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Abstract

Large language models and multi-criteria decision methods rank job applicants from resumes,

although resume content is written by the applicant and can be verified only in part. The aim of the

study  is  to  classify  how  AI-based  resume  screening  represents  the  uncertainty  of  candidate

information  and  to  derive  research  gaps  and  design  requirements  from this  classification.  Five

methods closest to pre-interview shortlisting are described and compared on five criteria that follow
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the  path  from a  resume claim to  a  rank:  the  form of  the  criterion score,  the  representation  of

uncertainty, the treatment of claim reliability, the ranking procedure and the possibility of asking the

candidate. The proposed classification crosses two types of uncertainty, the imprecision of a value

and the reliability of a claim, with three sources, the candidate, the language model that extracts the

data  and  the  evaluator.  In  the  compared  methods  reliability  is  either  absent  or  expresses  the

evaluator's confidence, and language-model pipelines accept resume content as given, so two of the

six cells of the classification have no modelling device. Four gaps are stated as research questions,

and provisions of the EU AI Act on high-risk recruitment systems are translated into verifiable

design requirements. The classification and the requirements can serve as a checklist for selecting

and auditing screening tools.

Аннотация

Большие  языковые  модели  и  методы  многокритериального  принятия  решений

применяются для ранжирования соискателей по резюме, хотя содержание резюме формирует

сам соискатель и проверить его удаётся лишь частично. Цель исследования состоит в том,

чтобы классифицировать способы представления неопределённости сведений о кандидате в

системах  отбора  резюме  на  основе  искусственного  интеллекта  и  вывести  из  этой

классификации исследовательские пробелы и требования к проектированию. Описаны пять

методов,  наиболее  близких  к  формированию  списка  кандидатов  на  собеседование,  и

проведено их сопоставление по пяти критериям, отражающим путь от утверждения в резюме

до места  в  рейтинге:  форма  оценки по  критерию,  представление  неопределённости,  учёт

достоверности утверждений, процедура ранжирования и возможность запросить сведения у

кандидата.  Предложена классификация,  в  которой два типа неопределённости,  неточность

значения  и  недостоверность  утверждения,  сопоставлены  с  тремя  источниками,  а  именно

кандидатом,  языковой  моделью,  извлекающей  данные,  и  экспертом.  В  рассмотренных

методах  достоверность  либо  не  учитывается,  либо  выражает  уверенность  эксперта,  а

системы на основе языковых моделей принимают содержание резюме без проверки, поэтому

для  двух  из  шести  ячеек  классификации  средства  моделирования  отсутствуют.  Четыре

выявленных  пробела  сформулированы  как  исследовательские  вопросы,  а  положения

Регламента ЕС об искусственном интеллекте о системах найма высокого риска переведены в

проверяемые требования  к  проектированию.  Классификация  и  требования  могут  служить

контрольным перечнем при выборе и аудите систем отбора резюме.

Keywords: resume screening, candidate information reliability, large language models, multi-

criteria decision making, fuzzy numbers, Z-numbers, EU AI Act.
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1. Introduction

Resume  content  is  written  by  the  applicant,  and  respondents  admit  to  some  degree  of

exaggeration (72 %), omission (61 %) and fabrication (31 %) in resumes, and organisations verify

only selected items [4]. The same study shows that deception in resumes is not a rare anomaly but a

measurable  behaviour  that  differs  between applicants  [4].  A screening method that  treats  every

statement in a resume as a fact therefore ranks claims rather than verified qualifications.

Multi-criteria  decision  making  has  become  the  standard  tool  for  ranking  candidates,  and

TOPSIS and its variants are used in half of the personnel-selection studies covered by a recent

systematic review [8]. In this line of work the uncertainty of a rating is usually modelled with fuzzy

numbers. Alguliyev et al. convert linguistic expert ratings into triangular fuzzy numbers and rank

candidates with a modified fuzzy VIKOR method [1], and Öztürk and Kaya apply fuzzy VIKOR to

personnel  selection  in  an  automotive  supplier  [9].  In  both  cases  the  fuzziness  describes  how

precisely the expert can express a judgement, while the information on which the judgement rests is

taken as correct. Existing reviews of AI in recruitment address its ethics and its use in employee

recruitment [2, 6]. They discuss fairness, transparency and acceptance by applicants, but do not ask

how screening methods represent the possibility that a claim in the resume is not true.

Zadeh introduced Z-numbers as a pair of a fuzzy restriction and a measure of its reliability

[15], which in principle offers a device for the second kind of uncertainty. Gottwald et al. use Z-

numbers in personnel selection, but the reliability component there expresses how confident the

evaluator is in the rating [3], not whether the candidate's statement is true. Language models shift

the problem to an earlier stage. Hoque et al. let a language model classify profile text into classes

that are mapped to fixed fuzzy numbers and ranked by fuzzy TOPSIS [5], so the content of the

profile enters the ranking without any check. Stuart et al. take the opposite direction and build an

interview  system  that  keeps  a  belief  over  rubric  levels  and  asks  the  candidate  for  missing

information [13], yet this system does not rank candidates. The human reviewer is not a reliable

safeguard either, since in an experiment people followed the preferences of a biased model in up to

90 % of decisions [14].

The legal context makes the question practical. Annex III, point 4(a), of the AI Act classifies

systems intended to analyse and filter job applications and to evaluate candidates as high-risk, and

the Act attaches obligations on data, logging, transparency, human oversight and robustness to such

systems [11, 12]. Article 22 of the GDPR and the Azerbaijani law on personal data add protection

against decisions based solely on automated processing [7, 10]. Table 1 shows that these obligations

can be stated as  concrete  requirements  for  a  pre-interview screening tool,  and several  of  them

concern exactly how the tool handles claims and their evidence.

Table 1. Provisions of the AI Act and verifiable design requirements for a pre-interview screening
tool

Provision Design requirement

Art. 10(2)(f)–(g), bias in data An annotated test set of known origin is used for name and attribute substi‐
tution tests after each model or prompt change

Art. 12(1)–(2), 26(6), logs Each extracted claim, its evidence, the model version, each rank and each 
recruiter action are logged and kept for at least six months

Art. 13(1), 13(3)(b), transparency The interface shows each claim with its evidence and score uncertainty, and
the instructions state the measured extraction accuracy
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Provision Design requirement

Art. 14(4)(b), (d), (e), oversight The recruiter can override any rank with a logged reason, and no candidate
is rejected without a human action

Art. 15(1), (5), robustness Resumes with hidden prompts are tested before deployment, and extracted
evidence must appear in the visible text

Taken together, the sources show three separate lines of work, fuzzy multi-criteria ranking,

language-model screening and regulation, none of which treats the truth of a resume claim as a

quantity  to  be  modelled.  The  aim  of  the  study  is  to  classify  how AI-based  resume  screening

represents  the  uncertainty  of  candidate  information  and  to  derive  research  gaps  and  design

requirements from this classification.

2. Materials and Methods

The analysis draws on the studies of personnel selection, multi-criteria ranking and AI-based

recruitment  listed  in  the  references.  No  systematic  database  search  was  carried  out,  so  the

comparison is  narrative  rather  than systematic.  From these studies,  five  methods closest  to  the

formation of an interview shortlist were selected, that is, methods that turn information about each

applicant  into  a  score  and  either  rank  the  applicants  or  collect  information  for  ranking  them.

Regulation (EU) 2024/1689 and its amendment by Regulation (EU) 2026/1744 were read in the

Official Journal text on EUR-Lex on 10 October 2026 [11, 12].

The modified fuzzy VIKOR method of Alguliyev et al. [1] expresses expert linguistic ratings

of candidates as triangular fuzzy numbers and selects the candidate that is closest to the ideal in the

sense of a compromise between group utility and the largest individual shortfall. Öztürk and Kaya

[9] solve the same selection problem with fuzzy VIKOR on expert ratings of candidates in the

automotive supply industry. Gottwald et al. [3] rate candidates with Z-numbers, in which each fuzzy

rating is  accompanied by a  fuzzy reliability  given by the  evaluator,  and rank them with  fuzzy

AROMAN. Hoque et al. [5] use a language model to read candidate profiles and assign them to

classes, map the classes to fixed fuzzy numbers and rank the candidates with fuzzy TOPSIS. Stuart

et  al.  [13]  do not  rank candidates  but  conduct  an  automatic  interview that  keeps  a  probability

distribution over rubric levels and chooses questions that elicit the missing information.

The purpose of the comparison is narrower than the aim of the study. It is to establish, for

each method, where the uncertainty of candidate information enters the selection procedure and

whether the truth of a claim can be represented at all. The five criteria in Table 2 follow the path of

a  claim from the  resume to  the  shortlist.  The  criterion  score  shows  what  the  method  actually

evaluates, an expert rating, a model output or a belief. The uncertainty representation shows which

formal device carries imprecision. The reliability of claims is the property under study and shows

whether doubt about a statement is represented and whose doubt it is. The ranking procedure shows

whether the method produces a shortlist, and the last criterion shows whether the method can reduce

uncertainty by asking the candidate. Together the criteria are sufficient to place each method in the

classification of Section 3.2.
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3. Results and Discussion

3.1. Comparison of the closest methods

Table 2. Comparison of methods closest to pre-interview shortlisting

Work Criterion score Uncertainty Reliability of clai
ms

Ranking Asks the can
didate

Alguliyev
[1]

Expert linguistic
ratings

Triangular fuzzy num‐
bers

Not considered Modified fuzzy
VIKOR

No

Öztürk [9] Expert ratings Fuzzy numbers Not considered Fuzzy VIKOR No

Gottwald
[3]

Expert ratings
with reliability

Z-numbers Evaluator's con‐
fidence

Fuzzy AROMAN No

Hoque [5] Language-model 
classes

Fixed fuzzy numbers Content accepted
as given

Fuzzy TOPSIS No

Stuart [13] Belief over rub‐
ric levels

Probabilities over levels Honesty not mod‐
elled

No Yes

The Z-number method is the only one with an explicit reliability component, but it expresses

the hesitation of the person who rates [3]. The language-model hybrid takes the profile text as given

[5]. Table 2 thus shows that the five methods differ in the device used for imprecision, but agree in

that none of them represents the possibility that the candidate's claim is untrue. The only method

that requests information from the candidate does not rank, and the ranking methods do not request

information.

3.2. Classification by type and source of uncertainty

Fig. 1 crosses two types of uncertainty, the approximate knowledge of a value (imprecision)

and the doubt whether a claim is true (reliability), with three sources.

Figure 1. Two types and three sources of uncertainty in candidate information
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Most ranking methods place uncertainty in the evaluator row and treat it as imprecision. No

compared ranking method represents whether a claim is true, although Z-numbers provide a device

for it [15]. The uncertainty of language-model extraction is not passed on to the ranking.

Figure 1 is built from the columns of Table 2. The column of uncertainty representation fills

the imprecision cells. Fuzzy VIKOR [1, 9] and the Z-number method [3] place it in the evaluator

row through linguistic ratings on fixed fuzzy scales, and the language-model hybrid [5] places it in

the extraction row through classes mapped to fixed scores. The candidate cell of the imprecision

column can in principle be covered by the same fuzzy numbers, but in the compared methods they

express the evaluator's judgement rather than the imprecise value that the candidate states, so this

cell also remains open in practice. The column of claim reliability fills the reliability cells. Only the

Z-number method has an entry there, and it belongs to the evaluator row, while the entries “not

considered”,  “content  accepted  as  given”  and  “honesty  not  modelled”  leave  the  candidate  and

extraction  cells  empty.  The  main  finding  of  the  comparison  is  therefore  that  the  cell  of  the

candidate's reliability, which corresponds to the exaggeration and fabrication reported in [4], has no

device in any compared ranking method.

3.3. Research gaps and questions

The first gap is that no compared method measures how far a claim is supported by evidence

in the resume [3, 5, 13]. RQ1 asks how this support can be measured and turned into a fuzzy or

probabilistic score. The second gap is that fuzzy parameters come from fixed linguistic tables or

expert judgement and do not differ between candidates [3, 5]. RQ2 asks whether candidate-specific

parameters derived from claims and evidence rank candidates more accurately.

The third gap is that the ranking methods do not request additional information, while the

system that  requests  it  does  not  rank  [1,  3,  5,  9,  13].  RQ3 asks  which  information  should  be

requested from which candidate so that verification changes the interview shortlist most. The fourth

gap  is  that  the  methods  were  tested  on  100  profiles,  four  candidates  or  simulated  candidates

[3, 5, 13]. RQ4 asks how the methods perform on real resumes with annotated claims and evidence.

3.4. From legal provisions to design requirements

As noted in Section 1, resume screening systems are high-risk under Annex III, point 4(a), of

the  AI  Act  [11].  Regulation  (EU) 2026/1744 amends  Article  10,  leaves  Articles  12–15 and 26

unchanged and moves the date of application for such systems to 2 December 2027 [12]. The five

requirements in Table 1 (Section 1) follow most directly from the classification, because each of

them concerns a claim, its evidence or the uncertainty of its score.

The requirements specify what the recruiter sees and can change, both because Article 22 of

the GDPR and Article 7.3 of the Azerbaijani law on personal data protect the data subject against

decisions based solely on automated processing [7, 10] and because people followed the preferences

of a biased model in up to 90 % of decisions in an experiment [14].

4. Conclusion

The study classified the uncertainty of candidate information in AI-based resume screening by

two types,  the  imprecision of  a  value  and the  reliability  of  a  claim,  and by three  sources,  the

candidate,  the  language  model  and  the  evaluator.  The  comparison  of  five  methods  closest  to
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shortlisting  showed  that  the  imprecision  of  values  is  covered  by  fuzzy  devices,  whereas  the

reliability of what the candidate writes has no modelling device in the compared ranking methods,

and the uncertainty of language-model extraction is not passed on to the ranking. Four research

questions follow from these gaps, on the support of claims by evidence, candidate-specific fuzzy

parameters, the choice of information to verify and testing on real annotated resumes. The AI Act

provisions on high-risk recruitment systems were translated into five verifiable requirements that

link the classification to the design and audit of screening tools. The comparison is narrative and

was coded by one person, so the gaps may not hold for every published method.
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