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Abstract

Socioeconomic and gender bias are issues that have lasting social implications. We

focus on mitigating socioeconomic bias by introducing an intelligent mathematical

tutoring system, HWHelper. HWHelper is designed to be accessible by students,

so that students who may not otherwise have help at home have access to guided

instruction. To mitigate gender bias, we introduce a framework for the identification

and evaluation of gender bias in political news articles. We find that HWHelper

performs well on the limited dataset We find that our political gender bias detection

system finds clear differences in the language used to describe male versus female

political candidates.
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Chapter 1

Introduction

Bias exists in many forms, from socioeconomic status to race, and can impact the

opportunities available to individuals [1–5]. This is largely due to systemic bias.

Systemic bias is the bias intrinsic to society that supports particular outcomes that

favor the societal majority [6]. It is important to note that systemic bias is not always

overt- it is built into codified laws that many people do not second guess, and this

can lead to oppression of minority groups [7]. These two forms of systemic bias are

particularly harmful because they are everywhere and difficult to detect [6]. Given the

impact of socioeconomic bias and gender bias, it is particularly important to address

these forms of systemic bias.

While education is often seen as a means of escaping poverty, family structure

and systemic bias favoring higher socioeconomic families makes academic success dif-

ficult due to lower parental involvement [8]. Parents from lower income households

are less able to be involved in their child’s education [9, 10] and unable to invest in

early enrichment opportunities [11]. Therefore, students born into lower socioeco-

nomic status homes tend to under-perform academically all the way into middle and

high school [12], particularly in the areas of math and reading [13], contributing to
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lower graduation rates [2]. Lack of a high school diploma can lead to lower employ-

ment rates, lower income earning potential, and higher rates of teen pregnancy and

incarceration [2]. Students who drop out are typically of lower socioeconomic status

than students who do not, and they often face more stigma than their peers when

searching for jobs due to their lack of diploma [2]. This ultimately creates a cyclically

biased system in which a child is born to a family with modest means, their family

cannot afford enrichment or to invest extra time in their educational development,

the child drops out of high school and this impacts their earning ability, and when the

child has children of their own, their child is born into a family with similar modest

means. This perpetuates the cycle of poverty, and embodies systemic bias [14].

Gender bias has an impact on many aspects of daily life, from medical diagnosis

[15] to representations in the media [16]. Like most forms of systemic bias, the results

of gender bias are seemingly innocuous. For example, during the 1996 Olympics, many

news outlets chose to focus on the looks, personal grooming habits, and personal lives

of female Olympic athletes, while reporting on the male training and performance

[16]. [16] argues that the focus on superficial qualities of the female athletes, rather

than their achievements, serves to undermine their hard work. Controlling for the

number of working hours, education, and experience, the ratio of female to male

earnings is 0.90 in the United States [17]. Furthermore, studies conducted since the

90’s have shown that it is harder for female employees to be promoted compared to

their male counterparts [3–5]. Ultimately, all of these seemingly small choices have

made their way into larger areas of life, resulting in the creation of systemic gender

bias that directly affects day to day life for the average woman.

It is a commonly held belief that automation will help remove systemic bias by

removing human judgement from the equation. However, it has been shown that

if these automated systems are not built in a conscientious manner, they can end
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up further perpetuating bias. Automated methods are susceptible to many different

types of bias, many of which are the result of the systemic biases present in society.

State-of-the-art machine learning methods result in neural networks with millions of

parameters [18–20]. Such large networks require computer hardware that is often

expensive and not accessible to families with low incomes. In order to provide equi-

table access to children from these families, and ensure that the bias that exists in

other spheres does not extend to educational platforms, it is necessary to consider

the structure of the machine learning models employed when creating educational

applications. Natural language processing techniques have been found to harbor gen-

der bias [21] and racial bias [22]. These studies found that the word embeddings

for certain genders were more closely related in word vector space to stereotypically

gendered words [21,22]. For example, the word woman is closer in word space to the

word “homemaker" than it is to the word “computer" [21]. This indicates bias in the

word space, though the authors explicitly state that it is impossible to determine if

the bias is due to the way various words were paired in the texts used to create the

embeddings, or if it is an issue with the embedding process [21]. This implies that

work can be done to exploit the inherent bias engendered by word embeddings in

order to detect gender bias in text.

This thesis aims to address systemic bias, specifically with respect to socioeco-

nomic status and gender through the use of automated methods. Thus, this work

presents two major contributions to the field of bias mitigation:

1. Homework Helper (HWHelper)- a novel homework assistant that is capable

of determining mathematical errors in order to provide meaningful feedback to

students without solutions. This allows students from a variety of socioeconomic

and educational backgrounds to easily access and practice their mathematics

skills.
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2. A framework for the identification and evaluation of gender bias in political news

articles. The work here serves to develop a method of detecting gender bias in

political media using deep learning and natural language processing techniques.

Together, these contributions serve to improve our understanding of systemic bias

in the areas of socioeconomic status & education, and gender.
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Chapter 2

Background

This thesis builds on works in the areas of education, computer vision, intelligent

tutoring systems, document embedding, and gender bias identification in natural

language processing (NLP). The relevant works are reviewed in this chapter.

2.1 Student Academic Success in Mathematics

Developing curriculum that is challenging, but still within a student’s skill level,

is critical to student growth in all areas of education [23]. An integral aspect of

developing curriculum at an appropriate level is providing students with timely feed-

back [23, 24]. Research suggests that if feedback is too fast and students are not

allowed to struggle with a problem, then students will not acquire new knowledge

and correct misconceptions [24, 25]. Vygotsky’s zone of proximal development sug-

gests that as long as the student is working with a concept that is challenging, but

still solvable with their knowledge set, their knowledge base will grow- in fact, that

struggle is critical to their growth [23]. It is also important that the feedback that is

provided is understood by the student [25]. Math applications like PhotoMath [26]
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deprive students of the opportunity to struggle with a new concept by immediately

providing them with the solution to the math problem that they are working on. This

ultimately removes the challenge of solving the problem, which leads to stagnation in

their math skills in that area. Furthermore, these applications often do not explain

why solutions are incorrect, and if they do, they do so in a way that is not necessarily

understandable to students in lower grades [27]. Studies published in mathematics

education journals have looked at the mathematic applications that are available in

appstores. Of the 4000 applications reviewed, only 34 were considered acceptable

based on the criteria of being low cost. Further narrowing the list to only allow age

appropriate applications and to remove games, and any application that is not free

leaves only 3 widely available applications [28]. This means that the feedback that

students receive from these easily accessible applications is not often useful to their

academic success.

The alternative to using applications such as Photomath for homework help in

mathematics is to ask a parent for help. Studies have shown that students who

have parents that help them with homework are more academically successful than

their peers who do not [29–31]. It is worth noting that while academic performance

can be greatly impacted by parent understanding and parenting style, studies have

shown that having a parent help poorly is better than not having a parent help at all

with homework [30]. Simply put, a parent being involved in their child’s education

is a key indicator of their child’s academic success [29–31]. [30] found that parents

who had high school diplomas were statistically more likely to be involved in their

child’s education and homework than parents who did not have high school diplomas.

Other studies have shown that income level has an impact on parent involvement in

homework and education [8, 10], while some argue that this socioeconomic disparity

is due to the amount of time that many of these parents spend working multiple
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jobs [29, 30]. Ultimately, the result is the same: students who live in low income

households typically have a hard time gaining access to adults with the mathematical

background necessary to help them succeed academically [8, 10,29–31].

2.2 Object Detection and Recognition

The problem of detecting a math problem, and identifying a digit can be accom-

plished using a convolutional neural network (CNN). The use of CNNs for object

detection in general is well studied [32]. TensorFlow is one of the most robust and

well documented machine learning libraries for the purposes of object detection [33].

The TensorFlow publishers and outside researchers have generated a comprehensive

set of pre-trained models for use on object detection [34]. The two most common

model architectures are Faster Region-CNN (Faster R-CNN) [35] and Single Shot

Multibox Detector (SSD) [36] due to their ability to quickly identify areas of interest

rather than searching an entire image. The three most common feature extractors –

that is, trained models – are ResNet [37], Inception [38], and MobileNet [39]. Given

the unique nature of applying object detection to classroom settings, it is necessary

to use a CNN architecture and feature extractor that are small enough to mount

on a mobile platform quickly without sacrificing too much accuracy. Of all of the

combinations of architecture and feature extractors, Faster R-CNN with a ResNet

feature extractor typically has the best mAP performance, but performs slowly [40].

SSD with an Inception feature extractor does not perform as well, but is faster than

the Faster R-CNN network architecture [40]. The fastest, but least accurate, combi-

nation is SSD architecture with a MobileNet feature extractor [40]. In terms of ease

of integration into mobile applications, the best option for use in Homework Helper,

is SSD architecture with a MobileNet feature extractor for two reasons. First, the
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MobileNet is specifically designed to be small enough to run efficiently on mobile

devices [39]. The use of a mobile devices is critical to making the application accessi-

ble to students whose only source of computational device is their, or their parent’s,

smartphone. This is particularly likely in low income households [41], which is the

key demographic we wish to aid with our work. Second, TensorFlow has provided

an object detection API for mobile devices, known as TensorFlow Lite. TensorFlow

recommends that TensorFlow Lite be used with the SSD MobileNet model [34].

2.3 Recognizing Math Problems and Digits

Studies have shown that handwritten characters are more difficult to recognize than

machine printed characters [42]. Digit identification belongs to the field of optical

character recognition (OCR) [43], and has been widely studied for its ability to au-

tomate many tasks, such as license plate recognition [44], postal code sorting [45],

and language translation [46]. Research in the area of OCR is so robust that Ten-

sorFlow has implemented a handwritten number analysis tutorial using the MNIST

dataset [34]. CNNs are used in most state-of-the-art systems involving image pro-

cessing [32], with digit classification and segmentation being no exception [43]. In

some cases, Bayesian classifiers outperform CNNs in digit classification [43], though

this is rare, and for our purposes, a CNN is almost certainly a better choice given the

uncertainty of student handwriting samples and the inability to generate models for

every student that the system may interact with. Handwritten characters are more

difficult to recognize than printed characters [42]. Handwritten character recognition

improves when samples are collected in real time using technology such as a smartpen,

likely due to the added information from pen stroke [47].

Applying character recognition to the problem of math education, past research



9

has successfully extracted math symbols from documents for the purpose of document

analysis [48]. The majority of previous work in applying character recognition to math

education has utilized real-time collection methods to improve the accuracy of student

sample collection [49–51]. In these systems, the pen’s movement is tracked in order to

determine the digit being drawn by the student [49]. In terms of freedom of expression

and application, the use of a static CNN-based OCR is typically less accurate, but

more flexible for student use [52]. Since the basic structure of a math problem in

our dataset is consistent, the problem of recognizing multiple math problems at once

can be solved using traditional segmentation methods through the application of a

CNN [32].

While work in the area of intelligent tutoring systems has existed for years [53],

the application of lightweight CNN-based techniques to the problem of handwritten

digit and math problem recognition is less researched, and is explored in Chapter 3.

2.4 Math Education Software

Software in the area of math education is abundant with most programs relying on

multiple choice [54], typed entry [55], stylus drawing entry [?], or answer selection with

the mouse [54]. While this software can be useful, it either does not provide a way for

students to show their work, as in the case of multiple choice/ typed entry and mouse

selection, or it does not allow them to receive guided feedback [54]. Furthermore, the

hardware cost involved in making stylus entry systems and state of the art computer

systems available to all students at home can create a barrier to practice outside of

the home, which is often an influencing factor in the software chosen by teachers

[56]. Students who visualize their errors are more likely to correct themselves and

retain the knowledge about how to solve that type of problem in the future [57, 58].
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Despite research showing that feedback must be appropriate for student age range

and background knowledge, math education software may not always provide age

appropriate feedback [59]. The strategies for problem solving and recognition of how

the student made the mistake differs by age group, and has a significant impact on

student retention [60]. Applications such as Photomath [26] and Wolfram Alpha [27]

simply provide students with a solution to a math problem, without context, which

does not give students the opportunity to learn from their mistakes [60]. Although

these sites may provide outside resources for additional help [27], they often require

a higher reading level, so many of the linked sites are not content appropriate for

young students or those who are developmentally delayed [60]. Introducing problem

solving skills, such as review and reflection on errors, is imperative for learning and

retention [58, 61]. [52] creates a platform for teachers to reflect on common student

errors, but does not provide a system to interact with students and prompt them to

correct their mistakes. HWHelper builds on prior work by utilizing well established

arithmetic rules to provide students with feedback that allows them to properly solve

a math problem without giving them the solution.

Math education software marketed specifically to educators has also been studied.

For example, Building Blocks is a preK/Kindergarten grade math program created

by McGraw Hill [62]. Studies have shown that it provides a learning boost for socioe-

conomically disadvantaged preK and kindergarten students [62]. Building Blocks is

meant to be an end to end curriculum, and the software component utilizes manip-

ulatives and games to help students learn [62]. It differs from our application in age

range and in the manner in which it reinforces material. Rather than giving students

material and having them learn from their mistakes, it repeatedly presents them with

new material. Other software used in classrooms is meant to replace instruction by

teachers entirely [56], or to replace portions of instruction [63]. This differs from our
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application in that we wish to create an in home application to supplement in class

instruction.

Other works have studied automatic grading, and step by step problem solving [50,

52, 54]. [54] uses multiple choice assessment, while [50] utilizes online data gathering

techniques to analyze pen stroke rather than the actual handwritten digit, making

their works inconvenient for student homework use. [52] uses keyboard entry rather

than handwritten work and focuses on teacher identification of student errors, rather

than prompting students to correct their own errors. The work in Chapter 3 primarily

differs from prior automatic grading work in that it focuses on providing students

with:

1. Age appropriate, automated feedback to correct their own mistakes without

giving them an explicit answer [26,27], rather than providing teachers with

feedback on student learning target accomplishment [52].

2. A handwritten free response platform for students to flexibly record their

submissions and mistakes, rather than keyboard [52], multiple choice [57],

or pen stroke entry [49].

3. A portable, computationally inexpensive framework capable of running on

portable devices, rather than on desktops only [52]

2.5 Document Embeddings

In most NLP tasks, words are represented as vector embeddings [64, 65]. Word em-

beddings are used in many tasks in NLP [66, 67]. Trained using a variety of sources,

word embeddings provide specific context and underlying beliefs of the authors who

wrote them. These underlying beliefs are what expose bias among works from many
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different backgrounds [21].

Past research has shown that Word2Vec– a popular word embedding model – con-

tains gender biases in geometric relationships between word embeddings. Specifically,

the word “woman" is more closely related to “homemaker" than to “computer pro-

grammer" or “engineer" in the embedding space. The gender bias exhibited in the

embeddings is most likely reflective of the societal stereotypes found in public text.

These findings lead to work in embedding de-biasing [21,68].

Document embeddings represent an entire piece of writing. This can be a docu-

ment, a paragraph, or even a sentence [69]. Doc2Vec is built on Word2Vec embed-

dings [69]. Though there has been some work on debiasing word embeddings, there

has yet to be any work on debiasing document embeddings.

A common practice in visualizing embeddings is to utilize T-SNE [66,67]. T-SNE

maps high dimensional data into a space that is easy to visualize [70].

2.6 Political and Gender Bias

There has been some work in the past in identifying political bias in media. Several

studies have focused on word choice, utilizing inverse document frequency of terms as

well as the frequency of affective words near personally identifiable information [71,72].

The most recent approach has been to look at the labels associated with word choice,

such as the use of “illegal alien" in one news source rather than “undocumented

immigrant" [73]. Typically, these methods utilize classic machine learning models,

such as logistic regression (LR), K-nearest neighbors (KNN), and support vector

machines (SVM) to detect political bias in articles [71–73]. Other techniques for

political bias identification focus on framing [74], and identification by coverage or

selection bias [75].
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There has been some work in gender classification, with the majority focusing on

the problem of author gender identification [76]. The state-of-the-art methodology for

identifying Tweet author gender is based on n-grams and skip-grams, in conjunction

with a deep learning model, such as a Recurrent Neural Network (RNN) [76]. N-

grams and skip-grams are also used to identify author gender in larger documents [77].

Supervised methods have been used to calculate average sentiment of code reviews in

an effort to identify gender bias. The authors found that male code reviews targeted at

female programmers held more negative sentiment than female code reviews targeted

at female programmers [78]. A recent study found that most named entity recognition

(NER) techniques do not tag female names as “PERSON” [79]. Other approaches

utilize IDF and framing [21] much like political bias studies.

A simple approach, and the one taken in this work, is to utilize a bag of words

model (BOW) to determine the most common words for various classes [80]. If they

vary significantly across classes, the gender being the classes in this case, then word

choice varies significantly across classes. This is similar to the approach taken in [21].

However, the BOW model is extremely simplified- it consists of a single input to

output neuron that is trained to predict between two classes [80]. Each word in the

neuron is represented as a weight, so that the most positive weights represent one

class, and the most negative weights represent the other class [80]. While the model

is simplistic, we find that is an especially powerful predictor of gendered words in

political media, which we discuss in Chapter 4.

Studies on the effect of gendered information (pronouns, proper nouns, and per-

sonally identifiable terms) in documents are limited. Similarly there is little-to-no

work on detecting the gender of the subject of an article. The complex interaction

between political leaning of news affiliates and candidate gender has not been exam-

ined to date.
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Chapter 3

Homework Helper: Providing

Valuable Feedback on Math Mistakes

Timely feedback is critical to student achievement [24]. However, class sizes are

increasing in most U.S. public schools [81] which makes it difficult for students to

receive timely, individualized feedback. Compounding this problem, more than 60%

of parents are not able to help their children with homework, either due to a lack of

understanding or due to time constraints [82]. Students who do not receive feedback

at home or in the classroom may turn to the use of applications like Photomath [26]

to quickly complete assignments as it is portable and easy to use. These type of

applications do not provide students with any feedback on their mistakes, opting to

simply solve the problem for them [26].

In this work, we introduce the HWHelper application, capable of analyzing stu-

dent handwritten math problems for correctness, and providing relevant feedback to

the student so that they can correct their work, never giving them the solution. Ul-

timately, learning from their own mistakes and generating their own procedure to fix
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Figure 3.1: The HWHelper system work flow. Problems and digits are first segmented.
Digits are then grouped into terms and the addition is performed. The student answer
is compared to the solution. All incorrect problems are highlighted for the student,
and the student can select problems for review. If HWHelper misidentifies any digit,
the student can manually enter digits to correct the system. Error messages are then
displayed, providing feedback for improvement.

their mistakes in a guided manner should lead to better content retention [83]. The

HWHelper pipeline is shown in Figure 3.1.

The contributions of this work are as follows:

1. 2D-Add, a two-digit addition dataset consisting of 2010 worked problems, hand-

labeled with problem and digit bounding boxes, digit values, solutions and

errors.

2. HWHelper, an android application to provide automated feedback on freeform

two-digit addition problems.

3.1 HWHelper Application

In this section, we detail the HWHelper application, including the data collection,

math problem and digit segmentation, term grouping, arithmetic and logic for error

identification and reporting.
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3.1.1 Educational Standards

The HWHelper application’s addition portion would be suitable for grade levels one

and two under Common Core Math Standards [84]. Students need to be able to iden-

tify the ones and tens places within a number in order to be able to use the error flag-

ging provided by the system.This falls under standard CCSS.MATH.CONTENT.1.NBT.B.2,

a first grade standard. Since this would be required background knowledge, the use

of HWHelper would acceptable once students are proficient in 1.NBT.B.2. The goal

of HWHelper at this point is to allow students to learn to add to values up to 100.

This falls under CCSS.MATH.CONTENT.1.NBT.C.4, which requires students to use

concrete models, strategies, and written methods to explain what they have done. It

also requires students to understand that adding two-digit numbers is accomplished

by adding tens and tens, and ones and ones. Addition of two digit numbers also

falls under the second grade standard CCSS.MATH.CONTENT.2.NBT.B.5, which is

focused on the fluency of adding numbers up to 100 using place value and various

other properties.

3.1.2 Data Collection

Two digit addition problems are collated so that there are six math problems on each

page: two columns with three problems per column. Figure 3.2 shows an example of

a sheet in 2D-Add. There are ten sheets of problems with fewer than six problems

per page, where whitespace is randomly added; the random whitespace is added to

ensure that the system does not simply learn to draw boxes in the same six spots

when identifying problems.

The terms in each problem range from 1 to 49, so that no solution is greater than
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Figure 3.2: An example of a worked math sheet in 2D-Add.

two digits in length, for the sake of simplicity. Problems are not repeated, but flipping

of terms is allowed. That means that 1 + 12 is in the set, as is 12 + 1, but neither of

those patterns are repeated.

The sheets were randomly divided among five labelers, aged 20-28. Before filling

out the sheets, the participants were instructed to “write like a first grader” to simulate

the challenges that HWHelper might encounter in a classroom setting. They were

also told to make at least 30% of their answers incorrect. This exercise generated 340

sheets of math problems, and 2010 individual problems, which make up the 2D-Add

dataset. Seven possible mistakes are identified from the data collected.

There are seven consistent addition errors found in the 2D-Add dataset. They

can be seen in Figure 3.3, and are listed below:

1. Drop down first and second term answer

2. Ones place added incorrectly
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Figure 3.3: Examples of each of the seven mistakes. Errors 1, 2, 3, 4, 5, 6 and 7 are
shown from left to right, top to bottom.

3. Tens place added incorrectly

4. Carried when a carry was not necessary

5. Carried incorrectly

6. Did not carry when a carry was necessary

7. Other- Typically non-numeric

3.1.3 Problem and Digit Identification

We utilize a deep convolutional neural network (CNN) as our model for problem

and digit segmentation. HWHelper is a mobile application and needs to provide

real-time feedback to students. With this in mind, we utilize a light-weight model

capable of segmenting problems and terms in real time. While 2D-Add is composed

of consistently spaced math problems, we do not want to rely on this format in the

future, and so we use a CNN to segment problems rather than simply dividing the

sheets into segments. This allows HWHelper to be more versatile.
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In contrast to problem detection, where there is only a single class, digit identifi-

cation requires that all digits (0 to 9) be both localized and recognized. Both of these

steps are essential, as the precise location and value of each digit is needed in order

to perform the arithmetic properly, and for HWHelper to reason about the mistakes

that are made. The digit detector must be capable of identifying typed digits as well

as hand-written digits in a variety of locations within the problem. Young student

handwriting can be very messy, so the digit recognition must be robust to different

types of handwriting.

3.1.4 Term Grouping

Once all digits have been localized and recognized, they can be grouped together to

form terms in the math problem. First, all duplicate digit detections are removed,

which results in the final set of digits for a math problem. This is accomplished by

taking the digits with the top ten confidence scores from the model. All confidence

scores are values between 0 and 1. The x and y midpoints of each pair of boxes are

compared, and if their difference is greater than a threshold, they are added to the

final list of digits in the problem. This removes multiple detections of the same digit.

If multiple digits in the same position have a difference in midpoints less than the

threshold, then the box with the higher confidence score is maintained. Since no more

than seven digits should be in a single problem from the 2D-Add dataset - one carried

value, and two in the first and second term and answer - the seven highest scores and

their associated boxes and labels are saved as the final digits in the problem.

There are four possible terms in each problem: 1st term, 2nd term, carry and

answer. There may not always be a carry or an answer, but the 1st and 2nd terms will

always be in each problem. A rule-based method utilizing digit position constructs

each term. Since all addition problems in 2D-Add consist of terms stacked on top of
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each other, digits with similar ymin coordinates and dissimilar xmin coordinates must

belong to the same term. In cases where a single digit has multiple neighboring digits

within a threshold, the closest digit is selected as belonging to the same term. Digits

with similar ymin and dissimilar xmin values are grouped into a term with two digits.

Digits without a similar ymin and xmin are kept as single digit terms.

The terms are then ordered into carry, 1st, 2nd and answer by comparing each

term’s ymin values. If only two terms are detected, then the carry and answer are left

empty. If four terms are detected then all terms are present. If only three terms are

detected, we must determine whether the carry or the answer is present. If there is

no term detected in the bottom 1
4
of the image, then we assume there is a carry and

no answer, and vice-versa.

3.1.5 Answer and Solution Comparison

The seven errors present in 2D-Add are detailed in section 3.1.2. The algorithm below

demonstrates how each error is identified.

HWHelper performs the arithmetic, adding the 1st and 2nd terms to find the

solution to the problem. The solution is compared to the student’s answer. If the

student’s answer does not match the solution, the specific error is determined and

then feedback is provided to the student. Figure 3.3 shows an example of each of the
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7 errors in the 2D-Add dataset.
Algorithm 1: HWHelper Error Generation
Result: Error

if answer == concat(1st, 2nd) then
report Error 1

else if answer[0] ! = solution[0] then

// First digit of answer is not correct.

report Error 2

else if 1st[0] + 2nd[0] > 9 then
expected_carry = 1st[0] + 2nd[0]− 9

// The solution requires a carry.

if ∃ carry & expected_carry ! = carry then

// Expected carry and carry do not match.

report Error 5

else if ¬∃ carry then

// No carry when there should have been.

report Error 6

else if ∃ carry then

// Carry when there should not have been one.

report Error 4

else if answer[0] == solution[0] then

if answer[1] != solution[1] then

// Carry is correct, but second digit of answer is

incorrect.

report Error 3

else

// Catchall for any other errors.

report Error 7
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3.2 Experiments

In this section, we detail the experiments conducted to evaluate the efficacy of the

HWHelper application. For both problem detection and digit recognition experi-

ments, 80% of the 2D-Add dataset is reserved for training, and the other 20% is set

aside for validation and testing. The TensorFlow object detection API – specifically

the SSD Mobilenet pre-trained on COCO – is used to segment individual problems

as well as digits [39]. Our experiments are separated into problem and digit segmen-

tation, and error reporting and prompting.

3.2.1 Problem and Digit Segmentation

For problem detection, we utilize the SSD Mobilenet pre-trained on COCO. For train-

ing, we use a learning rate of 0.01, batch size of 15, with images of size 600x600.

Problem segmentation creates bounding boxes around each problem (see Figure 3.4).

HWHelper achieves 100% accuracy on problem detection on 2D-Add. This indicates

that given a specific template for problem location, the HWHelper system is capa-

ble of identifying the locations of each individual problem in a practice sheet. The

segmented problems are then fed to a second model for digit segmentation.

For digit segmentation, we again utilize an SSD Mobilenet model pre-trained on

the COCO dataset. We modify the configuration for 10-class classification (digits

0-9). In training, we again use a learning rate of 0.01 and a batch size of 15. Our

model achieves an average accuracy of 95.3% accuracy on digit segmentation and

recognition. The majority of misclassifications ware made on handwritten digits, with

110 of the 118 misclassified digits being handwritten. The 8 misclassified typed digits

are covered by handwritten digits or scribbles, resulting in their misclassification. We

implemented a user check within HWHelper to determine if a digit had been identified
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Figure 3.4: A correctly
segmented arithmetic cal-
culation sheet with color
coding, where all prob-
lems except one in the
sample have been incor-
rectly solved.

Figure 3.5: An incor-
rectly solved arithmetic
calculation, and its asso-
ciated error message.

Figure 3.6: The statistics
screen presented to stu-
dents after uploading as-
signments.

correctly, as outlined in section 3.2.2.

Both the problem and digit segmentation models are converted to TensorFlow Lite

for integration into HWHelper. TensorFlow Lite offers the fastest method of detection.

Since HWHelper is a mobile application, it is important to utilize models with as few

parameters as possible to avoid slow response times due to low computational power.

3.2.2 User Interface

The generated codes are compared to a list of hand-labeled errors for each problem.

The accuracy for error reporting is 63.2% on the test set. To determine if the mistakes

made by the error message production are due to the error messaging system or the

detected digits, the same experiment was repeated using the ground truth values for

first term, second term, carry, and answer. This resulted in a accuracy of 100%. This

indicates that the 63.2% accuracy using detected digits is due to inaccurate digit

identification, which can be prevented with manual digit entry.
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HWHelper is implemented as an Android application. Students can take a photo

of their homework using their android tablet or phone. HWHelper then performs all of

the problem and digit segmentation, term grouping, and mathematical computations

in its backend. Correct problems are shown in a green box while incorrect problems

are shown in a red box, as shown in Figure 3.4. The user may then select a problem

that has been identified as incorrectly solved. The application outputs which of the

seven math errors outlined in section 3.1.2 has been found by the application, and

prompts the user with an age appropriate message to try again. This process is shown

in Figure 3.5.

In order to use the application, teachers and students need to create and register

for an account. Once registered, students can upload sheets of two-digit addition

problems for evaluation. After the student has evaluated a sheet of problems, the

application presents them with a cumulative pie chart for all problems ever completed

by the student. This pie chart is found on the home page and describes the relative

percentages of different mistakes and the percent of problems completed correctly. An

example is shown in Figure 3.6. This allows the student to reflect on their previous

mistakes and assess the improvement of their skills over time.

If multiple answers are detected in a problem, HWHelper prompts the user to

enter the values found on the sheet (see Figure 3.8) to ensure that the application

can correctly assess the math problem. Even when the application does not detect

multiple responses, it is possible that model incorrectly identified an individual digit.

To ensure that the application is as user friendly as possible, the application always

outputs the message “Does something seem wrong?". This is shown in Figure 3.9,

where the output is particularly useful since a number has been misidentified by the

system. Selecting “click here" brings the user to a screen where they can manually

input the problem information (Figure 3.7), after which the application will display
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Figure 3.7: The screen
that the application pulls
up when the user se-
lects “click here" after be-
ing prompted with “Does
something seem wrong?"

Figure 3.8: The prompt
output by the Android
application when multi-
ple answers are detected
in a problem.

Figure 3.9: The screen
shown to the user after all
digits have been identi-
fied; in this particular ex-
ample, not all digits have
been correctly identified
and the user should select
“click here" to correct the
misidentification.

an error message with feedback if necessary. The user may also opt to simply retake

the picture if the image appears blurry to them.

3.3 Summary

In this chapter, we introduce the HWHelper application, providing automated feed-

back to students. With 100% accuracy on problem segmentation, HWHelper performs

very well when provided with sheets of math problems that conform to a standard

format like those in 2D-Add and most homework assignments. HWHelper is also

capable of identifying individual digits with high accuracy – 95.3% on average. The

proposed algorithms to group digits into terms are robust enough to handle a variety

of inputs. HWHelper is capable of overcoming errors in digit and term detection as
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it allows for user input to fix such mistakes.

HWHelper shows that it is possible to use technology to provide automatic feed-

back to free response student work. Along with the HWHelper application, we intro-

duce 2D-Add, a dataset of worked two-digit addition problems, which we will make

available for future research in this direction.
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Chapter 4

Gender Bias Recognition in Political

News Articles

Several decades of research have shown that the media portrays the actions of male

and female political representatives differently [85–87]. A study published in 2003

found that across 2000 gubernatorial mixed-gender races, gender stereotypes were

commonly portrayed across media outlets [88]. Gender bias is present in both word

choice used to present male and female subjects, and in the selection of topics covered

when discussing male and female subjects.

Difference in word choice presents obstacles to women in politics. Many of the

phrases that dominate the descriptions of political leaders are gendered in nature [89].

The media often portrays political candidates as being “tough" or “dominant," charac-

teristics that often have a negative connotation with respect to female candidates [89].

The words “aggressive” and “bossy” are used in place of “tough” and “dominant”, re-

spectively, when referring to female candidates [89]. Female political candidates are

subject to additional gender constraints due to media portrayal, such as choice in dress
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and their own word choice [89]. According to U.S. census projections conducted in

2015, 50.8% of all Americans are women [90], yet less than 25% of congress members

are women, and only 10% of all Republican representatives are women [91]. Much of

the media coverage of political candidates is influenced by gender stereotypes [89].

Textual gender bias has been studied in multiple contexts using Natural Language

Processing (NLP), ranging from workplace reviews [78] to word embedding analysis

[92]. Despite the social implications, media gender bias remains relatively untouched

by the NLP community.

The main contributions are as follows:

1. We introduce a new political dataset (News-Bias) with over 4,000 articles from

Breitbart, Fox News, USA Today, HuffPost, and New York Times consisting of

ten political candidates: five female, five male.

2. We evaluate several supervised methods for gender classification on the News-

Bias dataset both prior to and after scrubbing the articles of gendered informa-

tion.

3. We perform bag of word analysis on the document embeddings to determine

the words most closely associated with each gender.

The goal of this work is not just to determine if gender bias in political articles

can be detected, but more importantly, how gender bias is encoded in document

embeddings and what words are most strongly associated with the gender embodied by

these embeddings.
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Figure 4.1: The flow of our algorithm. In the preprocessing step, articles are tokenized
and stop words and gendered terms are removed. Article embeddings are generated
using Doc2Vec then fed into one of four supervised classification models. A bag of
words model is trained on the cleaned articles and used to analyze the most common
gendered words.

4.1 Proposed Method

In this section, we detail the proposed method for identifying gender bias in political

news articles, as well as methods for analyzing word and document embeddings. In the

following subsections, we discuss data collection, preprocessing methods, document

embeddings and gender classification, and bag of words analysis. The overall flow of

the proposed work is shown in figure 4.1.

4.1.1 Dataset Collection

Over 4,000 articles are scraped from five popular online media sources: Huffpost, New

York Times, USA Today, Fox News, and Breitbart given their respective leanings of
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far left, left, neutral, right, and far right [93].These sources were chosen because

previous studies have established that these sources represent a variety of political

viewpoints [93,94]. Each of these leanings are associated with the news outlet overall,

but do not necessarily describe the leaning of a particular article. Therefore, all

political labels associated with an article should be considered “weakly labelled."

Ten political targets are chosen for this work: Hillary Clinton, Elizabeth Warren,

Sarah Palin, Betsy Devos, and Alexandria Ocasio-Cortez representing the women,

and Bernie Sanders, Barack Obama, Joe Biden, Mitch McConnell, and Donald Trump

representing the men. The political targets were selected in an effort to represent

the spectrum of political leanings across both genders. Information regarding author,

article title, article subtitle, and date is also collected. Since each source has five male

political candidate articles and five female political candidate articles, the dataset is

equally balanced.

4.1.2 Preprocessing Methods

Preprocessing consists of several steps that are run before the data is fed to the

model. First, the removal of gendered terms is done using named entity recognition

and regular expressions. Woman, man, girl, boy, and any other singular gendered

words, as well as proper names, are replaced with the word “person". Specific offices,

such as “president of the united states", are replaced with “person" as well. Women,

men, girls, boys, and any other plural gendered words are replaced with the word

“people". Singular pronouns, such as he and she, are replaced with “they". Male

and female are replaced by “human", while mother and father and their variants

are replaced with “parent". These substitutions allow gender bias to be analyzed

without the presence of gendered words. Countries, cities, and states are replaced

with “gpe", and all locations that are not part of the GPE category are replaced with
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Before Cleaning After Cleaning
White House counselor Kellyanne Con-
way said the Trump administration was
preparing a robust defense of President
Donald Trump during a possible Senate
impeachment trial.

White House counselor person said the
person administration was preparing a
robust defense of person during a pos-
sible Senate impeachment trial

Biden still holds a lead in South Car-
olina, where he is relying on strong sup-
port from African-American voters.

person still holds a lead in gpe, where
they is relying on strong support from
norp voters

Hillary Clinton said Wednesday she
hoped for a return to “boring, normal
times” after the 2020 election, voic-
ing skepticism of her party’s populist
wing and predicting that Senator Eliza-
beth Warren’s proposal for single-payer
health care would never get enacted.

person said Wednesday they hoped for
a return to “boring, normal times” af-
ter the election, voicing skepticism of
their party’ populist wing and predict-
ing that Senator person’ proposal for
single-payer health care would never
get enacted.

Figure 4.2: Sample sentences before cleaning, and after cleaning. Gendered text
changes are are in italics.

“loc". Nationalities as well as religious and political groups are replaced with “norp".

Finally, personally identifiable organizations, such as “department of education" are

removed all together. Location and group replacement minimizes the possibility that

the model learns to associate location or political group with a specific gender or

political leaning. Examples of replacement can be found in figure 4.2. Preprocessing

allows word choices in news articles to be analyzed independently of the possible

effects of having male or female names, gender specific words such as man or woman,

or inadvertent personally identifiable information in the articles.

4.1.3 Document Embeddings and Gender Classification

Doc2Vec is used embed each article after preprocessing. Any unknown words are

discarded. We utilize several supervised methods to perform gender classification on

the article embeddings. We detail the process of gender classification below.

Experiments are conducted using Gaussian Naive Bayes (NB), Support Vector
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Machine (SVM), Linear Regression (LR), K-Nearest Neighbor (KNN), and Neural

Network (NN) classifiers. We use 5-fold cross validation for each of the five classifiers.

Each classifier (NB, SVM, LR, KNN, NN) is trained to distinguish gender on each

leaning (far left, left, neutral, right, far right), producing 25 models for each split. The

goal of each model is to determine the gender of the subject of the article without

the use of gendered words or the subject’s name, since they have been removed in

preprocessing. If a classifier is capable of determining the gender of a subject with

better than chance precision, recall, and f1, then it can be assumed that the classifier–

and by extension, the document embedding– has expressed some form of gender bias.

That model is then further evaluated to determine the way that the embedding and

the model are encoding gender bias.

Breitbart Fox News USA Today HuffPost NYT
F1 0.89 0.95 0.86 0.90 0.87

Table 4.1: The best average F1 scores across all five folds when classifying gender
using a NN trained on Doc2Vec embeddings from the cleaned articles.

4.1.4 Bag of Words

A bag of words evaluation is performed on the cleaned articles to determine the top

words associated with each gender. All of the words in all articles excluding stop

words, and any cleaned information is vectorized and counted so that there is a count

word vector that describes the entire document word space. Next, a count word

vector is created for the male and female articles separately. Then, a simple input to

output neural network (perceptron) is trained on the labeled count word vectors, and

F1 scores and accuracy are recorded. Finally, the largest ten weights corresponding

to male and the smallest ten weights corresponding to female are mapped back to

their respective words in the original count word vector to determine the words most
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closely associated with their respective gender.

4.2 Experiments

In this section we outline the experiments conducted to evaluate the bias within each

article for each political leaning. A summary of the average F1 results across all five

folds can be found in table 4.1. Each model is trained and evaluated on a five-fold

cross validation scheme where each fold is randomized with six political figures being

set aside for training, two for validation, and two more for testing. The candidate

names are then used to filter the given articles for each fold.

4.2.1 Document Embeddings and Visualization

For each dataset, document embeddings are generated with Doc2Vec from the gensim

library [95] using the cleaned data outlined in section 4.1.2. The model itself is an

implementation of the Distributed Bag of Words version of Paragraph Vector (PV-

DBOW) [69] trained against the cleaned articles and is generated with a document

vector size of 50, trained over 100 epochs, with the default learning rate set to 0.001.

Before training, the document order is randomized.

The document embeddings for each leaning are plotted using t-SNE [70] from

Scikit-Learn 0.21.3 [96]. This shows any document trends by gender and correlations

that are present in the different political leanings. This is done for each political

leaning so as to show the gender relationships in the data present for only one lean-

ing. Figure 4.3 shows that the document embeddings for Breitbart, HuffPost, Fox

News, New York Times, and USA Today are generally linearly separable after t-SNE

visualization. We emphasize that this is remarkable because all gendered informa-

tion has been removed from the articles prior to generating document embeddings.
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Figure 4.3: The t-SNE mapped cleaned document embeddings for all articles from
Breitbart, Huffpost, Fox News, New York Times, and USA Today. We can see a clear
delineation between male and female targets, even after all gendered information is
removed from the articles.

Even without gendered information, the Doc2Vec embeddings show a clear gender

distinction.

4.2.2 Models

Each of the models - SVM, KNN, NB, LR, and NN - are implemented in Python 3.6.7

using Scikit-Learn 0.21.3 [96]. Typical metrics such as average precision, average re-
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call, and average f-measure are evaluated first, as these provide insight into the ability

of a classifier to accurately distinguish between the document embeddings used to de-

scribe male and female subjects. The higher these scores, the better performing the

classifier, and the better able the classifier is to distinguish between male and female

political candidate subject matter. A higher degree of gender bias is represented by

a larger recall, precision, and f-measure, since these scores mean that the classifier

is better able to distinguish between when an article is about a male political candi-

date and when an article is about a female candidate. The basic flow we created for

bias detection, including preprocessing, document embedding process, models, and

visualizations is shown in figure 4.1.

4.2.3 Bag of Words

Male F1-Score = 70% Female F1-Score = 69%
fans gov
elections believe
award responded
hopeful lawmaker
hear freshman
netflix put
stated find
majority formal
pointed strange
watch power

Figure 4.4: The top 10 words associated with each gender using a bag of words model
on the cleaned document embeddings.

The results for bag of words can be seen in Figure 4.4. The overall accuracy

of the perceptron used to find the top ten words is 69.38%. The f1-score for male

classification is 70%, and 69% for female classification. Given the simplicity of the

direct input to output perceptron used as our bag of words classifier, these scores are
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quite impressive and indicate that the top ten words are quite strongly aligned with

the two genders.

4.3 Summary

In this work we present a method to detect gender bias in political writing, along with

a dataset (News-Bias) of over 4,000 political news articles from five sources ranging

from far left to far right. Using gender classification, we show that gender bias is

present in most political writings, and this bias holds even after all gendered infor-

mation is removed from the articles (figure 4.1). Visualizing the cleaned document

embeddings shows a clear delineation between male and female articles, indicating

that removal of gendered pronouns, proper nouns, and personally identifiable infor-

mation has little effect on the ability of Doc2Vec to distinguish between genders.
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Chapter 5

Conclusion and Future Work

Though in its initial stages, the research outlined in HWHelper and Gender Bias

in Political News Articles serves as a solid body of work to be built upon in future

work in understanding bias using machine learning. While the work itself is still

very new and should be expanded upon, the results are promising. With outreach

to local schools for testing, HWHelper’s performance could easily be improved, and

its mathematical capabilities expanded. The work done on detecting Gender Bias

in Political News Articles can easily be extended to other embedding methods, and

other news outlets and target candidates. While extendable, the work presented here

serves to mitigate real world bias in the areas of socioeconomic status, & education,

and gender.

We provide an easily accessible homework system that is capable of providing

meaningful feedback to students in a way that is meant to help them learn optimally,

unlike existing systems. The system allows students from a variety of socioeconomic

situations to easily gain the feedback necessary to grow in the area of mathematics.

Normally, students from poverty stricken families are less able to gain access to adults

to help them with their homework for a variety of reasons [?, 29, 31]. This means an
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autonomous system can become an invaluable tool for students in situations where

they need to practice math skills, but are struggling with the material and do not have

a knowledgeable adult available. A tool like HWHelper mitigates socioeconomic bias

against students from a low socioeconomic background by providing them with access

to the help they need, and allowing them to practice their math skills. The ultimate

goal of HWHelper is to help ease the systemic negative educational impacts that exist

for students who come from families of modest means, including poor performance

in middle and high school [12], and more importantly to our research, the negative

impact found in the area of mathematics [13] and low graduation rates [2]. Improving

graduation rates for impoverished students would improve their socioeconomic status,

destabilizing the cycle of poverty [14], serving to help undermine the systemic bias

that exists in education as a result of socioeconomic status.

Future research will explore variations in problem layout, such as side by side addi-

tion, to accommodate a wider classroom audience. Additionally, the framework will

be expanded to include the capability to perform different arithmetic calculations,

such as subtraction and multiplication, which could be accomplished by detecting

arithmetic symbols in addition to digits. The modularity of the current HWHelper

will make the addition of other operators (subtraction and multiplication) very rea-

sonable. We will collect additional data from students in the classroom working

with local K-12 schools. This additional data will improve digit recognition and the

HWHelper system overall. We will also perform usability testing within the tar-

get population, to identify areas for improvement in the user interface and feedback

portions of HWHelper.

The work in Gender Bias in Political News Articles serves to help understand

systemic gender bias by creating a method of detecting gender bias in political media.

Gender bias detection in political news is a relatively unexplored area in NLP, despite
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the societal implications. Gender bias not only impacts the way that female athletes

are portrayed in the media [16], but also has an impact on the way that female

political candidates dress, the word choice associated with female candidates [89], and

the overall rates of female candidates in congress in the U.S. [90, 91]. This indicates

that the study of gender bias in political news articles is of significant importance.

Eventually, it could be used to create early gender bias detection systems for news

sites, further mitigating gender bias

Our work in identifying gender bias in political news articles is a first step in

the direction of understanding systemic gender bias in political news. Future work

should explore debiasing document embeddings, much like previous work done to word

embeddings, to determine if gender separability in vector space can be removed. We

also plan to add more data to the News-Bias dataset allowing for broader conclusions

to be drawn. Furthermore, annotating News-Bias with sentiment labels would allow

us to train a sentiment classifier directly from news data, allowing us to analyze

difference in sentiment between male and female political candidates. Visualizing the

activations of the NN gender classifier may provide deeper insight into the specific

embedding dimensions that have the greatest effect on gender classification. Finally,

looking at the effect of the gradual removal of gendered pronouns, proper nouns, and

personally identifiable information from documents prior to running neural network

model analysis would allow a unique insight into the effect of specific gendered words

on the ability of the neural network to discriminate between genders.
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