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Abstract
The CLEF 2026 SimpleText Track asks systems to simplify scientific text, and our main submission addresses Task
1.1, where complex English sentences from Cochrane biomedical abstracts must be rewritten as plain-language
sentences. This problem is challenging because biomedical sentences often contain parenthetical statistical
expressions, such as risk ratios, confidence intervals, heterogeneity statistics, and p-values, which should not be
copied verbatim but should also not be removed without preserving the main conclusion. For Task 1.1, our system
combines statistics-aware prompting with heuristic candidate selection and achieved a SARI score of 47.01 on the
English Cochrane-auto 2026 main evaluation subset; we also report seven exploratory Task 2 submissions for
overgeneration detection, with the best source-aware binary run achieving a CodaBench document-level F1 score
of 0.7716. These results suggest that explicit handling of statistical expressions is useful for biomedical sentence
simplification, while Task 2 overgeneration detection benefits from supervised classification and development-set
threshold calibration.
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1. Introduction

The SimpleText 2026 Track focuses on making scientific texts easier to understand. Task 1 asks partici-
pating systems to simplify scientific text [1]. Task 1.1 is a sentence-level scientific text simplification task
in which the input is a complex English sentence from a Cochrane biomedical abstract and the output
is a corresponding plain-language sentence [2]. Cochrane plain language summaries are intended for
non-expert readers and aim to communicate the questions and main findings of systematic reviews.
Therefore, the task is different from general stylistic rewriting and from summarization that only seeks
shorter text. A system must reduce linguistic complexity while preserving the comparison, effect
direction, and uncertainty of the biomedical evidence.

Automatic text simplification has been studied through several types of methods. Shardlow catego-
rizes automated text simplification into lexical, syntactic, statistical machine translation, and hybrid
techniques [3]. Al-Thanyyan and Azmi further review text simplification in terms of resources, corpora,
methods, and evaluation settings [4]. These studies provide a general framework for text simplifica-
tion. Evaluation metrics such as SARI measure the relation between the system output, the source
sentence, and the reference simplification in terms of add, keep, and delete operations [5]. Recent
work revisiting SARI in the era of modern large language models also suggests that simplification
metrics should be interpreted together with system behavior and task-specific analysis [12]. Recent
large language models can perform rewriting and simplification through natural-language instructions,
and instruction-following ability affects how well models follow user intent [6].

Cochrane biomedical sentence simplification includes a more specific problem: how to handle
parenthetical statistical expressions. We use this term to refer to statistical details placed in parentheses,
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including risk ratios, odds ratios, confidence intervals, I2 values, p-values, numbers of studies, and
numbers of participants. These expressions are not ordinary difficult words. They encode effect direction,
group difference, and uncertainty. If a system copies these expressions directly, the output is still not
plain language. If it deletes the parenthetical expression without replacement, the output may omit
key conclusions. At the same time, factual consistency is an important concern in text simplification,
because simplified outputs may introduce unsupported information or omit important information [7].
Therefore, in this task, parenthetical statistical expressions should be treated as a controlled rewriting
problem rather than as ordinary lexical simplification.

Our system is designed around this problem. It uses statistics-aware prompting to make the rewriting
of parenthetical statistical expressions explicit. It then uses heuristic candidate selection to choose
among outputs generated by DeepSeek-V4-Pro and deepseek-chat prompt variants. This paper describes
the Task 1.1 data, the submitted Task 1.1 system, the prompt variants, the candidate selection method,
the official results, and a small set of analyses based on submitted variants. In response to the track-level
preference that a single team paper should document the team’s work within the track, we also report
our exploratory Task 2 submissions for overgeneration detection. The main contribution and analysis
of this paper remain focused on Task 1.1.

2. Experimental Setup

Our experiments had two objectives. The first objective was to improve Task 1.1 biomedical sentence
simplification by explicitly rewriting parenthetical statistical expressions and selecting among multiple
prompt-based candidates. The second objective was to report our exploratory Task 2 submissions for
overgeneration detection, following the track preference that a single team paper should document the
team’s work within the track.

2.1. Task and Data

We participated in SimpleText 2026 Track Task 1.1. The input consists of individual complex sentences
extracted from Cochrane biomedical abstracts. Each record contains pair_id, source, language,
para_id, sent_id, and complex. The system is required to preserve these fields and add prediction
and run_id.

The main score displayed on CodaBench is based on the English Cochrane-auto 2026 main evaluation
subset, defined by:
source = Cochrane-auto 2026
language = en

This subset contains 3,679 sentences. The complete test file contains 48,809 records, including
Cochrane full 2026, Cochrane-auto 2025, Cochrane-auto val, Cochrane-auto test, SimpleText2024,
Medline, and multilingual pilot data. According to the task requirement, a Task 1 submission should
provide predictions for all records in the complete test file. Therefore, our final JSON submission
contains predictions for all 48,809 records.

Our core system is designed for English biomedical sentence simplification. Statistics-aware prompt-
ing, prompt variants, and heuristic candidate selection are based on English biomedical expressions and
English plain-language rewriting. The complete test file includes non-English and pilot data. These
data are included for complete submission, but the method design and analysis in this paper focus on
the English Cochrane-auto 2026 main evaluation subset.

2.2. System Overview

The final system consists of three main components: statistics-aware prompting, candidate generation,
and heuristic candidate selection. Figure 1 shows the inference pipeline. Given an input sentence, the
system first applies a statistics-aware prompt. It then generates four candidate simplifications using



Input sentence → statistics-aware prompting → candidate generation → heuristic candidate selection
→ final prediction

Figure 1: Inference pipeline of the submitted Task 1.1 system. The system applies statistics-aware prompting,
generates candidates using DeepSeek-V4-Pro and deepseek-chat prompt variants, and uses heuristic candidate
selection to produce the final prediction.

Table 1
Candidate sources used in the submitted system.

Candidate Model and prompt Description

base_pro DeepSeek-V4-Pro + main prompt Default candidate
chat_original deepseek-chat + main prompt Same prompt, different model
context_chat deepseek-chat + context prompt Resolves local references
r2_cochrane deepseek-chat + cautious prompt Cautious biomedical wording

DeepSeek-V4-Pro and deepseek-chat prompt variants. Finally, heuristic candidate selection filters and
scores the candidates. The DeepSeek-V4-Pro output is kept by default, and an alternative candidate is
selected only when it exceeds the current best candidate by a replacement margin of 0.45.

2.3. Statistics-Aware Prompting

Cochrane sentences in Task 1.1 often contain parenthetical statistical expressions. For example:
PPIs may reduce ulcer complications compared with placebo
(RR 0.33, 95% CI 0.10 to 1.07; P = 0.30; I2 = 18%;
5 studies, 4394 participants; low-certainty evidence).

The parenthetical expression contains a risk ratio, confidence interval, p-value, heterogeneity statistic,
number of studies, number of participants, and evidence certainty. For non-expert readers, these
numbers and symbols are not intuitive. If the parenthetical expression is copied directly, the output
remains complex. If the parenthetical expression is only removed, the output may lose information
about uncertainty or the possibility that the difference is due to chance.

To address this problem, we use a statistics-aware prompt. The central rule is:
HOW TO HANDLE STATISTICS IN PARENTHESES:
- Remove the detailed numbers (RR, CI, I2, p-values).
- REPLACE them with a short plain-language conclusion
(e.g., "the risk was reduced by about 80%",
"there was little to no difference between groups").

- This replacement is REQUIRED, not optional.
It is NOT considered "adding new facts" - it’s part of simplification.

This rule defines the rewriting of parenthetical statistical expressions as part of simplification. The
model is not required to preserve symbols such as RR, CI, I2, and p-values, but it should preserve the
main conclusion supported by the parenthetical statistical expression. This may include risk reduction,
risk increase, little or no difference between groups, or uncertainty of the evidence.

2.4. Candidate Generation

For each sentence in the main evaluation subset, the system generates four candidates. Table 1 lists the
candidate sources used in the submitted system.

The default candidate, base_pro, is generated by DeepSeek-V4-Pro with the main statistics-aware
prompt. The chat_original candidate uses the same prompt but is generated with deepseek-chat.
The context_chat candidate uses a context-trigger prompt, where local context is used only to
resolve missing references such as pronouns, group names, or comparison targets. The r2_cochrane



candidate uses a cautious biomedical wording prompt variant, which encourages expressions such as
“may reduce”, “little or no difference”, and “the evidence is uncertain” when supported by the source
sentence.

All prompt variants use deterministic inference with temperature 0.0. The model output is a JSON
object, and the field step3_draft is extracted as the candidate simplification. The complete prompt
variants are provided in Appendix A.

2.5. Heuristic Candidate Selection

The goal of heuristic candidate selection is to select the final prediction without using test references.
The selector uses base_pro as the default candidate. Alternative candidates must first pass filtering
and are then assigned a heuristic score.

The filtering rules are:

1. The candidate must not be empty.
2. The candidate must contain at least two characters.
3. The candidate length must not exceed 1.15 times the source length.
4. If the source sentence has more than 12 words, the candidate length must not be less than 0.35

times the source length.
5. The candidate must contain no more than two sentences.

After filtering, the system uses a deterministic rule-based scoring function. Let r be the ratio between
the candidate word count and the source word count. The score mainly considers the following factors:

1. Target compression ratio: candidates closer to 0.73 times the source length receive a higher
score.

2. Statistical-symbol handling: if the source contains parenthetical statistical expressions or
statistical symbols such as RR, OR, CI, I2, I-squared, p-value, 95%, confidence interval, risk
ratio, or odds ratio, candidates that remove these symbols are rewarded, while candidates
that keep them are penalized.

3. Copy handling: copying a long source sentence is penalized; copying a very short sentence is
not heavily penalized.

4. Length penalties: candidates that are too short or too long are penalized.
5. Plain-language biomedical cues: candidates containing expressions such as little or

no difference, reduced, increased, risk, side effects, study, studies, treatment,
vaccine, people, or uncertain receive a small reward.

The selection rule is:
Select alternative candidate yi only if:
score(x, yi) > score(x, current_best) + 0.45.
Otherwise, keep the current best candidate.

The value 0.45 is the replacement margin. It makes the selector conservative: the DeepSeek-V4-Pro
output is kept by default, and an alternative candidate is selected only when it is clearly better under
the heuristic score. This value is not a theoretical optimum, but an empirical boundary used in the
submitted system. The full heuristic candidate selection procedure is given in Appendix B.

2.6. Complete Submission and Reproducibility Settings

The final submission file contains predictions for all 48,809 records. The English Cochrane-auto 2026
main evaluation subset uses the candidate generation and heuristic candidate selection pipeline described
above. For records outside the main evaluation subset, we used deepseek-chat with the same general
prompt-based simplification procedure to generate predictions and satisfy the complete-submission



Table 2
System settings used for the final submitted run.

Item Setting

Task SimpleText 2026 Track Task 1.1
Level Sentence-level
Main evaluation subset Cochrane-auto 2026, English
Default model DeepSeek-V4-Pro
Candidate model deepseek-chat
API DeepSeek OpenAI-compatible API
Temperature 0.0
Fine-tuning No
External retrieval No
Additional training data No
Final run id FOSU-YZH-Group_Task11_hybrid_safe_selector_fixstats
Output field prediction
Submission format One JSON file in a zip archive

requirement. These additional records are not included in the main CodaBench score reported in this
paper.

The system does not use fine-tuning, external retrieval, or additional training data. All candidates
are generated through prompt-based inference with temperature 0.0.

2.7. Exploratory Task 2 Submissions

We also participated in SimpleText 2026 Task 2, which focuses on identifying and avoiding hallucination
or overgeneration in simplified scientific text [9]. In Task 2, the input contains a source biomedical
abstract and a simplified version split into sentences. The system must identify whether simplified
sentences introduce content that is not supported by the source. Our submissions mainly targeted
the source-aware binary setting, denoted as Task 2.1b, where the source abstract is available and each
sentence is assigned a binary label.

For Task 2 development, we used the official training and development data released by the organizers.
The training set contains 21,057 examples and 350,583 sentences, while the development set contains
1,120 examples and 18,638 sentences. These data were used for classifier training, hard-negative
construction, and development-set threshold selection.

Our Task 2 system was developed as an exploratory classification pipeline rather than as the main
contribution of this paper. We converted the document-level data into sentence-level classification
examples and used the development set to select decision thresholds. We also constructed hard-
negative training examples to make the classifier less sensitive to superficial lexical overlap and more
sensitive to unsupported additions. The main classifiers were based on DeBERTa-v3-large and RoBERTa-
large [10, 11]. For the best run, we used a weighted soft-voting ensemble, with a larger weight assigned
to the DeBERTa model and a smaller weight assigned to the RoBERTa model. The ensemble weight and
decision threshold were selected on the development set before producing the CodaBench submission.

Task 2 was not used in the Task 1.1 candidate generation or heuristic candidate selection pipeline. We
report it here for completeness because the same team submitted runs to Task 2 during the SimpleText
2026 Track.

3. Experimental Results

Unless otherwise stated, all official scores reported in this section correspond to the final submitted
run FOSU-YZH-Group_Task11_hybrid_safe_selector_fixstats. We report the main result
first, followed by two ablation analyses based on submitted variants: candidate-source ablation and
replacement-margin ablation.



Table 3
Official results of the final system on the English Cochrane-auto 2026 main evaluation subset. Lex. Compl.
denotes lexical complexity score.

Reference SARI BLEU FKGL Comp. Split Lev. Add. Del. Lex. Compl.

simple_original 47.01 11.97 10.55 0.70 1.04 0.55 0.26 0.58 8.50
simple_auto 46.23 12.42 10.59 0.67 1.05 0.55 0.23 0.59 8.47

Table 4
Candidate-source ablation based on submitted variants. The final system uses all alternative candidates.

Setting Alternative candidates allowed SARI

Default prompt only None 46.87
Selection with chat candidate only chat_original 46.95
Selection without cautious wording
candidate

chat_original, context_chat 46.93

Selection without context candidate chat_original, r2_cochrane 46.90
Final selection chat_original, context_chat, r2_cochrane 47.01

3.1. Main Result

Table 3 reports the official results on the English Cochrane-auto 2026 main evaluation subset.
The final system achieved a SARI score of 47.0145 under the simple_original setting, rounded

to 47.01 in Table 3. Compared with the single DeepSeek-V4-Pro prompt run, the final system reduced
the compression ratio from 0.75 to 0.70, reduced additions from 0.28 to 0.26, and increased deletions
from 0.56 to 0.58. This indicates that heuristic candidate selection produced slightly shorter outputs
and reduced some added content, although the overall improvement was modest.

The final run includes explicit statistical-symbol handling in heuristic candidate selection. This
allows the selection stage to consider whether statistical symbols such as RR, OR, CI, and p-values
are preserved or removed. Together with statistics-aware prompting, this forms the final system’s
mechanism for handling parenthetical statistical expressions.

3.2. Candidate-Source Ablation

Table 4 reports a candidate-source ablation based on submitted variants. The first row is the default
DeepSeek-V4-Pro prompt run without heuristic candidate selection. The remaining rows use the same
selection framework but change which alternative candidates are allowed.

The full candidate set achieved the highest SARI score. Using only the chat_original candidate
improved over the default prompt-only run, but remained below the final system. Removing either
the cautious biomedical wording candidate or the context-trigger candidate also reduced SARI. These
results suggest that the gain does not come from adding more candidates alone. Instead, the alterna-
tive candidates are useful when they provide local replacements that satisfy the heuristic selection
constraints.

3.3. Replacement-Margin Ablation

Table 5 reports a replacement-margin ablation based on submitted variants. All rows use the same
candidate sources. The only changed factor is the replacement margin used by heuristic candidate
selection.

Larger replacement margins make heuristic candidate selection more conservative, but the score
decreases. This result suggests that some replacements selected by the final system contribute to the
final SARI score. If the replacement margin is too high, the system keeps more default candidates and
loses some useful local replacements. This comparison is based on submitted variants and is reported
as an ablation analysis, not as direct tuning against test references.



Table 5
Replacement-margin ablation based on submitted variants. Larger margins make the selector more conservative.

Setting Replacement margin SARI

Final selection 0.45 47.01
Stricter selection 0.55 46.87
Strictest selection 0.65 46.86

Table 6
A statistics-aware prompting example from the final submission.

Type Text

Source PPIs may reduce ulcer complications compared with placebo (RR 0.33, 95% CI 0.10
to 1.07; P = 0.30; I2 = 18%; 5 studies, 4394 participants; low-certainty evidence).

Prediction PPIs may reduce ulcer complications compared with placebo, but the evidence is
uncertain and the difference could be due to chance.

Table 7
A heuristic candidate selection example from the final submission.

Type Text

Source There is insufficient evidence to support the use of older agents like alkylating
agents or cytokine inhibitors.

base_pro There is not enough evidence to support using older treatments, such as some
chemotherapies or drugs that suppress the immune system.

Selected prediction There is not enough evidence to recommend using older drugs for treatment.
Selected from context_chat

3.4. Development Runs

During development, the initial prompt achieved 46.21 SARI. Adding explicit statistics-handling in-
structions improved the deepseek-chat run to 46.64, and the DeepSeek-V4-Pro run with the same main
prompt achieved 46.87. The final submitted variant with heuristic candidate selection achieved 47.01.
These development results indicate that the main improvement comes from making parenthetical
statistical expressions explicit in the prompt and then applying conservative candidate selection.

3.5. Case Studies

Table 6 shows a real example of statistics-aware prompting from the final submission.
This example is from CD014585, para_id = 4, sent_id = 8. The source sentence contains RR, 95%

CI, p-value, and I2. The final output removes these statistical symbols and preserves a plain-language
conclusion: PPIs may reduce ulcer complications, but the evidence is uncertain and the difference could
be due to chance. This example corresponds to the core rule in the prompt: remove detailed statistical
values and replace them with a short conclusion.

Table 7 shows an example of heuristic candidate selection.
This example is from CD015494, para_id = 5, sent_id = 15. The base_pro output expands

“alkylating agents or cytokine inhibitors”, making the candidate longer than the source sentence. The
selected context_chat output preserves the main conclusion that there is not enough evidence to
recommend older drugs for treatment and avoids a long explanation. This example shows that heuristic
candidate selection can choose an alternative candidate that better matches the compression constraint
when the default candidate is too long. We do not interpret this example as a human judgment of
medical accuracy.



3.6. Exploratory Task 2 Results

Table 8 summarizes the seven Task 2 submissions made by our team. The best submitted Task 2 run was
FOSU-YZH-Group_Task21b_DeBERTa075_R.zip, which achieved a CodaBench document-level F1
score of 0.7716. The run name indicates the Task 2.1b source-aware binary setting and a DeBERTa-
based ensemble configuration. The next best run, FOSU-YZH-Group_Task21b_DeBERTa_V3_L.zip,
achieved 0.7704. Other DeBERTa and DeBERTa–RoBERTa variants achieved scores between 0.7635 and
0.7682, while an early Task 2.2b DocAgent-based detection run achieved 0.4039.

Table 8
Exploratory Task 2 submissions on CodaBench. The score is the document-level F1 score reported by
the Task 2 leaderboard.

CodaBench ID Setting and method Score

726350 Task 2.1b, DeBERTa/RoBERTa ensemble 0.7716
722892 Task 2.1b, DeBERTa-v3-large 0.7704
724878 Task 2.1b, DeBERTa/RoBERTa ensemble 0.7682
724221 Task 2.1b, DeBERTa/RoBERTa variant 0.7676
723317 Task 2.1b, DeBERTa-v3-large 0.7635
721209 Task 2.1b, DeBERTa-v3-large 0.7146
716798 Task 2.2b, DocAgent-based detection 0.4039

These results show that the best Task 2 submissions came from source-aware binary overgeneration
detection with DeBERTa-based classifiers. The Task 2.2b DocAgent-based run was substantially weaker
in this preliminary setting. Since the Task 2 work was developed as a separate exploratory classification
pipeline and was not used to improve the Task 1.1 simplification outputs, we keep the main analysis of
this paper focused on Task 1.1.

4. Discussion and Conclusions

This paper reports the FOSU-YZH-Group system for SimpleText 2026 Track Task 1.1. The system uses
statistics-aware prompting for parenthetical statistical expressions in Cochrane biomedical sentences.
The prompt requires the model to remove detailed statistical values and replace them with a plain-
language conclusion supported by the source sentence. The final submission further applies heuristic
candidate selection: the DeepSeek-V4-Pro output is used as the default candidate, multiple deepseek-
chat prompt variants are used as alternative candidates, and an alternative candidate is selected only
when it passes filtering and exceeds the replacement margin.

On the English Cochrane-auto 2026 main evaluation subset, the final submitted run
FOSU-YZH-Group_Task11_hybrid_safe_selector_fixstats achieved a SARI score of 47.01.
Candidate-source and replacement-margin ablations based on submitted variants show that the fi-
nal selection setting outperforms the default prompt-only run, the chat-only selection setting, the
setting without the cautious biomedical wording candidate, the setting without the context-trigger
candidate, and more conservative replacement-margin settings. We also reported seven exploratory
Task 2 submissions, where the best source-aware binary overgeneration detection run achieved a
CodaBench document-level F1 score of 0.7716. Future work may calibrate heuristic candidate selec-
tion using development references and include human evaluation of factual accuracy in parenthetical
statistical-expression simplification. For Task 2, our exploratory submissions suggest that source-aware
overgeneration detection benefits from supervised classification models and development-set threshold
calibration, while multi-class overgeneration categorization remains more difficult in our preliminary
experiments.
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A. Prompt Variants Used for Candidate Generation

A.1. Main Statistics-Aware Prompt

The main statistics-aware prompt was used for both base_pro and chat_original. The base_pro
candidate was generated with DeepSeek-V4-Pro, while the chat_original candidate was generated
with deepseek-chat.
You are a medical text simplifier.
Rewrite the [Target Sentence] into plain English that a non-expert reader can understand.

HOW TO HANDLE STATISTICS IN PARENTHESES:
- Remove the detailed numbers (RR, CI, I2, p-values).
- REPLACE them with a short plain-language conclusion (e.g., "the risk was reduced by about

80%", "there was little to no difference between groups").
- This replacement is REQUIRED, not optional. It is NOT considered "adding new facts" - it’s

part of simplification.

OTHER RULES:
1. Output exactly ONE sentence unless the original is very long (over 40 words) and has

clearly separate ideas - then you may split into TWO.
2. Replace uncommon medical abbreviations (RCT, AE, TCV) with everyday words. Common terms (

vaccine, treatment, study) can stay.
3. Keep the sentence shorter than the original, but make sure the key finding is clearly

stated.

Output STRICT JSON:
{
"step1_context_analysis": "I will simplify by...",
"step3_draft": "Your simplified sentence."

}

A.2. Context-Trigger Prompt

The context-trigger prompt was used to generate the context_chat candidate. Local context was
provided only for resolving missing references in the target sentence, not for summarizing surrounding
sentences.
You are a medical text simplifier.
Rewrite the [Target Sentence] into plain English that a non-expert reader can understand.

You may use [Local Context] only to resolve missing references, such as what "this", "these",
"they", "control", "intervention", or "groups" refer to.

Do NOT summarize the context.
Do NOT add facts from the context unless they are needed to make the target sentence

understandable.
The simplified sentence must mainly reflect the [Target Sentence].



HOW TO HANDLE STATISTICS IN PARENTHESES:
- Remove the detailed numbers (RR, CI, I2, p-values).
- REPLACE them with a short plain-language conclusion (e.g., "the risk was reduced by about

80%", "there was little to no difference between groups").
- This replacement is REQUIRED, not optional. It is NOT considered "adding new facts" - it’s

part of simplification.

OTHER RULES:
1. Output exactly ONE sentence unless the original is very long (over 40 words) and has

clearly separate ideas - then you may split into TWO.
2. Replace uncommon medical abbreviations (RCT, AE, TCV) with everyday words. Common terms (

vaccine, treatment, study) can stay.
3. Keep the sentence shorter than the original, but make sure the key finding is clearly

stated.
4. Avoid copying unnecessary details from [Local Context].

Output STRICT JSON:
{
"step1_context_analysis": "I will simplify by...",
"step3_draft": "Your simplified sentence."

}

A.3. Cautious Biomedical Wording Prompt

The cautious biomedical wording prompt was used to generate the r2_cochrane candidate. It encour-
ages cautious biomedical wording when such wording is supported by the source sentence. The prompt
includes Cochrane-style expressions, but it is not an official Cochrane guideline prompt.
You are a medical text simplifier.
Rewrite the [Target Sentence] into plain English for a non-expert reader.

STYLE:
- Use cautious biomedical plain language.
- Prefer Cochrane-style wording when supported by the sentence:
"may reduce", "probably reduces", "may increase",
"makes little or no difference", "there is little or no difference",
or "the evidence is uncertain".

- Keep the key finding and comparison.
- Avoid unnecessary details.

HOW TO HANDLE STATISTICS IN PARENTHESES:
- Remove detailed numbers such as RR, CI, I2, and p-values.
- Replace them with a short plain-language conclusion.
- Prefer qualitative conclusions over exact percentages.
- Only mention an approximate percentage when it is directly clear from the sentence.
- This replacement is part of simplification and is not considered adding new facts.

OTHER RULES:
1. Output exactly ONE sentence unless the original is very long and has clearly separate

ideas.
2. Replace uncommon medical abbreviations with everyday words.
3. Keep the output shorter than the original.

Output STRICT JSON:
{
"step1_context_analysis": "I will simplify by...",
"step3_draft": "Your simplified sentence."

}



B. Heuristic Candidate Selection

The submitted hybrid_safe_selector_fixstats used a deterministic rule-based candidate selector.
The selector used the DeepSeek-V4-Pro output as the default candidate and replaced it only when an
alternative candidate exceeded the current best candidate by a fixed replacement margin.
Input:
- source sentence x
- default candidate y0 from DeepSeek-V4-Pro
- alternative candidates y1, y2, y3 from deepseek-chat variants

Candidate filtering:
Reject candidate yi if:
1. yi is empty;
2. character length of yi is less than 2;
3. word_count(yi) / word_count(x) > 1.15;
4. word_count(x) > 12 and word_count(yi) / word_count(x) < 0.35;
5. yi contains more than two sentences.

Candidate scoring:
Let r = word_count(yi) / word_count(x).

score(x, yi) starts from 0 and adds:

1. Compression score:
max(0, 1 - abs(r - 0.73) / 0.35)

2. Statistical-symbol handling:
If x contains statistical symbols such as RR, OR, CI, I2, I-squared, p-values,
95%, confidence interval, risk ratio, or odds ratio:

add 0.6 if yi removes such symbols;
subtract 0.8 if yi keeps such symbols.

3. Copy handling:
If yi is identical to x:

add 0.2 when word_count(x) <= 6;
subtract 0.4 otherwise.

4. Length penalties:
subtract 0.5 if r < 0.45 and word_count(x) > 12;
subtract 0.3 if r > 0.95.

5. Plain-language biomedical cue:
add 0.15 if yi contains at least one of:
"little or no difference", "reduced", "increased", "risk",
"side effects", "study", "studies", "treatment",
"vaccine", "people", or "uncertain".

Selection:
1. Compute score(x, y0) for the default candidate.
2. For each alternative candidate yi that passes filtering:

compute score(x, yi).
3. Replace the current best candidate with yi only if:

score(x, yi) > score(x, current_best) + 0.45.
4. Otherwise keep the current best candidate.

Output:
- selected candidate prediction.

This selector does not use references from the test set. It is used only to choose among candidates
generated by the prompt variants.
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