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WHY . . . bridging

Sample survey theory and method have been 
a reliable “gold standard” framework  for over 100 years 
to create informa=on and  new knowledge from data

… and  now a paradigm shi? 

§ in data management and sta=s=cal analysis 
§ dragged  by digi=za=on and the explosion of the 

Internet



SIGNS from the past

§ Declining response rates 
§ Increasing costs to fill in accelerated information needs
§ Penetration of digital devices and the Internet

Web Surveys as a first natural response



THE BigData ERA

§ Traffic on the WWW, e.g. Social networks,  commenting &  blog posting  

§ Software & sensors monitoring business transactions, shipments, 
suppliers & customers

§ digitized health records

§ videos & images & audios, e.g. surveillance cameras, Instagram, YouTube  

§ click streams & log-files, e.g. on  e-commerce platforms & IoT

§ search queries,  e.g. all our Google-ing

§ satellite imagery &  geo-localized data, e.g.  from mobile phones

§ . . . 



THE BigData ERA

§ a temp=ng abundance  of datasets collected passively, self-
crea=ng & self-upda=ng

§ at great speed and mostly free/lower cost 

§ for  a large por=on ready-for-access from our own computer 
and cell phone 

Why should  we not want to use it, to harness their power 
to answer questions, networking, connect … and to deal 
with issues challenging survey sampling theory and practice



IS there a THREATEN?

§ Is the impact of the BigData Era threatening our science? Our 
own competencies?

§ A menace to statisticians and scientist at large?



IS there a THREATEN?

“The End of Theory: The Data Deluge Makes the 
Scien=fic Method Obsolete”   (2008)

https://www.wired.com/2008/06/pb-theory/

… 60 years ago, digital computers made information readable. 20
years ago, the Internet made it reachable. 10 years ago, the first 

search engine crawlers made it a single database […measured in   
PetaByte=1 million GigaByte and stored in cloud].

… faced with massive data, [the] approach to science - hypotheses, 
model, test - is becoming obsolete…

https://www.wired.com/2008/06/pb-theory/


IS there a THREATEN?

S. Lohr 2016 
Distinguished Lecture

prof. of Internet Governance and Regula4on @Oxford Univ formerly @Harvard
data editor of the Economist



IS there a THREATEN?

§ Is BigData underplaying survey  sampling theory & practice ?

§ Supplanting it as a low-cost futuristic option?



IS there a THREATEN?



IS there a THREATEN?

§ Limits of BigData, e.g. Opportunity for mischief

§ Big data are here to stay

§ we should welcome – rather than fear or oppose – these 
new developments



IS there a THREATEN?

1. the decline in response rates in probability surveys
2. the high cost of data collection
3. the increased burden on respondents 
4. the desire for access to “real-time” statistics 
5. the proliferation of non-probability data sources (as do is BigData)

The 5 key factors that make the ques=on relevant . . .



IS there a THREATEN?

. . . that have  brought  to 
a wind of change has been blowing over national statistical agencies, 
and other data sources [different from standard (probability) surveys] 

are being increasingly explored. “

IASS Webinar 13: Making Inferences from Non-probability Samples through Data Integration

http://isi-iass.org/home/wp-content/uploads/IASS_2022_Beaumont_DataIntegration.pdf
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Sample survey theory and methods:  
Past, present, and future directions 

J.N.K. Rao and Wayne A. Fuller1 

Abstract 

We discuss developments in sample survey theory and methods covering the past 100 years. Neyman’s 1934 
landmark paper laid the theoretical foundations for the probability sampling approach to inference from survey 
samples. Classical sampling books by Cochran, Deming, Hansen, Hurwitz and Madow, Sukhatme, and Yates, 
which appeared in the early 1950s, expanded and elaborated the theory of probability sampling, emphasizing 
unbiasedness, model free features, and designs that minimize variance for a fixed cost. During the period 1960-
1970, theoretical foundations of inference from survey data received attention, with the model-dependent 
approach generating considerable discussion. Introduction of general purpose statistical software led to the use 
of such software with survey data, which led to the design of methods specifically for complex survey data. At 
the same time, weighting methods, such as regression estimation and calibration, became practical and design 
consistency replaced unbiasedness as the requirement for standard estimators. A bit later, computer-intensive 
resampling methods also became practical for large scale survey samples. Improved computer power led to more 
sophisticated imputation for missing data, use of more auxiliary data, some treatment of measurement errors in 
estimation, and more complex estimation procedures. A notable use of models was in the expanded use of small 
area estimation. Future directions in research and methods will be influenced by budgets, response rates, 
timeliness, improved data collection devices, and availability of auxiliary data, some of which will come from 
“Big Data”. Survey taking will be impacted by changing cultural behavior and by a changing physical-technical 
environment. 

 
Key Words: Data collection; History of survey sampling; Probability sampling; Survey inference. 

 
 

1  Introduction 
 

This paper was prepared at the invitation of Dr. Danny Pfeffermann, 2015 President of the International 
Association of Survey Statisticians, who provided the ambitious title. The paper was presented at the 
meetings of the International Statistical Institute in Rio de Janeiro, Brazil in 2015.  

The title defines an area too large for us to address in a single paper. Furthermore, there are a number of 
review papers that address the topics of the title, including Kish (1995), Bellhouse (2000), Rao (2005), 
Bethlehem (2009), Brick (2011), Groves (2011), and Brewer (2013). Our discussion draws on those papers, 
but we do not attempt completeness. We provide a brief appraisal of the three topics and project a number 
of current situations into the future. Our aim is to stimulate further discussion, especially on the future 
directions. Beyond the discussion of controversies related to purposive sampling, we will concentrate on 
probability-based sampling. Because survey sampling is an applied field, some of the problems encountered 
and methods employed in practice will be addressed. Our discussion is most relevant for large general 
purpose samples, the surveys where we have the most experience. Likewise, our knowledge of applications 
is concentrated in Canada and the United States. 

The paper is organized as follow. Section 2 presents the early landmark contributions from 1920-1960. 
Inferential issues are covered in Section 3. The paper concludes with a discussion on the future in Section 4. 
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“[…] improved data collecOon devices, and availability of 
auxiliary data, some of which will come from “Big Data”. 
Survey taking will be impacted by changing cultural 
behavior and by a changing physical-technical 
environment.”



Ri-POSITIONING 

https://unece.org/sites/default/files/2021-09/DC2021_S4_Chen_UNSD_A.pdf2021

“Household surveys are facing funding challenges and 
skepticism on their continued utility within the changing 

data landscape […including] How can we establish 
sustainable household survey programs that are resilient 

and versatile to future shocks like COVID-19?” 
IASS Webinar 11 - Nov 2021
G. Carletto co-director  ISWGHS
hAp://isi-iass.org/home/wpcontent/uploads/IASS_HouseholdSurveys_Nov23_webinar.pdf

https://unece.org/sites/default/files/2021-09/DC2021_S4_Chen_UNSD_A.pdf
http://isi-iass.org/home/wpcontent/uploads/IASS_HouseholdSurveys_Nov23_webinar.pdf


A compelling CALL-FOR-ACTION

S-Index
StaNsNcs 
Sampling 
Survey …

S. Lohr 2016 
DisOnguished Lecture



WHAT IS BIG … data

§ trending buzzword
§ blanket term (Wikipedia)
§ Organic data   R.Groves 2011 PubOpQ;   Found data  AAPOR 2015

§ “a collecOve term for the increasingly diverse range of data sources 
available through 'web of everything’ “ S-M.Tam&F. Clarke 2015 IRS

§ h"ps://ischoolonline.berkeley.edu/blog/what-is-big-data/ 2019 
“Today, the concept of big data is not only less compelling, but it’s also 
potenOally misleading”

. . . A blurry definition 
. . . not  simply a matter of SIZE

https://ischoolonline.berkeley.edu/blog/what-is-big-data/
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---------------------------------------------------------------------***--------------------------------------------------------------------- 
Abstract - Big data has turned into a hot cake for many 
associations and can be more useful for the enterprises like 
banking, internet business, insurance and manufacturing and 
so forth to encourage their customers. Generally, at the point 
when the data was low in volume, it was effortlessly overseen 
and processed by traditional technologies. These technologies 
are unequipped for dealing with it as big data differs in terms 
of volume, velocity and value as compared to the other data. 
Researchers & practitioner have distinguished, characterized 
and explored big data in terms of its characteristics including 
volume, velocity, variety, value, virality, volatility, 
visualization, viscosity and validity.  Be that as it may, these 
examinations have been turned out to be deficient due to the 
developing issues rehashed day by day. This paper has 
identified and defined the fourteen characteristics of big data 
and a new three characteristics of big data has been explored 
further to handle big data efficiently. 
 
Key Words: Big Data, Data, 14 V’s, 1C, 17 V’s, Big 
Data Characteristics  
 
1. INTRODUCTION 
 
Big data is a collection of data sets or a combination of data 
sets. The concept of big data has been endemic within digital 
communication and information science since the earliest 
days of computing. Big data is growing day by day because 
data is created by everyone and for everything from mobile 
devices, call centers, web servers, and social networking 
sites[1]. But the challenge is that it is too large, too fast and 
hard to handle for traditional database and existing 
technologies. Many organizations gather the massive 
amounts of data generated from high-volume transactions 
like call centers, sensors, web logs, and digital images. The 
success of their business depends on meeting big data 
challenges while continually improving operational 
efficiency. 
 
Big data is continuously including more & more data sets 
with high volume beyond the capability of regularly used 
software tools to capture, curate, handle and process data set 
within a tolerable elapsed time. A huge amount of data sets is 
created every second from every part of the world i.e. the 
volume of data can never be reduce but increases day by day. 
Nearly five years ago, personal computer storage was tens to 
hundreds of gigabytes. Today IDC's Digital Universe Study 
predicts that between 2009 and 2020 digital information 
data will grow by 44% from 0.8 ZB to 35 ZB. Many surveys 

expect that volume of data will grow by 45% in the next two 
years, and few said it will be doubled [1]. Thus, big data is a 
moving target and requires more attention to capturing it, 
curate it, handle it and process it. Fig. 1 shows the 
exponential growth of big data volume with time.  
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig 1: Growth of Data 

 
2. EVOLUTION OF 14 V’s AND 1C OF BIG DATA 
CHARACTERISTICS 
 
A. 3 V’s of Big Data 
 
Big data is a new idea, and it has got numerous definitions 
from researchers, organizations, and individuals. In 2001, 
industry analyst Doung Laney (currently with Gartener), 
articulated the mainstream of definition of big data in terms 
of three V's: Volume, Velocity, and Variety[2].  
 

 
 

Fig 2: 3 V’s of Big Data 
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B. 4 V’s of Big Data 
 
SAS (Statistical Analysis System) has added two additional 
dimensions i.e. Variability and Complexity. Further, Oracle 
has defined big data in terms of four V's i.e. Volume,  
Velocity, Variety and Veracity[3].  
 

 
 

Fig 3: 4 V’s of Big Data 
 

C. 5 V’s of Big Data 
 
Oguntimilehin. A, presented big data in terms of five V's as 
Volume, Velocity, Variety, Variability, Value and a  
Complexity[1].  
 

 
 

Fig 4: 5 V’s of Big Data 
 
D. 10 V’s of Big Data 
 
In 2014, Data Science Central, Kirk Born has defined big data 
in 10 V’s i.e. Volume, Variety, Velocity, Veracity, Validity, 
Value, Variability, Venue, Vocabulary, and Vagueness [6].  
 

 
 

Fig 5: 10 V’s of Big Data 
 
E. 14 V’s of Big Data 
 
All the big data characteristics has been listed and defined in 
table 1. These characteristics provide research horizon to the 
researcher and practitioners in order to effectively manage 
big data. The whole research in big data revolves around 
these characteristics (Fourteen V’s and 1C defined in Table 
1) in order to effectively manage and use big data efficiently 
& effectively. But some gap still exists which need to be 
addressed in order to get better insight in the area. 
 

S. 
No 

Big Data 
Character 

-istics 

Elucidation Description 

1 Volume Size of Data Quantity of 
collected and 
stored data. Data 
size is in TB 

2 Velocity Speed of 
Data 

The transfer rate of 
data between 
source and 
destination 

3 Value Importance of 
Data 

It represents the 
business value to 
be derived from big 
data 

4 Variety Type of Data Different type of 
data like pictures, 
videos and audio 
arrives at  the 
receiving end 

5 Veracity Data Quality Accurate analysis of  
captured data is 
virtually worthless 
if it’s not accurate 

6 Validity Data 
Authenticity 

Correctness or 
accuracy of data 
used to extract 
result in the form of 
information 

WHAT IS BIG: the  Vs definiNon(s)
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7 Volatility Duration of 
Usefulness 

Big data volatility 
means the stored 
data and how long 
is useful to the user 

8 Visualization Data Act/ Data 
Process 

It is a process of 
representing 
abstract 

9 Virality Spreading 
Speed 

It is defined as the 
rate at which the 
data is broadcast 
/spread by a user 
and received by 
different users for 
their use 

10 Viscosity Lag of Event It is a time 
difference the event 
occurred and the 
event being 
described 

11 Variability Data 
Differentiation 

Data arrives 
constantly from 
different sources 
and how efficiently 
it differentiates 
between noisy data 
or important data 

12 Venue Different 
Platform 

Various types of 
data arrived from 
different sources 
via different 
platforms like 
personnel system 
and  private & 
public cloud 

13 Vocabulary Data 
Terminology 

Data terminology 
likes data model 
and data structures 

14 Vagueness Indistinctness 
of existence in 

a Data 

Vagueness concern 
the reality in 
information that 
suggested little or 
no thought about 
what each might 
convey 

15 Complexity Correlation of 
Data 

Data comes from 
different sources 
and it is necessary 
to figure out the 
changes whether 
small or large in 
data with respect to 
the previously 
arrived data so that 
information can get 
quickly 

 
Table 1: 14 V’s of Big Data Characteristics 

 
3. NEED FOR MORE EXPLORATION OF BIG DATA 
 
S.Vikram Phaneendra and Madhusdhan Reddy discussed that 
the data was less and can be easily handled by RDBMS but 

now-a-days it is not possible through RDMS tools, to manage 
big data. Because big data is different from other data in 
terms of five characteristics likes Volume, Variety, Velocity, 
Variability and Value[4].  
 
Kiran Kumar Reddy and Dnvsl Indira, have explained that 
big data is in the form of Structured, un-structured, massive 
homogenous and heterogeneous. They have also advised to 
use a better and modified model to handle and transfer of big 
data over the network [15]. 
 
Wei fan and Albert Bifet explored big data mining, as the 
capability of taking out the useful information from large 
data sets due to its characteristics likes volume, variability 
and velocity. It was not possible to do it before. So, 
researchers and practitioners have explored the big data in 
terms of volume, velocity, variety, variability, velocity, 
variety, value, virality, volatility, visualization, viscosity and 
validity [10]. 
 
In 2016, Experian discussed that 97% of US businesses are 
seeking to achieve a complete view of their customer, but the 
biggest problem organisations are facing is big data 
management [7]. US government accountability office has 
shown that five of the six most damaging data thefts of all 
time have happened in the last two years [8].  
 
In November 2015, New York Times has published an article 
over DNA, which discusses about a genomics company in 
China. The company has been generating so many data that 
it could not be transmitted electronically. Hence instead of 
going up online they have been using disc data transfer 
method.  
 
On the basis of the above discussion, it can be inferred that 
the research in big data exploring only these characteristics 
(Fourteen V’s and a C) is not sufficient. In addition, because 
of the huge volume of big data, traditional methods for 
managing extracting and analyzing the same are not very 
useful as these may not provide accurate result for decision 
making. For using big data in a managed way, some more 
characteristics of the same must be explored and defined. As 
it is already discussed that the available research on big data 
is not sufficient to manage and use the same, it must be 
explored further to identify its more characteristics. The 
research on newly identified characteristics of big data may 
provide simple and effective management and use. 
 
4. NEW 3 V’s OF BIG DATA CHARACTERISTICS 
 
Most of the organisations in today’s world are dealing with 
huge amount of data. The big nature raises several issues. 
Though there are many solutions offered to solve the issues 
but as discussed in above section, problems still exist. This 
inspires to develop in depth understandings of big data. This 
will help to solve issues related to big data effectively. While 
going through the literature about big data, the study 

11.

12.

13.

14.
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present in the paper has dug out three more characteristics 
of it. These characteristics are defined as: 
 
A. Verbosity  
 
Big data is a massive data that comes from different sources 
which may be structured or unstructured data, good/bad 
data. Bad data refers to the information which is wrong, out 
of date or incomplete. The consequences of storing these 
types of information may be dangerous sometimes. So, it is 
recommended to check that the stored data is secured, 
relevant, complete, and trustworthy. If a suitable technique 
at the initial stage is applied to decide whether the 
information is useful or not, then storage space, as well as 
processing time can be saved. Keeping in mind the verbose 
nature of the big data, we have identified ‘verbosity’ as one 
of the characteristic of big data which is defined as “The 
redundancy of the information available at different 
sources.” 
 
B. Voluntariness 
 
Big data is a set of huge amount of data which can be used as 
a volunteer by different organisations without any 
interference. Big data voluntarily help numerous enterprises. 
It assist retailers by giving them knowledge of customer 
preferences, urban planning by visualization of environment 
modelling and traffic patterns, manufacturers by predicting 
product issues to optimize their productivity and to improve 
the equipment and customers performance, energy 
companies to meet out energy demands during peak time 
and consequently increase production and improving 
efficiency by reducing the losses, healthcares professionals 
to prevent diseases and improving patient health [1], 
research organisations to obtain quality of research and 
revolutionize life science, physical science, medical science 
and scientific research[11][12], financial service 
organizations to identify and prevent fraud, government 
agencies to improve services in their respective fields. 
Keeping in mind the voluntary behaviour of the big data, 
‘voluntary’ has been defined as one of the characteristic of 
big data which is defined as “The will full availability of big 
data to be used according to the context.” 
 
C.  Versatility 
 
Big data is evolving to satisfy the needs of many 
organisations, researchers and Government. It facilitate the 
urban planning, environment modelling, visualization, 
analysis, quality classification, securing environment, 
computational analysis, biological understanding, designing 
and manufacturing process required by organisations and 
cost-effective models as well as elegant exploration of the 
result. Keeping in mind the resourceful/adaptable nature of 
the big data, we have identified ‘versatility’ as one of the 
characteristic of big data which is defined as “The ability of 

big data to be flexible enough to be used differently for 
different context.” 
 
The three characteristics obtained in the research may prove 
to be a milestone for the purpose of research, if explored 
properly. Further research in these characteristics may 
resolve many issues related to big data. It may also help to 
differentiate the big data nature. 
 
5. CONCLUSION  
 
Big data is a collection of data sets which is growing day by 
day because data is created by everyone and for everything 
from mobile device and call centre. This paper revolves 
around the big data and its characteristics in terms of V’s like 
volume, velocity, value, variety, veracity, validity, 
visualization, virality, viscosity, variability, volatility, venue, 
vocabulary, vagueness, and complexity. The day by day 
reported issues reflects that available research is not 
sufficient to manage and process big data. Hence the 
research presented in the paper has explored big data 
further to identify the three new ‘V’ characteristics i.e. 
Verbosity, Voluntariness, and Versatility. It is expected that 
the research on 17 V’s and 1C (volume, velocity, value, 
variety, veracity, validity, visualization, virality, viscosity, 
variability, volatility, venue, vocabulary, vagueness, 
verbosity, voluntariness, and versatility and complexity) 
identified characteristics will provide simple and effective 
management of big data which can be used in value added 
applications and research environment. 
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7 Volatility Duration of 
Usefulness 

Big data volatility 
means the stored 
data and how long 
is useful to the user 

8 Visualization Data Act/ Data 
Process 

It is a process of 
representing 
abstract 

9 Virality Spreading 
Speed 

It is defined as the 
rate at which the 
data is broadcast 
/spread by a user 
and received by 
different users for 
their use 

10 Viscosity Lag of Event It is a time 
difference the event 
occurred and the 
event being 
described 

11 Variability Data 
Differentiation 

Data arrives 
constantly from 
different sources 
and how efficiently 
it differentiates 
between noisy data 
or important data 

12 Venue Different 
Platform 

Various types of 
data arrived from 
different sources 
via different 
platforms like 
personnel system 
and  private & 
public cloud 

13 Vocabulary Data 
Terminology 

Data terminology 
likes data model 
and data structures 

14 Vagueness Indistinctness 
of existence in 

a Data 

Vagueness concern 
the reality in 
information that 
suggested little or 
no thought about 
what each might 
convey 

15 Complexity Correlation of 
Data 

Data comes from 
different sources 
and it is necessary 
to figure out the 
changes whether 
small or large in 
data with respect to 
the previously 
arrived data so that 
information can get 
quickly 

 
Table 1: 14 V’s of Big Data Characteristics 

 
3. NEED FOR MORE EXPLORATION OF BIG DATA 
 
S.Vikram Phaneendra and Madhusdhan Reddy discussed that 
the data was less and can be easily handled by RDBMS but 

now-a-days it is not possible through RDMS tools, to manage 
big data. Because big data is different from other data in 
terms of five characteristics likes Volume, Variety, Velocity, 
Variability and Value[4].  
 
Kiran Kumar Reddy and Dnvsl Indira, have explained that 
big data is in the form of Structured, un-structured, massive 
homogenous and heterogeneous. They have also advised to 
use a better and modified model to handle and transfer of big 
data over the network [15]. 
 
Wei fan and Albert Bifet explored big data mining, as the 
capability of taking out the useful information from large 
data sets due to its characteristics likes volume, variability 
and velocity. It was not possible to do it before. So, 
researchers and practitioners have explored the big data in 
terms of volume, velocity, variety, variability, velocity, 
variety, value, virality, volatility, visualization, viscosity and 
validity [10]. 
 
In 2016, Experian discussed that 97% of US businesses are 
seeking to achieve a complete view of their customer, but the 
biggest problem organisations are facing is big data 
management [7]. US government accountability office has 
shown that five of the six most damaging data thefts of all 
time have happened in the last two years [8].  
 
In November 2015, New York Times has published an article 
over DNA, which discusses about a genomics company in 
China. The company has been generating so many data that 
it could not be transmitted electronically. Hence instead of 
going up online they have been using disc data transfer 
method.  
 
On the basis of the above discussion, it can be inferred that 
the research in big data exploring only these characteristics 
(Fourteen V’s and a C) is not sufficient. In addition, because 
of the huge volume of big data, traditional methods for 
managing extracting and analyzing the same are not very 
useful as these may not provide accurate result for decision 
making. For using big data in a managed way, some more 
characteristics of the same must be explored and defined. As 
it is already discussed that the available research on big data 
is not sufficient to manage and use the same, it must be 
explored further to identify its more characteristics. The 
research on newly identified characteristics of big data may 
provide simple and effective management and use. 
 
4. NEW 3 V’s OF BIG DATA CHARACTERISTICS 
 
Most of the organisations in today’s world are dealing with 
huge amount of data. The big nature raises several issues. 
Though there are many solutions offered to solve the issues 
but as discussed in above section, problems still exist. This 
inspires to develop in depth understandings of big data. This 
will help to solve issues related to big data effectively. While 
going through the literature about big data, the study 
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Abstract - Big data has turned into a hot cake for many 
associations and can be more useful for the enterprises like 
banking, internet business, insurance and manufacturing and 
so forth to encourage their customers. Generally, at the point 
when the data was low in volume, it was effortlessly overseen 
and processed by traditional technologies. These technologies 
are unequipped for dealing with it as big data differs in terms 
of volume, velocity and value as compared to the other data. 
Researchers & practitioner have distinguished, characterized 
and explored big data in terms of its characteristics including 
volume, velocity, variety, value, virality, volatility, 
visualization, viscosity and validity.  Be that as it may, these 
examinations have been turned out to be deficient due to the 
developing issues rehashed day by day. This paper has 
identified and defined the fourteen characteristics of big data 
and a new three characteristics of big data has been explored 
further to handle big data efficiently. 
 
Key Words: Big Data, Data, 14 V’s, 1C, 17 V’s, Big 
Data Characteristics  
 
1. INTRODUCTION 
 
Big data is a collection of data sets or a combination of data 
sets. The concept of big data has been endemic within digital 
communication and information science since the earliest 
days of computing. Big data is growing day by day because 
data is created by everyone and for everything from mobile 
devices, call centers, web servers, and social networking 
sites[1]. But the challenge is that it is too large, too fast and 
hard to handle for traditional database and existing 
technologies. Many organizations gather the massive 
amounts of data generated from high-volume transactions 
like call centers, sensors, web logs, and digital images. The 
success of their business depends on meeting big data 
challenges while continually improving operational 
efficiency. 
 
Big data is continuously including more & more data sets 
with high volume beyond the capability of regularly used 
software tools to capture, curate, handle and process data set 
within a tolerable elapsed time. A huge amount of data sets is 
created every second from every part of the world i.e. the 
volume of data can never be reduce but increases day by day. 
Nearly five years ago, personal computer storage was tens to 
hundreds of gigabytes. Today IDC's Digital Universe Study 
predicts that between 2009 and 2020 digital information 
data will grow by 44% from 0.8 ZB to 35 ZB. Many surveys 

expect that volume of data will grow by 45% in the next two 
years, and few said it will be doubled [1]. Thus, big data is a 
moving target and requires more attention to capturing it, 
curate it, handle it and process it. Fig. 1 shows the 
exponential growth of big data volume with time.  
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig 1: Growth of Data 
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A. 3 V’s of Big Data 
 
Big data is a new idea, and it has got numerous definitions 
from researchers, organizations, and individuals. In 2001, 
industry analyst Doung Laney (currently with Gartener), 
articulated the mainstream of definition of big data in terms 
of three V's: Volume, Velocity, and Variety[2].  
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WHAT IS BIG: the  Vs definiNon(s)



WHAT IS BIG: a personal classification



Weaknesses Straights

Risks

- Variety Structured,  Semi & 
Un-structured

+ Volume + Variety  a lot of choice
+ Velocity Timeliness user-friendly



Weaknesses Straights

Risks

- Variety
- Value low signal to noise raIo

Big Data – Big Noise UNIDO 2015 
hAps://unstats.un.org/unsd/accsub/2015docs-
26th/PresentaMon-UNIDO.pdf

+ Volume + Variety
+ Velocity
+ Value BigData-BigImpact WEF 2012
hAps://www.weforum.org/reports/big-data-big-impact-
new-possibiliMes-internaMonal-development

“declared data a new class of economic 
asset, like currency or gold“

- Veracity accuracy & truthfulness of data & 
trustfulness of data-source

“Like good wine, the provenance of the
data we analyze is important, as it is quality” 

M.P.Couper 2013 SurResMeth

https://unstats.un.org/unsd/accsub/2015docs-26th/Presentation-UNIDO.pdf
https://www.weforum.org/reports/big-data-big-impact-new-possibilities-international-development


Weaknesses Straights

Risks

- Variety
- Value
- Venue mulIple plaSorms, need for 

data integraIon

+ Volume + Variety  
+ Velocity
+ Value

- Veracity
- Validity  Data quality & proper processing &

staIsIcal analysis toolsaaa
- Variability Outliers, inconsistencies across

sources & Imeaa
- Vocabulary & Vagueness context-specific, 

misleading across users, lack of standard def



Weaknesses Straights

Risks

- Variety
- Value
- Venue
- Volatility quickly out-of-date 
- Verbosity redundancy 

+ Volume + Variety  
+ Velocity
+ Value
+ Visualization  Infographic
+ Virality fast dissemination
+ Voluntariness availability to a range of users
+ Versatility flexibility across context & users

- Veracity
- Validity  
- Variability
- Vocabulary & Vagueness
- Viscosity fricIon in data flow & linkage   

e.g. Ime lag  



Weaknesses Straights

Risks

- Variety
- Value
- Venue
- Volatility
- Verbosity 

- Target Population not well defined
- Unplanned  data collection, not well 

targeted

+ Volume + Variety  
+ Velocity
+ Value
+ Visualiza6on  
+ Virality
+ Voluntariness 
+ Versa6lity

+ Low cost or free
+ Easy/Open access  flow to public plaSorms

- Veracity
- Validity  
- Variability
- Vocabulary & Vagueness
- Viscosity
- External validity sampling error out-of-control
- Biases   non-sampling errors 
- Lack of transparency generating & processing ML 
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How to improve upon  BigData
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method & pracIce by BIgData & ML
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L.Castro-Mar4n, MdM.Rueda & 
co-auhors 2020, 2021

C. Goga,  D. Haziza &aaaaaaa
co-authors 2021, 2022 
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WHERE IS THE BRIDGE



WHERE IS THE BRIDGE

§ NON-PROBABILITY SAMPLING

unknown, unplanned &  inherently biased  mechanism  
generating the BigData

Non-probability surveys have been around for a long Ome, 
but the recent a]enOon that has been paid to such methods 

can be partly a]ributed to the rise of BIgData
AAPOR Report 2013 

Task Force on Non-probability sampling



WHERE IS THE BRIDGE

§ NON-PROBABILITY SAMPLING
J-F.Beaumont 2022  IASS Webinar 13

J-F. Beaumont & JNK.Rao 2021 Survey Statistician  
PL.Conti 2022 SIS

§ Bias can not be corrected upon sample data itself
§ Extra-info required:

1. available  probability reference sample
2. non-testable assumptions

§ Several methods based on Propensity Score adjustment



WHERE IS THE BRIDGE

§ NON-PROBABILITY SAMPLING

L.Chen P.Li, JNK.Rao & C.Wu 2022 CanJStat
Pseudo empirical likelihood inference for non-probability 

survey samples 



WHERE IS THE BRIDGE

§ EL nonparametric quasi-likelihood  method for iid inference  
Owen 1988

§ EL nonparametric  Likelihood-ra=o type Confidence Intervals with no 
variance es=ma=on needed and range-respec=ng (unlike customary 
large-sample normal theory CI)

§ Not directly applying to complex sample designs

§ Pseudo-EL does based on  a discrete probability measure on sample 
data & inclusion probabili=es considered in PE(log)L func=on

C.Wu&JNK.Rao (2006) CanJStat
C.Wu&M.E.Thompson 2020 Springer Ch. 8 



Pseudo-EL  APPROACH

L.Chen P.Li, JNK.Rao & C.Wu 2022 CanJStat
Pseudo empirical likelihood inference for non-probability 

survey samples 

§ Data:   NP                         & reference                          with                 known

§ PS or par=cipa=ng probability: 
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strong-ignorability condition 
Rosenbaum & Rubin (1983) Biometrika



Pseudo-EL  APPROACH

L.Chen P.Li, JNK.Rao & C.Wu 2022 CanJStat
Pseudo empirical likelihood inference for non-probability 

survey samples 

§ Data:   NP                         & reference                          with                 known

§ PS or participating probability:

§ Estimated PS         by using      from         leading to   
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Doubly robust inference with non-probability 
survey samples

Y.Chen, P.Li& C.Wu 2020 JASA
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L.Chen P.Li, JNK.Rao & C.Wu 2022 CanJStat
Pseudo empirical likelihood inference for non-probability 

survey samples 

1. Discrete probability measure

2. log Pseudo-EL func=on

3. Normaliza=on constraint 

4. Parameter constraint 
e.g. for es=ma=ng pop mean

Pseudo-EL  APPROACH
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1

ˆATEHT “
x

AT̂EH “

tpxi, yiq, i P sAu

tpxi,⇡
B

i
q, i P sBu dB

i
“ 1{⇡B

i

⇡A

i
“ P ti P sA|pxi, yiqu “ P ti P sA|xiu

⇡̂A

i
xi sB

i P sA

d̂A
i

“ 1{⇡̂A

i

tpi, i “ 1 . . . nAu

lPEL “ nA

ÿ

iPsA
d̂A
i

logppiq

ÿ

iPsA
pi “ 1

ÿ

iPsA
piyi “ Ȳ
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L.Chen P.Li, JNK.Rao & C.Wu 2022 CanJStat
Pseudo empirical likelihood inference for non-probability 

survey samples 

Pseudo-EL  APPROACH

§ Likelihood ratio-type CI   C.Wu & JNK.Rao 2006 CanJStats

§ (simplified) bootstrap calibration for variance estimation
C.Wu & JNK.Rao 2010 StatsProbLettersa

§ Calibration constraint(s) can be accommodated as 
additional estimating function (moment constraint)
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WHERE IS THE BRIDGE

§ DATA INTEGRATION & DATA COMBINATION
JNK.Rao 2021 
SL.Lohr  2021  SurvMeth 

On Making Valid Inferences by Integrating Data
from Surveys and Other Sources

J. N. K. Rao
Carleton University, Ottawa, Canada

Abstract
Survey samplers have long been using probability samples from one or more
sources in conjunction with census and administrative data to make valid and
efficient inferences on finite population parameters. This topic has received a lot of
attention more recently in the context of data from non-probability samples such
as transaction data, web surveys and social media data. In this paper, I will
provide a brief overview of probability sampling methods first and then discuss
some recent methods, based on models for the non-probability samples, which
could lead to useful inferences from a non-probability sample by itself or when
combined with a probability sample. I will also explain how big data may be used
as predictors in small area estimation, a topic of current interest because of the
growing demand for reliable local area statistics.

Keywords. Big data, Dual frames, Probability sampling, Non-probability
sampling, Sample selection bias, Small area estimation

1 Introduction

Sample surveys have long been conducted to obtain reliable estimates of finite
population descriptive parameters, such as totals, means and quantiles, and asso-
ciated standard errors and normal theory confidence intervals with large enough
sample sizes. Probability sampling designs and repeated sampling inference, also
called the design-based approach, has played a dominant role, especially in the
production of official statistics, ever since the publication of the landmark paper by
Neyman (1934) which laid the theoretical foundations of the design-based ap-
proach. The design-based approach was almost universally accepted by practicing
official statisticians. The early landmark contributions to the design-based ap-
proach, outlined in Section 2.1, were mostly motivated by practical and efficiency
considerations. Methods for combining two or more probability samples were also
developed to increase the efficiency of estimators for a given cost (Section 3). Data

242-2722021, Volume 83-B, Part 1, pp.
Sankhyā : The Indian Journal of Statistics

# Indian Statistical Institute 2020Mul=ple-frame surveys for a mul=ple-data-source world 

the use of MF  is suggested as an organizing principle to combine 
data from mul=ple sources
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1 Introduction

Sample surveys have long been conducted to obtain reliable estimates of finite
population descriptive parameters, such as totals, means and quantiles, and asso-
ciated standard errors and normal theory confidence intervals with large enough
sample sizes. Probability sampling designs and repeated sampling inference, also
called the design-based approach, has played a dominant role, especially in the
production of official statistics, ever since the publication of the landmark paper by
Neyman (1934) which laid the theoretical foundations of the design-based ap-
proach. The design-based approach was almost universally accepted by practicing
official statisticians. The early landmark contributions to the design-based ap-
proach, outlined in Section 2.1, were mostly motivated by practical and efficiency
considerations. Methods for combining two or more probability samples were also
developed to increase the efficiency of estimators for a given cost (Section 3). Data

242-2722021, Volume 83-B, Part 1, pp.
Sankhyā : The Indian Journal of Statistics

# Indian Statistical Institute 2020Multiple-frame surveys for a multiple-data-source world 

“Although the types of data (and the speed with which 
some types of data can be collected) have changed in 

recent years, the basic structure of the problem for 
combining data sources is unchanged from the earliest 

dual-frame surveys”



DUAL & MULTIPLE FRAME SURVEY

§ Overlap among frames leads to mixed & mulIple 
opportuniIes of  selecIng the same unit in the final
sample

§ Increased inclusion probability for units appearing in 
more than one frame (whether or not mulIple–listed
units are in fact selected)

§ Chances for overlapping frame-samples (whether or 
not duplicaIons actually occur in the final sample)

§ Overlap complexity quickly increases with the 
number of frames used

s1 s2 s3

U0 Ut t • 1 Lt Rt

Q§

q“1

Uq – U

1

s1 s2 s3

U0 Ut t • 1 Lt Rt

Q§

q“1

Uq – U

1

s1 s2 s3

U0 Ut t • 1 Lt Rt

Q§

q“1

Uq – U

1

Data & EsImates



WHERE IS THE BRIDGE

§ DATA INTEGRATION & DATA COMBINATION

§ MF surveys  are essentially a matter of combining data from different  
frame-samples

§ A fresh view  & research perspectives under the simplified, unified & 
principled  MF multiplicity approach

§ Expanding the “traditional” structure of overlapping frames (Area and 
List frames) to include BigData frames

administrative records & business transactions, Sensor &  
satellite data, Internet & Social media, non-probability

AC.Singh & F.Mecatti (2011) JOS
F.Mecatti & AC.Singh (2014) JFrenchStatSoc



WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS
involving BigData associated to ML & AI

Improved new-genera=on ML methodologies
transparent &  sta=s=cally inferen=al

L.Giammei 2022 aaa
hAps://web.uniroma1.it/memotef/sites/default/files/Giammei_onlinefirst_Phd_2022.pdf

o Environmental data science
o Computational Social Science
o Causal inference from observational data 

& causal statistical learning 

https://web.uniroma1.it/memotef/sites/default/files/Giammei_onlinefirst_Phd_2022.pdf


WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Bayesian Networks

§ Graphical Multivariate Statistical Models satisfying
Sets of conditional independence statements displayed 
in a DAG 

§ Estimated via structural learning, e.g. PC constrain-based 
algorithm,  fed with large dataset, starting  on  a complete 
undirected graph, via a sequence of conditional independence 
tests. 



WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Bayesian Networks (BNs)

§ The es=mated BN is a map of the associa=on structure 
between all variables  displayed in the easy-to-read graph 

§ The graphical interface has an analy=c counterpart, in the form 
of  es=mated probability distribu=ons (joint, marginal and 
condi=onal)



WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Bayesian Networks (BNs)

§ The es=mated BN is also a predic=ve engine for crea=ng 
scenarios and for what-if analysis

§ Any supplied new piece of informa=on,  propagates 
throughout the map and updates occur across the whole 
es=mated BN



WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Enhancing Treatment Effect Evaluation in Observational Study: a 
Propensity Score Method based on Bayesian Networks
F.Cugnata, P. M.V. Rancoita, PL.Conti, A.Briganti, C. Di Serio, 
F. Mecatti & Paola Vicard SIS 2022

§ Observational data-sets are often larger-scale and easier to attain 
than experimental data , i.e. gold standard for causal inference

§ Current practice based on Potential Outcomes approach  with a 
logistic model for the Propensity Score Imbens&Rubin 2015 CambridgeUPress



WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Bayesian Networks (BNs)

§ to estimate PS, upon discrete covariates

§ then estimate the Average Treatment Effect

AT̂EHT “
x

AT̂EH “

1

A propensity score approach for treatment evaluation based on Bayesian Networks 3

H3. Common support. There exists a positive real ! for which ! ! pk(xxx) ! 1" !
for each xxx and k = 0, 1.

In the case under examination, the absence of treatment effect is equivalent to say
that "0 = "1. The treatment effect can be also expressed in terms of Average Treat-
ment Effect (ATE), defined in general as AT E = E[Y(1)]" E[Y(0)]. Since in the
present case E[Y(k)] = "k, k = 0,1, the absence of treatment effect is equivalent to
AT E = 0.

Estimation of propensity scores by Bayesian Network models

In this work we proposed to estimate propensity scores p1(xxx) by using a Bayesian
Network (BN) model for (T, XXX) [1] and we will denote with !p1(x) this estimate
(!p0(x) = 1" !p1(x)). A BN is essentially a multivariate statistical model satisfying
a set of conditional independence statements contained in a directed acyclic graph
(DAG) G = (V, D), consisting in a set of vertices V , representing random variables,
and a set D # V $V of directed arcs D connecting pairs of nodes. BNs enable an
effective representation and computation of a joint probability distribution over a
set of random variables. When covariates are discrete, the use of BNs has several
positive theoretical features and practical advantages, as well, if compared to more
traditional semiparametric estimation of propensity scores based on semiparamet-
ric logistic regression, as in [2], [3]. On the theoretical side, BNs allow to consider
Maximum Likelihood Estimators (MLEs) of propensity scores p1(x), that possess
the “usual” properties of MLEs. On the practical side, BNs allow flexibility in mod-
eling the dependence relationships among covariates, without requiring the identifi-
cation, for each treatment level, of polynomial terms and interactions terms for the
covariates in XXX to be included in the model.

Estimation of potential outcomes probabilities

We consider two estimators for estimating the marginal probabilities "k based on:
the BN estimate of !pk(x) the Horvitz-Thompson-type estimator and the Hájek-type
estimator. The Horvitz-Thompson-type estimator for "k is defined as:

!" HT
k =

1
n

n

!
i=1

I(Yi=1)I(Ti=k)!pk(xxxi)
"1; k = 0, 1. (1)

The Hájek-type estimator for "k considers normalized weights and it is defined as:
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1
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i=1 I(Ti=k)!pk(xxxi)"1

n

!
i=1

I(Yi=1)I(Ti=k)!pk(xxxi)
"1; k = 0, 1. (2)

Our first result is that both (1) and (2) are consistent estimators of "k. Formally,
under assumptions H1-H3, as n % ":

"""!" H
k ""k

""" p% 0 and
"""!" HT

k ""k

""" p% 0 with k =

0,1. For the sake of brevity, in this paper we do not report the proof of this result.
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WHERE IS THE BRIDGE

§ EMERGING NEEDS & APPLICATION AREAS

Bayesian Networks (BNs)
Offers attractive statistical properties:

1. un-sensitive to miss-specified PS logistic model  (or any 
parametric model)

2. Estimators are genuine MLE  asymp. unbiased & efficient

3. Potential to go beyond ATE estimation, e.g. Test

4. Potential to integrate BN approach with other  approaches, 
e.g. calibration 
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Bayesian networks 
versus gender bias

Gender-sensitive statistics can highlight gender gaps, but current measurement tools have serious 
limitations. Here, Fulvia Mecatti, Paola Vicard, Flaminia Musella and Lorenzo Giammei explore how 
Bayesian networks could help improve the measurement, monitoring and prediction of gender equality

Why are women not promoted as 
quickly or as high as men? Why 
are women paid less than their 
male counterparts for similar 

roles and responsibilities? Why is bridging 
the gender gap so di!icult? 

For instance, in European Union countries 
in 2020 women’s gross hourly earnings were 
on average 13% below those of men, and 
2018 US Census Bureau data says women 
of all races earned, on average, just 82 cents 
for every dollar earned by men of all races. 
Gender disparities, though, are much more 
severe and pervasive, as stated in the latest 
UN Women report (bit.ly/3Kc7knX): “Gender 
inequalities and discrimination filter through 
every issue, whether a new pandemic 
or longstanding conflicts, deep-seated 
disparities in income or a lack of political 

voice. Women and girls confront additional 
risks and obstacles simply because they are 
women and girls.” 

Gender equality, in all aspects of 
women’s and men’s lives, is a democratic 
value and a prominent sustainable 
development goal in the United Nations 
(UN) Agenda 2030. Gendered statistical 
reasoning and gender statistics play a 
crucial role in informing policies and the 
e!orts towards achieving equality, as 
well as in allocation of resources, and the 
potential to e!ectively contribute towards 
the protection and advancement of the 
rights of all women and girls. 

In this article we illustrate the importance 
of improving the measurement, monitoring, 
and prediction of gender gaps by exploring 
the potential of Bayesian networks.

Gender equality and why we 
need to monitor it
Gender equality is both a women’s issue and 
a fundamental human right, a necessary 
precondition to sustainable development 
and a gateway to a fully realised democracy. 
Gender equality does not mean that women 
and men should become the same. It means 
ensuring the same rights, responsibilities, 
and opportunities, which entails the 
recognition of di!erent needs and priorities. 
Gender inequality arises when rights and 
opportunities depend on whether people 
are born male or female. We know that 
inequalities are a major barrier to social 
development, prosperity, and peace. 

Eliminating gender-based disparity is also 
related and synergic to economic growth. The 
e!ects of policies and actions that can reduce 
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How BNs can help improving measurement, monitoring and  
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