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Philosophy: Bias Prevention Is Architectural

Fastr.ai treats bias mitigation as a core engineering discipline, not a
compliance exercise performed after the product is built. Every stage of the
system — from what data the model is allowed to see, to how training data
is curated, to how production outputs are audited — is designed with bias
prevention as an explicit architectural constraint.

This document describes the specific mechanisms Fastr.ai employs at
each stage and explains why common industry approaches to bias testing
often provide less assurance than their marketing suggests.

How Demographic Data Is Handled

Fastr.ai’s matching model operates on full, unredacted resume text —
including candidate names — because the modelis trained to evaluate
professional qualifications, not demographic characteristics. No structured
demographic fields (gender, race/ethnicity, age, or any other protected
attribute) are provided as inputs to the model. The model’s only inputs are:
full resume text, full job description text, candidate’s most recent job title,
and the requisition title.

e Anonymization tested, zero measurable impact. Fastr.ai conducted
extensive internal testing comparing model outputs on anonymized vs.
non-anonymized candidate documents. Across all bias evaluation
metrics, anonymization produced no measurable change in model
decisions. This empirical result — not an assumption — confirms that
the model’s learned representations do not rely on name-correlated or
demographic signals to produce scores.

* Anonymization available on request. Although testing confirmed that
anonymization does not affect model behavior, Fastr.ai maintains the
technical capability to anonymize candidate documents prior to
scoring. If a client’s compliance or policy requirements mandate
anonymization, it can be enabled without changes to the matching
architecture.

e Post-hoc demographic inference for auditing only. Demographic
attributes used in bias testing are inferred after model scores have
been computed, strictly for the purpose of fairness evaluation. The
inference uses established statistical methods (BIFSG for
race/ethnicity, name-based classification for gender) that are
standard in academic, governmental, and private-sector fairness
research. These attributes exist only in the auditing layer — they are
never fed back into the model.

e Context-aware filtering of demographic false positives. The BERT-based
skills disambiguation model resolves cases where personal names
overlap with skill terminology (e.g., “Jasmine,” “Ruby,” “Chase”),
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preventing candidates from being incorrectly attributed skills — or
having genuine skills misclassified as name references — based on
linguistic context rather than assumptions about the terms
themselves.

How Training Data Is Curated

Training data quality is the single largest determinant of whether an Al
model will produce biased outcomes. Fastr.ai operates a patent-pending
Data Engine specifically designed to produce the highest-quality, least
biased training signal available in the recruiting Al industry.

Debiased Annotation Process

e Structured evaluation framework. Every annotation cycle uses a

standardized rubric where candidates are scored against the job
description on objective criteria. Annotators do not rate candidates as
“good” or “bad” — they evaluate each qualification dimension
independently against the job requirements, minimizing subjective
preference.

e Professional recruiters, not crowd workers. Annotations are produced by

trained professional recruiters who understand what qualifications
genuinely matter for each role type. This is not mechanical labeling; it
is expert judgment captured through a controlled, repeatable process.

e Active learning. The Data Engine directs annotator effort toward the

most informative examples — cases where the model is uncertain or
where disagreement between annotators is highest. This maximizes
training data quality per annotation hour and ensures the model learns
from the hardest, most ambiguous cases.

Why This Matters: Curated Data vs. Activity Logs

Many vendors train their matching models on automated user activity data:
recruiter accept/reject decisions, candidate pipeline progressions, and
similar behavioral signals. This approach is fundamentally unreliable:

* Activity data encodes historical bias. Every systemic bias presentin a

client’s historical hiring patterns — preferences for certain schools,

name-based assumptions, geographic favoritism — is embedded in

the training signal. The model learns to replicate these biases, not to
overcome them.

e Activity data is noisy and sparse. Recruiter decisions are influenced by

factors unrelated to candidate quality: timing, pipeline capacity,
candidate withdrawals, personal preference. Per-job positive and
negative instances are almost always insufficient in volume. Fastr.ai’s
own research confirmed that even clients with hundreds of thousands
of activity records produced models with extremely unstable scores
when trained on this signal.
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* No control over what the model learns. Passive data collection provides
no mechanism to control for confounders or direct the model toward
specific quality signals. Fastr.ai’s Data Engine curates training data
per job type, ensuring the model learns what makes a strong
candidate for each specific role — not what a recruiter happened to
click on a given afternoon.

Continuous Auditing at Scale

Prevention alone is not sufficient. Fastr.ai operates a fully automated bias
auditing infrastructure that evaluates production model outputs at a scale
designed to detect even small disparities with high statistical confidence.

Testing Scale and Cadence

e 12M+ candidate—job pairs per evaluation cycle, tested across all
customer data. This sample size provides robust statistical power to
surface differences that smaller, cherry-picked test sets would miss.

e Quarterly execution with on-demand capability. Bias audits run on a
quarterly schedule and can be triggered at any time. The testing
pipeline is fully automated, enabling fast computation even at this
scale.

e Testing on production data. Audits evaluate model behavior on real
production data — the same outputs that recruiters see — ensuring
results reflect actual system behavior, not a controlled laboratory
setting.

Multi-Metric Methodology

Fastr.ai does not rely on a single fairness metric. The auditing framework
evaluates bias through four complementary statistical lenses:

e Chi-square tests of independence — whether badge distribution
(HOT/WARM/COLD) differs across demographic groups.

e Cramér’s V effect size — the practical magnitude of any detected
association, not just statistical significance (which can be misleading
at large sample sizes).

¢ Rank fairness — whether demographic groups receive proportional
visibility in the ranked shortlists presented to recruiters (top-k share
vs. pool share).

* Selection rate and EEOC 4/5ths rule — the share of each group receiving
a positive outcome (WARM or HOT), with formal adverse impact
testing.

Dual Sampling Design
Every analysis runs in two variants. The balanced sample equalizes group

sizes to isolate the model’s intrinsic behavior from population-level
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imbalances. The raw sample reflects the natural demographic composition
of the talent pool, showing what candidates actually experience in
production. Agreement between both variants confirms that results are a
genuine property of the model, not an artifact of sampling.

Beyond Industry Standard: What Bias Claims
Often Hide

The recruiting Al market is saturated with “unbiased Al” messaging. Buyers
deserve to understand what rigorous bias evaluation actually requires —
and where common vendor approaches fall short.

In

e Small, cherry-picked test populations. Many vendors test on hand-
selected candidate pools that are not representative of production
usage. Fastr.ai tests across the full production dataset at 12M+
candidate—job pair scale. Statistical power matters: small samples
cannot reliably detect small but meaningful disparities.

e Single-metric reporting. Some competitors report only a basic
independence statistic on a single binary outcome. This does not
capture the full complexity of how a retrieval and ranking system
treats different groups. Fastr.ai evaluates badge distribution, rank
fairness, selection rates, and adverse impact ratios — the metrics that
reflect how candidates actually experience the system in production.

e Circular testing methodology. Vendors who rebalance their test data
using the same parser outputs that feed their matching system create
a circular dependency: the parser’s own biases are baked into the
rebalanced sample, and the resulting fairness metrics measure the
parser’s consistency with itself rather than genuine fairness. Fastr.ai
separates annotation-stage bias prevention from post-training bias
detection and tests on unmodified production data alongside
controlled balanced samples.

e No disclosed evaluation methodology. Fastr.ai publishes its bias
evaluation methodology, statistical tests, sample sizes, and full
results — including per-tenant breakdowns — in a companion Bias
Evaluation Report. Model performance metrics are also published
(Precision@10 > 0.95, MNDCG@10 of 0.898, NER F-score of 0.87).
How many competitors disclose equivalent, independently verifiable
metrics?

e Training on biased data while claiming unbiased outputs. Vendors who
rely on automated recruiter activity logs for training inherit every
systemic bias in their clients’ historical hiring patterns. No amount of
post-hoc bias testing can fully compensate for a training signal that
encodes the biases you claim to eliminate. Fastr.ai addresses bias at
the source: expert-curated, debiased training data produced through a
controlled annotation process.
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I Forward Roadmap

Bias evaluation is a continuous process, not a one-time certification.
Fastr.ai is actively investing in the following enhancements:

* Logistic regression with confounders. A planned extension that controls
for legitimate qualifications — years of experience, education level,
industry, skills match density, and career trajectory recency — to
distinguish score differences driven by genuine qualification gaps from
those correlated with protected attributes. This is the gold standard
for bias detection in ML systems.

e Criterion-level reranking bias analysis. As Fastr.ai deploys per-criterion
scoring breakdowns through its new reranking layer, bias testing will
expand to evaluate fairness at the individual criterion level, not just at
the aggregate badge level.

e Expanded demographic coverage and methodology review. Methodology
and thresholds are reviewed periodically to ensure alignment with
evolving best practices in algorithmic fairness. Future evaluation
cycles will be compared against established baselines to detect
regressions introduced by model updates or changes in the candidate
population.

For questions or additional technical details, contact your Fastr.ai account
representative.
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