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The Future of Data Analysis, Tukey 1962



The last few decades have seen 
the rise of formal theories of 
statistics, "legitimizing" variation by 
confining it by assumption to 
random sampling, often assumed 
to involve tightly specified 
distributions, and restoring the 
appearance of security by 
emphasizing narrowly optimized 
techniques and claiming to make 
statements with "known" 
probabilities of error. 
 



While some of the influences 
of statistical theory on data 
analysis have been helpful, 
others have not. 



Exposure, the e!ective laying open 
of the data to display the 
unanticipated, is to us a major 
portion of data analysis. Formal 
statistics has given almost no 
guidance to exposure; indeed, it is 
not clear how the informality and 
flexibility appropriate to the 
exploratory character of exposure 
can be fitted into any of the 
structures of formal statistics so 
far proposed.



It is too much to ask for close 
and e!ective guidance for 
data analysis from any highly 
formalized structure, either 
now or in the near future.

Data analysis can gain much 
from formal statistics, but only 
if the connection is kept 
adequately loose.



The Future of Data Analysis, Tukey 1962
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Oh, the humanities!
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Figure 8: Six applied topics over time

looked at trends over time for the following appli-
cations: Machine Translation, Spelling Correction,
Dialogue Systems, Information Retrieval, Call Rout-

ing, Speech Recognition, and Biomedical applica-
tions.

Figure 7 shows a clear trend toward an increase
in applications over time. The figure also shows an
interesting bump near 1990. Why was there such
a sharp temporary increase in applications at that
time? Figure 8 shows details for each application,
making it clear that the bump is caused by a tempo-
rary spike in the Speech Recognition topic.

In order to understand why we see this temporary
spike, Figure 9 shows the unsmoothed values of the
Speech Recognition topic prominence over time.

Figure 9 clearly shows a huge spike for the years
1989–1994. These years correspond exactly to the
DARPA Speech and Natural Language Workshop,
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Figure 9: Speech recognition over time

held at different locations from 1989–1994. That
workshop contained a significant amount of speech
until its last year (1994), and then it was revived
in 2001 as the Human Language Technology work-
shop with a much smaller emphasis on speech pro-
cessing. It is clear from Figure 9 that there is still
some speech research appearing in the Anthology
after 1995, certainly more than the period before
1989, but it’s equally clear that speech recognition
is not an application that the ACL community has
been successful at attracting.

6 Differences and Similarities Among
COLING, ACL, and EMNLP

The computational linguistics community has two
distinct conferences, COLING and ACL, with dif-
ferent histories, organizing bodies, and philoso-
phies. Traditionally, COLING was larger, with par-
allel sessions and presumably a wide variety of top-
ics, while ACL had single sessions and a more nar-
row scope. In recent years, however, ACL has
moved to parallel sessions, and the conferences are
of similar size. Has the distinction in breadth of top-
ics also been blurred? What are the differences and
similarities in topics and trends between these two
conferences?

More recently, the EMNLP conference grew out
of the Workshop on Very Large Corpora, sponsored
by the Special Interest Group on Linguistic Data
and corpus-based approaches to NLP (SIGDAT).
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Current Practices

Anaphora Resolution resolution anaphora pronoun discourse antecedent pronouns coreference reference definite algorithm
Automata string state set finite context rule algorithm strings language symbol
Biomedical medical protein gene biomedical wkh abstracts medline patient clinical biological
Call Routing call caller routing calls destination vietnamese routed router destinations gorin
Categorial Grammar proof formula graph logic calculus axioms axiom theorem proofs lambek
Centering* centering cb discourse cf utterance center utterances theory coherence entities local
Classical MT japanese method case sentence analysis english dictionary figure japan word
Classification/Tagging features data corpus set feature table word tag al test
Comp. Phonology vowel phonological syllable phoneme stress phonetic phonology pronunciation vowels phonemes
Comp. Semantics* semantic logical semantics john sentence interpretation scope logic form set
Dialogue Systems user dialogue system speech information task spoken human utterance language
Discourse Relations discourse text structure relations rhetorical relation units coherence texts rst
Discourse Segment. segment segmentation segments chain chains boundaries boundary seg cohesion lexical
Events/Temporal event temporal time events tense state aspect reference relations relation
French Function de le des les en une est du par pour
Generation generation text system language information knowledge natural figure domain input
Genre Detection genre stylistic style genres fiction humor register biber authorship registers
Info. Extraction system text information muc extraction template names patterns pattern domain
Information Retrieval document documents query retrieval question information answer term text web
Lexical Semantics semantic relations domain noun corpus relation nouns lexical ontology patterns
MUC Terrorism slot incident tgt target id hum phys type fills perp
Metaphor metaphor literal metonymy metaphors metaphorical essay metonymic essays qualia analogy
Morphology word morphological lexicon form dictionary analysis morphology lexical stem arabic
Named Entities* entity named entities ne names ner recognition ace nes mentions mention
Paraphrase/RTE paraphrases paraphrase entailment paraphrasing textual para rte pascal entailed dagan
Parsing parsing grammar parser parse rule sentence input left grammars np
Plan-Based Dialogue plan discourse speaker action model goal act utterance user information
Probabilistic Models model word probability set data number algorithm language corpus method
Prosody prosodic speech pitch boundary prosody phrase boundaries accent repairs intonation
Semantic Roles* semantic verb frame argument verbs role roles predicate arguments
Yale School Semantics knowledge system semantic language concept representation information network concepts base
Sentiment subjective opinion sentiment negative polarity positive wiebe reviews sentence opinions
Speech Recognition speech recognition word system language data speaker error test spoken
Spell Correction errors error correction spelling ocr correct corrections checker basque corrected detection
Statistical MT english word alignment language source target sentence machine bilingual mt
Statistical Parsing dependency parsing treebank parser tree parse head model al np
Summarization sentence text evaluation document topic summary summarization human summaries score
Syntactic Structure verb noun syntactic sentence phrase np subject structure case clause
TAG Grammars* tree node trees nodes derivation tag root figure adjoining grammar
Unification feature structure grammar lexical constraints unification constraint type structures rule
WSD* word senses wordnet disambiguation lexical semantic context similarity dictionary
Word Segmentation chinese word character segmentation corpus dictionary korean language table system
WordNet* synset wordnet synsets hypernym ili wordnets hypernyms eurowordnet hyponym ewn wn

Table 2: Top 10 words for 43 of the topics. Starred topics are hand-seeded.
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How might we better support 
human-in-the-loop verification 

of topic models?
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Figure 5. Correspondence between the highest quality LDA topic model (n = 50, ✓ = 0.0025, � = 0.02) and the set of expert-generated InfoVis topics.
LDA generated multiple redundant topics (e.g., four latent topics corresponding to experts’ concepts of Graphs and Networks). Two notable omissions
are the exerts’ Perception and Animation topics, which exhibit coherent textual descriptions in our survey but are missing from the LDA model. Another
prominent issue is the lack of a recognizable Collaboration topic, which emerged as a well defined concept in our survey data, but is merged with Bio

Vis by LDA. We also found that 22 of the generated topics are “junk” topics that do not usefully help organize InfoVis research areas.
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“A little disdain is not 
amiss; 
 a little scorn is alluring.” 
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ABSTRACT
This paper describes query processing in the DBO database sys-
tem. Like other database systems designed for ad-hoc, analytic
processing, DBO is able to compute the exact answer to queries
over a large relational database in a scalable fashion. Unlike any
other system designed for analytic processing, DBO can constantly
maintain a guess as to the final answer to an aggregate query
throughout execution, along with statistically meaningful bounds
for the guess’s accuracy. As DBO gathers more and more informa-
tion, the guess gets more and more accurate, until it is 100% accu-
rate as the query is completed. This allows users to stop the
execution at any time that they are happy with the query accuracy,
and encourages exploratory data analysis.

Categories and Subject Descriptors
G3 [Probability and Statistics]: Probabilistic Algorithms; H.2.4
[Database Management - Systems]: Query Processing

General Terms
Algorithms, Performance

Keywords
Sampling, Online Aggregation, Randomized Algorithms, DBO

1 INTRODUCTION
Modern database systems are ill-suited to the task of ad-hoc, ana-
lytic query processing over massive data sets. For proof of this, one
needs only to look at the TPC-H benchmark results, which show
that modern hardware and software can still provide dismal, day-
long query evaluation times given an ad-hoc analytic processing
workload. Such slow speeds render interactive, exploratory data
processing an impossibility.

One way to address this performance limitation is to redesign
database architecture from the ground up to support intense, ana-
lytic workloads. A promising idea is to make randomization the
basic database design principle [11]. Under such a paradigm, a
database relies on randomized algorithms that immediately give an
approximate and statistically meaningful guess as to the eventual
query result. If the user is satisfied with the accuracy, or the guess

shows that the question will likely have an uninteresting answer,
then the computation can be terminated. However, if the query is
allowed to run, the guess becomes more and more accurate as the
database system processes more data. If necessary, the user may
simply decide to wait until an exact answer is obtained.

This paper describes the design and implementation of the query
processing engine of a prototype database system based on such a
design, called Database-Online or DBO. DBO takes as input a
SELECT-FROM-WHERE-GROUP BY aggregate SQL query over a
number of disk-based, input tables. Like a traditional database sys-
tem, DBO computes the exact answer to the query in a scalable
fashion. However, DBO is designed to make use of novel, random-
ized algorithms that not only allow it to compute the exact answer
to the query, but also allow it to maintain a guess (with accuracy
guarantees) as to the final answer to the query at all times.

DBO demonstrates that by modifying certain basic principles of
database system design, it is possible to have the best of both
worlds: a database system that can process large data sets effi-
ciently, but also supports interactive data exploration through fast
and accurate approximation.

An Unsolved Problem: Scalable Online Approximation
The design and implementation of such a system presents a chal-
lenging set of research problems. Hellerstein, Haas, and Wang first
proposed an idea along these lines in their 1997 paper describing
online aggregation [11], and later showed how to evaluate joins so
as to give accuracy guarantees during query execution (with the
introduction of the ripple join [6]). This work was later extended to
a parallel environment [15]. However, a problem with this work is
that the proposed algorithms are not scalable. As soon as enough
data has been processed that they cannot all be stored in main
memory, it is no longer possible to provide statistical guarantees.
This is a significant limitation of this early work. As we show
experimentally, available memory may be consumed after only a
few seconds, and yet the accuracy may still not be acceptable.

In response to this, Jermaine et al. [13] showed how to make
online estimation scalable, and described a generalization of the
ripple join called the SMS join that gives an estimate with statisti-
cal accuracy guarantees from startup through completion. How-
ever, a problem with the SMS join is that it is generally only
appropriate for joins over two large input tables. This is problem-
atic because the greater the number of input tables, the more diffi-
cult it is to produce an accurate, approximate answer quickly. Each
additional input table typically increases the inaccuracy of the
obvious estimators in a multiplicative fashion. Thus, the more
input tables to a query, the more likely that a scalable algorithm
will be required to process enough data to give an accurate answer.

Our Contributions
DBO specifically addresses these limitations and demonstrates a
new paradigm for analytic processing. DBO is able to complete the

Material in this paper is based upon work supported by the US National
Science Foundation under Grant Nos IIS-0347408 and IIS-0612170.
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republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
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Abstract
MapReduce is a popular framework for data-intensive
distributed computing of batch jobs. To simplify fault
tolerance, many implementations of MapReduce mate-
rialize the entire output of each map and reduce task
before it can be consumed. In this paper, we propose a
modified MapReduce architecture that allows data to be
pipelined between operators. This extends the MapRe-
duce programming model beyond batch processing, and
can reduce completion times and improve system utiliza-
tion for batch jobs as well. We present a modified version
of the Hadoop MapReduce framework that supports on-
line aggregation, which allows users to see “early returns”
from a job as it is being computed. Our Hadoop Online
Prototype (HOP) also supports continuous queries, which
enable MapReduce programs to be written for applica-
tions such as event monitoring and stream processing.
HOP retains the fault tolerance properties of Hadoop and
can run unmodified user-defined MapReduce programs.

1 Introduction

MapReduce has emerged as a popular way to harness
the power of large clusters of computers. MapReduce
allows programmers to think in a data-centric fashion:
they focus on applying transformations to sets of data
records, and allow the details of distributed execution,
network communication and fault tolerance to be handled
by the MapReduce framework.

MapReduce is typically applied to large batch-oriented
computations that are concerned primarily with time to
job completion. The Google MapReduce framework [6]
and open-source Hadoop system reinforce this usage
model through a batch-processing implementation strat-
egy: the entire output of each map and reduce task is
materialized to a local file before it can be consumed
by the next stage. Materialization allows for a simple
and elegant checkpoint/restart fault tolerance mechanism

that is critical in large deployments, which have a high
probability of slowdowns or failures at worker nodes.

We propose a modified MapReduce architecture in
which intermediate data is pipelined between operators,
while preserving the programming interfaces and fault
tolerance models of previous MapReduce frameworks.
To validate this design, we developed the Hadoop Online
Prototype (HOP), a pipelining version of Hadoop.1

Pipelining provides several important advantages to a
MapReduce framework, but also raises new design chal-
lenges. We highlight the potential benefits first:

• Since reducers begin processing data as soon as it is
produced by mappers, they can generate and refine
an approximation of their final answer during the
course of execution. This technique, known as on-
line aggregation [12], can provide initial estimates
of results several orders of magnitude faster than the
final results. We describe how we adapted online ag-
gregation to our pipelined MapReduce architecture
in Section 4.

• Pipelining widens the domain of problems to which
MapReduce can be applied. In Section 5, we show
how HOP can be used to support continuous queries:
MapReduce jobs that run continuously, accepting
new data as it arrives and analyzing it immediately.
This allows MapReduce to be used for applications
such as event monitoring and stream processing.

• Pipelining delivers data to downstream operators
more promptly, which can increase opportunities for
parallelism, improve utilization, and reduce response
time. A thorough performance study is a topic for
future work; however, in Section 6 we present some
initial performance results which demonstrate that
pipelining can reduce job completion times by up to
25% in some scenarios.

1The source code for HOP can be downloaded from http://
code.google.com/p/hop/
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ABSTRACT

In online aggregation, a database system processes a user’s aggre-
gation query in an online fashion. At all times during processing,
the system gives the user an estimate of the final query result, with
the confidence bounds that become tighter over time. In this paper,
we consider how online aggregation can be built into a MapRe-
duce system for large-scale data processing. Given the MapReduce
paradigm’s close relationship with cloud computing (in that one
might expect a large fraction of MapReduce jobs to be run in the
cloud), online aggregation is a very attractive technology. Since
large-scale cloud computations are typically pay-as-you-go, a user
can monitor the accuracy obtained in an online fashion, and then
save money by killing the computation early once sufficient accu-
racy has been obtained.

1. INTRODUCTION
When running online aggregation (OLA) [10, 9, 11], at all times

during query processing, a database system gives a user a statis-
tically valid estimate for the final answer to an aggregate query,
along with confidence bounds of the form: “with probability p, the
actual query answer is within the range low to high”. As the com-
putation progresses, the bounds narrow, until (at query completion)
the bounds are zero-width, indicating complete accuracy. The main
benefit of OLA is that if an acceptably accurate answer can be ar-
rived at very quickly (perhaps in a tiny fraction of the time needed
to run the entire query), the query can be aborted, saving significant
computer and human time.

Though OLA has arguably had quite a bit of scientific impact
(stimulating significant subsequent research), its commercial im-
pact has been limited or even non-existent. In our view, there have
been two main reasons for this lack of adoption:

1. First, implementing OLA within a database engine would
likely require extensive changes to the database kernel. OLA
requires some sort of statistically quantifiable randomness
within the database engine. Most OLA algorithms require
that the blocks (or tuples) in a relation be processed using
a “random” ordering, where “random” has a very stringent

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee. Articles from this volume were invited to present
their results at The 37th International Conference on Very Large Data Bases,
August 29th - September 3rd 2011, Seattle, Washington.
Proceedings of the VLDB Endowment, Vol. 4, No. 11
Copyright 2011 VLDB Endowment 2150-8097/11/08... $ 10.00.

mathematical definition. Since this would require signifi-
cant changes to most kernels and would wreak havoc with
techniques widely-implemented by database vendors (such
as indexing), vendors and kernel developers have justifiably
viewed OLA with suspicion.

2. Second, the goal of saving human and computer time has
never been as compelling as one might think. A user of an
analytic database who writes a query that goes into a queue
and finally makes it out into a big, production warehouse for
evaluation has little motivation to kill the query early, even if
the user is relatively happy with the results. Ending the query
early might save some CPU cycles or disk bandwidth that
can then be used by others, but the user who killed the query
early may not benefit directly. Furthermore, the database
hardware/software/maintenance costs in a self-managed sys-
tem are not elastic, and do not decrease appreciably if many
users decide to stop their queries early.

Significantly, we feel that these two impediments to widespread
adoption of OLA may have become less important over time. The
“We can’t change the kernel” argument is less important at a time
when people are implementing all sorts of new databases or data-
oriented systems from scratch, particularly for large-scale, shared
nothing cluster environments. The “Why stop early?” argument
is also harder to make nowadays, given the current move into the
cloud. When someone other than the end-user’s organization is
managing the compute infrastructure, as a query runs, dollars are
quantifiable flowing from the end-user’s organization and into the
cloud. Now that there may be a real and observable cost associated
with every CPU cycle consumed and byte transferred, the end-user
will likely have to justify those costs to the management. It stands
to reason that being able to achieve 99% of the accuracy in 10% of
the time will become much more attractive under such a cost model.
Thus, we feel that OLA is an old idea whose time has come.

Online Aggregation for Large-Scale Computing. Given the po-
tential for OLA to be newly relevant, and given the current inter-
est on very large-scale, data-oriented computing, in this paper we
consider the problem of providing OLA in a shared-nothing envi-
ronment. While we concentrate on implementing OLA on top of a
MapReduce engine [7], many of our most basic research contribu-
tions are not specific to MapReduce, and should apply broadly.

Realizing OLA for large-scale, distributed computing is a chal-
lenging problem, and a simple extension to the classic work on
OLA will not suffice. Classic work in OLA assumes that blocks
or tuples are processed in a statistically random fashion, so that the
set of data seen at any point in the computation is a random sub-
set of the data in the system—if this is the case, then it is often
easy to estimate the final answer using classic methods from sur-
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ABSTRACT 

Exploratory data visualization calls for iterative analyses, but very 
large databases are often far too slow to allow interactive 
exploration. Incremental, approximate database queries exchange 
precision for speed: by sampling from the full database, the 
system can resolve queries rapidly. As the sample gets broader, 
the precision increases at the cost of time. As the precision of the 
sample value can be estimated, we can represent the range of 
possible values. This range may be visually represented using 
uncertainty visualization techniques. This paper outlines the 
current literature in both incremental approximate queries and in 
uncertainty visualization. The two fields mesh well: incremental 
techniques can collect data in interactive time, and uncertainty 
techniques can show bounded error. 
 
Keywords: Uncertainty visualization, incremental visualization, 
approximate visualization, very large data, exploratory data 
analysis. 
 
Index Terms: H.2.4 [Database Management]:  Systems—Query 
Processing; H.5.2 [Information Interfaces] User Interfaces—
Graphical User Interfaces. 

1 INTRODUCTION 

We live in an era of ever-faster computing systems, but larger 
storage and information lead to slower database queries. This is 
unfortunate, as the field of visual analytics has often focused on 
the value of exploratory visualization: a process of iterating 
through queries to learn more about a dataset. Users expect to ask 
a question of the data, get a response, and then generate a new 
round of questions. Getting one result from a dataset serves as a 
cue for the next query. 

Very large databases make interactivity much more difficult, as 
a full query across the entire dataset can be very slow. Several 
data analysis systems, such as Tableau, Vertica, and  Microsoft’s  
PowerPivot, have incorporated high-speed in-memory column-
oriented storage in order to scale to interactive queries across 
millions of rows. Beyond this range, however, there is a more 
fundamental issue: a database simply cannot produce a full 
response to a query in interactive time.  

In this paper, we take as a primary goal the idea of presenting 
useful results to the user at interactive speeds. We accept that 
there will always be some queries that are too slow to fully 
complete as rapidly as a user might wish; we look for ways to 
reduce the impact of these limitations.  Enabling these scenarios 
will require both new designs for visualization and system design. 

1.1 Interaction Assists Exploratory Visualization 

Several projects have attempted to distinguish between 
exploratory visualization and presentation (e.g. [22]). In 
presentations, the audience and presenters expect precision: the 
visualization should be based on the best data possible. 

In contrast, exploratory visualization can be understood as 
iterating through a series of visualizations rapidly enough to make 
a decision based on data. In many cases, knowing a correct 
answer within some percentage may be sufficient for decision-
making. Consider a sales manager examining recent sales tables: 
learning that her branch sold approximately five times as many 
widgets as sprockets will allow her to dive further into the widgets 
category without worrying much about sprockets. 

We might draw an analogy to a computer-graphics artist 
looking at a rapidly-generated wireframe, rather than a full render 
of an animated scene. The wireframe can be generated rapidly, 
and may give the artist enough information to move props or 
actors around.  

Approximate results can help make decisions about datasets 
rapidly. In the data cleaning phase, an analyst can discover that 
some messy items swamp the dataset. In exploration, a quick 
overview can help an analyst realize they have issued the wrong 
query—and, once they have the right one, quick overviews can 
help decide which region of the data is worthwhile focusing on. In 
some cases, approximate results might allow a time-critical 
decision to be made faster without having to wait for a long 
processing job. 

Today, analysts will sometimes separate a tractable subset of 
their database, and work off of that subset, creating data cleaning 
scripts and preliminary graphs. They then run those same scripts 
on the full database. The analyst must judge how large a sample 
of data to collect, and must decide whether the sample is 
representative. In few cases does the analyst expect to make 
decisions based on a sample.  Incremental processing allows a 
user to work off of increasingly-large samples, and thus 
increasingly-certain results. 

In general, we wish to visualize data rapidly enough to 
encourage the user to be able to string tasks together interactively. 
Card et al suggest a timing model which describes how long a 
user might stay on task [2] (and later work on timing by Seow, 
[25]). Responses less than 0.1 seconds are perceived as nearly 
instantaneous; anything less than one second is understood as an 
prompt response. On the other hand, if a system takes more than 
ten seconds to reply to a query, the user will perceive the 
questioning and answering as separate tasks. 

1.2 Big Data: Hard for Databases and Visualizations 

That sort of timing is an ambitious goal. Any compute job that 
touches large data—in the terabyte range and up—requires a 
substantial amount of time. Disks are limited in reading speed; 
networks are limited in throughput.  In distributed networks, such 
as Hadoop, Amazon EC2, or Microsoft’s   Azure,   there   can   be  
individual machines may run slowly; consolidating data from 
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ABSTRACT 

Exploratory analysis on big data requires us to rethink data 
management across the entire stack – from the underlying data 
processing techniques to the user experience. We demonstrate 
Stat! – a visualization and analytics environment that allows users 
to rapidly experiment with exploratory queries over big data. Data 
scientists can use Stat! to quickly refine to the correct query, while 
getting immediate feedback after processing a fraction of the data. 
Stat! can work with multiple processing engines in the backend; in 
this demo, we use Stat! with the Microsoft StreamInsight 
streaming engine. StreamInsight is used to generate incremental 
early results to queries and refine these results as more data is 
processed. Stat! allows data scientists to explore data, dynamically 
compose multiple queries to generate streams of partial results, 
and display partial results in both textual and visual form. 

Categories and Subject Descriptors 

H.2.4 [Database Management]: Systems 

Keywords 

Interactive; big data; analytics; visualization; tool. 

1. INTRODUCTION 
Big data analytics allows a small number of users to burn a 

large amount of money very fast. The problem is exacerbated by 
the exploratory nature of big data analytics where queries are 
iteratively refined, including the submission of many erroneous 
(e.g., bad query parameters) and off-target queries. In existing 
systems, queries must complete before such errors are diagnosed, 
often after several hours of expensive compute time are used. 
With the pay-as-you-go paradigm becoming common in the 
Cloud, there is an increasing need to allow data scientists (also 
referred to as data analysts or users) to get immediate feedback to 
their ad-hoc analytics queries. In the same setting, data scientists 
may also wish to track the provenance of their results and 
maintain context information as they compose multiple queries. 
We define interactive analytics as the generation of results with 
very short latencies (e.g., seconds). From a data management 
standpoint, interactive analytics takes two main forms today: 

1) Full-Data Processing: Data is stored or cached in 
(distributed) main memory, and uses efficient organizations 
such as columnar formats, in order to allow queries over the 

entire data to complete in a very short time. Examples of 
such systems include Dremel [6] and PowerDrill [7].  

2) Progressive Processing: An alternative paradigm that can 
better fit a low-cost iterative querying paradigm is 
progressive processing, where the system produces early 
results based on partially processed data, and progressively 
refines these results as more data is received; until all the 
data is read, at which point the final result is produced. 
Progressive processing allows users to get early results using 
significantly fewer resources, and potentially end (or reissue) 
computations early once sufficient accuracy – or an early 
indication of query incorrectness – is observed. Several 
systems fall under the umbrella of progressive analytics, 
including the CONTROL project [3], the DBO system [5], 
and Map-Reduce-Online [6]. 

Interactive analytics requires us to rethink how data analysts (the 
end users) explore and interact with data. We have designed and 
built Stat!1 – a new workbench for interactive analytics that is 
built around the use of progressive computations for data 
processing in the backend. Using Stat!, data scientists get a rich 
and interactive analytics environment that can help them achieve 
several goals as part of their big data analytics experience: 

1) They can explore large data sets (both visually and in tabular 
forms) as if they fit in main memory; they are shown 
approximate results that are continually refined based on the 
amount of time that has elapsed since a query. 

2) The data scientist can dynamically compose and adjust 
progressive queries, and see the results of more complex data 
workflows as they evolve. 

3) They can follow an iterative approach of rapidly building, 
refining, and testing ad hoc queries. 

4) They get a homogeneous environment for loading and 
handling data and schemas, as well as computations over 
diverse data sources. 

Stat! needs a progressive query processing engine to execute 
queries in the backend. Instead of building an engine from scratch, 
we use an unmodified streaming engine (Microsoft StreamInsight 
[9]) to produce incremental results. StreamInsight is backed by a 
temporal algebra, where events are associated with logical 
application time [8] and the streaming query is modeled as a 
relational query over changing relational tables. This makes it 
possible to use the real-time streaming engine to instead compose 
and execute progressive queries over offline data. 

We describe the Stat! design in detail in Section 2. System and 
implementation details are covered in Section 3. Section 4 ends 

                                                                 

1stat   adverb: without delay, immediately (source: Merriam-

Webster). 
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Verifying Assumptions x x x x x x x x x x x x x x x x x x x x x x x x

Model Feature Selection x x x x x x x x x x x x x x x x x x x x
Scale x x x x x x x x x x x x x x x x x x x x x x x x x x x x x x x
Advanced Analytics x x x x x x x x x x x x x x

Report Communicating Assumptions x x x x x x x x x x x x x x x x x
Static Reports x x x x x x x x x x x x x x x x x

Workflow Data Migration x x x x x x x x x x x x x x x x
Operationalizing Workflows x x x x x x x x x x x x x x x x

Database SQL x x x x x x x x x x x x x x x x x x x x x x x x x x x
Hadoop/Hive/Pig x x x x x x x
MongoDB x x
CustomDB x x x x x x x

Scripting Java x x x x x x x x x x x x x
Perl x x
Python x x x x x x x x x x x x x x x
Clojure x
Visual Basic x x x

Modeling R x x x x x x x x x x x x x x x x
Matlab x x x x x x x
SAS x x x x x
Excel x x x x x x x x x x x x x x x x x x x x x
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Fig. 1. Respondents, Challenges and Tools. The matrix displays interviewees (grouped by archetype and sector) and their corresponding chal-
lenges and tools. Hackers faced the most diverse set of challenges, corresponding to the diversity of their workflows and toolset. Application users
and scripters typically relied on the IT team to perform certain tasks and therefore did not perceive them as challenges.

Hackers reported using a variety of tools for visualization, includ-
ing statistical packages, Tableau, Excel, PowerPoint, D3, and Raphäel.
Six hackers viewed tools that produce interactive visualizations as re-
porting tools and not exploratory analytics tools. Since they could not
perform flexible data manipulation within visualization tools they only
used these tools once they knew what story they wanted to tell with the
data.

4.1.2 Scripters
Scripters performed most of their analysis within a software package
such as R or Matlab. They were able to perform simple manipulations
such as filtering and aggregating data, but typically could not perform
custom operations such as parsing log files or scraping data off the
web. They generally operated on data that had been pulled from the
data warehouse by IT staff and stored in an expected format. Some of
these analysts could write simple SQL queries (e.g., without joins) to
pull data into their analytic tool of choice. In some cases, they were
comfortable writing scripts in a scripting language, but typically do
not know how to create scripts that run at scale.

Scripters applied the most sophisticated models among the ana-
lysts we observed. Advanced modeling was potentially enabled by the
breadth of libraries available for analytic packages and the percent-
age of time these analysts devoted to modeling. The implementation
and application of algorithms was more easily done when dealing with
data resident on one machine (as opposed to distributed). Scripters
often produced visualizations using the statistical package during ex-
ploratory analysis. Using the same tool for visualization and analysis
permitted them to iterate fluidly between the two tasks. In some cases
scripters used a separate tool, such as Tableau, to create interactive
dashboards for reporting after the significant insights had been discov-
ered.

4.1.3 Application User
The last set of analysts performed almost all operations in a spread-
sheet or other dedicated analysis application (e.g., SAS/JMP, SPSS,
etc). Like scripters, they typically required someone to prepare data
for them by pulling it from the warehouse. One Excel user’s account
was quite typical of most spreadsheet users:

All data is in a relational database. When I get it, it’s out
of the database and into an Excel format that I can start

pivoting. I ask the IT team to pull it.

Application users typically worked on smaller data sets than the
other groups and generally did not export data from the spreadsheet
except for building reports. In some cases, advanced application users
wrote scripts using an embedded language such as Visual Basic. To
produce visualizations they typically created charts in Excel or ex-
ported data to a reporting tool such as Crystal Reports.

4.2 Organization
Enterprise analysts work within the context of a larger organization.
Political and social conventions within the organization can and do
affect the analysis process. We now discuss three recurring themes.

4.2.1 The Relationship between Analysts and IT Staff
Analysts often interacted closely with IT staff to complete aspects of
their job. We observed that the IT team regularly provides four primary
functions in support of analysis. First, they often maintain data within
a centralized warehouse. This maintenance includes ingesting new
data sources and ensuring quality across these sources. If an analyst
requires new data in the warehouse, the analyst will often work with
IT staff to communicate these requirements.

Second, the IT team assists analysts in acquiring data. Analysts,
especially application users and scripters, rely on IT staff to query data
from the warehouse and export it in an accessible format. For instance,
12 analysts reported having the IT team write SQL queries and convert
the output to delimited files or spreadsheets.

Third, the IT team is responsible for operationalizing recurring
workflows. One analyst at a media company described the workflows
he built as “prototypes”. After experimenting with samples of data, the
analyst would send a high-level description of the workflow steps —
written in English — to IT staff. IT staff then implemented the process
to run reliably and at scale. Even hackers relied on IT staff to oper-
ationalize tasks that were critical to other business units or had chal-
lenging scalability requirements. For example, one analyst at a hedge
fund required the IT team to operationalize his workflows to achieve
low-latency for high-frequency trading.

Finally, the IT team serves as a source of documentation. Even ana-
lysts comfortable writing complex SQL and Hadoop jobs often require
IT staff to help find the appropriate data and understand its structure
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“It’s easy to just think you know what you are doing and 
not look at data at every intermediary step. 
 

An analysis has 30 di!erent steps.  It’s tempting to just 
do this then that and then this.  You have no idea in 
which ways you are wrong and what data is wrong.”

Interactivity and Visualization
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Analytic Productivity
Remove drudgery, restore time

Data Accessibility
Enable self-service data manipulation
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