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Abstract 

Large language models (LLMs) are increasingly investigated for abstract screening in systematic 
reviews, yet it remains unclear whether screening errors attributed to linguistic complexity reflect 
intrinsic semantic limitations or the decision architecture in which the model is embedded. We 
investigated how five polarity variants of logically equivalent eligibility criteria—affirmative 
inclusion, antonymic exclusion, predicate negation, verb-level negation, and double negation—affect 
screening outcomes in a controlled biomedical task. Using 1,000 abstracts derived from a 
reconstructed Cochrane review corpus (50 eligible TARGET studies; 950 non-targets), we 
implemented four abstract-visible criteria within a sequential hard-gated pipeline, where failure at 
any step triggered irreversible exclusion. Under hard gating, linguistic polarity alone produced 
substantial sensitivity shifts. For GPT-5.1, recall ranged from 0.72 to 0.32 despite identical logical 
predicates and input data. Replication with GPT-3.5 Turbo yielded a similar polarity-dependent 
divergence (recall range 0.92–0.18), confirming that the effect generalizes across model generations. 
TARGET losses were highly concentrated at criteria frequently satisfied but inconsistently reported 
in abstracts, consistent with conservative exclusion under evidential under-specification. To assess 
whether this effect was semantic or architectural, we reimplemented screening using a scoring-based 
evidence-accumulation framework in which each criterion contributed graded support 
(YES/NO/UNCLEAR) and inclusion was determined by a tunable score threshold. Scoring 
substantially reduced polarity-driven recall divergence and transformed it into an explicit precision–
recall trade-off. These findings indicate that negation sensitivity in LLM screening is strongly 
mediated by decision architecture: irreversible Boolean gating amplifies linguistic asymmetries 
under uncertainty, whereas cumulative scoring preserves uncertainty and enables controllable 
operating points. 

Keywords: large language models; systematic reviews; negation; affirmation; pubmed screening 
 

1. Introduction 

Systematic reviews depend on rigorous title and abstract screening, yet this stage remains one 
of the most labor-intensive and cognitively demanding components of evidence synthesis [1]. 
Reviewers must evaluate thousands of records against multiple eligibility criteria, often under 
substantial time constraints [2]. Even with standardized protocols, screening decisions are vulnerable 
to fatigue, interpretive variability, and inconsistency, particularly when eligibility rules involve 
nuanced methodological or clinical distinctions [3]. 
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Automation has therefore been pursued through supervised machine learning, rule-based 
natural language processing, and hybrid approaches [4], with a few systems also being available 
beyond the experimental stage [5–7]. While these approaches can reduce screening workload, they 
typically require labelled training corpora and rely on feature representations derived from titles and 
abstracts. Such feature-based systems operate primarily on surface lexical information and may 
struggle when eligibility decisions depend on implicit assumptions, contextual interpretation, or 
information not explicitly stated in the abstract [8]. 

Large language models (LLMs) offer a qualitatively different paradigm [9]. Rather than learning 
task-specific classifiers, they can apply eligibility criteria directly from natural-language instructions, 
potentially enabling flexible, domain-adaptive screening without retraining [10]. Early applications 
in systematic review workflows have demonstrated promising sensitivity, but they also reveal 
substantial variability across prompt formulations and decision setups [11–15]. This variability raises 
a central methodological question: when LLM screening fails, are errors primarily semantic—
reflecting difficulty with logical structures such as negation—or are they shaped by the procedural 
framework within which decisions are enforced? 

Negation provides a natural test case. In biomedical writing, negation frequently alters truth 
conditions in ways that are straightforward for human reviewers yet challenging for automated 
systems [16]. Eligibility criteria such as “exclude studies that did not include adult participants” or 
“do not include trials without at least 6 months of follow-up” introduce scope-sensitive logical 
transformations. Prior work has treated such constructions primarily as a linguistic problem. 
However, screening is not merely a matter of sentence interpretation; it is also a decision process. 

In typical systematic review workflows, criteria are implemented sequentially in a hard-gated 
manner: failure at any step results in immediate and irreversible exclusion [17]. This architecture 
imposes early commitment under uncertainty. When abstracts omit information that is commonly 
satisfied but not explicitly reported—for example, participant age or methodological details—an 
LLM must infer eligibility from incomplete evidence [18]. Under a fail-closed regime, absence of 
explicit confirmation may be treated as evidence of ineligibility. Small linguistic asymmetries, 
including negation scope or framing differences, may therefore be amplified into large recall losses 
by the irreversibility of the pipeline itself. More broadly, recent work on LLM benchmarking 
emphasizes the importance of systematic evaluation frameworks for identifying structural 
vulnerabilities in AI systems, including interactions between model behavior and evaluation design 
[19]. The present study contributes to this effort by demonstrating how linguistic formulation and 
decision architecture jointly determine screening outcomes in high-recall filtering tasks. 

This study examines whether logically equivalent eligibility criteria expressed with different 
polarity—affirmative inclusion, exclusion framing, predicate negation, verb-level negation, and 
double negation—yield systematically different screening outcomes, and whether such polarity 
effects persist when irreversibility is removed. Using a reconstructed corpus derived from a 
published Cochrane review [20], we compare two architectures: a sequential hard-gated pipeline that 
mirrors conventional screening logic, and a scoring-based evidence-accumulation framework in 
which each criterion contributes graded support (YES/NO/UNCLEAR) and inclusion is determined 
by a tunable threshold. 

By holding logical content constant while varying only surface formulation and decision 
architecture, this design allows us to disentangle linguistic sensitivity from procedural amplification 
— and to clarify how architectural design choices shape the reliability of high-recall filtering in 
evidence synthesis. 

2. Materials and Methods 

2.1. Reconstruction of the Reference Systematic Review and Corpus Assembly 

This study evaluates how linguistic formulations specifically affirmative versus negated 
phrasing of eligibility criteria—affect the performance of large language models (LLMs) during 
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abstract screening. To ground the evaluation in a realistic screening environment, we selected the 
2024 Cochrane review on adjunctive antimicrobial photodynamic therapy for periodontal and peri-
implant diseases as the reference standard, which includes 50 randomized controlled trials (RCTs) 
constituting the final set of eligible studies [20]. These 50 RCTs were designated as the target articles 
for all subsequent analyses (Table A1). 

To recreate the initial decision space of the published review, we replicated the original search 
strategy as described in the Cochrane Methods section, though the search was limited to the Medline 
database. All retrieved citations were de-duplicated and merged into a master corpus. Each record 
was then assigned a binary label—1 for target articles included in the Cochrane review and 0 for all 
other records—based on title, author, and metadata verification. The reconstructed corpus thus 
contained the full set of non-target articles originally screened by the review authors, alongside the 
50 known target studies. 

2.2. Construction of Experimentally Controlled Screening Datasets 

Given the size of the reconstructed corpus (approximately 6000 non-target citations), we created 
smaller, experimentally controlled datasets of 1,000 abstracts each — comprising the same 50 target 
articles and 950 non-target articles sampled from the full corpus — to enable tractable automated 
screening. 

For the hard-gated screening experiments, a single dataset configuration was used to evaluate 
the effects of linguistic polarity under identical conditions. For the scoring-based experiments, 
additional datasets were generated by resampling the 950 non-target articles while keeping the 50 
target articles fixed. These datasets served as development, validation, and test sets for selecting and 
evaluating score thresholds under recall constraints. This separation allowed threshold selection to 
be performed independently of the final evaluation dataset, preventing circular optimization of 
operating points. 

2.3. Selection and Reformulation of Abstract-Visible Eligibility Criteria 

The Cochrane review specifies a broad set of eligibility criteria, many of which concern 
methodological or clinical details that are not reliably reported in article abstracts [21]. To avoid 
penalizing the language model, we restricted the screening rules to criteria that (i) were essential for 
determining eligibility in the original review and (ii) would reasonably be expected to appear in the 
abstract of a biomedical publication. 

Four abstract-visible criteria were therefore selected: 
(1) randomized controlled trial design, 
(2) adult participants (≥18 years), 
(3) follow-up duration ≥1 month, and 
(4) diagnosis of periodontitis or peri-implant disease. 
Each criterion was reformulated into five linguistically distinct variants that differed only in 

polarity and scope of negation: 

• AI – Affirmative Inclusion 
• AE – Antonymic Exclusion 
• PN – Predicate Negation 
• VN – Verb Negation 
• DN – Double Negation 

These five formulations constituted the experimental prompt conditions. All other prompt 
components—including instruction structure, response format, and model parameters—were held 
constant to isolate the effect of linguistic polarity on screening decisions. Formal representations of 
the predicates and the construction of the polarity variants are provided in Appendix B. 
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2.4. Iterative LLM Screening and Performance Evaluation Through Hard Gating 

To emulate conventional systematic review workflows, we first implemented a sequential hard-
gated screening pipeline. For each linguistic variant (Affirmative Inclusion, Antonymic Exclusion, 
Predicate Negation, Verb Negation, and Double Negation), the LLM evaluated each abstract against 
a given eligibility criterion and returned a binary decision (“include” or “exclude”). Responses were 
formatted as structured JSON outputs containing the decision label, a confidence estimate, and 
supporting evidence spans extracted from the abstract. Criteria were applied sequentially. The first 
criterion was evaluated on the full dataset, and only abstracts not excluded at that stage were passed 
to the next criterion. This process continued until all mandatory criteria had been evaluated. Because 
the pipeline was hard-gated, exclusion at any step resulted in irreversible removal from subsequent 
rounds. 

For each linguistic formulation and dataset configuration, we recorded the number of TARGET 
abstracts retained after each criterion. Plotting these counts across screening rounds yielded retention 
curves illustrating how rapidly eligible studies were eliminated. 

After the final screening step, model decisions were compared with the gold-standard TARGET 
labels. Confusion matrices were computed and standard performance metrics—accuracy, precision, 
recall, and F1-score—were derived. Because abstract screening prioritizes sensitivity, recall was 
treated as the primary safety metric [22]. 

2.5. Scoring-Based Screening Procedure 

To disentangle the effects of linguistic polarity from those of irreversible Boolean filtering, we 
implemented an alternative scoring-based screening architecture. In contrast to hard gating—where 
failure of any single criterion results in immediate exclusion—the scoring framework evaluates all 
criteria independently and aggregates their evidential contributions before making an inclusion 
decision. 

For each criterion, the LLM returned one of three labels: YES (criterion clearly satisfied), NO 
(criterion clearly not satisfied), or UNCLEAR (insufficient information). These labels were mapped 
to numerical values (YES = 2, UNCLEAR = 1, NO = 0) and summed across the four mandatory criteria, 
producing a total score ranging from 0 to 8. 

This formulation converts eligibility from a strictly conjunctive Boolean rule into an evidence-
accumulation process. Rather than triggering automatic exclusion, uncertainty reduces the 
cumulative score, allowing inclusion to be determined by a tunable threshold. Under this scheme, a 
score of 4 represents a natural normative threshold, corresponding to the minimal condition that no 
criterion is explicitly failed (NO = 0) and that each predicate is at least uncertain. This interpretation 
reflects the conservative rationale of abstract screening, in which absence of explicit confirmation 
should not automatically trigger exclusion. 

For empirical evaluation, thresholds were selected on a development dataset under a predefined 
constraint of recall ≥ 0.90, reflecting the high-sensitivity priority of abstract screening in systematic 
reviews. The selected thresholds were then applied unchanged to independent validation and test 
datasets to assess generalization across varying abstract mixtures. 

2.6. Model Configuration and Evaluation Metrics 

All experiments were conducted using GPT-5.1 via the OpenAI API under fixed prompt 
templates and stateless calls. Each invocation evaluated a single abstract against a single eligibility 
criterion, ensuring independence across decisions. 

To assess whether polarity effects observed under hard-gated screening were specific to a single 
model generation, the complete hard-gated experiment was replicated using GPT-3.5 Turbo. For 
GPT-3.5 Turbo, identical datasets, eligibility criteria, linguistic variants, prompt structures, decision 
pipelines, and evaluation metrics were employed. No model fine-tuning was performed. This 
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replication enables isolation of polarity and architectural effects from model-specific calibration 
differences. 

The prompt was as follows: 
“””You are assisting in a systematic review. 
 
You must apply exactly one eligibility criterion, stated below, to decide whether 
an article should be INCLUDED or EXCLUDED. 
 
CRITERION: 
{criterion} 
 
INSTRUCTIONS: 
- Read the title and abstract. 
- Decide if, based on the information available in the abstract, the article SATISFIES the criterion. 
- If the article clearly satisfies the criterion, respond: INCLUDE 
- If the article clearly does not satisfy the criterion, respond: EXCLUDE 
- If the abstract lacks enough information to decide, respond based on your best judgment, 
  but still choose INCLUDE or EXCLUDE (do NOT answer "uncertain"). 
 
Title: {title} 
Abstract: {abstract} 
 
Respond with EXACTLY one word: 
INCLUDE 
or 
EXCLUDE 
""" 
Scoring-based screening experiments were conducted using GPT-5.1 only. Unlike hard-gated 

screening—which yields a single binary operating point per linguistic variant—the scoring 
framework permits exploration of a continuous decision surface defined by score thresholds. 

The prompt was as follows:  
 
"""You are assisting in a systematic review. 
 
Apply EXACTLY ONE eligibility criterion to the article below. 
 
CRITERION: 
{criterion} 
 
Decide whether the abstract indicates that the article SATISFIES the criterion. 
 
Return EXACTLY ONE of the following labels: 
- YES     (clearly satisfies the criterion) 
- NO      (clearly does not satisfy the criterion) 
- UNCLEAR (insufficient information in the abstract) 
 
Title: {title} 
Abstract: {abstract} 
 
Respond with ONLY one label: YES, NO, or UNCLEAR. 
""" 
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Mapping UNCLEAR to an intermediate score (YES = 2, UNCLEAR = 1, NO = 0) explicitly 
encodes tolerance for evidential under-specification. Abstracts lacking explicit confirmation are 
penalized relative to clearly eligible studies but are not automatically excluded. Although alternative 
encodings (e.g., treating UNCLEAR as 0 or 2) would alter threshold geometry, they would not 
eliminate the architectural distinction between cumulative evidence aggregation and irreversible 
Boolean filtering. 

2.7. Computational Environment and Software Tools 

All experiments were conducted in Google Colab [23] as the primary execution platform, 
running Python 3.12.12. The automated screening pipeline, dataset handling, and evaluation 
procedures were implemented in Python scripts that interacted with the OpenAI API for model 
inference. 

Data manipulation and dataset construction were performed using the Pandas library [24], while 
numerical operations and score aggregation were handled using NumPy [25]. Performance metrics, 
confusion matrices, and threshold analyses were computed directly within the Python environment. 

Visualizations of screening dynamics and model performance—including retention curves, 
threshold–recall plots, and precision–recall curves—were generated using Matplotlib [26]. These plots 
were subsequently exported for inclusion in the manuscript figures. 

All experiments were executed in a stateless manner, with each model call evaluating a single 
abstract against a single eligibility criterion. The codebase used to generate datasets, run the screening 
pipelines, compute performance metrics, and produce the figures ensures full reproducibility of the 
reported results. 

3. Results 

This section reports the outcomes of abstract screening the hard-gated, sequential screening 
pipeline (Round 4 final decision and intermediate rounds) and, subsequently, for the evidence-
accumulation scoring framework to assess whether the observed effects persist under an alternative 
decision architecture. 

3.1. Final Classification Performance Under Hard-Gated Screening (GPT-5.1) 

After completion of all four screening rounds under the hard-gated architecture, substantial 
performance differences emerged across linguistic variants despite identical logical predicates and 
identical input data. Overall accuracy remained uniformly high (0.948–0.959), reflecting the strong 
class imbalance of the corpus (50 TARGETs among 1,000 abstracts; 5% prevalence). However, 
accuracy proved insensitive to variant-level differences. In contrast, recall varied markedly and 
provides the most informative measure of screening safety. 

As shown in Table 1, the Affirmative Inclusion (AI) formulation retained 36 of 50 TARGET 
abstracts (recall = 0.72; precision = 0.537; accuracy = 0.955). All exclusion-oriented or negation-based 
variants exhibited reduced recall relative to AI. Predicate Negation (PN) retained 26 TARGETs (recall 
= 0.52; precision = 0.481; accuracy = 0.948), while Double Negation (DN) retained 22 TARGETs (recall 
= 0.44; precision = 0.537; accuracy = 0.953). The largest recall reductions were observed for Antonymic 
Exclusion (AE), which retained 20 TARGETs (recall = 0.40; precision = 0.645; accuracy = 0.959), and 
Verb Negation (VN), which retained only 16 TARGETs (recall = 0.32; precision = 0.615; accuracy = 
0.956). 
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Table 1. Final abstract-level screening performance under hard-gated sequential filtering for five linguistic 
variants of logically equivalent eligibility criteria. Results are reported for GPT-5.1 on 1,000 abstracts (50 
TARGET; 950 non-TARGET). Metrics reflect the final decision after application of all four criteria (Round 4). 

Variant TP FP FN TN Accuracy Precision Recall F1-score 
AI – 

Affirmative 
Inclusion 

36 31 14 919 0.955 0.537 0.720 0.615 

PN – 
Predicate 
Negation 

26 28 24 922 0.948 0.481 0.520 0.500 

DN – 
Double 

Negation 

22 19 28 931 0.953 0.537 0.440 0.484 

AE – 
Antonymic 
Exclusion 

20 11 30 939 0.959 0.645 0.400 0.494 

VN – Verb 
Negation 

16 10 34 940 0.956 0.615 0.320 0.421 

Across variants, altering only the surface polarity of logically equivalent criteria produced a 40-
percentage-point spread in recall (0.72 vs 0.32), corresponding to 20 additional eligible studies lost 
under the most exclusion-heavy formulation. Notably, this divergence occurred while overall 
accuracy varied by only 0.011, underscoring that class imbalance masks substantial differences in 
screening sensitivity under irreversible filtering. 

3.2. Round-Wise Dynamics of TARGET Retention 

To identify where eligible studies were lost, recall was computed after each sequential screening 
round under the hard-gated architecture. Figure 1 presents cumulative TARGET retention across the 
four criteria for the five linguistic variants (AI, AE, PN, VN, DN).  
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Figure 1. TARGET retention across successive hard-gated screening rounds under five linguistically distinct 
formulations of logically equivalent eligibility criteria (AI, AE, PN, VN, DN). Attrition is modest during the first 
two criteria for most of the formulations but becomes concentrated at the third screening step (vertical dashed 
line), where divergence between variants emerges. Negation-based formulations (AE, PN, VN, DN) exhibit 
substantially greater TARGET loss than the affirmative formulation (AI), illustrating how linguistic polarity 
amplifies recall degradation within an irreversible sequential decision architecture. 

TARGET retention followed a consistent structural pattern across all variants, as it remained 
relatively stable during the first two screening rounds, followed by a pronounced decline at Round 3 
and only minor additional attrition at Round 4. This indicates that divergence in final recall originates 
primarily from a single intermediate decision step rather than gradual degradation across criteria. 

For Affirmative Inclusion (AI), recall decreased modestly from 0.90 at Round 1 to 0.88 at Round 
2, then dropped to 0.74 at Round 3 and stabilized at 0.72 after Round 4. The largest single-step loss 
therefore occurred between Rounds 2 and 3 (Δ recall = −0.14). 

All negation-based variants exhibited the same discontinuity but with substantially larger 
Round-3 losses. Antonymic Exclusion (AE) declined from 0.84 at Round 2 to 0.42 at Round 3 (Δ = 
−0.42), Predicate Negation (PN) from 0.90 to 0.54 (Δ = −0.36), Verb Negation (VN) from 0.76 to 0.34 (Δ 
= −0.42), and Double Negation (DN) from 0.90 to 0.46 (Δ = −0.44). In every case, the Round-3 
decrement exceeded the combined losses across all other transitions. 

This pattern demonstrates that recall collapse is not uniformly distributed across criteria but is 
concentrated at a specific filtering step. Under irreversible hard-gating, polarity differences at that 
step are amplified into substantial differences in final retention. 

3.3. Criterion-Level Analysis of TARGET Exclusions 

To identify which predicates drove the recall collapse observed under hard-gated screening, 
TARGET abstracts excluded at each screening round were examined using the criterion-level 
exclusion logs. Table 2 summarizes the distribution of eligible studies lost at each predicate across 
the five linguistic variants (AI, AE, PN, VN, DN). 

TARGET exclusions were highly concentrated in two predicates, with one clearly dominant. The 
criterion “Participants ≥ 18 years” accounted for the majority of TARGET losses across all variants: 8 
of 14 losses under AI, 21 of 30 under AE, 20 of 24 under PN, 21 of 34 under VN, and 22 of 28 under 
DN. Importantly, 87–100% of these exclusions occurred at Round 3, corresponding exactly to the 
discontinuity identified in Section 3.2. For AE, VN, and DN, all adult-related exclusions occurred at 
Round 3. 

A secondary source of TARGET loss was the criterion “Study design is a randomized controlled 
trial.” This predicate contributed 5 losses under AI, 8 under AE, 3 under PN, 12 under VN, and 5 
under DN, primarily at Round 1. In contrast, the criteria “Follow-up ≥ 1 month” contributed only 
isolated losses (one per variant), and “Diagnosis involves periodontitis or peri-implant disease” 
contributed no TARGET exclusions in any formulation. 

Table 2. Distribution of TARGET abstracts excluded by each eligibility criterion under hard-gated screening for 
five linguistic variants. Counts indicate the number of eligible studies excluded at the criterion where failure 
occurred. 

Failed 
eligibility 
criterion 

AI AE PN VN DN 

Study design is 
an RCT 

5 8 3 12 5 

Participants ≥ 18 
years 

8 21 20 21 22 
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Follow-up ≥ 1 
month 

1 1 1 1 1 

Periodontitis / 
peri-implant 

diagnosis 
0 0 0 0 0 

Total TARGET 
lost 

14 30 24 34 28 

These findings indicate that recall degradation is not diffusely distributed across predicates but 
instead driven by concentrated exclusions at a single dominant criterion. The adult-participant 
predicate encodes a property frequently satisfied in practice but often under-specified at the abstract 
level. Under irreversible hard gating, absence of explicit confirmation results in immediate exclusion. 
The magnitude of this effect varies systematically with linguistic formulation, indicating that 
polarity-sensitive interpretation interacts with evidential under-specification to produce substantial 
differences in retention. A qualitative inspection of the TARGET abstracts excluded under the 
Affirmative Inclusion formulation is provided in Supplementary File S1, which illustrates how 
omissions or indirect wording in abstracts can lead to exclusion despite the studies satisfying the 
eligibility criteria. 

3.4. Cross-Model Replication Under Hard-Gated Screening (GPT-3.5 Turbo) 

To evaluate whether the polarity-driven recall divergence observed under hard-gated screening 
is specific to GPT-5.1 or reflects a more general interaction between linguistic formulation and 
irreversible decision architecture, we replicated the hard-gated experiment using GPT-3.5 Turbo 
under identical prompts and datasets. 

As shown in Table 3 and Figure C1, GPT-3.5 Turbo exhibited a distinct overall performance 
profile compared with GPT-5.1, including substantially lower precision across variants. However, 
the qualitative polarity pattern persisted. Under hard gating, recall varied markedly across linguistic 
formulations despite identical logical predicates and identical input data. 

Affirmative Inclusion (AI) achieved the highest recall (0.92; 46/50 TARGET retained), followed 
by Double Negation (DN; recall = 0.74), Predicate Negation (PN; recall = 0.58), Verb Negation (VN; 
recall = 0.30), and Antonymic Exclusion (AE; recall = 0.18). Thus, recall ranged from 0.92 to 0.18—a 
74-percentage-point spread—indicating pronounced sensitivity to surface polarity under irreversible 
filtering. The round-wise retention dynamics for GPT-3.5 Turbo are shown in Appendix Figure C1, 
which reproduces the same structural pattern observed for GPT-5.1: modest early losses followed by 
a polarity-sensitive collapse concentrated at the third screening step. 

Notably, GPT-3.5 Turbo displayed a generally permissive inclusion bias under AI (FP = 264; 
precision = 0.148), reflecting limited discriminative specificity. However, as with GPT-5.1, exclusion-
oriented formulations reduced false positives at the cost of substantial TARGET loss. AE and VN 
yielded higher specificity but sharply reduced recall, mirroring the conservative exclusion pattern 
observed with GPT-5.1. 

Despite differences in absolute performance levels between models, both exhibited the same 
structural behavior: under sequential hard gating, linguistic polarity strongly modulated recall, with 
negation-heavy formulations amplifying false-negative rates. This cross-model replication supports 
the interpretation that polarity-driven recall collapse is not idiosyncratic to a specific LLM version 
but reflects a general interaction between negation-sensitive interpretation and irreversible decision 
architecture. A qualitative inspection of the TARGET abstracts excluded by GPT 3.5 turbo under the 
Affirmative Inclusion formulation is provided as Supplementary File S2. 
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Table 3. Final abstract-level screening performance under hard-gated sequential filtering using GPT-3.5 Turbo 
(1,000 abstracts; 50 TARGET). Results reflect the final outcome after all four eligibility criteria. Recall varies 
markedly across polarity variants despite identical logical predicates, indicating substantial sensitivity to 
linguistic formulation under irreversible decision gating. 

Variant TP FP FN TN Accuracy Precision Recall 
AI – 

Affirmative 
Inclusion 

46 264 4 686 0.732 0.148 0.920 

AE – 
Antonymic 
Exclusion 

9 86 41 864 0.873 0.095 0.180 

PN – 
Predicate 
Negation 

29 119 21 831 0.860 0.196 0.580 

VN – Verb 
Negation 

15 135 35 815 0.830 0.100 0.300 

DN – 
Double 

Negation 
37 179 13 771 0.808 0.171 0.740 

3.5. Scoring-Based Screening and Architectural Mediation 

To assess whether the polarity-driven recall collapse observed under hard-gated screening 
reflects intrinsic semantic limitations of the model or properties of irreversible decision gating, we re-
evaluated the same datasets using a scoring-based architecture. Importantly, neither the logical 
predicates nor the input abstracts were modified; only the decision aggregation rule was changed. 

Under this alternative framework, all four eligibility criteria were applied independently to each 
abstract. Rather than triggering immediate exclusion upon failure of a single predicate, each criterion 
contributed to a cumulative score, and inclusion decisions were determined by applying a threshold 
to the total evidence accumulated across predicates. 

This design removes sequential irreversibility while preserving the underlying logical structure. 
If recall divergence persists under scoring, it would suggest that polarity primarily affects semantic 
interpretation. Conversely, attenuation of divergence would indicate that the hard-gated architecture 
amplifies local polarity effects into global recall collapse. The scoring experiment therefore serves as 
an architectural mediation test, isolating the contribution of decision structure from that of linguistic 
formulation. 

3.5.1. Threshold-Dependent TARGET Retention 

Figure 2 shows TARGET retention as a function of the cumulative score threshold under scoring-
based screening for the five linguistic variants (AI, AE, PN, VN, DN). Unlike hard-gated screening—
which fixes each variant to a single operating point—scoring yields a continuous family of operating 
points parameterized by the inclusion threshold. 
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Figure 2. TARGET retention as a function of the cumulative score threshold under scoring-based screening (solid 
lines), with hard-gated retention shown as horizontal reference lines for the same linguistic variants (AI, AE, 
PN, VN, DN). Scoring converts screening into a threshold-controlled operating continuum, allowing recall to be 
tuned via the inclusion cutoff, whereas hard gating fixes each variant to a single operating point determined by 
irreversible sequential exclusion. 

Across variants, TARGET retention increases monotonically as the threshold is lowered, 
approaching full retention at permissive cutoffs. Crucially, the abrupt recall collapse observed under 
hard-gated sequential filtering is not reproduced under scoring. Although variant differences remain 
visible at intermediate thresholds, they are substantially attenuated and manifest as smooth, 
threshold-controlled trade-offs rather than catastrophic, step-wise attrition. This indicates that 
evidence aggregation mitigates the amplification of local polarity effects by irreversible exclusion, 
converting recall loss into an explicit policy choice. 

3.5.2. Precision–Recall Behavior Under Scoring-Based Screening 

Under scoring-based screening, linguistic variants no longer correspond to fixed operating 
points but generate continuous precision–recall curves. Figure 3 presents the precision–recall profiles 
for the five formulations (AI, AE, PN, VN, DN) on the held-out test dataset. In contrast to hard-gated 
screening—where each variant yields a single precision–recall coordinate—scoring exposes the full 
operating surface defined by threshold selection. 

The AI, PN, and DN variants maintain comparatively favorable precision across moderate-to-
high recall levels and achieve areas under the precision–recall curve (AP) of approximately 0.495, 
0.448, and 0.477, respectively. In contrast, AE and VN exhibit substantially lower precision across 
most of the recall range, with markedly reduced AP values (≈0.059 and ≈0.065). These variants 
therefore incur higher workload at comparable recall levels. 

Importantly, however, all variants can achieve high recall under sufficiently permissive 
thresholds. The catastrophic recall collapse observed under hard-gated sequential screening is not 
inherent to the semantic content of the criteria; rather, it arises from irreversible exclusion. Under 
scoring, polarity-driven differences manifest as shifts in curve geometry and workload profile, not as 
structural barriers to high-sensitivity operation. 
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Figure 3. Precision–recall curves under scoring-based screening for five polarity variants of identical eligibility 
criteria (AI, AE, PN, VN, DN). Unlike hard-gated screening, which fixes each variant to a single operating point, 
scoring produces a continuous precision–recall spectrum determined by the inclusion threshold. Variants differ 
primarily in workload profile (precision at comparable recall levels), while high recall remains achievable across 
formulations. 

To further examine how evidence accumulation separates eligible from non-eligible studies, we 
analyzed the distribution of cumulative scores assigned to TARGET and non-TARGET abstracts 
across linguistic variants. The corresponding score distributions are shown in Appendix Figure C2, 
which illustrates how the scoring framework produces a graded separation between TARGET and 
non-TARGET abstracts rather than a binary exclusion boundary. Across all variants, TARGET 
abstracts tend to accumulate higher total scores than non-TARGET abstracts, although the degree of 
separation varies by formulation. Affirmative Inclusion (AI), Predicate Negation (PN), and Double 
Negation (DN) show clearer separation between the two classes, whereas Antonymic Exclusion (AE) 
and Verb Negation (VN) exhibit substantial overlap, explaining their lower precision under recall-
constrained thresholds. These distributions illustrate how scoring transforms eligibility assessment 
into a graded evidence signal rather than a sequence of irreversible exclusion decisions. 

3.5.3. Direct Comparison with Hard-Gated Screening 

Figure 4 provides a direct visual comparison of recall obtained under the hard-gated (HG) and 
scoring-based (SC) screening architectures for GPT-5.1 across the five linguistic variants (AI, AE, PN, 
VN, DN). Under hard gating, recall varied widely—from 0.72 for Affirmative Inclusion (AI) to 0.32 
for Verb Negation (VN)—indicating strong sensitivity to surface polarity when decisions are 
irreversible. In contrast, scoring-based screening markedly increased recall across all variants and 
substantially reduced the divergence between formulations. 

Table 4 reports the corresponding numerical values for this comparison. When thresholds were 
selected under a recall constraint, recall under scoring increased and converged across variants: all 
formulations achieved ≥0.86 recall, and four of five exceeded 0.90.  
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Figure 4. Recall comparison between hard-gated and scoring-based screening architectures. Bars show recall for 
five linguistic variants of identical eligibility criteria (AI – Affirmative Inclusion, AE – Antonymic Exclusion, PN 
– Predicate Negation, VN – Verb Negation, DN – Double Negation). Under sequential hard-gated filtering, recall 
varies widely across formulations because exclusion at any step is irreversible. Under scoring-based screening 
with recall-constrained thresholds, recall increases and converges across variants, indicating that evidence-
accumulation architectures mitigate polarity-driven TARGET loss. 

Under scoring, using thresholds selected under a recall constraint, recall increased markedly 
and converged across variants: all formulations achieved ≥0.86 recall, and four of five exceeded 0.90. 

This comparison indicates that the polarity-induced recall collapse is strongly mediated by 
decision architecture. Linguistic formulation still affects evidence interpretation, but irreversible 
Boolean filtering amplifies those local differences into large false-negative counts. Evidence 
accumulation instead converts polarity sensitivity into an explicit operating trade-off: recall can be 
preserved across variants by adjusting the inclusion threshold, at the cost of increased workload 
(reduced precision), most prominently for the exclusion-oriented variants AE and VN. 

Table 4. Direct comparison of hard-gated (HG) and scoring-based (SC) screening on the test dataset (50 TARGET 
abstracts) for five linguistic variants of identical eligibility logic (AI, AE, PN, VN, DN). Under hard gating, recall 
varies substantially across variants (0.32–0.72), reflecting strong polarity sensitivity under irreversible exclusion. 
Under scoring with recall-constrained thresholds, recall increases and converges across variants (0.86–0.98), 
substantially reducing false negatives. Precision decreases most sharply for the exclusion-oriented variants (AE 
and VN), indicating increased workload rather than irreversible loss of eligible studies. These results show that 
decision architecture strongly mediates the impact of linguistic formulation on screening sensitivity. 

Variant HG Recall SC Recall HG FN SC FN HG Precision SC Precision 
AI – 

Affirmative 
Inclusion 

0.72 0.96 14 2 0.537 0.462 

AE – 
Antonymic 
Exclusion 

0.40 0.94 30 3 0.645 0.068 
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PN – 
Predicate 
Negation 

0.52 0.86 24 7 0.481 0.448 

VN – Verb 
Negation 

0.32 0.94 34 3 0.615 0.075 

DN – Double 
Negation 

0.44 0.98 28 1 0.537 0.467 

3.6. Threshold Stability Across Datasets 

Because the scoring-based screening procedure determines inclusion through a tunable score 
threshold, threshold selection represents a policy choice rather than an intrinsic property of the 
model. To avoid circular evaluation and to assess whether threshold choices are robust to variations 
in corpus composition, thresholds satisfying the predefined recall constraint (recall ≥ 0.90) were 
selected on a development dataset and subsequently applied unchanged to independently resampled 
validation and test datasets. 

Table 5 summarizes the resulting performance across datasets. For each linguistic variant, the 
threshold determined on the development dataset produced comparable recall values when applied 
to the validation and test datasets, despite differences in the mixture of non-target abstracts. 
Deviations in recall were generally small, indicating that the operating points derived from the 
development dataset remain stable across alternative distractor compositions. 

Table 5. Stability of score thresholds across independently sampled datasets. Thresholds satisfying the recall ≥ 
0.90 constraint were selected on the development dataset and applied unchanged to validation and test datasets 
containing different mixtures of non-target abstracts. The resulting recall values remain comparable across 
datasets, indicating that the scoring-based screening policy generalizes across variations in distractor 
composition. 

Variant Threshold Dev Recall 
Validation 

Recall 
Test Recall 

Dev 
Precision 

Test 
Precision 

AI – 
Affirmative 

Inclusion 
6 0.96 0.96 0.96 0.522 0.462 

AE – 
Antonymic 
Exclusion 

5 0.90 0.94 0.94 0.065 0.068 

PN – 
Predicate 
Negation 

6 0.90 0.82 0.86 0.484 0.448 

VN – Verb 
Negation 

5 0.94 0.94 0.94 0.071 0.075 

DN – Double 
Negation 

6 0.94 0.94 0.98 0.490 0.467 

These results suggest that the scoring-based screening policy is not strongly dependent on the 
particular set of non-target abstracts used during threshold selection. In other words, once an 
operating threshold is chosen to satisfy a recall constraint, the resulting screening behavior 
generalizes across independently sampled datasets drawn from the same underlying corpus. This 
stability supports the use of scoring-based screening as a robust alternative to hard-gated pipelines, 
which produce fixed and often brittle decision trajectories determined solely by the sequential 
application of exclusion rules. 
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4. Discussion 

Recent surveys show rapidly expanding use of LLMs across systematic review workflows, 
particularly for screening and data extraction [27]. LLM-assisted citation screening has shown 
promising sensitivity and substantial time savings compared with manual screening [28], although 
reported performance varies considerably depending on task design and evaluation framework [14]. 
Recent large-scale evaluations of LLM-based abstract screening have likewise shown that model 
performance is highly sensitive to prompt wording. Experiments across multiple LLMs and prompt 
formulations demonstrate substantial variation in recall and precision depending solely on how 
screening instructions are phrased, with prompt bias toward inclusion systematically increasing 
sensitivity at the expense of precision [29,30].  

This study examined how linguistic polarity and decision architecture jointly shape the behavior 
of large language models during abstract-level screening. By holding logical content constant and 
varying only the surface realization of eligibility criteria, we isolated the effect of negation 
independently of dataset composition and model parameters. Across two model generations (GPT-
5.1 and GPT-3.5 Turbo), the results consistently showed that linguistic formulation is not a neutral 
wrapper around logical rules: under sequential hard-gated screening, it produces substantial and 
systematic differences in recall, error concentration, and exclusion dynamics. Recent evaluations of 
LLM-assisted literature screening similarly show that prompt design and model choice can 
substantially alter precision–recall trade-offs across screening tasks [31]. However, most existing 
studies treat prompting primarily as a way to optimize model performance. The present results 
suggested that part of this variability may instead arise from the interaction between linguistic form 
and the decision architecture used to enforce screening rules. 

Under the hard-gating paradigm, linguistically equivalent variants yielded markedly different 
screening trajectories in both models. Affirmative Inclusion (AI) retained the largest proportion of 
eligible studies, whereas exclusion-oriented and negation-heavy formulations—particularly 
Antonymic Exclusion (AE) and Verb Negation (VN)—produced pronounced and irreversible 
TARGET losses. Although absolute calibration differed between GPT-5.1 and GPT-3.5 Turbo, the 
qualitative polarity pattern replicated across models. This cross-model consistency indicates that the 
observed recall divergence is not idiosyncratic to a specific LLM version but reflects a general 
interaction between linguistic polarity and irreversible decision structure. 

Criterion-level analysis clarifies the mechanism underlying this effect. TARGET attrition was 
highly concentrated at a single predicate—participant age—that is frequently satisfied in practice but 
inconsistently reported at the abstract level. Qualitative inspection of the excluded TARGET abstracts 
(Supplementary Files S1 and S2) confirms that most false negatives arise from information that is 
typically implicit or abbreviated in abstracts—particularly participant age and explicit labeling of 
randomized design—illustrating how evidential under-specification interacts with hard-gated 
exclusion rules. When explicit confirmation is absent, negation-heavy prompts appear to induce a 
conservative, fail-closed decision policy. Under formulations such as “exclude if not X” or “do not 
include unless X,” absence of evidence is treated as evidence of ineligibility. In a hard-gated pipeline, 
this local bias is amplified by architectural irreversibility: once excluded at an intermediate step, an 
abstract cannot recover. The collapse therefore arises not from uniform semantic failure, but from the 
interaction between evidential under-specification and early commitment. 

The scoring-based architecture demonstrates that this collapse is strongly mediated by decision 
structure [27]. When eligibility is treated as an evidence-accumulation problem rather than as a 
sequence of irreversible Boolean filters, recall becomes a continuous and controllable function of 
threshold selection. Across linguistic variants, scoring markedly reduced false-negative counts and 
attenuated polarity-driven divergence. Although differences between formulations persisted—
primarily in precision and workload profile—the severe recall collapse observed under hard gating 
was largely eliminated. The dominant failure mode under negation therefore appears to be 
premature commitment under uncertainty rather than systematic misinterpretation of the criteria 
themselves. This architectural mediation is visible in the direct comparison between hard-gated and 
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scoring-based screening (Figure 4), where recall converges across polarity variants once evidence 
accumulation replaces irreversible filtering. 

Importantly, scoring does not eliminate policy decisions; it makes them explicit. In the 
experimental setting, thresholds were selected under recall constraints using labeled development 
data to allow controlled comparison with hard gating. In real-world screening scenarios, where 
ground-truth recall is unknown, threshold selection must rely on principled deployment strategies. 
One approach is normative thresholding: in the present scoring scheme (YES = 2, UNCLEAR = 1, NO 
= 0), a threshold of 4 corresponds to the minimal condition that no criterion is explicitly failed and 
that each predicate is at least uncertain. This aligns with the conservative philosophy of abstract 
screening, where absence of explicit confirmation should not automatically trigger exclusion [32]. 
This approach mirrors prior work on LLM-assisted screening pipelines, where prompt strategies 
were deliberately biased toward inclusion to minimize false negatives, reflecting the widely accepted 
principle that missing eligible studies is more damaging than passing additional records to 
downstream review [29]. Alternatively, scoring enables rank-based workflows in which abstracts are 
ordered by cumulative evidence and screened progressively, transforming threshold choice into an 
operational workload decision rather than a semantic inference. Unlike hard gating, threshold 
selection under scoring does not impose irreversible exclusion at intermediate stages.  

These findings highlight a broader methodological distinction. Hard gating implicitly encodes 
an extreme threshold policy—requiring maximal support on every predicate—and collapses 
evidential interpretation and decision commitment into a single step. This observation aligns with 
recent work on LLM evaluation frameworks showing that evaluation criteria themselves often evolve 
during the inspection of model outputs, a phenomenon described as criteria drift [33]. In such settings, 
the behavior attributed to a model may partly reflect the structure of the evaluation pipeline used to 
measure it. Our results extend this perspective by demonstrating that architectural choices in 
screening workflows—such as irreversible gating versus cumulative scoring—can systematically 
shape observed model performance even when the underlying logical criteria remain unchanged. 
Evidence-accumulation architectures separate these components, allowing uncertainty to be 
preserved and managed rather than immediately resolved. In irreversible pipelines, small variations 
in surface form can produce qualitatively different screening outcomes. In cumulative architectures, 
the same linguistic sensitivity manifests as shifts along a precision–recall spectrum rather than as 
catastrophic exclusion. 

Several limitations constrain the scope of these conclusions. The analysis was conducted within 
a single biomedical domain using a fixed set of abstract-visible criteria. Although polarity sensitivity 
replicated across two model generations, additional models and domains may reveal different 
quantitative patterns. More complex eligibility structures, interactive reviewer–model workflows, or 
alternative encodings of may alter the magnitude or direction of the observed trade-offs. Nonetheless, 
the architectural contrast between irreversible gating and cumulative scoring is independent of 
domain content and reflects a general property of sequential decision systems operating under 
linguistic uncertainty. 

5. Conclusions 

This study demonstrates that the impact of linguistic polarity on LLM-based abstract screening 
is strongly mediated by decision architecture. Across two model generations (GPT-5.1 and GPT-3.5 
Turbo), negation-heavy and exclusion-oriented formulations produced substantial recall divergence 
when implemented within a sequential hard-gated pipeline. Despite identical logical predicates and 
dataset composition, irreversible Boolean filtering amplified evidential under-specification into false-
negative exclusion, producing large differences in the number of eligible studies retained. 

When the same criteria were evaluated within an evidence-accumulation framework, this 
structural effect was substantially attenuated. Under scoring-based screening, recall became an 
explicit and adjustable parameter rather than a fixed consequence of linguistic phrasing. Polarity 
differences persisted as shifts in precision–recall trade-offs and workload profiles but no longer 
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produced the severe recall collapse observed under hard gating. These results indicate that the 
dominant failure mode under negation reflects premature commitment under irreversible filtering 
rather than intrinsic semantic limitations of the model. 

More broadly, the findings highlight the importance of workflow design in LLM-assisted 
evidence synthesis. Hard-gated pipelines implicitly encode extreme threshold policies and amplify 
local interpretive biases, whereas cumulative scoring separates evidential interpretation from 
decision commitment and allows uncertainty to be preserved until the final inclusion decision. As a 
result, architectural choices can substantially influence screening sensitivity even when prompts, 
datasets, and logical criteria remain unchanged. 

Taken together, these results suggest that linguistic form cannot be treated as a neutral interface 
to logical rules in language-mediated decision systems. Instead, surface structure interacts with 
procedural constraints to shape screening outcomes in systematic ways. Reliable deployment of 
LLMs for high-recall filtering tasks therefore requires attention not only to prompt formulation, but 
also to the design of decision architectures that manage uncertainty explicitly and avoid premature 
exclusion. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, Supplementary File S1: Qualitative analysis of TARGET abstracts incorrectly 
excluded under the Affirmative Inclusion formulation during hard-gated screening. The file reports the 14 false-
negative abstracts together with criterion-level annotations explaining which eligibility predicate triggered 
exclusion and how abstract-level under-specification contributed to the screening failure. Supplementary File 
S2: Qualitative analysis of TARGET abstracts incorrectly excluded under the Affirmative Inclusion formulation 
during hard-gated screening with GPT-3.5 Turbo. The file reports the false-negative abstracts together with 
criterion-level annotations identifying which eligibility predicate triggered exclusion and how abstract-level 
under-specification contributed to the screening failure. 
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Appendix A 

Table A1. Randomized controlled trials used as TARGET articles in the screening experiments. The table reports 
the 50 studies included in the reference Cochrane systematic review that were used as the positive class for 
evaluating LLM-based abstract screening performance. These studies were embedded within larger corpora of 
non-target abstracts to simulate realistic systematic review screening conditions. 

Title Year Authors Journal 
Photodynamic therapy 

as adjunct to non-
surgical periodontal 

treatment in patients on 
periodontal 

maintenance: a 

2009 

Chondros P; Nikolidakis 
D; Christodoulides N; 

Rossler R; Gutknecht N; 
Sculean A 

Lasers in Medical 
Science 
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randomized controlled 
clinical trial 

Short-term clinical 
effects of adjunctive 

antimicrobial 
photodynamic therapy 

in periodontal 
treatment: a randomized 

clinical trial 

2008 
Braun A; Dehn C; 
Krause F; Jepsen S 

Journal of Clinical 
Periodontology 

Photodynamic therapy 
as an adjunct to non-
surgical periodontal 

treatment: a randomized 
controlled clinical trial 

2008 

Christodoulides N; 
Nikolidakis D; 

Chondros P; Becker J; 
Schwarz F; Rossler R; 

Sculean A 

Journal of 
Periodontology 

Clinical effectiveness of 
photodynamic therapy 

in the treatment of 
periodontitis 

2009 
Polansky R; Haas M; 
Heschl A; Wimmer G 

Journal of Clinical 
Periodontology 

Photodynamic therapy 
of persistent pockets in 
maintenance patients: a 

clinical study 

2010 

Ruhling A; Fanghanel J; 
Houshmand M; Kuhr A; 

Meisel P; Schwahn C; 
Kocher T 

Clinical Oral 
Investigations 

Photodynamic therapy 
in periodontal therapy: 

microbiological 
observations from a 

private practice 

2010 Romanos GE; Brink B General Dentistry 

Clinical and 
microbiological effects of 
photodynamic therapy 

associated with 
nonsurgical periodontal 

treatment: a 6-month 
follow-up 

2012 

Theodoro LH; Silva SP; 
Pires JR; Soares GH; 
Pontes AE; Zuza EP; 
Spolidorio DM; de 

Toledo BE; Garcia VG 

Lasers in Medical 
Science 

Photodynamic therapy 
as an adjunctive to 

scaling and root planing 
in treatment of chronic 

periodontitis in smokers 

2011 
Al-Zahrani MS; Austah 

ON 
Saudi Medical Journal 

The adjunctive effect of 
photodynamic therapy 
for residual pockets in 
single-rooted teeth: a 

randomized controlled 
clinical trial 

2013 

Campos GN; Pimentel 
SP; Ribeiro FV; Casarin 
RC; Cirano FR; Saraceni 

CH; Casati MZ 

Lasers in Medical 
Science 

Photoactivated 
disinfection using light-

emitting diode as an 
adjunct in the 

management of chronic 
periodontitis: a pilot 
double-blind split-

2013 

Bassir SH; Moslemi N; 
Jamali R; Mashmouly S; 
Fekrazad R; Chiniforush 

N; Shamshiri AR; 
Nowzari H 

Journal of Clinical 
Periodontology 
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mouth randomized 
clinical trial 

Adjunctive effect of 
antimicrobial 

photodynamic therapy 
to nonsurgical 

periodontal treatment in 
smokers: a randomized 

clinical trial 

2015 

Queiroz AC; Suaid FA; 
de Andrade PF; Oliveira 
FS; Novaes AB Jr; Taba 
M Jr; Palioto DB; Grisi 

MF; Souza SL 

Lasers in Medical 
Science 

Long-term clinical effect 
of adjunctive 
antimicrobial 

photodynamic therapy 
in periodontal 

treatment: a randomized 
clinical trial 

2015 
Alwaeli HA; Al-Khateeb 

SN; Al-Sadi A 
Lasers in Medical 

Science 

Effects of photodynamic 
therapy on clinical and 

gingival crevicular fluid 
inflammatory 

biomarkers in chronic 
periodontitis: a split-
mouth randomized 

clinical trial 

2014 

Pourabbas R; 
Kashefimehr A; 

Rahmanpour N; Babaloo 
Z; Kishen A; 

Tenenbaum HC; 
Azarpazhooh A 

Journal of 
Periodontology 

Efficacy of antimicrobial 
photodynamic therapy 
in the management of 

chronic periodontitis: a 
randomized controlled 

clinical trial 

2014 
Betsy J; Prasanth CS; 

Baiju KV; Prasanthila J; 
Subhash N 

Journal of Clinical 
Periodontology 

Clinical and 
microbiological effects of 
photodynamic therapy 

associated with 
nonsurgical treatment in 
aggressive periodontitis 

2014 

Chitsazi MT; 
Shirmohammadi A; 

Pourabbas R; Abolfazli 
N; Farhoudi I; Daghigh 

Azar B; Farhadi F 

Journal of Dental 
Research, Dental Clinics, 

Dental Prospects 

Effect of repeated 
adjunctive antimicrobial 
photodynamic therapy 

on subgingival 
periodontal pathogens 
in chronic periodontitis 

2015 
Petelin M; Perkic K; 
Seme K; Gaspirc B 

Lasers in Medical 
Science 

Antimicrobial 
photodynamic therapy 
as an adjunct to non-
surgical treatment of 

aggressive periodontitis: 
a split-mouth 

randomized controlled 
trial 

2015 

Moreira AL; Novaes AB 
Jr; Grisi MF; Taba M Jr; 

Souza SL; Palioto DB; de 
Oliveira PG; Casati MZ; 

Casarin RC; Messora 
MR 

Journal of 
Periodontology 

Effect of a single session 
of antimicrobial 

photodynamic therapy 
2015 

Srikanth K; Chandra RV; 
Reddy AA; Reddy BH; 

Reddy C; Naveen A 

Quintessence 
International 
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using indocyanine green 
in the treatment of 

chronic periodontitis: a 
randomized controlled 

pilot trial 
Antimicrobial 

photodynamic therapy 
using diode laser 

activated indocyanine 
green as an adjunct in 

the treatment of chronic 
periodontitis: a 

randomized clinical trial 

2016 

Monzavi A; Chinipardaz 
Z; Mousavi M; Fekrazad 

R; Moslemi N; 
Azaripour A; 

Bagherpasand O; 
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Appendix B 

B.1. Formal Representation of Criteria 

Each eligibility condition was modeled as a Boolean predicate 𝑃𝑃𝑖𝑖 , where: 

𝑃𝑃𝑖𝑖(abstract) = �1 if the abstract satisfies criterion 𝑖𝑖
0 otherwise.  

The global eligibility decision for the abstract-level screen followed a conjunctive structure: 
Eligible = 𝑃𝑃1 ∧ 𝑃𝑃2 ∧ … 

For the present review, four predicates formed this AND-block: 
𝑃𝑃RCT: study is a randomized controlled trial 
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𝑃𝑃Adult: participants are adults 
𝑃𝑃FollowUp: follow-up ≥ 1 month 
𝑃𝑃Diagnosis: diagnosis involves periodontitis or peri-implant disease 

Because these properties are obligatory and not interchangeable, they were evaluated 
sequentially: an abstract failing any 𝑃𝑃𝑖𝑖   did not advance to subsequent rounds. 

A separate block of criteria dealt with acceptable intervention/comparison patterns relevant to 
antimicrobial photodynamic therapy (aPDT). These were not mutually required but functioned as 
alternatives. Thus, four specific comparison forms were grouped into a single composite OR-
predicate: 

𝑃𝑃aPDT = 𝑃𝑃𝑎𝑎 ∨ 𝑃𝑃𝑏𝑏 ∨ 𝑃𝑃𝑐𝑐 ∨ 𝑃𝑃𝑑𝑑, 
where: 

𝑃𝑃𝑎𝑎: subgingival aPDT + scaling/instrumentation vs SI or sham 
𝑃𝑃𝑏𝑏 : submucosal aPDT + scaling/instrumentation vs SI or sham 
𝑃𝑃𝑐𝑐: aPDT vs control during active/supportive therapy 
𝑃𝑃𝑑𝑑: aPDT vs control for peri-implant mucositis 

This block was treated as one unified decision step in the screening pipeline: 
Eligible = (𝑃𝑃RCT ∧ 𝑃𝑃Adult ∧ 𝑃𝑃FollowUp ∧ 𝑃𝑃Diagnosis) ∧ (𝑃𝑃aPDT) 

This structure ensures that abstracts are not incorrectly excluded for failing one particular 
comparison pattern when they may satisfy another equivalent one—a problem that would arise if 
these alternatives were applied as sequential filters. 

B.2. Linguistic Variants of Each Logical Predicate 

For each predicate 𝑃𝑃𝑖𝑖 , five linguistically distinct formulations were generated. These variants 
differed only in surface polarity and negation scope, while preserving logical intent. 

1. Affirmative Inclusion (AI) 

• expresses the predicate directly as a positive inclusion requirement. 
• Example: "INCLUDE IF the follow-up period is at least one month." 
• Logical mapping: 𝑃𝑃𝑖𝑖   

2. Antonymic Exclusion (AE) 

• expresses a clinically meaningful exclusion rule without explicit linguistic negation. 
• Example: "EXCLUDE IF the follow-up period is less than one month." 
• Logical mapping: ¬𝑃𝑃𝑖𝑖  expressed via a non-negated antonym. 

3. Predicate Negation (PN) 

• explicitly negates the predicate. 
• Example: "EXCLUDE IF the follow-up period is not at least one month." 
• Logical mapping: direct linguistic negation ¬𝑃𝑃𝑖𝑖. 

4. Verb Negation (VN) 

• negation is applied to the action ("do not include") while the condition remains in its 
positive or complementary form. 

• Logical mapping remains equivalent to exclusion but is linguistically distinct: 

DO NOT INCLUDE IF 𝑄𝑄𝑖𝑖  
where 𝑄𝑄𝑖𝑖denotes the positive or antonymically expressed condition associated with predicate 𝑃𝑃𝑖𝑖 . 
  

5. Double Negation (DN) 

• both the action and the predicate are negated: "DO NOT INCLUDE IF the follow-up period 
is not at least one month." 

• Logical mapping: still a form of ¬𝑃𝑃𝑖𝑖 , but syntactically more complex. 
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These variants allow direct measurement of whether LLM performance changes solely due to 
the surface structure of negation, even when the logical content is nominally equivalent. 

B.3. Special Considerations for the Composite Comparison Criterion 

The composite aPDT criterion required special treatment because its logical structure differs 
from the atomic predicates. As defined in B.1, the composite aPDT criterion is the disjunction: 

𝑃𝑃aPDT = 𝑃𝑃𝑎𝑎 ∨ 𝑃𝑃𝑏𝑏 ∨ 𝑃𝑃𝑐𝑐 ∨ 𝑃𝑃𝑑𝑑, 

where each 𝑃𝑃𝑘𝑘  corresponds to one acceptable aPDT comparison pattern. Unlike the mandatory 
AND-block criteria, this predicate specifies a disjunction over a finite set of admissible intervention 
structures. 

A key consequence of this disjunctive structure is that its logical complement cannot be 
expressed as a concise positive antonym. The negation of an OR-predicate corresponds to the absence 
of all listed alternatives: 

¬𝑃𝑃aPDT = ¬𝑃𝑃𝑎𝑎 ∧ ¬𝑃𝑃𝑏𝑏 ∧ ¬𝑃𝑃𝑐𝑐 ∧ ¬𝑃𝑃𝑑𝑑. 

In an open biomedical domain, this complement set is effectively unbounded: it includes any 
intervention not conforming to the defined aPDT patterns. Expressing such a complement without 
explicit negation would require either enumerating all non-aPDT therapies or introducing vague 
domain-general exclusions, both of which undermine logical symmetry. 

For this reason, the Antonymic Exclusion (AE) variant cannot constitute a strict logical 
complement of the Affirmative Inclusion (AI) formulation for the composite criterion. Instead, AE 
operationalizes exclusion by specifying a complementary intervention class (e.g., studies evaluating 
non-photodynamic therapies), which approximates but does not formally constitute the logical 
complement of the AI formulation. In contrast, the Predicate Negation (PN) and Double Negation 
(DN) variants more closely approximate the formal complement ¬𝑃𝑃aPDT, as they explicitly encode 
the absence of any of the admissible comparison structures. 

The Verb Negation (VN) variant introduces an additional layer of asymmetry. Because negation 
is applied to the decision action rather than to the predicate itself, the formulation necessarily takes 
the form: 

“Do not include if the study evaluates therapies other than those in {𝑃𝑃𝑎𝑎, 𝑃𝑃𝑏𝑏, 𝑃𝑃𝑐𝑐, 𝑃𝑃𝑑𝑑}.” 
This construction does not provide a clean logical inversion of the affirmative rule. Instead, it 

shifts the scope of negation to the inclusion decision while relying on a domain-delimited description 
of alternatives. As a result, VN is semantically distinct from both AE and PN/DN, despite all 
functioning operationally as exclusion rules. 

These asymmetries are not methodological artifacts but structural consequences of applying 
polarity transformations to a disjunctive predicate in an open intervention space. Accordingly, AE, 
PN, VN, and DN are not expected to behave identically for the composite criterion. Their differences 
allow examination of how LLMs respond to variations in negation scope—antonymic complement, 
predicate negation, action-level negation, and double negation—each imposing distinct interpretive 
demands. 
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Appendix C 

 

Figure C1. TARGET retention across successive hard-gated screening rounds using GPT-3.5 Turbo. The same 
polarity-dependent divergence and Round-3 concentration of losses observed for GPT-5.1 is replicated across 
model generations. 
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Figure C2. Distribution of cumulative screening scores under the scoring-based architecture. Histograms show 
the cumulative score assigned to TARGET and non-TARGET abstracts across the four evaluated criteria for the 
five linguistic variants (AI – Affirmative Inclusion, AE – Antonymic Exclusion, PN – Predicate Negation, VN – 
Verb Negation, DN – Double Negation). Higher scores indicate stronger aggregate evidence of eligibility. 
TARGET abstracts tend to accumulate higher scores than non-TARGET abstracts, although the degree of 
separation varies across formulations. Variants with clearer score separation (AI, PN, DN) achieve higher 
precision at comparable recall levels, whereas AE and VN exhibit substantial score overlap and therefore require 
lower thresholds to maintain high recall. 
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