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Figure 1 Data synthesis workflow
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Table 1 Prompt template examples
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Figure 2 Data collection and processing workflow
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Table 2 Dataset details by domain

NEBEEHHE Al 2E iR
A BEE
(E B (4
RS 4,000 3,624 3,105 10,729
PEE 4,000 3,342 3,210 10,552
BT [ A 4,000 3,330 3,110 10,440

A~ json X HA 3 Mr%E, HI text. source Fl label, 43 HX B ARFAG I SCAS « H e SRR I B4 3
Do AREAEETTH T 3CACKIE (NZE/Model) Kl N SEEHE FIARTY A il Bl V51 00 1 i LA A
DL B AN B TR A Bl 5 ) P ar il o 7 BB 2, source A48 FH TR iR SCACKYE (Human 55
Model) , label #5325 TR CAR WA HAN (real B fake) , —F BT AEYELIFREREE . BUESE
FEAIRGIANER 3 FIR .
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Table 3 Samples from news and commentary datasets
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BV BRI IUESS : SCASRITAS I VAl A0 A 2 S0 OAS I VA, 901 96 1 B A 7 R A M
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3.2 CARIRHIPRAL
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SCRFRE A SCA RIS I 77 T8 58 2L AR

R4 SURRIFRIUEART LR

Table 4 Comparison of text source detection performance

ek =17 Accuracy (%)
HC3-Chinese 57.63
)%
MDD-TD 96.16
YF dianping 63.47
VIS
MDD-TD 97.13
. DeepSeek 25 63.65
HriE SO
MDD-TD 91.86

3.2.2 WA ARG

WA BRI PPt K B SheepDog il #5200, iZiw I #45 LA 1.25 1¢.2:311¥) ReBERTa-base 4! Ky
BLPEAEARY, i C KRS TEORNZR” AR “ A LSRR, BERAIR T XU R AR A S A TN s
BE TR Y. ARSI IE T SheepDog Rl E, 5 LTCR ## 41, MCFEND %ifis 4£02LL
Gossipeop R PIHEAT X L SL5, FEAEA RIS AT PPAL . DIZREEANINEE 1R 73 Lol 8
2, MRREEAE R AE BN AR 2], SRR BT . Seae 45 a3k 5 Fis, ffiH MDD-TD
ol S (AR A A A % 350 v T 058 F OGS B R SR i 2, 3R 9] MDD-TD H¥ SR e ORI N A 11
Py oy T B A — 5.

RS NEENRIITEART R

Table 5 Comparison of content authenticity detection performance

e k=17 Accuracy (%)

LTCR 43.10

e
MDD-TD# 96.58
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MDD-TD: A dataset of large language model text source and
content authenticity detection

LI Shuo'?, MA Ning!-?*
1. Key Laboratory of Linguistic and Cultural Computing Ministry of Education, Northwest Minzu
University, Lanzhou 730030, P.R. China
2. Key Laboratory of Minzu Languages and Cultures Intelligent Information Processing, Gansu Province,
Northwest Minzu University, Lanzhou 730030, P.R. China
* Email: maning@xbmu.edu.cn (MA Ning)
Abstract: Text detection is a significant research area in natural language processing, aiming to identify the
source and authenticity of text content to help users access more credible information amidst the vast
amount of online data. To address the scarcity of text detection datasets, this study constructs a
Multi-Domain Text Detection Dataset (MDD-TD). The dataset comprises translation-optimized
open-source data, web data collected through web crawling, and synthetic data generated using
prompt-augmentation strategies. Translation data are obtained by translating and refining the

question—answer corpus from the SimpleAI/HC3 dataset. Web-sourced data are collected from the Weibo
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and Douban platforms through web crawling. Synthetic data are generated following a rule-driven
approach, leveraging existing translation and web-sourced data with multiple prompt enhancement
strategies. To ensure data quality, this study employs the PPL method to remove texts with abnormal
perplexity values. Semantic similarity - based deduplication is further applied further used, combined with
manual review to conduct secondary filtering of low-quality samples. Ultimately, 31,721 high-quality
samples are retained and stored in JSON format. Each sample contains three labels: “text”, “source”, and
“label”, where “text” represents the text to be detected, “source” indicates the data origin, and “label”
denotes the authenticity of the text. Evaluation experiments are conducted using two publicly available
detection models, achieving an accuracy of 97.13% in the review domain for source detection and 98.87%
in the news domain for authenticity detection. These results demonstrate that the dataset can serve as an
effective resource for training and evaluating large language models in text detection tasks.

Keywords: large language models; text source; authenticity verification; dataset; data synthesis

Dataset Profile
) MDD-TD: A dataset of large language model text source and content authenticity
Tide detection
Data corresponding author MA Ning(maning@xbmu.edu.cn)
Data author(s) LI Shuo, MA Ning
Data volume 37.57 MB
Data format *json
Data service system https://doi.org/10.57760/sciencedb.29741
Sources of funding National Social Science Fund of China (Grant No.25XYY015)
The dataset includes 31,721 entries in json format, and each json object contains
Dataset composition
three labels: “text,” “source,” and “label.”
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