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Abstract
Background

Competitive sport sits between skill and chance, and where a discipline falls depends both on the rules
that decide a single contest and on the structure that turns many contests into a ranking. Olympic
fencing lets us separate the two: three weapons (épée, foil, sabre) run under one tournament format but
score touches differently, so weapon varies the rules of play while competition design stays fixed.

Methods

We assembled 158,652 pool bouts across 474 FIE Junior World Cup competitions (2015-2026) and
measured predictability through three lenses: the rate of intransitive (cyclic) triads within pools; a
custom race-to-five per-touch likelihood, fitted by maximum likelihood and as a Bayesian hierarchical
model; and a tournament-level concordance built on an artifact-free earned-tier outcome, with the pool-
fitted per-touch slope carried into the elimination tableau as a structural out-of-sample test.

Results

Disorder ranked the weapons épée > sabre > foil (14.5%, 12.4%, and 10.3% cyclic triads, respectively); per-
touch skill transmission ran the reverse (marginal slope épée 0.48, sabre 0.80, foil 0.83), with weapon-
specific between-tournament heterogeneity largest in foil. Earned-tier concordance (foil 0.684, sabre
0.650, épée 0.638) fell well below artifact-inflated raw-rank values (0.81-0.85).

Conclusions

We expose and correct a tie-break artifact that inflates conventional fencing predictability and show that
the épée prediction gap reflects where the independent-touch reference stops rather than a weapon-
specific mechanism: the same departure appears in the priority weapons, where simultaneous touches
cannot occur.

1 Background

Every sport answers one question implicitly: how often does the better competitor win? The answer
never belongs to the athletes alone. It falls out of the interaction between the rules that govern a single
contest and the structure that aggregates many contests into a final standing. The resulting balance
between skill and chance matters both to the science of performance and to the practical work of
designing competition that is fair and worth watching [1, 2]. A format that is kind to underdogs, a scoring
rule that rewards one decisive action, a seeding procedure that throws the strongest entrants together
early: each bends the path from latent ability to final placement.
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The practical stakes are concrete. If foil's between-tournament heterogeneity reflects refereeing variance
in right-of-way calls, that is an actionable finding for referee training and certification, not just a
statistical curiosity. If épée’s lower per-touch transmission means individual bouts carry less information
about relative skill, that has direct implications for how much weight junior selection committees should
place on a single result versus a season’s aggregate. And if official rankings are inflated by a tie-break
artifact, federations relying on those rankings for seeding future events are seeding on partly circular
information. Each of the paper’s three pillars therefore speaks to a decision someone in the sport
makes.

Fencing lets us study that path at scale and under close to experimental control. International fencing
runs in three weapons, épée, foil, and sabre, that share one competitive scaffold. Athletes pass through a
round-robin pool phase, which seeds a single-elimination tableau, under one governing body, one
calendar, and one set of refereeing and ranking conventions. What separates the weapons is how a
touch is resolved. Epée counts simultaneous (double) touches, awarding a point to both fencers at once.
Foil and sabre resolve simultaneous actions by priority, or right-of-way, giving the touch to a single fencer
[3]. Because the architecture stays fixed while the within-bout rule set changes, weapon works as a
natural manipulation of the rules of play. It isolates their effect on the skill-chance balance from the
effect of competition design.

The literature on how tournament structure shapes predictability is large. Knockout formats are only
imperfectly monotone: a stronger entrant need not advance further than a weaker one, and seeding
choices move the probability that the best competitor prevails [4-10]. A separate strand on intransitivity
shows that head-to-head results routinely contain rock-paper-scissors cycles that no single ranking can
reconcile, and that the expected level of such cyclicity depends on how competitor abilities translate into
win probabilities [11]. Both strands speak to the same skill-chance question, yet they have rarely met on
one large, rule-varying dataset.

These design questions have a data-driven counterpart in how noisy a sport’s per-touch outcomes are. A
format choice, whether that is pool size, the number of preliminary rounds, or how deep seeding
protection extends into the bracket, trades fairness against length, and the right trade-off depends on
how much signal a single bout carries about the underlying skill gap [4, 10]. A weapon whose bouts
transmit skill weakly needs more rounds, or larger pools, to reach the same seed-to-outcome reliability
as a weapon whose bouts transmit skill strongly. FIE currently applies the same format uniformly across
all three weapons, so it is worth asking whether that format is equally informative in each. Our weapon-
specific estimates give this question a number instead of a guess.

How much a sport rewards skill over chance has lately become a quantitative question, and the tools for
answering it have advanced quickly. [12] generalize the paired-comparison framework to estimate both
the depth of a competitive hierarchy and the residual probability of an upset and find that most sports
and games are “shallow,” with little room for upsets, a continuum on which any discipline can be located.
Agent-based calibrations put numbers to the same idea inside fencing itself: in junior épée the share of
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outcome attributable to talent sits at or just below one-half, an unusually high chance component for an
individual sport [13], and in elite tennis the talent weight is lower still [14]. Variance-decomposition
studies reach compatible conclusions in team sport, attributing roughly forty percent of seasonal over-
performance to skill and the remainder to luck [15], while format comparisons show that shorter, more
sequential contests mechanically enlarge the luck share [16]. The intransitivity strand has matured in
parallel: cyclic, rock-paper-scissors dominance is now documented as a stable and even bet-beating
feature of effortful professional sport [17, 18] and embedded in Bayesian generative models that
separate transitive strength from genuine cyclicity [19]. Paired-comparison and Elo-type models have
likewise been extended to strength-dependent ties, margins of victory, and hierarchical random effects
[20-23]. Fencing has begun to receive this treatment directly. The three weapons differ sharply in tempo,
with work-to-rest ratios running from roughly 1:1 in épée to nearly 1:9 in sabre [24], and network analyses
of fencing results confirm that single-elimination structure raises the incidence of cyclic outcomes
relative to round-robin play [25]. What the field still lacks is a single corpus large enough to estimate
these effects per weapon, model them at the level of the individual touch, and confront the predictability
they imply with an outcome measure free of seeding artifacts.

Fencing's large-scale structural study is, in fact, still thin, and the existing work carries three constraints.
Samples have usually been too small to estimate weapon-specific effects with precision, or to
characterize the heterogeneity across tournaments. Analyses have treated the bout as the atomic unit,
which leaves the per-touch mechanism, the level at which the scoring rules operate, unmodelled, even
though within-match fencing performance is serially structured rather than a string of independent trials
[26]. And tournament-level predictability has been judged against published final rankings, which we
show are contaminated by a tie-breaking artifact that mechanically inflates the apparent agreement
between seeding and outcome.

This paper takes on all three using a corpus of 158,652 pool bouts from 474 Junior World Cup
competitions contested between 2015 and 2026. We analyze predictability through three complementary
pillars. We first quantify model-free disorder as the rate of intransitive triads within pools. We then
specify a per-touch likelihood, a symmetric race-to-five process in the tradition of paired-comparison
models [27, 28], and estimate weapon-specific skill transmission by maximum likelihood and within a
Bayesian hierarchical framework that carries tournament-level uncertainty [29, 30]. We finally introduce
an earned-tier outcome that removes the ranking artifact, then test whether the pool-fitted per-touch
mechanism predicts elimination-phase orderliness out of sample.

Three objectives organize the work. The first is to describe the skill-chance balance of each weapon at
three nested levels of analysis. The second, and the study’s principal methodological contribution, is to
expose and correct a tie-break artifact that silently inflates conventional fencing predictability measures,
turning a correlation of seeding with itself into the appearance of a meritocratic ranking. The third is to
test how far a deliberately simple per-touch model carries from the pool phase to the elimination tableau,
with explicit attention to where it stops and why.
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2 Methods
2.1 Data source and corpus construction

A complete replication package, including the preprocessed data, all analysis scripts (Python and R), and
supplementary figures, has been deposited at https://osf.io/jtb8h.

We compiled competition results from the International Fencing Federation (FIE) for all junior-category
World Cup events. Pool sheets, seedings, and final classifications were retrieved from the FIE results
portal and parsed into structured tables. Events before 2015 were dropped because their pool and
tableau files are empty placeholders in the source archive. The analytic corpus then comprises 158,652
pool bouts across 474 competitions held between 2015 and 2026 in the six junior individual disciplines
(men’s and women's épée, foil, and sabre). Each FIE competition record corresponds to a single weapon-
and-gender event, so the 474 competitions partition exactly into épée (173), foil (155), and sabre (146).
Every pool bout records the two competitors, their entry seeds, the final score (touches for and against),
and the winner; every competition records the final classification and the elimination round each fencer
reached. We retained the final score of each bout but not its touch-by-touch sequence, a constraint that
bears directly on the per-touch diagnostics below. Table 1 summarizes the corpus. Throughout, seed
denotes a fencer’s entry ranking into the event, and a bout’s seed difference is the signed gap between
competitors’ seeds, standardized within the modelling sample (z-score, written x,) so that per-touch
slopes compare cleanly across weapons. Every analysis was implemented independently in Python and
R and reconciled to numerical precision, an internal guard against coding error.

Table 1
Corpus by weapon.
Weapon Competitions Pool bouts Cyclic-triad rate Seasons
Foil 155 52,201 10.3% 2015-2026
Sabre 146 45,634 12.4% 2015-2026
Epée 173 60,817 14.5% 2015-2026
All weapons 474 158,652 n/a 2015-2026

Note: Counts are taken from the parsed pool-bout records; the cyclic-triad rate is the share of
intransitive pool triads, defined in § 2.2.

2.2 Pillar I: Observed intransitivity in the pool phase

The pool phase is a round-robin, so within any pool of n fencers there are C(n,3) triads of head-to-head
results. A triad is transitive when its three pairwise outcomes admit a consistent ordering (A beats B, B
beats C, A beats C) and intransitive, or cyclic, when they do not (A beats B, B beats C, C beats A). The
cyclic-triad rate, the share of evaluable triads that form a cycle, is a model-free index of disorder. It
assumes nothing about latent ability and reflects only the internal consistency of results [11]. We
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computed this rate for every pool and aggregated by weapon. For complete pools the count has a closed
form: the number of cyclic triads equals C(n,3) minus the sum over fencers of C(w;, 2), where w; is a
fencer’s win total within the pool. As complementary model-free indices we computed, for each weapon,
the higher-seed win rate (the probability that the better-seeded fencer wins a pool bout) and the Kendall
rank correlation (T) between entry seed and final classification [31].

As a robustness check on the cyclic-triad rate, we also normalized circular-triad counts against the [32]
3_4n
24

even n|, rather than against the total number of triads, C(n,3). This distinction matters when pool size

varies substantially across the units being compared, since the achievable ceiling on cyclic triads is itself
n-dependent. In our corpus, pool size is nearly invariant across weapons (mean 6.80—-6.84, with 79.8-
83.6% of pools at n = 7; Table 2), so the two normalizations should agree closely if the weapon ordering
is genuine rather than an artifact of differing pool sizes. Table 2 confirms this: both the raw rate and the
Kendall-Smith-normalized rate preserve the same weapon ordering and, more importantly, an almost
identical relative gap between weapons (foil-to-épée ratio of 0.71 under both normalizations), indicating
that the reported disorder ordering is not an artifact of pool-size variation.

3_
theoretical maximum, a combinatorial bound that is a function of pool size n [ % foroddn, = for

Table 2
Cyclic-triad rate under two normalizations, by weapon.
Weapon Meanpool % of pools Raw cyclic-triad Kendall-Smith normalized Ratio to
size (n) atn=7 rate (% of C(n,3))  rate (% of theoretical max) Foil
Foil 6.81 81.3% 10.3% 25.8% 1.00
Sabre 6.80 79.8% 12.4% 31.1% 1.20
Epée 6.84 83.6% 14.5% 36.3% 1.41

2.3 Pillar II: A per-touch skill-transmission model

Bout-level summaries throw away the structure that the scoring rules act on. To recover it, we modelled
the bout as a sequence of touches. We assume a symmetric race-to-five process: each touch goes to the
higher-seeded fencer with probability p and to the opponent with probability 1 - p, independently across
touches, and the bout ends when one fencer reaches five. The per-touch log-odds are linear in the
standardized seed difference, logit (p) = 8 - x., so B is the per-touch skill-transmission slope, the rate
at which a seed advantage becomes a per-touch probability advantage. The formulation is a per-touch
analogue of the Bradley-Terry paired-comparison model [27, 28, 33]. Because a race-to-five outcome is
not a single Bernoulli draw, we used the exact race likelihood, the probability of the observed final score
under repeated independent touches, rather than approximating the bout as one logistic trial.

We fitted the model two ways. The first was maximum likelihood, pooling within each weapon for a point
estimate of B with a cluster-bootstrap confidence interval that resamples whole competitions. This
pooled estimate is a population-averaged, or marginal, quantity, and we treat it and its bootstrap interval
as the primary result. The second was a Bayesian hierarchical model built on a custom brms/Stan
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likelihood family that encodes the race-to-five process [29, 30]. The linear predictor was 0 + weapon:xz,
giving a separate per-touch slope per weapon, with a competition-level random slope that we allowed to
differ in dispersion by weapon, gr(comp, by = weapon), so that both the seed effect and its between-
tournament variance can vary across the three disciplines and bout-level estimates inherit cluster-aware
uncertainty. Priors were weakly informative, Normal(0, 2) on the weapon slopes and Exponential(1) on
the random-slope standard deviations, and sampling used Stan’s no-U-turn sampler, with convergence
checked through the potential scale reduction factor and effective sample sizes; the model was refitted
independently in NumPyro/JAX as a second engine and reconciled. The hierarchical slopes are
conditional, or tournament-specific, quantities. Because the link is nonlinear, they are not directly
comparable in magnitude to the marginal maximum-likelihood estimate, a distinction we keep in view
when reporting both, and the conditional-versus-marginal divergence is governed by the weapon-specific
between-tournament variance the hierarchical model estimates.

As an internal diagnostic, we compared two routes to 3 within each weapon. The first uses the full score
distribution, which draws on information from every touch. The second uses the bout win rate alone,
which draws only on the binary outcome. Under independent touches the two should agree; a systematic
gap signals that touches are not independent and identically distributed, and its size measures the
departure. We make the comparison explicit. From the bout-win logistic slope y and the race-to-five
amplification factor k, the win-rate route implies a per-touch slope % which we set against the score-

based estimate. Here k is the derivative of the bout-win probability with respect to the per-touch
probability at p = 0.5: because a race to five is equivalent to winning at least five of nine independent
touches, the bout-win probability is G (p) = P (Bin(9,p) > 5), and the tail-derivative identity
G —n.Cn—1,m—1)-p™ (1 — p)" ™ withn=9 and m = 5 gives

dp
8
k=9-C(84)- (%) = % = 2.461. We call the ratio of the two a seriality ratio. On this reading the

independent-touch model is not a claim about how fencing is actually played but a reference process, a
null against which serial structure can be measured: a seriality ratio of 1 marks independence, and the
amount by which it exceeds 1 quantifies how much more decisive a bout is than independent touches
would make it. We attach a cluster-bootstrap confidence interval to the ratio so that cross-weapon
differences can be tested rather than merely described.

2.4 Pillar lll: The earned-tier outcome and structural out-
of-sample prediction

2.4.1 The tie-break artifact and its correction

Correlating entry seed with final classification looks like a natural measure of tournament predictability.
It is misleading. The FIE final classification breaks ties among fencers eliminated in the same direct-
elimination (DE) round by reverting to their pre-DE seeding. Every fencer who exits in each round is
therefore ordered within that round by the very seeding the analysis is trying to validate. That injects a
deterministic, seed-driven ranking into the outcome variable and inflates seed-outcome concordance
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regardless of what happened on the strip. This is exactly the kind of structure-induced distortion the
tournament-design literature warns can separate placement from merit [4, 6, 7].

To remove the artifact, we recoded each fencer’s outcome as the earned tier, the DE round reached,
computed from final rank as tier = [log, (rank)|. The champion occupies tier 0, the losing finalist tier
1, the two losing semifinalists tier 2, the four losing quarterfinalists tier 3, and so on. The earned tier
records only the round a fencer reached on the strip and is invariant to the within-round, seed-based
ordering that contaminates raw rank. We then measured predictability as the Kendall rank correlation
(t_b, which accommodates the heavy ties inherent in a tiered outcome) between entry seed and earned
tier [31], with bootstrap confidence intervals over competitions.

2.4.2 Structural prediction from pool to tableau

Earned-tier concordance is an observed property of the elimination phase. We asked whether it can be
predicted from the per-touch mechanism estimated entirely in the pool phase. We took each weapon’s
pool-fitted per-touch slope and carried it forward to a simulated DE tableau in which bouts run to fifteen
touches, the junior DE format, while preserving the realised seeding structure of each event. Simulating
the tableau under the pool-derived per-touch process yields a predicted earned-tier concordance, which
we compared to the observed value. This is a structural out-of-sample test, not a causal or experimental
claim. It asks whether a mechanism calibrated on one phase generalizes to another phase under a
different bout length, with tournament structure held fixed.

3 Results
3.1 Pool-phase disorder runs épée > sabre > foil

The model-free indices place the three weapons on a clear, consistent gradient. Cyclic triads were most
common in épée, where 14.5% of evaluable pool triads were intransitive, intermediate in sabre at 12.4%,
and least common in foil at 10.3% (Fig. 1). The complementary indices line up the same way. The better-
seeded fencer won pool bouts most often in foil and least often in épée (higher-seed win rate: foil 86.7%,
sabre 84.6%, épée 82.5%), and the correlation between entry seed and final classification was strongest
in foil and weakest in épée (Kendall T: foil 0.847, sabre 0.823, épée 0.807). The same picture appears in
the seed-gap discriminability curves, which trace the probability that the higher-seeded fencer wins as
the standardized seed gap grows. Foil and sabre rise more steeply than épée, so a given seed advantage
buys more in the priority weapons (Fig. 2). Across these measures foil is the most orderly weapon and
épée the least, with sabre between them (Table 3).

Because a fully random field is not the appropriate reference for a cyclic-triad rate, we also benchmarked
the observed rate against a skill-adjusted null. Under a seed-based logistic reference fitted separately to
each weapon’s bout outcomes, the expected cyclic-triad rate is 6—10%, far below the 25% of a fully
random field; observed cyclicity exceeds this skill-based null in every weapon. Once heterogeneous skill
is accounted for, the excess intransitivity (the "transitivity gap") is significantly larger in épée and sabre
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than in foil, while épée and sabre are statistically indistinguishable from one another; we therefore do not
order épée and sabre, and report only that both carry more true cyclicity than foil, a result stable across
four independent null specifications (Supplementary Table S1, Figure S1).

[Figure 1 about here]

Table 3

Pool-phase disorder by weapon. All three model-free indices order the
weapons foil > sabre > épée.

Weapon Cyclic-triad rate  Higher-seed winrate  Seed-final t
Foil 10.3% 86.7% 0.847

Sabre 12.4% 84.6% 0.823

Epée 14.5% 82.5% 0.807
[Figure 2 about here]

3.2 Per-touch skill transmission is weakest in épée and
strongest in foil

The per-touch model recovers the same ordering at the mechanistic level and inverts it relative to
disorder: the more orderly a weapon, the more strongly each touch carries a seeding advantage. The
marginal maximum-likelihood slope was lowest for épée (B = 0.48, 95% bootstrap CI [0.46, 0.51]), higher
for sabre (0.80, [0.77, 0.86]), and highest for foil (0.83, [0.79, 0.89]) (Fig. 3). The intervals separate épée
cleanly from the two priority weapons, which sit close together.

The Bayesian hierarchical fit tells a more layered story, and it does not simply reproduce the marginal
numbers. Its conditional, tournament-specific posterior means are substantially larger than the marginal
estimates (épée 1.20, foil 2.29, sabre 1.37), and that is expected rather than contradictory. In a nonlinear
mixed model, the conditional (subject-specific) slope and the marginal (population-averaged) slope are
distinct estimands; once the conditional slope is averaged over the random-effect distribution it shrinks
toward the marginal value, so the two diverge by construction, and the larger the between-cluster
variance, the larger the gap. Allowing that variance to differ by weapon makes the divergence
interpretable rather than puzzling: the between-competition random-slope standard deviation is smallest
in épée (1.21), larger in sabre (1.61), and largest by a clear margin in foil (2.01), with the three posterior
distributions clearly separated and épée’s well clear of foil's (Fig. 4). Foil's conditional slope is the most
inflated relative to its marginal value precisely because foil carries the most between-tournament
dispersion; the apparent anomaly of a foil conditional slope near 2.3 is a direct consequence of that
dispersion, not a sign that the estimates disagree. What matters for our argument is that both estimands
rank the weapons identically, foil above sabre above épée, so the ordering is a property of the data and
not of the estimator. The dispersion also has a substantive consequence: with a conditional mean near
1.2 in épée and a standard deviation above that value, the seed-to-touch slope is effectively flat, and
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occasionally reversed, in a non-trivial minority of tournaments, so any single summary slope averages
over events that differ sharply in how strongly seeding predicts touches (Table 4).

To test the between-weapon differences directly rather than by interval overlap, we computed cluster-
bootstrap confidence intervals for the pairwise slope differences. The foil-épée and sabre—épée
differences were clearly separated from zero (A =0.35,95% CI [0.28, 0.42]; and A =0.32,95% CI[0.26,
0.39]), whereas the foil-sabre difference was not (A = 0.03, 95% CI [- 0.06, 0.12]), confirming that épée
separates from both priority weapons while foil and sabre do not separate from each other.

[Figure 3 about here]
[Figure 4 about here]
Table 4
Per-touch skill-transmission slopes by weapon.
Weapon B marginal 95% CI B conditional Between-comp.  Seriality ratio
(MLE) (hier.) SD (o) [95% CI
Foil 0.83 [0.79, 2.29 2.01 1.64[1.58,
0.89] 1.70]
Sabre 0.80 [0.77, 1.37 1.61 1.64[1.59,
0.86] 1.69]
Epée 0.48 [0.46, 1.20 1.21 1.85[1.80,
0.51] 1.91]

Note: The marginal MLE with its cluster-bootstrap interval is the primary estimate. The conditional
hierarchical means are larger because the conditional and marginal slopes are different estimands
under a nonlinear link, with the gap scaled by each weapon'’s between-competition standard deviation c;
both estimands rank the weapons identically. The seriality ratio is the per-touch slope implied by the
bout win rate alone relative to that implied by the full score distribution; it equals 1 under independent
touches, and the excess above 1 indexes within-bout serial structure. Epée’s ratio is significantly higher
thaév that) in both priority weapons: its bootstrap lower bound (1.80) exceeds their upper bounds (1.70
and 1.69).

The diagnostic puts a number on the departure from the independent-touch reference, and it does so in
every weapon. The per-touch slope implied by the full score distribution falls below the slope implied by
the bout win rate alone, so the seriality ratio is 1.85 in épée, 1.64 in sabre, and 1.64 in foil. Because the
two routes coincide only under independent touches, a ratio above 1 in all three weapons measures real
within-bout serial structure, consistent with the serial dependence documented for fencing at the point
level [26]. The ratio is, crucially, well above 1 even in the priority weapons, where simultaneous touches
are impossible, but épée’s ratio is significantly higher than the priority pair rather than merely numerically
larger: its bootstrap confidence interval clears theirs entirely. This pattern is the single most important
constraint on how the épée result can be read, and we develop it in the Discussion: a departure that
appears where simultaneous touches cannot occur cannot be a product of simultaneous touches, while
the significant épée excess marks the bounded additional contribution that double touches can plausibly
make.
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3.3 Earned-tier concordance corrects an inflated artifact
and keeps the weapon ordering

Recoding outcomes as earned tiers sharply lowered apparent predictability relative to raw final ranks.
Raw-rank concordance sat between 0.81 and 0.85 across weapons (foil 0.847, sabre 0.823, épée 0.807),
values inflated by the seed-based tie-break ordering described in § 2.4.1. Earned-tier concordance was
markedly lower: foil T_b = 0.684, sabre 0.650, épée 0.638. The drop is what the artifact predicts. Once the
deterministic, seed-driven within-round ordering is removed, the concordance that remains reflects only
what fencers achieved on the strip. The weapon ordering survives the correction, with foil the most
concordant and its bootstrap interval clear of the other two, echoing the pool-phase and per-touch
results (Table 5).

Table 5

Seed-to-outcome concordance under raw final rank versus the
earned-tier outcome. The corrected metric removes the seed-
based tie-break inflation. The reduction of roughly 0.16 t0 0.19 is
near-uniform across weapons, consistent with an artifact that
operates through the shared seeding regime rather than through
any weapon-specific feature.

Weapon Raw-rank T (inflated) Earned-tier T_b (corrected)
Foil 0.847[0.830, 0.860] 0.684[0.669, 0.696]
Sabre 0.823[0.815,0.831] 0.650 [0.640, 0.661]
Epée 0.807[0.789, 0.821] 0.638[0.623, 0.652]

3.4 The per-touch mechanism predicts the tableau for foil and sabre and leaves a residual gap for épée

Carrying each weapon’s pool-fitted per-touch slope into the simulated fifteen-touch DE tableau produced
predictions that tracked observation closely for two of the three weapons (Fig. 5). For foil, predicted
earned-tier concordance (0.672) sat almost on top of the observed value (0.684). For sabre, the model
slightly over-predicted (0.664 against 0.650). For épée, it under-predicted (0.573 against 0.638): the
elimination phase was more orderly than the pool-calibrated reference expected. The direction and size
of the épée gap line up with the diagnostic of § 3.2, where épée carried the significantly largest seriality
ratio. The gap is therefore the downstream consequence of épée’s stronger within-bout serial structure,
read through a reference model that omits it, not a separate finding about épée.

[Figure 5 about here]

4 Discussion

Across three nested levels of analysis, model-free pool disorder, a mechanistic per-touch model, and
tournament-level concordance, the three weapons hold a stable order. Foil is the most orderly: fewest
intransitive triads, strongest per-touch transmission of seeding advantage, highest earned-tier
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concordance. Epée is the least orderly on every measure, and sabre keeps a consistent middle position.
That the ordering recurs across observational and mechanistic measures, and across independent
Python and R implementations, points to a real structural property of the weapons rather than an artifact
of one method.

The foil-épée contrast reads naturally against the scoring rules [3]. In foil and sabre, priority resolves
simultaneous actions in favor of one fencer, so almost every exchange is a discriminating event that can
express a skill difference. In épée, the simultaneous-touch rule lets both fencers score at once, and such
double touches move the score without settling who was the better fencer in that exchange. A weapon
that regularly produces non-discriminating touches will, all else equal, transmit a seeding advantage
more weakly per touch and generate more disorder at the level of bouts and pools. The per-touch slopes
and cyclic-triad rates fit that account, and the link between how abilities map to win probabilities and the
expected level of cyclicity is what trait-performance models of intransitivity formalize [11]; that single-
elimination structure should amplify such cycles relative to round-robin play, as observed directly in
fencing result networks [25], is consistent with the gap we find between the artifact-inflated raw ranking
and the earned-tier outcome.

4.1 Between-tournament heterogeneity and the referee's
hand

The between-tournament heterogeneity is not uniform across weapons, and its ordering is itself
informative. The competition-level random slope is most dispersed in foil (0 =2.01), intermediate in
sabre (1.61), and tightest in épée (1.21), the same ranking, inverted, that governs every other measure:
the weapon whose touches most strongly encode a seeding advantage is also the weapon whose skill
transmission varies most from one event to the next. The scoring rules again offer a natural reading.
Epée is adjudicated by an objective electrical apparatus that registers a touch with negligible human
interpretation; foil and sabre add right-of-way, a convention whose application rests on a referee’s
reading of who attacked first and whether an attack was properly parried. Right-of-way is precisely the
part of fencing that resists codification. A prototype automated foil referee, trained on thousands of
exchanges, still adjudicates priority well below the accuracy of objective hit detection and is, by its
authors’ own assessment, not ready to replace human officials [34]. What is hard for an algorithm is
variable across human officials, and across the refereeing pools that staff different World Cup events, so
a weapon that depends on right-of-way should inherit more between-competition variance in how cleanly
a seeding advantage converts into touches than a weapon that does not. The pattern mirrors findings
from other adjudicated combat sports, where Bayesian hierarchical models reveal that individual judges
weight the same actions differently and that judging tendencies shift with venue and context [35]. Foil’s
elevated dispersion, and the inflated conditional slope that accompanies it, is therefore consistent with
refereeing subjectivity rather than a modelling artifact: a large between-competition standard deviation is
exactly what a referee-dependent scoring rule predicts, and the orderly o gradient from épée to foil tracks
the orderly gradient from objective to interpretive adjudication.
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4.2 The tie-break artifact

The methodological core of the paper is the tie-break artifact. Because the FIE final classification orders
same-round losers by their pre-DE seeding, any concordance computed against raw final rank is partly a
correlation of seeding with itself. The inflation is large and silent: raw concordance near 0.81 to 0.85
collapses to 0.64 to 0.68 once the artifact is removed, and nothing in the published rankings flags it. The
earned-tier outcome, which records only the round reached on the strip, is an artifact-free alternative we
recommend for any seed-to-outcome analysis in fencing, and for any single-elimination sport whose tie-
breaks revert to seeding [4, 6, 36]. That the correction is near uniform across weapons supports the
diagnosis: the artifact works through the shared seeding regime, so it shifts all three weapons by a
similar amount and leaves their ordering intact. The general lesson for tournament modelling is that the
outcome variable deserves the same scrutiny as the model. A contaminated outcome can manufacture
the appearance of order where less exists.

4.3 Reach and boundary of the per-touch reference

The structural out-of-sample test marks both the reach and the boundary of a deliberately simple per-
touch reference. A reference calibrated only on pool bouts predicts foil's elimination concordance almost
exactly and sabre’s to within a small margin, which is a real validation: for the priority weapons, one skill-
transmission process appears to govern both phases despite their different bout lengths. Epée departs
from the pattern, and the departure needs care. The tempting move is to pin it on the one feature unique
to épée, the double touch, and to conclude that épée obeys a different law. The data do not support that
reading. The seriality ratio sits well above 1 in all three weapons, 1.64 in foil and 1.64 in sabre, where
simultaneous touches cannot occur, against 1.85 in épée. If the departure were a product of double
touches, it would be absent or much weaker in the priority weapons; instead, it is nearly as large there. A
weapon-specific mechanism cannot generate an effect in weapons that lack the mechanism. The
parsimonious reading is serial dependence common to all three weapons, the momentum, tactical
adjustment, and score-dependent risk-taking that an independent-touch reference does not encode [26].
Epée’s simultaneous-touch rule plausibly adds to this, and the addition is now statistically resolved rather
than merely suggested: épée’s seriality ratio is significantly higher than the priority-weapon baseline, with
non-overlapping bootstrap intervals, so doubles can account for the residual excess of roughly 0.21
between épée’s ratio and the priority pair, but not for the shared departure that all three weapons display.

This reframing also answers an obvious modelling question: why not fit an explicit double-touch model
to épée, for instance an extended paired-comparison model with a tie-like third outcome [37]? Two
reasons. First, the analysis above shows that doubles are not the source of the common departure, so a
doubles-specific model would address the smaller part of the problem while leaving the shared serial-
dependence component untouched in every weapon. Second, and decisive for this corpus, the data
cannot support such a model. Our records carry the final score of each bout but not its touch-by-touch
sequence, and the number of double touches cannot be recovered from a final score, because a double
increments both fencers'’ tallies and many double counts are consistent with the same final score. A
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faithful épée model would need exchange-level data that the FIE results portal does not expose. We
therefore treat the épée gap as a transparent feature of where the per-touch reference stops, sharpened
rather than hidden by the cross-weapon comparison, not as evidence of a weapon-specific law.

4.4 Sensitivity analysis: the role of seed endogeneity

Two further cautions shape the causal reading, and the second deserves its own analysis because it
bears directly on the cross-weapon comparison. The first concerns the bout-length extrapolation. A five-
touch pool bout and a fifteen-touch DE bout are not the same interaction stretched to different lengths;
their momentum and pacing differ, and épée in particular layers passivity rules onto the later periods of a
long bout, which press on the score in ways a length-invariant per-touch slope cannot capture. Part of
the épée under-prediction may reflect these tactical features of the long format rather than the pool
mechanism alone, which only reinforces the reading of the gap as a model limitation.

The second concerns the predictor itself. Entry seed is not an exogenous measure of ability; it is an
output of the same FIE ranking system whose tie-break behavior we criticize, which exposes the seed-
based slopes to two distinct problems. The first is attenuation: as a noisy proxy for latent skill, classical
measurement error biases every seed-based slope toward zero, so the per-touch 3 and the seed-to-
outcome concordances we report are conservative lower bounds on the true skill signal. The second is a
subtler endogeneity: part of the cross-weapon gap we attribute to scoring rules could instead reflect
weapon-specific differences in how well the ranking system tracks ability.

To probe this, we re-estimated the per-touch slopes using a strength measure built independently of the
FIE ranking. From the head-to-head pool results alone, we computed a prospective Elo rating for every
fencer, updated bout by bout and frozen at the start of each competition, so that the rating entering an
event reflects only prior on-strip results and shares the pre-tournament timing of the seed without
inheriting its construction. The cross-weapon ordering is robust to this substitution: the Elo-based per-
touch slope is again largest in foil, intermediate in sabre, and smallest in épée, and that ordering holds
across every Elo specification we tried (learning rates from 16 to 48, history thresholds from 5 to 30 prior
bouts). The weapon effect is therefore not an artifact of seeding validating itself; it survives an ability
signal that the FIE ranking did not generate. The magnitude, however, attenuates. Roughly half of the foil-
épée gap persists under the independent rating (46 percent in the main specification, and 37 to 48
percent across the learning-rate and history-threshold grid), with the remainder attributable to weapon-
specific differences in how sharply the seed tracks ability: the rank correlation between the seed gap and
the independent rating gap is itself higher in foil (0.67) than in épée (0.55), with sabre intermediate
(0.59), so a unit of seed advantage encodes more genuine skill in foil than in épée. In a joint model the
independent rating adds little beyond seed, and seed remains the dominant predictor, consistent with the
official seed being the richer ability summary, drawn from a longer competitive history than our corpus
alone can reconstruct, while still carrying some weapon-specific endogeneity. The cross-weapon
ordering is thus robust to seed endogeneity; only the precise magnitude of the weapon effect is partly
contingent on how ability is operationalized. This sits within the broader evidence that seeding is
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endogenous to outcome: when seeding is isolated experimentally, as in the regression-discontinuity
design of [38], a marginal seeding advantage need not translate into deeper tournament progress at all.

Whether the same weapon ordering holds among senior elites, whose game is widely seen as more
mechanical and tactically settled than the junior game, is a natural next test. Every method used here
transfers directly to that population, and a senior replication would show whether junior status inflates or
dampens the disorder we observe; we frame this as a hypothesis for future work rather than a claim the
present data can settle. For sports science and tournament design, the results show that predictability is
authored jointly by the rules of play and the structure of competition, and that the two can be separated
when one is held fixed. They also restate a caution from the skill-versus-luck literature [1, 2, 12]: a
headline concordance figure is only as trustworthy as the outcome coding beneath it.

4.5 Practical implications for coaching, selection, and
officiating

The three pillars translate into concrete guidance for practitioners, not only for tournament modellers.
First, foil's elevated between-competition variance (o = 2.01, against 1.61 in sabre and 1.21 in épée) is
consistent with referee-dependent scoring rather than pure noise, and it is measurable at the level of
individual competitions. A federation that tracked this quantity across its certified referee pool would
have a direct, data-driven target for right-of-way training and certification, in the same way Bayesian
judge-effect models have been used to standardize adjudication in other combat sports [35]. Second, the
weak per-touch transmission we find in épée (marginal slope 0.48, against 0.80-0.83 in the priority
weapons) means a single épée bout carries comparatively little information about the underlying skill
gap between two fencers. For talent identification and national squad selection, this argues for weighting
seasonal aggregates over single-event results more heavily in épée than in foil or sabre, where a
comparable slope difference does not hold. Third, the tie-break artifact we expose is not a modelling
nicety: any federation, ranking committee, or media outlet using official final classification as a proxy for
merit is, in part, reading back the seeding it started with. The earned-tier correction offers a low-cost
alternative — round reached on the strip, rather than tie-broken final rank — that any federation could
adopt without new data collection.

4.6 Implications for tournament design

The cross-weapon differences we document also speak to format design, separately from the coaching
and officiating implications above. FIE runs all three weapons through the same pool-to-tableau
architecture, but our per-touch estimates show that a single épée bout carries markedly less information
about the underlying skill gap than a single foil or sabre bout does (marginal slope 0.48 against 0.80 to
0.83). Under a fixed format, this asymmetry means épée's single-elimination phase is structurally noisier.
The same seeding protocol and bracket depth that reliably protect a top seed in foil offer weaker
protection in épée, not because the seeding is flawed but because each individual result is simply a less
reliable signal to seed on. This fits network-level evidence that single-elimination structure amplifies
cyclic, upset-prone outcomes relative to round-robin play [25], and it suggests a weapon-uniform format
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is not actually weapon-neutral in its consequences. Epée would likely need either a longer pool phase or
more seeding protection in the early bracket rounds to match the outcome reliability that foil and sabre
already achieve under the current format. The earned-tier correction we introduce gives federations a
way to measure this reliability directly, rather than inferring it from a tie-break-inflated ranking, and it
offers a concrete, weapon-specific quantity, the gap between earned-tier concordance and its raw-rank
counterpart, that any proposed format change could be evaluated against.

Limitations

Several considerations bound the conclusions. The per-touch model treats touches as independent by
design: it is a reference process, and the seriality ratio (1.6 to 1.9 across weapons) measures how far
real bouts depart from it. That departure is informative rather than a defect, because it isolates and puts
a single number on the within-bout serial dependence, the momentum, tactical adjustment, and score-
dependent risk-taking, that the reference deliberately omits [26]. What the present data cannot do is
decompose that departure into its sources. With only final scores and no touch-by-touch sequence, we
cannot separate momentum from score-dependent stopping or from heterogeneity across exchanges,
so the per-touch slopes are best read as effective summaries of a richer process rather than literal
exchange-level probabilities.

Related to this, the model has no representation of the simultaneous-touch rule unique to épée. As the
Discussion sets out, this is not the source of the common departure, since a large seriality ratio also
appears in the priority weapons, but épée’s significant excess over that baseline is consistent with a
genuine, if bounded, double-touch contribution that the model does not represent. Modelling it properly
would require exchange-level data that record each double touch, which the FIE results portal does not
provide, so the question is left open rather than resolved here.

The hierarchical results carry their own caveat. The random-slope standard deviation is large relative to
the conditional slopes in every weapon, and largest in foil (o = 2.01), which means the strength with
which seeding predicts touches varies widely across tournaments and is effectively absent in some. We
report the marginal maximum-likelihood slope with a cluster-bootstrap interval as the primary estimate
for this reason and treat the conditional hierarchical means as a description of tournament-specific
behavior rather than as a competing population estimate. The two should not be conflated, and the gap
between them is a feature of the nonlinear model scaled by the weapon-specific between-tournament
variance, not a sign of instability.

The evidence is observational throughout. The earned-tier concordance and the pool-to-tableau
propagation are a structural out-of-sample prediction, not a randomized experiment or a causal
identification. We can say whether a pool-calibrated mechanism generalizes to the tableau; we cannot
attribute that generalization to a single causal factor. The seed-endogeneity sensitivity analysis sharpens
but does not eliminate this limit: it shows that the cross-weapon ordering survives an independent, FIE-
ranking-free Elo rating built from head-to-head results, not that the difference is causally identified, and
the magnitude of the weapon effect remains partly contingent on how ability is measured.
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As a sensitivity check, we re-estimated all three headline measures separately within men’s and women'’s
events (Supplementary Table S5). The weapon ordering, épée least orderly, foil most, is preserved in both
genders across all three pillars, so the reported ordering is not an artifact of pooling across gender. Per-
touch slopes are uniformly higher in women's events (e.qg. foil B =0.98 vs 0.75), but the cross-weapon
ordering is identical.

Finally, the corpus is limited to FIE junior individual World Cup events from 2015 to 2026. Junior fencers
may differ from seniors in consistency and depth of field, and the World Cup population is a selected,
elite sample, so whether the weapon ordering and its magnitudes carry over to senior, veteran, team, or
domestic competition is an open empirical question.

The structural out-of-sample prediction in § 2.4 assumes the FIE's standard single-elimination seeding
bracket (top seeds in opposite halves, byes to the highest seeds). This matches the sport’s documented
procedure, but it is load bearing: re-running the prediction under a random draw or adjacent (1-2, 3-4)
seeding collapses predicted concordance in every weapon, and the épée under-prediction of 0.064 is
specific to the standard, seeded bracket (Supplementary Table S2). We therefore report the épée gap as
conditional on the documented FIE seeding procedure, not as a bracket-independent property of the
sport.

A further concern is that the reported weapon differences could reflect differences in competitive depth
or ability spread rather than the rules of play. Mean field size and mean pool size are closely matched
across weapons (mean pool size 6.80-6.84), and the spread of a pool-indicator proxy for within-field
ability is smallest, not largest, in épée (Supplementary Table S3), the opposite of what a wider-field
explanation of its high cyclicity would require.

Bouts that did not reach five touches within the time limit were excluded from the per-touch model; this
exclusion is asymmetric across weapons (épée 6.7%, foil 1.9%, sabre 0.01%). Refitting the marginal per-
touch slope with these bouts included, using their realized winning score, changes the épée estimate by
only - 0.008 and leaves the épée—foil ordering intact (Supplementary Table S4), so the result reported in
§ 3.2 is not an artifact of this exclusion.

Conclusions

Using the largest structural corpus of fencing results assembled to date, 158,652 pool bouts across 474
Junior World Cup competitions, we show that the three weapons hold stable, distinct positions on the
skill-chance continuum. Foil is the most orderly, épée the least, and sabre between them, consistently
across model-free, mechanistic, and tournament-level measures. The study’s central methodological
result is the tie-break artifact: because the FIE final classification orders same-round losers by their pre-
DE seeding, conventional seed-to-rank concordance is inflated from roughly 0.64 to 0.68 up to 0.81 to
0.85, a correlation of seeding with itself that the published rankings nowhere flag. The earned-tier
outcome removes it with a single recoding and transfers to any single-elimination sport whose tie-breaks
revert to seeding. A deliberately simple per-touch reference, calibrated on pool play, predicts elimination-
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phase orderliness for the priority weapons and leaves a residual gap for épée. We attribute that gap to
where the independent-touch reference stops rather than to a weapon-specific mechanism, a reading the
cross-weapon evidence makes hard to avoid: the same departure from independence appears in foil and
sabre, where simultaneous touches cannot occur, and épée’s significant excess over that shared
baseline marks only the bounded part a double-touch rule can plausibly add.

Two practical implications follow, offered as directions rather than finished tools. First, the earned-tier
outcome gives organizers a fairness diagnostic they currently lack comparing seed to earned tier, rather
than to published rank, shows how much of a competition’s apparent seed-to-result agreement is real
and how much is the tie-break echo, and the same recoding can audit whether a seeding procedure is
tracking on-strip results or merely reproducing its own prior. Second, because the weapons differ in how
strongly seeding predicts outcome, a single seeding-and-format template need not serve all three
equally; a discipline with weaker per-touch transmission and more pool disorder, such as épée, has more
room for an underdog and may warrant different bracket or pool-sizing choices than foil if equal
competitive fairness is the goal. We raise these as questions for coaches and tournament designers to
weigh, not as prescriptions the present analysis can validate on its own.

The broader contribution is methodological as much as empirical. In fencing, as in any tournament sport,
the measure of predictability is only as sound as the outcome it is built on.
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Figure 1

Cyclic-triad rate by weapon. The share of intransitive head-to-head triads within pools, a model-free index
of disorder, rises from foil to sabre to épée. The dashed line marks the 25% rate expected under fully
random outcomes.
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Seed-gap discriminability
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Figure 2

Seed-gap discriminability by weapon. Each curve gives the probability that the higher-seeded fencer wins
as a function of the standardized seed gap. The foil and sabre curves rise more steeply than épée, so a
fixed seed advantage translates into a larger win-probability advantage in the priority weapons.
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Per-touch skill transmission by weapon
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Figure 3

Per-touch skill-transmission curves by weapon. Each curve is the fitted probability that the better-seeded
fencer wins a touch as a function of the standardized seed advantage, using the marginal maximum-
likelihood slope. A steeper curve means a given seed advantage is expressed more strongly at the level
of the individual touch. Foil and sabre nearly coincide; épée is flatter throughout.
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Between-Tournament Variance by Weapon
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. Foil . Sabre - Epee

N w R

Posterior Density

—

1.0 15 2.0 25
Standard Deviation of Seed Effect (o)

Figure 4

Between-tournament variance by weapon: posterior distributions of the competition-level random-slope
standard deviation (o). The three posteriors are clearly separated — épée most concentrated and
smallest (o = 1.21), sabre intermediate (= 1.61), and foil largest and most dispersed (= 2.01) — so the
conditional slope is inflated most in the weapon that carries the most between-tournament
heterogeneity.
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Column 3: earned concordance vs pool-beta prediction
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Figure 5

Observed versus structurally predicted earned-tier concordance. Dark bars are the observed earned-tier
T_b with bootstrap intervals; light bars are the value predicted by carrying the pool-fitted per-touch slope
into a simulated fifteen-touch tableau. Foil and sabre nearly match; the predicted épée value falls short
of what the elimination phase delivered.
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