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Abstract 

The correlation between physical attractiveness and intelligence has long intrigued 

evolutionary theorists. One prominent explanation is based on cross-trait assortative mating 

(xAM), where individuals with high levels of one desirable trait tend to pair with those who 

have high levels of another desirable trait. Two large meta-analyses have shown a small 

positive correlation between physical attractiveness and intelligence. However, prior meta-

analyses have incorporated studies utilizing measures such as grade point averages, school 

performance, and academic achievement to evaluate intelligence, potentially biasing the 

outcomes. The present meta-analysis is the first to exclusively analyze studies that used 

psychometric IQ-tests n = 9 (k = 14, N = 50,156). Random-effects analyses showed a small 

yet robust positive association between physical attractiveness and intelligence r = 0.13 (p = 

.0005, 95% CI [0.06, 0.20]). Even after removing an outlier study that showed an 

exceptionally high correlation, the association between physical attractiveness and 

intelligence remained robust albeit slightly smaller r = 0.10 (p = .0004, 95% CI [0.04, 0.15]). 

No strong evidence was found for publication bias. Moreover, combinatorial analyses 

provided further support for the robustness of the results. Overall, the results indicate a small 

and robust association between physical attractiveness and intelligence. 

Keywords: Intelligence, physical attractiveness, cross-trait assortative mating, meta-

analysis, multiverse-analysis.
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Introduction 

From the dawn of human existence, beauty has captivated our minds. Despite 

longstanding beliefs in the subjectivity of attractiveness, scientific research over the past 

decades has shown that there are certain facial and bodily characteristics that are recognized 

as universally beautiful. Multiple studies provide evidence of high agreement in attractiveness 

ratings both within and across diverse cultures and ethnicities (e.g., Cunningham et al., 1995; 

Langlois et al., 2000; Marcus & Miller, 2003; Coetzee et al., 2014; Holzleitner et al., 2019). 

While individual preferences can vary, the underlying principles of symmetry, proportion, and 

certain health indicators remain constant. This universality of beauty not only highlights the 

commonalities in human perception but also underscores the potential evolutionary 

advantages of these preferences.  

 

Intelligence 

In this thesis, the discussion will be confined to psychometric or academic 

intelligence, respectively. Although many models of intelligence were established throughout 

the past decades, one of the prevailing models today is the Cattell-Horn-Carroll (CHC) model 

of intelligence (see Schneider & McGrew, 2012). According to the CHC, intelligence 

constitutes a hierarchical structure of cognitive abilities encompassing narrow, broad, and 

general abilities with general intelligence (factor g) influencing cognitive skills. The existence 

of psychometric g is well-supported and widely accepted in the scientific community. For 

example, a meta-analysis conducted by Zaboski II et al. (2018) revealed that the general 

cognitive factor (g) accounted for a greater proportion of the variation in academic 

achievement compared to the cumulative influence of all broad cognitive abilities considered 

together (mean effect size of r² = 0.540). Estimations on the heritability of intelligence 

commonly range between 20% to 80% (e.g., Plomin & Spinath, 2004; Petrill et al., 2004; 

Haworth et al, 2010; Plomin & Deary, 2015), with estimations increasing over the lifespan of 

individuals. Genome-wide association analyses have also found numerous genomic loci and 

genes linking to intelligence (Savage et al., 2018). While it remains challenging to precisely 

quantify the extent of genetic influence, the evidence strongly suggests a substantial role of 

genetics.  
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Facial Symmetry 

Symmetric faces and objects are generally regarded as more beautiful (Grammer & 

Thornhill, 1994; Gangestad et al., 1994; Perrett et al., 1999; Scheib et al., 1999; Bertamini et 

al., 2019). This preference for symmetry is observed even in children as young as four years 

old, who display a natural inclination towards symmetric objects (Huang et al., 2018). 

However, it is noteworthy that while symmetry contributes to attractiveness, it may only offer 

a partial explanation for facial appeal (Zaidel et al., 2005; Jones et al., 2007). For instance, 

recent research suggests that although facial symmetry is an integral component, it is not a 

direct determinant of facial attractiveness. Specifically, there appears to be an interactive 

effect between symmetry and perceived normality, wherein perceived normality acts as a 

mediator between symmetry and facial attractiveness. When facial symmetry decreases 

perceived normality, faces are rated as less attractive. Conversely, when faces are perceived as 

more familiar, symmetry increases attractiveness (Zheng et al., 2021). Zaidel & Hessamian 

(2010) examined facial attractiveness of half faces. Three groups of participants rated 

attractiveness of full-faces and half faces (vertical left and right hemi-faces). No significant 

differences were found for attractiveness ratings of full- vs. hemi-faces. Rather, they found a 

strong positive correlation between ratings of semi- and full-faces, indicating that bilateral 

symmetry is not a pivotal factor in attractiveness assessment. Humans seem to prefer natural 

faces with some degree of asymmetry, at least in comparison to perfect mirror images (Choi, 

2015).             

 One common explanation for the attractiveness of symmetry revolves around the 

subconscious recognition of fluctuating asymmetry in facial features. Fluctuating asymmetry 

(i.e., deviations from bilateral symmetry) is linked to pathogen exposure or other toxins 

during development, indicating developmental instability. Such asymmetry tends to increase 

with factors like inbreeding, bad nutrition, and environmental pollutants (Møller & Thornhill, 

1998; Graham & Özener, 2016). Symmetric faces therefore represent high genetic quality and 

low pathogen exposure during development. A meta-analysis investigating the effects of 

fluctuating asymmetry on mating success revealed that there is a large overall negative 

association between mating success and fluctuating asymmetry (r = -0.42, p < .0005), with 

this effect being more pronounced in men than women (Møller & Thornhill, 1998). This 

negative relationship is often interpreted as evidence that sexual selection favors offspring 

with higher genetic quality (i.e., greater potential to fight off parasites, representing higher 

heterozygosity). Fluctuating asymmetry has also been linked to lower female fecundity and 

increased parasite exposure (Thornhill & Gangestad, 2006; Møller, 1998). Additionally, there 
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is evidence suggesting that symmetric faces may be perceived as more beautiful because they 

are processed more easily by the visual system. Infants as young as 12 months old show a 

preference for facial symmetry (Griffey & Little, 2014). This observation may suggest the 

presence of an intrinsic mechanism for facial attractiveness perception. Research by Trujillo et 

al. (2014) further supports the hypothesis of processing fluency for attractiveness. In their 

study, participants had to categorize attractive human faces, unattractive human faces and 

chimpanzee faces while event-related potentials (ERPs) and reaction times were recorded. For 

average and high-attractive faces, categorization to “human” was faster, indicating that 

attractive faces are processed more easily. Recognizing these underlying fitness indicators has 

been crucial for human reproduction and are integral to mate selection processes. This innate 

preference for symmetry aligns with evolutionary principles of selecting partners with traits 

indicative of robust health and genetic quality, ultimately enhancing the chances of 

reproductive success.   

 

Averageness 

Numerous experiments have shown that people rate average faces as more attractive 

compared to non-average faces (Langlois & Roggman, 1990; Rhodes & Tremewan, 1996; 

Valentine et al., 2004; Rhodes et al., 2007). The parasite theory of sexual selection offers a 

compelling explanation for this phenomenon, suggesting that individuals find average faces 

attractive because they reflect high individual protein heterozygosity (i.e., genetic diversity), 

thereby enhancing pathogen resistance (Thornhill & Gangestad, 1993). Additionally, average 

faces are associated with functional advantages, such as optimal features for breathing and 

chewing (Thornhill & Gangestad, 1999; Rhodes, 2006). Consequently, averageness is linked 

to reproductive success and mate quality. Within an evolutionary context, the adaptationist 

framework plays a pivotal role in understanding the development of attractiveness and beauty. 

The adaptationist framework seeks to identify selective pressures that have shaped an 

organism’s evolutionary development (Gangestad & Scheyd, 2005, p. 525). The emergence of 

attractiveness and beauty is conceptualized as an outcome of adaptation, with individuals 

naturally drawn to others possessing specific favored traits (e.g., averageness). In the context 

of the adaptationist framework, the prevailing hypothesis posits that these perceiver traits are 

adaptations themselves, evolved due to their inherent benefits for perceivers (e.g., average 

faces to display high heterozygosity or functionality).  
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Sexual Dimorphism 

Facial masculinity (e.g., strong jaw and cheek bones, prominent brow ridge, facial 

hair) has been linked to higher testosterone levels and immunological competence (see Pound 

et al., 2009; Rantala et al., 2012; Boothroyd et al., 2013; Trigunaite et al., 2015). Interestingly, 

some research suggests that higher testosterone levels impair immunocompetence (Fuxjager 

et al., 2011; Gubbels Bupp & Jorgensen, 2018). According to the immunocompetence 

handicap hypothesis (ICHH), it is assumed that the development and maintenance of strong 

masculine traits are energetically costly and, only individuals with a strong immune system 

can afford to invest resources in such characteristics without compromising their overall 

health. Thus, prominent facial masculine features serve as a fitness indicator for females. 

However, evidence on the ICCH remains equivocal. A recent study investigated the effects of 

testosterone levels on the effectiveness of the influenza vaccine and found no evidence of 

immunosuppression in male humans with higher testosterone and androgen levels. Moreover, 

the results revealed that the strength of the immune response to the influenza vaccine was 

positively associated with androgen markers (Nowak et al., 2018). Studies investigating the 

ICHH often lean towards observation rather than experimentation, leading to challenges in 

result interpretation. A meta-analysis by Roberts et al. (2004) also found a significant effect of 

testosterone on immune suppression. However, the effect disappeared when controlling for 

multiple studies within the same species. As of now, evidence surrounding the validity of the 

ICHH remains unclear and must be further tested in humans.     

 In women, high estrogen levels are associated with reproductive fitness (Smith et al., 

2006; Smith et al., 2012). Beyond its direct impact on reproductive capabilities, estrogen may 

also influence maternal tendencies (i.e., the desire to have children). Indeed, a positive 

relationship between estrogen levels and the reported number of desired children was found. 

Women showing higher estrogen levels also tend to have more feminized faces (e.g., fuller 

lips, smaller chin and nose, big eyes) compared to those who desire less children (Smith et al., 

2012). Additionally, estrogen plays a crucial role in maintaining skin health since it has 

protective effects on soft tissue. Loss of estrogen in women over time has been linked to skin 

aging (Lephart, 2018). Therefore, lower estrogen levels can accelerate the appearance of 

aging signs such as wrinkles and decreased skin elasticity, potentially influencing perceptions 

of youthfulness and overall attractiveness. Fluctuating estrogen levels during the menstrual 

cycle also influence mate choice. Concealed ovulation is a distinctive characteristic of 

humans, setting us apart from many other species where ovulation is more apparent. In many 

non-human primates, for example, females exhibit clear physical signs of fertility, such as 
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genital swelling, which signal their reproductive status to males. However, in humans, there 

are no overt indicators of ovulation, making it difficult for others to detect when a female is 

most fertile (Buss, 2019). Interestingly, subtle changes do occur during the ovulatory phase, 

such as slight enhancements in lip and skin coloration, which can increase the attractiveness 

of female faces. Both men and women rate photographs as more attractive when taken during 

the ovulatory phase, indicating high estrogen levels (Roberts et al., 2004; Puts et al., 2013). 

This subtlety may have evolved to promote pair bonding and paternal investment by 

obscuring the exact timing of fertility, thus encouraging males to remain with their partners 

throughout the reproductive cycle. A meta-analysis exploring women’s mate preferences 

during the ovulatory cycle discovered that naturally fluctuating hormone levels also affect 

women’s mate choices for short-term vs. long-term attractiveness of men (Gildersleeve et al., 

2014). Women exhibited stronger preferences for characteristics displaying genetic quality in 

males during the ovulation phase compared to low-fertility days (luteal phase). Importantly, 

this shifting effect in mate preference was dependent on the type of relationship (long-term vs. 

short-term). The effect was more prominent when evaluating the mate quality for a short-term 

relationship (e.g., a one-night stand), whereas no effects were found in terms of choices for 

long-term relationships (e.g., marriage).        

 Both more masculine faces in men and more feminine faces in women are typically 

rated as more attractive (Gangestad & Thornhill, 2003; Smith et al., 2012; Lephart, 2018). 

When modifying the degree of sexual dimorphism in the face digitally, humans cross-

culturally prefer feminized faces in women and masculinized faces in men. Furthermore, 

masculinized faces are rated as more dominant and less dishonest, indicating the multifaceted 

nature of facial preferences across different cultures and contexts (Perrett et al., 1998).  

 

The Physical Attractiveness Stereotype  

The physical attractiveness stereotype describes the tendency of people to associate 

positive traits such as intelligence, competence, friendliness, and social skills with individuals 

who are perceived as physically attractive (Dion et al., 1972). Recent research continues to 

affirm the prevalence of the physical attractiveness stereotype. For instance, Lorenzo et al. 

(2010) employed a round-robin design wherein participants individually met with each other 

for brief three-minute intervals. Following assessments of attractiveness, participants also 

rated each other using a 21-item version of the Big-Five Inventory (BFI) and on three items 

gauging intelligence. The results revealed that within this short interaction period, physically 

attractive individuals were rated more positively and more accurately. In line with the 
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physical attractiveness stereotype, more attractive individuals were perceived as possessing 

more positive characteristics. Moreover, attractiveness influences everyday contexts, such as 

tourism and customer service. As an example, in hospitality settings, attractive guests tend to 

receive more positive evaluations from hotel employees regarding their propensity to spend 

money, their levels of demand, and their kindness (Čivre et al., 2013). Similarly, research 

revealed that customer satisfaction, perceptions of service quality, and likability of service 

representatives were all enhanced when those representatives were deemed more attractive (Li 

et al., 2019). Further confirmation of societal bias was found in a recent study, which showed 

that participants rated attractive candidates more favorably in terms of hiring and 

interpersonal compatibility (Chance et al., 2023).      

 Nonetheless, some research also indicates a downside to the attractiveness stereotype, 

particularly concerning its impact on women and members of the opposite sex. Heilman & 

Stopeck (1985) first coined the term “beauty is beastly” to elucidate the adverse consequences 

experienced by attractive women seeking jobs in traditionally masculine roles. Building upon 

this notion, subsequent empirical investigations have explored the “beauty is beastly 

hypothesis”. The results show a nuanced pattern: while attractiveness conferred advantages 

for men irrespective of job type, for women, attractiveness proved to be more advantageous in 

positions traditionally associated with feminine stereotypes compared to those aligned with 

masculine stereotypes (Johnson et al., 2010). Analysis of a large dataset of over 20,000 

individuals also showed that there was no positive association between physical attractiveness 

and earnings. Instead, it is suggested that individual differences in health, intelligence and 

personality play a more substantial role in determining earnings (Kanazawa & Still, 2018).

 As described by the modern term “pretty privilege”, the attractiveness stereotype not 

only refers to positive character traits, but also preferential treatment by society in large. The 

phenomenon of the attractiveness stereotype appears to be a globally pervasive concept. 

Generally, research indicates that individuals tend to exhibit favorable biases towards 

attractive individuals of the opposite sex, whereas their attitudes towards attractive individuals 

of the same sex are less positive, sometimes even displaying negative biases as discussed 

before (Agthe et al., 2010; Watkins et al., 2010; Arnocky et al., 2012). It was further shown 

that participants from diverse ethnic backgrounds displayed similar trends showing positive 

biases towards attractive individuals of the opposite sex and negative biases toward attractive 

individuals of the same sex within their respective ethnic groups (Agthe et al., 2016). This 

suggests a universality of the attractiveness bias across different cultures, shedding light on 

intrasexual competition strategies. Results from a comprehensive meta-analysis also 



8 

 

supported the prevalence of a robust attractiveness stereotype. Both children and adults 

receive more positive treatments from strangers as well as by people in their close 

environment. Moreover, attractive individuals display more positive behaviors (i.e., higher 

extraversion, self-esteem, social skills, career success and dating experience) (Langlois et al., 

2000). A recent analysis updating evidence for the attractiveness stereotype was conducted 

using data from 45 countries and over 11,000 subjects. Participants were asked to rate 120 

faces on 13 adjectives, including attractiveness, aggression, caringness, confidence, 

dominance, emotional stability, intelligence, meanness, responsibility, sociability, 

trustworthiness, unhappiness, and weirdness. Results showed that attractiveness correlated 

positively with all socially desirable traits and negatively with socially undesirable traits. Both 

for female and male faces and across different countries, attractive faces correlated positively 

with socially desirable personality traits (Bartres & Shiramizu, 2023). Using computational 

models for varying individual’s faces (e.g., face shape, skin smoothness, and pigmentation), it 

was shown that these models accurately predict human social judgments such as 

attractiveness, competence, dominance, and trustworthiness, and can differentiate between 

these judgments despite their similarities (Todorov et al., 2013). These attributes make 

attractiveness a well-defined and consistent stereotype. The models' ability to differentiate 

between various social traits suggests that attractiveness is part of a broader set of social 

stereotypes influencing our perceptions and interactions. Moreover, the stability and 

predictability of these judgments indicate that attractiveness-related biases are deeply 

ingrained and pervasive, affecting social interactions and potentially leading to advantages for 

those deemed attractive. Longitudinal studies have also shown that the positive biases 

associated with attractiveness remain consistent as individuals age, indicating that these 

perceptions are not merely transient but are deeply ingrained in social cognition (Zebrowitz et 

al., 1998; Zebrowitz et al., 2013). Additionally, cross-cultural research consistently finds that 

despite slight variations in beauty standards, the core attributes linked to attractiveness, such 

as health, confidence, and sociability are universally valued (Jones & Hill, 1993; Langlois et 

al., 2000). This enduring nature of the attractiveness stereotype underscores its significant role 

in shaping social dynamics and individual interactions across diverse societies.  
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On the Attractiveness-Intelligence Association: Updating Evidence from Kanazawa & 

Kovar (2004) 

Humans tend to rate more attractive individuals as more intelligent, however, it is unclear 

whether perceived intelligence reflects actual intelligence. Four assumptions were proposed to 

explain the correlation between IQ and attractiveness.  

1. More intelligent men are more likely to occupy higher status than less intelligent men. 

2. Higher-status men are more likely to mate with more beautiful women than lower-

status men. 

3. Intelligence is heritable, such that sons and daughters of more intelligent men are 

more intelligent than sons and daughters of less intelligent men. 

4. Beauty is heritable, such that sons and daughters of more beautiful women are more 

beautiful than sons and daughters of less beautiful women. 

If all assumptions are empirically true and observable, the conclusion that attractive 

people are more intelligent must be logically true. The link between IQ and physical 

attractiveness can be explained through the concept of cross-trait assortative mating (xAM). 

xAM describes an individual’s tendency to mate with partners who have a specific, different 

phenotype (e.g., physical attractiveness, higher levels of dominance etc.), which usually have 

no genetic relationship (Border et al., 2022). Individuals select mates based on particular 

characteristics or fitness markers. xAM is based on the concept that traits that are, per se, 

unrelated (e.g., height and wealth) become jointly inherited. In the context of attractiveness 

and intelligence, it is posited that these traits are inherited together due to underlying 

mechanisms or indications of fitness (i.e., intelligent males choosing high-status jobs and 

mating with more attractive women), thus steering sexual selection in this direction.  

 

“More intelligent men are more likely to occupy higher status than less intelligent men.” 

A recent study reinforced a positive correlation between intelligence and occupational 

status, suggesting individuals with higher intelligence tend to achieve higher positions or 

status in society. A positive relationship was found between IQ and job performance as well as 

job satisfaction, which was mediated by personality type (A/B) (Murtza et al., 2021). 

Moreover, the results from a comprehensive meta-analysis further underscore the intricate 

interplay between IQ, socioeconomic status (SES) and various indicators of success such as 

education, occupation, and income. While the results demonstrate that IQ is a strong predictor 

of success, it is overall not a superior predictor compared to parental SES or grades (Strenze, 
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2007). However, these causality questions are complex due to multiple covariations. Three 

causal models can be used to explain the intricate relationship between SES, intelligence and 

academic achievement, i) one explanation positing independent influence of intelligence and 

SES on academic achievement, ii) another suggesting intelligence solely as a proxy for SES, 

and iii) a third model proposing that SES has no direct influence on academic achievement 

beyond its impact on intelligence (Hunt, 2010). Remarkably, the third model emerges as the 

most accurate representation, indicating that while intelligence is indeed a predictor of 

academic achievement, its relationship with SES plays a pivotal role in understanding 

academic success.          

 In support of the significant role of intellectual ability, a longitudinal study conducted 

on a Swedish sample of over a thousand participants found that the likelihood of achieving at 

least a master’s degree was significantly higher (almost 10 times more common) for 

individuals belonging to the top 10% of population in terms of intellectual ability (IQ score of 

120 or above) compared to participants with an average IQ (Bergman et al., 2014). 

Additionally, research has shown that cognitive ability not only predicts job performance but 

also career success over time, with individuals of higher IQ being more likely to experience 

upward mobility in their careers (Judge et al., 2004). Furthermore, intelligence measured in 

childhood is a significant predictor of occupational status in adulthood, independent of 

parental SES (Čukić et al., 2017).        

 While numerous studies suggest a positive correlation between intelligence and 

occupational status, it is essential to consider evidence highlighting the limitations and 

complexities of this relationship. For instance, non-cognitive factors such as social skills, 

motivation, and personality traits significantly influence occupational success, sometimes 

even surpassing the impact of cognitive abilities (Heckman et al., 2006). Moreover, other 

factors such as emotional intelligence and social skills have a large impact on career 

advancement. Individuals with high emotional intelligence are better equipped to navigate 

social complexities in the workplace, thereby achieving higher status (O’Boyle et al., 2011). 

Furthermore, research contends that economic and social capital, which includes networking 

and family background, plays a crucial role in determining occupational outcomes, often 

overshadowing the influence of IQ (Deming, 2017). These findings indicate that while 

intelligence is a factor in achieving higher occupational status, it is far from the sole 

determinant, and other variables such as social skills, emotional intelligence, and social 

capital are equally, if not more, important in predicting career success.  
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“Higher-status men are more likely to mate with more beautiful women than lower-status 

men.” 

From an evolutionary perspective, resources and status are indicators of a male's 

ability to provide for offspring. This is based on the principle of parental investment (Trivers, 

1972), which suggests that the sex making the largest investment in offspring (which is 

typically the female in mammals due to gestation and nursing) will be more selective in 

choosing a mate. A substantial body of research suggests gender differences in mate selection, 

interest in casual sex, jealousy, and the desire for sex variety (Buss, 1989; Petersen & Hyde, 

Baumeister et al., 2001; Guadagno & Sagarin, 2010; Petersen & Hyde, 2010). These 

differences range from small to large effects, with differences in casual sex and mate selection 

being more pronounced. While men tend to put more importance on physical attractiveness 

and fecundity, women tend to value characteristics such as socioeconomic status (SES) and 

industriousness, reflecting a preference for traits associated with resource acquisition and 

provision (Buss, 1989; Feingold, 1992; Gangestad & Simpson, 2000; Regan et al., 2000; Li et 

al., 2011; for a review see Buss & Schmitt, 2019). These gender differences are also more 

pronounced in short-term relationships and become more modest in long-term relationships 

(Schmitt, 2005). For long-term relationships, both men and women prioritize internal traits 

like kindness, reliability, warmth, and intelligence (Buss, 1989; Regan et al., 2000; Eastwick 

& Finkel, 2008).          

 According to Buss and Schmitt's Sexual Strategies Theory (1993), men and women 

have evolved different mating strategies. Men who can produce numerous offspring with 

minimal investment, are more likely to seek out physically attractive mates as a sign of 

fertility and hence pursue short-term mating strategies more often than women. The males-

compete/females-choose (MCFC) model proclaims that males primarily compete with each 

other for access to females, while females are more selective in choosing their mates. This 

model is in line with the Sexual Strategies Theory, suggesting that men have evolved to 

pursue short-term sexual relationships with multiple partners, aiming for quantity over quality 

in mating, while women evolved to be choosier about their sexual partners and to prefer long-

term pair bonding with men who can provide for their offspring. In contrast, the mutual mate 

choice (MMC) model suggests that due to high levels of male parental investment, humans 

evolved into a somewhat "androgynous" species. In this model, both males and females 

exhibit traits typically associated with the opposite sex. Women may display traits such as 

competition for mates, while men may exhibit traits like providing parental care and being 

selective about their mates (Stewart-Williams & Thomas, 2013).    
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 While it is difficult to ascertain which strategy was the most prevalent during human 

evolution, research indicates that gender differences in mate preference are relatively stable 

and distinct. A cohort-longitudinal analysis of over 7,000 college students found men showed 

higher levels of sociosexuality and sexual permissiveness (i.e., the desire to have more sexual 

partners) compared to women (Sprecher et al., 2013). Although using the mean to estimate the 

number of desired partners tends to inflate the average, research consistently shows a trend for 

higher sociosexuality levels in men (for a review see Archer, 2019). According to a meta-

analysis with over 1,000,000 participants across 87 countries, men consistently showed more 

permissive behavior towards masturbation, pornography use, casual sex, and attitudes toward 

casual sex (Petersen & Hyde, 2010).       

 During evolution, humans used both pair-bond and short-term mating strategies (Buss 

& Schmitt, 1993). Strategic pluralism theory posits that women's sociosexuality should be 

more sensitive to environmental demands and stressors than men (Gangestad & Simpson, 

2000). Women are more vulnerable to the physical and social costs of short-term mating, such 

as the risk of sexually transmitted infections, potential loss of social status, and the need for 

support and resources during child-rearing. These factors contribute to a more cautious 

approach towards mating. Thus, in environments where biparental care is critical for offspring 

survival, women are likely to adopt more sociosexually restricted strategies to secure long-

term partnerships that provide stability and resources for their children (Gangestad & 

Simpson, 2000). This adaptive behavior ensures that their offspring receive the necessary care 

and protection to thrive, aligning with the principles of strategic pluralism theory. A large 

cross-cultural study investigating over 14,000 participants from 48 nations found support for 

the strategic pluralism theory. Greater relational and reproductive freedom for women is 

associated with more moderate sex differences in sociosexuality, primarily due to women's 

increased promiscuity (Schmitt, 2005). Men typically do not suffer as much from social 

stigma for having more sexual partners. This sexual double-standard still exists today (for a 

review see Sagebin Bordini & Sperb, 2013), although recent research has indicated that 

people’s attitudes towards short-term sexual strategies have shifted over the past decades in 

Western societies, with a general trend towards more permissive attitudes and behaviors 

(Twenge et al., 2015). During the 19th and 20th centuries, premarital intercourse was 

traditionally frowned upon, particularly for women. Besides paternal certainty, this is a key 

aspect of the sexual double standard, which established that premarital sex was wrong for 

women but allowable or right for men. Women who were sexually active before marriage 

were stigmatized, while men did not face the same social condemnation (Sagebin Bordini & 
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Sperb, 2013). Hence, the most successful strategies for producing the highest number of 

offspring were available to men due to their ability to have children with numerous partners. 

Studies on human societies confirm that polygyny has been a common marital arrangement in 

our evolutionary history. Comprehensive surveys of world cultures have revealed that a 

significant majority of pre-industrial societies practiced some form of polygyny (Murdock, 

1981). Research examining ecological and social factors contributing to the prevalence of 

polygyny found that approximately 80% of societies in the ethnographic record have been 

identified as practicing polygyny (White & Burton, 1988). An evolutionary perspective also 

supports this, arguing that polygyny has been a common strategy for maximizing reproductive 

success in many human societies (Betzig, 1986). Since there is limitation (i.e., not every man 

can mate with an attractive woman and not every woman can mate with a high-status man), 

naturally, more desirable men (i.e., men of high status) will mate with more desirable women 

(i.e., attractive women). Historical examples illustrate this pattern. For instance, the Moroccan 

emperor Moulay Ismail the Bloodthirsty maintained a harem of 500 women and fathered 888 

children, demonstrating how high-status men could monopolize reproductive opportunities 

with numerous attractive partners (Betzig, 1993). Similarly, in imperial China, emperors and 

high-ranking officials had access to large harems, with the number of women directly 

correlating with the man's status. Emperors could have thousands of women, while upper-

class men had significantly fewer, highlighting the link between status and access to desirable 

women (Betzig, 1993).          

 In support of the beauty-status exchange hypothesis, it was found that desired traits for 

long-term partners align with gender differences. While desired traits for a long-term partner 

are strikingly similar between the sexes, two main differences are observed: men value 

attributes related to physical appeal and sexual desirability more than women, and women 

tend to emphasize characteristics pertaining to social status and resources (Regan et al., 2000). 

Ha et al. (2012) further confirmed that heterosexual men valued attractiveness of potential 

partners the most, while heterosexual women valued social status the most. However, there is 

also counterevidence for the beauty-exchange hypothesis. Data from over a thousand married, 

cohabiting or dating couples was analyzed to test the beauty-status exchange hypothesis. 

While initial observations hinted at an exchange of desired traits, a refined multivariate 

regression model showed that within-individual correlation of desirable traits serves as a 

superior predictor. In other words, when selecting mates, people tend to pay more attention to 

individual desirable traits such as being both physically attractive and having high SES rather 

than exchanging physical attractiveness for SES. Although there is evidence for the beauty-
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status exchange, it lacks robustness in alternative model specifications (McClintock, 2014).

 It is also crucial to acknowledge the role of female choice and the limitations of mate 

access in sexual selection. Women invest more resources into raising their offspring, thus, 

having a reliable partner who is both attractive and possesses moderate SES may offer the 

best combination of genetic quality and commitment to ensure the survival and success of 

their offspring. The concept of serial pair-bonding as a reproductive strategy likely developed 

to address the increased reproductive burden on females, emerging after the appearance of 

homo sapiens to ensure infant survival through weaning. This indicates that evolutionary 

pressures related to reproduction and offspring survival have significantly shaped human 

relationships and family structures (Fisher, 1989). Particularly, highly attractive women 

express higher standards for traits related to good genes, good investment abilities, good 

parenting abilities, and good partner qualities in a long-term mate (Buss & Shackelford, 

2008). This finding challenges the trade-off model, which proposes that women must choose 

between good genes and good investment in a long-term mate, at least for highly attractive 

women. Also, several factors can cause a discrepancy between preferences and actual partner 

choices. Generally, only those deemed most attractive are able to attract similarly attractive 

partners (Feingold, 1988; Luo & Zhang, 2009). Assuming that during human evolution, only a 

minority of men were able to attain high-status, most of the group members tended to have 

limited access to desirable partners. The complexity of human mating strategies, including the 

use of both short-term and long-term mating strategies, further complicates this issue. 

Therefore, while polygynous societies should have theoretically enhanced the genetic 

correlation between IQ and physical attractiveness, the actual historical prevalence and impact 

of such mating systems remain difficult to ascertain. If only a small fraction of men 

exclusively mated with the most physically attractive women, it is questionable how 

significant this effect would truly be. 

 

“Intelligence is heritable, such that sons and daughters of more intelligent men are more 

intelligent than sons and daughters of less intelligent men.” 

Numerous studies have examined the relative contributions of genes and the 

environment to IQ variations, consistently pointing towards the impact of genetic factors (see 

“The Minnesota Twin Study” by Bouchard et al., 1990; Plomin & DeFries, 1980; Bartels et 

al., 2002; Sniekers et al., 2017; Hilger et al., 2022). Besides the genetic heritability component 

(a or h²), IQ variance can also be explained by shared or common environmental factors (c) 

and environmental factors that differentiate family members from each other (e). These three 
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components collectively form the ACE model of behavioral genetics, which is used to study 

the heritability of traits (Eaves et al., 1978). The heritability of IQ is relatively stable, with the 

genetic component being less prominent in early childhood when brain plasticity is at its peak 

(accounting for less than 50% of IQ variance) (Haworth et al., 2010). Throughout an 

individual’s lifespan, the effect of the genetic component becomes larger, explaining about 60-

80% of IQ heritability (Haworth et al., 2010; Plomin et al., 2014). Recent research from a 

meta-analysis investigating over 700,000 monozygotic-dizygotic twins suggests an average 

heritability of 56% across specific cognitive abilities, which is approximately similar to the 

heritability of g (Procopio et al., 2022).      

 Addressing the potential impact of ethnicity on IQ heritability, a recent meta-analysis 

investigated the heritability of IQ between different ethnic groups (Whites, Blacks and 

Hispanics living in the United States) and found a moderate to high heritability of IQ, which 

did not significantly differ between ethnic groups (Pesta et al., 2020).  

 

“Beauty is heritable, such that sons and daughters of more beautiful women are more 

beautiful than sons and daughters of less beautiful women.” 

Studies investigating the heritability of physical attractiveness of monozygotic and 

dizygotic twins report high correlations, ranging from r = 0.54 (McGovern et al., 1996) to r = 

0.94 (Rowe et al., 1989). Recent research indicates that the heritability of specific facial traits 

range between 28% to 67% (Cole et al., 2017). Evidence from a large-scale study of over 900 

twins showed that heritability estimates reached or even surpassed 0.7 for specific regions 

such as the chin area, nasal regions, nasolabial folds, upper lips, and zygomatic bones 

(Tsagkrasoulis et al., 2017). Purkey (2011) investigated a sample of over 1,500 twins and 

found that facial attractiveness was best explained by the AE model (genetic component x 

environmental factors), with the genetic component accounting for 65% of the variation. 

Notably, no significant sex differences in the heritability of facial attractiveness were 

observed. A genome-wide association study (GWAS) identified significant associations 

between facial attractiveness and genetic loci including FC-AS (6p25.1) and MC-AS 

(20q13.11 and 2q22.1). Additionally, two genome-wide significant loci associated with facial 

attractiveness were identified on 10q11.22 and 2p22.2. Sex-specific associations with various 

social factors were revealed, suggesting that different genetic components may be associated 

with male and female attractiveness. This notion gains further support from the work of Hu et 

al. (2019), which shows a sex-specific genetic architecture of facial attractiveness. Overall, 

while the exact heritability of facial attractiveness may vary depending on the population and 
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methodology used, the available evidence suggests that genetic factors may contribute to 

determining facial attractiveness.  

 

Evidence from prior Meta-Analyses on the Attractiveness-Intelligence Association 

Previous meta-analyses, such as those conducted by Eagly et al. (1991), Feingold 

(1992) and Langlois et al. (2000) explored the connection between attractiveness and various 

metrics of intelligence, including perceived or self-rated attractiveness as well as proxies such 

as grade-point average (GPA), job performance and standardized test scores like the SAT. 

However, these analyses encountered challenges due to the inclusion of heterogeneous 

measures of intelligence, leading to potential distortion of the results. Recognizing the need 

for a more nuanced approach, the present meta-analysis focuses exclusively on studies using 

psychometric IQ-tests to assess intelligence. By narrowing the scope in this manner, the aim is 

not only to refine the investigation but also to address the issue of comparability across 

studies. Importantly, this meta-analysis seeks to explore the stability of the attractiveness-

intelligence relationship across various moderators such as age, gender and attractiveness 

assessment, employing multiverse analysis to assess the robustness of findings.  

 

Methods 

The present meta-analysis was preregistered prior to accessing the data. The pre-

registration protocol is available at the Open Science Framework (OSF; https://osf.io/2asdn/). 

Any deviations from the preregistration protocol are listed in Appendix B. Study quality was 

assessed using the Newcastle-Ottawa Scale (NOS; Herzog et al., 2013), which is accessible in 

Appendix D, Table S2. Following hypotheses were formulated: 

H1: There is a positive association between facial attractiveness and IQ. 

H2: There is a positive association between childhood attractiveness and adult IQ.  

H3: There will be a difference in the association between attractiveness and IQ across 

different age groups.  

H4: There will be a difference in the association between attractiveness and IQ based 

on participants’ sex.   

Previously included factors for subgroup analyses stated in the preregistration protocol (see 

OSF; https://osf.io/2asdn/) (i.e., moderator effects for sex, intelligence tests, and status of 

publication) were also not analyzed due to missing or insufficient data.  
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Literature search 

Potentially relevant studies were searched in three databases (PubMed, Scopus, ISI 

Web of Science) as well as the Open Access Dissertation and Theses (https://oadt.org) for 

grey literature. The following search string was used for the identification of potentially 

eligible articles (intelligen* AND beaut*) OR (intelligen* AND attractive*) OR (IQ AND 

beaut*) OR (IQ AND attractive*). Additionally, a cited reference search of the article by 

Kanazawa & Kovar (2004) was conducted. Titles and abstracts of 1,994 potentially relevant 

articles were screened and full-text versions of 91 studies were obtained (for a flowchart, see 

Fig. 1; excluded records are listed in Appendix E, Table S3). The literature search was 

performed in May 2023 and updated in July 2023. Another update was conducted in 

September 2023. 

 

Inclusion criteria 

Studies had to meet five inclusion criteria in order to be eligible for inclusion in the 

present meta-analysis. First, studies had to investigate the association between intelligence 

and facial attractiveness using Pearson correlation r. Second, intelligence had to be measured 

with psychometric tests (i.e., IQ-tests). Studies that used other methods to measure 

intelligence (e.g., academic achievement, job status, intellectual competence, grade point 

average etc.) were excluded. Thirdly, attractiveness had to be rated in terms of facial 

attractiveness. Ratings of facial attractiveness had to be either dichotomous or polytomous. 

Live ratings of attractiveness (i.e., face to face ratings), photographs and videos were 

included. Fourthly, studies that measured body attractiveness (e.g., hip-to-waist ratio, shoulder 

width, etc.), physical grooming or fashion style were also excluded. There were no age, sex or 

population restrictions. Both adult and child samples were included. Finally, sufficient 

statistical information to calculate the effect size had to be available.  

 

Coding 

Coding was conducted twice independently by a trained researcher [P.T.]. Information 

was coded for the included studies: (i) study characteristics (publication status: published vs. 

unpublished; publication year; manuscript type: journal vs. thesis vs. others; peer-reviewed: 

yes vs. no; funding: yes vs. not reported;), (ii) country, (iii) sample descriptors (sample size; 

mean age; sample type: children vs. adults vs. mixed; percentage of males within sample;), 

(iv) intelligence measurements (IQ-test; mean; standard deviation; reliability;), (v) 

attractiveness measurements (attractiveness type: live vs. photographs vs. videos; 
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attractiveness ratings: dichotomous vs. polytomous; raters; attractiveness scale; reliability;), 

(vi) statistical parameters (effect size; p-values;). In case of missing information, 

corresponding authors were contacted twice (two weeks after the first contact) if authors did 

not respond. If the authors did not respond or if there was no active email address was 

reported, respective studies were excluded. The coding file is available on OSF 

(https://osf.io/2asdn/).  

 

Data analysis 

 Analysis was conducted using the free open-source software R 4.3.1 (R Core Team, 

2022). First, effect sizes were transformed into Fisher’s z and synthesized by precision-

weighted random effects model. I² was calculated as a descriptive measure of heterogeneity 

and interpreted for 25%, 50%, and 75% representing lower thresholds of small, moderate or 

large heterogeneity, respectively (Higgins et al., 2003) and prediction intervals (Borenstein, 

2021). Afterwards, z-transformed coefficients were transformed back to the r-metric to 

facilitate interpretation.         

 Subgroup analyses were conducted to assess the influence of moderator variables 

using a mixed-effects model (based on random-effects models). Effect sizes of the subgroup 

analyses were grouped according to sample type (children vs. adults vs. mixed) and 

attractiveness assessments (live vs. photographs) (see Table 3). For the moderator analysis of 

the categorical variable “sample type” (children vs. adults vs. mixed), “adults” was used as 

the reference group, while the other two categories were dummy-coded (see Table 3). Recent 

evidence in psychological literature suggests a decline-effect over time (Schooler, 2011; 

Pietschnig et al., 2019). Publication year as a continuous moderator was explored to ascertain 

the presence of a decline-effect (see Table 4). Additionally, mean age was examined through 

meta-regression to determine its impact as a moderator on the relationship between 

intelligence and attractiveness (see Table 4). The possible impacts of leverage points were 

evaluated using leave-one-out analyses (see Table 5).      

 To detect dissemination bias, several bias detection methods were performed. Since 

the final sample only included published studies, the full dataset was analyzed for publication 

bias. First, funnel plots were generated to visually detect indications of asymmetry. Egger’s 

regression test (Sterne & Egger, 2005) and the rank correlation method (Begg & Mazumdar, 

1994) were used to examine potential funnel plot asymmetries. The trim-and-fill method 

(Duval & Tweedie, 2000) was deployed to estimate the number of ‘missing’ studies in an 

asymmetric funnel plot.         
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 Furthermore, three methods to assess publication bias (p-curve, p-uniform, p-

uniform*) were used to estimate meta-analytical summary effects based on p-value 

distributions of significant published studies (Simonsohn et al., 2014; van Assen et al., 2015; 

van Aert & van Assen, 2021). The p-curve method only uses significant p-values (p < .05) to 

create a distribution of significant p-values across a set of studies to show whether there is 

evidence for a true effect. It estimates effect sizes by aligning the theoretical distribution with 

the observed p-values. In presence of publication bias, the average true effect size deviates 

from the average observed effect size (Simonsohn et al., 2014). Right-skewed p-curves 

indicate that the studies in the set yielded significant results, implying that a true effect is 

detectable. Left-skewed curves reveal potential p-hacking or questionable research practices. 

If the p-values are uniformally distributed across the range, it suggests a lack of evidence. In 

other words, the studies in the set do not provide meaningful information to support or reject 

the hypothesis. The approach is also used to detect potential p-hacking, indicated by a reduced 

right skew of the p-curve (Simonsohn et al., 2014). To calculate p-curve, I used the p-curve 

app (Simonsohn et al., 2015; https://p-curve.com).       

 P-uniform corrects for publication bias in meta-analyses by leveraging the distribution 

of p-values from the included studies. It evaluates the distribution of conditional p-values to 

detect any left-skewness, which can indicate publication bias, within a fixed-effect model 

framework. The method assumes that, under the null hypothesis, the p-values should form a 

uniform distribution. By using this property, p-uniform estimates the effect size while 

adjusting for potential bias introduces by selective reporting (van Assen et al., 2015; McShane 

et al., 2016).            

 P-uniform* works in a similar manner as p-uniform, but additionally accounts for 

heterogeneity in the data, making it more flexible and applicable to a wider range of meta-

analyses. It incorporates both significant and non-significant studies, enhancing accuracy and 

reducing overestimation due to heterogeneity. P-uniform* corrects for publication bias by 

calculating the effect size under the assumption that, under the null hypothesis, the p-values 

from the studies should be uniformly distributed. This correction enables a more precise 

estimation of the actual effect size, even when there is heterogeneity among the studies (van 

Aert & van Assen, 2021) (for a detailed description of publication bias detection methods see 

Table S4, Appendix G).         

 Specification curve analysis (SCA) was employed to test different combinations of 

how the data was analyzed (internal “which” and external “how” factors) (see 

https://osf.io/nkv46/ for the R Code from Voracek et al., 2019). These specifications are 

https://p-curve.com/
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characterized by being sensible tests of the research question, expected to be statistically valid 

and non-redundant with others in the set. The graphic results display the estimated effect sizes 

across all specifications, sorted by magnitude, with a corresponding “dashboard chart” 

elucidating the operationalizations behind each result. This visual representation facilitates the 

identification of influential studies. The test evaluates whether, collectively, the specifications 

reject the notion that the effect is non-existent. In other words, SCA shows whether the total 

number of results allow the rejection of the null hypothesis. This also allows the comparison 

of results across different specifications. SCA comprises of three steps, (i) the identification of 

reasonable specifications (which data to analyze, and how), (ii), visualization and description 

of the results, and (iii) inference of conclusion across all specifications (Simonsohn et al., 

2020). In the present meta-analysis, only two internal factors were analyzed: i) sample type 

(children vs. adults vs. mixed), and ii) attractiveness assessment (live vs. photographs). These 

specifications yielded 3 * 2 = 6 combinations. The external factors were: i) effect size (i.e., 

Pearson’s r and z-transformed coefficients), and ii) estimator type (i.e., random-effects 

DerSimonian-Laird vs. random-effects restricted maximum-likelihood estimators vs. fixed-

effect estimation vs. unweighted estimation). These specifications resulted in 2 * 4 = 8 

combinations to analyze the same data. In total, the combination of factors yielded 6 * 8 = 48 

unique ways to analyze the data.       

 Combinatorial meta-analysis was used to investigate between-study heterogeneity and 

to identify potential influential studies. In this approach, separate meta-analyses are performed 

on all possible subsets of studies that are included in the meta-analysis. Graphical Display of 

Study Heterogeneity plots (GOSH-plots) are used as visualizations for the possible subsets. 

The method involves reporting the results for all or a significant random subset of “reasonable 

specifications” 2k – 1 (Olkin et al., 2012). In the present study, I obtained (i) 214 – 1 = 16,383 

combinations for the full dataset, and (ii) 213 – 1 = 8,191 for the trimmed dataset. GOSH-plots 

were used to visually explore the heterogeneity among studies and to detect any potential 

subpopulations with differing average effect sizes. By examining the distribution of effect 

sizes across all possible subsets of studies, GOSH-plots can reveal patterns that might not be 

apparent from a single meta-analysis. For instance, the presence of two or more distinct 

clusters within the plot may suggest the existence of subpopulations that vary in their average 

effect size (Olkin et al., 2012). This visual inspection helps in understanding the underlying 

structure of the data and in identifying studies that may disproportionately influence the 

overall results.           

 One study (Kanazawa, 2011 – Group A) presented an exceptionally high correlation 
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coefficient (r = .38), contrasting with the consistently lower correlations found in other studies 

encompassed within this meta-analysis. To assess the impact of this leverage point, the data 

was analyzed twice: initially including all studies (k = 14), and subsequently with a trimmed 

dataset excluding the outlier study (k = 13). This approach aims to ensure the robustness of 

the analysis by examining the potential effects of this leverage point.  
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Figure 1. Flow-chart of study inclusion. 
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Final sample 

 The final sample included a total of nine studies with 14 subsets (N = 50,156). 

Studies that were excluded due to various reasons can be found in Table 3, Appendix E. In 

total, the present meta-analysis contains five children-only samples, eight adults-only samples 

and one mixed-age sample. The age of participants ranged from seven to 60 and the majority 

of participants were from the United States of America (N = 30,489). Only three studies (k = 

3) used live ratings of attractiveness, the remaining studies used photographs (k = 11) 

depicting participants’ faces with neutral expression under standardized conditions. While 

most studies deployed a Likert-Scale to rate attractiveness (k = 13), only one study used a 

forced-choice, dichotomous rating (k = 1) conducted by two elementary teachers of the 

students (Kanazawa, 2011 – Group A). A detailed breakdown of attractiveness assessment 

methods can be found in Table 1. While in most included studies, fellow colleagues or college 

undergraduates rated attractiveness (k = 8), one study used “trained coders” (Härtel et al., 

2023). Regarding the assessment of intelligence, the most common used IQ-tests were the 

Stanford-Binet Intelligence Scale, the Wechsler Adult Intelligence Scale (WAIS-III, WAIS, 

WAIS-R), the Raven Progressive Matrices Test (RPM), the Multidimensional Aptitude 

Battery (MAB), Intelligence Structure Test 2000 R (IST-R 2000) and the Henmon-Nelson 

Test of Mental Ability (see Table 1 for a detailed description of applied IQ-tests, for further 

description see Appendix F).  
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Table 1. Details of included studies.  

Reference N Sample 

type 

r p-value Intelligence Measurement Attractiveness 

Measurement 

Attractiveness Judges % of 

Males 

Journal 

Kanazawa 

(2011) – 

Group A 

 

17,419 

 

 

 

Children .381 

 

< .001 Age 7: Copying Designs Test, Draw-a-

Man Test, Southgate Group Reading 

Test, Problem Arithmetic Test  

Age 11: Verbal General Ability Test, 

Nonverbal General Ability Test, 

Reading Comprehension Test, 

Mathematics Comprehension Test, 

Copying Designs Test  

Age 16: Reading Comprehension Test, 

Mathematics Comprehension Test 

 

live Two elementary 

school teachers 

 

n/a Intelligence  

Kanazawa 

(2011) – 

Group B  

 

20,745 Mixed .126 < .001 Peabody Picture Vocabulary Test 

(PPVT) 

live 

 

Interviewer n/a Intelligence 

Colladon 

et al. 

(2018) 

200 Adults -.042 n/p Raven's Advanced Progressive 

Matrices test 

n/a  Colleagues/fellow 

students  

51% International 

Journal of 

Entrepreneurs

hip and Small 

Business 

 

Lee et al. 

(2017) 

1,660 Children .01 .517 The Multidimensional Aptitude Battery 

(MAB) 

 

 

photographs Seven or 14 raters n/a Intelligence 

Judge et al. 

(2009) 

191 Adults .16 < .05 Wechsler Adult Intelligence Scale 

(WAIS) 

Schaie-Thurstone Letter Series test 

Raven's Advanced Progressive 

Matrices test 

photographs Six undergraduates n/a Journal of 

Applied 

Psychology 

 

 

 

Kleisner et 

al. (2014) 

80 Adults -.003  n/p  

 

Intelligence Structure Test 2000 R 

(ISTR-2000) 

 

photographs 160 (75 men, 85 

women) raters 

50% PloS one 
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Zebrowitz 

et al. 

(2002) 

N1 = 186 

N2 = 176 

N3 = 170 

N4 = 123 

Mixed  .26 

.16 

.21 

.22 

< .001 

≤ .05 

≤ .01 

≤ .01 

 

Childhood, puberty, adolescence: 

Stanford-Binet  

Adulthood: Wechsler Adult 

Intelligence full scale (WAIS-R)  

photographs College 

undergraduates  

46.24% 

47.73% 

47.06% 

54.53% 

Personality 

and Social 

Psychology 

Bulletin 

Gangestad 

et al. 

(2010) 

 

66 Adults .18 n/p Raven’s Advanced Progressive 

Matrices, 12-Item Version 

photographs 20 (10 male, 10 

female) raters 

100% Evolution and 

Human 

Behavior 

Härtel et 

al. (2023) 

311 Adults -.02 n/p   

 

Raven's Advanced Progressive 

Matrices, 15-Item Version 

German multiple-choice vocabulary 

test B (Mehrfachwahl-Wortschatz-Test 

B, MWTB) 

 

photographs Six trained coders 

 

47.92% European 

Journal of 

Personality 

Scholz & 

Sicinski 

(2015) 

8,623 Adults .031 < .1 

 

Henmon-Nelson Test of Mental Ability photographs 12 (six male, six 

female) raters 

100% The Review of 

Economics 

and Statistics   

 

Note. N = sample size; r = Pearson correlation coefficient;  
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Results 

Main analyses 

 Random-effects analyses were calculated for the full data and for the trimmed dataset 

(without the dataset from Kanazawa (2011) – Group A since it yielded an exceptionally high 

correlation between intelligence and attractiveness (r = .38)) (see Fig. 2A, 2B, Table 2). The 

full dataset condition resulted in a significant summary effect of r = .13 (k = 14, p = .0005, 

95% CI [0.06, 0.20]), showing a small correlation between intelligence and attractiveness. 

Between-study heterogeneity was substantial for the full dataset (k = 14, Q = 1155.20, p < 

.0001, I² = 97.53%, τ² = 0.012, SE = 0.008). Outlier analysis by the leave-one-out method 

revealed the influential impact of the dataset by Kanazawa (2011) – Group A on overall 

results (see Table 5). Analysis excluding this outlier also showed a significant summary effect 

of r = .10 (k = 13, p = .0004, 95% CI [0.04, 0.15]), albeit more modest in magnitude. 

Between-study heterogeneity of the trimmed dataset was greatly reduced (k = 13, Q = 88.32, p 

< .0001, I² = 88.96%, τ² = 0.006, SE = 0.004). The potential moderating effects of age 

(children vs. adults vs. mixed) and attractiveness assessment (live vs. photographs) on the 

correlation between attractiveness and intelligence were analyzed for both the full dataset (k = 

14) and the trimmed dataset (k = 13) (see Table 3). Overall and subgroup summary effects are 

provided in Table 2. 

 

Subgroup analyses 

 Results showed that the effect was stronger in children r = .21 (p = .003, 95% CI 

[0.07, 0.35]) compared to adults r = .06 (p = .047, 95% CI [0.0008, 0.12], see Table 2), 

indicating that the relationship between intelligence and attractiveness is more pronounced in 

children. The heterogeneity was moderate in adult samples (I² = 47.23%), suggesting some 

variability in the effect sizes across studies, whereas it was very high in children samples (I² = 

95.70%), indicating substantial variability.        

 As for the method of attractiveness assessment, live ratings yielded a higher 

correlation r = .17 (p = .188, 95% CI [-0.08, 0.42]) compared to ratings based on photographs 

r = .11 (p = .001, 95% CI [0.04, 0.17], see Table 2). However, the results for live ratings were 

insignificant (p = .188). This suggests that the observed higher correlation for live ratings may 

be due to random variation rather than a true effect. In contrast, the effect for photograph 

ratings was significant, suggesting that there is a true, albeit modest, association between 

intelligence and attractiveness when attractiveness is assessed via photographs.  
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Moderator analysis 

 Moderator analysis showed that the sample type (children vs. adults vs. mixed; adults 

used as reference category) explained only 11.83% of variance in the relationship between 

intelligence and attractiveness (see Table 3). There was a marginal difference between the 

effect of children and adults, with children-only samples tending to show a stronger effect r = 

.14 (p = .064, 95% CI [-0.008, 0.29]), although this finding was not statistically significant. 

No nominally significant influence was observed between mixed and adult samples r = .07 (p 

= .141, 95% CI [-0.02, 0.17]). Overall, while the sample type shows a marginally stronger 

effect for children compared to adults, the influence of sample type on the relationship 

between IQ and attractiveness is not nominally significant (Q = 3.45, df = 2, p = .181). 

Similarly, although the overall effect for live ratings was positive r = .18 (p = .015, 95% CI 

[0.04, 0.33], see Table 3), the type of attractiveness assessment (live vs. photographs) did not 

have a statistically significant influence on the relationship between intelligence and 

attractiveness (Q = 0.613, df = 1, p = .434). It is important to note that among the three studies 

using live assessments, the outlier study by Kanazawa (2011 – Group A) was included, which 

may have skewed the results. The type of attractiveness method also only explained 0.64% of 

variance in the association between intelligence and attractiveness (see Table 3).  

 Initially, several other potential moderators, including intelligence assessment methods 

(e.g., Stanford-Binet vs. WAIS, etc.), gender (men only vs. women only), and publication 

status (published vs. unpublished) were intended for investigation. However, this proved 

unfeasible due to missing and/or insufficient data (see Appendix B).  

 Publication year as a continuous moderator was examined by linear precision-

weighted meta-regression and yielded a significant influence on the association between 

attractiveness and intelligence (b = -.012, Q = 885.79, R² = 26.71%, p = .018, see Table 4). In 

other words, as the years of publication increase, the effect between attractiveness and 

intelligence seems to decrease. Mean age as a continuous moderator did not yield a significant 

influence on the association between attractiveness and intelligence (b = -.002, Q = 501.50, R2 

< 0.01%, p = .524, see Table 4). The investigation into the male ratio was initially intended. 

However, the analysis of this aspect was deferred due to insufficient data availability (see 

Appendix B). 
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Figure 2. Forest plots. Panel A displays the full dataset (k = 14), panel B shows the trimmed 

dataset without the outlier dataset (k = 13).
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Table 2. Random-effects estimates of overall data and subgroup analyses.  

 

Note. SE = standard error; 95% CI = 95% lower and upper bound of 95% confidence interval; Q = Cochran’s Q test statistic for heterogeneity; τ² = between-studies variance; I² = 

ratio between true heterogeneity and observed variation;  

 

Table 3. Numeric outcomes of moderator analyses. 

Predictor   r R² p-value 95% CI Q QM τ (SE) I² 

Age (reference group: adults) .072 11.83% 0.141 [-0.02, 0.17] 256.566*** 3.425 (df = 2) 

 

0.115 (0.008) 88.12% 

Children 

Mixed 

.139 

.055 

 0.064 

0.664 

[-0.008, 0.27] 

[-0.19, 0.30] 

    

Attractiveness assessment (live) .181 0.64% 0.015* [0.04, 0.33] 759.770*** .613 (df = 1) 0.123 (0.008) 96.83% 

Photographs -0.07  0.434 [-0.24, 0.10]     

Note. b = unstandardized regression coefficient; R² = proportion of variance in the dependent variable explained by the independent variable; SE = standard error; 95% CI = 95% 

lower and upper bound of 95% confidence interval; Q = Cochran’s Q test statistic for heterogeneity; QM = test of moderators; τ² = between-studies variance; I² = ratio between 

true heterogeneity and total observed variation; *p < .05; ***p < .001. 

 Summary effect (r) SD p-values 95% CI Q τ² (SE) I2 

Full dataset (k = 14) .131 0.037 .0005 [0.06, 0.21] 1155.204*** 0.0151 (0.008) 97.53% 

Trimmed dataset (k = 13) .097 0.273 .0004 [0.04, 0.15] 88.324*** 0.0056 (0.004) 88.96% 

 

Adults (k = 8) .061 0.031 .047 [0.0008, 0.12] 12.138* 0.0029 (0.004) 47.23% 

Children (k = 5) .211 0.072 .003 [0.07, 0.35] 244.428*** 0.0224 (0.181) 95.70% 

Mixed (k = 1) .217 0.007 < .0001 [0.11, 0.14] 0.000 0.000 (0.000) 0% 

live (k = 3) .169 0.128 .188 [-0.08, 0.42] 730.317*** 0.0476 (0.049) 99.78% 

photographs (k = 11) .106 0.032 .001 [0.04, 0.17] 29.453*** 0.0065 (0.005) 77.16% 
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Table 4. Numeric outcomes of linear-precision-weighted meta-regression. 

Predictor b (SE) R² p-value 95% CI Q τ (SE) I² 

        

Publication year -0.012 (0.005) 26.71% .018* [-0.02, -0.002] 885.785*** 0.011 (0.006) 96.41% 

 

Age (mean) 

 

-0.002 (0.003) < 0.01% .524 [-0.008, 0.004] 501.497*** 0.016 (0.008) 96.38% 

Note. b = unstandardized regression coefficient; R² = proportion of variance in the dependent variable explained by the independent variable; SE = standard error; 95% CI = 95% 

lower and upper bound of 95% confidence interval; Q = Cochran’s Q test statistic for heterogeneity; τ² = between-studies variance; I² = ratio between true heterogeneity and total 

observed variation;
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Table 5. Leave-one-out analyses. 

Study name Summary effect SE p-value 95% CI Q τ² I² 

Kanazawa (2011) – Group A r = 0.097 0.027 .0004 

 

[0.04, 0.15] 88.324*** 

 

0.006 88.96% 

Kanazawa (2011) – Group B r = 0.130 0.041 .0013 [0.05, 0.21] 958.086*** 
 

0.017 95.81% 

Colladon et al. (2018) r = 0.142 0.038 .0002 [0.07, 0.22] 1143.672*** 
 
 

0.014 97.60% 

Lee et al. (2017) r = 0.141 0.039 .0003 [0.07, 0.22] 1092.488*** 0.015 97.55% 
 
 
Judge et al. (2009) 

 
 
r = 0.128 

 
 
0.040 

 
 
.0013 
 

 
 
[0.05, 0.21] 

 
 
1154.903*** 

 
 
0.016 

 
 
97.86% 

 
Kleisner et al. (2014) 

 
r = 0.137 

 
0.039 

 
.0004 

 
[0.06, 0.21]   
 

 
1154.985*** 
 

 
0.015 

 
97.75% 

        
Zebrowitz et al. (2002) – childhood r = 0.120 0.039  .0018 [0.05, 0.20] 

 
1151.432*** 
 

0.015 97.71% 

Zebrowitz et al. (2002) - puberty r = 0.128 0.040 .0013 [0.05, 0.21] 1154.927*** 0.016 97.86% 
        
Zebrowitz et al. (2002) – adolescence r = 0.124 

 
0.039 
 

.0016 
 

[0.05, 0.20] 
 

1154.180*** 0.016 97.81% 

        
Zebrowitz et al. (2002) – adulthood r = 0.125 

 
 

0.039 .0015 [0.05, 0.20] 
 
 

1155.143*** 0.016 97.80% 

Zebrowitz et al. (2002) – later adulthood r = 0.131 
 

0.040 .0009 [0.05, 0.21] 
 

1155.496*** 0.016 97.87% 

        
Gangestad et al. (2010) 
 

r = 0.127 0.039 .0010 [0.50, 0.20] 1153.180*** 0.016 97.81% 

Härtel et al. (2023) r = 0.142 0.038 .0002 [0.07, 0.22] 
 

1140.025*** 
 

0.015 97.61% 

Scholz & Sicinski (2015) r = 0.140 0.040 .0004 [0.06, 0.22] 853.288*** 0.016 96.85% 

Note. SE = standard error; 95% CI = 95% lower and upper bound of 95% confidence interval; Q = Cochran’s Q test statistic for heterogeneity; τ² = between-studies variance; I² = 

ratio between true heterogeneity and observed variation;  
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Dissemination Bias 

 The full dataset was analyzed for publication bias (k = 14) since all studies included 

were previously published. Out of the seven methods that were used to assess dissemination 

bias, most did not show strong indications of publication bias. The presence of the leverage 

study (Kanazawa, 2011 – Group A, r = .38) may have masked some indications for 

publication bias, and inflated the overall effect size estimate. However, evidence for 

publication bias was also not substantial in the trimmed analysis. Numerical outcomes of 

publication bias detection methods are provided in Table S4, see Appendix G.    

 While the funnel plot shows no evidence for publication bias in the full data analysis 

(Fig. 3A), the funnel plot becomes slightly asymmetric in the trimmed dataset, adding 3 

studies on the left side of the funnel plot (Fig. 3C). This asymmetry highlights the influence of 

the leverage point (Kanazawa, 2011 – Group A, r = .38) on the overall results. Trim-and-fill 

analyses also indicate no missing studies on the right side of the funnel plot for the trimmed 

dataset, but the funnel plot shows slight asymmetry in the trimmed dataset, revealing 3 

missing studies on the left side. This suggests that including the outlier dataset may have 

masked the presence of publication bias. Power-enhanced funnel plots were used to assess the 

average power of the included studies. Figure 3B and 3D show that most studies had lower 

power, particularly in the trimmed analysis (Fig. 3D). The median power of the full analysis 

was 43.8%, while for the trimmed analysis, it dropped to 26.3%, likely due to the exclusion of 

the outlier study, which had a large effect size and contributed to the overall power of the 

meta-analysis. The Replicability-Index was 30.5% for the full analysis, suggesting a low 

probability of replicating the average individual effect size. In the trimmed analysis, the 

Replicability-Index dropped to 0%, due to the exclusion of the leverage point. The test of 

excess of significance revealed that there were 8 significant findings out of 14 studies (p = 

.999), whereas the expected number of significant findings was 11.69 based on the estimated 

power (within-study average power = 86.7%). The observed-to-expected ratio was 0.684, 

indicating fewer significant results than anticipated. For the trimmed analysis, the within-

study average power dropped to 27.04%, again highlighting the influence of the leverage 

point. Due to the limited power, studies had a limited ability to detect a true effect in the 

trimmed analysis. Paradoxically, studies of the trimmed analysis were more successful in 

finding significant results (7 significant findings, expected number of significant findings = 

5.43, p = .208). However, both the full and the trimmed analysis showed non-significant p-

values, indicating no strong evidence of excess significant findings in either analysis. Results 

from Egger’s regression test did not reveal any asymmetry either for the full analysis (Z = -
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.660, p = .522), or for the trimmed analysis (Z = -.201, p = .845). The rank correlation 

method, however, showed evidence for publication bias in the full analysis (τ = .427, p = 

.036). When excluding the leverage point, indices for publication bias diminishes (τ = .256, p 

= .252).            

 P-curve, based on 8 significant studies, indicated no evidence for publication bias and 

p-hacking. The right-skewed distribution of p-values (see Fig. 4), with a higher frequency of 

small values (i.e., those close to p = .01) compared to larger p-values (i.e., those close to p = 

.05), suggests the presence of true underlying effects rather than p-hacking or selective 

reporting. P-uniform also showed little evidence for p-hacking in the full dataset and no 

evidence for publication bias in the trimmed analysis. The adjusted effect size was r = .126 (p 

= .003) for the full analysis, and r = .116 (p = .009) for the trimmed analysis. The test for 

publication bias was significant in the full analysis (p = .050), indicating potential p-hacking. 

This evidence for p-hacking disappeared in the trimmed dataset (p = .620), underscoring that 

the evidence for publication bias is weaker when the outlier study is excluded. The adjusted 

estimate from p-uniform* was r = .139 for the full analysis compared to a substantially lower 

estimate of r = .081 for the trimmed analysis. The test of the null hypothesis was significant in 

the full analysis (p = .035), while it becomes marginally insignificant in the trimmed analysis 

(p = .053). The adjusted estimate is likely inflated by the outlier study in the full analysis. 

 In summary, the rank correlation method and p-uniform suggest potential publication 

bias in the full dataset, however this evidence is not consistent and robust across all methods. 

The inclusion of the outlier study (Kanazawa, 2011 – Group A) has obscured some indications 

of publication bias and inflated the overall effect size estimate. When this outlier is removed, 

the evidence for publication bias yields mixed results. In the trimmed dataset, methods such 

as the funnel plot, the trim-and-fill method, Egger’s regression test, and p-uniform* show 

slight indications of bias. This emphasizes the impact of the leverage point (Kanazawa, 2011 

– Group A) on the true effect size. The influence of this outlier can also be observed by the 

significant drop in average power as shown by the funnel plots. Additionally, the decrease in 

within-study average power from 86.7% in the full dataset to 27.04% in the trimmed analysis 

highlights the substantial effect of the outlier on the power and reliability of the findings. 

Overall, the results show that there are no strong indications for substantial publication bias in 

the present meta-analysis.  
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Figure 3. Contour-enhanced funnel plots with imputed trim-and-fill values and Egger’s 

regression line (left, Fig. 3A, 3C) and power-enhanced funnel plots (right, Fig. 3B, 3D). The 

top line shows funnel plots of the full dataset (k = 14), the bottom line displays the trimmed 

dataset (k = 13). Study power ranges from 0 to 10 percent (dark red) to 80 to 90 percent (dark 

green) in 10 percent increments. Median average power was 43.8% for the full analysis (Fig. 

3B), and 26.3% for the trimmed analysis (Fig. 3D). 
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Figure 4. p-Curve based on eight statistically significant results (p < .05), of which six are p 

< .025. Six additional records were excluded from p-curve because they were p > .05. The 

blue line represents the distribution of observed p-values. The red dashed line represents the 

expected distribution under the null hypothesis of no effect. The green dashed line displays the 

condition of a true effect and underpowered studies (33% power). 

 

 

 

 

 

 

 

 

 

 

 

 

Specification curve analysis 

 Specification curve analyses are displayed in Fig. 5. All 48 specifications yielded a 

positive summary effect (see Fig. 5A), meaning that regardless of the analytical choices made, 

the association between intelligence and attractiveness remained positive. None of these 

specifications led to a null or negative effect, indicating the robustness of the effect. This 

consistency suggests that the observed effect is not highly sensitive to the specific analytical 

choices made. Similarly, analysis of the trimmed dataset also revealed positive summary 

effects (see Fig. 5B). This further supports the robustness of the positive association between 

intelligence and attractiveness. While the analysis is robust across the specifications tested, 

the limited number of internal factors analyzed means that the robustness could be tested 

more thoroughly with additional factors. Typically, more than two internal factors (age and 

attractiveness assessment) are included in specification curve analyses to provide a more 
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nuanced picture of robustness. However, the consistent positive effects across all 

specifications indicate a robust association between intelligence and attractiveness. Overall, 

the results reinforce the conclusion that more attractive people tend to be more intelligent, 

regardless of the specific analytical choices.  

 

Combinatorial meta-analysis 

 Combinatorial meta-analyses are visualized in Figure 6 (GOSH plots). Analysis of the 

full dataset yielded 16,383 different combinations, a relatively small number for meta-

analyses. Overall heterogeneity was substantial for the full dataset (k = 14), which suggests 

that the effect sizes across the included studies vary considerably. A bimodal pattern can be 

observed in the full dataset analysis, indicating that there are likely two distinct subgroups or 

clusters of effect sizes within the dataset. The reduction in heterogeneity in the trimmed 

dataset (k = 13), as shown by largely overlapping distributions, suggests that the leverage 

point was a major contributor to the observed heterogeneity. Removing this outlier has 

resulted in a more homogenous set of studies (Fig. 6B). This suggests that the remaining 

studies (k = 13) have more consistent effect sizes, leading to a more reliable and interpretable 

meta-analytic result. After removing the leverage point (Kanazawa, 2011 – Group A), the 

remaining studies form a more homogenous set, which indicates that the true effect size of the 

association between intelligence and attractiveness is more consistent across these studies. 

The reduction in heterogeneity improves the robustness of the meta-analytic conclusions. This 

suggests that the observed association between intelligence and attractiveness is more robust 

and not primarily driven by extreme values from a single study. The small spike in the 

trimmed dataset suggests that there may still be minor variations or subgroups within the 

remaining studies. However, these variations are less pronounced than in the full dataset, 

indicating that the overall effect size is more stable. 
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Figure 5. Specification Curve Analysis. The bottom panel represents “which” and “how” 

factors. The middle panel represents the number of samples within the subsets. The top panel 

displays the estimated summary effects with respective 95% of confidence intervals. 
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Figure 6. GOSH-Plots. Each dot represents the summary effect of a random subset of studies. 

Panel A displays the full data (k = 14), which resulted in 16,383 combinations. Panel B shows 

the trimmed data (k = 13), yielding 8,191 different combinations. Subset estimations including 

at least one of the studies with larger effect sizes are visualized in red. Distributional densities 

are shown on the top (summary effects) and on the right side (I² values) of the plot.  
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Discussion 

The Dual Influence of Attractiveness: About the Health-Attractiveness Association, 

Social Reinforcement, and its Impact on Intelligence 

The present meta-analysis provides evidence for a small yet robust association 

between intelligence as measured by psychometric IQ-tests and physical attractiveness. 

Despite the modest effect size, robustness analyses showed consistent results even after 

removing an influential outlier dataset. The correlation between intelligence and facial 

attractiveness aligns with previous theoretical perspectives and empirical findings. The “good 

genes” theory suggests that facial attractiveness serves as an indicator of genetic fitness and 

overall quality, including intelligence (Thornhill & Gangestad, 1993; Jones et al., 2001). 

There is a high degree of agreement both within and across cultures on what constitutes an 

attractive face (Cunningham et al., 1995; Langlois et al., 2000; Coetzee et al., 2014; 

Holzleitner et al., 2019), implying the presence of an underlying evolutionary mechanism for 

detecting “good genes”. However, given the small correlation, it remains questionable 

whether physical attractiveness signals high intelligence or merely good health in general. The 

modest effect size suggests that the practical implications of this relationship may be limited. 

It is possible that attractiveness may serve as a more general indicator of good health, which 

can indirectly relate to cognitive functioning. Other factors beyond genetic fitness likely play 

a crucial role in determining intelligence, such as environmental influences (Nisbett et al., 

2012; Pietschnig & Voracek, 2015), epigenetic factors (Haggarty et al., 2010; Yu et al., 2012; 

Kaminski et al., 2018), neurological and brain development factors (Deary et al., 2010; 

Menary et al., 2013; Schnack et al., 2015), motivation and personality traits (Chamorro-

Premuzic & Furnham, 2003; O’Connor & Paunonen, 2007) cultural and societal factors (De 

Oliveira & Nisbett, 2017), and parenting and family environment (Turkheimer et al., 2003; 

Bates et al., 2013). These factors may interact with genetic predispositions in complex ways, 

shaping an individual's intellectual potential and cognitive development.   

 Both intelligence as well as physical attractiveness can be seen as indicators of 

underlying genetic fitness. For example, facial symmetry, a key component of attractiveness, 

is associated with good health and genetic quality (Thornhill & Gangestad 1993; Rhodes et 

al., 2001; Švegar, 2016). Facial symmetry is thought to reflect developmental stability, which 

is the ability for an organism to maintain stable development despite environmental stressors 

(Gangestad, 2022). Individuals with higher developmental stability are more likely to have 

symmetrical faces and are also more likely to have better overall health (Thornhill & 

Gangestad, 2006). Similarly, skin appearance has been identified as another important factor 
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of facial attractiveness. Healthy skin is often associated with a balanced diet, adequate 

hydration, and a healthy lifestyle (Henderson et al., 2016; Pullar et al., 2017; Ryosuke et al., 

2021). These lifestyle factors not only contribute to an attractive appearance but also promote 

overall health and well-being. The connection between attractiveness and health is 

particularly relevant when considering the relationship between intelligence and physical 

attractiveness. Individuals possessing higher cognitive abilities may show better health 

behaviors, which indirectly influences physical attractiveness. For instance, it was shown that 

a higher IQ is associated with overall lower rates of mortality (Betty et al., 2007). By contrast, 

lower IQ is linked with a wide range of negative health outcomes such as obesity (Goldberg et 

al., 2014), alcohol consumption (Sjölund et al., 2015), cigarette smoking (Weiser et al., 2010) 

and higher rates of coronary heart disease (Silventoinen et al., 2007; Yang et al., 2022). Thus, 

the interplay between health behaviors and cognitive abilities highlights how both can 

significantly impact physical attractiveness. Good health has also been shown to have a 

positive impact on cognitive development and performance (Bellisle, 2004; Haas, 2008). 

Children with better health tend to have higher IQ scores and better academic performance 

(Haas, 2008). Given the strong link between attractiveness and health, and the positive impact 

of good health on cognitive development and intellectual performance, it is plausible that the 

observed correlation between intelligence and physical attractiveness may be partially 

mediated by overall health. Attractive individuals, who are more likely to have good health, 

may also benefit from the cognitive advantages associated with a healthy lifestyle and optimal 

physical well-being.          

 Furthermore, the association between intelligence and physical attractiveness can be 

explained by the positive treatment of attractive individuals, which may influence the 

development and expression of cognitive abilities. This in turn could lead to a positive 

feedback loop that reinforces the correlation between IQ and physical attractiveness. Research 

suggests that individuals perceived as physically attractive often receive preferential treatment 

in various social and professional contexts, known as the "beauty premium" (Rosenblat, 2008; 

Deryugina & Shurchkov, 2015). This differential treatment can manifest in numerous ways, 

such as receiving more attention, praise, and opportunities for social interaction and 

advancement (Langlois et al., 2000). Such favorable treatment can have cascading effects on 

psychological well-being and self-esteem, providing a conducive environment for cognitive 

development and expression. For instance, individuals who experience positive reinforcement 

due to their attractiveness may feel more confident and socially competent, which can 

facilitate engagement in intellectually stimulating activities, such as academic pursuits or 
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creative endeavors (Feingold, 1992; Lemay et al., 2010). Moreover, the heightened social 

visibility and influence enjoyed by attractive individuals may afford them greater 

opportunities for intellectual engagement and recognition, further enhancing their cognitive 

abilities. As a result, the positive treatment of attractive individuals not only perpetuates the 

attractiveness stereotype but also creates conditions conducive to the development and 

expression of cognitive abilities, thereby contributing to the observed correlation between IQ 

and physical attractiveness.  

 

The Declining Correlation Between Attractiveness and Intelligence Over Time 

 The results revealed a declining trend in the strength of the attractiveness-intelligence 

correlation over time, with more recent studies reporting smaller effect sizes. The observed 

decline-effect is not unique to the domain of psychology and has been documented in various 

fields including medicine and biology (Schooler, 2011; de Bruin & Della Sala, 2015; 

Pietschnig et al., 2019). The decline in the attractiveness-intelligence association may be 

attributable to methodological improvements in more recent research, such as the use of larger 

and more representative samples, better control of confounding variables, or more robust 

measurement techniques. It is also plausible that earlier studies suffered from methodological 

limitations or publication biases that inflated the observed effects. As research practices 

improve and more rigorous standards are adopted, effect sizes may naturally decrease to 

reflect a more accurate estimation of the true underlying correlation (Schooler, 2011). In light 

of these considerations, more recently published studies may provide a more reliable picture 

of the association between intelligence and attractiveness. 

 

Age-Dependent Differences in the Attractiveness-Intelligence Correlation: Stronger 

Association in Children Compared to Adults  

The correlation between attractiveness and intelligence was stronger for children-only 

samples compared to adults-only samples. However, examination through moderator analysis 

revealed no significant differences between the age groups, indicating that the observed 

differences in correlation strength may be due to chance, rather than a true difference. Despite 

this, several factors might contribute to the observed trends. Children, particularly infants, 

naturally possess features aligned with the baby schema (Lorenz, 1943), such as large eyes 

and round faces, which evoke nurturing instincts and positive responses from adults (Glocker 

et al., 2009). However, the influence of the baby schema diminishes as children grow older. 

Attractiveness ratings also decline as face age increases, with the effect plateauing around 4.5 
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years of age (Luo et al., 2011). In the present meta-analysis, participants of the children 

samples were beyond the peak influence of the baby schema (age 7 and upwards). Intelligence 

is also more variable in childhood, which may contribute to the stronger observed correlation 

in this age group. This variability is supported by research showing that cognitive 

development in children undergoes rapid and diverse changes due to environmental, 

educational, and genetic factors (Blair, 2006; Tucker-Drob et al., 2011). As a result, the link 

between attractiveness and intelligence may be more pronounced in children because their 

cognitive abilities are still developing and being influenced by a wide range of external and 

internal factors. Moreover, compared to adults, children are less exposed to environmental 

toxins and lifestyle factors that could impair cognitive development and physical appearance. 

Factors such as smoking, alcohol consumption, and chronic stress, which can detrimentally 

affect both intelligence and physical attractiveness, are typically less prevalent in children's 

environments. This reduced exposure to environmental toxins may accentuate the observed 

correlation between intelligence and attractiveness in children.    

 Analysis of the adult samples showed a lower correlation between attractiveness and 

intelligence. The weaker correlation in adult samples could be attributed to the cumulative 

effect of environmental factors and lifestyle choices that may differentially impact 

intelligence and physical appearance. Age-related changes in physical appearance, such as 

wrinkles, changes in body composition, and hair loss can alter perceptions of attractiveness 

(Bertamini et al., 2013; Zebrowitz et al., 2013). These age-related changes may introduce 

variability that weakens the overall correlation between intelligence and attractiveness in adult 

samples. Over time, adults are also exposed to a wider range of environmental influences, 

such as education, occupation, lifestyle choices, and social interactions, which can 

differentially impact both cognitive abilities and physical attractiveness. As adults are more 

likely to encounter such environmental influences, the relationship between intelligence and 

attractiveness may become obscured. Additionally, as people age, the variance in life 

experiences such as education, occupation, and social interactions increases, further 

contributing to the divergence between cognitive abilities and physical appearance (Stern, 

2002). Moreover, physical attractiveness is influenced by factors such as health and fitness 

levels, which can vary widely among adults due to differences in diet, exercise, and healthcare 

access. Adults with higher socioeconomic status may have better access to resources that 

enhance both cognitive development and physical appearance, such as higher education, 

healthier diets, and better healthcare (Gottfredson, 2004; Marmot, 2005). Conversely, lower 

socioeconomic status may result in limited access to these resources, potentially diminishing 
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the correlation between intelligence and attractiveness. These complex and multifaceted 

influences likely dilute the direct correlation between intelligence and attractiveness observed 

in children. It is also conceivable that the correlation observed in adult samples reflects a 

more "adjusted" effect, as IQ tends to be more stable in adulthood and attractiveness ratings 

are no longer influenced by the baby schema or other childhood-specific factors. This stability 

in cognitive abilities and the absence of age-specific attractiveness biases may provide a 

clearer, albeit weaker, picture of the true relationship between intelligence and physical 

attractiveness.  

 

Examining the Influence of Live and Photograph-Based Attractiveness Assessments on 

the Relationship Between Intelligence and Attractiveness  

The analysis demonstrated a positive, although insignificant correlation between 

intelligence and attractiveness when attractiveness was assessed in live settings. It is notable 

that out of the 14 subsamples included in the analysis, only three used live assessments for 

attractiveness. This limited number of studies using live assessments may have contributed to 

the non-significant finding, as smaller sample sizes generally have lower statistical power to 

detect significant effects (Cohen, 2013; Button et al., 2013). In contrast, the correlation 

between intelligence and attractiveness was significantly positive, albeit slightly smaller, 

when attractiveness was assessed using photographs. Photographs provide a more 

standardized and controlled environment for assessing attractiveness, minimizing the 

influence of extraneous variables such as social interaction, body language, and other 

contextual factors present in live settings (Eagly et al., 1991; Feingold, 1992). This 

standardization allows for a clearer detection of the true effect of the attractiveness-

intelligence relationship. Furthermore, photographs often capture static facial features, which 

have been shown to be more strongly associated with genetic quality and developmental 

stability compared to dynamic facial expressions (Rhodes, 2006; Thornhill & Gangestad, 

1999). As a result, the association between intelligence and attractiveness may be more 

readily observable in photographs that emphasize stable facial characteristics. However, 

moderator analysis showed no difference between the types of attractiveness assessments. 

These findings indicate that other factors, such as sample characteristics or measurement 

techniques, might play a more crucial role in determining the strength of the observed 

correlation. 
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Publication Bias Analysis Corroborates the Validity of the Attractiveness-Intelligence 

Relationship 

Overall, there were no strong indications for publication bias in the present meta-

analysis. Most methods (i.e., funnel plot, Egger’s regression test, the trim-and-fill method, the 

test of excess of significance, p-curve, and p-uniform*) suggested no evidence for publication 

bias. Only two methods (i.e., the rank correlation method and p-uniform) showed slight 

indications of publication bias, particularly when including the influential leverage study 

Kanazawa (2011) – Group A. The trim-and-fill analysis further highlighted the impact of this 

outlier, as its removal revealed potential missing studies on the left side of the funnel plot. 

Nonetheless as previously mentioned, most publication bias assessment methods show no 

substantial evidence for publication bias and p-hacking, suggesting that the observed 

association between intelligence and attractiveness is not influenced by selective reporting of 

results or questionable research practices. While some asymmetry was detected in the funnel 

plot of the trimmed analysis, the lack of significant excess of findings suggests that the 

observed results are driven by a genuine effect rather than publication bias. Furthermore, the 

observed asymmetry in the trimmed analysis highlights the impact of the leverage point 

(Kanazawa, 2011 – Group A). The analyses revealed that the inclusion of this outlier study 

may have masked some indications for publication bias in the full analysis. However, by 

removing this outlier, the true effect of the attractiveness-intelligence relationship becomes 

more precise. Even after removing the leverage study, the correlation remained positive, 

which underscores the stability of the attractiveness-intelligence association. The robustness 

of these findings is further supported by the consistent results across various publication bias 

detection methods and the significant positive correlation observed in the full dataset, even 

after adjusting for potential biases. In conclusion, the results of the present meta-analysis 

suggest that the relationship between intelligence and attractiveness stems from a true effect 

rather than an artifact of publication bias or methodological flaws. 

 

The Stability of the Attractiveness-Intelligence Relationship: Findings from 

Specification Curve Analysis and Combinatorial Meta-Analyses 

 Overall, the specification curve analysis (SCA) and combinatorial meta-analyses 

(GOSH-plots) provided support for the robustness of the positive correlation between 

intelligence and attractiveness. All specifications of the SCA yielded a positive summary 

effect, indicating that the association between intelligence and attractiveness remained 

consistently positive. None of the specifications resulted in a null or negative effect, 
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underscoring the robustness of the observed relationship. This consistency suggests that the 

association between intelligence and attractiveness is not highly sensitive to specific 

analytical choices, providing strong evidence that the effect is genuine and reliable. The 

robustness was also evident in the analysis of the trimmed dataset, which similarly revealed 

positive summary effects. This further supports the robustness of the positive association 

between intelligence and attractiveness, even when the outlier dataset was excluded. Overall, 

the results from the SCA reinforce the conclusion that more attractive people tend to be more 

intelligent, regardless of the specific analytical choices. This robustness across various 

specifications strengthens the validity of the findings and suggests that the observed 

association is not an artifact of particular analytic decisions.    

 Removing the outlier dataset resulted in a more homogenous set of studies, as 

indicated by the GOSH-plots, suggesting that the studies in the trimmed dataset have more 

consistent effect sizes, which leads to a more reliable and interpretable result. It also showed 

that in the trimmed dataset, the observed association between intelligence and attractiveness is 

not influenced by the extreme values of the leverage point. The consistency of the effect size 

across the remaining studies indicates a more stable and reliable association, reinforcing the 

validity of the findings. Without this leverage point, the effect appears more robust and 

consistent. This discrepancy underscores the atypical nature of the Kanazawa study, 

highlighting its disproportionate influence on the overall analysis. The remaining 

heterogeneity in the trimmed dataset may be due to inherent differences between the 

individual studies (i.e., IQ-tests, attractiveness ratings, sample characteristics, study design 

etc.). However, it is unclear which exact factors contribute to the remaining heterogeneity.

 In summary, the analyses reinforce the conclusion that more attractive individuals tend 

to have higher intelligence, and this association remains robust across various analytical 

choices and after removing leverage dataset. 

 

Limitations   

Several limitations should be considered in the interpretation of these findings. Firstly, 

the influence of gender on the association between intelligence and attractiveness, as outlined 

in hypothesis 4, could not be examined due to insufficient data. Gender could impact societal 

perceptions and biases related to both intelligence as well as attractiveness. Some research 

also found a stronger correlation between general intelligence and attractiveness in men 

compared to women (Kanazawa, 2011). Forthcoming studies should aim for more detailed 

data collections to investigate the possible effect of gender-related differences. Furthermore, 
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due to insufficient data, the potential moderating effect of using different IQ tests could not be 

examined. The limited number of studies reporting data on these factors precluded their 

inclusion in the meta-analysis.        

 One sample (Kanazawa, 2011 – Group A) showed an exceptionally high correlation 

between intelligence and attractiveness (r = .38) which had a large impact on overall results. 

Notably, attractiveness ratings within the sample by Kanazawa (2011) – Group A were 

provided by elementary school teachers, which potentially introduces a halo effect into the 

assessment process. The halo effect (Nisbett & Wilson, 1977), a cognitive bias where an 

overall positive impression of an individual influences the perception of other specific traits, 

may have played a role in the teachers' evaluations. Research over the past decades has 

indicated confirmation for a pronounced effect of the halo effect in various contexts and 

situations. For instance, Batres & Shiramizu (2023) found evidence that the attractiveness 

halo effect is apparent not only in Western cultures, but also among different cultures across 

the globe. Across 45 countries (in 11 world regions), attractiveness influenced ratings on 

personality characteristics, further supporting the underlying mechanisms of an attractiveness 

halo effect. Also, faces that are manipulated to look high in perceived intelligence are 

typically rated more attractive (Moore et al., 2011). Another factor that accounts for the 

exceptionally high correlation in this sample is the deployment of dichotomous attractiveness 

ratings, wherein a child was deemed attractive if rated as such at both ages 7 and 11. 

Dichotomous categorization forces raters to choose between extremes and leaves little room 

for nuanced distinctions. This may oversimplify the complex nature of attractiveness and 

inadvertently contribute to the inflation of correlation coefficients. Additionally, it is crucial to 

acknowledge that 62% of all participants in this sample were coded as attractive in the study 

by Kanazawa, 2011 – Group A. As such, the exceptional correlation observed in this 

particular sample should be interpreted with caution, considering the inherent limitations and 

potential biases associated with the method of assessment and the characteristics of the 

sample population.   

    

Conclusion 

The present meta-analysis provides evidence for a small robust correlation between 

intelligence and physical attractiveness. While the effect size is modest, the consistency of the 

findings across various analytical approaches lends credibility to the validity of this 

association even after excluding an influential outlier dataset. Beyond the direct associations 

with health and genetic fitness, physical attractiveness influences personality judgements and 
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mating choices. In turn, this interplay may contribute to the observed correlation by affecting 

social interactions and mating opportunities. A person’s personality contributes to the overall 

perception of an individual’s desirability as a partner. Therefore, physical attractiveness may 

affect mating choices i) directly by highlighting good genes, but also ii) indirectly by 

signaling positive personality traits, such as intelligence. For example, symmetric faces of 

women tend to receive higher ratings for positive personality traits such as agreeableness, 

conscientiousness and extraversion, while asymmetric faces tend to be perceived as more 

neurotic, less agreeable and less conscientious (Fink et al., 2006). Attractive individuals also 

tend to exhibit higher levels of self-esteem and self-confidence and are therefore seen as more 

desirable partners (Bale & Archer, 2017; Chang, 2019). Humans possess a natural inclination 

to establish close relationships with individuals they perceive as physically attractive, a 

phenomenon termed "attractiveness-based affiliation motivation" (Lemay et al., 2010). This 

inclination is rooted in the perception that attractive individuals embody desirable 

interpersonal qualities such as kindness, warmth, and supportiveness (Lemay et al., 2010). 

The observed "what is beautiful is good" effect emerges as individuals project their own 

affiliation motivation onto their perceptions of the interpersonal attributes of attractive targets. 

As a result, humans tend to attribute greater receptiveness and responsiveness to attractive 

individuals, reflecting their own motivation to affiliate with them. Physical attractiveness may 

therefore not only reflect an individual’s phenotypic quality, but also serves as an indicator for 

positive personality traits such as intelligence.       

 The attractiveness stereotype also extends to perceptions of intelligence. Research has 

consistently shown that individuals tend to ascribe higher intelligence to those who are 

physically attractive, a phenomenon known as the "attractiveness halo effect" (Eagly et al., 

1991). Attractive individuals are often perceived as more competent and intelligent, regardless 

of their actual cognitive abilities (Zebrowitz et al., 2002; Kleisner et al., 2014). Additionally, 

the attractiveness halo is robust across different cultures and age groups, indicating a 

widespread bias where attractive individuals are assumed to possess more favorable traits, 

including higher intelligence (Langlois et al., 2000). This bias is so pervasive that it can 

influence educational and professional outcomes, with teachers and employers often favoring 

attractive individuals under the assumption of greater competence and intelligence (Clifford & 

Walster, 1973; Hosoda et al., 2003; Talamas et al., 2016). Furthermore, the correlation 

between intelligence and attractiveness is likely influenced by self-fulfilling prophecy effects, 

where perceived attractiveness shapes expectations and treatment of individuals, impacting 

their intellectual development and performance (Kleisner et al., 2014).   
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 The precise extent to which offspring would inherit both intelligence and 

attractiveness remains questionable, given the nature of the heritance of traits. Genetic traits 

such as intelligence and physical attractiveness are considered polygenic traits, with numerous 

genes contributing to the overall expression of these traits (Davies et al., 2011; Hill et al., 

2019; Genç et al., 2021; Fieder & Huber, 2023). The interaction of these genes can be 

complex, and having parents with high expressions of these traits does not guarantee that they 

will combine optimally or even be expressed in the offspring due to the recombination and 

variation occurring during genetic transmission. Previous research revealed that both fathers’ 

and mothers’ attractiveness significantly influence the facial attractiveness of daughters, but 

not the attractiveness of sons. No apparent link was found between mothers and sons in terms 

of facial traits, nor between fathers and daughters (Cornwell & Perrett, 2008). Consequently, a 

modest correlation between attractiveness and intelligence does not imply co-inheritance of 

both traits equally.          

 A potential genetic explanation for the correlation between IQ and physical 

attractiveness is the historical pattern of high-status men having greater reproductive success 

with multiple partners, often resulting in a higher number of offspring. This phenomenon, 

exemplified by the "Genghis Khan effect", where approximately 8% of men in the former 

Mongol Empire region carry a specific Y-chromosome lineage linked to Genghis Khan, 

underscores how high-status men could monopolize reproductive opportunities with 

numerous attractive partners (Zerjal et al., 2003; Derenko et al., 2007). Over generations, this 

selective mating pattern could lead to a genetic coupling of high intelligence and physical 

attractiveness within their descendants. However, it is challenging to make definitive 

statements about the genetic effects of this correlation due to the complex interplay of 

environmental, social, and cultural factors that also influence the expression of these traits. 

Historical polygyny might enhance the genetic link between IQ and attractiveness, however 

the actual prevalence and impact of such mating systems varied significantly across different 

societies and epochs, making it difficult to generalize these findings to the broader population. 

Also, the hypothesis that intelligence and attractiveness are correlated due to the 

intergenerational transmission of both traits through high-status individuals mating with 

attractive partners assumes that high-status historically equated to high intelligence. However, 

this assumption may not hold true in evolutionary history. High-status individuals in ancient 

societies often gained their positions through physical prowess, strategic alliances, or 

inheritance rather than through cognitive abilities alone (Betzig, 1993). For example, leaders 

and warriors might have achieved high status due to their physical strength, combat skills, or 
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ability to command respect and loyalty, rather than their intellectual capabilities. Additionally, 

status could be influenced by factors such as kinship ties and social networks, which do not 

necessarily correlate with intelligence (Boone, 2017). Therefore, while intelligence and 

attractiveness are both heritable traits, the historical pathways through which high-status 

individuals achieved their positions suggest that high status did not automatically imply high 

intelligence. This weakens the argument that the correlation between intelligence and 

attractiveness is primarily driven by the mating patterns of high-status individuals. Since most 

men in our evolutionary history could only afford to support one wife, polygynous 

arrangements were typically reserved for the wealthy and powerful who had the resources to 

maintain multiple households. This linkage appears to persist in modern times, albeit to a 

lesser extent (De la Croix & Mariani, 2015; Ross et al., 2018).    

 In conclusion, the present meta-analysis provides robust evidence for a positive 

correlation between intelligence and physical attractiveness. However, it is essential to 

recognize that attractiveness is a multidimensional construct influenced by various factors 

beyond facial features, including health, overall well-being, and lifestyle choices. While facial 

attractiveness may serve as a cue for intelligence and good genes, it is not a reliable or strong 

predictor, and other factors likely play a more prominent role in determining cognitive 

abilities. Most importantly, the complexity of the correlation between IQ and attractiveness 

stems from the polygenic nature of these traits, leading to unpredictable outcomes in offspring 

despite paternal characteristics. 
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Appendix A 

Abstracts in English and German 

 

Abstract (English) 

The correlation between physical attractiveness and intelligence has long intrigued 

evolutionary theorists. One prominent explanation is based on cross-trait assortative mating 

(xAM), where individuals with high levels of one desirable trait tend to pair with those who 

have high levels of another desirable trait. Two large meta-analyses have shown a small 

positive correlation between physical attractiveness and intelligence. However, prior meta-

analyses have incorporated studies utilizing measures such as grade point averages, school 

performance, and academic achievement to evaluate intelligence, potentially biasing the 

outcomes. The present meta-analysis is the first to exclusively analyze studies that used 

psychometric IQ-tests n = 9 (k = 14, N = 50,156). Random-effects analyses showed a small 

yet robust positive association between physical attractiveness and intelligence r = 0.13 (p = 

.0005, 95% CI [0.06, 0.20]). Even after removing an outlier study that showed an 

exceptionally high correlation, the association between physical attractiveness and 

intelligence remained robust albeit slightly smaller r = 0.10 (p = .0004, 95% CI [0.04, 0.15]). 

No strong evidence was found for publication bias. Moreover, combinatorial analyses 

provided further support for the robustness of the results. Overall, the results indicate a small 

and robust association between physical attractiveness and intelligence. 

Keywords: Intelligence, physical attractiveness, cross-trait assortative mating, meta-analysis, 

multiverse-analysis. 
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Abstract (German) 

 Die Korrelation zwischen physischer Attraktivität und Intelligenz fasziniert 

Evolutionstheoretiker seit langem. Eine der populärsten Erklärungen basiert auf dem Prinzip 

von cross-trait assortative mating (xAM), bei der sich Individuen mit hohen Ausprägungen 

eines begehrenswerten Merkmals tendenziell mit Personen paaren, die hohe Ausprägungen 

eines anderen begehrenswerten Merkmals besitzen. Zwei umfassende Meta-Analysen haben 

einen kleinen positiven Zusammenhang zwischen Attraktivität und Intelligenz gezeigt. 

Allerdings wurden in den bisherigen Meta-Analysen Studien analysiert, die zur Bewertung 

der Intelligenz unter anderem Notendurchschnitte, Schulleistungen und akademische Erfolge 

verwendeten, was die Ergebnisse potenziell verzerrt. Die vorliegende Meta-Analyse ist die 

erste, die ausschließlich Studien analysiert, in denen Intelligenz mit psychometrischen IQ-

Tests gemessen wurde n = 9 (k = 14, N = 50.156). Random-effects models zeigten einen 

kleinen, robusten positiven Zusammenhang zwischen körperlicher Attraktivität und 

Intelligenz r = 0.13 (p = .0005, 95% CI [0.06, 0.20]). Selbst nach Exklusion einer 

Ausreißerstudie, welche eine außergewöhnlich hohe Korrelation aufwies, blieb der 

Zusammenhang zwischen körperlicher Attraktivität und Intelligenz stabil, wenn auch etwas 

kleiner r = 0.10 (p = .0004, 95% CI [0.04, 0.15]). Es wurden keine eindeutigen Hinweise auf 

einen Publikationsbias gefunden. Darüber hinaus lieferten kombinatorische Analysen einen 

weiteren Beleg für die Robustheit der Ergebnisse. Insgesamt deuten die Ergebnisse auf einen 

kleinen und robusten Zusammenhang zwischen Attraktivität und Intelligenz hin. 

 Schlüsselwörter: Intelligenz, physische Attraktivität, cross-trait assortative mating, 

Meta-Analyse, Multiversum-Analyse.
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Appendix B 

Deviations from preregistration protocol 

1. Hypotheses that were not investigated due to insufficient/missing statistical information: 

Hypothesis 2: There is a positive association between childhood attractiveness and adult IQ. 

Hypothesis 4: Participants’ sex has no significant effect on the association between 

attractiveness and IQ. 

2. Moderators: only age (children vs. mixed vs. adults) and attractiveness assessment (live vs. 

photographs) were assessed.  

Additional moderators that were intended to be investigated: intelligence assessment (e.g., 

Stanford vs. Wechsler), status of publication (published vs. grey literature). 

3. Multiverse meta-analysis/specification curve analysis: “which” attractiveness factors that 

were excluded: men only vs. women only, intelligence assessment, attractiveness assessment, 

publication status. 

4. Literature search in Scopus: results limited to ‘Psychology’.  

5. Analyses were performed twice: once on the full dataset and a second time with an outlier 

sample removed (Kanazawa, 2011 – Group A).  
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Appendix C 

PRISMA checklist 

Table S1. Prisma checklist.  

Section and Topic  
Item 

# 
Checklist item  

Location 

where item 

is reported  

TITLE   

Title  1 Identify the report as a systematic review. Cover page 

ABSTRACT   

Abstract  2 See the PRISMA 2020 for Abstracts checklist. 1 

INTRODUCTION   

Rationale  3 Describe the rationale for the review in the context of existing knowledge. 2 

Objectives  4 Provide an explicit statement of the objective(s) or question(s) the review addresses. 16 

METHODS   

Eligibility criteria  5 Specify the inclusion and exclusion criteria for the review and how studies were grouped for the syntheses. 17 

Information sources  6 Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify the date when each 

source was last searched or consulted. 

17, 11, 119 

Search strategy 7 Present the full search strategies for all databases, registers and websites, including any filters and limits used. 17 

Selection process 8 Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each record and each 

report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process. 

17, 18 

Data collection 

process  

9 Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked independently, any 

processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the process. 

17, 18 

Data items  10a List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each study were sought 

(e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect. 

17, 18 

10b List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any assumptions 

made about any missing or unclear information. 

17, 18 

Study risk of bias 

assessment 

11 Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each study and 

whether they worked independently, and if applicable, details of automation tools used in the process. 

18 - 21 

Effect measures  12 Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results. 18 - 21 

Synthesis methods 13a Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and comparing 

against the planned groups for each synthesis (item #5)). 

17 

13b Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data conversions. 17 
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Section and Topic  
Item 

# 
Checklist item  

Location 

where item 

is reported  

13c Describe any methods used to tabulate or visually display results of individual studies and syntheses. 18 - 21 

13d Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the model(s), method(s) to 

identify the presence and extent of statistical heterogeneity, and software package(s) used. 

18 - 21 

13e Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression). 18 

13f Describe any sensitivity analyses conducted to assess robustness of the synthesized results. 20, 21 

Reporting bias 

assessment 

14 Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases). 18, 19 

Certainty 

assessment 
15 Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome. 18 - 21 

RESULTS   

Study selection  16a Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in the review, 

ideally using a flow diagram. 

22, 23 

16b Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded. 81 - 88 

Study 

characteristics  

17 Cite each included study and present its characteristics. 24, 50 - 70 

Risk of bias in 

studies  

18 Present assessments of risk of bias for each included study. 79 

Results of 

individual studies  

19 For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision (e.g. 

confidence/credible interval), ideally using structured tables or plots. 

26, 28, 29 

Results of 

syntheses 

20a For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies. 23 

20b Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. 

confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect. 

18, 19 

20c Present results of all investigations of possible causes of heterogeneity among study results. 18, 19, 20 

20d Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results. 22-26 

Reporting biases 21 Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed. 22 

Certainty of 

evidence  

22 Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed. 18-26 

DISCUSSION   

Discussion  23a Provide a general interpretation of the results in the context of other evidence. 39 - 45 

23b Discuss any limitations of the evidence included in the review. 45, 46 

23c Discuss any limitations of the review processes used. 45, 46 
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Section and Topic  
Item 

# 
Checklist item  

Location 

where item 

is reported  

23d Discuss implications of the results for practice, policy, and future research. 46, 47 

OTHER INFORMATION  

Registration and 

protocol 

24a Provide registration information for the review, including register name and registration number, or state that the review was not registered. 16, 17 

24b Indicate where the review protocol can be accessed, or state that a protocol was not prepared. 16, 17 

24c Describe and explain any amendments to information provided at registration or in the protocol. 17, 75 

Support 25 Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review. - 

Competing interests 26 Declare any competing interests of review authors. - 

Availability of data, 

code and other 

materials 

27 Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included studies; data 

used for all analyses; analytic code; any other materials used in the review. 

16, 17 
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Appendix D 

Newcastle-Ottawa Scale 

Selection: (Maximum 5 stars, adapted 3 stars)  

1. Representativeness of the sample: 

a. Truly representative of the average in the target population. * (all subjects 

or random sampling) 

b. Somewhat representative of the average in the target group. * (non-
random sampling) 

c. Selected group of users/convenience sample. 

d. No description of the derivation of the included subjects. 

 

2. Sample size: 

a. Justified and satisfactory (including sample size calculation). * 

b. Not justified. 

c. No information provided 

 
3. Non-respondents:  

a. Proportion of target sample recruited attains pre-specified target or 

basic summary of non-respondent characteristics in sampling frame 

recorded. * 

b. Unsatisfactory recruitment rate, no summary data on non-respondents. 

c. No information provided 

 

4. Ascertainment of the exposure (risk factor): excluded 

a. Vaccine records/vaccine registry/clinic registers/hospital records only. ** 

b. Parental or personal recall and vaccine/hospital records. * 

c. Parental/personal recall only. 

Comparability: (Maximum 2 stars) 

1. Comparability of subjects in different outcome groups on the basis of design 

or analysis. Confounding factors controlled. 

a. Data/ results adjusted for relevant predictors/risk factors/confounders 

e.g. age, sex, time since vaccination, etc. ** 

b. Data/results not adjusted for all relevant confounders/risk 

factors/information not provided. 

Outcome: (Maximum 3 stars) 

1. Assessment of the outcome: 

a. Independent blind assessment. **  

b. Record linkage. **  

c. Self report. * 

d. No description. 

2. Statistical test: 

a. Statistical test used to analyse the data clearly described, appropriate 

and measures of association presented including confidence intervals 

and probability level (p value). * 
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b. Statistical test not appropriate, not described or incomplete. 

 

Table S2. Quality of included primary studies assessed with the Newcastle-Ottawa Scale.  

 

Herzog, R., Alvarez-Pasquin, M., Diaz, C., Del Barrio, J., Estrada, J., & Gil, A. (2013). 

Newcastle-Ottawa Scale adapted for cross-sectional studies. BMC Public Health, 13, 

154.  

 

 

 

 

 

 

 

 

 

 

 

 

 Selection Comparability  Outcome  

Study 1. 2. 3. 4.  1. 2. Total (8) 

Kanazawa (2011) * * * - ** ** * 8 

Colladon et al. (2018) * * 0 - 0 ** * 5 

Lee et al. (2017) * * * - 0 ** * 6 

Judge et al. (2009) * * 0 - ** ** * 7 

Kleisner et al. (2014) * c * - 0 ** * 5 

Zebrowitz et al. (2002) 

Gangestad et al. (2010) 

Härtel et al. (2023) 

Scholz & Sicinski (2015) 

* 

* 

* 

* 

* 

c 

* 

* 

* 

* 

* 

0 

- 

- 

- 

- 

0 

0 

0 

0 

** 

** 

** 

** 

* 

* 

* 

* 

6 

5 

6 

5 
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Appendix E 

Table S3. Study characteristics of excluded studies. 

Reference Sample 

size 

Sample 

type 

Country Conclusion Publication Exclusion reason Journal 

 

Wheeler 

(1986) 

 

 

24 

 

Children 

 

 

United States  

 

Study investigated a physical 

attractiveness bias in scoring 

the Verbal Scoring of the 

Wechsler Intelligence Scale 

for Children (Revised) 

(WISC-R). No evidence for a 

physical attractiveness 

stereotype was found. 

  

 

Peer-reviewed 

article 

 

 

- Measured verbal IQ only. 

- No information provided of raw 

attractiveness scores. 

- No contact information available. 

- Statistical information missing to 

calculate effect size. 

 

 

Journal of General 

Psychology  

Langlois et al. 

(2000) 

3,853 Mixed - Intelligence and physical 

attractiveness are barely 

correlated. 

Meta-analysis 

 

- Other metrics to measure 

intelligence were used (i.e., 

American College Test (ACT), 

Iowa Test of Basic Skills, 

vocabulary, GPA). 

 

Psychological Bulletin 

Feingold 

(1992) 

15,205 Mixed - Trivial relationship between 

physical attractiveness and 

mental ability. Attractive 

people were found to be less 

lonely, less socially anxious, 

more popular, more socially 

skilled, and more sexually 

experienced than unattractive 

people.  

 

Meta-analysis 

 

- Intelligence was defined as 

performance on standardized tests 

(i.e., Scholastic Aptitude Test 

(SAT), American College Test 

(ACT). 

- Several included studies also used 

self-reported SAT scores. 

 

Psychological Bulletin 

Tucker &  

O'Grady 

(1991) 

128 Adults United States  

 

The interaction between male 

and female intelligence was 

found to be the strongest 

Peer-reviewed 

article 

- Used GPA and SAT scores as 

intelligence measurements. 

 

The Journal of Social 

Psychology 
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predictor of marital 

satisfaction.  

 

Sparacino & 

Hansell 

(1979) 

 

N1 = 120 

N2 = 50 

Adults United States  Less attractive individuals 

surpassed attractive subjects 

in academic achievement. 

 

Peer-reviewed 

article 

- Used ACT scores as intelligence 

assessment. 

- No contact information available. 

 

Journal of Personality 

Feingold 

(1982) 

150 Adults - 

 

Nonsignificant correlation 

between physical 

attractiveness and IQ. 

 

Peer-reviewed 

article 

 

- Data requested, data 

unavailable (first two pages 

available). 

 

The Journal of Social 

Psychology 

White et al. 

(2006) 

N1 = 16 

N2 = 24 

 

Adults United 

Kingdom 

Individuals with Asperger 

Syndrome were generally 

competent in making 

judgments of trustworthiness, 

attractiveness social status 

and age, with only a trend 

towards potential difficulty in 

judging attractiveness based 

on the same sex, which was 

attributed to challenges in 

mentalizing. 

 

Peer-reviewed 

article 

- Investigated patients with Asperger 

Syndrome (N1) and healthy controls  

(N2). 

- Missing attractiveness ratings of 

adults with Asperger Syndrome. 

 

Brain and Cognition 

Mitchem et al. 

(2015) 

N1 = 399 

N2 = 1354 

 

Mixed United 

States, 

Australia 

 

No evidence for a phenotypic 

correlation between facial 

attractiveness and IQ. 

 

Peer-reviewed 

article  

- Identical data already included in 

another study (see Lee et al., 2017) 

with similar results. 

 

Evolution and Human 

Behavior   

Hollingworth 

(1935) 

40  Mixed United States  

 

Highly intelligent individuals 

were perceived as more 

attractive compared to faces 

from the ordinary intelligence 

group.  

 

Peer-reviewed 

article 

- No Pearson correlation between 

physical attractiveness and 

intelligence reported. 

 

The Pedagogical 

Seminary and Journal of 

Genetic Psychology 

Eagly et al. 

(1991) 

76 studies 

(exact 

Mixed United 

States, 

No strong/consistent 

relationship between physical 

Meta-analysis  - Authors did not specify intelligence 

assessment. 

Psychological Bulletin   
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number 

not 

specified) 

Canada  

 

attractiveness and 

intelligence.   

  

 

 

Benzeval et al. 

(2013) 

1,515 Mixed United 

Kingdom/Sc

otland 

More phyiscally attractive 

people at age 15 had higher 

socioeconomic positions at 

age 36. 

 

Peer-reviewed 

article 

- No valid IQ-test at age 15. 

 

 

Plos One   

Furnham & 

Robinson 

(2023) 

2,020 

 

Adults Europe (not 

specified) 

Investigated correlates of 

self-assessed optimism. 

Participants rated to what 

extent they were an optimist, 

as well as self-ratings of four 

variables (e.g., attractiveness, 

intelligence).  

 

Peer-reviewed 

article 

- Only self-ratings of intelligence and 

physical attractiveness. 

- No metric IQ-test. 

 

 

Current Research in 

Behavioral Sciences  

Kanazawa & 

Reyniers 

(2009) 

20,745 

 

Adults United States  Taller men have higher IQs. 

Association between physical 

attractiveness and IQ 

explained by assortative 

mating of tall men and 

beautiful women. 

 

Peer-reviewed 

article 

- No psychometric IQ-test; study 

deployed the Peabody Vocabulary 

Test (PPVT) 

 

The American Journal 

of Psychology 

Kanazawa & 

Still (2018) 

20,745 

 

Adults United States  

 

Positive correlation between 

physical attractiveness and 

IQ. 

 

Peer-reviewed 

article 

- No psychometric IQ-test; study 

deployed the Peabody Vocabulary 

Test (PPVT) 

 

 

Journal of Business and 

Psychology   

Driebe et al. 

(2021) 

88 Adults Germany 

 

Intelligence can be detected 

via videos with above hance 

accuracy by members of the 

opposite sex. 

  

Peer-reviewed 

article 

- Information to calculate effect sizes 

was unavailable. 

- No author response. 

 

Evolution and Human 

Behavior 
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Zebrowitz & 

Rhodes (2004) 

 

N1 = 103 

N2 = 81 

N3 = 62 

N4 = 101 

N5 = 98 

N6 = 68 

 

Mixed United States  Attractiveness was 

significantly correlated with 

IQ scores in childhood, 

puberty, and adulthood for 

faces in the lower half of the 

attractiveness distribution, 

whereas for faces in the lower 

half of distribution, 

correlations were not 

significant.  

 

Peer-reviewed 

article 

- Identical data already included in 

another study (see Zebrowitz et al., 

2002). 

The Journal of 

Nonverbal Behavior 

Sim et al. 

(2015) 

161 Adults United States  

 

Attractiveness judgements 

are influenced by the 

evaluator’s personal traits 

(such as attractiveness and 

IQ). 

Peer-reviewed 

article 

- Statistical information to calculate 

effect size was unavailable 

(attractiveness ratings from judges). 

- Only self-ratings of attractiveness 

available in study.  

- No author response. 

 

Social Psychology 

Olderbak et al. 

(2021a) 

 

339 

 

Adults 

 

 

 

Germany 

 

- Peer-reviewed 

article 

- Statistical information to calculate 

effect size was unavailable. 

- Subjects were German prisoners. 

- Test scores were taken from 

another study (Olderbak et al., 

2021b) - no access to study. 

- No author response. 

 

Journal of Intelligence 

 

DeBrabander 

et al. (2019) 

40 Adults United States  Autistic as well as typically 

developing adults evaluated 

autistic adults less favorably 

(e.g., in attractiveness) than 

typically developing adults. 

 

Peer-reviewed 

article 

- Autistic test subjects and healthy 

controls. 

- Information to calculate effect size 

was unavailable. 

- No author response.  

Autism in Adulthood 

LaChapelle et 

al. (1999) 

40 Adults - - Peer-reviewed 

article 

- No access to paper. 

- Subjects had intellectual disability. 

- No author response. 

The Clinical Journal of 

Pain 



85 

 

        

Hofer et al. 

(2021) 

180 Adults Austria - Journal pre-

proof 

- Statistical information to calculate 

effect size was unavailable.  

- No author response. 

Journal of Research in 

Personality 

        

Costa & 

Maestripieri 

(2023) 

231 Adults - Attractiveness was negatively 

correlated with body mass 

index and with height (only 

in males). 

Peer-reviewed 

article 

- No access to paper. 

- No author response. 

 

Evolutionary 

Behavioral Sciences 

        

Gao et al. 

(2017) 

69 Adults China - Peer-reviewed 

article 

- Statistical information to calculate 

effect size was unavailable. 

- No author response. 

Frontiers in Psychology 

        

Note. N = sample size;  
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Appendix F 

Descriptions of IQ-tests of included studies 

Stanford-Binet Intelligence Scale Fourth Edition (SB4; Youngstrom et al., 2003). The 

Stanford-Binet Intelligence Scale: Fourth Edition (SB4) is structured in three tiers. The first 

tier focuses on the Composite, a measure of general ability associated with Binet scales. In the 

second tier, SB4 introduces a new element by suggesting three group factors: Crystallized 

Abilities, Fluid-Analytic Abilities, and Short-Term Memory. The first two dimensions are 

rooted in the Cattell-Horn theory of intelligence (Cattell, 1940; Horn, 1968; Horn & Cattell, 

1966). The third tier describes factors based on three facets of reasoning: Verbal Reasoning, 

Quantitative Reasoning, and Abstract Visual Reasoning. Reliability scores for the subtests 

range from .73 to .94. SB4 has garnered a substantial body of validity evidence (see 

Youngstrom et al., 2003, p. 229). 

Wechsler Adult Intelligence Scale (WAIS, Wechsler, 1955), Wechsler Adult Intelligence 

Scale-Revised (WAIS-R, Wechsler, 1981). The Full-scale IQ score is composed of a Verbal 

IQ and a Performance IQ score. To assess these scores, several subtests are applied (the Verbal 

Comprehension Index, the Working Memory Index, the Perceptual Organization Index and 

the Processing Speed Index). The WAIS-R is designed to measure cognitive ability in adults 

through various subtests that assess verbal comprehension, perceptual organization, working 

memory, and processing speed. Reliability evidence for the WAIS-R shows internal 

consistency coefficients ranging from .93 to .98 for the Full-Scale IQ (Wechsler, 1981). 

Validity studies have demonstrated strong correlations with other established measures of 

intelligence (Ryan & Ward, 1999). 

Raven Progressive Matrices Test (RPM) (Raven et al., 1962; Arthur & Day, 1994; Raven, 

2003). The RPM is a non-verbal assessment commonly employed to gauge overall human 

intelligence and abstract reasoning. It is recognized as a non-verbal approximation of fluid 

intelligence (Bilker et al., 2012). The test involves a visual geometric pattern featuring a 

vacant segment, accompanied by six to eight options to complete the missing part. Generally, 

the RPM has good psychometric properties, including high reliability and validity and has 

been found to have correlations with other IQ tests. The RPM tests have been shown to have 

moderate to high correlations with other intelligence tests, such as the Stanford-Binet and 

Wechsler scales, with correlations ranging from 0.54 to 0.86. Furthermore, RPM scores are 

associated with school and occupational performance (Raven, 2003). 
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Intelligence Structure Test 2000R (IST 2000-R) (Amthauer, 2001). The IST 2000-R is a 

multidimensional paper-pencil IQ-test comprising of several subtests to measure fluid and 

crystalline intelligence. The IST 2000-R includes a wide range of subtests, but this description 

focuses specifically on the subtests used to determine logical reasoning, which are 'Analogies', 

'Number Series', and 'Matrices'. These three subtests provide an overall score for logical 

reasoning. The Cronbach's Alpha values for the subtests 'Analogies' and 'Matrices' are notably 

low, at .74 and .72, respectively. However, the corresponding test-retest and parallel test 

indices are deemed positive (Petermann, 2014). Despite the lower internal consistency, the 

overall reliability and validity of the IST 2000-R are supported by these indices, making it a 

valuable tool for assessing multiple facets of intelligence. 

Henmon-Nelson Test of Mental Ability (Henmon, 1958). Each tier comprises 90 multiple-

choice questions presented in a spiral-omnibus format, which means that the questions are 

arranged in increasing order of difficulty and cover a wide range of content areas, including 

various verbal items, numerical items, and figure analogies (Lamke & Nelson, 1958). The 

spiral-omnibus format ensures that the test measures a broad spectrum of cognitive abilities. 

Watson et al. (1992) demonstrated that the Henmon-Nelson Test explained approximately 

50% additional variance in WAIS-R Verbal and Full-Scale IQs, indicating its strong predictive 

validity in the context of assessing general intelligence. 

The Multidimensional Aptitude Battery (MAB) (Jackson, 1984; Jackson 1998). The 

MAB is a group-administered intelligence test comprising of ten subtests intended to assess 

Verbal, Performance, and Full-Scale IQ (Jackson, 1998). Krieshok & Harrington (1985) 

mention a series of studies on reliability and validity of the MAB, revealing consistently 

robust psychometric characteristics in their findings. In one study with over 500 participants, 

internal consistency reliability ranged from .94 to .97. for the Verbal scale, .95 to .98 for the 

Performance scale, and .96 to .98 for the Full scale.  

Peabody Picture Vocabulary Test (PPVT) (Dunn & Dunn, 1965). The PPVT is a verbally 

administered IQ test, which predominantly measures crystalline/verbal intelligence. It differs 

from traditional IQ-tests as it does not directly assess fluid intelligence. The test includes 204 

picture items. For each round, four pictures are shown, while the examiner reads out words 

describing one of the pictures. The individual is then asked to point the picture that the word 

describes. Norms are based on 828 individuals (ages ranging from 19 to 40) (Dunn & Dunn, 

1965). Reliability and validity are considered to be satisfactory, with alpha coefficients 
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ranging from .92 to .98 and split-half reliability from .86 to .97. for both Form IIIA and IIIB 

(Williams, 1999). 
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Appendix G 

Description of publication bias detection methods and numeric results 

Funnel plot/contour-enhanced funnel plot (Light & Pillemer, 1984). A funnel plot is a 

graphical representation of the relationship between the effect size of each study and its 

precision (usually measured by the standard error or sample size). The plot typically shows a 

symmetrical distribution of studies around the overall effect size estimate, with smaller 

studies scattered more widely due to their greater sampling variability. Asymmetry in the 

funnel plot can indicate the presence of publication bias, as smaller studies with non-

significant or negative results may be missing from the plot. Additionally, contour- or power-

enhanced funnel plots (Kossmeier et al., 2020), incorporate different colors to visually 

represent the statistical power. Warmer colors (e.g., red) indicate lower power, while colder 

colors (e.g., green) indicate larger study power. 

Sterne and Egger’s Regression Test (Sterne & Egger, 2005). Sterne and Egger’s regression 

method uses a linear regression analysis, specifically regressing effect size estimates against 

its standard error (representing precision). The regression is weighted by the inverse variance 

of the effect estimate. In cases where the intercept significantly deviates from zero, the test 

signals potential asymmetry in the funnel plot. Asymmetric funnel plots may suggest the 

presence of a publication bias or small-study effects.  

Trim-and-fill method (Duval & Tweedie, 2000). The trim-and-fill method involves a 

process where the study effects to the left and right of the summary effect size estimate are 

ranked based on their strength. Subsequently, these ranks are compared using a Wilcoxon-test, 

similar to the approach used for assessing funnel plot asymmetry (see Sterne and Egger’s 

Regression test). In case of asymmetry, the smallest studies in the funnel plot are iteratively 

removed. Each removal is followed by a re-estimation of the summary effect (“trim-and-fill”) 

(Borenstein et al., 2021). Asymmetry is then corrected by imputing the missing studies that 

are presumed to cause the asymmetry. Essentially, the method estimates the number of 

missing studies that would need to be added to make the funnel plot symmetric. These 

imputed studies are "filled" on the opposite side of the funnel plot to balance the plot. The 

adjusted summary effect size is then recalculated, incorporating both the original and the 

imputed studies. This iterative process continues until the funnel plot is symmetrical, 

providing a more accurate estimate of the true effect size by accounting for potential 

publication bias (Duval & Tweedie, 2000).  
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Rank Correlation method (Begg & Mazumdar 1994). The rank correlation method is a 

non-parametric correlation to detect asymmetries in the funnel plot. This method uses 

Kendall’s τ to quantify the rank correlation between variables, specifically assessing the 

association between the standardized effect size and the variance (or standard error) of the 

study-specific effect estimates. A significant positive value of Kendall’s τ indicates that 

smaller studies tend to report more extreme effect sizes, which is suggestive of publication 

bias. The Rank Correlation method is particularly useful because it does not assume a specific 

distribution of effect sizes, making it robust to various types of data. However, it is less 

powerful than some parametric tests and may not detect publication bias in the presence of 

high heterogeneity among studies (Begg & Mazumdar, 1994; Sterne & Egger, 2005). 

Test of Excess of Significance (Ioannidis & Trikalinos, 2007). The Test of excess of 

significance is used to detect an overrepresentation of studies with statistically significant 

results. If publication bias is present, the observed effect sizes in the meta-analysis will be 

systematically larger than the expected effect sizes based on the individual study sample sizes 

and variances. To perform the test, the expected effect size for each study is calculated based 

on its sample size and variance, assuming no publication bias. The observed effect size is then 

compared to the expected effect size using a z-test. The z-score is calculated as the difference 

between the observed and expected effect sizes divided by the standard error of the expected 

effect size. If the z-score is greater than a certain threshold (usually 1.96, corresponding to a 

two-tailed p-value of 0.05), the study is considered to have an excess of significance, 

indicating that its observed effect size is larger than expected due to publication bias. 

p-Curve (Simonsohn et al. 2014), p-uniform (van Assen et al., 2015), p-uniform* (van 

Aert & van Assen, 2021). These three methods facilitate the estimation of the meta-analytical 

summary effects based solely on the distributions of p-value and associated degrees of 

freedom of statistically significant published primary studies. The rationale behind these 

methods is based on the idea that selective reporting is more influenced by statistical 

significance than the magnitude of the effect sizes.  P-Curve serves as a diagnostic tool to 

examine evidence for both publication bias and p-hacking. It displays the distribution of 

statistically significant p-values (p < .05) within a study set, with the curve’s shape depending 

on evidential value and sample size. A uniformly distributed p-curve suggests no evidential 

value under the null hypothesis, while a right-skewed curve indicates evidential value under 

the alternative hypothesis. Binomial tests and continuous tests (Stouffer method) are 

employed to assess right-skewness, while a 33% power test is used for left-skewed curves, 

indicating potential bias or p-hacking. Thresholds for bias indication consider combining full 
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and half p-curve analyses. Both p-uniform and p-uniform* share similarities with p-curve but 

differ in their approaches to defining the fit to the uniform distribution. While p-curve and p-

uniform rely on p-values of significant studies, p-uniform* considers both significant and 

non-significant studies. All three methods estimate an adjusted summary effect size and offer 

a means to calculate confidence intervals. The p-uniform method works through a process 

where the p-values of the individual studies are analyzed to detect and correct for publication 

bias. Specifically, the method identifies studies with statistically significant results and 

assumes that studies with non-significant results are underrepresented in the literature. By 

adjusting the distribution of p-values to fit a uniform distribution, p-uniform provides an 

unbiased estimate of the overall effect size (van Assen et al., 2015). P-uniform* is an 

enhanced version of p-uniform that also utilizes the distribution of p-values from the 

individual studies that are included in the meta-analysis. It adjusts for publication bias by 

estimating the effect size based on the assumption that the p-values of the studies should 

follow a uniform distribution under the null hypothesis. This adjustment allows for a more 

accurate estimation of the true effect size, even when there is heterogeneity among the studies. 

P-uniform* is particularly effective in addressing heterogeneity, making it a more precise tool 

for meta-analyses with varied study characteristics (van Aert & van Assen, 2021). 

Specification Curve Analysis (SCA) (Simonsohn et al., 2015). The Specification Curve 

Analysis (SCA) provides a comprehensive approach to exploring the robustness of research 

findings by systematically examining the impact of different analytical choices on the results. 

SCA involves generating a "specification curve" by estimating the effect size for all possible 

combinations of reasonable analytical decisions, such as model specifications, variable 

selections, and data transformations. The process begins with defining a set of plausible 

analytical choices based on theoretical and empirical considerations. Each combination of 

these choices is then applied to the dataset to produce an array of results. The specification 

curve is a visual representation of these results, plotting the effect sizes against their 

corresponding specifications. This allows for the assessment of the consistency of their 

findings across a wide range of analytical decisions, thereby identifying which results are 

robust and which are sensitive to specific choices. By presenting a complete picture of how 

different specifications affect the results, SCA enhances the credibility and reproducibility of 

research findings. It also facilitates a better understanding of the robustness of empirical 

conclusions (Simonsohn et al., 2015). 
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Table S4. Numeric outcomes of publication bias detection methods. 

Method Full sample (k = 14) Trimmed sample (k = 13) 

 

Trim-and-Fill  

 

 

missing studies on the right side: 0 

adjusted effect size = 0.131 

p = .0005  

 

 

missing studies on the right 

side: 3 

adjusted effect size = 0.065 

p = .027 

Rank Correlation τ = 0.429 

p = .036 

τ = 0.256 

p = .252 

 

Egger’s regression 

 

Z = -0.660 

p = .522 

 

Z = -0.201 

p = .845 

 

Test of Excess 

Significance 

 

p = .999 

 

p = .208 

 

p-curve 

 

continuous tests yielded p’s < .0001 

for evidential value indication and 

p = .719 for p-hacking indication; 

estimated statistical power: 99% 

 

continuous tests yielded p’s < 

.0001 for evidential value 

indication and p = .644 for p-

hacking indication; estimated 

statistical power: 92% 

 

p-uniform 

 

estimate = 0.126 

p = .003 

 

estimate = 0.060 

p = .009 

 

p-uniform* 

 

 

 

estimate = 0.139 

p = .035 

 

 

estimate = 0.081 

p = .003 
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Appendix H  

R-Code (full analysis; all studies included, k = 14) 

# file needed: Coding.xlsx 

###########################################################################

#### 

# libraries ---- 

library(clubSandwich) 

library(data.table) 

library(plyr) 

library(dplyr) 

library(foreign) 

library(fpc) 

library(ggplot2) 

library(ggpubr) 

library(grid) 

library(gridExtra) 

library(gsl) 

library(mclust) 

library(haven) 

library(Matrix) 

library(metafor) 

library(metaviz) 

library(psychmeta) 

library(puniform) 

library(readxl) 

library(robumeta) 

library(SciViews) 

library(stringr) 

library(writexl) 

 

# import data  

data <- read_xlsx("Coding.xlsx") 

data 

 

# prepare data  

data$sample <- as.factor(data$sample) 

data$effect_id <- as.factor(data$effect_id) 

data$design <- as.factor(data$design) 

data$publication_status <- as.factor(data$publication_status) 

data$publisher <- as.factor(data$publisher) 

data$manuscript_type <- as.factor(data$manuscript_type) 

data$peer_reviewed <- as.factor(data$peer_reviewed) 

data$funding_yn <- as.factor(data$funding_yn) 

data$previously_included <- as.factor(data$previously_included) 

data$geographic_location <- as.factor(data$geographic_location) 

data$sample_type <- as.factor(data$sample_type) 

data$IQ_test <- as.factor(data$IQ_test) 

data$attractiveness_type <- as.factor(data$attractiveness_type) 

data$attractiveness_rating <- as.factor(data$attractiveness_rating) 
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data$raters <- as.factor(data$raters) 

data$attractiveness_scale <- as.factor(data$attractiveness_scale) 

data$age_mean <- as.numeric(data$age_mean) 

data$percentage_male <- as.numeric(data$percentage_male) 

data$IQ_mean <- as.numeric(data$IQ_mean) 

data$IQ_SD <- as.numeric(data$IQ_SD) 

data$IQ_reliability <- as.numeric(data$IQ_reliability) 

data$p_value <- as.numeric(data$p_value) 

data$r_se <- as.numeric(data$r_se) 

data$r <- as.numeric(data$r) 

data$V <- as.numeric(data$V) 

data$N <- as.numeric(data$N) 

data$z <- as.numeric(data$z) 

data$z_se <- as.numeric(data$z_se) 

 

# omit missing data 

na.omit(data) 

summary(data) 

 

## effect size calculation ---- 

## calculate variance for ES and transform into standard error (Cooper et al., 2019) 

 

# Variance of r. Computed as (1-r^2)^2/n-1 

r <- data$r 

n <- data$N 

 

# Function to calculate variance of r 

calculate_variance <- function(n, r) { 

  (1 - r^2)^2 / (n - 1) 

} 

 

# Calculate variances for all studies 

variances <- mapply(calculate_variance, n, r) 

 

print(variances) 

 

# Standard error of r. Computed as sqrt(V) 

se <- data$variances 

 

# Calculate standard errors 

standard_errors <- sqrt(variances) 

print(standard_errors) 

 

# Print the standard errors 

print(standard_errors) 

 

# Standard error of z. Computed as 0.5*ln(1+r/1-r) or 1/sqrt(N-3) 

r <- data$r 

N <- data$N 

z_se <- 1/sqrt(N-3) 

print(z_se) 



100 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor <- escalc(measure = "ZCOR", 

                                   ri = r, 

                                   ni = N, 

                                   data = data) 

data_zcor 

 

######################## 

# Random Effects Model # 

######################## 

 

# calculate Random Effects Model 

res_data <- rma(yi, vi,  

                data = data_zcor, 

                method = "REML") 

res_data 

 

# convert z back to r 

predict(res_data, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data) 

 

###################### 

#### Forest Plot #### 

###################### 

 

# Forest Plot 

png(filename="Forest_Plot_full.png", res=350, width=3196, height=2448) 

forest(res_data, 

       slab = data_zcor$author_names, 

       addcred = TRUE, #addcred: prediction interval 

       col = "navyblue", 

       xlab = "Fisher's z Transformed Correlation Coefficient", 

       steps = 5) 

 

# Add column headings to the plot 

text(-3.8, 7.4, "Study name", pos = 4, cex = .9) 

text(6.9, 3.2, "Pearson's r [95% CI]", pos = 3, cex = .9) 

 

par(cex = .9, font = 1) 

text(0.75, 15, "Pearson r [95% CI]", pos = 3, cex = 1) 

dev.off() 

 

###################### 

#### Baujat Plot #### 

###################### 

 

# Baujat Plot (Baujat et al., 2002) 

png(filename="Baujat_Plot_full.png", res=350, width=3196, height=2448) 

baujat(res_data, symbol = "slab") 
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baujat 

dev.off() 

 

###################### 

##### GOSH Plot ###### 

###################### 

 

# GOSH-Plot (Olkin et al., 2012)  

png(filename="Goshplot_full.png", res=350, width=2196, height=2048) 

goshplot_full <- gosh(res_data) 

plot(goshplot_full, cex = 0.3, out = 1, alpha = 0.9, col =  

       c("#C8110a","#0063A6")) 

dev.off() 

print.gosh.rma(goshplot_full) 

 

# Subgroup Forest Plot of Age Groups 

png(filename="Rainforestplot_age_full.png", res=350, width=2196, height=2048) 

viz_forest(x = res_data, 

               study_labels = data_zcor$author_names, 

               method = "REML", 

               group = data$sample_type, 

               summary_label = c("Adults", "Children", "Mixed"), 

               xlab = "Correlation", 

               variant = "rain", 

               text_size = 2, 

               annotate_CI = T) 

viz_forest 

dev.off() 

 

# Subgroup Forest Plot of Attractiveness Assessment 

png(filename="Rainforestplot_attr_full.png", res=350, width=2196, height=2048) 

viz_forest(x = res_data, 

           study_labels = data_zcor$author_names, 

           method = "REML", 

           group = data$attractiveness_type, 

           summary_label = c("Live", "Photographs"), 

           xlab = "Correlation", 

           variant = "rain", 

           text_size = 2, 

           annotate_CI = T) 

viz_forest 

dev.off() 

 

###################### 

## Publication Bias ## 

###################### 

 

# Funnel Plot  

png(filename="Funnel_Plot_full.png", res=350, width=2196, height=2048) 

viz_funnel(x = res_data, 

           method = "REML", 
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           contours = T, 

           sig_contours = T, 

           trim_and_fill = TRUE, 

           trim_and_fill_side = "left", 

           egger = TRUE, 

           x_trans_function = tanh) 

viz_funnel 

dev.off() 

 

# Power-enhanced Funnel Plot (Kossmeier et al., 2020) 

png(filename="Powerenhanced_Plot_full.png", res=350, width=2196, height=2448) 

viz_sunset( 

  res_data, 

  y_axis = "se", 

  true_effect = NULL, 

  method = "DL", 

  sig_level = 0.05, 

  power_stats = TRUE, 

  power_contours = "discrete", 

  contours = FALSE, 

  sig_contours = TRUE, 

  text_size = 3, 

  point_size = 2, 

  xlab = "Effect", 

  ylab = NULL, 

  x_trans_function = NULL, 

  x_breaks = NULL, 

  y_breaks = NULL, 

  x_limit = NULL, 

  y_limit = NULL 

) 

viz_sunset 

dev.off() 

 

# Power-enhanced Funnel Plot 

png(filename="Contourenhanced_Plot_full.png", res=350, width=2196, height=2448) 

funnel(res_data, level=c(90, 95, 99), refline=0, legend=TRUE) 

funnel 

dev.off() 

 

# Egger's Regression Test (Sterne & Egger, 2005) 

regtest(res_data, 

        model = "lm", 

        predictor = "sei") 

 

# Rank Correlation Method (Begg & Mazumdar, 1994) 

ranktest(res_data) 

 

# p-uniform effect size estimation (van Assen et al., 2015) 

puniform(ri = data_zcor$r, 

         ni = data_zcor$N, 
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         alpha = .05, 

         side = "right", 

         method = "P", 

         plot = TRUE) 

 

# p-uniform* (van Aert & van Assen, 2021)  

punistar_data <- puni_star(ri = data_zcor$r, 

                           ni = data_zcor$N, 

                           alpha = 0.1, 

                           side = "right", 

                           method = "ML") 

punistar_data 

 

# p-curve (Simonsohn et al., 2014) calculated with web app at p-curve.com  

 

# Test of Excess of Significance 

toe <- tes(data_zcor$r, 

           data_zcor$V) 

toe  

 

# Trim-and-Fill-Method (Duval & Tweedie, 2000) 

tf <- trimfill(res_data) 

summary(tf) 

 

######################## 

# Sensitivity Analyses # 

######################## 

 

# Leave-one-out Sensitivity Analysis  

leave1out.rma.uni(res_data, digits = 3) 

leave1out 

 

######################### 

#### Meta-Regression #### 

######################### 

 

# publication year 

pub_reg <- rma(yi, vi,  

               mods = ~publication_year, 

               data = data_zcor, 

               method = "REML", 

               digits = 3) 

pub_reg 

# b = -.012, p = .018, R^2 = 26.71%, tau^2 = .011 (SE = .006), tau = .105, I^2 = 96.41%, Q 

(df = 12) = 885.785, p < .001 

 

# mean age 

age_reg <- rma(yi, vi,  

               mods = ~age_mean, 

               data = data_zcor, 

               method = "REML", 
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               digits = 3) 

 

########################## 

### Moderator Analysis ### 

########################## 

 

# Sample type (children vs. adults vs. mixed) 

data$sample_type <- factor(data$sample_type, levels = 

                             c("adults", "children", "mixed")) 

 

mod_age <- rma(yi, vi, mods = ~ sample_type, data = data_zcor,  

                        method = 

                      "REML") 

summary(mod_age) 

 

# Attractiveness assessment (live vs. photographs) 

mod_attr <- rma(yi, vi, mods = ~ attractiveness_type,  

                         data = data_zcor,  

                        method = 

                          "REML") 

summary(mod_attr) 

 

########################################## 

## Adults-only & Children-only samples ### 

########################################## 

 

## Adult Samples (k = 8) 

data_adults <- data[-c(1, 2, 4, 7, 8, 9), ] 

summary(data_adults) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_adults <- escalc(measure = "ZCOR", 

                           ri = r, 

                           ni = N, 

                           data = data_adults) 

data_zcor_adults 

 

# calculate Random Effects Model for Adult Samples Only 

res_data_adults <- rma(yi, vi,  

                       data = data_zcor_adults, 

                       method = "REML") 

res_data_adults 

 

# convert z back to r 

predict(res_data_adults, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_adults) 

 

## Children Samples (k = 5) 

data_children <- data[-c(2, 3, 5, 6, 10, 11, 12, 13, 14), ] 
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summary(data_children) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_kids <- escalc(measure = "ZCOR", 

                         ri = r, 

                         ni = N, 

                         data = data_children) 

data_zcor_kids 

 

# calculate Random Effects Model 

res_data_kids <- rma(yi, vi,  

                     data = data_zcor_kids, 

                     method = "REML") 

res_data_kids 

 

# convert z back to r 

predict(res_data_kids, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_kids) 

 

## Mixed Age Sample (k = 1) 

data_mixed <- data[-c(1, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14), ] 

summary(data_mixed) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_mixed <- escalc(measure = "ZCOR", 

                         ri = r, 

                         ni = N, 

                         data = data_mixed) 

data_zcor_mixed 

 

# calculate Random Effects Model 

res_data_mixed <- rma(yi, vi,  

                     data = data_zcor_mixed, 

                     method = "REML") 

res_data_mixed 

 

# convert z back to r 

predict(res_data_mixed, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_mixed) 

 

## Live assessment Samples (k = 3) 

data_live <- data[-c(4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14), ] 

summary(data_live) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_live <- escalc(measure = "ZCOR", 

                           ri = r, 
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                           ni = N, 

                           data = data_live) 

data_zcor_live 

 

# calculate Random Effects Model for Live Samples Only 

res_data_live <- rma(yi, vi,  

                       data = data_zcor_live, 

                       method = "REML") 

res_data_live 

 

# convert z back to r 

predict(res_data_live, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_live) 

 

## Photograph assessment Samples (k = 11) 

data_photo <- data[-c(1, 2, 3), ] 

summary(data_photo) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_photo <- escalc(measure = "ZCOR", 

                         ri = r, 

                         ni = N, 

                         data = data_photo) 

data_zcor_photo 

 

# calculate Random Effects Model for Photograph Samples Only 

res_data_photo <- rma(yi, vi,  

                     data = data_zcor_photo, 

                     method = "REML") 

res_data_photo 

 

# convert z back to r 

predict(res_data_photo, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_photo) 

 

 

Specification Curve Analysis 

 

# file needed: Coding.xlsx 

# 

# Note: This script follows the code supplemented to Voracek, Kossmeier & Tran (2019) 

# "Which Data to Meta-Analyze and How?"; https://doi.org/10.1027/2151-2604/a000357 

# Code available at https://osf.io/nkv46/ 

###########################################################################

#### 
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#################################### 

###### Specification Curve Analysis ###### 

#################################### 

 

# libraries ---- 

library(readxl) 

library(metafor) 

library(robumeta) 

library(clubSandwich) 

library(stringr) 

library(writexl) 

 

# load meta-analytic data 

x <- read_xlsx("Coding.xlsx")  

 

# prepare data  

x$sample_type <- as.factor(x$sample_type) 

x$attractiveness_type <- as.factor(x$attractiveness_type) 

 

# Construct grouping factors (internal, which factors) 

sample_type <- c("children", "adults", "mixed") 

attractiveness_type <- c("live", "photographs") 

 

# different methods (external, how factors) 

effect <- c("r", "z") 

ma_method <- c("FE","REML", "unweighted") 

 

# Construct all possible combinations of internal and external factors 

specifications <- expand.grid(sample_type = sample_type, 

                              attractiveness_type = attractiveness_type, 

                              effect = effect, 

                              ma_method = ma_method) 

specifications <- data.frame(specifications, 

                                       mean = rep(NA, nrow(specifications)), 

                                       lb = rep(NA, nrow(specifications)), 

                                       ub = rep(NA, nrow(specifications)), 

                                       p = rep(NA, nrow(specifications)), 

                                       k = rep(NA, nrow(specifications))) 

 

# Conduct specification analyses 

for(i in 1:nrow(specifications)) { 

  dat <- x 

  #################################################################### 

  #### Determine specificaiton subset by using "Which" factors ####### 

  #################################################################### 

  if(specifications$sample_type[i] == "children") { 

    dat <- dat[dat$sample_type == "children", ]  

  } else { 

    if(specifications$sample_type[i] == "adults") { 

      dat <- dat[dat$sample_type == "adults", ]  

     }  
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  } 

    if(specifications$attractiveness_type[i] == "live") { 

      dat <- dat[dat$attractiveness_type == "live", ]  

    } else { 

  if(specifications$attractiveness_type[i] == "photographs") { 

    dat <- dat[dat$attractiveness_type == "photographs", ]  

    } 

  } 

  # only compute meta-analytic summary effects for specification subsets with at least two 

studies/samples. 

  if(nrow(dat) < 2) next 

   

  # Save which study/sample IDs were selected by the "Which" factors for a given 

specification. 

  specifications$set[i] <- paste(rownames(dat), collapse = ",") 

  ####################################################################### 

  #### Determine specification analyses by using "How" factors ########## 

  #######################################################################  

  if(specifications$effect[i] == "r") { 

    #################### effect = r ################   

    if(specifications$ma_method[i] == "FE") { 

      mod <- rma(yi = dat$r, sei = dat$r_se, method = "FE")  

    } else { 

      if(specifications$ma_method[i] == "REML") { 

         mod <- rma(yi = dat$r, sei = dat$r_se, method = "REML", 

                  control = list(stepadj=0.5, maxiter = 2000))   

        } else { 

          if(specifications$ma_method[i] == "unweighted") { 

            mod <- rma(yi = dat$r, sei = dat$r_se, method = "FE", 

                       weights = 1/nrow(dat)) 

            } 

        } 

    } 

    specifications$mean[i] <- mod$b[[1]] 

    specifications$lb[i] <- mod$ci.lb[[1]] 

    specifications$ub[i] <- mod$ci.ub[[1]] 

    specifications$p[i] <- mod$pval[[1]] 

    specifications$k[i] <- nrow(dat) 

    ################################################  

  } else { 

    if(specifications$effect[i] == "z") { 

      #################### effect = z ################   

      if(specifications$ma_method[i] == "FE") { 

        mod <- rma(yi = dat$z, sei = dat$z_se, method = "FE")  

      } else { 

        if(specifications$ma_method[i] == "REML") { 

        mod <- rma(yi = dat$z, sei = dat$z_se, method = "REML", 

                   control = list(stepadj=0.5, maxiter = 2000))   

          } else { 

            if(specifications$ma_method[i] == "unweighted") { 

              mod <- rma(yi = dat$z, sei = dat$z_se, method = "FE",  
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                         weights = 1/nrow(dat)) 

            } 

          } 

      } 

      specifications$mean[i] <- tanh(mod$b[[1]]) # inverse of z 

      specifications$lb[i] <- tanh(mod$ci.lb[[1]]) 

      specifications$ub[i] <- tanh(mod$ci.ub[[1]]) 

      specifications$p[i] <- mod$pval[[1]]     

      specifications$k[i] <- nrow(dat) 

      ################################################      

     

# Only keep specifications with at least 2 studies/samples 

specifications_full <- specifications[complete.cases(specifications),] 

# Only keep unique study/sample subsets resulting from "Which" factor combinations. 

specifications_full <- specifications_full[!duplicated(specifications_full[,  

                                c("mean", "set", "ma_method", "effect")]), ] 

# Indicator if all studies are included in the set 

specifications_full$full_set <- as.numeric(specifications_full$set ==  

                                  paste(1:nrow(x), collapse =",", sep = "")) 

    } 

  } 

} 

# Save specification data 

write.csv2(file = "specifications_IQAttr_complete.csv", specifications_full) 

 

Specification Curve Analysis Plots 

# file needed: specifications_IQAttr_complete.csv 

# 

# Note: This script follows the code supplemented to Voracek, Kossmeier & Tran (2019) 

# "Which Data to Meta-Analyze and How?"; https://doi.org/10.1027/2151-2604/a000357 

# Code available at https://osf.io/nkv46/ 

###########################################################################

#### 

 

#################################### 

## Descriptive Specification Plot ## 

#################################### 

 

# libraries ---- 

library(readxl) 

library(metafor) 

library(ggplot2) 

library(plyr) 

library(ggpubr) 

library(grid) 

library(gridExtra) 

 

# load data 

specifications_full <- read.csv2('specifications_IQAttr_complete.csv') 
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specifications_full 

 

# prepare data 

specifications_full$mean <- as.numeric(specifications_full$mean) 

specifications_full$lb <- as.numeric(specifications_full$lb) 

specifications_full$ub <- as.numeric(specifications_full$ub) 

specifications_full$p <- as.numeric(specifications_full$p) 

specifications_full$k <- as.numeric(specifications_full$k) 

specifications_full$set <- as.factor(specifications_full$set) 

 

# prepare plotting data for tile plot 

# grouping factors 

sample_type <- c("children", "adults", "mixed") 

attractiveness_type <- c("live", "photographs") 

 

# different methods 

effect <- c("r", "z") 

ma_method <- c("FE", "REML", "unweighted") 

 

x_rank <- rank(specifications_full$mean, ties.method = "random") 

yvar <- rep(factor(rev(c(sample_type, attractiveness_type, effect, ma_method)),  

                   levels = rev(c(sample_type, attractiveness_type, 

                                  effect, ma_method))),  

            times = nrow(specifications_full)) 

xvar <- rep(x_rank, each = length(levels(yvar))) 

spec <- NULL 

 

# Determine which specifications are observed and which are not 

for(i in 1:nrow(specifications_full)) { 

  id <- as.numeric(levels(yvar) %in% as.character 

                   (unlist(specifications_full[i, 1:9]))) 

  spec <- c(spec, id) 

} 

 

plotdata <- data.frame(xvar, yvar, spec) 

 

ylabels <- rev(c("sample: children", "sample: adults", "sample: mixed",  

                 "live judgment", "photograph judgment", 

                 "metric: r",  

                 "metric: z", 

                 "model: FE", 

                 "model: REML", 

                 "model: unweighted" 

)) 

 

plotdata$k <- rep(specifications_full$k, each = length(levels(yvar))) 

plotdata$fill <- as.factor(plotdata$k * plotdata$spec) 

cols <- RColorBrewer::brewer.pal(min(11, length(levels(plotdata$fill)) - 1),  

                                 "Spectral") 
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# Create specification tile plot ------------------------------------------ 

p_spec <- ggplot(data = plotdata, aes(x = xvar, y = as.factor(yvar), 

                                      fill = fill)) + 

  geom_raster() +  

  geom_hline(yintercept = c(5, 7) + 0.5) +  

  scale_x_continuous(position = "bottom") + 

  scale_y_discrete(labels = ylabels) + 

  scale_fill_manual(values = c("white", 

                   c(cols[floor(seq(from = 1, to = length(cols), length.out =  

                                    length(levels(plotdata$fill)) - 1))]))) + 

  labs(x = "Specification number", y = "Which/How factors") + 

coord_cartesian(expand = F, xlim = c(0.5, nrow(specifications_full) + 0.5)) + 

  theme_bw() +  

  theme(legend.position = "none", 

        axis.text = element_text(colour = "black"), 

        axis.ticks = element_line(colour = "black"), 

        plot.margin = margin(t = 5.5, r = 5.5, b = 5.5, l = 5.5, unit = "pt")) 

 

# Create summary forest plot ------------------------------------------------------ 

specifications_full$xvar <- x_rank 

yrng <- range(c(0, specifications_full$lb, specifications_full$ub)) 

ylimit <- c(yrng[1] - diff(yrng)*0.1, yrng[2] + diff(yrng)*0.1) 

 

y_breaks_forest <- round(seq(from = round(ylimit[1], 1), to = round(ylimit[2],  

                                                             1), by = 0.1), 2) 

y_labels_forest <- format(y_breaks_forest, nsmall = 2) 

y_breaks_forest <- c(ylimit[1], y_breaks_forest) 

y_labels_forest <- c(ylabels[which.max(nchar(ylabels))], y_labels_forest) 

 

p_forest <-  

  ggplot(data = specifications_full, aes(x = xvar, y = mean)) + 

  geom_errorbar(aes(ymin = lb, ymax = ub, col = as.factor(k)), width = 0,  

                size = 0.25) + 

  geom_line(col = "black", size = 0.25) + 

  geom_hline(yintercept = 0, linetype = 2, size = 0.25) + 

  scale_x_continuous(name = "") + 

  scale_y_continuous(name = "Summary effect (r)", breaks = y_breaks_forest, 

                     labels = y_labels_forest) +  

  scale_color_manual(values = c(cols[floor(seq(from = 1, to = length(cols), 

        length.out = length(levels(as.factor(specifications_full$k)))))])) + 

   

  coord_cartesian(ylim = ylimit, xlim = c(0.5, nrow(specifications_full) 

                                          + 0.5), 

                  expand = FALSE) + 

  ggtitle("Intelligence and Attractiveness (k = 14)") + 

  theme_bw() + 

  theme(legend.position = "none", 

        axis.text.x = element_blank(), 

        axis.ticks.x = element_blank(), 

        axis.text.y = element_text(colour = c("white", rep("black",  

                                       times = length(y_labels_forest) - 1))), 
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        axis.ticks.y = element_line(colour = c("white", rep("black", 

                                       times = length(y_breaks_forest) - 1))), 

        panel.grid.major.x = element_blank(), 

        panel.grid.minor.x = element_blank(), 

        panel.grid.major.y = element_line(), 

        panel.grid.minor.y = element_blank(), 

        plot.margin = margin(t = 5.5, r = 5.5, b = -15, l = 5.5, unit = "pt")) 

 

# Create subset size indicator -------------------------------------------- 

yrng <- range(c(2, max(specifications_full$k))) 

ylimit <- c(2, max(specifications_full$k)) 

 

y_breaks_size <- round(seq(from = yrng[1], to = yrng[2], by = 100), 0) 

y_labels_size <- format(y_breaks_size, nsmall = 0) 

y_breaks_size <- c(ylimit[1], y_breaks_size) 

y_labels_size <- c(ylabels[which.max(nchar(ylabels))], y_labels_size) 

 

p_size <-  

  ggplot(data = specifications_full, aes(x = xvar, y = k)) + 

  geom_area(fill = "gray35", color = "black", size = 0.25) + 

  scale_x_continuous(name = "") + 

  scale_y_continuous(name = "# Samples", breaks = y_breaks_size,  

                     labels = y_labels_size) +  

  coord_cartesian(ylim = ylimit, xlim = c(0.5, nrow(specifications_full)  

                                          + 0.5), 

                  expand = FALSE) + 

  theme_bw() + 

  theme(legend.position = "none", 

        axis.text.x = element_blank(), 

        axis.ticks.x = element_blank(), 

        axis.text.y = element_text(colour = c("white", rep("black",  

                                          times = length(y_labels_size) - 1))), 

        axis.ticks.y = element_line(colour = c("white", rep("black", 

                                        times = length(y_breaks_size) - 1))), 

        panel.grid.major.x = element_blank(), 

        panel.grid.minor.x = element_blank(), 

        panel.grid.major.y = element_line(), 

        panel.grid.minor.y = element_blank(), 

        plot.margin = margin(t = 5.5, r = 5.5, b = -15, l = 5.5, unit = "pt")) 

 

# Combine specfication tile plot, subset size indicator and forest plot 

p <- gridExtra::arrangeGrob(p_spec, p_size, p_forest, 

                            layout_matrix = matrix(c(3, 3, 3, 2, 1, 1, 1, 1, 1), 

                                                   ncol = 1)) 

p <- ggpubr::as_ggplot(p) 

ggsave("plot_SCA_IQAttr_complete.tiff", p, width = 16*1.2, height = 12*1.2, 

       dpi = 1200, units = "cm", compression = "lzw+p") 
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R-Code 

(trimmed analysis; Kanazawa (2011) – Group A excluded, k = 13) 

# file needed: Coding.xlsx 

###########################################################################

#### 

 

# libraries ---- 

library(clubSandwich) 

library(data.table) 

library(plyr) 

library(dplyr) 

library(foreign) 

library(fpc) 

library(ggplot2) 

library(ggpubr) 

library(grid) 

library(gridExtra) 

library(gsl) 

library(mclust) 

library(haven) 

library(Matrix) 

library(metafor) 

library(metaviz) 

library(psychmeta) 

library(puniform) 

library(readxl) 

library(robumeta) 

library(SciViews) 

library(stringr) 

library(writexl) 

 

# import data 

data_k <- read_xlsx("Coding.xlsx") 

data_k 

 

# Remove Sample with exceptionally high correlation r = .381, Kanazawa (2011) - Group A  

data_k <- data_k[-1, ] 

summary(data_k) 

 

# prepare data 

data_k$sample <- as.factor(data_k$sample) 

data_k$effect_id <- as.factor(data_k$effect_id) 

data_k$design <- as.factor(data_k$design) 

data_k$publication_status <- as.factor(data_k$publication_status) 

data_k$publisher <- as.factor(data_k$publisher) 

data_k$manuscript_type <- as.factor(data_k$manuscript_type) 

data_k$peer_reviewed <- as.factor(data_k$peer_reviewed) 

data_k$funding_yn <- as.factor(data_k$funding_yn) 

data_k$previously_included <- as.factor(data_k$previously_included) 

data_k$geographic_location <- as.factor(data_k$geographic_location) 
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data_k$sample_type <- as.factor(data_k$sample_type) 

data_k$IQ_test <- as.factor(data_k$IQ_test) 

data_k$attractiveness_type <- as.factor(data_k$attractiveness_type) 

data_k$attractiveness_rating <- as.factor(data_k$attractiveness_rating) 

data_k$raters <- as.factor(data_k$raters) 

data_k$attractiveness_scale <- as.factor(data_k$attractiveness_scale) 

data_k$age_mean <- as.numeric(data_k$age_mean) 

data_k$percentage_male <- as.numeric(data_k$percentage_male) 

data_k$IQ_mean <- as.numeric(data_k$IQ_mean) 

data_k$IQ_SD <- as.numeric(data_k$IQ_SD) 

data_k$IQ_reliability <- as.numeric(data_k$IQ_reliability) 

data_k$p_value <- as.numeric(data_k$p_value) 

data_k$r_se <- as.numeric(data_k$r_se) 

data_k$r <- as.numeric(data_k$r) 

data_k$V <- as.numeric(data_k$V) 

data_k$N <- as.numeric(data_k$N) 

data_k$z <- as.numeric(data_k$z) 

data_k$z_se <- as.numeric(data_k$z_se) 

 

# omit missing data_k 

na.omit(data_k) 

summary(data_k) 

 

# Fisher's z transformation of r. Computed as atanh(r) 

data_zcor_k <- escalc(measure = "ZCOR", 

                    ri = r, 

                    ni = N, 

                    data = data_k) 

data_zcor_k 

 

######################## 

# Random Effects Model # 

######################## 

 

# calculate Random Effects Model 

res_data_k <- rma(yi, vi,  

                data = data_zcor_k, 

                method = "REML") 

res_data_k 

 

# convert z back to r 

predict(res_data_k, digits = 3, transf = transf.ztor) 

 

# calculate confidence interval for the amount of heterogeneity  

confint(res_data_k) 

 

###################### 

#### Forest Plot #### 

###################### 

 

# Forest Plot 
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png(filename="Forest_Plot_trimmed.png", res=350, width=3196, height=2448) 

forest(res_data_k, 

       slab = data_zcor_k$author_names, 

       addcred = TRUE, #addcred: prediction interval 

       col = "navyblue", 

       xlab = "Fisher's z Transformed Correlation Coefficient", 

       steps = 5) 

 

# Add column headings to the plot 

text(-3.8, 7.4, "Study name", pos = 4, cex = .9) 

text(6.9, 3.2, "Pearson's r [95% CI]", pos = 2, cex = .9) 

 

par(cex = .9, font = 1) 

text(0.75, 15, "Pearson r [95% CI]", pos = 1, cex = 1) 

dev.off() 

 

###################### 

#### Baujat Plot #### 

###################### 

 

# Baujat Plot (Baujat et al., 2002) 

png(filename="Baujat_Plot_trimmed.png", res=350, width=3196, height=2448) 

baujat(res_data_k, symbol = "slab") 

baujat 

dev.off() 

 

###################### 

##### GOSH Plot ###### 

###################### 

 

# GOSH-Plot (Olkin et al., 2012)  

png(filename="Goshplot_trimmed.png", res=350, width=2196, height=2048) 

goshplot_trimmed <- gosh(res_data_k) 

plot(goshplot_trimmed, cex = 0.3, out = 1, alpha = 0.9, col =  

       c("#C8110a","#0063A6")) 

dev.off() 

print.gosh.rma(goshplot_trimmed) 

 

# Subgroup Forest Plot of Age Groups 

png(filename="Rainforestplot_age_trimmed.png", res=350, width=2196, height=2048) 

viz_forest(x = res_data, 

           study_labels = data_zcor_k$author_names, 

           method = "REML", 

           group = data$sample_type, 

           summary_label = c("Adults", "Children", "Mixed"), 

           xlab = "Correlation", 

           variant = "rain", 

           text_size = 2, 

           annotate_CI = T) 

viz_forest 

dev.off() 
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# Subgroup Forest Plot of Attractiveness Assessment 

png(filename="Rainforestplot_attr_trimmed.png", res=350, width=2196,  

    height=2048) 

viz_forest(x = res_data, 

           study_labels = data_zcor_k$author_names, 

           method = "REML", 

           group = data$attractiveness_type, 

           summary_label = c("Live", "Photographs"), 

           xlab = "Correlation", 

           variant = "rain", 

           text_size = 2, 

           annotate_CI = T) 

viz_forest 

dev.off() 

 

###################### 

## Publication Bias ## 

###################### 

 

# Funnel Plot  

png(filename="Funnel_Plot_trimmed.png", res=350, width=2196, height=2048) 

viz_funnel(x = res_data_k, 

           method = "REML", 

           contours = T, 

           sig_contours = T, 

           trim_and_fill = TRUE, 

           trim_and_fill_side = "left", 

           egger = TRUE, 

           x_trans_function = tanh) 

viz_funnel 

dev.off() 

 

# Power-enhanced Funnel Plot (Kossmeier et al., 2020) 

png(filename="Powerenhanced_Plot_trimmed.png", res=350, width=2196, 

    height=2448) 

viz_sunset( 

  res_data_k, 

  y_axis = "se", 

  true_effect = NULL, 

  method = "DL", 

  sig_level = 0.05, 

  power_stats = TRUE, 

  power_contours = "discrete", 

  contours = FALSE, 

  sig_contours = TRUE, 

  text_size = 3, 

  point_size = 2, 

  xlab = "Effect", 

  ylab = NULL, 

  x_trans_function = NULL, 

  x_breaks = NULL, 
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  y_breaks = NULL, 

  x_limit = NULL, 

  y_limit = NULL 

) 

viz_sunset 

dev.off() 

 

# Power-enhanced Funnel Plot 

png(filename="Contourenhanced_Plot_trimmed.png", res=350, width=2196,  

    height=2448) 

funnel(res_data_k, level=c(90, 95, 99), refline=0, legend=TRUE) 

funnel 

dev.off() 

 

# Egger's Regression Test (Sterne & Egger, 2005) 

regtest(res_data_k, 

        model = "lm", 

        predictor = "sei") 

 

# Rank Correlation Method (Begg & Mazumdar, 1994) 

ranktest(res_data_k) 

 

# p-uniform effect size estimation (van Assen et al., 2015) 

puniform(ri = data_zcor_k$r, 

         ni = data_zcor_k$N, 

         alpha = .05, 

         side = "right", 

         method = "P", 

         plot = TRUE) 

 

# p-uniform* (van Aert & van Assen, 2021)  

punistar_data <- puni_star(ri = data_zcor_k$r, 

                           ni = data_zcor_k$N, 

                           alpha = 0.1, 

                           side = "right", 

                           method = "ML") 

punistar_data 

 

# Test of Excess of Significance 

toe_k <- tes(data_zcor_k$r, 

           data_zcor_k$V) 

toe_k  

 

# Trim-and-Fill-Method (Duval & Tweedie, 2000) 

tf <- trimfill(res_data_k) 

summary(tf) 

 

######################## 

# Sensitivity Analyses # 

######################## 
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# Leave-one-out Sensitivity Analysis  

data_leave1out <- leave1out(res_data_k, 

                            digits = 3) 

data_leave1out 

 

######################### 

#### Meta-Regression #### 

######################### 

 

# publication year 

pub_reg_k <- rma(yi, vi, 

                     mods = ~publication_year, 

                     data = data_zcor_k, 

                     method = "REML", 

                     digits = 3) 

pub_reg_k 

 

# mean age 

age_reg_k <- rma(yi, vi, 

                    mods = ~age_mean, 

                    data = data_zcor_k, 

                    method = "REML", 

                    digits = 3) 

age_reg_k 

 

########################## 

### Moderator Analysis ### 

########################## 

 

# sample type (adults vs children vs mixed) 

data_k$sample_type <- factor(data_k$sample_type, levels = 

                                  c("adults", "children", "mixed")) 

 

mod_age_k <- rma(yi, vi, mods = ~ sample_type, data = data_zcor_k,  

                    method = 

                      "REML") 

summary(mod_age_k) 

 

# attractiveness assessment (live vs photographs) 

mod_attr_k <- rma(yi, vi, mods = ~ attractiveness_type,  

                     data = data_zcor_k,  

                     method = 

                       "REML") 

summary(mod_attr_k) 
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Appendix I 

Documentation of literature search 

Overview 

 A total of four databases were searched for relevant articles: PubMed, Scopus, ISI Web 

of Science, Open Access Thesis and Dissertations. A cited reference search was performed for 

Kanazawa & Kovar (2004) via ISI Web of Science. Studies were screened (titles and 

abstracts) from 05/08/2023 to 09/05/2023. Last checked on: 10/05/2024. 

Classification of searched literature before coding full texts: 

Documentation 

1. PubMed 

Date (first search): 05/08/2023 

Hits: 1382 

Date (second search): 09/05/2023 

Hits: 1507 

2. Scopus 

Date (first search): 05/08/2023 

Hits: 8598 

Hits (limited to psychology): 441 

Date (second search): 09/05/2023 

Hits (limited to psychology): 932 

3. ISI Web of Science 

Date: 05/08/2023 

Hits: 2024 

Cited reference search: Kanazawa, S* 

Hits: 114 

4. Open Access Thesis and Dissertations 

Date: 08/05/2023 

Hits: 748 

Hits (limited to Psychology): 14 

5. Backward Search 

Additionally screened: 2 
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Appendix J 

Additional results of psychometric meta-analysis  

 

Figure 1A. Baujat-Plot of full dataset (k = 14). Contribution of each study to the overall Q-

test statistic for heterogeneity on the horizontal axis versus the influence of each study on the 

vertical axis.  

 

 

 

 

 

 

 

 

 

Figure 1B. Baujat-Plot of trimmed dataset (k = 13). Contribution of each study to the 

overall Q-test statistic for heterogeneity on the horizontal axis versus the influence of each 

study on the vertical axis 
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Figure 2A. Rainforest Plot for age groups (children vs. adults vs. mixed). 
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Figure 2B. Rainforest Plot for attractiveness assessment (live vs. photographs). 
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Abbreviations 

Abbreviation Meaning 

CHC Cattell-Horn-Carroll 

ICHH Immunocompetence handicap hypothesis 

xAM Cross-trait assortative mating 

a/h² Genetic heritability factor 

c Common/shared environmental factor 

e Non-shared environmental factor 

ACE model Genetics (A), shared environmental influences (C), non-

shared environmental influences (E) 

IQ 

ERP 

BFI 

Intelligence Quotient 

Event-related potential 

Big-Five Inventory 

GWAS Genome-Wide Association Study 

SAT Scholastic Assessment Test 

GPA Grade Point Average 

MCFC 

MMC 

SCA 

GOSH 

Males-compete/females-choose 

Mutual mate choice  

Specification Curve Analysis 

Graphical Display of Study Heterogeneity 

WAIS Wechsler Adult Intelligence Scale 

RPM Raven Progressive Matrices Test 

MAB Multidimensional Aptitude Battery 

IST-R 2000 Intelligence Structure Test 2000-R 

PPVT Peabody Picture Vocabulary Test 

 

 

 


