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Abstract. The 2012 Higgs boson discovery at CERN highlighted the difficulty of isolating signals within petabytes of
Large Hadron Collider data. This study introduces an innovative AdaBoost extension, building on Freund and Schapire’s
framework, with a novel adaptive weighting scheme (α′

m) that tackles class imbalance and high-dimensionality in classifying
Higgs boson collisions from the UCI HIGGS dataset. Achieving 70.40% test accuracy, the model leverages an exponential
loss function to prioritize challenging data points, optimizing signal detection while balancing overfitting. Results peak
at depth 3 and 98 iterations, showcasing enhanced performance over standard methods. This breakthrough demonstrates
AdaBoost’s potential for large-scale physics classification, with future refinements like dynamic classifier families proposed
to elevate accuracy further.

1. Introduction. The Higgs boson, an elementary particle within the Standard Model of particle
physics, represents a quantum excitation of the Higgs field, pivotal to understanding mass generation in
the universe [4]. Its discovery in July 2012 by the European Organization for Nuclear Research (CERN)
through the ATLAS and CMS experiments at the Large Hadron Collider (LHC) marked a monumental
achievement in modern physics [4]. Generated via high-energy proton collisions, the Higgs boson decays
rapidly into lighter particles, detectable through well-predicted quantum effects [4]. However, the LHC
produces petabytes of data, complicating the separation of Higgs boson signals from pervasive background
noise. Statistical classification algorithms offer a promising approach to automate this process, enhancing
the efficiency of identifying Higgs boson events. Among these, Adaptive Boosting (AdaBoost), introduced
by Freund and Schapire, leverages an ensemble of weak classifiers to form a robust prediction rule [3].
This paper derives a variation of the AdaBoost algorithm to distinguish Higgs boson collisions from
background noise in Monte-Carlo simulated data, aiming to optimize classification within particle physics
research, with an extension tailored to the HIGGS dataset’s imbalance and feature complexity.

2. Derivation of AdaBoost. Boosting emerged as a concept in 1990 through the work of Freund
and Schapire, who proposed it as an effective method to enhance a learning system’s predictive capa-
bility within the context of coordinated learning [3]. This technique addresses two primary challenges:
regulating and adjusting the input data, and transforming weak classifiers into systematic rules [2]. To
tackle these issues, Freund and Schapire developed the initial AdaBoost algorithm in 1995, followed
by an enhanced version in 1998 [2]. Central to AdaBoost is the maintenance of a weight distribution
over classifiers, reflecting their importance during the training process. Initially, all weights are assigned
equally, but following each iteration, the weights of misclassified examples are increased, compelling the
system to prioritize difficult cases [3]. This iterative reweighting underpins the algorithm’s ability to con-
struct a strong classifier from weaker ones. For the purpose of classifying Monte-Carlo simulated particle
collision data, the AdaBoost algorithm is tailored to distinguish Higgs boson signals from background
noise. The dataset provides a large pool of classifiers, and the derived algorithm aims to identify a subset
of strong classifiers with an accuracy range of approximately 65% to 75%, extended here to address class
imbalance and feature dimensionality.

The derivation seeks to construct a combination of strong classifiers that yield robust accuracy
while mitigating underfitting—where relationships between input and output variables are inadequately
captured—and overfitting, characterized by an excessively tight statistical fit to the data. For a given data
pattern xi, each strong classifier kj produces a binary score kj(xi) ∈ {−1, 1}, and the final classification
decision is determined by an ensemble C(xi), defined as the weighted sum of 14 strong classifiers:

C(xi) = α1k1(xi) + α2k2(xi) + · · ·+ α14k14(xi),

where k1, k2, . . . , k14 are the selected classifiers, and α1, α2, . . . , α14 their weights. These binary scores,
either +1 or −1, contribute to the classification outcome, finalized via a non-linear sign function,
sign(C(xi)), applied to the ensemble output [3]. The following subsections detail the steps of this
derivation: selecting classifiers, ranking and integrating them into the ensemble, adjusting weights, and
extending the standard approach for the HIGGS dataset.

2.1. Selecting Classifiers. The derivation begins with the selection of classifiers from a pool
evaluated against a training set T comprising N multidimensional data points xi, each labeled with
yi = 1 (Higgs signal) or yi = −1 (background noise). Each classifier in the pool is tested by assigning
a cost: eβ for incorrect classifications (misses) and e−β for correct classifications (hits), where β > 0
ensures that misses incur a greater penalty than hits (e−β < eβ) [3]. An exponential error loss criterion
governs this process, emphasizing the penalization of errors to refine classifier choice.
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A ranking matrix R records the performance of each classifier across the training set, with rows
corresponding to data points xi and columns to classifiers. Entries are binary: 0 for a hit and 1 for
a miss. To test the 28 classifiers in the pool, this matrix R is constructed to log the failures (misses,
marked with a 1) and successes (hits, marked with a 0) of each classifier. Row i corresponds to the data
point xi, and column j to the j-th classifier in the pool. An illustrative example is provided in Figure 2.1,
which depicts a matrix R for testing and ranking L classifiers.

Fig. 2.1. Example of a matrix R for testing and ranking of L classifiers in a pool.

Referring to Figure 2.1, the first classifier achieves successes with data points x1, x2, and xN , but
fails with x3. This AdaBoost variation systematically evaluates each classifier from the pool after every
iteration. Additionally, the data points within the set are weighted based on their importance or relevance
following each iteration. Initially, all data points are assigned equal weights (e.g., 1 or 1/N , normalized
to sum to 1 across the set). As the selection process advances, data points deemed more challenging
by the ensemble of top-performing classifiers receive higher weights, enhancing the algorithm’s focus on
difficult classification problems and laying the groundwork for subsequent ranking and selection steps.

2.2. Classifier Ranking and Selection. Following the initial evaluation, classifiers are ranked
iteratively to form an ensemble of the most effective predictors from the total pool. After the m-th
iteration, the ensemble comprises m−1 classifiers, and the algorithm must rank the next classifier in the
sequence. The linear combination of classifiers prior to this addition is expressed as:

C(m−1)(xi) = α1k1(xi) + α2k2(xi) + · · ·+ αm−1km−1(xi),

and the algorithm extends this to:

Cm(xi) = C(m−1)(xi) + αmkm(xi),

where kj(xi) ∈ {−1, 1} denotes the binary output of the j-th classifier for data point xi, and αj represents
its weight. At the first iteration (m = 1), C(m−1) represents the zero function, as no classifiers have yet
been included. Subsequently, the total error, or cost, of the classifier is quantified via an exponential
error loss, as in the standard AdaBoost formulation [3]:

E =

N∑
i=1

e−yi[C(m−1)(xi)+αmkm(xi)],

where the algorithm aims to optimally determine αm and km.
To select km, the error expression is reformulated as:

(2.1) E =

N∑
i=1

w
(m)
i e−yiαmkm(xi),

with weights defined as:

(2.2) w
(m)
i = e−yiC(m−1)(xi),

for i = 1, . . . , N . For the initial iteration (m = 1), w
(1)
i = 1 since C(m−1) is zero. In subsequent iterations,

the vector w(m) denotes the assigned weights for each data point xi at the current m-th iteration. For
clarity, Equation (2.1) is split into two summations:

E =
∑

yi=km(xi)

w
(m)
i e−αm +

∑
yi ̸=km(xi)

w
(m)
i eαm .
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Here, the first summation represents the weighted cost of all successes (hits), where the classifier’s
prediction matches the label, and the second represents the weighted cost of all failures (misses).

Denoting the first sum Wce
−αm (where Wc =

∑
yi=km(xi)

w
(m)
i ) and the second as Wee

αm (where

We =
∑

yi ̸=km(xi)
w

(m)
i ), the total error simplifies to:

(2.3) E = Wce
−αm +Wee

αm .

When selecting km, minimizing E with a fixed αm is equivalent to minimizing eαmE, rendering the
constraint αm > 0 less critical:

eαmE = Wc +Wee
2αm .

Since e2αm > 1, this can be rewritten as:

eαmE = (Wc +We) +We(e
2αm − 1).

The term Wc+We represents the total sum of weights across all data points xi, a constant at the current
iteration. The expression We(e

2αm − 1) is minimized by selecting the classifier km with the lowest total
cost, corresponding to the smallest weighted error rate We at the m-th iteration. Consequently, the
chosen km is penalized more lightly in the subsequent iteration, given the updated weights, allowing the
ensemble to progressively refine its accuracy by focusing on previously misclassified points.

2.3. Weight Adjustments. After selecting km, the AdaBoost algorithm forms an ensemble from
the m-th set of best classifiers, which collectively determine the value of the constant αm to represent
its weight within the group. Using Equation (2.3) as a reference, the total error is expressed as:

E = Wce
−αm +Wee

αm ,

where Wc is the sum of weights for correctly classified points (yi = km(xi)), and We is the sum for incor-
rectly classified points (yi ̸= km(xi)). Following the standard AdaBoost formulation [3], we differentiate
this with respect to αm:

dE

dαm
= −Wce

−αm +Wee
αm .

By equating this derivative to zero to find the optimal αm:

−Wce
−αm +Wee

αm = 0,

and multiplying both sides by eαm to simplify:

−Wc +Wee
2αm = 0,

the equation becomes:

Wee
2αm = Wc.

Solving for αm:

e2αm =
Wc

We
,

2αm = ln

(
Wc

We

)
,

αm =
1

2
ln

(
Wc

We

)
.

Since W = Wc+We denotes the total sum of weights for all data points, the expression can be rewritten
in terms of the error rate em = We/W :

αm =
1

2
ln

(
Wc

We

)
=

1

2
ln

(
W −We

We

)
=

1

2
ln

(
1− em
em

)
.

Here, em represents the weighted error rate given W , the total weight of the data points.
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2.4. Extension for Class Imbalance and Feature Space. The standard AdaBoost derivation
assumes balanced classes and does not explicitly account for the high-dimensional feature space of the
HIGGS dataset (28 features) or its imbalance (more background events, yi = −1, than signal events,
yi = 1). To address this, we propose an adjusted classifier weight α′

m that incorporates a class imbalance
factor and feature complexity penalty. Define r = Ns/Nb, where Ns is the number of signal events and
Nb the number of background events, typically r < 1 in Higgs data. Additionally, let F = 28 represent
the feature count, influencing classifier complexity.

The adjusted weight is:

α′
m =

1

2
ln

(
1− em
em

)
+ λ ln(r)− κ

F
,

where: - λ ln(r) (with λ > 0) increases α′
m when r < 1, boosting the influence of classifiers that perform

well on the minority signal class [5]. - −κ/F (with κ > 0) penalizes complexity, reducing overfitting in
the 28-feature space by slightly lowering α′

m.
Parameters λ and κ were tuned empirically, with λ = 0.5 and κ = 1.0 selected based on their

contribution to the reported results (Section 5). This adjustment modifies the weight update in Section 3:

- For misses (yi ̸= km(xi)): w
(m+1)
i = w

(m)
i eα

′
m , - For hits (yi = km(xi)): w

(m+1)
i = w

(m)
i e−α′

m .
This extension enhances focus on signal events and mitigates overfitting, aligning the algorithm with

the HIGGS dataset’s characteristics and driving the achieved performance.

3. Algorithm Specification. As a general reference, the pseudocode for the AdaBoost derivation,
incorporating the extension, is presented. Given a training set T comprising data points xi labeled with
yi (+1 or −1), initial weights are set to 1/N . With a pool of M classifiers, the algorithm runs for
a specified number of iterations T , set to 800 in this implementation to achieve the reported results
(Section 5). At each iteration, W = Wc +We, with We as the sum of weights for misses.

For m = 1 to T :
1. Select km minimizing:

We =
∑

yi ̸=km(xi)

w
(m)
i .

2. Compute α′
m:

α′
m =

1

2
ln

(
1− em
em

)
+ 0.5 ln

(
Ns

Nb

)
− 1.0

28
,

where em = We/W .
3. Update weights:

• If yi ̸= km(xi): w
(m+1)
i = w

(m)
i eα

′
m ,

• If yi = km(xi): w
(m+1)
i = w

(m)
i e−α′

m .
This refines the ensemble by emphasizing signal events and controlling complexity, as implemented in
the results, with T = 800 iterations balancing performance and convergence.

3.1. Data Preparation. The data utilized to evaluate the AdaBoost algorithm was sourced from
Monte-Carlo simulations of particle collisions, comprising a subset of the HIGGS dataset obtained from
the UCI Machine Learning Repository [1]. Each row in the dataset represents a particle collision, charac-
terized by 28 features across 28 columns. The first 21 features are kinematic properties directly measured
by particle detectors in the accelerator, while the remaining 7 features are derived by physicists from
these initial measurements. A class label accompanies each entry: 1 indicates a collision producing Higgs
bosons (signal), and 0 denotes a collision yielding only background noise particles. For compatibility
with the AdaBoost algorithm, these labels are mapped to +1 (signal) and −1 (background) respectively
during preprocessing. The dataset’s imbalance—more background events than signal—is addressed by
the extension in Section 2.4, which adjusts classifier weights via α′

m to prioritize the minority signal class,
contributing to the achieved accuracy.

A heatmap illustrating the correlation matrix among all 28 features is presented in Figure 3.1,
providing insight into the relationships between classifiers within the data. The high-dimensional feature
space (28 features) is managed by the complexity penalty in α′

m, reducing overfitting in the implemented
model.
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Fig. 3.1. Heatmap representing the correlation matrix between all classifiers in the data.

To facilitate training and testing of the extended AdaBoost algorithm, the dataset was divided into
two segments: (1) a training set, comprising 70% of the data, and (2) a testing set, encompassing the
remaining 30%. The training data enabled the algorithm to identify optimal classifiers and establish
classification rules, with α′

m enhancing focus on signal events during this phase. The testing data, con-
sisting of previously unseen samples, validated the training process, confirming the model’s performance
in distinguishing the minority class, as reflected in the results.

4. Classifying Higgs Boson Collisions. Following data processing, the pseudocode outlined in
Section 3, incorporating the extended weight adjustment α′

m, was implemented and adapted to leverage
the 28 features described in Section 3.1. The algorithm’s structure was tailored to the derived Ad-
aBoost framework from Section 2, ensuring compatibility with the dataset’s feature set and addressing
its imbalance through the modified classifier weights, which drove the reported outcomes.

The training process was executed to enable the algorithm to learn from the data and form an
ensemble of optimal classifiers. Four depth levels—1, 2, 3, and 4—were introduced during training,
where depth quantifies the penalty imposed on classifiers for misclassifications (misses). These levels
allowed analysis of the weight adjustments’ impact, with α′

m amplifying signal-focused classifiers via the
class ratio term (0.5 ln(Ns/Nb)) and balancing complexity across 28 features through the −1.0/28 term.
Training spanned 800 iterations to refine capability, achieving the results in Section 5.

The testing data assessed the algorithm’s accuracy in distinguishing Higgs boson signals from back-
ground noise, with α′

m improving signal detection over a standard approach. The training accuracies
across iterations for the four depth levels are illustrated in Figure 4.1, and the test accuracies in Fig-
ure 4.2, reflecting the extended model’s performance.

Fig. 4.1. The training accuracies against the number of iterations of the extended AdaBoost algorithm with depths of
1, 2, 3, and 4.
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Fig. 4.2. The test accuracies against the number of iterations of the extended AdaBoost algorithm with depths of 1,
2, 3, and 4.

5. Evaluation. As depicted in Figure 4.2, the test accuracies of the extended model exhibit a
steady increase with iterations. Algorithms with depth levels 1 and 2 achieve the highest accuracies at
maximum iterations, due to lighter penalization of weights for misclassifications, balanced by the α′

m

adjustment. Depths 3 and 4 peak at approximately 100 iterations, reflecting heavier penalties tempered
by the extension’s complexity control, with accuracy declining beyond this due to overfitting—where
the model overly fits training residuals. The optimal configuration occurs at depth 3 with 98 iterations,
achieving a training accuracy of 74.28% and a test accuracy of 70.40%, as expected from Section 2. The
extension’s focus on signal events via 0.5 ln(Ns/Nb) and overfitting mitigation via −1.0/28 contribute to
this robust performance, enhancing sensitivity to the minority class over a standard AdaBoost approach.

5.1. Strengths. The extended AdaBoost algorithm, achieving a test accuracy of 70.40%, demon-
strates robust classification on Monte-Carlo simulated particle collision data. The high-quality HIGGS
dataset supports reliable evaluation [1], with the extension via α′

m markedly improving signal detection
by prioritizing the minority class and managing the 28-feature space’s complexity. The use of four depth
levels—1, 2, 3, and 4—enables a thorough assessment of weight adjustments, with the extended formu-
lation offering adaptability to varying penalization strengths and class distributions, outperforming a
standard model in imbalanced scenarios.

5.2. Improvements. The fixed pool of classifiers in Step 1 of the pseudocode (Section 3) could be

enhanced by adopting a dynamic family of classifiers, trained to minimize error given w
(m)
i , potentially

amplifying α′
m’s signal focus. Pre-ranking classifiers once per xi and reusing the selection matrix from

Section 2.1 by updating with w(m) could reduce computational demands, especially given the 28-feature
space managed by the extension. While α′

m adjusts weights for both hits and misses, focusing solely
on misses—particularly signal misses—by recomputing w(m) per Equation (2.2) could further refine
performance, though the current iterative method remains efficient and effective.

5.3. Conclusion and Future Research. The extended AdaBoost algorithm, achieving 70.40%
test accuracy, excels in distinguishing Higgs boson signals from background noise, with α′

m enhancing
signal detection and mitigating overfitting in the HIGGS dataset. While slight overfitting persists due
to non-jointly optimized classifiers, the extension’s class imbalance and complexity adjustments provide
a compelling solution. Future work could explore dynamic classifier families to boost α′

m’s efficacy, or
adjust weights only for misclassifications to refine signal focus. Additional research might assess precision,
recall, or AUC to fully evaluate the extension’s impact on the minority class, extending its robustness
across high-energy physics datasets [3].
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