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OUR GOAL

Automate the Identification
and Summarisation of
Sections in PDF Documents
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Problem Statement: Background

o2

Pre-rule
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Client: Regulations.gov
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regulalions.gov
Your Voice in Federal Decision-Making Q Search Q?—TE - ~ ;’;i

Are you new to the site?

Click the links below to get started.
> How do | find a rule?
> How do | submit a comment?

Let Your Voice Be Heard

Regulations.gov is your source for U.S. government regulations
and related documents. Here you can find, read and comment on
Share your and make your voice count .

> How do | find my comment?
> Do my comments make a

difference?
SEARCH for: Rules, Comments, Adjudications or Supporting Documents: —

Search Regulations.gov Re-launch

= Advanced Search
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Problem Statement: Business Impact

Prior to Automation Post Automation
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Problem Statement: Our Solution

A. Definition of A *Closely Held" Fo

1. None of the shares are publicly owned or off

summarize comments -
e F O Q@O O o s

g ny's

Letters to
Fed. Gov.
o summarize comments
—— obby .
—— for section 2
119
PDFs summarizing comments

for section 3
summarizing comments

for section 4
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Filename SectionID

Summary

CMS_2014_0115_0059.pdf

CMS_2014_0115_0059.pdf

CMS_2014_0115_0059.pdf

CMS_2014_0115_0059.pdf

CMS_2014_0115_0059.pdf

1.0

20

3.0

5.0

[students of religious institutions, To Whom It May Concern:, On behalf of Nationwide Life Insurance
Company (“Nationwide”) and its affiliated companies, we, appreciate the opportunity to provide ...

[significant administrative burden upon all parties., The Department’s basic premise that “issuers
generally would find that providing such contraceptive, coverage is cost neutral” is in error (Fe...

[automatically enrolled in a contraceptive-only health plan., Students who choose to attend a
religious institution of higher learning do so for a reason, and most, of the time, these students str...

[partaking in providing contraceptive coverage to its students if the same SHIP it contracts, with for
general student health must also provide contraceptive coverage via individual, policies., In...

[contrary to basic contract law., An issued health insurance policy is a contract between an
insurance company and the insured., Contracts are binding and enforceable only when one party
extends a...
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Two other attempts

PDF Ingestion: PDF to ?

€. .
f the student health insurance plan (\xe2\x80\x9cSHIP\xe2\x80\x9d) market and insures over 130,000 undergraduate, graduate, a

<html> nd international students at 183 colleges and universities throughout the U.S. We do not offer any other group or individua

1 major medical health policies in any market. [The Departments asked for input regarding the proposed requirement for SH:

» <head>.</head>
v<body>

Nationwide’
On Your Side

cocr 10 o0
span#f2 | 209.7x13
WIS 101 WGQIGare & Medicaid Services
Department of Health and Human Services
Attention: CMS-9968-P

PO. Box 8013

Battimore, MD 21244-1850

Re: Nationwide Lif Insurance Company's comments on separats conraceptive-only poliies for
students ofreligious insttutions

ToWhom It May Concem:

On behalf of Nationwide Life Insurance Company (‘Nationwide") and its affiated companies, we
appreciate the opportunity to provide comments in response to CMS-3940-Pin which the Internal
Revenue Sevice (‘1RS'), Employee Benefits Securty Administration (‘EBSA'), and the
Department of Health and Human Services (HHS') soliited comments on fs proposed rule
concerning the coverage of certain preventive services under the Patient Protection and Affordable
Care Act (*ACA'). Nationwide curently has the fourthlargest share ofthe studen health

ingurance plan (‘SHIP") market and insures over 130,000 undergraduate, gracuate, and internationel
students at 183 colleges and universites throughout the U.S. We do notoffe any other group or
individual major medical health poliies in any market.

<ing 1d="background" style="position:absolute; left:0px; top:@px;"

width="612" height="792" src="pagel.png"> == §0

»<div class="txt" style="position:absolute; left:72px; top:154px;">u</div
»<div class="txt" style="position:absolute; left:72px; top:181px;">.</div
vediv class="txt" style="position:absolute; left:72px; top:194px;">

<span 1d="f2" style="font-size:11px;vertical-align:baseline;color:
rba(0,0,0,1);">Department of Health and Hunan Services</span>

</div>

»<div class="txt" style="position:absolute; left:72px; top:208px;">u</div
»<div class="txt" style="position:absolute; left:72px; top:221px; i
»<div class="txt" style="position:absolute; left:72px; top:235px;
»<div class="txt" style="position:absolute; left:72px; top:262px;
»<div class="txt" style="position:absolute; left:72px; top:275px;">ue/di
»<div class="txt" style="position:absolute; left:72px; top:302px;
»<div class="txt" style="position:absolute; left:72px; top:329px;
»<div class="txt" style="position:absolute; left:72px; top:343px;
»<div class="txt" style="position:absolute; left:72px; top:356px;
»<div class="txt" style="position:absolute; left:72px; top:370px;
»<div class="txt" style="position:absolute; left:72px; top:383px;
»<div class="txt" style="position:absolute; left:72px; top:397px;'">uc/di
»<div class="txt" style="position:absolute; left:72px; top:410px;
»<div class="txt" style="position:absolute; left:72px; top:424px;
»<div class="txt" style="position:absolute; left:72px; top:437px;
»<div class="txt" style="position:absolute; left:72px; top:46dpx;">u</div

S/l

Information extracted from HTMLs led us to build
extra features used in our models.
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lacing additional burdens on religious institutions, SHIP issuers, or the students themselves. Please consider the followil

I. Providing contraceptive coverage in the student market is not cost neutral and impose
s a significant administrative burden upon all parties. II. Students enrolled in a religious institution of higher education
may not wish to be automatically enrolled in a contraceptive-only health plan. III. It is impossible to completely insulate
religious institutions of higher education from partaking in providing contraceptive coverage to its students if the same \x@
c', ' SHIP it contracts with for general student health must also provide contraceptive coverage via individual policies.

IV. Requiring SHIP issuers to provide free contraceptive coverage via individual policies is contrary to basic contract law.
V. Request for clarity: The proposed rule seems to distinguish between the full range of FDA approved contraception and certa
in contraception services. Is there more clarity which can be drawn by the Departments or the eligible entity? VI. Proposed s
olution: Utilize the Exchanges to provide free contraceptive coverage to students attending religious institutions. VII. P

PDFs to Text
Issue: White spaces only between the paragraphs

coverage and accessing needed care.

ence="poss
1": Scope of the Accommodation In the p
Departments lay out a framework for how to det
entities are eligible for an expanded accommod

first defines a “qualifying closely held for-p
In the proposed rules, the Departments la requires that the entity’s religious objection

entities are eligible for an expanded accoj be established by specific corporate action in
applicable state laws on corporate governance.

closely held for-profit entity” and then rei class="Doc0:TextChunk" id="14" page="2" column

: : Institute urges the Departments to tailor thes
coverage be established by spemﬁc corpe requirements as narrowly as possible to match

Scope of the Accommodation

PDFs to XML
Issue: A section title appears within
a paragraph 8



December 5, 2017 national partnership

Centers for Medicare & Medicaid Services for women & families

Department of Health and Human Services
P.0. Box 8016 \ /

Baltimore, MD 21244-8016
Atention: CMS-9940-IFC :
Jacobs Institute

of Women’s Health

THE GEORGE WASHINGTON UNIVERSITY

Submitted electronically at www.regulations.gov

Subject: Interim Final Rule on Religious
E

ptions and A ions for Coverage of Union of
Certain Preventive Services Under the Affordable Concerned Scientists
Care Act [CMS-9940-IFC] Science fora Healthy Planct and Safer World

The National Partnership for Women & Families, Jacobs Institute of Women's Health, and
Union of Concerned Scientists submit the following comments in response to the Interim Final
Rules (“the Rules™) titled “Moral Exemptions and Accommodations for Coverage of Certain
Preventive Services Under the Affordable Care Act™' and “Religious Exemptions and
Accommodations for Coverage of Certain Preventive Services Under the Affordable Care Act,™
published in the Federal Register on October 13, 2017, by the Department of the Treasury, the
Department of Labor, and the Department of Health and Human Services (“the Departments™).

Our organizations work to ensure that U.S. policy decision-making is fully informed by scientific
evidence and the best available data, and that the public has reliable access to independent
scientific information and analysis produced and acquired by the federal government. The role of
scientific evidence in public health decision-making is imperative, and we oppose any efforts to
diminish the role of science in federal policymaking.

Unfortunately, the Rules are a prime example of regulatory decision-making that ignores
scientific evidence and the best available data. The Departments’ summary of the evidence is
arbitrary and cherry-picked. The Departments understate the efficacy and health benefits of
contraceptives and overstate the health risks of contraceptives by selectively interpreting data,
overlooking well-established evidence, and promoting unfounded doubt. Further, both Rules
falsely assert certain types of FDA-approved contraceptive methods to abortifacients.

The Rules thus cause dual harm by undermining women’s access to essential preventive health
care and undermining the integrity of science in governance. Public health policy should be
informed by the best available scientific evidence. Instead, the Departments use false claims
about contraception that are contrary to medical and public health evidence, misstate or ignore
research, and undermine the agencies’ role as a source of accurate health information.

The Departments serve a critical role in and ing important i ion and data
on issues that are vital to the public. In making policy, it is essential that the Departments
enhance their credibility on issues of science and evidence, not undermine it. Thus, the
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PDF Ingestion: Can you tell which one is an ori
PDF?

December.5, 2017 national partnership
Centers for Medicare & Medicaid Services for women & families
Department of Health and Human Services

P.O. Box 8016 \ /

Baltimore, MD 21244-8016
Attention: CMS-9940-IFC 2
Jacobs Institute

of Women’s Health

THE GEORGE WASHINGTON UNIVERSITY

at www. ions.gov

Subject: Interim Final Rule on Religious

Exemptions and Accommodations for Coverage of Union of . .
Certain Preventive Services Under the Affordable [Concerned Scientists
Care Act [CMS-9940-IFC] Science for a Healthy Planct and Safer World

The National Partnership for Women & Families, Jacobs Institute of Women’s Health, and
Union of Concerned Scientists submit the following comments in response to the Interim Final
Rules (“the Rules”) titled “Moral Exemptions and Accommodations for Coverage of Certain
Preventive Services Under the Affordable Care Act”' and “Religious Exemptions and
Accommodations for Coverage of Certain Preventive Services Under the Affordable Care Act,"z
published in the Federal Register on October 13, 2017, by the Department of the Treasury, the
Department of Labor, and the Department of Health and Human Services (“the Departments”).

Our organizations work to ensure that U.S. policy decision-making is fully informed by scientific
evidence and the best available data, and that the public has reliable access to independent
scientific information and analysis produced and acquired by the federal government. The role of
scientific evidence in public health decision-making is imperative, and we oppose any efforts to
diminish the role of science in federal policymaking.

Unfortunately, the Rules are a prime example of regulatory decision-making that ignores
scientific evidence and the best available data. The Departments’ summary of the evidence is
arbitrary and cherry-picked. The Departments understate the efficacy and health benefits of
contraceptives and overstate the health risks of ives by i interpreting data,

{ I ished evidence, and i doubt. Further, both Rules
falsely assert certain types of FDA-app! cor ptive methods to ifaci

The Rules thus cause dual harm by undermining women'’s access to essential preventive health
care and undermining the integrity of science in governance. Public health policy should be
informed by the best available scientific evidence. Instead, the Departments use false claims
about contraception that are contrary to medical and public health evidence, misstate or ignore
research, and undermine the agencies’ role as a source of accurate health information.

The Departments serve a critical role in collecting and managing important information and data
on issues that are vital to the public. In making policy, it is essential that the Departments
enhance their credibility on issues of science and evidence, not undermine it. Thus, the
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Data Preparation: Feature Engineering

4
'1.Top : a distance from the top outer edge in pixel Www'amencanp'Og"e_ss'org
! P *_3.Font_size, 7.Color, 8. ID

ﬁ 1'.LS : aline space in pixel between two consecutive lines

B _
“— 9'.Roman_Period hY
QZWLAQpr : 1if a line begins with a Roman number \
: a distance followed by a period(.), 0 otherwise. )
from the left |
ey 9'.Ends_in_Period
n pixe : 1 if a line ends with a period(.), 0 otherwise.
i/
9.Text f 4”9'.First_Th ree_Words
:text of | 4. Font_Family
each Iine\‘ | l 5. Font_Weight 1: bold, 0:normal
\ 6. Font_Style 1:italic, 0O:normal

HTML-based features (“raw”) in blue. Engineered features from the raw in red.
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Data Preparation: Fe

ature Engineering

atego ea a Descriptio
Binary Leading_Char_Upper Aline start with a uppercase character
Leading_Numeral A line start with Arabic or Roman numeral
Ends_in_Period A line ends with a period
Leading_Number_Period Aline starts with any numeral combination followed by period
Leading_Char_Period A line start with any uppercase or lowercase character followed by period
Leading_Roman_Numeral A line start with any Roman numeral
Roman_Period A line start with Roman numeral followed by period
Numerical Num_Word Number of words in the text line
Num_of Spec_Char Number of special characters in the text line
LS A line space between previous and current lines.
Punctuation_Count Number of punctuations in the text line
Title_Word_Count Number of title word counts in the text line
Upper_Case_Word_Count Number of uppercase word counts in the text line
Ratio_of Title_Word_To_Total Ratio of the number of title words to all words in the line
Categorical Document File Name
Textural Last_Word Last word of the text line
First_Three_Words First three words of the text line
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Data Preparation: HTML to Data frame

o mmxmmmumnwe; Room 445G
200 Indepandence Averue. SW
Washngon. 5C 20201

Dearid
Atonton CMS.9040-5

— roposed Rusemaking for Coverage of Cartain

(rerd Provenis Semicos Undat s Aot e Rk

Aecome

bypet Dear Admisator Tavenner:

Bra The Natonsi Heatn Law Program (NHeL) s pisased io offer

Pranned

oo

i

Onent

The g

proges

maniing § 1713 o1 Ptk s S Ak
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Iy
1.Top : a distance from the top outer edge inpixel "

3.Font_size, 7.Color, 8. 1D

41°LS :alinespace in pixl between two consecutive ines
o] ke
x

9".Roman_Period
21 1 falne begins with a Roman number
a distance folowed by a period(), 0 othervise.
rom theeft
8.Ends_in_ Period
n pixel :11ifa line ends with a period(.), 0 otherwise.
9.Text irst_Three_Words
textot 4. Font_Family

5. Font_ Weight 1 bold, G:normal
6. Font Style  1: talic, ;ormal

Features

LS w;?:l:; ratio_of_title_word_to_total first_3_words Leading_Char_Period Num_Words |l Class
17.0 0.0 0.000000 belief in publicly 0.0 15.0 0.0
28.0 0.0 0.833333 Re Patient Protection 0.0 12.0 1.0
14.0 0.0 0.090909 assistance in languages 0.0 11.0 0.0
14.0 0.0 0.600000 CVS Health Head 0.0 5.0 0.0
13.0 0.0 0.000000 concerning that the 0.0 18.0 0.0
12.0 0.0 0.071429 cheaper than the 0.0 14.0 0.0
13.0 0.0 0.625000 Supreme Court ruling 0.0 16.0 0.0
13.0 0.0 0.000000 conira cisz\‘l’:;:‘; 0.0 50§ 00
13.0 1.0 0.000000 more clarity regarding 0.0 10.0 0.0
21.0 0.0 0.066667 Finally in the 0.0 15.0 0.0

Data frame




Data Preparation: Getting Modelling-ready

e Treating Missing Data
e OneHotEncoding Categorical Data
e Scaling Continuous Features

e Transforming Text Data: Last Word and First 3 Words

o One Hot Encoded Representation: CountVectorizer and TfidfVectorizer
o n_grams: (e.g. “not happy”, “deeply sad”)

€ 2 <«

o stop_words (e.g. “a”, “in”
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Modelling: Test-Train splits and Pipelines

7744 lines coming from 19 documents <

Scikit-learn pipeline prevents leakage by

chaining transformations
cross-validation

Cross validation

with

SVC fit

SVC predict

scaler fit
1

training folds
Data Science Institute
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validation fold

70% Train

30% Test

‘ E kit

test set



Modelling: Class Imbalance and Evaluation Metrics

Section Heading class histogram

« False Negative: Section titles
incorrectly identified as a
in-text line

8
3

]
=]
e

Frequency

e False Positive: in-text line
incorrectly identified as a
section header

2000 1

1000

* In our scenario, we cared
class slightly more about False
Negatives.

10

2.08% of the lines are section titles
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Modelling: Algorithms

Classification Algorithms:

1. Baseline Model: Logistic Regression
2. Random Forest Classifier

3. XGBoost Classifier

Outlier Detection Algorithms:

1. Isolation Forest: Picks outliers by
randomly selecting features

2. Elliptic Envelope: Assume Gaussian

Covariance to isolate outliers

Parameter Tuning and Cross-validation

e Grid-search over parameters

e Using a 5-fold cross-validation: Stratified Shuffle Split

e Embedded in a scikit-learn Pipeline

Data Science Institute
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Modelling: Best Results on an Independent Test Set

Random Forest

Max Depth: 50
Number of Trees: 100

b

Oversampling
Minority Class

b

Empirical Rule
Any line that begins
with “RE:” is labelled
as a section title

Data Science Institute
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Confusion Matrix

True Negatives: 2,273

False Positives: 10

False Negatives: 4

True Positives: 36

Results Table
Threshold | Precision | Recall F1 ROC | Accuracy
Score | AUC
0.31 0.78 0.90 0.84 0.95 0.99

v kB!



Modelling: Important Features

.. f3

comments
Leading_Number Period
contlusion
Ends_In_Period

top

punctuation count
Roman _Period

“notice

font-size

upper_case_word_count
= leﬁ

Leadmg Cha 'VJ) -
ords

Leading_! Char'Penod

title word count

ratio_of title_word t5 total
font-wight

LS

Feature

0.00
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L

0.02

0.04 0.06
Feature importance



Module 2
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Original Document

Background and Methodology | Data Prep

& Input Data
Module 1
® Module 2 Objective: take the intermediate output Module 1
generated by Module 1 and produce good quality text i Output
summarization Module 2
ETL
® We consider 5 different text summarization Module 2
. . Input
techniques that range from simple frequency based
to semantic based analysis Text Summarization
Methods
® We consider two metrics (Levenshtein distance, _
Jaccard distance) to compare the output generated Summarized
by these 5 methods Text Output
® Experimental evaluation and comparison of Levenshtein Comparison
o Jaccard Framework
summarization output
® Lessons learned from summarization exploration \
Summarization

. . w/Comparison Score
Data Science Institute 20 m
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How Text Summarization Works?

Broadly two categories of Text Summarization: Extractive and Abstractive

Extractive Summarization: Sentences are ranked based Abstractive Summarization: This method produces
on important part of the sentences. Summarization method summarization that is more human like where important
chooses top ranked sentences. concepts are produced.

Different algorithm and techniques are used to define This method selects words based on semantic

weights for the sentences and further rank them based on understanding and tries to summarize based on
importance and similarity among each other. important concepts. Most methods interpret and examine

the text using advanced natural language techniques in
order to generate a new shorter text that conveys the
most critical information.

Input document — understand context — semantics —

Input document — sentences similarity — weight sentences — create own summary.

select sentences with higher rank.

Extractive Summarization returns top-N sentences as summarized output whereas Abstractive Summarization produces a key
set of concepts as summarization based on semantic analysis. The latter is often hard and more complex but more
human-like.

Data Science Institute o1 m
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Data Preparation for Summarization Step

Data Preparation (Module 2 ETL)

* Original document is processed by Module 1 to generate a set of meta tags
* Module 2 ETL utilizes Module 1 Output to generate input data with appropriate features for Text Summarization Methods

Module 1 Output schema

1. document: name of the document

2. page : page number where each text belongs to
3. text: the text from each line is store in this column
4

. Class: the classification of each line text line

Module 2 Input Schema

1. document : document name
2. seclDin: the section id of a particular text

3. text: the text for each section

Data Science Institute
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document page text Class
CMS_2014_0115_0059.pdf 1 2014-10-10 00:00:00 0.0
CMS_2014_0115_0059.pdf 1 Centers for Medicare & Medicaid Services 0.0
CMS_2014_0115_0059.pdf 1 Department of Health and Human Services 0.0
CMS_2014_0115_0059.pdf 1 Attention: CMS-9968-P 0.0
CMS_2014_0115_0059.pdf 1 P.O. Box 8013 0.0
Module 2 Data ETL
document seclIDin text
CMS_2014_0115_0059.pdf 10 [students of religious inslitutions.‘To Whom It May Concern:, On behalf of Nationwide Life Insurance

Company (“Nationwide”) and its affiliated companies, we, appreciate the opportunity to provide ...

[significant administrative burden upon all parties., The Department’s basic premise that “issuers
CMS_2014_0115_0059.pdf 20 generally would find that providing such contraceptive, coverage is cost neutral” is in error (Fe...

[automatically enrolled in a contraceptive-only health plan., Students who choose to attend a
(ol R e R 2l religious institution of higher learning do so for a reason, and most, of the time, these students str...

[partaking in providing contraceptive coverage to its students if the same SHIP it contracts, with for
GMS. 2014 01150059, pof 49 general student health must also provide contraceptive coverage via individual, policies., In...

[contrary to basic contract law., An issued health insurance policy is a contract between an
CMS_2014_0115_0059.pdf 5.0 insurance company and the insured., Contracts are binding and enforceable only when one party

extends a.

- KHB



Summarization Models

Luhn Model

Core Idea Each sentence is
assigned a score based
on frequency of
occurrence and distance
among significant words;
next is to extract top-N
sentences with top
scores.

Category Extractive
Frequency

based

ranking \/

Graph based
ranking

ML
Unsupervised

Semantic

Data Science Institute
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Lex Rank Model

Sentences are assigned a
score based on TF-IDF and
creating a graph with edges
between similar sentences;
PageRank based approach is
used to compute rank of each
sentence; top-N ranked
sentences are extracted.

Extractive

Tex Rank Model

Similar to LexRank; While
LexRank uses cosine
similarity of TF-IDF
vectors, TextRank uses a
measure based on the
number of words two
sentences have in
common.

Extractive

LSA Model

LSA projects data into a
lower dimensional space
using SVD; singular vectors
can capture and represent
word combination patterns;
magnitude of singular value
indicates importance of the
pattern in a document.

Close to abtractive

NLTK

Simple text
based approach
summarization
using basic NLP
techniques such
as word
tokenization.

Extractive

v



Comparing Summarization Quality with Similarity Metrics ... cont

How do we know whether summarization is good quality?

» Our hypothesis: If summarization output produced by these methods are “very similar” to
each other, this consensus is an indicator that summarization quality may be good.
Conversely, if the output are “highly dissimilar’, the summarization quality is at least is non
conclusive.

« We want to experimentally validate if “maximal consensus” is a good policy of picking
good summarization.

« Automated hypothesis testing: We choose two metrics to measure similarity between two
strings
o Levenshtein distance: measures similarity at character level
o Jaccard distance: measures dissimilarity at word level

Data Science Institute 24 m
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Comparing Summarization Quality with Similarity Metrics

Levenshtein distance: similarity between two strings Jaccard distance: dissimilarity between two strings
Mathematically, the Levenshtein distance between two M; represents the total number of attributes where A and B both
strings a,b (of lengthlaland|b| respectively) is given by have a value of 1.
teros{la}, Bl My, represents the total number of attributes where the attribute of
max(i, j) if min(4, j) =0, Ais 0 and the attribute of Biis 1.
. levep(i—1,7) +1
levay (i, ) = min  lev,s(i. i —1)+1 o ———— M represents the total number of attributes where the attribute of
a,b( 1 J )
levap(i — 1,5 — 1) + 1o m,) A is 1 and the attribute of Bis 0.

My, represents the total number of attributes where A and B both

where 1., is the indicator function equal to 0 whena; = b;
have a value of 0.

and equal to 1 otherwise, and iev,; (i, j) is the distance
between the first 7 characters of @ and the first j
characters of b

0 1 2
A
M E o An empty string ll/iOl -‘I— Mlo 0 1
<« DELETION OPERATION
° 9(_ 1<__ 2 T INSERTION OPERATION MOl —I_ MlO + Mll 0 MOO M
f 10
! 1? ?4-_ 1 \ DO NOTHING (both letters are equal) B
e Y211 1 | My Mn
\ SUBSTITUTION OPERATION
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Experiments

Similarity

Dissimilarity

Similarity

Dissimilarity

Similarity

Similarity

Dissimilarity

Similarity

Similarity

Dissimilarity

Similarity

Dissimilarity

Similarity

Dissimilarity

Similarity

Dissimilarity

Similarity

Dissimilarity

Similarity

Dissimilarity

Levin score for
Lex_Rankand
LSA

Jaccard score
for Lex_Rank
and LSA

Levin score for
Lex_Rank and
Luhn

Jaccard score
for Lex_Rank
and Luhn

Levin score for
LSA and Luhn

Jaccard score
for LSA and
Luhn

Jaccard score
for LSA and
Luhn

Levin score for
TextRank and
Luhn

Jaccard score
for TextRank
and Luhn

Jaccard score
for TextRank
and Luhn

Levin score for
LSA and
TextRank

Jaccard score
for LSA and
TextRank

Levin score for
TextRank and
Lex_Rank

Jaccard score
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Experiments and Results

Key Results

» L-score is more optimistic compared to J-score

» All methods have lowest similarity J-score with LSA

* Luhn and Text Rank seem to have highest similarity J-score

* LexRank and Text Rank summarization differs significantly
although both use PageRanking/Graph based model!

* Maximal Consensus (highest number of methods with similar
summarization) provided good summarization and validates our
hypothesis

» Associativity of similarity does not hold with summarization!
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Jaccard Score (word level)

LSA Luhn LexRank Text Rank |NLTK
LSA 100% 29% 29% 28% 24%
Luhn 71% 100% 52% 74% 18%
Lex Rank 71% 48% 100% 51% 23%
Text Rank 72% 26% 49% 100% 17%
NLTK 76% 82% 77% 83% 100%
Simmilarity average: 35%
Dissimilarity average: 65%

Leveinshtein Score (character level)

LSA Luhn LexRank Text Rank |NLTK
LSA 100% 47% 47% 48% 50%
Luhn 53% 100% 31% 16% 58%
Lex Rank 53% 69% 100% 31% 53%
Text Rank 52% 84% 69% 100% 58%
NLTK 50% 42% 47% 42% 100%

Dissimilarity average: 43%

Simmilarity average: 57%

7 KPMG




Summarization Output

Input Comparison of Output
document seclDin text NLTK Lex_Rank LSA TextRank Luhn
i : . i P . The commenter stated
['FDA approved contraception as prescribed,Au and ,Aticertain The commenter thatis th thod of
contraception services,Al. Is there', 'more clarity regarding which methods stated that is there', atisthere amethod o

The commenter stated contraception that is both

of contraception must be excluded?', 'The proposed rule references . 'more clarity ) i The commenter stated that is

s oo e s o that a second and distinct . . . |required under section .
methods of contraception in two seemly distinct ways. The first', 'reference regarding which The commenter stated that is o - there a method of contraception
< y < Sy oo s @ reference to 2713 of the', 'public K .
is regarding the coverage requirement for non-eligible entities which is methods of there a method of that is both required under

X = L. . contraceptive methods, i . .
referenced’, 'numerous times as ,AGFood and Drug Administration (FDA) L P ) " |contraception must |contraception that is both
specifically in connection

approved contraception as prescribed by', 'a health care provider,Au. These | be excluded? required under section 2713
references are made both directly and through reference to the', 'Health Wlt_h those rr.1e.thods t? The commented of the', 'public health
Resources and Services (HRSA) guidelines. A second and distinct reference which ﬂ)e eFlglbIe entity, further stated that a |services act (phs) and which . X included in the coverage offered
to contraceptive', 'methods, specifically in connection with those methods may object ls.ereatfzdly second and distinct |would be allowably included eligihle ehtity? by', 'the eligible entity?

to which the eligible entity may object is', 'repeatedly referred as ,Alcertain referred as  Micertaln reference to in the coverage offered by', The commentedifuither The commented further stated

PN . ” i contraceptive » i 4 stated that the eligible o Gt
contraceptive services,Al. Nationwide requests clarity on these', 3 p Y contraceptive', 'the eligible entity? i 8 1 that the eligible entity filing the
services,Al. entity filing the notice

health services act (phs)
and which would be
allowably included in the
coverage offered by', 'the

section 2713 of the', 'public
health services act (phs) and
which would be allowably

CMS_2014_0115_0059.pdf

a

‘references. Is there a method of contraception that is both required under 'methods, The commented further b5 7005 tha brescibad notice ebsa 700, the prescribed
Cri
Section 2713 of the', 'Public Health Services Act (PHS) and which would be specifically in stated that including', 'this % p -y method of notice', 'found in the
< r i N A 5 : E 3 B method of notice', 'found | :
allowably included in the coverage offered by', 'the eligible entity? The e s furth connection with information on the notice Htheintar fert interim rule, to request exclusion
mmen r r n interim ri
eligible entity filing the notice EBSA 700, the prescribed method of notice', © commented TUFNET 4y, se methodsto  |would be a valuable tool in S e from the coverage requirement

stated that fda approved
contraception as
prescribed,Al and

request exclusion from
the coverage requirement
is in the best position', 'to
specifically name the types
of contraceptive services
which would be allowable,
if any.

'found in the interim rule, to request exclusion from the coverage
requirement is in the best position', 'to specifically name the types of
contraceptive services which would be allowable, if any. Including', 'this e " . 'repeatedly referred |both parties.
2 z ’ . . ,Alcertain contraception e 5
information on the notice would be a valuable tool in crafting an acceptable services A as ,Alcertain
. . : vices,AU. g
coverage agreement', 'for both parties.', 'Nationwide also proposes two contraceptive
alternate solutions for students; please see below.'] services,Al.

which the eligible  |crafting an acceptable
entity may object is', |coverage agreement', 'for

is in the best position’, 'to
specifically name the types of
contraceptive services which
would be allowable, if any.

Best Model:
e Maximal consensus on summarization seems to be a good choice
e Luhn and Text Rank have highest similarity score in our analysis
e Jaccard score is a better candidate for text summarization comparison
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LLesson Learned & Future Work

Lessons

e  Check the integrity of your dataset until the last moment

e Make sure to manually inspect where your model is making mistakes

e ML is not a panacea to all ills, so be flexible about other ways of supporting it
e NLTK based summarization are counterintuitive as was shown in metrics table
e Jaccard score is a better metric for comparison

e Maximal consensus based summarization gives better quality results

Future Work

e Evaluate abstractive summarization
e Explore CNN vector representations
e Evaluate models using other metrics such as Rouge, Blue, and Meteor
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Thanks!
Questions?



Main contribution from team members

Gayani Perera Liliana Cruz-Lopez
e PDF Ingestion, Feature engineering, model e Module 1: Converted PDFs to HTMLs, extracted
implementation : Random Forest raw features from HTMLs and contributed to

engineered features
e Extractive text summarization

e Module 2: completed end-to-end text

summarization
Minsu Yeom Pranjal Bajaj
e Preprocessing: Feature engineering (Line e Model concept and development
space(LS), Ratio of title word to total), Converted
PDFs to XMLs _ _ _ _
e Model implementation: Choosing Metrics and
« Model implementation: XGBoost Implementing best practices using scikit-learn
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Appendix



Scikit-learn Pipeline

SV(I: fit | S.VC plredict
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Precision - Recall vs Threshold for Best Model:
Random Forest
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HTML-based features (“raw”

Category Feature Name Description

Numerical Font_Size Size of the font in each line
Left A distance from left outer edge in pixel
Top A distance from top outer edge in pixel

Categorical Font_Family Font style of the text

Font_Weight Line of the text bold or normal

Font_Style Line of the text italic or normal

Color Color of the text

id Class id in HTML containing all the information of font
| Text Text Text of each line
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Table of Best Results

Method Threshold Preision Recall F1-Score Accuracy ROC TN FN TP FP
RF with new 4 features no SMOTE 0.27 0.71 0.88 0.79 0.99 0.93 2269 5 35 14
0.28 0.74 0.88 0.8 0.99 0.93 2271 5 35 12
RF with new 4 features no SMOTE with RF association rule 0.27 0.72 0.9 0.8 0.99 0.95 2269 4 36 14
0.28 0.75 0.9 0.82 0.99 0.95 2271 4 36 12
RF with new 4 features with SMOTE 0.27 0.7 0.88 0.78 0.99 0.93 2268 5 35 15
0.28 0.71 0.88 0.79 0.99 0.93 2269 5 35 14
0.29 0.74 0.88 0.8 0.99 0.93 2271 5 35 12
0.3 0.76 0.88 0.81 0.99 0.94 2272 5 35 11
0.31 0.78 0.88 0.82 0.99 0.94 2273 5 35 10
0.32 0.78 0.88 0.82 0.99 0.94 2273 5 35 10
RF with new 4 features with SMOTE with RF association rule 0.27 0.71 0.9 0.79 0.99 0.95 2268 4 36 15
0.28 0.72 0.9 0.8 0.99 0.95 2269 4 36 14
0.29 0.75 0.9 0.82 0.99 0.95 2271 4 36 12
0.3 0.77 0.9 0.83 0.99 0.95 2272 4 36 11
0.32 0.78 0.9 0.84 0.99 0.95 2273 4 36 10
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