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ITERATIVE AND TARGETED FEATURE
SELECTION

FIELD

[0001] The present application generally relates to infor-
mation technology, and, more particularly, to targeted fea-
ture selection techniques.

BACKGROUND

[0002] Software systems for predicting variables of inter-
est are utilized 1 many industries. However, existing
approaches require human analysis of unresolved examples
and iterative model building that are expensive and time-
consuming because multiple manual steps are commonly
involved.

SUMMARY

[0003] In one embodiment of the present mvention, tech-
niques for iterative and targeted feature selection are pro-
vided. An exemplary computer-implemented method can
include generating a first prediction value for a variable
attribute of a set of one or more objects by executing a
predictive model, wherein the predictive model comprises a
set of features for the set of objects. Such a method can also
include evaluating the prediction error of the predictive
model based on said first generated prediction value, and
generating one or more additional features, from a set of
unstructured data associated with the set of objects, upon a
determination that the prediction error exceeds a predeter-
mined threshold. Further, such a method can include 1ncor-
porating the one or more additional features into the pre-
dictive model, thereby generating an updated predictive
model, and generating a second prediction value for the
variable attribute of the set of objects by executing the
updated predictive model. Such a method can additionally
include evaluating the prediction error of the updated pre-
dictive model based on said second generated prediction
value, and outputting the second generated prediction value
to at least one user upon a determination that the prediction
error of the updated predictive model 1s below the prede-
termined threshold.

[0004] Another embodiment of the mvention or elements
thereol can be implemented 1in the form of an article of
manufacture tangibly embodying computer readable mnstruc-
tions which, when implemented, cause a computer to carry
out a plurality of method steps, as described herein. Fur-
thermore, another embodiment of the invention or elements
thereof can be implemented 1n the form of an apparatus
including a memory and at least one processor that is
coupled to the memory and configured to perform noted
method steps. Yet turther, another embodiment of the inven-
tion or elements thereol can be implemented 1n the form of
means for carrying out the method steps described herein, or
clements thereof; the means can include hardware module(s)
or a combination of hardware and software modules,
wherein the software modules are stored in a tangible
computer-readable storage medium (or multiple such
media).

[0005] These and other objects, features and advantages of
the present mvention will become apparent from the fol-
lowing detailed description of illustrative embodiments
thereotf, which 1s to be read 1in connection with the accom-
panying drawings.
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BRIEF DESCRIPTION OF THE

[0006] FIG. 1 1s adiagram illustrating system architecture,
according to an exemplary embodiment of the invention;

[0007] FIG. 2 1s a flow diagram 1illustrating techniques,
according to an embodiment of the imnvention;

[0008] FIG. 3 1s a system diagram of an exemplary com-
puter system on which at least one embodiment of the
invention can be implemented;

[0009] FIG. 4 depicts a cloud computing environment,
according to an embodiment of the present invention; and

[0010] FIG. 5 depicts abstraction model layers, according
to an embodiment of the present invention.

DRAWINGS

DETAILED DESCRIPTION

[0011] As described herein, an embodiment of the present
invention includes techmiques and systems for eflicient
online, iterative and targeted feature selection. At least one
embodiment of the imnvention includes building representa-
tions based on the improvement (or approval/disapproval) of
related predictions. By way of illustration, consider an
example representation of a house. With such an example, 1t
1s likely not necessary to represent every feature of the house
(the color, the texture, etc.). Accordingly, one or more
embodiments of the mvention include determining a suil-
cient set of features for the house that will allow a user to
differentiate between houses (for purposes of buying or
selling a house, for example).

[0012] At least one embodiment of the invention can
include 1dentitying a set of unresolved examples contribut-
ing to error 1n a predictive model, when run on a full set of
examples, wherein the unresolved examples are associated
with (or used to retrieve) unstructured data (text, images,
etc.). Additionally, such an embodiment can include finding
and/or 1dentifying common features 1n the unstructured data.
Such an embodiment can also include incorporating such
teatures into the predictive model (thereby generating an
updated predictive model), evaluating the prediction error
upon executing the updated predictive model, and outputting
at least one example from the full set of examples to at least
one user upon a determination that the updated predictive
model reduced the prediction error based on the evaluation.

[0013] As also detailed herein, a knowledge graph (KG)
can provide relationships between concept (or entity) refer-
ences 1n unstructured text descriptions. At least one embodi-
ment of the mvention includes utilizing these known rela-
tionships between entities to propose new Ifeatures. For
example, consider a textual description that describes appli-
ances (such as a dishwasher and a freezer) and another
textual description that describes typical activities with such
appliances (“washing dishes”). Relationships between the
appliances and the activities can be found across one or more
unresolved examples (as well as the full set of examples). At
least one embodiment of the mmvention includes using a
prediction error to focus the search in the space of possible
relationship-based representations.

[0014] Illustrative embodiments of the present mmvention
will be described herein, with reference to exemplary com-
puter networks and associated computers, servers, network
devices or other types of processing devices. It 1s to be
appreciated, however, that the imvention 1s not restricted to
use with such illustrations. By way of example only, the term
“computer network™ as used herein 1s intended to be broadly
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construed, so as to encompass, for example, any system
comprising multiple networked processing devices.

[0015] FIG. 1 illustrates a system architecture, according
to an embodiment of the invention. More specifically, FIG.
1 depicts an example of a computer network 100 configured
in accordance with an embodiment of the invention. As
depicted, network 100 comprises a plurality of user devices
102-1, 102-2, . . . 102-K, collectively referred to herein as
user devices 102. The user devices 102 are coupled to a
network 104, where the network 104 1n this embodiment 1s
assumed to represent a sub-network or other related portion
of the larger computer network 100. Accordingly, elements
100 and 104 are both referred to herein as examples of
“networks” but the latter 1s assumed to be a component of
the former 1n the context of the FIG. 1 embodiment. Also
coupled to the network 104 1s a feature selection system 105.

[0016] The user devices 102 may comprise, for example,
mobile telephones, laptop computers, tablet computers,
desktop computers or other types of devices capable of
supporting user logins, in any combination. Such devices are
examples of what are more generally referred to herein as
“processing devices.” Some of these processing devices are
also generally referred to herein as “computers.”

[0017] The user devices 102 1n some embodiments com-
prise respective computers associated with a particular com-
pany, organization or other enterprise. In addition, at least
portions of the computer network 100 may also be referred
to herein as collectively comprising an “enterprise network.”
Numerous other operating scenarios imnvolving a wide vari-
ety of different types and arrangements ol processing
devices and networks are possible, as will be appreciated by
those skilled 1n the art.

[0018] Also, it 15 to be appreciated that the term “user” 1n
this context and elsewhere herein 1s intended to be broadly
construed so as to encompass, for example, human, hard-
ware, solftware or firmware entities, as well as various
combinations of such entities.

[0019] The network 104 1s assumed to comprise a portion
of a global computer network such as the Internet, although
other types of networks can be part of the computer network
100, including but not limited to a wide area network
(WAN), a local area network (LAN), a satellite network, a
telephone or cable network, a cellular network, a wireless
network such as a Wi1-Fi™ or WiMAX network, or various
portions or combinations of these and other types of net-
works. By way of further example only, the computer
network 100 1n some embodiments can comprise combina-
tions of multiple different types of networks each compris-
ing processing devices configured to communicate using
internet protocol (IP) or other known communication pro-
tocols.

[0020] Inthis example, the feature selection system 105 1s
communicatively coupled to database 106, which 1s config-
ured to store KG data 107. The database 106 1n the one or
more embodiments of the invention 1s implemented using,
one or more storage systems associated with the feature
selection system 105. Such storage systems can comprise
any ol a variety of different types of storage including but
not limited to network-attached storage (NAS), storage area
networks (SANSs), direct-attached storage (DAS) and dis-
tributed DAS, as well as combinations of these and other
storage types, including software-defined storage.

[0021] Also associated with the feature selection system
105 are mput-output devices 108, which 1illustratively com-
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prise¢ keyboards, displays or other types of input-output
devices 1n any combination. Such mput-output devices are
used to support one or more user 1terfaces to the feature
selection system 105, as well as to support communication
between the feature selection system 105 and other related
systems and devices not explicitly shown.

[0022] The feature selection system 1035 in the FIG. 1
embodiment 1s assumed to be implemented using at least
one processing device. Each such processing device gener-
ally comprises at least one processor 120 and an associated
memory 122, and implements one or more functional mod-
ules for controlling certain features of the feature selection
system 103.

[0023] More particularly, the feature selection system 105
in this embodiment comprises processor 120 communica-
tively coupled to memory 122 and a network interface 124.
In some embodiments, the processor 120 comprises a micro-
processor, a microcontroller, an application-specific inte-
grated circuit (ASIC), a field-programmable gate array
(FPGA) or other type of processing elements, as well as
portions or combinations of such elements. In some embodi-
ments, the memory 122 comprises volatile and/or non-
volatile memory, such as random access memory (RAM),
read-only memory (ROM) or other types of memory, 1n any
combination. Memory 122, other memories and other stor-
age devices may be viewed as examples of what are some-
times referred to as “‘computer-readable storage media™
storing one or more executable computer programs, nstruc-
tions, code and other executables.

[0024] One or more articles of manufacture comprising
computer-readable storage medium (or media) are consid-
ered embodiments of the present invention. A given such
article of manufacture may comprise, for example, a storage
device such as a storage disk, a storage array or an integrated
circuit containing memory, as well as a wide variety of other
types of computer program products. The term “article of
manufacture” as used herein should be understood to
exclude transitory, propagating signals.

[0025] Referring again to the example depicted in FIG. 1,
an 1nterface 124 may comprise one or more conventional
transceivers (not depicted) and facilitate feature selection
system 105 to communicate locally with one or more
input-output devices 108 and remotely (over the network
104) with one or more user devices 102. The processor 120
further comprises a model trainer 130, a model executor
132, a model evaluator 134 and a model augmenter 136. It
1s to be appreciated that the particular arrangement of
modules 130, 132, 134 and 136 1illustrated in the processor
120 of FIG. 1 1s by way of example only, and alternative
arrangements can be used. For example, the functionality
assoclated with the modules 130, 132, 134 and 136 can be
combined 1nto a single module, or separated across a larger
number of modules. As another example, multiple distinct

processors can be used to implement different ones of the
modules 130, 132, 134 and 136 or portions thereof.

[0026] At least portions of the model trainer 130, model
executor 132, model evaluator 134 and model augmenter
136 may be implemented at least in part in the form of
soltware that 1s stored as an article of manufacture (such as
memory 122) and executed by processor 120.

[0027] It 1s to be understood that other embodiments may
include fewer, additional or alternative systems, devices and
other network entities, as well as diflerent arrangements of
modules and other components. By way of example only, in
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other embodiments, the feature selection system 1035 can be
climmated and associated elements such as model trainer
130, model executor 132, model evaluator 134 and model
augmenter 136 can be implemented elsewhere 1n the com-
puter network 100.

[0028] An exemplary process utilizing model trainer 130,
model executor 132, model evaluator 134 and model aug-
menter 136 of the feature selection system 105 1n computer
network 100 will be described 1n more detail below.

[0029] In some embodiments, described 1n more detail
herein, a KG can provide relationships between concepts
mentioned 1 unstructured text descriptions. The feature
selection system 103 utilizes such relationships to propose
new features. Specifically, the model trainer 130 can obtain
an 1nitial set of features and an mitial set of training/test data
from database 106 and/or user devices 102. Also, the model
tramner 130 can build a model from training data using a
current and/or known set of features. As 1s known, in order
to build a model, training data i1s preferably provided for
both output variables and 1nput variables. For example, the
model trainer may have values for a “number of bedrooms™
variable and a “square footage” variable across a training set
of houses. The model trainer can also have values for the
price of each of these houses (the output vanable). Statistical
machine learning methods can then be used to create a
model that mimmizes prediction error. By way of example
only, linear regression may be used to create a model that
best fits the data, relating a single input variable to a single
output variable. Additionally, multivariate methods can be
used on multiple input variables. Also, non-linear regres-
sion, neural networks, principal component analysis, and
other methods can be employed. In some embodiments, the
model created 1s represented as a mathematical formula
relating the mnput variables to output variables that may have
some prediction error. Least squares, deviation from the
norm, least absolute deviations, lasso and other methods can
be used for quantifying the prediction error between the
model and the example representations. Example represen-
tations that do not fit the model within an acceptable
prediction error are referred to as unresolved examples.

[0030] Additionally, the model executor 132 can run a
prediction model on the new, supplied, and/or streaming
data (such as, for example, new houses being put on the
market), and the model evaluator 134 can evaluate the
augmented prediction model by testing the sufliciency con-
ditions. If a sufliciency condition fails, at least one embodi-
ment of the invention includes capturing the unresolved
examples and generating a request for improvement of the
given condition to the model augmenter 136. I the suih-
ciency conditions pass, at least one embodiment of the
invention includes passing the augmented prediction model
back to the prediction model executor 132. Further, the
model augmenter 136 may search a space of possible
representations that may satisiy a failed sufliciency condi-
tion and return a best new predictive model to the model
evaluator 134.

[0031] Also, 1n one or more embodiments of the invention,
data representation can be created by iterating the following
steps. A set of noisy, error-prone and/or mislabeled
examples—e.g., unresolved examples—contributing to a
prediction error can be identified. Also, a request for new
teatures for unresolved examples can be generated, wherein
such a request includes a set of sufliciency conditions on the
resulting model and a sufliciency condition can include
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reducing error, improving speed, reducing cost of acquiring
a feature, improving orthogonality of the feature space, etc.
Further, proposed new features can be generated from rela-
tionships associated with one or more unresolved examples.
For example, 1f the data include one or more elements that
can be linked to a K@, at least one embodiment of the
invention can include generating features that are clusters of
related elements.

[0032] Additionally, a (current) training set can be repre-
sented using at least one proposed feature (via replacing an
existing feature or merely adding the at least one proposed
feature). Subsequently, the predictive model can be re-run
using the re-represented training set and the sufliciency
conditions on the model can be evaluated. Ultimately, a
response to a user request can be generated that includes the
proposed feature(s) that maximize the set of sufliciency
conditions.

[0033] By way merely of 1llustration, at least one embodi-
ment of the invention can be implemented as depicted via
the following example use case. For instance, such an
embodiment can include extracting the textual description of
a cluster of houses. Such extraction can include, {for
example, leveraging social networks, social media sources
and/or other unstructured streaming or updating sources that
include a description of the properties. While such sources
may be up-to-date, they may also be noisy. Further, such an
example embodiment can include generating one or more
linguistic features (such as selected words, for example)
from the description, and performing a dependency parse on
sentences 1n the description. Targeted nouns, verbs, and
other parts of the parse are subsequently extracted. By way
of example, “sewer” and “lightpost” can represent targeted
nouns {rom the sentences.

[0034] Additionally, such an example embodiment can
include generating terms by combining linguistic variants
(for example, “sewer” versus “sewers,” and “light post”
versus “lightpost™). Also, one or more entities can be
resolved by 1dentifying entities as mentions of concepts 1n a
knowledge graph. Additionally, a knowledge graph can be
utilized to find relationships between terms that appear in
different descriptions and combine them 1nto a group that 1s
a disjunct of the generated linguistic features. For example,
the terms “sewage’ located at a “sewer” can be combined to
“sewage-or-sewer,” and “lightpost” shines “light” can be
combined to “lightpost-or-light.”

[0035] Such an example embodiment of the invention can
additionally include determining and/or 1dentifying a set of
groups (e.g., unresolved examples) in the description, such
as a cluster of houses with prices that were not accurately
predicted (“sewage-or-sewer” appears 1n more than one of
such noisy examples, for example). It 1s possible to find a
large number of possible features where they are stated
explicitly in some text descriptions and omitted in others.
For example, houses that do not mention a sewer being close
to the house are assumed to not have a sewer nearby. In other
cases, a list of such features can be gathered and human
users (through crowdsourcing, for example) can be asked to
f1ll-in or check the missing data. Unresolved examples can
also be re-represented 1n terms of one or more new features
(such as, for example, square footage, the number of bed-
rooms, sewage-or-sewer), and 1f the prediction error i1s
reduced using the one or more new features, then this feature
set can be retained for future use.
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[0036] Determining and/or 1dentifying unresolved
examples can 1nclude one or more of the following. Such
examples can be output from running the predictive model
and 1dentifying cases where the predictive model {fails.
Additionally, a user can provide counter-examples (such as
a house that has unusually low valuation). Also, textual and
structured data can be streamed and/or periodically updated
to 1dentily one or more features that might not otherwise be
anticipated.

[0037] In one or more embodiments of the invention, 1 a
feature cannot be found through feature extraction or knowl-
edge graph means, then underlying features can be used. For
example, 1f features are lexical, then underlying features can
include morphological features, syntactic features, or other
teatures of words. If features are geographical, then under-
lying features can include more specific geographical fea-
tures. Further, i1f features are temporal, then underlying
features 1nclude more specific temporal features. The
sequence of tokens or the position in the syntactic or
semantic parse of a sentence can also be used. For example,
when constructing a feature such as the number of bed-
rooms, the proximity between numeric values and nouns
(such as “bedroom™) in the sequence can be used, and
features can be generated from the combination.

[0038] At least one embodiment of the mvention can be
implemented and/or embedded 1n a tool and/or user interface
that presents correct and incorrect descriptions, i1dentified
noisy, error-prone, and/or mislabeled examples, proposed
linguistic features shared among these examples, a mecha-
nism for users to accept and/or reject proposed features, and
a mechanism to generate a new predictive model upon user
satisfaction.

[0039] FIG. 2 1s a flow diagram illustrating techniques
according to an embodiment of the present invention. Step
202 includes executing a predictive model, utilizing a set of
features for a set of objects, to generate a prediction value for
a variable attribute of the set of objects. By way of example
only, a prediction value might be generated for house
(object) prices (vaniable attribute) using features such as the
number of bedrooms, the square footage, etc. Step 204
includes evaluating the prediction error of the predictive
model.

[0040] Step 206 1ncludes a decision point to determine
whether the prediction error 1s below a predetermined
threshold (for example, by comparing the prediction error of
the predictive model to the predetermined threshold). In
some embodiments, administrators can review the represen-
tation of the model and the prediction error. In some
embodiments, users may be able to tlag particular aspects.
Referring specifically to step 206, 1if the result of the
determination 1s “no,” e.g., the prediction error exceeds a
predetermined threshold, the process proceeds to step 208.
Further, the techniques depicted 1n FIG. 2 can additionally
include generating an additional set of features, from the set
of unstructured data associated with the set of objects, upon
a determination that the prediction error of the updated
predictive model exceeds a predetermined threshold. The
additional set of features can then be incorporated into the
updated predictive model, thereby generating a further-
updated predictive model, and a third prediction value can
be generated for the variable attribute of the set of objects by
executing the further-updated predictive model.

[0041] In step 208, unstructured data associated with the
set of objects 1s processed. Such unstructured data can be
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associated with the set of objects and can include, for
example, noisy data, error-prone data, and/or mislabeled
data. In the above-noted house pricing prediction example,
such unstructured data can include, for instance, text
descriptions (or video, images, etc.) of houses including
nearby geographical features, and/or proximity to sewers.
Additionally, such unstructured data can also include a
search result, a text column 1n a database, etc., such that the
data are associated with the object(s) at question in the
prediction task. The process next proceeds to step 210.
[0042] In step 210, the unstructured data can be processed
to possibly identily one or more additional features (not in
the existing prediction feature set). Such additional features
can include, for example, the negation of a feature (that 1s,
an existing feature that should be excluded). The process
next proceeds to step 212.

[0043] In step 212, newly 1dentified features can be incor-
porated 1nto the predictive model. By way of example, only,
incorporation of a newly identified features into the predic-
tive model can include replacing one or more existing
features with the newly 1dentified features and/or adding the
newly 1dentified features to a set of existing features. The
process can then return to step 202, as illustrated in FIG. 2.

[0044] Referring again to the decision point in step 206, 1f
the result of the determination 1s “yes” (that 1s, the prediction
error 1s below (does not exceed) a predetermined threshold),
the process proceeds to step 214. Additionally, one or more
embodiments of the mvention can also include evaluating
the prediction error of the turther-updated predictive model
based on said third generated prediction value (for example,
by comparing the prediction error of the updated predictive
model to the predetermined threshold), and outputting (1) the
turther-updated predictive model and/or (1) the third gen-
erated prediction value to at least one user upon a determi-
nation that the prediction error of the further-updated pre-
dictive model 1s below the predetermined threshold.

[0045] In step 214, (1) the prediction value and/or (11) one
or more 1tems ol explanatory data pertaining to the updated
predictive model (for example, the output on multiple
examples (such as correct and incorrect predictions on the
training set ol examples) can be output to at least one user.

[0046] The techniques depicted 1n FIG. 2 can also include
building the predictive model using an existing set of
teatures. Additionally, one or more embodiments of the
invention can include obtaining the existing set of features
from a database containing knowledge graph data and/or
obtaining the existing set of features via user input. Addi-
tionally, 1n at least one embodiment of the invention that
implements the techniques depicted in FIG. 2, software can
be provided as a service 1n a cloud environment.

[0047] Additionally, in at least one embodiment of the
invention, evaluating the prediction error of the predictive
model and evaluating the prediction error of the updated
predictive model can include testing each of one or more
sufliciency conditions. The sufliciency conditions can
include, for example, improving speed, reducing the cost of
acquiring a feature, and/or improving orthogonality of the
feature space.

[0048] At least one embodiment of the imnvention (such as
the techniques depicted 1n FIG. 2, for example), can include
implementing a service via a transmission server to receive
data from a data source and send selected data to users (for
example, at a provided destination address of a wireless
device (such as a number for a cellular phone, etc.)). The
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transmission server mncludes a memory, a transmitter, and a
microprocessor. Such an embodiment of the invention can
also include providing a viewer application to the users for
installation on their individual devices. Additionally, 1n such
an embodiment of the invention, after a user enrolls, the
service receives feature selection information sent from a
data source to the transmission server. The server can
process the information, for example, based upon knowl-
edge graph data that 1s stored 1n memory on the server and/or
in a linked database. Subsequently, an alert 1s generated
containing a proposed set of features. The alert can be
formatted into data blocks, for example, based upon any
provided alert format preference information. Subsequently,
the alert and/or formatted data blocks are transmitted over a
data channel to the user’s wireless device. After receiving
the alert, the user can connect the wireless device to the
user’s computer, whereby the alert causes the user’s com-
puter to automatically launch the application provided by the
service to display the alert. When connected to the Internet,
the user may then use the viewer application (for example,
via clicking on a URL associated with the data source
provided 1n the alert) to facilitate a connection from the
remote user computer to the data source over the Internet for
additional information.

[0049] The techniques depicted 1n FIG. 2 can also include
providing a system, wherein the system can include one or
more distinct software modules, each of the distinct software
modules being embodied on a tangible computer-readable
recordable storage medium. All of the modules (or any
subset thereol) can be on the same medium, or each can be
on a different medium, for example. The modules can
include any or all of the components shown 1n the figures
and/or described herein. In an embodiment of the invention,
the modules can run, for example, on a hardware processor.
The method steps can then be carried out using the distinct
soltware modules of the system, as described above, execut-
ing on a hardware processor. Further, a computer program
product can include a tangible computer-readable recordable
storage medium containing instructions or code adapted to
be executed to carry out at least one method step described
herein via the system.

[0050] Additionally, the techniques depicted in FIG. 2 can
be implemented via a computer program product that can
include computer useable program code that 1s stored 1n a
computer-readable storage medium in a data processing
system, and wherein the computer useable program code
was downloaded over a network from a remote data pro-
cessing system. Also, 1n an embodiment of the invention, the
computer program product can include computer useable
program code that 1s stored 1n a computer-readable storage
medium 1n a server data processing system, and wherein the
computer useable program code 1s downloaded over a
network to a remote data processing system for use in a
computer-readable storage medium with the remote data
processing system.

[0051] An embodiment of the invention or elements
thereol can be implemented 1n the form of an apparatus
including a memory and at least one processor that is
coupled to the memory and configured to perform exem-
plary method steps. Examples of such an apparatus include,
without limitation, a smart phone, computer or workstation.

[0052] With reference now to FIG. 3, such an apparatus
might employ, for example, a processor 302, a memory 304,
and an mmput/output interface formed, for example, by a
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display 306 and a keyboard 308. The term “processor” as
used herein 1s mtended to include any processing device,
such as, for example, one that includes a CPU (central
processing unit) and/or other forms of processing circuitry.
Further, the term “processor” may refer to more than one
individual processor. The term “memory” 1s intended to
include memory associated with a processor or CPU, such
as, for example, RAM (random access memory), ROM (read
only memory), a fixed memory device (for example, hard
drive), a removable memory device (for example, diskette),
a flash memory and the like. In addition, the phrase “input/
output interface” as used herein, 1s intended to include, for
example, a mechanism for mputting data to the processing
unit (for example, mouse), and a mechanism for providing
results associated with the processing unit (for example,
printer). The processor 302, memory 304, and mput/output
interface such as display 306 and keyboard 308 can be
interconnected, for example, via bus 310 as part of a data
processing unit 312. Suitable mterconnections, for example
via bus 310, can also be provided to a network interface 314,
such as a network card, which can be provided to interface
with a computer network, and to a media interface 316, such
as a diskette or CD-ROM dnive, which can be provided to
interface with media 318.

[0053] Accordingly, computer software including instruc-
tions or code for performing the methodologies of the
invention, as described herein, may be stored 1n associated
memory devices (for example, ROM, fixed or removable
memory) and, when ready to be utilized, loaded 1n part or in
whole (for example, into RAM) and executed on a CPU.
Such software could include, but 1s not limited to, firmware,
resident software, microcode, and the like.

[0054] A data processing system suitable for storing and/
or executing program code will include at least one proces-
sor 302 coupled directly or indirectly to memory elements
304 through a system bus 310. The memory elements can
include local memory employed during actual implementa-
tion of the program code, bulk storage, and cache memories
which provide temporary storage of at least some program
code 1 order to reduce the number of times code must be
retrieved from bulk storage during implementation.

[0055] Input/output or I/O devices (including, but not
limited to, keyboards 308, displays 306, pointing devices,
and the like) can be coupled to the system either directly
(such as via bus 310) or through intervening I/O controllers
(omitted for clanty).

[0056] Network adapters such as network interface 314
may also be coupled to the system to enable the data
processing system to become coupled to other data process-
ing systems or remote printers or storage devices through
intervening private or public networks. Modems, cable
modems and Ethernet cards are just a few of the currently
available types of network adapters.

[0057] As used herein, including the claims, a “server”
includes a physical data processing system (for example,
system 312 as shown 1n FIG. 3) runming a server program.
It will be understood that such a physical server may or may
not include a display and keyboard.

[0058] The present mnvention may be a system, a method,
and/or a computer program product at any possible technical
detail level of integration. The computer program product
may include a computer-readable storage medium (or
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media) having computer readable program instructions
thereon for causing a processor to carry out embodiments of
the present invention.

[0059] The computer-readable storage medium can be a
tangible device that can retain and store instructions for use
by an instruction execution device. The computer-readable
storage medium may be, for example, but 1s not limited to,
an electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer-readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer-readable storage medium, as used herein,
1s not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

[0060] Computer readable program instructions described
herein can be downloaded to respective computing/process-
ing devices from a computer-readable storage medium or to
an external computer or external storage device via a net-
work, for example, the Internet, a local area network, a wide
area network and/or a wireless network. The network may
comprise copper transmission cables, optical transmission
fibers, wireless transmission, routers, firewalls, switches,
gateway computers and/or edge servers. A network adapter
card or network interface 1n each computing/processing
device receives computer readable program instructions
from the network and forwards the computer readable
program 1nstructions for storage in a computer-readable
storage medium within the respective computing/processing
device.

[0061] Computer readable program instructions for carry-
ing out operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, con-
figuration data for integrated circuitry, or either source code
or object code written 1n any combination of one or more
programming languages, including an object oriented pro-
gramming language such as Smalltalk, C++, or the like, and
procedural programming languages, such as the “C” pro-
gramming language or stmilar programming languages. The
computer readable program instructions may execute
entirely on the user’s computer, partly on the user’s com-
puter, as a stand-alone software package, partly on the user’s
computer and partly on a remote computer or entirely on the
remote computer or server. In the latter scenario, the remote
computer may be connected to the user’s computer through
any type of network, including a local area network (LAN)
or a wide area network (WAN), or the connection may be
made to an external computer (for example, through the
Internet using an Internet Service Provider). In some
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embodiments, electronic circuitry including, for example,
programmable logic circuitry, field-programmable gate
arrays (FPGA), or programmable logic arrays (PLA) may
execute the computer readable program instructions by
utilizing state information of the computer readable program
instructions to personalize the electronic circuitry, in order to
perform embodiments of the present invention.

[0062] FEmbodiments of the present invention are
described herein with reference to flowchart illustrations
and/or block diagrams of methods, apparatus (systems), and
computer program products according to embodiments of
the mvention. It will be understood that each block of the
flowchart 1llustrations and/or block diagrams, and combina-
tions of blocks in the flowchart illustrations and/or block
diagrams, can be implemented by computer readable pro-
gram 1nstructions.

[0063] These computer readable program instructions may
be provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer-readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function 1n a particular manner, such that
the computer-readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act

specified in the tlowchart and/or block diagram block or
blocks.

[0064] The computer readable program instructions may
also be loaded onto a computer, other programmable data
processing apparatus, or other device to cause a series of
operational steps to be performed on the computer, other
programmable apparatus or other device to produce a com-
puter implemented process, such that the instructions which
execute on the computer, other programmable apparatus, or
other device implement the functions/acts specified in the
flowchart and/or block diagram block or blocks.

[0065] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and com-
puter program products according to various embodiments
of the present mvention. In this regard, each block 1n the
flowchart or block diagrams may represent a module, seg-
ment, or portion of instructions, which comprises one or
more executable mstructions for implementing the specified
logical tunction(s). In some alternative implementations, the
functions noted in the blocks may occur out of the order
noted 1 the Figures. For example, two blocks shown in
succession may, in fact, be executed substantially concur-
rently, or the blocks may sometimes be executed in the
reverse order, depending upon the functionality imvolved. It
will also be noted that each block of the block diagrams
and/or flowchart illustration, and combinations of blocks in
the block diagrams and/or flowchart illustration, can be
implemented by special purpose hardware-based systems
that perform the specified functions or acts or carry out
combinations of special purpose hardware and computer
instructions.
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[0066] It should be noted that any of the methods
described herein can include an additional step of providing
a system comprising distinct software modules embodied on
a computer-readable storage medium; the modules can
include, for example, any or all of the components detailed
herein. The method steps can then be carried out using the
distinct software modules and/or sub-modules of the system,
as described above, executing on a hardware processor 302.
Further, a computer program product can include a com-
puter-readable storage medium with code adapted to be
implemented to carry out at least one method step described
herein, including the provision of the system with the
distinct software modules.

[0067] In any case, i1t should be understood that the
components 1llustrated herein may be implemented 1n vari-
ous forms of hardware, software, or combinations thereof,
for example, application specific integrated circuit(s)
(ASICS), functional circuitry, an appropriately programmed
digital computer with associated memory, and the like.
(Given the teachings of the invention provided herein, one of
ordinary skill in the related art will be able to contemplate
other implementations of the components of the mvention.
[0068] Additionally, 1t 1s understood in advance that
implementation of the teachings recited herein are not
limited to a particular computing environment. Rather,
embodiments of the present invention are capable of being
implemented in conjunction with any type of computing
environment now known or later developed.

[0069] For example, cloud computing 1s a model of ser-
vice delivery for enabling convenient, on-demand network
access 1o a shared pool of configurable computing resources
(for example, networks, network bandwidth, servers, pro-
cessing, memory, storage, applications, virtual machines,
and services) that can be rapidly provisioned and released
with minimal management effort or interaction with a pro-
vider of the service. This cloud model may include at least
five characteristics, at least three service models, and at least
four deployment models.

[0070] Characteristics are as follows:

[0071] On-demand self-service: a cloud consumer can
unilaterally provision computing capabilities, such as server
time and network storage, as needed automatically without
requiring human interaction with the service’s provider.
[0072] Broad network access: capabilities are available
over a network and accessed through standard mechanisms
that promote use by heterogeneous thin or thick client
platforms (e.g., mobile phones, laptops, and PDAs).

[0073] Resource pooling: the provider’s computing
resources are pooled to serve multiple consumers using a
multi-tenant model, with different physical and wvirtual
resources dynamically assigned and reassigned according to
demand. There 1s a sense of location independence 1n that
the consumer generally has no control or knowledge over
the exact location of the provided resources but may be able
to specily location at a higher level of abstraction (for
example, country, state, or datacenter).

[0074] Rapid elasticity: capabilities can be rapidly and
clastically provisioned, in some cases automatically, to
quickly scale out and rapidly released to quickly scale 1n. To
the consumer, the capabilities available for provisioning
often appear to be unlimited and can be purchased in any
quantity at any time.

[0075] Measured service: cloud systems automatically
control and optimize resource use by leveraging a metering
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capability at some level of abstraction appropriate to the
type of service (for example, storage, processing, band-
width, and active user accounts). Resource usage can be
monitored, controlled, and reported providing transparency
for both the provider and consumer of the utilized service.

[0076] Service Models are as follows:

[0077] Software as a Service (SaaS): the capability pro-
vided to the consumer 1s to use the provider’s applications
running on a cloud infrastructure. The applications are
accessible from various client devices through a thin client
interface such as a web browser (for example, web-based
¢-mail). The consumer does not manage or control the
underlying cloud infrastructure including network, servers,
operating systems, storage, or even individual application
capabilities, with the possible exception of limited user-
specific application configuration settings.

[0078] Platform as a Service (PaaS): the capability pro-
vided to the consumer i1s to deploy onto the cloud infra-
structure consumer-created or acquired applications created
using programming languages and tools supported by the
provider. The consumer does not manage or control the
underlying cloud infrastructure including networks, servers,
operating systems, or storage, but has control over the
deployed applications and possibly application hosting envi-
ronment configurations.

[0079] Infrastructure as a Service (laaS): the capability
provided to the consumer 1s to provision processing, storage,
networks, and other fundamental computing resources
where the consumer 1s able to deploy and run arbitrary
soltware, which can include operating systems and applica-
tions. The consumer does not manage or control the under-
lying cloud infrastructure but has control over operating
systems, storage, deployed applications, and possibly lim-
ited control of select networking components (for example,
host firewalls).

[0080] Deployment Models are as follows:

[0081] Prvate cloud: the cloud infrastructure 1s operated
solely for an organmization. It may be managed by the
organization or a third party and may exist on-premises or
ofl-premises.

[0082] Community cloud: the cloud infrastructure 1is
shared by several organizations and supports a specific
community that has shared concerns (for example, mission,
security requirements, policy, and compliance consider-
ations). It may be managed by the organizations or a third
party and may exist on-premises or ofl-premises.

[0083] Public cloud: the cloud infrastructure 1s made
available to the general public or a large industry group and
1s owned by an organization selling cloud services.

[0084] Hybnd cloud: the cloud infrastructure 1s a compo-
sition of two or more clouds (private, community, or public)
that remain unique entities but are bound together by stan-
dardized or proprietary technology that enables data and
application portability (for example, cloud bursting for
load-balancing between clouds).

[0085] A cloud computing environment 1s service oriented
with a focus on statelessness, low coupling, modularity, and
semantic interoperability. At the heart of cloud computing 1s
an infrastructure comprising a network of interconnected
nodes.

[0086] Referring now to FIG. 4, illustrative cloud com-
puting environment 30 1s depicted. As shown, cloud com-
puting environment 50 includes one or more cloud comput-
ing nodes 10 with which local computing devices used by
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cloud consumers, such as, for example, personal digital
assistant (PDA) or cellular telephone 34A, desktop com-
puter 54B, laptop computer 54C, and/or automobile com-
puter system 34N may communicate. Nodes 10 may com-
municate with one another. They may be grouped (not
shown) physically or virtually, in one or more networks,
such as Private, Community, Public, or Hybrid clouds as
described hereinabove, or a combination thereof. This
allows cloud computing environment 50 to ofler infrastruc-
ture, platforms and/or software as services for which a cloud
consumer does not need to maintain resources on a local
computing device. It 1s understood that the types of com-
puting devices 54A-N shown 1in FIG. 4 are itended to be
illustrative only and that computing nodes 10 and cloud
computing environment 30 can commumnicate with any type
of computerized device over any type ol network and/or
network addressable connection (e.g., using a web browser).

[0087] Referring now to FIG. 5, a set of functional
abstraction layers provided by cloud computing environ-
ment 50 (FIG. 4) 1s shown. It should be understood in
advance that the components, layers, and functions shown 1n
FIG. 5 are intended to be illustrative only and embodiments
of the invention are not limited thereto. As depicted, the
following layers and corresponding functions are provided:

[0088] Hardware and software layer 60 includes hardware
and software components. Examples of hardware compo-
nents include: mainframes 61; RISC (Reduced Instruction
Set Computer) architecture based servers 62; servers 63;
blade servers 64; storage devices 65; and networks and
networking components 66. In some embodiments, software
components include network application server software 67
and database soitware 68.

[0089] Virtualization layer 70 provides an abstraction
layer from which the following examples of virtual entities
may be provided: virtual servers 71; virtual storage 72;
virtual networks 73, including virtual private networks;
virtual applications and operating systems 74; and virtual
clients 75. In one example, management layer 80 may
provide the functions described below. Resource provision-
ing 81 provides dynamic procurement of computing
resources and other resources that are utilized to perform
tasks within the cloud computing environment. Metering
and Pricing 82 provide cost tracking as resources are utilized
within the cloud computing environment, and billing or
invoicing for consumption of these resources.

[0090] In one example, these resources may include appli-
cation soitware licenses. Security provides i1dentity verifi-
cation for cloud consumers and tasks, as well as protection
for data and other resources. User portal 83 provides access
to the cloud computing environment for consumers and
system administrators. Service level management 84 pro-
vides cloud computing resource allocation and management
such that required service levels are met. Service Level
Agreement (SLA) planming and fulfillment 85 provide pre-
arrangement for, and procurement of, cloud computing
resources for which a future requirement 1s anticipated in
accordance with an SLA.

[0091] Workloads layer 90 provides examples of function-
ality for which the cloud computing environment may be
utilized. Examples of workloads and functions which may
be provided from this layer include: mapping and navigation
91; software development and lifecycle management 92;
virtual classroom education delivery 93; data analytics pro-
cessing 94; transaction processing 95; and an updated pre-
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diction model generation 96, in accordance with the one or
more embodiments of the present invention.

[0092] The terminology used herein 1s for the purpose of
describing particular embodiments only and 1s not intended
to be limiting of the invention. As used herein, the singular
forms “a,” “an” and “the” are intended to include the plural
forms as well, unless the context clearly indicates otherwise.
It will be further understood that the terms “comprises”
and/or “comprising,” when used 1n this specification, specily
the presence of stated features, steps, operations, elements,
and/or components, but do not preclude the presence or
addition of another feature, step, operation, element, com-

ponent, and/or group thereof.

[0093] At least one embodiment of the present imnvention
may provide a beneficial eflect such as, for example, a
knowledge graph can provide uftilizing relationships
between concepts mentions in unstructured text descriptions
derived from a knowledge graph to determine new features.

[0094] The descriptions of the various embodiments of the
present 1nvention have been presented for purposes of
illustration, but are not intended to be exhaustive or limited
to the embodiments disclosed. Many modifications and
variations will be apparent to those of ordinary skill 1in the
art without departing from the scope and spirit of the
described embodiments. The terminology used herein was
chosen to best explain the principles of the embodiments, the
practical application or technical improvement over tech-
nologies found 1n the marketplace, or to enable others of
ordinary skill in the art to understand the embodiments
disclosed herein.

What 1s claimed 1s:
1. A computer-implemented method, comprising;:

generating a first prediction value for a variable attribute
of a set ol one or more objects by executing a predictive
model, wherein the predictive model comprises a set of
features for the set of objects;

evaluating the prediction error of the predictive model
based on said first generated prediction value;

generating one or more additional features, from a set of
unstructured data associated with the set of objects,
upon a determination that the prediction error exceeds
a predetermined threshold;

incorporating the one or more additional features into the
predictive model, thereby generating an updated pre-
dictive model;

generating a second prediction value for the vanable
attribute of the set of objects by executing the updated
predictive model;

evaluating the prediction error of the updated predictive
model based on said second generated prediction value;
and

outputting the second generated prediction value to at
least one user upon a determination that the prediction
error of the updated predictive model 1s below the
predetermined threshold.

2. The computer-implemented method of claim 1, com-
prising:

outputting (1) the features of the updated predictive model
and/or (1) one or more i1tems ol explanatory data
pertaining to the updated predictive model to the at
least one user upon a determination that the prediction
error of the updated predictive model 1s below the
predetermined threshold.
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3. The computer-implemented method of claim 1, com-
prising:

building the predictive model using an existing set of

features.

4. The computer-implemented method of claim 3, com-
prising;:

obtaining the existing set of features from a database

containing knowledge graph data.

5. The computer-implemented method of claim 3, com-
prising:

obtaining the existing set of features via user mnput.

6. The computer-implemented method of claim 1, com-
prising;:

comparing the prediction error of the predictive model to

the predetermined threshold.

7. The computer-implemented method of claim 1, com-
prising:

comparing the prediction error of the updated predictive

model to the predetermined threshold.

8. The computer-implemented method of claim 1,
wherein said evaluating the prediction error of the predictive
model comprises testing each of one or more suiliciency
conditions.

9. The computer-implemented method of claim 8,
wherein the one or more sutliciency conditions are selected
from the group consisting of (1) improving speed, (11)
reducing the cost of acquiring a feature, and (111) 1improving,
orthogonality of the feature space.

10. The computer-implemented method of claim 1,
wherein the set of unstructured data associated with the set
of objects comprises at least one of noisy data, error-prone
data, and mislabeled data.

11. The computer-implemented method of claim 1,
wherein said incorporating the one or more additional fea-
tures into the predictive model comprises replacing one or
more existing features with the one or more additional
features.

12. The computer-implemented method of claim 1,
wherein said incorporating the one or more additional fea-
tures into the predictive model comprises adding the one or
more additional features to a set of existing features.

13. The computer-implemented method of claim 1, com-
prising:
generating an additional set of features, from the set of
unstructured data associated with the set of objects,
upon a determination that the prediction error of the
updated predictive model exceeds a predetermined

threshold;

incorporating the additional set of features and generating,
a Turther-updated predictive model;

generating a third prediction value for the varniable attri-
bute of the set of objects by executing the further-
updated predictive model;

evaluating the prediction error of the further-updated
predictive model based on said third generated predic-
tion value; and

outputting the third generated prediction value to at least
one user upon a determination that the prediction error
of the further-updated predictive model 1s below the
predetermined threshold.

14. The computer-implemented method of claim 1,
wherein software 1s provided as a service 1n a cloud envi-
ronment.
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15. A computer program product comprising a computer-
readable storage medium having program instructions
embodied therewith, the program instructions executable by
a device to cause the device to:

generate a first prediction value for a variable attribute of

a set of one or more objects by executing a predictive
model, wherein the predictive model comprises a set of
features for the set of objects;

evaluate the prediction error of the predictive model based

on said first generated prediction value;
generate one or more additional features, from a set of
unstructured data associated with the set of objects,
upon a determination that the prediction error exceeds
a predetermined threshold;

incorporate the one or more additional features into the
predictive model, thereby generating an updated pre-
dictive model;

generate a second prediction value for the variable attri-

bute of the set of objects by executing the updated
predictive model;

evaluate the prediction error of the updated predictive

model based on said second generated prediction value;
and

output the second generated prediction value to at least
one user upon a determination that the prediction error

of the updated predictive model 1s below the predeter-
mined threshold.

16. The computer program product of claim 15, wherein
the program 1instructions further cause the device to:

generate an additional set of features, from the set of
unstructured data associated with the set of objects,
upon a determination that the prediction error of the
updated predictive model exceeds a predetermined

threshold;

incorporate the additional set of features 1nto the updated
predictive model, thereby generating a further-updated
predictive model;

generate a third prediction value for the variable attribute
of the set of objects by executing the further-updated
predictive model;

evaluate the prediction error of the further-updated pre-
dictive model based on said third generated prediction
value; and

output the third generated prediction value to at least one
user upon a determination that the prediction error of
the further-updated predictive model 1s below the pre-
determined threshold.

17. The computer program product of claim 15, wherein
the program instructions further cause the device to:

output (1) the features of the updated predictive model
and/or (1) one or more i1tems ol explanatory data
pertamning to the updated predictive model to the at
least one user upon a determination that the prediction
error of the updated predictive model 1s below the
predetermined threshold.

18. A system comprising;:
a memory; and

at least one processor coupled to the memory and con-
figured for:

generating a first prediction value for a variable attri-
bute of a set of one or more objects by executing a
predictive model, wherein the predictive model com-
prises a set of features for the set of objects;
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evaluating the prediction error of the predictive model
based on said first generated prediction value;

generating one or more additional features, from a set
of unstructured data associated with the set of
objects, upon a determination that the prediction
error exceeds a predetermined threshold;

incorporating the one or more additional features into
the predictive model, thereby generating an updated
predictive model;

generating a second prediction value for the variable
attribute of the set of objects by executing the
updated predictive model;

evaluating the prediction error of the updated predictive
model based on said second generated prediction
value; and

outputting the second generated prediction value to at
least one user upon a determination that the predic-
tion error of the updated predictive model 1s below
the predetermined threshold.

19. The system of claim 18, wherein the at least one
processor 1s further configured for:

generating an additional set of features, from the set of
unstructured data associated with the set of objects,
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upon a determination that the prediction error of the
updated predictive model exceeds a predetermined
threshold;

incorporating the additional set of features into the
updated predictive model, thereby generating a further-
updated predictive model;

generating a third prediction value for the variable attri-
bute of the set of objects by executing the further-
updated predictive model;

cvaluating the prediction error of the further-updated
predictive model based on said third generated predic-
tion value; and

outputting the third generated prediction value to at least
one user upon a determination that the prediction error
of the further-updated predictive model 1s below the
predetermined threshold.

20. The system of claim 18, wherein the at least one

processor 1s further configured for:

outputting (1) the features of the updated predictive model
and/or (1) one or more 1tems ol explanatory data
pertamning to the updated predictive model to the at
least one user upon a determination that the prediction
error of the updated predictive model 1s below the

predetermined threshold.
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