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Abstract. Prior works have led to the development and application of
automated assessment methods that leverage machine learning and nat-
ural language processing. The performance of these methods have often
been reported as being positive, but other prior works have identified
aspects on which they may be improved. Particularly in the context of
mathematics, the presence of non-linguistic characters and expressions
have been identified to contribute to observed model error. In this paper,
we build upon this prior work by observing a developed automated as-
sessment model for open-response questions in mathematics. We develop
a new approach which we call the “Math Term Frequency” (MTF) model
to address this issue caused by the presence of non-linguistic terms and
ensemble it with the previously-developed assessment model. We observe
that the inclusion of this approach notably improves model performance,
and present an example of practice of how error analyses can be leveraged
to address model limitations.

Keywords: Math-terms · Open-ended responses · Automated assess-
ment · Machine Learning · Natural Language Processing · Mathematics.

1 Introduction

Advancements in artificial intelligence and machine learning research have led
to greater integration of prediction models into educational contexts through
computer-based learning systems. These systems are being used in educational
settings to support teachers and students in a variety of ways. Most prominent of
the supports offered by most learning systems is that of automated assessment.

When assessing open-ended problems, however, the correctness of student
responses can be subjective, where teachers commonly assess students based on
an explicit or implicit rubric that identifies key points that must be included
in a student response to sufficiently demonstrate comprehension. Current auto-
matic assessment methods commonly apply natural language processing (NLP)

? Both authors contributed equally to this research



2 Baral et al.

to build a high-dimensional representation of student responses that is then
combined with various machine learning approaches (e.g. [8, 11, 2, 3]).

In consideration of the challenges in assessing open-ended problems, mathe-
matics based domains make developing automated assessment models even more
difficult, as most traditional NLP techniques were not designed for such a con-
text, with a few recent exceptions [4, 7, 9]. Recent work has identified that the
existence of non-linguistic terms is positively correlated with model prediction
error in models that have outperformed existing benchmarks in this context [1].

This work presents a simple, targeted method to resolve this problem. We call
this proposed method the “Math Term Frequency” (MTF) model and demon-
strate how it can be combined with previously-developed assessment models
to improve performance. Specifically, this work addresses the following research
questions: 1) How does accounting for non-linguistic terms through our MTF
model affect the performance of auto-assessment methods on existing bench-
marks? and 2)Does our MTF method reduce the correlation between non-lingustic
terms and model prediction error?

2 Dataset

To explore and examine the methods proposed in this work, we observe two
datasets consisting of student answers to mathematics open-response questions.
These datasets were collected from ASSISTments [6] and contains 150,477 stu-
dent responses from 27,199 students for 2,076 open-ended math problems scored
by 970 unique teachers (where each response was scored by a single teacher);
this dataset is the same used to establish benchmark results [4] and is used
to directly compare performance against models presented in prior work[4, 1].
Teachers scored responses based on a 5-point integer scale ranging from 0 to 4 ,
with a 4 indicating a very strong and a 0 indicating a very weak response. The
second dataset used in this paper was similarly used in prior work to conduct
an error analysis to identify factors that correlate with prediction error [1]. This
dataset is comprised of student open responses collected in a pilot study of the
QUICK-Comments tool and contains 30,371 scored student responses from 1,628
students for 915 unique open-response questions assessed by 12 teachers.

3 The SBERT-MTF Model

The methods presented in this work target the specific problem of non-linguistic
terms contributing to prediction error. The previously-developed SBERT-Canberra
model outperformed previous decision-tree- and deep-learning-based approaches
[4] by leveraging pre-trained Sentence-BERT embeddings. The challenge, how-
ever, is that only a finite number of words (and sentences, by extension) can
be recognized by these methods. When observing non-lingustic terms such as
numbers and expressions, many such terms may not be represented within the
embeddings (e.g. representing “the answer is 4.3333” with the same embedding
as, for example, “the answer is 2.987” if neither of the numbers are recognized).
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Instead, we propose the “Math Term Frequency” (MTF) method which takes
a much simpler approach, drawing inspiration from assessment methods ap-
plied for close-ended problems. The goal of this method is to supplement the
previously-developed SBERT-Canberra model through ensembling, resulting in
what we are calling the “SBERT-MTF” model.

The MTF method works by first parsing student answers to identify non-
linguistic terms. The function3 splits each student answer by spaces, removes
alphabet-only terms (accounting for punctuation), removing spaces around math
operators, and rounding off large decimals. Once the non-linguistic terms have
been identified, the MTF method involves identifying the most frequently-occurring
terms for each possible integer score as a means of learning a kind of rubric. There
will likely be some terms that are common throughout all scored answers, but
there are likely to be some terms that demonstrate comprehension; similarly,
students exhibiting common misconceptions may arrive at a similar set of in-
correct answers. With this in mind, we select the five most-frequent terms from
the list of parsed non-linguistic terms for each problem. With these, for a new
response for which we want to generate a score, we calculate a set of 5 indica-
tor values representing whether the response contains each of the most-frequent
terms. These features are used in a multinomial logistic regression (following
previous works) that is trained separately for each problem.

The score predictions from the MTF model are then ensembled with the
SBERT-Canberra predictions using another logistic regression model, referred to
as the SBERT-MTF model; to clarify, this ensemble regression model observes
ten features corresponding to the probability estimates produced for each of
the five possible scores for each of the two observed models. The goal of this is
to combine the semantic representation captured by the SBERT method, while
taking advantage of the non-linguistic term matching from the MTF method.

3.1 SBERT-MTF Model Performance

As to directly compare the existing method to the prior works, we use similar
evaluation method and dataset used in [1, 4]. This evaluation method utilizes a
2-parameter IRT model to compare model estimates [10]. The model predictions
are used as covariates within the IRT model allowing for the comparison of
scoring methods that controls for variables of general student ability and problem
difficulty; the number of words in the response is also added as a covariate in this
evaluation model in an attempt to further compare models on their ability to
interpret student answers rather than be based on other more superficial response
features. This evaluation method allows for a fair comparison that accounts for
factors that likely impact score that are external to the observed text of the
student response. For comparison to previous works, we evaluate our method
using three metrics: AUC (see [5]), Root Mean Squared Error (RMSE; calculated
using model estimates as a continuous-valued integer scale), and Cohen’s Kappa.

3 All code used in this work is available at https://github.com/ASSISTments/SBERT-
MTF
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The IRT model performance of the Math terms frequency model as compared
to the performance of the prior models for scoring open-ended responses is pre-
sented in Table 1. The results suggests that the proposed SBERT-MTF model
outperforms the previous highest-performing model across evaluation metrics.

Table 1. IRT Model Performance compared to the models developed in prior works
related to auto-scoring of student open responses in mathematics.

Model AUC RMSE Kappa

Baseline IRT 0.827 0.709 0.370

IRT + SBERT-Canberra 0.856 0.577 0.476

IRT + SBERT-MTF 0.871 0.524 0.508

3.2 Error Analysis of SBERT-MTF

The proposed MTF method was designed to address a very targeted problem
exhibited by the previously-developed SBERT-Canberra model. We therefore
conduct a similar error analysis to observe whether this method impacts the
observed positive correlation between the presence of non-linguistic terms and
model error. For this analysis, we use the second dataset as described in Sec-
tion 2 for a direct comparison with the previous work. While the modeling task
treats scoring as a categorization task, we convert the model predictions to a
ordinal-scale integer value (i.e. 0-4). We calculate model prediction error as the
absolute value of the teacher-provided score minus the predicted score. In this
way, positive values correspond with higher error and values close to 0 represent
low error (high performance) and conduct a linear regression observing absolute
error as the dependent and answer-level features as independent variables.

We compare three models within this analysis to identify how two modeling
decisions presented in this work correspond with observed changes in feature
coefficients. The first model observed is that of the SBERT-Canberra model
reported in [1] as a baseline for comparison. The second model uses the same
SBERT-Canberra method, but trains a logistic regression per problem with the
model predictions as covariates (e.g. similar to the ensembled method described
earlier, without MTF); the intuition here is that problem-specific adjustments
may itself help to account for error in the model. Finally, we observe the ensem-
bled SBERT-MTF model for impacts beyond these other two methods.

The results of the error analysis is presented in Table 2. The results indicate
that the linear model for both Logistic SBERT and SBERT-MTF explains 34.8%
of the variance of the outcome as given by r-squared; this alone suggests that
there is a large portion of variance in the error unexplained by the observed fea-
tures. Among the observed features, similar to the results from [1], nearly all were
statistically reliable in predicting the model error. However, it is arguable that
from the relatively small scale of most coefficients, two of the features exhibit
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Table 2. The resulting model coefficients for the uni-level linear regression model of
absolute error for SBERT Canberra, Logistic SBERT and MTF model.

SBERT-Canberra Logistic SBERT SBERT-MTF

B Std. Error B Std. Error B Std. Error

Intercept 0.581*** 0.017 0.738*** 0.017 0.776*** 0.070

Answer Length -0.008*** 0.001 -0.008*** 0.001 -0.009*** 0.001

Avg. Word Length -0.014*** 0.003 -0.013*** 0.003 -0.014*** 0.003

Numbers Count <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Operators Count -0.006*** 0.001 0.001 0.001 0.004** 0.001

Equation Percent 0.443*** 0.018 -0.062*** 0.019 -0.128*** 0.019

Presence of Images 2.248*** 0.021 2.058*** 0.022 2.018*** 0.022

*p <0.05 **p<0.01 ***p<0.001

more meaningful impacts in comparison to the others: the presence of mathe-
matical expression and presence of images in the student answers. However, with
the introduction of a logistic regression model that follows the SBERT-Canberra
method, the coefficient value of presence of mathematical terms has changed; it
would appear that accounting for problem-level adjustments alone removes much
of the impact of non-linguistic terms in the dataset. Most notably, however, is
that the addition of our MTF method exhibits an even stronger negative corre-
lation between the presence of non-linguistic terms and model error; what once
was a weakness now appears to be a potential strength of the model.

4 Discussion and Future Work

The results of all of the presented analyses illustrate MTF (specifically, SBERT-
MTF) as a promising method to mitigate model error attributed to the presence
of non-linguistic terms. The MTF method represents an intentionally-simple ap-
proach to address a targeted weakness observed in previously-developed models
and seemingly led to positive impacts.

With that, there are still several areas in which these models could be im-
proved, in addition to improving the accuracy of the parsing function. Most
notably, is the remaining correlation between the presence of images and model
error. While this is not surprising, as the models do nothing to account for
images, this remains an unhandled case that cannot be ignored. As it is also
the case that some students include mixtures of natural language, non-linguistic
terms, and images all in the same answer, developing methods to handle such
cases fairly is important for future work.

Similarly, the error analysis suggests that there is a large amount of vari-
ance in model error left unexplained. Previous work [1] identified problem- and
teacher-level factors that seemingly account for much of this unexplained error,
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but this does not provide clear guidance as to how to account for these external
factors fairly within an automatic assessment model.
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