
 

 

 

 
 
 
 

 

Overcoming the Challenges of 

Ad Attribution 
 
 
 
 

 
 
 
September 16, 2020 
 
 
 



605 Proprietary Information.  Not for Unauthorized Distribution. © 2020 605, LLC 
1 

Introduction 
 
 

605 IMP4CT is a SaaS advertising attribution platform built on top of a massive, 100% 
matchable, deterministic dataset spanning over 21MM anonymized households and 
powered by a proprietary causal attribution methodology that relies on a high-
dimensional matching algorithm to ensure the most reliable solutions in the industry. 605 
IMP4CT offers an integrated solution to solve three vexing challenges in the ad 
attribution space; 1) estimation of small treatment effects, 2) unbiased causal inference, 
and 3) general accessibility. 
 
In regards to the first of these challenges, small treatment effects are not uncommon 
outcomes of persuasion models, thereby complicating attribution efforts when sample 
sizes are not large enough to detect effects (Coppock et al. 2020). 605 IMP4CT allows 
for the type of census-style attribution studies that have typically been out of the reach of 
most practitioners. Second, standard industry approaches have mostly relied on 
methodologies that naively measure impact as a function of correlation. In contrast, 605 
IMP4CT relies on scientific design principles to rigorously measure causal impact. Third, 
605 IMP4CT is the first platform designed to meet the needs of a modern advertising 
team in ways that prioritize user accessibility and allow for campaign optimization at the 
push of a button. 
 
The technical solutions implemented in 605 IMP4CT to address these challenges are 
worth considering in some detail. The remainder of this paper will examine current 
industry practices affected by each challenge and provide a technical overview of the 
ways in which 605 IMP4CT has been specifically designed to overcome them. 

 
I. 605 IMP4CT Meets the Challenge 

 

a. Challenge 1: Small-effects Estimation 
 

Numerous studies have repeatedly demonstrated that individual ads or even ad 
campaigns often yield statistically significant but small effects (Gerber et al. 2011; Hill et 
al. 2013; Farahat and Bailey 2012; Lewis and Rao 2015, Coppock et al. 2020). 
Consequently, attribution models can only separate signal from noise when sample 
sizes are large enough to produce signals strong enough to be detected.  
 
Attribution models trained on even relatively large samples face problems estimating 
small effects. If the effects are so small as to be inconsequential in calculating return on 
investment (ROI), the problem remains purely theoretical, but if the accumulated ROI 
over multiple ads during a single campaign or across multiple campaigns surpasses an 
appreciable threshold, then sample size limits may artificially suppress significant results 
and thereby bias ROI calculations in tangible ways. 
 
Consider the following hypothetical example of a national ad campaign that runs for a 
total of six weeks and reaches 50% of its target audience. Suppose campaign costs run 
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$0.02 per exposed household. In order to recuperate ad costs, the campaign must yield 
at least a 25% lift. What sample size would be needed to detect a sales lift of a least 
25%? For a two sample t-test of unequal sample sizes a minimum of just under ~70k 
households is required to detect an effect of this size with a 95% confidence interval 
(𝛼 = 0.05) and a power of 0.9 (𝛽 = 0.1). Figure 1 shows the relationship between 
minimum detectable effect size and varying sample sizes under the conditions outlined 
above. 
 
Figure 1 
 

 
If unexposed households are exposed on platforms besides TV, such as digital, the 
detection of small treatment effects is further complicated, and would require an even 
larger minimum sample size to detect real effects than what Figure 1 demonstrates. 
 
Consequently, if studies rely on typical large-n size sampling methodologies, they are 
unable to detect the accumulated ROI from ads that individually yield small yet 
statistically significant treatment effects over the lifetime of one or more campaign 
cycles. To combat this, 605 IMP4CT leverages big data infrastructure to provide 
deterministic coverage across the US viewership footprint, at a level expansive enough 
to ensure the ability to detect virtually any treatment effect large enough to tangibly affect 
ROI calculations. The benefits of 605 IMP4CT’s big data infrastructure are further 
realized when examining treatment effects for specific subpopulations. 605 IMP4CT 
employs industry-approved national projections that can be calibrated to specific DMAs 
and target audiences without sacrificing causal power. 

 
b. Challenge 2: Causal Inference 

 

605 IMP4CT leverages machine learning tools and scientific design principles to power 
sophisticated causal impact studies that users can take advantage of in real time. To 
that end, 605 IMP4CT’s methodology is specifically designed to approximate 
experimental conditions that allow users to confidently make causal claims relating their 
ad spend to consumer behavior.1 

                                                
1 Rubin (1974) makes the argument that to ensure causality under conditions of nonrandom treatment 
assignment, the treatment assignment mechanism must be independent of the outcome of interest. 
Rosenbaum and Rubin (1985) demonstrate that properly designed matching approximates the level of 
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The 605 IMP4CT platform embraces experimental design methodology because 
randomized control trials (RCT) are the gold standard for estimating treatment effects 
(Meldrum 2000; Webber and Prouse 2017). Randomization of comparison groups 
ensures average differences between groups can be attributed to differences in 
exposure and not differences in pre-existing characteristics of the groups. This is 
particularly relevant for the field of advertising where treatment exposure more often 
than not is a function of targeted advertising. 
 
In an ideal scenario, attribution would follow the RCT framework where 1) individuals 
would be randomly assigned to treatment (ad exposure) and control (no ad exposure) 
groups, 2) statistical tests would assess the effectiveness of the advertising campaign by 
comparing differences in the outcomes between the two groups, and 3) the results would 
be stratified by demographics and other relevant attributes to ensure representativeness 
of the sample. Of course, RCTs are often not feasible due to pragmatic constraints and 
issues of scope.2  
 
Consequently, 605 IMP4CT’s methodology applies the same logic of causal inference in 
non-random experimental settings by reducing the complexity of causal attribution 
modeling down to a three-stage process that mimics the three stages of RCTs discussed 
above. In the first stage, data are pruned to produce matched control and exposed 
groups. In the second stage, appropriate statistical tests are run to estimate quasi-
experimental treatment effects. In the last stage, confidence intervals bounding the 
results are placebo-adjusted to account for uncertainty from residual differences in 
demographics between sampled pairs of control and exposed households. Each of 
these stages is discussed in detail below. 

 
i. Stage 1: Matching 

 

Generally, the non-random nature of TV viewership and digital interaction make media 
experiments challenging. That is, consumers who more frequently view TV (and, thus, 
are exposed to advertising more regularly) may have different consumption habits than 
consumers with more limited TV viewership diets. This non-random distribution of 
advertising exposure complicates attribution when the impact of any given advertising 
campaign cannot be disentangled from the pre-existing variations that characterize the 
differences between frequent and infrequent viewers. 605 IMP4CT implements a 
proprietary, high-dimensional matching algorithm to ensure quality-controlled 
comparisons between such groups. 

                                                
independence between treatment and outcome that exists when treatment is randomly assigned. King 
and Nielson (2018) extend the analysis and argue that, while propensity score matching methods 
approximate simple randomization designs, Euclidean distance matching approximates the more 
desirable blocked randomization design that is the gold standard for causal inference. 
2 Addressable TV advertising, or the ability to show different ads to different households by granular 
household targeting, opens the door to TV advertising experiments, but has rarely been deployed for 
experimental purposes until recently (Mandese 2020).  
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The hurdles involved in estimating the treatment effects for non-randomized treatment 
and control groups are non-trivial and well-documented in numerous empirical fields 
(Rubin 1974, Hernan and Robins 2006; Maydeu-Olivares et al. 2020). This is a problem, 
however, that is particularly salient in the field of advertising measurement, where causal 
attribution is confounded by the targeting of audiences that have a higher baseline 
propensity to engage in the very behavior attribution is attempting to measure.  
 
The confounding bias described above3 is the very reason why observational methods 
that are not animated by experimental design principles are unable to provide grounds 
for making causal claims. Among such methods are many that have been widely 
adopted in the ad measurement industry, including but not limited to hypothesis tests for 
differences in means, bivariate linear regression models, and analysis of variance 
(ANOVA). We collectively refer to these methods and their estimates as “naive”. 
 
In contrast to these naive approaches, 605 IMP4CT methodology implements a 
proprietary matching algorithm that creates a “synthetic” control by pruning the 
unexposed population to be reflective of the exposed population. This ensures that the 
two populations are similar in all regards, especially in their baseline predisposition 
towards the featured element of the advertisement. To illustrate the logic of matching, 
imagine that retail hardware Store A’s summer ad campaign has recently ended, and the 
current goal of Store A’s marketing team is to determine how that campaign affected 
their summer sales by examining post-campaign transactional data. Store A compares 
the sales of those who saw the summer campaign on TV with those who did not, and 
finds that in the two weeks after the campaign, viewers spent 5x as much as non-
viewers. Does this mean that the ad caused a 5x increase in sales? 
  
Not necessarily. Suppose from past customer segmentation analysis Store A learned 
that their main clientele’s viewing habits greatly over-indexed on home improvement 
networks. With this information at hand, Store A decided to advertise much more heavily 
towards their targeted demographic and ran their ads primarily on home improvement 
networks. Households exposed to the ad campaign, by definition, are largely comprised 
of targeted households who are known to have a higher predisposition to shop at Store 
A. In contrast, households not exposed to the campaign will likely have a lower 
predisposition to shop at Store A since they are composed of all types of households. 
Comparing the post-campaign purchasing habits of households who were exposed to 
the ads to all households not exposed to the campaign will reveal more about the habits 
of homeowners than the efficacy of the ad campaign itself.  
 
For Store A to precisely assess the causal impact of their summer sales campaign, they 
must ensure that the two comparison groups are similar across characteristics that 
confound the relationship between ad exposure propensity and sales. Specifically, Store 

                                                
3 The social sciences refer to this phenomenon as omitted variable bias (Clarke 2005). 
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A would need to ensure that homeowners are distributed evenly across both groups. 
One way that this may be accomplished is through matching: the ad viewers must be 
matched to non-ad viewers across all confounding characteristics so that the only 
remaining difference between the two groups is the actual exposure itself. Once the 
viewers and non-viewers are matched on such attributes, the marketing team of Store A 
will be able to approximate causal claims about the impact of their summer ad campaign 
on sales. 
 
From a theoretical standpoint, this process involves modeling patterns of ad exposure 
and behaviors among household units in the sample and identifying the most similar 
households across exposure and non-exposure groups. Households whose observed ad 
exposure deviates from patterns typical of their sociodemographic peers (those 
predicted to be exposed but that in reality were not exposed) are very similar to their 
exposed counterparts. These households are perfectly suited to be synthetic control 
units in a quasi-experimental research design. As a result, matching in this manner 
allows analysts to make causal claims in regards to ad effectiveness in ways naive 
approaches cannot, albeit with levels of uncertainty greater than what a random control 
trial would yield. 
 
605 IMP4CT’s proprietary matching methodology exploits the deviations from ad 
exposure patterns to compute bias-corrected treatment effects. Specifically, 605 
IMP4CT deploys machine learning algorithms to match each exposed household to 
unexposed households closest in proximity when modeled across a high-dimensional 
surface. This process works by deriving propensity scores for each household from a 
holdout-validated classification model that uses geographic, demographic, behavioral, 
and past viewership features as predictors. Propensity scores reflecting ad exposure 
and the predisposition to exhibit the measured outcome behavior are utilized to remove 
bias and align the exposed and synthetic control populations. 
 
While commonly used matching methods in the social sciences proceed by matching 
observational units with peers of similar scores, a unidimensional vector of scores 
cannot properly adjudicate important differences when multiple scores overlap, resulting 
in matches selected at random instead of selections based on similarity. The only way to 
reveal discriminating differences between households with similar propensity scores is to 
model similarity across a multidimensional surface. 
 
To that end, predicted propensity scores are used, in conjunction with behavioral, 
demographic, and geographic attributes to model proximity between households on a 
high-dimensional surface. This method reduces the likelihood that any two unexposed 
households would constitute the same matched value for any one exposed household. 
To address any residual errors in the matching process, the algorithm takes advantage 
of utilizing multiple matched households per each exposed household to ensure the 
profile of any one match is not biasing the computed treatment effects. 
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To illustrate the utility of matching, suppose, from the previous example, that hardware 
Store A targeted their ads to homeowners by distributing their ads on home 
improvement networks such as the titular Home Improvement Network (HIN). A model 
could tell us that “regular weekend HIN-watchers in the Southwest” were 40% more 
likely to see an ad than the average household. This is exemplified by the exposed 
household highlighted in blue in Figure 2. 
 

Figure 2 

                                      
 

Of course, some households deviate from this pattern over time. Suppose for instance, 
targeted household #362572 in Figure 2, like the household in blue, is also classified as 
a “regular weekend HIN-watcher in the Southwest”, but happened to be on vacation for 
the two weeks the ad campaign ran, and so were not exposed. Or suppose targeted 
household #902374 is also similarly classified, but they went to the movies one 
weekend, watched HIN the second weekend, but tuned away momentarily during the ad 
break and so were not exposed. These examples, and countless more like them, form a 
reservoir of synthetic control units from which to draw the most similar matches 
(represented by the circle boundaries in Figure 2). In this hypothetical example, 
weekend TV viewership patterns and household attributes (homeownership and 
geographic location) were features relevant to model and match on to ensure 
confounding factors do not bias estimation of average treatment effects. 
 
ii. Stage 2: Estimation 

 

More innovative practitioners in the industry have embraced model-based methods in 
attempt to correct for confounding bias via statistical adjustments such as multiple 
regression. While these methods outperform naive baseline comparisons, they are 
prone to problems of model dependence and model misspecification (King and Nielson 
2018).  
 
Regression models force analysts to make assumptions about the linearity, normality, 
controls, and interactions to be specified in their models. When these assumptions are 
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difficult to test against empirical evidence, as is often the case, the resulting causal 
estimates can vary substantially according to how the model was specified. This 
phenomenon is referred to as model dependence (Ho et al. 2007).  

 
Relatedly, model misspecification refers to the scenario where one or more assumptions 
discussed above result in incorrect specification of parameters. This is particularly 
concerning when the presence of confounding features are a threat to causal inference 
but are not specified in the model parameters. In the absence of correctly specifying all 
confounding variables of relevant magnitude, statistical adjustments are unable to 
ensure unbiased estimation of treatment effects. More problematically, we can never be 
sure we have correctly specified all possible confounding variables for the philosophical 
reason that unobservable confounders are, by their nature, “unknown unknowns” 
(Groenwold 2020).  
 
605 IMP4CT’s attribution methodology obviates the need to impose assumptions on the 
specification of the estimation process because its matching methodology leans on 
research design rather than researcher design to ensure the least biased estimates of 
the treatment effect. By approximating experimental conditions in the research design, 
analyst discretion over parameter choices of the estimation technique is removed, 
thereby, minimizing human bias and promoting parsimonious models. 

 
iii. Stage 3: Adjustments 
 

605 IMP4CT utilizes a sophisticated approach to modeling uncertainty in the final stage 
of its treatment effects estimation methodology. A key component of the methodology, in 
addition to the effect estimate from the matched exposed and synthetic control 
households, is the uncertainty estimate associated with that effect. Reporting the 
presence or absence of statistical significance, for instance at a standard 95% 
confidence level, is done by computing the standard error of the difference in outcomes 
across all matched pairs of households, and then adjusting this error to account for any 
remaining biases in the matched households. 
 
In an ideal setting, every ad exposed household will be matched to an unexposed 
household that mirrors it in every conceivable way—person age, location, occupation, 
purchasing patterns, TV viewing patterns, and so on. In reality, where the number of 
households in each population (exposed and unexposed) are finite and sufficiently 
different, the pairings may still have some underlying differences which could bias 
results, if left untouched. 
 
For a given matched population, 605 IMP4CT estimates any remaining differences 
among the two populations and then utilizes a proprietary “placebo” adjustment 
algorithm to empirically adjust the reported uncertainty of the outcome variable of 
interest and ensure that the significance is based on approximated causality instead of 
correlational biased effects.  
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iii. The 605 IMP4CT: Always On ROI Pipeline  
 

The three processes detailed above constitute the theoretical foundation that drives 605 
IMP4CT’s methodology. Integrated as a whole, they form an advanced modeling 
pipeline built on top of a modern big data infrastructure that can power sophisticated 
causal attribution studies at the push of a few buttons. We refer to this pipeline 
infrastructure as the Always On ROI pipeline because of 605 IMP4CT’s focus on 
continual measurement and the platform’s ability to ensure scientific attribution that can 
tangibly inform ROI measurements.4 The theoretical methodology discussed above is 
implemented on the platform’s backend in the following way. 
 

1. The 605 IMP4CT attribution process begins by feeding its Always On ROI 
pipeline lists of: 

a. All households for which 605 has demographic + consumer/behavior + 
related viewership data (TV, digital, etc.), and 

b. Household ad exposure data 
2. Using a high-dimensional machine learning matching algorithm, for each 

household that was exposed to the ad, the pipeline finds the set of “most similar” 
households that did not actually see the ad. Here “most similar” is defined with 
respect to all of the following “dimensions”: 

a. Predisposition to exhibit the measured outcome behavior 
b. Probability of having seen the advertisement 
c. Demographic attributes 
d. Geographic attributes 
e. Behavioral attributes 
f. Viewership attributes (respectively digital behaviors) 

3. To ensure census-style measurement, the evaluated households are projected to 
the national TV household footprint (or the evaluation universe such as a target 
audience) using industry-approved weights. 

4. Using the set of weighted synthetic control matched households, the pipeline 
computes the bias-corrected effect of the linear ads on the outcome metric by 
averaging the paired-neighbor-specific differences and computing bias corrected 
significance and confidence intervals. 

The above outlined process works similarly to determine the ad effects not only for 
topline aggregates, but also for any household segment population and ad exposure 
dimension. 
 

c. Challenge 3: User accessibility 
 

i. Data Source Integration 
 

605 IMP4CT’s big data infrastructure of over 21MM households coupled with its 
deterministically matched feature rich set of demographic attributes is the ideal base 
layer to match 1st and 3rd party data on consumer behavior, including awareness, 

                                                
4 We also refer to estimates the pipeline computes as Always On ROI estimates to contrast them with 
naive estimates that are current industry standards.  
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favorability, intent, store visits, curbside pick-ups, purchases, repeat visits, and many 
more. 
 
The ability to integrate 605 IMP4CT with 1st and 3rd party data is paramount to 
structuring an “always on” ecosystem where ad planning, targeting, and deployment 
protocols are continuously under scientific scrutiny. As a result, 605 IMP4CT can be 
used to not only model attribution along the full funnel spectrum from pre ad exposure to 
outcome, but also to calibrate models from campaign to campaign in order to 
continuously optimize targeting, reach, and lift. 

 
ii. Study Parameter Flexibility 
 

605 IMP4CT’s SaaS platform allows for fingertip control over all study parameters of 
interest5, such as target audiences, subpopulation analyses, ad exposure breakouts, 
frequency, viewing durations, date ranges, and more, while automating technical 
parameters for computational efficiency. This flexibility powers end users to increase the 
scale of their studies with little additional overhead because a team of analysts is no 
longer required to scope different study parameters of interest, conduct power analyses, 
pilot studies, etc.  
 
Iii. Computational Efficiency  
 

605 IMP4CT sits on top of a highly efficient and easily scalable distributed data 
infrastructure that is being continuously optimized to ensure fast computation times of 
queries on the backend. The speed, scalability, and efficiency that 605 IMP4CT provides 
for the end user is built on the continued hard work and support of teams of data 
engineers, scientists, and analysts working around the clock to ensure 1) the integrity of 
the data, 2) the security of the platform, 3) the performance of 605 IMP4CT’s Always On 
ROI pipeline, and 4) the quality of 605 IMP4CT’s methodology. Attribution studies that 
would take teams of analysts and engineers weeks to design and complete can be 
undertaken with just a few clicks of a button. In the next section, a case study is 
presented to demonstrate how typical workflows benefit from the easy data integration, 
flexibility, and computational efficiency discussed above. 
 

III. 605 IMP4CT: Case Studies 
 
 

Case Study 1. In a recent engagement, one of our retail clients ran an ad campaign on 
linear TV. In just a single day, a small fraction of the entire analytics group at 605 were 
able to deploy 605 IMP4CT to measure sales outcomes for a study that would have 
taken a majority of the team weeks to complete without access to the platform. 
 
Based on information drawn from our client’s first-party transactional data, outcomes of 
the study included: 

                                                
5 This stands in contrast to the estimation stage of analysis in 605 IMP4CT’s methodology, which jettisons 
the need for analyst parameterization of model parameters in favor of an estimation technique driven by 
an experimental design. 
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● A binary outcome variable: Did the household make any purchases from the 
client in the post campaign period? 

● A continuous sales amount outcome variable: What was the household’s 
average dollars spent per week in the post campaign period? 

● In addition to total sales, variants of the above two outcomes for e-commerce 
sales only.  
 

Bias-corrected, nationally weighted effects from 605 IMP4CT are shown. The black- 
colored bars in the charts represent the average outcome among the synthetic control, 
i.e., the average value of the outcome of interest as measured among the synthetic 
control households. The yellow-colored bars in the charts, here labeled as “exposed”, 
convey the average outcome value within the exposed households. A raw comparison of 
these two values yields the effect estimate. For example, in the “Any Sales Total” at the 
top of Figure 3, the effect estimate is 58.0% − 57.2% = 0.8 percentage points (pp). In 
other words, households that saw advertisements for our client on linear TV had 0.8pp 
(1.4%) higher average occurrence of making a purchase from our client.  This estimate 
accounts for the removal of bias/correlation between likelihood to see an ad and 
likelihood to be our client’s customer. 
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Figure 3 

 
 

 
 

 
 
 
The key additional output here is the uncertainty interval which accompanies that effect 
estimate, and ultimately tells us whether the reported effect is statistically significant. The 
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error bar shown on the yellow-colored bar of the chart represents the 95% confidence 
interval on the difference between the black and yellow bars. Being much wider than the 
difference between the bars in this case (the confidence interval width is 5.3pp, much 
larger than the 0.8pp difference), here we cannot conclude that there was any significant 
effect. The 0.8pp effect is statistically indistinguishable from a zero effect; it is also 
indistinguishable for instance from an effect of the same magnitude but opposite 
direction. The uncertainty component is essential to 605 IMP4CT’s ability to report 
significance.6 Overall, this ad campaign was not effective in driving in more conversions 
or higher sales for the client. 
 
Case Study 2. For the season premiere of a popular drama, 605 utilized 605 IMP4CT to 
help a programmer determine the effects of a recent TV promotional campaign on 
overall tune-in, as well as the effects on granular audiences, including past series 
viewers, network viewers, competitive show viewers, new viewers, and more, as shown 
in Figure 4.  
 

Figure 4 

 
 

● Ads caused a 285% lift among households that watched the previous season, 
even with an 8 times higher baseline propensity to tune in than the general 
population. 

                                                
6 See section on Adjustments for more detail. 
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● Ads attracted large tune-in rates among competitive show viewers, a very 
coveted subgroup, to the premiere. 

● Ads were also able to complete the difficult task of drawing in new viewers to the 
third season, with a 706% lift. 
 

605 IMP4CT not only has the capability to break out any audience segment, but also the 
ability to evaluate the effectiveness of the campaign across ad dimensions, providing the 
client with better guidance towards optimal planning. Some of the ad dimensions 
evaluated include: network, creative, duration, on/off network, frequency, daypart, and 
more. For the programmer, 605 IMP4CT evaluated the effects of exposures on and off 
network, as shown in Figure 5. 
 

Figure 5 

 
● Households exposed to ads both on-network and off-network yielded the greatest 

lift, 739%. 
 
In light of this finding, the programmer can be actionable in future campaigns by focusing 
on reaching each household both on and off network in order to increase their overall 
return. Through this research, 605 helped the programmer identify which audiences 
were most influenced by the TV promotional campaign and apply these insights to 
create more effective and efficient campaigns for future optimization.  
 
The case studies reveal several advantageous features of 605 IMP4CT: variation among 
outcome metrics, audience segments, and ad exposure dimensions. In the first case 
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study, 605 IMP4CT evaluated sales, and, in the second, viewership behaviors. Because 
605 IMP4CT flexibly accepts a wide range of possible outcome variables, users can 
upload those measurable consumer behaviors that are most relevant for analysis. This 
includes behaviors such as: brand awareness/favorability, online/offline purchase, store 
visits, ticket sales, search activities, foot and web traffic, and more. This flexibility also 
allows for infinite outcome variations. In the case of sales, for example, 605 IMP4CT 
could easily calculate treatment effects for overall sales, as well as individual sales 
channels (e.g., e-commerce, brick-and-mortar) or sales occurring in certain department 
categories (e.g., grocery, clothing). Similarly, segment customization provides the 
opportunity for users to explore differential effects among discrete customer or target 
segments.  Ad dimensions are another area in which users can determine the kinds of 
ad exposure types that will be most useful to measure (e.g., network, day part, creative, 
and more.). The ability to investigate effects among any combination of these 
breakouts—by outcome, target audience, and ad dimension—is crucial for users aiming 
to glean detailed insights into all aspects of their campaign.  
 
In terms of statistical adjustments, the reduction of bias and correlation in the matching 
process guarantees that estimates are corrected for existing ad exposure propensity and 
modeled consumer behavior. The inclusion of statistical significance in 605 IMP4CT’s 
results quantifies uncertainty around estimates and indicates the presence of real 
effects. Most broadly, 605 IMP4CT’s comparison between exposed and synthetic control 
populations shows a clear view of campaign effects. Cycling through comparisons for 
each combination of the aforementioned breakouts is a proven way of precisely 
identifying those audiences that are most strongly impacted by ad exposure. 

 

IV. Conclusion 
 
  

605 IMP4CT provides users with highly detailed insights into the performance of their 
campaigns across the entire full funnel advertising spectrum from pre–ad exposure to 
outcome. These insights are available on-demand via an accessible web-based UI 
powered by a big data infrastructure and a rigorous attribution methodology informed by 
scientific design principles.  When compared to existing industry offerings, 605 
IMP4CT’s advanced matching and measurement methodologies, in conjunction with 
605’s industry-approved national projections, generate comparatively more accurate, 
reliable, and robust results for campaign evaluation. Such results are invaluable for 
optimizing budget allocation, improving audience targeting, and strategizing media 
planning. 
 
605 IMP4CT scientifically solves three key problems that typically arise in the course of 
post-campaign evaluation: small-effects estimation, causal inference, and user 
accessibility. Where standard approaches fail to determine the magnitude and 
significance of treatment effects due to insufficient sample size (either for single 
advertisements or full campaigns), 605 IMP4CT operates on streams of real-time big 
data, thereby ensuring that any treatment effect that could materially affect ROI is 
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detectable. In the absence of an experimental RCT framework, establishing causality is 
a formidable challenge; however, 605 IMP4CT’s simulation of randomized comparison 
groups produced by its powerful matching algorithms provides users with approximate 
experimental conditions. These conditions create the solid foundation on which causal 
claims regarding ad performance can be made. Finally, 605 IMP4CT’s data source 
integration, parameter flexibility, and computational efficiency reduce the time and 
resources that such evaluation projects would otherwise require. With “always on” 
access and the ability to tailor parameters to campaign- and industry-specific inputs, 605 
IMP4CT allows users to instantaneously assess ad effects. The more quickly users are 
able to learn about campaign performance, the more quickly they are able to apply those 
learnings to ongoing decision-making processes and improve ROI. 
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