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ABSTRACT
Facial photo filters are widely used when sharing selfies, but how others perceive filtered faces has rarely been examined experimentally. 
In this online experiment, I examined whether a typical facial photo filter from Instagram affects judgments of the attractiveness and 
trustworthiness of female faces. To rule out familiarity effects, 40 AI-generated (StyleGAN) faces of women (39 analyzed) were 
presented either unfiltered or modified with a filter that combines soft-focus, contrast, and exposure adjustments. Participants (N = 
69, 39 women and 30 men, aged 18–63 years) rated each face on 10-point scales. The four questionnaire versions were randomly 
allocated to recruitment channels rather than to individual participants, so condition was confounded with viewer gender (filter: 28 
men and 6 women, no filter: 33 women and 2 men). Filtered faces received slightly lower mean ratings of attractiveness (Hedges’ 
g = −0.32, 95% CI [−0.79, 0.15]) and trustworthiness (g = −0.32, 95% CI [−0.79, 0.15]), but neither difference was statistically 
significant. Mixed-effects models with crossed random effects for participants and faces led to the same conclusion. Adjusting for 
viewer gender reduced the attractiveness difference to nearly zero but changed the trustworthiness difference only slightly. Gender 
differences could not be tested. About half of the women and a quarter of the men reported editing photos of themselves. The extent 
of editing was not significantly correlated with age or education. The findings do not support the assumption that such filters lower 
these judgments. Adequately powered studies with randomization at the participant level are needed.
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Introduction
The use of photo filters is a widespread trend on social media 
platforms such as Instagram and Snapchat [1]. Photo filters are 
software functions that change the appearance of a photograph 
before it is shared, for example by altering exposure, color, 
or contrast. Filters designed specifically for editing faces are 
particularly popular. These filters, commonly called beauty or 
makeup filters and referred to in this article as facial photo filters, 
typically combine soft-focus and smoothing effects with changes 
in brightness and contrast. With a single tap, they can lighten or 
darken the skin tone and individual facial areas and remove visible 
skin blemishes. Ninety percent of young women report using filters 
before posting photographs of their own face, so-called selfies [2].

Photo manipulation itself is not new. Professional image editing 
software such as Photoshop has existed since the late 1980s [3], 
but its complexity and price limited its use to a small group of 
users. Smartphone apps such as Facetune, VSCO, and FaceApp 
and filters built into social media platforms have since made the 
editing of faces available to everyone, in some cases with AI-
based changes to facial features that are intended to match Western 
beauty ideals [4]. This development has raised clinical and societal 
concerns. The term “Snapchat dysmorphia”, for example, refers to 
the wish to look like one’s filtered selfies, which may lead people 
to seek cosmetic surgery [1] and has been discussed in relation 
to body dysmorphic disorder [5]. In Norway, influencers have 
been required to label retouched bodies and faces in advertising 
photographs since summer 2022 [6].

Attractiveness and Trustworthiness of Selfies
In 2022, Instagram had more than 1 billion users worldwide, 
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about 70% of whom were between 13 and 34 years old [7]. Young 
people share photos on Instagram to preserve memories and share 
them with friends and family, but also to present and develop their 
own identity [8] and posting selfies has been linked to impression 
management and self-esteem [9]. Likes act as a social reward. 
Social media engagement follows the principles of reward learning 
[10] and in adolescents, photos with many likes elicit stronger 
activation of the nucleus accumbens than photos with few likes 
[1]. Day and Carelli [12] and Klawonn and Malenka [13] describe 
this region as a key structure of the reward system. In the study by 
Sherman et al. [11], the effect was found in both hemispheres when 
participants viewed their own photos. Because attractive selfies are 
more likely to be liked, users have a strong incentive to optimize 
their appearance in photos, and facial photo filters are a convenient 
tool for doing so.

Selfies also play a central role in online dating. On Tinder, which 
had about 75 million monthly active users in 2022 [14] and on 
similar apps, users decide whether they are interested in another 
person mainly on the basis of profile photos, supplemented by only 
a few social cues [15]. Such decisions are often made in less than 
a second [16], so physical appearance plays a decisive role. At 
the same time, filtered photos may raise doubts about a person’s 
honesty. In focus groups conducted by Lavrence and Cambre 
[17], young adults, and men in particular, reacted negatively to 
conspicuously filtered selfies. They suspected that the depicted 
person looked quite different in reality or had something to hide, 
whereas subtle retouching of blemishes was considered acceptable. 
Consistent with this, Hong et al. [18] found in a content analysis 
that Instagram selfies with filters received fewer likes than selfies 
without filters.

These findings suggest that facial photo filters may lower rather 
than raise how attractive and trustworthy a person appears. At 
the time the present study was conducted, however, experimental 
evidence on this question was lacking. It was also unclear whether 
women and men judge filtered faces differently. Young women use 
filters far more often [2] than adults in general [19], yet women 
and men in the study by Lavrence and Cambre [17] evaluated 
conspicuous filtering in a similarly negative way.

The Present Study
In the present experiment, I examined how a typical facial photo 
filter available on Instagram affects judgments of the attractiveness 
and trustworthiness of female faces. AI-generated faces were used 
to rule out familiarity with the depicted persons. Based on the 
qualitative findings described above, filtered faces were expected 
to be judged as less attractive and less trustworthy than unfiltered 
faces, and the effect on attractiveness was expected to occur 
among male but not among female viewers. These predictions 
were specified before data collection. In addition, I explored how 
participants’ own editing of photos was related to their age and 
education.

Method
Design
The online experiment was implemented in SoSci Survey [20] 
and used a between-subjects design with two conditions (filter 
vs. no filter). In both conditions, participants were to rate the 
same 40 faces, either unfiltered or filtered (for deviations, see 
Stimuli). Each condition was implemented in two questionnaire 
versions that presented the faces in a randomized base sequence 
or in the reversed sequence to counteract serial position effects. 
The four questionnaire versions were randomly allocated to four 
recruitment channels, and each channel received only the link to 
its version. Randomization therefore took place at the level of 
recruitment channels rather than individual participants. With only 
two channels per condition, this procedure could not ensure that 
the groups were comparable in participant characteristics.

Participants
Participants were recruited between April 11 and May 5, 2022, via 
WhatsApp groups, personal contact networks, and social media. 
They were invited to take part in a psychological experiment 
on the “psychological effects of different facial presentations.” 
Participation was voluntary. Participants had to be at least 18 years 
old, because the women shown in the photographs were estimated 
to be between 18 and 45 years old, and to have normal vision. 
No a priori power analysis was conducted. Based on feasibility, a 
sample of 50 to 70 participants was planned.

Of the 98 persons who consented and began the survey, 74 (75.5%) 
completed it. Most of those who discontinued did so during the 
rating phase. Data quality was screened with two indicators of 
meaningless responding [21]. Two participants were excluded 
because their relative speed index exceeded 2.0, which means 
that they completed the survey more than twice as fast as the 
typical participant. Three participants were excluded because they 
gave identical ratings to all 40 faces on at least one of the two 
scales. None of the remaining participants’ mean ratings met the 
outlier criterion defined before data collection (values more than 
three interquartile ranges beyond the quartiles). The final sample 
comprised N = 69 participants (39 women and 30 men, none of 
whom selected the option “other”) aged 18 to 63 years (M = 28.8, 
SD = 12.9, Mdn = 23). Their highest educational qualification was 
a general higher education entrance qualification (Abitur, 42.0%), 
an intermediate secondary school certificate (20.3%), a university 
of applied sciences entrance qualification (18.8%), a university 
degree (14.5%), a doctorate (1.4%), a lower secondary school 
certificate (1.4%), or none of these (1.4%). Most participants used 
Instagram (79.7%) and Snapchat (58.0%), 40.6% used TikTok, 
and 20.3% used at least one dating app.

Because randomization took place at the level of recruitment 
channels, the two conditions differed markedly in their composition 
(see Table 1). The filter condition (n = 34) consisted predominantly 
of men (28 men, 6 women), whereas the no-filter condition (n = 35) 
consisted predominantly of women (33 women, 2 men), Fisher’s 
exact test, p < .001. Participants in the filter condition were also 
older (M = 34.2, SD = 15.9) than those in the no-filter condition (M 
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= 23.5, SD = 5.4), t(40.22) = 3.71, p < .001.

Table 1: Descriptive Statistics by Condition and Viewer Gender.
Age (years) Attractiveness Trustworthiness

Condition 
and gender n M SD M SD M SD

No filter
  Women 33 23.3 5.4 5.52 1.27 5.78 1.11
  Men 2 26.5 4.9 6.55 2.12 6.90 1.45
  Total 35 23.5 5.4 5.58 1.31 5.84 1.13
Filter
  Women 6 27.0 17.7 5.97 1.17 5.90 0.95
  Men 28 35.7 15.4 5.00 1.16 5.36 1.34
  Total 34 34.2 15.9 5.17 1.20 5.45 1.28
Total sample 69 28.8 12.9 5.38 1.26 5.65 1.22

Note. Attractiveness and trustworthiness are participants’ mean ratings of 
39 AI-generated female faces on scales from 1 to 10, with higher values 
indicating higher perceived attractiveness or trustworthiness. Because 
the four questionnaire versions were randomly allocated to recruitment 
channels rather than to individual participants, condition and viewer 
gender were confounded.

Stimuli
The stimuli were 40 portraits of women generated with the 
generative adversarial network StyleGAN [22,23]. The portraits 
therefore did not depict real persons. Synthetic faces were used 
because photographs from sources such as stock photo archives 
may already be familiar to participants, and prior exposure 
increases liking [24]. By 2022, faces generated with StyleGAN 
could no longer be reliably distinguished from photographs of real 
people [25], as also illustrated by the website whichfaceisreal.com 
[26]. When generating the faces, only a White appearance and an 
apparent age of 18 to 45 years were specified, so the faces varied 
in other features such as hair color, eye color, and head posture. In 
each square image, the head occupied approximately 90% of the 
image area, and the eyes were always at the same position. Only 
images without typical StyleGAN artifacts, such as asymmetric 
earrings or eyeglasses, distorted teeth, or irregular backgrounds, 
were selected.

In the filter condition, the faces were modified with the facial photo 
filter No Filter, a typical facial photo filter that was available on 
Instagram as a one-click application [27]. The filter applies strong 
soft-focus blurring across the face, increases global contrast, and 
modifies exposure across the entire image. It was applied to all 
photographs in a standardized manner. Figure 1 shows an example.

A post hoc pixel-wise comparison of the images embedded in 
the questionnaires revealed two deviations. One image in the no-
filter versions was the filtered version of a face that also appeared 
unfiltered in the same questionnaire, and one face in the filter 
versions had no unfiltered counterpart. These items were excluded, 
so all analyses are based on 39 faces that were presented unfiltered 
in the no-filter condition and filtered in the filter condition. The 
assignment of images to items was verified for the two versions with 
the base sequence and assumed for the versions with the reversed 

sequence. This assumption was supported for the reversed no-filter 
version, whose face-level mean attractiveness ratings correlated 
highly with those of the base version (r = .94), but less clearly for 
the reversed filter version (r = .51). The filtered images also had 
a slightly higher resolution (approximately 550 × 550 pixels) than 
the unfiltered images (480 × 480 pixels).

Figure 1: Example of a Face Presented Without and With the Facial Photo 
Filter.
Note. The face was generated with StyleGAN and does not depict a 
real person. Left: unfiltered version (no-filter condition). Right: version 
modified with the facial photo filter “No Filter” (filter condition).

Procedure and Measures
After information on the study and on data protection, participants 
gave their informed consent by clicking “Next.” According to the 
screening questionnaire of the Ethics Committee of Hochschule 
Fresenius, the study involved no vulnerable groups, no deception, 
no collection of personally identifying data, and no risks beyond 
those of everyday life, so a full ethics application was not 
required. Participants then rated each face on two scales from 1 
to 10. Attractiveness was assessed with the item “Please rate the 
attractiveness of the woman shown in the picture” (1 = I do not 
like the face at all, 10 = I like the face very much). Trustworthiness 
was assessed with the item “How trustworthy would you consider 
this otherwise unknown person to be if you saw the photo on her 
social media profile?” (1 = I would not trust this person at all, 10 
= I would trust this person completely).

Afterward, participants reported their gender, age, highest 
educational qualification, and use of social media and dating apps. 
Finally, they indicated whether they edited photos of themselves 
(yes or no) and how strongly they did so before uploading them, 
on a scale from 1 to 5 without verbal labels. The second question 
was presented to all participants, regardless of their answer to the 
first. All materials were presented in German, and the wordings 
reported here are translations. The median completion time was 
6.4 min (interquartile range: 5.2–8.2 min).

Data Analysis
Data were prepared in Python 3.11 (pandas) and analyzed in R 4.3.3 
[28] with the packages lme4 1.1-35.1 [29], lmerTest 3.1-3 [30] and 
effectsize 0.8.6 [31]. For each participant, mean attractiveness and 
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mean trustworthiness ratings were computed across the 39 faces. 
Within conditions, the internal consistency of these mean scores 
was high (Cronbach’s α = .95–.96 for attractiveness and .93–.96 
for trustworthiness).

The two conditions were compared with Welch’s t tests, which do 
not assume equal variances [32]. Although directional effects were 
expected, two-tailed p values are reported (α = .05), and one-tailed 
values are given for completeness. Effect sizes are reported as 
Hedges’ g with 95% confidence intervals (CIs), following Lakens 
[33]. Because participants responded to a sample of faces, I also 
fitted linear mixed-effects models with crossed random effects for 
participants and faces to the individual ratings [34]. The models 
contained the fixed effect of condition (coded −0.5 = no filter, 0.5 
= filter), random intercepts for participants and faces, and random 
slopes of condition for faces. This is the maximal random-effects 
structure justified by the design [35], because participants were 
nested within conditions and random participant slopes were 
therefore not possible. The models were estimated with restricted 
maximum likelihood. Degrees of freedom were approximated with 
the Satterthwaite method [30] and 95% CIs of the fixed effects were 
based on the corresponding t distribution. A standardized effect 
size d was computed by dividing the fixed effect by the square root 
of the summed variance components, with the variance of the face 
slopes weighted by 0.25, the squared contrast code [36].

Sensitivity analyses repeated the main analyses (a) including all 
74 participants who completed the survey, (b) excluding the filter 
version with the reversed sequence, for which the assignment of 
images to items was least certain, (c) restricting the analyses to 
the two versions with the base sequence, and (d) adding viewer 

gender, and in a further model also age and sequence, as covariates 
to the mixed-effects models. Because each condition comprised 
only two recruitment channels, the clustering of participants within 
channels could not be modeled. Because condition and viewer 
gender were almost completely confounded, gender differences in 
the effect of the filter could not be tested. Gender-specific results 
are therefore reported descriptively and are supplemented by an 
exploratory comparison among women. Exploratory analyses 
examined participants’ own photo editing. Gender differences 
in whether participants edited photos of themselves were tested 
with Fisher’s exact test, and gender differences in the self-reported 
extent of editing with a Mann–Whitney U test. Associations of the 
extent of editing with age and education were tested with Spearman 
correlations, excluding the education option “none of these”. The 
normality of the participant means was checked with Shapiro–Wilk 
tests, and the association between mean attractiveness and mean 
trustworthiness ratings was assessed with a Pearson correlation. 
With about 35 participants per condition, the Welch tests had a 
power of 80% to detect effects of d ≥ 0.68 (two-tailed, α = .05).

Results
Descriptive Statistics
Table 1 presents the descriptive statistics by condition and 
viewer gender, and Figure 2 displays the participants’ mean 
ratings. Mean ratings of attractiveness and trustworthiness were 
strongly correlated, r = .56, 95% CI [.38, .71]. The distributions 
of the participant means did not deviate markedly from normality 
(Shapiro–Wilk ps > .05).

Figure 2: Participants’ Mean Ratings of Attractiveness and Trustworthiness by Condition and Viewer Gender.
Note. Points represent individual participants’ mean ratings across 39 faces (circles: women, triangles: men, horizontally jittered). Black diamonds and 
error bars represent condition means and 95% confidence intervals. The filter condition consisted of 28 men and 6 women, the no-filter condition of 33 
women and 2 men.
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Effects of the Filter on Attractiveness and Trustworthiness
Filtered faces were rated as slightly less attractive (M = 5.17, SD = 
1.20) than unfiltered faces (M = 5.58, SD = 1.31). The difference of 
−0.41 points, 95% CI [−1.01, 0.19], was not statistically significant, 
t(66.82) = −1.36, p = .180 (one-tailed p = .090), g = −0.32, 95% 
CI [−0.79, 0.15]. Filtered faces were also rated as slightly less 
trustworthy (M = 5.45, SD = 1.28) than unfiltered faces (M = 5.84, 
SD = 1.13). This difference of −0.39 points, 95% CI [−0.97, 0.19], 
was not statistically significant either, t(65.52) = −1.34, p = .186 
(one-tailed p = .093), g = −0.32, 95% CI [−0.79, 0.15].

The linear mixed-effects models led to the same conclusions (see 
Table 2). The effect of condition was b = −0.41, 95% CI [−1.04, 
0.22], t(77.93) = −1.29, p = .200, d = −0.17, for attractiveness and 
b = −0.39, 95% CI [−1.00, 0.22], t(78.18) = −1.27, p = .206, d = 
−0.18, for trustworthiness. The models also showed that the faces 
differed considerably in how attractive they were judged to be (SD 
of face intercepts = 1.27) and that the effect of the filter varied 
across faces (SD of face slopes = 0.59 for attractiveness and 0.58 
for trustworthiness). The expected negative effects of the filter 
were therefore not confirmed.

Sensitivity Analyses
Including all 74 participants who completed the survey yielded 
slightly larger but still nonsignificant differences for attractiveness, 
t(70.20) = −1.75, p = .085, g = −0.40, 95% CI [−0.86, 0.06], and 
trustworthiness, t(69.84) = −1.66, p = .102, g = −0.38, 95% CI 
[−0.84, 0.08]. The corresponding mixed models yielded b = −0.57, 
t(81.89) = −1.68, p = .097, for attractiveness and b = −0.47, t(83.77) 
= −1.58, p = .118, for trustworthiness. Excluding the filter version 
with the reversed sequence did not change the conclusions, with 
b = −0.45, t(58.23) = −1.23, p = .224, for attractiveness and b = 

−0.34, t(62.95) = −1.05, p = .299, for trustworthiness. Restricting 
the analyses to the two versions with the base sequence (n = 36) 
led to the same result, with b = −0.49, t(36.86) = −1.15, p = .257, 
for attractiveness and b = −0.70, t(39.29) = −1.85, p = .072, for 
trustworthiness. When viewer gender was added to the mixed-
effects models, the effect of condition decreased to b = −0.09, 95% 
CI [−1.06, 0.88], t(70.87) = −0.19, p = .850, for attractiveness 
but changed only slightly for trustworthiness, b = −0.32, 95% CI 
[−1.26, 0.62], t(71.05) = −0.69, p = .494. With age and sequence 
as additional covariates, the estimates were b = −0.20, 95% CI 
[−1.25, 0.84], t(68.12) = −0.39, p = .696, for attractiveness and 
b = −0.69, 95% CI [−1.68, 0.29], t(68.48) = −1.40, p = .166, 
for trustworthiness. Given the near-complete confounding of 
condition, viewer gender, and age, these adjusted estimates are 
very imprecise.

Viewer Gender
Because only two men participated in the no-filter condition 
and only six women in the filter condition, gender differences in 
the effect of the filter could not be tested. Descriptively, men in 
the filter condition gave lower ratings than women in the filter 
condition (5.00 vs. 5.97 for attractiveness and 5.36 vs. 5.90 
for trustworthiness, see Table 1). Women rated filtered faces as 
slightly more attractive (M = 5.97, SD = 1.17) than unfiltered faces 
(M = 5.52, SD = 1.27). An exploratory comparison among women 
showed no significant effect of the filter on attractiveness, t(7.29) = 
0.84, p = .428, g = 0.35, 95% CI [−0.51, 1.20], or trustworthiness, 
t(7.70) = 0.28, p = .784, g = 0.11, 95% CI [−0.74, 0.96].

Exploratory Analyses of Participants’ Own Photo Editing
Twenty-six participants (37.7%) reported editing photos in which 
they themselves could be seen. This proportion was higher among 

Table 2: Linear Mixed-Effects Models of Attractiveness and Trustworthiness Ratings.
95% CI

Parameter Estimate SE LL UL t df p
Attractiveness
  Intercept 5.38 0.25 4.87 5.88 21.22 74.94 < .001
  Condition (filter vs. no filter) −0.41 0.32 −1.04 0.22 −1.29 77.93 .200
  SD participant intercepts 1.23
  SD face intercepts 1.27
  SD face slopes (condition) 0.59
  Face intercept–slope r −.16
  SD residual 1.66
Trustworthiness
  Intercept 5.65 0.18 5.29 6.01 31.19 98.04 < .001
  Condition (filter vs. no filter) −0.39 0.31 −1.00 0.22 −1.27 78.18 .206
  SD participant intercepts 1.18
  SD face intercepts 0.67
  SD face slopes (condition) 0.58
  Face intercept–slope r −.54
  SD residual 1.74

Note. Each model is based on 2,691 ratings of 39 faces by 69 participants. Condition was coded −0.5 (no filter) and 0.5 (filter), so the estimate for 
condition represents the difference between the conditions. Models were estimated with restricted maximum likelihood. Degrees of freedom were 
approximated with the Satterthwaite method, and confidence intervals are based on the corresponding t distribution. CI = confidence interval; LL = 
lower limit; UL = upper limit.
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women (19 of 39, 48.7%) than among men (7 of 30, 23.3%), 
Fisher’s exact test, p = .045, OR = 3.07, 95% CI [0.98, 10.55]. 
Because the confidence interval of the odds ratio, which is 
computed with a different method than the p value, included 1, 
this difference should be interpreted with caution. Among the 26 
participants who edited their photos, most rated the extent of their 
editing as low, with 84.6% choosing 1 or 2 on the 5-point scale. 
Across all participants, the extent of editing did not differ between 
women (M = 1.59, SD = 0.75) and men (M = 1.47, SD = 0.90), 
Mann–Whitney U = 500.5, p = .240, and was not significantly 
correlated with age, rs = −.15, p = .224 (n = 69), or with education, 
rs = .04, p = .775 (n = 68). Nine of the 43 participants who reported 
not editing their photos nonetheless chose a value of 2 or higher 
on the extent scale.

Discussion
In this study, I examined whether a typical facial photo filter 
lowers judgments of the attractiveness and trustworthiness of AI-
generated female faces. Faces presented with the filter received 
slightly lower mean ratings on both dimensions, by about 0.4 points 
on a 10-point scale. Neither difference was statistically significant, 
and the mixed-effects models, which also account for the sampling 
of faces, led to the same conclusion. The expected effects were 
therefore not confirmed. The confidence intervals, however, were 
wide and included zero as well as effects of moderate size. The data 
thus do not show that the filter has no effect. They are inconclusive 
with regard to the direction and size of a potential effect.

The interpretation of the small negative difference is further limited 
by the composition of the groups. Because the questionnaire 
versions were randomly allocated to recruitment channels rather 
than to individual participants, the filter condition consisted mostly 
of men and was older on average, whereas the no-filter condition 
consisted almost exclusively of young women. Descriptively, 
men gave lower ratings than women within the filter condition, 
and women rated filtered faces as slightly more attractive than 
unfiltered faces. When viewer gender was taken into account, the 
difference in attractiveness ratings was close to zero, whereas the 
difference in trustworthiness ratings changed only slightly. All 
adjusted estimates, however, were very imprecise. At least for 
attractiveness, the small overall difference may therefore reflect 
differences between the groups of viewers rather than an effect 
of the filter. For the same reason, gender differences in the effect 
of the filter could not be tested, and it remains open whether men 
judge filtered faces more harshly than women do.

The present findings neither confirm nor rule out the negative 
evaluations of conspicuously filtered selfies described in 
qualitative research [17] or the lower number of likes received 
by filtered selfies on Instagram [18]. In the focus groups of 
Lavrence and Cambre [17], male participants reacted negatively to 
conspicuously filtered selfies of women. One of them stated: “When 
I’d see a girl that has like, first picture’s a filter picture, I’d swipe 
left, like ‘nah I’m good’” (p. 10). Female participants, in contrast, 
regarded restrained, selective retouching as acceptable: “Just like 
little things that don’t really change how you look, they’re just 

changing one little thing that was off in that moment” (p. 7). Such 
evaluations may depend on whether a filter is recognized as such, 
on its intensity, and on the context in which a photo is seen. In the 
present study, each participant saw only one version of each face 
and could not compare versions directly. Participants were also 
not told that some images had been edited, so the filter may have 
gone unnoticed by many of them. In addition, faces synthesized 
with StyleGAN tend to be rated as more trustworthy than real 
faces [25], which may have left limited room for further changes 
in perceived trustworthiness.

About half of the women and a quarter of the men reported editing 
photos of themselves, and most of them rated the extent of their 
editing as low. These proportions are markedly lower than the 
90% of young women reported by Gill [2]. Gill’s figure, however, 
refers to any use of filters when posting selfies, including effects 
that do not beautify, whereas the present item asked about editing 
photos of oneself. In this sample, the extent of editing was not 
significantly correlated with age or education.

Limitations and Future Directions
The study has several limitations. First, randomization took place 
at the level of four recruitment channels rather than individual 
participants. With only two channels per condition, randomization 
could not balance participant characteristics, and condition 
was confounded with viewer gender and age. This limits causal 
conclusions about the effect of the filter. Because the clustering of 
participants within channels could not be modeled, the reported p 
values may also be somewhat too liberal. Second, the sample was 
small. With about 35 participants per condition, only effects of d 
≥ 0.68 could be detected with adequate power, whereas the effects 
observed here were considerably smaller. Third, a post hoc check 
of the stimuli revealed that one image in the no-filter condition had 
been filtered and that one face had no unfiltered counterpart. Both 
items were excluded, and the assignment of images to items in 
the versions with reversed order was assumed rather than verified. 
In addition, filtered and unfiltered images differed slightly in 
resolution, so filtered images may have been displayed slightly 
larger on some screens. Fourth, only one specific filter with strong 
global smoothing was examined. Because Meta discontinued 
third-party augmented reality effects on Instagram in January 2025 
[37], this filter is no longer available, although the filtered stimuli 
themselves have been preserved. Fifth, the stimuli were AI-
generated faces of young to middle-aged White women. Whether 
the findings generalize to real selfies, to other groups of depicted 
persons, and to authentic social media or dating contexts remains 
open. Finally, sexual orientation was not assessed, so questions 
concerning attraction in dating contexts could not be addressed, 
and photo editing was measured with single items without verbal 
scale labels.

Future studies should randomize individual participants to 
conditions, for example, via a single link with automatic random 
assignment, and should determine sample sizes a priori. Detecting 
an effect of d = 0.30 with 80% power in a between-subjects design 
would require about 176 participants per condition (two-tailed, α 



Volume 10 | Issue 11 | 7 of 8J Med - Clin Res & Rev; 2026

= .05). Within-subjects designs, in which each participant rates 
filtered and unfiltered versions of different faces in counterbalanced 
order, would be considerably more efficient. Filter intensity could 
also be manipulated dimensionally, that is, along a continuum 
from subtle retouching to strong smoothing, to identify the degree 
of editing at which judgments of attractiveness and trustworthiness 
change. Such studies should further assess viewers’ gender, sexual 
orientation, and own use of filters, as well as whether viewers 
recognize a photo as filtered.

Conclusion
In this online experiment, a typical facial photo filter did 
not significantly lower judgments of the attractiveness or 
trustworthiness of AI-generated female faces. The small negative 
tendency observed could not be separated from differences in 
viewer gender and age between the groups. The assumption 
that facial photo filters make faces appear less attractive and 
less trustworthy is therefore not supported by the present data, 
and whether men judge filtered faces more harshly than women 
do could not be tested. Both questions should be examined in 
adequately powered studies with randomization at the participant 
level before conclusions are drawn for social media or online 
dating.
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