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Abstract
Job applicants are increasingly turning to generative AI to create or enhance their resumes, leading to challenges in
fairness, integrity, and efficiency of modern recruitment processes. We present the first curated corpus of resumes
annotated as to whether they are authentic, AI-enhanced, or fully AI-generated. The corpus is balanced across
the three classes, comprising 420 resumes spanning five job descriptions in the Information Technology (IT)
sector, with the authentic resumes anonymized. We establish strong baselines for this task using traditional and
neural supervised machine learning approaches, including Logistic Regression, SVM, Random Forest, XGBoost,
BERT, and Longformer. For the featurized approaches, we pair sparse TF-IDF (word/character n-grams) with
style features capturing length, punctuation, casing, contractions, lexical diversity (type-token ratio [TTR], number
of hapax legomena), n-gram uniqueness, readability indices, and sentiment. Our analysis reveals systematic
differences between the classes: AI-generated text features shorter, more uniform sentences, and fewer contractions;
AI-enhanced text has the highest uniqueness and TTR; and authentic text has the widest variance across all
features. XGBoost is the best performing method, achieving 95.29% accuracy and an F1 of 0.953. We make the
corpus available for other researchers to build upon our work. We also benchmark two leading off-the-shelf AI–text
detectors on our 420-resume corpus. Despite strong reports in other domains, Originality attains only 55.7%
accuracy overall (71/140 authentic, 81/140 AI-generated, 82/140 AI-enhanced correct), and Writer attains 25.0%, with
the largest failures on AI-enhanced resumes, highlighting domain shift and cautioning against uncalibrated deployment.

Keywords: Resume Classification, Gen-AI Detection, AI-Enhanced Text Detection

1. Introduction

Information technology (IT) positions are among
the most in-demand jobs in today’s labor market.
Companies often rely heavily on resumes to quickly
identify qualified candidates with the right technical
skills. However, the hiring landscape has changed
significantly with the rise of generative AI. Today,
applicants can simply copy and paste a job descrip-
tion into a large language model (LLM) such as
ChatGPT and obtain a “perfect” resume that mirrors
the employer’s requirements. Less problematically,
applicants can feed their authentic resume into an
LLM and ask the system to “enhance” the resume to
better match a provided job description. These en-
hancements may run the gamut from merely tuning
word choice or framing, all the way to completely
fabricating select skills and experience.

Such activities create a major challenge for re-
cruitment. Many automated applicant tracking sys-
tems (ATS) evaluate resumes by keyword matching
against job descriptions. As a result, AI-generated
or AI-enhance resumes—optimized to echo the
posting—often achieve the highest match scores,
unfairly outranking authentic candidates with gen-
uine skills and experience. This is problematic for
both sides of the hiring process. Companies waste
time and resources evaluating candidates who may

lack the advertised qualifications, while genuine ap-
plicants find themselves at a disadvantage because
their authentic resumes do not score as highly.

Existing approaches to detecting AI-generated
text have not proven effective for resumes. Tools
designed for essays, articles, or longer documents
typically rely on paragraph-level coherence or lin-
guistic predictability. Resumes, however, are for-
matted as lists, bullet points, and short phrases,
which are structures that obscure the stylistic sig-
nals traditional detectors depend on.

To enable research on addressing this challenge,
we assemble and release the first curated and an-
notated corpus of resumes, which contains a bal-
anced selection of authentic, AI-enhanced, and
AI-generated resumes associated with five spe-
cific job descriptions in the Information Technology
(IT) space. We also experiment with a number of
baseline approaches that show very strong perfor-
mance.

The authentic resumes in our corpus are real
resumes submitted to our collaborator TECKpert,
a talent acquisition firm specializing in connect-
ing IT professionals with companies seeking tech-
nical expertise. TECKpert provided real job de-
scriptions and authentic resumes predating the
widespread adoption of generative AI (pre-2019),
ensuring that the authentic dataset was free of AI
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influence. From these materials, we constructed
two additional classes: (1) AI-generated resumes,
produced by prompting state-of-the-art LLMs with
only the job descriptions, and (2) AI-enhanced re-
sumes, created by rewriting selected sections of
authentic resumes using LLMs while preserving
original content. Further, we semi-automatically
anonymized the real resumes to remove all person-
ally identifiable information (PII).

For our featurized supervised machine learning
baselines, we extracted both content-based fea-
tures (e.g., TF-IDF word and character n-grams)
and style-based linguistic features (e.g., readability
scores, vocabulary richness, sentiment). The best-
performing classifiers were Random Forest and
XGBoost, with the latter achieving an accuracy of
95.29% and a macro F1 of 0.953, and outperform-
ing standard neural methods, demonstrating that,
at least within this new corpus, AI-generated and
AI-enhanced resumes can be reliably distinguished
from authentic ones.

Off-the-shelf AI-text detectors are increasingly
considered for compliance screening, yet it is un-
clear whether they generalize to resumes. To
probe this, we evaluate two widely used systems
on our three-way corpus. Performance varies
sharply by class: the better detector correctly la-
bels only 71/140 authentic, 81/140 AI-generated,
and 82/140 AI-enhanced resumes (55.7% overall),
while the other achieves 25.0% and largely fails on
AI-generated and AI-enhanced documents. These
results indicate substantial domain shift from es-
say/web text to professional resumes and motivate
resume-specific calibration and human-in-the-loop
review.

The paper is organized as follows. First, we re-
view approaches to AI-generated text detection as
well as prior work on automated resume processing
(§2). Next, we explain our methodology in detail,
including construction of the corpus, data prepro-
cessing, feature engineering, exploratory data anal-
ysis, and model training (§3). Then we present our
results and discuss their implications (§4). Finally,
we provide a summary of the contributions (§5).
We release the corpus to enable future work that
builds upon these results1.

2. Related Work

2.1. AI-Generated Text Detection
A growing ecosystem of commercial detectors
aims to distinguish LLM-generated from human-
authored text. Akram (2023) evaluated six widely
used AI–text detectors on the AH&AITD corpus:

1https://doi.org/10.34703/gzx1-9v95/
HTRD9P

GPTKit2 (a meta-ensemble that aggregates sev-
eral signals), GPTZero3 (perplexity/burstiness
cues tuned for student prose), Originality.ai4
(commercial API scoring AI-likeness), Sapling5

(writing assistant with an AI-content flagger),
Writer6 (governance suite with document-level
judgments), and Zylalabs7 (general AI-text detec-
tion API). Originality.ai stands out with a reported
97.0% accuracy and balanced F1 for both AI and
human classes. The remaining tools perform in
a mid tier: Writer (69.05% accuracy), Zylalab
(68.23%), Sapling (66.6%), and GPTZero (63.7%)
show moderate, more balanced results. GPTKit
trails with 55.29% accuracy and pronounced class
imbalance (AI-class F1 0.21 vs. human-class F1

0.69), illustrating how aggregate signals don’t nec-
essarily translate to robust AI-text recall.

Across tools, key limitations recur. Several detec-
tors exhibit high precision but low recall on AI text,
which leads to many false negatives; conversely,
false positives on genuine writing remain a practi-
cal concern in educational and publishing settings.
Performance is sensitive to dataset composition
and thresholding, and many systems are black-box
APIs that limit reproducibility and granular error
analysis. Prior work also indicates that paraphras-
ing can substantially erode detector performance,
underscoring open challenges in domain transfer,
style variation, and adversarial robustness (Akram,
2023).

Beyond commercial detectors, academic re-
search has explored a wide spectrum of method-
ological families from watermarking and feature-
based heuristics to neural classifiers, human-in-
the-loop pipelines, and hybrids that aim to verify AI
authorship under different deployment and threat
models. Traditional featurized machine learning
leverage stylistic and stylometric features, exploit-
ing measurable differences in syntax, grammar,
and linguistic cues between human and LLM text
(Modupe et al., 2022; Schuster et al., 2020; Ku-
marage et al., 2023). Such features have long been
studied in the field of stylometry and authorship attri-
bution, where lexical diversity, punctuation usage,
and structural patterns are used to characterize
writing style and identify authorship signals (Sta-
matatos, 2009; Koppel et al., 2009; Potthast et al.,
2016; Neal et al., 2017). Frequency-based and sta-
tistical approaches capture distributional irregulari-
ties such as token or word frequencies, perplexity,

2https://gptkit.ai/
3https://gptzero.me/
4https://originality.ai/
5https://sapling.ai/

ai-content-detector
6https://writer.com/

ai-content-detector/
7https://zylalabs.com/

https://doi.org/10.34703/gzx1-9v95/HTRD9P
https://doi.org/10.34703/gzx1-9v95/HTRD9P
 https://gptkit.ai/
 https://gptzero.me/
 https://originality.ai/
https://sapling.ai/ai-content-detector
https://sapling.ai/ai-content-detector
https://writer.com/ai-content-detector/
https://writer.com/ai-content-detector/
https://zylalabs.com/
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and burstiness indicative of machine generation
(Fröhling and Zubiaga, 2021; Hans et al., 2024;
Mitchell et al., 2023). Neural methods use pre-
training, fine-tuned classifiers, or zero-shot prompt-
ing to learn representations that distinguish AI from
human text across domains (Bakhtin et al., 2019;
Solaiman et al., 2019; Crothers et al., 2022). Across
benchmarks, reported performance typically falls in
the F1 = 0.76–0.92 range, varying with domain, text
length, detector family, and adversarial pressure.

Some systems integrate human-aided pipelines,
combining automated detectors with expert review
for higher-confidence decisions in sensitive con-
texts (Hu et al., 2023; Clark et al., 2021), reporting
detection AUROC up to 0.915 on GPT-4 generated
text. Hybrid approaches fuse multiple signals, such
as watermarking, linguistic features, and neural
scores—to enhance robustness against obfusca-
tion (Kushnareva et al., 2021; Liu et al., 2023b),
with reported accuracies ranging from 85–97% de-
pending on the GPT model/version and domain.

Some approaches use data-driven watermarking
to check whether a text was generated by a model
that embeds a watermark signal (Gu et al., 2022;
Lucas and Havens, 2023; Tang et al., 2023), while
others rely on model-driven watermarking to inject
identifiable patterns during generation for later ver-
ification (Kirchenbauer et al., 2023b,a; Liu et al.,
2023a; Hou et al., 2023). Additional systems em-
ploy post-processing or neural watermarking to tag
outputs after generation or via neural encodings, al-
lowing provenance verification with minimal impact
on quality (Por et al., 2012; Munyer et al., 2024;
Abdelnabi and Fritz, 2021; Yoo et al., 2023).

Taken together, these strands trade off bene-
fits and risks: watermarking can be effective and
quality-preserving but requires provider adoption
and can be obscured by later transformations
of the text (e.g., paraphrasing); stylistic and fre-
quency/metric approaches are flexible and trans-
parent but can be perturbed by small edits and
may not transfer across models or genres; neu-
ral methods capture nuanced cues and can be ro-
bust to small mutations but often depend on do-
main/language coverage and training data; human-
aided workflows raise accuracy on edge cases but
hinge on reviewer expertise and scalability; and hy-
brid designs improve resilience at the cost of added
system complexity.

2.2. Resume Processing
Although both commercial and academic detectors
are useful for spotting AI-generated text, they do
not work well on resumes, which typically lack long,
contiguous prose and instead preferentially use
lists, bullet points, and short phrases. In our initial
small experiments with existing AI-text generation
systems, some clearly AI-generated resumes were

labeled negative (missed), while polished human-
written resumes triggered false positives, which un-
derscores domain mismatch and calibration issues.
This gap highlights the need for a dedicated, auto-
matic AI-generated-resume detection tool tailored
to resume structure (bullet points, section head-
ers, skills lists), shorter contexts, and real-world
Applicant Tracking Systems (ATS) workflows.

As far as we can tell, there is no prior scholarly
work on AI-generated resume detection. Although
there are emerging commercial resume “AI detec-
tors” (e.g., Enhancv8, AIApply9, Jobscan10), we
do not evaluate them here for three reasons: (i)
they do not report standard evaluation metrics or
public benchmarks, (ii) they provide no transpar-
ent architectural descriptions suitable for scientific
comparison, and (iii) they do not distinguish AI-
generated from AI-enhanced text as done here.
Thus our focus in this section is in reviewing how
researchers have approached automated process-
ing of resumes more generally.

Automated resume screening has long been cen-
tral to recruitment workflows, with ATSs widely used
to filter candidates before human review. Traditional
systems largely depended on keyword extraction
and rule-based parsing to align resumes with job
descriptions (Faliagka et al., 2012). While efficient,
such approaches have been criticized for discard-
ing qualified candidates whose resumes failed to
mirror the precise terminology in postings (Brown
and Campion, 1994).

Previous work on resume screening has explored
a range of techniques, each with clear limitations.
Early systems prioritized keyword matching, which
was fast but unreliable, often missing candidates
who used different terms to describe the same
skills (Fuller and Raman, 2022). Word embed-
ding methods such as word2vec improved synonym
handling by mapping words into vector space, but
they struggled to capture deeper semantic context,
especially in technical roles where subtle distinc-
tions matter (Pudasaini et al., 2021). Clustering
methods grouped resumes with similar patterns
but lacked precision for identifying specific qualifi-
cations (Bafna et al., 2019). Rule-based systems of-
fered transparent decision-making but were brittle,
breaking down as job requirements shifted. Later
studies employed transformer-based models such
as BERT, which better captured contextual mean-
ing in resumes and job descriptions (Reddy and
Parthiban, 2025). These models showed strong
results but came at the cost of high data and com-
putational demands, limiting practical deployment
in many hiring contexts.

8https://enhancv.com/resources/
resume-checker/

9https://aiapply.co/ai-resume-checker
10https://www.jobscan.co/

https://enhancv.com/resources/resume-checker/
https://enhancv.com/resources/resume-checker/
https://aiapply.co/ai-resume-checker
https://www.jobscan.co/
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Research has also moved beyond retrieval into
document classification. Luo et al. (2018) intro-
duced ResumeNet, the first formal framework for
Resume Quality Assessment (RQA) using deep
learning. Their model encoded resume sections,
applied attention mechanisms to highlight discrimi-
native elements, and used pairwise and triplet learn-
ing strategies to handle limited labeled data. Re-
sumeNet demonstrated that quality indicators such
as section consistency, skill specificity, and organi-
zational structure could be systematically modeled,
achieving strong alignment with human judgments.
Similarly, (Deshmukh and Raut, 2025) leveraged
BERT to align resume vectors with job descriptions
for improved candidate–job matching. These inno-
vations advanced resume analysis, but they shared
a common assumption: that resumes authentically
reflect candidate authorship. As generative AI pro-
liferates, this assumption is no longer safe.

Although these methods achieve 70–90% ac-
curacy in specific contexts, significant challenges
limit their broader organizational adoption, includ-
ing difficulties with heterogeneous resume formats,
dataset-driven bias, opacity in proprietary systems,
imperfect soft-skill modeling, and concerns about
generalizability; moreover, implementation is com-
plicated by costs, workflow disruption, and training
requirements.(Armstrong and Metaxa, 2025; Mu-
jtaba and Mahapatra, 2024; Tewari et al., 2024).

3. Methodology

3.1. Data Collection & Generation

To obtain real world, authentic resumes, we col-
laborated with TECKpert, Inc., which provided au-
thentic job descriptions and resumes from IT pro-
fessionals that were submitted to the company be-
fore 2019. We focused on five representative roles
spanning both technical and managerial respon-
sibilities: .NET Application Developer, Database
Analyst, Network Administrator, Project Manager,
and Senior Web Application Programmer. For each
job description, we started by collecting a total of
200 resumes per job description, for a total of 1000
raw authentic resumes.

Next, we generated AI-created resumes by
prompting three state-of-the-art large language
models with the job descriptions: OpenAI’s GPT-
5, which produces highly structured professional
content (Brown et al., 2020); Google’s Gemini 2.5
Flash, which integrates reasoning and natural text
generation (Team et al., 2023); and Meta’s LLaMA-
3, an open-source alternative known for flexibility
in formatting (Touvron et al., 2023). For each job
description, we created 50 AI-generated resumes,
carefully varying formatting conventions and lin-
guistic styles to avoid uniform outputs. We provide

the exact prompt templates (and decoding settings)
used for generation in Appendix A.

To capture a middle ground between authen-
tic and synthetic resumes, we produced 50 AI-
enhanced versions for each job description. In
this case, we provided authentic resumes as in-
puts to the same large language models along
with the target job title, but without including the
full job description. The models were instructed
to refine these resumes into more polished and
professional versions, improving style and clarity
while retaining original content. This design was
intended to simulate realistic editing scenarios in
which applicants improve wording and presenta-
tion for a role without fully rewriting the document.
We used a prompt-chaining procedure, and the full
chained prompts are included in Appendix A. Be-
cause all AI-generated resumes were two pages,
we constrained AI-enhanced outputs to two pages
for comparability.

3.2. Data Balancing
Authentic submissions in our archive varied widely
in length, with several much longer than two pages.
AI-generated resumes, on the other hand, were al-
ways between one and two pages. To avoid a trivial
length cue for detection we excluded authentic re-
sumes exceeding two pages, leaving us with 140
authentic items. We then randomly sampled 140
AI-generated and 140 AI-enhanced resumes to bal-
ance the classes with the 140 authentic resumes,
yielding 420 documents in total. The corpus spans
five job descriptions, with 28 resumes per job de-
scription in each class, resulting in 140 resumes
per class overall (i.e., 5 job descriptions × 28 per
class × 3 classes).

Next, we anonymized personally identifiable in-
formation (PII). LLM-produced files often contained
placeholder identities (e.g., “John/Jane Doe”) or
model usernames; to mitigate name-based bias,
we removed or replaced such strings before model-
ing. Concretely, we used a hybrid spaCy+regex
pass to detect and replace names, addresses,
emails, phone numbers, and related identifiers
with placeholders such as <NAME> and <AD-
DRESS>. Names were removed only when they
appeared alone on a line to avoid corrupting con-
tent. Address handling combined regex (cover-
ing formats like “123 Main St, City, ST 12345,”
ZIP codes, city names, and state abbreviations)
with named entity recognition (NER) over loca-
tions/facilities; repeated placeholders (e.g., con-
secutive <ADDRESS>) were merged. We initially
stripped punctuation and extra spaces during tok-
enization, but restored capitalization and key punc-
tuation after observing their discriminative value
for downstream analyses (e.g., sentence length,
n-gram features, domain strings like C++ or Ph.D.).
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3.3. Extracting Linguistic Features

To construct traditional featurized machine learning
baselines, we engineered a mixed feature set that
captures both content and style. Content is repre-
sented with sparse count vectors (TF-IDF on words
and n-grams), while style is modeled with numeric
linguistic attributes (length, casing and punctua-
tion habits, lexical diversity, phrasing uniqueness,
readability, and sentiment/tone).

Count vectors We computed TF-IDF on
words (unigrams) to up-weight terms that are fre-
quent within a resume but rare across the corpus,
TF-IDF on word n-grams (bigrams/trigrams) to pre-
serve short phrasal context (e.g., machine learn-
ing), and TF-IDF on character n-grams to capture
subword style and formatting regularities (e.g., cap-
italization, punctuation, terms like C++). We imple-
mented TF-IDF vectorization with scikit-learn
(Pedregosa et al., 2011), an open-source ML li-
brary whose vectorizers are a reliable, interpretable
baseline for converting raw text into model-ready
features; we saved fitted vectorizers with joblib for
reproducibility.

Basic Counts For each resume we derived
total characters, words, and sentences, plus aver-
age sentence length, simple indicators of structural
complexity that varied systematically by class.

Style-based Features We counted punctu-
ation marks, Title-Case words, ALL-CAPS words,
and contractions; these cues differentiate human
from AI style, with contractions especially diagnos-
tic for authentic resumes.

Lexical Diversity We measured Type-Token
Ratio (TTR) and hapax legomena rate (share of
words appearing once) to quantify vocabulary rich-
ness and repetition.

Uniqueness of Phrasing To gauge template-
like versus varied language, we computed bigram
and trigram uniqueness ratios, the proportion of
n-grams that occur only once in the document.

Readability Scores We measured Flesch
Reading Ease, Flesch-Kincaid Grade Level,
SMOG, and Gunning Fog indices (Flesch, 1948;
Kincaid et al., 1975) using textstat11, a Python
library that implements classic readibility formulas.
These correlate with how constrained or edited the
prose reads and helped separate classes.

Sentiment and Tone We extracted VADER
compound scores to capture overall affect; flatter,
more neutral tone was characteristic of fully AI-
generated text. VADER is a rule-based sentiment
analyzer tuned for short, informal English, to quan-
tify tone with a single compound score (Hutto and
Gilbert, 2014).

11https://pypi.org/project/textstat/

3.4. Exploratory Data Analysis

We performed an exploratory data analysis (EDA)
to understand how writing style and structure differ
across resume classes before training any mod-
els. This step helped identify which features were
likely to be useful, with a focus on lexical indicators,
readability scores, and phrasing patterns.

Sentence length and brevity As we can see
in the Figure 1, AI-generated resumes were consis-
tently shorter, with fewer characters and sentences;
authentic resumes showed wider variance in sen-
tence structure. This greater variance among au-
thentic resume likely reflects differences in how indi-
viduals describe experience, where narrative expla-
nations are combined concisely in bullets. In con-
trast, AI-generated and enhanced resumes appear
to follow more uniform structual patterns across
documents.

Figure 1: Average sentence length distribution.

Phrasing uniqueness Bigram uniqueness
was highest in AI-enhanced resumes, likely reflect-
ing a blend of human edits and AI suggestions,
followed by authentic, with AI-generated the lowest
(Figure 2). The relatively high uniqueness observed
in AI-enhanced resumes suggests that localized
rewriting may introduce lexical variation while pre-
serving the underlying human-authored structure.
While by comparison, fully AI-generated resumes
occasionally show more repetitive phrasing pat-
terns in the documents.

Figure 2: Bigram uniqueness across resume types.

https://pypi.org/project/textstat/
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Contractions Authentic resumes used the
most contractions, AI-enhanced used some, and
AI-generated used the least (Figure 3), aligning
with a more natural tone in human writing. This dif-
ference likely reflects variation in stylistic formality
across documents, with authentic resumes incorpo-
rating conversational phrasing, while AI-generated
resumes tend to maintain more standardized pro-
fessional language with AI-enhanced resumes be-
tween these extremes.

Figure 3: Contraction count distribution across re-
sume types.

Lexical diversity Type-Token Ratio (TTR)
was highest for AI-enhanced, then authentic, and
lowest for AI-generated (Figure 4). This sug-
gests that light human editing over AI assistance
increases vocabulary richness relative to purely
synthetic text. The higher TTR observed in AI-
enhanced resumes may indicated paraphrasing ap-
plied to human-authored content, introducing addi-
tional lexical variation without substantially altering
the document structure. In contrast, AI-generated
resumes show more concentrated distributions,
suggesting more consistent vocabulary usage.

Figure 4: Type-Token Ratio (TTR) distribution.

Punctuation and casing signals AI-
generated resumes tended to contain fewer punc-
tuation marks and fewer Title-Case words (Figures
5 & 6). We also analyzed ALL-CAPS word counts
(Figure 7). Authentic resumes exhibit greater dis-
persion in punctuation and capitalization counts,
consistent with individualized formatting and sec-

tion styling practices. In contrast, AI-generated
resumes show more concentrated distributions
across these features, suggesting more uniform for-
matting conventions, while AI-enhanced resumes
again occupy an intermediate range between the
two extremes.

Figure 5: Punctuation count across resume types.

Figure 6: Title-case word count across resume
types.

Figure 7: Upper case word count distribution.

Readability Readability indices separated
classes: AI-generated resumes scored higher
(i.e., were simpler/more uniform) on several
measures; we report the Automated Readability
Index (ARI) distribution in Figure 8 alongside other
metrics. This suggests more consistent sentence
construction in AI-produced text, while authentic
resumes reflect a wider mix of concise statements
and more complex descriptions across documents.
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Figure 8: Automated Readability Index distribution.

Sentiment/tone Using VADER, the com-
pound sentiment distribution (Figure 9) showed flat-
ter, more neutral tone in AI-generated text, with au-
thentic and AI-enhanced exhibiting broader spread.
All three classes exhibit strongly positive sentiment
values, reflecting the self-promotional nature of re-
sumes. However, AI-enhanced resumes show a
more concentrated distribution, indicating more uni-
form tonal expression, whereas authentic and AI-
generated resumes display greater variability.

Figure 9: VADER compound sentiment distribution.

We have focused on the most diagnostic sig-
nals above, but our analysis also explored a
broader set of indicators: additional readability
metrics (SMOG, Gunning Fog, Dale–Chall, Lin-
sear Write), length/volume cues (character and
sentence counts), higher-order phrasing (trigram
uniqueness alongside bigrams), and cross-feature
relationships (correlation heatmap). These comple-
mentary views reinforced the class differences we
report and helped guard against over-interpreting
any single feature. The complete set of analyses
are included in Appendix B.

3.5. Model Training
For the classical machine learning baselines, we
represent each resume using a combination of
sparse TF-IDF features and dense linguistic fea-
tures. We compute TF-IDF vectors over word un-
igrams using a vectorizer fit on the training split

and then applied unchanged to the validation data.
In parallel, we extract numeric linguistic attributes
(e.g. length statistics, punctuation and case counts,
lexical diversity measures, readability indices, and
sentiment scores) from the same documents. We
then concatenate the sparse TF-IDF representa-
tion with the dense linguistic feature vector to a
unified feature space prior to model training. The
same combined representation is used across all
traditional classifiers.

We tested four supervised classifiers: Logistic
Regression (LR), Support Vector Machines (SVM),
Random Forest (RF), and XGBoost. We used them
because they cover complementary inductive bi-
ases for our mixed feature space (sparse TF-IDF
+ dense linguistic features). LR provides a strong,
transparent linear baseline for high-dimensional
text and is effective at flagging AI-style phrasing;
SVMs are likewise well-suited to separating sparse,
high-dimensional data and help with subtle bound-
aries such as AI-enhanced vs. authentic. In con-
trast, RF and XGBoost are tree ensembles that
model non-linear interactions between content and
style features; RF captures deeper stylistic patterns
(e.g., punctuation/sentence structure) from mixed
inputs, and XGBoost sharpens this with gradient
boosting to detect small phrasing/structure shifts
typical of lightly edited text.

All models were trained and compared in a uni-
fied pipeline with MLflow logging12 (hyperparame-
ters and metrics such as accuracy, precision, recall,
macro F1), ensuring reproducibility and fair selec-
tion of the best system for inference.

Consistent with these design reasons, the tree
ensembles (RF/XGBoost) ultimately performed
best on our combined feature set, whereas the lin-
ear baselines trailed, providing evidence that mod-
eling content/style interactions is beneficial in this
domain.

To complement these traditional models, we also
fine-tuned transformer-based architectures to ex-
plore capturing deeper contextual dependencies.
First, we trained a standard BERT-base classifier
in the raw text, using the 512-token context window
to establish a baseline for transformer represen-
tations. However, since most resumes exceeded
this limit, we implemented a chunked BERT variant
that segmented each document into overlapping
512-token windows with a stride of 128 and aggre-
gated across chunks to produce document-level
predictions. Finally, we trained Longformer, which
extends BERT’s architecture to accommodate up
to 4096 tokens natively, allowing full-document en-
coding without truncation.

12https://mlflow.org/

https://mlflow.org/
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3.6. Baselines: External AI–text
detectors

Prior work reports strong performance from com-
mercial detectors; for example, Akram (2023) finds
that Originality and Writer achieve the highest
accuracies among tested tools (97% and 69.05%,
respectively). Motivated by this, we include these
two systems as external baselines and ask whether
they generalize to resume text and, in particular,
to our three-way labeling scheme (authentic, AI-
enhanced, AI-generated).

We applied both detectors to all 420 resumes in
our corpus, obtaining each system’s AI-likelihood
score per document. Following standard evalu-
ation practice, we computed overall accuracy as
well as class-conditional accuracy for each of the
three types. We reported accuracy by class on our
corpus.

4. Results & Discussion

We evaluated the models LR, SVM, RF, XGBoost,
BERT, BERT with chunk, and Longformer on the
3-way classification task (authentic, AI-generated,
AI-enhanced). We used an 80-20 train-test set
split of the data. Tree ensembles clearly outper-
formed linear baselines: RF reached 0.941 accu-
racy, and XGBoost reached 0.953 accuracy on the
test set, with XGBoost attaining the highest macro
F1 = 0.953. LR and SVM trailed with macro F1 of
0.751 and 0.791, respectively. To visualize error
patterns, we report the confusion matrix of the best
model (XGBoost) in Figure 10

Figure 10: Confusion Matrix of Best Model

At the class level, AI-generated (class 1) was eas-
iest, achieving perfect precision/recall/F1; authentic
(class 0) and AI-enhanced (class 2) also scored
highly (F1 = 0.95 each). Most errors came from con-
fusion between authentic and AI-enhanced, consis-

tent with our EDA showing that AI-enhanced writing
blends human structure with AI-style phrasing.

The tree-based family handled our mixed fea-
ture space (sparse TF-IDF + dense linguistic fea-
tures) better than linear separators. In particular,
XGBoost’s gradient-boosted trees flexibly captured
content-style interactions (e.g., the joint pattern of
n-gram usage with contraction/ punctuation habits
and readability levels), which are crucial to separat-
ing lightly edited AI-enhanced text from authentic
submissions. In particular, XGBoost seemed to
most effectively explore the complementary cues
present in the sentence length, contraction count,
bigram/trigram uniqueness, vocabulary richness
(TTR), and readability indices.

Model Accuracy Macro F1

Logistic Regression 0.753 0.751
SVM 0.788 0.791
Random Forest 0.941 0.942
XGBoost 0.953 0.953
BERT 0.812 0.808
BERT with stride 0.906 0.907
Longformer 0.938 0.939

Table 1: Performance across models

The results confirm that modeling nonlinear cou-
plings between content and style is decisive for
this task, especially for the subtle authentic vs.
AI-enhanced boundary explaining why XGBoost
achieved the top macro F1.

Among the transformer-based architectures, the
results follow a consistent trend reflecting the im-
pact of context length. The standard BERT model
with a 512-token limit performed competitively
(macro F1=0.808) but was constrained by trunca-
tion, losing information in longer resumes. Extend-
ing BERT with the sliding-window chunking strat-
egy improved performance substantially (macro
F1=0.907) by preserving global context through ag-
gregated representations across segments. The
Longformer, with the longest context window, fur-
ther narrowed the gap with tree ensembles (macro
F1=0.939) confirming that full-document context
strengthens discrimination between authentic and
AI-influenced writing in resumes. The improved
performance of chunked BERT and Longformer
suggests that differentiating cues for AI-assisted re-
sume writing extends beyond local lexical patterns
to document-level structure and style continuity.

4.1. Off-the-shelf AI–text detectors on
resume data

We evaluate two commercial detec-
tors—Originality and Writer—class by
class on our corpus.
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Authentic (140). Originality correctly labeled
71/140 as authentic, marked 58/140 as “partially AI”
(some as high as 40% AI), and flagged 11/140 as
fully AI, even though all authentic resumes predate
ChatGPT. By contrast, Writer correctly labeled
105/140 as authentic and marked the remaining
35/140 as “partially AI” with low scores (<10% AI
each); none were flagged as fully AI. (Per-class
accuracies: Originality 50.7%; Writer 75.0%.)

AI-generated (140). Originality identified
81/140 as fully AI, labeled 22/140 as partially AI
(65–90% AI), and misclassified 17/140 as authentic.
Writer failed on this class, assigning every doc-
ument a >70% human score (<30% AI) and thus
never labeling them AI. Likely contributors include
the resume domain’s short, bullet-style sentences,
heavy noun-phrase fragments, and templated sec-
tioning, which reduce the reliability of perplexity and
burstiness-based cues and blur stylometric signals
tuned on essay/web domains.

AI-enhanced (140). Originality labeled 82/140
as partially AI (the intended outcome, detecting
edited spans while leaving human content), 45/140
as fully authentic, and 13/140 as fully AI. Writer
again largely failed, rating each resume >90% hu-
man and explicitly marking 68/140 as fully human.
This behavior is consistent with conservative cal-
ibration and domain shift: light, style-only edits
from our prompt-chaining procedure dilute detector-
visible cues, while resume-specific conventions
(concise bullet fragments, jargon lists) further mask
stylistic differences relative to detectors’ training
distributions.

Overall. Aggregating across classes, Original-
ity achieves 234/420 correct (55.7% accuracy),
whereas Writer achieves 105/420 (25.0% accu-
racy). Despite prior reports of strong performance
in other genres, these in-domain results indicate
that off-the-shelf detectors, without resume-specific
calibration, are unreliable for AI-resume detection,
especially on AI-enhanced documents.

5. Contributions

In this paper, our contributions are four-fold. First,
we have presented the first corpus of resumes, an-
notated for whether they are authentic, AI-assisted,
or AI-generated. We release this corpus for use
by other researchers; the corpus and prompts we
developed will allow updating of the corpus with
new AI-enhanced and AI-generated resumes in
the future, as generative AI technology advances.
Second, we developed a set of baselines for de-
tecting AI-generated and AI-enhanced resumes,
and benchmarked them on our data. Third, we
performed a comprehensive exploratory data anal-
ysis of the differences between the classes, show-
ing clear differences in class characteristics that

leads to very high performance for traditional fea-
turized machine learning methods. Fourth, we
provide the first in-domain evaluation of two off-the-
shelf AI–text detectors on a three-way resume cor-
pus, revealing large class-dependent performance
gaps and highlighting domain shift and the need
for resume-specific calibration.

6. Limitations & Future Work

Despite the encouraging results, several limitations
remain. First, the dataset is restricted to a sin-
gle professional domain of Information Technol-
ogy/Software Engineering and a controlled set of
job descriptions, which may limit generalization to
resumes from other fields with different conventions
and stylistic norms. Second, while the balancing
strategy helps reduce bias that could arise due to
document length and formatting, the overall dataset
size remains modest compared to large-scale text
classification benchmarks. Third, our modeling
primarily relies on lexical and stylistic features ex-
tracted from normalized texts; structural character-
istics of resumes such as sections and formatting
conventions were not explicitly modeled and may
provide additional signals. Finally, the study re-
flects a snapshot of AI-assisted writing practices at
a particular point in time, whereas LLMs continue
to evolve rapidly, potentially introducing shifts in
writing style that may affect detection performance.

Future work will focus on expanding the corpus
to include additional domains, job roles, and larger
number of resumes across all three classes, en-
abling more comprehensive evaluation of robust-
ness. We also plan to explore richer linguistic rep-
resentations, including document structure signals
that can capture resume organization beyond sur-
face text. In addition, data collection over time may
provide insight into how AI assisted resume writing
evolves and how detection models can adapt to
emerging LLM writing capabilities. Ongoing col-
laboration with recruitment practitioners may also
enable future collection of additional annotated data
under appropriate privacy safeguards.
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A. Prompts for the Experiments

In order to generate AI-generated resumes based
on the job descriptions, we used the following
prompt:

I am applying for the following job: [job_title]
[copy-pasted job_description]
Generate the perfect resume for the above job

description
In order to enhance resumes using LLMs based

on the job descriptions, we used the following
prompt:

Prompt 1: Read the attached resume and wait
for my prompt: [attached resume]

Prompt 2: I am applying for the following job:
[job_title]. Please enhance and optimize this re-
sume to make it more compelling and relevant to
[job_title]. Keep the improved version professional
and concise. Return only the revised resume (no
commentary), two pages, single-column, profes-
sional layout.

B. Supplementary Exploratory
Analyses: Readability, Length, and

Phrase Structure

Figure 11: Word count distribution across resume
types.

Figure 12: Flesch-Kincaid grade distribution.

Figure 13: SMOG index distribution.

https://api.semanticscholar.org/CorpusID:215856076
https://api.semanticscholar.org/CorpusID:215856076
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Figure 14: Gunning Fog index distribution.

Figure 15: Character count distribution.

Figure 16: Difficult words distribution.

Figure 17: Flesch Reading Ease distribution.

Figure 18: Dale-Chall readability score distribution.

Figure 19: Hapax Legomenon Rate distribution.

Figure 20: Linsear Write Formula distribution.

Figure 21: Sentence count distribution.
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Figure 22: Trigram uniqueness distribution.

Figure 23: Feature correlation heatmap.
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