	Review step
	Method or tool assessed
	Outcomes

	
	
	Workload saving
	Time saving
	Cost saving
	Impact on results
	Usability
	Validity outcomes

	Literature search
	
	
	
	
	
	
	

	Search strategy and database search
	MeSH on Demand
Paynter, 2021 [1]
O'Keefe, 2022 [2]

Tool
	
	Time saving of text-mining tools (MeSH on Demand, PubReMiner and YaleMeSH Analyzer) vs. reference standard: 7h (5h [SD=2] vs. 12h [SD=8]) [1]
	
	
	Usability was rated as “Not very useful” on a 5-point Likert scale (from extremely useful to least useful) [2]
	· Sensitivity:
· Text-mining tools: 84.9% (95% CI; 74.4% to 95.4%) 
· Manual searches: 92% (95% CI; 85.0% to 99.0%) [1]
· Precision of tool vs. reference standard: 14% vs. 15% [2]

	
	PubReMiner
Paynter, 2021 [1]
O'Keefe, 2022 [2]

Tool
	
	Time saving of text-mining tools (MeSH on Demand, PubReMiner and YaleMeSH Analyzer): 7h (5h [SD=2] vs. 12h [SD=8]) [1]
	
	
	Usability was rated as “Useful” on a 5-point Likert scale (from extremely useful to least useful) [2]
	· Sensitivity:
· Text-mining tools: 84.9% (95% CI; 74.4% to 95.4%) 
· Manual searches: 92.0% (95% CI; 85.0% to 99.0%) [1]
· Precision of tool vs. reference standard: 11% vs. 15% [2]

	
	Polyglot Search Translator (PST)
Clark, 2020 [3]

Tool
	
	Time saving (mean): 14min (31min [SD= 39] vs. 45min [SD=59]) [3]
	
	
	
	· Number of errors per translation (mean): 
· PST: 8.6 (SD=9) 
· Manual searches: 14.6 (SD=26) 
[3]

	
	Risklick search platform 
Haas, 2021 [4]

Tool
	
	
	
	
	
	Search performance for Clinical Trials:
· Recall: 99.3%
· Precision: 96.0%
Search performance for COVID-19-Related Publications:
· Recall: 86.7%
· Precision: 94.4% [4]

	
	Yale MeSH Analyzer
[1]
O'Keefe, 2022 [2]

Tool
	
	Time saving of text-mining tools (MeSH on Demand, PubReMiner and YaleMeSH Analyzer): 7h (5h [SD=2] vs. 12h [SD=8]) [1]
	
	
	Usability was rated as “Extremely useful” on a 5-point Likert scale (from extremely useful to least useful) [2]
	· Sensitivity:
· Text-mining tools: 84.9% (95% CI; 74.4% to 95.4%) 
· Manual searches: 92.0% (95% CI; 85.0% to 99.0%) [1]
· Precision of tool vs. reference standard: 11% vs. 15% [2]

	
	Abbreviated search strategies for study type, topic or search date

Method

For RCTs
Glanville, 2006 [5]
Royle & Waugh, 2005 [6]

For drug-related RCTs
Waffenschmidt & Guddat, 2015 [7]

For SRs and meta-analyses (MAs)
Lee, 2012 [8]

For the recent 10 to 20 years
Furuya-Kanamori, 2022 [9]
Xu, 2021 [10]
	For RCTs
· Workload saving: 16% less references retrieved [6]

For the recent 10 to 20 years
· Workload saving (median): 
· recent 20 years: 22.9% (12.6%-34.9%) 
· recent 15 years: 33.6% (21.7%-44.4%) 
· recent 10 years: 45.1% (33.8%-57.8%) 2021 [10]
	
	
	For RCTs
· Significant differences to a small proportion of the total outcomes in only five reviews 
· No important differences in conclusions [6]

For the recent 10 to 20 years
· Limit to recent 20 years: 88.2% of MAs minimally changed (<5%) 
· Limit to recent 15 years: 78.4% of MAs minimally changed (<5%) 
· Limit to recent 10 years: 61.4% of MAs minimally changed (<5%) 2021 [10]
· Limit to recent 10 to 15 years: >75% and 80% of MAs minimally changed (<5%) [9]
	
	For RCTs
· Sensitivity:94.0%. [6]
· Sensitivity: 99.5% [5]
· Precision: 19.3% [5]

For drug-related RCTs
· Sensitivity:
· MEDLINE: 99.3% (95% CI; 98.9% to 99.7%)
· EMBASE: 99.6% (95% CI; 99.2% to 100%) [7]

For SRs and meta-analyses
· Sensitivity: 
· MEDLINE: 89.9%
· EMBASE: 87.9%
· CINAHL: 89.9% [8]
· Specificity: 
· MEDLINE: 98.9% 
· EMBASE: 98.2%
CINAHL: 97.6% [8]

For the recent 10 to 15 years
· Proportion of missed references: 21% to 35%
· Unable to conduct MAs: 4% to 10% [9]

	
	Citation based searching
Belter, 2016 [11]
Janssens, 2015 [12]
Janssens, 2020 [13]

Method
	Workload saving: 
· 59.5% less references retrieved [11]
· 50.0%-89.0% less references retrieved [12]
	
	
	
	
	Proportion of relevant studies retrieved: 
· 74.5% [11]
· across different sets (range): 79.0%-82.0% [12]
· across different sets (median): 75.0% [13]

	
	Restricted database searching
Beyer, 2013 [14]
Ewald, 2020 [15]
Ewald, 2022 [16]
Goossen, 2018 [17]
Nussbaumer-Streit, 2018 [18]
Preston, 2015 [19]
Van Enst, 2014 [20]

Method
	≥ 2 databases
MEDLINE, EMBASE plus reference list checking: 
· Workload saving: 24% less references searching [19]
	
	
	≥ 2 databases
2 databases or 1 database plus reference list checking: 
· Change of conclusion in other direction: 2% (95% CI; 0% to 9%) [18]
MEDLINE, Embase, CENTRAL plus reference list checking:
· Proportion of change in conclusions: 8% (95% CI; 3% to 18%) [18]

Combination of 2 databases (MEDLINE/EMBASE/Central) (plus reference list checking): 
· ROR (mean range): 0.98-1.0 (range: 0.55-1.23) [15]
Combination of 2 databases:
Same conclusion, same certainty
· MEDLINE+Embase: 50/60 reviews
· MEDLINE+CENTRAL: 53/60 reviews
· CENTRAL+Embase: 50/60 reviews [16]

Single databases
Proportion of change in conclusions:
· MEDLINE: 20% (95% CI; 11% to 32%)
· Embase: 27% (95% CI; 16% to 40%)
· CENTRAL: 22% (95% CI; 12% to 34%) [18]

MEDLINE vs. all studies: 
· RDOR: 1.04 (95% CI; 0.95 to 1.15) compared to 	Comment by Lisa Affengruber: RDOR: Pooled relative diagnostic odds ratio 
· Difference in sensitivity: -0.08% (95% CI; 1% to 1%)
· Difference in specificity: -0.1% (95% CI; 0.8% to 1%) [20]
MEDLINE/Embase/CENTRAL:
· ROR: 0.98-1.0 (0.42-1.42) [15]
Same conclusion, same certainty: 
· MEDLINE: 48/60 reviews
· Embase: 44/60 reviews
· CENTRAL: 47/60 of reviews [16]
	
	≥ 2 databases
MEDLINE, Embase plus reference list checking: 
· Retrieved studies: 92.7% (280/302) [19]
MEDLINE, CENTRAL plus hand searching: 
· Recall: 98.6% for RCTs 
· Plus Embase: Recall: 99.3% [17]
MEDLINE and Web of Science:
· Recall: 99.5% for NRS [17]	Comment by Lisa Affengruber: Abbreviations: NRS, RCTS
Various databases: 
· To retrieve all relevant studies: ≥ 2 databases (Cochrane Central Register of Controlled Trials (CENTRAL) and Science Citation Index (SCI); or CENTRAL, MEDLINE and PreMEDLINE) and reference list checking [14]
≥ 2 databases (MEDLINE, Embase, CENTRAL): 
· Recall: ≥ 87.9% [16]

Single databases
Various single databases: 
· Recall (median) across single databases: 23.0% (range: 0.0%-87.0%) [14]
· Precision (median) across single databases: 1.0% (range 0.0%-14.3% [14]
CENTRAL
· Recall: 88.4%
· Precision: 8.3% for RCTs [17]
MEDLINE
· Recall: 92.6%
· Precision: 5.2% for NRS [17]


	
	Restricted language searching with excluding non-English articles
Dechartres, 2018 [21]
Egger, 2003 [22]
Hartling, 2017 [23]
Hugues, 2020 [24]
Moher, 2000 [25]
Nussbaumer-Streit, 2020 [26]
Pham, 2005 [27]

Method
	
	
	
	Changes in statistical significance of MAs: 
· 12.2% of MAs (18/147) [21]
· 11.6% of MAs (17/147) became nonsignificant [21]
· 11% (1/9) of MAs, none became nonsignificant [24]
· 6.7% (1/15) of MAs changed and became nonsignificant [23]
· 3.3% (2/59) of MAs [26]
· 1.7% (1/59) of MAs became nonsignificant [26]
· No changes in MAs [22, 25]
· No change in the results of conventional medicine SRs [27]

Change of effect estimates: 
· 58% (29/50) of MAs changed less than 5% [22]
· Random effects ROR: 1.63 (95% CI; 1.03 to 2.60) for complementary and alternative medicine SRs [27]	Comment by Lisa Affengruber [2]: random effects ration of odds rations 
· 60% of MAs (9/15) change of effect estimates was negligible or small [23]
· 26.7% of MAs (4/15) change of effect estimates was more than 20% [23]
· 13.3% (2/15) of MAs unable to conduct [23]

Change in conclusions: 
· 0.0% of conclusions changed (95% CI; 0.0% to 0.6%) [26]
· No changes in conclusions [23]
	
	

	Deduplication
	ASySD
Hair, 2023 (fully automated) [28]

Tool
	
	· 
	
	
	
	· Sensitivity (range): 95%-100%
· Specificity (range): >99%
· Precision (range): 99%-100% [28]

	
	EBSCO 
Kwon, 2015 [29]

Tool
	
	· Time saving: 4h42min (3 min vs. 4h45min) [29]
	
	
	
	· False negatives: 96; false positives: 43 [29]


	
	EndNote
Guimarães, 2022 [30]
Hair, 2023 (fully automated) [28]
Kwon, 2015 [29]
McKeown, 2021 [31]

Tool
	
	· Time saving: 4h42min (3 min vs. 4h45min) [29]
	
	
	
	· Sensitivity: 57% (95% CI; 54% to 60%) [31]
· Sensitivity: 73% (95% CI; 65% to 80%) [30]
· Sensitivity: 74%-97% (Hair, 2023)
· Specificity: 89% (95% CI; 88% to 90%) [31]
· Specificity: 99% (95% CI; 99% to 99%) [30]
· Specificity: 100% (Hair, 2023)
· Accuracy: 76% (95% CI; 75% to 78%) [31]
· Accuracy: 86% [30]
· Precision: 100% (Hair, 2023)
· False negatives: 258; false positives: 6 [29]

	
	Covidence
McKeown, 2021 (fully automated) [31]

Tool
	
	
	
	
	
	· Sensitivity: 90% (95% CI; 89% to 92%) 
· Specificity: 100% (95% CI; 100% to 100%) 
· Accuracy: 96% (95% CI; 95% to 97%) [31]

	
	Deduklick
Borissov, 2022 [32]

Tool
	
	
	
	
	
	· Recall: 99.5%
· Precision: 100% [32]

	
	Mendeley
Guimarães, 2022 [30]
Kwon, 2015 [29]
McKeown, 2021 [31]

Tool
	
	· Time saving: 4h40min; 5 min vs. 4h45min with reference standard [29]
	
	
	
	· Sensitivity: 84% (95% CI; 82% to 86%) [31]
· Sensitivity: 93% (95% CI; 88% to 97%) [30]
· Specificity: 99% (95% CI; 99% to 100%) [31]
· Specificity:100% (95% CI; 100% to 100%) [30]
· Accuracy: 93% (95% CI; 92% to 94%) (McKeown)
· Accuracy: 96% [30]
· False negatives: 36; false positives: 4 [29]

	
	OVID 
Kwon, 2015 [29]
McKeown, 2021 (fully automated) [31]

Tool
	
	· Time saving: 4h42min; 3 min vs. 4h45min with reference standard [29]
	
	
	
	· False negatives: 91; false positives: 0 [29]
· Sensitivity: 93% [31]
· Specificity: 100% [31]
· Accuracy: 97% [31]

	
	Rayyan 
Guimarães, 2022 [30]
McKeown, 2021 [31]

Tool
	
	· 
	
	
	
	· Sensitivity: 96% (95% CI; 95% to 97%) [31]
· Sensitivity: 98% (95% CI; 94% to 100%) [30]
· Specificity: 97% (95% CI; 96% to 98%) [31]
· Specificity: 96% (95% CI; 96% to 97%) [30]
· Accuracy: 97% (95% CI; 96% to 97%) (McKeown)
· Accuracy: 97% [30, 31]

	
	RefWorks 
Kwon, 2015 [29]

Tool
	
	· Time saving: 4h35min; 10 min vs. 4h45min with reference standard [29]
	
	
	
	· False negatives: 94; false positives: 3 [29]

	
	Systematic Review Accelerator (SRA)-Deduplicator
Cowie, 2022 [33]
Guimarães, 2022 [30]
Hair, 2023 [28]

Tool
	
	
	
	
	· Feature score (screening, extraction, output, administration, access): 9/30 [33]
· Collaboration with other users not possible [33]
	· Sensitivity: 90% (95% CI; 84% to 95%) [30]
· Sensitivity (range): 33%-93% [28]
· Specificity: 100% (95% CI; 100% to 100%) [30]
· Specificity (range): 88%-98% [28]
· Accuracy: 95% [30]
· Precision (range): 81%-96% [28]

	
	Zotero
Guimarães, 2022 [30]
McKeown, 2021 [31]

Tool
	
	
	
	
	
	· Sensitivity: 52% (95% CI; 49% to 54%) [31]
· Sensitivity: 74% (95% CI; 66% to 81%) [30]
· Specificity: 99% (95% CI; 99% to 99%) [31]
· Specificity: 99% (95% CI; 99% to 99%) [30, 31]
· Accuracy: 80% (95% CI; 79% to 82%) [31]
· Accuracy: 86% [30]

	Additional search
	Paperfetcher
Pallath, 2022 [34]

Tool
	
	· Time saving: 88%-92% (1min versus 8-12min) [34]
	
	
	Easy to use graphical interface [34]
	

	
	SCOPUS approach
Chapman, 2010 [35]

Method
	
	· Time saving: 62,5% (3h versus 8h) [35]
	
	
	
	· All relevant studies retrieved
· 6 additional references retrieved [35]

	Update search
	RobotReviewer LIVE
Cowie, 2022 [33]
Marshall, 2023 [36]

Tool
	
	
	
	
	· Tool is limited to searches in PubMed/MEDLINE [36]
· Tool considers only RCTs [36]
· Feature score (screening, extraction, output, administration, access): 8/30 [33]
	· Precision: 55%
· Recall: 100% [36]

	
	[bookmark: _Hlk143778354]Clinical Query search combined with PubMed related articles search
Rice, 2017 [37]
Sampson, 2016 [38]

Method
	
	
	
	
	
	Clinical Query search plus PubMed related articles search: 
· Recall: 91% [38]
· Sensitivity (median): 83.3% [37]
· Precision: 1.53% [37]
Clinical Query search:
· Recall: 69% [38]
Related articles search: 
· Recall: 66% [38]

	
	[bookmark: _Hlk143778387]Clinical Query search in MEDLINE and EMBASE
Hemens, 2012 [39]

Method
	
	
	
	
	
	MEDLINE: 
· Relative recall: 89.0%
· Sensitivity for RCTs: 99.4% 
EMBASE: 
· Relative recall: 84.0%
· Sensitivity for RCTs: 97.6% [39]

	
	McMaster Premium LiteratUre Service (PLUS) 
Hemens, 2012 [39]

Method
	
	
	
	Change of effect estimates:
· Ratio of OR between PLUS and non-PLUS trials: 0.99 (95% CI; 0.87 to 1.14) [39] 
	
	· Relative recall: 23% 
· Retrieved studies: 100% of new studies identified for 14.9% (13/87) of reviews [39]

	
	PubMed Similar Articles Search
Gates, 2021b [40]

Method
	
	Time saving: 24% (9.4 h vs. 12.4 h) [40]
	
	
	
	· Sensitivity: 25%
· Precision: 22% [40]

	
	Scopus Citation Tracking
Gates, 2021b [40]


Method
	
	Time saving: 58% (5.2 h vs. 12.4 h) [40]
	
	
	
	· Sensitivity: 25%
· Precision: 41% [40]

	Study selection
	
	
	
	
	
	
	

	Title and abstract selection
	AbstrackR (semi-automated, fully-automated)

Semi-automated:
Cowie, 2022 [33]
dos Reis, 2023 [41]
Gates, 2019 [42]
Gates, 2020a [43] 
Gates, 2020b [44] 
Gates, Johnson & Hartling; 2018 [45]
Giummarra, 2020 [46]
Harrison, 2020 [47]
Li, 2023 [48]
Rathbone, 2015 [49]
Reddy, 2020 [50]
Tsou, 2020 [51]

Fully-automated: 
Gates, 2019 [42]

Tool
	Semi-automated: 
· Workload saving: 82.7% [46]
· Workload saving (range): 9%-57% [49]
· Workload saving: 76% [50]
· Potential workload saving (range): 4%-49% [51]
· Workload saving (range): 15%-45% [44]
· Workload saving (median): 35% (IQR: 30%-43%) [43] 
· Workload saving (median): 67.2% (range 9.5%-88.4%) [45]
· Workload saving: 97% [41]

Fully-automated:
· Workload saving (median): 90% (range: 82%-93%) [42]
	Semi-automated: 
· Estimated time saving: 36.6% (77.3h vs. 122h) [46]
· Estimated time savings: 26h (range: 9h-42h) [43] 
· Time saving: 1.7 days [41]
· Time saving: 377 min [48]

Fully-automated:
· Time saving (median): 154h (range: 91h-183h) [42]
	
	
	· Simple option for basic screening [47]
· Good for collaborating [47]
· Poor quality user interface [47]
· Feature score (screening, extraction, output, administration, access): 15/30 [33]
· User experience score 33.8/40 [41]
	Semi-automated:
· Sensitivity: 29.7% [46]
· Sensitivity (range): > 75% [45]
· Sensitivity (30% of total citations included): 77% [50]
· Sensitivity (80% of total citations included): 90% [50]
· Sensitivity: 60% [41]
· Sensitivity (mean): 90.9% [48]
· Specificity: 83.7% [46]
· Specificity (range): 69%-90% (except one project which was 19%) [45]
· Specificity: 99% [41]
· Specificity(mean): 97.7% [48]
· Precision (range): 16.8%-45.5% [49]
· Precision: 14.5% [46]
· Precision: 73% (dos Reis, 2023)
· False negative rate: 39% [41]
· Prioritization Accuracy for inclusion for full-text screening (range): 51.5%-99.3% [51]
· Proportion of missed references: 1% [43]
· Proportion of missed references (range): 0%-44% [44]
· Proportion of missed references (range): 0.0%-0.13% [49]
· Proportion of missed references: 1.8% [46]
· Proportion of missed references (median): 4.2% (range: 0-12.2%) [45]
· Proportion of missed references: 0.9% [41]

Fully-automated: 
· Proportion of missed references (median): 5% (range: 0%-28%) [42]

	
	ASReview (semi-automated)
Muthu, 2022 [52]
Oude Wolcherink, 2023 [53]
Pijls, 2024 [54]
Van de Schoot, 2021 [55]

Tool
	· WSS@95% (mean): 83%, (range: 67-92%) [55]
· WSS@100% (range): 38%-93% [55]
· WSS@95% (range): 38%-78% [52]
· WSS@95% (range): 50%-72% [54]
· WSS@100% (range): 37%-72% [54]
	· Potential time saving (median) (reference standard: included full texts): 6.3h (range 4.6h-7.9h)
· Potential time saving (median) (reference standard: final inclusions): 57.6h (range 55.6h-58.4h) [53]

	
	
	· Accessible, clear, fun, easy to use (also for unexperienced users) [55]
· Usability score: 7.9/10 (SD 0.9) (Van de Schoot, 2021)	Comment by Lisa Affengruber [2]: SD: standard deviation
	· RRF10%: 70%-100% [55]	Comment by Lisa Affengruber [2]: Relevant records found after  screening 10%
· RRF30%: 64%-97% [52]
· RFF10%: 58%-79% [54]
· Sensitivity (reference included full texts): (range): 52.9-85% [53]
· Sensitivity (reference final includes) (range): 91.8-100% [53]

	
	ChatGPT
Schopow, 2023 [56]

Tool
	
	
	
	
	
	Title screening:
· Sensitivity: 100%
· Specificity: 50.0% 
Abstract screening:
· Sensitivity: 100%
· Specificity: 41.2% [56]

	
	Colandr
dos Reis, 2023 [41]

Tool
	· Workload saving: 97% [41]
	Semi-automated:
· Time saving: 1.7 days [41]
	
	
	· User experience score 16.25/40 [41]
	· Sensitivity: 65% 
· Specificity: 99% 
· Precision: 71%
· False negative rate: 34% 
· Proportion of missed references: 0.8% [41]

	
	Covidence 
Cleo, 2019 [57]
Cowie, 2022 [33]
Harrison, 2020 [47]

Tool
	
	
	
	
	· Overall usability score: 23/30 [57]
· Easy to learn: 8/10 [57]
· General usability: 9/10 [57]
· Response time: 6/10 [57]
· Easy to use; good user interface; many export formats; support of PRISMA flow diagram [47]
· Issues help section [47]
· Feature score (screening, extraction, output, administration, access): 20/30 [33]
	


	
	DistillerSR (semi-automated, fully-automated)
Cowie, 2022 [33]
Gartlehner, 2019 [58]
Gates, 2019 [42]
Hamel, 2020 [59]

Tool
	Semi-automated: 
· Workload saving (median): 93% [58]
· WSS@95%: 52.9% [59]

Fully-automated:
· Workload saving (median): 98% [58]
· Workload saving (median): 99% (range: 98%-99%) (Gates, 2019)

	Semi-automated:
· Time saving at @recall95%: 29.8h (IQR: 28.1h-74.7h) [59]

Fully-automated:
· Time saving (median): 185h (range: 95h-201h) [42]
	
	Semi-automated:
· None of the missed studies were a final include in the systematic review [59]
	· System Usability Score: 64, meaning marginal usability [42]
· Feature score (screening, extraction, output, administration, access): 26/30 [33]
	Semi-automated:
· Sensitivity: 78% (95% CI; 66% to 90%) [58]
· Specificity: 95% (95% CI; 92% to 97%) [58]
· False negatives (median): 4.57% [59]

Fully-automated:
· Sensitivity: 14% (95% CI; 0% to 31%) [58]
· Specificity: 98% (95% CI; 97% to 100%) [58]
· Proportion of missed references (median): 97% (95% CI; 96% to 100%) [42]


	
	EPPI-reviewer (probability ranking)
Cowie, 2022 [33]
Harrison, 2020 [47]
Tsou, 2020 [51]
Waffenschmidt, 2023 [60]

Tool
	· Potential workload saving (range): 9%-60% [51]
· WSS@100% (range): 39.9%-98.8% across reviews [51]
	
	
	
	· Useful for large or complex projects; complex to use [47]
· Feature score (screening, extraction, output, administration, access): 24/30 [33]
	Proportion of relevant references identified:
· STOP after 25%: 76% (range 14%-100%)
· STOP after 50%: 88% (range: 43%-100%)
· STOP after 75%: 93% (range: 71%-100%) [60]

	
	Rayyan (semi-automated)
Cleo, 2019 [57]
Cowie, 2022 [33]
dos Reis, 2023 [41]
Harrison, 2020 [47]
Li, 2023 [48]
Olofsson, 2017 [61]
Ouzanni, 2016 [62]
Valizadeh, 2022 [63]
Waffenschmidt, 2023 [60]

Tool
	· WSS@95%: 49%±18% [62]
· Workload saving: 97% [41]
	· Time saving:40% [62]
· Time saving: 1.7 days [41]
· Time saving: 268 min [48]
	
	
	· Usability score: 25/30 [57]
· Score: 4.5/5 [61]
· Easy to learn: 10/10 [57]
· General usability: 8/10 [57]
· Response time: 7/10 [57]
· Feature score (screening, extraction, output, administration, access): 18/30 [33]
· Simple and easy to use [47, 61, 62]
· Easy to learn, readily navigable, and intuitive [61, 62]
· Helps to keep track of progress [61]
· Most preferred features were the labelling, collaboration and blinding functions Ouzzani, 2016 #251;Olofsson, 2017 #255}
· Too much content on side panel [47]
· User experience score: 35/40 [41]
	Semi-automated abstract screening
· Sensitivity (range): 97%-99% [63]
· Specificity (range): 19%-58% [63]
· After screening 50% of abstracts: 96%-100% of inclusions were identified [61]
· After screening 60% of abstracts: 94%-100% of relevant studies were identified [63]
· Sensitivity: 78% [41]
· Sensitivity (mean): 90.9% [48]
· Specificity: 99% (dos Reis, 2023)
· Specificity (mean): 96.9% [48]
· Precision: 71% (dos Reis, 2023)
· Proportion of relevant studies identified:
· STOP after 25%: 53% (range: 0%-83%)
· STOP after 50%: 66% (range: 0%-100%)
· STOP after 75%: 75% (range: 0%-100%) [60]
· Proportion of missed references: 0.5% [41]
False negative rate: 21% [41]
Semi-automated for identifying relevant full-texts:
· Sensitivity (range): 97%-99% [63]
· Specificity (range): 3%-5% [63]
· After screening 60% of full-texts, 87%-100% of relevant studies were identified [63]

	
	RCT classifier
Thomas, 2020 [64]

Tool
	
	
	
	
	
	· Precision: 8%
· Recall: 99%
· Proportion of missed references: 0.5% [64]

	
	Research screener (semi-automated)
Chai, 2021 [65]

Tool
	· WSS@95%: 89.1% (range: 68%-96%) [65]
	· Time saving: 12.5 days [65]
	Financial saving: 2444 USD [65]
	
	
	

	
	RobotAnalyst (semi-automated)
Cleo, 2019 [57]
Cowie, 2022 [33]
Gates, 2019 [42]
Przybyla, 2018 [66]
Reddy, 2020 [50]

Tool
	· WSS@95%: 42.97% (range: 6.89%-70.74%) [66]
· Workload saving (median): 85% (range: 84%-88%) [42]
· Workload saving @30%, 40%, and 50% inclusion probability: 1%, 7% and 26% [50]
	· Time saving @30%, 40%, and 50% inclusion probability: 11min, 110min, and 414min respectively [50]
· Time saving (median): 157h (range: 86h-172h) [42]

	
	
	· Usability score: 22/30 [57]
· Easy to learn: 9/10 [57]
· General usability: 8/10 [57]
· Response time: 5/10 [57]
· Collaboration with other users not possible [33]
	· Proportion of missed references (median): 70% (23%-100%) [42]
· @30% inclusion probability
· Sensitivity: 100%
· Specificity: 30% [50]
· @40% inclusion probability
· Sensitivity: 93%
· Specificity: 36% [50]
· @50% inclusion probability:
· Sensitivity: 74%
· Specificity: 55% [50]

	
	SRA-Helper for Endnote
Cleo, 2019 [57]

Tool
	
	
	
	
	· Usability score: 28/30
· Easy to learn: 10/10
· General usability: 8/10
· Response time: 10/10 [57]
	

	
	SWIFT active screener (semi-automated)
Cowie, 2022 [33]
Howard, 2020 [67]

Tool
	· WSS@95: 34% [67]
	
	
	
	· Feature score (screening, extraction, output, administration, access): 16/30 [33]
	· Recall (median): 99% [67]

	
	SWIFT-review
Li, 2023 [48]	Comment by Lisa Affengruber: Check ref again: https://www.sciome.com/swift-review/

Tool
	
	· Time saving: 396 min [48]
	
	
	
	· Sensitivity (mean): 90.9% 
· Specificity (mean): 97.9% [48]

	
	Crowdsourcing (+ Screen4Me, Cochrane Crowd (incl. RCT classifier), Amazon Mechanical Turk, EndNote, paper, Regroup and Screen2Go)
Mortensen, 2017 [68]
Nama, 2017 [69]
Ng, 2014 [70]
Noel-Storr 2020 [71], 2021a [72], 2021b [73], 2022 [74]

Method
	Crowd+EndNote, paper, Regroup and Screen2Go:
· Workload saving (range): 89.2% to 94.7% [70]
Crowd+Screen4Me:
Workload saving: 81.2% [71]
	Crowd+ Cochrane Crowd:
· Time saving: 377h (33h vs. 410h) [73]
	Crowd+Amazon Mechanical Turk:
Cost saving (mean): 82% [68]
	
	
	Crowd+Amazon Mechanical Turk:
· Correct inclusions (range): 95%-99% 
· Correct exclusions (range):68%-82% [68]
Crowd+individual online platform:
· Sensitivity: 100% (95% CI; 88 to 100%)
· Specificity: 99% (95% CI; 96 to100%) [69]
Crowd+EndNote, paper, Regroup and Screen2Go:
· Sensitivity (range): 46.7%-66.7%
· Specificity (range): 93.2%-97.4% [70]
Crowd+Screen4Me+Cochrane Crowd:
· Sensitivity: 100% [71]
· Specificity: 80.7% [71]
Crowd+Cochrane Crowd (incl. RCT classifier):
· Sensitivity: 99.1% [72]
· Sensitivity: 84% [74]
· Sensitivity (range): 94.4%-100.0% [74]
· Specificity: 99% [72]
· Specificity: 98.6% [74]
· Specificity (range): 70.5%-88.7% [74]

	
	Dual computer monitors
Wang, 2014 [75]

Method
	
	· Time saving: no significant difference in time found [75]
	
	
	
	

	
	Single reviewer screening
Gartlehner, 2020 [76]
Pham, 2016 [27]
Shemilt, 2016 [77]
Stoll, 2019 [78]

Method
	
	· Time saving: 50% (208h vs. 416h) [77]
	Cost saving: 58% (12103 versus 29321 pounds) [77]
	Change of conclusions: 
· Less experienced researchers: findings would have changed substantially
· Experienced reviewer: missing studies had no or negligible impact on the findings [27]
	
	Single screening:
· Proportion of missed references (mean): 19% (range: 0%-58%). [27]
· Proportion of missed references (range): 6.6% to 9.1% [78]
· Sensitivity: 86.6% (95% CI; 80.6% to 91.2%) [76]
· Specificity: 97.5% (95% CI; 95.1% to 98.8%) [76]

	
	Review of reviews
Reddy, 2020 [50]

Method
	· Workload saving: 4% [50]
	· Time saving: 25.5 h [50]
	
	
	
	Sensitivity: 56% [50]

	
	Title-first screening
Mateen, 2013 [79]

Method
	
	
	
	
	
	· Precision: 3.2%
· Recall: 100%
· F1-score: 0.0619
· Interreviewer agreement: 89-94% (κ=0.54) [79]

	
	PICO-based title-only screening 
Rathbone, 2017 [80]

Method
	· Workload saving (median): 53% (range: 11%-78%) [80]
	
	
	
	
	· Recall: 
· 100% in 9/10 reviews
· 67% in 1/10 reviews [80]

	Full-text selection
	Crowdsourcing (+CrowdScreenSR, RCT-classifier)
Nama, 2019 [81]

Method
	· 100% crowd agreement (median 7 assessments): 
· Full-texts excluded by crowd: 68.3% (95% CI 66.4% to 70.1%) [81]
	
	
	
	
	· 100% crowd agreement (median 7 assessments): 
· Sensitivity: 100% (95% CI 97.9-100) [81]
· Proportion of relevant full-texts identified: 83.5% [81]

	
	Dual computer monitors
Wang, 2014 [75]

Method
	
	· Time saving: no significant difference [75]
	
	
	
	

	
	Single reviewer screening 
Shemilt, 2016 [77]
Stoll, 2019 [78]

Method
	
	· Time saving: 4.2% (23960 versus 25000 min) [77]
	Cost saving: 4.2% (28153 versus 29375 pounds) [77]
	
	
	Single screening:
· Proportion of missed references: 6.6% to 11.9% [78]

	Data extraction
	ChatGPT
Schopow, 2023 [56]

Tool
	
	
	
	
	
	Agreement between ChatGPT and two human reviewers:
· Article’s language: κ=1
· Targeted disease: κ=1
· NLP model: κ=0.95
· Sample size: κ=0.83
· Performance parameters: κ=0.85
· Study design: κ=0.79
· Clinical task: κ=0.58
· Clinical implementation: κ=0.34 [56]

	
	Data Abstraction Assistant (DAA) 
Cowie, 2022 [33]
Jap, 2019 [82]
Li, 2019 [83]

Tool
	
	· Time saving: 25.6% (128 versus 172 min) [83]
	
	
	· Very/somewhat easy to use (83%) [82]
· Likely to use in future (71%) [82]
· Would recommend to others (87%) [82]
· Feature score (screening, extraction, output, administration, access): 10/30 [33]
	· Proportion of errors: 17% (range: 6-33%)
· OR for errors: 1.12 (95% CI; 1.03 to 1.22) [83]

	
	Dextr
Walker, 2022 [84]

Tool
	
	· Time saving: 53% (7.3 vs. 15.5 min) [84]
	
	
	· Flexible, easy to use user interface
· Project management features
· Flexible data extraction form
[84]
	· Precision: 96.0% 
· Recall: 91.8% [84]

	
	ExaCT
Gates, 2021 [85]
Kiritchenko, 2010 [86]
Pradhan, 2019 [87]

Tool
	
	· Time saving: 23% [86]
· Time saving: 60% [87]
· Time saving: 17% [85]
	
	· 87% of the data elements extracted using EXACT matched those extracted manually from the journal articles which altered quality of results (Pradhan, 2019 )
	
	· Precision: 93% 
· Recall: 91% [86]
· Accuracy: 100% of the data elements extracted using EXACT matched the data posted at ClinicalTrials.gov. [87]
· Accuracy: 91% of data was correctly identified as reported or not reported [85]


	
	Plot Digitizer
Jelicic Kadic, 2016 [88]

Tool
	
	· Time saving: 47% [88]
	
	
	
	Agreement between two reviewers with: 
· manual extraction: 51% 
· tool extraction: 53.5% [88]
Agreement between reviewers and original data from study authors with: 
· manual extraction (Rev. 1, Rev. 2): 66%, 69%
· tool extraction (Rev. 1, Rev. 2): 73%, 75% [88]

	
	Dual computer monitors
Wang, 2014 [75]

Method
	
	· Time saving: 23.8 min per article (95% CI; -46.03 to -1.58) [75]
	
	
	
	

	
	Single data extraction
Buscemi, 2006 [89]
Li, 2019 (plus verification) [83]

Method
	
	· Time saving: 36.1% [89]
· Time saving: 37.8% (107 versus 172 min) [83]
	
	· Similar pooled estimates as the reference standard [89]
	
	· Proportion of errors: 17.7%
· Proportion of errors: 16.0% (range: 2-33% [83]
· Overall rate of disagreement: 28.0% (95% CI; 25.4 to 30.7) [89]
· Relative difference in errors: 21.7% [89]
· OR for errors: 1.08 (95% CI; 0.99 to 1.17) [83]

	Critical appraisal
	RobotReviewer
Armijo-Olivo et al., 2020 [90]
Arno, 2022 [91]
Cowie, 2022 [33]
Gates, Vandermeer & Hartling; 2018 [92]
Hirt, 2021 [93]
Jardim, 2022 [94]
Marshall, 2016 [95]
Suster, 2023 [96]

Tool
	
	· Time saving: 1.40 min (8.97 min versus 10.36) [91]
	
	
	· Acceptable, useful tool [94]
· Less experienced reviewers were generally more positive, and they saw more benefits and were able to use the tool more flexibly than experienced reviewers [94]
· Experienced reviewers valued the transparency of providing the text snippets with the assessment, which helps in assessing risk of bias [94]
· Reviewers positioned human input and human-to-human interaction as superior to even compared semi-automation with tool [94]
· Feature score (screening, extraction, output, administration, access): 8/30 (Cowie)
· Collaboration with other users not possible [33]
	· Sensitivity across six RoB domains (range): 0.20-0.76 [92]
· Sensitivity across four RoB domains (range): 0.44-0.88 (Hirt)
· Sensitivity detecting low RoB for overall RoB: 0.0 (95% CI; 0.0 to 0.60) [90]
· Sensitivity detecting high RoB for overall RoB: 0.16 (95% CI; 0.1 to 0.25) [90]
· Sensitivity across four RoB domains (range): 0.48 to 0.95 [93]
· Specificity across six RoB domains: 0.61-0.95 [92]
· Specificity detecting low RoB for overall RoB: 0.98 (95% CI; 0.96 to 0.99) [90]
· Specificity detecting high RoB for overall RoB: 0.96 (95% CI; 0.94, 0.98) [90]
· Interrater reliability across four RoB domains: κ=0.12-0.61 (Armijo-Olivo)
· Interrater reliability for overall RoB: κ=0.15 (95% CI; 0.13 to 0.19) [90]
· Reliability for overall RoB: 0.34 (95% CI; 0.25 to 0.44) [92]
· Accuracy across four RoB domains: 62% to 74% [96]
· Overall accuracy: 71.0% versus 78.3% with Cochrane standard [95]
· Overall accuracy: risk difference, -0.014 (95% CI: -0.09 to 0.07) [91]
· Acceptance of assessments by humans: 83% of RobotReviewer`s assessments versus 81% of humans assessment [94]

	
	Crowdsourcing with CrowdCARE
Pianta, 2018 [97]

Method
	
	
	
	
	
	· Correlation between experts and crowd: r2 = 0.89
· Concordance between experts and crowd: κ = 0.67 (95% CI; 0.61 to 0.73) [97]

	Combination of abbreviated methods/tools
	Rapid review methods

Abbreviated search+single screening: 
Affengruber, Wagner; 2020 [98]

Search limits (PubMed, new articles, larger trials): 
Marshall, 2019 [99]

Search limits (English only): 
Pham, 2016 [100]

Review of reviews for RCTs reported in reviews plus adding individual RCTs: 
Martyn-St James, 2017 [101]

Search limits, single reviewer screening/data extraction plus 20% checking of second reviewer, unadjusted QUADAS-2 assessment Taylor-Philips, 2017 [102]
	· Workload saving: 2176 fewer title/abstracts and 129 fewer full-texts (Taylor-Philips, 2017)

	
	
	· Loss of all data: 3.7-44.7% of MAs [99]
· Changes in statistical significance: 6.5-38.6% of MAs [99]
· Searching only PubMed had the smallest risk of changed ORs [99]
· No differences in results [101]
· Changes in MAs: 39/143 of MAs (Pham, 2016)
· No meta-analysis possible (<2 studies): 14/143 of MAs [100]
· Meta-analysis resulted in less precise pooled estimates (i.e. wider confidence intervals) that did not differ in direction from the original estimate [100]
· Same conclusion: 1/3 RR [98]
· Insufficient information for the authors to draw conclusions: 2/3 RR [98]
	
	· Missed studies: 0/10 studies [101]
· Sensitivity: 38%-100% [98]

	
	Rapid review tools
SRA- Deduplicator, EndNote, Polyglot Search Translator (PST), RobotReviewer, SRA-Helper:
Clark, 2021 [103]
	
	· Time saving: 30h (12h vs. 42h) [103]
	
	
	
	· Error rate: 33 vs 32 errors [103]





Abbreviations: 
ASReview: Automated Systematic Review
ASySd: Automated Systematic Synthesis and Data extraction
ChatGPT: Chat Generative Pre-trained Transformer (by OpenAI)
EPPI: Evidence for Policy and Practice Information and Co-ordinating Centre
ExaCT: Extraction of Citations Tool
h: Hours
HTA: Health technology assessment
Κ: Kappa
min: Minutes
ML: Machine learning
NNR: Number needed to read
NR: Not reported
NRS: Non-randomized studies
OR: Odds ratio
PICO: Population, Intervention, Comparison, Outcome
PST: Polyglot search translator
PLUS: McMaster Premium LiteratUre Service
RCT: Randomized controlled trial
RDOR: Pooled relative diagnostic odds ratio
RoB: Risk of bias
RR: Rapid review
ROR: Random effects ratio of odds ratios
RRF@10: Relevant records after screening 10%
SD: Standard deviation
SR: Systematic review
SRA: Systematic Review Assistant
SWIFT: Sciome Workbench for Interactive Computer-Facilitated Text-mining
WSS: Work saved over sampling
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