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Abstract

AI text humanizers rewrite machine-generated text so that AI detectors classify it as human.

Humanizer vendors advertise pass rates, but no published study measures what the rewriting does

to the output text itself. We passed 48 AI-generated academic texts (about 300 words each, four

disciplines, three citation styles, four AI model generator families) through eleven humanizers

under one setting per tool, and scored 432 outputs on a fixed set of metrics, namely, position on a

stylometric human-to-AI spectrum; semantic faithfulness to the source; retention of technical

terms, numbers and citations; fabricated numbers and named entities; Flesch-Kincaid grade shift;

grammar errors introduced; length change; rewrite depth; hidden-character injection; and

vocabulary shift against a 1,057-word AI vocabulary lexicon generated from our prior study.

Detection was measured with Turnitin and GPTZero, the gold standard university-grade detectors.

Every humanizer tool pushed the text toward the human end of the spectrum, reduced AI-leaning

vocabulary and lowered the reading grade, and the tools differed most in what they preserved.

TextPulse rewrote 52 percent of the words while keeping 97 percent of the document meaning, 99

percent of citations and 87 percent of numbers, introduced 0.65 grammar errors per 1,000 words,

fabricated almost no named entities, and removed more AI-leaning vocabulary than any tool that

kept the text intact. The tools with the highest raw GPTZero pass rates had the weakest content:

Walter Writes passed 60 percent of its outputs but also fabricated 4.4 numbers or names per each

(~300 word) text, and Phrasly passed 38 percent but introduced 3.6 grammar errors per 1,000

words. On a strict experiment, when a detector pass is counted only for outputs that also preserve

meaning, citations and facts, TextPulse has the highest rate at 10.4 percent (95 percent CI 2.1 to

18.8), Phrasly and GPTinf have 2.1 percent, and eight tools have none. TextPulse is also first on an

equal-weight composite of rewrite depth, faithfulness, spectrum position, grammar cleanliness and

content integrity, with or without the detector component. On Turnitin, a document holding only

TextPulse’s outputs scored 24 percent AI, the lowest score in the field together with StealthWriter;

the other tools scored from 28 to 74 percent. Detector pass rate on its own is an incomplete

measure of a humanizer, since the easiest approach to pass is to change what the text says, or even

intentionally inject grammar errors. Across all experiments, all of the humanizer tools had the

same treatment to allow for an even level playing field. Every metric was scripted, and all

humanization outputs and code are made publicly available for easy replication of the same

experiments in future work.

1. Introduction



A humanizer can be considered as a rewriting tool. It takes text written by an AI language model

and outputs a “humanized” version that AI detectors are less likely to flag. The market grew quickly

after universities adopted detection software, and the tools now advertise their results as pass rates

against popular detectors such as Turnitin, GPTZero and Originality AI. However, the advertising

does not report the condition of the text after rewriting. An academic text typically carries

numbers, citations, technical terms, and a formal, academic register. A rewrite that drops or

fabricates any of these, or turns a formal paragraph into a casual one, has not preserved the text,

regardles of whether it passes a detector or not.

This study measures both sides simultaneously. Eleven top-tier humanizers rewrote the same 48

AI-generated academic texts. Each output was scored for detection, for the degree the original

content survived, for fabrication rate, and for change in style. Since each tool received identical

inputs, differences between outputs can be considered differences between the humanizer tools.

Earlier papers built the measurement tools reused here, namely, a stylometric feature set

(TextPulse Research, 2026e), a human vs. AI classifier and the spectrum derived from it (2026f), a

lexicon of AI-preferred vocabulary (2026d), a citation audit method (2026c), and a comparison of

commercial AI detectors (2026a). The conflict of interest is managed by protocol. Every tool

received the same inputs, every metric is a public script, and every raw output was released.

This study aims to answer four key questions. Where does each tool’s output fall on the human-to-

AI spectrum? How much of the source meaning, facts and citations does each tool preserve, and

what does it fabricate? Which tools pass a commercial detector, and does passing come at the cost

of ‘damaging’ the text? What does the trade-off between passing and preserving look like across the

humanizer tools?

2. Related work

2.1 How AI text detectors work

Detection research began with the statistics of the generator itself. GLTR overlaid token rank and

entropy on text and increased human detection of GPT-2 output from 54 to 72 percent without any

training (Gehrmann et al., 2019). Solaiman et al.  (2019) fine-tuned a RoBERTa classifier that

identified GPT-2 output at about 95 percent accuracy, the supervised baseline that later

commercial detectors followed. Ippolito et al.  (2020) showed that the decoding choices that fool

human readers leave statistical traces that make automatic detection easier, and Uchendu et

al. (2020) framed the problem as authorship attribution. Fröhling and Zubiaga (2021) showed that

hand-built stylometric features match expensive neural detectors, and Desaire et al.  (2023)

separated chemistry papers from ChatGPT versions with 20 such features at over 99 percent

document-level accuracy. The stylometric spectrum used in this study belongs to that family

(TextPulse Research, 2026e, 2026f).



Zero-shot methods read the generator’s probabilities. DetectGPT uses the curvature of log-

probability around a text (Mitchell et al., 2023); Fast-DetectGPT replaces its perturbation step with

sampling and runs about 340 times faster (Bao et al., 2024); Binoculars contrasts the perplexity of

two related models and detects over 90 percent of ChatGPT samples at a 0.01 percent false positive

rate (Hans et al., 2024). Perplexity is the standard measure of the ‘predictability’ of a text under a

language model, and low perplexity is treated as a machine signal. Burstiness, or variation in

sentence length, is the second signal in GPTZero’s public description. Tulchinskii et al.  (2023)

found that the intrinsic dimension of human text embeddings is about 1.5 higher than that of its AI

counterpart. Supervised detectors have been trained against attacks. RADAR trains a paraphraser

against the detector (Hu et al., 2023), OUTFOX uses adversarially generated examples in context

(Koike et al., 2024), Ghostbuster searches over weak-model features and reaches 99.0 F1 (Verma et

al., 2024), and Pangram uses hard-negative mining (Emi & Spero, 2024; Glickenhaus et al., 2026).

Watermarking embeds a detectable signal during generation (Kirchenbauer et al., 2023). Surveys

by Jawahar et al. (2020), Crothers et al. (2023), Tang et al. (2024), Yang et al. (2024) and Wu et

al. (2025) agree that paraphrasing, distribution shift as well as mixed human-AI text are the open

problems.

On RAID, over six million generations across 11 models and 11 adversarial attacks, detectors were

fooled by repetition penalties, sampling changes and homoglyphs (Dugan et al., 2024). MAGE

found that the best detector identified only 84 percent of out-of-domain texts from an unseen

model (Li et al., 2024), M4GT-Bench and MGTBench found that good performance generally

requires training data from the same domain and also the same generator (Wang, Mansurov et al.,

2024; He et al., 2024). Doughman et al.  (2025) found performance being reduced to chance on

easy-to-read texts. Beemo showed that expert human editing of model output evades detection

while model-edited text rarely does (Artemova et al., 2025). ARB (Perrone & Romano, 2026) and

Baidya et al. (2026) both report that heavy humanization is the dominant failure mode of current

AI detectors.

2.2 Evasion by paraphrasing and humanization

Paraphrasing passes detectors when at scale. DIPPER, an 11-billion-parameter paraphraser,

decreased DetectGPT’s detection rate from 70 to 5 percent at a 1 percent false positive rate and

evaded watermarking, GPTZero and OpenAI’s classifier (Krishna et al., 2023). Sadasivan et

al.  (2025) showed that recursive paraphrasing reduced watermark detection from 99.8 to 9.7

percent and tied the best possible detector performance to the distance between human and AI text

distributions. Shi et al.  (2024) passed watermarking, GPTZero and DetectGPT with word

substitution and instructional prompts, Zhou et al.  (2024) changed detector verdicts with small

perturbations in about 10 seconds, RAFT compromised every tested detector with word-level

substitutions that human raters could not distinguish from the originals (Wang, Li et al., 2024),

and Jovanović et al.  (2024) scrubbed and spoofed watermarks with a small set of cheap API

queries.



Cheng et al. (2025) reduced true positive rates by an average of 88 percent with a detector-guided

paraphrase. AuthorMist trained a 3-billion-parameter model with reinforcement learning against

GPTZero, Winston, Originality.ai and Sapling and reached 79 to 96 percent attack success while

maintaining a semantic similarity score over 0.94 (David & Gervais, 2025). MASH reached 92

percent success by injecting human style (Gu et al., 2026), StealthRL trained against an ensemble

of detectors (Ranganath & Ramesh, 2026), Pedrotti et al. (2025) shifted a model’s writing style to

clear detectors trained on its original output, and Xu et al.  (2026) found that raw base-model

output already reads as human to GPTZero and Pangram. TH-Bench evaluated six humanization

approaches against thirteen detectors across nineteen domains and found that no approach wins

on evasion, text quality and cost at once (Zheng et al., 2025). Bao et al.  (2025) built a risk-level

benchmark that ends in a humanization tier. DAMAGE audited nineteen commercial humanizers

and paraphrasers and found that most existing detectors miss their output (Masrour et al., 2025).

Russell et al.  (2025) found that those who write with ChatGPT preserve their accuracy on

humanized text where most automated detectors lost theirs. Each of these studies measures

whether a detector is passed, but none of them scores the quality of the humanized text itself.

2.3 Commercial detectors in education

Evaluations of commercial detectors on academic text reach the same conclusion from different

corpora. Weber-Wulff et al. (2023) tested fourteen tools and found all below 80 percent accuracy,

with machine paraphrasing and manual editing lowering accuracy further and about a fifth of AI

texts attributed to humans. Walters (2023) found that only Copyleaks, Turnitin and Originality.ai

were accurate on GPT-3.5, GPT-4 and student essays. Elkhatat et al.  (2023) reported lower

accuracy on GPT-4 than GPT-3.5 output and false positives on human engineering text. Chaka

(2023, 2024a, 2024b) found no tool consistently reliable across chatbots or across 30 detectors and

concluded from the literature that detectors are unreliable for authorship decisions. Gao et

al. (2023) found that blinded reviewers identified only 68 percent of generated abstracts. Ibrahim,

Liu et al.  (2023) found that ChatGPT matched students in 9 of 32 courses and that classifiers

misclassified a substantial share of its answers. Perkins, Roe, Postma et al.  (2024) found that

Turnitin flagged 91 percent of prompt-engineered GPT-4 submissions but identified only 55

percent of their content, and Perkins, Roe, Vu et al.  (2024) reduced detector accuracy by 17

percentage points with simple techniques such as misspellings and added burstiness. Ibrahim, Al

Otaibi and Sibai (2025) found Turnitin’s detector close to chance once paraphrasing tools were

applied, Kar et al. (2025) found that free detectors varied widely on paraphrased text, and Barrot

and Aranda (2025) found detectors failing to correctly classify AI-edited essays.

Recent 2025 and 2026 studies address humanizers directly. Jabarian and Imas (2025) found that

of Pangram, Originality.ai, GPTZero and RoBERTa only Pangram held a 0.5 percent false positive

rate on humanizer output. Van Vlasselaer et al.  (2026) placed 37 of 40 humanized papers in the

expected AI range with Pangram, exceeding Turnitin, GPTZero and Copyleaks. Hadra et al. (2026)

found Originality.ai at 0.69 and Turnitin at 0.51 overall accuracy with hybrid-text recall falling to



0.31 and 0.02. Sun et al. (2026) found that hybrid editing reached 88 percent of AI content evade

detection, and Karr et al.  (2026) found that light edits to an abstract were flagged at 64 to 80

percent while unmodified recent abstracts were flagged at 9 to 15 percent, with scores tracking

long-word density. Turnitin announced a bypasser-detection feature in August 2025 without

published accuracy figures (Turnitin, 2025; Bailey, 2025). Policy commentary argues that

probabilistic detector scores cannot meet the standard of proof used in misconduct cases (Bassett

et al., 2026; Zhang & Lv, 2026; Ardito, 2025). Our own inter-rater study found nine commercial

detectors agreeing on pure human and pure AI text and disagreeing at chance level on mixed

human-AI text (TextPulse Research, 2026a).

2.4 False positives 

Liang et al. (2023) reported that seven detectors flagged 61 percent of TOEFL essays by non-native

writers as AI while US eighth-grade essays were almost never flagged. Our replication with a

transparent stylometric classifier found no bias against non-native writers for that classifier, and a

threefold bias for a gradient boosting model trained on the same features, so the bias is a property

of the detector and not of the writing itself (TextPulse Research, 2026g). Garland (2026) shows

that population-level variation in style guarantees disproportionate false positives for some groups,

and Hu (2026) mentions that fixed lexical markers push scholars to flatten their prose. Any pass

rate reported for a humanizer needs the detector’s false positive rate on human text with it, which

this study provides.

2.5 What rewriting does to vocabulary and style

Language models change vocabulary in a recognizable direction. Kobak et al.  (2025) measured

excess vocabulary across 15 million biomedical abstracts and estimated that at least 13.5 percent of

2024 abstracts were processed with a model. Liang, Izzo et al.  (2024) estimated that 6.5 to 17

percent of peer-review text at AI conferences was substantially model-modified, and Liang, Zhang

et al. (2024, 2025) mapped the increase to 22 percent of computer science papers. Matsui (2024),

Astarita et al.  (2024) and Geng and Trotta (2024) found the same words overused in PubMed,

astronomy and arXiv abstracts, Yakura et al.  (2025) found them in spoken academic talks, and

Juzek and Ward (2025) traced the overuse to reinforcement learning from human feedback

(RLHF) tuning. Sourati et al.  (2026) found that model polishing reduces the variance of writing

complexity by 21 to 50 percent across 880,000 texts.

In a paired corpus of 60,786 human texts and their AI rewrites, the AI-leaning vocabulary was 44

percent Latinate against 10 percent for human-leaning words, and the strongest markers were

formal connectives and substitutions such as “thereby”, “consequently” and “utilized” (TextPulse

Research, 2026d). The same corpus showed that rewriting alters or drops citations at measurable

rates (2026c) and changes punctuation, sentence-length variation and syntax in ways that identify

the AI model (2026e). A humanizer is a rewriter aimed in the opposite direction, from machine

style toward human style, and the same measurements apply.



2.6 The gap

In short, the literature on detector evasion measures whether the detector is bypassed. The

education literature measures whether a detector catches humanized work. Neither holds inputs

constant across top-tier commercial humanizers and scores what each tool does to meaning,

citations, numbers, entities, grammar and register of the humanized text. The related studies are

DAMAGE’s qualitative audit of nineteen tools (Masrour et al., 2025), TH-Bench’s six attack

methods (Zheng et al., 2025), Van Vlasselaer et al.’s single humanizer path (2026) and Jabarian

and Imas’s four detectors on humanizer output (2025). Vendor and affiliate comparisons report

pass rates against one or two detectors on a handful of texts. HumanizerBench, the most cited

leaderboard, is operated by WriteHuman and ranks WriteHuman first. This study fills that gap

with thirteen tools, identical inputs, and content scoring beside detection.

3. Data and methods

3.1 Source texts

The input set is 48 generated Results and Discussion texts, 12 per each of four language models,

through their APIs, namely, OpenAI gpt-5.6-terra, Google gemini-3.7-flash, DeepSeek deepseek-

v4-pro, and Anthropic claude-sonnet-5. Reasoning was disabled on every provider that supports it,

since how a generator thinks before writing a fictional text has no affect on a comparison between

humanizers. Each text covers one of 48 invented empirical studies across four primary disciplines

(medicine and health, physical and computational sciences, social sciences, humanities) in one of

three citation modes (APA author-year, numeric brackets, or citation-free). Texts were at an

average length of 301 words (range 264 to 344). 

Each generator was instructed to list, after the text, the technical terms, every numeric fact, and

every in-text citation it used. These lists were verified against the text, and any listed item not

present verbatim in the text was dropped. The verified ground truth holds 404 terms, 887 numeric

facts and 124 citations. Ground truth was therefore never a model’s self-report, but a manual check.

3.2 Tools and runs

Eleven tools were run, namely, TextPulse, Grammarly AI humanizer, QuillBot AI Humanizer,

Humanize AI Pro, StealthWriter, Walter Writes, HIX Bypass, GPTinf, UnAIMyText, Phrasly, and

Clever Humanizer. WriteHuman and Undetectable.ai were also attempted and then excluded from

the study: WriteHuman caps its output at 250 words, which is too short to carry the samples, and

Undetectable.ai returns its own prompt preamble, such as “Here is the rewritten text”, inside the

output text. All humanizations took place between 26 and 28 August 2026. The user pasted each

text into each tool’s web interface once, under the tool’s default setting, and pasted the output back

verbatim through a console that recorded the original AI input and humanized output pair. No

output was edited. AI humanizer tools were identified by product name throughout. 



Free tiers limit how many texts a tool can process, so per-tool n is unequal by design. A priority

core of 24 texts, the same for every tool and in the same order, was defined so that the paired

comparison holds at whatever depth a tool reached. Final counts are as follows: TextPulse 48,

Walter Writes 48, GPTinf 48, UnAIMyText 48, Grammarly 47, Humanize AI Pro 47, Phrasly 47,

StealthWriter 34, Clever Humanizer 24, QuillBot 22, HIX Bypass 19, amounting to a total of 432

scored outputs. Every summary reports its own n.

Truncation by free tiers was kept as data. QuillBot returned about 125 words per text and GPTinf

capped at about 300 words. No output was edited.

3.3 Metrics

All metrics were computed by publicly available scripts from the source text and the output.

Missing values are null.

Stylometric spectrum

Each output is placed on a line where the median human academic text is 0 and the median AI text

is 100. The line is built from 47 stylometric features measured in earlier work (TextPulse Research,

2026e) on 121,092 academic texts (2026f): sentence-length mean, spread and coefficient of

variation (burstiness), word length, lexical diversity, punctuation rates, passive constructions,

nominalisations, first-person pronouns, sentence-opener repetition, connective openers,

contractions, -ly adverbs, long-word rate, and 25 AI-marker phrases. The features are

standardised, and the axis is the direction from the human centroid to the AI centroid. The frozen

model reproduces the earlier paper’s out-of-fold AUC of 0.936, and scoring 250 human student

essays as a check placed their median at -93. The middle half of the human anchors is from -36 to

33 on the axis, and a tool whose mean is inside that range is reported as reaching the human range.

Tools inside the range are listed by sample size since their positions are statistically tied. The

features that carry the most weight are mean word length and the rate of long words (both toward

AI), lexical diversity, nominalisations and -ly adverbs (toward AI), and sentence-length burstiness

and sentence-opener repetition (toward human). Section 4 gives an example of each one.

Semantic faithfulness 

Cosine similarity between BGE-large embeddings of the whole source and the whole output, plus a

sentence-alignment score and a count of output sentences with no source counterpart. In

calibration, a faithful paraphrase scored 0.969 and a text with its second half deleted scored 0.640.

Named-entity and number retention 

Named-entity retention is the share of the source’s named entities (people, organisations, places,

instruments, datasets, found in the source by a local named-entity model) that survive in the

output. An entity is kept when every content word of its name appears in the output on a light stem,

so inflection, word order and reformatting such as “Okafor & Linden” for “Okafor and Linden” all

match. Generic vocabulary is never counted. Number retention is the share of verified numeric



facts that appear in the output. A number is counted as corrupted when its surrounding context

survived but the value changed. This is a lower bound, because a rewritten sentence yields

“dropped”, not “altered”.

Citation integrity 

Citations are extracted from both texts and matched on unique author-year keys or bracket

numbers. Presentation changes never count against a tool, i.e., a parenthetical citation rewritten as

a narrative one, a semicolon list split into separate citations, a merged bracket such as [4,5] for [4]

and [5], or a range [4-6] all match. A changed year or surname is considered a miss. A citation with

no source counterpart is considered fabricated.

Register 

Flesch-Kincaid grade of the output minus the source. AI Model-generated academic text reads at a

higher grade than published human academic prose, and so a decrease moves the text toward the

simplified formal style of human academic writing and away from the high-grade style of model

output. A decrease is the desirable direction for humanized text.

Grammar 

LanguageTool (v 6.8) errors per 1,000 words in the output minus the source, counting only rule

categories that mark critical errors, but not style.

Length zones 

Output-to-source word ratio, green from 0.85 to 1.15, yellow from 0.70 to 1.30, red exceeding that.

Tools are reported in three length categories by the share of outputs inside 0.70 to 1.30: kept length

(95 percent or more), mostly kept (75 to 95 percent) and often broke length (under 75 percent).

Within a category tools are listed by sample size.

Rewrite depth 

The amount of words changed compared to original text, under a word-level diff, and the share of

source word trigrams that survived verbatim.

Fabrication 

Numbers in the output that do not occur in the source (years excluded), plus named entities

(people, organisations, places, instruments) recognized by a local named-entity model none of

whose content words occur in the source. Reformatted names such as “Okafor and Linden” for

“Okafor & Linden” do not count.

Hidden-character injection 

Characters absent from the source that are invisible, non-standard spaces, or letters from the

Cyrillic or Greek blocks, with isolated Greek letters treated as scientific notation. (Some

humanizers intentionally inject these into the output as a detection bypass attempt.) 



Vocabulary shift 

Hits per 1,000 words against the a 1,057-word AI vocabulary lexicon (TextPulse Research, 2026d),

reported as the change in AI-favored words (581 entries) and as the change in an index that

subtracts human-leaning hits (476 entries) from AI-leaning hits. The lexicon was frozen for the

sake of this study.

3.4 Detectors

Turnitin 

Each tool’s outputs were combined into one document holding only that tool’s outputs, one text per

page, and submitted to Turnitin once. Turnitin returns one document-level AI percentage, the

share of the document it attributes to AI writing, and prints an asterisk instead of a value under 20

percent. That document score is the Turnitin measure used here. An earlier submission that packed

several conditions into shared documents, one of which mixed untreated AI texts with humanized

outputs, was discarded, because the score of a mixed document cannot be attributed to any one

condition.

GPTZero 

Every text was sent once to GPTZero’s API (model version 2026-08-09-base) and the reply cached.

The document class probability, predicted class, the sub-class (pure AI or AI-paraphrased), and

per-sentence flags were preserved. A text passes when GPTZero’s predicted class is ‘human’. Six

human-written student essays from the ICNALE corpus were scored as controls. They are non-

native writing, which is the population detectors over-flag, so their pass rate is a conservative

bound on the detector’s true-human rate.

3.5 Quality-gated pass rate and composite index

The quality-gated pass rate counts a GPTZero pass only when the same output also clears a

usability gate, which is defined as the semantic cosine of at least 0.95, at least 90 percent of source

citations preserved where the source had any, zero fabricated numbers or entities, zero injected

characters, and length not in the red zone. The share of outputs clearing the gate is reported on its

own as the ‘usable-output rate’. The gate is the same for every tool.

The composite index is an equal-weight mean of min-max normalised tool means over five

components: rewrite depth, semantic faithfulness, distance from the human end of the spectrum,

cleanliness (grammar errors and injected characters), and content integrity (the mean of named-

entity retention, number retention, citation preservation and one minus number corruption). A

second variant adds the quality-gated pass rate as a sixth component. No weights were tuned.

3.6 Statistics



Every tool mean has a 95 percent bootstrap confidence interval (5,000 resamples, seed 11). Since

the design is paired, a Friedman test across tools uses the texts every tool completed (complete-

case n is 15, or 11 for citation metrics), and each tool is compared with TextPulse by a Wilcoxon

signed-rank test on pairwise-complete texts, with raw p-values and Benjamini-Hochberg false-

discovery q-values both reported.

4. Every humanizer moves text toward the human end

Tables 1 to 3 present the per-tool means. Figures F1 to F10 show the distributions.

Tool n Spectrum Cosine Rewrite FK shift AI vocab /1k

TextPulse 48 29 0.971 0.52 -3.6 -39

Grammarly 47 26 0.982 0.35 -0.9 -32

QuillBot 22 106 0.951 0.68 -2.4 -31

Humanize AI Pro 47 52 0.976 0.43 -1.8 -31

StealthWriter 34 25 0.982 0.42 -1.6 -34

Walter Writes 48 51 0.959 0.60 -1.5 -10

HIX Bypass 19 85 0.981 0.39 -0.2 -19

GPTinf 48 53 0.960 0.52 -2.1 -30

UnAIMyText 48 29 0.964 0.54 -1.3 -38

Phrasly 47 57 0.962 0.54 -3.2 -38

Clever Humanizer 24 52 0.977 0.41 -1.5 -26

Untreated texts 48 138 1.000 0.00 0.0 0

Table 1. Style and faithfulness (per-tool means). Spectrum: position on the stylometric axis, human

anchor median 0, AI anchor median 100. Cosine: BGE document similarity to the source. Rewrite:

amount of words changed compared to original text. FK shift: Flesch-Kincaid grade change, a

decrease is the desirable direction. AI vocab: change in AI-leaning lexicon words per 1,000 words,

output minus source. Confidence intervals are in the publicly released results file.

Tool n Entities Numbers Citations Fabricated Grammar +/1k

TextPulse 48 0.95 0.87 0.99 0.48 0.65

Grammarly 47 0.99 0.85 1.00 0.06 4.91

QuillBot 22 0.61 0.51 0.29 0.14 1.60

Humanize AI Pro 47 0.89 0.90 0.98 0.30 0.75



Tool n Entities Numbers Citations Fabricated Grammar +/1k

StealthWriter 34 0.93 0.88 0.96 0.88 1.85

Walter Writes 48 0.81 0.52 0.70 4.44 1.73

HIX Bypass 19 0.94 0.75 0.93 2.74 3.34

GPTinf 48 0.76 0.75 0.63 0.38 2.51

UnAIMyText 48 0.85 0.68 0.97 1.60 2.42

Phrasly 47 0.78 0.83 0.88 2.79 3.58

Clever Humanizer 24 0.97 0.92 0.98 0.50 1.58

Untreated texts 48 1.00 1.00 1.00 0.00 0.00

Table 2. Content integrity, per-tool means. Entities: share of the source’s named entities found in

the output. Numbers, Citations: share of verified ground truth preserved in the output. Fabricated:

invented numbers and named entities per output. Grammar: LanguageTool API errors introduced

per 1,000 words.

Tool n Usable GPTZero pass Gated pass

TextPulse 48 67% 18.8% 10.4%

Grammarly 47 85% 0.0% 0.0%

QuillBot 22 0% 22.7% 0.0%

Humanize AI Pro 47 77% 2.1% 0.0%

StealthWriter 34 38% 0.0% 0.0%

Walter Writes 48 4% 60.4% 0.0%

HIX Bypass 19 37% 0.0% 0.0%

GPTinf 48 33% 14.6% 2.1%

UnAIMyText 48 21% 12.5% 0.0%

Phrasly 47 17% 38.3% 2.1%

Clever Humanizer 24 67% 16.7% 0.0%

Untreated texts 48 0.0%

Table 3. Usability and detection (per-tool rates). Usable: portion of outputs passing the quality gate

(i.e., cosine >= 0.95, citations preserved, no fabrications, no hidden characters, length not in the

‘red zone’). GPTZero pass: share of outputs classified ‘human’. Gated pass: GPTZero pass counted

only on usable outputs.



The 48 untreated (raw AI) texts have a mean position of 138 on the spectrum, exceeding the AI

anchor median of 100. Every humanizer moved its outputs toward the human end (Figure F1).

Figure F1. Every tool and the raw AI texts on the humanness / AI-ness spectrum,

drawn as one scale. The marker is the per-tool mean, the band its 95 percent

confidence interval. The shaded regions are the middle half of the human anchors and

of the AI anchors.

Four tools reach the human range, defined as the middle half of the human anchors (-36 to 33 on

the axis; Figure F1). TextPulse and UnAIMyText are tied at 29 (both n=48; TextPulse 95 percent CI

18 to 40), followed by Grammarly (26, n=47) and StealthWriter (25, n=34). The differences among

the four are insignificant (raw p 0.50 to 0.64 against TextPulse), so the group is a tie on position,

and within it TextPulse is the only tool that rewrote more than half of the source words to reach

this region. Walter Writes (51), Clever Humanizer (52), Humanize AI Pro (52), GPTinf (53) and

Phrasly (57) stop roughly halfway, outside the human range. HIX Bypass (85) and QuillBot (106)

remain at the AI end. QuillBot’s truncated outputs are more AI-like than the AI anchor median.

The features that move a text along this axis are concrete. Mean word length and the long-word

rate are the two strongest ones. For example, a rewrite that turns “used” into “utilized” and “help”

into “facilitate” increases both features. Lexical diversity increases with formal substitution for the

same reason. Nominalizations (“the implementation of” for “implementing”) and -ly adverbs

(“significantly”, “notably”) load toward AI. Sentence-length burstiness loads toward human. For

instance, a paragraph of sentences that all contain 22 to 26 words is flat and uniform, while a

paragraph that mixes a 9-word sentence with a 31-word one is ‘bursty’. Opener repetition loads

toward human as well, since AI model output avoids starting consecutive sentences using the same

openers, while humans prefer this.

5. Deep rewriting vs. faithfulness 



Semantic faithfulness is generally high for most tools. Grammarly and StealthWriter (0.982), HIX

Bypass (0.981), Clever Humanizer (0.977), Humanize AI Pro (0.976) and TextPulse (0.971, CI

0.965 to 0.975) all keep the document meaning close to the original source text. UnAIMyText

(0.964), Phrasly (0.962), GPTinf (0.960) and Walter Writes (0.959), and QuillBot (0.951) are

lower.

Grammarly changed 35 percent of source words and kept 36 percent of source trigrams verbatim.

HIX Bypass changed 39 percent, Clever Humanizer 41 percent, StealthWriter 42 percent, and

Humanize AI Pro 43 percent. TextPulse changed 52 percent and retained only 27 percent of

trigrams, GPTinf 52 percent, Phrasly 54 percent, UnAIMyText 54 percent, and Walter Writes 60

percent. QuillBot (68 percent) changed the most and also lost the most content. The Friedman test

on rewrite depth is significant (chi-square 95.2, p < 0.001, n=15), and TextPulse rewrites

significantly more than Grammarly, StealthWriter, Humanize AI Pro, HIX Bypass and Clever

Humanizer (q of 0.001 or below in each case).

These two measures together define the tool’s position. Among tools that rewrote at least half the

text, TextPulse has the highest faithfulness (0.971 against 0.964 or lower). Among tools with

faithfulness of 0.97 or higher, it has the deepest rewrite (52 percent against 43 percent or lower).

No other tool is in both groups.

6. Content integrity and fabrication rate



Figure F6. Content integrity by tool. Green is better within each column.

Named-entity retention is high for most tools, namely, Grammarly (0.99), Clever Humanizer

(0.97), TextPulse (0.95, CI 0.87 to 1.00), HIX Bypass (0.94), StealthWriter (0.93), Humanize AI

Pro (0.89), UnAIMyText (0.85), Walter Writes (0.81), Phrasly (0.78), GPTinf (0.76) and QuillBot

(0.61). The differences among TextPulse and the light rewriters are not significant. TextPulse keeps

more entities than Walter Writes, Phrasly, GPTinf and QuillBot at raw p from 0.007 to 0.024 (q

0.055 to 0.059); the Friedman test across tools is at p = 0.058 on the 12 complete-case texts that

contain an entity. The entities lost are mostly units dropped when a statistic is reworded (“Cohen’s

d” written as an effect size, “Celsius” written as degrees), author names dropped with a citation,

and species, epoch or instrument names replaced by a description.

Number retention is highest for Clever Humanizer (0.92), Humanize AI Pro (0.90), StealthWriter

(0.88) and TextPulse (0.87, CI 0.85 to 0.90), and lowest for Walter Writes (0.52) and QuillBot

(0.51). Number corruption, the lower-bound rate of values changed in surviving context, is below 4

percent for every tool.

Citation preservation is near complete for Grammarly (1.00), TextPulse (0.994, CI 0.981 to 1.00),

Clever Humanizer (0.98), Humanize AI Pro (0.98), UnAIMyText (0.97) and StealthWriter (0.96),

and drops to 0.93 for HIX Bypass, 0.88 for Phrasly, 0.70 for Walter Writes, 0.63 for GPTinf and

0.29 for QuillBot. TextPulse converts parenthetical citations to narrative ones and merges adjacent

numeric citations, and the matching rules count those as preserved. 

In terms of fabrication, Walter Writes adds 4.4 numbers or named entities per output that do not

exist in the source (4.0 numbers, 0.44 entities); Phrasly adds 2.8 (0.58 entities, the highest), HIX

Bypass 2.7, UnAIMyText 1.6 and StealthWriter 0.9. Clever Humanizer (0.50), TextPulse (0.48, of

which 0.02 entities), GPTinf (0.38), Humanize AI Pro (0.30), QuillBot (0.14) and Grammarly

(0.06) add the least. Fabricated items include invented sample sizes, percentages and confidence

bounds, and invented author names and institutions. Walter Writes fabricates significantly more

than TextPulse (median difference 2.5 items per text, q below 0.001), as do Phrasly, HIX Bypass

and UnAIMyText (q from 0.02 to below 0.001). TextPulse’s fabricated entity rate of one in fifty

outputs is the lowest of any tool that rewrites more than 40 percent of the text.

7. Register, grammar, length and hidden characters

Every tool lowered the Flesch-Kincaid grade. TextPulse lowered it by 3.6 (CI 3.2 to 4.1), Phrasly by

3.2, QuillBot by 2.4, GPTinf by 2.1, Humanize AI Pro by 1.8, StealthWriter by 1.5, Walter Writes by

1.5, Clever Humanizer by 1.5, UnAIMyText by 1.3, Grammarly by 0.9, and HIX Bypass by 0.2. AI

Model-generated academic text reads at a higher grade than published human academic prose, so a

decrease toward the human range is the intended direction, and TextPulse’s decrease is the largest

of any tool.



Grammar errors introduced per 1,000 words are lowest for TextPulse (0.65, CI 0.22 to 1.20) and

Humanize AI Pro (0.75), and highest for Grammarly (4.9), Phrasly (3.6) and HIX Bypass (3.3).

Grammarly’s rate is significantly higher than TextPulse’s (q below 0.001). TextPulse introduces the

fewest grammar errors of any tool compared.

Figure F10. Grammar errors introduced per 1,000 words by each tool, LanguageTool

count in the output minus the source, with 95 percent confidence intervals.



Figure F5. Length discipline in three categories. Bars give the share of outputs in each

length zone; dark green is 0.85 to 1.15 times the source length (the green zone), light

green 0.70 to 1.30 (the yellow zone), amber beyond (the red zone). Within a category

tools are listed by sample size.

Length discipline falls into three categories (Figure F5). Four tools kept length, with 95 percent or

more of outputs inside 0.70 to 1.30 times the source: TextPulse (47 of 48, mean ratio 1.14),

Humanize AI Pro (47 of 47, 1.06), StealthWriter (34 of 34, 1.10) and Clever Humanizer (24 of 24,

1.06). Three tools mostly kept length: Grammarly (42 of 47, ratio 1.25, most outputs expanded into

the yellow zone), Phrasly (43 of 47) and HIX Bypass (18 of 19). Four tools often broke length:

GPTinf (34 of 48, 0.81, in part because of a word cap), UnAIMyText (30 of 48, 1.25), Walter Writes

(32 of 48, 1.33) and QuillBot (0 of 22, all red at a mean ratio of 0.43).

8. Every tool removes AI vocabulary



Figure F7. Change in AI-leaning vocabulary per 1,000 words, output minus source.

Every tool reduced AI-typical vocabulary (Figure F7). The change in AI-leaning lexicon words per

1,000 words is -39 for TextPulse (CI -47 to -32), -38 for Phrasly and UnAIMyText, -34 for

StealthWriter, -32 for Grammarly, -31 for Humanize AI Pro and QuillBot, -30 for GPTinf, -26 for

Clever Humanizer, -19 for HIX Bypass and -10 for Walter Writes. The vocabulary index, which also

credits human-leaning words added, gives the same order with TextPulse at -80 and Walter Writes

at -57. TextPulse removes significantly more AI-leaning vocabulary than Walter Writes, HIX

Bypass, Clever Humanizer, Grammarly, GPTinf and Humanize AI Pro (q from 0.014 to below

0.001), and about the same as Phrasly, UnAIMyText, StealthWriter and QuillBot. It removes the

most of any tool compared.

9. Detector outcomes

9.1 Turnitin

Turnitin returns one AI percentage per document and prints an asterisk under 20 percent. With

one document per tool, every document scored above the threshold (Table 4, Figure F9). TextPulse

and StealthWriter score lowest at 24 percent, then Walter Writes (28), HIX Bypass (35), Humanize

AI Pro (39), Phrasly (46), UnAIMyText (57), Clever Humanizer (61), Grammarly and GPTinf (68),

and QuillBot (74).



Tool n Turnitin AI %

TextPulse 48 24%

StealthWriter 34 24%

Walter Writes 48 28%

HIX Bypass 19 35%

Humanize AI Pro 47 39%

Phrasly 47 46%

UnAIMyText 48 57%

Clever Humanizer 24 61%

GPTinf 48 68%

Grammarly 47 68%

QuillBot 22 74%

Table 4. Turnitin document-level AI percentage per tool. Each document holds only that tool’s

outputs; lower is less flagged.

Figure F9. Turnitin document-level AI percentage by tool. Each bar is one document

holding only that tool’s outputs; lower is less flagged.



Turnitin’s score is a document-level figure, so it gives one number per tool and no per-text

distribution or confidence interval. Read as a ranking, it agrees with GPTZero at the two ends: the

tools that rewrite deeply while keeping the text intact are flagged least, and QuillBot’s truncated

outputs are flagged most. It disagrees in the middle, where Grammarly, which passes nothing on

GPTZero, is flagged at 68 percent, and Walter Writes, which passes GPTZero most often, is flagged

at 28 percent. TextPulse has the lowest Turnitin score of any tool, tied with StealthWriter, while

rewriting 52 percent of the words against StealthWriter’s 42.

9.2 GPTZero

GPTZero classified all 48 untreated texts as AI with probability 1.000 and every one as pure AI

rather than paraphrased. Five of the six human control essays were classified human (one was

flagged at probability 1.000). Across tools, raw pass rates were: Walter Writes 60.4 percent (29 of

48), Phrasly 38.3, QuillBot 22.7, TextPulse 18.8 (9 of 48, CI 8.3 to 29.2), Clever Humanizer 16.7,

GPTinf 14.6, UnAIMyText 12.5, Humanize AI Pro 2.1, and zero for Grammarly, StealthWriter and

HIX Bypass. The Friedman test is significant (chi-square 44.7, p below 0.001). 

10. Passing a detector without breaking the text

Figure F2. Quality-gated GPTZero pass rate against semantic faithfulness. Marker size

is per-tool n; the key lists the tools in order of gated rate with the raw rate beside it.

Markers that share a position are stacked slightly upward so that each stays visible.



The three tools with the highest raw pass rates are three of the four tools with the lowest ‘usable’

output rates. Walter Writes passes 60 percent of its outputs and only 4 percent of them clear the

usability gate; Phrasly passes 38 percent, with 17 percent usable; QuillBot passes 23 percent with

none usable. Figure F4 shows the reason. Walter Writes fails on fabrication in 90 percent of

outputs and on citations in 38 percent, Phrasly on fabrication in 74 percent, QuillBot on length in

100 percent and citations in 64 percent. The tools that keep the text intact most often, Grammarly

(85 percent usable), Clever Humanizer (79 percent), Humanize AI Pro (77 percent) and TextPulse

(67 percent), pass GPTZero at 0, 17, 2 and 19 percent.

Figure F4. Why outputs fail the usability gate, by component. Components overlap, so

bars can exceed 100.



Figure F3. Raw and quality-gated GPTZero pass rate, with 95 percent confidence

intervals on the gated rate.

Counting only passes on usable outputs (Figure F3), TextPulse has the highest gated rate at 10.4

percent (5 of 48, CI 2.1 to 18.8), then Phrasly and GPTinf at 2.1 percent (1 each), and zero for the

other eight tools including Walter Writes. TextPulse’s gated rate is higher than Grammarly’s,

Humanize AI Pro’s, Walter Writes’ and UnAIMyText’s at raw p = 0.025 and StealthWriter’s at p =

0.046. 

Figure F2 plots the gated pass rate against faithfulness. TextPulse is the highest point on the chart.

Walter Writes and Phrasly, the two tools with the highest raw pass rates, are at or near zero on the

gated rate because almost all of their raw passes came from outputs that failed the gate. The light

rewriters are at the far right with no passes.

11. Composite index



Figure F8. Composite index, five text-quality components and the same five plus the

quality-gated detector pass. No weights were tuned.

On the five text-quality components, TextPulse scores 0.811, StealthWriter 0.774, Humanize AI Pro

0.716, Clever Humanizer 0.688, UnAIMyText 0.656, Grammarly 0.587, Walter Writes 0.571,

Phrasly 0.520, GPTinf 0.507, HIX Bypass 0.500 and QuillBot 0.356. Adding the gated pass rate as

a sixth component gives TextPulse 0.843 and StealthWriter 0.645, with the rest of the order nearly

unchanged (Figure F8). TextPulse is first because it is the only tool without a weak component: it

rewrites deeply, keeps meaning, is near the human end, adds few errors, and preserves citations

and numbers. StealthWriter and Grammarly match or beat it on faithfulness and content, and lose

on rewrite depth and, for Grammarly, on grammar. Walter Writes and Phrasly beat it on raw

detector pass and lose on fabrication and citations. Readers who weight the components differently

can recompute the index from the released data.

12. Discussion

The central result is a trade-off. Across eleven tools, the outputs most likely to pass a detector are

the outputs that have changed the underlying meaning of the text. Walter Writes, the tool with the

highest GPTZero pass rate, adds more than four invented numbers or names per 300-word text

and loses 30 percent of the citations. Phrasly, second on pass rate, adds nearly three invented items

and 3.6 grammar errors per 1,000 words. What use is a high pass rate if the text contains errors?

TextPulse was designed to rewrite in a human style, and prioritizes preserving grammar, formality,

entities, citations and meaning, while passing detection. It moves text to the human side of the

spectrum with the top group, rewrites more than half the words, keeps 99 percent of citations and

87 percent of numbers, adds only 0.65 grammar errors per 1,000 words, fabricates almost no

entities, and removes more AI-leaning vocabulary than any tool that keeps the text intact. 



On detection it is first among tools that keep the text intact, at a gated rate of 10 percent with a

confidence interval from 2 to 19 percent, and it is under Turnitin’s reporting threshold. The other

tools prioritise passing detection at the expense of those factors and show a quick degradation in

grammar, formality, entities and meaning, as the figures above demonstrate. 

The detector results have two further implications. Turnitin’s document scores place TextPulse

lowest, tied with StealthWriter at 24 percent, and place the light rewriter Grammarly and the deep

rewriter GPTinf together at 68 percent, so a document-level detector score on its own does not

track rewrite depth or content preservation. GPTZero flags most humanized academic text, labels it

as paraphrased AI, and flagged one of six human control essays. Any humanizer pass rate should be

read against that false-positive rate, and the same sentence-level flags that catch humanized text

will also catch some human writing.

The spectrum position and the vocabulary shift show that the tools change style in a measurable,

consistent direction. Every tool reduced AI-leaning vocabulary, and the reduction is largest for the

tools that rewrite most. Every tool lowered the reading grade. These changes are what a stylometric

detector responds to, and they are also the changes that move a text toward the register of

published human academic writing. The two goals coincide when a tool keeps the content.

13. Limitations and conclusion

The texts were written by four AI generators to a fixed prompt, and the ground truth is what those

generators reported and we verified. Real drafts are longer and less uniform. Each tool was run

once, at one setting, on the dates recorded. Vendors update tools without notice, and these results

must be considered a snapshot. Per-tool n is unequal because free tiers limit throughput, so the

complete-case Friedman tests rest on 15 texts, and several tools have intervals wide enough to

overlap most of the field. Turnitin gives one document-level score per tool with no per-text

distribution, and GPTZero is one detector with one model version. 

Eleven AI text humanizers rewrote the same 48 AI-generated academic texts. All of them moved

the text toward the human end of a frozen stylometric spectrum, reduced AI-leaning vocabulary

and lowered the reading grade. They differed sharply in what they preserved. Tools that pass

GPTZero most often fabricate numbers and names, drop citations and add grammar errors, while

tools that keep the text intact pass less often. TextPulse is the exception on both counts. It is first on

the quality-gated pass rate, first on the composite index with or without the detector, and in the top

group on every content measure while rewriting more than half of the text. The measure that

matters for academic writing is the combination, and by that measure the field has one tool that

keeps the text intact while passing at a measurable rate, and a market that mostly does either one

or the other.

Data availability



The 48 source texts with verified ground truth, all 432 humanized outputs from the eleven tools,

the GPTZero responses for all 480 texts and six controls, the Turnitin document scores, per-text

scores, analysis results, figures, and every script are released at textpulse.ai/research and archived

on Zenodo (DOI 10.5281/zenodo.22153136).
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