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Abstract

Background: Systematic-review screening is commonly performed by at least
two human reviewers to reduce missed-study risk, but this substantially increases
workload. Large language model (LLM)-based pre-filtration may reduce screen-
ing burden, but prospective evidence from live review workflows is needed before
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such tools can be considered for practical use. Methods: Six NeutrinoRe-
view screening configurations were prospectively evaluated in parallel with an
ongoing systematic review of measured indoor air pollutant concentrations in
Italy. These configurations comprised three operating points of the 5-tier screen-
ing algorithm and three CAL-X likelihood-threshold settings, all implemented
with the same self-hosted LLaMA 3.1-8B instruction model. NeutrinoReview
outputs and the prospective evaluation protocol were locked before the man-
ual consensus ground truth was available to the NeutrinoReview and analysis
team. Performance was evaluated against the final manual consensus status,
and observed human-screening decisions were used to construct single-human
and double-human comparator workflows. Results: The performance-analysis
dataset contained 1,344 records, including 112 finally included records. All six
NeutrinoReview configurations retained all 112 finally included records, cor-
responding to 100% sensitivity against the manual consensus ground truth.
Workload reduction differed by configuration, ranging from 37.1% with CAL-99

to 74.0% with 5-tier Full Automation. In the human-screening comparator
workflows, Single-human title/abstract workflows missed five to seven finally
included records, while Double-human title/abstract workflows missed zero
to three. Conclusions: In this prospective use case, NeutrinoReview reduced
title/abstract screening workload without excluding records that were finally
included by the manual consensus process. The locked output design strengthens
the credibility of the finding, but the result should not be interpreted as general
validation across reviews, models, or settings. Further prospective evaluations
and field tests are needed across additional reviews. Until such evidence is avail-
able, NeutrinoReview is most defensible as an adjunct to human screening using
the conservative CAL-99 configuration.

Keywords: systematic review, screening, large language models, artificial intelligence,
validation study

1 Background

By synthesising findings across ideally all relevant literature, systematic reviews inte-

grate evidence from individual studies. Traditional evidence hierarchies therefore

commonly place systematic reviews at the top of the evidence pyramid while contem-

porary frameworks emphasise that the certainty of evidence provided by a systematic

review depends on the quality, consistency, directness, and precision of the included

studies. Systematic reviews may therefore be better understood not as inherently high-

certainty evidence, but as a lens through which the underlying evidence is appraised

and interpreted [1].
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The reliability of a systematic review therefore depends on whether the review

process successfully identifies the relevant body of literature. This typically involves

retrieving a large set of potentially relevant candidate studies, which are then subjected

to a thorough screening process comprising title and abstract screening followed by full-

text screening. To reduce human error and selection bias, systematic-review guidance

recommends independent study selection by at least two reviewers, with duplicate title-

and-abstract screening considered desirable and duplicate full-text assessment essential

[2]. This recommendation is supported by empirical evidence showing that single-

reviewer screening can miss relevant studies and that duplicate screening reduces, but

does not eliminate, missed-study risk [3–5].

This duplicate-screening requirement improves robustness but also increases the

workload of systematic reviews. In an analysis of 195 completed PROSPERO-

registered systematic reviews, Borah et al. found a mean duration of 67.3 weeks from

registered project start to publication and a mean team size of five authors or team

members [6]. Focusing specifically on study selection, Shemilt et al. estimated that

conventional double screening in a case study involving 12,477 abstracts required 1,089

hours and cost GBP 75,139 [7].

Motivated by this workload, the broader project investigates how information tech-

nology can streamline systematic-review workflows, with a particular focus on large

language model (LLM)-based literature screening. In previous work, two LLM-based

screening approaches were introduced: a 5-tier prompting approach, which assigns can-

didate records to ordered relevance categories that can be mapped to binary screening

decisions at different automation levels, and CAL-X, which augments binary LLM

screening decisions with next-token likelihood scores to retain low-confidence exclu-

sions for human review [8, 9]. Both approaches were integrated into NeutrinoReview,

an open-source proof-of-concept review management tool for LLM-assisted screening

[10, 11].
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For screening automation in systematic reviews, the primary requirement is to

minimise the risk of excluding relevant studies. Thomas et al. report that, in consul-

tation with the Cochrane Information Retrieval Methods Group, the Cochrane RCT

classifier was required to recall at least 99% of randomized controlled trials before

adoption in Cochrane workflows [12]. Consistent with this safety-oriented framing, the

5-tier and CAL-X algorithms were developed as high-sensitivity pre-filtration systems

rather than as replacements for human screening. Workload reduction is therefore a

secondary objective and should not be achieved at the cost of increased missed-study

risk.

Although the sensitivity target is explicit, there is no universally established proce-

dure specifying how such sensitivity should be validated before real-world deployment.

Both the 5-tier and CAL-X algorithms were previously evaluated using retrospective

datasets from 17 real-world systematic reviews across various domains, comprising

more than 80,000 candidate studies [9]. This provides broader retrospective evidence

than is available for many screening-automation approaches [13], but it remains

insufficient to justify replacing human screeners in practical review settings.

Retrospective evaluations have inherent limitations because the ground truth is

already known when the evaluation is designed and conducted. This can reduce trust

in performance estimates, particularly when prompts, thresholds, eligibility represen-

tations, or analysis choices could have been adjusted after inspecting the reference

labels. Public benchmark datasets, such as the SYNERGY dataset for study-selection

research, are valuable for reproducible method development, but they may also raise

concerns about data contamination when evaluating large language models [14, 15].

Because LLM training corpora are usually not fully disclosed, prospective validation

on review data that were not publicly available before the model training cutoff pro-

vides a stronger safeguard against the possibility that performance reflects memorised

labels rather than genuine screening behaviour.
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Recent studies have begun to evaluate LLMs within evidence-synthesis workflows,

but prospective evidence for screening automation remains limited [13]. Spillias et al.

evaluated ChatGPT in a human and AI collaboration for identifying literature in a

scoping review and reported that repeated AI screening strategies could achieve very

low omission rates. After collaborative reassessment, the best-performing AI screen

had a false-negative rate of 0.5%. However, the approach relied on prompt refine-

ment, repeated model queries, and human reconciliation rather than a locked-output

validation of autonomous exclusions [16].

Park et al. prospectively evaluated a ChatGPT-assisted systematic-review work-

flow alongside expert reviewers and found strong performance for some downstream

tasks, including full-text assessment and data extraction, but title-and-abstract

screening sensitivity was only 69.8%, with 13 eligible records missed by the model [17].

These studies therefore support the feasibility of LLM-assisted review work-

flows, while also showing that current evidence remains insufficient for unsupervised

replacement of human screeners.

This research gap motivates the present prospective validation study, which evalu-

ates six NeutrinoReview screening configurations in parallel with a systematic review

of measured indoor air pollutant concentrations in Italy [18]. The objective is to deter-

mine whether LLM-based screening using only title/abstract information can serve

as a high-sensitivity pre-filtration step that reduces human screening workload with-

out excluding records that are finally included by the manual consensus process. To

maximise transparency and reduce opportunities for post hoc optimisation, the Neu-

trinoReview outputs were generated and locked before the manual consensus ground

truth was available. The study addresses the following research questions:

1. What sensitivity and workload reduction are achieved by each NeutrinoReview

configuration for title-and-abstract-based pre-screening in a live systematic-review

workflow?
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2. How does the observed performance of NeutrinoReview compare with single-human

and double-human screening workflows?

The remainder of the paper is structured as follows: Methods describes the

prospective validation design, source review data, NeutrinoReview configurations,

ground-truth definition, and analysis procedures. Results reports NeutrinoReview

sensitivity, workload reduction, illustrative cost estimates, and human-screening com-

parator workflows. Discussion interprets the safety-workload trade-off, compares the

findings with prior work, and discusses limitations and implementation consider-

ations. Finally, Conclusions summarises the practical implications for prospective

validation and cautious use of LLM-based pre-filtration and Declarations provides

ethics, data availability, competing interests, funding, author contributions, and

acknowledgements.

2 Methods

A prospective validation study of NeutrinoReview, a proof-of-concept large language

model (LLM)-assisted screening application for systematic reviews, was conducted in

parallel with a systematic review of measured indoor air pollutant concentrations in

Italy [18]. The objective was to evaluate whether NeutrinoReview could act as a high-

sensitivity pre-filtration step: records classified as included by NeutrinoReview would

remain available for human assessment, whereas records classified as excluded would

be removed from the downstream title/abstract screening workload in the evaluated

workflow.

Figure 1 summarizes the prospective validation workflow rather than a deployed

screening workflow. After the source-review searches had been completed and dedu-

plicated candidate records were available, NeutrinoReview screening was performed

as a separate, non-interventional workflow from the manual screening process. The

prospective evaluation protocol and raw LLM screening outputs were uploaded to
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Zenodo under embargo before the manual screening results were available to the Neu-

trinoReview and analysis team [19]. Final analyses used the locked NeutrinoReview

outputs only after the manual consensus ground truth had become available.

Fig. 1 Prospective validation workflow. Manual systematic-review screening and NeutrinoReview
screening were conducted as separate workflows. NeutrinoReview received deduplicated candidate-
record titles and abstracts together with the source-review eligibility criteria. The prospective
evaluation protocol and raw LLM screening outputs were uploaded to Zenodo under embargo before
the final manual screening results were available to the NeutrinoReview and analysis team. The final
reproducible performance analysis compared the locked LLM outputs with the manual consensus
ground truth and observed human screening decisions.

The primary analyses continued to evaluate each NeutrinoReview configuration

individually against the manual consensus ground truth. A protocol-planned analysis

of combined multi-algorithm screening scenarios was not pursued because all evaluated

NeutrinoReview configurations retained all finally included records, leaving no missed-

record pattern for such scenarios to address. Instead, reviewer-level Rayyan decisions

from the three human screeners were used to construct single-human and double-

human comparator workflows, which were benchmarked against the three-screener

consensus ground truth and compared with the LLM screening scenarios.

2.1 Source review, candidate records, and ground truth

The source review was a systematic review of indoor air quality in Italy, covering mea-

sured concentrations of chemical and physical indoor air pollutants across residential,

7



323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

public, occupational, and other indoor environments [18]. Searches were conducted in

PubMed, Scopus, and Dimensions using combinations of controlled vocabulary and

free-text terms for indoor air pollution, measured pollutant concentrations, and Italy

or Italian regions. The source review protocol specified inclusion of English- or Italian-

language studies from January 2000 onward that reported measured indoor pollutant

concentrations in Italy, including peer-reviewed studies and methodologically trans-

parent institutional reports [20]. Studies based only on modelled data, qualitative

findings, outdoor-only measurements, biological contaminants, comfort parameters

alone, or incomplete duplicate datasets were excluded.

After deduplication in Rayyan, the source review yielded 1,383 unique candidate

records. This deduplicated candidate set, together with the eligibility criteria from the

source review protocol, was provided for NeutrinoReview screening.

Manual screening for the source review was performed in Rayyan by three human

reviewers. Records were first screened at title/abstract level. Records included after

title/abstract consensus proceeded to full-text retrieval and full-text screening. Con-

flicts were resolved through discussion among all three reviewers. The manual screening

workflow of the source review did not involve any LLM-based or other automated

decision-making tool, and manual screeners were blinded to the NeutrinoReview

results. Four Rayyan exports from this manual workflow were available for evalua-

tion, comprising title/abstract individual decisions, title/abstract consensus decisions,

full-text individual decisions, and full-text consensus decisions.

The ground truth was defined as the final manual consensus status. A record was

labelled as included only if it was included after manual full-text consensus, following

full-text assessment and resolution of any conflicts among the three human reviewers.

Records excluded at title/abstract consensus or at full-text consensus were labelled as

excluded. Records included at title/abstract screening but not retrieved for full-text

assessment were reported separately and excluded from performance assessment.
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The evaluation dataset reflects the original Rayyan screening exports rather than

later data-extraction-stage changes in the source review. Four records included after

Rayyan full-text screening were later excluded during data extraction, and one addi-

tional Rayyan record was marked as not retrieved compared with the PRISMA

diagram of the source review. These discrepancies and the affected records are

documented in Supplementary Note S1.

2.2 NeutrinoReview screening

NeutrinoReview is a proof-of-concept platform that integrates two LLM-based screen-

ing algorithms described in previous work [8, 9]. The prototype is not production-ready

and is used solely for research purposes. In this study, the evaluated implementation

was NeutrinoReview commit 007f43d1 [11]. Screening was performed through the

NeutrinoReview web application on November 1, 2025, using a self-hosted LLaMA

3.1-8B instruction model [21].

The deduplicated candidate records were entered into six separate NeutrinoReview

review instances using title and abstract information together with the source-review

eligibility criteria. No full-text information was provided to the LLM during Neu-

trinoReview screening. The six review instances represented the NeutrinoReview

configurations evaluated in this study, covering both LLM-based screening algorithms

and all integrated screening settings (Table 1).

Table 1 NeutrinoReview configurations evaluated in this study. Details of the 5-tier and
CAL-X algorithms are provided in previous work [8, 9].

Configuration label Algorithm Pre-filtration rule or setting

5-tier MaxSensitivity 5-tier Excluded only category 5 records
5-tier Balanced 5-tier Excluded categories 4 and 5
5-tier Full Automation 5-tier Retained only categories 1 and 2
CAL-95 CAL-X Threshold 63, calibrated target 95% sensitivity
CAL-98 CAL-X Threshold 80, calibrated target 98% sensitivity
CAL-99 CAL-X Threshold 89, calibrated target 99% sensitivity
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With the 5-tier algorithm, each candidate record is assigned by the LLM to one

of five relevance categories, ranging from highly relevant to not relevant, and these

categories are then converted into a binary decision according to a selected automa-

tion level [8]. Three 5-tier settings were evaluated: 5-tier MaxSensitivity, which

excluded only category 5 records; 5-tier Balanced, which excluded categories 4 and

5; and 5-tier Full Automation, which retained only categories 1 and 2 for human

review.

With the CAL-X algorithm, the LLM is prompted for a binary include/exclude

response, and the next-token likelihood for the first response token is retrieved as an

uncertainty signal [9]. Records initially classified as excluded are retained for human

review when the likelihood of the exclusion response is below the selected thresh-

old. Three CAL-X settings were evaluated: CAL-95 with threshold 63, CAL-98 with

threshold 80, and CAL-99 with threshold 89; these thresholds correspond to CAL-X

calibration targets of 95%, 98%, and 99% sensitivity, respectively [9]. NeutrinoReview

provides built-in options for configurations calibrated to 95% and 99%; the threshold

for CAL-98 was therefore entered as a custom setting.

The proof-of-concept implementation of NeutrinoReview did not yet include a

feature to export results immediately after LLM screening. Therefore, a JavaScript

function was executed via the browser console to automatically mark all records as

included in the manual-screening interface, enabling export of the LLM screening

outputs after automated screening. The exported NeutrinoReview outputs were locked

and uploaded to Zenodo under embargo before the final manual consensus results were

available to the NeutrinoReview and analysis team [19].
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2.3 Evaluation methods

Evaluation used the six locked NeutrinoReview exports together with the Rayyan-

derived manual screening decisions described above. For each NeutrinoReview configu-

ration, the binary NeutrinoReview decision was interpreted as a pre-filtration decision.

Records labelled included by NeutrinoReview were counted as records requiring human

review. Records labelled excluded by NeutrinoReview were counted as workload saved.

The two primary performance metrics were sensitivity (Equation 1), which quan-

tified the proportion of relevant records retained for human assessment, and workload

reduction (Equation 2), which quantified the proportion of records filtered out before

human screening.

Sensitivity =
TP

TP + FN
(1)

Workload reduction =
TN+ FN

TP + FP + TN+ FN
(2)

TP : true positives – relevant records retained for human review,

FN : false negatives – relevant records excluded by pre-filtration,

TN : true negatives – irrelevant records excluded by pre-filtration,

FP : false positives – irrelevant records retained for human review.

Additional metrics included specificity, positive predictive value, negative predic-

tive value, accuracy, the number of records requiring human review, the number of

records saved from human screening, and the number of finally included records missed

by each configuration.

For comparison with NeutrinoReview, human-screening comparator work-

flows were constructed from the reviewer-level Rayyan decisions. Single-human

title/abstract scenarios used each reviewer’s title/abstract decision alone.

Single-human title/abstract plus full-text scenarios required the same
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reviewer to include the record at both title/abstract and full-text stages.

Double-human title/abstract scenarios retained a record if either reviewer in a

pair included it at title/abstract screening. Double-human title/abstract plus

full-text scenarios used symmetric pair logic: at least one reviewer in the pair had to

include the record at title/abstract screening and at least one reviewer in the same pair

had to include it at full-text screening. The same performance metrics were calculated

for all NeutrinoReview configurations and human-screening comparator workflows.

Cost and workload simulations were restricted to title/abstract screening labour.

The baseline scenario was double independent human title/abstract screening of

all records in the performance-analysis dataset. NeutrinoReview was modelled as a

pre-filtration step before title/abstract screening: a NeutrinoReview-using screener

screened only records retained by the selected configuration, whereas any non-

NeutrinoReview screener screened all records.

The screening time per record was estimated from the observed Rayyan

title/abstract screening times of the three human reviewers. An illustrative labour

cost of CHF 100 per hour was applied. The simulation excluded full-text screen-

ing, conflict resolution, coordination, NeutrinoReview runtime, software operating

costs, and infrastructure costs. The focused cost scenarios compared fully manual

double title/abstract screening with one or two screeners using either CAL-99 or

5-tier Full Automation as pre-filtration. These configurations were selected as the

most conservative and least conservative pre-filtration options, respectively.

3 Results

The Rayyan exports contained 1,383 deduplicated candidate records. After

title/abstract consensus screening, 201 records were advanced to full-text retrieval and

full-text screening. Final manual consensus classified 112 records as included and 50

records as excluded after full-text assessment. A further 39 records were labelled as

12
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not retrieved and were excluded from performance denominators. The performance-

analysis dataset therefore contained 1,344 records, including 112 finally included

records and 1,232 finally excluded records.

3.1 NeutrinoReview decision counts and performance

All six NeutrinoReview configurations retained all 112 finally included records, cor-

responding to 100% sensitivity against the manual consensus ground truth. No

finally included record was classified as excluded by any NeutrinoReview config-

uration. Across the six configurations, the number of records retained for human

review ranged from 350 to 846 of 1,344 records (Table 2). The least conservative

configuration, labelled 5-tier Full Automation, retained 350 records (26.0%) and

excluded 994 records (74.0%). The most conservative setting, CAL-99, retained 846

records (62.9%) and excluded 498 records (37.1%). Among the CAL-X configurations,

retained records increased from 451 (33.6%) with CAL-95 to 639 (47.5%) with CAL-98

and 846 (62.9%) with CAL-99. Workload reduction differed substantially between

configurations, ranging from 37.1% for CAL-99 to 74.0% for 5-tier Full Automation.

Table 2 NeutrinoReview performance against the manual consensus ground truth. The
Excluded column reports records filtered before human screening and therefore
corresponds to workload reduction.

Configuration Retained Excluded Sensitivity Specificity

5-tier Full Automation 350 (26.0%) 994 (74.0%) 100.0% 80.7%
5-tier Balanced 613 (45.6%) 731 (54.4%) 100.0% 59.3%
5-tier MaxSensitivity 645 (48.0%) 699 (52.0%) 100.0% 56.7%
CAL-95 451 (33.6%) 893 (66.4%) 100.0% 72.5%
CAL-98 639 (47.5%) 705 (52.5%) 100.0% 57.2%
CAL-99 846 (62.9%) 498 (37.1%) 100.0% 40.4%
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3.2 Human-screening comparator workflows

Single-human comparator workflows missed finally included records in all scenarios

(Figure 2). Single-human title/abstract workflows achieved sensitivities between

93.8% and 95.5%, missing five to seven finally included records. Single-human

title/abstract plus full-text workflows achieved sensitivities between 85.7%

and 94.6%, with six to 16 finally included records missed.

Double-human workflows reduced the number of missed finally included records.

The three possible Double-human title/abstract reviewer pairs achieved sensi-

tivities between 97.3% and 100.0%, missing zero to three finally included records.

The Double-human title/abstract plus full-text workflows did not change the

missed-inclusion counts, indicating that no additional finally included records were

lost at the full-text-decision stage after retention by at least one reviewer in a pair at

title/abstract screening.

Fig. 2 Missed finally included records relative to the manual consensus ground truth in human-
screening comparator workflows. Points represent individual reviewers for single-human workflows and
reviewer pairs for double-human workflows; horizontal markers show the mean within each workflow
type. L, M, and S denote the three human screeners.
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3.3 Workload and cost simulations

The fully manual baseline required two independent title/abstract screeners to screen

all 1,344 records, corresponding to 2,688 human screening events. At an observed

average screening time of 41.3 seconds per record, this represented 30.8 hours of

title/abstract screening labour and an illustrative labour cost of CHF 3,083.

The focused cost simulations compared the fully manual baseline with CAL-99

and 5-tier Full Automation as pre-filtration strategies (Table 3). If one of two

title/abstract screeners used CAL-99 pre-filtration, 498 screening events were avoided,

corresponding to 5.7 hours and CHF 571 saved. If both screeners used CAL-99, 996

screening events were avoided, corresponding to 11.4 hours and CHF 1,142 saved.

Using 5-tier Full Automation as pre-filtration yielded larger workload reduc-

tions. If one screener used this configuration, 994 screening events were avoided,

corresponding to 11.4 hours and CHF 1,140 saved. If both screeners used this config-

uration, 1,988 screening events were avoided, corresponding to 22.8 hours and CHF

2,280 saved.

Table 3 Title/abstract screening workload and illustrative labour-cost simulations.

Scenario Events
Time
(hours)

Cost
(CHF)

Savings
(CHF)

Fully manual double screening 2,688 30.8 3,083 0
One screener with CAL-99 2,190 25.1 2,512 571
Both screeners with CAL-99 1,692 19.4 1,941 1,142
One screener with 5-tier Full Automation 1,694 19.4 1,943 1,140
Both screeners with 5-tier Full Automation 700 8.0 803 2,280

4 Discussion

This study evaluated NeutrinoReview as a high-sensitivity pre-filtration step for

title/abstract screening in a live systematic-review workflow. The findings directly
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answer the two research questions. RQ1 asked what sensitivity and workload reduc-

tion were achieved by each NeutrinoReview configuration for title-and-abstract-based

pre-screening. In this dataset, all six configurations achieved 100.0% sensitivity against

the manual consensus ground truth, because none of the 112 finally included records

was excluded by NeutrinoReview. Workload reduction differed by configuration:

37.1% for CAL-99, 52.0% for 5-tier MaxSensitivity, 52.5% for CAL-98, 54.4% for

5-tier Balanced, 66.4% for CAL-95, and 74.0% for 5-tier Full Automation. Thus,

all evaluated configurations met the high-sensitivity objective in this source review,

while the achieved workload reduction depended strongly on the selected operating

point.

RQ2 asked how the observed performance of NeutrinoReview compared with

single-human and double-human screening workflows. In this evaluation, Neutri-

noReview showed higher sensitivity than the observed single-human title/abstract

workflows, which missed five to seven finally included records, and at least compara-

ble sensitivity to the observed double-human title/abstract workflows, which missed

zero to three finally included records. This comparison should be interpreted as a

workflow-specific benchmark rather than as evidence that NeutrinoReview is generally

superior to human screening, because all estimates come from one review, one model

implementation, and one set of eligibility criteria.

The prospective locked-output design is central to the credibility of this finding.

NeutrinoReview outputs were generated, locked, and uploaded before the manual con-

sensus ground truth was available to the NeutrinoReview and analysis team [19]. This

reduces concerns that prompts, thresholds, or analysis choices were adjusted after

inspecting the final labels and helps address data-contamination concerns because the

final screening labels came from a live review rather than from a public benchmark

that may have appeared in model training data.
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The results support interpreting NeutrinoReview as a configurable pre-filtration

approach, but not all operating points should be treated equally. For cautious practi-

cal use, CAL-99 remains the most defensible setting because it combines the present

prospective finding with stronger prior retrospective evidence for high sensitivity [9].

Less conservative settings also missed no finally included records in this review, but

prior retrospective evaluations indicate that they carry a higher missed-study risk

[8, 9]. Their larger workload reductions are therefore relevant mainly where a higher

risk of missed records is acceptable.

The human-screening comparator workflows provide a realistic reference for inter-

preting these results. The missed-record pattern observed here is consistent with prior

empirical evidence showing that single-reviewer screening can miss relevant studies and

that duplicate screening reduces, but does not eliminate, this risk [3–5]. The findings

also extend the emerging prospective literature on LLM-assisted evidence synthesis.

Spillias et al. reported very low omission rates after repeated ChatGPT screening,

prompt refinement, and collaborative reassessment, whereas the present study used

locked NeutrinoReview outputs generated before the final manual labels were avail-

able [16]. Park et al. reported substantially lower title/abstract screening sensitivity

in a prospective ChatGPT-assisted workflow, with 13 eligible records missed by the

model [17]. These comparisons should not be read as evidence that NeutrinoReview

is generally superior, because the studies differed in topic, model, prompts, work-

flow design, and reference standard. They instead underline the need for prospective,

workflow-specific validation.

The main boundary of this study is that zero missed finally included records in one

source review does not establish general safety across review topics, eligibility criteria,

search strategies, models, prompts, or deployments. The evaluation used one review

topic, one LLM implementation, and title/abstract inputs only. The manual consensus

ground truth is the appropriate practical reference standard for this evaluation, but it
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remains human-derived and does not prove the true relevance status of every record.

The workload and cost simulations were illustrative and excluded full-text screening,

conflict resolution, coordination, NeutrinoReview runtime, software operating costs,

and infrastructure costs.

In this specific review, NeutrinoReview could have reduced screening workload

without changing the set of finally included records. However, this can only be

known after prospective validation against the manual consensus process. Real-world

use should therefore begin with conservative, supervised, or parallel pre-filtration

workflows, especially CAL-99, rather than unsupervised replacement of established

screening procedures. Future work should repeat locked prospective validations across

multiple reviews, domains, and review teams, and field-test designs should examine

both records that might be missed by LLM pre-filtration and records that might be

recovered because LLM assistance disagrees with erroneous human exclusions.

5 Conclusions

This prospective evaluation found that all evaluated NeutrinoReview configurations

retained all finally included records while reducing title/abstract screening workload by

37.1% to 74.0%, depending on the selected setting. The human-screening comparator

workflows further showed that NeutrinoReview should be interpreted relative to real

screening workflows, which can also miss relevant records. The locked-output design

strengthens the credibility of this finding, but the result should be interpreted as

evidence from one live systematic-review workflow rather than as general validation

across reviews or settings.

For high-sensitivity systematic-review pre-filtration, conservative settings such as

CAL-99 remain the most defensible option. NeutrinoReview is therefore most promis-

ing as a supervised workflow component, for example as an additional screener,

while further prospective evaluations and field tests are needed before moving toward
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replacement of human screeners. Such field tests should examine both records missed

by NeutrinoReview and records retained by NeutrinoReview that human screeners

would otherwise have missed.

List of abbreviations

LLM Large language model

CAL-X Next-token likelihood-calibrated LLM screening algorithm

CAL-95/CAL-98/CAL-99 CAL-X configurations targeting 95%, 98%, and 99% sensi-

tivity, respectively

PROSPERO International Prospective Register of Systematic Reviews

GBP British pounds sterling

RCT Randomized controlled trial

AI Artificial intelligence

TP True positive

FN False negative

TN True negative

FP False positive

CHF Swiss francs
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