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Resumo 

A Inteligência Artificial é cada vez mais utilizada nas organizações, sobretudo em tarefas de 

rotina, como a triagem de currículos. Esta fase do processo de seleção é de extrema relevância, 

pois determina se os candidatos avançam para fases seguintes, como as entrevistas. No entanto, 

é também uma fase vulnerável, em que candidatos podem apresentar um currículo que não 

reflete exatamente a sua realidade. Com base nestas premissas, esta tese teve como objetivo 

realizar uma análise comparativa da capacidade de agentes humanos e de um agente sintético 

na deteção de fraudes em currículos. Inicialmente, realizou-se um estudo qualitativo com sete 

entrevistas a recrutadores humanos, para identificar os tipos de fraude mais comuns. 

Seguidamente, foi conduzido um estudo experimental quantitativo, através de um questionário 

online, para comparar o desempenho de recrutadores humanos (77 participantes) e de sistemas 

baseados em IA (i.e., ChatGPT) na identificação de currículos artificiais e fraudulentos. 

Resultados demonstraram que nem humanos nem a IA conseguem detetar fraudes nos 

currículos. No caso da IA, os resultados contrariam a literatura, uma vez que não demonstrou 

melhores resultados que os humanos na triagem de currículos. Este estudo contribui para a 

literatura ao fornecer uma compreensão mais abrangente das limitações e capacidades de 

humanos e IA na deteção de fraudes. Tem ainda um papel cautelar na medida em que poderá 

informar organizações que pretendem integrar este tipo de tecnologias na triagem de currículos 

sobre algumas especificidades de uso de IA neste campo. 

Palavras-chave: Recrutadores humanos, Inteligência Artificial, ChatGPT, Fraude de 

currículos 

Código JEL: M12, O15 
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Abstract 

Artificial Intelligence is increasingly used in organizations, especially in routine tasks, such as 

resume screening. This phase of the selection process is extremely important, as it determines 

whether candidates advance to the next phases, such as interviews. However, it is also a 

vulnerable phase, in which candidates may present a resume that does not exactly reflect their 

reality. Based on these premises, this thesis aimed to conduct a comparative analysis of the 

ability of humans and a synthetic agent to detect resume fraud. Initially, a qualitative study was 

carried out with seven interviews with human recruiters, to identify the most common types of 

fraud. Then, a quantitative experimental study was conducted, through an online questionnaire, 

to compare the performance of human recruiters (77 participants) and AI-based systems (i.e., 

ChatGPT) in identifying artificial and fraudulent resumes. Findings demonstrated that neither 

humans nor AI can detect resume fraud. In the case of AI, the results contradict the literature, 

since it did not demonstrate better results than humans in screening resumes. This study 

contributes to the literature by providing a more comprehensive understanding of the limitations 

and capabilities of humans and AI in detecting fraud. It also has a precautionary role in that it 

can inform organizations that intend to integrate this type of technology in resume screening 

about some specificities of using AI in this field. 

 

Keywords: Human Recruiters, Artificial Intelligence, ChatGPT, Resume fraud 

JEL code: M12, O15 
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CHAPTER 1 

Introduction 

The selection process, particularly the resume screening phase, is a critical component of 

Human Resources Management (HRM). It allows the selection of the best and most suitable 

applicants - those possessing the right qualifications and skills, aligned with the organization’s 

culture and objectives - to progress to an interview and ultimately fill a position (Kuhn, 2014). 

A significant issue in this phase, more common than we may think, is resume fraud (Zvi & 

Shtudiner, 2021). Resume fraud can be defined as an "intentional misrepresentation of 

information on a resume in an effort to present oneself more favorably than is accurate. Resume 

fraud is designed to deceive recruiters, to create personal advantages in hiring processes, to 

attain employment interviews, and eventually to secure job offers” (Henle et al., 2019, p. 88). 

Two motives for lying on a resume can be identified: to gain a competitive edge in the job 

market and advance in one's career, and to secure a higher salary (Wexler, 2006). Examples of 

resume fraud can be falsifying previous work experience and responsibilities, lying about 

qualifications (Bible, 2012), misrepresenting salary from a previous job, fabricating 

organizations, and educational institutions, and omitting employment gaps (O’Rourke, 1995). 

Such behaviors can be inflated due to lack of psychical or interpersonal communication during 

the screening process (Guillory & Hancock, 2012), as resume screening is a text-based process 

that does not involve a direct interaction with another person. 

The use of Artificial Intelligence (AI) in organizational contexts has been increasing in 

recent years, either replacing or complementing human efforts in certain tasks due to AI’s 

ability to reduce many biases inherent in human decision-making, allowing for more rigorous 

performance (Rodgers et al., 2023). Moreover, as mentioned, the nature of tasks like resume 

screening makes them well-suited for execution by AI systems, as demonstrated by current 

applications (Cowgill, 2018; Ore & Sposato, 2021), and as we have already witnessed in other 

fields (Agrawal et al., 2017; Davenport & Ronanki, 2018). While there is existing research on 

the impact and effectiveness of AI-based algorithms in HRM (Makarius et al., 2020; Vrontis et 

al., 2021), to our knowledge, no studies have yet compared the abilities of humans and AI in 

detecting resume fraud. 
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Therefore, this study was designed to assess the ability of both AI and humans to detect 

resume fraud. To achieve this overarching goal, three specific objectives were established: 1) 

to identify the most common types of fraud; 2) to determine which types of fraud are more 

easily detected by humans and synthetic agents; 3) to compare the detection capabilities of 

humans and AI, including their levels of recommendation for fraudulent resumes. 

To address the study's objectives, we began conducting a qualitative study that allowed us 

to answer the first of our objectives. This qualitative phase provided the essential framework 

and insights necessary for designing the subsequent quantitative study, which was of 

experimental nature. This experimental study aimed to tackle objectives two and three, building 

on the results from the initial qualitative analysis. 

Thus, this thesis is organized into eight chapters. The second chapter provides a literature 

review addressing topics such as the conceptualization of resume fraud in the selection phase, 

the rise of AI in organizational contexts, and the advantages and challenges of using AI in 

HRM, particularly in resume screening. 

Then, we present the method and results section for each study (quantitative and 

qualitative), chapters three to six.  

The seventh chapter will include the discussion and conclusion of the study regarding the 

performance of human recruiters and AI in the screening process, in particular, to their ability 

to detect resume frauds.  

Finally, the eighth chapter will address limitations of the study and provide 

recommendations for future research. 
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CHAPTER 2 

Literature Review 

 

2.1  HRM and the importance of selection 

 

Human Resource Management (HRM) is a set of practices used to manage employees and 

encompasses traditional activities such as administration and workforce management (Chang 

& Huang, 2005; Greenwood, 2002). HRM is composed of multiple practices, including 

recruitment, selection, training, development, onboarding, performance management, 

compensation, and benefits, among many others (Armstrong & Taylor, 2009). In today's 

business environment, the strategic aspect of HRM, known as Strategic Human Resource 

Management (SHRM), is essential. It emphasizes the alignment of human resources practices 

with the organization's strategy, goals, culture, and structure, with a greater focus on achieving 

results and improving overall productivity (Harrison & Bazzy, 2017; Hendry & Pettigrew, 

1986; Paauwe & Boon, 2018). 

While all HRM practices have their due importance, selection is particularly critical as it 

ensures the recruitment of individuals who possess the right skills and mindset, and fit the 

company’s culture, since people are at the core of any organization (Shahhosseini & Sebt, 

2011). Selection is aimed at assessing the suitability of candidates for a specific role/job based 

on their past professional experiences, academic background, skills, and mindset, with resumes 

playing a pivotal role in this process (Armstrong & Taylor, 2009).  

If this process is done poorly—such as hiring someone lacking the necessary skills, 

misaligned with the organization's goals, or who has lied on their resume—it can result in a 

significant loss of resources. This includes time spent on the selection process and integrating 

the new worker into the organization’s culture and job, financial resources spent on selection, 

and further monetary loss if the individual's lack of skills or qualifications diminishes the 

overall organization performance. In the worst case, additional costs may arise from having to 

terminate the employment (Kuhn, 2014). 

The selection phase begins with the screening of candidates' resumes, which are the primary 

application tool used universally by individuals seeking employment. and assessed by recruiters 
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to identify qualified and suitable candidates for subsequent interviews, ultimately aiming to 

fulfill an open position (Varma et al., 2006). Resumes are evaluated based on candidates' work 

experience, academic qualifications, skills, and other relevant factors (Cole et al., 2004). 

As the first point of contact with the organization, the selection phase is critically important, 

giving candidates the opportunity to present themselves properly and effectively. However, 

some individuals resort to deceitful tactics and fraudulent information in their resumes to create 

a more favorable first impression (Kuhn et al., 2013; Wood et al., 2007). While the public 

availability and scrutiny of resumes on the internet might reduce the likelihood of candidates 

lying about past jobs and academic qualifications, this issue remains prevalent and requires 

further study (Guillory & Hancock, 2012). 

 

2.2 Resume Fraud 

 

As mentioned, resume fraud is defined as an “intentional misrepresentation of information on 

a resume in an effort to present oneself more favorably than is accurate. Resume fraud is 

designed to deceive recruiters, to create personal advantages (over others), in hiring processes, 

to attain employment interviews, and eventually to secure job offers. It includes only intentional 

deceptions while excluding unintentional mistakes and oversights (e.g., listing the wrong 

supervisor for past jobs, forgetting employment dates for jobs held in the distant past, failing to 

mention immaterial information like irrelevant short-term jobs)” (Henle et al., 2019, p. 88). 

Candidates may believe that by not engaging in resume fraud, they are putting themselves 

at a disadvantage, as others might use deceptive tactics to secure a position (Kaplan & Fisher, 

2009). Research also suggests that resume manipulations may lead decision-makers to favor 

candidates who engage in such practices (Varma et al., 2006). Both high and low-ranking 

candidates may commit resume fraud, regardless of their position (Kidwell, 2004). The 

likelihood of committing resume fraud is yet dependent of the candidate's personality traits 

(e.g., values and moral identity) and their perceived risk of detection and punishment (Kim, 

2011). Personality traits such as Machiavellianism, narcissism, and moral identity have been 

linked to resume fraud, suggesting that individuals with these traits are more inclined to engage 

in deception (Henle et al., 2019; Zvi & Shtudiner, 2021). 
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The literature seemed to identify three main types of fraud used when candidates wanted to 

modify their resumes to convey a better image: inventing, embellishing, and omitting. This 

typology was first identified and worked on by Wood et al. (2007), Bible (2012), and Henle et 

al. (2019). Fabrication (Henle et al., 2017), falsification (Bible, 2012) or commission (Wood et 

al. 2007), involves outright lies, such as inventing qualifications or work experience (e.g., do 

not hold a master’s degree), lying about the higher education institution frequented (the 

institution might not exist), lying about references (usually are friends and close people), or 

lying about the course (the institution might exist but not with the specific course). 

Embellishment (Henle et al., 2017) or Inflation (Bible, 2012), consists of exaggerating facts, 

such as inflating skills, past responsibilities (was project manager for a large team / was assistant 

project manager), years of experience (e.g., is 22 years old with 5 years of experience) or 

exaggerating the number of languages they can speak. Resumes that contain significant a 

significant degree of embellishments are often referred to as "too good to be true resume" and 

while not strictly fraudulent, warrant closer examination. Omission (Bible, 2012; Henle et al., 

2019; Wood et al., 2007), involves leaving out crucial information, such as gaps in employment, 

which candidates may try to conceal with vague explanations like "full-time volunteering." 

Henle et al. (2019) demonstrates, through their research, that individuals are more inclined to 

omit or exaggerate information than to engage in outright deception. It is crucial to note, 

however, that the latter is still prevalent (Henle et al., 2019).  

Some argue that embellishment can be a useful tool in job applications and all the 

candidates should practice it — since it is difficult to ensure everyone adheres to a no-

embellishment rule (Marcoux, 2006). However, Marcoux (2006) overlooks the consequences 

of resume fraud to the company, to the employer and to the employee, such as poor hiring 

decisions that can lead to significant costs (e.g., time and money), damage to the employer’s 

and firm reputation, and unfairness toward honest and qualified candidates (Kim, 2011). 

Resume fraud can also erode the relationship between employee and employer, creating 

mistrust (Bishop, 2006; Kidwell, 2004). 

Although resume fraud is a widespread problem, some recruiters consider certain types of 

misrepresentation more acceptable, particularly when the information is unrelated to the job at 

hand. For example, falsely claiming a degree in human resources when applying for an IT 

(Information technology) position might be viewed as irrelevant. However, as the relevance of 

the job increases, misrepresentations are more likely to be seen as lies. In any case, selecting 
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candidates who lie on their resumes can negatively affect the organization’s performance and 

reputation, as such individuals may continue to deceive in their day-to-day work (Wood et al., 

2007). 

Interestingly, research shows that HR professionals are less sensitive to resume fraud when 

compared to management students, possibly because HR professionals are more accustomed to 

encountering misrepresentations and may have become more tolerant (Wood et al., 2007). 

However, it remains essential to detect and address all forms of fraud during resume screening, 

as there can be both professional and legal consequences for individuals found to have lied 

(Lowery & Blinebry, 2014). 

Detecting and responding to resume fraud is challenging (Mishra & Venkatesan, 2021). 

Recruiters are responsible for selecting the best candidates for their organization and dismissing 

a potentially candidate without certainty carries the risk of losing a talented individual 

(Babcock, 2003). Therefore, organizations need effective mechanisms to detect fraud. One 

innovative solution is the use of AI in HRM, particularly in resume screening. The use of AI, 

along with other technologies, is increasingly being adopted by organizations to complement 

or replace humans in HR tasks (Budhwar et al., 2022). 

 

2.3 The Role of Technologies in HRM 
 

Many tasks that were once exclusively handled by humans are now being performed by 

technologies, while HR professionals are getting assisted by those technologies or playing a 

secondary role in traditional functions (Dengler & Matthes, 2018). 

Over the past few decades, technological advancements have significantly impacted HRM, 

bringing about innovations in every process. The shift toward a digital employer branding 

through social networks (Mihalcea, 2017) and the conducting of remote interviews has 

facilitated easier access for both organizations and candidates (Saarijärvi & Bratt, 2021). The 

adoption of e-learning platforms (that allowed employees to develop skills remotely) as well as 

the rise of remote or hybrid work environments (accelerated by the COVID-19 pandemic) are 

examples of how technology continues to reshape the workplace dynamics. The creation of 

Enterprise Resource Planning (ERP) systems such as SAP and Oracle integrate various business 

functions, including HR, to streamline tasks like recruitment, selection, and performance 
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management (Johnson et al., 2016). The large automation of the payroll process and the use of 

computers and data bases to storage files and information (Personnel record keeping) can be 

considered examples of how technology can be used to increase business efficiency. 

Additionally, Applicant Tracking Systems help employers manage large volumes of job 

applicants by sorting, filtering, and tracking candidates who match job descriptions (Zhou et 

al., 2021). 

These technology advancements and the AI also extend beyond HRM into broader fields. 

In healthcare, AI has sped up drug discovery (Yu et al., 2018), in education, it sometimes 

replaces or assists teachers (Xu et al., 2021), in agriculture, AI can also play a pivotal role 

through crop monitoring (Liu, 2020), in humanitarian and environmental efforts, predicting 

natural disasters and reducing greenhouse gas emissions, through the optimization of industrial 

processes to reduce waste and energy (Benbya et al., 2020; Cheong et al., 2022; 

Saberikamarposhti et al., 2024).  

The concept of AI is rooted in Turing’s early work from 1950. If a man was put in a 

conversation with both another human being and a machine and could not identify who is 

which, then it is said that the machine is intelligent (Turing, 1950). Over the years, multiple 

definitions of AI have appeared in the literature, and to this day there is no consensual definition 

(High-level expert group on artificial intelligence [AI HLEG], 2019). The literature offers 

different definitions of AI (e.g., McCarthy, 2007; Visvikis et al., 2019; Wang, 2019). 

Nevertheless, we opted for the following definition because it is provided by a High-Level 

Expert Group on AI set up by the European Commission and is relatively recent. According to 

this same Group of experts we can define AI as a “ (…) software (and possibly also hardware) 

systems designed by humans that, given a complex goal, act in the physical or digital dimension 

by perceiving their environment through data acquisition, interpreting the collected structured 

or unstructured data, reasoning on the knowledge, or processing the information, derived from 

this data and deciding the best action(s) to take to achieve the given goal. AI systems can either 

use symbolic rules or learn a numeric model, and they can also adapt their behavior by 

analyzing how the environment is affected by their previous actions.” (High-level expert group 

on artificial intelligence [AI HLEG], 2019, p. 6). 
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2.4  Technologies and AI in HRM: advantages and challenges 
 

Recent studies elaborate on the advantages of using AIs on organizational processes, including 

HRM. Humans are more susceptible to prejudices and making mistakes than AI, which is 

objective. AI can process vast amounts of data and perform tasks more efficiently and faster 

than humans. Its work is consistent, they never get tired, and can operate 24/7, yielding the 

same (or better) results and productivity (Hunkenschroer & Luetge, 2022; Miller, 2019). 

Despite the initial economic investment required to purchase and train AI, humans can be more 

expensive in the long term (Hanson III & Marshall, 2001; Lacroux & Lacroux, 2022). The 

applications of AI in HRM are diverse, encompassing its involvement in performance 

management and evaluations by providing real-time feedback and predicting future 

performance levels based on data. Additionally, AI can play a pivotal role in employee retention 

and engagement, analyzing employee sentiments through surveys, social media, and other 

channels, which can also be used to identify areas in which the organization can enhance its 

practices and even predict employees who are at risk of leaving the organization (Armstrong & 

Taylor, 2020). Nevertheless, the focus of this work is to examine the phase of selection, 

specifically AI's role in resume analysis. Some literature considers AI to be more effective and 

efficient, even in the resume screening process (Albassam, 2023). 

However, despite all these advantages, research states that it is necessary to be cautious 

with the implementation and use of this technology, as there are numerous factors that can result 

in a poor implementation of AI, both in terms of performance, ethics, and morals (Nelson, 

2019). Many organizations and literature claim that AI can "debias" resume screening (e.g., by 

removing "race" and "gender" from the algorithm). However, bias in AI cannot be ignored, as 

it is not easily removed from AI tools, their algorithms, and their training (Drage & Mackereth, 

2022). This is evident from examples such as Tay, an AI chatbot released by Microsoft via 

Twitter. Tay was intended to mimic the speech patterns of an American millennial girl but was 

quickly taken offline after tweeting ninety-three thousand racist and sexist messages due to its 

training from interactions with Twitter users (Bridge et al., 2021). This demonstrates that AI is 

also susceptible to prejudice and discrimination. 

Some ways to mitigate bias include cooperation between humans and AI. Humans possess 

emotional intelligence, creativity, intuition, and cultural sensitivity, making them effective 

partners. We believe an augmentation perspective offers the greatest benefits, promoting 
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cooperation rather than substitution (De Cremer & Kasparov, 2021). Ensuring continuous 

involvement of experts during AI training is crucial, as this stage is known for fostering bias 

(Soleimani et al., 2022). The training phase is critical because it allows AI to adapt its original 

code, either exacerbating biases in the data or maintaining an ethical process and code (Lee, 

2018). The use of diverse data in AI training is also essential to minimize bias (Ferrara, 2023). 

To ensure ethical use of AI and minimize bias, programming and training should strive for 

neutrality (Ferrara, 2023; Ntoutsi et al., 2020). Fighting bias is important because AI can 

perpetuate prejudice against minorities and undermine organizations by creating a 

homogeneous, less creative, and less productive workforce (Shen et al., 2009; Zou & 

Schiebinger, 2018). 

Other issues must also be considered, such as technological problems in software or 

hardware that may cause "glitches" (unexpected malfunctions), jeopardizing the selection 

process and HRM (Van Esch et al., 2019), the economic investment required to integrate this 

technology into organizations - both the cost of purchasing AI and training workers - is often 

impossible for small and medium-sized firms. Even larger firms may consider it a risky 

investment (Barbosa & Faria, 2022). Other current concerns when using AI are data security 

and privacy, being necessary to protect workers' data from unauthorized access (Budhwar et 

al., 2023). Another limitation of AIs is their inability to replicate human intuition or "capture 

the subtle connections between people that drive human behavior" (Armstrong, 2020, p. 155). 

Accountability is also a theme under debate, regarding who should be held responsible for 

biased decisions made by AI (Budhwar et al., 2023). While there is an extensive discussion on 

this topic, some literature suggests that firms, should be held accountable for the ethical, social, 

and economic implications of the AIs, as they are the ones deploying this technology (Martin, 

2019).  

While acknowledging that AI is not free of bias and errors (Tambe et al., 2019), we can 

analyze and improve its algorithms and training methods to mitigate bias, errors, and 

subjectivity introduced during creation or training. This addresses issues that may have been 

introduced by the programmers or emerged during the training process (Hunkenschroer & 

Luetge, 2022). A Controlled AI development can benefit organizations and society by reducing 

these issues and fostering a technology that serves the common good (Autor, 2022). 

Considering all this, do humans trust AI as a "partner" and as a worker? It may seem so, 

but the answer is not simple. The trust we have in AI is closely related to the concept of 
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Algorithm Aversion, defined as a "biased assessment of an algorithm which manifests in 

negative behaviors and attitudes towards the algorithm compared to a human agent" (Jussupow 

et al., 2020, p. 4). The extent to which Algorithm Aversion affects our trust in the AI and our 

disregard of the AI intervention is depends on multiple factors. Algorithm Aversion is 

negatively associated with decision's magnitude and the individual education while positively 

associated with algorithms' complexity and the individual age (Mahmud et al., 2022). Trust in 

AI also depends on other factors, such as the nature of the task - people are more likely to trust 

AI for tasks that do not require social or emotional intelligence or ethical decision-making 

(Langer et al., 2023). Additionally, trust is also influenced by the perceived intelligence of the 

AI - higher perceived intelligence leads to greater reliance and trust - and the form of the system 

(e.g., robot, chatbot, or digital avatar) (Makarius et al., 2020). The human experience with AI, 

also factors the trust they have on this technology. When humans observe AI making mistakes, 

they tend to lose confidence in its abilities. Even if they recognize that humans make more than 

twice as many errors, they still often prefer a human agent over AI (Dietvorst et al., 2015). 

Despite research demonstrating the superiority of AI over humans in specific tasks, some 

individuals continue to reject its use. In a context where an unwise decision can lead to critical 

consequences, it is essential to explore ways to eliminate Algorithm Aversion (Dietvorst et al., 

2015; Mahmud et al., 2022). Trust in AI is also crucial for fostering productive employees who 

work effectively with this technology (Glikson & Woolley, 2020). While no specific solutions 

exist to eliminate Algorithm Aversion, we can still mitigate it by promoting collaboration 

between AI and Humans on the job, an augmented perspective (Burton et al., 2020; Jussupow 

et al., 2020). Additionally, continuous, and positive interactions with AI, i.e., the positive 

experience with this technology can also increase its acceptability by the user (Filiz et al., 2021). 

Besides trust, Barbosa & Faria (2022), state that successful implementation of AI also requires 

training for workers, and they should be given time to get used to it. It is important to make the 

purpose of the AI and the process by which it works transparent to the stakeholders as well 

(Makarius et al., 2020). 

Despite the need for caution and the possible challenges in using AI correctly, it is a 

technology that has a lot of potential, that is constantly developing and that already has and will 

have an impact on the future, and that its use (in the right way) will be of great interest to human 

beings (Eapen et al., 2023; Hassani et al., 2020).  



 
 

11 
 

Accordingly, there are many ways that AI can be applied to the selection phase: filtering 

resumes by keywords considered necessary by the organization, giving AI access to a large 

database to filter employees who do not meet the criteria they want when screening, and using 

AI in the video interview process (for example, HireVue) used by firms like PwC, Vodafone, 

and Oracle (Albassam, 2023; Trziszka, 2023). The subject of AI in fraud detection is not widely 

covered and is usually only applied to the financial and accounting sectors. In these areas, it is 

possible to observe some success on the part of AI in mitigating frauds like data mining, 

forensic accounting, and auditing. This leads not only to an increase in the organization’s 

performance levels but also to an improvement in its reputation (Choi & Lee, 2018; Dhieb et 

al., 2020; Mohanty et al., 2023). However, as far as we know, there is still no information or 

studies on the use of this technology for fraud detection in the resume screening process.  

The responsibility of reviewing resumes has long been undertaken by human beings. 

However, the contemporary use of AI in this process is currently a subject of examination 

(Black & van Esch, 2020). This discussion is supported by the numerous advantages of AI and 

by all the possible errors, bias, and subjectivity inherently human. The main root cause of most 

human mistakes is their subjectivity. Subjectivity in evaluation, as different HR professionals 

have different criteria for evaluating resumes, which leads to inconsistency. One person gives 

more value to soft skills and willingness to learn, while another gives more value to hard skills 

and past experiences. Moral subjectivity, regarding the prejudices held by different people 

(Chen, 2022), can lead to not only inconsistency in selection but also to moral lapses, resulting 

in the loss of potential and valuable assets to the organization (Shen et al., 2009). Furthermore, 

other human errors in resume analysis, such as affinity bias (the preference for people who 

share similar tastes and backgrounds) and confirmation bias (giving more weight to evidence 

that is congruent with their values or ideologies), can contribute to flawed assessments, 

resulting in the faulty selection of individuals who may not align with the organization's values 

or the requirements of the respective role they are applying for (Russell et al., 2019) 

AI should also have the capacity to not only verify what is written in resumes but also 

perceive meaningful and hidden messages (Prokopenko, 2014). This capability is useful when 

a candidate overindulges in some skills (for example, overstating the number of languages they 

know), which could raise suspicion. In this scenario, AI should have the ability to perceive such 

anomalies. 
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Therefore, the literature argues that this new type of technology eliminates much of the 

human inconsistency while providing other advantages: faster task performance; automation of 

the most boring and routine tasks, leaving human beings room for more creative and interesting 

tasks (Hassani et al., 2020; Vrontis et al., 2021); and long-term cost savings from a strategic 

perspective (Al Meslamani, 2023; Aydın & Turan, 2023).  

Despite the challenges, research suggests that conscious and prudent use of AI in HRM and 

consequently in the selection process can bring significant benefits to stakeholders. One of AI's 

most valuable features is its continuous access and processing of vast amounts of data from the 

internet and databases (Ghosh et al., 2018). In this way, we think that a large access to 

information can easily contribute to helping enhance its resume fraud detection. Therefore, we 

believe that AI should prove itself more capable of detecting resume fraud over a human 

recruiter. 

H1: An AI system can detect resume fraud better than a human recruiter 
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CHAPTER 3 

Method – Qualitative Study 

3.1  Procedure 

 

Semi-structured interviews were conducted via Zoom to gather information about resume fraud. 

Participants were initially recruited by a convenience sampling, a nonprobability sampling used 

for the advantage of an easier access to participants to take part in the study in the given time, 

such as those within our social circles (Etikan et al., 2016). Additionally, some participants 

were recruited through snowball sampling, where former participants referred others who 

matched the characteristics of the target population (Babbie, 2014). This approach was chosen 

due to the exploratory nature of the study and to enhance access to the relevant population. The 

interviews took place between January 2024 and March 2024 and had an average duration of 

33 minutes (ranging from; min 25; max 41) 

The goal was to enrich existing classifications of resume fraud by identifying the most 

common types and understanding how they are typically presented (either individually or in 

combination). It was also important to complement the existing literature with recent insights 

from experts in the field regarding the most frequent types of fraud. 

 

3.2 Sample 

 

Seven semi-structured interviews were conducted via Zoom with Portuguese Human resources 

professionals who either currently work or have recently worked in resume screening during 

the selection phase (within the past year). The sample size was determined based on theoretical 

saturation, i.e., interviews continued until no new categories emerged. Of the interviewees, four 

were women and three were men. Their ages ranged from 23 to 57, and their experience in 

resume screening varied from one to sixteen years. Two participants held master’s degrees, 

while the remaining five had bachelor’s degrees. 

 



14 
 

3.3  Data analysis strategy 

 

The goal was to conduct a descriptive and classificatory analysis of the types of fraud 

commonly found in resumes, examining whether they are used individually or in combination, 

to expand the existing literature and facilitate the resume tampering and creation happening in 

our quantitative study. 

We transcribed and conducted a qualitative content analysis of the interviews. Our aim was 

to describe the phenomenon of resume fraud by analyzing the content of the interviews, 

specifically focusing on the written and oral elements they contained (Erlingsson & Brysiewicz, 

2017). Through Meaning Unit analysis, we created two tables (Table 4.1 and Table 4.2) that 

summarize the frequency of responses from all interviewees regarding "What is valued in 

resumes," "Types of fraud," and "How frauds are presented." Our coding units included words, 

sentences, and paragraphs. 

The content analysis of the interviews was carried out using both deductive and inductive 

approaches using à priori categories (e.g., work experience, academic background) and à 

posteriori categories (e.g., resume length, correct spelling). The former categories were drawn 

from the literature and prompts generated by ChatGPT (also being confirmed in the interviews), 

while the latter emerged solely from the interviews (Fereday & Muir-Cochrane, 2006). 

Throughout the content analysis process, we ensured the following: Almost all of the à priori 

subcategory, and types of resume fraud, were based on an already validated study. For example, 

misrepresentations of job history are addressed by O'Rourke (1995), and embellished 

achievements or awards are discussed by Zvi & Shtudiner (2021) (coherence); Each code or 

subcategory is presented in a table, along with its frequency and an illustrative quote 

(transparency); The same person performed two separate interpretations of the interviews, with 

a time interval between them (Reliability) (Bauer, 2000). 

 

3.4  Measures 

 

We opted for a semi-structured interview and script, as it is considered flexible enough to adapt 

according to the flow of the interview - allowing for changes in the order of questions or the 
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addition of new ones relevant to the study (Adams, 2015; Barriball & While 1994). The 

interview script was then developed with the aim of identifying what is valued in resumes, the 

types of fraud and how they are most frequently used, considering the available literature on 

resume fraud and the specific needs of our research. The script consisted of 15 questions (see 

annex A), divided into different sections: five questions focused on sample characterization, 

including the participant introduction, education levels, and years of experience with resume 

screening; one question regarding the resume analysis, where we asked participants what they 

most value in a resume; nine questions that explored the participants’ experiences with resume 

fraud, asking whether they or someone they knew had encountered fraudulent resumes, how 

these frauds were typically presented and which types were the most difficult to identify.  
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CHAPTER 4 

Results - Qualitative 

To answer the first objective, we thought it would be useful not only to identify the types of 

fraud most commonly used, but also what is most valued by recruiters. We therefore begin by 

presenting the results regarding what is most valued by recruiters and then the results of the 

types of fraud identified.  

Through content analysis we observed that participants tend to prioritize certain elements 

in a resume, including language skills, a detailed and straightforward description of the 

individual previous functions, resume length, demographic characteristics, work experience, 

and academic background. Among these, work experience and academic background were the 

most frequently mentioned, as shown in Table 4.1. 

Between all the frauds identified by the participants, the most conspicuous ones were 

Misrepresentation of Job History, Misrepresentation of Academic Background, and 

Exaggeration of Soft or Hard Skills, as illustrated in Table 4.2. Other types of fraud, such as 

Embellished Achievements/Awards, Lying about Possessing Documents Required for Work in 

a Country, and Misrepresentation or Omission of Country of residence, were mentioned less 

frequently. Additionally, the data suggested that resume frauds tend to occur as standalone 

issues rather than in combination, meaning each fraudulent resume typically contains only a 

single instance of fraud. 

Regarding these findings, we can conclude that the areas most valued by participants in a 

resume—work experience and academic background—are also where frauds are most likely to 

occur. This reinforces the need to study this subject, as it is of the utmost importance to select 

the best and truthful candidates to an organization (Babcock, 2003). 

Based on the qualitative results we selected the three most commonly mentioned fraud 

categories, which simultaneously correspond to the dimensions that are most valued by 

recruiters, which are also well-documented in existing literature: Misrepresentation of Job 

History (inventing organizations), Misrepresentation of Academic Background (fabricating 

courses and higher education institutions), and Exaggeration of Soft or Hard Skills (overstating 

language proficiency). These categories were also highlighted in pre-tests of ChatGPT, when it 
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asked to evaluate resumes without any dimension defined by us. It is important to note that 

these categories were used to construct the fraudulent resumes. 

According to the interviewees' testimony, some frauds are characterized by their difficulty 

or impossibility to be identified solely in the resume screening process, namely Embellishment 

of achievements/awards and Skills embellishment. However, due to the notorious presence of 

skills embellishment, we decided to make use of this fraud in the creation of the artificial 

resumes. All others were not considered for the quantitative study. Furthermore, the à posteriori 

category identified in the interviews, “Misrepresentation or Omission about the country of 

residence”, was not included in the resume creation process due to the limited number of 

participants who mentioned it. Similarly, other categories from the literature, such as 

“Embellished achievements/awards” and “Lying about owing documents to allow work in the 

country”, were not used also because they were rarely discussed during the interviews.  
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Table 4.1  

Interview Results - Valued Characteristic in Resumes 

 

 

 

 

 

 

Main 

Categories 
Sub-categories Definition Exemplificative quote Frequencies 

 

 

What is 
valued in 

Resumes? 

Work Experience 
(Chen, 2023) 

Past roles and experiences in 
their career history 

“(…) the second thing I look at especially is how long the person has had their experiences and how many experiences 

they've had since they started working” (P7, 2024). 

 

P1, P3, P4, P5, 
P6, P7 

Academic Background 
(Ingold & Langer, 

2021) 

Educational history and 

qualifications attained. 

“‘I value the academic background (...) that is asked for in the advertisement, and this has to respond exactly to what the 
advertisement asks for, in other words, if the advert contains a degree, or a master's degree (...)” (P2, 2024). 

 

P1, P2, P3, P5, 

P6, P7 

Language proficiency 
(à posteriori)  

Fluency in languages (both 

written and spoken) 

 

“(…) It was English. It could not fail. English had to be very good. It was one of the first things I identified (...) because 

if you cannot speak English, you cannot write in English, there is no point in going any further in the process.” (P3, 2024). 

 

P1, P3, P6 

Proficiency in a specific 

tool or machine (Brown 

& Campion, 1994) 
 

Competence in operating 

specific equipment 

“(…) if I was recruiting someone who had to know a lot about how to operate a particular machine in a factory, how a 

particular chemical process works, if the person didn't identify in the CV that there was in fact experience of operating 

that type of machinery, it wouldn't be worth interviewing that person either” (P3, 2024). 
 

P3 

Detailed and 

straightforward 
function description (O’ 

Rourke, 1995) 

Comprehensive explanation 
of a task or role 

“(…)  they do not have to say anything too long, but they should talk about what they actually did. (…)  (...) I am not 
personally interested in the number, but in the content of what you have worked on (…)” (P6, 2024). 

P3, P4, P5, P6, 
P7 

Contacts of the 

candidate (Cowgill, 
2018) 

Information for reaching out 

to the candidate 

“(…) at the top of every CV, I think we should have, apart from the name, of course, we should also have information 

such as the candidate's address, it doesn't have to be anything super detailed, but at least the city and country where they 

live, all their contact details, such as phone number, email, also the LinkedIn link is something quite important these days” 

(P4, 2024). 

P4 

Resume Size (à 
posteriori) 

Length of a Resume 

(generally encompasses, for 
example, job history, 

academic background) 

“(…) not too long either (…) the recruiter doesn't have all that time to read 5, 6 pages of each, each candidate.” (P6, 2024). P4, P5, P6 

Correct spelling (à 

posteriori) 

Writing the resume without 

spelling errors 
 

“A CV with spelling mistakes bothers me a lot, okay?” (P5, 2024) P5 

Extracurricular 

activities and/or 
hobbies (Guillory & 

Hancock, 2012) 

Personal interests and 

activities outside of 
professional or academic 

realms 

“Then, what I am trying to understand is what the candidate has done throughout his or her life, (...) be it from the point 

of view of hobbies, from the point of view of voluntary work or not, or from the point of view of other types of experiences 

that may be part of his or her life. (…)” (P5, 2024). 

P5 

 

Demographic 

Characteristics (for 

example, Age, Sex, 

Nationality) (Costa, 

2021) 

Individual atributes 
“I have a client, he's asking for a CV with call center experience between the ages of 18 and 35 (...) ‘look, they can't have 
a Brazilian accent, they can't be a woman, they can't be this, they can't be that’.” (P7, 2024). 

P2, P4, P5, P7 
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Table 4.2 

Interview Results – Types of Fraud

Main 

Categories 
       Sub-Categories             Definition                                                                                     Exemplificative quote Frequencies 

 

 

 
 

Types of 

fraud 

Misrepresentations of 
Job history (Bible, 

2012; Henle et al., 

2019; O’Rourke, 1995) 

False or inaccurate 

information about past 

employments 

“(…)  has a lot to do with an employee's actual experience, because it is very easy for us to go to LinkedIn, isn't it? And 

look at a profile and try to figure out what looks good (…)  but then I cannot keep track of what I write (…)” (P5. 2024). 

P1, P2, P3, P4, 

P5, P7 

Misrepresentation 
about academic 

background (Bible, 

2012; Guillory & 

Hancock, 2012; Wood 
et al., 2007) 

False or inaccurate 
information regarding 

educational history 

“It is quite common (...) because... I'll give you an example: I can put on my CV that I have a degree, and if I don't present 
it or if the recruiter doesn't ask for the qualification certificate, I'll pass very lightly, if I sell myself well at the interview, 

and I'll join the company without that qualification (…)” (P2, 2024). 

P2, P3, P5, P7 

Lying about owing 

documents to allow 
work in the country 

(Bible, 2012) 

Providing false information 

to be allowed to work in a 

country 

“(…) to draw certain job opportunities to certain countries where you need a visa, for example, and then people didn't 
actually have a visa.” (P3, 2024). 

P3 

Misrepresentation or 

Omission about the 

country of residence (à 
Posteriori) 

Omitting or providing false 
information about one's 

country of residence 

“I've been receiving a lot of CVs in which the country of residence is Portugal and then, for example, we go to LinkedIn, 

or we check the phone number, and it turns out that this person isn't actually in Portugal, but in Brazil.” (P4, 2024). 
P4, P7 

Embellished 
achievements/awards 

(Zvi & Shtudiner, 2021) 

Overstated accomplishments 
“I've also seen other types of fraud, such as mentioning jobs or achievements (...), and then, during the interview, it turns 
out that this person hasn't actually done anything they've mentioned in their CV, or else they don't know how to explain 

what they've put on their CV at all.” (P4, 2024). 

P4 

Exaggerating a 

particular soft or hard 

skill (Bible, 2012; 

Wexler, 2006)  

Overstating proficiency in a 

specific soft or hard skill 

“(…) people say they're quite fluent in English, and we often have to ask people to tell us how, for example, what they do 

in their spare time in English, and then those people can't really answer.” (P1, 2024). 
P1, P3, P6 

How are the 

frauds 
presented? 

Standalone 
Frauds presented separately 
(e.g., one for each resume) 

“(…) Normally only one is used and only one is detected (…)” (P2, 2024). P2, P3, P4, P7 

Combined 

Frauds presented together 

(e.g., more than one are often 
found in each resume) 

“(…) linguistics was a very common occurrence (...) And, for example, this could be done, this could be done at the same 

time (...) people saying that they have, for example, 4 years' experience in a certain area (...) And when I went to check, 
in some cases the person actually said that they had more years of experience than they actually had (…)” (P1, 2024). 

P1 



20 
 

 

CHAPTER 5 

Method – Quantitative Study 

 

5.1  Study design 

 

To fulfil objectives 2 and 3 of our thesis (i.e., to determine which types of fraud are more easily 

detected by humans and AI; and to compare the detection capabilities of the two types of agents, 

including their recommendation levels for fraudulent resumes), an experimental study was 

designed in which resumes for a vacancy were presented to Humans and AI. We designed a 

hypothetical job vacancy in IT, providing a function description to facilitate comparison of 

resumes with the job’s required skills and experience. 

 As mentioned in the qualitative section, we created six resumes based on the interview 

data, literature and ChatGPT’s pre-tests: four fraudulent resumes, one truthful vacancy-oriented 

resume (control resume), and one truthful but vacancy-misaligned resume (mirrored resume). 

The mirrored CV was presented to the participants in order to test their attention when 

answering the survey and to see if they were able to respond to it. The control resume was used 

when comparing its evaluation with the fraudulent resumes to observe if there was any 

difference in the evaluation by the two types of agents of a truthful resume and a fraudulent 

one. In Figure 5.1 we can see an example of a fraudulent resume we created, regarding the 

higher-education institution (invented). The other fraudulent resumes will be presented in the 

annexes (see Annex B for details). Before launching the resumes, we tested ChatGPT to ensure 

it possessed all relevant information, so any failure to detect fraud could not be justified by a 

lack of accessible information. During pre-tests, the Chat could detect frauds when the 

information was presented individually/out of a resume (a fabricated course, higher-education 

institution, and organization). We also opted for submitting the resumes to the ChatGPT 

multiple times, as pre-tests indicated some variation in its responses. 

The survey was made available via Qualtrics for the humans, where they analyzed the 

resumes pre-defined characteristics (from the interviews, Chat’s pre-tests, and literature) and  
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Figure 5.1 

Experimental Condition “Fraudulent resume with invented higher education institution fraud” 

– CV Fraud 3 
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tried to assess the presence of frauds. Each participant reviewed only three resumes to help 

reduce dropouts: the control resume, the mirrored resume, and one fraudulent resume. The 

fraudulent resume was randomized across the four we created, giving participants different 

frauds to identify. For the Chat, the process was similar, nevertheless, as the dropouts were not 

an issue, the AI evaluated all the resumes/conditions. We also made sure that the resumes and 

the scales were randomly presented to the participant to reduce the possibility of order effect 

bias when analyzing the resumes and answering the survey (Perreault, 1975). For the complete 

visualization of the survey, see annex C. 

 

5.2 Procedure 

 

The survey was shared via an anonymous link available in Qualtrics, through our social 

networks and some social platforms to extend to other relevant participants to maximize 

responses. The data collection took place between May 2024 and August 2024. 

Initially, pre-tests were conducted in which human participants ended up responding to all 

conditions (all resumes designed by us). However, we did verify that response times were quite 

high, as well as a high number of dropouts. With this in mind, the survey was modified so that 

each participant responded to only three conditions. As already stated, each participant 

responded to only one randomized fraudulent resume (among the four we had).  

 ChatGPT ended being tested by submitting all six resumes multiple times (20 submissions 

per fraudulent resume, matching the number of human responses).  

 

5.3 Sample 

 

The initial sample consisted of 197 human responses, however, many were incomplete, and 

others were from participants that did not fit the study's target population. We opted for a target 

population consisting of human recruiters, with experience in resume screening. Although 

previous experience in resume screening was a mandatory requirement to participate, to ensure 

that participants were able to fulfill this role, we compared the overall impression and interview 

recommendation for the control CV and the mirrored one. After removing extreme cases, a 
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paired-sample t-test showed that the means for both the overall impression and interview 

recommendation are higher for the control resume than for the mirrored one (Mcont_Ov.Imp.=4.32; 

SDcont_Ov.Imp=1.36; Minad_Ov.Imp=3.91 ; SDinad_Ov.Imp=1.58  t(76)=2.244 , p=.028;  Mcont_Int.=53.63 

; SDcont_ Int =25.67 ; Minad_ Int = 42.43; SDinad_ Int =27.59  t(75)=3.293 , p=.002). We validated 77 

answers. Of these 77 responses. 

The sample was composed of 49 women (63.6%), 23 men (29.9%), one non-binary 

participant (1.3%), and four participants who preferred not to disclose their gender (5.2%). The 

age of participants ranged from 20 to 74 (M= 31.95, SD=11.27), though more than half were 

concentrated in the 20-to-27-year age group. There was no dominant nationality, as we aimed 

for and succeeded in collecting a diverse sample from across the globe. The three most 

represented nationalities were Portuguese (11 participants; 14.29%), English (10 participants; 

12.99%) and American (four participants, 5.19%). Some participants opted for not to disclose 

their nationality. 

Regarding academic background, nearly all participants held a degree, with a significant 

portion having a master’s degree (37 participants; 48.1%) and others holding a bachelor’s 

degree (28 participants; 36.4%). Finally, in terms of experience in resume screening, more than 

half of the participants reported having two years or less of experience in this field (min 3 

months; max 30 years; M=4.65, SD=6.16). 

 

5.4 Data analysis strategy 

 

For the quantitative phase of our study, we did a descriptive analysis and a mean comparison 

from the participants answers of the survey scales. As the number of participants per group was 

small, we conducted non-parametric tests through the software IBM SPSS. Namely, the 

Wilcoxon test was used to compare paired groups (i.e., fraud identification by the two types of 

agents individually; control resume vs. fraudulent resumes). We also opted to use the Mann-

Whitney test to compare independent samples (i.e., resume evaluation of: AI vs Human) 
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5.5  Measures 

 

Before the questions on resume fraud detection, human participants were asked about their 

experience in resume screening. This step ensured that only individuals within our target study 

population would continue in the survey. The following questions were answered for each 

resume. 

Resume’s valued characteristics. The resume’s valued characteristics were evaluated with 

a single item (“Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional)?”, 

e.g., academic qualifications, professional experience, resume clarity). The measured categories 

were, as already stated, identified in interviews, literature, and Chat’s pre-tests. 

Resume’s fraud assessment. To assess the identification of frauds in resumes, we adapted 

Henle et al.'s (2017) scale. Similar to above, the resume’s fraud assessment was evaluated with 

a single item ("To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find 

these statements about the former CV, true?”, e.g., Invented degrees they do not have, Invented 

higher education institutions and Included things that were exaggerated). Due to survey length 

concerns and the potential for participant dropout, only the most relevant items from the original 

scale (those with the highest factor loadings) were included. We also added two more items to 

this scale as they were mentioned in the interviews and Chat’s pre-tests “Invented higher 

education institutions” and “Claimed overlapping work experiences” (despite the resume 

regarding this fraud having been discarded during the study design). It is important to note that 

our adaptation also differs from the original, as Henle et al.' (2017) scale was a self-report 

measure (where individuals reported their own fraudulent behavior), while our study used a 

third-person evaluation (where participants identified fraud in others' resumes). 

Resume’s Overall Evaluation. The overall evaluation of each resume was measured with a 

single item “Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional)”.  

Probability to pass to an interview. The likelihood of the participants selecting a resume for 

an interview was also measured with a single item “What is the probability of selecting the 

candidate to an interview, from 0 to 100%?)”. 

At the end of the survey, we included several questions to collect demographic information 

about the participants. These questions covered variables such as age, gender, and experience 

in resume screening. Age and experience were measured using open-ended questions, allowing 
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participants to provide numeric responses. In the other hand, education level was assessed with 

a multiple-choice question that allowed only one selection. Nationality and gender were also 

measured using multiple-choice questions, with an option for participants to provide a custom 

response to capture more diverse answers. 
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CHAPTER 6 

Results – Quantitative Study 

 

To respond to the second objective of our study (to determine which types of fraud are more 

easily detected by humans and synthetic agents) we will start by presenting the results for both 

the human and Chat conditions individually in both Table 6.1 and 6.2, respectively. Then, we 

will present the comparisons between these two groups illustrated in Table 6.3 to test the 

Hypothesis 1 established by us (An AI system can detect resume fraud better than a human 

recruiter). The items in bold in the following tables represent the frauds that each resume 

contains. 

Regarding CV Fraud 1, the results show that in the human condition, there were no 

differences between the values for the control condition and the Fraud condition, neither when 

comparing with the degree fraud (z= -1.038, p=.299). Therefore, humans could not identify any 

fraudulent information.  

The same can be observed in CV Fraud 2, showing a low disparity between values for both 

conditions regarding the detection of the fraud (z= -.403, p= .687). It is also shown that the 

presence of a substantial number of languages is evaluated very positively by the candidates 

rather than something to be wary of (z= -3.457, p= <.001). We can also verify significative 

differences between the values of other activities (z= -2.522, p= .012) and the resume clarity 

(z= -2.268, p= .023) of both the CVs. 

In CV Fraud 3 we found that the participants detected a difference between the two CVs 

regarding the work experience ownership (z= -2.201, p= .028) and Work overlapping (z= -

2.234, p= .025). Nevertheless, the participants did not detect the fraud presented (invented 

higher education institution) or any difference in this matter regarding the two CVs (z= -.240, 

p= .811).  

CV Fraud 4 presents the same tendency observed where the participants cannot identify 

differences regarding the fraud between CVs (z= -.158, p= .874), but state differences between 

the values for Unfavorable information suppression (z= -.166, p= .868). There is also a 

difference between the two CVs in the values of resume clarity (z= -2.074, p= .038) and overall 

impression (z= -.158, p= .874). In these last two CV Frauds we can also verify a more positive  
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Table 6.1  

Results from the resumes evaluation by humans1 

Human condition 
 

 
CV Characteristics 

Mean 
CV 

Control 

Mean 
CV 

Fraud 

p-value 
Wilcoxon 

test 

CV frauds 
Mean 
CV 

Control 

Mean 
CV 

Fraud 

p-value 
Wilcoxon 

test 

 

CV Fraud 1 - Degree 
Academic qual 5.23 5.00 .313 Wk exp not have 3.64 3.68 .893 
Prof experience 4.64 4.59 .887 Overlapping work  3.05 3.55 .057 

Soft skills 4.50 4.86 .261 Degrees not have 3.27 3.59 .299 
Hard skills 4.45 5.00 .085 Inv. high ed inst. 3.14 3.55 .293 

Languages 4.91 4.82 .788 Exaggerated 3.55 3.59 .968 

Other activities 4.45 4.59 .631 Supp. unfav. Inf. 3.45 3.91 .290 
Clarity resume 4.41 4.77 .354     

Overall Impression 4.36 4.64 .365     
Interview 58.00 59.00 .952     

CV Fraud 2 - Language     

 

  
Academic qual 4.85 4.95 .859 Wk exp not have 3.80 3.70 .949 

Prof experience 4.55 5.00 .240 Overlapping work  3.70 3.10 .249 
Soft skills 4.40 4.90 .196 Degrees not have 2.85 3.50 .194 

Hard skills 4.45 4.70 .499 Inv. high ed inst. 3.30 3.00 .410 
Languages 4.60 6.25 .001 Exaggerated 3.35 3.15 .687 

Other activities 3.80 4.80 .012 Supp. unfav. Inf. 3.25 3.40 .604 
Clarity resume 4.20 4.90 .023     

Overall Impression 4.25 4.55 .385     
Interview 49.17 56.50 .215     

CV Fraud 3 – 

HighEdInst 

 
  

 

 

  

Academic qual 5.25 5.65 .208 Wk exp not have 4.10 3.20 .028 
Prof experience 4.60 5.10 .146 Overlapping work  4.00 3.05 .025 

Soft skills 4.65 5.00 .299 Degrees not have 3.20 3.30 .914 
Hard skills 4.70 5.15 .407 Inv. high ed inst. 2.85 3.05 .811 

Languages 4.65 5.40 .033 Exaggerated 3.85 3.25 .192 
Other activities 4.50 4.85 .268 Supp. unfav. Inf. 3.45 3.40 .776 

Clarity resume 4.80 4.90 .596     
Overall Impression 4.35 4.80 .218     

Interview 55.33 63.56 .244     

CV Fraud 4 - 

Organization 

 

   

 

  

Academic qual 5.55 5.55 1.000 Wk exp not have 3.18 3.14 .874 

Prof experience 4.82 5.45 .148 Overlapping work  3.09 3.14 .754 

Soft skills 4.86 5.18 .711 Degrees not have 2.73 2.86 .580 
Hard skills 4.36 5.05 .111 Inv. high ed inst. 2.55 2.50 .897 

Languages 5.23 5.86 .020 Exaggerated 3.05 3.18 .541 
Other activities 4.23 4.68 .064 Supp. unfav. Inf. 3.09 3.05 .868 

Clarity resume 4.14 4.86 .046     
Overall Impression 4.27 4.86 .038     

Interview 52.25 64.20 .080     

                                                             
1 Abbreviations: Wk exp not have - Claimed work experience that they do not actually have; 

Overlapping Work - Claimed overlapping work experiences; Degrees not have - Invented degrees they 
do not have; Inv. high ed inst - Invented higher education institutions; Exaggerated - Included things 

that were exaggerated; Supp. Unfav. Inf - Suppressed information that may not look favorable. 

 

Human N (CV Fraud 1, N= 22; CV Fraud 2, N= 20; CV Fraud 3, N= 20; CV Fraud 4, N= 22) 
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approach to the language, nonetheless, not as notable as CV Fraud 2 (z= -2.129, p= .033), (z= 

-2.325, p= .020).  

Table 6.2  

Results from the resumes evaluation by AI (ChatGPT)  

AI condition 
 

 
CV Characteristics 

Mean 

CV 
Control 

Mean 

CV 
Fraud 

p-value 

Wilcoxon 
test 

CV Frauds 

Mean 

CV 
Control 

Mean 

CV 
Fraud 

p-value 

Wilcoxon 
test 

 

CV Fraud 1 – Degree 
Academic qual 5.40 6.00 .007 Wk exp not have 1.10 1.15 .317 
Prof experience 5.10 5.25 .366 Overlapping work  1.10 1.15 .317 

Soft skills 5.60 5.55 .705 Degrees not have 1.00 1.00 1.00 
Hard skills 5.30 5.40 .317 Inv. high ed inst. 1.00 1.00 1.00 

Languages 5.65 5.60 1.00 Exaggerated 1.90 2.00 .157 
Other activities 4.50 4.55 .705 Supp. unfav. Inf. 1.80 1.90 .157 

Clarity resume 5.55 5.90 .020     
Overall Impression 5.20 5.50 .058     

Interview 68.75 70.50 .253     

CV Fraud 2 - Language 

 
  

 

 
  

Academic qual 5.40 6.20 .001 Wk exp not have 1.10 1.15 .317 
Prof experience 5.10 6.10 .000 Overlapping work  1.10 1.15 .317 

Soft skills 5.60 6.00 .033 Degrees not have 1.00 1.00 1.00 
Hard skills 5.30 5.85 .005 Inv. high ed inst. 1.00 1.00 1.00 

Languages 5.65 6.70 .000 Exaggerated 1.90 1.95 .564 

Other activities 4.50 5.15 .001 Supp. unfav. Inf. 1.80 1.80 1.00 
Clarity resume 5.55 6.15 .001     

Overall Impression 5.20 6.10 .000     
Interview 68.75 79.25 .000     

CV Fraud 3 – 

HighEdInst 

 

   

 

  

Academic qual 5.40 5.95 .018 Wk exp not have 1.10 1.10 1.00 
Prof experience 5.10 5.55 .013 Overlapping work  1.10 1.10 1.00 

Soft skills 5.60 5.70 .527 Degrees not have 1.00 1.00 1.00 
Hard skills 5.30 5.25 .705 Inv. high ed inst. 1.00 1.00 1.00 

Languages 5.65 6.00 .071 Exaggerated 1.90 1.95 .317 
Other activities 4.50 4.85 .008 Supp. unfav. Inf. 1.80 1.85 .317 

Clarity resume 5.55 5.80 .025     
Overall Impression 5.20 5.70 .004     

Interview 68.75 73.50 .031     

CV Fraud 4 - 

Organization 

 

   

 

  

Academic qual 5.40 6.05 .001 Wk exp not have 1.10 1.15 .317 

Prof experience 5.10 5.90 .000 Overlapping work  1.10 1.10 1.00 
Soft skills 5.60 5.70 .480 Degrees not have 1.00 1.00 1.00 

Hard skills 5.30 5.65 .052 Inv. high ed inst. 1.00 1.00 1.00 
Languages 5.65 6.10 .013 Exaggerated 1.90 1.95 .317 

Other activities 4.50 5.00 .004 Supp. unfav. Inf. 1.80 1.85 .317 
Clarity resume 5.55 5.95 .052     

Overall Impression 5.20 5.75 .002     
Interview 68.75 76.25 .002     
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Regarding the AI evaluation of the resumes presented in Table 6.2, we can identify different 

tendencies when comparing with the human data. In CV Fraud 1 we can see a more positive 

evaluation of the fraudulent CV regarding his academic qualifications (z=-2.676; p= .007) and  

Table 6.3  

Results from the resumes evaluation – Human vs AI 

Human vs. AI condition 
 

 
CV Characteristics 

Mean 

Human 
Mean AI 

p-value 
Mann 

Whitney test 

CV Frauds 
Mean 

Human 
Mean AI 

p-value 
Mann 

Whitney 
test 

 

CV Fraud 1 – Degree 

    

 

   

Academic qual 5.00 6.00 .006 Wk exp not have 3.68 1.15 <.001 

Prof experience 4.59 5.25 .076 Overlapping work  3.55 1.15 <.001 
Soft skills 4.86 5.55 .060 Degrees do not have 3.59 1.00 <.001 

Hard skills 5.00 5.40 .257 Inv. high ed inst. 3.55 1.00 <.001 
Languages 4.82 5.60 .013 Exaggerated 3.59 2.00 <.001 

Other activities 4.59 4.55 .442 Suppressed unfav. Inf. 3.91 1.90 .001 
Clarity present resume 4.77 5.90 .014     

Overall Impression 4.64 5.50 .008     
Interview 59.00 70.50 .165     

CV Fraud 2 - 

Language 

 

 

   

 

 

Academic qual 4.95 6.20 .080 Wk exp not have 3.70 1.15 <.001 
Prof experience 5.00 6.10 .027 Overlapping work  3.10 1.15 .001 

Soft skills 4.90 6.00 .007 Degrees do not have 3.50 1.00 <.001 
Hard skills 4.70 5.85 .005 Inv.high ed inst. 3.00 1.00 <.001 

Languages 6.25 6.70 .471 Exaggerated 3.15 1.95 .252 
Other activities 4.80 5.15 .486 Suppressed unfav. Inf. 3.40 1.80 .012 

Clarity present resume 4.90 6.15 .001     
Overall Impression 4.55 6.10 <.001     

Interview 56.50 79.25 .001     

CV Fraud 3 - 

HighEdInst 

 

 

   

 

 

Academic qual 5.65 5.95 .283 Wk exp not have 3.20 1.10 <.001 

Prof experience 5.10 5.55 .114 Overlapping work  3.05 1.10 <.001 
Soft skills 5.00 5.70 .022 Degrees do not have 3.30 1.00 <.001 

Hard skills 5.15 5.25 .883 Inv. high ed inst. 3.05 1.00 <.001 
Languages 5.40 6.00 .107 Exaggerated 3.25 1.95 .001 

Other activities 4.85 4.85 .665 Suppressed unfav. Inf. 3.40 1.85 .001 
Clarity present resume 4.90 5.80 .007     

Overall Impression 4.80 5.70 .005     

Interview 63.56 73.50 .317     

CV Fraud 4 - 

Organization 

 

 

   

 

 

Academic qual 5.55 6.05 .119 Wk exp not have 3.14 1.15 <.001 

Prof experience 5.45 5.90 .234 Overlapping work  3.14 1.10 <.001 
Soft skills 5.18 5.70 .216 Degrees do not have 2.86 1.00 <.001 

Hard skills 5.05 5.65 .224 Inv. high ed inst. 2.50 1.00 .003 
Languages 5.86 6.10 .440 Exaggerated 3.18 1.95 .003 

Other activities 4.68 5.00 .226 Suppressed unfav. Inf. 3.05 1.85 <.001 
Clarity present resume 4.86 5.95 .001     

Overall Impression 4.86 5.75 .008     
Interview 64.20 76.25 .024     
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resume clarity (z= -2.333, p= .020). The participants also cannot identify any difference 

regarding the presence of the ownership of degrees fraud to both conditions (z=0; p= 1.00). CV 

fraud 2 has a particularity, all the values of the CVs characteristics are significative. The Chat 

evaluates the fraudulent CV more positively than the control CV, in all the aspects, in the overall 

impression and probability to pass to an interview. It still does not find any difference in the 

values regarding the fraud committed (z=-.577; p= .564).  

The Chat also gives a more positive score in CV fraud 3 to the fraudulent CV regarding his 

academic qualifications (z=-2.368; p= .018), professional experience (z=-2.496; p= .013), other 

activities (z= -2.646, p= .008), resume clarity (z= -2.236, p= .025), overall impression (z= -

2.887, p= .004) and probability to pass to an interview (z= -2.151, p= .031). In this case we 

cannot also see any difference between the evaluation of two conditions regarding the fraud 

used, invention of a higher education institution (z=0 p= 1.00).  

In CV Fraud 4 we identify difference between the evaluations of the two CVs - regarding 

academic qualifications (z=-3.357; p= <.001), professional experience (z=-3.557; p= <.001), 

languages (z=-2.496; p= .013), other activities (z= -2.887, p= .004) overall impression (z=-

3.051; p= .002), and probability to pass to an interview (z=-3.073; p= .002) - with a more 

positive evaluation of the fraudulent CV. In this situation we do not see any significant values 

regarding the identification of frauds between the two CVs, and neither the identification of the 

fraud presented (z=-1.000; p= .317). 

Finally, we compare the evaluation of the four fraudulent resumes by the two sources, human 

and the Chat/AI, as it is illustrated in Table 6.3. Regarding the first CV, we can see a more 

positive evaluation of the AI, especially in the academic qualifications (U= -2.742, p= .006), 

language (U= -2.486, p= .013), resume clarity (z= -2.445, p= .014) and overall impression fields 

(U= -2.653, p= .008), with a significance in these evaluations. We can also verify that humans 

tend to be more suspicious about frauds, nevertheless, cannot identify the proper fraud 

presented (U= -4.836, p= <.001).  

In the second CV we can observe the same tendency of more positive approach of the AI 

regarding the professional experience (U= -2.216, p= .027), the soft skills (U= -2.714, p= .007), 

the hard skills (U= -2.811, p= .005), resume clarity (U= -3.406, p= <.001) the overall impression 

(U= -4.265, p= <.001) and the probability to pass to an interview (U= -3.200, p= .001). Even 

though we can perceive a significance for almost all the values of the fraud’s evaluation 

between the two sources, this significance is not found in the particular fraud used in the CV 
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(U= -1.146, p= .252). Even if the humans have a more down to earth approach, they still cannot 

identify the fraud.  

In the third CV we can find differences between the values of each source regarding soft skills 

(U= -2.299, p= .022), resume clarity (U= -2.703, p= .007) and overall impression (U= -2.808, 

p= .005). We can also spot differences between all the values of each source when analyzing 

the frauds evaluation. Once again, we emphasize the higher scores by humans regarding the 

possibility of fraud.  

Ultimately, the fourth CV has a significant difference in the values of resume clarity (U= -

3.253, p= .001), overall impression (U= -2.646, p= .008) and probability to pass to an interview 

(U= -2.256, p= .024). We can also see that even though there are differences between all the 

values in the fraud detection (with higher scores given by humans), both sources cannot identify 

the fraud used in this CV (U= -3.972, p= <.001). In general, the Chat would give higher scores 

to the CV and its characteristics, when humans would be more suspicious about its content and 

the possibility of frauds. Nonetheless, both showed an inability to identify any of the frauds 

presented in the CVs. 
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CHAPTER 7 

Discussion and Conclusion 

 

Firstly, we will analyze the results of our qualitative study, that also allowed us to answer to the 

first objective of our study (to identify the most common types of fraud) and the impacts they 

have to the present literature. 

Our qualitative study enabled us to explore what individuals with experience in human 

resources value most in resumes. The interview findings reinforce the significance of categories 

already established in the literature, such as "Work Experience", "Academic Background" and 

"Contacts of the candidate". Additionally, we uncovered other categories that complement 

existing research, such as "Language proficiency" and "Resume size". 

In terms of resume fraud, the interviews confirmed the prevalence of frauds discussed in 

the literature, such as "Misrepresentation of Job History" and "Misrepresentation of Academic 

Background." However, we also identified a fraud not previously noted in the literature: 

"Misrepresentation or Omission about the Country of Residence." This suggests the need for 

further investigation into other potential frauds absent from the existing body of research. 

As mentioned, these results demonstrate that the areas most valued in resumes are also 

where candidates are most likely to commit fraud. Therefore, it becomes essential to study ways 

of detecting fraud in resumes (Costa, 2021). 

Finally, our qualitative approach also allowed us to verify that resume frauds are mostly 

presented as a standalone issue. This impacts the literature insofar as, to date, as far as we know, 

no studies have yet explored how resume frauds are typically presented. 

In order to fulfil the second objective of our study (to determine which types of fraud are more 

easily detected by humans and AI) we will analyze the performance of the two types of agents 

in more detail.  

The results in Table 6.1 show that there are no significant values in the detection of fraud 

regarding the specific fraud manipulated in the specific resume (identified in bold), i.e., humans 

cannot identify the fraud in the resume. Humans tend to give higher scores in the resume 

characteristics, overall impression, and probability to pass to an interview to the fraudulent 

resumes over the non-fraudulent resume (although the difference is most of the time not so 
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significant). In almost all the resumes we see remarkably similar evaluations regarding their 

characteristics (regardless of the fraud), nevertheless, something that should be particularly 

emphasized is that the resume that has an exaggerated number of languages also has a much 

higher score in this field (compared to the other resumes). In this way, we deepen our state that 

the humans not only fail to detect fraud but are also susceptible to being biased towards 

embellishment fraud. These results are coherent with the literature as HR professionals may 

have become less sensitive to resume frauds, because they are already used to encountering it 

(Wood et al., 2007), which emphasizes the importance and urgency of finding mechanisms 

and/or strategies to help in this process (Budhwar et al., 2022). This becomes even more 

relevant considering the critical role of selection in HRM and the negative impacts that selecting 

a person who lies on a resume can have to an organization. (Kuhn, 2014).  

ChatGPT also illustrates its inability to detect any fraud as presented in the Table 6.2. The 

Chat also gives higher scores to the fraudulent resumes over the control resume in terms of the 

characteristics of the resume, its overall evaluation, and the likelihood of getting through to an 

interview. ChatGPT not only fails to identify embellishment (regarding the exaggerated number 

of languages in one of the resumes) but it is also susceptible to this. This can be proved by the 

higher scores in this field and in this resume when compared to the rest of the resumes. Thus, 

we can conclude that even though Chat has access to information (regarding the existence or 

non-existence of organizations, universities, and courses) and can identify frauds when 

presented individually in pre-tests, when presented in a resume, it demonstrates that it does not 

have the ability to detect fraud. Although it is a tool with enormous potential for use in the 

selection process, and in this case resume screening, it may still be too early to use it without 

any kind of complementarity with the human being. The results regarding AI are also not 

coherent with the available literature. Although no studies have been conducted on AI's ability 

to detect fraud in resume screening, as far as we know, research in other fields, such as finance 

and accounting, has shown very positive results in the application of AI for fraud detection. 

(Choi & Lee, 2018; Dhieb et al., 2020; Mohanty et al., 2023). This discussion becomes even 

more relevant as AI-based systems in the selection phase are classified as high-risk in Annex 

3, number 4, point a), of the European Commission's 2021 proposals for regulating AI. 

Comparing the results between the two types of agents allowed us to answer to the third 

objective of our study, as well as to test our hypothesis (H1: An AI system can detect resume 

fraud better than a human recruiter). Both demonstrate an inability to consistently detect fraud 

in resumes when analyzing the Table 6.3. However, despite humans appearing to perform 
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slightly better in assessing resumes and identifying potential fraud, the close values in both 

characteristics and fraud detection fields indicate not an ability to detect fraud, but rather an 

indifference or lack of sensitivity toward fraudulent information. Even when analyzing 

individual human performance, they could not detect any fraud when it occurred. In fact, 

humans often identified fraud in areas where no manipulation existed. We also believe that 

humans' assessment of the presence of fraud in resume may be slightly superior to that of AI 

because humans have shown themselves to be more suspicious and critical of resumes. 

Regarding the similarity between humans and AI in overvaluing language skills (while being 

biased towards embellishment fraud), it might be relevant to reference Marcoux (2006). Since 

both humans and AI systems tend to rate embellished resumes more positively than truthful 

ones, they inadvertently create an environment that incentivizes dishonesty. This may 

encourage candidates to embellish their resumes to compete on an equal footing with those who 

already engage in such practices, reinforcing a cycle of inflated qualifications and false 

representation. Once again, this contradicts the literature, as AI does not demonstrate the ability 

to "read between the lines" or interpret implied messages, for example, the claim that someone 

speaks multiple languages might be something worth scrutinizing (Prokopenko, 2014). 

Furthermore, given that embellishment is the most common type of fraud, this increases the 

likelihood that many individuals will slip through the cracks and enter organizations, thereby 

exposing them to various risks, such as reduced performance, financial losses, and potential 

damage to their reputation (Kim, 2011). The results of this quantitative study allow us to 

conclude that the hypothesis we proposed is rejected, as ChatGPT has not demonstrated to be 

superior to human recruiters in detecting fraud in resumes. These may also foster algorithm 

aversion since the experience of detecting fraud using AI has failed. Experience, both positive 

and negative, has an influence on algorithm aversion (Filiz et al., 2021; Makarius et al., 2020).  

Although there is an active argument about the replacement of humans by AIs in the 

selection phase, particularly in the screening process (Cai et al., 2024), we believe that this is 

may not an easy solution as neither AI nor humans seems apt to identify frauds. They may be 

in a likely future, nevertheless for the time being and even for that hypothetical future we 

believe that an augmentation perspective may be much more valuable to fight against potential 

bias originated from the two and two get a better performance overall (Langer et al., 2023). 

This study can also be highly valuable for organizations, especially to those considering 

integrating AI in the selection process or that are planning to replace human recruiters with it, 

since, as far as we know, there were no studies regarding the use of this technology in the 
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detection of fraud in the screening process, only in the finance and accounting fields (Choi & 

Lee, 2018; Dhieb et al., 2020; Mohanty et a., 2023). While AI systems are capable of handling 

large amounts of data and identifying patterns (Ghosh et al., 2018), it seems they are currently 

limited in their ability to detect nuanced and context-specific fraud, such as embellishments in 

language skills and fabrication of higher education institutions, courses, and organizations. 

Additionally, this study also helps the organizations being aware of how AI can unintentionally 

perpetuate issues like resume embellishment. 
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CHAPTER 8 

Limitations and future research 

 

We must understand that this work, like any other, must be analyzed in light of its limitations. 

Subsequently, we will also offer proposals for future research in this field. 

There are ethical implications regarding the use of AI that we ended up leaving out of our 

study. We tried to eliminate variables such as gender (by using neutral names), ethnicity (not 

using photos on resumes), age (setting an age range of 30-35 years), geographical location (all 

resumes claim to live in the city of Lisbon). However, it is not something that can be eliminated, 

nor is it something so easily solved as we have also observed in the literature, and although it 

is not a topic we have discussed, it could be something that future studies could focus on. This 

is a present issue that must always be present in our discussions regarding the use of AI (Drage 

& Mackereth, 2022; Nelson, 2019). 

Our qualitative study was designed to be carried out until the point of theoretical saturation, 

nevertheless, this does not imply that our conceptual model is definitive, but it has been 

developed to be conceptually robust within the study's qualitative scope (Corbin & Strauss, 

1998; Low, 2019).  

While our quantitative study focused on the selection of resumes for an IT position (with 

resumes oriented to IT experience, academic background and skills that might prove useful in 

the area), it might also be interesting for future studies to explore the application to other areas. 

Although the intended human sample of our study was only recruiters, due to the difficulty 

in collecting responses, we still had to include human resources students (11.69% of the 

sample). Therefore, the results we obtained may differ slightly from a context in which the 

intended sample and final sample are the same. Despite the majority of the sample being 

recruiters (88.31%), it may be interesting for future research to study each of the populations. 

Due to the nature and time required to carry out this work, we were unable to study other 

possible types of fraud that could be interesting to study in the near future, like 

Misrepresentation or Omission about the Country of residence, or other frauds not identified by 

us and the literature. It can also be considered worthwhile to focus on a specific type of fraud 
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and explore and study it in greater depth, as we have conducted a general analysis on the 

detection of multiple types of fraud.  

Despite resume frauds being mostly presented as a standalone issue, it may be interesting 

for future research to study them when used in combination (more than one fraud per resume). 

Our analysis was carried out in relation to Chat's ability to detect resume fraud or not, 

however, the results we obtained cannot be extrapolated to all IAs. This study serves as an 

exploratory and introductory study into a much larger subject that has not yet been explored. It 

will also be up to other researchers to analyze the applicability of these results to other AIs.  
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Annexes 

Annex A – Interview Script 

 

Informed consent 

 

Greetings,  

my name is Gonçalo Almeida, and I am a 2nd year student on the ‘Human Resources 

Development Policies’ course at Iscte - Instituto Universitário de Lisboa. This interview is 

being carried out as part of my master's thesis and aims to deepen my knowledge of the use of 

resume fraud.  

All information provided during the interview will be treated with the utmost confidentiality. 

Your name will not be associated with any answer you provide. You are also guaranteed the 

possibility of cancelling your participation in the academic study at any time during the 

interview and your data will be deleted at that moment, without any personal harm being 

caused. I also require an audio and video recording of the interview to facilitate future content 

analysis. 

All responses will be treated with the utmost confidentiality and will only be used in the context 

of the academic study in question, for the period of time strictly necessary to carry it out. 

I would like to thank you for your time and presence during the interview.  

Thank you for your co-operation. 

 

Kind regards, 

Gonçalo Nobre Martins Almeida 

 

Do you declare that you have understood the content? 

Do you authorize the audio and video recording of the interview? 
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(Sample Characterization) 

QA1: Would you introduce yourself and share a bit about your role and experience as a 

recruiter?  

QA2: What is your level of education? 

QA3: What is your current occupation/profession? 

QA4: How long have you worked in selection? 

QA4.1: (If the candidate is not currently working in selection/recruitment): When was the last 

time you worked in selection? 

(Resume Focus – What is most valued in the Resume analysis) 

QB1: What do you value in the resumes? 

(Experience with Resume Fraud – Types of fraud most commonly found; How are the 

frauds presented; where on the resume do people tend to commit the most fraud?) 

QC1: Have you encountered instances of resume fraud in your career as a recruiter? (If Yes go 

to QC2; If No go to QC1.1) 

QC1.1: (If the candidate says they have never encountered resume frauds): What about your 

colleagues or people close to you? (If Yes go to QC2; If No, go to QC3.1) 

QC2: If so, could you share a specific example (without disclosing confidential information)? 

(If the participant says their colleagues have encountered resume fraud and they not, go 

to QC4.1) 

QC3: What types of resume fraud do you commonly come across in your role?  

QC3.1: (If the participant says he does not know anyone that have encountered resume 

frauds) So, hypothetically, if you were to find resume frauds, where in the resume you think 

you would be most likely to find it? (Then go to QC6) 

QC4: When encountering a resume fraud, have you noticed if it tends to be a standalone issue 

or if it is often combined with other frauds? 

QC4.1: (If the participant says their colleagues have found resume frauds) When 

encountering a resume fraud, did your colleagues noticed if it tends to be a standalone issue or 

if it is often combined with other frauds? 
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QC5: What types of fraud do you, or your colleagues, find most difficult to identify in resumes? 

QC6: (Only ask if the candidate says that never encountered any resume fraud) What types 

of resume fraud do you think could be the most find most difficult to identify?  

 

I would like to express my sincere gratitude for your valuable participation in our recent 

interview. Your insights and experiences have provided invaluable perspectives on the 

challenges and complexities associated with resume fraud in the recruiting field. Your 

contributions will significantly enhance the depth and quality of our research.  

 

Is there anything else you would like to add or any final thoughts on the topic? 

 

Thank you for your time and expertise. Once again, I reiterate that the data is strictly 

confidential and will only be used within the scope of the study. I look forward to the 

opportunity to share the findings with you and the broader community. You can send me your 

email in the chat, or you can contact me by e-mail (gnmaa@iscte-iul.pt) if you have any 

questions or would like information about the results of the interview. 
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Annex B – Experimental Conditions 

Experimental Condition “Control Resume” – CV Control 
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Experimental Condition “Mirrored Resume” – CV Mirror 
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Experimental Condition “Fraudulent resume with invented degree fraud” – CV Fraud 1 
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Experimental Condition “Fraudulent resume with invented organizations fraud” – CV Fraud 4 
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Experimental Condition “Fraudulent resume with exaggerating languages fraud” – CV Fraud 

2 
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Annex C – Survey Script 

 

Start of Block: Pre-Survey 

 

Informed Consent Dear participant, my name is Gonçalo Almeida, and I am a 2nd year student 

in the master’s Programme in "Human Resources Development Policies" at Iscte - Instituto 

Universitário de Lisboa. This survey is being carried out as part of my master’s thesis which 

aims to investigate CV analysis. This survey will take approximately 12 minutes to complete. 

You are guaranteed the option to withdraw your participation in this study at any time, without 

any consequences. All responses will be treated with the utmost confidentiality and will only 

be used within the context of this academic study. Thank you very much for your time and 

cooperation. 

  

 Should you wish to contact me, I am available at gnmaa@iscte-iul.pt. 

 Gonçalo Nobre Martins Almeida  

 

End of Block: Pre-Survey 
 

Start of Block: Filtering  

 

Do you have current or previous experience in reviewing and evaluating CVs? 

o Yes, I have current or past experience in CV screening.  

o No, I do not have experience in CV screening.  

o I do not have any experience in CV screening, but I am studying for a degree or a 

master's in human resources management  

 

End of Block: Filtering  
 

Start of Block: Filtering Ending 
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Display This Question: 

If Do you have current or previous experience in reviewing and evaluating CVs? = No, I 

do not have experience in CV screening. 

 

Unfortunately, you do not match the specific criteria we are looking for in this survey. 

However, if you know someone who has experience with CV screening, either currently or in 

the past, we would greatly appreciate it if you could share this survey with them. 

 

Skip To: End of Survey If Unfortunately, you do not match the specific criteria we are looking 

for in this survey. However,... Displayed 

End of Block: Filtering Ending 
 

Start of Block: Job offer  

 

IT Job Offer  

Please consider the following job vacancy. You will then be asked to assess some CVs for 

this position: 

 

 

💼 QuantumHorizon Solutions · European Union  

 🏢 Remote · Full time · 201-500 Employees · Telecommunication services activities 

 📋 Skills: Technical support, IT provisioning, People Development, IT operations 

management, Technical support. 

  

 QuantumHorizon Solutions is a big firm with headquarters in Netherlands, with 4 

international hubs with employees working, remotely, from +20 countries around the world. 

We aim to provide the best solutions for networks and communications to every business in 

this new digital era. We were founded in 1984. Since 2016, the firm showed a tremendous 

growth, and we are one of the fewer firms who are positively implementing AI in the firm’s 

operations in the global market. 

  

 We are looking for a Head of ITS team to oversee and manage the back-office infrastructure 

and other important operations in the corporate environment. You would also be responsible 

for the company’s internal information technology systems, processes. We are looking for 

someone with strong experience in enterprise architecture work, and that understands the 

requirements of the operational IT work and have superior project and people management 

skills. 

  

 Your primary responsibilities will include: 

 Assessing departmental needs and enhancing productivity;   

 Evaluating processes, technologies, and vendors for improvement;   

 Managing essential IT infrastructure and procurement;   

 Directing business initiatives and projects;   
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 Ensuring business-critical IT operations;   

 Monitoring hardware and software inventory;   

 Developing IT continuity plans to prevent downtime;   

 

Qualifications required:   

 

 Minimum 2 years of experience as IT engineer or similar role, with a focus on 

managing IT operations and systems; 

 Proficiency in written and verbal English and Spanish, with an upper-intermediate 

level of English;  

 Strong cross-functional collaboration skills; 

 Excellent verbal and written communication skills; 

 Strong analytical and problem-solving abilities. 

 

End of Block: Job offer 
 

Start of Block: Little Introduction 

 

During the next segments we will present you with a number of CVs that you should evaluate, 

for the former job vacancy, in many aspects. You can use all the means you would use when 

doing a CV screening, even outside of the survey. 

 

End of Block: Little Introduction 
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Start of Block: CV Control 

 

CV Control (image)             

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   
o  o  o  o  o  o  o  

 

Professional 

experience  
o  o  o  o  o  o  o  

 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  
o  o  o  o  o  o  o  

 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Control 
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Start of Block: CV Mirror 

 

CV Mirror (image)             

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   
o  o  o  o  o  o  o  

 

Professional 

experience  o  o  o  o  o  o  o  
 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  o  o  o  o  o  o  o  
 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Mirror 
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Start of Block: CV Fraud 1 

 

CV Fraud 1 (image)             

             

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   
o  o  o  o  o  o  o  

 

Professional 

experience  
o  o  o  o  o  o  o  

 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  o  o  o  o  o  o  o  
 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Fraud 1 
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Start of Block: CV Fraud 2 

 

CV Fraud 2 (image)             

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   
o  o  o  o  o  o  o  

 

Professional 

experience  o  o  o  o  o  o  o  
 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  
o  o  o  o  o  o  o  

 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Fraud 2 
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Start of Block: CV Fraud 3 

 

CV Fraud 3 (image)             

      

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   
o  o  o  o  o  o  o  

 

Professional 

experience  
o  o  o  o  o  o  o  

 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  o  o  o  o  o  o  o  
 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Fraud 3 
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Start of Block: CV Fraud 4 

 

CV Fraud 4 (image)             

      

 

 

 

Evaluate the former CV characteristics from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3      4     5      6        7 

 

Academic 

qualifications   o  o  o  o  o  o  o  
 

Professional 

experience  
o  o  o  o  o  o  o  

 

Soft skills  o  o  o  o  o  o  o  
 

Hard skills o  o  o  o  o  o  o  
 

Languages  o  o  o  o  o  o  o  
 

Other 

activities  
o  o  o  o  o  o  o  

 

Clarity and 

presentation 

of resume 
o  o  o  o  o  o  o  
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To which extent, from 1 (does not match at all) to 7 (Perfect Match), do you find these 

statements about the former CV, true? 

 

      1       2      3      4      5     6      7 

Claimed 

work 

experience 

that they do 

not actually 

have 

o  o  o  o  o  o  o  

 

Claimed 

overlapping 

work 

experiences  

o  o  o  o  o  o  o  

 

Invented 

degrees 

they do not 

have  

o  o  o  o  o  o  o  

 

Invented 

higher 

education 

institutions 

o  o  o  o  o  o  o  

 

Included 

things that 

were 

exaggerated 

o  o  o  o  o  o  o  

 

Suppressed 

information 

that may 

not look 

favorable 

o  o  o  o  o  o  o  
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Evaluate the former CV, in general, from 1 (Inadequate) to 7 (Exceptional) 

 

      1       2      3     4      5      6      7 

Overall 

Impression o  o  o  o  o  o  o  
 

 

 

 

What is the probability of selecting the candidate to an interview, from 0 to 100%? 

 

 0 10 20 30 40 50 60 70 80 90 100 

 

Interview Probability 
 

 

 

End of Block: CV Fraud 4 
 

Start of Block: Demographic Characteristics 

 
 

What is your age? 

________________________________________________________________ 

 

 

 

What is your Nationality? 

o Specify in the item box 

__________________________________________________ 

o Prefer not to say  

 

 

 



78 
 

Which gender do you identify most? 

o Man 

o Woman 

o Non-binary 

o Other, specify in the item box 

__________________________________________________ 

o Prefer not to say 

 

 

 

For how long have you been working with CV Screening? / Studying for a degree or master's 

in human resources management (please answer in years) 

________________________________________________________________ 
 

 

 

What is your education level? 

o Less than Highschool 

o Highschool or equivalent 

o Bachelor's Degree 

o Post-Graduation 

o Master's Degree 

o Doctorate's Degree (PhD) 

o Prefer not to say 
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End of Block: Demographic Characteristics 
 

We thank you for your time spent taking this survey. 

Your response has been recorded. 
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