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Abstract

The purpose of this document is to demonstrate how spatial models can be integrated into
purchasing decisions for retine bidding on advertising exchanges to improve ad selection and
perfaomance. Historical data makes it very apparent that some neighborhoods are much more
interested in some ads than others. Similarly, some neighborhoods are also much more interested
in someonlinedomains than others, meaning viewing habits across donraime®tequal. Basic
data analysis shows that neighborhoods behave in predictable ways that can be exploited using
observed performance information. This paper demonstrates how it is possiblspatialy
correlatednformation to better optimize advisihg resources.

JEL classification: C3; C33; C53; M37
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1 Introduction

The purpose of this document is to explore the markets cefinealbidding (RTB)
exchanges of online advertising. These exges are fast paced auctions for ad space on various
websites. Unlike standard stock markets, these single advertisements are used only once for a
single ad and cannot be resold. Related to online content buying is the fact these ads are spread
across theountry. It is possible to evaluate the performance of these ads by comparing their
relativegeospatial distributions. Since the country has a finite number of inhabitants, a
continuous analysis of a surface across the country is not reasonable. Bioplarating on a
per person scale is too fine of a resolution. Such a scale is computationally expensive and tends
to wash out any observable spatial trends. Instead, the country can be divided into 52,000
neighborhoods that represent groups of peopleatlyaelated to each throughout the day. These
neighborhoods are determined by grouping individuals that share simiisustren as
socioeconomic statusaceor any other factorThis number of divisions creates an optimal
coarseness of regions thatgple 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 it difficult to identify trends in data. Using too few divisions creatésiasta
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-&srgéted
data becomes more readily available, additional divisiondo@dbme increasingly more useful.
Whenindividuals move in and out of these neighborhoods, people naturally tend to segregate
themselves spatially and mentally. Having record of the segregation allows for the optimization
of targeted adverting distributidrased on location.

Essentially, the concept is to use historical data to predict the optimal manner in which to
successfully distribute future ad spatke only requirement for a success metric is that it is
guantitative. The analysis was performedanjanction with MaxPointnteractive a real time
bidding advertisingompany. MaxPoint provided the medayswhich to instantly adjust the
purchasing and ad distribution algorithm to observe how spatial effects can be used to optimize
ad campaignslestsperformed in this document utee standard metrics ofick through rate,
view through rate and pixels as exampl@i&cks represent when an ad is clicked on and linked
to a new page. A view is when the consumer interacts with the ad in a manner tadesitiey



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 ra&t isa better metric ai$ is observednore
frequently.This means that view through rates had the least noise or misleadinghaata.
optimization of ad space allocation is done by identifying what attributes of a consumer and ad
produce the most succesisbutcome. 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 @aning. Locationsvith low predictedsuccess rates are not advertised to and those
with higher success are focused Garrently,the model does not consider spatial correlation, a
potentially vital component of the residuals of this regresSpatial orrelations between the ad
and consumer preferencesnbeused to reduce the error associated with the current model
Considering this idea leads to an optimal-gpatial 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 modeb incorporatespatial
techniques to further explain the residual erfdve next portion of this document will review
various sptial 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 amdhow it
be applied.

2.1 Linear Regression Model
R R RN TN
Lt rroren
This is a simple demonstration of a linear regressidnexdplanatory variables on a

dependent varide!,. 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 vectbr represergthe performance of observed aHach observation has an
underlying mean of, X,, with a random componerd,. Thiserror term};, is assumed tbave

the sandard traits of an error termhis means the error mrmally distributedvith anaverage

value of zeroandis completely uncorrelated tq 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 powamsy@nts of explanatory
variables. This model does not take into account any 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 thmsats are statistically independent, implying that
E(") = E()E(,) = 0. This is not true in a spatial context. Rather, the valug déjgends on

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

like air pressure, air saturation, teengture, but most usefully knowing whether or not it is

raining in your neighborOs yallthe spatial element can be usedeétter predict data beyond

this simpleregression model.

2.2 Spatial Model

By performing linear regressions between eachtgoithe 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 parameters than observations. Such a process is also
time consming and computationally intense, withrelations to be consideretihe solution to
overparameterization is timduce structure based on spatial relations. This is done by
introducing parameters that are geospatially defiféds is the spatial autoregssive process.

10 N1O,L Y =110

The particulaform of this equation used can be found.eSageandPace (2009, p. 8).
The idea is thalt; is best predicted by some initial set¥pigivenspatidrelations,! . The

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



independent variable are deviations from the mean of the entifehsdt;, , ! !, term is called
a spatial lag since iepresents a linear combination¥gfvaluesconstructed from neighboring
observationsThe elements ih - are an n by spatial weight matrix that determine how points
in Y; are relatedSo for instance, to predict the likelihootisomeon®wninga BMW, one can
observe the cars their neighb@usive andusethe correlation between these neighborhdods
make a reasonable gueshe matrixG as seen belowepresentan example of aavaluated
area.The area is shown Hdy- values that represesaome metric at a locatiokach!,. value in
this matrix is a success rate for a campaign at that loc&orcalculations, thenatrix must be

linearized into Y to be multiplied by ..

The spatial modellane introduces the parametérs and! , which respectively ada
spatial component and weighnidicating spatial importance. - is an n by n matrix that
contains the spatial correlation between each location in the nSpdial analysis calls for the
application of assumed spatial relations rather than magdhe correlation between each set of
points as in a standard regressibhis is because the purpose of a spatial analysis is to identify
the spatial elements that determarmeoutcome to contribute to a regression analysis



weighting matrix can bspecified in many way®f which the examples shown here are from
Brusilovskiy (2009)

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

K nearest neighbotsave a fixed weighandall 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 flogageand Pace (2009, p. 21)
is standarddr 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 same for point B to A. This
means that when establishing the weighting matrix, one corner of the matrix leftrelse
zeroes, pulling data from the other corner of the mafis trick will increase computation
efficiencybut will not be used for discussion purpoges: simplicity, the example above shows
a world where theris perfect correlation (1), marginebrrelation (.5), or no correlation (0).
Each!, containghe data fofatitude, 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 ko for instance, -!,- is a function of
Py U I, ]! 1w ). This calculated 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, to
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 migrix w
entries must be made where n is the number of locatbm® 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 éiegient variable in the regressiaeating
an endogenous problen example isvhere a current performance walfor every point is
needed prior to generatirgspatially dependeptediction of those already known valugégis



is a problem when attempgrio predict the unknown performance of a locatiastly, notice

that the spatial arrangement of locations in G has been idealized as a square. This is almost never
the caseFor 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 mehrnvalues for each
point. This is multiplied by the ichity matrix!, to create aliagonalmatrix of these values. The
purpose of this io accommodate for offset induced wtiba setY does not have a zero mean
value.The idea is to force the spatial matrix to evaluate changes in the data, ratlosetiadin
performanceThe equation is seen below as it appeatstfdageandPace(2009, p. 32).

RS T

Lo )”!Q! ! (!.!! IR

The expected value of each observatiowill depend on the mean vallieplusa linear
combination of the values of neighboring points scalet.yhis shows how the data are
generated in a simultaneoupatially autoregressing natusghere the model derives its name.
An infinite series is generated laking further powers of W as the model considers second,
third and higher order neighbors. So the matrfréflects secondrder contiguous neighbors.
Since the second order neighbare neighbors to the originabbservation being considered,
W? will have positive elements on its diagor&kdditional, higher orders of neighbors are
considered, the solution generates an infinite saN@&nthis series is evaluated to an infinite
number of neighborshe solution convergen the following equation.

U e L P e

Although, considering an infinite number of neighbors would be impractical for the
proposed problenAs such, it will later becoman optimization problem to determine the best
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order of neighbors to consid@ihe spatial autoregressive structure can be combined with a
standard regression to produce the standard regression model shown here.

!! (I l-an-l-ﬁiXi-i-ei
Sl""N(O,O'Z)

Although merely a synthesis of the two models above, this noteworthy expression is the
foundation for useable spatial modeling functions. Originally, models that did not consider
spatial factors produced biased estimatgs; .of he use of the spatial matrix W in combination
with the linear regression alters the predicted parameters to better match their actual values
independent of location. This is the type addel that is most applicable to the advertising
market As Gaganand 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 parameter takes a viae of zero, there is no
spatial dependence, and the model is a standard regression.

2.4 Spatial Lag of XModel (SLX)

This model is similar to the SAR model except this time the independent variables are
alsospatially evaluatedsuch a model woulde appropriate for regressing housing valres
even community value gfretty 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 athe home as well as tipeesence ofandscaping are spatially correlated to
housing prices. The model is specifically writiaheSage and Pa¢2009, p. 36as

!! =1 !! ! 'BLXL + yWijZXi +||

The initial linear regregsn is present with representing 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 &mhe, .
The biggest drawbadk 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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themselvestequiring(n?) correlations. This modiés called the spatial lag of X model, or SLX,
since the model contains spatial lags, WX, of neighboring characteristics as opposed to just
observed outcomeAd. benefit of using this model is thatprovidesa better understanding of

how individual popudtion characteristics determine 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 explaidsdliscussed bipiggle, Fuents, Gelfand

and Guttorp (2010), theLX model is able to indicate what parameters contribuseitoess 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 observed¢hatiren tend to most influence a parentOs
choice of cereal purchase when that desired cereatlieeict sight. Hence, sugary cereals
marketed towards children tend to be at cley@ level, on lower shelves. The response of
product placement is possible due to an analysis of thesglasbbservatios. This time element
can be mathematically modelaedd introduced into a spatiagression

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

t-1. The result isa spatial weighting matrix ,- ,, , . The finalmodel as follows:
Yio b ped b B0 b g

This last generic ma introduces the concept of time laggiktistorical data areised to
create prediction parameters for future outcomes. This is especially useful when endogeneity is
present in a model. TH&;_; matrix can be applied to the SAR model to predict gitautcomes
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 time is predicted

using the adjusted W matrix from the actual prasioutcome. This model is essentially a time
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lagged autoregressive modklhasthe advantage of being able to regress into the future,
predictingunknownoutcomedrom previousobservationsThis is the model on which the
analysis will continuesince itis indicative of the data being used.

Notice that a recursive substitution occurs when , is substituted with
Pt e 2Yne—o + BiXiny o ! Ly o - If this substitution is performedtines, the prediction of

Y ntbecomes:

(A L B e e A A R D). oo kh I

S

jugriny
n 11 111

DL L 122, Ly

gl
The expression can be simplified by taking the limit as@pdo infinity, yielding the
resultin LeSage an®ace(2009, p. 70):

N Y O O (PO B LR

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

various pointsri space dependent on each pafineighbors.

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 smalbossibly random, improvement is observed, there witblszindications
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 autircelation of a continuous data set. The test
statistic isrepresented and explained below as showrembo(2008, p. 10).

_ nZ!Z!(!!_r)(!!! !')
SR W (W5

I, is the sum of elments of the weight matiw. MoranOs | is similar to the correlation
coefficient in that it varies ovér1. In the absence of autocorrelation, | has an expected value of
-1/(n-1), which converges on zero with large values of n. A vgleaterthan zero indicates
positive correlion and less than zero as negativerelation. The variation of ManOs | is:

!((!!!!"!3)sl—n!2!!si)!!!!(!!!)!l—!"!2!!!51

" 11

SAORN Qroerne-nii

S, ! :—Z” 1w 11t 11T or symmetric W containing 00s and 10s
LU S where! U St eland! I

In standard practices it is proper to evaluh&evariation to ensure statistical significance
is achieved. This prevents improper reporting of untrue re3ilessecond method of evaluating
spatial autocorrelation is GearyOs C.

3.2 GearyOs C

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

cit ATIIED)
' MR}

GearyOs @ngesrom 0 havingmaximum positive autocorrelation to 2 witfax
negative autocorrelatio’ value of 1 is expected for a data set with no autocorrelation. If
positive autocorrelation isbserved, the variance of C is:
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So, S; and S are the same as for MoranGBdaryOs C is similar to MoranOs | but is generally
accepted as placirgyeater weight on local spatial correlation over global. MoranOs | tends to be
moresensitive to extreme values of Where GearyOs C is more sensitive to differences in small
neighborhoodsThis generalization is taken fron@embo(2008, p.12), who explansin detail

how, generallyMoranOs | is preferred as it is consistently more powerful than GearyOs C. As
such, the metric of MoranOs | will be relied upon as the more important spatial statistic.

4 Theoretical Example

This example will be a wathrough of how spatial models can reduce the residuals of a
regressionilt is similar to the demonstration Bivand, Pebesma and Gommnbio (2007)
except thatheoretical data is used to make trends more obviagsre 1 below is an example of
observedsuccess rates over a given area. This coukhgeguantitative success metric, such as
the initially observedlick through rates (CTRpr a campaign over a given areatlined by the
XY plane
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Figure 1: Initial observed ddta

The two main trends obsed in the data are an upward sloping plane and a local
maximum in the middle of the areafirmOsamultivariableregression of this data might look
similar to Figure 2 below. Spatial arrangement is currently not used in the prediction of
campaign perfor@ance.

Figure 2: Initial regression

! Data modeled from the equation: 10*eg3(((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
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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 calibe theransition ifio a neighborhood with different purchasing
habits.The residuals of this regressioan be seen in Figise and 4Tothe left is a similar 3D
view and tathe right is a downward view of the same residuals, but with the actualetskta
points indicated on the plot. Using spatial correlation, it is possible to interpolate the value of

pointsin between the actual observed data.

Interpolated Data

25

Y direction

X direction

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

The interpolation points out that there is a cteand in the residual3hisis done to
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 givead in a manner that could be explained spatieldd a spatial element
been considered, the model could have better predicted theF@jiiRe 5 shows the new model

considering spatial relations.
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Figure 5: Spatial model

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

Figure 6: New residuals

The key point is that theew residuals are almost perfectly randomly arragedless in
magnitude than beford his indicates that there is significantly less unolegtrend in the data
and that the spatial model was both appropriate and successful.
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5 Direct Application

Spatial modeling cannot be used in the manner presensetl/&dhe 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 rate$his meas that rather thaimterpolating thespatial prediction at every point on
a surface, the computation is reduced to predicting valugit! zipsnot already campaigned
in. This is because rather thanantinuous surface, the country is divided into disci@tations
calleddigital zips. The estimated values of thpsénts are compared to determine which would
be the best to add to a campaighis OtwistO to the basic spatial modeling technique is
demamstrated in a backtested example below.

6 Data Source andmplementation

The remainder of this document uses data provided by MaxPoint Inter&tesvas
providedin the form of SQL tableand is manipulated using Python with the Pysadin. 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 distributiomsd other populatiocharacteristics 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 US f@rious ads. The proprietary Odigital z{RZ3), 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. Alldzitéher each
individud ad were aggregated and regressed to determine the presence of spatial correlation.
Python code was nitten to enter the SQL servees)alyze a campaign for spatial relatiamsl to
adjust the distribution of ads accordingly. Changes in performancesvacdhlocations were
observed in real tiey with useful results yieldday the end of each day. Further optimizations
wereperformed to hone thalgorithmsto better seek ouhe best locations to advertise as well as
those locations to avoi@hese optingations ranged from determining thestnumber of
neighbors to consider, how large of a radius those neighbors must be within or how data
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clustering should be handlegipecifics regarding how each of these elements impacted the
algorithm are discussed ihe optimization sectiorBefore 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
currentlyrunning campaignswithout accidentally harming the success of a running campaign
Thegoalis to usealreadyobserved data to predict the next optimal digital zip to advertise in.

Ads are catered to the areas that have the highest likelihood of suntgsgentially 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 of highest

success rates.

Backtesing was performe by taking pastlata from arobserved/ideocampaign,
randomly emoving a percentage of the data and then attempting to spatially predict which points
performed the best of the points removEkis backtest was performed a real, past campaign
for four different spatial weighting methoesath the purpose of selecting the optimal weighting
method The methods tested wet®se found irGaetan and Guyof2010)

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

Discounted distanceeightingfor k nearest neighbosgithin a fixed radius

K K K K

Considering congruent neighbors with higher ordaginbors having decaying
weight

¥ A combination of these or other innovative methods

It was determined that the best performingtsp model was to consider only k nearest
neighbors within a fixed radius whitBscounting the weights of those neighbors that are farther
away.Apart from consistently outperforming other methods, there was some logic to these
choices A problem was obervedfor neighborhoods in high population density areas. The issue
is that success rates are infrequently observed. Only 1 in 1000 ads are clicked on at best,
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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 success rates are obsé/ed highevels of
clusteringwereobserved, the predicted performances were undegstindue to the high

number of poorly performing point§he problem is that the high concentration of poorly
performing points overwhelmed the sparse, good performing points in theseTarsasethod
forces spatial elements to only consider congruethtsanond 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 pointd_astly, weighting was discounted based on inverse distance between points. As
the distance increased between two points, the spatial impact decreased. This allowed closer
points to make a largémpressioron the spatial weighting of a poifthis modelwasused for

the remainder of testing. Figure 7 shows a boxplot of the résuitis4000 consecutive random
backtests. The columns from left to right are a random control, the spatial model, and the
theoretical maximunilhe y-axis represents whatever sussenetrics were available for the

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

Quantile Plot
0.040 T

0.035

++ o+

]

0.030
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.0248 .0259 .0346

0.025 -

0.020

0.015

1 2 3
Random Spatial Model Theoretical Max

Figure 7: Results from backtest
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It was observethatcompared to randomly choosingighborhoodsthe spatial model
had a greatesiverageerformancéy 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 sglatharacteristics was able to consistently demonstrate
better use of ad spade.90% of iterations, 1/3 of optimally identified locations were contained
in the maximum cas&his meant that if thalgorithmidentified 9 new neighborhoods to
advertise in3 of them were actually later observed as the highest performing locations in the
entire possible location sé@the overall low average is due to low starting spatial correlation and
clustering of data points. Lastly, it was noted that outliers were obgerved below the mean
of the spatial modelThe crosamarked outliers 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 periers, but rather observed exceptionally good results.
This meant that the model could consistently identify strong performing outliers, and
consistently avoided any incredibly poor performing points.

8 Live Test Results

A similar method to the bacld¢ewas used to implement the spatial method into a live
campaignlnstead of removing data, the campaign was analgzddtermine which digital zips
would perform best that were not already being deliveredGuly a single iteration was
performed in whth thespatialregressioradded three new digital zips to the campaigre
results werenitially discouragingas2/3 ofthe identified digital zips were low impression areas.
This meant that the areas did not necessarily perform poorlihdipeople n these
neighborhoods did not tend to visit websites that contained places 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 imgssion volumes were not an issue,
new digital zipgended tooutperformed the initial data set when averggiaer the same time
intervals Comparing performance over the same days showed that the spatially choseonpoints
averageperformeds6.8% betterthan the original data s€dverall, the averageick through
rates CTR) of the campaign was increased by ¥4l8ver 4 days from the addition of 3 digital
zips, meaning thaverage of theewlocationsranked in thé2™ percentile for performance
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overal. Figure 8 shows the performance of the overall campaign compared to the spatially
chosen points.

Performance Comparison

0.050

e—e Spatial
e—e Standard r—
0.045}| ® © Spatial Error

0.040
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0.030

CTR
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0.015

0.010

0.005

Figure 8: SpatiaPointsvs. Entire Campaign

Additional tests were performed omo Target and AT&T campaigrusing click through
rates. This time six newdigital zips were added to each campaibime performance 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 camasign
a whole.This was a consistent trend for tests performed on other live camaligtssof the
performance of thessxamples can be seen in Figures 9 andnlthese two examples the
original data had 5.8% and 9.8% spatial correlation.
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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 optimizace Elgshows
the results from removing digital zips from a campaign.
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Figure 11: Removing digital ziger 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 averagih green lines being one standard deviation. The key is
that the red line is consistently below the average. By removing these points, the poorly allocated
impressions are redistributed to the higher performing a@@asbining 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 aitfon. The turquoise bars represent the overall spatial
autocorrelation in the campaign. The scale of spatial correlation is 1/10 of the measured value to
keep the scale of the superimposed data sinditeg.campaigns graphed were chosen based on
their meaured spatial correlation to demonstrate the trend. The success metrics were mixed
amongcampaigns. The specific ads in order were for a cereal bar confaget, unknowna
local weather station, Target and AT&lhe key is that there is a proportiotr@nd between

increasing spatial correlation and percent increase in campaign performance.
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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 particulauation of using advertising data. These issues may not
existin other data 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 ofvelosguccess rates,
in particular clicks. A campaign must have a large number of impressions to have a true estimate
of the success rate for a given digital. 2tgs important to understand thet area with 1 click
and 1 impression does not mean th@fd& of 100% is the true valu€here must be a threshold
number of impressions needed before a success rate should be even considered. In addition to
this, performancef the overall algorithmvas increased when implementing a decay function
that punishesligital zips with lower impressions. For the live and backtested results, a threshold
of 500 impressions was used.the future, this could insted® a dynamic number or function
of how long a campaign has been running. Three different mechanism<tarrdisg weights

due to inadequate impression volume were considered. These were:

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

TNe [”!”’! “!%!;(i!! !)!]

o1 where!, and!, are the'l' event ad impression respectively

The particular decay functiahosenwvas thecumulative distribution (DDF)f the log
normal distribution. The impressions were distributed across a CDF and their respective weights
were multiplied by the corresponding areasarrttie curve. This meant that the weights of areas
with relatively low impressions were discounted accordinghe reason for this is to account
for instances were an area is delivered a single ad resulting in one click through. This would
indicate a va$y overestimated success rate of 100%, causing the algorithm to further target this
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point. Theproblem is fixed by discounting the success metric seen in areas with low ad volumes.
It was observed that without this feature, the same end locations wetedebeit that it

required many more iterations and observations to hone in on the optimal lodAfikhrasit this

extra element, it took on average two days foraligerithm to identify when a location did not

have enough impression volume to justifyighhsuccess 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 spadil autocorrelation. If the data being spatially analyizaxe a 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 tharoogEasdl
analysis. Determining which are best can be done through measuring MoranOs |, GrearyOs C, and
the presence of clustering. It was found that high values of MoranOs | are a direct indication that
a data set has strong potential for increasesrionpeance. The converse of this is not true. Low
levels of MoranOs | did not mean spatial correlation was not appropriate. When MoranQOs | was
low, GrearyOs C acted as a good second indicator of spatial correlation. When both of these test
yielded mor 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 applicatlengeneral
problem with itsuseis that the results are indepkemt 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 evaluates. There is great room
for interpretéion as to what the presence of spatial autocorrelation meanpdpuéation 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 subset of the community that does represent the population as a whole. Success
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statisticsaassume that the population as a single ergtitgsponding to adverting to comprise an
average. The problem with this, for instance, is that the rate at which a 35 year old mother clicks
an ad $ much higher than her son, who has become Oadflimdi2ing 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 samdlthough it seems like a basic observation, theesgroup of individuals does

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

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

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

each time. This means that tgecificads are hittingheir intended targeted populatioi%his

leads to the next observation tlaatlick is not critical.

For a campaign such as the &b Local Weather station, clickevegreatsignificance
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, redting in a high overall click through ratidhelocations 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 useful in adjusting the performance oathpagnFor other
ads, such as for Audi, there was a much lower click through ratio. Although, when tracking
delivered ads and Audi home page views, there was a strong correlation between the ad delivery
time and the time at which additional views on ltloene 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 the ad, it leaves no
directly measurable footimt by which the ad performance canéxaluatedSuccess 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 optimize this campaign based on which coaseimer
most likely to purchase an Audi rather than optimizing on areabKeilst to click on an Audi
ad.Campaigns for specific consumable goods on the other hand struggled at getting any
measureable attention. For instance, a campaign for Kashi Ceaiek$ sbserved almost no
clicks. This is likely because it is a famile@nsumption itenthat has minimal online
interactions to drive someone to seek more information by clicking on &@nadp of this,
many companies are unwilling to share sales ddiis. 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 to achieve the desired
result.Apart from hese 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 correlabaheir neighbors. Although, further
insight into this arrangement can be made based on what parameters optimized the final solution.
Apart from generating an actual spatial algorithm to take advantage of inherent spatial
autocorrelation, this solutioran be back solved to draw broader conclusions on these evaluated
areasA more obvious, but relevant example 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 that this is not a spatial relationship, but rather a big city similarity. The responses have
nothing to do with where those cities are located but jussbgnce that they are both large
cities. Conversely, if only first neighbors are considered, there is not enough quality quantitative
data within such a small radius to fairly evaluate the spatial correlation between small
neighborhoodsThroughmanyiteratiorsit was determined that 30 mile radius was best. This is
large enough to consider entire neighborhoods and cities without having the problem of
considering effects larger than spatial autocorrelation. On this same note, 30 miles is quite a
large ralius for many areas, where multiple completely different neighborhoods get incorrectly
grouped.This is why within this radius it was a good idea to use inverse proportional weighting
againstdistance.

Another interesting topic is clustering. In regiof$igh densitypopulations, there are
many digital zips clustered very closely together. These zips are constructed based on the
distributions of people that live thele.a place like New York City, these areas are almost on
top of each other and respoautirely differently to various ads. An ad for a Target clothing line
saw great success rates wheredheere virtually no responses an eightte away at the next
digital zip. This is an indication that there may be strong socioeconomic dividesdtaedi
consumption habit#lthough, ads for free services, such as an online weather website, exhibited
a much more uniform responsesih exposureThe notion of OfreeO is a common trend observed

in almost all areas of economidhis driving force tend® cause individuals to change
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consumption habitsore drasticallfthanwith just price reductions. There is also likely some
element of attachment to a local product over one tlwatésed bya chain company such as
Target.This is especiayl true of acity such as DurhanNorth Carolina. Companies like Local

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

Overall, the original, noispatial prediction adequately evaluated which locations would
have the best performg ads. The introduction of the spatial element meastuseful for
correcting the model where large amounts of error were observed. Trespexsallyuseful for
adjusting campaigns that misevaluated tliended consumers these cases, the initial
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 araltiple instances where
predicting the outcome of advertising is akin to shooting claetarn the darkJnless 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 ke on observed performance informatikinvas demonstrated how
spatial modeling can be used to optimally adjustdbations in which an advertiser should
allocate resourced he ultimate purpose is to better identify and target areas ofhagiess ras
in order to improve campaign performanée only problem with these techniques is that
although the model is improved, no additional knowledge is gained. All that is gleaned is that
there are underlying, unexplained spatial relations in the dasendt known why this is
observed. Basically this means that the process of spagi@ssions is path independent. In
context of this problem, there are two evaluations of this concept. This first idea isttieat as
original model becomes more sophistiezh the need for spatial consideration should diminish.
This means that every time an additional parameter is added to the initigpaital regression,
the strength can only increase. As the number of parameters evaluated approaches infinity, the
strength should theoretically reach infinity aogtimally predict the outcome. Thsould 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 compreh@&fsiveodel, it can never

be perfectThe teory breaks down when trying to evaluate-goantitative parameters. This

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

considerations can still remain significant when harcheasure elements, such as psyrhe

simply preferencesare confoundeds noisen the data. Further research for intellectual purpose
would be to consider spatially regressing the explanatory variables in the original model rather
than the observed outmes alone. Although this has no direct benefirt@dvertising agency

this would provide insight as to how some variables spatially correlatsuocess rate

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

data to definitively determine the success of a campaign.
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