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1. Introduction
Discovery of the long awaited Higgs boson was announced July 4, 2012
and confirmed six months later with 2.9 sigma.[1]
The goal of the Higgs Boson Machine Learning Challenge[2] is to explore
the potential of advanced machine learning methods to improve the discovery
significance of the experiment.
First we have see physics motivation of the background of this problem,
which is closely related to particle physics.
Then we have mentioned the ways we prepare the data, what machine
learning techniques and procedures that we have used to solve this problem
and finally the results we obtained with the followed approaches.
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2. Background
When a particle decays, it produces other particles, and these are classified
as being one of two fundamental types: fermions or bosons.
The decay into specific particles is called a channel. The Higgs boson was
first seen in three distinct decay channels which are all boson pairs.
It was recently reported by the ATLAS experiment, the first evidence of the
Higgs Boson to tau tau channel[3]. Also The subject of the Challenge was to
study the H to tau tau channel.
What is expected from this Higgs Boson Machine Learning Challenge is to
explore the potential of advanced machine learning methods to improve the
discovery significance of the experiment by classifying a given event into the
correct region out of ‘signal’ and ‘background’. That is deciding whether the
the results of a certain event has happened due to tau tau decay of Higgs
Boson (signal) or due to other background noise (background).
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The channel of Higgs decaying into two taus is a bit challenging because
the Z boson can also decay into two taus, and one expects far more tau pairs
from events of this type than from Higgs decays.

Figure 1.

As we can see from the Fig 1. the expected signal has a broad distribution
which is masked by much more abundant backgrounds, in particular the Z to
tau tau decay which produces a very large peak at a slightly lower mass.
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3. Scoring
In the real data, the classes are very imbalanced (approximately two signal
events in a thousand events ); for this reason the simulated data provided in
the Challenge are enriched in signal events. To compensate for this bias, all
events are weighted with importance weights reflecting their probability of
occurrence.
The classes completely overlap; This suggests that classification accuracy
is a very poor measure of success in this case. So we use the score called the
“Approximate Median Significance (AMS)”.
In this part we describes the basic structure of the statistical framework
that leads to the AMS formula.
Each proton-proton collision or “event” is characterized by a set of
measured quantities, the input variables X
! ∈
! ℝ
! d. A simple but realistic type of
analysis is where one counts the number of events found in a given region in
the space of input variables (the “search region”, denoted below as G ), which
is defined by the classifier g, that is, G = {!x : g(x) = s}. If we fix the
classifier g, the number of events n found in G is assumed to follow a Poisson
distribution with mean μ
! s + μb ,

(μs + μb)n −(μ +μ )
| μs, μb) =
P(n
e s b
!
n!

(1)

Where !μs and μ
! b are the expected numbers of events from the signal and
background, respectively. To establish the existence of the signal process, we
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test the hypothesis of μ
! s = 0 (the background-only hypothesis) against the
alternative where the signal exists, that is,!μs > 0.
The likelihood ratio[4]:

λ! =

P(n | 0,μb)
μb n μ ̂
μ
=(
) e s = ( b )ne n−μb
μŝ + μb
n
P(n | μs, μ̂ b)

(2)

The likelihood ratio is an example of a Test Statistic, eg. a real-valued
function that summarizes the data in a way relevant to the hypotheses that are
being tested.
And the test static[5] which is a random variable that is calculated from
sample data and used in a hypothesis test. You can use test statistics to
determine whether to reject the null hypothesis. The test statistic compares
your data with what is expected under the null hypothesis. The test statistic is
used to calculate the p-value.

q
! 0=

−2lnλ, if n > μb,
{0,
otherwise .

(3)

Assuming that these hold, the p-value of the background-only hypothesis
from an observed value of q
! 0 is found to be:
! = 1 − Φ( q0 ),
p

(4)

Where !Φ is the standard Gaussian cumulative distribution.
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In particle physics it is customary to convert the p-value into the equivalent
significance Z
! , defined as

! = Φ−1(1 − p)
Z

(5)

Where Φ−1 is the standard normal quantile. Eqs. (4) and (5) lead therefore to
the simple result

Z
! =

q0 =

2(nln(

n
) − n + μb
μb

(6)

The quantity Z measures the statistical significance in units of standard
deviations or “sigmas”. Often in particle physics a significance of at least Z =
5 (a five-sigma effect) is regarded as sufficient to claim a discovery.
We then replace n by s + b to obtain the approximate median significance

AMS
=
!

2((s + b)ln(1 +

s
) − s) .
b

(7)

And the AMS objective function used for the Challenge (AMSc) is defined
by
!A MSc =

2((s + b + breg)ln(1 +

s
) − s),
b + breg

(8)

Also, b
! reg is a regularization term set to a constant b
! reg = 10 in the Challenge.
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4. Approach followed
For the Challenge, we provide simulated events using the official ATLAS
full detector simulator.
The signal sample contains events in which Higgs bosons were produced.
The background sample contains events corresponding to other known
processes.
Kaggle provides us with two sets of data: a training set and a test set.
Training data set: consists of 250K events, each containing an ID, a label of
signal or background, a weight, and the measurements of 30 different
features.Test set: consists of 550,000 events that lack both signal-background
classification and weight.

4.1.1 Understanding the nature of the given variables
Before starting with the preprocessing work, we tried to figure out any
directly visible relationships between the classification and the variables. In
order to see this we thought of graphically representing the data which will
show any information directly associated with the classification.
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Figure 2.

Figure 3.
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Through these visualizations we figured out that there is no directly
associated variable.
Signal events have low weights and Background events have high weights.

Figure 4.
From this fact we learned that if we predict the weight for the given test
scenarios, we will be able to do both the classification and the ranking at the
same time.
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4.1.2 Handling missing values
In the data given for the competition the missing values are stored as -999.
Exploring we discovered that there are lot of missing values in data so we can
not just drop them.
The approaches we considered to handle the missing values were to use
mean, maximum , median and most frequent value. The best result was
for using mean instead of missing values.
7 variables are missing more than 70 % of data in training set.

Figure 5. : Variable statistics
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4.1.3 Converting Data Types
In Order to apply xgboosting and gradient boosting techniques the value of
the label should be numeric. So we had to change the Label type to 0,1 in
when we were doing data pre processing. Used 0 if label is equal to “b” and
used 1 if the label is equal to “s”.

4.1.4 Feature Selection and Deriving Features
For feature selections we tried PCA[6] method but in the end we kept all of
the features for training because the number of features is only 30.

Figure 7.
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Feature importance:
Figure 8.

From this plot, one understands that 70% of the variance in our dataset is
explained by the first 15th principal components.
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4.2 Training Techniques
4.2.1 Random Forest Classifier [7]
One major feature in random forest classifier is it runs efficiently on large
data sets, and it can handle large number of input variables. It has the ability
to handle the missing values effectively and it can maintain the accuracy
when large proportion of data is missing.
Furthermore it has the ability to identify the variables which are most
important and relationship between variables. It also does not get over fitted
to the inputs. When training the trees in random forest classifier about one
third of data is not used and they are used as out of bag data to get running
unbiased estimates and also to get the importance of variables.
4.2.2 K-Nearest Neighbors [8]
This algorithm can result in very high running times when used in high
dimension.
4.2.3 Gradient Boosting Classifier I [9]
4.2.4 Gradient Boosting Classifier II [9]
Another classifier we tested in the initial states was the Gradient Boost
Classifier. Gradient boosting algorithms use an ensemble of weak decision
trees built to optimize a customizable loss function. Trees are built using
boosting in a staged manner. Gradient boosting classifiers can be used for
both regression and classification. Gradient boosting algorithms can handle
data of mixed types and are very robust to outliers.
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We used a Gradient boosting regression trees algorithm from the Scikitlearn
library in python for this problem. This model used all the features in the data
set to train the classifier.
4.2.7 Neural Networks & Ensemble of Neural Networks
Algorithms such as Back-propagation use gradient descent to tune network
parameters to best fit a training set of input/output pairs. Neural Network
learning is robust to errors in the training data and has been successfully
applied to problems such as interpreting visual scenes, speech recognition,
and learning robot control strategies.
Our main purpose in this challenge is to reduce the bias of our model so we
tried to use bias reduction methods such as longer runtimes, trying to use
larger training sets & using a larger network with more parameters. Using
these methods we trained several neural networks on our datasets.
Our data lacks any kind of positional or temporal invariance and symmetry
so methods like Convolutional NNs & Recurrent NNs are of no use in our
modeling. We used ensemble techniques as well mostly bagging in order to
reduce the any high-variance behavior in our model if there was any.
Our ensemble consisted of about 10 simple Neural networks each trained to
reach a small bias, but some of the networks would result
over-fitting on the training set so we used the ensemble which averages the
final prediction of the networks to reduce this high-variance occurring in our
predictions.
Networks Consisted of 3000 up to 300000 parameters running at least up to
50 epochs on the training sets.
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5. Results
We found out that GBoost algorithm was able to produce the best results
between classification methods in Machine learning beside Neural Network
this problem. Using the GBoost algorithm as mentioned above we were able
to get a score of 3.542.
Using the Neural Network algorithm we were able to get a score of 3.662 and
it was our best score on validation samples.

Model

Neural Network

Accuracy

0.8444

AMS based on 80% training
sample

3.496

AMS based on 20% validation
sample

3.665
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Model

Nearest
Nearest
Decision
Neighbors Neighbors(
Tree
K=20)
(K=10)

Accuracy

0.805

0.812

0.810

0.820

AMS based on 80%
training sample

4.346

3.517

2.649

3.092

AMS based on 20%
validation sample

2.575

2.739

2.688

2.952

Model
Accuracy

AdaBoost

Random
Forest

GradientBoost GradientBoost
_I
_II

0.812

0.835

0.836

AMS based on 80% training
sample

2.639

3.429

3.558

AMS based on 20% validation
sample

2.592

3.424

3.542
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