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Abstract- We spent a fair amount of time watching how
recruiters actually screen resumes before building this. What
struck us was not the speed — six to eight seconds per resume
is well-documented [1] — but how much of that time went to
things that had nothing to do with whether the candidate could
do the job. Things like font choices, gap years, university
names. That observation is what pushed us toward building
this. The system pairs an NLP extraction layer with five ML
models running in parallel. Logistic Regression handles ATS
compatibility scoring and lands at 83%, Random Forest picks
up job role detection at 92%, Gradient Boosting estimates
experience level at 90%, Isolation Forest catches suspicious
submissions at 88%, and SVM handles quality tiering at 86%.
Eight field types get pulled from PDF and DOCX files with 85
to 98 percent accuracy depending on the field. The whole
pipeline wraps up in around 6.2 seconds — which in practice
cuts first- pass screening time by about 65% compared to
doing it by hand.
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I. INTRODUCTION

Here is the uncomfortable truth about resume
screening at scale: most of it is not really screening at all. It is
triage. A recruiter handling two hundred applications for one
role is not reading — they are pattern-matching against a
mental template, and that template carries all the biases
accumulated over a career. The data on this is not new or
surprising: resumes with identical content draw different
callback rates based purely on the name at the top [2], and
evaluators keep overweighting institution prestige even when
it says nothing about actual job performance [3].

This has been studied repeatedly and the numbers do
not really change. ATS software was supposed to fix the
inconsistency, not the bias — and it did not really do either.
The way keyword matching breaks down from a generative Al
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has made it trivially easy to write or pad a resume, and the
recruitment tools in widespread use were never designed to
deal with that [6]. Deep learning approaches improved parsing
accuracy in meaningful ways [7], but authenticity was simply
not a question they were built to answer. Our goal was to
tackle all of this in one pipeline rather than treating each issue
as a separate problem. Fig. 1 shows how candidates interact
with the system.

Is Your Resume
ATS-Ready?

Fig. 1. System landing page — resume upload interface with
key feature highlights.

1. LITERATURE SURVEY

Resume parsing picked up traction when Roy et al.
[8] showed NER could extract structured fields at 78%
accuracy. BERT [9] shifted things considerably; contextual
embeddings handle resume language ambiguity far better than
token-level pattern matching. Gupta and Garg [6] got to 82%
with SVMs; Chen et al.

[7] hit 88% via CNNs, mostly within tech-sector
data. Graph networks for skill-role modeling [10] look
interesting but need labeled data that is hard to get. Fraud
detection in resumes is barely explored. Liu et al. built
Isolation Forest [11] as an anomaly detector — we used it
because labeled fake resumes do not exist as a training
resource. Wang and Zhang [12] tackled Al-generated resume
detection specifically and their feature ideas shaped ours.
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Running specialized models beats a single general one on
complex NLP tasks [13]. Ribeiro et al. [14] made the
explainability case compellingly — a gap in our system we
acknowledge.

111. PROPOSED INTELLIGENT RESUME ANALYZER
SYSTEM

Document ingestion, NLP extraction, five parallel
ML predictions, results dashboard. PDF and DOCX both
accepted. Running all five models simultaneously rather than
sequentially was a deliberate call — it cut around 2 seconds
off runtime and keeps the system fast enough to be practical.
A. Machine Learning Models Picking algorithms took longer
than we expected. Early on we assumed we could find one
strong general model and tune it for each task. That
assumption did not survive contact with the actual problem —
the tasks differ enough that no single architecture handled all
of them well. ATS scoring went to Logistic Regression [15].
The reason is that scoring needs to be explainable to the
people using it, not just numerically accurate — and Logistic
Regression gives you that without much fuss. Final accuracy:
83%.

Random Forest [16] took job role detection after
decision trees kept misfiring on roles with overlapping skill
profiles; the ensemble averaging across trees sorted that out
(92%). Experience classification gave us the most trouble.
Three different approaches before Gradient Boosting [17] held
up; the boosting correction steps caught seniority cues buried
in responsibility descriptions that simpler models just skipped
over (90%). Fraud detection could not be supervised — there
is no clean labeled dataset of fabricated resumes anywhere we
could find. Isolation Forest [11] works without labels by
identifying records that sit far outside the normal distribution,
and hit 88%, honestly higher than expected. SVM with RBF
kernel [18] handled quality tiering cleanly at 86% — the most
straightforward of the five.

Full numbers are in Table I.
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IV. RESULTS AND DISCUSSION

1. Model Accuracy

The 92% on job role detection was not a surprise.
The 90% on experience classification, though — that one
caught us off guard. Gradient Boosting [17] pulled out
seniority signals we genuinely did not expect it to find, given
how indirectly those signals appear in resume text. The ATS
predictor sits at 83% and is honestly the one our team keeps
revisiting. It is solidly ahead of keyword-based tools, which
tend to cluster around 65% [4], but semantic matching via
something like BERT [9] would likely push it further and we
have not made that jump yet.

Evaluating the fraud detector fairly is awkward — no
standard benchmark exists for this task, so the 88% comes
from our own held-out set [12]. Where it went wrong was
mostly on candidates with non-linear career histories, which
look statistically unusual even when perfectly genuine — and
that is a demographic worth being careful about [3].

) Wt Does Your ATS Scome Mean?

040 ™ 4160 *

Fig. 2. ATS score tiers — Poor (0-40) through Excellent (81—
100).

Fig. 3. Sample output — ATS 73/100, Overall 73/100,
Authenticity 95 (Verified).

2. Field Extraction

We validated extraction against 100 manually labeled
resumes. Email came out at 98% — regex [19] handles that
reliably and there was no point overengineering it. For names,
we hit 95% by chaining three methods: NER [8] ran first, then
we fell back to positional heuristics, then formatting cues. The
misses were almost exclusively names that double as regular
English words

— "Will" was the one that came up enough to be
memorable. Skills landed at 91%, and getting there required a
synonym normalization step; before we added it, "ML" and
"machine learning"” registered as two separate skills, which
obviously could not stand [20]. Project extraction was the
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weakest at 85% and we did not fully crack it — section
headers vary too much across resume templates to catch
consistently. Experience came out at 90% using month-level
parsing [21] rather than year-level rounding, which is more
precise but falls over when date formats are non-standard. Fig.
4 covers a sample role prediction with the extracted strength
profile.

Fig. 4. Predicted best-fit role (Data Analyst, 61% confidence)
with extracted candidate strengths and improvement flags.

3. Runtime and Benchmarks

Six point two seconds end to end. Feature extraction
takes 2.0s (32%), document parsing 1.5s (24%), parallel
model inference 1.2s (19%) — sequential would have run
closer to 3.5s [16]; the rest goes to aggregation and formatting.
Against baselines: ATS at 83% vs. keyword tools (~65%) [4],
extraction at 89-98% vs. rule-based parsers (70-75%), role
detection at 92% vs. single- model classifiers (75-80%). The
65% time saving [1] is the number that will determine
adoption.

V. CONCLUSION

If we had to do it again, we would still go multi-
model. The fraud detection problem alone made that necessary
— it simply cannot share an architecture with classification
tasks without losing too much. Every model cleared 80%, the
runtime is tight enough for real use, and the 65% time saving
[1] held through load testing. The parts we are not satisfied
with: the ATS predictor wants a semantic upgrade [9], the
false positive pattern in fraud detection deserves more scrutiny
given which candidates it hits [3][12], and right now the whole
system still needs a human reviewer in the loop because we
have not built proper explainability [14] — the kind that lets
someone push back on a score they think is wrong. Those
three things are next.
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