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B
m Introduction

IRS  NAICS Codes comprise a business classification system based on
industry production processes

 The system was developed by OMB through their Economic
Classification Policy Committee (ECPC) in collaboration with Bureau
of Economic Analysis (BEA), Bureau of Labor Statistics (BLS), and
Census Bureau

« The US implemented NAICS Codes in 1997 replacing the older
Standard Industrial Classification (SIC) system

 NAICS Code updates every 5 years (years ending in 2 and 7)

 Inthe US, NAICS Codes are used to estimate Industry Statistics
such as GDP, Gross Output, Employment, and Input-Output
Accounts




B
&” NAICS Codes at IRS

IRS  NAICS Codes are self-reported (since 1985) on tax forms so they are
subject to error

« Forms SS-4 - Application for Employer Identification Number
 Forms Schedule C - Profit or Loss from Business (Sole Proprietorship)

« Forms 1120 - US Corporation Income Tax Return Schedule K — Other
Information

« Forms 1065 - US Return of Partnership Income

 The goal of this project is to develop effective predictive models for
NAICS Codes using IRS administrative data. This project uses two
parallel approaches:

e Supervised models — CART, Random Forests, Boosted Trees
(XGBoost)
* Unsupervised models — recommender algorithms

* [nitial work is focused on Forms 1040 (individual Sch C) and Forms
1120 (corporate)




m NAICS Code structure
IRS

 NAICS Codes have a six digit hierarchal structure. The table below
summarizes the information contained in the code reading the code
from left to right

Economic Sector 1-2
Industry Sub-Sector
Industry Group
NAICS Industry
National Industry

o 01 A W




&” NAICS Code Errors
IRS

 Types of coding errors include:
* Missing or invalid codes entered (“noninformative”)

» While technically valid, code 999999 (“Other”) is usually misapplied
and is functionally the same as a missing code

» Valid code entered but incorrect for entity

« Codes may be partially correct (Economic Sector correct but Industry
subsector incorrect)

e SOl manually validates NAICS Codes on their micro data

 We take SOl validated codes as ground truth for supervised model
development and for unsupervised model testing




EE——————————
m Data

IRS

 The SOI microdata is a stratified probability sample with strata based
on presence or absence of a tax form or schedule, and various income
factors or other measures of economic size

e 10 years of SOl microdata with NAICS Code corrections:
e Forms 1040 Tax Years 2007 — 2016

e Forms 1120 Tax Years 2006 — 2015

 Merged administrative data from IRTF/BRTF tables

 NAICS Codes as filed by the taxpayer (1040 Sch C filers may
have more than one Sch C)

* Business descriptions




&” NAICS error rates -- 1040
IRS

 The rate at which SOI corrects the economic sector (first two digits)
of NAICS codes has been stable over time

SOl Year 2007 | 2008 |2009 (2010 (2011 |2012 | 2013 | 2014 | 2015 | 2016

Correction

Rate 22.0% 21.8% 22.0% 21.4% 21.0% 21.4% 22.0% 225% 20.5% 22.0%

* The type of corrections has evolved, however. Increasingly,
taxpayers have not identified a NAICS code on their returns. The
table below presents the percent of taxpayers in the SOI dataset that
did not identify a valid NAICS code.

SOl Year 2007 | 2008 | 2009 |2010 | 2011 | 2012 (2013 | 2014 | 2015 | 2016

Invalid Rate 95% 51% 47% 4.0% 6.5% 10.4% 11.3% 122% 12.4% 12.5%




m NAICS error rates -- 1120
IRS

 The rate at which SOI corrects the economic sector (first two digits)
of NAICS codes trended upward

SOl Year 2006 | 2007 | 2008 |2009 (2010 |2011 |2012 | 2013 | 2014 | 2015

Correction

Rate 152% 152% 154% 16.1% 16.6% 16.8% 16.8% 18.0% 19.1% 19.7%

 As opposed to 1040, Corporate filers tend to identify a valid NAICS
code. In all year, there were < 2% of invalid taxpayer-reported NAICS
codes.




ATA% Percent Correct by Sample Strata

IRS

Percent of Correct NAICS Codes
by Sampling Strata for Tax Years 2012-2015
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Sampling Strata Categories

Indexed Negative Income

Indexed Positive Income

1. $10,000,000 or more 10. Under $30,000

2. $5,000,000 under $10,000,000 11.  $30,000 under $60,000

3. $2,000,000 under $5,000,000 12.  $60,000 under $120,000

4. $1,000,000 under $2,000,000 13.  $120,000 under $250,000

5. $500,000 under $1,000,000 14.  $250,000 under $500,000

6.  $250,000 under $500,000 15.  $500,000 under $1,000,000

7. $120,000 under $250,000 16.  $1,000,000 under $2,000,000
8. $60,000 under $120,000 17.  $2,000,000 under $5,000,000
9.  Under $60,000 18.  $5,000,000 under $10,000,000
29. Large Business Receipts 19. $10,000,000 or more
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m Modeling Features
IRS

» Textual feature are constructed from business descriptions using a
bag-of-words methodology to compare business descriptions from tax
returns with NAICS Code descriptions from the NAICS Code Manual

» Descriptions were tokenized, converted to lower case, then
punctuation and stop words were removed

 Words were quantified by computing the ratio of word frequency (tf) in
the description to the inverse document frequency (idf).

number of documents )

idf = In(

number of documents containing word

 For each Sch C description, a cosine similarity score was computed
for Sch C description and each NAICS Code description from the
handbook (also including sub-headings)

e Numeric features include line items from tax returns




m Unsupervised Methods
IRS

Predict NAICS economic sectors by calculating the probability that a
return belongs to each NAICS sector using recommender algorithms

e Combine line items from 1040 and Schedule C with Term Frequency
— Inverse Document Frequency (TF-IDF) of taxpayer-reported
business descriptions on Schedule C

* Using only the IRTF, calculate maximum likelihood estimate of mean
and covariance for each NAICS category
 No SOl data is used in calculating model parameters

» For each new return, calculate the NAICS sector probability,
assuming a multivariate Gaussian distribution of underlying line-item
and text features. The NAICS category with the highest numerical
output is the predicted class




m Supervised Methods
IRS

« CART — Classification and Regression Trees
 Can mix different data types

« Easy to interpret and tune model but are prone to accuracy and
stability issues

 Immune to irrelevant variables allowing for variable selection
* Invariant under monotone transformations of variables
« Random Forests — Ensemble method using CART Trees

« Combines independently generated trees from bootstrap samples

 Improves prediction accuracy by reducing overfitting and reducing
model variance

 XGBoost — Ensemble method using CART Trees

« Sequentially improves the fit of previously built trees
* Prone to overfitting




&” CART Results
IRS

« Data was split into training and test sets. We further split the training
data by error type. CART has a single tuning parameter, number of
terminal leaves, which is a measure of tree complexity

 The best model achieved an accuracy rate of 67% on the test data set

» The best model using only returns with noninformative NAICS given
(0, 99, or invalid) achieved an accuracy rate of 58%

» The best model using only returns with valid NAICS found not to be
correct achieved an accuracy rate of 52%

o Text features were by far the strongest predictors




A@m CART Accuracy Results
IRS

Full data, rpart, cp=.000006, tested on 12.5% holdout sample

Predicted by rpart
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		Full data, rpart, cp=.000006, tested on 12.5% holdout sample

				Predicted by rpart
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		Random forest, 500 trees, mtry 8, on a holdout sample of 12.5%

				Predicted
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Sheet1

		While it does not show up very well in the table of absolute numbers due to their being fairly small categories overall, there is significant confusion between manufacturing (31-33) and wholesale/retail (42, 44-45).

		Random forest is less biased towards the largest categories.

		In both cases a prediction of 71 is less reliable than most others.






m Random Forests Results
IRS

« Data was split into training and test sets. We further split the training
data by error type. Random Forests have two tuning parameters,
number of trees, and the number of features randomly sampled for

each tree (mtry)
* For the full data, mtry of 8 produced the best accuracy in cross-validation,
achieving about 72%.
* For the noninformative cases, mtry of 9 produced the best accuracy in
cross-validation, achieving about 62%.

* For cases with valid NAICS found not to be correct, mtry of 11 produced
the best accuracy in cross-validation, achieving about 59%.

« Varying the number of trees (ntrees) produced little variation in
accuracy using 8-fold cross-validation.




ATA% Random Forests Accuracy Results
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Random forest, 500 trees, mtry 8, on a holdout sample of 12.5%
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EENNNN——————
m Next Steps
IRS

e NLP —Word embeddings

o Address population accuracy estimates

 Compare unsupervised methods to supervised methods
o Other...




m Contact Information
IRS

Anne Parker (anne.s.parker@irs.gov)

Christine Oehlert (christine.b.oehlert@irs.gov)
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