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Purpose: The objectives of this article are to identify scientific articles on the cybersecurity of 9 

local administration and to assess how useful the aid of two Artificial Intelligence tools: 10 

SciSpace.com (Advanced Plan) and Consensus.app (Pro tier) can be in this type of research. 11 

Design/methodology/approach: The method of conducting the screening and verifying its 12 

results based on manual screening partially assisted by LLMs is described in detail in the article. 13 

The PRISMA 2020 protocol was used for a part of the preliminary screening. 14 

Findings: The study indicates that both tools have limited usefulness for screening based on 15 

abstract content and better for full text document screening. When using the Scopus database, 16 

the study showed minimal utility of the PRISMA protocol implementation within the SciSpace 17 

tool, particularly when weighed against its usage cost. 18 

Research limitations/implications: Due to both: the nature of LLM tools, whose immanent 19 

feature is indeterminism, often leading to the lack of reproducibility of obtained results,  20 

and the business model, where the tools are continually developed and their behavior changes 21 

over time, the obtained results are not general or universal. 22 

Practical implications: Local administration cybersecurity is a very specific field of 23 

knowledge and practice. This type of literature review can be helpful to those working in said 24 

field in different countries. and the identification of the tested AI tools’ limitations – particularly 25 

the relatively low quality of screening based solely on article abstracts – may allow for more 26 

effective use of similar tools. 27 

Originality/value: The results provide knowledge about publications in the field of 28 

cybersecurity in local government administration and include calculations of the basic statistics 29 

(accuracy, sensitivity, and specificity) of the discussed tools in the examined case. To our 30 

knowledge, this is the most current and comprehensive literature review on this topic to date, 31 

while the calculations constitute a contributory study.  32 
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1. Introduction 1 

The rapid expansion of scientific literature has made traditional systematic literature 2 

reviews (SLRs) increasingly time-consuming. In response, artificial intelligence (AI) has 3 

emerged as a modern tool, offering automation across multiple stages of the SLR process.  4 

As in a number of other applications, AI can be a promising tool for this process but -  5 

also similarly to other AI applications - serious doubts arise regarding the admissibility of its 6 

use, from the threat of losing creative originality of the researcher’s work (see e.g. Lund et al., 7 

2023, Hosseini et al., 2023; Ateriya et al., 2025; Cheng et al., 2025), to the issue of the quality 8 

of the obtained results, including their reliability, especially in the context of the tendency of 9 

some AI tools - mainly Large Language Models (LLM) - to “hallucinate”, which  can manifest 10 

itself e.g. in the production of non-existent bibliographic entries (see e.g. Walters et al., 2023: 11 

Chelli et al., 2024; Tosi, 2025). 12 

Most existing studies examine AI-assisted screening in broad or well-established research 13 

areas, often in medical or interdisciplinary contexts. Less attention has been given to narrowly 14 

defined and semantically heterogeneous domains, where relevance cannot be determined solely 15 

by keyword matching but contextual and institutional interpretation is also required. 16 

Cybersecurity in local administration is one such field. Both “local administration” and 17 

“cybersecurity” are conceptually broad and interpreted differently across countries and 18 

disciplines. This diversity complicates query construction and screening criteria and raises 19 

questions about how reliably AI tools can identify relevant publications. 20 

Against this background, the study addresses the research problem: to what extent can 21 

selected AI tools help with literature screening in such a field? The research question is:  22 

how accurate and useful are SciSpace (Advanced Plan) and Consensus (Pro tier) in identifying 23 

publications devoted to cybersecurity in local administration? 24 

This article has two objectives: first, to identify all relevant publications across major 25 

academic databases; and second, to evaluate the classification performance and utility of the  26 

AI tools in question in abstract-based and full-text screening procedures. 27 

2. Literature review 28 

AI can help with SLRs in several ways: early use covered automating repetitive tasks such 29 

as literature search and screening using artificial neural networks (ANN) and text mining (de la 30 

Torre-López et al., 2023). More recent developments leverage advanced machine learning 31 

(ML), natural language processing (NLP), and LLMs to support not only screening but also 32 

data extraction, synthesis, reporting and even automated literature reviews, enhancing 33 
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scalability and uncovering interdisciplinary connections (Malik, Terzidis, 2025; Bolanos et al., 1 

2024; Li et al., 2025; Susnjak et al., 2025; Ofori-Boateng et al., 2024). Given the known 2 

weaknesses of AI, several frameworks have been proposed that use human supervision over 3 

artificial intelligence, emphasizing transparency and reliability (Lee et al., 2025; Le Dinh et al., 4 

2025). These frameworks typically use a cyclical approach, including human testing and 5 

validation of AI tools to reduce bias and ensure methodological soundness (called “human-in-6 

the-loop”). A human-assisted approach remains crucial, enabling real-time adjustments to 7 

inclusion criteria and continuous quality assurance (van Dijk et al., 2023). 8 

There are a lot of articles devoted to issues related to evaluating the usefulness of this type 9 

of tools (Bernard et al., 2025; Pinzolits, 2023; Fuller-Tyszkiewicz et al., 2025; Vallamchetla  10 

et al., 2025; Abogunrin et al., 2025; Tosi, 2025; Mogoale et al., 2025), especially reduction of 11 

workload, precision, accuracy, as well as developing methodologies and tools intended to assist 12 

researchers in conducting SLRs (van de Schoot et al., 2021). Arhin in the article (Arhin et al., 13 

2025) declares that a thorough search performed across databases including Web of Science, 14 

Scopus, IEEE Xplore, ACM Digital Library, and Google Scholar using keywords such as  15 

“AI and academic writing”, “AI in literature reviews”, and “machine-assisted literature review” 16 

gave 1153 peer-reviewed studies produced from 2020 to 2024 (after eliminating non-empirical 17 

publications and those irrelevant to AI in academic literature review procedures). At the time 18 

of writing this (December 2025) there are 2340 findings published in 2025 indexed in Web of 19 

Science alone, one could therefore venture that the use of AI tools in this context is currently at 20 

a stage  named Peak of Inflated Expectations in Gartner’s Hype Cycle model (see e.g. 21 

Czerwonka, Podgórski, 2025) perhaps one should even call it overhyped. However taking into 22 

account that there are many  AI solutions on the market and new ones and new versions and 23 

new extensions of previously available ones appearing and moreover, different sciences have 24 

different methodological conditions, and the terminology used within them may be amenable 25 

to analysis in different degrees (taking into account the methods used by particular tools) it 26 

seems useful to conduct similar research for different issues. 27 

In existing literature, evaluations of AI-assisted screening have typically been conducted in 28 

broad or well-established research areas, often in medical or interdisciplinary contexts  29 

(van de Schoot et al., 2021; Ofori-Boateng et al., 2024). In such domains, inclusion criteria are 30 

usually well structured and terminology is relatively standardized, which may facilitate 31 

automated classification. However, several authors underline that the effective use of AI in 32 

systematic reviews requires careful validation, human supervision, and methodological 33 

transparency (van Dijk et al., 2023; Lee et al., 2025). 34 

Less attention has been devoted to narrowly defined and semantically heterogeneous 35 

research areas, where relevance is not based on keyword matching. In such areas, classification 36 

may depend on institutional or contextual interpretation or regulatory recommendations 37 

concerning particular terms, increasing the risk of classification errors. Moreover, generative 38 

AI systems may exhibit a tendency to interpret prompts too literally and sensitivity to contextual 39 
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framing, which further endangers the stability and reproducibility of screening outcomes (Tosi, 1 

2025). 2 

Cybersecurity in local administration constitutes such a domain. It combines elements of 3 

public administration and GRC (Governance, Risk Management and Compliance), especially 4 

concerning information security management. Overlapping term ranges – for example between 5 

“local government”, “municipality”, and “regional authority”, and between “cybersecurity”, 6 

“information security”, and “data protection” – increases the methodological complexity of 7 

query construction and screening procedures. This condition makes for a suitable test case for 8 

examining how AI tools perform when semantic nuance plays a significant role. 9 

Despite the growing number of publications on AI-supported systematic reviews, there isn’t 10 

much empirical research assessing tool performance in narrowly defined domains and 11 

comparing abstract-based and full-text screening within such contexts. This study aims to 12 

contribute to this discussion by providing a domain-specific evaluation of selected AI tools and 13 

by quantifying their classification characteristics. 14 

3. Research methods 15 

3.1. Databases selection and query construction 16 

One of the most important issues concerning local administration cybersecurity is that 17 

neither “local administration” nor “cybersecurity" have an unambiguous meaning nor syntax. 18 

Instead of “cybersecurity”, it is possible to use such semi-equivalent terms such as “information 19 

security”, “data security”, “cybersafety” etc. Additionally different (conjunctive and separated) 20 

spelling the “cyber-” prefix are used in the literature. One can find a few synonymous terms for 21 

“local administration” (e.g. “local government”, “municipal administration”, “local authority” 22 

etc.) also. 23 

Taking the above into account, the queries we constructed for each database were quite 24 

complex, as they involved searching for conjunctions of two long phrases (in at least one of the 25 

most important fields i.e. title, abstract, keywords): one related to local administration and one 26 

related to cybersecurity. Formally, we were looking for conjunctions of complex alternatives. 27 

A sample query directed at the IEEEXplore database is shown in the fugure below. 28 

  29 
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(((("Document Title":"local government") OR ("Document 1 

Title":municipality)OR ("Document Title":"local administration")OR 2 

("Document Title":"municipal administration")OR ("Document Title":"city 3 

government")OR ("Document Title":"regional government")OR ("Document 4 

Title":"local authority"))AND (("Document Title":"cybersecurity")OR 5 

("Document Title":"cyber security")OR ("Document Title":"cybersafety")OR 6 

("Document Title":"cyber safety")OR ("Document Title":"cyberthreat")OR 7 

("Document Title":"cyber threat")OR ("Document Title":"cyber risk")OR 8 

("Document Title":"information security")OR ("Document Title":"data 9 

security")OR ("Document Title":"security of data")OR ("Document Title":"IT 10 

security")OR ("Document Title":"cyber protection")OR ("Document 11 

Title":"security awareness")OR ("Document Title":"network security")OR 12 

("Document Title":"computer security")OR ("Document Title":"cyber 13 

resilience")OR ("Document Title":"ICT security")OR ("Document Title":"cyber 14 

defence")OR ("Document Title":"cyberdefence")OR ("Document Title":"GDPR")OR 15 

("Document Title":"data protection"))) OR (((„Abstract”:"local government") 16 

OR („Abstract”:municipality)OR („Abstract”:"local administration")OR 17 

(„Abstract”:"municipal administration")OR („Abstract”:"city government")OR 18 

(„Abstract”:"regional government")OR („Abstract”:"local 19 

authority"))AND((„Abstract”:"cybersecurity")OR („Abstract”:"cyber 20 

security")OR („Abstract”:"cybersafety")OR („Abstract”:"cyber safety")OR 21 

(„Abstract”:"cyberthreat")OR („Abstract”:"cyber threat")OR 22 

(„Abstract”:"cyber risk")OR („Abstract”:"information security")OR 23 

(„Abstract”:"data security")OR („Abstract”:"security of data")OR 24 

(„Abstract”:"IT security")OR („Abstract”:"cyber protection")OR 25 

(„Abstract”:"security awareness")OR („Abstract”:"network security")OR 26 

(„Abstract”:"computer security")OR („Abstract”:"cyber resilience")OR 27 

(„Abstract”:"ICT security")OR („Abstract”:"cyber defence")OR 28 

(„Abstract”:"cyberdefence")OR („Abstract”:"GDPR")OR („Abstract”:"data 29 

protection")))OR(((„Author Keywords”:"local government") OR („Author 30 

Keywords”:municipality)OR („Author Keywords”:"local administration")OR 31 

(„Author Keywords”:"municipal administration")OR („Author Keywords”:"city 32 

government")OR („Author Keywords”:"regional government")OR („Author 33 

Keywords”:"local authority"))AND ((„Author Keywords”:"cybersecurity")OR 34 

(„Author Keywords”:"cyber security")OR („Author Keywords”:"cybersafety")OR 35 

(„Author Keywords”:"cyber safety")OR („Author Keywords”:"cyberthreat")OR 36 

(„Author Keywords”:"cyber threat")OR („Author Keywords”:"cyber risk")OR 37 

(„Author Keywords”:"information security")OR („Author Keywords”:"data 38 

security")OR („Author Keywords”:"security of data")OR („Author 39 

Keywords”:"IT security")OR („Author Keywords”:"cyber protection")OR 40 

(„Author Keywords”:"security awareness")OR („Author Keywords”:"network 41 

security")OR („Author Keywords”:"computer security")OR („Author 42 

Keywords”:"cyber resilience")OR („Author Keywords”:"ICT security")OR 43 

(„Author Keywords”:"cyber defence")OR („Author Keywords”:"cyberdefence")OR 44 

(„Author Keywords”:"GDPR")OR („Author Keywords”:"data protection")))) 45 

Figure 1. IEEEXplore query. 46 

Source: Own survey. 47 
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3.2. Screening methodology 1 

The SciSpace agent called “Systematic Literature Review” offers systematic literature 2 

review using PRISMA 2020 Methodology (Page et al., 2021). We used it to perform screening 3 

of Scopus database search results. Taking into account that the cost of the “advanced” 4 

subscription (and additional credits because starting number of SciSpace credits is not sufficient 5 

to conduct more than one study using advanced agents) is relatively high and automating such 6 

screening in the case of high-quality literature databases would only slightly reduce the 7 

workload of the process compared to manual review (only 1 record excluded and 8 flagged for 8 

manual review, which constitutes just over one percent of the initial number of records),  9 

we decided not to use  the PRISMA protocol for  the rest of the examined databases and instead 10 

construct AI prompts in a way that allows eliminate abstracts not related to the relevant subject. 11 

For the screening procedure, we decided to use the algorithm shown in Figure 2.  12 
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 1 

Figure 2. Procedure algorithm. 2 

Source: Own survey using SciSpace.com and Consensus. 3 

The initial screening (using the SciSpace tool) only accounted for abstracts, titles,  4 

and keywords, whereas the screenings utilizing the Consensus tool accounted for the full texts 5 

of articles (and therefore only for those articles that are available in full-text form).  6 

“Records cannot be tested due to problems with Consensus (Z1)” indicates a situation where 7 

the process of importing files containing the publication into the tool has failed. We asked the 8 

tool’s authors why certain texts could not be imported into Consensus. In response,  9 

they explained that Consensus relied on standard journal metadata – such as journal name, 10 

publication year, DOI, and volume/issue – and that book chapters, despite being valid scholarly 11 
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works, were more difficult to index and upload automatically. Consequently, the system was 1 

unable to process such texts. 2 

For all three screenings, we constructed prompts according to the schemas shown in the 3 

figures below.  4 

 5 

You got file "xxx.CSV" with bibliographic data. I need two CVS: 1. with list 6 

of all of text are not devoted to local government (including municipal, city 7 

etc.) cybersecurity or information security 2. with list of all other texts 8 

Figure 3. SciSpace prompt schema. 9 

Source: Own survey. 10 

 11 

Is this paper devoted to cybersecurity in local administration (Yes/No)? 12 

Figure 4. Consensus prompt Q1 schema. 13 

Source: Own survey. 14 

 15 

Summarize the article in Polish. What are the main conclusions? Does the 16 

article concern information security in local or municipal government 17 

administration? Does it contain any guidelines regarding the organization or 18 

management of information security? 19 

Figure 5. Consensus prompt Q2 schema translation. 20 

Source: Own survey. 21 

 22 

We decided to pose two questions to the Consensus tool: one aimed at generating a binary 23 

(yes/no) answer, and the other at providing a more in-depth discussion and explanation of the 24 

decision made. We anticipated that the requirement to give a concise answer could lead to 25 

situations where the tool’s made decision might be considered incorrect from a human 26 

perspective. Therefore, the second question (along with human control) served to verify its 27 

accuracy. 28 

4. Results 29 

4.1. Initial queries results 30 

The number of records identified in each database, as well as the number of records 31 

remaining after manual and consensus screening (Q2), are shown in table 1. 32 

  33 
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Table 1. 1 
Initial queries results 2 

Database Number of records Number of full text sources 
Final records after Q2 

screening 

Scopus 692 310 137 

Web of Science 215 144 61 

IEEEXplore 56 18 13 

ACM Digital Library 14 14 7 

Source: Own survey. 3 

Some publications are indexed simultaneously in several databases. Figure 6 and table 2 4 

illustrate this situation by showing the number of items in each set and their intersections.  5 

The number of unique findings after Q2 screening is 169, while the number of full text sources 6 

available is 218. 7 

Table 2. 8 
Cardinality of the intersection of full-text sets 9 

Database Number of records 

Scopus AND Web of Science 36 

Scopus AND WoS AND IEEExplore 1 

Scopus AND WoS AND ACM Digital Library 4 

Web of Science AND ACM Digital Library 1 

Source: Own survey. 10 

 11 

Figure 6. Cardinalities of full-text sets and their intersections. 12 

Source: Own survey. 13 

4.2. SciSpace aided use of PRISMA 2020 on Scopus’ search results 14 

Results of having the SciSpace agent “Systematic Literature Review” use the PRISMA 15 

2020 protocol on Scopus Database search results are shown in Figure 7. 16 
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 1 

Figure 7. PRISMA report created by SciSpace “Systematic Literature Review” agent on Scopus search 2 
results. 3 

Source: Own survey using SciSpace.com. 4 

As mentioned above, due to an insufficient cost-benefit ratio, the use of this protocol for 5 

subsequent databases was abandoned in further research. 6 

The study doesn’t include a formal time or cost-per-record analysis for the PRISMA 7 

screening conducted using SciSpace. Based on practical experience, manual screening of 8 

several hundred records (e.g., 692 in Scopus) typically requires several working days, whereas 9 

the automated PRISMA procedure was completed minutes after data upload but the cost is tens 10 

of dollars. 11 
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However, only a very low number of records were automatically excluded or flagged,  1 

and most still required manual verification. Considering the subscription and additional credit 2 

costs, the cost–benefit ratio the decision to discontinue PRISMA screening for the remaining 3 

databases was made. 4 

4.3. Screening statistics 5 

For this article’s purpose, among all possible classifier characteristics, the most significant 6 

are Accuracy, Sensitivity (True Positive Rate), Specificity (True Negative Rate) and Precision 7 

– formulas (1), (2), (3) and (4). 8 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 (1)  

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 (2)  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 +  𝐹𝑃
 (3)  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 (4)  

where:  9 

TP is the number of True Positives, 10 

TN is the number of True Negatives, 11 

FP is the number of False Positives, 12 

FN is the number of False Negatives. 13 

 14 

Statistics calculated for each individual database and both tools are shown in Table 4.  15 

All classification metrics presented in Table 4 were calculated directly from the TP, FP, TN 16 

and FN values reported in Table 3. 17 

Table 3. 18 
Confusion matrix values for each database and tool 19 

Database SciSpace Consensus 

Scopus 

TP 388 TP1 137 

FP 199 FP1 8 

TN 99 TN1 145 

FN 6 FN1 5 

WoS 

TP 128 TP1 61 

FP 81 FP1 5 

TN 5 TN1 66 

FN 1 FN1 5 

IEEE 

TP 12 TP1 13 

FP 5 FP1 0 

TN 38 TN1 5 

FN 1 FN1 0 
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Cont. table 3. 1 

ACM 

TP 7 TP1 7 

FP 7 FP1 0 

TN 0 TN1 7 

FN 0 FN1 0 

Source: Own survey. 2 

Table 4. 3 
AI tools statistics 4 

 Accuracy Sensitivity Specificity Precision 

SciSpace abstracts screening 

Scopus 

0.704 0.985 0.332 0.661 

Web of Science 

0.619 0.992 0.058 0.612 

IEEE 

0.893 0.923 0.887 0.706 

ACM Digital Library 

0.500 1.000 0.000 0.500 

Consensus full-text screening (Q2) 

Accuracy Sensitivity Specificity Precision 

Scopus 

0.956 0.965 0.948 0.945 

Web of Science 

0.927 0.924 0.930 0.924 

IEEE  

1.000 1.000 1.000 1.000 

ACM Digital Library 

1.000 1.000 1.000 1.000 

Source: Own survey. 5 

The study doesn’t include a controlled experimental comparison of the time required 6 

formanual full-text screening versus AI-assisted screening using Consensus. 7 

Based on practical experience, careful manual evaluation of a single full-text scientific 8 

article may require from several minutes to almost an hour, depending on length and 9 

complexity. Screening over 200 full-text documents would therefore realistically require 10 

several days of focused work. 11 

In contrast, once the documents were successfully imported into the Consensus system, 12 

initial classification and summarization were generated within minutes. The human researcher’s 13 

role was limited primarily to verification of the AI-generated classification. While this 14 

observation strongly suggests a substantial productivity gain, it should be emphasized that this 15 

conclusion is qualitative and experience-based rather than derived from a formally measured 16 

time-efficiency experiment. Future research should include controlled timing and costingto 17 

quantify the productivity improvement. 18 
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5. Discussions  1 

As with other AI tools, it seems crucial to formulate precise prompts. In several cases, 2 

asking whether an article is “devoted” to a given topic yielded different results than asking 3 

whether it is “concerning” that topic. Additionally, the examined tools appeared to display  4 

a tendency toward literal interpretation of prompts, which resulted in arbitrary classification 5 

that rejected texts not devoted entirely and exclusively to the given subject (local administration 6 

cybersecurity), even when that subject appeared within them as one of the topics (including 7 

cases where it was of relatively substantial importance and scope).  However, even when trying 8 

to force a clear answer, the question (with “Yes/No" clause) sometimes Consensus gave  9 

an ambiguous answer (such as "Yes, the paper is devoted to cybersecurity, but not specifically 10 

to local public administration", which is not particularly helpful for someone trying to use  11 

an AI tool to extremely simplify text screening). It should be remembered that LLMs such as 12 

generative pre-trained transformers (GPT) do not understand the processed text but rely on the 13 

knowledge acquired during the training process, so in the case of uncommon and complex 14 

language structures (both: the analysed texts as well as the questions asked) they may provide 15 

inaccurate or vague answers. 16 

Likewise, when it comes to the analysis of complex and multi-faceted texts (as scientific 17 

articles sometimes are), it would be worth considering abandoning the enforcement of 18 

unequivocal (“Yes/No”) responses and allowing, perhaps, intermediate answers (“partially”). 19 

Admittedly, as is always the case with classifiers, a reduction in type I errors will cause  20 

an increase in type II errors (and vice versa); nevertheless, in the context of screening scientific 21 

articles, the risk of rejecting relevant texts is a greater concern than a slightly increased 22 

workload at the final stage of reviewing articles that have successfully passed the screening 23 

process (at least when one is not dealing with a large number of texts). 24 

It’s also important to remember that even the very concepts of cybersecurity, local 25 

government data security etc. can be understood differently. The scope of local government 26 

activities and the technologies they employ may differ in different countries, so issues that don’t 27 

strictly fall under the umbrella of local government cybersecurity in one country (such as 28 

medical data privacy, information security in cyber-physical systems etc.) may, in some cases, 29 

be a very important aspect of such administration’s operations in another country. 30 

These observations are consistent with existing research indicating that AI-assisted 31 

screening may achieve high sensitivity during abstract-only screening, while still requiring 32 

substantial human validation (van de Schoot et al., 2021; van Dijk et al., 2023). AI-based tools 33 

can accelerate the screening of large volumes of scientific literature; however, they should be 34 

supervised by a human to ensure methodological reliability (de la Torre-López et al., 2023; 35 

Arhin et al., 2025; Ofori-Boateng et al., 2024).  36 
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In the present study, abstract-based screening demonstrated high sensitivity but relatively 1 

low specificity in several databases, which reduced the risk of excluding relevant publications 2 

but did not significantly decrease the workload associated with false positives. Similar 3 

observations have been reported in studies analysing the use of AI research assistants in 4 

systematic review frameworks, where AI tools helped identify relevant publications but still 5 

required careful human verification (Bernard et al., 2025). 6 

In contrast, the very high values of both: sensitivity and specificity observed in full-text 7 

screening using Consensus suggest that access to richer contextual information may partially 8 

explain the better classification performance.  9 

These findings support the view that AI tools should be treated as methodological support 10 

instruments rather than replacements for expert judgement, and that their effectiveness depends 11 

on the type of screening and the characteristics of the research domain. 12 

6. Limitations and Future Research 13 

First, the research did not include a controlled experimental measurement of time efficiency 14 

or a formal cost-per-record analysis. Although practical experience suggests substantial 15 

differences between manual and AI-assisted screening, the conclusions regarding productivity 16 

gains remain qualitative rather than based on systematic timing. 17 

The evaluation was also limited to two specific AI tools: SciSpace (Advanced Plan) and 18 

Consensus (Pro tier) and to their functionality at the time of the study. Given the frequent 19 

updates and rapid development of AI models, tool performance may change over time. 20 

Therefore, the results should not be interpreted as universal or permanent signifiers of these 21 

tools’ quality. 22 

In addition, the analysis was conducted within a single, narrowly defined research domain 23 

which limits generality of results. Tool performance in other domains – particularly those with 24 

more standardized terminology – may differ significantly. 25 

Furthermore, the screening procedure relied on specific prompt formulations, alternative 26 

formulations might have produced different classification outcomes. 27 

Future research should therefore include formal timing and costing comparisons of manual 28 

and AI-assisted screening. It would also be valuable to replicate the study across different 29 

research domains and to compare a broader range of AI tools. It also may be interesting use 30 

multi-class classification approaches (e.g., allowing “partially relevant” categories). 31 
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7. Conclusions 1 

The statistics for abstract screening clearly indicate that the adopted procedure is 2 

characterized by high sensitivity but relatively low specificity, and thus leaves significant 3 

workload in verifying texts classified as relevant. For unknown reasons, the results are better 4 

in the case of IEEEXplore. It may be due to the different characteristics of the database itself 5 

or changes that might have occurred in the tools between uses. In comparison, the AI-assisted 6 

screening of full texts yields very good results in terms of both sensitivity and specificity.  7 

In practice, this means that for large text databases, AI can be a useful assistant in the screening 8 

process, provided it works on the full texts of articles, not just their abstracts, titles,  9 

and keywords. 10 
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