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The online research industry has made significant strides in fraud
detection over nearly three decades of digital interviewing. Modern
safeguards can identify bots, duplicate participants, inattentive
respondents, and now even Al-generated survey responses. Yet a critical
gap remains: fraud prevention alone does not guarantee reliable insights.
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Executive Summary

The online research industry has made significant strides in fraud detection over nearly three decades of
digital interviewing. Modern safeguards can identify bots, duplicate participants, inattentive respondents,
and now even Al-generated survey responses. Yet a critical gap remains: fraud prevention alone does not
guarantee reliable insights.

Even when every respondent passes every quality check, research findings can still be distorted, not by
individual bad actors, but by systematic attitudinal differences across sample suppliers. Two panels can

match perfectly on demographics and still diverge substantially in how their members think, behave, and
respond.

This white paper outlines the dual-layer framework developed through the partnership of Logit and DM2
that addresses both dimensions of data quality:

e Layer 1- Calibr8: Logit's multi-dimensional respondent-level validation and calibration system,
ensuring every individual is authentic, attentive, and free from Al-generated responses.

e Layer 2 — Supplier Compositional Balancing: DM2's supplier scoring and blending methodology,
which measures and neutralizes latent attitudinal skews across sample providers.

Together, these two layers move the industry from reactive data cleaning toward proactive insight
protection, delivering samples that are both individually clean and compositionally balanced.
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1. The Hidden Limits of Traditional Data Quality Checks

Why traditional fraud checks are insufficient in the age of Al

The modern online research environment presents vulnerabilities that were largely absent in earlier forms
of survey research. Digital data collection enables faster fielding, larger sample sizes, and global reach,
but it also creates new entry points for data contamination.

Fraudulent participation has become an ongoing problem for the industry. Survey farms, device spoofing,
VPN networks, and automated scripts allow bad actors to generate large numbers of responses with
minimal effort. More recently, advances in generative Al have made it possible for survey responses
(including open-ended answers) to be produced automatically at scale, indistinguishable from human
input.

The Current Arsenal of Fraud Detection

To combat these threats, the research industry has developed a wide array of commercially available
detection techniques. Common safeguards include:

Device fingerprinting to detect duplicate participation

IP and geolocation verification to identify proxy networks and location spoofing
Speeding detection to identify respondents who complete surveys unrealistically quickly
Straight-lining detection to identify repetitive answer patterns

Open-end evaluation to detect irrelevant or automated responses

Logical consistency checks across related questions

These techniques have become essential components of responsible data collection. They help ensure
that respondents are real people, paying attention, and providing meaningful answers.

The Gap These Checks Cannot Close

However, even when every respondent passes every check, a second class of bias can remain, invisible
to standard quality metrics.

Sample suppliers provide respondents from a variety of ecosystems. Some rely heavily on consumer
panels, while others draw from affiliate networks, mobile applications, loyalty programs, or online
communities. These recruitment and sourcing channels attract respondents with distinct attitudes,
behaviors, and motivations. As a result, suppliers can differ systemically in the types of people they bring
into surveys.

Consider the following scenarios:



e A technology concept test conducted among respondents drawn from sources that disproportionally
contain early-adopters, which would produce unusually strong enthusiasm for the concept. An
enthusiasm that does not reflect the broader market.

e A pricing study fielded among highly price-sensitive respondents may systematically underestimate
willingness to pay, leading to product under-pricing or abandoned launches.

e A brand tracker fielded among respondents who are highly engaged with brands may persistently
inflate brand equity metrics, creating a false picture of competitive strength.

KEY INSIGHT

Two suppliers can produce samples that match perfectly on age, gender, income, and region, and
still differ substantially in how their respondents think and behave, based on how those suppliers
sourced recruits. Matching demographics, even to census, does not guarantee representativeness
in mindset or behavior.

Traditional data quality checks focus on removing invalid respondents. But protecting research insights
requires managing not only individual response quality, but also the attitudinal and behavioral composition
of the sample as a whole. This is the gap the dual-layer framework is designed to close.
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2. Layer 1: Respondent-Level Calibration with Calibr8

Ensuring each respondent is valid, consistent, and "Al-free"

The first layer of the dual-layer framework addresses the quality of individual respondents. Logit's Calibr8
system was developed to evaluate and calibrate survey responses using a comprehensive, multi-

dimensional quality framework. Rather than relying on a few signals, Calibr8 integrates eight categories of
validation to assess each respondent's likelihood of providing reliable data.

The Eight Dimensions of Calibr8

Component What Calibr8 Checks

Global Restrictions &
Security

Metadata & Device

Fingerprinting

Behavioral Flow Tracking

Al-Powered Content

Validation

Al Detection

Response Coherency

Engagement & Red Herrings

Biometric & Environmental

Signals

IP, VPN, and Geolocation Verification: Blocks proxies, VPNs, Tor, duplicate
devices, and incorrect geolocations to ensure only genuine respondents are

allowed in.

Infrastructure-Level Validation: Device, OS, and browser fingerprints confirm

unique respondents and prevent multiple submissions.

Detecting Unnatural Patterns: Tracks how respondents move through the survey

(timing, clicks, and navigation) to flag bots, speeders, and inattentive behavior.

Smart Response Review: Evaluates open-ends with Al, detecting irrelevant,

nonsensical, or low-effort text to ensure authentic, meaningful responses.

Blocking Synthetic Input: Flags and blocks responses generated by Al tools,

maintaining human-only data integrity.

Logical Consistency Scoring: Cross-checks answers across interlocked

questions, flagging contradictions or illogical patterns.

Detecting Inattentiveness: Red-herring questions and pattern analysis catch

over-agreeability, straight-lining, or random clicking.

Advanced Behavioral Biometrics: Detects fraudulent or automated activity by
analyzing keystroke patterns, identifying developer tools and anti-detect
browsers, triggering honeypots, and monitoring behavioral signals that indicate
scripted or manipulated responses.



How Calibr8 Works in Practice

Signals across all eight dimensions are combined into a comprehensive respondent quality score. This
composite score allows researchers to evaluate the reliability of each participant before their responses
are included in a dataset and to set thresholds appropriate for the sensitivity of the study. Once
respondents are scored, filtering becomes significantly more precise.

Traditional approaches remove respondents based on isolated failures. Calibr8 allows for removal based
on overall risk profile.

This means:

e Critical respondents can be removed with high confidence

e High-risk respondents can be selectively filtered based on thresholds
e Medium-risk respondents can be monitored or weighted

e Low-risk respondents form the core of the dataset

The result is not just a smaller dataset, it is a more consistent dataset.

Impact of Calibration on Data Quality
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Calibr8's Al-detection capabilities deserve particular attention. As large language models (LLMs) have
become capable of producing contextually plausible survey responses at scale, traditional open-end
review is no longer sufficient. Calibr8 applies natural language processing (NLP) to identify patterns



associated with Al-generated text: semantic repetition, implausible specificity, unnatural stylistic
uniformity, and other markers that distinguish machine output from genuine human response.

Copy-paste detection adds another layer: respondents who recycle pre-written answers across open
ends, a common technique for bypassing screening questions, are flagged regardless of content quality.

Infrastructure, Identity, and Behavioral Signals
Beyond response content, Calibr8 monitors the technical environment in which a survey is completed:

e |P Geolocation & VPN/Proxy Detection: Identifies respondents attempting to mask their true location
or identity, a strong indicator of panel fraud or incentive gaming.

e CAPTCHA Verification: Confirms human participation at the point of survey entry, filtering automated
scripts before they generate a single response.

e Secure Survey Entry (S2S): Uses server-to-server communication and/or secured end-links to
ensure that only validated respondents enter the survey environment.

e Device Fingerprinting & Hashing: Detects duplicate participation across devices and sessions,
closing a loophole that basic cookie-based deduplication leaves open.

e Behavioral Monitoring: Analyzes time-on-question, mouse movement, navigation patterns, and click
sequences to identify bots, speeders, and disengaged participants.

Mobile optimization is also built into the Calibr8 framework. As an increasing share of survey completion
occurs on smartphones, platform reliability on mobile devices is not merely a convenience feature, it
directly affects response accuracy. Calibr8 ensures that the survey environment functions correctly
across device types, reducing measurement error that can arise from rendering failures or interface
confusion.

The Goal of Layer 1

LAYER 1 OBJECTIVE

Calibr8 ensures that every individual in the dataset is authentic, attentive, and capable of providing
meaningful feedback before their responses are counted. It addresses the question: 'Is this a real,
engaged person giving genuine answers?’

By filtering fraudulent, inattentive, and Al-generated responses, Calibr8 protects the integrity of each
individual data record. But as Section 1 established, clean records are necessary, not simply sufficient, for
reliable insights. The second layer addresses what individual-level screening cannot.
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3. Layer 2: Supplier-Level Compositional Balancing

Measuring and neutralizing latent attitudinal skews across providers

While respondent-level calibration protects the quality of individual responses, the second layer of the
framework addresses the composition of the sample at a broader level. This layer was developed by DM2
based on decades of measurement experience across the supplier ecosystem.

The Attitudinal Supplier Problem

Research consistently shows that sample suppliers inherently differ across latent attitudinal and
behavioral dimensions, differences that, when left unmanaged, can skew research findings in meaningful
ways. Key dimensions include:

e Brand Affinity: Some supplier panels skew toward consumers who are highly engaged with brands
and marketing content, inflating brand equity metrics.

e Value-Seeking Behavior: Other panels attract disproportionately price-conscious consumers,
suppressing willingness-to-pay estimates.

e Technology Adoption: Panels with a high concentration of early adopters generate inflated interest
scores for new products and features.

These differences are influenced by recruitment channels, incentive structures, panel tenure, and
sourcing strategies. Critically, they are not captured by demographic quotas. Two suppliers can be in
perfect demographic balance and still produce meaningfully different attitudinal profiles.

Moreover, supplier characteristics are not static. Panels evolve as they change recruitment strategies,
merge with other providers, change incentive structures, or experience panelist conditioning over time. A
supplier that was well-balanced in a previous study wave may have drifted significantly by the next. And
this can also occur from inconsistent sample pulling and provisioning practices.

The DM2 Supplier Scoring Framework

To address these dynamics, DM2 developed a supplier scoring framework that measures providers
across multiple attitudinal and behavioral dimensions. The methodology includes:

e Benchmark Development: Each supplier is evaluated relative to country-level benchmarks derived
from proprietary question sets and large respondent-level datasets, supplemented by external
sources such as the U.S. Census ACS.

e Standard Deviation Scoring: Differences between a supplier's scores and the benchmark are
expressed in standard deviations, allowing quantitative comparison of supplier deviation across
dimensions.



e Supplier Grouping & Composites: Suppliers with similar attitudinal profiles are grouped into
composites, enabling researchers to design sample blends that neutralize skews across dimensions.

e Continuous Monitoring: Supplier scores are tracked over time, allowing the composites to be
adjusted as supplier characteristics shift, protecting longitudinal consistency.

Suppliers that deviate significantly from the benchmark, typically more than 1.5 standard deviations on
any core dimension, are examined more closely or limited in their contribution to a sample blend. This
threshold provides a meaningful quality gate while preserving flexibility in supplier mix.

Supplier Drift Over Time: An lllustration

The chart below illustrates how one attitudinal dimension, Brand Affinity, can shift among suppliers over
time. Each row represents a different supplier. To construct a stable sample blend, more survey
completes would be assigned to providers in the Neutral composite, while also sampling equally from the
High and Low composites.

Suppliers with Low consistency of delivery (those with the greatest wave-over-wave changes) may be
minimized in their contribution to a blend and to actual projects, to ensure sample stability and not
jeopardize research outcomes.

BRAND AFFINITY

2 3 4 5 ] Consistency

Supplier 1 Medium
Supplier2 | 1.802 | 1.965 High
Supplier 3 -] ! High
Supplier 4 1.41& 1.13 0.988 0.588 0.105 0.378 Medium
Supplier 5 1.236 0.751 0.929 0.690 0.810 0.944 High
Supplier & 1.128 1.302 0.708 0.804 1.262 0.176 Medium
Supplier 7 0.781 1.492 0.372 -0.357 -0.175 -0.538 Low
Supplier 8 0.740 0.B67 0.397 0.860 0441 Medium
Supplier & 0.582 0.7e4 0.131 0.3e4 0.785 Low
Supplier 10 0.543 0.689 G 0.259 0.962 0.114 High
Supplier 11 0.406 0.297 0.585 0.300 -0.253 0.122 High
Supplier 12 0.342 0.115 =0.08% -0.482 0725 =0.751 Medium
Supplier 13 0.332 0.574 -0.394 0.591 0.331 1117 Low
Meutral Supplier 14 0.322 0.322 0.302 =0.811 0679 -0.7e& Medium
Supplier 15 0.181 0.222 0585 1308 1421 1451 Low
Supplier 1& 0.137 0.606 0.016 1.054 0.131 0.631 Medium
Supplier 17 =0.163 0.5904 0.153 0159 0.413 0.583 Medium
Supplier 18 -0.293 -0.364 0.043 0.694 1.012 1.312 Low
Supplier 15 =0.459 =0.413 =0.222 _ 0111 | =1.068 =0.600 Medium
Supplier 20 -0.738 -0.452 Low
Supplier 21 -0.863 -0.232 Medium
Supplier 22 -1.315 i -1.224 -0.783 Medium
Supplier 23 2 Low
Supplier 24 =1 High
Supplier 25 c -1.420 High

Mumeric values are standard deviations from the basealine



Figure 1: Brand Affinity scores (in standard deviations from benchmark) across suppliers over time. Supplier drift is visible in

multiple panels, underscoring the need for continuous measurement rather than point-in-time calibration.

Building a Compositionally Neutral Sample

LAYER 2 OBJECTIVE

Supplier-level balancing addresses the question: 'Even if every individual is valid, does the
combined mix of mindsets in this sample accurately represent the population?' The goal is a
compositionally neutral blend, one in which the attitudinal distribution of the sample remains
consistent and mirrors that of the target population.

By managing supplier composition in this way, researchers can engineer samples that reflect not only the
demographic profile of the population, but also its distribution of attitudes and behaviors. The result is a
sample that is not merely clean, it is structurally sound.
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4. How the Two Layers Work Together

Clean individuals inside a compositionally neutral sample

Respondent-level calibration and supplier-level balancing address two distinct dimensions of research
quality. Neither is sufficient alone; together, they are mutually reinforcing.

Layer 1: Calibr8 Layer 2: Supplier Balancing

Ensures that every respondent in the dataset Ensures that the overall mix of respondents

is a real, attentive human providing genuine accurately represents the attitudinal and
answers. Not a bot, a fraudulent entry, or an behavioral distribution of the target population,
Al-generated submission. not just its demographic profile.

When both layers are applied together, researchers achieve samples that are both clean and
compositionally balanced. This is a meaningful distinction from traditional quality management, which
focuses almost exclusively on the first dimension.

From Reactive to Proactive Quality Management

Traditional data quality processes are largely reactive: individual responses are screened or removed after
the fact, and the sample composition is accepted as-is. The dual-layer framework inverts this logic.

e Before fielding: Supplier composites are designed to produce a compositionally neutral blend,
neutralizing attitudinal skews before a single response is collected.

e During fielding: Calibr8 screens respondents in real time, preventing fraudulent or low-quality
records from entering the dataset.

e Across waves: Continuous supplier monitoring allows the blend to be adjusted as supplier
characteristics shift, maintaining longitudinal consistency.

In effect, the focus shifts from data cleaning to sample architecture design. Quality is engineered into the
study from the beginning, rather than corrected at the end.

The Compounding Effect

It is worth noting that the two layers interact in ways that amplify their individual value. A compositionally
balanced sample populated by individually valid respondents produces data with a compounding quality
advantage: neither the composition nor the individual records introduce systematic bias. The result is a
dataset that is not only more accurate at a single point in time, but more stable and trustworthy across
multiple waves of measurement.



SUMMARY

Calibr8 ensures the right individuals are in the survey. Supplier balancing ensures the right mix of
mindsets is represented. Together, they protect both data integrity and insight integrity.
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5. Benefits for Clients

The dual-layer framework delivers measurable, practical advantages for organizations that rely on survey
research to guide business decisions.

Benefit What It Means for Your Research

Reduced Risk of Decision Error Balanced samples minimize hidden attitudinal biases that could distort
study outcomes and lead to flawed business decisions.

Greater Longitudinal Stability Continuous supplier monitoring maintains consistent attitudinal profiles
across tracking waves, even as panels evolve.

Safe Supplier Substitution Common measurement dimensions allow one supplier to be replaced with
a calibrated blend of others without disrupting sample composition.

Scalability Across Markets The framework applies across countries and study types, maintaining
consistent quality standards as sample sources vary by region.

Reduced Risk of Decision Error

When samples are balanced across both observable demographics and latent attitudes, researchers
substantially reduce the probability that hidden biases will distort study outcomes. A pricing study that
systematically under-represents certain consumer mentalities could consistently underestimate
willingness to pay, not by a trivial margin, but by enough to influence launch pricing, revenue forecasts,
and go/no-go decisions. The dual-layer framework closes this exposure.

Greater Longitudinal Stability

Brand trackers and other longitudinal studies depend on the assumption that shifts in measured metrics
reflect genuine changes in the marketplace, not artifacts of supplier panel evolution or sample
provisioning. When supplier characteristics drift undetected across waves, trend lines become unreliable.
Continuous supplier monitoring allows the sample architecture to be adjusted proactively, preserving the
integrity of the time series.

Safe Supplier Substitution and Scalability



Because suppliers are measured on common attitudinal dimensions, it becomes possible to substitute
one provider with a calibrated blend of others while maintaining the same overall compositional profile.
This has significant practical value: supply disruptions, capacity constraints, or supplier quality issues no
longer force researchers to choose between compromising the sample and canceling fieldwork. The
framework creates a measured, interchangeable supplier ecosystem.

This same flexibility supports scalability. As research programs expand into new markets or require larger
samples, additional suppliers can be qualified, scored, and incorporated into the blend without disrupting
the compositional architecture.
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6. Practical Use Cases

The dual-layer framework is particularly valuable in research contexts where attitudinal biases have direct
implications for business decisions. The table below summarizes the highest-value applications.

Use Case How Dual-Layer Quality Helps Common Applications

Brand Trackers Longitudinal trackers rely on consistency across Brand equity, awareness,
waves. Supplier balancing prevents shifts in NPS tracking
supplier composition from artificially inflating or
deflating brand metrics over time. Calibr8 ensures

each wave is built from equally valid, attentive

respondents.
Pricing & Innovation Concept and pricing studies are highly sensitive to Conjoint analysis, MaxDiff,
Research attitudinal skews. Early adopters inflate interest price sensitivity

scores; value-seekers suppress willingness-to-
pay. Dual-layer quality management neutralizes
these effects before fielding begins.

Public Opinion & Political attitudes, corporate sentiment, and ESG Policy research, reputation
Reputation Studies perceptions are vulnerable to even small monitoring, crisis tracking
compositional shifts. Balanced, Calibr8 samples
maintain the credibility of high-stakes findings.

Brand Trackers

Longitudinal brand trackers are acutely vulnerable to supplier drift. A panel that skews toward highly
brand-engaged consumers will systematically inflate equity metrics relative to the broader population
and, if that panel's composition shifts between waves, the resulting trend data becomes unreliable. The
dual-layer framework addresses both risks: Calibr8 ensures valid, attentive respondents in every wave,
while supplier balancing maintains a consistent attitudinal profile across waves. Researchers can be
confident that movements in brand metrics reflect genuine market change, not measurement artifact.

Pricing and Innovation Research



Concept tests and pricing studies are among the most decision-sensitive forms of market research and
their outputs directly drive launch pricing, feature prioritization, and investment decisions. They are also
highly susceptible to attitudinal skews. Early-adopter-heavy panels inflate interest in new features; price-
sensitive panels suppress willingness-to-pay estimates. Neither bias is visible in the demographic quota
sheet. By designing compositionally neutral samples before fielding, the dual-layer framework reduces
the risk of systematic measurement error in the most consequential studies a research team conducts.

High-Sensitivity Public Opinion and Reputation Studies

Public opinion research, corporate reputation tracking, and policy-relevant surveys operate in high-stakes
environments where findings are scrutinized by clients, by press, and sometimes by regulators. In these
contexts, even modest attitudinal skews can produce findings that are not only inaccurate but damaging.
Al-generated response screening ensures that machine-produced opinions do not contaminate sentiment
measures. Supplier balancing ensures that the ideological or attitudinal distribution of the sample is not
inadvertently skewed by the composition of participating panels.
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Conclusion: The Next Generation of Data Quality

The research industry has made significant strides in fraud detection and respondent validation.
Technologies like Calibr8 represent a genuine advancement in protecting datasets from bots, inattentive
respondents, and Al-generated responses; Threats that did not exist a decade ago and that continue to
evolve rapidly.

But ensuring reliable research insights requires more than clean respondents.

It also requires careful management of the attitudinal composition of the sample itself; A dimension that
demographic quotas alone cannot address, and that traditional fraud detection cannot touch.

By combining Logit's respondent-level calibration with DM2's supplier-level attitudinal balancing, the
dual-layer framework moves beyond traditional fraud prevention toward a broader and more demanding
goal: protecting the integrity of insights.

Clean Respondents Protect Balanced Samples Protect

Data integrity: ensuring that every record in Insight integrity: ensuring that the

the dataset represents a real, attentive human compositional mix of the sample accurately
providing genuine answers. represents the attitudes and behaviors of the

target population.

Together, these two layers create a stronger foundation for decision-grade research in an increasingly
complex data environment; One where the threats to reliable insight are multiplying, and where the cost of
getting it wrong has never been higher.

ABOUT THIS PARTNERSHIP

This white paper was produced through the collaboration of Logit, a leading full-service research
and data collection firm, and DM2, a research consultancy specializing in supplier quality
measurement and sample architecture. The Calibr8 system is a proprietary Logit technology. The
supplier scoring and balancing framework is a proprietary DM2 methodology.
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