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(57) Abstract: A combined computer/human approach is used to detect actionable insights in large data sets. Automated computer
analysis used to identify patterns (e.g., possibly meaningful patterns or subsets within the data). These are presented to humans for
feedback, where the humans may have little to no training in the statisticall methods used to detect actionable insights. Feedback
from the humans isused to improve the pattern detection and facilitate the detection of actionable insights.
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ANALYZING DATA SETSWITH THE HELP OF INEXPERT HUMANS TO FIND
PATTERNS

BACKGROUND

The present invention relates to automated data analysis with the help of potentially
untrained humans. In one aspect, it relates to leveraging structured "crowdsourcing” to
enhance the analysis of datato find actionable insights and patterns. In another aspect, it
relates to completely automating the analysis of datawith humans only potentially assisting
with the analysis if appropriate or necessary.

Traditional data analysis suffers from certain key limitations. Such analysisisused in
awide variety of domains including Six Sigma quality improvement, fraud analytics, supply
chain analytics, customer behavior analytics, social media analytics, web interaction
analytics, and many others. The objective of such analyticsisto find actionable underlying
patterns in a set of data.

Many types of analytics involve "hypothesis testing” to confirm whether agiven
hypothesis such as "people buy more pizza when it israining” istrue or not. The problem
with such analytics isthat human experts may easily not know of akey hypothesis and thus
would not know to test for it. Analysts thus primarily find what they know to look for. In
our quality improvement work with Fortune 100 firms and leading outsourcing providers, we
have often found cases where clear opportunities to improve aprocess were missed because
the analysts ssmply did not deduce the correct hypothesis.

For example, in amedical insurance policy data-entry process, there were several
cases of operators marking applicants as the wrong gender. These errors would often go
undetected and only get discovered during claims processing when the system would reject
cases such as pregnancy related treatment for a policy that was supposed to be for aman.
The underlying pattern turned out to bethat when the policy application was in Spanish,
certain operators selected "Male" when they saw the word Mujer which actually means
female. In three years of trying to improve this process, the analysts had not thought to test
for this hypothesis and had thus not found this improvement opportunity. Sometimes
analysts smply do not have the time or resources to test for all possible hypotheses and thus
they select a small subset of the potential hypotheses to test. Sometimes they may manually
review asmall subset of datato guess which hypotheses might be the best ones to test.
Sometimes they interview process owners to try to select the best hypotheses to test. Because

each of these cases is subject to human error and bias, an analyst may reject key hypotheses
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even before testing it on the overall data. Thus, failure to detect or test for the right
hypotheses is akey limitation of traditional analytics, and analysts who need not be domain
experts are not very good a detecting such hypotheses.

Another limitation of traditional data analysis isthe accuracy of the analysis models.
Because the analysis attempts to correlate the data with one of the proposed models, itis
criticaly important that the models accurately describe the data being analyzed. For
example, one prospective model for sales of pizza might be as follows: Pizza sales are often
correlated with the weather, with sporting events, or with pizza prices. However, consider a
town in which the residents only buy pizza when it is both raining and there is afootball
game. In this situation, the model isunable to fit the data and the valuable pattern isnot
discovered. In one aspect of our invention, humans could recognize this pattern and provide
the insight to the computer system.

A third limitation of traditional analysisisthat the analysis is subject to human error.
For example, many analysts conduct statistical trials using software such as SAS, STATA, or
Minitab. If an analyst accidentally mistypes anumber in aformula, the analysis could be
completely incorrect and offer misleading conclusions. This problem is so prevalent that one
leading analysis firm requires all statistical analyses to be performed by two independent
analysts and the conclusions compared to detect errors. Of course, thisisjust one way in
which humans can introduce error into the broad process of bringing data from collection to
conclusion.

Finally, because humans cannot easily deal with large volumes of data or complex
data, analysts often ignore variables they deem less important. Analysts may easily
accidentally ignore avariable that turns out to bekey. During an analysis of a credit card
application process, it was found that the auditors had ignored the "Time at current address®
field in their analysis as it was thought to be arelatively unimportant field. However, it
turned out that this field had an exceptionally high error rate (perhaps precisely because
operators also figured that the field was unimportant and thus did not pay attention to
processing it correctly). Once the high error rate was factored in, thisinitially ignored field
turned out to be akey factor in the overal analysis. Analysts also sometimes initially explore
datato get a"sense of it" to help them form their hypotheses. Typically, for large datasets,
analysts can only explore subsets of the overall datato detect patterns that would lead them to
the right hypotheses or models. If they accidentally look at the wrong subset or fail to review
a subset with the clearest patterns, they may easily miss key factors that would affect the

accuracy of their analysis. Anaysts may similarly exclude sets of data from the anaysis
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because they believe these are outliers. However, sometimes truly useful datamay be
incorrectly excluded by human analysts.

On the other hand, an emerging best practice in the world of business analytics isthe
practice of "crowdsourcing." Thisrefersto tapping alarge set of people (the "crowd") to
provide insight to help solve business issues. For example, a customer might fill out a
comment card indicating that a certain dress was not purchased because the customer could
not find matching shoes. This can be avery valuable insight, but the traditional collection
procedure suffers from severa problems.

The first step in crowdsourcing isundirected social idea generation. Employees,
customers, and others submit ideas and patterns that they have identified. Of course, any
pattern that isnot noticed by ahuman isnot submitted and istherefore not considered in the
analysis.

The next step is for someone to sort and filter all the submitted ideas. Because there
are alarge volume of suggestions, and it isimpossible to know if the suggestions are valuable
without further research, someone must make the decision on which ideasto follow up on.
This can be based on how many times an idea is submitted, how much it appealsto the
people sorting the suggestions, or any number of methods. The issue isthat good ideas may
berejected and never investigated.

Once the selected ideas are passed to an analyst, he or she must decide how to
evaluate the ideas. Research must be conducted and data collected. Sometimesthe dataiis
easily available, for example, if a customer suggests that iced tea sells better on hot days, the
sales records can be correlated with weather reports.  Sometimes the data must be gathered,
for example, if a salesman thinks that a dress isnot selling well dueto alack of matching
shoes, a study can be performed where the dress is displayed with and without clearly
matching shoes and the sales volumes compared. However, sometimes it isimpossible to
validate atheory because the corresponding datais not available.

Finally, the analysis isonly as good as the analyst who performs it in the first place.
An inexperienced analyst often produces much less useful results than an experienced analyst
even when both work on the same data.

Thus there is aneed for a solution which takes the strengths of the computer and the
strengths of the humans and leverages both in a scalable manner. Such a solution could
increase the effectiveness of analytics by decreasing the impact of human errors and human
inability to select the correct hypotheses and models.
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Further, there is aneed for a scalable approach to crowdsourcing which does not
suffer from the limitations of traditional crowdsourcing described above.

On the other hand, automated analysis also suffers from certain limitations. The
software may not see that two different patterns detected by it are actually associated or be
able to detect the underlying reason for the pattern. For example, in the policy data entry
example described above, an automated analysis could detect that Spanish forms had higher
error rates in the gender field but automated analysis may not be able to spot the true
underlying reason. A human being however may suggest checking the errors against whether
or not the corresponding operator knew Spanish. This would allow the analysis to
statistically confirm that operators who do not know Spanish exhibit a disproportionately
high error rate while selecting the gender for female customers (due to the Mujer = male

confusion).

BRIEF DESCRIPTION OF THE DRAWINGS

The preferred embodiments of the invention will hereinafter be described in
conjunction with the appended drawings provided to illustrate and not to limit the invention,
wherein like designations denote like elements, and in which:

Fig. lisblock diagram illustrating a combined computer/human approach to finding

patterns and other actionable insights in large data sets.

DESCRIPTION OF PREFERRED EMBODIMENTS
Introduction

Fig. 1lisblock diagram illustrating a combined computer/human approach to finding
patterns and other actionable insights in large data sets. For simplicity, most of the following
discussion isin the context of finding meaningful patterns, but the principles illustrated can
also be applied to identify other types of actionable insights. Steps 110 and 120 are largely
based on automatic computer analysis. Step 130 islargely based on human analysis (e.g.,
crowdsourcing), preferably by relatively untrained humans. Optional step 140 is amore
formal analysis, preferably by trained analysts, to test and refine the findings and suggestions
of steps 110-130.

In this context, "untrained" means little to no training in the statistical principles
underlying the search for actionable insights. The term "statistically untrained” may
sometimes be used. Thus, in aconventiona approach, statistical analysts review the data,

form hypotheses and design and run statistically significant experiments to test their
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hypotheses. These statistical analysts will generally be "trained humans" or "statistically
trained humans." On the other hand, consider a case where the process being examined isa
loan underwriting process. Feedback may be solicited from humans ranging from data entry
operators to those making final decisions on loan applications. These will generally be
"untrained humans" or "statistically untrained humans' because they are not providing
feedback on the statistical aspect of the search for actionable insights. Note that the term
"untrained human" does not mean that these humans are unskilled. They may be highly
trained in other areas, such asloan evaluation. They may even have enough training in
statistics to play therole of a statistical analysis; they just are not playing that role in this
context.

Steps 110 and 120 are the automatic analysis of large data sets and the automatic
detection of potentialy valuable and meaningful patterns within those data sets. We have
previously disclosed multiple approaches to automatically analyzing datato detect underlying
patterns and insights. Examples include U.S. Patent 7,849,062 "Identifying and Using
Critical Fieldsin Quality Management” that disclosed means to automatically detect
underlying error patterns in data processing operations as well as pending patent application
PCT/US201 1/033489 "Identifying and Using Critical Fields in Quality Management™ that
disclose additional approaches to automatically analyzing datato detect underlying patterns.
While some of these inventions were described in the context of data processing or human
error patterns detection, the underlying methods are also applicable to abroad range of
analytics. In U.S. Patent Application No. 13/249,168 "Analyzing Large Data Setsto Find
Operator Deviation Patterns," we specifically disclosed approaches that allowed the
automatic detection of subsets of datawith high p-values indicating the high likelihood that
the specific subset contained some underlying patterns and that the corresponding data
distribution was unlikely to have been random. Thus, the underlying patterns have a higher
chance of leading to meaningful actionable insights. Another approach to detecting
actionable insights involves analyzing the predictive determinism of a set of variables or
variable combinations, as measured by the coefficient of determination R2, or goodness of fit
against aregression model such as apiece-wise linear or "kitchen-sink™" regression. These
approaches can be applied to analyses including but not limited to customer segmentation
(psychographics), sales analysis, marketing campaign optimization, demand forecasting,
inventory / resource / supply chain optimization, assortment / product mix optimization,
causal analysis, fraud detection, overtoiling detection, and risk analysis. All of the foregoing

are incorporated by reference herein.
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The output of such automated analysis 110/120 can be further enhanced by the
addition of manual feedback 130. Such feedback can be provided by statistically trained
humans, however, certain types of extremely valuable feedback can be provided by
statistically untrained humans. For example, acompany's employees, customers, suppliers or
even interested humans without special knowledge / experience may be able to provide
valuable feedback that can enhance the automated analysis 110/120.

For example, in the policy data entry example described above, an automated analysis
110/120 could detect that Spanish forms had higher error rates in the gender field but
automated analysis may not be able to spot the true underlying reason. A human being
however may suggest 130 checking the errors against whether or not the corresponding
operator knew Spanish. Asindicated by the feedback arrow 135, this would allow the
analysis 110/120 to statistically confirm that operators who do not know Spanish exhibit a
disproportionately high error rate while selecting the gender for female customers (due to the
Mujer = male confusion). In this way, actionable insights can beiteratively developed
through a combination of computer analysis and statistically untrained human feedback.

One goal here isto minimize the need for expert knowledge, such as deep
understanding of statistics, so that the scope of potential crowdsourcing contributors 130 is as
broad aspossible. At the same time, an additional goal isto make the opportunities for
crowdsourcing feedback 135 sufficiently structured in nature, such that the overall process
can be as automated aspossible and does not require subjective human evaluation or
processing of the crowdsourced feedback. A final optional goal istying the crowdsourced
feedback and the automated analytics tightly and interactively to the available data so that the
analysis produces actionable insights backed by statistically valid evidence.

Automated analysis

Various types of automated analysis have been described previously by the inventors.
For example, in the context of document processing by operators, one goal may beto find
documents that are similar in some way in order to identify underlying patterns of operator
behavior. A search can be conducted for segments of the data which share asfew as one or
more similar field or parameter values. For example, a database of loan applications can be
searched for applicants between 37 and 39 years of age. Any pair of applications from this
sample might be no more similar than arandomly chosen pair from the population.
However, this set of applications can be statistically analyzed to determine whether certain

loan officers are more likely to approve loans from this section of the population.
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Alternatively, it may not be necessary to find even one very similar parameter. Large
segments of the population may be aggregated for analysis using criteria such as "applicants
under 32 years old" or "applicants earning more than $30,000 per year." Extending this
methodology one step further, asingle analysis can be conducted on the sample consisting of
the entire population.

In addition, it is possible to analyze sets of datawhich do not contain all of the
information that the operators use to make decisions. In the case of loan applications
requiring apersonal interview, it would be very hard to conduct a controlled experiment that
includes the personal interview. It would also be difficult to search for "similar” interviews.
However, we can still search for applications with some parameters similar, and aggregate
the statistics across al interviews. It may not be possible to identify any single loan decision
as incorrect or suspect, but if, for example, among applicants aged 26-28, earning over
$32,000, one loan officer approves 12% of loans and another approves 74% of loans, there
may betraining or other issues.

These methods can be combined to find a diverse variety of samplesto analyze. A
sample might consist of the documents with each field similar to a given value for that field,
or it might comprise the set of al the documents. In addition, some fields may be restricted
to asmall or largerange, where other fields have no restriction. Each sample may be
analyzed with statistical methods to determine whether operators are processing documents
consistently.

There are several statistical hypothesis tests which may be appropriate for making this
determination. If the output of the process isbinary, such as aloan approval, and the number
of documents in the sample under analysisis small, atest such as Fisher's Exact Test may be
used. If the output isanumber, such as aloan interest rate, and the sample islarge, a Chi-
Square Test may be used. These tests can be used to determine whether one operator is
producing significantly differing output from the remainder of the operators. Alternately, the
operators can be split into two groups and these tests can be used to determine whether the
operators in the two groups are producing significantly differing output. All possible splits
can be analyzed to find the one with the highest statistical significance. Alternately, these
tests can be used to determine simply whether the distribution of operator output for this
sample is significantly more unusual than what would be expected under the null hypothesis,
i.e., al operators making decisions in the same manner.

If numerous statistical tests are conducted, it is expected that some of them will be
statistically significant, even without any underlying pattern. It isimportant to search for p-
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values which are more extreme than would normally be sought. For example, if 1000 tests
are conducted, we could require ap-value of 0.00005 rather than the typical 0.05.
Alternately, we can split the data into two sets of data: atraining set and atesting set. We
can conduct alarge number of tests on the training data, but may find that our lowest p-values
are not statistically significant due to the large number of tests conducted. We can then use
the results to construct new hypotheses and design a small number of new tests. These new
tests can be conducted on the testing data set. Because only afew tests are being conducted,
we would not need very extreme p-values to achieve significance. Alternately, we can use
the results as a starting point for any other review process, including supervisor review of
indicated historic documents. Rules can potentially also be created to automatically flag
documents from this segment of the population, asthey are processed, for additional review.

Another method for computing the statistical significance of complicated test statistics
isas follows. We are testing against the null hypothesis that all operators behave in the same
manner. Disproving this null hypothesis means there is some statistically significant
underlying pattern to the behavior of the operators. For statistics where operators are
separated into multiple groups under a grouping plan, we can randomly assign operators into
groups repeatedly under multiple different grouping plans and re-compute the test statistic for
each grouping plan. If the value for a specific grouping plan is higher than the value for 95%
of randomized grouping plans then we have 95% confidence that our null hypothesis was
incorrect. Of course, we cannot simply compute many random grouping plans and assert that
the top few grouping plans are statistically significant. However, we can identify apossibly
significant grouping plan by doing this for the training dataset, and see if that grouping plan
isagain in the best 5% of random grouping plans for the testing data set.

It should be noted that a statistical hypothesis test can be very useful for showing that
one or more operators produce different output (or a different output distribution) for
documents from the same section of the population. However, it may be more valuable to
find sections of the population where the operator output difference is large, rather than
merely statistically significant. Metrics other than statistical p-value can be used to determine
which population sections require further study. One such metric isrelated to the variance in
the means of the operators output. Because we only have access to a sample of the data, we
typically cannot compute the actual means. We can instead compute an estimate of each of
the means and use this to calculate an estimate of the variance in the means.

In a stable process where there were no deviations from the norm, the variance would

be significantly lower than in aprocess with patterns of deviations from the norm. Any of
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these metrics, or others, can be used asthe basis of a hill climb or other local search method
to identify interesting samples of the population that would be most useful to analyze to
detect underlying patterns of deviations from norms or fragmented norms. A key property of
these metrics isthat they are highest for the section of the document population that actually
represents the variance in operator behavior. For example, if one operator isnot approving
loans from males aged 20-30, the metric should be higher for "males aged 20-30" than for
"males aged 20-50" and "people aged 20-30."

Loca search methods operate by considering agiven sample, and repeatedly
modifying it with the goal of raising the metric. This continues until the metric is higher for
the sample under consideration than for any nearby samples (alocal optimum). The notion of
proximity is complex for samples of the sort we are discussing. The "modify" step in the
algorithm will change the restrictions defining the current sample. This can consist of
widening or tightening the restriction on one field, or adding arestriction on anew field, or
removing the restriction on arestricted field. For example, if we consider a sample
consisting of "Loan applications from females aged 30-40" and calculate the metric to be X,
we could then calculate the metric for "females’, "females aged 30-50", "females aged 20-
40", "people aged 30-40", and others. Each of these metrics will be compared to X and the
search algorithm will continue. Such a search can also be used to detect non-obvious
relationships between different variables. For example, females may in general have a
dlightly higher interest rate than usual, and people aged 18to 25 may have a higher interest
rate than usual, but females aged 18 to 25 may actually have alower interest rate than usual.
Such apattern would have been ignored if wejust used aregression model that did not
specifically include aterm for the combination of gender and age.

Because the metrics are highest for samples with acute variances, samples obtained
using parameter values which are responsible for the unusual behavior will have the highest
scores. Much larger and much smaller samples will have lower scores. Asthe search
algorithm runs, the sample under consideration will "evolve" to contain the features that are
causing the discrepancy in operator processing while not containing unrelated random
information. Of course, the search will cease on one local maximum. If the local search is
repeated multiple times from random starting samples, many samples with peak metrics can
beidentified inthe data. The same kind of analysis, including local search, can be used to
identify the variables or combination of variables that have the highest predictive
determinism for specified outcome variable. The outcome variable can be specified by an

expert or the software can try different variables as potential outcome variables and then
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select the outcome variable based on specified selection criteria. For example, the variable
that exhibits the highest signal to noise may be selected as the outcome variable. The
outcome variable may also be calculated from a set of variables.

The examples above were given in the context of forming hypotheses for patterns of
operator behavior, but they can also be used to form hypotheses for other types of analysis.
For example, one type of analysis may involve the creation of reports such as charts or graphs
based on the variables or combinations of variables with the highest predictive determinism.
These hypotheses can then be further qualified 130 by humans.

Human socia ideation

Referring to Fig. 1, human feedback 130 isused to improve the hypotheses identified
by the automated analysis 110/120. Multiple forms of directed crowdsourced or social
feedback can be supported. Examples include the following.

Voting of auto-detected patterns: Humans may simply review the auto-detected

patterns or subsets of datawith high p-values and vote that the specific pattern or subset is
worth further exploration. The higher the number of votes a pattern gets, the more actionable
or worthy of further exploration the pattern might be. Similarly they may vote on the best
outcome variables for predictive determinism analysis. They may also vote on variables or
variable combinations that are best to generate analysis reports by.

Tagging of auto-detected patterns: Humans may also tag the patterns or subsets with

comments. For example, in an invoice processing scenario, certain operators might
incorrectly process debits as credits. This error would show up in different ways. First, the
amount for the line item would be positive instead of negative. Second, the transaction type
would bemarked incorrectly. And finally, the total amount for the invoice would be
incorrect. While automated analysis might detect that the three patterns are highly correlated
it might not have sufficient information to reveal that there is a causal relationship between
the patterns. One or more humans however may tag the three different error patterns as part
of abroader "debit/credit confusion” pattern. Thiswould help the automated analysis detect
the fact that a single underlying problem, operators confusing debits and credits, isthe root
cause behind these multiple patterns. Another tagging example could occur for an automated
analysis that revealed that a certain bank was issuing very few loans below $10,000 and that
this pattern had significant statistical evidence of being significant. A human might however
know that the specific bank only serves multi-millionaires and thus rarely received loan

applications for small amounts. The human could thus tag this pattern as not worth exploring

10
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due to this reason. If sufficient humans tagged the pattern the same way, the automated
analysis may reduce the importance of the pattern despite the high statistical evidence.
Propose hypotheses: The analytics may reveal patterns but due to the lack of

understanding of the complex real world systems, algorithms may not detect the right
corresponding hypotheses. For example, the analysis may revea that something statistically
significant ishappening which is causing a significantly lower sale of certain dresses in
certain shops as opposed to other shops even though the dresses were displayed the same way
in al stores on identical mannequins. A customer may point out that the dress material
displays certain attractive characteristics when seen under florescent light and not under
incandescent light. This would be an example of a hypothesis that an automated analysis
probably would not identify and even human experts may have easily missed. However,
given a specific pattern to focus on as a starting point, a least one of a sufficiently large
number of crowdsourced helpers may detect this key pattern.

Filter / search datato find new slices with high p-values: Automated analysis might

leverage various heuristics such as "hill climb" to detect the subsets with the highest p-
values. However, humans, especialy customers and employees, because of their unique
understanding of the broader context may be able to find subsets of data with high p-values
that automated analysis did not detect. Humans may also realize that certain subsets were
actually related and propose more complex subsets that would have even higher p-values.
Additionally, because of heuristics like bucketing, the automated analysis may have
somewhat imprecisely defined the subset and unnecessarily included/excluded data points in
the subset that did not/did relate to the underlying pattern in question. Humans may define
the subset more precisely, either including related data points or excluding unrelated data
points to increase the p-values. For example, the system might detect an unusual volume of
sales between $20 and $30 during the March 1-15 time period. A customer might remember a
promotion of afree gift with purchases over $25 during Feb 25 to Mar 12 and suggest this as
anew subset to analyze, leading to an even higher p-value.

Propose external variables or datum to consider : A key limitation of automated

analysis isthe lack of awareness of the physical world or overall context. Humans may
easily recommend the inclusion of additional variables, the inclusion of which simplifies or
enables the detection of patterns. For example, if the automated analysis was evaluating the
sale of pizzas, humans might suggest the inclusion of key causal variables such asthe dates
on which football games are held, or the local rainfall rates asthese variables significantly

affect the sale of home-delivered pizza. Similarly humans may ssimply provide additional

11
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specific information such as "This specific shop uses incandescent lights" rather than suggest
an external variable to consider.
Suggest fields to combine during analysis: Certain patterns may be relatively

complex, such as"if variable A isequa to x and variable B is greater than y but variable Cis
not equal to z, then a specific pattern is observed.” Such complex patterns may be difficult
for automated analysis to detect short of expensive brute force analysis of an enormous
number of possible scenarios. Humans, because of their enhanced understanding of the
context, can more easily suggest such patterns.

Suggest breaking existing datainto finer grained fields: Certain fields may represent

overly aggregated data which hides underlying patterns. For example, if sales datais
aggregated by day, auser may suggest that salesin the morning and in the evening should be
tracked separately because different types of customers visit the shop during the morning as
opposed to the evening and they exhibit different sales behavior patterns.

Suggest type of regression: Humans may have an instinct for the shape of the hidden

data distribution. For example, humans may be asked to vote on whether the underlying
pattern is linear, exponential, etc. They may also suggest combining certain variables during
the analysis as specified in f above. In each of these cases, they are essentially suggesting the
type of regression that the automated analysis should use.

Suggest experiments to detect or confirm patterns: In some cases, the humans may be

aware of apattern that cannot be confirmed fromjust the available data. For example, if a
dress was not selling because customers could not imagine what kind of shoe they could wear
with it, merely analyzing existing data may not be sufficient. However, human feedback may
suggest that this hypothesis be tested by setting up floor displays with the specific dress and
corresponding shoes or selling the dress and matching shoes together as apackage. The
results of this experiment would offer datathat could confirm this hypothesis.

The previous section talks about auto-detected patterns or auto-detected subsets of
datawith high p-values. However, this method may be applied to other forms of automated,
assisted, or manual data analysis aswell. For example, there is no reason to believe that such
social feedback would not be useful to an expert analyst performing a completely manual

data analysis.

Collection of human feedback

Although feedback can be solicited as free-form text, there are several ways that we

can structure the collection of feedback from customers and others. Structured as opposed to
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free-form feedback allows easer automated understanding of the feedback aswell as
enhanced clustering of feedback to determine cases where multiple humans have essentially
provided the same feedback.

One method for collecting structured feedback involves having users select each word
in a sentence from a drop-down of possible words. In this way they can construct a
suggestion, comment, or other insight such as "1 would purchase more shoes if they were
red." Each of the nouns and verbs can be altered but the sentence structure remains easy to
analyze. The user could choose from insight templates such as "l would X if Y," "I feel X
when Y," "I enjoy X when Y," etc.

For cases where the feedback involves filtering / searching datato find new slices
with high p-values, the structured interface can be similar to standard advanced search
functionality. The criteria specified by the human can be immediately tested on al the data
or a selected subset of the data and the p-value measured.

For cases where the feedback involves suggesting outcome variables for predictive
determinism analysis, or actually specifying the best variables for analyzing and reporting on
the data, the structured interface can simply be alist of variables that the human can select
from. In complex situations, the structured interface can allow the specification of
mathematical formulas that combine selected variables into a complex outcome or
analysis/reporting variable. The variables specified by the human can be immediately tested
on all the data or a selected subset of the data and the predictive determinism or goodness of
fit can be measured.

Another way to accept structured feedback isto ask the users to construct their
sentence using arestricted language of selected nouns, verbs, and adjectives. These can be
automatically analyzed by software algorithms such as statistical aggregation, Markov chains,
and others to detect patterns.

If no other option allowed the user to express herself fully, she could compose her
thoughts in free-form text. However, instead of having this text interpreted by humans, it
could be analyzed by computer algorithms such as statistical aggregation, Markov chains, and
others as described above.

Humans may be provided financial or other rewards based on whether their feedback
was useful and unique. For example, in the filtering case, auser might be rewarded based on
the feedback's usefulness, namely how much better the p-value of their specified subset was
than the average p-values of the top 10 subsets previously detected by the software

automatically or with the help of humans. A uniqueness criterion may aso be easily applied
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to the reward formula such that a higher reward would be paid if the human-specified subset
differed significantly from previously identified subsets. The uniqueness of auser specified
set N as compared to each of the previously identified sets § may be determined by aformula
such asthe following: (Number of elements in N - Number of element in N intersect S) /
(Number of element in N intersect §). Other uniqueness and usefulness criteriamight be
applied instead or in addition.

For feedback involving regression models or combinations of fieldsto be used in the
model, avery similar approach combining usefulness and uniqueness can be used.
Usefulness can be determined by the improvement in the "fit" of the model or increase in the
predictive determinism of acombination of variables, while uniqueness can be determined by
whether a substantially similar model has already been submitted previously or detected
automatically.

Alternate approaches to rewards may include the following for cases where humans
are tagging or voting for apattern. The first person to tag a pattern with a given phrase might
be rewarded based on how many other users also tagged the same pattern with the same
phrase. This motivates users to tag with the phrases that they think other users will tag with.
Even a software algorithm that attempted to "game" this system would, if successful, provide
valuable insight. Given that users would not know what phrases a given pattern has already
been tagged with, or even whether a pattern has already been tagged, it would be difficult for
auser to predictably game such a system to get unwarranted rewards. Rewards can be
restricted to tags that are uniquely popular for this pattern, to avoid the possibility every
pattern getting tagged with atrivial tag. Alternately, the reward can bereduced if auser
provides lot of tags. Thus, users would have an incentive to provide a few tags that are good
matches for the datarather than alot of less useful tags in the hope that at least one of the
tags would be a good match.

Most reward-incented systems rely on rewards which are delayed in time with respect
to the feedback offered by users. Because this system as described can measure p-vaues
interactively, rewards can be immediately awarded, significantly improving the perceived
value of participating in the system and increasing participation.

The structured human feedback process may betransformed into games of various
sorts. Various games related to human-based computation have been used to solve problems
such as tagging images or discovering the three dimensiona shape of protein structures. This
isjust one example of how using automated analysis to create a good starting point and then
allowing aframework where different humans can handle the tasks most suited to their
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interests and abilities, can be more effective than either just automated or just expert manual
analysis.

Existing approaches can be further improved in anumber of ways. For example, one
embodiment taps ahuman's social knowledge, something much harder for computers to
emulate than specific spatial reasoning. Moreover, wetap the social knowledge in a
structured machine-interpretable manner which makes the solution scalable. Humans excel a
graph search problems such as geometric folding (or chess-playing) where there are many
options a each step. Today, this gives people an advantage in a head-to-head competition,
but with rapid advances in technology and falling costs, computers are rapidly catching up.
In fact, computer algorithms are now widely considered to outperform humans at the game of
chess. However, no amount of increased processor speed will enable a computer to compete
in the arena of social cognizance and emotional intelligence. Socialization comes naturally to
humans and can be effectively harnessed using our methods.

Additionally, various embodiments can be non-trivially reward based. By tying a
tangible payment to the actual business value created, the system isno longer academic, but
can encourage users to spend significant amounts of time generating value. Additionally, a
user who seeksto "game" the system by writing computer algorithms to participate is
actually contributing to the community in avalid and valuable way. Such behavior is
encouraged. This value sharing approach brings the state of the art in crowdsourcing out of
the arena of research papers and into the world of business.

Finally, some approaches allow humans to impact large aspects of the analysis, not
just asmall tactical component. For example, when a human suggests the inclusion of an
external variable or identifies a subset with high p-value, they can change the direction of the
analysis. Humans can even propose hypotheses that turn out to be the key actionable insight.
Thus, unlike in the image tagging cases, humans are not just cogs in acomputer driven
process. Here, humans and computers are synergistic entities. Moreover, even without
explicit collaboration, each insight from ahuman feeds back into the analysis and becomes
available to other humans to build on. For example, Andy may suggest the inclusion of an
external variable which leads Brad to detect anew subset with extremely high p-value, which
leads Darrell to propose a hypothesis and Jesse to propose a specific regression model which
allows the software to complete the analysis without expert human intervention. Thus, the
human feedback builds exponentially on top of other human feedback without explicit
collaboration between the humans.
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Some humans may try to submit large volumes of suggestions hoping that a least one
of them works. Others may even write computer code to generate many suggestions. As
long as the computation resources needed to evaluate such suggestions isminimal, this is not
asignificant problem and may even contribute to the overall objective of useful analysis. To
reduce the computational cost of the evaluation of suggestions, such suggestions may first be
tested against a subset of the overall data. Suggestions would only beincorporated while
analyzing the overall dataif the suggestion enabled a significant improvement when used to
analyze the subset data. To further save computation expenses, multiple suggestions
evaluated on the subset data may be combined before the corresponding updated analysis is
run on the complete data. Additionally, computation resources could be allocated to different
users via a quota system, and users could optionally "purchase” more using their rewards

from previous suggestions.

Feedback |oop
Once the feedback isreceived 135, the initial automated analysis 110/120 may bere-

run. For example, if the humans suggested additional external data, new hypotheses, new
patterns, new subsets of data with higher p-values, etc., each of these may enable improved
automated analysis. After the automated analysis is completed in light of the human-
feedback, the system may go through an additional human-feedback step. The automated-
analysis through human feedback cycle may be carried out as many times as necessary to get
optimal analysis results. The feedback cycle may beterminated after a set number of times
or if the results do not improve significantly after a feedback cycle or if no significant new
feedback isreceived during agiven human feedback step. The feedback cycle need not be a
monolithic process. For example, if ahuman feedback only affects part of the overall
analysis, that part may bereanalyzed automatically based on the feedback without affecting
the rest of the analysis.

Asthe analysis isimproved based on human feedback, alearning algorithm can
evaluate which human feedback had the most impact on the results and which feedback had
minor or even negative impact on the results. Asthis method clearly links specific human
feedback to specific impacts on the results of the analysis, the learning algorithms have arich
source of datato train on. Eventualy, these learning algorithms would themselves be able to
suggest improvement opportunities which could be directly leveraged in the automated
analysis phase. The automated analysis methods could themselves be improved based on
learning algorithms analyzing which automatically detected patterns received the most
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positive human feedback and which automatically detected patterns were rejected by the
humans.

The human feedback patterns could also be analyzed to detect deterministic patterns
that may or may not be context specific. For example, if local rainfall patterns turn out to be
acommon external variable for retail analyses, the software may automatically start including
this datain similar analyses. Similarly, if humans frequently combine behavior patterns
noticed on Saturdays and Sundays to create a higher p-value pattern for weekends, the
software could learn to treat weekends and weekdays differently in its analyses.

The software may aso detect tags that are highly correlated with (usually paired with)
each other. If apattern is associated with one of the paired tags but not the other, this may
imply that the humans simply neglected to associate the pattern with the other tag, or it may
be a special rare case where the pattern is only associated with one of the usually paired tags.
The software can then analyze the datato detect which of the two cases has occurred and
adjust the analysis accordingly.

This overall feedback loop may occur one or more times and may even be continuous
in nature where the analysis keeps occurring in real time and users simply keep adding more
feedback and the system keeps adjusting accordingly. An example of this may be a system
that predicts the movement of the stock market on an ongoing basis with the help of live
human feedback.

During the crowdsourcing phase, certain datawill be revealed to the feedback crowd
members. Companies may bewilling to reveal different amounts and types of datato
employees as opposed to suppliers or customers or the public & large. Security/privacy can
be maintained using different approaches, including those described in U.S. Patent No.
7,940,929 "Method For Processing Documents Containing Restricted Information” and U.S.
Patent Appls. 13/103,883 "Shuffling Documents Containing Restricted Information” and
13/190,358 " Secure Handling of Documents with Fields that Possibly Contain Restricted
Information™. All of the foregoing are incorporated by reference herein.

Further Analysis

Once the automated analysis with human feedback is completed, the data could be
presented to expert analysts 140 for further enhancement. Such analysts would have the
benefit of the following:

» lists of hypotheses detected automatically aswell as proposed by humans;
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» results of how well the data fit various regression models detected automatically

aswell as proposed by humans;

» gpecific subsets of datawith high p-values, corresponding to automatically or

manually detected patterns, and corresponding manually proposed causal links;

» votes and tags indicating agreement from communities such as customers or

employees; and

» other valuable context information
Such information significantly ameliorates some of the key limitations of manual expert
analysis such as picking the wrong hypotheses, the wrong models, ignoring key variables,
reviewing the wrong subsets, etc.

The analyst's responsibilities can also be restricted to tasks such as slightly changing
models, etc. or improving the way the datais analyzed rather than having to write complex
code from scratch or figuring out which data sources need to be included in the analysis. By
reducing the complexity and the "degrees of freedom™ of the work the analyst has to perform,
we significantly reduce the risk of human error or the impact of an analyst's experience on
the final results. Thismay aso enable superior analysis with lower cost analysts.

Given the nature of the automated analysis, the structured nature of the crowdsourced
feedback, and the minimal optional involvement of expert analysts, such an analysis can be
carried out much faster, a lower overall cost and higher overall accuracy and effectiveness
than traditional methods.

Given the report-writing flexibility and freedom that analysts enjoy under traditional
methods, it can be difficult to create scalable user-friendly reports with drill-down, expand-
out, context-aware features and context specific data details. In essence, when an analyst
writes custom code or analysis formulae to create analyses, the reports themselves have to be
custom in nature and are difficult to build automatically without manual customization.
However, the methodology specified above can restrict the expert analyst to configure, not
customize. Due to the nature of the automated analysis, the structured feedback, and the
limited expert configuration, the software solution is fully aware of all aspects of the report
context and can automatically generate arich context specific report with drill-down, expand-
out, context specific data capabilities. The software can also combine measures of statistical
soundness, predictive determinism, and/or P-values into a smple measure of statistical
importance. This may simply be aweighted average of these and other statistical measures or

other similar means of combining different metrics into a single composite one. The measure
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of statistical importance may be presented relative to the variable combination or pattern with
the highest overall statistical importance and may be expressed as a percentage.

One example of arich context specific report that the software may automatically
generate includes an animation that systematically walks ahuman through the key insights in
the data without any human intervention. The methods described in this document can be
used to determine the most useful subset of the datato analyze, the set of variables and or
hypotheses and or regressions to analyze by, and the set of variables to report by. The
animation can walk the human through different graphs based on different variables and
variable combinations that have high predictive determinism and/or high P-values. The
animation can also highlight different actionable insights such aswomen aged 18to 25
behave significantly differently than women in general or 18 to 25 year olds in general. The
animation can also exclude or highlight cases where a pattern isnot statisticaly significant,
has low predictive determinism or alow P-value and thus avoid humans wasting time on
patterns that are not statistically sound. Note that while what data and graphs are presented is
being determined based on complex and powerful statistics, these details can be completely
hidden from the human who may just be presented a set of simple graphs and insights. In this
manner, arich statistically sound report can be presented solely through examples, and the
user would not need to know complex statistics to benefit from the report.

The system, as described in the present invention or any of its components, may be
embodied in the form of acomputer system. Typical examples of acomputer system include
a general-purpose computer, aprogrammed microprocessor, a micro-controller, aperipheral
integrated circuit element, and other devices or arrangements of devices that are capable of
implementing the steps that constitute the method of the present invention.

The computer system comprises a computer, an input device, adisplay unit and the
Internet. The computer comprises amicroprocessor. The microprocessor can be one or more
general- or special-purpose processors such as a Pentium®, Centrino®, Power PC®, and a
digital signal processor. The microprocessor is connected to acommunication bus. The
computer aso includes amemory, which may include Random Access Memory (RAM) and
Read Only Memory (ROM). The computer system also comprises a storage device, which
can be ahard disk drive or aremovable storage device such as afloppy disk drive, optical
disk drive, and so forth. The storage device can also be other similar means for loading
computer programs or other instructions into the computer system. The computer system
also includes one or more user input devices such as amouse and akeyboard, and one or

more output devices such as a display unit and speakers.
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The computer system includes an operating system (OS), such as Windows, Windows
CE, Mac, Linux, Unix, acellular phone OS, or aproprietary OS.

The computer system executes a set of instructions that are stored in one or more
storage elements, to process input data. The storage elements may also hold data or other
information as desired. A storage element may be an information source or physical memory
element present in the processing machine.

The set of instructions may include various commands that instruct the processing
machine to perform specific tasks such asthe steps that constitute the method of the present
invention. The set of instructions may be in the form of a software program. The software
may bein various forms, such as system software or application software. Further, the
software may be in the form of a collection of separate programs, aprogram module with a
larger program, or aportion of aprogram module. The software might aso include modular
programming in the form of object-oriented programming and may use any suitable language
such as C, C++ and Java. The processing of input data by the processing machine may bein
response to user commands to results of previous processing, or in response to arequest made
by another processing machine.

While the preferred embodiments of the invention have been illustrated and described,
it will be clear that it isnot limited to these embodiments only. Numerous modifications,
changes, variations, substitutions and equivalents will be apparent to those skilled in the art,
without departing from the spirit and scope of the invention, as described in the claims.
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WHAT ISCLAIMED IS:

1 A method implemented by a computer system for automatically identifying actionable
insights in a data set, the method comprising the computer system performing the steps of:
analyzing data within the data set, wherein such analysis occurs without human
intervention and without use of predefined rules,
identifying potentially valuable patterns based on the data analysis; and
developing actionable insights based on the identified potentially valuable patterns.
2. The method of claim 1wherein the data analysisisbased at least in part on P-values.
3. The method of claim 1wherein the data analysis isbased at least in part on predictive
determinism of variables and/or variable combinations from the data set.
4. The method of claim 1 further comprising the computer system performing the step of
excluding statistical outliers from the data analysis.
5. The method of claim 1 further comprising the computer system performing the step of
excluding data based on reduction of overall noise.
6. The method of claim 1wherein the data analysis isbased at least in part on predictive

determinism of variables and/or variable combinations for predicting an outcome variable.

7. The method of claim 6 wherein the outcome variable is avariable from the data set.

8. The method of claim 6 wherein the outcome variable is calculated from variables
from the data set.

9. The method of claim 6 further comprising the computer system performing the step of

testing candidate outcome variables to select the outcome variable.

10.  Themethod of claim 9 wherein the outcome variable isthe candidate outcome
variable with the highest signal to noise ratio.

11.  Themethod of claim 6 further comprising a human performing the step of selecting
the outcome variable.

12. The method of claim 6 further comprising a human performing the step of selecting
candidate outcome variables, and the computer system performing the step of testing the
candidate outcome variables to select the outcome variable.

13. The method of claim 1wherein the data analysis analyzes combinations of variables
and is capable of detecting relationship based on a combination of variables, where analysis
of individual variables would not have detected such relationship.

14. The method of claim 1wherein the data analysisisbased at least in part on alocal

search.
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15. The method of claim 1wherein the data being analyzed evolves asthe data analysis
proceeds.
16. The method of claim 1 further comprising the computer system performing the steps
of:
presenting the potentially valuable patterns to statistically untrained humans for
feedback; and
receiving feedback from the statistically untrained humans.
17. A method implemented by a computer system for automatically reporting actionable
insights in a data set, the method comprising the computer system performing the steps of:
analyzing data within the data set;
identifying potentialy valuable patterns based on the data analysis,
developing actionable insights based on the identified potentially valuable patterns;
and
automatically generating reports that explain the actionable insights to a human
reviewing the reports.
18. The method of claim 17 wherein, in the reports, a statistical importance of an
actionable insight isrepresented by anumerical metric.
19. The method of claim 17 wherein, in the reports, statistical significance is a component
in determining importance of an actionable insight.
20. The method of claim 17 wherein, in the reports, predictive determinismisa
component in determining importance of an actionable insight.
21.  Themethod of clam 17 wherein, in the reports, P-value is a component in
determining importance of an actionable insight.
22. The method of claim 17 wherein, in the reports, an importance of an actionable
insight is represented by arelative importance compared to the most important actionable
insight.
23. The method of claim 17 wherein the computer system further performs the step of
automatically generating an animation that explains the actionable insights to a human
viewing the animation.
24, The method of claim 23 wherein the animation includes examples and/or graphs.
25. The method of claim 23 wherein the animation does not explain the data analysis to
the human viewing the animation.
26. A combined computer/human method for automatically identifying actionable
insights in a data set, the method comprising:
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a computer system automatically and iteratively performing the steps of:

analyzing data within the data set;

identifying potentialy valuable patterns based on the data analysis,

presenting the potentially valuable patterns to statistically untrained humans

for feedback; and
receiving feedback from the statistically untrained humans; and
iteratively developing actionable insights based on the steps taken by the computer

system.
27. The method of claim 26 wherein the step of iteratively developing actionable insights
is performed by the computer system.
28. The method of claim 26 wherein the step of iteratively developing actionable insights
isnot performed by statistically trained humans.
29. The method of claim 26 wherein the method is for identifying actionable insights for
an entity, and the statistically untrained humans include customers of the entity.
30. The method of claim 26 wherein the method is for identifying actionable insights for
an entity, and the statistically untrained humans include employees of the entity.
31.  Themethod of claim 26 wherein the step of receiving feedback from the statistically
untrained humans comprises receiving feedback from computer systems programmed by the
statistically untrained humans.
32. The method of claim 26 wherein the method is for identifying actionable insights to
improve aprocess.
33. The method of claim 26 wherein the method is for identifying actionable insights to
improve fraud analytics.
34. The method of claim 26 wherein the method is for identifying actionable insights to
improve supply chain analytics.
35. The method of claim 26 wherein the method is for identifying actionable insights to
improve customer behavior analytics.
36. The method of claim 26 wherein the method is for identifying actionable insights to
improve social media analytics.
37. The method of claim 26 wherein the method is for identifying actionable insights to
improve web interaction analytics.
38. The method of claim 26 wherein the step of iteratively developing actionable insights
isbased on statistical hypothesis tests.
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39. The method of claim 26 wherein the step of iteratively developing actionable insights
comprises automatically identifying possible meaningful patterns within the data set.

40. The method of claim 26 wherein the step of iteratively developing actionable insights
comprises automatically identifying possible meaningful subsets of datawithin the data set.
41.  Themethod of claim 40 wherein the step of automatically identifying possible
meaningful subsets of datawithin the data set isbased on a statistical analysis of those
subsets which includes calculation of p-values of statistical hypotheses for those subsets.

42. The method of claim 40 wherein the step of automatically identifying possible
meaningful subsets of datawithin the data set isbased on variance in the means of subsets.
43. The method of claim 40 wherein the step of automatically identifying possible
meaningful subsets of datawithin the data set comprises iteratively refining possible
meaningful subsets based on aloca search method.

44, The method of claim 26 further comprising the computer system automatically
performing the step of creating reports based on the data analysis.

45. The method of claim 26 wherein the step of iteratively developing actionable insights
isbased a least in part on predictive determinism of variables and/or variable combinations
from the data set.

46. The method of claim 26 wherein the step of iteratively developing actionable insights
comprises testing against anull hypothesis that all operators behave the same.

47. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for voting on the possible hypotheses.

48. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for tagging with comments.

49, The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of new possible hypotheses for actionable insights.

50. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of refinements to possible hypotheses for actionable
insights.

51.  Themethod of claim 26 wherein the step of automatically identifying potentially

valuable patterns comprises automatically identifying possible meaningful subsets of data
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within the data set, and the step of presenting the potentially valuable patterns to the humans
comprises presenting the potentially valuable patterns to statistically untrained humans for
the suggestion of new possible meaningful subsets.

52. The method of claim 26 wherein the step of automatically identifying potentially
valuable patterns comprises automatically identifying possible meaningful subsets of data
within the data set, and the step of presenting the potentially valuable patterns to the humans
comprises presenting the potentially valuable patterns to statistically untrained humans for
the suggestion of refinements to the automatically identified possible meaningful subsets.
53. The method of claim 26 wherein the step of automatically identifying potentially
valuable patterns comprises the computer system automatically identifying candidate
variables or combination or variables for analysis, and the feedback received from the
humans comprises suggestions for refinements to the candidate variables or combinations of
variables.

54. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of additional variables to be included in the steps
performed by the computer system.

55. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of additional data fieldsto beincluded in the steps
performed by the computer system.

56. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of types of regression to be included in the steps
performed by the computer system.

57. The method of claim 26 wherein the step of presenting the potentially valuable
patterns to the humans comprises presenting the potentially valuable patterns to statistically
untrained humans for the suggestion of experiments to gather additional data.

58. The method of claim 26 wherein the human feedback includes structured feedback
directly useable by the computer system.

59. The method of claim 58 wherein the structured feedback comprises words selected
from alimited group of words.

60. The method of claim 58 wherein the structured feedback comprises sentences

constructed from alimited group of words.
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61. Themethod of claim 58 wherein the structured feedback comprises searches proposed

by the statistically untrained humans.

62. The method of claim 26 wherein the human feedback includes unstructured feedback.

63. The method of claim 26 wherein the step of presenting the potentially valuable

patterns to the humans includes presenting the feedback process as a game.

64. The method of claim 26 wherein the step of presenting the potentialy valuable

patterns to the humans includes an incentive for the humans to provide feedback.

65. The method of claim 64wherein the incentive is based on uniqueness of the feedback.

66. The method of claim 64 wherein the incentive is based on effectiveness of the

feedback.

67. The method of claim 26 further comprising the computer system performing the step

of:
automatically analyzing the received human feedback for patterns to improve the

computer system's process for automatically identifying actionable insights.

68. The method of claim 26 wherein the step of presenting the potentially valuable

patterns to humans for feedback comprises presenting different datato different humans.

69. The method of claim 26 wherein the feedback from humans comprises tagging of the

potentially valuable patterns.

70. The method of claim 26 wherein the feedback from one human is available to another

human when the other human is providing feedback.

71.  Themethod of claim 26 further comprising the computer system automatically

performing the step of applying alearning algorithm to the received human feedback.

72. The method of claim 26 further comprising the computer system automatically

performing the step of detecting deterministic patterns in the received human feedback.

73. A computer program product for use with a computer, the computer program product
comprising atangible computer usable medium having a computer program code
embodied therein for finding meaningful patterns in a data set, the computer program
code automatically and iteratively performing the steps of:
analyzing data within the data set;
identifying potentially valuable patterns based on the data analysis;
presenting the potentialy valuable patterns to statistically untrained humans for

feedback; and
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receiving feedback from the statistically untrained humans, wherein actionable
insights can be iteratively developed based on the steps performed by the

computer program code.
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Group 1: Claims 1-25 are directed toward a method implemented by a computer system for automatically identifying actionable insights in
a data set, the method comprising the computer system performing the steps of: analyzing data within the data set, wherein such
analysis occurs without human intervention and without use of predefined rules; identifying potentially valuable patterns based on the
data analysis; and developing actionable insights based onthe identified potentially valuable patterns.
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Group II: Claims 26-73 are directed toward a combined computer/human method for automatically identifying actionable insights in a
data set, the method comprising: a computer system automatically and iteratively performing the steps of: analyzing data within the data
set; identifying potentially valuable patterns based on the data analysis; presenting the potentially valuable patterns to statistically
untrained humans for feedback; and receiving feedback from the statistically untrained humans; and iteratively developing actionable
insights based on the steps taken by the computer system.

The common technical features among Groups | and i1 are a system for automatically identifying actionable insights in a data set, the
method comprising the computer system performing the steps of: analyzing data within the data set, identifying potentially valuable
patterns based on the data analysis; and developing actionable insights based on the identified potentially valuable patterns. However,
these common technical features are disclosed by US 2009/0157419 A1 to Bursey, hereafter referred to as Bursey. Bursey discloses a

" system for automatically identifying actionable insights in a data set (a Complex Event Processer is used to automatically provide actions
that need to be taken, paragraph [0304]), the method comprising the computer system performing the steps of: analyzing data within the
data set (the CEP identifies patterns in cloud data, paragraph [0304]), identifying potentially valuable patterns based on the data analysis
(the CEP identifies patterns in cloud data, paragraph [0304]); and developing actionable insights based on the identified potentially
valuable patterns (based on the identified pattern actions that need to be taken are generated and executed, paragraph [0304]).

Since the common technical features are previously disclosed by the Bursey reference, these common features are not special and so
Groups |-l lack unity.
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