Refining Big Data

Steps of refining information. Framework

1. Defining
the object
of the
study

2.
Identification
of thematic
sources of
information

3. Collection
of thematic
information

4. Data
Validation

5. Preprocessing of
text
representation

6. Analyzing
and
extracting
information
about the
object

Refining → Data Mining
• the process of discovering meaningful correlations, patterns and
trends by sifting through large amounts of data stored in the
repositories.
• Data mining employs pattern recognition technologies, as well as
statistical and mathematical techniques.
• The Big Data refers to the data sets whose size are beyond the ability
of commonly used software tools to capture, manage, and process
the data within a tolerable length of time.
• Through the usage of the right tools for refining billions of posts,
blogs and articles available online and offline, it is possible to obtain
previously unavailable information about: social phenomena,
countries, organizations and individuals (such as their mutual
3
relations, migrations, etc.).
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Paths of Frequency Distributions
• There are a lot of tools that can be used to refine/analyzing
information.
• Analyzing the information enable the accurate assessment of the
subject under study/research.
• It was assumed that the refining process is a set of clearly described
mathematical and logical operations that make up the conventional
paths that lead to the hacking of new information from Big Data.
These are:
• RING. Statistical analysis packages (searching for and assessing trends,
changes, concentration, etc.)
• Elements of AI: Machinen learning and others

Space dimensions of Refining Paths
• The space of each path is created by its independent dimensions.
• A dimension is a variable describing the subject of refining within a
given path, e.g. frequency (time, citations in Big Data, names of the
process being examined); attribute clusters describing the examined
process / phenomenon.
• Dimensions are quantitative and qualitative measures describing the
subject of research in the scope covered by the refining path.

The space of Frequency Distributions
• At the current stage it was assumed that the dimensions will be
analyzed together - without distinguishing their path membership.
• Dimensions create n dimensional space of measures, possible to
obtain information from refining.
• The number of dimensions used for the study / task being
implemented is variable - depending on the suitability / usability of
the available dimensions.
• The final refining result is a point in n dimensional space limited by
the dimensions used

Dimension 1. A quantitative measure of the
frequency of pillar citation
• The basic information about the beginning of the refining process is
the frequency of occurrence of the pillar in a dedicated survey of
source databases (Big Data).
• It allows you to make a preliminary quantitative assessment of the
suitability of collected source materials. Calculating the number of
occurrences of a pilar over time can be used as the basis for trend
estimation.

Forecast/diagnosis of results of presidential elections,
data from 2020-03-23 - 2020-03-28.
Frequencies

Sentiments

Forecast of results of presidential
elections, data from 2020-03-23 2020-03-26. vs. experts

Attributes

n is not greater than the specified value is defined
as an input parameter

Attributes 1/2
• In many cases, the purpose of RI on the pillar is to identify statistically
significant attributes: the words that most often appear in the vicinity
of the pillar.
• The dynamics and direction of changes in attendance of attributes is
the basis for estimating the trend of the relationship between the
pole and the attribute.

Attributes 2/2
• Usually, there are around 10-15 thousand words in the vicinity of
each pillar.
• The frequency of occurrence of each word and the frequency of
occurrence of the pillar is calculated over a given period, e.g. every
seven days, for a year.
• Two variables are obtained, each consisting of 52 measurements
(number of weeks per year). Exceeding the accepted threshold
correlation value (e.g., r> 0.8) between the frequencies of occurrence
of the word and the frequencies of occurrence of the pillar indicates
that this word is an attribute. In addition, the attributes have been
selected in accordance with the Zipf’s law
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Lemmatization
• am, are, is → be
• car, cars, car's, cars’ → car
• dom, domu, domy, domami → dom
• spać, spała, spał, śpią → spać

The Zipf’s law
• Characteristic for a given publication are attributes that appear in a
given publication, but do not appear in other publications. As a rule,
these are words in the middle of the ranking list, i.e. with the average
frequency.
• Such uneven distribution of words in natural languages is called Zipf's
law.
• To eliminate this disparity, the TF-IDF statistics are used, which is a
correlated frequency in the studied group

the Zipf’s law 2/2
• Reverse frequency statistics (TF-IDF) are designed to increase the
weight of words that are specific to the document.
• At the same time, the weight of words in many documents decreases.
Ranking list according to TF-IDF statistics contains the attributes that
best characterize the subject of the study.
• Zipf's law is also a feature of big data: it can't really be observed in
small data sets.

To increase the weight of words that are
specific to the document
• Reverse frequency statistics (TF-IDF) are designed to increase the
weight of words that are specific to the document.
• At the same time, the weight of words in many documents decreases.
Ranking list according to TF-IDF statistics contains the attributes that
best characterize the subject of the study.
• Zipf's law is also a feature of big data: it can't really be observed in
small data sets.

Clarin. TF-IDF (TF – term frequency, IDF –
inverse document frequency)
• jest podstawowym narzędziem, które wykorzystywane jest w bardziej
złożonych aplikacjach (np. w WebSty). Narzędzie to jest jedną z metod
obliczania wagi słów na podstawie liczby ich wystąpień. Należy do
grupy algorytmów obliczających statystyczne wagi terminów. Każdy
dokument reprezentowany jest przez wektor, składający się z wag
słów występujących w tym dokumencie. TF-IDF informuje o częstości
wystąpienia termów, uwzględniając jednocześnie odpowiednie
wyważenie znaczenia lokalnego terminu i jego znaczenia w kontekście
pełnej kolekcji dokumentów.
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Attributes of the pilar: life AND insurance
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Attributes become more or less significant
• With the passage of time and changes to the subject of research,
attributes become more or less significant.
• Due to this and depending on the statistical tools used for analysis
identification procedures for attributes must be continuously updated
with different distance (input parameter) to a pillar.
• The most popular attributes create a dynamic picture of the pillar

List of a selection of attributes of the research
subject Industry 4.0. [Jan. 2017 – Nov. 2018]
Attributes

Frequency of attributes related to AI
(I.2017 – XII.2018)
Attributes

frequency

neural_network

100590

machine_learning

70136

deep_learning

47452

fuzzy_sets

18039

robot_control

8342

autonomous_robots

6377

rough_sets

6073

heuristic_methods

2166

expert_methods

2042

Case study: using attributes to determine the fastest
growing development trends in artificial intelligence
Attributes
neural network
machine learning
deep learning
manipulator
fuzzy sets
robot control
autonomous robots
rough sets
image recognition
heuristic methods
agent system
expert methods
speach recognition
intelligent bots
internet robots

frequency
90 998
64 130
45 098
19 105
17 863
8 056
5 739
5 699
3 901
2 144
2 144
1 844
1 252
1 158
454

Quantification of attributes of AI
(I.2017 - XI.2018)
• Analysis of AI can be extended by noting changes in the frequency of
occurrence of its attributes. Next fig. shows the linear and
exponential function of nine attributes of AI using the least square
line of best fit. The linear function is marked with a blue continuous
line. The exponential function is drawn with a red dotted line. Black
points show the number of publications/sources.

Quantification of attributes of AI
(I.2017 - XI.2018)

The graphs show that the fastest growing AI development trends are reflected by
its attributes: neural network, machine learning, deep learning, heuristic
methods, fuzzy sets, rough sets, autonomous roots and robot control.

Live monitoring of the distribution of
frequency atributes (insurance I.2017)

Heat map

Sektor Gazownictwa 2020

Dimension 2. Sentiments –
the base of prediction
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Attributes → sentiments
• For some pillars in specific research, it is reasonable to count the
occurrences of sentiments instead of attributes.
• A sentiment is:
• a word with an emotional background, e.g. ‘good’ or ‘bad’. In the case of
predicting the results of general elections, the number of positive sentiments
entitles the anticipation of the electoral success or failure of a candidate,
• a word with a significant statistical correlation with the dynamics and
direction of attendance of the surveyed column, e.g. company name,
surname, politician, scientist. It is the change of attribute in sentiment

Sentiments
• One of the most imported factors of refining is sentiment.
• It makes possible to use Big Data to figure out eg. what customers are saying
about Pillar (eg. competition; product, person)

• this newly found insight - figure out how this sentiment impacts the decisions
you're making and the way your company engages.
• More specifically, you can determine how sentiment is impacting sales, the
effectiveness or receptiveness of your marketing campaigns, the accuracy of your
marketing mix (product, price, promotion, and placement), and so on.
• by analyzing the frequency of individual sentiments, which are in the vicinity of
the field in each period, allow to calculate e.g. public attitudes to the test subject.

Sentiments of pillars can be determined
by means of three procedures:
• (1) the researcher’s intuition (Delphi method) based on examining a
random sample of texts from the source dataset that will be
subjected to investigation;
• (2) available dictionaries of words (dictionaries) that can be regarded
as sentiments (which have so far been verified experimentally);
• (3) a selection of attributes/presentiments (words) based on a
frequency analysis of the all words from the source dataset selected
for the subject. After sentiments are identified, these are verified
through objective, independent sentiment assessments.

Standard – Constant sentiments
List of positive and negative words with the frequency of their occurrence in the entries

Positive
•
•
•
•
•
•
•
•
•
•
•
•
•
•

sure
win, prize
target
car
enthusiast, enthusiasm
surprise, amaze
profit,
Success
opportunity
party, celebration
fun., toy
love, to love
to like
rich, wealth

Negative
930
869
840
769
573
500
407
397
341
312
311
306
299
297

•
•
•
•
•
•
•
•
•
•
•

blame, guilty, quilt
war
with difficulty, difficult
death
to destroy, damages
disaster
worst, to worse
accident
bankrupt, bankruptcy.
collapse, insolvency,
fail, fail

616
516
396
345
344
308
279
275
247

M.M. Bradley, P.J. Lang. Affective Norms for English Words (ANEW). List of all words is not publicly available. It was obtained at the
special request of the authors from its creators from The Center for the Study of Emotion and Attention from the University of Florida,
http://csea.phhp.ufl.edu media ane\vmessage.html [accessfrom: 2.04.20131.

Identification of sentiments - Delphi method
• the research among 77 students of Political Faculty. They analyzed the
file of texts (1000 entries) collected from the Web.
• Then each of them chose words or phrases that negatively and
positively describe profiles of both candidates of presidential election
2015.
• Corps was established 4650 words and phrases. Thus emerged a body
of sentiments most frequently cited by viewers collection of texts.
• Finally, words are paired according to the rules define positive vs.
negative. Established base of 36 positive and 36 negative words that
might indicate the sentiment

Sentiment’s identification
• Thanks to the intuition of the researcher on the basis of the review of a random
sample of texts from the complete source of the research.
• From the available dictionaries of words (dictionaries), which can be considered
as sentiment.
• Based on the correlation between the frequency analysis of the words in the
given set of source and confirmed/the real sentiments.
• The advantage of the tool is the ability to perform the analysis over the source
material and not only to the random sample.

Example of positive sentiments for the pillar business, obtained
by the Delphi method (ordered by frequency from left to right and down).
plan

program

cool

premium

start-up

monitoring

center

energy

technologies

new

very

looking

help

main

benefit

offers

job

own

paradise

good

The sentiments in Table above were used to
refine stock exchange data
• The prediction received on this basis indicates a significant
significance of the obtained results.
• Accuracy of predicting stock quotes (pr) depending on selected
sentiments and the number of days (d) of collecting data (frequency
of sentiments) before the day of prediction. E.g. for: d = 3, pr = 83%; d
= 4, pr = 58%.
• It shows importantce of number d.

Clarin Sentemo – narzędzie do wyznaczania
sentymentu krótkich fragmentów tekstu
• Sentemo jest otwartym systemem sieciowym, służącym do
przetwarzania i wyznaczania sentymentu danych tekstowych w języku
polskim w postaci rozkładu polaryzacji wydźwięku emocjonalnego.
Jest to narzędzie pomocne w określeniu charakteru analizowanego
tekstu poprzez wskazanie na pozytywny lub negatywny aspekt
wypowiedzi. Analiza sentymentu może być zastosowana w różnych
dziedzinach, jak marketing (np. monitorowanie wydźwięku
wypowiedzi w opiniach klientów), e-handel (np. grupowanie
produktów, wykrywanie anomalii w opisach, rekomendacje), polityka
(np. śledzenie reakcji wyborców), czy jako element badania
naukowego (np. badanie informacji subiektywnych polskich tekstów z
mediów społecznościowych).

Clarin. Wydźwięk– narzędzie do analizy
wydźwięku emocjonalnego
• Wydźwięk jest otwartym systemem sieciowym, służącym do
przetwarzania i analizy danych tekstowych w języku polskim w celu
anotacji nacechowaniem emocjonalnym ze względu na podstawowe
typy emocji oraz wartości uniwersalne przypisane do słów. Jest to
narzędzie pomocne w określeniu charakteru analizowanego tekstu
poprzez wskazanie na pozytywny lub negatywny aspekt wypowiedzi.
Analiza wydźwięku może być zastosowana w różnych dziedzinach, jak
marketing (np. monitorowanie wydźwięku wypowiedzi w opiniach
klientów), e-handel (np. grupowanie produktów, wykrywanie anomalii
w opisach, rekomendacje), polityka (np. śledzenie reakcji wyborców),
czy jako element badania naukowego (np. badanie informacji
subiektywnych polskich tekstów z mediów społecznościowych).

Counting sentiments
• The program counts the common occurrence of the Pillar with
each standard determining sentiment/ emotion (contexts were
defined at the stage of obtaining the content from the Internet).
• Additionally, some character limits within which the party
standard and sentiment must belong, for the pair to be counted
was specified.
• The adopted number of 30 characters is half the average number
of characters of a sentence in Polish.

Thanks to refining, some valuable information is
obtained, e.g. the assessment of emotional relationships
Tradition

Real

• sympathy,
• resentment,
• sense of happiness,
• optimism,
• pessimism,
• fear,
• anxiety.

• Close - the number of characters the words in the string of words to
the word (sentiment) = subject of
the study, e.g.:
business 449
zone
447
CEO
409
sell
311
price
311
supervision 234
51

The example of positive
and negative sentiments

1

LOVE

MISREPRESENTATION

2

FAMILIES

CORRUPTION

3

CONSENT

DICTATORSHIP

4

FREEDOM

JEALOUSY

5

JUSTICE

ANARCHY

6

TOLERANCE

ABORTION

7

HEALTH

UGLINESS

8

WORK

CENSORSHIP

9

HONESTY

FIGHT

10 FAITH

CLERICALISM

11 HOMELAND

VETTING

12 SCIENCE

FOREIGN CAPITAL

13 CARE

ELITE

14 THE TRUTH

EROTICA

15 SECURITY

SOCIALISM

Results of the survey of sentiment and stock exchange correlation
for CD PROJEKT S.A. for days 01-04/10/2018 (first analyzed week, Monday-Thursday).
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Verification / valuation of the sentiments (ACA)
• In the first step from the database in a function of time are highlighted
most common words (= potential sentiments ) around the Pole/Axis (k)
• For each of these words is counted attendance (variable wk) at time
intervals (t1, t2 ..., tn).
• The effect will be creation the set of variables Wk (t).
• Then, in a similar way they are derived / calculated assessment Yk - e.g.
The results of reliable market research (pattern) for the same intervals as
Wk (t).
• Assessment (Yk) are the second variable. The value of statistical
significance due Yk (t) with all variables set Wk (t) indicates the validity of
choice sought sentiments.
• The result of the described procedure are statistically the most important
sentiments for the specified Pole/Axis

Valuation of the sentiments
• Measure the value that statistically Significant of sentiments • correlation between potential sentiment with pattern (master variable = reference
point).
• If:

r(wt,yt)>m
•
•
•
•

m - minimum value and significance (eg. r> 0.8; p <0.01)
W (Sk) t - a collection of sentiments at time t for Sk
Yt - a collection of reference variable at time t
Sk - Pole/Axis k

then

r[w(Sk)t+1, yt+1]> m

Prediction: Quantitative analysis
• Setting about the quantitative analysis of the results, the Pearson
correlation - r of the number of votes obtained by all parties and in
the CBOS survey results were calculated.
• It amounts to r=0.96 (p<0.001). This constitutes the accepted form for
assessing the credibility of opinion polls conducted by CBOS and
justifies the assumption that the CBOS results (in particular periods)
shall be a reference point for further research.

The value of Pearson’s and Spearman’s correlation of the dependence of the CBOS poll results
(Patern) with the numbers of negative and positive entries on the blogs for all the parties, together
with the values of significance
Entries

Positive

Months
correlation

significance

correlation

significance

March

0,948

1,000

1,000

1,000

April

0,969

1,000

1,000

1,000

May

0,976

1,000

0,971

1,000

June

0,954

0,996

0,829

0,983

July

0,720

0,926

0,943

0,999

August

0,844

0,981

0,886

0,992

September

0,672

0,954

0,829

0,983

October

0,382

0,776

0,600

0,912

Negative

March

0,779

0,947

0,943

0,999

April

0,836

0,965

0,886

0,992

May

0,843

0,961

0,754

0,961

June

0,935

0,996

0,886

0,992

July

0,42

0,832

0,886

0,992

August

0,785

0,951

0,714

0,949

September

0,237

0,683

0,429

0,822

October

0,806

0,986

0,943

0,999

A simple model of refining
• Simple model allows the attributes that describe the pillar to be
identified, e.g. quotes from candidates in the presidential election.
• In some types of research (e.g. elections), the first part of the
procedure performed using the model is to identify the sentiments –
a special set of attributes that describe emotion – that occur most
frequently around the pillar. For each sentiment, the frequency is
calculated at time intervals.

Sentiments for the past PAST

PAST

Number of posts on the JP II (x1000) - Usenet

Did anonymous Internet users succumbed to the current online
pathology of hate and malice while commenting on the process of
beatification and canonization of John Paul II?
• through analyzing the results of the study - the conclusion that study
of the positive sentiment was much higher than the negative among
the anonymous Internet users.
• Another result of the study showed lack of influence of the process of
beatification and canonization of John Paul II in shaping the image
and authority of the Pope.
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Źródło: Autorytet i świętość Jana Pawła II w polskojęzycznych otwartych
zasobach internetowych, w: Wielkość czy autorytet? Jan Paweł II w przekazach polskich mediów podczas jego kanonizacji,

April 2, 2005 -; 1.V.2011 - beatification; 25.IV.2014 - canonization
Praca zbiorowa pod red. J. Olędzkiego, T. Sasińskiej-Klas, Fundacja, Dzieło nowego tysiąclecia, 2016.
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Sentiments → prediction
• The result of analyzing the changes of the sentiments of the pillar at
time intervals allows changes to the pillar in time tn+1 to be predicted
only based on frequencies of sentiments (predictors) in time before
tn.
• The calculations employ multiple regression analysis which is used to
build a model that is possibly best adapted to empirical data
(frequencies of sentiments) in time before (tn) and enables the status
of the pillar in time tn+1 to be evaluated. This is due to the fact that
the regression model is more suitable (statistically significant) for the
obtained data (in time tn+1) than random data.

Prediction

Prediction
• 15 year old daughter got a voucher for a promotional layette for the
baby. Angry parents.
• Prediction Amazon - send the goods to the customer, before it
ordered a drone + delivers - time 30 minutes
• It was possible to predict the drama 22 years old, which killed 6
people and wounded 13. Minority Report!

https://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/#5173dccb6668

Prediction is money
• Organizations in every industry are perking up to the value of
predictive analytics.
• Predictive analytics is within easy reach for all enterprises if
they choose the right big data predictive analytics solution to
meet their needs. Eg. in Forrester’s 45-criteria evaluation,
• Main data predictive analytics solutions providers — Alpine
Data Labs, Alteryx, Angoss Software, Dell, FICO, IBM,
KNIME.com, Microsoft, Oracle, Predixion Software,
RapidMiner, SAP, and SAS.
The Forrester Wave™: Big Data. Predictive Analytics Solutions, Q2 2015. Mike Gualtieri and Rowan Curran, April 1, 2015 | Updated: April 1, 2015

Prediction
• All in-depth analysis of the distribution of sentiments creates the possibility of
predicting future changes in the estimated value of the data.
• Further towards this goal - the creation of the function of prediction - requires
the involvement of statistical tools and at the same time taking into account
many parameters- such as: multiple regression function.
• No less important than the substantive value of the results is the much lower cost
of information obtained through refining, compared to the costs of acquisition of
the same information in the traditional way - through surveys.
• Big Data cease is a terra incognito for the social sciences.
• An important challenge is to improve the methodology for refining and
developing appropriate tools for refining network information, user-friendly form
of delivering results.

Power of prediction
• helps transform technology, systems, and processes to win, serve, and
retain customers.
• Predictive analytics is a key capability to make better decisions, avoid
risks, and create differentiated, more individualized customer
experiences.

An enterprise deploying predictive analytics across business
units. The circled digits 1 through 7 indicate where each
strategic objective listed above is attained.

Eric Siegel, Ph.D. Prediction Impact, Inc.This Prediction Impact white paper. IBM

Predictive Solutions
• Predictive analytics uses algorithms to find patterns in data that might
predict similar outcomes in the future.
• A common example of predictive analytics is to find a model that will
predict which customers are likely to resign.
• For example, telecommunications firms can use customer data such
as calls made, minutes used, number of texts sent, average bill
amount, and hundreds of other variables to find models that will
predict which customers are likely to change mobile carriers.
• If a carrier can predict the reasons why customers are likely to churn,
it can try to take preemptive action to avoid this undesirable
outcome.
The Forrester Wave™: Big Data, Predictive Analytics Solutions, Q2 2015, by Mike Gualtieri and Rowan Curran, April 1, 2015 | Updated: April 1, 2015

Evaluate the model’s effectiveness and
accuracy
• Predictive analytics is not about absolutes; it is about probabilities.
To evaluate the predictive power of the model, data analysts use the
model to predict the “test data” set. If the predictive model can
predict the test data set, it is a candidate for deployment.
• Monitor and improve the effectiveness of the model. Predictive
models are only as accurate as the data fed into them (live time of
sentments), and over time they may degrade or increase their
effectiveness. To monitor models for ongoing effectiveness and value,
newly accumulated data is rerun through the algorithms.

The Forrester Wave™: Big Data. Predictive Analytics Solutions, Q2 2015. Mike Gualtieri and Rowan Curran, April 1, 2015 | Updated: April 1, 2015

Sentiment Score
multiplying the quotiention

Case study: using sentiments to predict the
outcome of an election 2011
Positive word Negative word

• Data were collected mainly from
social media (forums and blogs).
• On the basis of only sentiments,
a forecast of election results was
obtained three days prior to the
day
of
presidential
and
parliamentary elections.
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Dynamics of changes in the number of positive
sentiments for candidates in the presidential election
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• The
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difference
between the number of positive
sentiments collected on the eve
of elections between Duda /
Komorowski) of elections was <
0.66% (real difference: 3.10%,
result of RI: 2.44%).
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Prediction - model
• If there is a statistically significant correlation between the s sentiments
and the way of progress phenomena (e.g.. progress of the course of the
assessment of the person / product) at time intervals (t1, t2 ..., tn).
• It is possible prediction of the course of events only based on sentiments s
(predictors) the phenomenon at the time tn + 1 (improvement,
deterioration or no change in the value of trading / evaluation).
• This can be achieved by using multiple regression analysis (model), which
will fit to empirical data in the time before tn.
• This model will estimate / predict the state of the phenomenon over time
tn + 1.
• This is due to the fact that the received data is better suited than the case
of a regression model.

Fundamental condition of Frequency
Distributions success
• Having enough information to exceed the level of significance of
results obtained to obtain reliable results, such as the prediction of
the phenomenon.
• The system must "learn" to achieve the statistical significance
• The solution (apart from the size of the dataset source) is the
professional use of multiple regression functions and includes more
than one parameter for prediction - sentiment frequencies.
• It is here that the phenomena / objects of research are combined,
which are independently, but they indicate mutual dependencies

Limitation of prediction
• Some of the phenomena / research subjects is too random and on
the basis of currently available tools / methods are not subjected to
statistical analysis leading to the prediction.
• The solution is to define the areas for which RI can be a tool widely
understood diagnosis (eg. The identification of hazards).

Dimension 3. Machine Learning
Supervised Learning Algorithms
• Supervised learning uses labeled training data to learn the mapping
function that turns input variables (X) into the output variable (Y). In other
words, it finds a function f in the following equation:
Y = f(X)
• This allows us to accurately generate outputs when given new inputs.
• We’ll talk about two types of supervised learning: classification and
regression.

Classification, Regression, Ensembling
• Classification is used to predict the outcome of a given sample when the
output variable is in the form of categories. A classification model might
look at the input data and try to predict labels like “sick” or “healthy.”
• Regression is used to predict the outcome of a given sample when the
output variable is in the form of real values. For example, a regression
model might process input data to predict the amount of rainfall, the tall of
a person, etc.
• Ensemble learning is another type of supervised learning. It means
combining the predictions of multiple machine learning models that are
individually weak to produce a more accurate prediction on a new sample.

Wyspy mediów
(klastry/skupienia)

tsne_100000_80_ 3600_med¡a_monogram_marked

Machine Learning
Unsupervised Learning Algorithms
• Unsupervised learning models are used when we only have the input
variables (X) and no corresponding output variables. They use unlabeled
training data to model the underlying structure of the data.
• We’ll talk about three types of unsupervised learning:

• Association is used to discover the probability of the co-occurrence of items in a
collection. It is extensively used in market-basket analysis. For example, an
association model might be used to discover that if a customer purchases bread,
s/he is 80% likely to also purchase eggs.
• Clustering is used to group samples such that objects within the same cluster are
more similar to each other than to the objects from another cluster.
• Dimensionality Reduction is used to reduce the number of variables of a data set
while ensuring that important information is still conveyed. Dimensionality
Reduction can be done using Feature Extraction methods (e.g. PCA) and Feature
Selection methods (e.g t-SNA). Feature Selection selects a subset of the original
variables. Feature Extraction performs data transformation from a high-dimensional
space to a low-dimensional space.

Machine Learning
Frequency Distributions (FD)
• There are different PATHS - multipurpose ways to find, collect and
analyze information obtained from the Web and offline information
sources about any research subject – PILAR (=word/s).
• It gives the opportunity (with an assumed level of statistical
significance) to investigate 3P :
• Past
• Present
• Prediction
of multidimensional information space on the subject=PILAR.

• Dimensions=attributes = parameters which describe the Pillar. E.g.
pillar=car, attributes: power, speed, security, gas usage

Conclusion
• The outlined the firdt step of refining - Frequency Distributions (FD)
procedure and the results of quantitative research using BD shows
that FD can be a reliable source of information about the status,
changes and prediction of changes of a process, event, thing or
person. This helps to diagnose the conditions and dynamics of
changes of the subject under study.
• FD provides a meaningful way to discover new information sources
for a wide spectrum of uses – from election study to tracking changes
in AI.
• Next step of refining – Mashine Learning

