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Abstract

We present an intelligent decision support system, powered by
Al-driven prediction, designed to assist multilingual newsrooms in
selecting articles for cross-regional translation as part of the digi-
tal transformation of journalism. The task is to predict whether a
German-language article should be translated into French for cross-
regional publication. Trained on 15,933 German-language articles
from a major Swiss publisher, the system uses a hybrid architec-
ture combining multilingual BERT embeddings with 41 engineered
features and incorporates real-time editorial feedback through an
active learning loop. It achieves an accuracy of 85.0%. During de-
ployment, F1 improved from 77.5% to 81.2% after four weeks of
feedback-driven exemplar refresh. Ablation studies indicate that
sentiment polarity, regional relevance, and person-type named en-
tities are the most influential features. The interface highlights key
factors, ensuring transparency and consistency with editorial prac-
tice. By pairing hybrid NLP with human-in-the-loop prompting,
the approach operationalizes intelligent translation triage in a live
newsroom while preserving human control over final decisions.

CCS Concepts

« Computing methodologies — Natural language process-
ing; Machine learning; - Information systems — Data analytics;
Decision support systems.
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1 Introduction

In multilingual environments such as Switzerland, news publishers
must decide daily which stories are worth translating for different
language audiences. These editorial choices, particularly between
German and French, are often made under time pressure and rely
heavily on intuition. Our interviews with editors at major Swiss
newsrooms confirmed this. One senior editor noted, "Sometimes I
just know a story will work for our French readers, but I couldn’t
always tell you why!" This challenge exemplifies the need for predic-
tive intelligent systems that can augment human decision-making
in digital-era newsrooms. Our work situates this problem within
the broader digital transformation of media workflows, where Al is
increasingly used not only for automation but for human-centered
decision support.

While past research has explored automation in journalism and
recommendation systems [6, 12], the specific challenge of cross-
regional content selection in multilingual contexts remains largely
unaddressed. Traditional systems often optimize for user engage-
ment within a single language [14, 22], not editorial decisions across
language boundaries. To address this gap, we developed an Al-
powered system that predicts which articles should be translated
for cross-regional audiences. By combining natural language pro-
cessing, large language models, and contextual feature engineering,
our system delivers data-driven suggestions that complement edito-
rial expertise. Our approach is hybrid, combining contextual BERT
embeddings with structured editorial features.

Previous work has shown the value of predictive analytics in
journalism. [4] demonstrated how content targeting increases en-
gagement, while [3] showed how data can support strategic plan-
ning in media organizations. Building on these foundations, our
work extends predictive models to a multilingual editorial context.
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We also address common limitations of Al-based editorial systems.
These include lack of transparency, misalignment with editorial
criteria, and insufficient support for cross-cultural relevance. Our
system extracts interpretable features, integrates feedback through
active learning, and emphasizes alignment with real-world editorial
practices.

More broadly, this work contributes to emerging efforts at in-
tegrating Al responsibly into journalistic processes. The tension
between automation and editorial autonomy is central in multilin-
gual newsrooms where translation decisions require both linguistic
and contextual awareness. By offering interpretable predictions
grounded in editorial reasoning, our model helps bridge the gap
between algorithmic efficiency and human judgment. It supports
editorial strategies that aim to improve national coherence and
mutual understanding across linguistic regions.

By supporting the flow of news across linguistic regions, our
system contributes to a more informed public discourse and fosters
national cohesion - a clear example of how intelligent systems can
serve the social good in a multilingual society.

This study makes four main contributions:

(1) A hybrid translation prediction model combining BERT em-
beddings with editorially grounded features, validated on
15,933 news articles.

(2) A feature importance analysis showing that source type,
person-name mentions, and event characteristics are strong
predictors of translation.

(3) An active learning mechanism that integrates real-time ed-
itorial feedback, improving F1 from 77.5% to 81.2% in four
weeks.

(4) A newsroom deployment with editor-configurable thresh-
olds and a live feedback loop for human-in-the-loop decision
support.

While our approach builds on established NLP and recommen-
dation techniques, its novelty lies in operationalizing a hybrid Al
system within a live newsroom workflow. The integration of in-
terpretable features, real-time editorial feedback, and configurable
decision thresholds creates a practical, human-centered decision
support tool not previously demonstrated in multilingual editorial
settings.

2 Related Work

2.1 Predictive Models for News Selection

Recent research in predictive analytics has examined how machine
learning can enhance editorial workflows. [5] explored the use of
machine learning models, including AdaBoost, LPBoost, and Ran-
dom Forest, to predict online news popularity based on features
from the UCI dataset. [25] further advanced performance using Au-
toencoders with One-Class classifiers, particularly for imbalanced
datasets.

Deep learning models have also shown promise in this domain.
[21] achieved 96.27% accuracy using artificial neural networks and
social media features. [2] used GRUs and Word2Vec embeddings
to improve content representation, while [17] proposed a "robot
editor" that combined ensemble models with topic modeling to
forecast article performance.
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Recent advances include the work of [10], who developed a mod-
ular framework for multi-aspect neural news recommendation, and
[11], who proposed a prompt-based news recommendation system
using pre-trained language models. [27] provided a comprehensive
survey of personalized neural news recommenders focusing on
accuracy and diversity challenges.

Extending this body of work, [15] introduced cross-linguistic
enrichment to align semantic representations, a foundation we
build upon for multilingual republication prediction.

2.2 Limitations of Traditional Recommendation
Approaches

Collaborative filtering remains common in news recommendation
[22], but faces limitations such as cold-start problems and poor
adaptability to fast-moving news cycles [23]. These history-based
systems are poorly suited for editorial judgment.

Content-based methods address some of these issues. For exam-
ple, [16] detected satire using textual cues without relying on user
behavior, highlighting the predictive power of linguistic signals.
Yet, most existing systems are limited to single-language scenarios
and do not support cross-lingual editorial decisions.

Multilingual content selection poses additional challenges that
exceed standard recommendation requirements. [8] explored few-
shot news recommendation via cross-lingual transfer, while [9]
introduced xMIND, a multilingual dataset derived from machine-
translated news articles across 14 diverse languages. [13] investi-
gated multilingual news consumption patterns, revealing significant
differences in querying and selection behaviors across language
groups.

Complementary work in cross-cultural information retrieval has
underscored the importance of tailoring content to linguistic and
social preferences [18]. Editors must consider language use in social
interaction, cultural salience, and cross-regional relevance. Our
system addresses these needs by embedding such considerations
directly into the predictive architecture.

2.3 Feature Evaluation and Multilingual Gaps

Prior research has applied ablation and interpretability techniques
in related domains. For instance, [20] proposed a model-agnostic in-
terpretability method. Similarly, [24] developed automated feature
elimination strategies, and [1] explored CNN-based feature evalua-
tion for parameter optimization in machine learning applications.
In the social media context, [7] performed comparable evaluations
for engagement forecasting.

Despite these innovations, such techniques remain underuti-
lized in multilingual editorial support. Prior research tends to focus
on virality and user preference, rather than editorial alignment
across languages. Our work contributes to this understudied area
by pairing ablation analysis with editorial heuristics and multilin-
gual feature sets.

Recent research by [19] highlighted several persistent challenges
and opportunities in news recommendation systems, emphasizing
the need for context-aware features that can capture cultural and
linguistic nuances. [11] demonstrated that large language models
can significantly improve recommendation quality through better
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Figure 1: Five-stage predictive workflow for cross-regional
article selection in multilingual newsrooms.

understanding of semantic context, particularly for cross-lingual
applications.

By integrating structured features with transformer-based rep-
resentations and editorial feedback, our approach bridges computa-
tional capabilities and domain-specific expertise, creating a synergy
that is critical for successful newsroom integration. Having identi-
fied these research gaps, we now present our predictive workflow,
detailing the dataset, feature engineering, and active learning mech-
anisms that underpin our system.

3 Methodology

Our predictive workflow follows five key stages: (1) article prepro-
cessing, (2) real-time feature extraction using NLP and LLM tech-
niques, (3) prediction using a hybrid model that combines BERT
embeddings with structured features, (4) editorial feedback collec-
tion, and (5) model refinement through active learning. This cyclical
structure ensures continuous alignment between system outputs
and evolving editorial judgment. Figure 1 provides an overview of
the end-to-end workflow, from preprocessing to editorial feedback.
In the next section, Figure 2 zooms in on the core predictive compo-
nent of this workflow, the hybrid model that integrates contextual
BERT embeddings with structured editorial features.

3.1 Dataset and Preprocessing

We curated a dataset of 15,933 German-language news articles from
a major Swiss publisher spanning 2023-2024. Each published article
was labeled to indicate whether it had been translated into French
(“translated”) or not (“not translated”). The dataset contains 4,001
translated articles and 11,932 non-translated ones. Each record
included the article’s headline (avg. 9.3 words), body text (avg. 472
words), an editorial summary (35-50 words), category metadata
(e.g., politics, culture), and publication timestamps. For translated
articles, we also stored the corresponding French publication URLs
for reference.

Preprocessing steps included normalization, tokenization, com-
pound noun splitting (via morphological analysis), part-of-speech
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tagging, and named entity recognition (NER) using spaCy’s Ger-
man models. We also applied semantic similarity filtering to remove
near-duplicates and non-parallel reports (e.g., syndicated duplicates,
merged newswire content), ensuring labels correspond to deliberate
translation actions rather than syndicated content. These German-
specific preprocessing steps ensured that the model’s inputs were
clean and reliable.

3.2 Real-Time Feature Engineering

We constructed a 41-dimensional feature vector for each article.
These features reflect linguistic, structural, and editorial signals
that influence translation suitability. Table 1 provides a taxonomy
of the engineered features, grouped into seven editorial dimensions
(Regional Impact, News Quality, etc.), along with examples. The
count in each category indicates the number of individual features
it contains.

To provide a clearer picture of the engineered features, we sum-
marize here how the 41 dimensions behave in practice. Regional
Impact features show a bimodal distribution: approximately 23% of
articles explicitly mention French-speaking regions, while 61% have
only German-region mentions. Source-type features indicate that
38% of articles originate from agency feeds, while 62% are original
reporting. Person-Named-Entities appear in 72% of translated arti-
cles, compared with 41% of non-translated ones, underscoring their
predictive strength. Sentiment polarity is predominantly neutral
overall, but emotionally charged pieces are more common among
translated articles (31% vs. 12%).

3.2.1 Ontology-Based Features. To capture domain-specific seman-
tics (e.g., political entities, public events), we developed a light-
weight ontology using structured knowledge sources such as Wiki-
data [26]. Articles are first preprocessed:

D’ = Preprocessing(D) (1)

where D is the raw document corpus and D’ is the cleaned,
lemmatized, and Named Entity Recognition (NER)-tagged version.
Tokens t; from the ontology are matched against article d; using:

FeatureWeight; = W; - match(t;, d;) (2)

Here, W; is a weight reflecting term i’s relevance, calculated
via a TF-IDF based scheme with domain-specific boosting (higher
weights for terms linked to cross-regional interest, e.g., federal
referendums). Geographic entities are mapped to Swiss cantons,
and political references are linked to government offices, votes, or
public initiatives. The resulting feature weights contribute to the
structured feature vector used for classification.

3.22 LLM-Driven Features. Editorially nuanced signals were ex-
tracted using prompt-based queries to large language models (e.g.,
perplexity). For a predefined set of editorial criteria C = {Cy, ..., Cx},
the LLM returns binary indicators y; € {0, 1} for each article d;,
according to the function:

yr = LLM(d}, Cr) (3)

Examples of criteria (each criterion corresponds to one feature
per article):
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Table 1: Feature taxonomy with descriptions, count, and example features per category

Feature Category Description

Count | Example Features

Regional News & Impact

Local relevance, community significance, regional mentions 6

Regional names (French-speaking)

News Quality & Type

Article structure, source type, information density

Agency vs. original, emotional tone

Politics & Public Affairs

Political entities, voting patterns, civic engagement

Federal votes, parliament mentions

Economy & Consumption | Financial indicators, consumer trends, market references

Inflation rate, consumer confidence

Lifestyle & Recreation

Cultural content, entertainment topics, leisure activities

Food, travel, entertainment

Safety & Crime

Security incidents, risk factors, legal proceedings

Criminal cases, army

International Affairs

Cross-border topics, global events, international actors

G| N ]|

EU politics, Foreign leaders, crises

e Does the article cover international topics with Swiss rele-
vance?

e Is the tone emotionally charged or neutral?

o Is the central figure a person affected by violence, injustice,
or discrimination?

o Is this article related to a national or French-speaking can-
tonal vote?

Each LLM response was post-processed using rule-based heuris-
tics (e.g., majority voting from multiple prompt formulations) to
ensure consistency. We also implemented a prompt versioning sys-
tem for traceability of these features. Notably, using an LLM in
this way provides real-time content analysis that adapts as arti-
cles arrive, complementing the static ontology-based features with
more context-sensitive judgments (e.g., detecting emotional tone
or implicit relevance cues).

3.3 Feature Optimization

To ensure efficient model performance and maintain interpretability,
we applied several optimization techniques to the structured fea-
ture set. These included normalization, exploratory dimensionality
reduction using PCA and t-SNE, and Recursive Feature Elimination
(RFE). This process reduced redundancy and highlighted the most
informative features for classification.

This feature taxonomy supported model refinement by clarify-
ing the contribution of different editorial dimensions. Performance
evaluation later demonstrated that certain categories played a dis-
proportionately important role in prediction accuracy, informing
both model tuning and interface design.

3.4 Active Learning Feedback Loop

To adapt to changing editorial judgment, we implemented a feed-
back loop using uncertainty sampling. Articles with prediction
scores near the decision threshold are prioritized for review. Editors
accept or reject suggestions through a dedicated feedback interface,
and this data is reintegrated weekly to fine-tune the model.

The selection threshold is configurable and plays a central role in
controlling the volume of daily suggestions. By default, a threshold
of 0.6 results in approximately 50 articles being proposed per day
from a pool of around 250 published German-language articles.
Editors can adjust this trigger based on their editorial capacity or
strategic focus. For instance, increasing the threshold to 0.7 results
in more conservative, higher-confidence recommendations. While
lowering it to 0.5 yields more inclusive suggestions. This flexibility
lets each desk balance precision vs. recall according to their needs.

Editors approve or reject each suggestion via the feedback but-
ton; we store the article ID, decision, and timestamp. Weekly, we
refresh a small exemplar bank, a set of representative example cases
drawn from recent editor feedback (per desk/topic). At inference,
the system retrieves the five most similar exemplars (based on em-
bedding similarity and uncertainty cues) and injects them into the
few-shot prompt that guides feature extraction and explanation.
This lightweight loop improved F1 from 77.5% to 81.2% over four
weeks (~820 feedback events), with most gains in the first three
weeks. The F1-score reported here is computed on the held-out
validation split described later in Section 5.1, ensuring consistency
across weekly updates. Editors also adjust per-desk thresholds (e.g.,
higher for politics, lower for culture) to trade precision vs. recall
without retraining.

4 Model Design and Implementation
4.1 Hybrid Model Architecture

To establish a semantic baseline, we also trained a BERT-only model
that processes both the article headline and body text. This model
encodes the unstructured textual content using the multilingual
BERT-base-cased encoder, without incorporating any of the hand-
crafted editorial features. It serves as a deep contextual benchmark
to assess the added value of structured signals in the hybrid archi-
tecture.

We designed a hybrid classification model that merges contex-
tual embeddings with structured editorial signals. The architecture
consists of three main components:

(1) Text Encoding Branch: Article headlines and body text are
tokenized and encoded using the multilingual BERT-base-
cased model, pretrained on Wikipedia and fine-tuned on
our dataset. This generates a 768-dimensional contextual
embedding for each article.

Structured Feature Branch: Articles are simultaneously pro-
cessed through NLP and LLM-based pipelines to extract
a 41-dimensional handcrafted feature vector representing
editorially relevant dimensions such as sentiment, person
named entities, and regional relevance.

Classification Head: The outputs from the two branches
are concatenated and passed through a batch-normalized
feedforward network with a sigmoid output layer. This com-
ponent generates the final binary prediction: translate or
not.

—
S
~

—
[8Y)
=

This architecture captures both latent semantic information and
interpretable editorial signals. It enables flexible feature attribution
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by identifying which structured variables contributed most to a pre-
diction, an essential requirement for supporting human-in-the-loop
decision-making. A schematic representation is shown in Figure 2.

4.2 Training Procedure and Hardware

We trained the hybrid model on the full dataset of 15,933 labeled
articles using an 80/20 stratified train-test split. Class imbalance
(approximately 25% positive) was addressed by a combination of
weighted binary cross-entropy loss and mixed sampling strate-
gies. The model was implemented in PyTorch and trained with the
Adam optimizer (Adaptive Moment Estimation). We tuned hyper-
parameters via grid search and validated performance using 10-fold
cross-validation. The grid search covered learning rate, dropout
rate, hidden-layer width, batch size, and the number of dense layers
in the classification head.

All experiments were run on a GPU-enabled infrastructure. In
our case, we used a single NVIDIA Tesla V100 (16 GB memory)
for model training. We employed a batch size of 32 and trained
for up to 10 epochs, with early stopping on the validation loss to
prevent overfitting. Training was manageable on a single GPU, with
the hybrid model requiring several hours per epoch and simpler
baselines completing within minutes.

4.3 System Implementation, Inference and
Deployment

The final model was deployed as a RESTful API within a web-based
editorial dashboard. We implemented the following endpoints:

o /predict: Accepts an article’s content and metadata, returns
a binary prediction (translate vs. not translate) along with a
confidence score and a list of top contributing features.

o /feedback: Accepts an article ID and an editor’s decision
(translated or not), and records this feedback for learning.

e /metrics: Returns performance statistics (accuracy, recent
feedback incorporation status, etc.) for monitoring.

Feature extraction is triggered in real time as new articles are
ingested into the newsroom’s CMS. The backend pipeline performs
tokenization, structured feature computation (ontology lookup,
sentiment analysis, etc.), and LLM-based queries as needed, then

News Articles (Input)

» Headline
- Body text
- Category

Text Encoding

Tokenization

Structured Features
BERT

NLP + LLMs

Result (Output)

« Translate
+ Not translate

Classification Head

Concatenation

Sigmoid Avtivation

Feature Processing
Batch Normalization

Feedforward Layer

Figure 2: Hybrid architecture combining multilingual BERT
with LLM/NLP-based structured features and dense classifi-

cation layers
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generates a prediction. This end-to-end inference pipeline is opti-
mized to align with editorial review rhythms; in practice, an article’s
suggestion is available within seconds of publication.

During implementation, we took care to integrate with existing
editorial tools. Predictions are delivered to editors with justifications
such as “high regional relevance” or “strong emotional tone,” based
on the top weighted features for that article. These explanations
are shown in the interface next to each suggested article. Editors
can click an article to see a breakdown of why it was recommended,
which fosters trust and transparency. The system initially rolled
out in a pilot with four editors across national and regional desks.
Based on their feedback, we adjusted the confidence score visibility
and explanation granularity. For instance, overly detailed rationales
were condensed for clarity, and thresholds were raised for politically
sensitive content to favor precision over recall (fewer borderline
suggestions in that domain).

Full integration followed a staged deployment across editorial
roles, with each editor focusing on a distinct content category (pol-
itics, regional affairs, culture, etc.). Onboarding sessions allowed
each editor to explore the system and configure it to their pref-
erences (e.g., setting a higher threshold if they prefer only very
certain recommendations). The platform records both the system’s
recommendation and the editor’s final action (translated or not).
This logging enabled us to analyze disagreement patterns and sup-
ply “counterfactual” training examples in the active learning loop
(e.g., if the model did not recommend an article that an editor chose
to translate, that article becomes a valuable positive example to
add in training). This real-time human-in-the-loop integration has
made the system a practical enhancement to the newsroom work-
flow. Editors reported that the Al suggestions serve as a useful
second opinion, especially under tight deadlines. The combination
of integration into their dashboard, adjustable settings, and clear ex-
planations contributed to a high adoption rate and a perception that
the tool is augmenting rather than encroaching on their decision
autonomy.

5 Experimental Evaluation and Results

5.1 Experimental Setup

We evaluated the performance of our prediction models using stan-
dard classification metrics and comparisons against multiple base-
lines. Models were trained and tested on the same 80/20 stratified
split of the dataset, and we report average results across 5 random
restarts to ensure robustness. The primary evaluation metrics were
Accuracy, Precision, Recall, and F1-score. Accuracy is the overall
fraction of correctly classified instances. Precision is the fraction
of articles the model predicted “translate” that were actually trans-
lated (a measure of suggestion quality), and Recall is the fraction of
actual translated articles that the model successfully identified (a
measure of coverage). F1-score is the harmonic mean of precision
and recall, summarizing the balance between the two.

We also measured inter-annotator agreement to understand the
consistency of editorial judgments. Two senior editors indepen-
dently reviewed a randomly selected subset of 200 German articles
and indicated whether they would translate each for French audi-
ences. We found that the editors agreed on 170 out of 200 decisions
(85% raw agreement), with a Cohen’s k of 0.68. This substantial
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Table 2: Performance comparison of models across evaluation metrics

Model Accuracy | Precision | Recall | F1-score
Logistic Regression 69.2% 58.3% 67.1% 62.4%
Random Forest 71.8% 64.5% 60.9% 62.7%
Gradient Boosting 75.3% 68.2% 64.7% 66.4%
Neural Network 82.4% 75.9% 74.1% 75.0%
BERT-only 61.0% 55.2% 56.3% 55.7%
Hybrid (BERT+Features) 85.0% 78.7% 76.3% 77.5%

agreement, while not perfect, quantifies the inherent subjectivity
in the task. It sets an approximate upper bound on prediction per-
formance, since even human experts differ in some cases. It also
underscores the importance of our configurable threshold: what
one editor might consider a “translate” candidate, another might
not, so the system must allow tuning to individual or role-specific
standards.

5.2 Comparative Results and Baselines

We trained five baseline models for comparison: Logistic Regres-
sion, Random Forest, Gradient Boosting Machine, a simple Neural
Network (multi-layer perceptron), and the BERT-only text model
as shown in Table 2. The logistic, tree-based, and neural network
baselines used only the 41 engineered features as input (simulating
a scenario without the article text embeddings), whereas the BERT-
only baseline used only the article text (headline and body) without
our structured features. All models were evaluated on the same
test set. The hybrid model that combines BERT embeddings with
the 41 features is our proposed approach. We did not include an
LLM-only baseline for two reasons. First, prompt-based zero-shot
classification with API-based LLMs (e.g. GPT models) is difficult to
reproduce, as model behavior varies with prompt phrasing, hidden
system settings, and undocumented model updates. Such variability
makes it an unstable scientific baseline. Second, translation deci-
sions rely heavily on editorial signals, including regional relevance,
source type, and specific actor categories, which are not reliably
inferable from text alone and are better captured by structured
features. For these reasons, we focus on reproducible local base-
lines and on evaluating how LLM-derived features complement
traditional signals rather than on end-to-end LLM classification.
The feature-only models performed respectably, with Gradient
Boosting achieving 75.3% accuracy (F1 66.4%) and the simple Neural
Network reaching 82.4% accuracy (F1 75.0%). The BERT-only base-
line, in contrast, reached only 61.0% accuracy (F1 55.7%), indicating
that the raw multilingual BERT struggled to learn the task from
text alone, likely due to class imbalance and the subtlety of the
cues. This result is consistent with the nature of the prediction task.
Translation decisions often depend on explicit editorial cues, such
as whether a region is French-speaking, whether an article contains
specific political actors, or whether the source is agency-generated,
none of which are reliably encoded in raw text embeddings. Many
such signals appear only in metadata or external context and cannot
be inferred purely from text embeddings. The multilingual BERT
encoder also struggles with highly domain-specific entity types
(Swiss cantons, government offices), and class imbalance pushes
it toward conservative predictions that favor the majority class.

Indeed, the BERT-only model frequently defaulted to predicting
"not translate,” which explains its low recall. In contrast, the struc-
tured feature branch encodes these signals directly. The strong
performance of feature-only models thus confirms that translation
prediction is less about deep semantic nuance and more about edi-
torial criteria that are difficult for a text-only model to learn. The
hybrid model benefits from the complementary strengths of both
modalities, combining semantic context from BERT with explicit
editorial cues.

Our hybrid model achieved 85.0% accuracy, with 78.7% precision,
76.3% recall, and an F1-score of 77.5%. This was the highest overall
performance among all models. Notably, combining BERT embed-
dings with structured features increased F1 from 55.7% to 77.5% and
accuracy from 61% to 85% compared to the BERT-only baseline. The
hybrid model also outperformed the best feature-only model (Neu-
ral Network) by about 2.6 points in F1 and 2.6 percentage points in
accuracy, demonstrating that the textual semantic features and the
editorial features provide complementary information.

The model achieved its highest accuracy on political and eco-
nomic articles reaching, approximately 89% accuracy, likely due
to their consistent structure, formal tone, and recurring named
entities (e.g., government figures, economic indicators). In contrast,
sports and culture articles, characterized by more varied language
and local context, showed slightly lower accuracy of approximately
80%, while still outperforming all baselines. We also evaluated per-
formance by the newsroom’s content categories (Domestic, Politics,
Economy, Culture, Crime/Society, Sports, Digital, International).
The hybrid model’s precision was highest on Politics and Economy
(both over 87% precision), while categories like Culture and Sports
achieved higher recall but slightly lower precision. This pattern
suggests that editorially subjective or feature-rich topics, such as
culture and sports, are more challenging. In these cases, the model
tends to capture most true positives (high recall) at the expense
of a few false positives (lower precision). In contrast, fact-heavy
domains with clearer signals (politics, finance) allow the model
to be more precise. These observations informed the selection of
category-specific thresholds during deployment: for domains where
false positives are more tolerable than missed stories (e.g. culture,
where editors prefer to see all possibly interesting pieces), we chose
thresholds favoring recall; whereas for domains where a flood of
suggestions would overwhelm editors (e.g. politics), we tuned for
higher precision.

5.3 Feature Importance and Ablation Study

To identify the most predictive features in our hybrid model, we
conducted a feature importance analysis and ablation study. First,
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we trained a Random Forest classifier using only the 41 structured
features and computed Gini importance scores for each feature.
Figure 3 plots each feature’s importance. The top features aligned
well with editorial intuition: Sentiment polarity was highly pre-
dictive (articles with a strong emotional tone were more often
translated, especially human-interest pieces), as were counts of
person named entities (articles mentioning prominent people had
higher translation likelihood) and regional relevance indicators (ar-
ticles explicitly about French-speaking regions or national stories
were more likely to be translated). Additionally, whether an article
came from a news agency feed versus original reporting proved
important: agency-sourced articles were less likely to be selected
for translation, presumably because those stories might already be
available in French from the wire service or be less region-specific.
These observations were confirmed by our ablation test: removing
Person Named Entities features caused a 4.7-point drop in F1, re-
moving Regional Relevance caused a 3.9-point drop, and removing
Sentiment Polarity caused a 3.4-point drop (Table 3). Removing all
three top feature categories together diminished F1 by about 12
points. This shows that each contributes unique information not
fully captured by the others or by the BERT text embeddings. In
summary, explicit editorial cues (people, places, tone, source type)
greatly enhance the model’s decision-making, which aligns with
how editors described their own process.

Table 3: Top Feature Categories by F1 Drop in Ablation Study

Feature Category F1 Drop (Percentage Points)
Person Named Entities —4.7
Regional Relevance -39
Sentiment Polarity -3.4

5.4 Active Learning Performance and Editor
Alignment

During the four-week newsroom deployment, the active learn-
ing loop steadily improved model performance. Specifically, the
model’s F1-score on validation data rose from 77.5% to 81.2% after
incorporating approximately 820 feedback events through weekly
exemplar-bank refreshes. Most gains occurred in the first 2-3 weekly
updates, after which improvements leveled off, suggesting dimin-
ishing returns as the model converged toward the editors’ decision
boundary. We also noted that the feedback particularly boosted
recall in under-represented areas: for example, initially the model
missed some niche cultural articles, but after editors explicitly ap-
proved a few, the model learned to broaden its criteria. Precision
also improved slightly as the model learned to avoid types of arti-
cles editors consistently rejected (like very local news or routine
sports recaps).

Editor trust and uptake grew over this period. We conducted
a brief internal survey at the end of the trial: 80% of participat-
ing editors agreed that the recommendations aligned well with
their own expectations (with many commenting that the sugges-
tions reinforced ideas they were considering anyway), and 75%
expressed interest in expanding the tool to additional language
pairs beyond German-French. This positive feedback underscores
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that transparency, adaptability, and editorial control were key to
the system’s acceptance.

Finally, as noted above in the Experimental Setup, we quanti-
fied the agreement between different editors to contextualize the
model’s performance. The Cohen’s k of 0.68 among editors indi-
cates that even humans have some disagreements in borderline
cases. Our model, operating with an F1 in the high 70s to low 80s,
is approaching the consistency of an editorial team member. We
find this a promising result: it suggests the model can be seen as a
reasonable “second opinion” Cases where the model and an editor
disagree often correspond to cases where editors themselves might
disagree - these are the very cases where providing a data-driven
perspective can be most valuable, as it prompts a closer look. Going
forward, we aim to further analyze these disagreement cases to re-
fine both the model and editorial guidelines (for example, clarifying
criteria for translating sports human-interest stories, which were a
frequent source of differing opinions).

5.5 Error Analysis

To better understand the system’s limitations, we examined mis-
classified articles in the validation set. False positives often involved
culturally nuanced stories that editors considered too local or stylis-
tically unsuitable for translation despite strong semantic relevance.
False negatives typically included niche human-interest stories
that lacked explicit regional or political cues but were still consid-
ered valuable by editors. These cases highlight the role of subtle
contextual knowledge such as tone, narrative framing, and institu-
tional familiarity, which remain difficult to encode through features
alone. Incorporating discourse-level features, richer entity linking,
or lightweight summarization may help address these errors in
future iterations.

6 Conclusion and Discussion

Our experimental evaluation showed that the hybrid model signif-
icantly outperformed baselines, with accuracy reaching 85% and
F1 improving to 81.2% after active learning. These results confirm
the value of combining BERT embeddings with structured editorial
features. Although the gains are incremental rather than disruptive,
they are meaningful for newsroom practice and demonstrate the
value of tailored hybrid architectures over generic LLM or text-only
models. Building on these findings, we now discuss their implica-
tions for newsroom practice and future research.

We addressed the challenge of predicting which German-language
news articles should be translated for French-speaking audiences
in a multilingual newsroom. We proposed a hybrid AI model that
integrates BERT-based semantic embeddings with structured edito-
rial features, reinforced by real-time feedback from editors through
an active learning loop. Trained on a large, real-world dataset of
15,933 German-language news articles, the system achieved 85.0%
accuracy and a 77.5% F1-score, significantly outperforming both
traditional baselines and a text-only BERT model. Performance var-
ied by topic: structured domains like politics and economics yielded
higher accuracy, while culturally nuanced categories like sports or
lifestyle were slightly lower, reflecting the varying complexity of
editorial decisions across genres.
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Figure 3: Feature importance scores based on Gini impurity (Random Forest classifier)
perceived audience interest, and timing. As shown by our inter-

annotator study (k = 0.68), even senior editors disagree on bor-

derline cases, indicating that the task contains inherent subjectiv-

Our ablation studies confirmed the importance of sentiment
ity. This limits the upper bound of predictive performance and

polarity, person-name mentions, and regional relevance as core sig-

nals. The integration of editorial feedback via uncertainty sampling

led to measurable improvements over four weeks of deployment,
enhancing both model alignment with editorial choices and the

editors’ trust in the system.

From a theoretical standpoint, our findings contribute to the
literature on human-AI collaboration in editorial settings under
multilingual constraints. The importance of emotionally resonant
and context-aware content reinforces that translation decisions in-

volve more than factual news value, as they also encompass cultural
salience and perceived audience relevance. Practically, this work
demonstrates that hybrid models can augment editorial workflows
by providing interpretable predictions aligned with professional
heuristics. Rather than replacing editorial decision-making, the sys-
tem supports it by improving consistency, efficiency, and coverage
diversity while remaining responsive to feedback. In contrast to
prior “black-box” recommenders, our system’s integration of an
editor-configurable threshold and live feedback loop is a unique
innovation that empowers editors to guide the AI's behavior. Ed-

should be considered when interpreting results. Third, the results
are specific to the German-French context, and transferring to other
language pairs will require light adaptation (language resources, re-
gion/entity maps, and threshold tuning). Fourth, we do not explicitly
model temporal drift, so rapid shifts (elections, crises) may outpace
weekly exemplar refreshes. Fifth, because the data and models come
from a single publisher, reproducibility is constrained, although
the method is portable and can be rebuilt on public multilingual
sources. To support independent replication, we provide the full fea-
ture taxonomy, model configuration, and evaluation scripts so that
researchers can apply the pipeline to publicly available multilingual
corpora. Because both the dataset and the production codebase are
under strict licensing agreements with our media partner, they can-
not be released. However, we will provide documentation outlining
the feature extraction process, prompt templates, and full model

configuration to facilitate re-implementation.

6.2 Ethical and Editorial Considerations

itors could directly influence which stories get flagged by tuning
a simple slider and by giving a thumbs-up/down on suggestions,
a level of operational control that sets our approach apart from

earlier newsroom Al tools.

6.1 Limitations
Our study has five main limitations. First, niche or hyper-local

stories are underrepresented, which reduces confidence in rare
cases. Second, the target label (“translated” vs. “not translated”) re-
flects editorial preference rather than intrinsic article value. Trans-
lation decisions depend on workflow constraints, desk priorities,

Although the system is designed to support editors rather than
automate translation decisions, several ethical considerations arise
when deploying Al tools in newsrooms. First, editorial autonomy
must be preserved: our system provides suggestions rather than de-
cisions, and editors retain full control over final translation choices.
Second, Al models risk amplifying existing imbalances in histori-
cal data. For example, over-represented regions or topics may be
suggested more often unless feedback or threshold adjustments
correct these trends. To mitigate this, our deployment included
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per-desk threshold tuning and exemplar-bank diversification allow
editors to steer the model toward more balanced coverage. Third,
transparency is essential for maintaining trust among newsroom
staff. By surfacing top contributing features and enabling editors to
inspect the rationale behind each suggestion, the system supports
contestability and accountability. These considerations illustrate
that integrating Al responsibly into editorial workflows requires
not only strong model performance but also respect for professional
judgment, cultural nuance, and institutional values.

6.3 Future Work

Future work will add multimodal cues (images/layout) to better
capture cross-regional salience, and introduce time awareness via
drift monitoring and time-weighted exemplar refresh. We will as-
sess cross-lingual transfer by starting zero-shot with multilingual
embeddings, then adapting with few-shot prompting from a small
target-language exemplar bank, measuring gains versus exemplar
size. We also plan editor-centric explainability that highlights ratio-
nale spans, and supports desk-level “don’t show this” controls that
update the exemplar bank. Finally, we aim to replicate the pipeline
on public multilingual corpora and release prompt templates, the
feature taxonomy, and evaluation scripts.

In summary, our work shows that a hybrid Al system can mean-
ingfully support editorial judgment in multilingual settings. By
leveraging both data-driven insights and human expertise, and by
building adaptability into the tool, we achieved a workflow integra-
tion that editors found valuable. We believe that through respon-
sible and thoughtful expansion, including support for additional
languages, incorporation of multimedia content, and maintenance
of a human-centered design, such systems can enhance journalistic
collaboration across language barriers and provide newsrooms with
powerful new capabilities for cross-cultural news exchange.

By situating our work within the broader digital transformation
of media, we demonstrate how intelligent decision support systems
can enhance newsroom practices today while providing a template
for future cross-domain applications in today’s digital era, from
multilingual publishing to other sectors where human-centered Al
decision support is critical. Beyond technical performance, the soci-
etal benefit of this approach lies in enabling more equitable access to
information across language communities, thereby strengthening
democratic dialogue and inclusiveness in today’s digital society.
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