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HYBRID MACHINE LEARNING MODEL FOR CODE CLASSIFICATION

PRIORITY

{11 This application claims the benefit of U.S. Senal No. 62/738,482, filed on

September 28, 2018, which 1s incorporated by reference herein in its entirety.
BACKGROUND

{2 At the time of international trading or cross-border transaction, the product
being traded undergoes the process of custom clearance. An appropriate tariff is imposed on it
depending on ifs type, importing and exporting countries, application, etc. In order to make
the process of imposing tariffs and dutics more organized, the World Customs Organization
(WCO) emplovs a coding scheme, based on which each product can be assigned to a particular
code known as Harmonized Tanff Scheduie Code (HTS or HS-Code for short). This code
encompasses 8-12 digits depending on the importing-exporting country, with the first 6 digits
consistent globally. For the United States, the HS-Code i1s 10 digits long. Proper designation
of tariff codes for new and existing products 1s challenging even for an expert. Further, current
semi-automated techniques lack accuracy while requiring some human intervention.

i3] The embodiments herein provide an improved fechnigue for predicting an HS-
Code of a product with a hybrid machine leaming classifier. Particularly, the constiuent
chemical components of the products are used to predict, with high accuracy, a prefix of the
HS-Code. Doing so involves using a trained random forest of decision trees. Additional
chemical properties of the product are then used to predict the remaining part (the suffix) of
the HS-Code. This aspect of the classification mveolves selecting and applying an expert tree
to the additional properties. On average, the resulting full HS-Code can be predicted with
greater than 95% accuracy using these embodiments.

{41 The techniques described herein may also be used in general to predict HS-
Codes of other types of products based on the constituent components, physical characteristics
{c.g.. size, shape, length, width, depth). source, manufacturing technique, market applications,
packaging size, etc. of the products. Notably, any one or more chapters related to HS-Codes
may emplov embodiments similar to those herein.  Furthermore, the techniques described
herein may be used to predict other types of codes related to products or services, such as
customs codes, import / export codes, commodity codes, duty codes, dangerous goods
classifications, export control classification numbers (ECUNs), Globally Harmomzed System

Labeling Classification and so on.
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{51 Accordingly, a first example embodiment may involve obtaiming, from a
memory, a set of taniff code mappings and respective sets of suffix mappings, where the set of
tartff code mappings are between chemical component descriptions and tanff codes, where the
tartff codes comprise tanff code prefixes and tanff code suffixes, and where each of the taniff
code prefixes s associated with a respective set of suffix mappings between propertics related
to the chemical component descriptions and the tariff code suffixes. The first example
embodiment may also mvolve, for each respective prefix of the tanff code prefixes, gencrating,
from the set of tariff code mappings, a component file that contains names of chemical
components in the chemical component descriptions that map to the respective prefix. The
first cxample embodiment may also involve, for cach respective description of the chemical
component descriptions: (i) determining a dominant chemical component, (1) deteroining a
proportion of the dominant chemical component in comparison to other chemical components
in the respective description, (iil} for cach respective file of the component files, calculating
stmailarity scores for the respective description by determining edit distances between words in
the respective description and words in the respective file, and (iv) generating a feature vector
for the respective description from the proportion of the dominant chemical component and the
similarity scores. The first example embodiment may also involve training a random forest of
decision tree classifiers with the feature vectors for the respective descriptions as input and the
tanff code prefixes for the respective descriptions as output labels. The first example
embodiment may also involve, for each respective prefix of the tanff code prefixes,
constructing a respective expert tree mapping from the set of sutfix mappings for the respective
prefix, where traversal of the expert tree in accordance with the propertics related to the
chemical component descriptions feads to a particular tariff code suffix specified in the set of
suffix mappings, and where a hybrid machine learning classifier uses the random forest and the
expert trees to predict the tanff codes.

{6} A second example embodiment may involve obtaming, from a memory, a set of
tartff code mappings between chemical component descriptions and tanff codes, where the
tariff codes comprise tanff code prefixes and tanff code suffixes. The second cxample
embodiment may also mvolve, for cach respective description of the chemical component
descriptions, generating a feature vector for the respective description from: (1) a proportion of
a dominant chemical component, and (11) similarity scores between the respective description
and sets of words respectively associated with the tanft codes. The second example
embodiment may also involve training a random forest of decision tree classifiers with the

feature vectors for the respective descriptions as input and the tariff code prefixes for the
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respective descriptions as output labels. The second example embodiment may also involve,
for cach respective prefix of the tariff code prefixes, constructing a respective expert tree
mapping from the respective descriptions to the tariff code suffixes of the respective prefix,
where a hybrid machine learning classifier uses the random forest and the expert trees to predict
the tariff codes.

{71 A third example embodiment may involve obtaining a new set of chemical
components, where access is avatlable to: (1) a hybrid machine learning classificr, where the
hybrid machine learming classifier uses a random forest of decision tree classifiers to predict a
tartff code prefix from an input feature vector, where the hybrid machine learning classifier
uses a plurality of expert troes, one for cach of the tanift code prefixes, to predict a tariff code
suffix from properties related to chemical components associated with the respective tanff code
prefix, and {11} a plurality of component files, one for each of the tariff code prefixes, that
contain names of chemical components associated with the respective tariff code prefix. The
third cxample embodiment may also involve determining, from the new set of chemical
components, a dominant chemical component. The third example embodiment may also
involve determining a proportion of the dominant chemical component in comparison to other
chemical componcats in the new sct of chemical components. The third example embodiment
may also nvolve, for each respective file of the pluralitv of component files, calculating
similarity scores for the new set of chemical components by determining edit distances between
words used to describe the new set of chemical components and words in the respective file.
The third example embodiment may also involve generating a feature vector for the new set of
chemical components from the proportion of the dominant chemical component and the
similarity scores. The third example embodiment may also involve obtaining a predicted tariff
code prefix by applying the random forest of decision tree classifiers to the feature vector. The
third example embodiment may also mvolve selecting, from the plurality of expert trees, a
particular expert tree associated with the predicted tanff code prefix. The third example
embodiment may also involve obtaining a predicted tariff code suffix by traversing the
particular expert trec in accordance with the properties related to the new set of chemical
components. The third example embodiment may also involve generating a taniff code for the
new set of chemical components by concatenating the predicted tanff code prefix and the
predicted tariff code suffix.

i8] A fourth example embodiment may mvolve obtaining a new set of chemical
components, where access 1s available to a hybrid machine leaming classifier, where the hybrid

machine fearning classifier uses a random forest of decision tree classifiers to predict a tariff
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code prefix from an input feature vector, where the hybrid machine leaming classifier uses a
plurality of expert trees, one for cach of the taniff code prefixes, to predict a tanff code suffix
from propertics related to chemical components associated with the respective tantf code pretix.
The fourth example embodiment may also involve determining, from the new set of chemical
components, a proportion of a dominant chemical component in comparison to other chemical
components in the new set of chemical components. The fourth example embodiment may
also mvolve calculating similarity scorcs for the new set of chemical components by
determining edit distances between words used to describe the new set of chemical components
and words associated with the tariff code prefixes. The fourth example embodiment may also
mvolve generating a feature vector for the new set of chenucal componcents from the proportion
of the dominant chemical component and the similanty scores. The fourth example
embodiment may also involve obtaining a predicted tanff code, where a predicted tariff code
prefix of the predicted tariff code is determined by applying the random forest of decision tree
classifiers to the feature vector, where a predicted tanft code suffix of the predicted taniff code
is determined by traversing a particular expert tree m accordance with the properties related to
the new set of chemical components, and where the particelar expert tree is associated with the
predicted tariff code prefix

91 In a fifth example embodiment, a method may be used to perform operations in
accordance with the first, second, third, and/or fourth example embodiment.

{18} In a sixth example embodiment, an article of manufacture may include a non-
transitory computer-readable medium, having stored thereon program instructions that, upon
execution by a computing system, cause the computing system to perform operations in
accordance with the first, second, third, and/or fourth example embodiment.

{11} In a scventh example cmbodiment, a svstem may include various means for
carrving out cach of the operations of the first, second, third, and/or fourth example
embodiment.

{12}  These as well as other embodiments, aspects, advantages, and alternatives will
become apparent to those of ordinary skill in the art bv reading the following detailed
description, with reference where appropriate to the accompanying drawings. Further, this
summary and other descriptions and figares provided herein are intended to illustrate
embodiments by way of example only and, as such, that numerous variations are possible. For
mstance, structural clements and process steps can be rearranged, combined, distributed,
ehminated, or otherwise changed, while remaining within the scope of the embodiments as

claimed.
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BRIEF DESCRIPTION OF THE BRAWINGS

{13} Figure 1 iHustrates a schematic drawing of a computing device, in accordance
with example embodiments.

{14} Figure 2 illustrates a schematic drawing of a server device cluster, in accordance
with example embodiments.

{15} Figure 3 depicts pseudocode for recursively building a decision tree, in
accordance with example cmbodiments.

{16] Figure 4A depicts a partial decision tree, in accordance with example
embodiments.

{17} Figure 4B depicts a complete decision tree, in accordance with example
embodiments.

{18} Figure 5 depicts the first 14 subheadings the U.S. version of the Harmonized
Tariff Schedule Code, Chapter 39, in accordance with example embodiments.

{19} Figure 6 is a flow chart, in accordance with example embodiments.

{208} Figure 7 depicts generating a feature vector from product information, in
accordance with example embodiments,

{21}  Figure 8A depicts pseudocode for generating a P-file for products, in accordance
with example embodiments.

{22} Figure 8B depicts a simple example of gencrating a P-file using the pseudocode
of Figure 8A, in accordance with example embodiments.

{23}  Figuwre 8C depicts an example word frequency chart, in accordance with
example embodiments.

{24] Figure 9 depicts gencration of a feature vector, in accordance with example
cmbodiments.

{251 Figure 10A depicts pseudocode for determining a match score between a
product description and a P-file for produets, in accordance with example embodiments.

{26} Figure 10B depicts pseudocode using regular expressions for determining a
match score between a product description and a P-file for products, in accordance with
example embodiments.

{277 Figure 11 depicts constraction of an aggregate feature vector, in accordance with
example embodiments.

28] Figure 12A depicts pseudocode for determuning a weight for a word based on

the frequency of the word, in accordance with example embodiments.

U
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{29}  Figure 12B depicts words and their associated weights, in accordance with
example embodiments.

{30} Figure 13 15 a flow chart, in accordance with example embodiments.

{31} Figure 14 1s a diagrammatic view of a hybnid machine learning classifier, in
accordance with example embodiments.

{32}  Figure 15 is a flow chart, in accordance with example embodiments.

33

34

Figure 16 is a flow chart, in accordance with exaraple cmbodiments.

Figare 17 is a flow chart, in accordance with example embodiments.

36
37

{33
{341
{35] Figure 18 is a flow chart, in accordance with example embodiments.
{36} Figure 19 1s a flow chart, in accordance with example embodiments.
{37}  Figure 20 1s a listing of properties potentially relevant to classification, in
accordance with example embodiments.
{38] Figurc 21 is an cxample decision tree for export control classification numbers,

in accordance with example embodiments.

DETAILED DESCRIPTION

{35] Examplc methods, devices, and svstems are described hercin.  Ft should be
understood that the words “example” and “exemplary” are used herein to mean “serving as an
example, mstance, or illustration.” Any embodiment or feature described herein as being an
“example” or “exemplary” is not necessarily to be construed as preferred or advantageous over
other embodiments or features uniess stated as such. Thus, other embodiments can be utilized
and other changes can be made without departing from the scope of the subject matter presented
herein.

48]  Accordingly, the cxample embodiments described herein are not meant to be
timiting. [t will be readily understood that the aspects of the present disclosure, as generally
described herein, and illustrated in the figures, can be arranged, substituted, combined,
separated, and designed in a wide varety of different configurations. For example, the
separation of features imto “chent” and “‘server” components may occur in a number of ways.

{41} Further, unless context suggests otherwise, the features illustrated n each of the
figures may be used i combination with one another. Thus, the figures should be generally
viewed as component aspects of one or more overall embodiments, with the understanding that
not all illustrated features are necessary for each embodiment.

{421  Additionaily, any enameration of elements, blocks, or steps in this specification

or the claims is for purposes of clarity. Thus, such cnumeration should not be interpreted to
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require or imply that these elements, blocks, or steps adhere to a particular arrangement or are
carrted out in a particular order.

i. Example Compuiing Devices and Cloud-Based Computing Environments

{431 The following embodiments describe architectural and operational aspects of
example computing devices and systems that may employ the disclosed implementations, as
well as the features and advantages thereof.

{44] Figure 1 1s a simplified block diagram exemplifying a computing device 100,
iHhustrating some of the components that could be included 10 a computing device arranged to
operate in accordance with the embodiments herein. Computing device 100 could be a client
device {¢.g.. a device actively operated by a user), a server device {(e.g., a device that provides
computational services to client devices), or some other tvpe of computational platform. Some
server devices may operate as chient devices from time to time in order to perform particular
operations, and some client devices may incorporate server features.

{45] In this example, computing device 100 includes processor 102, memory 104,
network interface 106, and an imput / output unit 108, all of which may be coupled by a system
bus 119 or a similar mechanism. In some embodiments, computing device 100 may include
other components and/or peripheral devices (e.g., detachable storage, printers, and so on).

{46} Processor 102 may be one or more of any type of computer processing element,
such as a central processing anit (CPU), a co-processor {e.g., a mathematics, graphics, or
encryption co-processor), a digital signal processor (DSP), a network processor, and/or a form
of integrated circuit or controller that performs processor operations. In some cases, processor
102 may be one or more single-core processors. In other cases, processor 102 may be one or
more multi-core processors with multiple independent processing units. Processor 102 may
also mchude register memory for temporarily storing instructions being executed and related
data, as well as cache memory for temporarily storing recently-used instructions and data.

{47} Memory 104 may be any form of computer-usable memory, including but not
limited to random access memory (RAM), read-only memory (ROM), and non-volatile
memory. This may include flash memory, hard disk drives, solid state drves, re-writable
compact discs (CDs), re-writable digital video discs (DVDs), and/or tape storage, as just a fow
examples. Computing device 100 may include fixed memory as well as one or more removable
memory units, the latter including but not limited to various types of secure digital {SD) cards.
Thus, memory 104 represents both main memory units, as well as long-term storage. Other

types of memory may mchude biological memory.
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{48] Memory 104 may store program instructions and/or data on which program
mstructions may operate. By way of example, memory 104 may store these program
mstructions on a non-transttory, computer-readable medium, such that the mstructions are
executable by processor 102 to carry out any of the methods, processes, or operations disclosed
in this specification or the accompanying drawings.

{491  Asshown in Figure 1, memory 104 may include firmware 104A, kernel 104B,
and/or applications 104C. Firmware 104A may be program code used to boot or otherwise
mitiate some or all of computing device 100, Kemel 104B may be an operating system,
imchiding modules for memory management, scheduling and management of processes, iaput
/ output, and communication. Kernel 1048 may also include device drivers that allow the
operating system o communicate with the hardware modules (e.g., memory units, networking
wterfaces, ports, and busses), of computing device 100, Applications 104C may be one or
more user-space software programs, such as web browsers or email clients, as well as any
software libraries used by these programs. Memory 104 may also store data used by these and
other programs and applications.

{50} Network interface 106 may take the form of one or more wireline interfaces,
such as Ethernet (e.g., Fast Ethemet, Gigabit Ethernet, and so on). Network interface 106 may
also support communication over one or more non-Ethemet media, such as coaxial cables or
power lines, or over wide-arca media, such as Synchronous Optical Networking (SONET) or
digital subscriber line (DSL) technologies. Network interface 106 may additionally take the
form of one or more wircless interfaces, such as IEEE 802 .11 (Wifi), BLUETOOTH®, global
positioning system (GPS), or a wide-area wireless interface. However, other forms of physical
laver interfaces and other types of standard or proprietary communication protocols may be
used over network interface 106, Furthermore, network interface 106 may comprise multiple
physical interfaces. For mstance, some embodiments of computing device 100 may include
Ethemnet, BLUETOOTH®, and Wifi interfaces.

{31}  Input/output unit 108 may facilitate user and peripheral device interaction with
example computing device 100. Input/output untt 108 may include one or more types of input
devices, such as a kevboard, a mouse, a touch screen, and so on. Similarly, input / output unit
108 may inchude one or more types of output devices, such as a screen, monitor, printer, and/or
one or more light emitting diodes (LEDs). Additionally or alternatively, computing device 100
may communicate with other devices using a umiversal senal bus (USB) or high-definition

multimedia terface (HDMI) port interface, for example.
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{52} In some embodiments, one or more instances of computing device 100 may be
deployed to support a clustered architecture. The exact physical location, connectivity, and
configuration of these computing devices may be unknown and/or unimportant to client
devices. Accordingly, the computing devices may be referred to as “cloud-based” devices that
may be housed at various remote data center locations.

{831 Figure 2 depicts a cloud-based server cluster 200 in accordance with example
embodiments. fn Figure 2, operations of a computing device (¢.g., computing device 100) may
be distributed between server devices 202, data storage 204, and routers 206, all of which may
be connected by local cluster network 208, The number of server devices 202, data storages
204, and routers 206 in server cluster 200 may depend on the computing task{s) and/or
applications assigned to server cluster 200

{34} For example, server devices 202 can be configured to perform various
computing tasks of computing device 100, Thus, computing tasks can be distributed among
one or more of server devices 202, To the extent that these computing tasks can be performed
in parallel, such a distribution of tasks mav reduce the total time to complete these tasks and
return a result. For purpose of simplicity, both server cluster 200 and individual server devices

b3

202 may be referred to as a “server device.” This nomenclature should be understood to imply
that one or more distinct server devices, data storage devices, and cluster routers may be
mvolved in server device operations.

{S5]  Data storage 204 may be data storage arravs that include drive array controllers
configured to manage read and write access to groups of bard disk drives and/or solid state
drives. The drive array controllers, alone or in conjunction with server devices 202, may also
be configured to manage backup or redundant copies of the data stored in data storage 204 to
protect against drive failures or other tyvpes of failures that prevent one or more of server devices
202 from accessing umits of cluster data storage 204. Other types of memory aside from drives
may be used.

{36} Routers 206 may include networking equipment configured to provide internal
and external communications for server cluster 200, For example, routers 206 may include
one or more packet-switching and/or routing devices (including switches and/or gateways)
configured to provide (1) network communications between server devices 202 and data storage
204 via cluster network 208, and/or (i) network communications between the server claster
200 and other devices via commmunication link 210 1o network 212,

{S7F  Additionaily, the configuration of cluster routers 206 can be based, at least in

part, on the data communication requirements of server devices 202 and data storage 204, the



WO 2020/068421 PCT/US2019/050555

latency and throughput of the local cluster network 208, the latency, throughput, and cost of
communication link 210, and/or other factors that may contribute to the cost, speed, faplt-
tolerance, resiticncy, efficiency and/or other design goals of the system architecture.

{38}  Asapossible example, data storage 204 may include any form of database, such
as a structured query language (SQL) database. Various types of data structures may store the
information in such a database, including but not imited 1o tables, arrays, Hsts, trees, and toples.
Furthermore, any databases in data storage 204 mayv be monolithic or distributed across
multiple physical devices.

{591 Server devices 202 may be configured to transmit data to and receive data from
cluster data storage 204. This transmission and retrieval may take the form of SQL gueries or
other tvpes of database quernies, and the output of such quenes, respectively. Additional text,
images, video, and/or audio may be included as well. Fuarthermore, server devices 202 may
organize the received data mto web page representations. Such a representation may take the
form of a markup language, such as the hypertext markup language (HTML), the extenstble
markup language {(XML), or some other standardized or proprictary format. Morcover, server
devices 202 may have the capability of executing various types of computerized scripting
languages, such as but not inited to Python, PHP Hypertext Preprocessor (PHP), Active Server
Pages (ASP), JavaScript, and/or other languages such as C++, C#, or Java. Computer program
code written in these languages may facilitate the providing of web pages to client devices, as
well as chient device interaction with the web pages.

HR Decision Trees and Random Forests

{66] A decision tree is a type of machine learning classifier that takes input with one
or more parameters and predicts a label with which the input is associated. As suggested by its
name, a decision tree is embodied in a tree-like form, with non-leaf nodes representing
decisions to be made based on values of the input parameters. Edges from a non-leaf node to
its children represent possible values or ranges of values of the input parameter associated with
the non-leaf node. A leaf node represents a predicted label when the input parameters have
values represented by the path from the root to the leaf node.

{61] A decision tree is trained by a corpus of data in which the mappings between
the nput parameters (observations) and the label 18 known. This training process builds a
decision tree that is expected to predict the label of new observations with a reasonable degree

of accuracy.

10
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{62} Random forests are ensemble learming techniques that build two or more
decision trees for a given data set and output the label that is most frequently produced by these
decision trees, or is some form of average of the labels produced by the decision trees.

A, Example Decision Tree

{63] The following is an ilhustrative example of a decision tree. While this example

provides one possible approach for training and building a decision tree, other approaches may

be used.
Observation | Outloock | Temperature | Humidity | Wind Golf?
I Sunny Hot High Weak No
2 Sunny Hot High Strong No
3 Overcast Hot High Weak Yes
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Tes
6 Rain ool Normal Strong No
7 Overcast Cool Normal Strong Yes
g Sunny Mild High Weak No
9 Sunny Cool Normal Weak Yes
10 Rain Mild Normal Weak Yes
i1 Sunny Mild Normal Strong Yes
12 Overcast Mild High Strong Yes
i3 Overcast Hot Normal Weak Yes
i4 Rain Mild High Strong No
Table 1

{64}  Table | provides 14 observations of weather conditions {outlook, temperature,
humidity, and wind} as well as whether a decision was made to play golf ander those conditions.
For instance, in observation 1 the outlook was sunny, the temperature was hot, the humidity
was high, and the wind was weak. Under these conditions, a deciston was made not to play
golf. On the other hand, 1n observation 4, the outlook was ran, the temperature was mild, the
humidity was high, and the wind was weak. Under these conditions, a decision was made to
play golf. These observations reflect a preference to play golf when it is not raining, the
temperature is mild, the hamidity 1s normal, and the wind is weak. No one of these weather
conditions, however, 1s guaranteed fo be determinative. Thus, one might decide to play golf in

non-ideal, but acceptable, weather conditions.

11
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{65} Hach of the observations in Table 1 associates input parameters {the weather
conditions for outlook, teraperature, humudity, and wind) and a label (whether to play golf). In
Table 1 and the following tables that represent observations, the column with the label is
wtalicized. These observations can be used to tran (bwild) a decision tree. But in order to do
80, a quick diversion into a few equations may be helpful. These equations can be used to
determine which non-leaf nodes in the decision tree get associated with which input parameters.

{66] Entropy is a measure of the amount of uncertainty, or randomness, in a data set.
Given such a data set, S, the entropv, H{5), 1s calculated as

H{&) = Zp(s) log, 257 s)

{67}  The variable 5 represents the values that can be taken on by the data set S, An
entropy of 0 means that all values are the same. As entropy increases toward 1, the values are
more and more random.

{68} Regarding a data set with input parameters and a label, such as the data set of
Table 1, information gain for a given input parameter is defined to be the total entropy for the
given input parameter if a classification 15 made to a fixed label. Thus, the information gain,
IG{X,Y), associated with label set X and input parameter Y is calculated as

16CLY) = HOO = ) pOIHK)
VY

{69}  The variable v represents the valucs that can be taken on by the mnput parameter
Y, and H(X) is entropy of X. The term H(X|y) is the conditional entropy of the labels if input
parameter Y takes on a value of y. Intuitively, the information gam represents how much input
parameter ¥ contributes to the entropy, H(X), of the label set X,

{70} In Figurc 3, an cxample recursive function, make node(), for building a
decision tree. 1s shown in pseudocode 300. As shown in pseudocode 300, make node() takes
one parameter — the current data set of cheervations. Using the data in Table 1, this function
and the equations described above can be illustrated.

{71} The following discussion applics this procedure to the data set of Table 1. At
step 1, make node() is called with the entire data set and root node 1s created. At step 4, the

entropy of each of the labels (“yes” and “no”} is calculated as

=

1 9 4 5 4
} ] = T ¥ :' SEN = ( e (_--- = ), (]
(X} /_E;(p(sc) logy ~— res “)Iaf ) 4) log ) 0.940

{72} At steps 5-6, the information gain for cach mput parameter {outlook,

temperature, umidity, wind) 1s determined. Starting with wind, the caleulation is

12
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JG{X, wind) = H(X) — Z p(VIH{X |

yewind
{73]  Since H(X) is known, only the second term needs to be determined. Here, wingd
i either weak or strong. The probabilities of each are readily obtained from Table 1. and are
plweak} = 8/14 and p(strong) = 6/14.
{74}  Out of the 8 observations with weak wind, 6 have a label of “ves™ while two
have a label of “no”. Out of the 6 observations with strong wind, 3 have a label of “ves™ and

three have a label of “no”. Consequently
) /8
H(X |weak) = (8) 0gs (fé) = 0811
[75]  And

H{X|strong) = (fi () 1.0
>/ w K

iA, Wit fed }}J \1 ) . I (1 i . = {j.

{777 Carryving out these calculations for the other three input parameters results in
1G{X, outlook) = 0.246
I1G{X, temperature) = 0.029
1G(X, humidity) = 0.151

{781 At step 7, the input parameter with the hughest information gawn 1s selected.
With the current set of observations, the mformation gain for outlook is the highest. Thus, at
step 8, this input parameter is designated for the current node and then, at step 9, removed from
the data set. At step 10, make node tterates over all possible values of the selected parameter.
For outlook, these are sunny, overcast, and rain. At step i1, an edge descending from the
current node is created for each of these values.

{79}  Steps 12-15 involve determining whether any of these edges will terminate at a
leaf node. This happens when all remaining observations in data_set have a label that is folly
determined by the value of the selected mput parameter. Looking back at Table |, whenever
the outlook takes on a value of overcast, the label is “yes”. Therefore, in accordance with steps
12 and 13, current_node is retumed as a feaf node designated “ves” and connected to the edge
for overcast.

{80] Neither of the other values of the selected mput parameter can be used to
snambigaously determine the label. Thus, make node(} is called again for cach of these values,

with data_set passed as modified in step 9.

13
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{81} The resulting partial tree is shown in Figure 4A. Node 400 (the root node) is
designated with outlook. Edges for each possible value of cutlook (sunny, overcast, and rain)

are represented as descending from nede 400 to nodes 402, 404, and 406,

Observation | Outlook | Temperature | Humidity | Wind | Golf?
I Sunay Hot High Weak No
2 Sunny Hot High Strong No
8 Sunny Mild High Weak No
9 Sunny Cool Nommal Weak Yes
11 Sunny Mild Normal | Strong | Yes
Table 2

{82} As noted above, make node{) is recursively called for node 402, Only
observations for which the outlook is sunny will be considered, and these are represented as
Table 2. The entropy of the labels is calculated as

P . ) i 3 5 2 ‘5
H{ Xy ) = Z p{x) ]cgzm = (;;) log, (?) + ("“g) log, (-§> = (.960

*EXsunny
{83] Then, the mformation gains for cach of the remaining input variables (humidity,
temperature, and wind) are calculated to be
16 (X oyrny, humidity ) = 0.960
16(Xunny, temperature) = 0.570
1G{ Xy, wind ) = 0.019
{84] Swnce humudity has the highest mformation gam, it will be chosen as the
designation for node 402. Note that the value for humidity also determines the label at node

402 ~ if the humidity is high, the label is “no” while if the humidity is normal, the label is “ves™.

Observation | Qutlook | Temperatore | Humidity | Wind | Golf?
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Yes
) Rain Cool Nommal Strong | No
10 Rain Mild Normal Weak Yes
14 Rain Mild High Strong | No
Table 3
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{85] The function make node is also recwrsively called for node 406. QOnly
observations for which the outlook is rain will be considered. This is represented in Table 3.
The entropy of the labels is identical to that of Table 2 (three “yes”™ labels, two “no” labels), so

757

- 1 3 /5 /23
H X pgin) = Z p{x) Eogzg-(-;-)- = (\7—‘;) iog, t%-) + (E) log, (;;—) = 0.960
X€&rain
{86] Then, the information gains for cach of the remaining mput variables (hunudity,
temperature, and wind) are calenlated to be
JG (X, qin, humidity) = 0.526
16 (X, temperature) = 0.526
G (X gim, wind) = 0,960

{87}  Since wind has the highest information gain, it will be chosen as the designation
for node 406. Note that the value for wind also determines the label at node 406 — if the wind
is weak, the label is “yes” while if the wind is strong, the label is “no”.

{88} The resulting final decision tree 1s shown in Figure 4B, Nodes 408 and 410
have been added as leaf nodes to node 402, and nodes 412 and 414 have been added as leaf
nodes to node 406. Since all possible paths end in leaf nodes, the decision tree training is
complete.

{89} The decision tree of Figure 4B can be used to predict a label associated with a
given set of input parameters. For example, sappose that the carrent weather conditions are a
sunny outlook, mild temperatare, normal humidity, and weak wind. Applying this decision
tree, to these conditions, one would first consider the outlook at node 400. Since the outlook
1s sunmy, one would follow the edge designated as sunny to node 402, Then, one would
consider the humidity. Since the humidity is normal, one would follow the edge designated as
normal to node 410, Based on this path through the decision tree. the conclusion would be to
play golf. In other words, for a new set of weather conditions that were not explicily
considered n building the decision tree, the decision tree 1s still able to predict a label that is
likely to be the desired outcome.

{90} It should be noted that the make node(} function of Figure 3 is just one possible
algorithm for building a decision tree.  Other algorithms such as C4.5, classification and
regression tree {CART), Chi-squared automatic interaction detector (CHAID), and multivariate
adaptive regression splines (MARS) may be used. Furthermore, other techniques to select
mput parameters other than information gain may be used, such Gini impurnity or vanange
reduction.

B. Example Random Forests
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{91} While decision trees are robust predictors of labels, they can soffer from
overfitting their data sets. Random forests are a way of considering the cutput of multiple
decision trees that arc trained on ditferent parts of the same data set. This approach may reduce
the variance associated with the overfitting, and in practice has been observed to produce better
results than decision trees alone.

{921 Particalarly, in a data set of n observations, { subsets of J observations cach
may be selected. These subsets may be selected with replacement. Then, a decision tree is
built for cach subset of observations. This effectively de-correlates the decision trees. Some
or all of these decision trees are applicd to a new observation to produce { predicted labels. As
noted above, a mode or an average of these labels may be taken to produce a final predicted
label. Due to their de-correlated nature, even if each individual decision tree is senstiive to
noise, the random forest thereof is much less sensitive.

93]  Insome embodiments, building a random forest may involve a modified version
of make node() that selects, at cach non-leaf node, a random subset of input parameters to
consider. If a small number of input parameters are strong predictors of the label, these input
parameters appear carly (bigher) in many decision trecs. Thus, randonuzing the input
parameters further de-correlates the trees.

1A, Taritf Codes and Their Determination

{94} At the time of international trading or cross-border transaction, the product
being traded undergoes the process of custorm clearance. An appropriate tarift is imposed on it
depending on 1ts tvpe, importing and exporting countries, application, etc. In order fo make
the process of mmposing tarff/deties more organized, the WCO employs a coding scheme,
based on which each product can be assigned to a particular code known as a Harmonized
Tanff Schedule Code (HS-Code). This code encompasses 8-12 digits depending on the
importing-exporting country, with the first 6 digits consistent globally. For United States, the
HS-Code is 10 digits long. In the embodiments herein, a goal is to accurately predict the 10-
digit, U.S -based HS-Codes for chemical-polymers of Chapter 39, which mcludes the first 14

subheadings 500 of Chapter 39, as shown in Figure 5.

Heading | Subheading | Suffix Bescription

3901 10 1000 | Polyethyiene having a specific gravity of less than 0.94;

having a relative viscosity of 1.44 or more.

3901 10 3010 | Polyethylene having a specific gravity of less than 0.94;

linear low density polvethyvlene.
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3901 10 5020 | Polyethylenc having a specific gravity of less than 0.94;
low density polvethvlene, except linear low density

polyethylene.

3901 10 3030 | Polyethylene having a specific gravity of less than 0.94;

mediim density polyethviene.

3901 20 1000 | Polyethylene having a specific gravity of 0.94 or more,;

having a refative viscosity of 1.44 or more.

3901 26 5000 | Polyethylene having a specific gravity of .94 or more;

other.

Table 4

{95}  Tariff codes have a tree-like structure. Forinstance, in Chapter 39, the heading
3901 refers to polymers of ethylene, in primary forms. The heading / subheading pair 390110
refers to polycthylene having a specific gravity of less than 0.94, while the heading /
subheading pair 390120 refers to polyethylene having a specific gravity of .94 or more.
Further subheadings and static suffixes are used to define more specific product components
under this rubric. As an example, several 10-digit HS-Codes under heading 3901 are shown in
Table 4.

{961 In order to determine these codes, products are classified based on their
respective names, component lists, and/or other descriptive information.  Currently, this
classification 1s carried out manuallv, ofien by human experts. These manual processes are
ontology based, where an expert navigates through a sequential set of organized questions using
a query based mterface to eventually determine the HS-Code of a given product. Other
approaches include use of the existing knowledge base from previous classification data. A
new product is then compared with these lustorical classifications and s assigned a HS-Code
based on the best-matched product from the knowledge base. There have been proposals to
break down the total product information into a set of keyvwords and recommend hist of HS-
Codes by mplementing a lookup module, as well as to use power-mean support vector-
machines and an ad-hoc rule based system to predict the HS-Code.

{97}  But all of these approaches have the drawback of not being fully automated (1.,
they require some form of human input). Beyond that, they are still error prone, as even experts
can fail to apply the proper rules n all situations, and thus an accuracy of 95% or more is
difficult to attain consistently, especially for new products. As a consequence, many industrial
and technological processes suffer due to the delay associated with determining a tariff code,

as well as from a significant portion of these determined tariff codes being mcorrect.
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V. Machine Learning Implementation

{98}  The embodiments herein predict taniff codes with autonomaous classification and
reduction {or removal) of manual intervention. n particular, a machine lcaring based
technology processes product imformation and assigns an appropriate HS-Code. A natural
Language Processing (NLP) based feature-vector generator extracts important attributes {or
features) from the supplied product data, which then serves as an input to a hybnd random
forest and expert tree based classification system to predict the HS-Code. An overall
framework for this system is schematically represented in flow chart 600 of Figure 6. Notably,
the embodiments herein provide a new technique for predicting tariff codes that has not
previously been emploved manually, and that provides accuracies that are consistently
exceeding 95%.

{991 More specifically, the embodiments herein involve five main phases: pre-
processing, feature vector generation, training, testing, and post-processing. Each of these
phases is discussed in turn below.

A, Pre-processing

{108] The pre-processing stage comprises of filtering and organizing the supplied data
to make it more systematic and structured. For chemical products, it involves normalization of
component proportions afier removing the solvent, representation of component proportions in
consistent units, expansion of acronyms, determining co-monomer ratio of co-polymers, etc.
During the pre-processing stage, each product is stored as an object with the attributes of
product name, product specification-number, component ids, component proportions,
component names, and component Chemical Abstracts Service (CAS) numbers.

B. Feature Vector Generation

{101} Once the data is organized, it is then provided to the next stage of the overall
machine leaming process, which is feature vector generation. A feature vector is a
representation of a product in which the product information is stored as a vector of numerical
values. As mentioned previcusly, the product information data comprises textual information
m terms of product name and component names, and numeric information in terms of
component proportions {other information such as component CAS number may be used in the
later stage of algorithm development). The task of a feature vector generator is o process this
mformation and map it to a vector i an n~-dimensional space. This is conceptually represented
m diagram 700 of Figure 7. The resulting feature vector 1s used, perhaps along with additional

mformation, as input to a random forest of decision trees.
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{182} The first step to convert textual data into numbers is fo establish a reference set
which can be used as a basis of comparison while computing a string-similarity score
{explained 1 the next subsection). A reference set of a textual data such as an article, blog
entry, or description of a product comprises of keywords which represent that textual data.
Each HS-Code has its own representative reference set of keywords, which is derived from the
textual information affiliated with that particular HS-Code. For each HS-Code, two files of
representative reference sets of kevwords may be created, one using text from product names
and another using text from component names. These files are called the bag-of-words (BOW)
file for products {or P-file in short) and the BOW file for components (or C-file in short),
respectively. The procedure to construct the P-file for code 3901 is explained n pseudocode
800 as shown in Figure 8A.

{183] Figure 8B illustrates the mechanics of constructing a P-file i accordance with
pseudocode 800. Note that this simple example begins with the text of block 810 as input for
purpose of simplicity, though in practice product imformation would be used instead.

{184} At step | of pseudocode 800, textual data is obtained by aggregating a number
of product names, for example, into file Tp. At steps 2 and 3, stop-words {e.g., “this’, “is’, ‘an’,
“to°, “of 7, ‘that’ and ‘a’) and punctuation marks are removed, and anv acronyms are expanded.
As shown i Figure 8B, block 810 becomes block 812 after steps 2 and 3.

{185] At step 4, the frequency of cach word remaining in file Tp is counted. This is
represented in block 814, At step 5, the average of these frequencies, favg is determined. For
the word frequencies in block 814, fivgis 1.45. Atsteps 6 and 7, words with a frequency greater
than the threshold fave are selected as the representative keyvwords and stored in the P-file. In
SO £ases, a non-negative, non-zero gain t may be applied to favg s0 that favg becomes higher
or lower. For the example of Figure 8B, the selected words are shown in block 816.

{1661 Figure 8C depicts another (different) example of selecting words for the P-file
based on overall word frequencies. In Figure 8C, bar chart 820 depicts the frequencies of 17
words, wi...w17. In particular, bar chart 820 plots words on the x-axis and their corresponding
frequency on the y-axis. After removal of stop words and expansion of acronyms, suppose that
a document has 17 words: wi, w2, . . ., wl7. The frequency of each of 10 of these words is
larger than the threshold frequency (favy, 1s represented with a horizontal dashed line in Figure
8Cy. Thus, these 10 words are considered to be representative keywords for the source text
document, and are thus stored in the P-file for this document.

{1671 Inthe embodiments herein, a P-file is generated for each 4-digit HS-Code prefix

in Chapter 39 based on historical data. Additionally, a C-file, based on one or more names of
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components in the product, 15 also generated for each HS-Code prefix using the same or a
similar process as that used to generate P-files, but using the text from the names of constituent
chemical components of the product. For a new product being classified, g feature vector of
numerical values is created with one {or two} elements per HS-Code prefix by using respective
P-file and/or C-file of the HS-code prefix under consideration.

{108] Ao overview of this process is tlustrated in Figure 9. For a given product 900,
product name 902 and component name 904 are derived. The component narae 904 may be a
dominating component name, in that it is the name of the component which has the maximum
proportion of all the components used in product. Alternatively, more than one component
name may be used. The derived product name is compared with the words in the P-file for
each HS-Code prefix, while the derived component name is compared with the words in the C-
file for each HS-Code prefix. The outcome of sach comparison is a number that s stored in an
element of the feature vector. For the 14 HS-Code prefixes of Chapter 39 (3901-3914), the
feature vector can have 14 or 28 clements, one or two per HS-Caode prefix. Abbreviated
examples of the P-file vector 906 and the C-file vector 908 are shown in Figure 9.

{108 These comparisons, which result in the conversion of texts to numbers, are done
by calculating a normalized version of the Levenshtein distance (an edit distance) between the
text from the product names or component names of the product being classified, and the P-
file and/or C-file of each of the 14 H8-Code prefixes. The Levenshtein distance between a first
string and a second string is the number of deletions, insertions, substitutions required to
transtorm the first string into the second string. For a perfoct match (i.e., when the two strings
being compared are identical), the Levenshtein distance value will be . The maximuam value
that the Levenshtein distance metric can have is the string length of the longest string under
comparison. In the cmbodiments herem, the Levenshtein distance score is normalized by
dividing it by the string length of the longest string of those bemng compared. The match score
1s then computed as the normalized Levenshiein distance subtracted from 1. Thus, the
normalized match score can be between 0 and 1, mchusive, with a higher value indicating a
better mateh.

{118] Figwe 10A depicts pscudocode 1000 for determuning the net-match-score
between a product name and one of the P-files. In short, the normalized match-scores between
cach word (w} in the product name of a product and words (wb} in the P-file, are computed to
determine the best-matching word (wo¥) in the P-file. Let’s call the match-score between w
and the corresponding we* the “best-match-score”. The values of these “best-match-scores”

for each of the words (w} in the product name are summed to determine the net-match-score.
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This net-match-score becomes one element of the resultant feature vector. This procedure is
repeated to compute the net-match-score value between the product name and the P-files of all
4-digit HS-Codes {or HS4-Codes in short), and the computed net-match-score values are
stacked to form a feature vector 906 as shown in Figure 9. Thus, the value of the first element
of feature vector 906 corresponds to the net-match-score between the product name of the
product being classified and the P-file of HS-Code prefix 3901, the value of the second element
corresponds to the net~match-score between the product name of the product being classificd
and the P-file of HS-Code prefix 3902, and so on.

{111} To form feature vector 908, a similar {(but not necessarily identicaly procedure
may be applied for component descriptions of the product being classified and the C-files
associated with 4-cdigit HS-Code prefixes. Notably, this mvolves sorting components of the
prodact being classified based on their proportions, from highest to lowest. The fop
components with a cumulative share of 50% or more are identified. In practice, this set of top
components usually contains at most 2-3 components. The dominating polvmer or chemical
from this set of components is deternuned, and the corresponding proportion of this dominating
polymer/chemical is stored as dv. The dominating component name is compared with the C-
files to obtain corresponding net~match-~score values and gencrate the vector 908 (Figure 9).
The complete feature vector is then formed by stacking dv, feature vector 906 (P-vector, for
short}, and featare vector 908 (C-vector, for short).

{112} Figure 11 shows this procedure as schematic 1100, Particularly, feature vector
906 and feature vector 908 are derived from information related to product 900, The
corresponding proportion of the domunating component for this product, dv, is obtained as
discussed above. In Figure 11, dv takes on a value of 97, Complete feature vector 1102 is
formed by concatenating dv, feature vector 906, and feature vector 908. In some embodiments,
different sets of clements or orderings of clements may be used.

C. Training and Testing

{113] The machine learning algorithm implemented to carry out HS-Code
classification is a random forest classifier. The model is first trained uvsing subset of data
{known as traming data) and then vahidated on ancther unseen {or testing) subset of the data.
This section briefly explains an experimental setup implemented to train the random forest
classifier. For the sake of simplicity, an explanation is provided for the HS4 classification task
of predicting the first 4 digits (HS84-Code) of an HS-Code.

{114] Foragiven class (say 3901), a list of products with the H54-Code corresponding

to that class label {say 3901} is extracted from a database. For class label 3901, this list is
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denoted by Lygq, and is split to form two subsets: LY and LIS, | LY contains training
data and LS5, contains testing data. The nwmber of training and testing data-points present in
training and testing datasets, respectively is governed by the train/test ratio, which can be set
to 6/4, 7/3, 8/2, 9/1, etc. For the results below, a ratio of 7/3 was used. This ratio indicates that
subset LY4P contains about 70% of the total data and L5E, contains about 30% of the total
data. Training and testing subsets for other classes are gencrated in similar fashion. These
training and testing subsets (L% and L' where ¢ = 3901,3902,3903,...,3914) are
merged to form the final training and testing sets, LY and LIPS¢.

{115] The random forest classifier is then trained on LY%™. The resulting classifier is
tested on set L1°". The accuracy of this classifier is calculated as

o Neorrect
S S —

Ryest

WHETe Npgpree 1S the mumber of correctly classified data points of test data L% (i¢, data
points for which the predicted class label from the random-forest classifier matched the actual
class tabel documented in the database) and n,. 15 the total number of testing data-points.

B. Preliminary Results

{116] Ten random experiments were performed, each time with different testing and
traiming data. The average accuracy score of these experiments was reported for the HS4
classification task (where the goal is to predict the fivst 4 digits of the HS-Code), HS6
classification task (where the goal is to predict the first 6 digits of the HS-Code), and HS10
classification task (where the goal s to predict the furst 10 digits of the HS-Code). A constraint
was tmposed to have at least 10 products in a given class (i.e., an HS-Code prefix) i order to
consider it in the classification task. A class with less than 10 products 1n the database was
ruled out of the experniments, meaning that no data points from this class were used either in
training or testing sets. The results for HS4, HS6 and HS10 classification tasks are provided

below in Table 5.

HS4 HS6 HS16
C, | 85.82% 1§ 80.41% | 7537%

43
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Table £

E. Post Analysis: Phase 1

{1171 As can be scen from Table 5, the accuracy score consistently dropped while
predicting longer versions of the HS-Code prefixes. One reason for such a trend is reduction
in the amount of data (1.¢., the number of data points / products) in cach class while going from

lower-digit prediction (HS4) to a ligher-digit prediction (HS6, HS10). For instance, say there

22



WO 2020/068421 PCT/US2019/050555

were 100 products with an H34-Code of 3501, These 100 products can have the following
distribution within the 3901 heading: 30 products can have HS6-Code 390110, 30 can have
390120, 20 can have 390130 and 20 can have 390190, Thus, there are significantly fower
products in each class for the HS6 classification task as compared to the HS4 classification
task. The situation worsens for the HS10 classification task.

{118] In addition to that, the supplied information in the database was not adequate to
predict some HS6 and HS10 codes. The database lacked information about essential produst-
features (such as specific gravity, elasticity, etc.} which are necessary to uniguely assign HS6
and HS10 codes. A method to handle this missing information is explained later.

{118} The embodiments herein address the drawbacks of these preluminary results by
performing the classification in a hierarchical, hybrid manner. First, H54 classification occurs
as described above, then a set of expert roles are used to deterministically predict the rest of
the digits for HS6 and/or HS10 classification. Since successtul prediction of HS6 or HS 10
codes relies on the accuracy of HS4-Code prediction, it is desitable to have classification
accuracy for predicting HS4-Codes as high as possible. A goal was set to achieve overall
classification accuracy of 95% for predicting the H54-Code.

{120} In order to develop an amtomated classification tool that can improve upon
human performance in terms of accuracy, 1t is helpful to obtain some insights from experts in
the area of HS-Code assignment. For example, experts may use ndes and/or mappings to
provide a new product with an appropriate HS-Code. Investigation of these rules and/or
mappings can aid in determining unique attributes and keywords pertaining to a particular HS-
Code. Through this, new words were added to the P-files and/or C-files of various HS-Codes.

{121} As shown in Figure 10A, pseudocode 1000 can be used to compute the not-
match-score value. In some embodiments, each word P-file or C-file can be given equal
wmportance. This means that some words appearing fower times were given the same weight
{or emphasis) as those that appeared often in the Tp file of Figure 8A. However, it i3 expected
that words occurring frequently within a P-file or C-file will have more relevance. Thus, each
word in P-file or C-file can be assigned a weight based on its frequency of occurrence, where
words with a higher frequency count are assigned a higher weight value.

{122} A procedure 1200 for assigning such a weight value to a word in a P-file or C-
file is shown in Figure 12A. Notably, cach word therein is assigned a weight value between 1
and 10 mclusive based on the word’s frequency and/or input from an expert regarding the
word’s sigmificance in classification. An exampie list 1202 of words with associated weights

is shown in Figure 12B.
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{1231 Another improvement can be made by carrving out oversampling in classes with
fewer samples. This is because the distribution of data in the supplied database was highly
skewed, with some classes having hundreds of products while others had only tens of products.
This imposes a bias during the traiming phase by placing more emphasis on classes with more
data. To compensate for this bias, the SMOTE method of oversampling was used. SMOTE
oversampling method creates synthetic data points around known data points. A synthetic data
point 1s generated by randomly selecting two data points from the cxisting set and then
choosing a random point on the line segment connecting the two previously selected data points.
This process is repeated uantil the total number of data points matches the desired value. In the
embodiments herein this desired value was set to max ( size(L[C‘“ai“)) , where ¢ =
3901,3902,3903,...,3914 and wherein Size(l,"g”“i”:l is the number of data points in the set
LI Oversampling may be performed on each L™ set in order to have an equal number
of training samples for all clagses.

{124] With the updated approach of using a weighted set of keywords to compute net-
match-scores between the product name and/or component name and P-files and/or C-files, the
aceuracy score for HS4 classification improved from 85.82%t0 91.6%. Nearly identical results
were obtained with and without oversamapling, suggesting that oversampling bhad almost no
effect on the performance of the random-forest-based classifier. Also, in the experiments
performed after suppressing the vector derived from the product file (ic., the P-vector}, no
reduction in accuracy was observed. This revealed that the vector dertved from the product
filc had negligible significance in the classification task. In othor words, the textual
mformation coming from product names had little to no influence on predicting the HS4-Code.
One of the possible reasons for this would be that for the first 14 headings (i.e., 3901 15 3914),
all the necessary information for predicting the HS4-Code was embedded in the component
names of the product. Hence, in the experiments below, the vector dertved from the product
file was removed from the complete feature vector representation of the product.

F, Post Analysis: Phase 2

{1258} The overall accuracy score of 91.6% for HS4 classification was the best
observed performance the random-forest-based classifier achieved using the techmigues
described above. Given the goal of 95% or better accuracy, a further post analysis was
performed. Particularly, the analysis of misclassifications (1., the products which were
mcorrectly classified by the random-forest-based classifier) served as a foundation for further

modification of the feature vector generation module.
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{126] Misclassifications are data pomts {chemical products in our case) that are
predicted incorrectly, t.e. the predicted HS-Code does not match the ground truth HS-Code.

Analysis on misclassifications helps determine bottlenecks and peculiarties of the overall

ajgorithm.
Predicted
Class A | Class B
Class A 70 30
Actual
Class B 2 98

Table 6

{1277 Table 6 shows an example confusion matrix that compares the predictions from
a classifier to their actual, ground truth values. In the table, there are two classes {class A and
class B), with total 100 products in each class. The off-diagonal elements in the confusion
matrix are the misclassifications. In this example. 30 clements belonging to class A are
predicted as being in class B, while 2 elements that are actually in class B are predicted as being
i class A. Thas, class A 1s predicted with 70% accuracy and class B is predicted with 98%
accuracy. In this case, improving the accuracy of predictions of elements belonging to class A
can significantly improve the overall performance of the classifier.

{128] A confusion matrix of size 14x14 was generated for the 14 HS4-Code
subheadings of Chapter 39, as shown in Figure 5. Misclassifications were systematically
analyzed using this confusion matrix and were clustered mto the following four categorics:
tvpe 1 (incorrectly predicted by the classifier but correctly classified in the product database),
type 2 (correctly predicted by the classifier but incorrectly classified in the database), type 3
{incorrectly predicted by the classifier and ncorrectly classified in the database), and type 4
{products with incomplete or missing information}.

{129} The products that were incorrectly classified in the database affected the training
phase of classifier development by misguiding it with incorrect classification logic. On the
other hand, in some situations the classiticr was able to correctly predict the HS4-Code of
products that were incorrectly classified i the database. Thus, the classifier has a potential to
sense errors and suggest possible corrections for the database.

{138} Products with mcomplete or missing mformation had an ambiguous feature
vector representation.  These products tvpically lacked information about the domimating
monomers and the proportions thereof.

{131} Amongst the four categories listed above, the key area to focus was the category

where the classifier incorrectly predicted products that were correctly classified in the database.
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Products falling under this category were analvzed, and it was observed that their component
names followed specific patterns.

{132} This led to a pattern matching approach for component names based on regular
expressions. Pattern-based feature extraction is more generic than matching keywords and
component names, as it has a potential to target a complete family of products using only
handful of patterns. For example, the olefin class of chemicals, where the chemical name ends
with letiers “ene”, can be represented with the regular expression “¥ene” (where the * can
match a text string of any length}.

{133] The following is a list of patterns used for certain chemical families and the
corresponding regular-expressions representing these patterns that were developed: olefins
{words ending with “ene”), polvols (“ol” at the end of a word, the presence of a “oxy™ + “ene”
combination in the word, or an olefin + “oxide” combination), esters (words ending with “ate”
or the presence of an “acid” + polyol combination}.

{134} Another advantage of regular-cxpression-based feature extraction lies in its
abihity to create high bias for a particular pattern, therebv facilitating unique feature extraction
for chemical names. This idea can be better understood from the following example.

{135} The subhcading 3902 contains products with olcfins as thewr pomary /
donunating components. Practically, it 1s not possible to prepare an exhaustive list of all olefin
names and store them in the C-ile for subheading 3902 as a bag-of-words. From the literature,
it is known that olefins are hvdrocarbons with one or more carbon-carbon double bonds and
their names usually end with the letters “ene”. 8o one of the regular cxpressions for

*ene”, as discussed

representing most of the names of olefin-based chemical components is ©
before.

{136] Assume that the C-file for subheading 3902 contains only two words, “propene”
and “butene”, and no regular expressions. I there is a new product with “propane” as its
dominating component, this product will have a high string similarity match-score {or net-
match-score} value with the C-file of subheading 3902 (due to the presence of the word
“propene”}. On the other hand, a product with “hexene” as its dominating component will have
a relatively low string stmilanty match score with the C-file of subheading 3902, Hence, the
“propane”-based compound will have more chance of being classified as HS4-Code 3902 than
will the chemical compound with “hexene” as its ingredient.

{137} This sttuation can be wmproved by using the regular expression “ene” and
conducting regular-expression-based pattern matching. The word “hexene” will have a regular

expression pattern mateh score of 1 (i.e., a 100% match), while the word “propane” will have
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a regular expression pattern match score of 0 (i.e., no match). In order to give more emphasis
to the regular-expression-based pattern match score, its value was multiplied by a weight of
1000 while computing the net-match-score of Figure 10A. In this way, the regular expression
(*ene)-based feature extraction will isolate a majority of non-olefin-based products from the
products with olefins as dominating components.

{138] Notably, the feature vector representation of a product was stifl the same — the
addition was the nclusion of regular expressions o the C-files. When the dominating
component name of the produoct had a match with a regular expression in the C-file, the net-
match-score value was incremented by 1000, After comparison of the name of the dominating
component with the regular expression pattern, its pattern-match-score (which could cither be
0 or 1) was first multiplied with the weight value of 1000 and added to the net-match-score
value as shown in Figure 10B.

{139} For some misclassifications, it was observed that products with identical
dominating components had differcnt HS4-Codes. For instance, the cthene propene co-
polymer appeared as a dominating component for products with HS4-Codes 3901 and 3902.
The deciding parameter to address this ambigwity and obtain a unique HS4-Code, was the co-
monomer ratio. In the current example, if ethene was donunating (1.¢. overall ethane content
was larger than that of propene), then the HS4-Code would be 3901, else it would be 3902,
Thus, synthetic information about the co-monomer ratios was supplied under the assumption
that the HS54-Code given in the database is correct. For mstance, if the HS4-Code in the
database was 3901, the ethene content was manually set to a value larger than 50%.

{1468} Aficr incorporating the above-mentioned modifications, the resulting accuracies
for each HS4-Code, as well as the number of data points used per HS84-Code, are shown in
Table 7.

HS4-Code | Accuracy | Data Points
3901 98.8% 508
3902 93.4% 188
3903 96.6% i56
3904 952% 75
3903 88.7% &8
3906 92 4% g1
3907 80.0% 295
3908 81.3% 14
3909 95.7% 202
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3910 95.5% 296

3911 94 6% 77

3912 98.3% 279

3913 90.8% 8

3914 96.0% 93
Table 7

{141} The random forest classifier agsigns a confidence score between 0.0 and 1.0,
inchusive, to cach class under consideration. The predicted class for a given product 1s the class
with the maximuom confidence score. For the current product database, it was observed in all
the experiments that the confidence score of the predicted class was considerably higher than
the confidence score of all other classes (at least greater than by a margin of 0.5). For this
reason, the final cutput from the classifier suggests only one umgue HS4-Code for any given
product.

{142} However, the procedure to suggest multiple H54-Codes can be incorporated in
the proposed framework. The output from the classifier, which is a list of HS84-Codes with
their corresponding confidence scores, is passed through a two stage filter. The first stage of
the filter flags HS84-Codes with a confidence score larger than a user-specified threshold value
74. These flagged HS4-Codes are then passed through the second stage of the filter in which
HS4-Codes with confidence score value within a 7 margin of the maximum confidence score
value are shortlisted. These shorthisted HS4-Codes with their corresponding confidence score
values, serve as the final output from the classifier.

G. Predicting H56 and H10 Classifications

{143] The HS4-Code prediction was done using auto-generated decision trecs based
on the random-forest techaique. The random forest classifier may be trained on training data
and tested on separate and distinct testing data.  Classification of the HS-Code from the fifth
digit onwards can be done using an expert free.

{144] Expert trees are custom coded decision trees developed using expert knowledge.
Thev can have complex rules at their nodes. Within a given HS4-Code (i.¢., once the HS4-
Code has been predicted), there is a clear set of rules to deternune other digits of the full HS-
Code. These rules are generally based on chemical propertics such as specific gravity, elasticity,
viscosity, etc., and are binary in nature.

{145} For cxample, if the HS4-Code 1s 3901, deciding whether the HS6-code will be
390110 or 390120 mvolves checking the specific gravity of the product (see Tabic 4). I the
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specific gravity 1s less than 0.94, the product will have H36-Code of 390110, else the HS6-
Code will be 390120. There are relatively few considerations when predicting higher digits
beyond 4 digits of HS-code, and most of the cases/classes can be easily differentiated from one
another,

{146} Hence, it is possible to attain 100% accuracy in predicting HS-Code digits if the
H54-Code classification is correct.  Also, since the rules are pre-determined from expert
knowledge and WCO notes, the expert trecs are not data~driven {i.c., they don’t need training
data for model development). Another advantage of custom coded expert rules is that they are
casy to modity. This aspect is can be important because HS-Codes beyond 4 digits can undergo
periodic updates, which therchy changes the rules for some HS-Codes. For example, the first
aix digits of HS-Codes are revised every five years, Being data-independent and custom-coded,
gxpert trees are compliant enough to be adapted to new rules.

{147} In addition to this, a query-based system is also mtegrated into expert trees.
Flow chart 1300 of Figure 13 depicts queries used in conjunction with a hybrid HS4 classifier
and expert tree systemn. Under some situations, the CAS-number is used 1 an expert rule to
directly determine the H510-Code. In other cases, where there is not encugh information to
make an cxpert rule prediction, the system may gquery the user. The query-based system was
designed fo collect additional mformation systematically through a set of guwided questions.
For mstance, if the specific gravity of the product is not known but is needed for HS6
classification, the system may request this information as input from the aser.

{1481 As noted above, a product database typically lacks some information {c.2.,
specific gravity, co-monomer ratio, elasticity, etc.) necessary to carry out clagsification beyond
four digits and predict the full HS-Code. Thas, to validate the concept and test the expert tree
based system, synthetic information was artificially gencrated under the assumption that the
HS-Codes for products already classified in the product database were correct. For instance,
if a product was assigned an HS6-Code of 390110 in the product database, then 1t is assumed
to have a specific-gravity less than 0.94. Since the product database didn’t provide any
mformation about specific gravity, this information can be manually supplied by assigning any
random value tess than .94 to all products with an HS6-code of 390110, This information can
then be used to predict HS-Codes for other products with anknown HS-Codes.

{149} Figure 14 is a diagram 1400 that provides an overview of the overall
classification procedure. The product mformation is used as mput to the random forest to
predict an HS4-Code. Once the HS4-code 15 determined, the product information is the used

to predict the remaining six digits of the HS10-Code. This is done using the expert tree based
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system. The expert tree 1s custom coded tree with sequential logic based on if-else statements.
if the supplied product information lacks essential information to determine a unique HS10-
Code, the expert syster asks for additional input using a query-based interface. The system
also suggests a list of possible HS10-Codes 1f it 15 not able to converge to just one due to lack
of information.

{1561 As an example, consider a product under subheading 3901, Assume that the
random forest classifier was able to correctly predict the HS4-Code. The hierarchy that follows
subheading 3901 for determining next two digits (i.c., to generate the 6-digit HS6-Code) is
shown below.

151} 390110: Polyethylene having a specific gravity of less than 0.94,

1 39G120: Polyethylene having a specific gravity of 0.94 or more.
153] 390130: Ethylene-vinvl acetate copolymers.

{ 390140: Ethylenc-alpha-olefin copolymers, having a specific gravity of less
than 0.94,

[185] 390190: Other.

{156} The first level of the expert tree will seek ethylene content as an mput. The
value provided will further partition the list of HS6-Codes o two categories: 390110 and
390120 where the ethylene content is greater than or equal to 95%, and 390130, 390140, and
390190 where the ethylene content is less than 95%. If mformation for ethyvlene content is
missing, the expert tree will generate a query message asking the user to mnput the ethylene
content. If the information 15 not available, the expert tree will give all HS10-Codes that have
the first four digits as 3901 as an output.

{1571 Suppose that the cthvlene content of the product is known to be greater than
95%. As mentioned before, this will resolt in two possible cases for HS6-Codes: 390110 and
390120. The expert tree system then checks for the specific gravity of the product. If the value
of specific gravity is greater than 0.94, the expert tree will predict the HS6-Code to be 390120,
else the expert tree will predict the H86-Code to be 390110,

{158} Assuming that the product has a specific gravity of 0.98, the expert tree will
then assign it H86-Code 390120, Next, there are two possible HS 10-Codes: 3901201000 (for
products having a relative viscosity of 1.44 or more}, and 3901205000 (for any other product).
If the information on relative viscosity is missing in the product database, a query is generated
to seck the value of relative viscosity as a user-supplied mput. In the situation where the
mformation of relative viscosity 1s unavailable, the expert tree will terminate with both H510-

Codes (390120100 and 3901205000} as the final output.
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{159} Features necessary for an expert tree o predict HS10-Codes will vary depending
on the logic path taken for product classification. In the above test example, the features sought
were polvethylene content, specific gravity and relative viscosity (the path was 3901 to 390120
to 3901201000). Hthe product has the HS-Code 3902201000, the features sought by the expert
tree in chronological order would be: (1) propylene content and iso-butvlenc content to
determine the H86-Code, and (2} elasticity {elastomeric or not) to determine the HS810-Code.

{166} Another view of the overall product classification process is shown in diagram
1500 of Figure 15. It 1s assumed that the product is in Chapter 39 and 1s polymer based. Inthe
feature extraction stage, information provided in terms of the product recipe (L.e., list of
chemical components and their corresponding proportions) is utilized to generate a feature
vector. The final output will be either a full 10-digit HS-Code, or a list of recommended HS-

Codes.

Classification HS4 HS6 HS10

Prediction Accuracy | 95.3% | 100% | 100%

Table 8

{161} The overall accuracy of the classification process is shown in Table 8. The HS6-
Code and HS10-Code prediction accuracies are computed after the HS4 classification occurs
and 1s assumed to be correct.

{162] It 1s cvident from these resulis that a machine-learning-based autonomous
system can perform highly-accurate HS-Code classification. The approach herein also serves
as a mechamsm to sense anomalies m the product database by systematically analyzing the
confusion matnx. Since this approach is generie, variations of 1t can be uvsed for HS-Code
classification of other chapters of the Harmonized Tanff Schedule Code, or classification of
products or services to any form of code.

V. Example Operations

{163} Figures 16-19 are flow charts llustrating example embodiments. The processes
itlustrated by Figures 16-19 may be carried out by a computing device, such as computing
device 100, and/or a cluster of computing devices, such as server cluster 200, However, the
processes can be carried out by other types of devices or device subsystems. For example, the
processes could be carried out by a portable computer, such as a lapiop or a tablet device.

{164} The embodiments of Figures 16-19 may be simplified by the removal of any
one or more of the features shown therein. Further, these embodiments may be combined with
features, aspects, and/or implementations of any of the previous figures or otherwise described
herein.
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{165} The flow chart of Figure 16 may be directed to traming a hybrid machine
leaming classifier. Accordingly, block 1600 may involve obtaining, from a memory, a set of
tartff code mappings and respective sets of suffix mappings, where the set of taniff code
mappings are between chemical component descriptions and tariff codes, where the taniff codes
comprise tariff code prefixes and tanff code suffixes, and where each of the tanff code prefixes
is associated with a respective set of suffix mappings between propertics related to the chemical
component descriptions and the tanff code suffixes.

{166] Block 1602 may mvolve, for each respective prefix of the tariff code prefixes,
generating, from the set of tariff code mappings, a component file that contains names of
chemical components in the chemical component descriptions that map to the respective prefix.

{1677 Block 1604 may wmvolve, for each respective description of the chemical
component deseriptions: (i) determining a dominant chemical component, (11} determining a
proportion of the dominant chemical component in comparison to other chemical components
in the respective description, (i1} for cach respective file of the component files, calculating
similarity scores for the respective description by deternuning edit distances between words m
the respective description and words in the respective file, and {iv} gencrating a feature vector
for the respective description from the proportion of the dominant chemical component and the
similarity scores.

{168} Block 1606 may nvolve training a random forest of decision tree classificrs
with the feature vectors for the respective descriptions as input and the tariff code prefixes for
the respective descriptions as output labels.

{169] Block 1608 may mvolve, for each respective prefix of the tariff code prefixes,
constructing a respective expert trec mapping from the set of suffix mappings for the respective
prefix, where traversal of the expert tree in accordance with the properties related to the
chemical component descriptions leads to a particular tanft code suffix specified in the set of
suffix mappings, and where a hybrid machine learming classifier uses the random forest and the
expert trees to predict the tariff codes.

{176} In some embodiments, the memory is disposed within a database device that is
physically separate from a computing device carrying out the embodiment.

{173} In some embodiments, the tariff codes are n digits long, the tanff code prefixes
are § digits long, and the tariff code suffixes are n- digits long, where j is less than 0. For
example, n may be 10 and j may be 4,

{172} In some embodiments, the tariff code prefixes are defined by a single chapter of

a Harmonized Tanff Schedule Code.

L
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{173} In some embodiments, generating the component file may involve combining,
in the component file, the names of chemical components in the chemical component
descriptions that map to the respective prefix, and removing, from the component file,
punctuation and stopwords. In these embodiments, generating the component file may further
involve counting respective frequencies of the words in the component file, selecting the words
in the component file with respective frequencies greater than a threshold value, and removing
non-selected words from the component file.

{174] In some embodiments, at least one of the words i the component file is
represented as a regular expression.

{175} In some cmbodiments, determining the edit distances comprises calculating
nommalized Levenshiein distances between the words in the respective description and the
words in the respective file.

{176} In some embodiments, the similarity scores are calculated based on a sum of the
edit distances.

{1777 The flow chart of Figure 17 may alse be directed to traming a hybrid machine
leaming classifier. Thus, any of the additional features described in the context of Figure 16
{or any other figure) may be applied to the flow chart of Figure 17

{178] Block 1700 may imvolve obtaining, from a memory, a set of tanff code
mappings between chemical component descriptions and tariff codes, where the tariff codes
comprise tariff code prefixes and taniff code suffixes.

{1791 Block 1702 may involve, for cach respective description of the chemical
component descriptions, generating a feature vector for the respective description from: (i} a
proportion of a dominant chemical component, and (i1} similarity scores between the respective
description and sets of words respectivelv associated with the tariff codes.

{1861 Block 1704 may involve traimng a random forest of decision tree classifiers
with the feature vectors for the respective descriptions as input and the tariff code prefixes for
the respective descriptions as output labels.

{181] Block 1706 may mvolve, for cach respective prefix of the tariff code prefixes,
constructing a respective expert tree mapping from the respective descriptions to the tanitt code
suffixes of the respective prefix, where a hybrid machine leaming classifier uses the random
forest and the expert trees to predict the tariff codes.

{182] The flow chart of Figure 18 may be directed to using a trained hybrid machme
leaming classifier. Accordingly, block 1800 may involve obtaining a new set of chemical

components, where the access is available to: (1) a hvbrid machine learning classifier, where
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the hybrid machine learning classifier uses a random forest of decision tree classifiers to predict
a tariff code prefix from an input feature vector, where the hvbrid machine leaming classifier
uses a plurality of expert troes, one for cach of the tarift code prefixes, to predict a tarift code
suffix from properties related to chemical components associated with the respective taniff code
prefix, and (ii) a plurality of component files, one for each of the tariff code prefixes, that
contain names of chemical components assoctated with the respective taniff code prefix.

{183} Block 1802 may mvolve determining, from the new set of chemical components,
adominant chemical component.

{184] Block 1804 may involve determining a proportion of the dominant chemical
component i comparison to other chemical components i the new set of chemical
components,

{185] Block 1806 may involve, for each respective file of the phurality of component
files, calculating similarity scores for the new set of chemical components by determining edit
distances between words used to describe the new sot of chemical components and words in
the respective file.

{186} Block 1808 may involve generating a feature vector for the new set of chemical
components from the proportion of the dominant chemical component and the similarity scores.

{1871 Block 1810 may mvolve obtaining a predicted tariff code prefix by applyving the
random forest of decision tree classifiers to the feature vector.

{188] Block 1312 may involve selecting, from the plurality of expert trees, a particular
expert tree associated with the predicted tariff code prefix.

{189} Block 1814 may involve obtaining a predicted tariff code saffix by traversing
the particular expert tree in accordance with the properties related to the new set of chemical
components.

{1961 Block 1816 may mnvolve gencrating a tanff code for the new set of chemical
components by concatenating the predicted taniff code prefix and the predicted tariff code suffix.

{191] In some embodiments, the memory is disposed within a database device that is
physically separate frora a computing device carrying the embodiment.

{192] In some embodiments, the tariff code 1s n digits long, the tanff code prefixes are
1 digits long, and the tanff code suffixes are n+f digits long, where j 1 less than n. In some
embodiments, n may be 10 and § may be 4.

{1931 In some embodiments, the tariff code prefixes are defined by a single chapter of

a Harmonized Tanff Schedule Code.
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{124} In some embodiments, calculating similarity scores for the new set of chemical
components mvolves: determining words related to the new set of chemical components, and
removing, from the determined words, punctuation and stopwords. Calculating the similarity
scores for the new set of chemical components may further involve expanding any acronyvims
in the determined words.

{1951 In some cmbodiments, at least one of the words in the plurality of component
files s represented as a regular expression.

{196} In some cmbodiments, determining the edit distances comprises calculating
normalized Levenshtein distances between the words used to describe the new set of chemical
components and names in the respective file.

{1577 Insome embodiments, the similanty scores are calculated based on a sum of the
edit distances.

{198} The flow chart of Figure 19 may also be directed to using a trained hyvbrid
machine learming classifier. Thus, anv of the additional features described in the context of
Figure 18 {(or any other figure) mav be applied to the flow chart of Figure 19,

{198] Block 1900 may involve obtaining a new sect of chemical components, where
the computing device has access to a hybrid machine learning classifier, where the hvbrid
machine learning classifier uses a random forest of decision tree classifiers to predict a tariff
code prefix from an input feature vector, where the hybrid machine learning classifier uses a
plurality of expert trees, one for each of the tanff code prefixes, to predict a tariff code suffix
from propertics related to chemical components associated with the respective tanff code prefix.

{260} Block 1902 may mvolve determining, and from the new set of chemica
components, a proportion of a dominant chemical component in comparison to other chemical
components in the new set of chemical components.

{2011 Block 1904 may involve calculating similarity scores for the new set of
chemical components by determining edit distances between words used to describe the new
set of chemical components and words associated with the tanff code prefixes.

{2021 Block 1906 may involve generating a feature vector for the new set of chenucal
components from the proportion of the dominant chemical component and the simularity scores.

{2031 Block 1908 may involve obtaining a predicted taridff code, where a predicted
tartff code prefix of the predicted tanf code is determined by applviag the random forest of
decision tree classifiers 1o the feature vector, where a predicted taniff code suffix of the

predicted tariff code is determined by traversing a particular expert tree in accordance with the

L2
(=



WO 2020/068421 PCT/US2019/050555

properties related to the new set of chemical components, and where the particular expert tree
is associated with the predicted tariff code prefix.

Vi. Additional Embediments

{204] As noted previously, the hyvbrid approach described herein can be applied to
classification tasks other than that of H5-Codes. To that point, Figure 20 depicts information
that can be used to classify items into HS-Codes 2000, dangerous goods codes 2002, and export
control classification number codes (ECCN) 2004, Notably, this information is similar across
these different types of codes, which suggests that the framework above can be adapted more
broadly. For instance, a similar combination of random forest techniques and expert tree
techniques could be used to predict the dangerous goods codes and/or ECCN codes of various
products.

{208] To ilustrate that point, Figure 21 provides an example decision tree 2100 for
ECCN codes. This decision tree could be used as an expert tree, not unlike the information in
Table 4, for example.

VIL.  Conclusion

{206] The present disclosure is not to be limited in terms of the particular
cmbodiments described in this application, which are intended as illustrations of various
aspects. Many modifications and variations can be made without departing from its scope, as
will be apparent to those skilled in the art. Functionally equivalent methods and apparatuses
within the scope of the disclosure, in addition to those described herein, will be apparent to
those skilled in the art from the foregoing descriptions. Such modifications and variations are
mtended to fall within the scope of the appended claims.

{2087} The above detailed description describes various features and operations of the
disclosed systems, devices, and methods with reference to the accompanying figures. The
example embodiments described herein and 1n the figures are not meant to be limiting. Other
embodiments can be utilized, and other changes can be made, without departing from the scope
of the subject matter presented herein. It will be readily understood that the aspects of the
present disclosure, as generally described herein. and iflustrated in the figures, can be arranged,
substituted, combined, separated, and designed in a wide variety of different configurations.

{208] With respect to any or all of the message flow diagrams, scenarios, and flow
charts in the figures and as discussed herein, each step, block, and/or communication can
represent a processing of mformation and/or a transmission of information in accordance with
example embodiments. Alternative embodiments are included within the scope of these

example embodiments. In these alternative embodiments, for example, operations described
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as steps, blocks, transmissions, communications, reqaests, responses, and/or messages can be
executed out of order from that shown or discussed, including substantially concurrently or in
reverse order, depending on the functionality involved. Further, more or fewer blocks and/or
operations can be used with any of the message flow diagrams, scenarnios, and flow charts
discussed herein, and these message flow diagrams, scenarios, and flow charts can be combined
with one another, in part or in whole.

{2091 A step or block that represents a processing of information can correspond to
circuitry that can be configured to perform the specific logical functions of a herein-described
method or techotgque. Alternatively or additionally, a step or block that represents a processing
of information can correspond to a module, a segment, or a portion of program code (including
related data). The program code can include one or more instructions executable by a processor
for implementing specific logical operations or actions in the method or techniqoe. The
program code and/or related data can be stored on any type of computer readable medium such
as a storage device including RAM, a disk drive, a solid state drive, or another storage medium.

{216} The computer readable medium can also include non-transttory computer
readable media such as computer readable media that store data for short periods of time like
register memory and processor cache. The computer readable media can further include non-
transttory computer readable media that store program code and/or data for longer periods of
time. Thus, the computer readable media may include secondary or persistent long term storage,
like ROM, optical or magnetic disks, solid state drives, compact-dise read only memory (CD-
ROM), for example. The computer readable media can also be any other volatile or non-
volatile storage systems. A computer readable medium can be considered a computer readable
storage medium, for example, or a tangible storage device.

{211} Morcover, a step or block that represents one or more information transmissions
can correspond to information transmissions between software and/or hardware modules in the
same physical device. However, other information transmissions can be between software
modufes and/or hardware modules in different phvsical devices.

{212} The particular arrangements shown in the figures should not be viewed as
himiting. It should be understood that other embodiments can include more or less of each
clement shown in a given figure. Further, some of the lustrated elements can be combined or
omitted. Yet further, an example embodiment can include clements that are not tustrated in
the figures.

{213] While various aspects and embodiments have been disclosed herein, other

aspects and embodiments will be apparent to those skilled in the art. The various aspects and
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embodiments disclosed herein are for purpose of illustration and are not intended to be limiting,

with the true scope being indicated by the following claims.
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CLAIMS

What is claimed is:

I A system for training a hybrid machine learming classifier, the system

comprising:

a memory containing: (i} a set of tariff code mappings between chemical component

descrptions and tariff codes, wherein the tardf codes comprise tanff code prefixes and tanft

code suffixes, and (it} for each of the tanff code prefixes, a respective set of suffix mappings

between properties related to the chemical component descriptions and the tariff code suffixes;

and

a computing device configured to:

obtain, from the memory, the set of taniff code mappings and the respective sets
of suffix mappings;

for cach respective prefix of the tanff code prefixes, generate, from the sct of
tariff code mappings, a component file that contains names of chemical components in
the chemical component descriptions that map to the respective prefix;

for cach respective description of the chenucal component descriptions: (i)
determine a domunant chemical component, (i1) determine a proportion of the dominant
chemical component in comparison to other chemical components in the respective
description, (1) for each respective file of the component files, calculate similarity
scores for the respective description by determining edit distances between words in
the respective description and words in the respective file, and (iv) generate a feabure
vector for the respective description from: the proportion of the dominant chemical
component and the similarity scores;

train a random forest of decision tree classifiors with the feature vectors for the
respective descriptions as input and the taniff code prefixes for the respective
descriptions as output labels; and

for cach respective prefix of the taniff code prefixes, construct a respective
expert tree mapping from the set of suffix mappings for the respective prefix, wherem
traversal of the expert tree in accordance with the properties related to the chemical
component descriptions leads to a particular tanff code suffix specified in the set of
suffix mappings, and wherein the hybrd machine learning classifier uses the random

forest and the expert trees to predict the taniff codes.
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2. The svstem of claim 1, wherein the memory is disposed within a database device

that is physically separate from the computing device.

3. The system of claim 1, wherein the tanff codes are n digits long, the taniff code
prefixes are | digits fong, and the taniff code suffixes are n-} digits long, wherein | is less than

11

4. The system of claim 3, whereinn is 10 and j is 4.

5. The system of claim |, wherein the tariff code prefixes arc defined by a single

chapter of a Harmonized Tanff Schedule Code.

6. The system of claim 1, wherein gencrating the component file comprises:

combining, in the component file, the names of chemical components in the chemical
component descriptions that map to the respective prefix; and

removing, from the component file, punctuation and stopwords.
7. The system of claim 6, wherein generating the component file further
comprises:

counting respective frequencies of the words in the component file;

sclecting the words in the component file with respective frequencies greater than a
threshold value; and

removing non-selected words from the component file.

8. The system of claim 1, wherein at least one of the words mn the component file

is represented as a regular expression.
9. The system of claim 1, wherein determining the edit distances comprises
calculating normalized Levenshten distances between the words n the respective description

and the words in the respective file.

10, The system of claim 1, wherein the sinularity scores are calcvlated based on a

sum of the edit distances.
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11, A computer-implemented method comprising:

obtaining, by a computing device and from a memory, a set of tariff code mappings and
respective sets of sutfix mappings. wherein the set of taniff code mappings are between
chemical component descriptions and tariff codes, wheren the tariff codes compnise tariff code
prefixes and tariff code suffixes, and wherein each of the taniff code prefixes is associated with
a respective set of suffix mappings between properties related to the chemical component
descriptions and the tanff code suffixes;

for each respective prefix of the tanff code prefixes, generating, by the computing
device and from the set of taniff code mappings, a component file that contains names of
chemical components in the chemical component descriptions that map to the respective prefix;

for each respective description of the chemical component descriptions, the computing
device: (1) determining a dominant chemical component, (i1} determining a proportion of the
dominant chemical component in comparison to other chemical components in the respective
description, (111} for cach respective file of the component files, calculating sumilarity scores
for the respective description by determiming edit distances between words in the respective
description and words in the respective file, and (iv) generating a feature vector for the
respective description from the proportion of the dominant chemical component and the
similarity scores;

training, by the computing device, a random forest of decision tree classifiers with the
featare vectors for the respective descriptions as input and the tariff code prefixes for the
respective descriptions as output labels; and

for each respective prefix of the tanff code prefixes, constructing, by the computing
device, a respective oxpert tree mapping from the set of suffix mappings for the respective
prefix, wherein traversal of the expert tree in accordance with the properties related to the
chemical component descriptions leads to a particular tanff code suffix specified in the set of
suffix mappings, and wherein a hybrid machine learning classifier uses the random forest and

the expert trees to predict the tariff codes.

12, An atticle of manufacture including a non-transitory computer-readable
medium, having stored thereon program instroctions that, upon execution by a computing
device, cause the computing device to perform operations comprising:

obtaining, from a memory, a set of tanff code mappings and respective sets of suffix
mappings, wherein the set of taniff code mappings are between chemical component

descriptions and tariff codes, wherein the tariff codes comprise tariff code prefixes and tariff
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code suffixes, and wherein each of the tanff code prefixes 1s associated with a reapective set of
suffix mappings between properties related to the chemical component descriptions and the
tantt code suffixes;

for cach respective prefix of the tantf code prefixes, generating, from the set of tariff
code mappings, a component file that contains names of chemical components in the chemical
component descriptions that map to the respective prefix;

for each respective description of the chemical component descriptions: (i) determining
a dominant chemical component, (i) determining a proportion of the dominant chemical
component in comparison to other chemical components in the respective description, (1ii) for
cach respective file of the component files, calculating similarity scores for the respective
description by determining edit distances between words in the respective description and
words in the respective file, and (iv) generating a feature vector for the respective description
from the proportion of the dominant chemical component and the similanty scores;

training a random forest of decision tree classifiers with the feature vectors for the
respective descriptions as input and the tanff code prefixes for the respective descriptions as
output labels; and

for cach respective prefix of the tardff code prefixes, constructing a respective expert
tree mapping from the set of suffix mappings for the respective prefix, wherein traversal of the
expert tree in accordance with the properties related to the chemical component descriptions
leads to a particular tariff code suffix specified in the set of suffix mappings, and wherein a
hybrid machine learning classifier uses the random forest and the expert trees 1o predict the

tariff codes.

13, A computing device comprising:
a pProcessor;
memory,; and
program instructions, stored in the memory, that upon execution by the processor cause
the computing device to perform operations comprising:

obtaining, from the memory, a set of tanff code mappings and respective sets
of suffix mappings, wherein the set of taniff code mappings are between chemical
component descriptions and tariff codes, wherein the tariff codes comprise tariff code
prefixes and tariff code suffixes, and wherein each of the tanff code prefixes is
associated with a respective set of saffix mappings between properties related to the

chemical component descriptions and the tariff code suffixes;
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for each respective prefix of the tanff code prefines, generating, from the set of
tariff code mappings, a component file that contains names of chemical components in
the chemical component descriptions that map to the respective prefix;

for each respective description of the chenucal component descriptions: (i)
determining a dominant chemical component, (11} determining a proportion of the
dominant chemical component in comparison to other chemical components in the
respective description, (it} for each respective file of the component files, calculating
similarity scores for the respective description by determining edit distances between
words in the respective description and words in the respective file, and (iv) generating
a feature vector for the respective description from the proportion of the dominant
chemical component and the similanty scores;

training a random forest of decision tree classifiers with the feature vectors for
the respective descriptions as input and the tariff code prefixes for the respective
descriptions as output labels; and

for cach respective prefix of the tandf code prefixes, constructing a respective
expert trec mapping from the set of suffix mappings for the respective prefix, wherein
traversal of the expert tree in accordance with the properties related to the chemical
component descriptions leads to a particular tanff code suffix specified in the set of
suffix mappings, and wherein a hyvbrid machine leaming classifier uses the random

forest and the expert trees to predict the tariff codes.

14, A computer-implemented method comprising:

obtaining, by a computing device and from a memory, a set of tariff code mappings
between chemical component descriptions and tanff codes, wherein the tariff codes comprise
tantff code prefixes and tanff code suffixes;

for each respective description of the chemical component descriptions, generating, by
the computing device, a feature vector for the respective description from: (i) a proportion of a
dominant chemical component, and (1) similarity scores between the respective description
and sets of words respectively associated with the tariff codes;

training, by the computing device, a random forest of decision tree classifiers with the
feature vectors for the respective descriptions as input and the tariff code prefixes for the
respective descriptions as output labels; and

for each respective prefix of the tariff code prefixes, constructing, by the computing

device, a respective expert tree mapping from the respective descriptions to the tariff code
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suffixes of the respective prefix, wherein a hyvbrid machine learning classifier uses the random

forest and the expert trees to predict the tariff codes.

15, A system comprising:

a memory containing: (i} a hybrid machine learning classifier, wherein the hybnd
machine fearning classifier uses a random forest of decision tree classifiers to predict a tariff
code prefix from an input feature vector, wherein the hybrid machine learning classificr uses a
plurality of expert trees, one for cach of the tartff code prefixes, to predict a tariff code suffix
from propertics related to chemical components associated with the respective taniff code
prefix, and (i1} a plurality of component files, one for each of the tanff code prefixes, that
contain names of chemical components associated with the respective tariff code prefix; and

a computing device configured to:

obtain a new set of chemical components;

determine, from the new set of chemical components, a dominant chemical
component;

determing a proportion of the dominant chemical component in comparison to
other chemical components in the new set of chemical components;

for each respective file of the plurality of component files, calculate sinularity
scores for the new set of chemical components by determining cdit distances between
words used to describe the new set of chemical components and words i the respective
file;

generate a feature vector for the new set of chemical components from the
proportion of the dominant chemical component and the similarity scores;

obtain a predicted tariff code prefix by applying the random forest of decision
tree classifiers to the feature vector;

select, from the plurality of expert trees, a particular expert tree associated with
the predicted tariff code prefix;

obtain a predicted tanff code suffix by traversing the particular expert tree in
accordance with the properties related to the new set of chemical components; and

generate a tariff code for the new set of chemical components by concatenating

the predicted tariff code prefix and the predicted tariff code suffix.

16.  The system of claim 15, wherein the memory is disposed within a database

device that is physically separate from the computing device.
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17.  The system of claim 15, wherein the taniff code is n digits long, the tanff code

prefixes are j digits long, and the tariff code suffixes are n-j digits long, wherein j is less than
n.

18, The system of claim 17, wherein nis 10 and jis 4.

19, The system of claim 15, wheren the tariff code prefixes are defined by a single
chapter of 2 Harmonized Tariff Schedule Code.

20, The system of claim 15, wherein caleulating the similarity scores for the new

set of chemical componenis comprises:
determining words related to the new set of chemical components; and

removing, from the determined words, punctuation and stopwords.

21.  The system of claim 20, wherein calculating the similarity scores for the new
set of chemical components further comprises:

expanding any acronyms in the determined words.

22, 'The system of claim 15, wherein at least one of the words in the plurality of
component files is represented as a regular expression.

23, The system of claim |5, whercin determining the edit distances comprises
calculating normalized Levenshtein distances between the words used to describe the new sct
of chemical components and names mn the respective file.

24, 'The system of claim 15, wherein the similarity scores are calculated basedon a
sum of the edit distances.

25. A computer-implemented method comprising:

obtaining, by a computing device, a new set of chemical components, wherein the
computing device has access to: (1) a hybrid machine leaming classifier, wherein the hybrid
machine leamning classifier uses a random forest of decision tree classifiers to predict a tariff

code prefix from an input feature vector, wherein the hybrid machine learning classifier uses a
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plurality of expert trees, one for cach of the tariff code prefixes, to predict a tariff code suffix
from properties related to chemical components associated with the respective tariff code
prefix, and (11} a plurality of component files, one for each of the tanff code prefixes, that
contain names of chemical components associated with the respective tanitf code prefix;

determining, by the computing device and from the new set of chemical components, a
dominant chemical component;

determining, by the computing device, a proportion of the dommnant chemical
component in comparison to other chemical components in the new set of chemical
components;

for cach respective file of the plurality of component files, calculating, by the
computing device, similarity scores for the new set of chemical components by determining
edit distances between words used to describe the new set of chemical components and words
in the respective file;

generating, by the computing device, a feature vector for the new set of chemical
components from the proportion of the dominant chemical component and the similarity
scores;

obtaining, by the computing device, a predicted taniff code prefix by applying the
random forest of decision tree classifiers to the feature vector;

sclecting, by the computing device and from the plurality of expert trees, a particular
expert tree associated with the predicted tariff code prefix;

obtaining, by the computing device, a predicted tanff code suffix by traversing the
particular expert tree in accordance with the properties related to the new sct of chemical
components; and

generating, by the computing device, a tariff code for the new set of chemical
components by concatenating the predicted tanff code prefix and the predicted tanff code

suffix,

26, An article of manufacture including a non-transitory computer-readable
medium, having stored thercon program instructions that, upon execution by a computing
device, cause the compoting device to perform operations comprising:

obtaining a new set of chemical components, wherein the computing device has aceess
to: (i) a hybrid machine learning classifier, wherein the hybrid machine learming classifier uses
a random forest of decision tree classifiers to predict a tanff code prefix from an wput feature

vector, wherein the hybrid machine learning classifier uses a plurality of expert trees, one for
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cach of the tanff code prefixes, to predict a tariff code suffix from properties related to chemieal
components assoctated with the respective tanff code prefix, and (i) a plurality of component
files, one for each of the tartff code prefixes, that contain names of chemical components
associated with the respective tanff code prefix;

determining, from the new set of chemical components, a dominant chemical
component;

determining a proportion of the dominant chemical component in comparison to other
chemical components in the new set of chemiecal components;

for cach respective file of the plurality of component files, calculating similarity scores
for the new sct of chemical components by determining edit distances between words used to
describe the new set of chemical components and words in the respective file;

generating a feature vector for the new set of chemical components from the proportion
of the dominant chemical component and the similasity scores;

obtaining a predicted tariff code prefix by applying the random forest of decision tree
classifiers to the feature vector;

selecting, from the plurality of expert trees, a particular expert tree associated with the
predicted tariff code prefix;

obtaining a predicted tanff code suffix by traversing the particular expert tree in
accordance with the properties related to the new set of chemical components; and

generating a tariff code for the new set of chemical components by concatenating the

predicted tariff code prefix and the predicted tanift code suffix.

27, A computing device comprising:
a Processor;

memory; and
program instructions, stored in the memory, that upon execution by the processor cause
the computing device to perform operations comprising:

obtaining a new set of chenucal components, wherein the computing device has
access to: (1} a hybnd machine learning classifier, wherein the hvbrid machine leaming
classifier uases a random forest of decision tree classifiers to predict a tariff code prefix
from an mput feature vector, wherein the hybrid machine leaming classifier uses a
plarality of expert trees, one for cach of the tariff code prefixes, to predict a tariff code
suffix from properties related to chemncal components associated with the respective

taniff code prefix, and (i1} a plurality of component files, one for each of the tariff code
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prefizes, that contain names of chemical components associated with the respective
tanff code prefix;

determuning, from the new set of chemical components, a dominant chemical
component;

determining a proportion of the dominant chemical component in comparison
to other chemical components in the new set of chemical components;

for each respective file of the plurality of component files, calculating stilarity
scores for the new set of chemical components by determining edit distances between
words used to describe the new set of chemical components and words in the respective
file;

generating a feature vector for the new set of chemical compounents from the
proportion of the dominant chemical component and the similarity scores;

obtaining a predicted tariff code prefix by applying the random forest of
decision tree classifiers to the feature vector;

selecting, from the plurality of expert trees, a particular expert tree associated
with the predicted tariff code prefix;

obtaining a predicted tanff code suffix by traversing the particular expert troe
m accordance with the properties related to the new set of chemical components; and

generating a tantff code for the smew sct of chemical components by

concatenating the predicted tariff code prefix and the predicted tariff code suffix.

28 A computer-implemented method comprising:

obtaining, by a computing device, a new set of chemical components, wherein the
computing device has access to a hybrd machine leaming classifier, whercin the hybrid
machine leaming classifier uses a random forest of decision tree classifiers to predict a tanff
code prefix from an input feature vector, wherein the hybrid machine learning classifier uses a
plurality of expert trees, one for each of the tanff code prefixes, to predict a tariff code suffix
from propertics related to chemical components associated with the respective tariff code
prefix;

determining, by the computing device and from the new set of chemical components, a
proportion of a dominant chemical component in comparison to other chemical components in

the new set of chemical components;
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calculating, by the computing device, similarity scores for the new set of chemical
components by determining edit distances between words used to describe the new set of
chemical components and words associated with the tanft code prefixes:

generating, by the computing device, a feature vector for the new set of chemical
components from the proportion of the dominant chemical component and the similarity
scores; and

obtaining, by the computing device, a predicted tarff code, wherein a predicted tanff
code prefix of the predicted tariff code is determined by applving the random forest of decision
trec classifiers to the feature vector, wherein a predicted tanff code suffix of the predicted taniff
code s determined by traversing a particular expert tree in accordance with the propertics
related to the new set of chemical components, and wherein the particular expert tree 1s

associated with the predicted tariff code prefix.

29. A system for traming a hybrid machine leaming classifier, the system
COMPrsng:

a memory containing: (1) a set of code mappings between item descriptions and codes,
wherein the codes comprse code prefixes and code suffixes, and (i) for cach of the code
prefixes, a respective set of suffix mappings between properties related to the item descriptions
and the code saffixes; and

a computing device configured to:

obtain, from the memory, the set of code mappings and the respective sets of
suffix mappings;

for ecach respective prefix of the code prefixes, generate, from the set of code
mappings, a component file that contains names of components in the #tem descriptions
that map to the respective prefix;

for each respective description of the item descriptions: (i} for each respective
file of the component files, calculate similarity scores for the respective description by
determining edit distances between words in the respective description and words in
the respective file, and (11) generate a feature vector for the respective description from
the similarity scores;

train a random forest of decision tree classifiers with the feature vectors for the
respective descriptions as input and the code prefixes for the respective descriptions as

output labels; and
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for each respective prefix of the code prefixes, construct a respective expert tree
mapping from the set of suffix mappings for the respective prefix, wherein traversal of
the expert tree in accordance with the properties related to the item descriptions leads
to a particular code suffix specified in the set of suffix mappings, and wherein the hyvbrid
machine learning classifier uses the random forest and the expert trees to predict the

codes.

30. A system comprising:

a memory contaming: (i} a hybrid machine leamning classifier, wherein the bybrid
machine leaming classifier uses a random forest of decision tree classifiers to predict a code
prefix from an mput feature vector, wherein the hybnid machine learning classifier uses a
plurality of expert trees, one for each of the code prefixes, to predict a code suffix from
properties related to components associated with the respective code prefix, and (it} a phurality
of component files, one for cach of the code prefixes, that contain names of components
associated with the respective code prefix; and

a computing device configured to:

for cach respective file of the plurality of component files, calculate sinilarity
scores for a new set of components by determining edit distances between words used
to describe the new set of components and words in the respective file,

generate a feature vector for the new set of components from the similarity
SCOTES;

obtain a predicted code prefix by applying the random forest of decision tree
classifiers to the feature vector,

select, from the plurality of expert trees, a particular expert tree associated with
the predicted code prefix;

obtain a predicted code suffix by traversing the particular expert tree i
accordance with properties related to the new set of components; and

generate a code for the new set of components by concatenating the predicted

code prefix and the predicted code suffix.



