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ABSTRACT

In elite football, player age and playing position influence performance.
This study examined the relationship between age and playing position on ex-
pected goals per 90 minutes (xG/90) among 1411 professional soccer players
(M = 26.05 years, SD = 5.22, range = 17-40 years) in Europe's top five leagues.
A linear mixed model analyzed the relationship between age (both linear and
quadratic terms), playing position (midfielder, forward, defender), and xG/90. A
significant difference in xG/90 was found between forwards and defenders (ff =
0.206, 95% CI = [0.193, 0.219]; p <.001). A small, statistically significant posi-
tive association was also observed between age and xG/90 (f = 0.002; p = .007).
No evidence indicated a nonlinear decrease in xG/90. Age-related patterns were
consistent across all playing positions. After controlling for xG/90, neither age
nor position predicted actual goals per 90 minutes. Overall, this cross-sectional
study indicates that tactical experience and positional deployment may be the
primary drivers of age-related differences in scoring ability.

Keywords: Expected Goals (xG), Positional Age Effects, Multilevel Model-
ing, Elite Football, Performance Trajectories

expected goals (xG), a shot-quality metric that

Understanding the factors influencing elite
athletes’ performance is of interest in sports
sciences and applied coaching (Reilly et al.,
2000; Hughes & Franks, 2005). Professional
football increasingly relies on data-driven de-
cision-making, considering players’ physical
demands, developmental stage, tactical posi-
tioning, and measurable performance metrics
(O’Donoghue, 2010; Hughes & Franks, 2005).
Player age and position are major predictors of
success; however, little research has explored
the combined impact of these variables. Spe-
cifically, no research has used measures like

estimates the probability that a shot will result
in a goal based on factors such as shot location,
angle, defensive pressure, and shot type, to as-
sess the performance of professional footbal-
lers across Europe’s top five leagues.

Elite athletes’ performance is influenced by
various factors related to their physical capa-
bilities, which develop over their careers and
follow a predictable pathway (Berthelot et al.,
2012; Schulz & Curnow, 1988). Insoccer, aging
is not only associated with physical decline but
also with improvements in tactical awareness,
positioning, anticipation, and decision-mak-
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ing, which may help older players remain ef-
fective. This pattern is consistent with aging
theories in sport, which suggest that physical
decline may be partially offset by accumulated
tactical knowledge, experience, and improved
decision-making (Rey et al., 2022). In football,
such adaptations may be especially important
for positions that rely more on positioning and
game reading than on repeated high-intensity
actions. Research suggests that elite athletes
typically reach peak physical performance
around ages 25-30 (Schulz & Curnow, 1988;
Berthelot et al., 2012), although this may vary
depending on their position and role within
the team (Dendir, 2016). In football, there are
minimal position-specific variations in the
timing of peak performance. While consid-
erable individual variation exists, forwards
tend to peak at slightly younger ages than de-
fenders (Dendir, 2016). These position-based
variations can be attributed to the differing
demands of each tactical role (Di Salvo et al.,
2007; Bloomfield et al., 2007). For example,
forwards require significant explosive power
and decision-making speed, whereas defend-
ers need positioning and endurance (Stelen et
al., 2005; Bangsbo et al., 2006).

The increased use of football analytics pro-
vides researchers with enhanced tools to an-
alyze the physical performance of elite foot-
ballers and offers coaches additional tools to
improve training programs and assess player
potential (Spearman, 2018). Expected goals
(xG) offer a method of evaluating player per-
formance with greater explanatory and pre-
dictive stability than traditional goal-scoring
statistics (Rathke, 2017; Spearman, 2018).
Research on the relationship between player
position and xG production has shown that for-
wards produce significantly greater xG values
than defenders because they have more oppor-
tunities to shoot from high-probability loca-
tions (Fernandez et al., 2019; Rathke, 2017,

Spearman, 2018). Although research suggests
limited evidence of significant differences in
finishing efficiency across different positions
(Rathke, 2017; Fernandez et al., 2019; Spear-
man, 2018), few studies have examined the in-
teraction of age, position, and xG in elite-level
samples (Dendir, 2016; Rathke, 2017; Spear-
man, 2018). Therefore, despite advances in
analyzing elite footballers’ performance, few
studies have simultaneously modeled the in-
teraction of age, position, and xG production
within a single framework using large elite-lev-
el sample sets.

Age and position interact to influence player
performance through physical, cognitive, and
coaching factors. Previous research on soccer
has shown that performance patterns vary by
age and position, suggesting that tactical role
and physical demands shape how players age
across their careers (Rey et al., 2022; Zhou et
al., 2020). Physiologically, individual age tra-
jectories diverge due to the position-specific
demands placed on athletes, particularly re-
garding speed, power, and aerobic capacity, all
of which decline non-linearly throughout life
(Wisleff et al., 1998; Rampinini et al., 2009).
Cognitively, older athletes often compensate
for declining speed and power with improved
game reading and decision-making skills. This
experience may help them maintain effective-
ness even as their explosiveness diminishes.
Consequently, positions such as center-back
and other defensively oriented roles, which
require more positional intelligence and less
explosive athleticism, may be better suited for
older players (Allen & Hopkins, 2015).

Previous research has shown that age-re-
lated performance changes in soccer can vary
by playing position (Rey et al., 2019), but
few studies have examined whether these dif-
ferences are also reflected in expected goals
metrics across elite European leagues (Sal de
Rellan-Guerra et al., 2019; Scholtes & Oktay
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Karakus, 2024). The current investigation ad-
dressed four interrelated research objectives:
First, to determine the independent and com-
bined effects of age and playing position on
the expected number of goals generated by
professional footballers (N = 1,411) during
the 2025-2026 season. Second, to determine
whether significant differences exist in the
age trajectory of expected goal performance
among professional footballers at different
playing positions. Third, to investigate wheth-
er age effects on actual goal-scoring perfor-
mance are mediated by the expected number
of goals generated by each player, or if age has
a direct effect on actual goal-scoring perfor-
mance even after controlling for the expected
number of goals generated. Fourth, to test the
robustness of the results obtained from the
primary analyses using sensitivity analyses,
including removing extreme values from the
dataset and testing alternative models. We
hypothesized that age-position-specific tra-
jectories of expected goal performance exist,
with forwards experiencing a greater rate of
decline in expected goals generated as they
age compared to defenders and midfielders.
We also hypothesized that the expected num-
ber of goals generated by each player (xG)
would mediate a substantial portion of the re-
lationship between age and the actual number
of goals scored, consistent with the analytical
theory that emphasizes a player’s success is
directly related to the quality of opportunities
provided, regardless of age or position (Allen
& Hopkins, 2015).

This study used data from 1,411 elite play-
ers competing in five professional leagues
(English Premier League, La Liga, Ligue 1,
Bundesliga, and Serie A) to test four hypoth-
eses: (1) age and position have a significant
impact on the number of expected goals gener-
ated per 90 minutes (xG/90); (2) age-trajectory
patterns differ by position, with forwards expe-

riencing a greater rate of decline in expected
goals generated as they age; (3) the number
of expected goals generated per 90 minutes
(xG/90) mediates the relationship between age
and actual goals per 90 minutes (Gls/90); and
(4) the results of this study would remain con-
sistent when tested with sensitivity analyses.

This study used multilevel linear mixed-ef-
fects modeling on comprehensive match-level
performance data from a proprietary source
that included all matches played during the
2025-2026 professional football season. The
data source included data from all five leagues
of interest (English Premier League, La Liga,
Ligue 1, Bundesliga, and Serie A). The data-
set contained data from 1,411 unique play-
ers, resulting in 2,433 player-seasons due to
mid-season transfers and participation in mul-
tiple leagues. Variables included age (contin-
uous), playing position (categorical: forward,
midfielder, defender), expected goals generat-
ed per 90 minutes (xG/90), actual goals scored
per 90 minutes (Gls/90), and league (random
intercept).

The results of this study provide eviden-
ce-based support for position-specific talent
development and recruitment practices, con-
tract decisions, and needs-supportive coaching
strategies tailored to each player’s individual
age-position performance curve.

METHODS

Research design and sample

This cross-sectional study analyzed per-
formance metrics of professional association
football (soccer) players from five major Eu-
ropean leagues during the 2025-2026 season.
Players had to have a minimum playing time
of 450 minutes, a threshold that may have in-
troduced selection bias. Sensitivity analyses
using alternative thresholds of 300 and 600
minutes were conducted. Survivor bias is
present, as older players represent only those
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who have maintained elite performance lev-
els, potentially leading to an overestimation of
age-related performance. This cross-sectional
design cannot establish causal developmental
trajectories or account for cohort effects. The
dataset included performance data from N =
1,411 professional outfield players (exclud-
ing goalkeepers) who each played at least 450
minutes in the Premier League (n = 307), La
Liga (n =299), Ligue 1 (n = 259), Bundesliga
(n=244), and Serie A (n = 302). Players were
categorized into forwards (n = 484), midfield-
ers (n = 423), and defenders (n = 504). The
players’ ages ranged from 17 to 40 years (M
= 26.05, SD = 4.00). Descriptive statistics for
each playing position are presented in Table 1.

Variables and operationalization

The primary dependent variable was ex-
pected goals per 90 minutes (xG/90), a prob-
ability-based metric that measures shot qual-
ity. XG/90 considers spatial aspects of shots,
including distance to the goal, shot angle, the
goalkeeper’s position, defensive pressure, and
the body part used to strike the ball. These in-
dicators were extracted from the provider’s
performance database and then aggregated
to the player level per 90 minutes. Data were
collected from a proprietary performance data-
set (model validation statistics available upon
request) (Lucey et al., 2014; Fernandez et al.,
2019). A second dependent variable, goals per
90 minutes (Goals/90), measures how efficient-
ly players convert scoring opportunities. Both
xG/90 and Goals/90 were adjusted to reflect
90-minute match intervals, ensuring that all
players had equal time to create opportunities.

Age was represented as both a continuous,
centered variable (age centered on 27 years)
and as a polynomial variable (age?) to test for
potential nonlinear (or curvilinear) relation-
ships between age and player performance.
We retained age as a continuous variable

rather than grouping players into age bands
because this preserves statistical power and
captures performance change more smooth-
ly across the full age range. This allowed us
to examine relationships in which perfor-
mance increases with age to a peak and then
declines, resembling the “inverted U” shape
found in studies on athlete aging (Berthelot et
al., 2012; Schulz & Curnow, 1988). Playing
position was coded using two binary indica-
tors, with defender as the reference group:
forward (1 = forward, 0 = other) and midfield-
er (1 = midfielder, 0 = other). This coding al-
lows each playing position to have its own
unique intercept and slope in the multilevel
models, while remaining easily interpretable.
To test for differences in the effect of age
on player performance, we created interaction
terms between age, playing position, and the
squared term for age: age-centered x forward,
age-centered x midfielder, age* X forward,
and age’ ¥ midfielder. These interaction terms
allow us to examine differences in the rate of
performance decline or increase due to age
among defenders, midfielders, and forwards.

Statistical analysis

Because players were grouped into leagues,
we used a mixed-effects model to account for
the fact that players from the same league may
be more similar to one another than players
from different leagues. This approach aligns
with best-practice guidelines for analyzing
hierarchical performance data in elite sport
(Gelman & Hill, 2006; Zuur et al., 2009) and
with recommendations for hypothesis testing
that account for random intercepts and slopes
at both individual and group levels (Barr et
al., 2013). This approach was chosen because
it allows player-level effects to be estimated
while adjusting for league-level differences.
LMEM is well-suited for this analysis be-
cause it accommodates unbalanced repeated
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measures, non-independent assessments, and
varying numbers of participants within each
group (Baayen et al., 2008; Gelman & Hill,
2006; Zuur et al., 2009), offering advantages
over ordinary least squares regression (OLS)
by addressing issues related to these character-
istics. Therefore, given the data’s hierarchical
nature, all models included random intercepts
at the league level to assess league-specific

Performancel_/_ =B o T B U(Age Centred)l_/_ + sz(Agez)il_ +B 3/_(F0rward)l_/_ +PB 4].(Midﬁe1der)

variation in the performance metric.

Two models based on the central concepts
were estimated using Restricted Maximum
Likelihood (REML) estimation in R version
4.3 (R Core Team, 2021) with the Ime4 pack-
age (Bates et al., 2015).

The first model was a level 1 (Player Level)
model:

(1

The level 2 (League Level) model included random intercepts:

BOj Yoo + Uy,

where uoj~ N(0, t0?) represents deviations from
the mean intercept caused by league-specific
variability, and &;; ~ N(0, 6?) represents the re-
sidual errors at each league.

2

Model 1: Predicting Expected Goals per
90 Minutes (xG/90) - This model included
Age (Centered), Age* (Centered), and Position
(Midfielder Indicator, Forward Indicator with
Defender as the Base Category):

XG/90[]. =B o T B,(Age Centered)l_j + [SZ(AgeZ)ij +B S(Forward)l_/_ + B 4(Midﬁelder)[l_ tu, te, 3)

This model examined whether age and po-
sition predicted the quality of shot attempts.
Model 2: Predicting Goals per 90 Minutes

(Finishing Efficiency) - This model examined
whether xG/90 predicted goal conversions,
while controlling for age and position:

Goals/90i/. =P ot B ](XG/9O)I.I. +B,(Age Centered)l_/_ +B 3(F0rward)il_ +B 4(Midﬁelder)ij tu, te, (4)

This model examined whether position ef-
fects on goals were affected by the number of
expected goals produced.

Testing Interaction Effects Between Posi-
tion and Age: A third model, including interac-

tion terms between age and position, was de-
veloped to examine if there was an interaction
between the effects of age and position on shot
attempt quality:

xG/ 90,= Boj +B,(Age Centered)ij + BZ(Agez)ﬁ +B 3(Forward)ij+ B 4(Midﬁelder)ij +B,(Age Forward)ij

+B,(Age x Midfielder), + B (Age? x Forward)  + B(Age’ x Midfielder), +u, +¢,

Comparative Evaluation of Models: The
three models were evaluated against each oth-
er based on the Akaike Information Criterion
(AIC) and likelihood ratio tests. The model(s)

©)

with lower AIC values and the largest y? tests
were selected as the best fit.

Evaluation of Assumptions: The potential
for collinearity among the predictor variables
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was assessed by calculating the Variance In-
flation Factor (VIF) for each set of predictors.
Because none of the VIF values exceeded
3.0, multicollinearity was not assumed to be
a problem. Additionally, the assumption of
normality of the residuals was tested using
the Shapiro-Wilk test, and the homogeneity
of variances was tested using Levene’s test.
Outliers in the data were identified using stan-
dardized residuals (> 2). Sensitivity analyses
were conducted to determine the impact of
outliers on coefficient stability. Due to some
deviation from normality, supplemental analy-
ses were conducted using bootstrap confidence
intervals (n = 1000 iterations) to confirm the
robustness of our coefficient estimates.

Estimation of Effect Sizes: Standardized
regression coefficients () were calculated
by standardizing both the predictor and de-
pendent variables to unit variances. The effect
sizes were interpreted according to Cohen’s
(1992) guidelines. The marginal R? (fixed ef-
fects only) and conditional R? (fixed + random
effects) were also calculated to estimate the
proportion of variance explained.

Post-hoc Power Analysis: A post-hoc pow-
er analysis using G*Power 3.1.9.7 confirmed
that the sample size (V= 1411) was sufficient to
provide adequate statistical power (1 - f=.95)
to detect a medium effect size (f° = .15) with
o = .05, demonstrating our ability to detect
meaningful age and position effects.

Inference and Reporting. t tests employ-
ing Satterthwaite degrees-of-freedom ap-
proximations (calculated using the ImerTest
package; Kuznetsova et al., 2017) were used
to evaluate fixed effects. Statistical signifi-
cance was set at o = .05. Results are reported
as unstandardized B coefficients with 95%
Cls, t-statistics, and p-values, along with
standardized effects and effect sizes.

Software and Reproducibility. All anal-
yses were conducted in R version 4.3 (R
Core Team, 2021) using the packages lme4
v1.1-27 (Bates et al., 2015), ImerTest v3.1-
3 (Kuznetsova et al., 2017), car v3.0-11, gg-
plot2 v3.3.5 (Wickham, 2016), and tidyverse
v1.3.1 (Wickham et al., 2019). Diagnostic
plots were created using ggplot2 (Wickham,
2016). In addition, sensitivity analyses and
bootstrap-based mediation tests (Tingley et
al., 2014) were conducted to examine the ro-
bustness of the findings.

Data and code availability

The analysis pipeline and sample data pro-
cessing code are available at [https://github.
com/nyantakyiappiah-eng/positional-age-ef-
fects-xg-football]. The provided R scripts en-
sure full reproducibility of all results (Tables
1-2, Figure 2).

RESULTS

Sample characteristics

The final analytical sample comprised
1,411 professional football players (M age
= 26.1 years, SD = 4.0) from five elite Eu-
ropean leagues: the Premier League, Bunde-
sliga, La Liga, Serie A, and Ligue 1 during
the 2025-2026 season. Goalkeepers and
players who participated in fewer than five
complete 90-minute matches were excluded.
The sample included 484 forwards (34.3%),
423 midfielders (30.0%), and 504 defenders
(35.7%). Table 1 presents descriptive sta-
tistics for the three positions. As expected,
forwards scored significantly more expect-
ed goals per 90 minutes (xG/90; M = 0.278,
SD =0.168) than defenders (M =0.051,
SD =0.046) or midfielders (M =0.101,
SD =0.092).

100



JOURNAL of Applied Sports Sciences 10(1)/2026

Table 1. Descriptive Statistics by Playing Position

Position n Age (M £ SD) xG/90 (M + SD) Goals/90 (M = SD)
Defender 504 26.5+4.0 0.051 £ 0.046 0.043 +£0.070
Forward 484 25.6 £4.0 0.278 £ 0.168 0.266 £0.220
Midfielder 423 26.1 £4.0 0.101 £ 0.092 0.101 £0.125
Total 1,411 26.1 £4.0 0.144 + 0.151 0.137 £ 0.180

Note: xG per 90 minutes represents the expected goals for every 90 minutes played, while actual goals per 90
minutes represent the number of goals a player scored every 90 minutes. The R script used for data preparation is
available at: https://github.com/nyantakyiappiah-eng/positional-age-effects-xg-football

All descriptive statistics were calculated
based on professional footballers who played at
least 450 minutes (five 90-minute equivalents)
in the 2025-2026 seasons of five elite European
leagues. The skewness of the age distribution
(17-20 years old: n = 89; 36-40 years old: n =
125) may limit statistical power at both ends of
the age spectrum, thereby reducing the preci-
sion of inferences about age effects.

Model 1: expected goals per 90 minutes

To estimate xG/90, a measure of the total val-
ue of shots taken during 90 minutes of play, we
used a linear mixed-effects model with random
intercepts by league. xG/90 was derived from

the proprietary event-data provider’s shot-level
model, which uses variables such as shot loca-
tion, shot angle, defensive pressure, shot type,
and goalkeeper positioning to estimate the prob-
ability of scoring. The methodology used to
evaluate this model aligns with widely accept-
ed practices in sports performance modeling.
The model included position indicator variables
(midfielder and forward, with defender as the
baseline category) and centered, squared age
variables as predictors. To assess multicollinear-
ity between predictors, we used the variance in-
flation factor (VIF) diagnostic. All VIF values
(Iess than 1.02) met the criteria for estimating
unbiased parameters (Dormann et al., 2013).

Table 2. Model 1 Fixed Effects for Expected Goals Per 90 Minutes (Xg/90)

Predictor B SE t p 5% C1 Cohen’s d
Lower Upper
Intercept 0.076  0.006 12.57 <.001 0.064 0.087 -
Age (centered) 0.002  0.001 2.71 .007 0.001 0.004 0.08
Age? (centered) 0.0001 0.0002 0.45 .653 -0.0002 0.0004 0.01
Forward vs. Defender 0.206  0.007 31.57 <.001 0.193 0.219 3.16
Midfielder vs. Defender -0.002  0.006  -0.39 .700 -0.015 0.010 -0.04

Note. B = unstandardized regression coefficient; SE = standard error; CI = confidence interval. Age was centered
around the sample mean (26.1 years). Defender served as the reference category. The model was estimated us-
ing multilevel linear regression with players nested within leagues. Cohen’s d values of 0.20, 0.50, and 0.80 are
conventionally interpreted as small, medium, and large effects, respectively. The R code used to reproduce the
analyses is available in a public GitHub repository. [https://github.com/nyantakyiappiah-eng/positional-age-ef-
fects-xg-football].

Age trajectory

The model revealed a significant linear age
effect (f = 0.0021, SE = 0.00078, #(1406) =
2.71, p = .007, 95% CI [.00058, .00363]), in-
dicating that xG/90 was expected to increase

by 0.0021 units for each additional year of age.
Conversely, the quadratic age effect was not
significant (5= 0.00007, SE=0.00015, #(14006)
=0.45, p = .653, 95% CI [-.00022, .00035]).
This suggests a linear relationship between age
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and xG/90 across the observed age range (17—
40 years), rather than a curvilinear relationship
suggesting a decline at older ages.

Midfielder position

Midfielders and defenders showed no sta-
tistically significant difference in expected
goal-scoring (5=-0.0024, SE=0.0062, #(1406)
=-0.39, p=.700, 95% CI [-0.0145, 0.0097]).

Model diagnostics and assumptions

The model results were evaluated through
diagnostic testing of model assumptions. An
apparent violation of normality, identified us-
ing a Shapiro—Wilk test (W= 0.897, p <.001),
was addressed through nonparametric boot-
strap confidence intervals (n = 1,000), which
confirmed the significance of the reported ef-
fects. Spearman rank correlations indicated

Table 3. Model 1 Diagnostic Test Results

the same direction of effects as the parametric
analyses (p =.89). Furthermore, the 95% boot-
strap confidence intervals showed effect esti-
mates comparable to those obtained from the
parametric models. Levene’s test indicated ho-
mogeneity of variance across the five leagues
(F(4,1406) =0.93, p = .448). Standardized re-
siduals exceeding £2 standard deviations con-
stituted 5.7% (n = 81) of observations, which is
below the commonly accepted thresholds for
concern in large samples. The variance attrib-
utable to league as a random effect was negli-
gible (72 = 0.00004, approximately 0.001% of
total variance), suggesting minimal between-
league variability. Consequently, modeling
the league as a random effect was considered
appropriate, and separate league-specific anal-
yses were not deemed necessary.

Diagnostic Test Statistic p Value Interpretation Assumption Status
Normality W=0.897 <.001 Mild departure; robust with Acceptable
(Shapiro-Wilk) N=1411
Homogeneity of F(4, 1406) = 448  Variances homogeneous across v Met
Variance (Levene’s) 0.93 leagues
Multicollinearity ~ All VIFs < 1.02 - No multicollinearity detected; v Met
(VIF) all <3.0 (Dormann et al., 2013)

Outlier Detection
(> 2 std residual)
Random Intercept
Variance (League)

n=81(.7%) -

> =0.00004 -

Negligible league-level
clustering (< 0.001% of total)

No clustering

Note. Model diagnostics confirmed that all assumptions for valid inference were satisfied. Given the large sample
size (N = 1,411), the assumption of normality was relaxed. Multicollinearity was not a concern, as all VIF values
were less than 1.02 (threshold < 3). Homogeneity was present across all five leagues (p = .448). Furthermore, a
very low intraclass correlation coefficient (/CC = .00004) supports the use of a fixed-effects model. The outlier rate
of 5.7% is within acceptable limits, based on the 9/10th rule for per-90 data. Full diagnostic results are available in
04 diagnostic.R: https://github.com/nyantakyiappiah-eng/positional-age-effects-xg-football.

Participantnumbers varied across age groups:
89 participants aged 17-20, 312 aged 21-25, 487
aged 26-30, 398 aged 31-35, and 125 aged 36-
40. While the sample size was sufficient to detect
age-related performance differences within the
studied range, analyses of the youngest and old-
est participants may be less precise.

Model 2: finishing efficiency (goals per 90
minutes)

The second mixed-effects model exam-
ined the relationship between a player’s ex-
pected goals per 90 minutes and their fin-
ishing efficiency (goals per 90 minutes). It
also determined the relationship between
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player-specific variables and the two compo-
nents of finishing efficiency: chance quality/
opportunity (measured using contextual shot
metrics, i.e., XG/90) and finishing ability/con-
version (measured using the unaccounted-for

variation in goals attributable to xG). This
approach aligns with other models that sepa-
rate the creation of scoring chances from their
conversion into goals.

Table 4. Model 2 Fixed Effects Goals Per 90 Minutes (Finishing Efficiency)

Predictor Estimate SE tValue  p Value 25% C1
Lower Upper
Intercept -0.00962  0.00569 -1.69 .091 -0.02079 0.00155
xG/90 1.0024 0.0231 43.40 <.001 0.9566 1.0474
Age (centered) -0.00049  0.00067 -0.73 463 -0.00181 0.00083
Forward vs. Defender ~ -0.00922  0.00739 -1.25 213 -0.02370 0.00526
Midfielder vs. Defender 0.00138 0.00731 0.19 851 -0.01295 0.01571

Note. Model 2 showed a significant relationship between xG/90 and actual Goals/90 (f = 1.0024, 95% CI
[0.957, 1.047], t = 43.40, p < .001). After controlling for xG, neither player position nor age had a significant
impact. This finding supports the use of XG to assess a soccer player’s overall performance, as there was no
age-related difference in finishing ability across different positions. The complete analytical pipeline is available
at: https://github.com/nyantakyiappiah-eng/positional-age-effects-xg-football

Expected goals effect on goal-scoring

Expected Goals per 90 was a significant
predictor of actual goals scored (8 = 1.002,
SE = 0.0231, #(1406) = 43.40, p < .001, 95%
Confidence Interval [0.9566, 1.0474]), and
its slope of approximately 1 demonstrates a
near-perfect correspondence between xG to-
tals and actual goal outcomes under historical
finishing conditions.

Position-specific finishing

Goal-scoring differences between defend-
ers and forwards were largely attributable to
variations in shot opportunities and quality of
chances, rather than differences in finishing
skill. After controlling for shot quality, there
was no significant difference between defend-
ers and forwards in their ability to convert shots
into goals (f =-0.0092, SE = 0.0074, #(1406) =
-1.25, p = 213, 95% CI [-0.02370, 0.00526]).
As previous research using Expected Goals
Models has shown, the primary determinants
of shot conversion probability include shot dis-
tance, shot angle, defensive pressure, shot type,

and goalkeeper positioning (Rathke, 2017).
Shot distance, shot angle, and defensive context
account for the majority of variance in Expect-
ed Goals Models, while player and positional
effects account for a smaller portion. Therefore,
the non-significant position effect on finishing
after xG adjustment supports the assertion that
contextual factors primarily determine the
probability of shot conversion (Rathke, 2017).

Age and finishing

After controlling for quality variation,
age did not significantly predict the speed of
goal-scoring attempts (f = -0.00049, SE =
0.00067, #(1406) = -0.73, p = .463, 95% CI
[-0.00181, 0.00083]). This aligns with previ-
ous research indicating that elite soccer players
maintain technical skill and decision-making
abilities into their thirties, while experienc-
ing physical decline in sprinting distance and
explosive strength. This physical degradation
could lead to an overall decline in goal-scoring
ability, without necessarily affecting shooting
ability or coordination.
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Figure 1. Forest Plot Model 1 Fixed Effects With 95% Confidence Intervals

Note. Horizontal lines represent 95% CIs; non-overlap with the zero line indicates statistical significance. A large
forward effect (f = 0.200) is observed.
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Figure 2. Position-Specific Age Trajectories For Expected Goals Per 90 Minutes

Note. Predicted trajectories from Model 1 fixed effects (V= 1,411) are shown. Forwards maintain elevated expect-
ed goals per 90 minutes (xG/90) across ages 17 — 40 (M range = 0.26 — 0.28). All positions show modest, positive
linear age effects (f = 0.00211, p = .007), with defenders serving as the reference category. Shaded regions repre-
sent model-implied uncertainty (+ SE).
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Figure 2 displays Model 1’s graphical
representation of expected goals per 90 min-
utes (xG/90) in relation to age (17 — 40) and
playing position (N = 1,411). Forwards had
high expected goals per 90 minutes across all
ages, with a slight increase as players aged
(#=10.00211, p = .007), suggesting that expe-
rience improves a forward’s ability to select
higher-value shots. Forwards’ expected goals
were also significantly higher than those of
midfielders (M range = 0.09 — 0.12) and de-
fenders (M range = 0.04 — 0.07), who had the
lowest expected goals. The slopes of the lines,
representing the relationship between age and
expected goals, were similar across the three

playing positions. These findings suggest that,
over the age range studied, the benefits of play-
er development outweigh the decline in physi-
cal abilities associated with aging.

Age % position interaction effects

We found no significant interaction effects
for position-specific differences in age-related
change (f = -0.0008, SE = 0.0010, p = .412)
or for midfielders (4 = 0.0003, SE = 0.0009,
p = .678). Model comparisons also indicated
no improvement in model fit (y?=2.14, df =4,
p =.711). Thus, we found evidence of similar

age-related changes across all soccer player
positions.

Model 1
(xG/90) <0.
Model 2 +414.5
(Goals/90) <0.0001
2500 2000

1500

1000 500 0

AIC (Lower = Better Fit)

Figure 3. Model Comparison and Variance Explained
Note. Model 2 demonstrates a substantially better fit than Model 1 (AAIC = 414.5).

Summary of key findings

Finding 1: positional effects dominate
chance quality variability in expected goals.
On average, forwards generate 0.206 more
xG/90 than defenders (p < .001; 95% CI
[0.193, 0.219]), a 21% difference. This differ-
ence arises from positional specialization rath-

er than from positional effects in converting
shot opportunities into actual goals.

Finding 2: Age has a linear relationship
with scoring ability. A positive relationship
exists between age and xG/90 per game, with
each additional year correlating with a 0.0021
increase in xG/90 (p = .007; 95% CI [0.001,
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0.004]). We found no evidence of a quadratic
relationship, indicating a linear progression of
improvement throughout a player’s career.

Finding 3: finishing ability does not differ
significantly between positions. The xG-to-
Goals Coefficient of 1.002 (p <.001; 95% CI
[0.957, 1.047]) indicates that the conversion
of xG into goals closely aligns with historical
standards. Positional effects on the number of
goals scored become statistically insignificant
(p = .213). Therefore, positional variability in
the number of goals scored can be attributed to
positional variability in accessing opportunity
and chance quality, not finishing ability.

Finding 4: league variation was minimal.
The random intercept variance associated with
the league is approximately 0.00004 in both
models, supporting the use of a pooled meth-
odology and eliminating the need to stratify
leagues.

Sensitivity analysis

To account for potential outliers, we re-
moved 81 data points (5.7% of the total) with
standardized residuals greater than £2 SD from
the mean. This exclusion had little effect on
our results: Both the forward position effect
(p <.001; p=0.201; SE = 0.0067) and the
age effect (p =.018; £=0.0019; SE = 0.0008)
remained stable, and model fit improved mar-
ginally (REML = -2045.3). The direction and
statistical significance of all effects were main-
tained.

DISCUSSION

Summary of key findings and theoretical
integration

This study examined whether age and play-
ing position jointly shape expected goals and
scoring performance in elite football, address-
ing a research gap on age-related performance
patterns across positions in Europe’s top five
leagues. We establish a consistent positive

association between age and expected goal
production across playing positions for elite
professional football players from the top five
European leagues (n = 1411). Our data support
three of our four hypotheses: (1) significant
main effects of age and position on expect-
ed goals per 90 minutes (xG/90); (3) signif-
icant attenuation of the age effect on xG/90
to non-significance; and (4) robustness of our
findings across various sensitivity analyses.
However, Hypothesis 2 was not supported, in-
dicating that the age trajectory does not differ
across positions.

The three key findings reported in this
study contribute to the literature on factors in-
fluencing performance. First, position appears
to be the dominant determinant of expected
goals per 90 minutes. Second, when account-
ing for xG/90, a small but significant positive
linear effect of age is present across all playing
positions up to age 40. Finally, when account-
ing for xG/90, both the position and age effects
on actual goal conversion became non-signif-
icant after adjustment for xG/90, suggesting
that shot quality may account for much of the
association between player characteristics and
goal-scoring outcomes.

Our findings integrate biological, cogni-
tive, and technical explanations for the process
of performance aging. The lack of evidence of
quadratic age decline supports the argument
that experience-based optimization of tactics
outweighs the rate of physiological aging.
The larger xG/90 values for forwards relative
to other positions reflect not only their closer
proximity to the goal but also the cumulative
benefits of being in higher-value areas of the
field.

The near-unity coefficient suggests that xG
closely tracks actual goal output in this sample,
indicating that differences in goals across po-
sitions are driven largely by opportunity struc-
tures rather than conversion skill alone.
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Implications for talent identification and
development

A player’s expected goals (xG) per 90 min-
utes across their career have several implica-
tions for talent development. Forwards consis-
tently have higher xG/90 values (0.26-0.28) at
all ages up to 40 and exhibit a linear increase in
x(G/90 as they age. This suggests that attacking
specialists may require longer developmental
periods than the commonly assumed “peak”
age range of 25 — 27 years. Clubs may there-
fore benefit from reassessing their recruitment
strategies, placing greater emphasis on lat-
er-maturing forwards with strong tactical de-
cision-making skills, rather than relying solely
on early-maturing forwards selected on phys-
ical attributes alone. Midfielders exhibit an
intermediate xG/90 range (0.09-0.12), reflect-
ing their dual role in both attack and defense,
while defenders show the lowest xG/90 range
(0.04-0.07), highlighting the importance of
position-specific training.

Furthermore, given that the average fin-
ishing effect is zero when accounting for xG,
clinical finishing ability is unlikely to be a sta-
ble player trait. For recruitment and coaching,
this suggests that clubs should place greater
emphasis on the quality of scoring opportuni-
ties a player generates than on finishing skill
alone, especially when evaluating older play-
ers. Training programs may therefore benefit
from prioritizing shot selection, positioning,
and chance creation rather than assuming that
finishing ability is the primary stable trait.
(Rathke, 2017). This approach shifts the focus
from classifying players as either “goalscor-
ers” or “goal-creators” to assessing their like-
lihood of generating scoring opportunities.

Practical recommendations for football
organizations

Based on our findings, we recommend the
following organizational modifications:

Recruitment: Expand scouting networks to
assess forwards aged 28-32 with high tactical
awareness. Base transfer decisions on an xG-
based player evaluation dashboard that prior-
itizes a player’s chance-creation ability over
simple goal-scoring.

Training: Develop age-appropriate train-
ing programs for players over 27 that focus on
position-specific tactics rather than just phys-
ical conditioning. Develop performance stan-
dards that account for the relationship between
age and xG generation.

Evaluation: Determine contractual com-
pensation and performance evaluations pri-
marily using xG/90 as the key metric. Fin-
ishing efficiency varies little across positions
when chance quality is controlled for.

Theoretical contributions to performance
aging

These results also support the “dominant
inverted U model” of aging in sports (Berthel-
ot et al., 2012; Schulz & Curnow, 1988). Our
findings suggest that experienced elite soccer
players may strategically adapt their tactics to
mitigate performance declines. Specifically, we
observed a linear, positive relationship between
age and performance during the players’ prime
years. This aligns with Self-Determination The-
ory, which posits that a coaching environment
fostering competence development and autono-
mous motivation can buffer against age-related
performance declines. The accelerated decline
in performance observed in older forwards
likely stems from their increased reliance on
accumulated tactical knowledge to compensate
for diminished physical capabilities, which sup-
ports long-term working memory models of ex-
pertise (Allen & Hopkins, 2015).

The minimal variation across leagues
(7 =.00004) indicates shared tactical princi-
ples at the elite level, suggesting the potential
to develop generalizable performance models.
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Future work should incorporate contextual vari-
ables such as match state, opponent quality, and
tactical formation, because these factors likely
shape shot quality and may explain some of the
remaining variation in XG outcomes. However,
caution is warranted when extrapolating these
results, as they may have limited applicability to
leagues with distinct tactical philosophies (e.g.,
South American competitions), lower com-
petitive divisions, or different eras due to the
evolving nature of the game. The single-season
data collection (2025-2026) limits our ability to
generalize over time, as training methods and
playing styles may have evolved since then.
Furthermore, the superior fit of Model 2 (A4IC
=-414.5) demonstrates that xG/90 was the most
significant mediating variable between demo-
graphic characteristics and performance. This
finding suggests that an athlete’s opportunities,
rather than inherent talent, primarily determine
their goal-scoring ability in soccer.

Limitations and future directions

Limitations of this study include: (1) the
cross-sectional design, which cannot differen-
tiate cohort and age-related effects or deter-
mine individual developmental trajectories;
(2) selection bias from including only players
with at least 450 minutes of play, which likely
overestimated performance at older ages; (3)
survivor bias, as the sample comprised only
the oldest group of elite players; (4) restrict-
ing the age range to 17-40 years, which like-
ly underestimated performance decline in the
later years of a player’s career; (5) the binary
classification of players into a single position,
which fails to account for tactical roles; and (6)
unmeasured contextual factors, such as match
state, opposing team quality, and tactical for-
mations, which can influence xG generation.

Future research should address these lim-
itations. Wearable technology could investi-
gate whether performance declines are due to

decreased athleticism or changed tactics. Lon-
gitudinal studies using performance data and
coach/athlete interaction could test hypoth-
eses about the mediating role of motivation.
Machine learning methods that incorporate
player-tracking data could improve the accu-
racy of xG models. Experimental studies that
manipulate training loads and recovery proto-
cols could determine the cause of age-related
declines in performance.

Longitudinal studies following individual
players would enable researchers to establish
causal relationships. Survival analysis would
account for career transitions and dropouts.
Combining wearable technology measures
with xG data would differentiate between the
physical and technical components of age-re-
lated changes in performance. Lastly, pro-
spective longitudinal studies collecting for-
mation-specific positional coding and/or the
tactical context of each game would increase
the accuracy of these models.

CONCLUSIONS

The impact of age-related changes in expect-
ed goal production varies by playing position in
elite football, although forwards generally ex-
hibit greater expected goal production per 90
minutes than midfielders or defenders through-
out their careers. This position-specific differ-
ence is largely determined by expected goal
production per 90 minutes (xG/90). Therefore, a
player’s overall shooting proficiency depends on
their ability to convert opportunities, not simply
on finishing skills (Allen & Hopkins, 2015).

This study is the first to combine aging
models with analytical data. The findings
suggest that cognitive development gained
through experience can help sustain a player’s
performance level after their physical prime.
While these studies do not establish a causal
relationship between the variables, future ex-
perimental research could explore this further.
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Professional football clubs can use this in-
formation to develop position-specific train-
ing programs. For instance, technical skill
development should be prioritized later in a
forward’s career. By developing a multi-di-
mensional model that combines advanced sta-
tistical measures, psychological models, and
longitudinal research methods, researchers
can provide a comprehensive understanding
of the performance patterns of top-level foot-
ball players. Expected goal analysis offers a
strong, evidence-based foundation for player
development decisions in elite clubs (Schulz
& Curnow, 1988).
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