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While working on various datasets to train a Machine Learning model. What is it, that you look
for? What is the most important part of the Exploratory Data Analysis (EDA) phase? There are
certain things which, if they are not done in the EDA phase, can affect further statistical /
Machine Learning modelling.
One of the answers is to find the “Outliers”.
In this post we will try to understand all about outliers by answering the following questions,
and at the end of the paper, will use Python to create some examples.
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What Outlier is?
How the Outlier are introduced in the datasets?
How to detect Outliers?
Why is it important to identify the outliers?
What are the types of Outliers?
What are the methods to prevent outliers?
What Outlier is?
As per Wikipedia definition,
'In statistics, an Outlier is an observation point that is distant from other observations.'
The definition suggests to us that an outlier is something which is an odd-one-out or the one
that is different from the crowd. Some statisticians define outliers as ‘having a different
underlying behavior than the rest of the data’. Alternatively, an outlier is a data point that is
distant from other points.
Please don’t confuse this definition with that of an Imbalanced dataset, though there are some
similarities in the definitions. We will not going into much detail on this for now, and will have
separate article on Imbalanced datasets later: An imbalanced data set in terms of machine
learning is where one class label has far fewer samples compared to another class label.
From the image below we can see that the sample points in Green are close to each other,
whereas the two sample points in Red are far apart from them. These red sample points are
outliers.
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How the Outlier are introduced in the datasets?
Now we know what outlier is. Are you also wondering how outlier are introduced to the
population or dataset? The Outlier may be due to just variability in the measurement or may
indicate experimental errors.
Outliers are first introduced to the population while gathering or collecting the data. Data
gathering or data collection is itself a big topic to discuss. Will not be going into this now, but
just to share some facts. Data can be collected in many ways be it via Interview;
Questionnaires & Survey; Observations; Documents & Records; Focus groups; Oral History
etc., and in this Tech era Internet; IT sensors etc., are generating data for us.
Another possible cause of outliers could be Incorrect entry; Misreporting of data or
observations; Sampling errors while doing the experiment; Exceptional but True value.
Though, you will not be aware of the outliers at in the collection phase. The outliers can be a
result of a mistake during data collection or they can be just an indication of variance in your
data.
If possible, outliers should be excluded from the data set. However, detecting anomalous

Data Science Foundation
Data Science Foundation, Atlantic Business Centre, Atlantic Street, Altrincham, WA14 5NQ
Tel: 0161 926 3641 Email: admin@datascience.foundation Web: www.datascience.foundation
Registered in England and Wales 4th June 2015, Registered Number 9624670

instances might be difficult, and is not always possible. Data Science Developers and
statisticians don’t like to declare outliers too quickly. The ‘too large’ number could be a data
entry error, a scale problem, or just a really big number.
The low income could be real, an error, or a confusion of household and inpidual income. And
sometimes you get zeros–often, ’No’, – or answers to surveys which seem questionable.
Statisticians care about outliers from the point of view of how they impact the analysis.
Type of Outliers
There are mainly 3 types of Outliers.
1. Point or global Outliers: Observations anomalous with respect to the majority of
observations in a feature. In-short A data point is considered a global outlier if its value is
far outside the entirety of the data set in which it is found.
Example: In a class all student age will be approx. similar, but if see a record of a student
with age as 500. It’s an outlier. It could be generated due to various reason.
2. Contextual (Conditional) Outliers: Observations considered anomalous given a
specific context.A data point is considered a contextual outlier if its value significantly
deviates from the rest of the data points in the same context. Note that this means that
same value may not be considered an outlier if it occurred in a different context. If we
limit our discussion to time series data, the “context” is almost always temporal, because
time series data are records of a specific quantity over time. It’s no surprise then that
contextual outliers are common in time series data.In Contextual Anomaly values are not
outside the normal global range but are abnormal compared to the seasonal pattern.
Example: World economy falls drastically due to COVID-19. Stock Market crashes due to
the scam in 1992; in 2020 due to COVID-19. Usual data points will be near to each other
whereas data point during the specific period will either up or down very far. This is not
due to erroneous, but it’s an actual observation data point.
3. Collective Outliers: A collection of observations anomalous but appear close to one
another because they all have a similar anomalous value.
A subset of data points within a data set is considered anomalous if those values as a
collection deviate significantly from the entire data set, but the values of the inpidual
data points are not themselves anomalous in either a contextual or global sense. In time
series data, one way this can manifest is as normal peaks and valleys occurring outside
of a time frame when that seasonal sequence is normal or as a combination of time series
that is in an outlier state as a group.
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Why is it important to identify the outliers?
Machine learning algorithms are sensitive to the range and distribution of attribute values.
Data outliers can spoil and mislead the training process resulting in longer training times, less
accurate models and ultimately poorer results.
For more details refer to https://www.theanalysisfactor.com/outliers-to-drop-or-not-to-drop/
How to detect Outliers?
Various techniques have been proposed for dealing with outliers, which may be grouped into
two broad approaches, namely algorithm level and data level techniques.
The former aims to modify a learning algorithm to cope with the dataset and are known to have
relatively high computational cost.
The latter is classifier-independent and relatively easy to apply because it focuses on data
preprocessing techniques.
For example, to deal with outliers, some researchers identify and remove them completely,
whereas others control the number of outliers to remove.
These are advanced level techniques, which we will cover in another article, instead in this will
take the beginners level approach.
An Outlier can easily be detected using below techniques.
1. Visualization Technique
2. Visualization Technique
Visualization Technique
When we say visualization technique, it does not mean detection by the naked eye. Yes, might
do that, but only if the sample data points are few and distinctive. For example, being
presented with images of animals and having to identify the odd-man-out. Or from the emojis
shown in the first image one can easily detect which one is different: smiling and in yellow
color. But real-life data points are not like this, they are collected in millions, possibly billions
of records. So, we will use plotting or graphical representation techniques to visualize the
outliers.
The very first is a Box Plot.
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A box plot is a graphical display for describing the distribution of data. Box plots use the
median and the lower and upper quartiles.
An outlier can easily be detected via Box plot where any point above or below the whiskers
represent an outlier. This is also known as “Univariate method” as here we are using one
variable outlier analysis.

Note: Box Plot will also be used for multiple variable if we have categorical values.
Outliers can also be spotted using a Histogram, where bulk of observations are on one side,
and a few observations appear away from the main group, these represent the outliers.
They can also be spotted using a scatter plot, which helps to understand the degree of
associations between two numerical variables, and any observation which is far from the
normal association, is an outlier.
You are free to use any kind of plot, as long as you are able to visualize and detect it. The
above plotting methods are commonly used.
With mathematical functions
Along with Visual techniques, we could also use some mathematical functions to detect
outliers:
Z-Score
Wikipedia Definition - The Z-score is the signed number of standard deviations by which
the value of an observation or data point is above the mean value of what is being
observed or measured.
The intuition behind a Z-score is to describe any data point by finding their relationship

Data Science Foundation
Data Science Foundation, Atlantic Business Centre, Atlantic Street, Altrincham, WA14 5NQ
Tel: 0161 926 3641 Email: admin@datascience.foundation Web: www.datascience.foundation
Registered in England and Wales 4th June 2015, Registered Number 9624670

with the Standard Deviation and Mean of the group of data points. A Z-score is finding
the distribution of data where mean is 0 and standard deviation is 1 i.e. normal
distribution.
While calculating the Z-score, re-scale and center the data and look for data points which
are too far from zero. These data points which are way too far from zero will be treated
as the outliers. In most of the cases a threshold of 3 or -3 is used i.e., if the Z-score value
is greater than or less than 3 or -3 respectively, that data point will be identified as
outliers.
IQR (Inter Quartile Range) Score
Wikipedia Definition - The interquartile range (IQR), also called the mid-spread or middle
50%, or technically H-spread, is a measure of statistical dispersion, being equal to the
difference between 75th and 25th percentiles, or between upper and lower quartiles,

In other words, the IQR is the first quartile subtracted from the third quartile; these
quartiles can be clearly seen on a box plot on the data. It is a measure of the dispersion
like a standard deviation or variance but is much more robust against outliers. IQR is
somewhat like Z-score in terms of finding the distribution of data and then keeping some
threshold to identify the outlier.
Note: There are too many techniques to cover all of them in one short article.
What are the methods to prevent outliers?
Just how much an outlier affects your analysis depends, not surprisingly, on a few factors.
One factor is dataset size: In a large dataset, each inpidual point carries less weight, so an
outlier is less worrisome than the same data point would be in a smaller dataset.
Another consideration is “how much” of an outlier a point might be – just how far out of line
with the rest of your dataset a single point is. A point that is ten times as large as your upper
boundary will do more damage than a point that is twice as large.
Again, the best way to guard against outliers is your Domain knowledge and experience with
outliers.
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Here are few tips.
Drop the outlier records.
Sometimes it’s best to completely remove those records from your dataset to stop them
from skewing your analysis.
Cap your outliers’ data.
Another way to handle true outliers is to cap them. For example, if you’re using income,
you might find that people above a certain income level behave in the same way as those
with a lower income. In this case, you can cap the income value at a level that keeps that
intact.
Assign a new value.
If an outlier seems to be due to a mistake in your data, try imputing a new value.
Common imputation methods include using the mean of a variable or utilizing a
regression model to predict the missing value.
Try a transformation.
A different approach to true outliers could be to try creating a transformation of the data
rather than using the data itself.
For example, try creating a percentile version of your original field and working with that
new field instead.
Mathematical Functions – to identify and drop the outliers
Z-score
IQR Score
Working with Python
To work on a real-world data set, lets start with the Boston Housing Price dataset from Sklearn
library.
This
dataset
can
be
taken
https://scikit-learn.org/stable/modules/generated/sklearn.datasets.load_boston.html
As usual will start with importing the required libraries.
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from

Then we will upload the dataset into boston_df dataframe. This is same example which we have
seen before in Linear Regression.

Let’s identify the outliers using an easy visualization technique which is Box Plot. For this we
will use DIS column only to check the outlier. As this is a Uni-variate outlier.
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Based on the definition already discussed, that if there is an outlier it will plotted as point in
boxplot, while the rest of the population will be grouped together and display as boxes. And the
above plot shows three points between 10 to 12, these are the outliers as they are not included
in the box of other normal observation.
Can we use multiple features with Box plot? Well it depends, if we have categorical features
then we could have use that with any continuous variable and do multivariate outlier analysis.
As we do not have categorical value in our Boston Housing dataset, we will jump on to the
Scatter Plot.
Based on the definition discussed above for scatter plost to identify the outlier, the scatter plot
is the collection of points that shows values for two variables. Let’s try and draw scatter plot
for two variables from our housing dataset.
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From the above plot, we can see most of the data points are clustered at bottom left side but
there are few points which are far from the population, like top right corner. These are the
Outliers.
Here I have used specific features, please play around with other features.
Now let’s discover the outliers with mathematical functions.
We start with Z-score function defined in scipy library to detect the outliers.
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Looking the code and the output above, it is difficult to say which data point is an outlier.
Let’s try and define a threshold to identify an outlier. As discussed above the default or usual
value is 3.

Still I could not understand much from the output. Don’t worry. The first array contains the list
of row numbers and second array respective column numbers, which mean z[55][1] have a Zscore higher than 3. but z[55][2] or any other does not have Z-score higher than 3. Similarly
for z[56][1], z[57][1], z[102][11], z[141][12] etc. are having z-score higher than 3.
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Here I tried to display a few of them… also one to verify the records with lower Z-score, we
could do as below.

Let’s understand this in more details. Limiting down to one feature “ZN”. From above for row
number 55 and column 1 has Z-Score higher than 3 (threshold) and from below we can see that
that’s true. The rest of the values are in 20’s whereas for row # 55 its 90 which is clearly
indicates that this value is far from being a usual value, and thus mathematically we have
proved its an outlier.
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Once we know which records are Outliers, we can easily remove them from our dataset if
required.

So, after removing the Outlier our dataset will have 415 rows. It means we have removed
almost (506-415) 91 records from the dataset.
Another mathematical function is IQR (Inter Quartile Range). Python gave us the method
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quantile
which we directly use or alternatively we can use a method from numpy which is percentile.
The next step is to identify lower bound value and upper bound value.
Any value away from this lower and upper bound value is considered as an outlier.

Once we have the quantile values, we will subtract Q3 from Q1 to get the IQR Value.
Next is to calculate the Lower Bound (Q1 – 1.5 * IQR) and Upper Bound (Q3 – 1.5 * IQR) Value,
as based on this will check the dataset which is outlier indicated as True.

Data Science Foundation
Data Science Foundation, Atlantic Business Centre, Atlantic Street, Altrincham, WA14 5NQ
Tel: 0161 926 3641 Email: admin@datascience.foundation Web: www.datascience.foundation
Registered in England and Wales 4th June 2015, Registered Number 9624670

Once we know that which records are Outlier, we can easily remove them from our dataset if
required.
So, after removing the Outlier our dataset will have 274 rows. It means we have removed
almost (506-274) 232 records from the dataset.
To remove the outlier, I am using the negate (~) in the code from above which we used to see
the outlier.

Note: With the Z-score we were able to drop 91 rows but with IQR we have dropped 232 rows.
Also, different outlier treatments affect models differently.
Python Code is available at:
https://colab.research.google.com/drive/1ISWQ_muJGqvciMN_f8W37MZTgBfIazat?usp=sharin
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About the Data Science Foundation
The Data Science Foundation is a professional body representing the interests of the Data
Science Industry. Its membership consists of suppliers who offer a range of big data analytical
and technical services and companies and individuals with an interest in the commercial
advantages that can be gained from big data. The organisation aims to raise the profile of this
developing industry, to educate people about the benefits of knowledge based decision making
and to encourage firms to start using big data techniques.
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