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Abstract
The processing logic for datasets (including bigdata) cannot be easily standardized and shared among
researchers. This is primarily due to the lack of a modeling language which can cover a wide range of
selection and processing logic. For example, UML, even in its database schema sections, cannot fulfill
this goal. This paper first notices the similarities between processing DOM elements in web applications
and tuples in datasets, and the proposes to borrow the jQuery notation for dataset processing. Most
concepts, such as (1) selectors, (2) methods, (3) processing chains, (4) callbacks for asynchronous (time
consuming) tasks, and others enjoy a direct mapping to the proposed functionality. This paper offers
several examples which emphasize the usefulness of the proposed method and describes a recent non-

browser implementation which focuses on performance optimization.
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1. Introduction and Problem Statement

Let us start by describing a practical situation.
Several people work on the same data that can
come from a web survey (Chambers & Skinner,
2003) or can even be bigdata. Since all the in-
volved people work on the same survey data, there
exists a need for one person to explain how the data
are processed. In a similar fashion, one might
want to recreate someone else's results from a de-
scription of the undertaken processing steps. The
larger issue of accountability aside, this situation is
a perfect example when a common modeling lan-
guage can be helpful. For example, if all people
in a team know how to create and interpret UML
action diagrams (Larman, 2002), descriptions in
this form are readily exchangeable across members.

When it comes to processing raw data from
web surveys, in spite of a strong methodological
background (Bethlehem & Biffignandi, 2012;
Biemer & Lyberg, 2003), there is currently no
standard way to describe the process or save it in a
format which can be read, understood, and re-im-
plemented by other people. The same is applica-
ble to bigdata storage and analysis.

It can be argued that an algorithm can serve
the intended purpose, however, as will be shown
below, the proposed method is much more efficient
in describing the processing logic. Moreover, the
proposed modeling language has the advantage of
a simple visual representation. The list of features
proposed in this paper is as follows:

- a model for visualization and scripting pro-
cessing logic for an arbitrary dataset (dataset
from this point on) is proposed;

- the model is simple and has only two compo-
nents -- selectors and methods;

- the modeling language is very powerful regard-
less of the simplicity, for example, hierarchical
grouping of raw survey data is possible with
such concepts as sets, subsets, and parent sets;

- the proposed model can implemented as a web
application and has built-in visualization and
animation functionality, it is also implemented
as a standalone performance-optimized script
interpreter;

- the proposed model is already implemented
based on jQuery (Lindley, 2009) -- a language
well known in web application development
community and, incidentally, the best match for
the intended usecase;

- the model is extremely easy to extend by add-
ing new methods to jQuery, in fact, it is even
possible to extend selectors.

This paper is written as follows. After review-
ing existing UML and related modeling possibili-
ties and establishing terminology, this paper dis-
cusses unique features shared across all datasets.
Parallels are then found between jQuery features
and the needs of dataset processing, which makes
it possible to formulate the proposal using jQuery
terminology. The proposal is then formulated first
in scripting and then in visual components. Exam-
ple code in this paper originates from real experi-
ence by this author.

2. Related Work

Universal Modeling Language (UML) (Lar-
man, 2002) is currently the default modeling lan-
guage across many areas of research. Diagram-
ing concepts like usecases, state and/or action dia-
grams, and others, are the most commonly used
UML tools. None of these diagrams are applicable
to dataset processing. UML was at some point
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extended to cover database design, which remains
in common use today. Such diagrams define table
structures, data types of individual columns in ta-
bles, relations/dependencies across tables, etc. Alt-
hough datasets often come in table form (noSQL
form is rapidly becoming more common), in which
case database design diagrams are not applicable.
There are many less common diagrams which in-
clude state-and-transition diagrams, data flow dia-
grams, dependency graphs or graphs in general.
Again, none of these are applicable.

Although survey data processing (Patterson,
2002)(Sills, 2002) does not share common features
with any of the diagrams explained above, some
similarity with existing processes can be offered.
Survey data processing shares common features
with the processing done using SQL, which is
mostly about querying databases and processing
the output of queries (Sills, 2002). However, it
should be noted that even SQL lacks functionality
necessary for processing datasets.

In recent years, a new kind of rigid statistical
processing called data streaming has been pro-
posed and remains an active research until now
(Zhanikeev, 2014). Data streaming offers an ad-
vanced modeling toolkit, by rigidly defining
memory footprint, processing workload, and, more
importantly, the data structure produced by the
analysis. The latter is referred to as a sketch and
is, when described in detail, can serve as a medium
when sharing the processing method among re-
searchers (Zhanikeev, 2014). However, in data
streaming, only sketches are rigidly defined, while
the processing logic itself can be interpreted and
implemented differently by different researchers.
Note that this paper solves this very problem by al-
lowing to share both data structure and processing
logic via the proposed modeling method.

Data streaming is not specific to survey data
analysis and is, in fact, often applied to big data
processing (hence the memory footprint and effi-
ciency analysis). Traditionally, modeling con-

cepts in bigdata processing are extremely primitive.

For example, key-value pairs and counting of their
occurrence in data is a standard way to process big
data (Rowstron, 2012). Naturally, this methodol-
ogy is too simple to share among researchers.
However, in recent years, there is research on
richer data structures and processing logic in big
data. For example, performance when processing
schema-less (the noSQL method) data tuples using
Lucene was analyzed and proved efficient (Gao,
2011). In (Das, 2010), an attempt was made to
implement statistical processing scripts written in
the R language on a big data processing platform.
Lucene, again, suffers from the problem of rigidly
specifying data structure but not the processing
logic. The R method, however, is very close in
spirit to this method as it makes it possible to rig-
idly specify both structure and processing parts.

R, however, has another problem, which is that it
deals primarily with numeric data (both in input,
output and processing proper), while this paper de-
fines flexible selectors which can work with both
numbers and textual data.

As a summary of the above overview, this pa-
per is original in that it brings together several ele-
ments which currently exist in unrelated tools and
implements it in an easily recognizable form, e.g.
the jQuery language (Bibeault, 2010). Specifi-
cally, this proposal offers a rigid data structure (as
in data streaming or Lucene) and standardizes pro-
cessing logic (as in R), while also offering a flexi-
ble way to select input data for each processing
stage using jQuery selectors, which far exceeds the
search function in Lucene.

3. Terminology

Datasets in this paper refer to raw data that
needs to be processed to become useful. The
modeling instrumentation proposed in this paper
refers to the actions during this processing stage.
This paper will use the database term fuple to refer
to one row of data. Multiple tuples are referred to
as sets. There can also be subsets, while the term
parent represents the ability to return to the larger
(parent) set from its subset. Given the chain-pro-
cessing functionality presented in this paper, set-
subset-parent cycle is an essential feature.

The term selector refers to a set of conditions
which are used to select a set of tuples. In conven-
tional software selectors can be implemented as if...
then... constructs but in this paper a much simpler
construct will be presented. The term method refers
to operations performed on sets of tuples. Several
examples will be presented in this paper.

4. The Javascript/jQuery Model

It turns out that there already is a program-
ming language which completely matches the
unique features and requirements listed in the pre-
vious sections. The language is jQuery -- an open
source built-up on top of Javascript. The natural
habitat for jQuery is the client side of web applica-
tions, i.e. the browser. The language currently sup-
ports all the major browsers, namely Firefox,
Opera, Chrome, Internet Explorer, etc.

jQuery is extremely popular today and is used
much more in professional web programming than
its underlying Javascript. The main reason for this
is the extreme simplicity of the language. This sim-
plicity is attained the hard way by the language
through creating a high level abstraction over the
plain Javascript. The abstraction, in a nutshell, is
exactly what is needed for processing of survey
data -- selectors and methods (jQuery Selectors,
2019).

The main purpose of jQuery is to be able to
select multiple HTML tags (DOM elements) and
apply the same processing logic to each of them in
turn.  For example, one might want to process the
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table in such a way that all even lines in a table
have one background color and all odd lines have
another. With jQuery this can be done in two lines
of code using rodd and :even selectors. If one uses
parent() to return to the main set, the entire pro-
cessing logic can actually be implemented in a sin-
gle uninterrupted chain. Drawing a parallel, com-
plex selectors are akin to snowball sampling
(Handcock & Gile, 2011) in dataset processing.

// simple selector and function
$( ' [age>=25]")
.fitting( " exponential’)

// multiple selectors, random sampling, kmeans
$( ' [age>=25], [prefecture!="HR#&"1")

. samp lelUniqueRandom ( 100)

cluster ( “kmeans', 4)

e~ —

10
11 |// update

12 | $( "tuple’) // select all tuples

13 |. sampleUniqueRandom ( 100)

14 | . updatetuple({ special: 'yes'}) // update all
15 |
16 | // between two selectors

17 | $( ' [q1s2c3="3"1") // select a group

18 |.ccf( $( ' [qls2c3="4"]")) // CCF with another
19
20

Figure 1: Some Examples of Dataset-like Functionality
Implemented via Selectors and Functions

Figure 1 shows some example selector-
method pairs, specific to dataset processing. For
example, in the first block, all tuples with attribute
age equal or greater than 25 are selected, and then
exponential fitting is performed on values from all
tuples. The second example in figure 1 has two
selectors which are merged using AND logic, then
100 tuples are randomly selected and clustered us-
ing the k-means method with 4 clusters.

The last example in figure 1 exhibits a method
which works on two tuples sets. One set is cre-
ated by the selector before the method and the other
selector is used as method argument. The method
can then use two sets of values to calculate, for ex-
ample, cross-correlation function or even more ad-
vanced features (Patterson, Dayton, & Graubard,
2002).

’
I
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Selectorsk”

o

As is show in figure 2, current implementa-
tion of the proposed framework has only few meth-
ods (all lines starting from $.fn are methods), but it
will be extended in the future to contain the stand-
ard analysis kit. In the meantime, a few words on
the internal structure of methods are necessary.
While loops are not part of the proposed frame-
work, they exist in internals of jQuery methods.

102
193 // sample creation and replacement
b 194 $.fn.addtuple = function( hash, css) { // if $box2, v
201 E.fn.removetuple = function() { $( this).remove();
b202 $.fn.tuple2hash = functionQ) { // only one/top hasf
» 207 $.fn.updatetuple = function( h) { // add new keys
218
217
218 /! animation and sample marking
218 $.fn.blink = function( lowopacity, donec) { var me =
220 $.fn.mark = function( color) { $( this).css({ color: ¢
221 $.fn.top = function( color) { $( this).parent().prepe
222 $.fn.release = function() { $( this).mark( ‘#000%; }
223
224 /1 sampling logic
b225 $.fn.sampleUniqueRandom = function( count) { [11
237

Figure 2: Current jQuery Extension for Survey Data
Processing

Selectors by default return sets of tags, so,
each jQuery extension has to create the logic for
processing each tag separately. The common way
to do it in jQuery is to call. Each (callback) on the
selected set, and wait for jQuery to call callback
method for each tuple.

5. Implementation

The first implementation of the proposal was
written actually using the jQuery language and,
therefore, was running in the browser. However,
with the need for nested contexts and deeper data
structures than the flat key-value tuples imple-
mented as HTML tag attributes, it was decided that
a standalone implementation of the processing en-
gine was required. The current implementation is
a standalone script interpreter which implements
all the jQuery features (refer to (Bibeault, 2010) for
the complete list of jQuery capabilities) in a sim-
plistic command line environment.

Subject to

performance
optimization

Run \ Run
scripts Textual scripts

Researcher A

|
1
1
1
1
1
1
1
1
1
1
\

Methods |- Library/standard

User defined

Researcher B

Share scripts
directly

Figure 3: Current Implementation of the Engine for Processing Data Scripts

The need to migrate to a standalone imple-
mentation also came from the requirement to

optimize performance in several parts of the pro-
posed scripting engine.  Figure 3 shows the
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currently adopted design. The focus is still on the
idea that researchers can share processing logic di-
rectly, but this time they can use the new imple-
mentation to run their scripts and verify output in-
dependently. As in jQuery, the two main modules
are selectors and methods. Except for custom-
ized, user-defined selectors, they exist in either nu-
meric or textual form, which can be easily opti-
mized for performance. For example, lookup
time in textual selectors is improved by having an
ordered list of values for each attributed used in the

script (run once and cached for future repeated use).

Numeric attributes are optimized by using fixed
lengths (in bytes) and caching intervals in values.

As far as methods are concerned, only a lim-
ited list of standard processing methods are offered
in the optimized form as part of the scripting en-
gine’s library.  User-defined method are unknown
in advance and thus cannot be optimized. Hope-
fully, the volume provided by the library will grow
with time, if the interest to this proposal in research
community is sufficient.

6. Conclusion

The framework proposed in this paper makes
it possible to share between researchers not only
datasets but also processing logic, which is
achieved by proposing a selector-method frame-
work implemented on top of the jQuery language
(Bibeault, 2010) traditionally used in web applica-
tions. The proposal is unique in that it not only
rigidly defines the data structures used in pro-
cessing as is found in Lucene (Gao, 2011), R (Das,
2010) and data streaming (Zhanikeev, 2014) envi-
ronments, but also can be used to share processing
logic (only found in R today). A feature unique
to this proposal comes from jQuery and is the first
known example when selecting input data using
jQuery-like selectors is part of the rigidly defined
processing logic.

Early implementation of the proposal was
written actually using jQuery and was running in
web browser, but current implementation comes in
form of a standalone scripting engine, as was ex-
plained in Section 5. In future work, the frame-
work will be developed further by, for example, in-
creasing the list of built-in processing methods,
this making it possible to offer them in a perfor-
mance optimized form. There is also a work-in-
progress to extend selectors to include advanced
search functionality not found in traditional jQuery
but which can be useful for statistical data analysis.
The progress on these elements will be reported in
future publications on this topic.
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