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Abstract

Revision is a core component of the writing pro-
cess, especially in educational settings. This
paper investigates the extent to which different
textual similarity metrics between drafts and
revisions can serve as indicators of revision
behaviour. We evaluate a number of metrics
across two distinct datasets from the German
educational system: FORMAT (EFL emails)
and DARIUS (argumentative essays in Ger-
man). Our results show that correlations be-
tween metrics and quality improvement vary
substantially between datasets. To foster more
practical research, we provide a user-friendly
Streamlit app that enables nontechnical users to
upload text pairs and receive similarity scores.

1 Introduction

Writing is a process (Flower and Hayes, 1981), and
thus revising a written draft, potentially based on
feedback, is an integral part of the writing process
(Fitzgerald and Markham, 1987; Liu et al., 2014)
with feedback engagement being crucial to success-
ful learning (Azevedo, 2015; Sinatra et al., 2015;
Price et al., 2011; Winstone et al., 2017). Currently,
there are different ways how this is operationalized,
for example through time on task (Jarveld et al.,
2008; Zhu et al., 2020; Braten et al., 2022), keylogs
(Leijten and Van Waes, 2013) — allowing maximal
control of the writing process, but being not always
available — as well as similarity or distance metrics
between draft and revision (Holcomb and Buell,
2018; Cromp and Litman, 2021).

In our study, we focus on the third part, similar-
ity measures, as these are the only measures that
are available when no specific precautions have
been taken to log the writing process itself. We
compare similarity metrics on two (in several di-
mensions quite different) datasets investigating to
what extent the metrics are intercorrelated and how
they interact with overall text quality improvement.

From a practitioner’s perspective, low thresh-
old tools are not readily available. This is the
practical gap we aim to fill. Therefore, we in-
tegrate these measures into a Streamlit app' al-
lowing a non-technical user to upload texts and
their revisions and download similarity scores
as a CSV file. Our code is publicly avail-
able at https://github.com/andreahorbach/
RevisionMeasuresStreamlitApp.

2 Related Work

In the area of argumentative writing in particular,
Zhang et al. (2016) present a system that allows
teachers to monitor the revision process of argu-
mentative essays and that classifies revisions as
centered on content or surface changes. Also in the
context of argumentative essays, Afrin and Litman
(2018) trained classifiers to decide which sentence
revision is better, employing as features also simi-
larity metrics used in our study. More recently, re-
vision quality has also been approached using gen-
erative LLMs and, for example, chain-of-thought
prompting (Liu et al., 2023).

Similar to our experiments to analyze correla-
tions between the magnitude of revisions and grade
changes, Cromp and Litman (2021) show that tf-
idf-based similarity metrics between drafts and re-
visions capture changes in the text that also indicate
grade changes. Also variants of Levenshtein dis-
tance have been used in similar contexts (Schiller
et al., 2024; Miroyan et al., 2025). Similarity met-
rics in general have been used for a wider vari-
ety of applications, such as measuring revision be-
haviour in online encyclopedias (Daxenberger and
Gurevych, 2013) or textual resue in general (Bir
et al., 2012).

"https://streamlit.io
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3 Experimental Setup

We use a variety of textual similarity measures to
quantify revision behaviour. We refer to the first
text as draft and the second text as revision.

The used measurements are:

* Length Difference: length of the revision
minus length of the draft. Higher absolute
values indicate more changes.

* Levenshtein Distance: the minimum number
of insertions, deletions and substitutions (Lev-
enshtein, 1966) necessary to convert the draft
into the revision. Higher values indicate more
changes.

* Longest Common Substring (LCS): The
length of the longest string that exists both in
the draft and the revision. Lower LCS values
indicate more changes across different loca-
tions in the text.

* Greedy String Tiling (GST) (Wise, 1993)
finds all common substrings between draft
and revision of minimum length 3. The lower
the GST, the more changes have been made.’

* Semantic Similarity as measured by the co-
sine similarity between the two texts encoded
as SBERT vectors (Reimers and Gurevych,
2019, 2020).3 A lower value indicates more
semantic changes to the text.

Length difference is measured in our app both on
character and token level. Levenshtein distance,
LCS and GST are measured on character, token
and part-of-speech (POS) level. The POS level
abstracts from the exact content and reflects struc-
tural changes. For example, if a noun is substituted
with another noun in the revised text, this is a lexi-
cal change affecting the content of the text but not
its syntactical structure. We normalize each mea-
sure (except for SBERT which does not have to be
normalized) by the length of the draft.

4 Datasets

Out of the variety of existing revision datasets (Lee
et al., 2015; Pilan et al., 2020; Kashefi et al., 2022;
Velentzas et al., 2024), we conduct our experiments

2We use the Python package gst-calculation v.0.1.2 https:
//pypi.org/project/gst-calculation/.

3We use the model paraphrase-multilingual-MiniLM-L12-
v2.

DARIUS DARIUS
FORMAT Verkehr Energie
# revisions 1,139 902 880
#tokens/text  72.7/88.4  146.1/213.8  153.4/215.5
language L2 English L1 German L1 German
grade 7-9 9-13 9-13
genre e-mails argumentative essays

Table 1: Overview of the datasets used and their key
properties. The average number of tokens per text is
given separately for drafts and revisions.

on two different authentic public datasets collected
in schools in the German educational system. One
of them contains German texts, i.e. typically the stu-
dents’ L1 and the other one English texts, i.e. typ-
ically the L2. As Breuer (2017) showed, revision
processes can differ between L1 and L2 writing.

4.1 FORMAT

The FORMAT dataset (Schiller et al., 2024) con-
tains semi-formal e-mail texts from EFL classes
using the prompts described in Keller et al. (2023).
Students from grade 7 to 9 were asked to first draft
an e-mail asking for specific information, such as
requesting information about a certain language
school in the UK, and then revised it based on ei-
ther automated binary feedback (see Horbach et al.,
2022) about which out of 5 criteria the text already
fulfilled (feedback condition) or based on a generic
feedback (control condition). The dataset contains
a total of 1,139 e-mail text pairs, excluding pairs
where either both or one of the texts was empty.
As a proxy for holistic text quality, we use the sum
of 4 out of the 5 binary scores, excluding one that
only pertains to the e-mail’s subject line.

4.2 DARIUS

The DARIUS dataset (Schaller et al., 2024) con-
tains 4,589 argumentative essays written by Ger-
man high school students about socio-scientific
issues such as energy efficiency. Each student
wrote three texts. They were randomly assigned
one out of two prompts (henceforth referred to as
Verkehr ‘traffic’ and Energie ‘energy’) for the first
writing task. Afterwards, they received feedback
(either generic feedback or automated feedback
based on keywords and a number of text features)
and were encouraged to revise their text. Finally,
they worked on the other prompt as a transfer task.
Only the drafts and revisions from the first task are
used by us. This leaves us with a total of 1,782
essay pairs with two non-empty texts. For holistic
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text quality, we use ability scores derived by Jansen
et al. (2025) through a many-facet Rasch model.

4.3 Dataset Comparison

Table 1 shows an overview of the datasets. The
FORMAT texts are considerably shorter than the
DARIUS texts (see Figure 3 in Appendix A for
more details on the distribution of text lengths).

5 Experiments

In the following, we evaluate the behaviour of the
different revision metrics on two datasets, address-
ing the following research questions: How closely
correlated are the individual measures on our data?
How computationally expensive are they? How do
they correlate with changes in text quality? The
answers to these questions might help practitioners
select a suitable measure for a given task without
spending too much computational resources.

5.1 Analysis 1 - Correlations between revision
measures

In Figure 1 we report Spearman correlations be-
tween the different measures per dataset.* For all
measures, we see that the different variants (token,
character or POS-level) are almost perfectly cor-
related with each other. Only for GST based on
POS vs. characters the correlation is s < .9 in the
DARIUS datasets.

In FORMAT, all measures are highly inter-
correlated (all r4 > .73). In contrast, in both DAR-
IUS datasets, only Levenshtein distance and length
difference are highly correlated (all 5 > .89) as
well as GST and LCS (all r; > .64). The highest
correlation between SBERT and any other measure
in the DARIUS datasets is s = .54 (with LCS
on token basis). Between GST/LCS and length
difference, there is no significant correlation and
between GST/LCS and Levenshtein distance, the
highest correlation for DARIUS is r; = —.29.

This means that it is highly dataset-dependent
to what extent the different revision metrics are
intercorrelated. Figure 6 in Appendix A shows
the distribution of the revision measures in each
dataset and we see, for example, that in FORMAT,
the length difference and Levenshtein distance are
much lower and have a lower variance than in DAR-
IUS but there is a higher variance in the SBERT
measure. Thus, while there are fewer changes in

“Note that Spearman reflects the non-linear relationship

that exists between many of the measures. For comparison, the
Pearson coefficients can be found in Figure 5 in Appendix A.
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Figure 1: Spearman correlations between revision mea-
sures. Asterisks indicate significance at the 5%, 1% and
0.1% level, respectively.



FORMAT DARIUS

0.02 0.05
130 .30 142 .97
11.53 126 .06

length diff - chars
length diff - tokens
levenshtein - chars
levenshtein - tokens 132 .93 141 .56
levenshtein - pos 134 .67 140 .85
Ics - chars 9.77 128 .55

Ics - tokens 136 .13 141 .13

Ics - pos 131 .33 142 .15

gst - chars 5.79 77 .88

gst - tokens 126 .71 136 .92

gst - pos 138.70 143 .14

sbert similarity 219 .83 235 .32

Table 2: Runtime in seconds per measure and dataset
for 100 pairs of draft and revision.

the FORMAT texts overall, they tend to affect the
semantics more than the changes in DARIUS.

5.2 Analysis 2 - Runtime efficiency

To give the user an idea about the resource demands
of the individual measures, we performed run-time
measurements on a MacBook Pro equipped with an
Apple M3 chip and 16 GB of RAM. We report time
to run experiments on 100 text pairs each from the
DARIUS and FORMAT datasets, averaged over 10
runs. We report the average runtime in seconds in a
single-threaded environment (see Table 2) per mea-
sure including the necessary preprocessing. While
measures on the character level are usually more
costly than those on token sequences, this advan-
tage is often leveled out by the need for linguistic
preprocessing, especially on the shorter FORMAT
texts. Practitioners might use these indicators to
make an informed choice which measures to com-
pute, especially when metrics are highly correlated
but vary in the computational costs.

5.3 Analysis 3 - Revisions and holistic scores

Figure 2 shows the Spearman correlation between
each revision measure and a) the holistic score of
the draft and b) the absolute score difference be-
tween the revision and the draft for both DARIUS
prompts taken together and for FORMAT.> Cor-
relations between the score of the draft and each
revision measure are very low for both datasets,
which means that it does not depend on the ini-
tial score how much the students will change in
their text. Regarding the correlation between the
score difference and the revision measures, the cor-
relation is significant for all revision measures for

SDue to missing scores for at least one of the texts, 211 text

pairs from DARIUS and 645 from FORMAT were excluded
from this analysis.

FORMAT DARIUS
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Figure 2: Spearman correlations of holistic scores with
our revision measures for the draft and for the score
difference between draft and revision.
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FORMAT, indicating that the more revisions there
are (on all levels), the more does the score change
(for better or worse). For DARIUS, however, only
length difference and Levenshtein distance corre-
late with a difference in score. Note that on average,
for both datasets the revisions did not improve the
scores: the median of the score difference is (close
to) 0 and there are also revisions that worsened
the score, see Figure 4 in Appendix A for details.
Again, we see that it is extremely dependent on the
dataset which measure predicts an impact of the
revision process on the final score.

6 Conclusion and Future Work

Our experiments have shown that there is not one
best similarity measure to quantify revision be-
haviour and that the choice should be heavily in-
fluenced by the dataset at hand and the compu-
tational resources. Therefore it is important that
practitioners can explore such methods freely as
implemented by our Streamlit app (see Appendix
B). Our goal in future work is to combine keylog-
ging and revision measures so that changes can be
tracked on a more fine-grained level (cf. Schaller
et al., 2026a,b).

Limitations

The similarity measures behave differently for dif-
ferent languages. We already cover German and
English, but logographic languages (like Chinese)
or languages with a much richer morphology (such
as Turkish or Finnish) might show substantially
different behaviour or would require additional pro-



cessing steps such as lemmatization.

Our analysis was based on only two datasets,
which showed a different behaviour with regard to
the revision measures, e.g. their intercorrelations
and correlations with holisitc scores. More datasets
would be needed to investigate this issue more fully.
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A Additional Evaluations
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B Streamlit App

Configure Parameters

Language for processing

English

Revision Measures

All revision measures (%)

Length Difference @ Length Difference &
(tokens)
Levenshtein @ Levenshtein (tokens) &) Levenshtein (POS) @
GST @ GST (tokens) @ GST (POS) @
s @ LCS (tokens) @ Lcs (PoS) @
SBERT
Value Type

Choose between raw values and values normalized by essay length

© Raw Values

Normalized Values

Upload File

Upload an Excel or CSV file. For a csv file, the delimiter has to be a comma. The input file needs to have the two columns

textl and text2. Any other columns will be ignored.

Q) Drag and drop file here
Limit 200MB per file « XLSX, CSV

D Format_small.csv 15.1k8

‘. Run |
Preview
token  betreff_1

0 03QWt Meadow Campground

1 08MXG Learn [Hg”sh at the Central School

2 oav Application

3 0cF Campingtrip

4 0y

5 OH4Yu  Englich abgrade

6 o4 camping holidays

T 0JTXt

& olzZfy  searchingfora campingground

9 ONN Learn [Hg”sh at the Central School
Download

Download processed Excel file

Browse files

textl

Dear mister Sullivan, | would like to spent myvacation with my
Hello Mrs. Black, my Name is Kim Weber and i have some quest
Hello ¥m Kim Weber, I courst
Hello my name is Kim Weber, | have the Plan with my Friends t
Dear mis. Weber, i have a question for the campgrund. Is on the
hello my name is Kim Weber i wil

Dear Sir or Madam, | have some questions to your campground,
Hello Mrs. Black, my name is Kim Weber and i will visiting the Ct
Dear sullivan, The reason | am witing to you is because I have sc

hello, my name is Kim Weber. | m need three week course possi

Figure 8: Sceenshot of our Streamlit app.
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