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Frank Vincent Zappa[1] (December 21, 1940 – December 4, 1993) was an American composer, electric guitarist, record producer, 
and film director [Wikipedia].

“ Information is not knowledge.
Knowledge is not wisdom.

Wisdom is not truth.
Truth is not beauty.
Beauty is not love.
Love is not music.

Music is THE BEST.”

– Frank Zappa



Big Data
“Every two days now we create as much information as we 
did from the dawn of civilization up until  2003. That’s 
something like five exabytes of data”

– Eric Schmidt, 2010 
ex-CEO, Google

2.5 billion gigabytes (GB) of data 
generated per day since 2012.

About 75% of data is unstructured. It exists 
in the form of text, voice and video



Data – The New Natural Resource

Data is the phenomena of our time, it’s the world’s new 
natural resource and it’s transforming every industry, 
every profession 

– Ginni Rometty, 2015 
CEO, IBM

Insights are the new oil
– Natarajan Chandrasekaran, 2015

CEO, Tata Consultancy Services 
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Weather

• Large dataset
• High precision data
• A lot of Historical data
• (Mostly) Freely available – Australian Bureau of 

Meteorology (BOM Bureau of Meteorology)
• Looked at historical data of four major cities in Australia 

– Brisbane, Adelaide, Perth and Hobart

Weather is the most commonly encountered natural 
phenomenon which affects a large proportion of the 
human population on a daily basis.



Raw Weather Data

21 C 10 km/h 1.0 mm Dec

Temperature Wind Rainfall Time of Year Weekday

MONDAY

20 C 8 km/h 0.0 mm Dec TUESDAY

19 C 12 km/h 0.5 mm Dec FRIDAY

18 C 9 km/h 1.0 mm Dec MONDAY

24 C 8 km/h 0.0 mm Dec TUESDAY

20 C 12 km/h 0.5 mm Dec SUNDAY

23 C 7 km/h 0.0 mm Dec TUESDAY

19 C 15 km/h 1.5 mm Dec FRIDAY



Pre-processing

The step was to pre-process the raw data by applying the 
following techniques:

1.Missing Values

2.Discretisation



1. Missing Values
The missing values for attributes in the dataset are replaced with the 
modes and means based on existing data.

Temperature Wind Rainfall Time Weekday

21 C 10 km/h 1.0 mm Nov Monday

20 C 8 km/h Nov Tuesday

19 C 12 km/h 0.5 mm Dec Friday

18 C 1.0 mm Nov Saturday

7 km/h 0.0 mm Nov

24 C 15 km/h 1.5 mm Nov Monday

20 C 1.0 mm Nov

23 C 13 km/h 0.5 mm Nov Sunday

19 C 10 km/h 1.0 mm Wednesday

14 km/h 0.0 mm Nov Thursday

18 C 9 km/h Nov

10 km/h 1.0 mm Nov Tuesday

Temperature Wind Rainfall Time Weekday

21 C 10 km/h 1.0 mm Nov Monday

20 C 8 km/h 0.5 mm Nov Tuesday

19 C 12 km/h 0.5 mm Dec Friday

18 C 10 km/h 1.0 mm Nov Saturday

23 C 7 km/h 0.0 mm Nov Friday

24 C 15 km/h 1.5 mm Nov Monday

20 C 1.0 mm Nov Thursday

23 C 13 km/h 0.5 mm Nov Sunday

19 C 10 km/h 1.0 mm Dec Wednesday

17 C 14 km/h 0.0 mm Nov Thursday

18 C 9 km/h 1.5 mm Nov Monday

24 C 10 km/h 1.0 mm Nov Tuesday

ReplaceMissiongValues
filter in Weka



2. Discretisation
We applied the following two techniques to discretise the attributes which were 
originally in continuous form.

1.Unsupervised Discretisation to discretise attributes into the following “groups” 
or bins:

2.Supervised Discretisation
The classifiers are also trained on data discretised using supervised 
discretisation technique.

Bin Size Resolution
10 bins High resolution
4 bins Medium resolution
2 bins Low resolution
1 bin similar to supervised discretisation



The following results are obtained when unsupervised discretisation is applied to 
the attribute (F4) which represents the aggregate precipitation (in mm), given in 
the training data set for Brisbane.

Rainfall data discretised into 10 separate 
categories or ranges, i.e. from 0 to 0.5 

mm, 0.5 to 5.5 and so on

Rainfall data discretised into 4 bins

Rainfall data discretised into 2 bins



We used the following classification algorithms to build prediction  models to 
perform the experiments:

Classifiers

• Simple probabilistic 
classifier based on 
applying Bayes' 
theorem with strong 
(naive) independence 
assumptions 

• It is simple to build 
and fast to make 
decisions. 

• It is a variant of the 
decision tree 
classification model. 

• Shown to be one of 
the best classification 
methods 
experimentally.

• J48 classifier is a 
variant of the decision 
tree classification 
model and is based 
on C4.5 algorithm. 

• The C4.5 algorithm 
generates a 
classification-decision 
tree for the given 
data-set by recursive 
partitioning of data. 

• IB1classifier is an 
instance based learner, 
based on simple 
Euclidean distance. 

• IB1 uses a simple 
distance measure to 
find the training 
instance closest to the 
given test instance, 
and predicts the same 
class as the training 
instance. 

Naïve Bayes (NB) Random Forests (RF) J48 IB1



Training Classifiers

NB

Naïve Bayes (NB)

RF

Random Forests (RF)

J48

J48

IB1

IB1

Training Dataset Test Dataset



Dataset

20 C 8 km/h 0.0 mm Dec TUESDAY

Class Attribute
(Dependent Variable)

Attributes
(Independent Variable)



The Question We Asked Was:

can we accurately predict the day of the week (class attribute):
{Mon, Tue, Wed, Thu, Fri, Sat, Sun}

21 C 10 km/h 1.0 mm Dec

Temperature Wind Rainfall Time of Year

Based on the following attributes (features)



Class Attributes
20 C 8 km/h 0.0 mm Dec TUESDAY

Class Attribute
(Dependent Variable)

Attributes / Features
(Independent Variable)

21 C 10 km/h 1.0 mm Dec MONDAY

20 C 8 km/h 0.0 mm Dec SATURDAY

19 C 12 km/h 0.5 mm Dec FRIDAY

18 C 9 km/h 1.0 mm Dec WEDNESDAY

24 C 8 km/h 0.0 mm Dec TUESDAY

20 C 12 km/h 0.5 mm Dec SUNDAY

Seven Classes –
One for each day of 

the week



7 classes that we 
wish to predict

Classifiers

TUESDAY

MONDAY

SATURDAY

FRIDAY

WEDNESDAY

TUESDAY

SUNDAY

• The goal is to create a model for class attributes 
(dependent variables) as a function of the values of other 
attributes (independent or decision variables). 

• The discovered model (function) is used to predict the 
label of a previously unseen item.

Class attribute = f (a1, a2, a3, a4...)

MONDAY= f (atemp, awind, arainfall, 

atime)



1.Predicting the day of the week {Mon, Tue, Wed, Thu, Fri, Sat, 
Sun}, 

2.{Weekday, Sat, Sun} and 

3.{Weekday, Weekend} using training and development data. 
The following section outlines the results of the experiments.

A. Result Set 1



1. Predicting the day of the week {Mon … Sun}

Predicting the day of the week {Mon, Tue, Wed, Thu, Fri, Sat, 
Sun} by analysing the given weather conditions. 



Result: Discretising the Year attribute 
(F1) into 2 Bins coupled with Random 
Forest classifier yielded the highest 
accuracy, at 16.01 % for Brisbane 
data. The second and third best 
performing algorithms have been 
marked in the following table (Table 
I). 



The following table (Table II) shows the results of the prediction 
algorithms as they are applied across the four cities. Random 
Forest classifier performs best on Adelaide weather data, 
yielding 19.04 % accuracy when the data is discretised into 10 
bins.



2) Distinguishing between {Weekdays, 
Saturday, Sunday}

Result: Both Naïve Bayes Simple and J48 classifiers were able to 
distinguish between Weekdays, Saturday and Sunday, with 
73.34% accuracy.



3) Distinguishing between {Weekdays, 
Weekends}
Result: Naïve Bayes Simple and Random Forests were the best 
performing algorithms both yielding 73.34% accuracy.



B. Result Set 2

• Predicting rain, average temperature and maximum wind for a 
given day using training and development data 

• Will it rain tomorrow? In this section we try to predict weather 
conditions for a given day, i.e. we try to answer questions like 
“Given tomorrow is Monday of the 2nd week of December 
(for a given year), how likely is it to rain? In addition to rainfall 
we also try to predict the temperature and wind velocity for a 
given day. In the following section we provide the results of 
our experiments.



In Table V (below) we have used the prediction models to 
correctly predict the likelihood of rain, the average temperature 
and the maximum wind velocity for a given day in Perth. 



By discretising the data 
into 10 bins we can not 
only say whether or not it 
will rain on a given day, but 
we can also predict how 
much it will rain, if it does. 
This provides results of 
higher resolution and 
hence adds more meaning 
to the results. The following 
table (Table VI) shows the 
different categories or 
ranges for the Rainfall 
attribute. 



• Similarly, we can not only predict whether it would be warm on a given 
day, but we can also predict how warm it is going to be or how windy it 
is going to be. This additional resolution or “degree” adds much more 
meaning to results as compared to just answering “Yes” /“No” type 
questions. 

• Observations: In Table V we can see that the accuracy of predictions 
goes down as the resolution of results goes up. In other words, we can 
predict with higher accuracy between a smaller numbers of choices 
(coarse resolution). But as we increase the number of choices (higher 
resolution) the accuracy goes down. 

• All of the four classifiers performed exceptionally well on Perth and 
Adelaide data for predicting the average temperature on a given day. 
With J48 classifiers yielding 93.36% accuracy on Perth data discretized
into 4 bins (Table V).



Conclusion
• The choice of discretisation technique(s) and classifier 

algorithm(s) used predominantly depends on the context and 
type of available data. Some algorithms are more suitable for 
nominal values while others perform best with numerical data. 

• It is hard to make a clear judgment based on the results 
obtained as part of this experiment, but in most cases 
Random Forests and J48 yielded in higher accuracy; slightly 
better results as compared to IB1 and noticeably better Naïve 
Bayes simple. Although in some instances Naïve Bayes 
yielded much higher accuracy, while the others were down.



• From what we have observed in the test results, the accuracy 
of predictions goes down as the resolution of results goes up 
and vice versa. In other words, we can predict with higher 
accuracy between a smaller numbers of choices (coarse 
resolution). For instance, predicting between weekends and 
weekdays i.e. between 2 choices, resulted in much figures as 
compared to predicting the day of the week i.e. between 7 
different choices. 

• One of the guiding principles is to ensure we provide as much 
meaning to our results as possible and to strike a balance 
between the resolution and accuracy of the results.



Weather Prediction – Conclusion?
Weather Prediction is very hard!

• Computer models of the atmosphere are approximations
• The atmosphere is huge, and our supercomputers are relatively small
• Because our computer models are so coarse, we need to make further 

approximations. 
• Even if our weather forecasting models were perfect, we don't have enough 

observations of the atmosphere to know exactly what it is right now
• All observations have errors
• Finally, and perhaps most importantly, the atmosphere is chaotic
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