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Abstract

As intelligent textbooks become more ubiquitous in classrooms and educational
settings, the need to make them more interactive arises. An alternative is to ask stu-
dents to generate knowledge in response to textbook content and provide feedback
about the produced knowledge. This study develops Natural Language Processing
models to automatically provide feedback to students about the quality of sum-
maries written at the end of intelligent textbook sections. The study builds on the
work of Botarleanu et al. (2022), who used a Longformer Large Language Model
(LLM) to develop a summary grading model. Their model explained around 55%
of holistic summary score variance as assigned by human raters. This study uses a
principal component analysis to distill summary scores from an analytic rubric into
two principal components — content and wording. This study uses two encoder-only
classification large language models finetuned from Longformer on the summaries
and the source texts using these principal components explained 82% and 70% of
the score variance for content and wording, respectively. On a dataset of summaries
collected on the crowd-sourcing site Prolific, the content model was shown to be
robust although the accuracy of the wording model was reduced compared to the
training set. The developed models are freely available on HuggingFace and will
allow formative feedback to users of intelligent textbooks to assess reading com-
prehension through summarization in real time. The models can also be used for
other summarization applications in learning systems.
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Introduction

Intelligent textbooks have become increasingly popular in recent years as the
COVID-19 pandemic pushed many learners into online classes (Seaman & Sea-
man, 2020) combined with advances in Natural Language Processing (NLP) that
have made human-machine interaction more accessible (Brusilovsky et al., 2022;
Wang et al., 2021). Intelligent textbooks have many advantages over print textbooks,
including the integration of multimedia elements such as video, audio, and hyper-
links. While some studies have demonstrated no significant difference in learning
between digital and print textbooks (Rockinson-Szapkiw et al., 2013), a more recent
and comprehensive meta-analysis of 26 studies reported that interactive features such
as those in intelligent textbooks improve reading performance with a moderate effect
size across multiple knowledge domains (Clinton-Lisell et al., 2021). Additionally,
college students prefer the lower cost and ease of use of intelligent textbooks (Ji et
al., 2014; Chulkov & VanAlstine, 2013).

A textbook should be more than a static web-based version of a traditional paper
textbook to be considered intelligent. Instead, an intelligent textbook should be inter-
active and adapt to the individual user’s needs. Various forms of artificial intelligence
techniques can be employed to accomplish the goal of interactivity, including the use
of Transformer-based Large Language Models (LLMs). LLMs have been used for a
variety of purposes, including summary generation (Khandelwal et al., 2019), ques-
tion answering (Shao et al., 2019), text classification (Wolf et al., 2020), validation
of peer-assigned scores in massive open online courses (Morris et al., 2023b), and
question generation tasks (Lopez et al., 2021).

Previous research indicates that writing about textbook content in tasks such as
summarization can increase learning outcomes in various content domains (Graham
et al., 2020; Silva & Limongi, 2019). However, scoring summaries is time-intensive
for instructors, paving the way for automatic approaches to summary scoring (Laga-
kis & Demetriadis, 2021). This study is part of a larger project called Intelligent
Textbook for Enhanced Language Learning (iTELL) to develop a computational
framework that converts static, web-based textbooks into interactive, intelligent text-
books. iTELL converts any type of machine-readable text into an interactive web-
app, and students can write summaries directly in the application. These summaries
can be scored automatically by LLMs specifically trained to generate scores which
inform qualitative feedback to students related to content and wording. Students can
use the feedback from these models in different ways, including to reflect on and
guide their learning, identify and correct misconceptions, review missed topics, and
prepare for upcoming materials. As such, while iTELL is being developed in the con-
text of intelligent textbooks, it also has multiple applications outside of that context.

The goal of this current study is to report on the automated summary evaluation
models integrated into iTELL and discuss how feedback is automatically provided
to the users of intelligent textbooks. Based on pretrained encoder-only LLMs, our
models can help students develop their knowledge while providing important infor-
mation about reading comprehension to teachers and material developers (Phillips
Galloway, & Uccelli, 2019). Specifically, we provide an overview of LLMs that pro-
vide a formative assessment of summaries. These include models based on RoOBERTa
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(Liu et al., 2019) that predict scores based only on the summary due to constraints
on the maximum sequence length, and models using Longformer (Beltagy et al.,
2020), which are capable of an increased max sequence length, allowing them to
predict summary scores while including considerably more text from the textbook as
context. Because iTELL is designed to be domain agnostic, the models must provide
accurate feedback to users regardless of the textbook topic. To that end, the models
were trained on a dataset comprising source texts on a wide range of informative top-
ics. The research questions that guide this study are the following:

1. To what extent does the inclusion of source text from the textbook improve the
accuracy of the LLMs in automatically scoring summaries?

2. Does unsupervised pretraining on a large dataset of texts in the target language
domain improve performance on the LLMs?

3. How well do automated summary evaluation LLMs perform when they are used
outside of the context of the dataset and labels considered during their training?

Related Work
Intelligent Textbooks

The earliest intelligent textbooks were designed in the 1990s using the principles
of knowledge engineering, in which the textbook would be designed and produced
by domain experts (Brusilovsky et al., 2022). Early work in designing intelligent
textbooks included the development of hypertext (Bareiss & Osgood, 1993), which
allowed students to navigate the book efficiently (Brusilovsky & Pesin, 1998). One
of the first web-based interactive textbooks included ELM-ART, an intelligent, inter-
active textbook to teach programming introduced in 1996 (Weber & Brusilovsky,
2016).

The development of intelligent textbooks has increased in the past decade as com-
putational tools become more sophisticated and accessible (Sosnovsky et al., 2023).
More recent research has included mining student behaviors in intelligent textbooks
and using those data to provide an individualized learning experience. For instance,
Lan and Baraniuk (2016) developed a muti-armed bandit algorithm that uses results
from previous assessments to identify and recommend pedagogical activities opti-
mally individualized for each student. Learner behavior such as failure to correctly
answer comprehension questions can also be used to adaptively modify the content of
textbooks, thus recommending materials to remediate comprehension gaps (Thaker
et al., 2020). Other research has shown that student behaviors in intelligent text-
books, such as annotation and highlighting, can predict student success in the course
(Winchell et al., 2018) and that concept or keyphrase extraction using annotation by
trained experts can be used as training data for machine learning algorithms (Wang
etal., 2021).

Researchers have also used NLP techniques to construct semantic maps of text-
books which can be used to integrate the textbook with resources available on the
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web (Alpizar-Chacon & Sosnovsky, 2021; Labutov et al., 2017). In addition, part-of-
speech taggers have been employed to develop question generation tools that auto-
matically generate and embed comprehension questions into intelligent textbooks
(Kumar et al., 2015). Generative Transformer neural networks such as GPT-2 have
also been used to develop language generation tools to provide information to stu-
dents within intelligent textbooks (Yarbro & Olney, 2021).

Summarization and Reading Comprehension

Text summarization is a valuable tool to build and assess student knowledge (Head
et al., 1989) that has become more common in educational applications (Graham &
Harris, 2015), especially in readability assessments like those found in intelligent
textbooks (Phillips Galloway & Uccelli, 2019). Writing tasks like summarizations
also help students build and consolidate their knowledge about reading materials in
addition to their effectiveness in reading comprehension assessment. A meta-analysis
of 56 experiments on the effect of writing on learning by Graham et al. (2020) found
an average weighted effect size of Hedges’s g=0.3 (p<.005) between pre and post-
tests for students who used writing to learn from texts. This effect size held, regard-
less of whether the knowledge domain was science, social studies, or mathematics.
These results may be due to the increased cognitive demands of writing, a process
in which the learner must actively reconstruct knowledge from the text (Nelson &
King, 2022). For instance, Galbraith and Baaijen (2018) contend that writing con-
sists of two separate domains, one in which knowledge from the text is retrieved and
manipulated and one in which the author actively uses their understanding of the
world to construct text. Concurrent research by Silva and Limongi (2019) indicates
that the practice of summary writing may help to consolidate the knowledge gained
from reading into long-term memory. Despite the effectiveness of summarization in
education and assessment, providing feedback to learners about the quality of sum-
maries is time-consuming for educators (Gamage et al., 2021), making summariza-
tion challenging to scale.

Automated Summary Evaluation

An essential component of intelligent textbooks is the capacity to provide formative
feedback to students about their comprehension, and real-time feedback provided
by Al is effective at improving reading comprehension (Chen et al., 2021; Kim et
al., 2020). Before the development of deep learning approaches to NLP, automated
summary evaluation (ASE) was primarily performed by comparing the summary
being tested with a professionally produced reference summary. Algorithms such as
ROUGE (Lin & Hovy, 2003), closely related to BLEU (Papineni et al., 2001), were
used to provide summary scores based on word and phrase co-occurrence between
the test summary and the reference summary. While ROUGE is correlated with
human judgments of summary quality and is actively used in the training of summa-
rization algorithms (Ganesan, 2018; Scialom et al., 2019), it is biased toward surface-
level lexical features, a limitation which can be addressed using more advanced NLP
features including word embedding approaches (Ng & Abrecht, 2015). More impor-
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tantly, ROUGE and BLEU approaches require the use of reference summaries cre-
ated by a human expert, which are resource intensive and impractical in the context
of intelligent textbooks like those generated with the iTELL platform.

Recent developments in NLP allow more sophisticated feedback approaches for
open-ended reading assessments like text summarization. For instance, Crossley et
al. (2019) developed a summarization model to predict ratings of main idea integra-
tion in student summaries using lexical diversity features, a word frequency metric,
and Word2vec semantic similarity scores between summaries and the correspond-
ing source material. The model explained 53% of the variance in ratings. Martinez-
Huertas et al. (2019) used latent semantic analysis to embed summaries into semantic
vector spaces where the rubric scores could be extracted. Their method achieved a
Pearson’s correlation with scores from expert raters between 0.78 and 0.81. With the
rise of LLMs, new methods of automated summary evaluation have been evaluated.
For instance, Botarleanu et al. (2022) used LLMs to predict overall student summa-
rization scores derived from an analytic rubric, explaining ~ 55% of score variance.

Current Study

The NLP models discussed above show the potential for open-ended assessments of
text comprehension through summarization in intelligent textbooks. To fulfill their
purpose in the context of the iTELL framework, the models should accurately score
summaries of source texts on any topic. The current study expands on the work of
Crossley et al. (2019); Botarleanu et al. (2022); Morris et al. (2023a) which used a
similar dataset of summaries on sources covering a variety of topics. First, instead
of using the raw scores from an analytic rubric, we consolidated the scores into two
principal components and used those as labeled data in model training. Second, we
assessed the extent to which domain adaptation of the models improves scoring
accuracy.

Methods

Four different datasets were used in this study, listed for reference in Table 1. Dur-
ing training, we used a training dataset used for finetuning the models and a dataset
from Commonlit used for domain adaptation. We also used two datasets for post-hoc
tests of validity and generalizability - a dataset of professional summaries found in a
textbook available on OpenStax, and a dataset of summaries written by participants
recruited through the Prolific crowdsourcing platform. Each of these datasets will be
discussed in more detail in the subsequent sections.

Table 1 List of datasets

Name Use Sources N Summaries N
Training Finetuning 101 690
Commonlit Domain adaptation 6 93,484
Textbook Post-hoc testing 94 94

Prolific Post-hoc testing 4 113

@ Springer



International Journal of Artificial Intelligence in Education

Data

Our summary training corpus comprises 4,690 summaries written by high school,
university, and adult writers collected by three higher education institutions between
2018 and 2021, corresponding to 101 source texts. Crossley et al. (2019) and Botar-
leanu et al. (2022) used a subset of this data. The training corpus consolidates sev-
eral different data sources, including summaries written by workers on Amazon’s
Mechanical Turk service (Li et al., 2018), summaries written by undergraduate col-
lege students, and summaries written by high school students. Source texts consider
a variety of topics, such as the effect of UV radiation, diabetes, computer viruses, red
blood cells, and the dangers of smoking. The sources had a mean word count of 308.5
(SD=130.49) and thus may be shorter than sections in an intelligent textbook. How-
ever, the topics were academic and therefore, similar to topics from intelligent text-
books. Each source had an average of 46.44 summaries written for it (SD=62.12),
with a maximum of 258 summaries and a minimum of 10. The summaries had an
average of 75.18 words (SD=50.51).

The formatting of the summary dataset was not uniform. For example, in some
cases, source documents included several articles, and only one was summarized by
any individual writer. We checked each source to ensure each summary was paired
with only one properly formatted source. This process of cleaning and normalization
is the first and often most labor-intensive step toward training a machine learning tool
(Shorten et al., 2021). However, cleaned datasets often significantly impact the final
accuracy of the model (Chollet, 2018).

Summary Scoring

Regardless of source, all summaries in the training dataset were scored according
to the same procedure. Two expert raters scored each summary using a 0—4 scaled
analytic rubric to score 7 criteria important in understanding the quality of summari-
zations. The criteria included main point/gist (whether the summary captured the gist
of the source), details (to what extent the summary included all relevant information
from the source), language beyond the source (grammar and syntax), paraphrasing/
wording (avoiding plagiarism and direct copying from the source), objective lan-
guage (accurately reflecting the view of the source), and cohesion (to what extend the
summary was clearly and rationally organized), and text length. Appendix A contains
the rubric used by raters in their assessment of the summaries.

Raters were initially normed on a small set of summaries not included in the final
set of summaries. As such, raters talked through ~ 20 summaries until they were com-
fortable with the rubric. They then scored ~40 summaries until reaching an accept-
able level of inter-rater reliability (»>.699). Afterwards, raters scored summaries
independently by source. Within the prompt, the scored summaries were randomized
to reduce the potential for ordering effects. Also, raters could adjudicate any score
differences greater than 1. Raters did this by talking through the summary with each
other and then deciding whether they wanted to modify their ratings based on the
discussion. If an agreement was not reached, the individual scores were not altered,
but their average was used in subsequent predictions. Final inter-rater reliability was
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acceptable (r>.800 and x>0.700). Average scores between the raters were calculated
for each essay and used for the data analysis.

Dimensionality Reduction

We were faced with several choices because the scoring rubric consisted of seven
criteria,. These included training a single multitask model to predict all seven scores
at once at the cost of accuracy and training seven different models at the expense
of increased compute requirements. A third choice, and the one we selected, was to
conduct a principal component analysis (PCA) to assess the potential to reduce the
dimensionality of the seven analytic scores in the rubric into a smaller number of
constructs.

Before conducting the PCA, the human scores were standardized using z-score
normalization. An initial PCA with all possible factors (n=7) indicated 2 compo-
nents that reported eigenvalues over 0.70 (Jolliffe’s criteria). A Kaiser-Meyer-Olkin
(KMO) measure of sampling adequacy indicated that no variables need to be removed
(i.e., all KMO values were above 0.5), and the overall KMO score=0.87 showed a
“meritorious” sample (Kaiser, 1974). The PCA reported a Bartlett’s test of spheric-
ity, x2 (4690)=11,513.99, p<.001, indicating that correlations between the analytic
scores were sufficiently large for the PCA. Within the components, there was a break
in the cumulative variance explained between the second and the third component.
Considering this break, we decided on a 2-component solution when developing the
PCA. These 2 components explained approximately 73% of the shared variance in
the data from the initial PCA. Figure 1 displays a scree plot showing the eigenvalue,
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Fig. 1 Scree plot of eigenvalues against number of principal components
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or absolute value of the explained variance, plotted against the number of principal
components.

The first component was related to Content (i.e., Component 1), and the analytic
scales of details, main point, objective language use, and cohesion were combined
into a weighted score. The analytic scales for paraphrasing and language beyond the
source were combined into a weighted score designated as Wording (i.e., Compo-
nent 2). Text length did not load into the first components and was removed. Table 2
displays descriptive statistics for all scores, including the principal components. The
component scores were z-score normalized and rescaled such that zero represents
the mean for each principal component, and one unit represents one standard devia-
tion. These transformed scores were used as outcome variables in our large language
models.

Summary Scoring Model

We used two pretrained LLMs to develop summary scoring models. The Transformer
(Vaswani et al. 2017) is a neural network architecture that relies on the self-attention
mechanism and can be trained in parallel in contrast to previous recurrent neural
architectures. LLMs are Transformer-based models pretrained on a large corpus of
text that can be further finetuned for downstream tasks. The LLMs used in this study
were trained using masked language modeling, in which the text is tokenized, but
some tokens are masked. The task of masked language modeling is to predict the
masked tokens based on all the tokens that come before and after the masked tokens.
Because of the cost and time associated with developing an LLM, only a few models
are produced and are freely available.

Pretrained LLM models can be refined in two ways. The primary method of model
refinement is through finetuning. The model is trained on the target task using the
training data with corresponding labels. Unlike generative models such as ChatGPT
(Abdullah et al., 2022) or LLaMa (Touvron et al., 2023), which are trained to predict
the next token in a series given the preceding tokens, this study uses embedding or
encoder-only models which are commonly used in regression or classification tasks.
Encoder-only models include a special classification token at the beginning of the
sequence. As the model processes the language data, the embedding of the classifi-
cation token comes to represent semantic information about the text as a whole. A
classification head, which could be a linear layer or a traditional machine learning

Table 2 Descriptive .statistics' Language domain N Mean SD Min Max

fr?; Smary scores fn the train- Main Point 4,690 3.05 080 05 4
Details 4,690 279 084 0 4
Cohesion 4,690 297 079 0 4
Objective Language 4,690 279 073 0 4
Paraphrasing 4,690 223 091 0 4
Language Beyond the 4,690 226 070 0 4
Source
Content PCA 4,690 8.00 2.04 0.76 10.96
Wording PCA 4,690 351 125 0 6.28
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algorithm, uses the classification token as input to make predictions about the class of
the text. During finetuning, the parameters of the model, as well as the classification
head, are adjusted.

A secondary method is domain adaptation through unsupervised pretraining (Tun-
stall, von Werra & Wolf, 2022). Unsupervised pretraining may be used when there
is a large amount of unlabeled data but a relatively small amount of labeled data. In
this case, the model is trained using masked language modeling on language data
from the target language domain to allow the model greater familiarity with the target
domain. For example, Beltagy, Lo, and Cohen (2019) used unsupervised pretraining
on a scientific corpus to improve the accuracy of the BERT model in that domain.
After domain adaptation, the resultant model is finetuned on the labeled data for clas-
sification or regression specific tasks.

In this study, we considered two LLMs: the RoBERTa base model (Liu et al.,
2019) and the Longformer base LLM (Beltagy et al., 2020). RoBERTa is an encoder-
only Transformer model pretrained on the English Wikipedia corpus and Bookcor-
pus. The Transformer neural architecture relies on attention mechanisms in which,
at every layer, each token embedding is modified by each other token embedding.
As a result, the computational requirements grow quadratically as a function of the
input sequence length. In RoOBERTa, the length of the input sequence is limited to 512
tokens to ensure computational efficiency. While this length is sufficient for many
summaries, it is not long enough to include text from the textbook in the model input.

The Longformer LLM (Beltagy et al., 2020) can handle longer input sequences
by utilizing sparse attention, in which not all tokens are compared with every other
token. Instead, Longformer uses a sliding attention window so that each token only
attends to the tokens a certain number of positions to its left and right. Sparse atten-
tion mitigates the problem of limited sequence length by reducing the computational
complexity of the attention mechanism. In addition to the sliding attention window,
Longformer also utilizes global attention in which specific tokens attend to every
other token. Since attention is bidirectional, all tokens will attend to global tokens
as well. Combining these two types of attention enables Longformer to increase the
max sequence length from 512 tokens to 4,096 tokens while remaining efficient. The
Longformer max sequence length allowed us to include both the summary and source
texts from the textbook in the input sequence. By default, Longformer places global
attention only on the classification token at the beginning of the sequence and uses
a 512-token sliding attention window which moves across the rest of the sequence.
Because the summary is more salient to the score in the task of summary evaluation,
however, we hypothesized that it would be beneficial to use global attention for the
entire summary. This allows tokens in the summary to attend to every token in the
source text and vice-versa. We chose to include the entire summary in global atten-
tion and shorten the sliding window to 256 tokens to conserve compute. To the best
of our knowledge, this approach has not been used in automatic summary evaluation
with Longformers.

We divided the scored summary corpus into training, validation, and test sets. We
selected 15 out of the 101 sources text to comprise the test set only to ensure gen-
eralizability across source texts and prompts (i.e., these source texts were not used
in training or validation). After splitting the data, the training, validation, and test

@ Springer



International Journal of Artificial Intelligence in Education

sets comprised 3,285, 703, and 702 summaries, respectively. Each summary from
the training set was tokenized and fed to the RoOBERTa model during finetuning. For
Longformer, the summary and the source text for the summary were concatenated
using a specific separator token (specifically, “< \s>”) and then tokenized together to
generate the input sequences. These token sequences were used as input data for their
respective models, and the final classification token was used to train a linear regres-
sion head. We trained each model for six epochs with a batch size of 8 and a learning
rate of 3e-05, retaining the best model. We used mean squared error as the evaluation
metric during the training process. After training, we tested each model’s perfor-
mance by predicting the summary Content and Wording scores. We evaluated model
performance in terms of correlation with the human rater judgments and explained
variance (R?).

In addition to the finetuning procedures described above, we also domain-adapted
the Longformer and RoBERTa pretrained models on a different dataset of 93,484
summaries written by middle and high-school students. The summaries were col-
lected from six sources available online through the Commonlit platform. This is the
largest, unlabeled dataset in the target language domain to the best of our knowledge,
and we considered it a reasonable candidate for domain adaptation, although the very
small number of source texts (N=6) meant that, although the models were training
on a large set of student summaries, they were training on only a very small set of
source texts. We used a masked language modeling task to domain adapt the models
for eight epochs with a learning rate of 2e-5. After constructing the domain-adapted
models, we finetuned them using the same methods described above and evaluated
their performance by calculating the correlation between predicted scores and human
rater judgments.

Post-Hoc Analysis

In addition to training and testing the LLMs on the training dataset, we also tested
the LLMs on a dataset of summaries written by experts and a dataset of summaries
written by participants recruited from the Prolific crowdsourcing website on con-
tent within an intelligent textbook. We chose the 2nd edition textbook for Macro-
economics, freely available on the Openstax website (https://openstax.org/details/
books/principles-macroeconomics-2¢). This text consists of 94 sections divided into
21 chapters. Each section includes a professional summary (N=94). In addition to
the material in the sections, the textbook includes pages for key terms, concepts, and
review questions for each section.

We used the best-performing LLM to predict scores for the section summaries pro-
vided in the textbook. We generated two sets of section text and section summaries,
one in which the summaries are matched to the appropriate section and one in which
the summaries are randomized so that they are not matched with the section they
summarize. We predicted the scores for content and wording for the summaries of
each of the 94 sections in the textbook in both the matched and unmatched datasets.
If the model is accurate, the summaries in the matched group would score higher than
those in the unmatched group.
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Tab!e 3 Inter-rater reliabi.lity PCA Criterion QWK
statistics for out-of-domain Contont Organization 0485
dataset
Main Points 0.567
Details 0.611
Wording Voice 0.320
Language 0.531
Wording 0.730
Total 0.576
Table 4 Results from the roberta Content Wording
and longformer models p R p R
RoBERTa (pretrained) 0.82 0.67 0.64 0.36
RoBERTa (domain adapted) 0.83 0.69 0.65 0.42
Longformer (pretrained) 0.91 0.82 0.87 0.70

Longformer (domain adapted)  0.85 0.72 0.78 0.60

In addition to testing the models on professional summaries in the textbook, we
also used the crowdsourcing site Prolific to recruit 60 participants to write 113 short
summaries of sections from the Macroeconomics Openstax textbook. These summa-
ries were scored by two expert raters using the same rubric from the original summary
dataset. Despite extensive efforts of rater norming, inter-rater reliability was lower
than in the original dataset (QWK=0.576). Additionally, quadratic weighted kappa
values showed a large amount of variability between criteria, as seen in Table 3.
Given that reliability was still acceptable in most cases, we generated principal com-
ponents for Content and Wording for each Macroeconomics summary. Finally, we
evaluated the strongest LLM on the Prolific test set by comparing the LLM predicted
scores to the PCA scores derived from human scores.

Results

Comparing Models That Include the Source Text to Models That are Naive to the
Source

The results of comparing predicted scores in the held-out test set of the training data-
set to the actual scores assigned by expert human raters are presented in Table 4. For
Content scores, the Longformer model, in which both the summary and the source
were included in the input, achieved higher accuracy than the ROBERTa model that
considered only the summary (explaining 82% versus 67% of the variance, respec-
tively). For Wording scores, the Longformer model outperformed the RoBERTa
model (explaining 70% versus 41% of the variance, respectively). Scatterplots for
the results are presented in Fig. 2.
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Fig. 2 Predicted scores plotted against actual scores for the four models

Domain Adaptation Through Unsupervised Pretraining

Training from a domain adapted model improved performance slightly in the Roberta
model compared to finetuning from the pretrained model. However, the domain
adapted Longformer model performed worse than the non-domain adapted version
for both content and wording (explaining 72% and 60% of the variance, respec-
tively). Even with reduced performance compared to the base model, the domain
adapted Longformer model still performed better than either of the two RoBERTa
models with no access to the source text.

Post-hoc Tests on the Prototype Intelligent Textbook

While our non-domain adapted Longformer model performed well on the training
data, we further tested it using the section summaries written by the textbook authors
found in the Macroeconomics textbook. We did this by using the summaries and
their matching sections to predict quality scores for content and wording. To create a
comparison group, we also ran the model on the summaries paired with unmatched
source texts. The results are illustrated in Fig. 3. The summaries matched to the cor-
rect sources have scored higher than average in wording and content. The summaries
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Fig. 4 Scatterplot showing correlations between predicted and human scores on prolific dataset

paired with unmatched sources have scored below average in Content and slightly
above average in Wording. The differences between matched and unmatched content
were statistically significant (p<.001) in both domains with large effect sizes, but
Content reported a greater effect size (d=1.56) than Wording (d=0.938).

The accuracy of the Longformer model on the dataset of summaries written by
participants recruited through Prolific was lower than the accuracy on the original
dataset. Pearson’s product-moment correlations showed a strong correlation between
predictions and human scores for Content 7(123)=0.70, p<.001. for Content. How-
ever, the Wording model did a poorer job at predicting human scores 7(123)=0.29,
p=.001. Figure 4 displays scatterplots showing the correlations between the predicted
and human scores in this dataset.
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Discussion

This paper introduces robust LLMs integrated within iTELL to provide formative
assessment for summaries written at the end of chapter sections in intelligent text-
books. These summarization models can assess reading comprehension for students
working within the intelligent textbook, provide feedback to students to help them
better understand their comprehension of material, and deliver an overview to teach-
ers about how well students understand the material provided. The summarization
models presented in this study are more robust than previously reported models,
likely because of the training data provided and because we used a principal compo-
nent analysis on analytic scores from a summarization rubric to aggregate scores into
two summarization criteria: content and wording.

Our gains in performance over those reported in previous studies, especially Cross-
ley et al. (2019) and Botarleanu et al. (2022), are likely the result of using cleaned
training data and training the model on principal component scores that characterize
the summaries in a more condensed representation. The top-performing Longformer
models developed in this study achieved R? values of 0.82 and 0.70 when predicting
human ratings, outperforming RoOBERTa models and previous LLM-based automatic
summary evaluation models, including the Transformer models by Botarleanu et al.
(2022) which achieved R ~55%, and the more semantic approaches used by Cross-
ley et al. (2019) who reported an R? of 0.53.

In answer to the first research question regarding whether there is a substantial
difference in accuracy when a model is provided with both the summary and the
source, a model trained to take both the source and the summary performed better
than one which only had access to the summary. The increased max sequence length
provided by Longformer’s sparse attention allowed us to input both the summary and
the source divided by a separator token, which led to increased accuracy compared
to RoBERTa, which only had access to the summary. The differences are most appar-
ent in the case of Wording, where the model based on the pretrained Longformer
reported almost double the R? value relative to the RoBERTa model.

The answer to the second research question, whether domain adaptation can
improve the accuracy of the summary scoring models, reported mixed results. The
RoBERTa model benefited from domain adaptation, but it was the weaker of the two
models tested. In contrast, finetuning directly on the pretrained Longformer model
produced better results than finetuning on the domain-adapted model. This may be
because the Commonlit dataset with many summaries only included six sources,
which did not provide the language variation needed for the problem space. Instead
of generating models that generalize and provide scores for summaries of any source,
the domain adaptation step may have created models that are specifically adapted to
the six sources in the Commonlit dataset. This hypothesis is supported by the fact that
domain adaptation helped somewhat in the case of the RoOBERTa models in which the
source was omitted from the input. In the case of the Longformer model, the small
number of sources may have resulted in catastrophic forgetting (Ramasesh et al.,
2021), where the model overfitted to those sources and forgot some of the parameters
from its pretraining.
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In answer to the third research question, the analysis of the Longformer LLM on
expert summaries found in a Macroeconomics textbook provided some evidence of
concurrent validity for the developed model. When the model was tested on summa-
ries matched with the correct source, the model outputted scores above the mean on
average for both Content and Wording. However, when tested on summaries matched
with incorrect sources, the Content score was nearly half a standard deviation lower
than the mean on average. In contrast, the Wording score remained above the mean
(although significantly lower than the score when the summaries and sources were
correctly matched). These results make sense because Content scores should more
strongly differ between matched and unmatched source texts. However, Wording
measures include features related to paraphrasing and language beyond the source,
which would be higher in expert summaries, but only partially reliant on the source
text. The results from the Macroeconomics summaries provide evidence that the
models discriminate between matched and unmatched summaries. Summaries are
scored better when paired with the correct source, especially in terms of Content.

The test on summaries solicited from participants on Prolific had mixed results.
The Content model performed well on these summaries. By contrast, although the
Wording model predictions were better than chance, it did not accurately predict
human scores with fidelity. This may be a result of the difficulty in aligning the raters
to the original scoring procedure. Although we had access to the rubric provided in
Appendix A, we did not have access to the rater training procedure. As a result, our
raters were not capable of attaining sufficient agreement with each other and presum-
ably were also not aligned with the original set of raters.

Application

The summary evaluation models developed here were integrated into the iTell frame-
work to assess reading comprehension via end-of-section summarization. The pur-
pose of the summaries is to make the textbooks more interactive and provide students
with opportunities to produce knowledge and test understanding, while having access
to timely personalized feedback. Within iTELL, the summary scoring models have
been combined with several other features to ensure the accuracy of the feedback
provided and to ensure that good-faith efforts are made by students. After students
produce a summary (students cannot cut and paste), and before that summary is
passed to the scoring models, the summaries go through a filter component. The
filter ensures that the summary is between 50 and 200 words, and the summary is
passed through a semantic similarity measure using Doc2Vec (Le & Mikolov, 2014)
that assesses whether the summary is on topic. Additionally, summaries that heavily
borrow from the source text or contain offensive language are rejected without being
analyzed by the LLMs. Source borrowing scores are based on prevalence of overlap-
ping n-grams between the summary and the source (Broder, 1998) while offensive
language ratings are based on occurrences of offensive words or phrases from an
offensive word list (Inflianskas, 2019). These filters help ensure that only effortful
summaries are passed to the models and help reduce the computational load required
by the models.
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Summaries are then run through the LLMs, which are used to develop forma-
tive feedback. Figure 5 displays a screenshot with examples of written feedback that
students may receive from iTELL for high and low-quality summaries on Content,
Wording, source borrowing, and topic similarity. Although numerical scores are cal-
culated for each of these criteria on the back end, the user receives written qualitative
feedback. If the scores are below a certain threshold, the user will be encouraged to
revisit the section and asked to rewrite their summary before moving on to the next
section. In addition, key phrases are identified within the source text using KeyBART
(Inflianskas, 2019), an LLM trained to generate keyphrases. Using KeyBART, stu-
dents are provided with a list of key phrases from the source text not present in their
summary, and are then directed to specific paragraphs or subsections they may not
have included in their summaries to help with revision. These feedback mechanisms
provide the learners with actionable formative feedback beyond the output of the
LLMs. The feedback provided by the summary evaluation tools can help provide
insight into the students’ reading comprehension skills, assist students in reflecting,
summarizing, and articulating what they learned, provide class-level and individual

High Quality Summary

Write your summary for this section You have wiitien 2 summaries for this Saction. 1 passad, 1 faikd
You can unlock the next section by submitting a good summary of
this section © Excetient job on summarizing this section. Please move forward 1o the next saction.

What makes a successful summary ~ VEEZS

Worting: You 8 a geod job of parapheasing words and seniences from the section and using objecive language.
Content: You ¢kl 2 good job of Including key ideas and cetails from the section.

Topic Bormowing: You cid a good job of Using Your awn kanguage to describe the main ideas in the secticn.

woeds koog Topic Simitarty: You di @ 000 job of staying on 1oplc and wreng abos the main kieas of the text

Asutcesstul summary wil

Be wiillen i English

Number of words: 61

Microeccaomi
econcery, indhidus,
standard of iving, unempioyment, and inflation. Macroacancrs

Scoring details v

Submit your summary

Low Quality Summary

Write your summary for this section You have wiiten 2 summanes for Inis section. 1 passed, 1 faikd.
ou can unlock the nexd section by submiting a good summary of

his section @ Before maving o he net section, you wil nesd 10 revise he Summary you Wiote usng ihe feecdack pravided. Ty 1o mciude Ihe folaning key

iseas from the section above: social pollution, central bank, fiscal polcy
What makes a successful summary ~

v Detais
3¢ Wording: You need 10 paraphrase words and ideas in the saction better. FOCUS o using dfferent wards and sentences than thase found in
the section, Also, ¥ 1o use more abjective language (or kess emosonal language)
3 Content: You need to inciude more key ideas and dstais from te section 1o successully summarize he conlent. Consider focusing o the
main igeas of the section and provkiing sUPPAR for thase kieas I your summary.
Topic Bormowing: You dkd a 9ood jod of using your own 1anguage to describe the maln ideas in the secticn.
3 Topic Similarity. To be successtul, you need to bemer stay on topkc. Find the main ideas of I 1ex1 and focus your summsry on hose iceas

A fut summary

fihin 50 ~ 200

Be written in Engish

glarzes
Number of worgs: 53

Use appecpeiate language

This I a very bad summary of the sec

and it s extremedy cf-topc. This summs

blah 1 am areng the woe:
fat the sumemary
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Scoring detalls ~
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Fig.5 Screenshots from iTELL displaying feedback from low and high-quality summaries
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student metrics on textbook comprehension, and help developers redesign the cur-
riculum and the textbook itself.

Conclusion

In this study, we used RoBERTa and Longformer pretrained Transformers to finetune
four large language models to score student-written section summaries automatically.
Although the source texts summarized in the dataset used to train the model are
likely shorter than intelligent textbook sections, the topics were similar (i.e., they
were academic). The accuracy and post-hoc validation scores for the Content models
were strong enough for inclusion into iTELL, especially in the case of the mod-
els finetuned from the Longformer pretrained model. The Wording model showed
promising results but more validation needs to be done using real-world data from
textbooks. The summarization models incorporated into iTell can provide students
with opportunities for open-ended comprehension assessment and interactive feed-
back within intelligent textbooks. Additionally, the models are freely available on
HuggingFace!*, allowing access to learning platforms, researchers, and textbooks
developed outside the iTELL framework.

Although the models are strongly predictive, they have limitations. First,
while the summaries found in the training data are broadly similar to the target
task, and post-hoc tests provided evidence of concurrent validity, more testing
in target domains is necessary to ensure that the model accuracy reported in this
study will transfer to the task of scoring summaries within a variety of different
academic topics. This is particularly the case with the Wording model, since post-
hoc tests showed lower generalizability outside of the training data. Addition-
ally, the models need to be tested on intelligent textbook users to ensure that the
feedback provided by the models leads to increase learning. Another limitation
involves the interpretability of the LLM’s output for teachers and learners. The
two numerical scores provided by the models indicate summary quality. Nev-
ertheless, the feedback provided to users should explain at a granular level the
components of the summaries that lead to the scores and provide actionable sug-
gestions for improvement. Future work should focus on explainable Artificial
Intelligence methods to better understand the decisions within the LLMs that lead
to the scores.

Uhttps://huggingface.co/tiedaar/longformer-content-global
2 https://huggingface.co/tiedaar/longformer-wording-global
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Appendix A - Scoring Rubric

Score Main points/Gist Details Cohesion Objective Wording/ Language Sum-
language Paraphrasing  beyond mary
source length
text

1 Main idea is not State- Ideas are  The Summary Summary  Much
linked to central ments are randomly language showsaheavy showsa shorter
topic not related presented used reliance on very basic or

to the and do is not verbatim copy- under- longer
passage not link objective. ing of source standing of than
to each language. lexical and ex-
other syntactic  pected
structures.

2 Main idea is linked Some key Some Some Summary Summary  Short-
to central topic but  infor- ideas link of the shows some shows an  eror
there is no topic mation to each language use of original under- longer
sentence to bring from the  other used is wording, standing of than
ideas together passage is objective  but there are lexical and ex-

included, examples syntactic  pected
but of verbatim structures.
important or near-

ideas are copy of source

missing language.

3 Main idea is linked Most key Most Most Summary Summary A bit
to central topic infor- ideas are  of the shows evi- shows an  shorter
and there is a topic  mation logically language dence of appro- appro- or
sentence that states from the  presented used is priate levels of priate longer
some aspect of the  passage is objective  paraphrasing. range of  than
content included, lexical and ex-

but some syntactic ~ pected
ideas may structures

be irrel-

evant or

inaccurate

4 Main idea is linked ~ All key All All of the Summary Summary  Ap-
to central topic and informa-  ideasare language shows substan- showsan  propri-
has a topic sentence tion in the logically used is tial evidence excellent  ate
that states the main  passage is presented objective of appropriate  range of  length.
idea. included paraphrasing  lexical and

without use. syntactic
irrelevant structures.
ideas.

Based on Taylor (2013), Westley, Culatta, Lawrence, & Hall-Kenyon (2010)
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