
2026 Australian Grand Prix
Race Winner Prediction

XGBoost + Monte Carlo Simulation + Bayesian Inference Ensemble

Albert Park Circuit, Melbourne | 8 March 2026 | 58 Laps

PREDICTED WINNER

George Russell - 38.9%
Mercedes-AMG Petronas | Pole Position | 1:18.518

Rank Driver Team Ensemble XGBoost Monte Carlo Bayesian

1 Russell Mercedes 38.9% 27.4% 75.8% 9.3%

2 Hadjar Red Bull 15.8% 35.2% 4.8% 6.2%

3 Antonelli Mercedes 15.6% 22.0% 16.7% 6.7%

4 Leclerc Ferrari 3.1% 1.5% 1.4% 7.1%

5 Verstappen Red Bull 2.7% 2.2% 0.0% 6.5%

6 Piastri Mclaren 2.6% 1.0% 0.6% 6.9%

7 Norris Mclaren 2.6% 1.4% 0.3% 6.7%

8 Alonso Aston Martin 2.5% 3.6% 0.1% 4.2%

9 Hamilton Ferrari 2.5% 1.4% 0.0% 6.6%

10 Gasly Alpine 1.4% 1.0% 0.1% 3.5%

Ensemble weights: 35% XGBoost + 35% Monte Carlo + 30% Bayesian | Trained on 1,200 historical race results (2014-2025) | 10,000
Monte Carlo simulations

Full 22-driver ranking and source code: github.com/BasanthPR/2026-australian-gp-prediction



Race Context & Conditions

Qualifying Grid (Top 5)
P1 Russell (Mercedes) - 1:18.518

P2 Antonelli (Mercedes) - +0.3s

P3 Hadjar (Red Bull) - +0.4s

P4 Leclerc (Ferrari) - +0.5s

P5 Piastri (McLaren) - +0.55s

Verstappen crashed in Q1 (starts P20)

Sainz DNS (ERS failure)

Race Day Weather
Air temp: 24.0 C

Track temp: 45.4 C

Wind: 6.8 km/h (gusts to 41 km/h)

Rain probability: 0%

Conditions: Clear

Circuit Stats
Laps: 58 | Length: 5.278 km

Historical pole win rate: 57%

Safety car probability: ~60%

Ensemble Win Probability



How the Prediction System Works

This system combines three fundamentally different modeling approaches, each bringing a unique perspective

to the prediction problem. The ensemble is deliberately diverse: a data-driven pattern matcher (XGBoost), a

physics-based simulator (Monte Carlo), and a probabilistic belief updater (Bayesian inference). Their errors are

largely uncorrelated, which means the ensemble's combined prediction is significantly more robust than any

individual model.

Data Pipeline

The system ingested 1,200 historical race results spanning 2014 to 2025 from the Jolpica-F1 API (the

community successor to the deprecated Ergast API). This covers the turbo-hybrid era (2014-2021) and the

ground-effect era (2022-2025), which are the two regulation periods most relevant for understanding how F1

adapts to rule changes. Each result was paired with qualifying data, circuit metadata, and weather conditions to

create a comprehensive feature matrix.

Feature Engineering: 26 Features Across 4 Tiers

Tier 1 (High Predictive Power): Grid position is the single most powerful feature, historically explaining

roughly 40-50% of outcome variance. At Albert Park specifically, pole position converts to a win 57% of the

time. Constructor strength (rolling points average) captures car quality, while driver rating (ELO-style) isolates

individual skill. Qualifying pace delta measures the gap to pole in seconds.

Tier 2 (Medium Power): Safety car probability (~60% at Albert Park), track/air temperature, circuit overtaking

difficulty, and teammate qualifying gap (which separates car performance from driver skill). At 45.4 C track

temperature, tire degradation becomes a critical strategic variable.

Tier 3 (Regulation Era): Binary flag for new-regulation years (2009, 2014, 2017, 2022, 2026), regulation era

encoding, and a reliability risk multiplier. Historical analysis shows DNF rates increase 50-100% in year one of

new regulations. The reliability multiplier doubles the base DNF rate for 2026.

Tier 4 (2026-Specific): Active aero era flag, energy management era flag, overtake mode availability, and

driver-changed-team flag. These features have zero historical training data, so they function primarily as

uncertainty multipliers that widen confidence intervals.



Model 1: XGBoost Classifier

"The Pattern Finder"

XGBoost (eXtreme Gradient Boosting) builds an ensemble of decision trees sequentially, where each new tree

corrects the residual errors of the previous ones. It minimizes a loss function (log loss for binary classification)

by computing both the gradient (direction of error) and the Hessian (curvature of the error surface), then takes

optimally-sized steps to reduce error. This second-order optimization is what gives XGBoost its edge over

simpler gradient boosting methods.

The critical challenge is class imbalance: in every race, exactly 1 driver wins out of 20-22. That is a roughly 5%

positive rate. A naive model that predicts "no win" for everyone achieves 95% accuracy but is completely

useless. The system handles this with the scale_pos_weight parameter, which penalizes misclassifying a

winner roughly 20x more heavily than misclassifying a non-winner, forcing the model to learn the

characteristics of winners rather than defaulting to the majority class.

XGBoost gave Hadjar the highest individual probability at 35.2%, even higher than Russell's 27.4%. This

initially seems counterintuitive, but the model is pattern-matching Red Bull's 2022-2024 dominance: a Red Bull

driver starting P3 with a strong constructor rating maps well to historical wins. The model cannot fully account

for the fact that Mercedes has leapfrogged Red Bull under the 2026 regulations, because that knowledge only

exists in qualifying data, not in the historical training set.

Model 2: Monte Carlo Race Simulator

"The Physics Engine"

Instead of learning from historical patterns, the Monte Carlo simulator models the physical process of a 58-lap

race. It runs 10,000 complete race simulations with randomized variables, and aggregates the outcomes. Each

simulation is a "parallel universe" where the race unfolds slightly differently.

On every lap of every simulation, the system: (1) samples a lap time from a Normal distribution centered on

each driver's qualifying pace with a race-pace adjustment, (2) applies tire degradation (a constructor-specific

seconds-per-lap penalty that increases with tire age), (3) applies fuel correction (cars lose ~0.03s per lap as

they burn fuel and get lighter), (4) rolls for safety car deployment at ~1% per lap (calibrated to Albert Park's

~60% historical SC rate), (5) rolls for DNF with doubled probability for the 2026 new-regulation year, and (6)

executes pit stop strategy based on degradation thresholds.

Russell dominates with 75.8% of all simulated wins. This is the highest single-model probability in the entire

system, and it reflects a simple physical truth: a 0.3-0.4 second qualifying advantage compounds brutally over

58 laps when you lead from the front. Verstappen gets 0.0% because even with safety cars, overtaking 19 cars

from P20 in 10,000 simulated races essentially never happens.





Model 3: Bayesian Inference

"The Belief Updater"

Bayesian inference is philosophically distinct from both XGBoost and Monte Carlo. It starts with a prior belief

(what you think before seeing evidence) and updates it with observed evidence to produce a posterior belief.

The framework uses Beta-Binomial conjugacy: the Beta distribution is the conjugate prior for the Binomial

likelihood, meaning the posterior stays in the same distributional family and can be computed analytically

without expensive MCMC sampling.

The prior for each driver is built from historical win rate and constructor strength. The likelihood update

incorporates qualifying position, pace delta, new-team penalty, and regulation-year uncertainty. The posterior is

the updated belief: P(driver wins | all evidence). This model also produces 90% credible intervals for

uncertainty quantification.

The Bayesian model gives the most evenly distributed probabilities. Russell leads at 9.3%, with Leclerc at

7.1%, Piastri at 6.9%, and Norris at 6.7%. This reflects Bayesian conservatism: in year one of new regulations,

when uncertainty is extreme, the posterior stays closer to the prior rather than overreacting to a single

qualifying session. It is the most intellectually honest model, explicitly stating: "I believe Mercedes is fast, but I

have seen regulation changes reshuffle everything before."

The Ensemble: Three Worldviews, One Prediction

The final prediction combines all three models with a weighted average: 35% XGBoost + 35% Monte Carlo +
30% Bayesian. XGBoost and Monte Carlo get equal weight because they represent complementary

approaches: data-driven pattern matching and physics-based simulation. Bayesian gets slightly less because

its priors are weakest in a new-regulation year with limited applicable historical data.

The power of the ensemble lies in error decorrelation. When XGBoost overestimates Hadjar (35.2%), Monte

Carlo and Bayesian correct it down. When Monte Carlo overestimates Russell (75.8%), XGBoost and Bayesian

temper it. The ensemble's final 38.9% for Russell is a more calibrated prediction than any individual model,

capturing both the dominance signal and the genuine uncertainty of racing untested 2026 machinery over a full

grand prix distance.



Where the Models Disagree

The most illuminating aspect of this analysis is not the final ranking but where the three models diverge,

because disagreement reveals genuine uncertainty.

The Hadjar Paradox: XGBoost gives Hadjar 35.2% (highest of any driver in any model), because it

pattern-matches Red Bull's 2022-2024 dominance onto a Red Bull driver starting P3. Monte Carlo says just

4.8%, because the physics of a 0.4s qualifying deficit is nearly insurmountable over 58 laps. The ensemble

resolves this tension at 15.8%, a number that respects both the historical pattern and the physical reality.

The Verstappen Zero: Monte Carlo gives Verstappen 0.0% from P20. XGBoost says 2.2%. But the Bayesian

model says 6.5%. A four-time world champion's prior probability is never truly zero. The Bayesian model

encodes something the others cannot: that extraordinary drivers produce outlier results that don't fit neat

distributions. History is full of recovery drives that "shouldn't" have happened.

Hamilton's Quiet Odds: Starting P7, Hamilton gets only 2.5% from the ensemble. But the Bayesian model

gives him 6.6%, nearly matching Verstappen. Why? Seven-time champion, historically dominant in year-one of

regulation changes (2014, 2017), and now in a competitive Ferrari. The Bayesian model sees a pattern the

other models weight less heavily.



Risk Factors

[HIGH] Safety Car Timing

Albert Park has a ~60% historical safety car rate. A SC erases Russell's gap and brings the midfield into

contention. This is Verstappen's only realistic path to a podium from P20.

[HIGH] Reliability

Year 1 of new regulations produces 50-100% higher DNF rates. Multiple teams had failures during practice and

qualifying. Sainz couldn't even participate in qualifying due to an ERS failure. Aston Martin's Honda power unit

had battery issues all weekend.

[HIGH] Energy Management

The 50/50 ICE/electric power split has never been raced over a full grand prix distance. Teams that misjudge

battery deployment could see pace collapse in the final stint. Mercedes' qualifying dominance may not translate

if their energy strategy is suboptimal over 58 laps.

[MEDIUM] Tire Degradation

New narrower tires on lighter 768kg cars create unknown degradation curves. At 45.4 C track temperature,

rear degradation could force unexpected 2-stop strategies.

The 2026 Regulation Context

This prediction is uniquely challenging because 2026 introduces the most sweeping regulation overhaul in

Formula 1 history. Unlike incremental rule tweaks, 2026 changes virtually everything: power unit architecture,

aerodynamic philosophy, car dimensions, tire specifications, and overtaking mechanics. The result is a

competitive landscape that cannot be reliably predicted from historical data alone, which is precisely why this

system uses three complementary modeling approaches.

Active Aerodynamics replace DRS. Front and rear wings dynamically adjust between "Corner Mode"

(maximum downforce through turns) and "Straight-Line Mode" (minimum drag on straights). Every driver gets

active aero on every lap, fundamentally changing the overtaking calculus. The new "Overtake Override Mode"

gives an additional +0.5 MJ energy boost when a car is within one second of a rival.

50/50 ICE/Electric Power Split. The electric motor output has tripled. Battery management across 58 laps is a

brand-new strategic dimension. Drivers have a "Boost Button" for manual energy deployment and must

balance attack, defense, and regeneration throughout the race. No team has raced this power split over a full

distance.

Nimble Car Concept. Cars are 200mm shorter in wheelbase, narrower, and 32kg lighter (768kg vs 800kg).

Narrower tires reduce the contact patch, changing grip and degradation characteristics. Drivers describe the

cars as more responsive and nimble, closer to the feel of older F1 machinery.

Historical Pattern: Year 1 of new regulations reshuffles everything. In 2009, Brawn GP came from

nowhere to win the championship. In 2014, Mercedes began a 7-year dynasty. In 2022, Red Bull took over.

The team that interprets the regulations most creatively gains a massive structural advantage, sometimes for

years. Early signs suggest Mercedes may have found that edge for 2026.

Tech Stack

Component Technology Purpose

Data Ingestion Jolpica-F1 API, OpenF1 API Historical results (1950-present) + real-time telemetry



Data Processing Python, Pandas, NumPy Feature engineering, data transformation

ML Model XGBoost (scikit-learn) Gradient boosted classification on 1,200 race results

Simulation NumPy (vectorized) 10,000 lap-by-lap Monte Carlo race simulations

Bayesian Model SciPy (Beta distribution) Beta-Binomial conjugate inference

Visualization Matplotlib Publication-quality team-colored charts

Data Wrapper FastF1 Official F1 telemetry and timing data

All data sources are free and open-source. No paid APIs were used.
Full source code: github.com/BasanthPR/2026-australian-gp-prediction

Built by Basanth PR | Applied Data Science | March 2026


