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Abstract—Complex assignments are open-ended question with

varying content irrespective of diversity of course and mode of

communication. With sheer scale comes issue of reviews that are

incomplete and lack details leading to high regrading requests. As

such to automatically relate the contents of assignments to scoring

rubric, in this work we present a very first work on keyphrase-

rubric relationship classification i.e. we will try to relate the con-

tents to rubrics by solving it as classification problem. In this study,

we analyze both supervised and unsupervised methods to find

that supervised approaches outperform unsupervised approaches

and topic modelling approaches, despite data limitation with su-

pervised approaches producing maximum results of 0.48 F1-Score

and unsupervised approach producing best result of 0.31 F1-Score.

We further present exhaustive experimentation and cluster analy-

sis using multiple metrics identifying cases where the unsuper-

vised and supervised methods are usable.

1 INTRODUCTION

Peer Feedback and Expert Feedback are inherent parts of Graduate Programs

with MOOC form of delivery (Joyner, 2017). While on one hand expert feed-

back provides valuable and reliable assessment, on the other side peer feedback

presents inherent pedagogical benefits. Typically, many of these programs are

done at scale with more than hundreds of students enrolled per class, result-

ing in two side effects first of which is the assignment of multiple students to

a single expert owing to high monetary costs to students (Joyner, 2017). On the

other hand, peer feedback suffers from a wide variety of issues notably inconsis-

tent grading (Geigle, Zhai, and Ferguson, 2016), despite explicit rubric due to

inherent problems of dishonesty, retaliation, competition or laziness (Kulkarni,

Bernstein, and Klemmer, 2015).

Automatic Peer Assessment and Automatic Grading Systems are key in address-

ing the previously mentioned problems across both Peer Feedback and Expert
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Feedback, where these systems are restricted to addressing one or more of these

problems across multiple stages of feedback. More specifically, we have an auto-

matic scoring system, which directly scores large textual essays or short answers,

grading accuracy improvement tools that either adjust the scores based on cer-

tain aggregation (Reily, Finnerty, and Terveen, 2009), modeling, calibration and

ranking strategies. While all these works show positive outcomes on multiple aca-

demic datasets (Xiong, Litman, and Schunn, 2010), the net relationship between

the score and content is still a hidden factor.

Yet there are still some remaining systematic problems (Geigle, Zhai, and Fergu-

son, 2016). These include i) changes in reviewers rating with time and length of

assignments leading to lack of effective response by the expert ii) discrepancy

between rating expected by the author to that of expert and the peer iii) random

fluctuations of scores etc. iv) lack of descriptive reviews owing to scale in both

peer and expert feedback. These previously mentioned problems worsen further

in the context of complex assignments - Assignment with open-ended questions

commonly seen in MOOC based graduate programs with large and diverse con-

tent.

As such in this study, we propose to solve the previously mentioned problems

with a series of AI-based systems. In this milestone, we hypothesize that explic-

itly relating the written contents of the assignment to rubric is useful for both

peer and expert feedback, thereby could solve the issue of score fluctuation &

rating discrepancy.

For example, in the case of complex long assignments, if we can extract and

relate the contents to the scoring rubric it would reduce time spent on the as-

signment regrading and in turn lead to the smoother review process. Hence in

this work, we propose to relate the important phrases of complex assignments.

However, there are plenty of approaches for the relationship classification of ed-

ucational texts, with varying coverage of accuracy and training benefits. As such,

we propose to empirically evaluate the following open research questions.

• RQ 1.1: Can we use traditional clustering approaches to relate keyphrases to

rubrics?

• RQ 1.2: How well does topic modeling fair against supervised embeddings in

relating keyphrases to rubrics?

In the due process, we introduce a theory-based generic annotation scheme and
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its relationship to rubrics, novel dataset, and present exhaustive experimental

results. Additionally in line with prior analyses of classification problems in edu-

cational technology we carry out corpus analysis and introduce briefly the meth-

ods used for experimentation. Unlike prior efforts, however, our main objectives

are to uncover the impact of content and algorithmic diversity on performance

(measured primarily by F1 score and another additional metric including clus-

ter homogeneity, Rand Index, etc.), and also to study the benefits of pre-trained

language models over topic modeling approaches both from the perspective of

accuracy and reliability (quantified through F1-Score). The rest of the paper is

organized as follows, in section 2 we present literature on classification problems

and complex assignments, following by datasets and methods used in section

3. Section 4 presents experiments and results. Finally in section 5 we conclude

overall findings with some possible implications on future work.

2 RELATED WORK

2.1 Text Classification & Complex Assignments

Text classification is a long-standing problem in educational technology, which

has gone rapid increase with the advent of large scale MOOCs. The works vary

according to their final intended goal itself, resulting in a diverse range of datasets,

features, and algorithms. The earliest works use a classification approach on click

stream datasets (Yang et al., 2015). Then there is works include that of Scott et al.

(2015) which analyzed three tools. Then there are also sentiment related works, by

(Ramesh et al., 2014) which included linguistic and behavioral features of MOOC

discussion forums. Works on similar lines include (Liu et al., 2016), (Tucker, Dick-

ens, and Divinsky, 2014). On the parallel side, some works use posts and their

metadata to detect confusion in the educational contents. Notable work by (Ak-

shay et al., 2015), emphasizes the capacity of posts to improve content creation. Ad-

ditionally, there are works on post urgency classification (Omaima, Aditya, and

Huzefa, 2018), speech act prediction (Jaime and Kyle, 2015). Finally, some works

focus on using classification towards peer feedback, much of which focuses on

scaffolding the review comments themselves (Xiong, Litman, and Schunn, 2010),

(Nguyen, Xiong, and Litman, 2016), (Ramachandran, Gehringer, and Yadav,

2016), (Cho, 2008).

Similar to above works, we focus on the classification of educational text, how-

ever, there is two major difference in our work. First of all being, we focus on
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complex assignment text, rather than posts which is predominant. Second, be-

ing the criteria and end application of classification is peer feedback. Thirdly we

focus on classification based on predefined rubric classes both using supervised

and unsupervised clustering approaches. Finally there are works on complex

assignment namely works of (Ravikiran, 2020), however not in the context of

phrase-rubric relationship.

3 DATASET, ANNOTATION AND METHODS

In this section, the annotation scheme used for creating the dataset is presented

along with algorithms that are used for the experiments.

3.1 Annotation Scheme

According to the cognitive theory of writing process (Flower and Hayes, 1981),

humans exhibit characteristics of hierarchical writing with the multilevel embed-

ded organization of content where the process is distinctive focusing on goals

with continual change, where the writing changes and improves as it progresses.

While the original works (Flower and Hayes, 1981), was developed based on gen-

eral writing, we hypothesize such an observation should be true for complex

assignment as well. Further based according to (Hattie and Timperley, 2007)

feedbacks are expected to answer major questions that are required from student

perspectives including Where am I going? (What are the goals?), How am I going?

(What progress is being made toward the goal?), and Where to next? (What activities

need to be undertaken to make better progress?) (Hattie and Timperley, 2007)

Hence, we use this characteristics (Flower and Hayes, 1981) & (Hattie and Tim-

perley, 2007) to decompose large complex assignments into a series of short im-

portant phrases needed for peer review. As such we propose to use the follow-

ing annotation scheme in Table 1 which consists of four different categories of

important phrases that could be extracted from complex assignments. The four

different types of phrases include

• Task - Representing activity done by the author.

• Findings - Indicating the output of activity.

• Reasons - Showing reasons behind the findings.

• Intuition - Showing background on why the task was executed.

Table 2 shows relationship between the dataset, annotation scheme, rubrics and
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Table 1—Annotation Schema for Identification of Important

Phrases from Complex Assignment

Class Description Example

Task
Task indicates an activity

explored by the student

We use using pixel based visual representations for

images and develop an production system with series of rules

Findings
Findings indicates

results of a Task

The agent only solved 2CP’s in both sets, which adheres to existing rules,

suggesting better rules and analysis are needed to handle CP’s

Reason
Reason indicates the

rationale behind the finding

Approximate similarity property can be seen in BP-E

9, but the result was erroneous

Intuition
Intuition represents

the reason behind the Task

These problems satisfy simple relationships such as

XOR, Overlay, Identity etc.

works of (Hattie and Timperley, 2007) and (Flower and Hayes, 1981) using

KBAI course as example. We will be using this relationship between the classes

of coding schemes and rubrics of KBAI for our evaluation.

Table 2—Relationship between annotation scheme, sample rubric

(KBAI) and works of (Hattie and Timperley, 2007) and (Flower

and Hayes, 1981).

Coding

Scheme

Relationship to

Rubrics of KBAI

Relationship to

(Hattie and Timperley, 2007)

Relationship to

(Flower and Hayes, 1981)

Task Project Overview What are the goals? Hierarchical, Goal Oriented

Findings
Cognitive Connection (KBAI)

Agent Limitations
Where am I going? Goal Oriented

Reason Relation to KBAI Class How am I going? Goal Oriented

Intuition Agent Reasoning
What activities need to be undertaken

to make better progress?

Hierarchical, Goal Oriented,

Distinctive thinking

3.2 Dataset

The dataset in this work was developed using the corpus of the KBAI report of

Fall 2019. The overall dataset statistics are as shown in Table 3 below. The data

consists of 791 phrases divided into train and test sets respectively. Further con-

sidering the comprehensive evaluation of the model. The data is split into two

folds used for overall cross-validation. Further, each of the phrases was subject to

two rounds of annotation resulting in Cohen’s Kappa(κ) of 0.77 showing that the

resultant task is hard and may require more complex semantically relevant fea-

tures. Further, we can see that the dataset is imbalanced across the four classes

with Task and Finding categories dominating the corpus and Reason being the

least seen sentences. This behavior is because of two reasons firstly the nature of

writing is semi-formal with much of the is on what found as part of results. Sec-

ondly, the tokenizer used was from the spacy English model for tokenizing the
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complex report, occasionally has tokenization errors. Additionally instead of the

four classes of Task, Findings, Reason, Intuition, we use the criteria of Project

Overview, Cognitive Connection, Relation to KBAI class and Agent Reasoning

for classification.

Table 3—Dataset statistics and annotation statistics created for

this work.

Splits Train Test Rest

T F R I T F R I

Fold-1 69 140 25 32 58 90 12 24

Fold-2 71 140 22 43 56 90 23 15

Total 276 184 331

Further, the dataset consists of 2443 unique words with occurrences with minimal

occurrence of 1 and a maximum occurrence of 800. The combined word statistics

are as shown in Figure 1 and words that occur the least amount of time are shown

in Figure 2.

Figure 1—Overall word statistics for the developed dataset

3.3 Metrics

We use the following evaluation metrics for phrase classification in this work.

• Precision (P), Recall (R) and F1-Score (F1): Precision is the ratio of correctly

predicted positive observations to the total predicted positive observations. The

recall is the ratio of correctly predicted positive observations to all observations
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Figure 2—Word statistics for words with <20 times of occurrences.

in the actual class. F1 Score is the harmonic mean of Precision and Recall.

• Cluster Homogeneity (HOMO): Homogeneity is computed by assigning each

cluster to the class which is most frequent in the cluster, and then the accuracy

of this assignment is measured by counting the number of correctly assigned

phrases and dividing by N.

Homogeneity(Ω, C ) =
1

N

∑

k

max
j

|ωk ∩ cj | (1)

where Ω = {ω1, ω2, . . . , ωK } is the set of clusters and C = {c1, c2, . . . , cJ } is the

set of classes. We interpret ωk as the set of phrases and cj as the set of input

phrases which are classified.

• Rand Index (RI): An alternative to this purity of clusters one can view clustering

as a series of decisions, one for each of the N(N − 1)/2 pairs of phrases in the

collection. We want to assign two phrases to the same cluster if and only if

they are similar. A true positive (TP) decision assigns two similar phrases to

the same cluster, a true negative (TN) decision assigns two dissimilar phrases

to different clusters. There are two types of errors we can commit. An (FP)

decision assigns two dissimilar phrases to the same cluster. An (FN) decision

assigns two similar phrases to different clusters. The Rand index (RI) measures

the percentage of correct decisions. That is, it is simply accuracy calculated as

RI =
TP + TN

TP + FP + FN + TN
(2)
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3.4 Algorithms

In this section, we shall present the feature extraction and supervised/unsupervised

algorithms used for classification.

3.4.1 Feature Extraction

In this work, we use three different approaches for feature extraction namely

BERT, TF-IDF and Latent Dirichlet Allocation (Blei, Ng, and Jordan, 2003) cou-

pled with the former two.

1. Bert Transformer: BERT (Devlin et al., 2019) is a trained Transformer Encoder

stack, with 12 encoders as part of the base models and 24 in the large ver-

sion. BERT encoders typically have larger feed-forward networks (768 and

1024 nodes in the base and large respectively) and more attention heads (12

and 16 respectively). BERT was originally trained on Wikipedia and Book Cor-

pus, a dataset containing +10,000 books of different genres. BERT works like

a transformer encoder stack, by taking a sequence of words as input which

keeps flowing up the stack from one encoder to the next, while new sequences

are coming in. The final output for each sequence is a vector of size 728. We

will use such vectors for our phrase classification problem without fine-tuning.

2. Term Frequency: Term Frequency a.k.a BOW or Term Count measures how

frequently a term occurs in a document. Since every document is different in

length, multiple tokens would appear much more in long documents than

shorter ones. Thus, the term frequency is often divided by the document

length (aka. the total number of terms in the document) as a way of normal-

ization.

T F(t) =
Number of times term t appears in a document

Total number of terms in the document
(3)

3. Term Frequency Inverse document frequency: The TFIDF algorithm builds

on the following representation of sentences/documents. Each sentence d is

represented as a vector d = (d1, d2, ...., dF ) so that documents with similar

content have similar vectors (according to a fixed similarity metric). Each el-

ement di represents a distinct word wi . di for a sentence d is calculated as

a combination of the statistics T F (wi ; d) and DF(wi ). The term frequency

T F(wi ; d) is the number of times word wi occurs in document d and the

document frequency DF(wi ) is the number of documents in which word wi

occurs at least once. The inverse document frequency IDF (wi) can be calcu-

8



lated from the document frequency.

IDF(wi ) = log

(

D

DF(w( i))

)

(4)

Here, D is the total number of sentences. Intuitively, the inverse document fre-

quency of a word is low if it occurs in many documents and is highest if the

word occurs in only one. The so-called weight d(i) of word wi in sentence di

is then given as

d(i) = T F(wi ; d)IDF(wi ) (5)

This word weighting heuristic says that a word wi is an important indexing

term for document d if it occurs frequently in it (the term frequency is high).

On the other hand, words that occur in many documents are rated less impor-

tant indexing terms due to their low inverse document frequency. In this work,

we use TF-IDF with Bi-Grams of words.

4. Latent Dirichlet Allocation (LDA): Originally introduced by works of (Blei,

Ng, and Jordan, 2003) is a generative statistical model that allows sets of ob-

servations to be explained by unobserved groups that explain why some parts

of the data are similar. For example, if observations are words collected into

documents, it posits that each document is a mixture of a small number of

topics and that each word’s presence is attributable to one of the document’s

topics.

3.4.2 Clustering Algorithms

1. K-Means: The k-means algorithm is used to partition a given set of obser-

vations into a predefined amount of k clusters. The algorithm starts with a

random set of k center-points (µ). During each update step, all observations

x are assigned to their nearest center-point (see equation 6). In the standard

algorithm, only one assignment to one center is possible. If multiple centers

have the same distance to the observation, a random one would be chosen.

S
(t)
i =

{

xp :
∥

∥xp − µ
(t)
i

∥

∥

2
6
∥

∥xp − µ
(t)
j

∥

∥

2
∀ j, 1 6 j 6 k

}

(6)

Afterward, the center-points are re-positioned by calculating the mean of the
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assigned observations to the respective center-points (see Equation 7).

µ
(t+1)
i =

1

|S
(t)
i |

∑

xj∈S
(t)
i

xj (7)

The update process reoccurs until all observations remain at the assigned

center-points and therefore the center-points would not be updated anymore.

This means that the k-means algorithm tries to optimize the objective function

8. As there is only a finite number of possible assignments for the number of

centroids and observations available and each iteration has to result in a better

solution, the algorithm always ends in a local minimum.

J =

N
∑

n=1

K
∑

k=1

rnk | |xn − µk | |
2 (8)

with rnk =







1 xn ∈ Sk

0 otherwise

The main problem of k-means is its dependency on the initially chosen cen-

troids. The centroids could end up in splitting common data points whilst

other, separated points get grouped if some of the centroids are more attracted

by outliers. These points will get pulled to the same group of data points.

Hence we test three different types of initialization namely K-Means++, Ran-

dom and PCA components with maximal variance

2. Aggolomerative Hierarchical Clustering: This algorithm works by grouping

the data one by one based on the nearest distance measure of all the pairwise

distance between the data point. Again distance between the data point is re-

calculated but which distance to consider when the groups have been formed?

For this, there are many available methods. Some of them are:

– Single-nearest distance or single linkage.

– Complete-farthest distance or complete linkage.

– Average-average distance or average linkage.

– Centroid distance

– Ward’s method - Sum of squared Euclidean distance is minimized.

In this work, we use the ward’s method and group the data until one cluster

is formed. We further use three methods for affinity (distance computation for

linkage approaches) namely Euclidean, Cosine & City Block Distance.

3. Spectral Clustering: Given an enumerated set of data points, the similarity
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matrix may be defined as a symmetric matrix A, where Aij > 0 represents

a measure of the similarity between data points with indices i and j. The

general approach to spectral clustering is to use a standard clustering method

such as K-Means on relevant eigenvectors of a Laplacian matrix of A. There are

many different ways to define a Laplacian which have different mathematical

interpretations, and so the clustering will also have different interpretations.

The relevant eigenvectors are the ones that correspond to the smallest several

eigenvalues of the Laplacian except for the smallest eigenvalue which will

have a value of 0. For computational efficiency, these eigenvectors are often

computed as the eigenvectors corresponding to the largest several eigenvalues

of a function of the Laplacian.

4 RESULTS, EXPERIMENTS & DISCUSSIONS

In this section, we present each of the research questions are presented in brief

along with their results.

4.1 RQ 1.1: Unsupervised Phrase-Rubric Relationship Classification

Originally, clustering makes use of labeled phrases to capture the context of

phrase-level clusters and unlabeled phrases to adapt its centroids. The category

of each phrase cluster is labeled by the label of texts in it. Thus here the clus-

tering is used to generate the classification. Our first research question is how

traditional clustering approaches performance differs from the phrases-rubric re-

lationship classification. To answer this, Precision (P), Recall (R) and F1 metrics

are reported on both as weighed average level and original macro-level (See Ta-

bles 4 and 5). The reason for the weighted average is to make results comparable

across methods, especially with the clustering approach’s sensitivity to sample

size. For weighted average prediction, the dataset predictions are weighed based

on the ratio of the sample of a given category in the dataset. Also as mentioned

earlier, to ensure generalization the dataset splits are made such that words in

train and test set are diverse and overlapping. Further, we present additional met-

rics such as cluster purity (HOMO), Rand Index (RI), Cluster Silhouette (SIL) etc. to

understand the nature of clusters. The results obtained for both the folds across

multiple unsupervised methods are as shown in Tables 4 and 5. Moreover, we

grid search of all the hyperparameters for various algorithms.

From tables 4 and 5 comparing all the results we can see that K-Means produces
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Fold 1

Macro Avg Weighed Average Cluster Metrics

Accuracy P R F P R F HOMO RI AMI SIL

k-means++ (TF-IDF) 0.3697 0.3502 0.34701 0.31755 0.47341 0.36957 0.39493 0.019 -0.005 0.005 0.002

random (TF-IDF) 0.27174 0.21436 0.19521 0.19884 0.31124 0.27174 0.28683 0.027 -0.006 0.012 0.002

PCA(TF-IDF) 0.20652 0.20872 0.20747 0.17234 0.3022 0.20652 0.20179 0.019 0.011 0.005 0.003

k-means++ (BERT) 0.38043 0.32827 0.33661 0.28713 0.5001 0.38043 0.40216 0.027 0.028 0.013 0.226

Random (BERT) 0.17391 0.37754 0.30881 0.16963 0.59236 0.17391 0.1274 0.023 0.011 0.009 0.205

PCA (BERT) 0.11413 0.11156 0.20486 0.09994 0.15941 0.11413 0.1024 0.024 0.026 0.01 0.234

k-means++ (LDA) 0.4293 0.27373 0.2592 0.23891 0.3751 0.42935 0.36447 0.028 0.039 0.014 0.976

Random (LDA) 0.4293 0.27373 0.2592 0.23891 0.3751 0.42935 0.36447 0.028 0.039 0.014 0.976

K-Means

Clustering

PCA (LDA) 0.1413 0.17044 0.19598 0.09595 0.28147 0.1413 0.11498 0.028 0.039 0.014 0.976

Cosine Affinity (TF-IDF) 0.26087 0.22599 0.22488 0.19884 0.2601 0.26087 0.2254 0.041 0.093 0.02 0

Euclidena Affinity (TF-IDF) 0.2663 0.19418 0.20472 0.18799 0.28933 0.2663 0.26072 0.034 0.013 0.011 0.002

Cityblock Affinity(TF-IDF) 0.33152 0.49767 0.26597 0.15312 0.55866 0.33152 0.18576 0.021 0.03 0.004 -0.023

Cosine Affinity (BERT) 0.25 0.18224 0.21951 0.15287 0.25389 0.25 0.1738 0.019 0.008 -0.006 0.002

Euclidena Affinity (BERT) 0.28261 0.20072 0.19133 0.18597 0.30854 0.28261 0.28316 0.035 0.015 0.013 0.004

Cityblock Affinity(BERT) 0.30435 0.57714 0.25472 0.14321 0.70804 0.30435 0.16346 0.026 0.021 0.011 -0.023

Cosine Affinity (LDA) 0.29891 0.20476 0.25232 0.16896 0.27091 0.29891 0.19178 0.042 -0.012 0.024 0.477

Euclidena Affinity (LDA) 0.33152 0.33444 0.25524 0.18398 0.50592 0.33152 0.24947 0.04 -0.013 0.022 0.482

Aggolomerative

Clustering

Cityblock Affinity (LDA) 0.32065 0.30603 0.24969 0.17452 0.45034 0.32065 0.23096 0.026 -0.013 0.004 0.478

K Means Sample Selection (TF-IDF) 0.41304 0.35258 0.27234 0.2713 0.41887 0.41304 0.39264 0.036 0.002 0.016 0.01

Discritized Sample Selection (TF-IDF) 0.21196 0.36059 0.2215 0.16441 0.60518 0.21196 0.18973 0.04 0 0.019 0.008

K Means Sample Selection(BERT) 0.45109 0.34087 0.30922 0.28039 0.42579 0.45109 0.40373 0.038 -0.034 0.02 0.01

Discritized Sample Selection (BERT) 0.2663 0.181 0.23257 0.15539 0.25327 0.2663 0.17572 0.016 -0.023 -0.007 0.009

K Means Sample Selection(LDA) 0.26087 0.25873 0.21727 0.1709 0.35137 0.26087 0.21878 0.015 0.006 -0.009 0.473

Spectral Clustering

Discritized Sample Selection (LDA) 0.35326 0.27121 0.28115 0.25942 0.37531 0.35326 0.34883 0.014 0.014 -0.009 0.457

1
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Fold 2

Macro Avg Weighed Average Clustering Metrics

Accuracy P R F P R F HOMO RI AMI SIL

k-means++(TF-IDF) 0.36413 0.32046 0.33986 0.31261 0.43442 0.36413 0.3811 0.042 0.027 0.026 0.003

random(TF-IDF) 0.2663 0.28733 0.26625 0.24597 0.37864 0.2663 0.29987 0.035 0.012 0.02 0.003

PCA(TF-IDF) 0.2663 0.19071 0.1972 0.1871 0.28021 0.2663 0.26773 0.044 0.009 0.029 0.004

k-means++ (BERT) 0.35326 0.32407 0.29857 0.27175 0.39 0.35326 0.34836 0.023 0.03 0.008 0.247

Random (BERT) 0.33696 0.2485 0.25248 0.23594 0.38003 0.33696 0.34856 0.034 0.035 0.02 0.232

k-means++ (LDA) 0.20652 0.1636 0.20035 0.15224 0.254147 0.20652 0.21426 0.023 0.007 0.008 0.969

Random (LDA) 0.35326 0.29167 0.31812 0.29481 0.38027 0.35326 0.3589 0.023 0.007 0.008 0.969

PCA (LDA) 0.2663 0.28106 0.29243 0.24535 0.38315 0.2663 0.27153 0.023 0.007 0.008 0.969

K-Means

Clustering

PCA (BERT) 0.125 0.2294 0.17946 0.11702 0.31913 0.125 0.12886 0.022 0.023 0.008 0.241

Cosine Affinity (TF-IDF) 0.26087 0.1803 0.24574 0.16725 0.26031 0.26087 0.1971 0.014 0.034 -0.008 0.222

Euclidena Affinity (TF-IDF) 0.33152 0.20736 0.23688 0.18022 0.35104 0.33152 0.2753 0.019 0.013 -0.002 0.169

Cityblock Affinity(TF-IDF) 0.42935 0.26665 0.28221 0.27278 0.41755 0.42935 0.42126 0.033 0.032 0.014 0.182

Cosine Affinity (BERT) 0.29348 0.29348 0.24579 0.13554 0.26948 0.29348 0.15777 0.016 0.003 -0.008 0.204

Euclidena Affinity (BERT) 0.23913 0.48054 0.48054 0.18138 0.4694 0.23913 0.16654 0.022 0.011 0.002 0.223

Cityblock Affinity(BERT) 0.19565 0.16319 0.20386 0.1381 0.22494 0.19565 0.14288 0.016 -0.012 -0.007 0.193

Cosine Affinity (LDA) 0.20109 0.23679 0.17164 0.16349 0.35584 0.20109 0.21048 0.038 0.006 0.016 0.39

Euclidena Affinity (LDA) 0.28261 0.25515 0.28821 0.24402 0.33588 0.28261 0.2885 0.045 0.017 0.022 0.346

Aggolomerative

Clustering

Cityblock Affinity (LDA) 0.21196 0.26006 0.2676 0.20384 0.3732 0.21196 0.23477 0.031 -0.008 0.009 0.353

K Means Sample Selection (TF-IDF) 0.28804 0.29388 0.23026 0.16994 0.50693 0.28804 0.23666 0.036 0.002 0.016 0.01

Discritized Sample Selection (TF-IDF) 0.28261 0.31993 0.31344 0.24516 0.46287 0.28261 0.28912 0.04 0 0.019 0.008

K Means Sample Selection(BERT) 0.29348 0.075 0.24107 0.11441 0.0913 0.29348 0.13928 0.024 0.007 0.012 0.393

Discritized Sample Selection (BERT) 0.45652 0.20798 0.24683 0.20448 0.34264 0.45652 0.36264 0.026 -0.02 0.009 0.257

K Means Sample Selection(LDA) 0.36957 0.29912 0.33057 0.29983 0.3993 0.36957 0.37649 0.052 0.005 0.029 0.41

Spectral

Clustering

Discritized Sample Selection (LDA) 0.2663 0.25042 0.28823 0.24923 0.31161 0.2663 0.27664 0.049 0.013 0.026 0.422

1
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the best result, followed by Spectral clustering and then Agglomerative. More

specifically, K-Means produces the best result of 0.32 F1-Score. While Agglomer-

ative clustering produces high precision and recalls with Euclidean of 0.48 the

macro F1 is lower than 0.2 F1. Further, the behavior is consistent across both the

folds. Further, we see high precision in Fold-2 and has a balanced P and R in

Fold-1, which can be explained by the nature of folds-1, predominantly through

our results we observe that the fold-2 is simpler due to similarity in vocabulary

compared to that of Fold-1. Further for Fold-1, we see high accuracy with Spec-

tral clustering with a score of 0.451. Further in fold-1, we can see the results of

Agglomerative & Spectral approaches are very far from those of K-Means. Com-

ing to feature extractors we can see two major findings. Firstly, TF-IDF produces

the top results in the case of all the algorithms with an average difference of 0.5

F1.

We tested with three different initialization namely K-Means++, Random & PCA

based initialization. We hypothesize that with multiple random tests the ran-

dom initialization would produce results similar to K-Means++ and principal

components with maximum variance indeed produce useful results. Results so

obtained across both the folds are again shown in Tables 4 and 5. We can see that

K-means++ produces results higher than the Random and PCA based initializa-

tion. Additionally, we can also see that random initialization, produces results

similar to that of K-Means++. Meanwhile, the maximal variance components are

indeed weak and biased on the identification of the phrase level classes.

In the case of Agglomerative Clustering, we used ward distance for linkage and

multiple affinity measure namely cosine, euclidean and city block distance met-

rics. Among the three we can see that Euclidean Distance produces the best re-

sults (similar to original wards computation). Cosine distance produces similar

results like that of Euclidean under TF-IDF feature extractor but in rest, the of

the case euclidean outperforms the rest. City block distance produces the worst

performance. Overall agglomerative clustering produces best results of 0.18 F1

using Euclidean affinity on BERT features.

Finally, coming to spectral clustering the behavior is similar to that of K-Means,

most because internally spectral clustering, in turn, uses K-means. The best per-

forming spectral clustering approach gives an F1-Score of 0.28 with BERT fea-

tures similar results could be seen even with TF-IDF feature extraction. K-Means

sample selection produces an accuracy score of 0.451 F1 while discretized hierar-
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chical clustering produces the best result of 0.16 F1.

The results of cluster analysis are as shown in the cluster metrics including ho-

mogeneity, rand index, etc. We can see that across all the metrics the clusters are

not so good. Much of the cluster doesn’t satisfy homogeneity as all of its clusters

don’t contain only data points which are members of a single class. This is visible

through P, R and F1 measures as well. Meanwhile, we can further see the aver-

age mutual information is very low indicating the clusters are completely mixed.

Additionally, we can see that the silhouette is very low for all the experiments

this shows that clusters are extremely overlapping again validated by P, R and F1

metrics. To summarise, our findings are:

• F1 is highest for K-Means with K-Means++ initialization. The findings hold for

spectral clustering as well.

• BERT representation produces the highest results across all the clusters with

higher F1 compared to TF-IDF.

• Agglomerative clustering produces the least results. The same is true with spec-

tral clustering.

• Compared to both the Folds, fold-1 shows better performance than fold-2.

• From cluster analysis, we can see that clusters are overlapping with near-zero

silhouette score and homogeneity.

4.2 RQ 1.2: Supervised v/s Topic Modeling for Phrase-Rubric Relationship

Classification

Previously in section 4.1 we saw a performance of unsupervised models on

phrase-rubric relationship extraction. We could see that among the results BERT

features with K-Means dominated the performance visible by F1 across both K-

Means with K-Means++ and Spectral Clustering. However typically textual con-

tent is expected to contain multiple topics which in our case is Task, Reasoning,

Intuition, Findings. Hence in this research question, we will exploit topic mod-

eling to see if these methods are indeed useful for the process of relationship

classification. Generally, a topic model is a type of statistical model for discover-

ing the abstract "topics" that occur in a collection of documents. In this work, we

use latent Dirichlet’s allocation which predominantly dominated NLP tasks in-

volving topic modeling. More specifically we use version specified by the works

of Blei, Ng, and Jordan, 2003. We further compare performance to straight for-

ward supervised classification models involving SVM with TF-IDF and BERT.
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Table 6—Results of supervised phrase-rubric relationship classifi-

cation

Fold 1 Fold 2

Macro Avg Weighed Average Macro Avg Weighed Average

Algorithm Accuracy P R F P R F Accuracy P R F P R F

SVM + BOW 0.54 0.46 0.41 0.42 0.53 0.54 0.52 0.54 0.38 0.37 0.37 0.51 0.54 0.52

SVM + TFIDF 0.56 0.44 0.4 0.41 0.53 0.56 0.54 0.592 0.45 0.41 0.42 0.64 0.59 0.61

BERT (SVM) 0.56 0.47 0.4 0.41 0.57 0.56 0.52 0.11 0.17 0.29 0.1 0.22 0.11 0.07

BERT (XGB) 0.56 0.49 0.37 0.38 0.54 0.56 0.52 0.55 0.44 0.35 0.35 0.52 0.55 0.5

To answer this, Precision (P), Recall (R) and F1 metrics are reported on both as

weighed average level and original macro-level (See Tables 4 and 5 for LDA and

supervised results are in 6).

Firstly coming to K-means we can see that the performance improves across

all the initialization. For this LDA evaluation, we used K-Means with TF-IDF

features coupled with Latent Dirichlet Allocation. Similar to previous section 4.1

we can see that K-Means with K-Means++ and Random initialization performs

similarly. Further introducing LDA improves results for the most part. However,

the results are significantly lower than the original implementation with only

TF-IDF and K-Means++. Overall LDA contributes to improving accuracy by 0.06

with the drop in F1-Score of 0.08.

In the case of agglomerative clustering, the results are very similar to K-Means,

where the accuracy is improved by 0.07 accuracy with similar F1-Score as shown

in section 4.1 for agglomerative clustering. However, we can also see that the city

block distance shows higher accuracy compared to cosine affinity.

Coming to spectral clustering we see that results are similar to K-Means, how-

ever, there is surprising finding where the results for spectral clustering with

K-Means sampling are lower than that of Discretized Sample selection process.

The difference in results is 0.1 in accuracy and 0.08 F1-Score. Overall with LDA

discretized sampling shows the best results for Spectral clustering. We observe

all the analyses mentioned previously even in Fold-2 except K-Means on spectral

clustering producing higher results than fold-1.

Overall with LDA, we see two major benefits firstly we can see an improvement

in accuracy score. Otherwise overall results are significantly lower. This is be-

cause of two major reasons firstly are several topics, in this work we used total

as four topics during LDA computation. However we believe the semantic cate-
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gories are significantly higher, hence the drop in performance. The supervised

results are as shown in Table 6. We can supervise results significantly outperform

the unsupervised approaches almost by an average of 0.15 F1.

Finally, coming to cluster analysis we can see that the cluster overall is signifi-

cantly reduced as evident by the silhouette score of 0.9 with K-Means, 0.3 with

Hierarchical and 0.4 with spectral clustering. Yet the cluster uniqueness is fairly

limited as evident with homogeneity metrics and rand index where the values

are close to zero.

To summarise, our findings are:

• Firstly, LDA improves overall accuracy across all the unsupervised algorithms.

Further the results are similar to that of section 4.1. The maximum F1 in fold-1

is 0.25 and in fold-2 is 0.29 with spectral clustering.

• Further, spectral clustering shows a unique behavior where the results flip

between discrete and K-Means sample selection. However, the overall perfor-

mance is significantly lower compared to section 4.1.

• Supervised approaches inherently produce higher results compared to that of

unsupervised approaches. Effectively we think because of the forced boundary

which is calculated.

• With LDA we can see the clusters don’t overlap as evident by silhouette score.

However individual clusters are extremely mixed with varying class elements.

5 CONCLUSION

This paper investigated the capacity of both clustering and topic modeling for

the task of classification of phrases-rubrics from complex assignments. Firstly, by

developing a new corpus and annotation scheme, we demonstrated that datasets

in complex assignments are harder to create: in terms of annotation and size;

the balance of classes; the proportion of words; and how often tokens are re-

peated. The dataset so created is imbalanced with the domination of Task and

Finding classes. This is similar, to the dataset of twitter and web corpora which

are traditionally noisy. More interestingly, however, despite imbalance, the task

is inherently harder as the cues are very limited with lower information density

as the classification is fine-grained.

Our second set of findings relates to the traditional approaches studied. In this

work, we studied three clustering approaches involving K-Means, Agglomerative
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and Spectral clustering. We find that K-Means dominates the results with both

TF-IDF and BERT against the rest followed by spectral clustering with K-Means

based sampling. Agglomerative clustering performs the worst across the three.

However the best traditional methods results are significantly lower than that of

supervised approaches which we can see by comparing Tables 4,5 and 6.

Thirdly, we find that with LDA the performance is significantly higher without

LDA especially across the three models. The LDA model improves performance

however the net improvement is fairly limited. The best result of LDA is lower

than the best result without LDA. Further, we find that K-Means++ dominating

the performance throughout. We argue the net improvement is lower in LDA

because of the noisy data and number of topics so present in the dataset. We leave

this investigation for the future. Through this preliminary study, we conclude

LDA improves accuracy, but the net F1-score is lowered.

Fourth, our experiments also confirmed that supervised models are still reliable

as far as phrase-rubric relationship classification is concerned. Where we can see

that the top-performing supervised model has an F1 score of 0.48 which 0.16

higher than best performing supervised model.

Finally, by studying performance with the weighted average, it becomes clear

that there is also a big difference in performance on corpora with the balanced

and imbalanced dataset. This indicates that annotating more training examples

for diverse classes would likely lead to a dramatic increase in F1 which in turn

is expected to improve performance across all the explored RQ’s. Further lower

unsupervised performance warrants significant improvements in features.
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