, temperature, but most us&hdlying whether or not it is

raining in your neighborOs yalthe spatial element can be usedétter predict data beyond

this simpleregression model.

2.2 Spatial Model

By performing linear regressions between each point to the rest of the set, it is possible to
build a system of equations that earaluatespatialcomponents of a data set. This is of little use
though since it results in a system with more parametemsotbservations. Such a process is also
time consuming and computationally intense, withefations to be considerethe solution to
overparameterization is tmduce structure based on spatial relations. This is done by

introducing parameters that ageospatially definedThis is the spatial autoregressive process.

gty e

The particulaform of this equation used can be found_eSageandPace (2009, p. 8).
The idea is thal, is best predicted by some initial set!pigivenspatial relationd, . The

intercept term is eliminated under the assumption that the vector of observations on the



independent variable are deviations from the mean of the entiféghsd;, , ! !, term is called
a spatial lag since it represents a linear combinatiofy whluesconstructed from neighboring
observationsThe elements ih ;- are an n by spatial weight matrix that determine how points
in Y;j are relatedSo for instance, to pdect the likelihoodof someon®wninga BMW, one can
observe the cars their neighb@usive andusethe correlation between these neighborhdods
make a reasonable gue¥he matrixG as seen belownepresentan example of aavaluated
area.The area is shown Hy. values that represent some metric at a locakach! . value in
this matrix is a success rate for a campaign at that loc&worcalculations, thenatrix must be

linearized into Y to be multiplied by ..

The spatial modellane introduces the parametérs and! , which respectively add a
spatial component and weigindicating spatial importanck.,- is an n by n matrix that contains
the spatial correlation between each location in the m8getial analysis call®f the
application of assumed spatial relations rather than measuring the correlation between each set of
points as in a standard regressibhnis is because the purpose of a spatial analysis is to identify
the spatial elements that determareoutcome taeontribute to a regression analydike



weighting matrix can be specified in many wagswhich the examples shown here are from
Brusilovskiy (2009)

The weight for any two €ferent locations is a constant
All observations within a spec#d distancéave a fixed weight

K nearest neighboisave a fixed weighdndall others are zero

K K K K

Weight is proportional to inverse distance, inverse distance squared, or inverse
distance up to a specified distance

¥ Some other method

An explanation of this matrix is summarized here flag®ageand Pace (2009, p. 21)
is standard for a weighting matrix to have identical values mirrored across the diagonal. This
makes sense since the relation from point A to B should be the sanwénio po A. This
means that when establishing the weighting matrix, one corner of the matrix can be left as
zeroes, pulling data from the other corner of the mafius trick will increase computation
efficiencybut will not be used for discussion purpodes. simplicity, the example above shows
a world where theris perfect correlation (1), marginal correlation (.5), or no correlation (0).
EachY, containshe data fotatitude, longitude and a performance valligose points directly
next to a given point are allotted perfect correlation, diagonals with .5 and with all others as 0.
Every value shows how eathimpacts those next to it. So for instance,! is a function of
Py D, 1 1), This calculatd result can easily be seen by looking at matrix G, which
maintains the visual spatial relations. The diagonal of matrix W is zeros since there is no spatial
impactfor a location on itselfThe parametet is used as a weighting, or correlation factor, t
alter the degree of importance placed on the spatial component of the model.

The main drawback of such a model is that a large spatial correlation matrix with n
entries must be made where n is the number of locatitor® importantly such a model
requires an initial value for eathto spatially adjustThis is the equivalent of having a lagged
dependent variabl@he model requires the use of a dependent variable in the regrerssitng
an endogenous problen example isvhere a current performance val for every point is

needed prior to generatigspatially dependeptediction of those already known valug&sis



is a problem when attempting to predict the unknown performance of a lo¢atsly, notice
that the spatiahrrangement of locations in G has been idealized as a square. This is almost never
the casekFor this rason, it is advised to either maintaihireearized location vector With a

particular order or to construct a reference library for these values.

2.3 Spatial Autoregressive Model (SAR)

For this model, thparametet is usedo represent a vector of mehrvalues for each
point. This is multiplied by the identity matrix to create aiagonalmatrix of these values. The
purpose of thissto accommodate for offset induced whiba sefy does not have a zero mean
value.The idea is to force the spatial matrix to evaluate changes in the data, rather than overall
performanceThe equation is seen below as it appeatseiBageandPace(2009,p. 32).

(R I

Lo )”!.!1 ! (!.!! "o

The expected value of each observatiowill depend on the mean vallieplusa linear
combination of the values of neighboring points scalet.fyhis shows how the data are
generated in a simultaneoupasally autoregressing natusghere the model derives its name.
An infinite series is generated kaking further powers of Viis the model considers second,
third and higher order neighbors. So the matrfréflects secondrder contiguous neighbors.
Since the second order neighbors are neighbors to the origiosdrvation being considered,
W? will have positive elements on its diagor&kdditional, higher orders of neighbors are
considered, the solution generates an infinite sef®nthis series is evaluated to an infinite
number of neighborshe solution convergeon the following eqation.

I
: " rp o
!!W!!!!!!!# Prer

Although, considering an infinite number of neighbors would be impractical for the

proposed problenAs such, it will later become an optimization problem to determine the best
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order of neighbors to considdihe spatial autoregressive structure can be combined with a

standard regression to produce the standard regression model shown here.

Although merely a synthesis of the two models above, this noteworthyssiqres the
foundation for useable spatial modeling functions. Originally, models that did not consider
spatial factors produced biased estimatéds .of he use of the spatial matrix W in combination
with the linear regression alters the predicted patars to better match their actual values
independent of location. This is the type addel that is most applicable to the advertising
market As Gaetarand Guyon (2010point out, theonly problem is that the model still has the
problem of endogeneitgontaining a lagged variable. The parameters to be estimated are the
standard regression parametérs! and! . If the parametelr takes a value of zero, there is no
spatial dependence, and the model is a standard regression.

2.4 Spatial Lag of X; Model (SLX)

This model is similar to the SAR model except this time the independent variables are
alsospatially evaluatedSuch a model would be appropriate for regressing housing \@ues
even community value giretty landscaping. The presence of pretty landscaping is positively
correlated with housing values, but also impacts the value of the neighborOs homes. In this case
both the value of the home as well aspghesence ofandscaping are spatially correldt®
housing prices. The model is specifically writiareSage and Pa¢2009, p. 36ps

! ! AN

The initial linear regression is present witlepresenting a diagonal matrix containing
intercept values. Instead bf! is now used since the correlation factor is now a vector with
values for each,. W, is now a three dimensional matrix with spatial weightings for éach
The biggestirawbackis a significant increase in the computational poweuired to produce

such a model. This is because each of the independent varialdespatially evaluated between
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themselvesiequiring(n®) correlations. This model is called the spata bf X model, or SLX,
since the model contains spatial lags, WX, of neighboring characteristics as opposed to just
observed outcome&. benefit of using this model is thitprovidesa better understanding of
how individual population characteristics eehine the spatial distribution of ad performances.
When only the performance metric is spatially regressed, as in the SAR model, the spatial
component can be accounted for, but not explaiAsdliscussed bipiggle, Fuentes, Gelfand

and Guttorg2010), theSLX model is able to indicate what parameters contribusei¢oess in a
spatial contextKnowing these relations can be of value, but it is significantly harder to
implement an SLX model and is computationally taxing.

2.5 Time Lag Model

Most economic decisions are made by analyzing the behavior of relevant variables over a
past time period. For instance, it is observeddhatiren tend to most influence a parentOs
choice of cereal purchase when that desired cereal is in directréggitie, sugary cereals
marketed towards children tend to be at cky@ level, on lower shelves. The response of
product placement is possible due to an analysis of thegasbbservatios. This time element
can be mathematically modeled and introduoéal a spatiategression

Consider a relation where the dependent variahlegtYimet is determined using a SAR
model that depends on spaoee lagged values of that variable from neighboring observations.
This generates a time lag of the neighboring values of the dependent variable in the time period

t-1. The result iaspatial weightig matrix! ., ,. The finalmodel as follows:

This last generic model introduces the concept of time laghjiistprical data aresed to
create prediction parameters for future outcomes. Thigpiscgally useful when endogeneity is
present in a model. THe,;, , matrix can be applied to the SAR model to predict future outcomes
at time t. Since this matrix is created from historical data it must be assumed that the change in
spatial properties between time intervals is not significant. Each subsequent timéctegred

using the adjusted W matrix from the actual previous outcome. This model is essentially a time



lagged autoregressive modklhasthe advantage of being able to regress into the future,
predictingunknownoutcomedrom previousobservationsThis isthe model on which the

analysis will continuesince it is indicative of the data being used.

Notice that a recursive substitution occurs when, is substituted with
oo o bvnoe D 5V B Yo - IF this substitution is perfaned gtimes, the prediction of
Y ntbecomes:

N A R AN EL R TR R A

The expression can be simplified by taking the limit as q goes to infyngtging the
resultin LeSage ané®ace(2009, p. 70):

LT (1 )

This shows that SAR model is possible from a tinteependent series of decisgdor

various pointsn space dependent on each pfineighbors.

3 Measures of Spatial Autocorrelation

The main problem with such models is determining if a spatial model is appropriate.
Whenever additional parameters are added to a model, the correlation can only increase. This
means that if a small, possibly ramadamprovement is observed, there willflaéseindications
that a spatial model is useful. This means that a standard metric for determining spatial

significance must be used.
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3.1 MoranOs |

MoranOsik a test for global spatial autocorrelatifra continuous data set. The test
statistic isrepresented and explained below as showrembo (2008, p. 10).

YIRS (TS

y MURED)

I, is the sum of elments of the weight matrix W. ManOs | is similar to the correlation
coefficient in that it varies oveér! . In the absence of autocorrelation, | has an expected value of
-1/(n-1), which converges on zero with large values of n. A vgiaaterthan zero indicates
positive correlation ahless than zero as negatoarelation. The variation of ManOs | is:

v (1) 1 !!((!!!!"!!)!1!!!!!!!E)!!!!(!!I!)!!!!"![!!!{!

(CroEr e
! :—Z” J1 . 1111 1T or symmetric W containing 00s and 10s
LS, 0 1 wherel ! X! pland! ! IT )

In standard practices it is proper to evaluh&evariation to ensure statistical significance
is achieved. This prevents improper reporting of untrue re3iiessecond method of evaluating
spatial autocorrelation is GearyOs C.

3.2Geary0s C

GearyOs B a test statistic based on the deviations in responses of each observation with
another. The parameter is C such:that

T e )
T e D

GearyOs C rangigem 0 havingmaximum positive autocorrelation todth max
negative autocorrelatio\ value of 1 is expected for a data set with no autocorrelation. If

positive autocorrelation isbserved, the variance of C is:

I *$
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S, S; and S are the same as for Moran@3daryOs C is similar to MoranQOs | but is
generally accepted as placing greater weight on local spatial correlation over global. MoranOs |
tends to be morsensitive to extreme values ¥fwhere GearyOs C is more sensitive to
differences in small neighborhoodshis generalization is taken frobembo(2008, p.12), who
explainsin detail how, generallyyoranOs | is preferred as it is consistently more powerful than
GearyOs C. As suchetmetric of MoranOs | will be relied upon as the more important spatial

statistic.

4 Theoretical Example

This example will be a walkthrough of how spatial models can reduce the residuals of a
regressionlt is similar to the demonstration Bivand, Pebesma and Goraembio (2007)
except thatheoretical data is used to make trends more obviogsre 1 below is an example of
observed success rates over a given area. This coaltyliantitative success metric, such as
the initially observedlick through rates (CTRpr a campaign over a given araatlined by the
XY plane

%



Figure 1: Initial observed ddta

The two main trends observed in the data are an upward sloping plane and a local
maximum in the middle of the are& firmOsamultivariableregression of this data might look

similar to Figure 2 below. Spatial arrangement is currently not used in the prediction of
campaign performance.

Figure 2: Initial regressidn

! Data modeled from the equation: 10*ex(((x[i] -m/3)**2/(2*std(x)**2))+((y[i] -m/3)**2/(2*std(y)**2))))
+(x[i]+y[i])**2/25 where x,y are random locations for given success rates.

2 plotted usingChartDirector Version 5.1 for PythoiCopyright © 2012 Advanced Software Engineering Limited.
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The local peak in this plot could possibly represent the location of a store. As the distance
from the store increases, a customerOs willingness to travel to make a purchase decreases. The
overall increasing trend could be tinansition irto a neighborhat with different purchasing
habits.The residuals of this regressiocan be seen in Figwse and 4Tothe left is a similar 3D
view and tathe right is a downward view of the same residuals, but with the actual observed data
points indicated on the pldtlsing spatial correlation, it is possible to interpolate the value of
pointsin between the actual observed data.

Interpolated Data
U0 o

25

Y direction

X direction

Figure 3: 3D residuafs Figure 4: 2D residuals

The interpolation points out that there is a clear trend in the residb&ss doneto
visually indicate the potential neéal the construction of a spatial model from the original
regressionWhat this indicates is that the original model is incorrectly estimating the click
through rates for a given ad in a manner that could be egglapatiallyHad a spatial element
been considered, the model could have better predicted theFZiiRe 5 shows the new model

considering spatial relations.

*IPlotted usingChartDirector Version 5.1 for Pythoi€opyright © 2012 Advanced SoftwaEmgineering Limited.
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Figure 5: Spatial mod&l

Notice how the spatial model appears to be a synthesis of theabrigidel plus the
weighted spatial elements in the old residuBile newresiduals between the spatially adjusted
model and the observed data can be seen in Figure 6.

Figure 6: New residudls

*IPIotted usingChartDirector Version 5.1 for PythorCopyright © 2012 Advanced Software Engineering Limited.
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The key point is that the new residuals are almost perfiesiomly arrangednd less in
magnitude than beford his indicates that there is significantly less unoletrend in the data
and that the spatial model was both appropriate and successful.

5 Direct Application

Spatial modeling cannot be used in the manner presensetl/&ihe problem of
optimally distributing adsRather than trying to best model a surfaceumfcess rates over an
areathe objectivas to beable to predict whiclocationswould perform besgiven a partial set
of success rateghis meas that rather thaimterpolating thespatial prediction at every point on
a surface, the computation is reduced to predicting valukgit zipsnot already campaigned
in. This is because rather thag@ntinuous surface, the country is divided into disdatations
calleddigital zips. The estimated values of thpsints are compared to determine which would
be the best to add to a campaighis OtwistO to the basic spatial modeling technique is
denonstrated in a backtested example below.

6 Data Source andmplementation

The remainder of this document uses data provided by MaxPoint Inter&iesvas
providedin the form of SQL tableand is manipulated using Python with the Pydadjin. The
work of Anselin(2005)served as a reference for gainfagiliarity with the implenentation of
spatial algorithmsThe relevant data included items such as locations, success rates, city
divisions,school zones, income distributioasd other populain characteristics organized by
geography. Administrative access to ad campaign locations was granted to allow for the
alteration of ad distribution. The analysis of spatial dependence began with observing success
metrics over different regions of the W8 various ads. The proprietary Odigital z{P&3), or
neighborhoods, we mapped according to latitudengitude and their success rates. The rates
used were clicks, views, pixels or specific user actions on a webpage. Alldzit#fier each
individual ad were aggregated and regressed to determine the presence of spatial correlation.

Python code was fitten to enter the SQL serveesalyze a campaign for spatial relatiamsl to

)



adjust the distribution of ads accordingly. Changegserformances of new ad locations were
observed in real tiey with useful results yieldday the end of each day. Further optimizations
wereperformed to hone thegorithmsto better seek ouhe best locations to advertise as well as
those locations tavoid. These optimizations ranged from determiningldbstnumber of
neighbors to consider, how large of a radius those neighbors must be within or how data
clustering should be handleSpecifics regarding how each of these elements impacted the
algorithm are discussed in the optimization secti®efore live campaigns were adjusted,

backtesting was used to verify the functionality of the spatial model.

7 Backtest Results

The purpose of backtestingtsshow how spatial modelirgpuldbe used to optimize
currently running campaignwithout accidentally harming the success of a running campaign
Thegoalis to usepreviouslyobserved data to preditte next optimal digital zip from which to
purchase ad spacAds are catered to theeas that have the highest likelihood of success and
potentially stopped in those areas of low success. The results from adding and removing digital
zips from a campaign are monitored for accuracy. Over time, this model learns and adapts to

target areas dfighest success rates.

Backtesing was performed by taking pakdta from arobservedrideocampaign,
randomly emoving a percentage of the data and then attempting to spatially predict which points
performed the best of the points removEais backtestvas performean a real, past campaign
for four different spatial weighting methoudsth the purpose of selecting the optimal weighting
method The methods tested wetese found irGaetan and Guyof2010)

Constant weighing for k nearest neighbors
Constant weighting of neighbors within a fixed radius

Discounted distancereightingfor k nearest neighbossithin a fixed radius

K K K K

Considering congruent neighbors with higher ordggimbors having decaying
weight

¥ A combination of these or other innovatwethods



It was determined that the best performing spatial model was to consider only k nearest
neighbors within a fixed radius whitiscounting the weights of those neighbors that are farther
away.Apart from consistently outperforming other methods, there was some logic to these
choicesA problem was observedr neighborhoods in high population density areas. The issue
is that success rates are infrequently observed. Only 1 in 1000 ads areanickdubst,
meaning success rates are low. Clustering causes the spatial interpolation to flatten into less
useful resultsLimiting spatial points to the k nearest neighbors prevethiedlustered areas
from outweighing outlier areas where high succedss are observehen highevels of
clusteringwereobserved, the predicted performances were underestimated due to the high
number of poorly performing point§he problem is that the high concentration of poorly
performing points overwhelmed the sgp& good performing points in these ardédmss method
forces spatial elements to only consider congruent and second neighbors. The reason for having a
fixed radius idor when a digital zip is in a rural area. By having a limited radial distance, points
excessively far away from a digital zip would not be spatially considered even if within the k
nearest points. Lastly, weighting was discounted based on inverse distance between points. As
the distance increased between two points, the spatial impacasiedtrdhis allowed closer
points to make a larg@mpressioron the spatial weighting of a poifithis model wasised for
the remainder of testing. Figure 7 shows a boxplot of the résuits4000 consecutive random
backtests. The columns from left tohtgare a random control, the spatial model, and the
theoretical maximumrhe y-axis represents whatever success metrics were available for the

random campaigns chosen. This included click, view through and pixel rates.

Quantile Plot
0.040 T

0.035 N g
. I
- e !
0.030 i X } 1
! ' -
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| E | 0248  .0259 .0346

0.020 | !

0.015 1 5 3
Random Spatial Model Theoretical Max

Figure 7: Results from backtest



It was observethatcompared to randomly choosingighborhoodghe spatial model
had a greatesiveraggerformancey 4.4% This meant that the spatial model was able to select
new campaign locations that yielded 4.4% higher success rates. Compared to randomly picking
locations, taking advantage of the spatial characteristics was able to consistently demonstrate
better use o&d spaceln 90% of iterations, 1/3 of optimally identified locations were contained
in the maximum casé&his meant that if thalgorithmidentified 9 new neighborhoods to
advertise in, 3 of them were actually later observed as the highest performimankoathe
entire possible location sdthe overall low average is due to low starting spatial correlation and
clustering of data points. Lastly, it was noted that outliers were never observed below the mean
of the spatial modellhe crossmarked outlies consistently outperform the rest of the boxplot.
This meant that although the spatial model did not always outperform random selection, the
outlier points were almost never bad performers, but rather observed exceptionally good results.
This meant thathe model could consistently identify strong performing outliers, and

consistently avoided any incredibly poor performing points.

8 Live Test Results

A similar method to the backtest was used to implement the spatial method into a live
campaignlnstead of removing data, the campaign was analygzddtermine which digital zips
would perform best that were not already being delivered@ualy a single iteration was
performed in which thepatialregressioradded three new digital zips to the cangp.The
results werenitially discouragingas2/3 ofthe identified digital zips were low impression areas.
This meant that the areas did not necessarily perform poorlihdipeople in these
neighborhoods did not tend to visit websites that cordgiteces to purchase ad space. This
meant that there were minimal opportunities to evaluate the effectiveness of an ad since there
were few ads distributedlthough, for campaigns where impression volumes were not an issue,
new digital zipgended tooutperformed the initial data set when averaggaver the same time
intervals Comparing performance over the same days showed that the spatially choseonpoints
averageperformeds6.8% better than the original data $8uerall, the averagdick through
rates CTR) of the campaign was increased by ¥d8ver 4 days from the addition of 3 digital
zips, meaning thaverage of theewlocationsranked in th&@2" percentile for performance



overall.Figure 8 shows the performance of the overall cagmpeompared to the spatially

chosen points.
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Figure 8: SpatiaPointsvs. Entire Campaign

Additional tests were performed omo Target and AT&T campaigrusing click through

rates. This time six new digital zips were added to each camgdigmperformance of the

spatially added points and the original campaign were monitored for about two weeks. The key
observation ireach of these tesisthat the spatial points are always better than the campaign as
a whole.This was a consistent trend for tests performed on other live camaligissof the
performance of thessxamples can be seen in Figures 9 andrilthese two examples the

original data had 5.8% and 9.8% spatial correlatiolmitial days where zero prmance is
measured represent days prior to the point of implementing the new spatially defined locations.
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Figure 9: Adding DZs to a Target campaign  Figure 10: Adding DZs to an AT&T campaign

Just as points can be added to a campaign, digital zips can be identified as poor spatially
performing. By removing these points the campaign can be further optimized. Figure 11 shows
the results from removing digital zips from a campaign.
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Figure 11: Reoving digital zipd§rom a Target campaign
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The red line is the click through rate for the spatial points selected for removal. The blue
line is the overall campaign average with green lines being one standard deviation. The key is
that the red line is ewmistently below the average. By removing these points, the poorly allocated
impressions are redistributed to the higher performing aBzasbining the methods of spatially
adding and removing points yields the results seen in Figure 12.
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Figure 12:Comparing percent change in performance to spatial correlation

Thered bars represetite percent change in overall campaign performance from the
changes made by the spatial algorithm. The turquoise bars represent the overall spatial
autocorrelation infte campaign. The scale of spatial correlation is 1/10 of the measured value to
keep the scale of the superimposed data sinditea.campaigns graphed were chosen based on
their measured spatial correlation to demonstrate the trend. The success metncxeaere
amongcampaigns. The specific ads in order were for a cereal bar con@ggt, unknowna
local weather station, Target and AT&IThe key is that there is a proportional trend between

increasing spatial correlation and percent increase in camparfprmance.



9 Known Issues/Comments

The purpose of this section of the paper is to outline the specific issues associated with
applying spatial models to the particular situation of using advertising data. These issues may not

existin otherdata sets, but caused enough trouble in the context of advertising to warrant review.

9.1 Measurement Metric

The main problem with the measurement metric is the scarcity of observed success rates,
in particular clicks. A campaign must have a langenber of impressions to have a true estimate
of the success rate for a given digital. 2tps important to understand thet area with 1 click
and 1 impression does not mean that a CTR of 100% is the true Madwe.must be a threshold
number of impessions needed before a success rate should be even considered. In addition to
this, performancef the overall algorithmvas increased when implementing a decay function
that punishes digital zips with lower impressions. For the live and backtested,rasbieshold
of 500 impressions was uséd.the future, this could instedd a dynamic number or function
of how long a campaign has been running. Three different mechanisms for discounting weights

due to inadequate impression volume were considered. These were:

Linear decay
Log-normal decay
By Michael Els@unction:

e [”1”” i !)!]

where!, and!, are the'' event and impression respectively

The particular decay functiamhosernwas thecumulative distribution (OF) of the log
normaldistribution. The impressions were distributed across a CDF and their respective weights
were multiplied by the corresponding areas under the curve. This meant that the weights of areas
with relatively low impressions were discounted accordingihe reasen for this is to account
for instances were an area is delivered a single ad resulting in one click through. This would

indicate a vastly overestimated success rate of 100%, causing the algorithm to further target this
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point. The problem is fixed by disamting the success metric seen in areas with low ad volumes.
It was observed that without this feature, the same end locations were selected, but that it
required many more iterations and observations to hone in on the optimal lodAfitwasit this
extraelement, it took on average two days forakgorithm to identify when a location did not
have enough impression volume to justify a high success rate. When using this additional
discounting method, the average time was reduced to an average of 5 hours.

9.2 Low Spatial Correlation

The amount of improvement from using a spatial algorithm is limited by the initial
amount of spatial autocorrelation. If the data being spatially anahgesla low degree of
spatial correlation, it is unrealistic to expect vast improvements in the observed success rates for
newly added points. This makes some campaigns better candidates than others for spatial
analysis. Determining which are best can be done through meabloiagOs |, GrearyOs C, and
thepresence of clustering. It was found that high values of MoranOs | are a direct indication that
a data set has strong potential for increases in performance. The converse of this is not true. Low
levels of MoranOs | did nmtean spatial correlation was not appropriate. When MoranOs | was
low, GrearyOs C acted as a good second indicator of spatial correlation. When both of these test
yielded poor results, spatial correlation is not likely to have a strong benefit to a campaign

10 Discussionof Results

Spatial modeling is a unique tool that has a vast range of applicattumgeneral
problem with itsuseis that the results are independent of the path. This paper has demonstrated
how such a model can be applied to better predict future outcomes based on past errors. It is not
yet clear though as to what this model implies about the system it evaluassisTgreat room
for interpretation as to what the presence of spatial autocorrelation meampopuiaion in
terms of how they respond to advertising.

A large concern of online advertising is that the majority of successful clicks are due to a
small sibset of the community that does not represent the population as a whole. Success



statisticsassume that the population as a single eigtitgsponding to adverting to comprise an
average. The problem with this, for instance, is that the rate at whielyeaBold mother clicks

an ad is much higher than her son, who has become Oadrblindéing overexposed to online
advertisements. It is clear that not all ads are the same, so the hope is that their responses should
not be the samdélthough it seeméike a basic observation, the same group of individuals does

not respond to all advertising similarly. It was observed that where one ad perforrdeesell

not necessarily indicate the success otlaroad. This is an excelleobservation as it indicates

that the ads are beimgspondedo by different groups of peoptather than the same individuals

each time. This means that @gecificads are hittingheir intended targeted populatiofitis

leads to the next observation thatlick is not critical

For a campaign such as the Buffalo Local Weather station, tislegreatsignificance
This ad was distributed in the Buffalo area with the intent of driving additional views to their
homepagewhich providedocal news and weather informatidrhis campaign was very
successful, resulting in a high overall click througte Thelocations that performed the best
were the more rural parts of Buffalo City, Wiscondihis was not an expected result, meaning
that the spatial model was very usefubidjusting the performance of this campalgor. other
ads, such as for Audi, there was a much lower click throaighAlthough, when tracking
delivered ads and Audi home page views, there was a strong correlation between the ad delivery
time and the the at which additional views on the home page from that area were made. This
means that although the consumer is not clicking on the ad, they are still visiting the webpage
from a new tab in the browser. Although this accomplishes the purpose of thieaekstno
directly measurable footprint by which the ad performance cavdleatedSuccess can only be
inferred.Despite strong spatial correlations with Audi ownership, the ads had a mostly uniform
response. This meant that it was better to optinhisecempaign based on which consumers are
most likely to purchase an Audi rather than optimizing on areabKeist to click on an Audi
ad.Campaigns for specific consumable goods on the other hand struggled at getting any
measureable attention. For iaste, a campaign for Kashi Cereal snacks observed almost no
clicks. This is likely because it is a familieonsumption itenthat has minimal online
interactions to drive someone to seek more information by clicking on &@nadp of this,
many companieare unwilling to share sales datéis makes it very difficult to identify the

effectiveness of advertising for particular products and companies. In essence, this adds an
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artistic element to optimally distributing advertising based on optimizing tesekhe desired
result.Apart from these observations, the final algorithm can be used to make further

observations based on ad performance.

By virtue of observing successful results, it is clear that individuals are arranged across
the country in a fashion that maintains spatial correlation to their neighbors. Although, further
insight into this arrangement can be made based on what paraomi®ized the final solution.
Apart from generating an actual spatial algorithm to take advantage of inherent spatial
autocorrelation, this solution can be back solved to draw broader conclusions on these evaluated
areasA more obvious, but relevant exafa is the restriction of nearest neighbors to staying
within afixed distanceadius. If there were no limit, it was found that bigger cities such as
Atlanta and New York were strongly correlated in their response to similar ads. The problem
here is thathis is not a spatial relationship, but rather a big city similarity. The responses have
nothing to do with where those cities are located but just by essence that they are both large
cities. Conversely, if only first neighbors are considered, there snooigh quality quantitative
data within such a small radius to fairly evaluate the spatial correlation between small
neighborhoodsThroughmanyiteratiors it was determined that 30 mile radius was best. This is
large enough to consider entire neighloarths and cities without having the problem of
considering effects larger than spatial autocorrelation. On this same note, 30 miles is quite a
large radius for many areas, where multiple completely different neighborhoods get incorrectly
grouped.This is wly within this radius it was a good idea to use inverse proportional weighting

againstistance.

Another interesting topic is clustering. In regiondgfh-densitypopulations, there are
many digital zips clustered very closely together. These zips are constructed based on the
distributions of people that live theda.a place like New York City, these areas are almost on
top of each other and respond entirely défely to various ads. An ad for a Target clothing line
saw great success rates wheredlvegre virtually no responses an eighttie away at the next
digital zip. This is an indication that there may be strong socioeconomic divides that dictate
consumpion habitsAlthough, ads for free services, such as an online weather website, exhibited
a much more uniform responsesith exposureThe notion of OfreeO is a common trend observed

in almost all areas of economic&his driving force tends to cause indivals to change
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consumption habitsore drasticallfhanwith just price reductions. There is also likely some
element of attachment to a local product over one tlegtesed bya chain company such as
Target.This is especiajl true of a city such as DurhaMorth Carolina. Companies like Local

Yogurt andBull City Burger perform excepmnally well due to this local attachment

Overall, the original, nospatial prediction adequately evaluated which locations would
have the bst performing ads. The introduction of the spatial elementweasuseful for
correcting the model where large amounts of error were observed. Thespessallyuseful for
adjusting campaigns that misevaluated titernded consumerk these cases, ghinitial
observations of ad performances leave a lot of room for spatial improvement through many
iterations of the algorithrmAfter this analysis it is evident that there areltiple instances where
predicting the outcome of advertising is akin to simgptlay targets in the darkinless time and
location stamped sales data is provided, the absolute optimal solution is nearly impossible to

attain.

11 Conclusion

This document reviewed spatial modeling and possible methods for improving
neighborhood selection based on observed performance inforntati@s demonstrated how
spatial modeling can be used to optimally adjustdbations in which an advertiser shdul
allocate resourced he ultimate purpose is to better identify and target areas osuayless rates
in order to improve campaign performan¢ée only problem with these techniques is that
although the model is improved, no additional knowledge isegaill that is gleaned is that
there are underlying, unexplained spatial relations in the data. It is not known why this is
observed. Basically this means that the process of spagi@ssions is path independent. In
context of this problem, there axed evaluations of this concefithefirst idea is that athe
original model becomes more sophisticated, the need for spatial consideration should diminish.
This means that every time an additional parameter is added to the initighaital regression,
the strength can only increase. As the number of parameters evaluated approaches infinity, the
strength should theoretically reach infinity asptimally predict the outcome. Thigould be
very difficult andimpractical. Likewise, there will forever be noise in the form of unpredictable
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error due to completely random events. No matter how comprehensive of a model, it can never
be perfectThe teory breaks down when trying to evaluate-goantitative paramete. This

leads way to the second concept of path independence of the spatial rpatiel. S

considerations can still remain significant when hard to measure elements, such asmpsyche
simply preferencesare confoundeds noisen the data. Further researfor intellectual purpose
would be to consider spatially regressing the explanatory variables in the original model rather
than the observed outcomes alone. Although this has no direct bemefiadvertising agency

this would provide insight as to Wwosome variables spatially correlateatguccess rate

Although less likely to occur, it would also be valuable to convince retail points to release sales

data to definitively determine the success of a campaign.
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