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This paper uses per-lap regression to predict each driver’s Formula 1 finishing points from every lap of a race starting at the
fourth lap (at the earliest). The dataset covers 171 races from 2018 to 2025, with telemetry aggregated to the second. Timing,
tire data, weather, and circuit data are aggregated to roughly 175,000 total laps across the drivers. Four tree ensemble models
were tuned by grid search and evaluated under expanding-window cross-validation on the 2021 - 2024 seasons, with 2025 held
out for testing. XGBoost performed best, reaching an R? of 0.793 and a mean absolute error of 1.98 on the held-out 2025 season,
with all four models finishing within 0.013 R? of each other. We conducted an ablation study, which shows that the current race
position carries the most predictive signal, since removing it drops R? from 0.79 to 0.418, while timing and tire information is
the largest other feature group with a measurable cost. Telemetry, circuit, and driver identity features show no detectable effect.
Prediction error also falls steadily as a race progresses, from around two and a half points in the opening stages to near one
point by the end. These results show that accurate live in-race prediction is possible, and that performance is limited by the

information that is given to the model more than the choice of the model.
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Introduction

Formula 1 is the highest class of international single-seater
motorsport. Originating in 1950 with the first World Drivers’
Championship, it has since grown into a global sport followed
by hundreds of millions of viewers. It has reached a cumu-
lative global television audience of roughly 1.9 billion across
the 2019 season .

Components of the races are shaped long before the cars
reach the grid, in factories where aerodynamics and other key
components are developed?. Race outcomes also support a
large betting market. Horse betting prices are known to be
imperfect?, and in sports betting in general, machine learning
models can bet profitably*.

Race results are dependent on many factors including
car performance, driver skill, tire management, pit strategy,
weather, safety car periods, and the pace and strategy of ri-
vals. Work that tries to separate the contribution of the driver
from that of the car has found that a small number of drivers
perform above the level of their equipment?, while the car ex-
plains far more of the variation in race results than the driver
does®7.

For the teams, good forecasting has a direct competitive
value. Race engineers make important decisions under time
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pressure, such as deciding when to pit and which tire com-
pound to fit. They also make split second decisions, such as
how to respond to varied conditions such as safety cars. Mod-
els that anticipate how a race will develop, in Formula 1 and
circuit motorsport more broadly, allow strategists to prepare
these decisions in advance and react to events during the race
with quantitative support, extending beyond fixed simulations
or instinct¥-11,

Still, Formula 1 results are hard to predict, and much of that
difficulty cannot be removed. Races are interrupted by rare
events with large effects. Some examples are mechanical fail-
ures that end a leading car’s race, a first lap collision, sudden
rain, or a safety car that slows the whole field and removes a
gap that a driver has spent building. These events break the re-
lationship between mid-race pace and final result that a model
would otherwise use, and they are difficult to anticipate. They
are hard enough to predict that machine learning has been used
to predict whether a race will produce accidents at all 2. Re-
tirements in particular are known to be hard to handle, and
earlier work has set them aside”.

Machine learning is well suited to this problem because of
how it can learn complex, non-linear relationships between
many variables without being told the form of these relation-
ships in advance. Classical statistical methods struggle with
the high dimensionality and the many interactions in race data,
while modern learning methods tend to handle structured, tab-
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ular data of this type well. Outcome prediction with such
methods is well established across other sports'>!4. Mod-
ern learning methods have already been applied to Formula
1 problems, including embedding-based deep networks®, re-
inforcement learning®, ensemble tree models !>, graph neu-
ral networks '®, and genetic algorithms for strategy optimiza-
tion!”. Some of this work now targets the finishing result di-
rectly '8.

The data available has also become more detailed. Prior
work relied on season-level summaries?, but lap-level timing
data makes it possible to model a race lap by lap as it develops,
rather than as a single fixed snapshot®!%20, This data is now
openly accessible through tools such as the FastF1 API?!. Re-
cent work uses lap by lap resolution to forecast how rank po-
sitions change over the following laps in other racing series >,
to predict when a driver will pit from FastF1 timing data?3. At
an even finer resolution, one study forecasts tire energy within
a race from a team’s own proprietary telemetry >*.

It also lets us ask how confident a model is at each point in
the race, and where that confidence is wrong. This is a ques-
tion that parallels in-play win-probability prediction in other
sports 2520,

The aim of this work is to build and carefully evaluate a sys-
tem that predicts the championship points a driver will score
in a given race from lap-level telemetry and to describe where
and why the system fails.

Relevant Works

Machine learning outcome prediction has been demonstrated
in soccer?”-?® and basketball?®. Tennis forecasting has been
benchmarked across regression, point based, and paired com-
parison models, including Elo3°. Boosting ranking models
have predicted road cycling outcomes>!.

In Formula 1, Patil et al.? carried out a data driven analy-
sis to find which factors most affect total points that a driver
scores across a season. They describe it as the first study of
its kind for Formula 1. Patil et al.” used five seasons of data
(2015 - 2019) and twenty one variables. The study has three
main limitations: it predicts the championship result, rather
than specific individual races; it relies only on a linear regres-
sion; and it covers only five seasons of data, all from before
the 2022 regulation change, so its findings may not hold under
later rulesets.

The Deep-Racing study® introduced an Embedded Deep
Neural Network (EDNN) to predict winning strategy and each
driver’s rank lap by lap. It used data from 2015 to 2022 from
the Ergast API. The model predicted a driver’s rank on upcom-
ing laps with a test RMSE of about two places (R? of 0.39).
Its main limitation is that it splits the problem across two net-
works. One is for driver rank with the other for the pit stop
lap. These two are evaluated separately.

Another study> worked in the opposite direction and tried to
separate the effect of the driver from the effect of the car using
a time-rank duality. Combining a regression on the 2022 sea-
son with betting odds for the 2023 Qatar Grand Prix, it found
that Max Verstappen and Fernando Alonso both performed
above the level of their cars. The approach is not based on
machine learning and it is aimed at attribution, not forecasting
race outcomes. Its biggest limitation is retirements (DNFs) are
not modeled, with their inclusion left as future work.

Another study by Thomas et al.” used explainable rein-
forcement learning to optimize pit strategy. Its state space
includes track, race progress, current position, tire compound
and degradation, the gaps to the cars ahead and behind and to
the leader, and safety car status. For our purposes, the main
limitation is that it optimizes finishing position through strat-
egy choices and does not predict it.

Sasikumar et al.? built a deep learning framework to pre-
dict when a driver will pit from lap by lap timing data, drawing
on the same FastF1 API that we use. They used race data from
the 2020 to 2024 seasons, holding out the final eight races of
2024 as a test set, and compared five sequence models. The
best reached a F1 score (the harmonic mean of precision and
recall) of 0.81. Similarly to the strategy focused studies above,
it never predicts the finishing result itself.

Krzyszton and Smotka '8, the most recent of these studies,
predicted the race result directly with machine learning. The
main difference is that they framed their predictions as clas-
sifications, and we framed ours as regressions. They grouped
their driver’s finish into 4 classes: the winner, second or third
place, a points finish, or no points. The model was trained on
a dataset of 1635 records from the 2023 and 2024 seasons, de-
scribed by fifteen pre-race and race summary features. With
five fold cross-validation, the model reached a macro averaged
F1 score of 77.8%.

Its main limitations are that it predicts only broad buckets of
the finishing position rather than the direct finishing position
or points scored, that it relies on pre-race and aggregate fea-
tures from a two season dataset, and that it is validated without
a forward test of how the model carries from one season to the
next.

Research Gap and Contribution

Previous studies show that Formula 1 results can be predicted
or explained in aggregate, but the same limitations come up re-
peatedly. The studies that predict outcomes mostly use season
aggregated or pre-race inputs rather than lap-level telemetry
that captures the shifts in how races develop?'®, and the re-
cent work that does read lap by lap timing data directs it at
pit strategy 3. Some of the more rigorous analyses are linear
regression or econometric methods, and they mostly explain
season points totals” or driver skill versus the car® instead of
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individual race results. The studies that do use machine learn-
ing often center on strategy, either optimizing it° or predicting
a driver’s rank alongside it®. Retirements are typically ex-
cluded from the data outrightg, not addressed in the reinforce-
ment learning study®, or left as future work>. Evaluations are
usually limited to either one ruleset or one test split, and gen-
eralization across seasons and regulation eras is rarely tested
directly.

This work addresses these gaps. We model the problem at
the lap level using telemetry from the FastF1 API. We predict,
at any given lap of a race from the fourth lap onwards (the ear-
liest point at which the lag features described in the method-
ology are defined), the number of championship points that
a driver will score in that race, as the direct target. We ex-
clude the bonus point for the fastest lap, which was awarded
only from 2019 to 2024 and would otherwise make the tar-
get mean something different in different seasons. We evalu-
ate the model on a season held out from all tuning and model
selection, ensuring every lap of a race stays together to mea-
sure how well it generalizes from past seasons to a future one,
which is a stricter test than earlier work usually applies. Fi-
nally, we add per driver, per track, and per race interpretations
that locate the model’s biggest sources of error, turning these
failure causes into a list of features to add next.

Dataset

The data used was obtained from the FastF1 Python library,
which provides access to Formula 1’s official live-timing ser-
vice?!. We used race sessions from the 2018 through 2025
Formula 1 seasons, excluding two sessions for which no us-
able data exists. These were the 2018 Bahrain Grand Prix,
which the API cannot return, and the 2021 Belgian Grand
Prix, which was abandoned after three laps behind the safety
car due to weather, so it contributes no laps once the lag win-
dow described below is applied. This resulted in 171 races
across 8 seasons with 39 unique drivers across the seven sea-
sons that the models are trained and evaluated on.

For each lap we collect several types of data broadly
grouped into lap-level timing, car telemetry, tire state,
weather, and static circuit descriptors (Table 1). Car
telemetry—position, vehicle speed, RPM, throttle, brake appli-
cation, gear, and DRS state (the Drag Reduction System, a
driver activated rear wing flap that reduces aerodynamic drag
in designated zones to aid overtaking)—is originally streamed
at roughly 4 Hz and aggregated to lap summaries. We exclude
physical position because averaging coordinates over a full lap
returns roughly the center of the circuit, which remains nearly
the same for each driver and each lap. Tire information in-
cludes the compound used, tire life in laps, and a fresh tire
flag.

Weather data, sampled trackside throughout the session,

gives air and track temperatures, humidity, wind speed, and
a rainfall indicator. We exclude atmospheric pressure (negli-
gible variation within a race) and wind direction (averaged out
by the lap traversing every heading).

We also include static circuit descriptors, a track status code
indicator, and identifiers for driver, race name, and tire com-
pound.

Methodology

Data Preprocessing

The resulting data when combined over a 1 second interval
yields a table that contains roughly 16,900,000 rows with 1
row per driver per second each race. We further aggregate this
to one row per driver per lap per race, producing 184,947 rows.
The continuously varying telemetry, such as vehicle speed, en-
gine RPM, throttle, brake, DRS, and gear number are averaged
across the lap. The same applies to weather (air and track tem-
perature, humidity, and wind speed). The two event style in-
dicators are instead taken as the maximum over the lap. The
rainfall indicator becomes a wet lap flag, set if rain is recorded
at any point during the lap, and the track status code keeps the
highest track status code recorded on the lap, such as a yellow
flag or a safety car that appears partway through. Quantities
that the timing feed already reports once per lap are taken di-
rectly from that single reading, such as the lap time and its
three sector times, intermediate speed trap readings, tire state,
the accuracy and personal best flags, the team, and the static
circuit descriptors, which are constant across a race. A few
variables are read at the end of the lap, where that is the in-
formative part, such as the on track classification position and
the lap end timestamp. The grid position, final position, and
points scored are also read once per lap but they are used to
construct the prediction target and are excluded from the fea-
ture set, so that no outcome of the race being predicted is ever
available to the model as an input. Race progress is used only
to group laps for scoring and plotting, never as an input.
Several steps then cleaned the raw value fields and filled the
values we did not have (listed as NaNs). A few circuit descrip-
tors were first corrected against reference values. One exam-
ple of this was the corner and chicane counts. We set them
from known per race numbers, with the per year overrides
where a layout changed. Another example was PitInTime and
PitOutTime, which were a special case: on laps without a pit
stop both are reported as NaN, which breaks the model. Be-
cause a car enters the pit lane on one lap and rejoins on the
next, we combined them into a single pit lane time feature,
defined as each lap’s PitOutTime minus the previous lap’s Pit-
InTime, which yields the time spent in the pit lane on a pit stop
that has just finished. We filled in any NaNs that this leaves
on ordinary laps to zero, as there was no time spent in the pit
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Table 1 Variables collected from the FastF1 API for the 2018 — 2025 race sessions, grouped by category, with each variable’s stored name and

a description.

Category Variables Description

Identifiers Driver, FullName, Team, Year, EventName, LapNumber Driver code and name, constructor, season, Grand Prix, lap
index.

Session timing Time, SessionTime Session elapsed time at lap completion and on each telemetry
sample.

Car telemetry Speed, RPM, nGear, Throttle, Brake, DRS, X, Y, Z

Lap timing
IsAccurate, IsPersonalBest

Tires and pit

Position and outcome

Weather AirTemp, TrackTemp, Humidity, WindSpeed, Rainfall

Track status Status, Message (track status)

Circuit descriptors

Curvature Variance, LRCornerBalance

LapTime, Sector1 Time—Sector3Time, SpeedI1, SpeedI2, SpeedFL, SpeedST,
Compound, TyreLife, FreshTyre, Stint, PitInTime, PitOutTime

Position (lap data), GridPosition, Position (session results), Points, Status

NumCorners, ChicaneCount, MinCornerRadius, MeanCornerRadius,
LongestStraight, LapLength, EnclosedArea, TotalStraightPct,

Speed (km/h), gear (1-8), throttle (%), brake on/off, DRS code
(10+ open, 8 eligible), circuit coordinates.

Lap and sector times; speed at both sector boundaries, the finish
line and the speed trap; accuracy and personal-best flags.
Compound, laps on the current set, new-set flag, stint index,
pit-lane entry and exit times.

Running order at lap end, starting position, classified finish,
points (incl. fastest-lap bonus), finish status.

Air and track temperature (°C), humidity (%), wind speed
(m/s), rain flag.

1 green, 2 yellow, 4 safety car, 5 red flag, 6/7 virtual safety car
deployed/ending, with text form.

Static per-circuit geometry (lengths and radii in m, area in m?,
straight share in %).

lane. Most other missing values were forward filled from the
same driver’s previous lap. The speed trap at the 2025 Las Ve-
gas Grand Prix was a notable exception. The entire race had
no usable speed trap data, so we imputed each driver’s read-
ings with that driver’s average across the earlier races of the
season.

Finally, we added lagged features. For each per-lap mea-
surement we attached its value on the three preceding laps of
the same driver’s race, and its value on the matching lap of the
same race in the previous season. Every historical feature is
constructed only from the season prior to the race being pre-
dicted, which is complete before the current season begins.
None of these values can draw on the current season or any
later race. Sometimes no exact last year match exists, either
because a driver is a rookie, changed teams, or the circuit was
not on the previous calendar.

We fall back in order to the team’s average at that race and
lap in the previous season, the team’s average at that lap across
the previous season, the field wide average at that lap in the
previous season, and finally, the nearest available lap where
the previous year’s race was shorter. Which fallback was used
is recorded as a feature. The one exception is 2018, the first
season in the data, which has no earlier season to draw from,
and is filled with its own season’s averages instead. This af-
fects no reported results because the 2018 season is only used
for last year lags for the 2019 season and is never trained or
tested on.

Models and Evaluation Metrics

We evaluate four tree based ensemble models drawn from two
families: two bagging ensembles (Random Forest and Extra
Trees) and two gradient-boosting ensembles (XGBoost and

LightGBM). All four are tuned under the same procedure and
compared against one another. Because tree ensembles are
insensitive to the scale of their inputs, we fit them on the un-
scaled, raw features. All four are implemented in Python us-
ing scikit-learn? together with the XGBoost and LightGBM
libraries.

The Random Forest and Extremely Randomized Trees (Ex-
tra Trees) are both bagging ensembles. They grow many ran-
domized decision trees and average their predictions, which
sharply reduces the variance of any single tree. A Random
Forest grows each tree on a bootstrap resample and considers
a random subset of features at each split33. Extra Trees push
the randomness even further by also choosing the split thresh-
old at random 3.

XGBoost and LightGBM are gradient-boosting ensembles.
Instead of averaging independent trees, they add trees sequen-
tially, with each one correcting the errors of the trees before
it. XGBoost is a regularized, sparsity aware implementation
that handles missing values internally and controls overfit-
ting through explicit penalties®. LightGBM is a faster, more
memory efficient variant that uses gradient based sampling
and feature bundling to scale large tabular data3°.

We assessed the points predictions with two standard re-
gression metrics: the coefficient of determination (R?) and the
mean absolute error (MAE). R? (the fraction of target vari-
ance the model explains) is computed from squared errors, so
it is disproportionately shaped by rare catastrophic laps such
as a leading car that retires. MAE (the average absolute error
in points) weights every lap equally. These are per-lap met-
rics. Because the finishing points label is broadcast to all of a
driver’s laps in a race, each driver’s race contributes roughly
fifty to seventy rows that all share a single target, so the scores
are dominated by many easy laps and the effective number of
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independent outcomes is far smaller than the raw row count.
In addition, we also report both metrics with every driver’s
race counting equally. We also report a checkpoint evaluation
that scores every driver who reaches lap four at fixed frac-
tions of the race distance (10% through 100%), which carries
a retired driver’s last available prediction forward through the
remaining checkpoints. 14 of 476 driver-races in 2025 never
receive a prediction because the driver retired within the first
three laps. That leaves the 462 scored driver-races. Unlike a
per-lap read of race progress, which only scores the cars still
running in the later stages of the race, the checkpoint evalu-
ation scores the same set of drivers at every checkpoint from
20% onward (at 10%, 388 of the 462 driver-races have reached
their first prediction). We compute each metric inside every
window and, for the four selection windows, report the mean
so that no season dominates. The 2025 test season is reported
separately.

Finally, we convert the continuous points prediction back
into a finishing order. Within each group (year, race, lap),
we rank the drivers by their predicted points, cap both the
predicted and the actual rank at 11th, so all non points fin-
ishers (including retirements) form a single bucket. We then
report how often the predicted position is exactly correct, and
how often it lands within a small tolerance. We also report
the Spearman rank correlation between the predicted and ac-
tual finishing orders, which measures how well the two orders

agree regardless of the point values>’.

Hyperparameter Tuning

Each tree ensemble is governed by hyperparameters (settings
fixed before training, not learned from the data, such as num-
ber of trees, tree depth, learning rate, and more). We employed
a grid search, where for each model we define a set of candi-
date values for each hyperparameter. We form every possible
combination then train and score a model with each combi-
nation of hyperparameters under the cross-validation scheme
below, and adopt the combination with the highest mean cross
validated R? on the points target. Grid search is exhaustive, so
it is computationally expensive (12+ hours each pass through),
however it is transparent and fully reproducible.

Every model is evaluated with expanding-window cross-
validation over the 2019 through 2025 seasons in which each
fold trains only on seasons that come before the one it is tested
on, so no future race informs the training of a past one. Or-
dinary cross-validation assumes independent observations, an
assumption that the dependence between time-ordered obser-
vations violates 8. Table 2 lists all five windows, detailing the
train/test split. During tuning, each candidate hyperparameter
combination is scored by its mean R? across the first four win-
dows, and the best scoring combination is adopted. The fifth
window (2025) plays no role in tuning or model selection, re-

maining untouched until every configuration is final, and then
is scored once. Headline performance is that single held-out
result.

Table 3 lists the hyperparameters tuned for each model and
the candidate values that were searched. The two bagging en-
sembles (Random Forest and Extra Trees) share one grid of
500 combinations. The two boosting ensembles (XGBoost
and LightGBM) share one grid of 480 combinations. This is
so any difference between models of the same family reflects
the model.

Ablation Study

To measure how much each type of information actually con-
tributes, we ran a feature ablation study. We grouped the 236
features into six categories (position, timing and tire, teleme-
try, weather, circuit, and identity), with two features kept in
every run (lap number and season year). They are kept in each
run since they index a lap so that all seven models predict from
the same frame of reference. We then trained XGBoost seven
times: once with all features, and then once for each cate-
gory, with that category removed (leave one out). We used
XGBoost for this study because it was the best model. Ev-
ery one of the seven runs is independently re-tuned over the
same 480 combination grid on windows 1 - 4 and then scored
once on the held-out 2025 season, so that any change in R?
is attributable to the missing category, rather than to hyperpa-
rameters that were chosen for the full feature set. We read each
removal’s change in R? and MAE against its 95% driver-race
cluster bootstrap confidence interval.

Statistical Significance Test

To check that the differences between the four models are sta-
tistically significant, we compared them with paired statistical
tests, following standard practice for comparing learning al-
gorithms with correction across a family of comparisons.
Because every lap of a driver’s race shares the same finishing
points label, a race of roughly fifty laps should contribute one
error, not fifty. Treating the 174,867 laps as independent sam-
ples would make any test wildly overconfident. For each of the
six model pairs we therefore apply a Diebold-Mariano test*’,
which compares two forecasters on the same sequence of pre-
dictions by testing whether their lap by lap difference in abso-
lute error averages to zero. The standard error is clustered by
driver per race so that each driver’s race counts as one indepen-
dent unit. Each model is scored on identical laps, on the held-
out 2025 season. Because six comparisons are run at once,
we correct the p-values with the Holm-Bonferroni procedure,
which controls the chance of a false positive across the whole
family of tests*!. To check that this clustering choice is not
driving the conclusions, we recomputed bootstrap confidence
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Table 2 Expanding-window cross-validation over the 2019 — 2025 seasons. Windows 1 — 4 are the selection folds, scored by mean R? for
tuning and model choice. Window 5 is the held-out 2025 test season that is scored once.

Window # 1 2 3 4 5
Training Seasons 2019 — 2020 2019 — 2021 2019 — 2022 2019 — 2023 2019 — 2024
Test season 2021 2022 2023 2024 2025

Table 3 Hyperparameter grids searched for each model. Models of
the same family share one grid. Boosting is XGBoost and Light-
GBM. Bagging is Random Forest and Extra Trees. Every combi-
nation was scored by its mean R2 across selection Windows 1 — 4.
*colsample is colsample_bynode for XGBoost and colsample_bytree
for LightGBM.

Parameter

Boosting Bagging
0.005 to 0.04 (5 values) -
150 to 1500 (4 values) 200 to 1400 (4 values)

learning_rate
n_estimators

max_depth 4 to 10 (4 values) 5 to 16 (5 values)
colsample* 0.40 to 0.85 (3 values) -
subsample 0.30 to 0.60 (2 values) -

10 to 55 (5 values)
2 to 200 (5 values)

max _features -
min_samples_split -

intervals for every pairwise difference. Every resampling was
clustered at the driver-race, the race and the driver level. Some
intervals widen when whole races or whole drivers are resam-
pled as opposed to driver-races, by up to about 40%. XG-
Boost’s MAE lead over each model still excludes zero at all
three. The remaining grouping factor (season) has too few
units to resample, as the test season is only a single season.
Variation across seasons is instead addressed by design. The
four selection windows each test a different season and XG-
Boost has the lowest MAE in all four.

Results

Table 4 reports each model’s performance in every fold of the
expanding-window cross-validation, split by role. Windows
1 through 4 are the selection folds, which are the only scores
that tune and decide the model choice, and the 2025 column
is a single held-out test, scored once. On R2, XGBoost leads
at both stages (0.776 selection, 0.793 test), ahead of Light-
GBM (0.771 selection, 0.790 test), Random Forest (0.767 se-
lection, 0.786 test), and Extra Trees (0.764 selection, 0.781
test). On MAE, XGBoost also leads in both stages (2.12 se-
lection, 1.98 test), but the next two places are swapped. Ran-
dom Forest is second (2.19 selection, 2.06 test) and Light GBM
third (2.21 selection, 2.11 test). Extra Trees remains the worst
(2.27 selection, 2.13 test). The differences between the models
are also small compared to the differences between the win-

dows. Reading across any row of Table 4, every model scores
roughly 0.06 R? higher in the third fold, which trains on four
seasons, than in the first, which only trains on two, while the
gap between best and worst model never exceeds 0.018 R2.

The hyperparameters selected by the grid search are listed
under each model in Table 4. Several of those values sit at
the edge of the range they were searched over (two of four for
Random Forest, three of four for Extra Trees, five of five for
XGBoost, and four of five for LightGBM), so each configura-
tion should be read as the best within our search budget.

Table 5 tests whether the differences between the four mod-
els are statistically significant in the held-out 2025 season
(Supplementary Table S6). The test compares absolute error,
so every separation reported here is on MAE. Five of the six
pairs differ significantly. XGBoost beats all three other models
at p < 0.0001, winning 73.8% of the 462 driver-races against
LightGBM, and Random Forest’s MAE advantage over Light-
GBM also holds. The one pair the test cannot separate is Extra
Trees and LightGBM. XGBoost (best on the selection win-
dows, and separated from every other model on the untouched
season), is the model shown in the remaining figures.

XGBoost’s MAE advantage is 3.8% of mean MAE over
Random Forest, 6.0% over LightGBM, and 7.1% over Extra
Trees, with every interval excluding zero at all three clustering
levels (Supplementary Tables S5a and S5b and Figure S6), yet
even the largest of these margins is under 0.15 points of MAE,
below the value of a single finishing position anywhere in the
points. On equal-weight R? the gap between XGBoost and
LightGBM, +0.0030, has an interval spanning O at all three
clustering levels, so XGBoost’s lead rests on MAE and Table
5.

How the laps are weighted does not affect these conclu-
sions. With every driver’s race counting equally instead of
every lap, XGBoost reaches an R? of 0.785 (95% CI 0.721
to 0.831) and a MAE of 2.00 (1.81 to 2.20) across the 462
driver-races of 2025, each model’s MAE rises by only 0.01 to
0.02 points, and the four models keep the same order on both
metrics.

To measure what the learned models actually add, we com-
pared them against four simple baselines, evaluated on the
same held-out laps (Supplementary Tables S4a and S4b). The
first used the official points table on a driver’s grid position as
if the race finished in its starting order. The second applied the
same table to the driver’s position on the current lap.
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Table 4 R? (upper row) and MAE (lower row) by expanding-window fold. Each fold was trained on seasons 2019 through the one before its
header. W1 — W4 and their mean are the selection stage. W5 is the held-out test stage. Selected hyperparameters are listed under each model (Ir
= learning_rate, ne = n_estimators, depth = max_depth, cs = colsample_bynode for XGBoost / colsample_bytree for LightGBM, ss = subsample,

mf = max _features, mss = min_samples_split).

Model W1 (2021) W2 (2022) W3 (2023) W4 (2024) Sel. Mean W5 (2025)
XGBoost 0.7398 0.7643 0.8000 0.8000 0.776 0.7933
Ir: 0.005, ne: 1500, depth: 4,
cs: 0.40, ss: 0.30

2.3348 2.2042 2.0442 1.8811 2.12 1.9840
LightGBM 0.7351 0.7614 0.7940 0.7953 0.771 0.7901
Ir: 0.025, ne: 150, depth: 4,
cs: 0.4, ss: 0.30

2.4161 2.2765 2.1449 2.0123 2.21 2.1069
Random Forest 0.7273 0.7525 0.7952 0.7917 0.767 0.7856
depth: 7, mf: 55, mss: 2, ne:
900

2.4493 2.2858 2.0808 1.9565 2.19 2.0615
Extra Trees 0.7331 0.7508 0.7825 0.7882 0.764 0.7805
depth: 12, mf: 55, mss: 200,
ne: 1400

2.4689 2.3450 2.2240 2.0480 2.27 2.1310

Table 5 Pairwise model comparison on the held-out 2025 season,
ordered best to worst by 2025 MAE. Differences in per-lap MAE
are from Table 4. P-values are Holm-adjusted, from the clustered
Diebold-Mariano test on absolute error. Negative difference means
the first model had a lower MAE, and p < 0.05 means the pair differs
statistically.

Pair Change in MAE Holm-adjusted
(points) p

XGBoost / Random Forest —0.078 < 0.0001
XGBoost / LightGBM —0.123 < 0.0001
XGBoost / Extra Trees —0.147 < 0.0001
Random Forest / Light GBM —0.045 0.0077
Random Forest / Extra Trees —0.070 0.0002
LightGBM / Extra Trees —0.024 0.106

The third applied it to the driver’s position on the previous
lap. The last was an XGBoost model given only the current
position and its three race lags, tuned over the same 480 com-
bination grid that the full model was tuned over. The grid
lookup reached an R? of 0.663 on the held-out 2025 season,
and the full model’s gain over it, +0.131 R2 (95% CI1+0.073 to
0.199) and 0.35 MAE (95% CI 0.09 to 0.59), measures what
in-race information adds on top of pre-race expectations. The
current position lookup actually beats every learned model on
MAE (1.74 against XGBoost’s 1.98, a margin of 0.24, 95%
CI 0.15 to 0.34), while losing to it on R? (a gap of +0.035 to-
wards the full model, 95% CI +0.019 to +0.054). The lookup

predicts exactly zero for every driver outside the top 10, which
is correct on most of those laps and so MAE favors it, while
its misses at the front are worth several points each and R?
squares them.

The previous lap lookup behaves the same way, reaching
an MAE of 1.77, which beats the full model by 0.21 (95% CI
0.11 to 0.31), and an R2 that trails it by 0.039 (95% CI10.022 to
0.058). The position only XGBoost is indistinguishable from
the 236 feature model (R2 difference of +0.004, 95% CI -0.010
to +0.016, and an MAE difference of +0.050, 95% CI -0.017
to +0.115, both towards the full model), which agrees with the
ablation study that current race position has nearly all of the
predictive signal.

Figure 1 shows how XGBoost’s accuracy changes over the
course of the race, with MAE per tenth of a race in Figure
1 (left) and R? per tenth of a race in Figure 1 (right). Each
lap is assigned into a race progress bucket (0-10% through 90-
100%), however, since predictions begin at the fourth lap of a
driver’s race at the earliest, the first bucket spans lap 4 through
the 10% mark and excludes the chaotic opening laps. The
two graphs point to the same conclusion, with MAE falling
steadily from roughly 2.5 - 3.0 points in the first 10% of the
race to about 1.1 - 1.7 by the end of the race, and R? climbing
from 0.62 - 0.73 to 0.86 - 0.93.

A lap in the beginning of the race asks the model to pre-
dict an outcome that is still 90% of the race away, before tire
degradation, incidents, retirements, and strategy issues have
occurred. Meanwhile, a lap in the end of the race mostly asks
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it to recognize an outcome that is already mostly set. For that
reason, the beginning of the race is the more meaningful test
of the model as a predictor.

Retired drivers drop out of the race progress buckets, so
the later buckets only contain the cars that are still running.
Rescoring the 2025 driver-races at fixed checkpoints, with a
retired driver’s last prediction carried forward, still shows the
2025 MAE falling from 2.45 at the 10% checkpoint to 1.15 at
the finish, with R? rising from 0.729 to 0.898 (Supplementary
Figure S3). This shows that the decline is not just a survivor-
ship effect.

Figure 1 also breaks down the differences between each
window summarized in Table 4. Window 1 predicts 2021
from only two seasons of history, and one of them is the Covid
shortened 2020 season, meaning it works from both the small-
est and least representative sample. Later windows improve
for two reasons: Each window adds another season of race
outcomes, and from Window 3 onward, the training set also
includes a season under the 2022 technical regulations, so the
model is trained on cars that behave like the ones that it is
predicting.

The same predictions can also be scored in more practical
terms on the held-out season. At lap four, XGBoost’s MAE
is 2.47 with an R? of 0.72. By lap 10 it is 2.37 with an R?
of 0.75, by lap 20 it is 2.28 with an R? of 0.75, and by lap
30 it is 2.13 with an R? of 0.78 (Supplementary Figure S8).
Converted back into a finishing order, the predictions match
the true order at a Spearman correlation of 0.83 per lap. The
capped position accuracy described in the Methodology sec-
tion is exactly correct 60.2% of the time across all laps (55.0%
at lap four). It is within one position 80.4% of the time and
within two positions 88.7% of the time (Supplementary Fig-
ure S4). Predicted position is on average 0.86 places from the
actual.

Figure 2 breaks down XGBoost’s MAE by driver (top)
and by track (bottom) (Supplementary Figures S1 and S2).
The largest errors belong to the championship contenders,
with Verstappen at roughly 4.2, followed by Hamilton, Perez,
Leclerc, and Norris at around 3.3-3.5, while the usual back-
markers sit at 0.5 or less. This is because Formula 1 awards
points only to the top 10 at 25-18-15-12-10-8-6-4-2-1, so
nearly all of the target’s variance is at the front of the field. A
single misplaced position can be worth seven points, whereas
anyone outside of the top 10 scores 0. Since each track pays
out the same points, most tracks sit in a much tighter band
from 1.5 to 2.4. The worst are chaotic races. The Turkish
Grand Prix (~4.3) and Russian Grand Prix (~4.0) only had 1
year of data, which was a race where rain heavily influenced
the outcomes, as the Discussion section will talk about more.
The next group down (Australia (~3), Sdo Paulo (~2.8), Las
Vegas (~2.8), Azerbaijan (~2.8)) are known for safety cars
and incident heavy races. The easiest tracks such as Monaco,

Japan, Mexico City, and Styria are races where overtaking
is difficult and track position usually holds once established.
In both panels, bars averaged over fewer windows tend to be
noisier. Rookies such as Antonelli and tracks such as Turkey
and Russia that only appeared in a single window are more
skewed by difficult races. The narrow track spread is consis-
tent with the ablation study below, where circuit characteris-
tics contribute little predictive signal.

Figure 3 plots the MAE on the four selection windows at
each lap number, with one line per race lag (k) depth, from 0
to 10 (the R? version is in Supplementary Figure S5). Because
a model with k lags requires k prior laps, line k begins at lap
k+1, and the dotted line at lap 11 marks the point from which
every depth is scored on the same laps. Every line declines
steadily with lap number, from roughly 2.7-3.0 points early in
the race to near 1.2-1.3 by lap 70, which yet again validates
the race progress pattern seen earlier.

A depth-k model cannot be scored on laps 1 through k,
which are the highest error laps in the Figure. Therefore a
model which has more lags will read better due to omitting
the hardest part of the race, independent of any predictive im-
provement. The like for like comparison is the region to the
right of the lap 11 marker, where all eleven depths are eval-
uated on identical laps. There, all eleven depths sit inside a
band of 0.12 points, and neighboring depths are often indis-
tinguishable. For example, k = 1 and k = 2 differ by 0.004
points. Deeper models maintain a small edge, although the
gain per lag falls by more than half after the third lag. Against
this modest tail end benefit, each additional lag permanently
removes one more early race lap from the model’s coverage,
which are the laps where a lap prediction is the least redun-
dant. We therefore set lags to k = 3, which retains predictions
from the fourth lap onward while giving up little of the ac-
curacy available to deeper configurations. This trade off be-
tween early race coverage and marginal late race accuracy is
discussed further in the Limitations section.

Table 6 reports the ablation on the held-out 2025 season
(Supplementary Table S3). Removing the position group col-
lapses the test R? from 0.793 to 0.418, and adds 2.2 points of
MAE. It is the only category whose R? cost is distinguishable
from zero. Two categories are split cases, having an MAE cost
whose interval excludes zero and an R? change that does in-
clude 0. Timing and tire costs 0.12 points of MAE and weather
a much smaller 0.015 points. The telemetry, circuit, and iden-
tity removals all produce intervals that span zero on both met-
rics.

Discussion

The main result is that finishing points can be predicted lap by
lap from public timing and telemetry data with an R? of 0.793
and a mean absolute error of 1.98 points on a held-out season
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Table 6 Change in XGBoost’s held-out 2025 performance when each feature category is removed and the model is retuned over the same grid.
Intervals are 95% driver-race cluster bootstrap confidence intervals. Negative change in R2 or positive change in MAE means the removed

category carried signal.

Category Removed

Change in R? [95% CI]

Change in MAE [95% CI]

Position

Timing & tire

—0.3757 [-0.4371, —0.3167
—0.0068 [-0.0125, +0.0001

+2.1988 [+1.9341, +2.4982]
+0.1238 [+0.0948, +0.1569]

] [

] [
Telemetry —0.0004 [-0.0022, +0.0014] —0.0050 [—0.0164, 4+-0.0097]
Weather —0.0009 [—-0.0032, +0.0020] +0.0145 [+0.0045, +0.0259]
Circuit +0.0001 [—-0.0028, +0.0028] +0.0114 [-0.0038, +0.0283]
Identity —0.0013 [-0.0069, +0.0037] —0.0041 [-0.0285, +0.0192]

that had no role in tuning or model selection (Supplementary
Table S1). All four models land in a narrow band from 0.781
to 0.793 in R? and 1.98 to 2.13 in MAE, with the ordering
stable. The scores are not fully stable, as a bootstrap over the
462 test driver-races gives the headline R? a 95% confidence
interval of 0.729 to 0.844, so differences in the third decimal
are not meaningful on their own. The ordering, however, rests
on paired comparisons of the same races, and the significance
tests separate every pair except LightGBM and Extra Trees
on MAE. XGBoost is the best on MAE, where the clustered
Diebold-Mariano test separates it from every other model in
the held-out season (p < 0.0001). Second and third place de-
pend on the metric, with LightGBM ahead of Random Forest
on R? but behind it on MAE. The spread between the best and
worst model (0.013 R?) is smaller than the roughly 0.06 gain
from the first fold to the third and fourth as training seasons
accumulate, so the choice of learner matters much less than
which seasons it trains and tests on.

The second result is that current race position and its recent
history carry almost all of the predictive signal, with timing
and tire at a distant second, weather third, and the rest con-
tributing virtually nothing detectable (Table 6). However, as
talked about later in the Limitations section, this comes from
how we represent telemetry and not from on track behavior
being uninformative. When we ran the ablation study with-
out including last year lags, the results were essentially un-
changed. The all features R> was 0.79 both ways (a difference
of 0.004 R?, with a 95% confidence interval spanning zero).
Without the last year features, the timing and tire cost is also
clear on R? (a change of -0.0087, 95% CI-0.0131 to -0.0043).
We therefore consider these features as unnecessary and fu-
ture work can omit them, but because they change nothing in
either direction, we kept them in the reported models.

To check the ablation picture at the level of individual fea-
tures, we computed SHAP values and permutation importance
for the XGBoost model on the held-out 2025 season*>*3 (Sup-
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plementary Tables S2a and S2b). The model’s built in gain im-
portance ranks the position lags above current position. SHAP
and permutation importance both place current position on top
(a mean absolute SHAP of 2.23 points and a permutation R?
drop of 0.31). Both methods agree with the ablation study
at the category level. Position features account for 79.6% of
the total SHAP attribution and 97.6% of the total permutation
R? loss, with timing and tire second on SHAP at 11%, and
telemetry, weather, and identity features near zero on both.
Permutation assigns position a larger share than SHAP does.
Every prior year feature sits at a permutation importance of
approximately zero, confirming at the feature level that retain-
ing them has no measurable effect. This is the position only
baseline of the Results section seen at the feature level.

The third result is that the difficulty is concentrated at the
start of the race. Error falls continuously as the race unfolds.
This early error has two main sources. Part of it is ordinary
variance, as positions change most in the opening laps before
the field spreads out, and there is more race left for them to
change. The rest of this variance likely comes from unpre-
dictable early race incidents, which prior work has predicted
only at the whole race level, as whether a race will produce ac-
cidents at all'2, and from retirements, which Fry et al. left as
future work>. Our largest misses fall on eventful races, which
the model cannot foresee.

The failures are easiest seen in three distinct races. Ranked
by race-level MAE, the three worst are Azerbaijan 2021 at
4.81 points (roughly twice the season average), Turkey 2021
at 4.28 points, and Australia 2025 at 3.99. Figure 4 plots the
five worst predicted drivers in each one lap by lap against
what they actually scored. Two of the races come down to
churn, where a late reordering overturns the order the model
is reading. Azerbaijan is the clearest case. Verstappen was
carrying a prediction of about 18 points until his tire failed on
lap 46 of 51 and brought out a red flag. In the 2 lap restart
that followed, Hamilton locked up from second and scored
nothing. Australia 2025 broke in the same way. A late rain
shower cut Piastri from 16.5 predicted points to an actual 2,
and Antonelli’s climb from 16th to 4th registered only once
each place had been taken. Turkey 2021 does not fit this pat-
tern. Of the twelve worst races it has the second highest error
and the least position churn. The model held Bottas at about
11 points while he led, and he ended up scoring 25. The rea-
son for this is likely the weather, as the race ran from start
to finish on intermediate tires, with the humidity above any
lap in the 2019 - 2020 training data. Every training lap above
85% humidity came from a single race, which was the wet
2019 German Grand Prix, which reshuffled its leaders. Tree-
SHAP attributions put the weather and tire features roughly 3
to 4 points below what the same positions drew in other 2021
races. The model was expecting a reshuffle based on the evi-
dence it had, and none came. This does not conflict with the

ablation study. Removing weather features changes accuracy
by about 0.015 points of MAE across the test season (Table 6).
A season average that small can still hide single races where
weather matters, as Turkey 2021 did.

The comparison with the two closest studies is not a like
for like benchmark. Krzysztonn and Smotka reach a macro-
averaged F1 of 78% on a four class grouping of the finish from
pre-race and summary features '8. Fatima and Johrendt predict
a driver’s rank on upcoming laps (which is a shorter horizon
than our end of race target), with a test RMSE of about two
positions®. Our task is harder than that in one sense and eas-
ier in another. It is harder because the target is a continuous
points value predicted at every lap and scored forward across
five seasons (four selection windows and the held-out 2025
test) spanning the 2022 regulation change, so it is exposed to
the drift that a within period split hides. It is easier because
the model has the live standing of the race available from the
fourth lap onward.

Both claims of the Research Gap and Contribution section
hold up. Lap-level points prediction holds up under forward
evaluation across five seasons, the last held out from all tuning
and model selection, a test of season to season generalization
the earlier work did not attempt. The error analysis is specific
enough to name the next features to add.

Limitations

Every in-race feature is constructed within a single driver’s
race. The model never sees a gap to the car ahead or a pace
comparison against the field on the current lap. The only
cross-driver signal it receives is track position, which is the re-
alized outcome of competition. Adding relative features such
as gap to rival and on-lap pace-delta-to-field is the direct ex-
tension of this work.

The ablation study shows that removing all telemetry fea-
tures changes our performance by under 0.003 R? and 0.02
MAE in either direction, with both intervals including zero
(Table 6), indicating that telemetry adds no measurable value
in the form we give it. We interpret this as a limitation of
our representation rather than evidence that on track behavior
is uninformative. Each lap’s telemetry is reduced to per-lap
means, which discards the within lap shape where the sig-
nal would live. Speed trap and channel comparisons against
nearby cars are computable from the data we already have.

The within-race lag features require three completed laps,
so the first three laps of every driver’s race (10,080 of 184,947
laps) are dropped and predictions begin at lap four or later
where opening laps are incomplete. The excluded laps are
the highest variance portion of the race, where start incidents
reorder the field. We tuned a lag-free version of the XGBoost
model to allow predictions from lap 1. In the held-out 2025
season it reached an R? of 0.69, 0.71 and 0.72 with an MAE
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of 2.62, 2.54 and 2.51 at laps 1, 2 and 3 (Supplementary Table
S7). Across all of its laps, it reached an R2? of 0.78 and an
MAE of 2.07, close to the main model’s 0.79 and 1.98. The
main lagged model is more accurate by 0.11 MAE at lap 12,
where the two models score the same driver-races.

The choice of predicting points instead of finishing position
as the target makes it such that the model cannot distinguish
between positions in the bottom half of the field. Positions 11
through 20 all result in zero points, so the model receives an
identical label for finishing eleventh or last. The same scoring
structure concentrates error at the front of the field, where a
single position can be worth seven points, so per-driver error
scales with competitiveness (Figure 2).

The model predicts each driver’s laps independently, so its
outputs on a given lap are not constrained to form a valid
points allocation. Nothing prevents two drivers from both
being predicted near 25 points on the same lap. In prac-
tice, no race in the held-out 2025 season has two drivers pre-
dicted 20 or more points at any checkpoint, and the sum of
predicted points averages between 0.99 and 1.05 of the ac-
tual total (Supplementary Table S9 and Figure S7). The un-
derlying regression treats a structured, zero inflated discrete
points scale as a continuous target. On this zero-heavy target,
MAE rewards predicting exactly zero, which is why the cur-
rent position lookup wins on it. Tuning and selection used R?
(which matches the squared error the model minimizes), so
the model estimates expected points. Ranking drivers by pre-
dicted points places each one correctly inside or outside the
top 10 85% of the time, and a prediction of at least half a point
matches whether the driver scored 78% of the time when read
as a classification on the held-out 2025 season. Two alterna-
tives are left to future work: an ordinal model that predicts
finishing position as ordered categories (as opposed to points

values), and a two stage model that predicts whether a driver
scores at all, and then how many points if they do. A single
regression has to blend the chance of scoring and the amount
of points scored into one average, while splitting them allows
the model to provide an exact zero as an output for the cars
that will not score and a separate estimate for the ones that
will. The same independence holds across laps, as the model
is never conditioned on its own earlier predictions, since the
lag features carry observed quantities from previous laps, not
predicted points. Each lap is scored as a fresh estimate in-
stead of an update to a running forecast, so a driver’s predicted
points can jump between consecutive laps.

The feature set includes grid position only through the pre-
vious year’s grid at the same event, not through the race’s
actual starting position. The current race position possibly
absorbs most of what grid position would add, however we
never tested the addition directly, and grid position is among
the strongest pre-race predictors in prior works.

Finally, the dataset spans the 2022 technical regulation
change, which reordered competitive performance, so patterns
learned from earlier seasons may be outdated for later ones.
To test this directly, we trained and tuned separate models
within each era. The pre change model, trained on 2019 -
2020, tested on 2021, reached an R? of 0.734 (95% C1 0.681
to 0.781), while the post change model, trained on 2023 - 2024
and tested on 2025, reached 0.784 (95% CI 0.731 to 0.825),
with overlapping intervals (Supplementary Table S8). On the
shared 2025 test season, the full model trained on all seasons
beat the post change model on MAE by 0.13 points (95% CI
0.07 to 0.18), while remaining statistically indistinguishable
on R?, so era mixing helps even with the regulation change.
Both era models were tuned on a single selection window (val-
idating on 2020 and 2024), a noisier selection than the main
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four window protocol. Performance under a future regulation
change, such as 2026, remains uncertain.

Conclusion

We predicted each driver’s finishing points from every lap of
a race from the fourth lap onward, using data from 171 races
across 2018 - 2025. We used four tree ensembles tuned un-
der expanding-window cross-validation and tested on a single
held-out season. XGBoost performed best, reaching an R? of
0.793 and a mean absolute error of 1.98 points on the held-
out 2025 season. The clustered Diebold-Mariano test sepa-
rates it from every other model on MAE. All four models fin-
ished within 0.013 R? of one another, a spread smaller than the
~0.06 difference between the first and later windows. The ab-
lation shows that current race position dominates. Timing and
tire, and weather information carry a small signal and every-
thing else (telemetry in the per-lap form, circuit descriptors,
driver identity, and the prior year lags) show no detectable ef-
fect. Error falls steadily as a race unfolds from roughly 2.5
MAE in the opening stages to near 1 by the end of a race.
These results show that strong in-race prediction is possible
from live timing and position data alone, and that the path to
improvement is better inputs, such as relative features that let
the model see the race as a contest and telemetry that keeps
within lap structure.
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