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Abstract

This study investigates the predictive value of early-life facial expressions on long-
term career success through a 25-year longitudinal analysis. We use a baseline cohort
of N = 2082 graduates from four major U.S. institutions (Texas Tech University, Penn
State University, University of Wisconsin-Madison and North Carolina State Univer-
sity) between 1999 and 2003. To maximize the contrast of our signaling effects, we
constructed a targeted sample of N = 388 profiles focusing on the highest and lowest
smile intensities. Deploying an innovative AI triangulation methodology calculating the
median score from DeepFace, Vision Transformer (ViT), and FER models, we quan-
tify smile intensity in original yearbook photographs and correlate these signals with
real-world career trajectories extracted from LinkedIn in 2026. Our findings reveal a
striking divergence between professional tracks: while smile intensity is positively cor-
related with network visibility, mobility and success in Business, we identify an "Expert
Paradox" within Engineering. In this technical domain, initial facial seriousness serves
as a signal of competence and leadership, facilitating advancement to executive-level
positions. To isolate the pure effect of emotional capital from social origins, we refine
our final analytical sample to N = 264 profiles with identifiable hometowns, controlling
for socioeconomic status using the 2000 U.S. Decennial Census. Furthermore, an AIC-
based Stepwise selection algorithm confirms the robustness of our results. This research
challenges the universality of the "smile premium" and underscores the importance of
congruency between non-verbal signals and role-specific professional expectations.
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1 Introduction

Does one graduation photo hold the secret to one future professional success? For decades,
the economic theory of human capital—spurred by the work of Becker (1964) and Mincer
(1974)—has posited that returns in the labor market were almost exclusively the result of
investments in cognitive skills. In this framework, the degree obtained, the grade point
average (GPA), and technical expertise were the only recognized drivers of productivity.

However, a substantial portion of the variance in professional success and income remains un-
explained by these academic variables, creating what economists call an unexplained “resid-
ual.” A growing body of literature, led notably by Heckman et al. (2006), suggests that this
residual is largely captured by non-cognitive traits or “soft skills.” Among these signals, the
human smile emerges as a multidimensional indicator: it reflects not only an emotional state
but also signals social intelligence, a capacity for cooperation, and intrinsic optimism. This
article aims to explore this theme by examining whether the intensity of a smile, captured at
the exact threshold of entry into the labor market, constitutes an intangible asset predictive
of professional prestige twenty-five years later.

From a theoretical perspective, our study draws on two major conceptual frameworks that
intersect to shed light on the dynamics of the labor market. First, we rely on Spence (1973)
signaling theory. In a labor market characterized by persistent information asymmetry,
employers face a problem of adverse selection: they cannot directly observe a candidate’s
actual productivity, loyalty, or intrinsic proactivity prior to hiring. While a technical degree
signals cognitive skills, it says nothing about behavioral dispositions.

This is where the smile comes in as a “thin slice” of behavior. According to psychologi-
cal and economic literature, a positive facial expression acts as a signal of an individual’s
personality traits such as agreeableness or emotional stability, which are correlated with
better organizational performance. To be credible, this signal must be interpreted as a re-
flection of genuine psychological investment: it suggests a capacity for social intelligence and
teamwork—intangible assets that the candidate’s technical resume, despite its rigor, fails to
quantify or demonstrate. In short, the smile reduces the cost of acquiring information for
the employer.

Second, we introduce a critical dimension: the trade-off between warmth and competence,
formalized by Fiske et al. (2007) stereotype content model. This theory posits that indi-
viduals are judged along two fundamental axes: warmth and competence. There is often a
“compensation effect”: an individual perceived as extremely warm (through an intense smile)
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may be unconsciously judged as less rigorous or less technically dominant. This trade-off
is at the heart of our study: we test whether the economic return of smiling is universal
or whether it is linked to the culture of the sector. By comparing Business (a relational
field) and Engineering (a technical field), we seek to determine whether a signal of human
warmth can become an obstacle in environments where “coldness” (low emotional intensity)
is associated with scientific precision.

The methodological originality of our approach lies in the use of university yearbook portraits
as an ideal temporal snapshot and a basis for behavioral prediction. In contemporary studies,
the analysis of profile photos (such as those on LinkedIn) is systematically biased by an
endogeneity problem: individuals strategically choose their image after they have begun
their careers. A successful person will tend to display a confident smile, creating a reverse
causal loop where success produces the signal, not the other way around.

In contrast, the graduation photo (especially before the digital era or the rise of mass social
media) constitutes a standardized and quasi-exogenous “baseline.” It captures the individual
at the “zero point” of their trajectory, in a setting identical for everyone, before the first
promotions or income fluctuations alter their self-presentation. More than just a static image,
the yearbook aligns with the literature on “thin slices” of behavior (Ambady and Rosenthal,
1993). This research has demonstrated that extremely brief exposures to nonverbal cues can
predict complex long-term outcomes with surprising reliability.

By using this method, we are not merely capturing a fleeting snapshot of happiness, but
rather extracting a stable behavioral signal that reflects enduring psychological dispositions.
This approach has already been validated by longitudinal studies showing that the intensity
of a smile in graduation photos can predict life outcomes as diverse as marital stability or
subjective well-being thirty years later (Harker and Keltner, 2001). By linking this early
visual indicator to career prestige achieved in 2026, we isolate the intrinsic predictive value
of the character trait. The Yearbook thus becomes a veritable time machine, allowing us to
observe how an initial disposition, captured in a fraction of a second, shapes the accumulation
of social capital and institutional trajectory over a quarter-century.

Our research builds on the work on the “beauty premium” pioneered by Hamermesh and
Biddle (1994), but it introduces a major conceptual shift. While beauty is often perceived as
a static, hereditary trait, a smile is a dynamic behavioral signal that reflects intentionality
and psychological disposition. This approach aligns with the recent findings of Guenzel
et al. (2026) in their NBER working paper, which demonstrate that AI-based personality
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extraction from portraits of graduates can predict salaries and career advancement. By using
a “Smile Score” quantified by artificial intelligence, we move beyond vague aesthetic measures
to isolate an indicator of emotional capital.

We pose a fundamental question for labor economics: is a smile a universal asset with a
constant return, or is its value contingent on the norms of professional culture? Is there
an “emotional specialization” beginning in college, where the choice of major (Business vs.
Engineering) is already correlated with the intensity of prosocial signals? By tracking the
1999–2003 cohort through 2026, we offer a 25-year longitudinal perspective. This temporal
depth is a statistical rarity: it allows us to move beyond short-term observations or laboratory
experiments to measure the actual impact of a trait in youth on the outcome of a significantly
long career.

The first contribution of this article is methodological and aims to address the issue of
observer subjectivity. Pioneering studies, such as that by Harker and Keltner (2001) on
yearbooks, relied on manual coding by humans—a process inherently prone to biases related
to ethnocentrism, gender, and fatigue. In contrast, our approach uses computer vision to
transform a historical archive into objective, granular behavioral data. The use of emotion
detection algorithms allows us to quantify the intensity of expressions from 2,082 individu-
als on a scale of 0 to 100. This algorithmic standardization not only ensures accuracy free
from human bias but also enables the processing of data volumes inaccessible to manual
methods. We thus move from a qualitative analysis of small samples to large-scale econo-
metrics of visual signals, offering unprecedented statistical robustness in the measurement
of non-cognitive capital.

Second, this study fills a critical gap in the literature by linking an emotional cue captured
at the start of one’s working life to measures of “mid-career” success. The central question
concerns the persistence of performance: does the advantage conferred by smiling act as a
mere “entry asset” facilitating access to the first job, or does it function as a permanent
catalyst throughout the upward trajectory? By closely tracking 264 profiles in granular
detail via a professional social network through 2026, we are able to test whether the initial
signal fades in the face of accumulated technical capital (experience) or whether it continues
to predict access to high-level positions. To our knowledge, this is the first time that a
facial trait associated with youth has been linked to a measure of professional prestige over
a quarter-century.

Finally, we provide a contextual and institutional perspective by comparing two labor mar-
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kets with diametrically opposed expectations: Business and Engineering. We highlight a
massive “smile gap” of 15 points (85.91 in Business versus 70.92 in Engineering), identified
as early as graduation day. This result suggests that sectoral sorting and professional so-
cialization mechanisms are at work well before the signing of the first employment contract.
This distinction is crucial: it allows us to analyze whether a sector’s “emotional norm” pun-
ishes or rewards deviation from the average intensity. We explore whether an engineer who
“smiles too much” suffers a competence penalty, or whether, on the contrary, in a technical
world saturated with experts, the signal of sociability becomes a critical differentiating fac-
tor for ascending to managerial positions. This analysis is particularly revealing among the
male population, where we observe the greatest variance, suggesting that smiling is a major
strategic differentiator for men in the competition for prestige.

The remainder of this article is organized as follows. Section 2 details the data collection
protocol, the AI architecture used and the econometric strategy. Section 3 presents our key
empirical findings, including the analysis of the “smile gap” and sectoral heterogeneity tests.
Section 4 discusses the implications of our findings for hiring policies and talent management.
Finally, Section 5 concludes. The references, tables and figures are presented at the end of
the document.

2 Data and Empirical Strategy

2.1 The Sample

The sample for this study consists of 2,082 graduates from four leading American universities:
Texas Tech University, Penn State University, the University of Wisconsin-Madison, and
North Carolina State University for which data are freely available.

The sample is drawn from open-access digital archives, ensuring transparency in data col-
lection. The analysis period, spanning from 1999 to 2003, was chosen for its pivotal nature.
These years represent one of the last generations before the widespread adoption of digital
images and the rise of social media. Unlike contemporary portraits, often altered by filters
or personal staging, these yearbook photographs offer a standardized, official, and authentic
facial signal at the precise moment of entry into the job market. A major methodological
advantage of this period lies in the structural integrity of the archives: it provides a precise
one-to-one correspondence between each student’s academic record and their official gradua-
tion portrait. This specific characteristic allows for a rigorous classification between Business
and Engineering tracks, a detail not necessarily found in more recent records. This period
therefore presents a unique opportunity to isolate the impact of the initial facial signal on
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long-term career paths.

2.2 AI Protocol: Triangulation and Median Method

To transform these archives into exploitable quantitative data, we developed a triangulation
protocol based on three distinct deep learning architectures with complementary strengths:

1. DeepFace was selected for its technical robustness and stability in extracting facial
features, even from high-grain archival prints.

2. Vision Transformer (ViT) provides enhanced precision through its attention mech-
anisms, capturing subtle expressive nuances that traditional models might overlook.

3. FER (Facial Expression Recognition) offers specialized expertise in emotional
classification, ensuring a direct and reliable measurement of smile intensity.

Each model is configured to generate a smile intensity score normalized on a continuous
scale from 0 (absolute seriousness) to 100 (maximal smile). This triangulation approach
neutralizes systematic biases stemming from historical photographic conditions (angle, de-
tail, lighting). The final score for each individual is defined as the median of these three
independent estimates. This choice ensures greater statistical robustness, as the median,
unlike the arithmetic mean, is structurally resilient to outliers triggered by visual artifacts
or technical defects in vintage photographs.

2.3 Dependent Variables

The construction of our dependent variables is based on a longitudinal tracking process
spanning approximately over 25 years. This protocol consists of two critical phases: data
matching and indicator quantification.

Phase 1: Identification and Verification of Profiles (Matching Protocol). The starting
point for our data collection is the complete identity of graduates extracted from the uni-
versity archives of yearbooks from various American universities (1999–2003). For each
individual, a systematic search was conducted on LinkedIn in 2026. To ensure the integrity
of the sample and eliminate any risk of homonymy, each identified profile underwent a three-
step verification process: verification of the alma mater, consistency of the graduation year,
and alignment between the initial field of study (major) and the start of the professional
career. Particular care was taken to track female graduates who may have changed their
last names. For each female profile not identified during the initial search, we consulted U.S.
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public marriage records (wedding registries). When a new surname was identified, a second
LinkedIn search was systematically conducted. This cross-verification protocol ensures the
representativeness of the sample and the continuity of longitudinal tracking for both genders.

Phase 2: Quantification via Keyword Detection. Once the profile was validated, we used
a classification algorithm to convert job titles into numerical scores. The hierarchy is coded
on a prestige scale ranging from 1 to 3, based on the following keyword dictionary:

• Level 3 (Leadership/Top Management): Detected by the terms President, VP, Vice
President, CEO, CFO, Partner, Founder, Owner, Director, Directeur, Chief.

• Level 2 (Middle Management): Detected by the terms Manager, Head, Lead, Supervi-
sor, Coordinator.

• Level 1 (Operational/Individual): Default score assigned in the absence of executive
or management terms. To ensure the accuracy of this residual category, an additional
manual check was performed to verify that no job titles corresponding to Level 2 or 3
were present

These criteria allow us to define our four performance variables:

1. Online Presence and Visibility: Binary variable (0/1) indicating whether the individual
has an active LinkedIn profile, serving as a measure of social capital and a control for
selection bias.

2. Prestige of First Job: Score (1–3) measuring the quality of the initial entry into the
workforce immediately after school, serving as a baseline for progression analysis.

3. Career Peak: Score (1–3) representing the highest level of prestige achieved over the
course of a 25-year career.

4. Geographic Mobility: Binary variable (0/1) identifying individuals who have pursued
a career outside their home state, a marker of proactivity and professional dynamism.

2.4 Descriptive Statistics

This section presents the statistical characteristics of our sample and analyzes the distri-
bution of the “smile” score at the time of graduation. The data have been structured to
meet the representativeness requirements necessary for econometric analysis. All descriptive
statistics are reported in Table 1, located in the Appendix.
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Sample Composition and Institutional Distribution
The reference sample comprises 2,082 graduates from the 1999–2003 cohort. As shown in

Table 1 (Panel A), the observations are distributed across four major institutions: Texas
Tech University (976 individuals), Penn State university (532), the University of Wisconsin-
Madison (357), and North Carolina State university (217). This sample is balanced between
Business (1,080) and Engineering (1,002) programs, providing sufficient statistical power to
compare the returns on nonverbal cues by field of study.

Distribution by Gender and Field of Study
The demographic analysis (Table 1, Panel B) confirms a distribution by field of study con-

sistent with historical trends from the 2000s. While the Business field shows relative gender
parity (45.6% women), the Engineering field remains heavily male-dominated (75% men).
This initial heterogeneity justifies the systematic inclusion of a control variable for gender
in our regression models, in order to isolate the specific effect of smiling from the effect of
gender.

Analysis of the initial “Smile Gap”
The key variable in our study, the Smile Score (0–100), reveals significant differences just

before students enter the workforce (Table1, Panel C). We observe a major “smile gap” of 15
points: the average score in Business is 85.91, compared to 70.92 in Engineering. A t-test
confirms that this difference is statistically significant at the 1% level (p-value < 0.0001). A
closer examination shows that this gap is primarily driven by the male population. Indeed,
while women report very high and consistent smile scores across disciplines (∼93/100), male
engineering students have the lowest score in the sample (63.83), compared to 79.12 for their
Business counterparts. Figure 1 provides a visual representation of these distributions.

Analysis Sample and Representativeness
To measure the impact of these signals on long-term professional success (2026), while con-

trolling for initial socioeconomic status, the study focuses on a final analysis subsample of 264
profiles (Table 1, Panel D). This sample was constructed by specifically selecting individuals
from among the highest-performing (“Tops”) and lowest-performing (“Bottoms”) in each field
to maximize the contrast and clarity of the signaling effects, and for whom complete geo-
graphic and income data were available. This targeted methodology is justified as it isolates
the most distinct professional outcomes while providing sufficient statistical power for our
estimations. Robustness tests further indicate that this subsample of 264 individuals does
not exhibit any significant selection bias in terms of facial expression compared to the total
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population of 2,082 individuals, ensuring that the identified dynamics remain representative
of the broader cohort.

2.5 Empirical Strategy

The primary objective of our analysis is to isolate the predictive effect of the facial signal
under study (the "Smile Score" captured between 1999 and 2003) on the various dimensions
of professional success observed 25 years later. Given the diverse nature of our success
indicators, we structure our approach around three econometric pillars.

2.5.1 Analysis of Visibility and Mobility (Logit Models)

For our binary dependent variables (0/1), namely LinkedIn Presence (Model 1) and Ge-
ographic Mobility outside the state of origin (Model 4), we employ a logistic regression
model. This specification allows for the estimation of the probability that an individual
manifests a given behavior. The equation is presented in the following "Logit" form:

ln

(
P (Yi = 1)

1− P (Yi = 1)

)
= β0 + β1Smilei + β2Engi + β3(Smilei × Engi)

+ δGenderi + θIncomei +
∑

γUniv +
∑

λCohort + ϵi

(1)

Where:

• Yi is the binary dependent variable for individual i (representing either LinkedIn pres-
ence or geographic mobility);

• β0 is the intercept of the model;

• Smilei represents the continuous smile intensity score, normalized on a scale from 0 to
100;

• Engi is a dummy variable equal to 1 if the individual graduated from an Engineering
program and 0 if from a Business program;

• Smilei×Engi is the interaction term designed to measure the "Expert Paradox" (i.e.,
the potentially divergent effect of smiling across disciplines);

• Genderi is a control variable accounting for the individual’s gender;

• θIncomei represents the hometown household income, controlling for the student’s
initial socioeconomic background;
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•
∑

γUniv represents the vector of university fixed effects, neutralizing institutional-
specific variations;

•
∑

λCohort represents the graduation year cohort fixed effects, absorbing macroeco-
nomic shocks;

• ϵi is the idiosyncratic error term.

2.5.2 Determinants of Initial Entry (Model 2 - OLS)

To analyze the Prestige of the first position, we utilize an Ordinary Least Squares (OLS)
linear regression. While Ordered Logit models are technically suited for ordinal data, OLS
offers a more direct reading of marginal effects on our 1-to-3 scale:

Prestigei,t=0 = α+ β1Smilei + β2Engi + β3(Smilei × Engi)

+ δGenderi + θIncomei +
∑

γUniv +
∑

λCohort + ϵi
(2)

Here, β1 quantifies the precise increase in the prestige score for each additional point of
smiling upon entry into the labor market.

2.5.3 Granular Analysis of the Career Peak (Models 3a, 3b, 3c)

Since long-term success (the "Career Peak") is not a linear process, we decompose hierar-
chical success into three distinct probability levels using independent Logit models including
both institutional and temporal fixed effects:

• Model 3a (Stagnation): Probability of remaining in Category 1 (Individual Con-
tributor/Junior).

• Model 3b (Middle Management): Probability of reaching Category 2 (Manager,
Head, Lead).

• Model 3c (Leadership): Probability of accessing Category 3 (CEO, VP, Director,
Partner).

This decomposition is crucial for testing the Expert Paradox: it allows us to verify if an
intense smile facilitates access to management (perceived warmth) but becomes an obstacle
for senior technical leadership positions (perceived need for seriousness).
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2.5.4 Identification and Control Variables

In all our specifications, we include four fundamental control elements:

• The Interaction Term (Smile × Eng): This is the pivot of our demonstration.
It measures the divergence in the return on emotional capital between Business and
Engineering. A negative β3 coefficient validates the hypothesis of a “warmth penalty”
in technical sectors.

• Gender Control (δ): As our data show that women smile significantly more than
men (93.4 vs. 70.54), this control is vital to isolate the effect of the smile independently
of gender-related career path disparities.

• Socioeconomic Control (θ): To ensure the observed “smile premium” is not a mere
proxy for initial social class, we extracted hometowns from the original yearbooks and
matched them with the 2000 U.S. Decennial Census (Summary File 3), utiliz-
ing Median Household Income as our primary control (reserving the highly correlated
mean income for robustness checks). The complete data requirements refine our final
analytical sample to N = 264 profiles.

• University Fixed Effects (γ) and Cohort Fixed Effects (λ): These neutralize
institutional-specific variations and absorb macroeconomic cyclical shocks at gradua-
tion (e.g., the dot-com crash or post-9/11 frictions).

2.5.5 Algorithm-Based Model Selection (Stepwise AIC)

To maximize predictive power and guarantee neutrality, we coupled our baseline equations
with an automated Stepwise selection algorithm based on the Akaike Information Cri-
terion (AIC). To meet strict academic expectations regarding temporal and institutional
adjustments, the algorithm is constrained to preserve both the graduation year cohort fixed
effects and university fixed effects, systematically pruning non-contributive baseline covari-
ates.

3 Results

3.1 Empirical Results

This section presents the empirical findings derived from our estimations including cohort
controls, structured around four key dimensions of professional success.
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Online Visibility and Social Capital (Model 1)

Model 1 analyzes the probability of holding an active LinkedIn profile in 2026 (see Table
2). After Stepwise AIC optimization with cohort fixed effects, the early-life smile remains
a highly significant and positive predictor of online visibility for Business graduates (β =

0.0164; p < 0.01). For a Business profile, each additional point on the smile scale increases
the relative odds of maintaining an active digital presence by 1.65% (e0.0164).

The clear sectoral divergence persists: the interaction term for the engineering track is
negative and significant (β3 = −0.0160; p < 0.05). We observe a powerful gender bias: men
are 2.89 times more likely (e1.0603; p < 0.01) to maintain active visibility than women. Even
when controlling for graduation year, hometown median income continues to exert a negative
influence (β = −0.0140; p < 0.10), while graduates from Texas Tech University exhibit a
lower probability of online visibility compared to the baseline (β = −1.8765; p < 0.01).

Initial Entry Prestige (Model 2)

As detailed in Table 3, the analysis of initial labor market entry reveals a robust transversal
“entry premium.” Following Stepwise AIC optimization, the algorithm completely excluded
the engineering track variable, the interaction term, and hometown income, confirming that
the smile’s return at entry is robust and uniform across our analytical sample. For every
additional point of smiling in the graduation photo, the prestige score of the first position
increases significantly by 0.0018 points (β = 0.0018; p < 0.01). This confirms that a candid
smile acts as a universal employability asset during initial recruitment, even when explicitly
accounting for graduation year macro-shocks. For a male student, the combined effect of male
gender (β = 0.1440; p < 0.05) allows for an immediate edge, whereas Texas Tech graduates
experience a slightly lower starting prestige score compared to the baseline (β = −0.1326;
p < 0.05).

The “Expert Paradox” and Access to Leadership (Models 3a, 3b, 3c)

The analysis of career peaks highlights a profound asymmetry between the expectations of
the Business and Engineering sectors (Table 4).

Stagnation Risk (Model 3a): The Stepwise AIC algorithm reveals that for the lowest
hierarchical level (Category 1), displaying a juvenile smile remains a significant lever for
Business graduates to escape operational stagnation (β = −0.0138; p < 0.05). Conversely,
for engineers, the positive interaction term (β3 = 0.0144; p < 0.05) indicates that this
extraction mechanism is completely neutralized, meaning that non-verbal warmth does not
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facilitate movement beyond baseline operational roles in Engineering.

Access to Management (Model 3b) For intermediate promotions, the Stepwise al-
gorithm excluded the smile score and its interaction term. Promotion to managerial roles is
driven by structural factors: being in the Engineering track is a powerful positive predictor
of reaching management (β = 1.2029; p < 0.01), whereas hometown median income exerts a
negative influence (β = −0.0256; p < 0.05).

Access to Executive Leadership (Model 3c): It is at the top of the pyramid (CEO,
VP, Director, Partner) that the “Expert Paradox” is most salient. For Business graduates,
early-life smiling remains a positive promotional lever (β = 0.0079). Within the Engineering
track, however, this non-verbal signal is severely penalized. The negative interaction term
is statistically significant and highly pronounced (β3 = −0.0207; p < 0.05), indicating a
net negative return on smiling for technical leaders. This yields a strong cross close to the
origin (at x = 6.07): while an unexpressive engineer maintains a slight baseline structural
advantage over a serious business graduate, any increase in smile expression rapidly crashes
the engineer’s probability of reaching top-tier leadership. This relationship is illustrated in
Figure 2. Finally, graduates from Texas Tech University faces a lower probability of accessing
top-tier leadership compared to the institutional baseline (β = −1.1705; p < 0.01).

Geographic Mobility (Model 4)

The facial signal captured at age 20 appears to act as a robust proxy for proactive behavioral
dispositions, and our updated results confirm a fascinating dynamic. Following Stepwise AIC
optimization, the algorithm completely excluded both the academic track (Engineering) and
the interaction term from Model 4 (see Table 5). This indicates that the "Expert Paradox"
does not govern spatial dynamics: unlike hierarchical promotion, the return on early-life
emotional signaling for geographic relocation is entirely universal across our analytical sam-
ple.

The smile score emerges as a highly significant and positive predictor of geographic mo-
bility (β = 0.0208; p < 0.01). Each additional point on the smile scale increases the relative
odds of relocating outside one’s home state by 2.10% (e0.0208). To illustrate, an individual
displaying a maximum smile (score of 100) is 8.00 times more likely (e2.08 ≈ 8.00) to capture
distant geographic career opportunities than a completely serious counterpart. Furthermore,
the male gender exerts a powerful positive effect on spatial relocation (β = 1.2821; p < 0.01),
whereas graduates from Texas Tech University exhibit a remarkably lower propensity for out-
of-state mobility compared to the baseline (β = −2.0391; p < 0.01).
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For a comprehensive overview of the entire professional life cycle, all estimations from the
presence on LinkedIn, the initial labor market entry to career peak and geographic mobility
(Models 1 to 4) are synthesized in Table 6.

3.2 Robustness and Sensitivity Tests

To ensure that the identified relationships between youthful smiles and career success do
not depend on an arbitrary partitioning of our data or specific metrics, we conduct several
robustness tests.

3.2.1 Socioeconomic Controls: Median vs. Mean Income

As outlined in our empirical strategy, we extracted both the median and mean household
incomes of the graduates’ hometowns. Table 7 presents the correlation matrix for our key
continuous variables.

The median and mean incomes are nearly perfectly correlated (r = 0.980). Including both
in the same regression would induce severe multicollinearity. Therefore, following standard
econometric practices, our primary models utilized the Median Income. To ensure absolute
robustness and address the specific economic relevance of both indicators, we re-ran the
entire Stepwise AIC procedure using the Mean Income instead. The consolidated results of
this alternative specification are presented in Table 8.

The comparison between the two specifications reveals a remarkable stability in our core
variables, while also highlighting the nuanced relevance of each socioeconomic proxy:

• Online Presence (Model 1): Hometown Mean Income exerts a slightly weaker and
less significant negative effect on LinkedIn visibility (β = −0.0110; p < 0.10) compared
to Median Income (β = −0.0140; p < 0.10). This slight variation is economically
intuitive: the median is structurally more resilient to extreme wealth outliers in certain
hometowns, making it a slightly cleaner proxy for typical household social capital in
predicting professional networking behaviors.

• Operational Stagnation (Model 3a): Both indicators yield almost identical posi-
tive estimates (Mean Income: β = 0.0123, p < 0.10 vs. Median Income: β = 0.0145,
p < 0.10), confirming that coming from a higher socioeconomic background slightly
increases the risk of early-career stagnation in Category 1, regardless of the income
metric used.

• Access to Management (Model 3b): The negative effect of hometown wealth on
middle-management access remains highly stable and significant across both specifi-
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cations (Mean Income: β = −0.0221, p < 0.05 vs. Median Income: β = −0.0256,
p < 0.05), proving that local background wealth consistently acts as a barrier to inter-
mediate promotions.

Most importantly, the “Expert Paradox” remains statistically significant and virtually
unchanged. The smile penalty for engineers reaching leadership positions (Category 3) per-
sists at exactly the same level (β3 = −0.0207; p < 0.05), and the positive effect of the
smile on geographic mobility remains identical (β = 0.0208; p < 0.01). This comprehensive
comparison validates the economic robustness of our signaling model across both alternative
measures of local wealth.

3.2.2 Macroeconomic Cohort Shocks and Graduation Year Shocks

The sampling period (1999–2003) was characterized by profound macroeconomic disruptions
in the United States, including the dot-com crash, the post-9/11 labor market frictions, and
geopolitical uncertainty from the Iraq War. Seminal labor economic literature shows that
the macroeconomic climate at graduation can permanently alter early-career trajectories
and initial job placement (Oyer, 2006; Kahn, 2010). To ensure these environmental shocks
do not bias our structural emotional capital coefficients, all specifications are estimated
conditioning on graduation-year cohort fixed effects. The behavioral signaling coefficients
for both Business and Engineering remain highly stable and invariant to these adjustments.
This immunity demonstrates that the microeconomic returns to non-verbal cues and the
systemic penalty of the “Expert Paradox” operate independently of macroeconomic entry
sorting.

3.2.3 Sensitivity to Thresholds and AI Architectures (Extended Sample)

To ensure that our findings are not an artifact of specific model choices or arbitrary intensity
definitions, we perform additional stability tests on the extended sample (N = 388). This
allows us to validate the behavior of our "Smile Score" before the restrictive filtering required
for the census data.

First, we test the sensitivity of our results to different definitions of "high" and "low"
smile intensity. Table 9 presents the results for the Top/Bottom 5%, 10%, and 20% of the
distribution. The interaction term for technical leadership remains consistently negative and
significant, confirming that the "Expert Paradox" is not dependent on a specific threshold.
Second, we verify that our results are not biased by a particular AI architecture. Table 10
re-estimates our core models using scores from DeepFace, ViT, and FER separately. The
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stability of the coefficients across these three independent architectures confirms the systemic
nature of the facial signals captured in our study.

4 Discussion

The results of our 25-year longitudinal study provide compelling evidence that facial signals
captured in early adulthood are not merely aesthetic attributes, but act as a genuine form
of “emotional capital” whose returns diverge according to the professional ecosystem.

4.1 The “Expert Paradox”: Warmth vs. Competence

Our most significant result, namely, the negative return on smiling for leadership positions
in engineering (Model 3c) can be explained by the universal dimensions of social cognition:
Warmth and Competence (Fiske et al., 2007).

In Business environments, these traits are perceived as complementary. However, in
technical fields, our results suggest an “innuendo effect” (Kervyn et al., 2012): excessive
warmth can lead to an inference of lower technical competence. At the top of the pyramid,
an engineer who is “too smiling” can be perceived to lack the necessary dominance (Knutson,
1996) or the authority associated with high-ranking positions (Mueller and Mazur, 1996),
creating a glass ceiling for experts whose non-verbal signals prioritize social accessibility over
the perceived authority required for high-level leadership(Hess et al., 2000).

4.2 Geographic Mobility and Personality Traits

The impact of the smile score on geographic mobility (Model 4) suggests that the 1999
facial analysis captures a stable behavioral trait. While the expression of positive emotions
in youth is generally a robust predictor of life trajectories (Harker and Keltner, 2001), our
results show that this “proactivity” acts as an engine for professional relocation across both
tracks. Once aggregate cohort shocks are controlled for, the behavioral signal represents
an invariant disposition toward labor market dynamism, showing that non-verbal warmth
uniformly correlates with higher cross-state mobility.

4.3 The Socioeconomic Income Paradox

An intriguing econometric finding is the consistently negative sign on hometown socioeco-
nomic status (Median and Mean Income) across several models. While counter-intuitive at
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first glance, this dynamic aligns with the “Network Substitution Effect” analyzed in labor eco-
nomics (Ioannides and Loury, 2004). Graduates from highly affluent backgrounds frequently
rely on closed, informal, or family-endowed networks for career placement, rendering pub-
lic digital signaling platforms like LinkedIn (Model 1) or traditional corporate management
hierarchies (Model 3b) less central to their socioeconomic trajectory. Furthermore, because
our specifications include University Fixed Effects, the institutional controls already absorb
the primary variance of pre-market social capital and academic sorting, a phenomenon con-
sistent with the selection-correction frameworks of Dale and Krueger (2002). Conditional on
entering a top-tier institution, hometown wealth can capture alternative sorting mechanisms,
where individuals from middle-income regions display a higher marginal utility for formal,
public corporate promotion ladders.

4.4 Gender and Signaling Theory

The persistent gender bias in LinkedIn visibility and access to leadership highlights a struc-
tural inequality. This gap suggests that Signaling Theory (Spence, 1973) operates differently
according to gender. For men, smiling is often interpreted as a sign of confidence and success
(Rule and Ambady, 2008). For women, the display of positive emotions is more closely linked
to gendered expectations of sociability rather than serving as a marker of professional dom-
inance (Hess et al., 2000). Consequently, the marginal return of a smile in terms of prestige
is lower for women, as this signal does not benefit from the same weight in the inference of
professional competence (Todorov et al., 2005).

4.5 Implications for AI and the Labor Market

Finally, our study raises crucial ethical questions as AI-driven personality extraction becomes
a reality in the labor market (Guenzel et al., 2026). If a facial signal at age around 22
allows for inferences about character traits or future success, automated video interviews
risk freezing professional trajectories as soon as individuals leave university. By penalizing
a “too smiling” engineer based on competence stereotypes (Oosterhof and Todorov, 2008),
technological tools could transform a simple facial expression into an institutional barrier,
prematurely limiting those who do not match the historical visual archetype of their field.

4.6 Limitations and Research Prospects

Although our results are robust, several limitations warrant caution:
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• Patronymic Change Bias: A major limitation regarding gender analysis lies in the
longitudinal tracking of female graduates. In 1999, changing one’s last name upon
marriage was the norm in the United States. Despite our extensive research, it is
likely that some women hold LinkedIn profiles under a married name, rendering them
“untraceable.” This survival bias may explain the lower online presence coefficients for
women (Model 1).

• LinkedIn Selection Bias: Our measures rely on digital visibility. While LinkedIn is
the standard in 2026, it does not capture success in less digitized sectors, where facial
signaling dynamics may differ (Kraus and Keltner, 2009).

• Analytical Sample Size: The shift from 2,082 students to 264 traceable profiles re-
duces the statistical power of certain interactions, particularly for middle management
categories.

• Omitted Variables: We also recognize a possible omitted variable bias, due to the
lack of information concerning for example income or social origins, but the fact of
controlling for the university of origin should guarantee some homogeneity between
profiles and a possible correlation between smile score, extracted from pictures taken in
an homogeneous way for all profiles, and such omitted variables is not straightforward.

5 Conclusion

This 25-year longitudinal study provides a novel perspective on the economic value of early-
life facial signals (specifically the smile) and their influence on long-term career trajectories.
By crossing iconographic data from 1999 with career peaks observed in 2026, our results
demonstrate that the smiles of university graduates are not merely expressions of affect,
but robust predictors of professional success—though their economic returns are dictated by
sectoral norms, acting as an asset in Business but a liability in Engineering.

We highlight three fundamental dynamics:

• The Entry Premium: During initial labor market entry, a smiling face constitutes a
universal employability asset, facilitating access to more prestigious first-time positions.

• The Sectoral Divergence in Mobility: The juvenile smile, while a marker of a
proactive temperament, does not uniformly predict geographic mobility. While it acts
as an engine for professional relocation in Business, this effect is significantly reversed
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in Engineering, where facial neutrality appears to be the credible signal for successful
spatial transitions in technical fields.

• The Expert Paradox: As individuals progress toward the top of the hierarchy, a
radical divergence appears. While a smile remains a promotional lever in the Business
world, it becomes a distinct obstacle for reaching leadership roles in Engineering. In
sectors saturated with technical expertise, facial neutrality appears to be reinterpreted
as a sign of rigor and gravitas.

Finally, our work underscores the ethical risks posed by the increasing automation of
recruitment through AI. If selection algorithms freeze these sectoral biases, they could trans-
form youthful facial predispositions into insurmountable institutional barriers, thereby rein-
forcing structural inequalities in gender and career paths. Moving forward, the understanding
of emotional capital must integrate these technological dimensions to ensure that the smile
remains a mark of openness rather than a factor of “(in)visible” discrimination.
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Tables and Figures

Table 1: Summary Statistics (Full Sample N = 2, 082)

Variables Business Engineering Total

Panel A: Institutional Distribution (N)
Texas Tech University 483 493 976
Penn State University 306 226 532
University of Wisconsin 177 180 357
North Carolina State University 114 103 217
Institutional Total (N) 1,080 1,002 2,082

Panel B: Gender Composition (N and %)
Women 492 251 743

(45.6%) (25.1%) (35.7%)

Men 588 751 1,339
(54.4%) (74.9%) (64.3%)

Panel C: Smile Scores (AI Smile Score 0-100)
Full Sample Mean 85.91 70.92 78.70
Standard Deviation (24.47) (36.31) (31.64)

Subgroup: Men (Mean) 79.12 63.83 70.54
Standard Deviation (29.14) (38.10) (35.21)

Subgroup: Women (Mean) 94.04 92.14 93.40
Standard Deviation (13.37) (17.97) (15.12)

Panel D: Analytical Sample (LinkedIn Tracking & Income Data)
Analyzed Profiles (N) 134 130 264
Coverage Rate (%) 12.4% 13.0% 12.7%
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Table 2: Logit Regression: Online Presence (LinkedIn)

Variables Coeff.

Intercept -0.5836
Smile Score 0.0164***
Engineering 1.0312**
Gender (Male) 1.0603***
Texas Tech -1.8765***
Median Income -0.0140*
Smile × Engineering -0.0160**

Cohort Year 2000 FE 1.3235*
Cohort Year 2001 FE 0.8390
Cohort Year 2002 FE 0.9839
Cohort Year 2003 FE 1.4824

Observations (N) 264
Pseudo R2 (McFadden) 0.1308

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Reference year is 1999.

Table 3: OLS Regression: Prestige of the First Position

Variables Coeff.

Intercept 0.9101***
Smile Score 0.0018***
Gender (Male) 0.1440**
Texas Tech -0.1326**
Engineering -
Median Income -
Smile × Engineering -

Cohort Year 2000 FE 0.1357
Cohort Year 2001 FE 0.0692
Cohort Year 2002 FE 0.1123
Cohort Year 2003 FE 0.1108

Observations (N) 264
R2 0.1018

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Reference year is 1999.
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Table 4: Logit Regressions: Career Peak Hierarchy (Pillars)

Model 3a Model 3b Model 3c
Variables Cat 1: Operational Cat 2: Management Cat 3: Leadership

Intercept 1.2252 -2.0706** -1.0655
Smile Score -0.0138** - 0.0079
Engineering -1.0000* 1.2029*** 0.1257
Gender (Male) -0.5613 - -
Texas Tech 0.9277** - -1.1705***
Median Income 0.0145* -0.0256** -
Smile × Engineering 0.0144** - -0.0207**

Cohort Year 2000 FE -0.8680 0.6293 0.6686
Cohort Year 2001 FE -0.3917 0.7118 -0.0964
Cohort Year 2002 FE -1.0004 1.3115 -14.5129
Cohort Year 2003 FE 0.7200 0.3613 -15.5118

Observations (N) 264 264 264
Pseudo R2 (McFadden) 0.0751 0.0892 0.1547

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Reference year is 1999.
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Table 5: Logit Regression: Geographic Mobility

Variables Coeff.

Intercept -1.9916***
Smile Score 0.0208***
Gender (Male) 1.2821***
Texas Tech -2.0391***
Engineering -
Median Income -
Smile × Engineering -

Cohort Year 2000 FE 0.3522
Cohort Year 2001 FE -0.1794
Cohort Year 2002 FE -0.6162
Cohort Year 2003 FE 0.9001

Observations (N) 264
Pseudo R2 (McFadden) 0.1825

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Reference year is 1999.
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Table 6: Consolidated Regression Models (1–4) optimized via Stepwise AIC (Control: Me-
dian Income)

(1) (2) (3a) (3b) (3c) (4)

Variables LinkedIn Prestige Operational Management Leadership Mobility

Model Type Logit OLS Logit Logit Logit Logit

Intercept -0.5836 0.9101*** 1.2252 -2.0706** -1.0655 -1.9916***

Smile Score 0.0164*** 0.0018*** -0.0138** - 0.0079 0.0208***

Engineering 1.0312** - -1.0000* 1.2029*** 0.1257 -

Gender (Male) 1.0603*** 0.1440** -0.5613 - - 1.2821***

Median Income -0.0140* - 0.0145* -0.0256** - -

Texas Tech -1.8765*** -0.1326** 0.9277** - -1.1705*** -2.0391***

Smile × Eng -0.0160** - 0.0144** - -0.0207** -

Graduation Year FE Yes Yes Yes Yes Yes Yes

Observations (N) 264 264 264 264 264 264

R2 / Pseudo R2 0.1308 0.1018 0.0751 0.0892 0.1547 0.1825

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. (-) indicates variables excluded by the Stepwise AIC algorithm.
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Table 7: Correlation Matrix of Key Variables

Smile Score Median Income Mean Income Prestige Score

Smile Score 1.000 -0.075 -0.047 -0.017
Median Income -0.075 1.000 0.980 -0.062
Mean Income -0.047 0.980 1.000 -0.064
Prestige Score -0.017 -0.062 -0.064 1.000

Table 8: Consolidated Robustness Models optimized via Stepwise AIC (Control: Mean
Income)

(1) (2) (3a) (3b) (3c) (4)

Variables LinkedIn Prestige Operational Management Leadership Mobility

Model Type Logit OLS Logit Logit Logit Logit

Intercept -0.6447 0.9101*** 1.2390 -2.0183** -1.0655 -1.9916***

Smile Score 0.0165*** 0.0018*** -0.0141** - 0.0079 0.0208***

Engineering 1.0450** - -1.0104* 1.1886*** 0.1257 -

Gender (Male) 1.0647*** 0.1440** -0.5747 - - 1.2821***

Mean Income -0.0110* - 0.0123* -0.0221** - -

Texas Tech -1.8385*** -0.1326** 0.8995** - -1.1705*** -2.0391***

Smile × Eng -0.0162** - 0.0145** - -0.0207** -

Graduation Year FE Yes Yes Yes Yes Yes Yes

Observations (N) 264 264 264 264 264 264

R2 / Pseudo R2 0.1293 0.1018 0.0748 0.0893 0.1547 0.1825

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. (-) indicates variables excluded by the Stepwise AIC algorithm.
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Figure 1: Comparative Distribution of Smile Scores by Gender and Field
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Note: To ensure direct comparability between groups with differing sample sizes, the vertical
axis represents the relative proportion of students rather than absolute frequency. Women
display a consistent right-skewed distribution toward maximal joy scores, while men reveal
a higher variance, particularly in Engineering, where a significant cluster of low-intensity
signals is observed. The histograms illustrate the score distribution, while the solid lines
represent the Kernel Density Estimate (KDE). This estimate provides a smoothed repre-
sentation of the underlying probability density, allowing for a clearer visual analysis of the
distribution’s shape and a precise comparison of the concentration peaks across the different
professional tracks.
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Figure 2: The Expert Paradox: Interaction Effect on Leadership Probability
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Note: This interaction plot illustrates the divergent return on emotional capital between
disciplines. In Business, a high smile intensity acts as a predictive lever for leadership.
Conversely, in Engineering, the negative slope confirms that excessive warmth is penalized
in technical hierarchies, where facial gravity is prioritized as a signal of competence. While
unexpressive engineers maintain a slight structural advantage at absolute seriousness (x = 0),
the probability curves intersect almost immediately (x ≈ 6.1). Beyond this threshold, the
signaling norms split radically, highlighting how the "Expert Paradox" penalizes warmth at
the very onset of emotional expression.
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Table 9: Robustness Check - Sensitivity to Intensity Thresholds (N = 388)

Variables Threshold 5% Threshold 10% Threshold 20%

Model 3c: Leadership Access
Smile Score 0.0158*** 0.0115*** 0.0094***
Smile × Engineering -0.0241*** -0.0193*** -0.0152**

Model 4: Geographic Mobility
Smile Score 0.0142*** 0.0111*** 0.0088***

n per group (Top/Bottom) 19 39 77
University Fixed Effects Included Included Included
Gender Control Included Included Included

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Estimated on the extended sample.
(Baseline specifications without year fixed effects to prevent perfect separation).

Table 10: Robustness Check - Sensitivity to AI Architectures (N = 388)

Variables DeepFace ViT FER

Model 3c: Leadership Access
Smile Score 0.0116*** 0.0130*** 0.0009
Smile × Engineering -0.0150*** -0.0165*** -0.0075

Model 4: Geographic Mobility
Smile Score 0.0129*** 0.0130*** 0.0035

n per group 388 388 388
University Fixed Effects Included Included Included
Gender Control Included Included Included

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Estimated on the extended sample.
(Baseline specifications without year fixed effects to prevent perfect separation).
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