
Original article

Journal of High School Science, 10(3), 2026                                                                            484

  

An investigation into LLMs’ abilities in discerning between true and false information

Luo H

Submitted: January 1, 2026, Revised: version 1, May 19, 2026, version 2, June 1, 2026, version 3, July 12, 2026, version 4, July 
29, 2026, version 5, August 18, 2026
Accepted: August 19, 2026

Abstract
Large language models (LLMs) may judge whether information appears credible without 
necessarily establishing whether it corresponds to external facts. This study investigates this 
distinction by operationally separating Semantic Truth (ST), defined as the correspondence of 
textual claims with external states of affairs, from Epistemic Truth (ET), defined as the 
credibility or justification conveyed by a text through coherence, plausibility, evidential 
presentation, and consistency. The dataset comprised 274 source texts, including newer BBC and 
CNN articles, older CNN articles, and historical articles, from which controlled variants differing 
in factual accuracy and presentation were generated. In Phase 1, a single LLM reliability score 
remained relatively high even as factual accuracy decreased, with completely fabricated texts 
still receiving mean scores above 3 on a 1–5 scale. In some cases, the model also assigned high 
numerical reliability despite identifying substantial factual problems in its written justification. 
Phase 2 separately evaluated ST and ET across 548 authentic and fabricated observations. ST 
provided stronger discrimination between authentic and fabricated texts than ET, achieving an 
overall AUC of 0.801, sensitivity of 0.766, and specificity of 0.810. However, semantic 
discrimination varied markedly with information familiarity, ranging from near-chance 
performance for newer CNN articles to nearly perfect discrimination for older and historical 
material. These findings demonstrate that targeted semantic prompting improves factual 
discrimination but does not fully separate semantic correspondence from information familiarity, 
plausibility, and other non-factual textual cues. More broadly, the ST–ET framework exposes a 
potentially important form of truth inflation: epistemic credibility may remain high as semantic 
correspondence is progressively degraded through increasing fabrication. This provides a basis 
for future studies to determine how far epistemic credibility can be sustained or inflated as 
factual grounding deteriorates, thereby defining and quantifying an LLM's tolerance for 
increasingly plausible fabrication.
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1. Introduction
Online  false  rumors—sometimes  called 
misinformation  or  disinformation—spread 
rapidly  across  social  media  and  online 
platforms. If left unchecked, such content can 
greatly  influence  public  opinion,  affect 
decision-making,  and  sometimes  cause  social 
or political harm (1). As the volume of online 
information  grows,  it  becomes  increasingly 
challenging  for  humans  alone  to  detect  and 
address  false  content  quickly  and  accurately 
(2).

At  the  same  time,  Large  Language  Models 
(LLMs)  have  become  widely  used  tools  for 
natural  language  understanding,  content 
generation,  and  information  retrieval.  These 
models can analyze large amounts of text data 
and generate human-like responses. From this 
perspective,  using  LLMs  to  detect  false 
information seems like a plausible solution (2). 
However,  while  LLMs  show  impressive 
capabilities, they also have notable limitations, 
occasionally producing inaccurate, misleading, 
or  fabricated  information,  also  known  as 
hallucinations.  Evaluating  their  performance, 
especially  in  critical  contexts  such  as  rumor 
detection, remains a pressing research concern 
(3).  Though  powerful,  an  LLM  itself  has 
limited  mechanistic  interpretability  (a  black 
box); researchers are not fully clear about why 
a model works as intended. As a result, much 
existing  research relies  on empirical  methods 
that identify patterns in LLM behavior (4).

LLMs have shown promising performance in 
fact-checking within specialized areas such as 
medicine. For example, ChatGPT showed high 
performance  when  identifying  myths  about 

Alzheimer’s  disease,  and  clinicians  were 
satisfied  with  its  explanations  (5).  A  recent 
study  comparing  seven  LLMs  with  different 
numbers of parameters concluded that models 
with more parameters generally perform better 
in  fake-news detection.  The study also  noted 
that  fabricated  citations  generally  decrease 
model accuracy and that LLMs are more prone 
to  misclassification  when  evaluating  content 
generated by themselves (6). Another study by 
Saju et al. (7) investigated the performance of 
different LLMs in judging 61,514 claims across 
multiple  languages.  The  researchers  found 
substantial  differences  in  accuracy  across 
languages  and observed that  LLMs are  often 
misled by factual-sounding claims.

The interaction between LLMs and users also 
presents challenges.  DeVerna et  al.  (8) found 
that  AI-generated  fact-checks  did  not 
necessarily  improve  users’  ability  to  discern 
truth  from  falsehood  and  could  even  reduce 
trust  in accurate information when the model 
made  errors.  This  raises  concerns  about 
integrating LLMs into real-world fact-checking 
systems.

To summarize, existing literature indicates that 
LLMs  offer  promising  tools  for  truth 
identification  but  face  critical  challenges. 
Further  research  is  needed  to  develop  more 
robust safeguards and to better understand the 
interplay between LLM capabilities and human 
judgment.  However,  existing  studies  have 
primarily  focused  on  comparing  performance 
across  different  LLMs,  while  giving  less 
attention to how prompting strategies and text 
characteristics shape model judgments.
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A central  difficulty in evaluating truth is that 
factual  correctness  and  justifiability  are 
conceptually  different.  In  correspondence-
based accounts, a statement is true when what 
it asserts matches the relevant state of affairs; 
epistemic evaluation instead concerns whether 
an agent has adequate reasons or evidence for 
accepting it (9). A proposition may therefore be 
true  without  appearing  well  supported,  or 
appear  credible  while  being  false.  This 
distinction  is  especially  relevant  to  LLMs, 
which  generate  judgments  from  learned 
patterns  rather  than  direct  observation  of 
external reality.

Related  distinctions  appear  in  contemporary 
LLM research. Truthfulness benchmarks assess 
whether  model  outputs  are  factually  correct 
(10),  whereas  uncertainty  research  examines 
whether  models  appropriately  represent  the 
reliability of their answers (11). These targets 
are related but  not interchangeable.  However, 
they  are  rarely  operationalized  together  for 
evaluating an LLM’s judgments  of externally 
supplied  texts.  The  present  study  therefore 
adapts  this  established  conceptual  distinction 
into  two  experimental  measures:  Semantic 
Truth  (ST),  targeting  factual  correspondence, 
and  Epistemic  Truth  (ET),  targeting  the 
credibility or justification conveyed by the text.

In  response  to  this  gap,  this  study 
systematically  evaluates  the  capability  of 
LLMs to classify the  truthfulness  of  texts  by 
comparing model judgments on original factual 
reports and carefully constructed variants. The 
findings help illuminate both the strengths and 
limitations  of  current  LLMs  in  supporting 
trustworthy information ecosystems. To further 

examine  why  LLMs  may  overestimate 
unreliable texts, the study introduces a second 
phase based on a two-dimensional conception 
of  truth  evaluation.  Drawing  on  Tarski’s 
semantic  conception  of  truth  (9),  it 
distinguishes  semantic  truth,  which  concerns 
whether a text’s claims correspond to external 
facts  or  states  of  affairs,  from  epistemic 
credibility,  which  concerns  whether  a  text 
appears  coherent,  supported,  and  knowledge-
like in its presentation.

The significance of this study lies in its attempt 
to  move beyond evaluating whether  an LLM 
can produce correct truthfulness judgments and 
toward  explaining  what  kind  of  evidence  the 
model  may  rely  on  when  making  such 
judgments. Existing research has often focused 
on comparing the fact-checking performance of 
different  models,  datasets,  or  languages.  In 
contrast,  this  study  focuses  on  how  the 
structure  of  the  evaluation  prompt,  and  the 
temporal  status  of  the  text  influence  the 
model’s judgment.

This  study  makes  three  main  contributions. 
First, it shows that a single reliability score can 
conceal  semantic–epistemic  misalignment, 
because fabricated texts may receive relatively 
high  overall  scores  even  when  the  model’s 
explanation  expresses  doubt.  Second,  it 
operationalizes  ST  and  ET  as  analytically 
distinct scoring dimensions and evaluates their 
relationship  at  the  article  level  without 
assuming that  they are  independent.  Third,  it 
shows that semantic judgment varies strongly 
with  source  and  temporal  context,  a  pattern 
consistent with differences in model familiarity 
or  internal  knowledge  coverage,  and  remains 
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affected  by  non-factual  cues  despite  targeted 
prompting. The direct ST–ET representation is 
used  to  communicate  this  two-dimensional 
structure,  while  article-level  ROC  analysis 
evaluates  the  discriminative  performance  of 
each score.

2. Materials and Methods

2.1 Dataset construction
Articles were collected from reputable sources 
that are generally considered factually reliable. 
The initial collection contained a larger number 
of  candidate  texts,  but  unusable  outputs, 
duplicated items, empty or incomplete scraped 
texts,  and  other  low-quality  materials  were 
manually removed during later screening. After 
this  filtering  process,  the  final  usable  dataset 
contained  274  source  texts:  26  newer  BBC 
articles,  99  newer  CNN  articles,  100  older 
CNN articles, and 49 historical articles. Newer 
CNN and BBC articles were collected from the 
official  CNN and BBC websites,  older  CNN 
articles  were  drawn  from  CNN’s  September 
2023  archive,  and  historical  texts  were 
collected from history.com.

The BBC and CNN articles mainly consist of 
contemporary  political  headlines  and  reports, 
and the historical articles are informative texts 
about generally known historical events. While 
mainstream media can vary in editorial framing 
and  presentation,  these  sources  are  widely 
accepted  as  being  trustworthy  and  therefore 
suitable for  constructing  a  dataset  containing

factual information.

Articles  were  obtained  in  full  text.  No 
additional  preprocessing  was  applied;  articles 
retained their  original  structure,  wording,  and 
length. To reflect the nature of the diversity of 
Internet  content,  no extra  effort  was taken to 
standardize  variables  such  as  article  length, 
style,  or  lexical  complexity.  Variation  across 
articles  was  instead  treated  as  part  of  the 
natural  diversity  present  in  real-world  news 
reporting.

2.2 Construction of text variants
In Phase 1, each usable base article was edited 
into six additional variations to systematically 
modify  factual  content  and  style.  Variant  #1 
retained factual  accuracy but  paraphrased the 
original  article.  Factual  inaccuracies  were 
introduced  in  Variants  #2,  #3,  and  #4, 
progressing  from  a  single  false  sentence  to 
approximately  50%  false  information  and 
finally to an entirely fabricated article. Variants 
#5  and  #6  maintained  factual  accuracy  but 
altered writing style. More precise details are 
shown in Table 1.

All variations were created using Gemini-2.5-
Flash  with  controlled  prompting  and 
parameters. Variant #0 is the original text. All 
AI-altered  texts  were  manually  checked  to 
ensure  that  the  introduced  inaccuracies  were 
indeed false, and that factual elements intended 
to  remain  unchanged  were  preserved. 
Stylistically  manipulated  versions  were  also 
reviewed for internal coherence.
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Table 1.  Construction and characteristics of phase 1 text variants

Variation # Topic Factual accuracy Writing style

0 Unchanged Truthful, original text Formal, informative

1 Unchanged Truthful, paraphrase Formal, informative

2 Unchanged One sentence is factually false. Formal, informative

3 Unchanged Approximately 50% information is factually false Formal, informative

4 Unchanged Entirely factually false Formal, informative

5 Unchanged Truthful Informal, entertaining

6 Unchanged Truthful Informal, persuasive

2.3 Variables
The  study  includes  several  independent 
variables  corresponding  to  controlled 
characteristics  of  each  text:  factual  accuracy, 
writing  style  (original/formal  vs.  informal-
entertaining  or  informal-persuasive),  temporal 
context  (articles referencing contemporary vs. 
historical  events),  and source  category  (CNN 
newer, BBC newer, CNN older, and historical 
articles).

The dependent variable is the LLM-generated 
reliability  score,  ranging  from  1  (highly 
unlikely  to  be  true)  to  5  (highly  believable). 
The model’s written explanation for each score 
was  also  recorded  for  later  qualitative 
examination.

In  Phase  2,  the  dependent  variable  was 
operationally  separated  into  two  analytically 
distinct  metrics:  Semantic  Truth  Score  and 
Epistemic  Truth  Score.  The  Semantic  Truth 
Score was designed to measure the degree to 
which  the  propositional  content  of  a  text 
corresponds  to  external  facts  or  states  of 
affairs.  This  definition  draws  on  Tarski’s 
semantic conception of truth (9), in which the 
truth of a sentence depends on whether what it 
states  is  the  case.  In  contrast,  the  Epistemic 

Truth  Score  was  designed  to  measure  the 
degree to which the text appears credible as a 
knowledge  claim  based  on  internal  textual 
features,  including  logical  coherence, 
evidential  presentation,  stylistic  consistency, 
and  plausibility.  The  two-score  design  tested 
whether the model could respond differently to 
prompts  targeting  factual  correspondence  and 
prompts targeting perceived credibility.

These  two  scores  were  applied  to  both 
authentic  texts  and  synthesized  fabricated 
variants across the available source categories. 
The  fabricated  variants  used  in  Phase  2 
corresponded to Variation #4 in Phase 1, where 
the  articles  were  designed  to  be  entirely 
factually  false.  This  made  it  possible  to 
compare authentic and fabricated texts within 
each  source  category  while  also  examining 
whether  the  two-score  system  behaved 
differently across newer news, older news, and 
historical information.

2.4 LLM settings and prompting procedure
Texts  were  evaluated  by  OpenAI's  GPT  4.1 
model accessed via OpenAI's API.

In  Phase  1,  a  prompt  was  designed  for  the 
model  to  generate  an  analysis  of  the  factual 
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reliability of the article and an integer between 
1 and 5 to quantify its perceived truthfulness. 
The  prompt  instructed  the  model  to  judge 
factual  reliability  from  multiple  perspectives, 
including  grammar,  style,  and  content. 
Furthermore,  the  prompt  informed  the  model 
that the input texts could refer to events beyond 
its knowledge cutoff date.

In  Phase  2,  two  structurally  parallel  prompts 
were designed to target semantic and epistemic 
truth separately. For the Semantic Truth Score, 
the model was instructed to evaluate the factual 
reliability of the text based on the claims and 
events  described  in  the  article,  regardless  of 
whether the writing style appeared professional 
or coherent. For the Epistemic Truth Score, the 
model  was  instructed  to  evaluate  the  text’s 
internal  credibility,  including  writing  style, 
logical  consistency,  evidential  presentation, 
and  whether  the  article  appeared  like  a 
plausible  knowledge  claim,  without  directly 
judging  whether  the  described  events  were 
factually  true.  This  prompt  separation  was 
intended  to  test  whether  the  model  could 
distinguish  the  two evaluation  targets;  it  was 
not  assumed  to  guarantee  independent 
underlying judgments.

2.5 Statistical analysis
After  data  collection,  reliability  scores  were 
grouped by source category and variant  type. 
Descriptive  statistics,  including  means  and 
standard  deviations,  were  calculated  for  each 
group.  Because  manual  screening  removed 
unusable,  duplicated,  incomplete,  or  low-
quality items, final sample sizes differed across 
source categories and are reported separately. 
Comparisons  were  made  across  factual 

accuracy  levels,  sources,  and  original/formal 
versus  informal-entertaining  and  informal-
persuasive  variants.  Qualitative  analysis  was 
also conducted to examine whether the model's 
explanations aligned with its numerical scores. 
In  addition,  selected  fabricated  texts  were 
inspected for textual features, such as negation 
patterns,  headline-body  consistency,  and 
plausibility,  that  could  affect  how  easily 
fabricated content was detected.

For  Phase  2,  descriptive  statistics  were 
calculated separately for ST and ET across all 
source  categories  and  truth  conditions.  To 
compare authentic and fabricated texts within 
each  source  category,  paired-samples  t-tests 
and  Wilcoxon  signed-rank  tests  were 
conducted  when  observations  were  paired  by 
base article. To compare ST and ET generated 
from the same texts, paired-samples tests were 
also  used.  These  analyses  examined  whether 
the two-score system exposed distinctions that 
were  obscured  by  the  single  reliability  score 
used in Phase 1.

For the article-level analysis,  all  548 Phase 2 
observations  were  retained  as  individually 
labeled authentic or fabricated texts.  A direct 
ST–ET visualization was used to examine the 
joint  distribution  of  the  two  scores.  Dashed 
boundaries at ST = 3 and ET = 3 represent the 
midpoint  of  the  scoring  scales  and  are 
descriptive rather than optimized classification 
thresholds.  Receiver  operating  characteristic 
(ROC) analysis treated fabricated texts as the 
positive class. Because lower ST and ET values 
indicated  a  greater  likelihood  of  fabrication, 
both  scores  were  oriented  accordingly  when 
calculating  the  area  under  the  curve  (AUC). 
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For  each  metric,  the  threshold  maximizing 
Youden’s  J  statistic  was  used  to  report 
sensitivity,  specificity,  and accuracy.  Because 
the thresholds were selected and evaluated on 

the  same  dataset,  they  are  exploratory  and 
require validation on independent data.

3. Results

Table 2. Phase 1 reliability scores across source categories and text variants 

Source Data #0 #1 #2 #3 #4 #5 #6

BBC News Newer Mean 4.15 4.08 4.08 3.88 3.73 3.73 3.54

BBC News Newer SD 0.97 1.24 1.10 1.16 1.20 1.03 1.27

CNN News Older Mean 4.88 4.86 4.70 4.66 4.08 3.76 4.70

CNN News Older SD 0.33 0.35 0.55 0.60 0.88 0.94 0.46

CNN News Newer Mean 4.17 3.94 4.04 4.02 3.37 3.56 3.75

CNN News Newer SD 0.95 1.04 1.03 0.98 1.16 0.82 0.90

Historical Articles Mean 4.90 4.90 4.44 4.44 3.16 4.10 4.88

Historical Articles SD 0.37 0.31 0.82 0.82 1.29 0.86 0.39

Table 2 shows the average reliability scores (1-
5 scale) assigned by the model to different text 
types  and  sources  in  Phase  1.  Across  all 
conditions,  scores are relatively high,  ranging 
from 3.37 to 4.90. This indicates that the model 
generally rated most  texts as reliable under a 
one-dimensional truth-evaluation framework.

Scores generally declined as factual inaccuracy 
increased across Variants #2–#4 relative to the 
truthful  conditions  (#0  and  #1),  although  the 
pattern  was  not  strictly  monotonic  across  all 
sources.  For  example,  in  the  CNN  News 
category,  scores  drop from 4.17 (#0)  to  3.37 
(#4).  Groups  #5  and  #6,  which  contain 
factually  accurate  texts  with  informal-
entertaining  or  informal-persuasive  writing 
styles, generally received lower scores than the 
original  factual  texts  (#0),  although  their 
relationship to the entirely fabricated condition 
(#4) varied by source.

Differences  also  emerge  between  sources. 
CNN  News  Older  and  Historical  Articles 
generally  received  higher  scores  (4.08-4.90) 
than  the  newer  BBC  and  CNN  categories 
(3.37-4.17), although this pattern varied across 
text variants.

Table  3  presents  the  descriptive  statistics  for 
Phase 2, in which truth evaluation was divided 
into  Semantic  Truth  Scores  and  Epistemic 
Truth  Scores.  Across  all  sources,  authentic 
texts  received a  higher  mean Semantic  Truth 
Score than fabricated texts, 4.05 compared with 
1.82.  Authentic  texts  also  received  a  higher 
mean  Epistemic  Truth  Score  than  fabricated 
texts, 4.93 compared with 3.94. These results 
indicate that the two-score framework captured 
distinctions that were less visible in the original 
single reliability score.
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Table 3. Semantic truth and epistemic truth scores for authentic and fabricated texts by source 
category 

Source / Text Type
Truth 

Condition
Semantic Mean Semantic SD Epistemic Mean

Epistemic 
SD

n

BBC News Newer True 2.62 1.86 4.81 0.63 26

BBC News Newer Fabricated 1.19 0.80 3.27 1.12 26

CNN News Newer True 3.19 1.91 4.93 0.26 99

CNN News Newer Fabricated 3.01 1.92 4.87 0.51 99

CNN News Older True 4.94 0.24 4.98 0.14 100

CNN News Older Fabricated 1.19 0.77 3.63 1.10 100

Historical Articles True 4.76 0.72 4.88 0.39 49

Historical Articles Fabricated 1.02 0.14 3.06 1.13 49

All Sources True 4.05 1.61 4.93 0.31 274

All Sources Fabricated 1.82 1.56 3.94 1.18 274

The two-score framework also revealed strong 
source-level  variation.  For  CNN News  Older 
and Historical Articles, Semantic Truth Scores 
showed large authentic-fake differences. CNN 
News Older decreased from 4.94 in authentic 
texts to 1.19 in fabricated texts, and Historical 
Articles  decreased  from  4.76  to  1.02.  These 
large  decreases  suggest  that  the  model  was 
better  able  to  distinguish  fabricated  content 
when  the  relevant  information  was  older  or 
historical.  BBC  News  Newer  also  showed  a 
decrease,  from  2.62  to  1.19,  although  the 
authentic  BBC  texts  already  received  a 
relatively low Semantic Truth Score.

The major exception was CNN News Newer. 
In  this  category,  authentic  texts  received  a 
mean  Semantic  Truth  Score  of  3.19,  while 
fabricated texts received a mean score of 3.01. 
The difference was only 0.18.  The Epistemic 
Truth Score showed an even smaller difference, 
decreasing  only  from  4.93  to  4.87.  This 
suggests  that  the  model  had  difficulty 

distinguishing  authentic  and  fabricated  newer 
CNN texts, even when explicitly prompted to 
evaluate semantic truth.

Table 4 compares authentic and fabricated texts 
within  each  source  category.  The  largest 
semantic  differences  appeared  in  CNN News 
Older and Historical Articles, with differences 
of  3.75  and  3.73,  respectively.  BBC  News 
Newer  showed  a  smaller  but  still  noticeable 
semantic difference of 1.42. In contrast, CNN 
News  Newer  showed  minimal  separation 
between authentic and fabricated texts, with a 
semantic  difference  of  only  0.18  and  an 
epistemic difference of only 0.06.

Paired  statistical  tests  (Table  5)  support  this 
pattern.  The authentic-fabricated difference in 
Semantic Truth Scores was significant for BBC 
News Newer, CNN News Older, and Historical 
Articles.  However,  the  CNN  Newer  ST 
comparison was test-dependent: it did not reach 
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significance  by  the  paired  t-test  (p=.052)  but did by the Wilcoxon signed-rank test (p=.034).

Table 4. Authentic–fabricated differences in semantic and epistemic truth scores by source 
category 

Source category
Semantic M: 

True
Semantic M: 
Fabricated

Semantic 
Difference

Epistemic M: 
True

Epistemic M: 
Fabricated

Epistemic 
Difference

BBC News Newer 2.62 1.19 1.42 4.81 3.27 1.54

CNN News Newer 3.19 3.01 0.18 4.93 4.87 0.06

CNN News Older 4.94 1.19 3.75 4.98 3.63 1.35

Historical Articles 4.76 1.02 3.73 4.88 3.06 1.82

Overall 4.05 1.82 2.24 4.93 3.94 0.99

Table 5. Statistical comparison of authentic and fabricated semantic and epistemic truth scores 

Source category Score Type Mean Difference Paired t-test p Wilcoxon p

BBC News Newer Semantic 1.42 < .001 .002

BBC News Newer Epistemic 1.54 < .001 < .001

CNN News Newer Semantic 0.18 .052 .034

CNN News Newer Epistemic 0.06 .259 .298

CNN News Older Semantic 3.75 < .001 < .001

CNN News Older Epistemic 1.35 < .001 < .001

History Articles Semantic 3.73 < .001 < .001

History Articles Epistemic 1.82 < .001 < .001

Overall Semantic 2.24 < .001 < .001

Overall Epistemic 0.99 < .001 < .001

Table  6  reports  the  difference  between 
Epistemic  Truth  Scores  and  Semantic  Truth 
Scores. This gap measures the degree to which 
a text appears more credible than it is factually 
reliable.  Overall,  authentic  texts  had  a  mean 
gap of 0.87, while fabricated texts had a much 
larger  mean  gap  of  2.12.  This  means  that 
fabricated  texts  often  received  much  lower 
factual-correspondence  scores  than  surface-
credibility  scores.  In  other  words,  fabricated 
texts  could  still  appear  credible  in  style, 

structure,  and  presentation  even  when  their 
factual correspondence was low.

The smallest gaps appeared in authentic CNN 
News Older and authentic Historical Articles, 
with gaps of 0.04 and 0.12, respectively. This 
suggests  that  when  the  model  was  judging 
information more  likely  to  be  covered by its 
training  data,  semantic  truth  and  epistemic 
credibility  tended  to  align.  By  contrast, 
fabricated texts and newer news texts produced 
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much larger gaps. CNN News Newer Fake was 
especially  notable  because  it  retained  both  a 
high  Epistemic  Truth  Score  of  4.87  and  a 
moderate  Semantic  Truth  Score  of  3.01, 

suggesting  that  the  model  treated  many 
fabricated  newer  CNN texts  as  plausible  and 
potentially true.

Table 6. Semantic–epistemic score discrepancy (ET−ST) by source category and truth condition 

Source category Truth condition Epistemic M Semantic M
Epistemic – Semantic 

Difference

BBC News Newer True 4.81 2.62 2.19

BBC News Newer Fabricated 3.27 1.19 2.08

CNN News Newer True 4.93 3.19 1.74

CNN News Newer Fabricated 4.87 3.01 1.86

CNN News Older True 4.98 4.94 0.04

CNN News Older Fabricated 3.63 1.19 2.44

Historical Articles True 4.88 4.76 0.12

Historical Articles Fabricated 3.06 1.02 2.04

Overall True 4.93 4.05 0.87

Overall Fabricated 3.94 1.82 2.12

Table  7  provides  the  requested  article-level 
evaluation of ST and ET. With fabricated texts 
treated as the positive class, ST produced the 
higher AUC (.801).  The rule ST < 2 yielded 
sensitivity  of  .766,  specificity  of  .810,  and 
accuracy  of  .788.  ET  produced  an  AUC  of 
.760;  the  rule  ET  <  5  yielded  sensitivity  of 
.569, specificity of .938, and accuracy of .754. 
Thus, ST was the stronger direct classification 

signal, while ET captured a different aspect of 
the  model’s  judgment:  perceived  credibility. 
Descriptive  source-stratified  ST  AUCs  were 
.717  for  BBC  News  Newer,  .529  for  CNN 
News Newer, .984 for CNN News Older, and 
1.000  for  Historical  Articles.  This  pattern 
reinforces  the  association  between  semantic 
truth judgment and source/temporal context.

Table 7. Article-level classification performance of semantic and epistemic truth scores 

Metric
Fabricated classification 

rule
AUC Sensitivity Specificity Accuracy Youden J

ST ST < 2 .801 .766 .810 .788 .577

ET ET < 5 .760 .569 .938 .754 .507
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Figure 1. Receiver operating characteristic (ROC) analysis of Semantic Truth (ST) and Epistemic Truth (ET) scores 
for discrimination between authentic and fabricated texts. Fabricated texts were treated as the positive class, with 
lower ST and ET scores indicating greater likelihood of fabrication. ST showed greater overall discriminative 
performance (AUC = 0.801) than ET (AUC = 0.760). The diagonal reference represents chance-level discrimination 
(AUC = 0.50).

Figure 1 presents the ROC analysis and further 
clarifies the different roles of ST and ET. Both 
metrics  performed  above  chance,  indicating 
that  each  captures  meaningful  information 
related to the distinction between authentic and 
fabricated  texts.  However,  ST  achieved  a 
higher AUC and a more balanced sensitivity–

specificity  trade-off,  suggesting  that  semantic 
evaluation provides a stronger direct signal for 
factual discrimination. In contrast, ET showed 
higher  specificity  but  lower  sensitivity, 
indicating  that  credibility  judgments  may 
remain high for  fabricated texts that  preserve 
coherent structure and plausible presentation.

Table 8. Comparison of authentic–fabricated score separation between phase 1 and phase 2 

Source category
Phase 1 #0 

Mean
Phase 1 #4 

Mean
Phase 1 

Difference
Phase 2 Semantic 

Difference
Phase 2 Epistemic 

Difference

BBC News Newer 4.15 3.73 0.42 1.42 1.54

CNN News Newer 4.17 3.37 0.80 0.18 0.06

CNN News Older 4.88 4.08 0.80 3.75 1.35

Historical Articles 4.90 3.16 1.74 3.73 1.82

Table  8  compares  Phase  1's  single  reliability 
score  with  Phase  2's  dual-score  system.  For 
BBC  News  Newer,  CNN  News  Older,  and 
Historical  Articles,  Phase  2  produced  larger 
authentic–fabricated  separation  than  Phase  1. 
For CNN News Newer,  its  Phase 2 semantic 

difference  was  only  0.18,  smaller  than  the 
Phase 1 reliability difference of 0.80.

4. Discussion

4.1 Phase 1
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The  high  overall  scores  suggest  that  the 
language model tends to classify most texts as 
reliable,  even  when  their  factual  accuracy 
varies.  Although  the  scale  is  meant  to  range 
from 1 to 5, the average scores given for group 
#4,  which  consists  of  completely  factually 
inaccurate  articles,  remained  above  3.  This 
implies  that  the  LLM  tends  to  overestimate 
factually  unreliable  articles,  highlighting  a 
potential  limitation:  the  model  may  not  be 
sufficiently  discriminating  in  its  reliability 
judgments.

Nevertheless,  reliability  scores  generally 
decreased as factual inaccuracy increased from 
the truthful conditions (#0 and #1) through the 
progressively  fabricated  conditions  (#2–#4), 
indicating  some  ability  to  detect  false  or 
misleading  information.  However,  the 
relatively small range of scores implies that its 
numerical judgments do not scale strongly with 
accuracy.  Moreover,  standard deviations were 
generally larger in the more heavily fabricated 
conditions  than in  the  original-text  condition, 
although the pattern was not monotonic across 
all intermediate variants.

The lower scores for groups #5 and #6, relative 
to  the  original  factual  texts,  indicate  that 
stylistic  presentation  can  influence  reliability 
judgments  even  when  factual  content  is 
preserved.  The  entertaining  and  persuasive 
variants  therefore  suggest  that  the  model's 
numerical  assessment  is  sensitive  not  only to 
factual accuracy but also to presentation

The  difference  between  older  sources  and 
contemporary news points to the influence of 

the  model's  training  data  cutoff.  Higher 
reliability scores for older content likely reflect 
greater familiarity with that information, while 
lower  scores  for  recent  articles  suggest 
limitations  in  evaluating  newer  information. 
For  CNN News Older  and historical  articles, 
whose contents existed on the internet  before 
the  LLM's  knowledge  cutoff,  the  standard 
deviation  of  the  evaluation  scores  shows  a 
more explicit increasing pattern from groups #1 
to #4, compared with the weaker pattern found 
in  the  newer  article  sources.  This  further 
suggests that  the LLM seems more confident 
when  evaluating  articles  that  are  possibly 
represented in its training data.

Reviewing  the  LLM's  justifications  for  its 
scoring reveals unexpected results. The model's 
scores  were  sometimes  inconsistent  with  its 
explanations, especially for groups #3 and #4, 
where textual accuracy was low. In some cases, 
even though the model successfully identified 
major  flaws  in  the  input  articles,  it  still 
assigned  them  a  high  reliability  score, 
sometimes as high as 4 or 5. This observation 
suggests  that  the  tested  LLM may be  overly 
lenient in its final numerical judgments. Such 
inconsistency  may  be  related  to  response-
tuning  tendencies,  although  this  explanation 
remains speculative.

The  following  is  an  example  of  such  cases, 
where  the  LLM  labeled  the  article  (which 
belongs to group #4 of the 2025 CNN articles) 
with a relatively high score of 4. However, it 
can be seen that the model explicitly doubts the 
credibility and logical correctness of the article 
in its self-justification.
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1. Likelihood of falsehood or deception: The text is likely to be misleading or partially fabricated.

2. Suspicious elements:
- The article claims a highly sensitive and consequential cyber-military operation ("Desert Echo") was conducted 
jointly by the US and Israel against Iran, which failed spectacularly and led to a strategic delay by President 
Trump. There has been no credible public reporting or confirmation of such an operation or failure, which would 
be a major intelligence and geopolitical event.
- The narrative relies heavily on anonymous sources and "leaked classified assessments," a common trope in 
unverified or speculative reporting.
- The description of Iranian cyber capabilities being "significantly more advanced than previously assessed" and 
successfully disrupting US satellite communications and commercial shipping lanes is dramatic and 
unprecedented, with no corroborating evidence.
- The article implies a covert, high-level conspiracy bypassing diplomatic channels, which is plausible in 
intelligence contexts but presented here without any supporting evidence beyond anonymous quotes.
- The tone and framing suggest a sensational leak meant to explain a political decision (Trump’s delay) as a cover-
up for military failure, which fits patterns of disinformation or politically motivated leaks.
- The timing and context (mentioning Trump as president) suggests this is a retrospective or fabricated story, as 
Trump left office in January 2021, and no such episode was publicly known during his tenure.

3. Believable elements:
- It is plausible that cyber operations are part of US-Israeli coordination regarding Iran.
- The notion of strategic delays to assess intelligence or prepare military options is consistent with real-world 
decision-making.
- Anonymous sources are common in intelligence reporting, though their presence alone does not guarantee truth.

Reasoning:
The article reads as a sensational exposé with dramatic claims but no verifiable evidence. The lack of any known 
credible reporting on such a significant event, the reliance on anonymous sources, and the extraordinary claims 
about Iranian cyber capabilities and their immediate impact on US assets raise serious doubts. The story fits a 
pattern of speculative or politically motivated leaks intended to cast doubt on leadership decisions and escalate 
tensions. Without corroboration, the text should be treated as unreliable.

4.2 Phase 2
The updated Phase 2 results  provide stronger 
evidence that semantic truth evaluation varies 
with  source  and  temporal  context,  consistent 
with  an  influence  of  model  familiarity  and 
internal knowledge coverage. In Phase 1, older 
CNN articles  and  historical  articles  generally 
received  higher  reliability  scores  than  newer 
BBC and CNN articles,  although this  pattern 
varied across text variants. This pattern likely 
reflects  the  model's  greater  familiarity  with 

information  that  existed  before  or  within  its 
training period. Since events occurring before 
2024 were more likely to have been included in 
the model's training data, the model may have 
had  stronger  internal  access  to  factual 
associations related to older news and historical 
events.  In  contrast,  articles  concerning newer 
events were less likely to be represented in the 
model's  internal  knowledge.  As  a  result,  the 
model's evaluation of newer texts relied more 
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heavily  on  indirect  cues  such  as  plausibility, 
style, and internal consistency.

The  Phase  2  data  further  support  this 
interpretation.  Authentic  older  CNN  articles 
and  historical  articles  received  very  high 
Semantic  Truth  Scores,  and  their  fabricated 
counterparts received very low Semantic Truth 
Scores.  This  produced  large  authentic-
fabricated  semantic  differences  of  3.75  for 
CNN  News  Older  and  3.73  for  Historical 
Articles.  These  results  suggest  that  when the 
relevant  events  or  facts  are  likely  to  be 
represented  in  the  model's  training  data,  the 
model  can  compare  the  input  text  against  its 
internal factual knowledge more effectively. In 
such  cases,  semantic  truth  and  epistemic 
credibility  also  tended  to  align  for  authentic 
texts,  as  shown  by  the  very  small  semantic-
epistemic  gaps  in  older  CNN  and  historical 
articles.

However,  newer  information  remained  more 
difficult.  BBC  News  Newer  authentic  texts 
received relatively low Semantic Truth Scores, 
and  CNN  News  Newer  showed  minimal 
difference  between  authentic  and  fabricated 
texts.  Even  under  the  semantic  prompt, 
fabricated CNN News Newer texts received a 
mean Semantic Truth Score of  3.01,  close to 
the  authentic  mean  of  3.19.  One  possible 
explanation  is  that  the  model  lacked  direct 
knowledge of post-cutoff events and therefore 
relied  on  plausibility  and  journalistic  style. 
Because  many  fabricated  CNN  texts  were 
coherent and realistic, the model treated them 
as semantically possible.

Qualitative  inspection  provides  an  additional 
explanation  for  the  difference  between  BBC 
News  Newer  Fake  and  CNN  News  Newer 
Fake. When being subjectively reviewed, some 
BBC fabricated texts appeared to contain more 
visible signals of fabrication, including explicit 
and  unnatural  negation,  factual  reversal,  or 
illogical tension between the introduction and 
body text. These features may have made their 
unreliability easier for the model to recognize 
as a textual anomaly. In contrast, many CNN 
News Newer fabricated texts preserved a more 
natural  journalistic  structure  with  plausible 
institutional  references,  numerical  details, 
background  context,  and  quotation-style 
evidence.  This  suggests  that  LLM’s semantic 
truth  judgment  is,  to  some  extent,  also 
confounded by the style and appearance of text 
itself.

At  the  same  time,  Phase  2  provides  a  more 
informative  evaluation  framework than  Phase 
1.  For  older  CNN  and  historical  texts,  the 
semantic  dimension  produced  much  stronger 
authentic-fabricated separation than the single 
reliability  score.  For  CNN  News  Newer, 
however, the model failed to separate authentic 
and  fabricated  texts  even  when  prompted  to 
focus  on  semantic  truth.  This  failure  is 
informative  because  it  shows  that  prompt 
design alone cannot overcome the absence of 
external factual access.

4.3 Epistemic credibility and Tarski’s semantic 
conception of truth
The relative stability of Epistemic Truth Scores 
is expected, given the design of the experiment. 
In  constructing  the  dataset,  the  texts  were 
intentionally kept close to the style of real news 



Original article

Journal of High School Science, 10(3), 2026                                                                            498

articles.  Even  the  fabricated  variants  were 
designed  to  remain  coherent,  plausible,  and 
journalistic  in  presentation.  Therefore,  most 
texts  preserved  surface  features  normally 
associated  with  credible  information.  This 
explains  why  authentic  texts  received 
consistently  high Epistemic Truth Scores  and 
why  many  fabricated  texts  still  retained 
moderate  or  high epistemic scores.  Epistemic 
credibility,  in  this  sense,  reflects  how 
knowledge-like  the  text  appears,  not  whether 
its claims are actually true.

The  difference  between  Semantic  and 
Epistemic Truth Scores is therefore central to 
the  interpretation  of  this  study.  Overall, 
fabricated  texts  had  a  much  larger  gap  than 
authentic  texts,  meaning  that  they  appeared 
more credible than they were factually reliable. 
This  pattern  helps  explain  the  overestimation 
observed  in  Phase  1.  When  the  model  was 
asked to assign one overall reliability score, it 
likely  combined semantic  cues  and epistemic 
cues  into  a  single  judgment.  A  fabricated 
article  could  therefore  receive  a  moderately 
high score if it were written in a professional 
style, contained plausible details, and followed 
a coherent journalistic structure.

This  distinction  is  closely  related  to  Tarski’s 
semantic conception of truth.  Tarski  connects 
the  truth  of  a  sentence  to  whether  what  the 
sentence  states  is  actually  the  case.  For 
example,  Tarski  explains  the  classical 
conception through the idea that  the sentence 
“snow is white” is true if and only if snow is 
white, and he also describes truth as involving 
correspondence between a sentence and reality 
or  an existing state  of  affairs  (9).  Applied to 

this study, the Semantic Truth Score attempts 
to  approximate  this  correspondence-based 
conception of truth, while the Epistemic Truth 
Score captures a different dimension: whether 
the  text  appears  credible  as  a  piece  of 
discourse.

This  theoretical  distinction  clarifies  the  main 
limitation of using LLMs for truth evaluation 
without external retrieval. A model can judge 
whether  a  text  sounds  coherent,  whether  its 
claims  are  plausible,  and  whether  its  style 
resembles trustworthy journalism. It may also 
compare  the  text  with  factual  patterns  that 
already  exist  in  its  training  data.  However, 
when  the  relevant  event  is  newer  than  its 
training cutoff, the model does not have direct 
access to the external state of affairs required 
for a strict semantic truth judgment. Therefore, 
its  Semantic  Truth  Score  is  not  an  objective 
verification  of  truth  but  a  prompted  estimate 
based on internal knowledge.

To  further  illustrate  how  the  model  can  be 
applied to truth evaluation, Figure 2 plots ST 
directly  against  ET.  Each  marker  represents 
one  article-level  observation,  and  the  dashed 
lines at the midpoint of each scale create four 
descriptive regions.

The  four  regions  provide  a  conceptual 
vocabulary  for  interpreting  the  joint  scores. 
High ST and high ET correspond to grounded 
information; low ST and high ET to plausible 
falsehoods;  low  ST  and  low  ET  to  obvious 
falsehoods; and high ST and low ET to poorly 
supported truths.
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The  observed  distribution  supports  two 
conclusions.  Authentic  older  CNN  and 
historical  texts  cluster  mainly  in  the 
high-ST/high-ET region, while their fabricated 
counterparts appear predominantly at lower ST 
values.  In  contrast,  authentic  and  fabricated 
CNN  News  Newer  observations  overlap 
extensively.  This  source-dependent  pattern  is 

consistent  with  an  influence  of  temporal 
information familiarity and internal knowledge 
coverage  on  semantic  judgment.  The 
persistence of high ET values and overlapping 
ST values for newer, plausible texts also shows 
that targeted semantic prompting did not fully 
isolate  factual  correspondence  from 
plausibility, style, and familiarity.

Figure 2. Article-level semantic–epistemic truth distribution. Semantic Truth (ST) represents the model’s 
assessment of factual correspondence, whereas Epistemic Truth (ET) represents perceived credibility based on 
coherence, plausibility, and evidential presentation. Each point represents an individual authentic or fabricated text. 
Dashed lines at ST = 3 and ET = 3 denote the descriptive midpoints of the 1–5 scoring scales and divide the plot into 
four interpretive regions: high ST/high ET (grounded information), low ST/high ET (plausible falsehoods), low 
ST/low ET (apparent falsehoods), and high ST/low ET (poorly supported truths). These boundaries are descriptive 
and were not optimized as classification thresholds.

Overall,  Phase  2  shows  that  separating 
semantic truth from epistemic credibility makes 
model behavior more interpretable. The clearer 
performance  on  older  CNN  and  historical 
information  and  the  failure  on  CNN  News 
Newer indicate that semantic judgment remains 
dependent on internal knowledge coverage and 

non-factual  cues.  Without  external  evidence, 
ST  is  a  prompted  estimate  rather  than  an 
objective verification of truth.

4.4 Limitations
Several  limitations  should  be  acknowledged. 
First, this study focuses only on written English 
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texts  and  one  LLM.  Images,  video,  audio, 
multilingual misinformation, and other models 
may produce different patterns. Second, sample 
sizes differed across source categories.  Third, 
the ST–ET quadrant boundaries were fixed at 
the midpoint of the 1–5 scales for descriptive 
interpretation  and  were  not  empirically 
optimized.

Another limitation concerns the construction of 
fabricated  texts.  Although  fabricated  variants 
were  designed  to  be  entirely  false  while 
preserving  a  realistic  news  style,  qualitative 
inspection  suggests  that  the  subtlety  of 
fabrication varied across sources. Some degree 
of  inconsistency is  present  when Gemini-2.5-
flash  constructs  the  factually  false  texts,  as 
demonstrated  previously  by  the  slight 
difference between the factually false versions 
of “CNN News New” and “BBC News New”. 
Therefore,  confounding  factors  may  not  be 
fully  eliminated  when  assessing  how 
effectively GPT-4.1 evaluated the truth scores 
of each text.

4.5 Perspective
The  distinction  between  semantic  truth  (ST) 
and  epistemic  truth  (ET)  opens  a  broader 
research direction beyond binary classification 
of  authentic  and  fabricated  information.  A 
particularly valuable research question is how 
long epistemic credibility can remain elevated 
as  semantic  correspondence  is  progressively 
degraded through increasing fabrication. Rather 
than comparing only completely authentic and 
completely  fabricated  texts,  future  studies 
could  systematically  introduce  increasing 
degrees of  factual  distortion while  preserving 
the  style,  coherence,  and  plausibility  of  the 

original text. Such experiments would identify 
a  truth-stretching  threshold:  the  degree  of 
semantic  deviation  that  can  be  introduced 
before  the  model's  judgment  changes 
substantially.  This  would  transform 
misinformation  detection from a  binary  true–
false  problem into  the  study of  a  continuous 
transition from factual information to plausible 
falsehood.

The ST–ET framework provides a natural basis 
for examining this transition. As factual content 
is  progressively  altered,  ST  should  ideally 
decline  in  proportion  to  the  loss  of  factual 
correspondence.  ET,  however,  may  remain 
relatively stable if the altered text continues to 
appear  coherent,  authoritative,  and  well 
supported.  The  divergence  between  these 
trajectories  could  therefore  reveal  a  form  of 
truth inflation, in which the apparent credibility 
of a text remains disproportionately high as its 
factual  grounding  deteriorates.  The  important 
question would no longer be simply whether an 
LLM  detects  a  false  article,  but  how  much 
factual  distortion  the  model  tolerates  before 
credibility  and  semantic  grounding  become 
measurably disconnected.

Testing  this  hypothesis  will  require  more 
controlled manipulation of fabrication subtlety 
than was possible in the present study. Future 
datasets  could  introduce  factual  changes 
incrementally—for  example,  altering 
individual  quantities,  dates,  entities,  causal 
relationships, quotations, and eventually entire 
events—while  holding  writing  style  and 
structure as constant as possible. Such designs 
could  determine  whether  truth  degradation 
produces a gradual response or whether LLM 
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judgments  exhibit  thresholds  at  which  ST 
changes  abruptly.  They  could  also  establish 
whether  different  forms  of  distortion  have 
different  truth-stretching  limits;  changing  a 
numerical value, for example, may be treated 
differently  from  inventing  an  event  that 
remains contextually plausible.

Relative  measures  such  as  ET/ST  could  be 
investigated within this framework as candidate 
measures of truth inflation. The value of such a 
ratio  should  not  be  assumed,  however,  but 
tested against the direct ST and ET scores and 
alternative discrepancy measures. Article-level 
ROC  analysis,  sensitivity,  specificity, 
precision,  F1-score,  calibration  analysis,  and 
independent validation could establish whether 
ET/ST  identifies  progressively  distorted 
information more effectively than ST alone or 
the  absolute  ET−ST  difference.  This  would 
allow the data, rather than the definition of the 
metric, to determine which representation best 
captures semantic–epistemic discordance.

A  further  opportunity  is  to  determine  what 
controls  the  truth-stretching  threshold. 
Hierarchical  or  mixed-effects  models  could 
quantify the contributions of source category, 
temporal  distance  from  the  model's  training 
cutoff,  fabrication  magnitude,  textual 
plausibility,  writing style,  and type of  factual 
alteration. The present finding that newer CNN 
texts  were  considerably  more  difficult  to 
discriminate  than  older  or  historical  material 
suggests that  the tolerance for  distortion may 
itself  depend  on  the  model's  familiarity  with 
the  underlying  information.  The  same 
experiment should therefore be repeated across 
multiple  LLMs,  model  generations,  subject 

domains, languages, and levels of training-data 
familiarity,  with  human  judgments  and 
retrieval-based  factual  verification  serving  as 
external reference points.

Ultimately,  this  research  direction  could 
produce  a  more  informative  benchmark  than 
asking whether an LLM can simply distinguish 
truth  from  falsehood.  Quantifying  how 
epistemic  credibility  changes  as  semantic 
correspondence  is  progressively  degraded 
could establish a threshold at which plausible 
presentation  can  no  longer  sustain  perceived 
credibility. Such  a  benchmark  could  be 
particularly  relevant  to  real-world 
misinformation, where misleading information 
often  does  not  replace  truth  completely  but 
instead  preserves  a  credible  factual  scaffold 
while progressively altering selected details. In 
this  setting,  truth  inflation  and  the  truth-
stretching threshold may provide useful  ways 
to characterize not only whether an LLM fails, 
but  how much distortion it will tolerate before 
it fails.

5. Conclusion
This  study  distinguishes  two  components  of 
LLM truth judgment that are often conflated in 
a single reliability assessment.  Semantic Truth 
(ST) refers to whether the factual claims in a 
text correspond to the relevant external state of 
affairs, whereas Epistemic Truth (ET) refers to 
whether the text appears credible or justified on 
the  basis  of  features  such  as  coherence, 
plausibility,  evidential  presentation,  and 
consistency.  Operationally  separating  these 
dimensions  provides  a  way  to  examine  not 
simply whether an LLM labels information as 
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true or  false,  but  what  aspects  of  a  text  may 
contribute to that judgment.

Phase  1  demonstrated  why this  distinction  is 
necessary.  When  asked  to  provide  a  single 
reliability score, the LLM generally rated texts 
highly  even  as  their  factual  content  was 
progressively  altered,  and  completely 
fabricated articles still received relatively high 
scores.  In  some  cases,  the  model's  written 
explanation  correctly  identified  substantial 
evidence  of  fabrication  while  its  numerical 
reliability score remained high. Thus, a single 
score  can  obscure  disagreement  between  the 
model's recognition of factual problems and the 
apparent credibility or plausibility of the text.

Phase  2  exposed  this  structure  by  separately 
eliciting ST and ET. Authentic and fabricated 
texts were much more strongly separated by ST 
than  by  ET  overall,  indicating  that  targeted 
semantic  prompting  can  improve  factual 
discrimination.  However,  the  separation  was 
strongly  dependent  on  the  information  being 
evaluated.  Older  CNN  and  historical  texts 
showed large authentic–fabricated differences, 
whereas  newer  CNN  texts  showed  extensive 
overlap. Consequently, the experiment reveals 
an important limitation of semantic prompting: 
instructing  an  LLM  to  judge  factual 
correspondence  does  not  make  its  judgment 
independent  of  its  existing  knowledge.  ST 
remained  influenced  by  training-data 
familiarity  and  by  non-factual  characteristics 
such  as  plausibility,  journalistic  style,  and 
textual structure.

The  article-level  classification  analysis 
quantifies  this  limitation.  ST  provided  the 

stronger direct discriminator between authentic 
and fabricated texts,  with an overall  AUC of 
0.801,  sensitivity  of  0.766,  and specificity  of 
0.810, compared with an AUC of 0.760 for ET. 
More  importantly,  ST  performance  varied 
markedly  by  source,  from  near-chance 
discrimination  for  newer  CNN  articles  to 
nearly  perfect  discrimination  for  older  and 
historical material.  The apparent ability of an 
LLM to recognize false information therefore 
cannot  be  interpreted  as  a  general  truth-
detection  capability;  it  is  conditional  on  the 
relationship between the evaluated information, 
the model's internal knowledge coverage, and 
the textual cues available to it.

The  principal  contribution  of  this  study  is 
therefore  not  simply  that  ST  performs  better 
than ET, but that  LLM truth judgment can be 
represented  as  a  semantic–epistemic  problem 
rather than a single reliability judgment. A text 
may  appear  coherent  and  credible  while 
lacking  factual  grounding,  and  an  LLM may 
recognize these two properties differently.  At 
the same time,  the observed overlap between 
ST and ET demonstrates that targeted prompts 
do not create completely independent semantic 
and epistemic judgments. The two-dimensional 
ST–ET  representation  makes  this  overlap 
visible  and  provides  a  framework  for 
investigating  when  apparent  credibility 
diverges from factual grounding.

These  findings  also  identify  a  direction  for 
further development. Relative measures such as 
ET/ST, as well  as other normalized measures 
of  semantic–epistemic  discordance,  could  be 
tested against the direct ST and ET scores to 
determine  whether  they  provide  additional 



Original article

Journal of High School Science, 10(3), 2026                                                                            503

discriminatory  or  calibration  value.  Such 
measures require independent validation rather 
than being assumed to improve classification. 
Ultimately,  LLM-based  truth  assessment 
should  be  understood  as  an  estimate 
conditioned  by  model  knowledge  and  textual 

evidence  rather  than  as  direct  verification  of 
reality.  External  retrieval,  source  verification, 
or human evaluation remains necessary when 
factual  grounding cannot  be  established from 
the model's internal knowledge.
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