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Beyond fact-checking: Harnessing Al for news quality assessment

Beyond Fact-Checking: KlI-gestiitzte Qualitatsbewertung im
Journalismus

Tobias Schmidt, Jonas Rieger, Jorg Rahnenfiihrer, Astrid Viciano & Holger Wormer

Abstract: Reliable scientific information is crucial for shaping public opinion and inform-
ing economic, social, and health-related decisions. While significant research has focused
on detecting misinformation, the automated assessment of the overall quality of journalis-
tic content remains largely unexplored. Addressing this gap, our study investigates whether
different artificial intelligence approaches ranging from classical statistical methods (“bag-
of-words”) to advanced large language models (LLMs) can assist in evaluating the quality
of medical news articles based on ten established journalistic quality criteria. Drawing on
a dataset of 240 articles and corresponding expert reviews, we show that machine learning
models can indeed assess article quality with considerable accuracy. While several models
fall short of human-level performance, fine-tuned LLMs perform well and, in most cases,
match the level of agreement with a consolidated expert benchmark observed among indi-
vidual human reviewers. The best-performing model, a fine-tuned GPT-40 model, detects
poor-quality articles reliably when evaluated against expert assessments (macro-averaged
F1: 0.69 vs. 0.57), suggesting its potential for use in editorial workflows, such as filtering
incoming material or double-checking an already written text. Although our study focuses
on medical journalism’s well-defined criteria, the approach likely holds promise for en-
hancing quality assurance in other areas of journalism and science communication where
similar quality criteria exist.

Keywords: Journalistic quality, science communication, machine learning, large language
models, automation

Zusammenfassung: Zuverlissige wissenschaftliche Informationen sind entscheidend fiir die
offentliche Meinungsbildung sowie fiir wirtschaftliche, soziale und gesundheitspolitische
Entscheidungen. Wihrend sich zahlreiche Studien mit der Erkennung von Falschinformati-
onen befassen, ist die automatisierte Bewertung der Gesamtqualitit journalistischer Inhalte
bislang weitgehend unerforscht. Diese Studie schlieft diese Forschungsliicke, indem sie un-
tersucht, inwiefern verschiedene KI-Modelle — von klassischen statistischen Methoden
(»Bag-of-Words“) bis hin zu fortgeschrittenen Large Language Models (LLMs) — die Qua-
litat medizinischer Nachrichtenartikel anhand von zehn etablierten journalistischen Quali-
titskriterien bewerten konnen. Anhand eines Datensatzes mit 240 medizinjournalistischen
Artikeln und zugehorigen Expertengutachten zu diesen Texten zeigen wir, dass Machine-
Learning-Modelle durchaus in der Lage sind, die journalistische Qualitit eines Artikels
valide zu beurteilen. Zwar erreichen mehrere Modelle nicht das Leistungsniveau menschli-
cher Expert*innen, speziell feingetunte LLMs jedoch erzielen in den meisten Fillen ein
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Maf$ an Ubereinstimmung mit einer konsolidierten Expertenbewertung, das mit dem Uber-
einstimmungsgrad zwischen menschlichen Expert*innen vergleichbar ist. Das leistungs-
stiarkste Modell (ein feingetuntes GPT-40) identifiziert qualitativ schlechte Artikel ebenso
verlisslich wie menschliche Gutachter*innen (macro-averaged F1: 0.69 vs. 0.57) und deu-
tet damit auf ein Potenzial fiir den Einsatz in redaktionellen Workflows hin, etwa zur Filte-
rung eingehender Inhalte oder zur Nachkontrolle bereits verfasster Texte. Obwohl sich die
Studie auf Qualitatskriterien aus dem Medizinjournalismus stitzt, dirfte sich der Ansatz
auch in anderen Bereichen des Journalismus und der Wissenschaftskommunikation anwen-
den lassen, sofern dort vergleichbare Qualitatskriterien existieren.

Schlagworter: journalistische Qualitat, Wissenschaftskommunikation, maschinelles Lernen,
Large Language Models, Automatisierung

1. Introduction

Misinformation has become “something of a catch-all term” (Cacciatore, 2021, p.
1) and has attracted the attention of a broad range of disciplines. As early as
2020, a systematic review focused on news creation and consumption identified
2277 fake news-related scientific studies in the literature (Kim et al., 2021). The
need for such studies is more important than ever, as we experience that “fake
news is spreading day by day” (Jindal et al., 2023, p. 375). At the same time, seve-
ral authors have pointed out that fostering trust in media may require more than
simply combating misinformation in already published articles (e.g., Acerbi et al.,
2022). Sorting out the worst misinformation and the most brazen lies does not
automatically mean that the audience of (digital) media gets trustworthy and use-
ful information, as even “seemingly trustworthy news sites push misleading head-
lines” (West & Bergstrom, 2021, p. 1). Following the idea that interventions
should primarily seek to build trust in factual information (Tay et al., 2024), it
becomes essential to ensure that information sources themselves consistently meet
high-quality standards. In view of the cutbacks in many editorial offices, however,
this is becoming an increasing challenge for the remaining staff.

Given these constraints, a growing number of studies have explored the poten-
tial of artificial intelligence (Al) tools to support journalistic workflows, especially
in detecting and counteracting misinformation (Islam et al., 2020; Kumar et al.,
2020). However, despite a growing recognition that a “fighting for information”
could be far more effective than merely “fighting misinformation” (Acerbi et al.,
2022), the potential of Al to assist with the systematic assessment of overall jour-
nalistic quality — beyond mere fact-checking — remains largely underexplored (Liu
et al., 2025).

In this article, we therefore want to approach the semi-automated evaluation
of news content from the other side of the scale between intentional disinformati-
on (as probably the worst kind of information) and good (that is, trustworthy
and useful) information. Using reporting on medical research as a case study, we
assess the capability of several machine learning (ML) models, including large
language models (LLMs), to evaluate the quality of science news content based
on established criteria for good medical journalism. The example of medical re-
search as a scientific topic seems particularly suitable for two reasons: First, re-
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porting on medical sciences not only accounts constantly for the largest share of
science reporting (Bucchi & Mazzolini, 2003; Clark & Illman, 2006; Summ &
Volpers, 2016) but misleading information in this field has also the largest poten-
tial of causing harm among media recipients (Schwitzer, 2008). Secondly, the qua-
lity criteria for good reporting (partly based on standards known from evidence-
based medicine) are probably the most developed and precise in science
journalism, if not in journalism at all. The proposed concept as well as the deve-
loped models presented in this study could, however, be extended to other kinds
of reporting, too, given that an elaborated set of quality criteria and standards
has been developed.

In the following, we first provide an overview of established concepts and qua-
lity criteria for “good reporting” in general, and for science communication in
particular, with a specific focus on medical journalism. Next, we examine recent
research on ML applications in journalism and explore the potential of Al tools
to contribute to quality assessment beyond fact-checking alone. We then propose
a methodological framework for developing and evaluating Al tools specifically
designed for quality assessment in journalism. Specifically, we evaluate the perfor-
mance of two common statistical classification models, several LLMs used in a
zero-shot setting — that is, without any task-specific fine-tuning — and three fine-
tuned LLMs in autonomously assessing the quality of science news articles based
on predefined criteria. By comparing these Al-driven assessments with human
expert evaluations, we identify the strengths and limitations of each model. Fi-
nally, we discuss the adaptability of our approach and suggest future directions
for integrating Al-driven quality assessment into the evolving digital media land-
scape.

2. Related work

Quality of public information is a broad issue which has been discussed in theory
and practice ever since public media existed. Numerous terms have emerged to
conceptualise this field, with Denis McQuail’s (1993) “media performance” being
among the most frequently cited concepts. Other commonly used terms include
“journalistic” or “newspaper excellence” (Gladney, 1996), while the phrase “qua-
lity in journalism” is often preferred in German-language journalism research.
Some frequently mentioned general criteria for quality in the media include facti-
city and accuracy, relevance, timeliness, independence, diversity of topics and
sources, and usefulness, among others (Meier, 2019). Many of these criteria are
applicable beyond traditional journalism, extending to other communication for-
mats like public relations or social media posts (Meier, 2019) and are also menti-
oned by science communication researchers (Fihnrich et al., 2023; Silva Luna et
al., 2025). However, catalogues and recommendations for communicating specific
scientific disciplines to the public often go beyond the general quality criteria
mentioned above.

One of the first criteria-based approaches to measure the content quality of
reports from a specific scientific discipline can be found in Canada (Oxman et al.,
1993). With their index of scientific quality (ISQ) for health reports in the lay
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press, Oxman et al. (1993) built on earlier work in the field of the so-called accu-
racy research, concentrating rather on lists of error categories than on quality
criteria (Tankard & Ryan, 1974). A systematic monitoring of the quality of medi-
cal news reporting using defined criteria combined with a peer-review system
came from the Media Doctor project in Australia (Smith et al., 2005; Wilson et
al., 2009), followed by HealthNewsReview.org in the US with the same ten crite-
ria (Schwitzer, 2008).

Building on this international tradition, the German quality assessment initiati-
ve “Medien-Doktor” was introduced in 2010, following the same conceptual ap-
proach (Wormer, 2011). It has since been adapted to other communication for-
mats (e.g., press releases) and further developed for additional scientific domains,
such as environmental reporting (Rogener & Wormer, 2017). Today, it constitutes
the largest publicly available repository of expert-reviewed science news articles
in the German context, offering a unique resource for empirical research on sci-
ence journalism quality. Given its systematic methodology, transparent evaluation
scheme, and rich corpus of annotated news articles, the Medien-Doktor frame-
work is particularly well-suited for the present study’s aim to benchmark automa-
ted models against human expert evaluations. We therefore adopt its ten medici-
ne-related quality criteria as the foundation for our analysis, as summarized in

Table 1.

Table 1. Overview of the ten Medien-Doktor quality criteria, adapted and
reordered from Schwitzer (2008) and the former HealthNewsReview.org in the
us.

Criterion 1 Article adequately explains benefits of a new drug/treatment/procedure...
Criterion 2 Adequately explains potential harms

Criterion 3 Reviews the study methodology or the quality of the evidence
Criterion 4 Seeks out independent sources and discloses potential conflicts of interest
Criterion 5 Appears not to rely solely on a news release

Criterion 6 Establishes the true novelty of the idea

Criterion 7 Compares the new idea with existing alternatives

Criterion 8 Establishes the availability of the product or procedure
Criterion 9 Adequately discusses costs

Criterion 10 Avoids disease mongering

These ten criteria aim to make quality in medical journalism assessable in a struc-
tured, transparent manner. Ideally, a high-quality article would fulfil all ten crite-
ria, by clearly stating the benefits (criterion 1) and risks (2) of a new procedure,
explaining the evidence base (3), providing information on availability (8), com-
municating all of this in a sober and factual tone (10), and so forth. In the time-
pressured reality of journalistic practice, however, this ideal is rarely achieved.
The Medien-Doktor project, much like its international counterparts, therefore,
pursues a dual goal: To sensitise journalists to these criteria and to make transpa-
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rent for the public which articles merit closer scrutiny. For a detailed rationale
and the development process of the criteria, see Wormer (2011) and Schwitzer
(2008).

2.1 Al systems in the newsroom

Established quality criteria like the ones presented above hold the potential to
assist journalists and science communicators in their everyday tasks. They facili-
tate the screening of incoming press releases or agency news, help identify weak-
nesses and low-quality documents and support the detection of the most promi-
sing material, which can then serve as a starting point for thorough investigations.
At the same time, it is widely acknowledged that most newsrooms face significant
time and labour constraints. Screening articles and potentially double-checking
already written texts takes time, a resource often missing in modern newsrooms.
As a result, time pressure not only leads to less diversity and overall, less cross-
checking of articles (Reich & Godler, 2014), but also impacts communicators’
ability to effectively fact-check information (Himma-Kadakas & Ojamets, 2022).
Some argue that, under such circumstances, journalism is prone to “become chur-
nalism, the recycling of pre-packaged public relations and press agency copy”
(Davies, 2008, p. 59) — a challenge that persists even in the presence of well-defined
quality criteria.

Given these constraints and external factors such as competitive dynamics and
pressure to innovate, media outlets have increasingly turned to automation tools
designed to support journalists in their daily work (Hermida & Simon, 2025; Si-
mon, 2024). Commonly referred to as part of Automated journalism (Carlson,
2015; Caswell & Dorr, 2018; Diakopoulos, 2019), Algorithmic journalism (Dorr,
2016; Kotenidis & Veglis, 2021), or Computational journalism (Cohen et al.,
2011; Thurman, 2019), these tools typically involve the use of algorithms and
data analysis to support journalistic tasks. This can include identifying newswor-
thy trends or stories within data (Liu et al., 2016; Stray, 2019), producing routine
articles on topics like sports or finance, or structuring news websites based on
recommender systems (Bodo et al., 2019; Latar, 2018). Other tools assist with
analyzing unstructured documents, data wrangling or lead generation. Especially
the potential of ML models to detect and counteract misinformation has aroused
attention in this context (Islam et al., 2020; Kumar et al., 2020).

With the advent of generative artificial intelligence (GenAl) and particularly
LLMs, the implementation of Al tools in science communication in general (Schi-
fer, 2023) and especially in journalism has gained new momentum (Diakopoulos
et al., 2024; Simon, 2024). In this context, the term journalistic Artificial Intelli-
gence or journalistic Al has gained prominence, often used as an umbrella term
for all kinds of technologies, “from machine learning to automated decision ma-
king, that are used along the entire news production chain” (Helberger et al.,
2022, p. 1606). Modern systems are used to summarize or rephrase texts, to ge-
nerate headlines, personalize news, or assist in real-time fact-checking and back-
ground research. Compared to earlier tools, their accessibility and versatility have
made them far more present in everyday journalistic practice. Correspondingly,
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expectations have grown that such tools could relieve journalists from repetitive
and time-consuming tasks, allowing them to dedicate more time to investigative
reporting and complex research (Van Dalen, 2012; Wolf, 2024).

However, while there is considerable enthusiasm surrounding the use of mo-
dern journalistic Al in newsrooms, the task of evaluating the overall quality of
content is rarely mentioned in this context. When discussing the potential of Al
systems to filter articles, e.g., researchers typically elaborate on verification, or
claim-matching, rather than systems to check the overall article quality (Simon,
2024). As discussed earlier, this approach might be insufficient for effectively pro-
moting trustworthy information. Perhaps most strikingly, the Journalism Al pro-
ject from the London School of Economics and Political Science lists numerous
case studies from around the world on how Al systems are currently utilised in
journalism — and reveals that none of the > 250 presented case studies (as of
March 2026, subject to future updates) employ Al tools for the quality assess-
ment of news content (LSE, 2025). Most of the related research and practical
applications predominantly focus on news production and misinformation detec-
tion. That is, the extent to which Al systems can evaluate or “double-check” the
overall quality of media content beyond fact-checking remains unclear.

A rare example of studies discussing automation tools for evaluating (science)
news quality rather than detecting fake news was presented by Levlie et al.
(2023). The authors developed and evaluated a “Scientific Evidence Indicator”
(SEI) designed to help readers assess the strength of evidence and uncertainty in
science journalism articles. Their tool evaluates scientific studies based on measu-
rable criteria such as peer review status and methodological quality. Another rela-
ted study was put forward by Choi et al. (2021), who trained an artificial neural
network (ANN) from scratch to predict audience-related news quality assess-
ment. Combining traditional survey methods with ANN-training and other com-
putational approaches, the authors identified journalistic values such as believabi-
lity, depth, and diversity as stronger predictors of audience-rated news quality
than linguistic features or audience attributes. The study that comes closest to our
approach was performed by Liu et al. (2025). The authors used the expert-anno-
tated HealthNewsReview dataset to evaluate the capability of traditional ML
models and GPT-3.5-Turbo to rate the quality of health news across established
journalistic criteria. Their findings show that while GPT-3.5 can generate clear
and contextually relevant explanations, its actual rating accuracy remains limited
and falls short of the traditional ML models. Thus, the authors demonstrate both
the potential and the shortcomings of one specific LLM when applied to multi-
dimensional quality evaluation tasks, leaving room for further research in this
direction. Beyond these few studies, however, the potential of ML models to sup-
port criteria-based quality evaluation of journalistic content remains largely un-
explored.
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2.2 LLMs in content classification: Promise, pitfalls, and alternatives

Large language models, in particular modern state-of-the-art (SOTA) models like
OpenAl’'s GPT-5 or Anthropic’s Claude 4.5 Sonnet have demonstrated strong
performance across a variety of natural language processing (NLP) tasks, inclu-
ding natural language understanding, text classification, and information extrac-
tion (Chang et al., 2023; Chiang et al., 2024). Especially their ability to under-
stand and process highly diverse texts and their ease of access position them as an
effective tool for evaluating diverse types of articles when no other assistant sys-
tems exist. Given these strengths, it may seem intuitive to regard LLMs as a de-
fault solution for tasks like the one addressed in this study.

At the same time, the use of LLMs is not without concern. Several researchers
highlight risks associated with uncritical adoption of Al (and especially LLM)
outputs (Mahony & Chen, 2025; Wu, 2024). The “black-box” nature of LLMs
makes it difficult to fully understand the decision-making process behind their
outputs, which can lead to ethical and practical challenges in journalism and even
provoke distrust and hostility (Bail, 2024; Noain Sanchez, 2022; Schifer et al.,
2024). Furthermore, generative Al tools may display various biases, not only pro-
ducing offensive content, such as racist or misogynistic language, but also halluci-
nating inaccurate information that could further exacerbate the already existing
challenges of disseminating trustworthy information (Schafer, 2023). Many re-
searchers even recognize threats to editorial independence and the potential erosi-
on of core journalistic values such as accuracy, transparency, and accountability
(Cordero et al., 2025; Mgller et al., 2025; Wolf, 2024). Last but not least, the in-
creasing reliance on proprietary LLMs — often developed by a small number of
global tech companies — can reinforce structural dependencies and limit the auto-
nomy of newsrooms (Simon, 2024).

Considering these challenges, exploring more transparent and interpretable
modeling approaches becomes increasingly important. Targeted ML solutions,
such as those designed for specific classification tasks, may offer more reliability
and control than general-purpose, free-text-generating systems, especially in clas-
sification tasks. Classical statistical methods such as Random Forests (Breiman,
2001) or Naive Bayes classifiers (McCallum & Nigam, 1998) offer greater poten-
tial for interpretability, which can be crucial in contexts where transparency and
accountability are required. Furthermore, several studies have shown that LLMs
do not consistently outperform simpler models across all tasks (Liu et al., 2025;
Qin et al., 2023; Ziems et al., 2024). Thus, we see considerable value in not solely
evaluating ChatGPT’s capabilities at a certain task (as is often the case in com-
munication science research) but also benchmarking it against other model types.

2.3 Objective and research questions

Following these concerns, our research setup includes both classical statistical
models and several state-of-the-art LLMs. This complementary approach makes
it possible to investigate not only the capabilities of general-purpose language
models but also the potential of simpler, more transparent classification systems
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for content evaluation (Liu et al., 2025). Additionally, we incorporate fine-tuning
of LLMs, utilising both small open-source and large proprietary models. This se-
tup allows us to identify the strengths and limitations of each model — and to test
whether the limitations reported by Liu et al. (2025) persist regardless of the
choice of model and once models are adapted to domain-specific data.

We ask the following research questions: Using the example of medicine-rela-
ted news articles, can machine learning models reliably assess article quality? Pre-
cisely, how far can these models approach human expert performance in evalua-
ting the content quality based on established quality criteria? (RQ1) What are the
minimum technical requirements (in terms of model size and complexity) needed
to achieve expert-level accuracy? (RQ2) How does prediction accuracy vary ac-
ross different quality criteria? (RQ3) To what extent can machine learning models
detect articles of low quality, serving as inbound or outbound control? (RQ4)
Following these questions, we aim to provide insights into how, and to what ex-
tent, Al can assist journalists in assessing the overall quality of various texts, be it
an incoming press release, material from a news agency, or their own articles, as a
final check before publication.

3. Data and methods

We evaluate the effectiveness of a Random Forest (RF) classifier, a Naive Bayes
(NB) model, the zero-shot (“out-of-the-box™) capabilities of several LLMs, and
the performance of three different LLMs that were fine-tuned (ft) specifically on
the present task.

Random Forest and Naive Bayes are two well-established classification algo-
rithms commonly used in text analysis. Naive Bayes is a probabilistic model
based on Bayes’ theorem that assumes independence between features/words, an
assumption that is often violated in natural language but still delivers robust re-
sults for classification tasks (Zhang, 2004). Random Forest, in contrast, is an en-
semble learning method that combines the predictions of multiple decision trees
to improve classification accuracy and control overfitting (Breiman, 2001). Both
methods rely on simple word-frequency-based representations of text (commonly
referred to as “bag-of-words” assumption), making them particularly suitable for
settings that prioritise interpretability, resource efficiency, and methodological
transparency.! In addition, their simplicity makes inference computationally
much less intensive, making them suitable for rapid analysis or applications whe-
re computational resources are limited.

As mentioned earlier, LLMs provide a fundamentally different approach to
text evaluation, as they operate on semantic representations rather than surface-
level word frequencies. While the NB and RF models in our implementation ope-
rate on lexical features, LLMs can leverage contextual understanding and reaso-

1 It is important to note that “transparency” in this context typically denotes the potential to exa-
mine how model features contribute to predictions, for instance by tracing influential words or
analysing interactions between them. Still, performing such analyses requires additional effort and
does not necessarily translate into valuable practical insights.
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ning to evaluate complex criteria in unstructured text. Furthermore, LLMs are
particularly advantageous when annotated data are scarce — which are needed for
training a NB or RF model —, as they are pretrained and can simply be instructed
in natural language. However, given the findings of Liu et al. (2025), we expect
moderate performance levels from these models and hypothesise that the specia-
lized ML models exceed the zero-shot capabilities of certain LLMs, especially ol-
der and smaller ones. To evaluate the capabilities of LLMs, we test a variety of
models that are chosen for their strong performance on various tasks, as indica-
ted by the Chatbot Arena LLM Leaderboard (Chiang et al., 2024). Our selection
includes both small and large models, as well as proprietary and open-source
models.

Additionally, we perform LLM fine-tuning, since several researchers demonst-
rate LLM’s potential in coding/annotation tasks when specifically trained (Gilardi
et al., 2023; Mellon et al., 2024; Rieger et al., 2024). Fine-tuning makes it possib-
le to adapt models to a specific domain (medical-related media articles in our
case) and tailor their responses, which significantly improves model performance,
especially in areas where precision and task-specific knowledge are crucial (Wu et
al., 2023). Precisely, we test the open-source model Mistral-7B-Instruct-v0.3 from
Mistral AL, which we access via the open-source model library Hugging Face, and
two models offered by OpenAl, GPT-40 and GPT-4o-mini.

An overview of all tested models is presented in Table 2. Supplementary mate-
rial for this article is available on the Open Science Framework (OSF): https:/osf.
i0/6yk82/.

Table 2. Overview of all tested models.

Large language models
Zero-shot LLM Fine-tuned LLM
GPT-3.5-turbo, GPT-40, GPT-4-1106-

Bag-of-words models

Naive Bayes Preview, Claude-3.5-Sonnet GPgiiEf;ml
Random Forest Mistral 7B, Mistral §x22B, Mistral Mistral-7B-Instruct-
Large v0.3

Llama 3 8B, Llama 3 70B

3.1Training setup

As a benchmark for all tests, we resort to the human quality evaluations corres-
ponding to the science news articles we assess (N = 240). Both articles and re-
ports have been published by the Medien-Doktor project, which offers the largest
publicly available repository of medicine-related news reviews in a German con-
text. The quality reports are consolidated summaries based on two independent
evaluations for each article. For each article evaluation, the Medien-Doktor com-
missions two science journalism experts (“peers”) specialised in the relevant field.
These experts independently assess the texts based on the criteria presented above
and then confer to agree on a consolidated overall evaluation. The evaluations

include both a label (criterion fulfilled, not fulfilled, not applicable) and a brief
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explanation of the decision taken for each criterion. As it is also the case in other
peer review processes, this approach inherently introduces some level of disagree-
ment between individual expert evaluations and the final summary ratings, provi-
ding a benchmark for reasonable evaluation discrepancies. For each article, the
expert report that shows higher agreement with the consolidated summary is re-
ferred to as human_high in the following, while the remaining report is referred
to as human_low. The terms “high” and “low” refer exclusively to the level of
agreement with the consolidated expert summary and do not indicate differences
in assessment quality. This joint report is treated as gold standard as it reflects the
consensus reached by the editor between two reviewers. This procedure is illust-
rated in Figure 1.

Figure 1. lllustration of the evaluation procedure used in the Medien-Doktor
project

Notes. Each article is independently reviewed by two domain-specialized science journalism experts,
who produce individual quality reports based on the ten predefined criteria (quality reports 1 & 2). The
reviewers then discuss their assessments and agree on a consolidated final report, which serves as the
gold standard in our study. For each article, the individual report that aligns more closely with the fi-
nal consensus is labelled human_high (in this example: Reviewer 1), while the one showing a greater
deviation is labelled human_low (Reviewer 2).

3.2 Naive Bayes models

For our Naive Bayes approach, we train ten separate models, each specialised in
predicting the assessment of one of the quality criteria by returning a single label
€ {fulfilled, not fulfilled}. This one-model-per-criterion setup is necessary since
each quality criterion represents an independent binary classification task, and
NB does not jointly model multiple labels in a single classifier. The models are
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trained on a document feature matrix representing our training texts. We include
only case-sensitive features (unigrams) that occur at least four times in the whole
training data and in at least four documents. A small set of stop words (mainly pro-
nouns and articles) and numbers is removed. This yields a medium-sized vocabulary
that captures general lexical regularities without overfitting to idiosyncratic expressi-
ons in single articles. The final configuration was chosen based on a systematic com-
parison of 128 NB variants with different parameter combinations and n-gram set-
tings based on our training data.

3.3 Random Forest classifier

In addition to this generic bag-of-words baseline, we train ten Random Forests,
one for each of the ten quality criteria. In contrast to the NB models, the RFs
operate on a compact, expert-informed feature set: For every criterion, the au-
thors compiled a list of domain-specific signal words and regular expressions
based on the established quality criteria (see Table 1) and their domain expertise
in science journalism (e.g., terms referring to study design for “evidence” or to
adverse effects for “risks”; see S1 b.). For each article and each criterion, we
count how often these criterion-specific patterns occur and use these counts as the
only features in the corresponding RF. Thus, each RF is trained on a small, crite-
rion-tailored feature vector whose dimensionality equals the number of signal
words defined for that criterion. This design deliberately differs from the NB se-
tup: While NB serves as a classical, broad bag-of-words baseline, the RF models
encode expert knowledge in a focused “bag-of-cues” representation, allowing us
to test whether curated signal words alone can approximate human quality ra-
tings. In the following, we refer to NB as well as the RF approaches as bag-of-
words or “BOW?” models in the sense that they disregard word order and rely
exclusively on token or pattern counts.

3.4 Zero-Shot LLMs

When using an LLM “zero-shot”, we give each model, one by one, an article as
input, accompanied by the ten quality criteria presented earlier. All models are
prompted to behave like a “rigorous scientific reviewer of health journalism artic-
les”, thereby following the well-established practice of assigning a specific role to
an LLM to enhance its performance (Salewski et al., 2024; Shanahan et al., 2023).
In each prompt, we include all criteria simultaneously along with the article, re-
quiring the model to respond to all criteria sequentially as fulfilled, not fulfilled or
not applicable. We also experimented with different prompting strategies, the dif-
ferences in performance, however, remained minor. Specifically, our results show-
ed that instructing the models to generate a full textual review before assigning
labels slightly reduced accuracy and did not provide additional analytical value in
the zero-shot setting (see S1 c. for further details on the prompting). In the fol-
lowing, when referring to a language model that is used in this vein, we use the
term “zero-shot model”.
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3.5 Fine-tuned LLMs

Our “ft”-models are trained to generate standardised quality reports in natural
language in the style of a human-written review, as the ones provided by the Me-
dien-Doktor project (see S1 d. for an illustration). Specifically, the models process
a raw document as input and output a detailed report consisting of ten para-
graphs, each beginning with a brief assessment and concluding with a label €
[fulfilled, not fulfilled, not applicable]. The idea behind this approach is that, du-
ring training, the models internalise how the criteria are applied in context by
“reading” expert evaluations and producing their own versions, with the fine-tu-
ning process penalising deviations from the human assessments. This is a notable
difference from the zero-shot LLMs, that apply the criteria based solely on fixed
definitions they receive as part of the prompt.

We train all models on the same 212 documents of the human reviewers that
were sampled randomly from the Medien-Doktor database. The remaining 28
documents serve as test data. The sampling ensures that the test set includes a re-
presentative distribution of article types and quality levels. Importantly, none of
the models has access to the test articles during training, and no overlapping or
near-duplicate content exists between the sets. The findings presented below are
based on the models’ (and humans’) quality evaluations of the 28 test documents.
For the evaluation, all predictions, including the LLM outputs and the expert
classifications, are converted into a binary format by treating all “not applicable”
labels as “not fulfilled” (see S1 a., supplementary material on OSE for further
details). Since each report evaluates the same ten criteria, the total number of data
points for analysis is 280 (10 criteria x 28 documents).

To contextualise the dataset, Table 3 summarises the distribution of fulfilled
and non-fulfilled labels across the 28 test documents. In addition, to give readers
a sense of the types of articles analysed, four randomly selected headlines (English
translations) are listed below (Table 4).

Table 3. Overview of label distribution across all ten criteria (C1—C10) in the test
set. Values indicate the proportion of articles for which a given criterion was
rated as fulfilled or not fulfilled

C1 C2 C3 C4 (O8] Cé6 c7 C8 C9 C10
fulfilled 043 054 039 036 068 068 029 079 050 0.71
not fulfilled 0.57 046 0.61 064 032 032 0.71 021 0.50 0.29

Notes. C1 = Adequately explains benefits; C2 = Adequately explains potential harms; C3 = Reviews the
study methodology or quality of evidence; C4 = Seeks independent sources and discloses conflicts of
interest; C5 = Does not rely solely on a news release; C6 = Establishes the true novelty of the idea;
C7 = Compares the new idea with existing alternatives; C8 = Establishes availability of the product or
procedure; Cg = Adequately discusses costs; C10 = Avoids disease mongering.
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Table 4. Excerpt of the dataset to be evaluated

Source Date Title (translated by the authors)
RND 2019-06-04 New coffee study: Up to 25 cups a day are safe
Der Standard  2020-02-17 Pregnancy: Overweight due to parabens in cosmetics
T-Online 2019-09-30  Cheese protects blood vessels from damage caused by exces-
sive salt intake
Tagesspiegel ~ 2020-08-04 Does Russia already have the coronavirus vaccine?
4. Results

Based on the examined case of medical reporting, our findings suggest that ML
models may offer useful support for assessing the quality of journalistic content.
Particularly, fine-tuned LLMs appear to hold promise in assisting journalists with
this task. However, some important differences remain, which may be relevant for
the design of potential future assistance systems.

4.1 Overall model performances

Many tested models achieve reasonable accuracy rates in aligning their criterion
evaluations with the consolidated expert assessments. For example, the best zero-
shot LLMs, GPT-4-1106-Preview and Mistral Large, correctly predict 187 out of
280 labels, achieving accuracy rates of 67%, which is four percentage points
below the values of the “human_low reports” (198 labels). However, since class
imbalances affect our dataset, accuracy rates alone are insufficient to evaluate
performance. Therefore, we additionally assess precision, recall, and macro-aver-
aged Fl-scores for both labels (“fulfilled” and “not fulfilled”). These numbers
confirm that larger zero-shot LLMs come close to human expert results, and sig-
nificantly outperform smaller and older models (e.g., GPT-3.5-Turbo, Mistral 7B,
Llama 8B). Noteworthy, the RF classifier is among the best-performing models,
closely matching the accuracy of the top-performing zero-shot LLMs (Figure 2).
As described earlier, these rates should not be interpreted against certain reliabili-
ty rates of a coding process (e.g., intercoder reliability) but against the back-
ground of current agreement rates in a peer-review process, where rather modera-
te levels of agreement among reviewers in similar contexts are common
(Bornmann et al., 2010; Burla et al., 2008; Reinhart, 2009).

The highest performance is achieved by the fine-tuned LLMs, all of which
reach Fl-scores of 0.69 or higher and even surpass our “human_low” baseline
(0.71). When comparing the zero-shot Mistral 7B to its fine-tuned counterpart,
the performance gains from fine-tuning become particularly evident (0.55 vs. 0.71
F1 score).
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Figure 2. Macro-averaged F1 scores achieved by all tested models

Notes. The different colour sets indicate the different model families: OpenAl (grey), Mistral (blue),
Llama (light blue), Claude (white), BOW models (dark blue), fine-tuned LLMs (green; “ft_" indicates fi-
ne-tuning), human experts (light grey). For comparison, the figure also displays the performances of a
hypothetical model that would sample randomly from both labels (“random”). Values reflect agree-
ment with the subjective evaluations by (other) experts rather than with an objective ground truth. As
in other peer-review processes, moderate levels of interrater agreement are expected.

Beyond quantitative performance, a heuristic examination of the quality reports
generated by the fine-tuned models provides further insights into the models’ rea-
soning processes and their alignment with human evaluations. We find that fine-
tuning indeed taught the models to focus on similar aspects as human experts,
such as prioritizing absolute over relative numbers when assessing an article’s
description of the benefits (criterion 1) or risks (criterion 2) of a treatment (see
S4, supplementary material on OSF for an example). For the smaller two ft-mo-
dels, the results are not as clear-cut. While performing well in quantitative terms,
a heuristic analysis of the generated reports reveals that the smaller models partly
learned to overfit the training data. In an illustrative example, the fine-tuned Mis-
tral model learned to always classify criterion 10 as fulfilled, stating that “[topic
of article] is not exaggerated”. This clearly shows the importance of model selec-
tion and parameter tuning, a challenge we want to tackle further in future re-
search.

These data let us answer research questions 1-2 as follows: Regarding RQ1,
our results demonstrate that automated quality assessment of scientific news ar-
ticles is indeed feasible, with fine-tuned LLMs achieving F1 scores of up to 0.76
— a performance that surpasses that of human experts. Given both the perfor-
mance metrics and the substantive quality of the model-generated reports, the fi-
ne-tuned GPT-40 appears capable of producing assessments as reliable as those
written by the lower-performing half of the human experts.
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As for RQ2, concerning the minimum technical requirements needed for relia-
ble quality assessments, our findings show that while simple NB models and older
LLMs like GPT-3.5-Turbo perform only marginally better than random guessing,
an RF classifier can match the performance of more complex LLMs. We conclude
that while using more recent ChatGPT variants with detailed prompts (which is a
common procedure in many newsrooms) provides a convenient approach with
reasonable accuracy, similar outcomes can be achieved with a simpler RF model.
This confirms earlier findings by Liu et al. (2025) and underlines the importance
of not focusing on popular LLMs like ChatGPT alone (which is often the case in
public discourse), but also considering simpler, more interpretable models where
appropriate. For optimal performance, however, fine-tuning an LLM appears es-
sential.

4.2 Criterion-specific performance

To better understand the strengths and weaknesses of the tested models, we eva-
luate their performance on each of the ten criteria individually (S3 b.). The results
show that, while the prediction of certain criteria appears straightforward, multi-
ple criteria remarkably challenge the tested models (Figure 3). Especially the crite-
ria 1 (potential benefits) and 10 (neutrality/avoiding disease mongering) prove
difficult to classify, with all models frequently diverging from human expert con-
clusions (min. 0.2 difference in avg. F1 score, respectively). While the fine-tuned
language models achieve comparatively strong results, they still struggle with the-
se two criteria.

A likely explanation for this lies in the underlying training data distribution.
For certain criteria, especially criterion 10, most gold-standard labels are “ful-
filled” (20 out of 28). As a result, the ft-models appear to have learned this domi-
nant pattern well, yielding high recall and precision for positive predictions, but
struggle to reliably identify rare “not fulfilled” cases. This issue might be mitiga-
ted in future through targeted adjustments to the training data, such as data aug-
mentation (see Discussion). However, such adjustments will not be a universal fix.
For example, criterion 9 (costs) also poses difficulties, yet here even human ex-
perts show relatively poor agreement, suggesting that some criteria may be inher-
ently harder to assess. In the context of journalistic practice, these findings once
again demonstrate the importance of understanding a model’s “behaviour” when
relying on its outputs. In our case, this would mean that predictions for criteria 1
and 10 would require special attention, with human judgement assuming a parti-
cularly prominent role in their evaluation.

In sum, regarding RQ3, our findings reveal substantial variation in prediction
accuracy across quality criteria. While some criteria are predicted with reasonable
recall and precision, multiple consistently prove challenging for both BOW and
the zero-shot LLMs. Only the fine-tuned LLMs, especially the fine-tuned GPT-40
model, manage to reliably predict eight out of ten criteria, demonstrating the be-
nefits of training on complete assessment reports. However, the persistent difficul-
ty with specific criteria suggests that even fine-tuned models may struggle to gene-
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ralize across all dimensions of article quality, pointing to structural limitations
that warrant further investigation.

Figure 3. Criterion-wise model performance

Notes. The heatmap shows macro-averaged F1 scores for each of the ten quality criteria (columns) ac-
ross a selection of models (rows). Included are: Mistral 7B (representing smaller open-source LLMs),
GPT-4-1106-Preview (as the best-performing zero-shot LLM), Random Forest (RF; best-performing bag-
of-words model), and a fine-tuned GPT-40 model (ft_g0). Human performance is represented by the
less-aligned reports (human_low) and the expert consensus (gold). The figure highlights that while
certain criteria are reliably predicted by most models, others, such as criteria 1 and 10, remain challen-
ging even for fine-tuned LLMs.

4.3 Quality-based article selection

In practical applications, the overall assessment of an article is arguably more
important than a model’s accuracy on individual criteria. To address this, we also
evaluate the models’ ability to perform a “gatekeeping” function by distingu-
ishing between high- and low-quality articles, based on a document’s number of
fulfilled criteria. To this end, we categorise each article based on its expert rating:
Articles with fewer than five fulfilled criteria are considered “low quality,” those
with only one or two fulfilled criteria are classified as “bad”. All other articles are
classified as “pass”, i.e., articles that fulfil five or more of the ten criteria.

Our experiments show that all top-performing models (RE gp#-4-preview,
ft_40) successfully classify all the worst articles (n = 5) as either low-quality or
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bad (see S5 for an illustration). Given the small number of worst articles, this re-
sult should be interpreted as illustrative rather than statistically conclusive. Over-
all, the best-performing model (fine-tuned GPT-40) correctly classifies 21 out of
28 articles, achieving higher agreement with the consolidated expert assessment
than the less-aligned expert reports (human_low, 19/28). The other models, in
contrast, show substantial variation in their class prediction capabilities, with, for
example, the zero-shot GPT-40 model misclassifying two of the best articles as
low-quality. This illustrates two things: First, the benefits of fine-tuning an LLM
on expert data, and second, the inherent complexity and subjectivity of the task,
as even human experts do not always fully agree on which articles should be con-
sidered low quality. Table 5 summarises the results in the form of a confusion
matrix (recall, precision, F1).

Table 5. Macro-averaged precision, recall, and Fi-scores across the three quality
classes (bad, low quality, pass) for selected models and the human expert baseline

precision recall F1
gpt-4-preview 0.46 0.44 0.43
RF 0.42 0.53 0.47
ft_4o 0.68 0.73 0.69
human_low 0.57 0.56 0.57

Considering this, we conclude (RQ4) that various types of models can provide
meaningful assistance in editorial workflows, particularly during filtering stages.
Again, the fine-tuned GPT-40 model delivered the most reliable results. However,
none of these models should be seen as a substitute for expert review. They
should instead be understood as complementary tools that support, rather than
replace, human judgement.

5. Discussion

The results of our study indicate that the evaluation and potential adoption of Al
models for content evaluation beyond fact-checking is a promising direction for
both journalism and science communication research. We show that clearly defi-
ned quality criteria, particularly in a scientific domain, can be used for ML-based
content-evaluation of articles, given these models are either properly trained or
large enough to be able to perform an analysis zero-shot. For incoming texts such
as press releases from scientific institutions, agency materials or pieces from free-
lancers, a reliably performing model could provide initial quality checks and iden-
tify articles that appear most promising for further (human) investigation. Before
the final release of journalistic texts, it could furthermore serve as an outbound
control, ensuring that content meets established quality criteria of a certain media
house or institution. However, among the tested models, only the fine-tuned
LLMs, particularly the fine-tuned GPT-40, reached a level of performance that
makes them credible candidates for potential application in newsroom environ-
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ments. Smaller and older models such as GPT-3.5 performed significantly worse,
especially compared to traditional ML models. This finding complements the re-
sults presented by Liu et al. (2025), where GPT-3.5-Turbo also showed limited
accuracy in a zero-shot setting and underperformed relative to supervised base-
lines. Our results indicate that this outcome is largely attributable to the model’s
limited capabilities rather than a fundamental inability of LLMs to evaluate jour-
nalistic quality. More recent and larger models substantially outperform GPT-3.5
in our tests and reach performance levels comparable to our Random Forest clas-
sifier. Crucially, we find that fine-tuning LLMs on full-text expert reports leads to
further improvements, enabling the best-performing model to achieve higher ag-
reement with the consolidated expert assessments than individual human review-
ers. Furthermore, it comes with the benefit of providing users with a detailed re-
port that discusses an article’s quality regarding each of the ten quality criteria,
which can be a valuable support in journalistic workflows.

At the same time, when it comes to the real-world adaptability of our frame-
work, we acknowledge that fine-tuning a language model is not a trivial task, and
that newsrooms might face challenges setting up their own quality-evaluation
models. While ML expertise may play a role, the primary obstacle probably re-
mains the lack of high-quality training data, which critically constrains a model’s
ability to learn nuanced quality distinctions (see below). With this in mind, there
is a need for further investigation into how to further push the zero-shot perfor-
mance of LLMs. Comprehensive analyses of where and why discrepancies bet-
ween model and human evaluations occur could lead to more targeted improve-
ments in model prompting. We are confident that through extensive prompt
engineering, the performance of the zero-shot models analysed here can be further
improved. However, whenever sufficiently high-quality training data is available,
fine-tuning should be the preferred approach.

For any real-world application, it remains essential to emphasise that even the
most capable model cannot and should not replace journalistic gatekeeping res-
ponsibilities. While models can assist in initial screening, they cannot and should
not fully replace human oversight and critical judgement, which remain core pil-
lars of the journalistic profession (Gutiérrez Lopez et al., 2023; Lin & Lewis,
2022). This is especially true for nuanced editorial decisions, when model outputs
are ambiguous or when a model has already demonstrated systematic limitations
in certain settings. For example, our results have shown that even a fine-tuned
LLM that achieves higher agreement with the consolidated expert assessments
than individual human reviewers in many tests shows systematic biases in predic-
ting certain quality criteria. Encouragingly, recent studies confirm that most jour-
nalists, even when actively using Al tools to enhance efficiency, maintain a critical
stance, insisting on verifying and editing Al outputs to ensure alignment with
journalistic standards (Wu, 2024).
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6. Limitations

Despite the promising results of our study, several limitations must be acknow-
ledged. Firstly, our analysis focuses exclusively on the example of articles related to
medical science and relies on the existence and testability of predefined quality
criteria. Thus, the adaptability of our approach to other areas of journalism re-
mains to be explored. We are, however, confident that given the existence of clear
quality standards, our approach could be effectively applied in other fields. In par-
ticular, the utility of these models for economic or environmental reporting (where
corresponding quality criteria have already been developed (Rogener & Wormer,
2017)) seems worth exploring in future research. Secondly, although we tested a
variety of models and prompt techniques, the generalisability of our findings could
be further strengthened by incorporating other popular (large language) models. In
particular, resorting to more recent “thinking models” like DeepSeek R1 or
OpenAT’s 03 model could be promising and should be evaluated in future research.
The same applies to the potential of including tool-use or internet search capabili-
ties in the LLM setup. Both extensions could allow LLMs to access external infor-
mation, potentially enhancing their performance on tasks requiring up-to-date or
context-specific knowledge. Since long-term independence from proprietary model
providers such as OpenAl or Alphabet might be a relevant strategic consideration
for many news organisations, open-source models such as Mistral, Gemma 3
(Google) or Phi 4 (Microsoft) deserve particular attention in this context. Many of
these models can now be re-trained or adapted with comparatively modest com-
putational resources, including setups based on a cloud platform such as Google
Colab or Kaggle, indicating that, from a technical standpoint, the prerequisites for
adopting and customising open-source solutions are already quite favourable. Fi-
nally, our findings represent a snapshot in time. Given the rapid pace of develop-
ment in large language models, future architectures or model versions may exhibit
different performance characteristics, even on comparable tasks.

A further critical limitation is the restricted size of our dataset. We are well awa-
re that incomplete or limited training data contributes to a lack of robustness and
prediction accuracy. Moreover, as with any fine-tuning on relatively small datasets,
overfitting remains a potential concern — although our best-performing models
showed no indications of overfitting on the validation or unseen test data (a brief
analysis of the training dynamics is provided in supplementary material S1 d on
OSF). However, the limited availability of publicly accessible expert reviews on sci-
ence news articles, such as those presented here, constrains our ability to scale up
the training data. One potential strategy to mitigate data scarcity is data augmenta-
tion (e.g., Feng et al., 2021; Wei & Zou, 2019). However, implementing such tech-
niques in our context is challenging: Both the original articles and their correspon-
ding quality assessments would need to be adapted in a highly controlled and
semantically consistent manner. As an alternative or complementary strategy, colla-
borations with media organizations could offer a more sustainable path forward.
By systematically logging editorial decisions over time (e.g., which texts are selec-
ted, edited, or discarded, and why so), these organizations could generate domain-
specific training data that reflects real-world workflows and decisions.
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7. Conclusions

Budget constraints in media organisations, coupled with an increasing need for
efficient quality assessment amid growing information flows, have intensified the
demand for tools that can support rapid and reliable decision-making. This is es-
pecially true in fields such as science reporting, where specific editorial knowledge
is often rare. Addressing this need, our study combines theoretical insights from
quality research with practical model evaluations, testing a variety of Al approa-
ches for their potential to automate criteria-based quality assessment of news ar-
ticles, particularly in the domain of medical science reporting. This approach
moves beyond the established, albeit important, practice of fact-checking specific
claims (Hameleers, 2019; Nyhan et al., 2020) towards a more holistic evaluation
of journalistic content based on predefined criteria for the overall quality of a gi-
ven contribution.

Rather than relying solely on the “black box” of LLMs, we conducted a com-
parative analysis to evaluate the capabilities of both LLMs and more transparent
methods in terms of their ability to evaluate an article’s quality. By testing a range
of models against established quality criteria for medical journalism, we found
that current Al technologies can deliver results that are, in many cases, compara-
ble to human expert evaluations. Both advanced LLMs, such as GPT-40, and
simpler models like a Random Forest classifier achieved accuracy levels approa-
ching those of human evaluators but showed imbalances in their prediction capa-
bilities of individual quality criteria. Notably, the fine-tuned LLMs employed in
this study showed a significant advantage over their zero-shot counterparts. A fi-
ne-tuned GPT-40 model consistently aligned more closely with — and even sur-
passed — human expert evaluations. Nevertheless, at least two quality criteria pro-
ved challenging also for the fine-tuned models, underscoring the complexity and
nuanced understanding needed for robust quality assessment in journalism. Im-
portantly, the fine-tuned models also demonstrated strong capabilities in detecting
low-quality articles, suggesting practical applications as assistive tools in editorial
workflows, particularly during early screening stages. While our study focused on
medical journalism, we are confident that our approach can be extended to other
fields where clear quality standards exist or can be developed, tailored to the
needs of specific organisations or aligned with theories of media performance.
Ultimately, the models tested here should always be seen as augmenting, rather
than replacing, human judgment.

Generative Al declaration

During the preparation of this work, the authors used DeepL and, in rare cases,
ChatGPT to refine the linguistic quality and improve the readability of the ma-
nuscript. The authors reviewed and edited the content as needed and take full re-
sponsibility for the content of the published article.
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