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Abstract

Makers regularly discuss substitution suggestions for materials,
tools, and practices around DIY projects online. However, these sug-
gestions are often lost in the comment sections of projects, which
can lead to mistakes being repeated and slower iterative project
improvements. To address this, we propose utilizing large language
models to identify, collect, and structure substitution suggestions in
users’ comments. We prototyped such a workflow using OpenAI’s
GPT-40 model. To evaluate its performance, we labeled 4193 com-
ments regarding whether they contain a substitution and what it
is about. The workflow successfully identifies substitution sugges-
tions, including the substitute, original, username, and comment ID,
from DIY tutorials on Instructables and YouTube and outputs them
in a JSON format for further processing. We report the quantita-
tive performance metrics F;, ROUGE-L, and BERTScore, qualitative
insights into limitations and benefits, and solutions to reduce the
adverse side effects of generative variability. The collected data is
provided as supplements.
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1 Introduction

Makers regularly exchange substitution suggestions of materials,
tools, and practices [Oehlberg et al. 2015; Tseng and Resnick 2014].
However, apart from project-specific related work [Fernando and
Kuznetsov 2020; Smyth and Helgason 2019] and platforms like
Thingiverse! [Oehlberg et al. 2015], substitution suggestions are
mostly limited to the comment section and easily lost among other
comments [Kuznetsov and Paulos 2010; Tseng and Resnick 2014].
This can stifle project-related exchange and discourage hobbyists
[Tseng and Resnick 2014].

To address this, we propose automatically identifying and com-
piling substitution suggestions in online DIY tutorial comments.

Natural language of comments suggests utilizing the promising
natural language processing capabilities [Min et al. 2023] of large
language models (LLMs), similar to other tutorial domain work
[Chen et al. 2024; Croitoru et al. 2023]. To evaluate the feasibility
and utility of this approach, we prototyped a pipeline using GPT-
40? to (1) collect tutorial and comment data, (2) identify substitution
suggestions in the comments, and (3) extract the related substitute,
original, author, and comment ID in JSON format.

We used this prototype to investigate the following two research
questions as outlined in the methodology section (Section 2):

RQ1: Do LLMs provide a feasible way to identify substitution
suggestions in online DIY tutorial comments?

RQ2: Do LLMs provide a feasible way to organize a substitution
suggestion into a specified format, including the original,
the substitute, and a reference to the underlying online DIY
tutorial comment?

Additionally, we conducted a qualitative analysis to investigate po-
tential influences of comment phrasing on the output performance.
The average performance metrics over all 24 tutorials with 4193
comments are promising, but vary with inconsistent results.
The detailed result tables, full prompts, labeled data, a workflow
figure, and a summary video can be found in the supplementary
materials.

!https://www.thingiverse.com (accessed, October 9th, 2025)
Zhttps://platform.openai.com/docs/models/gpt-4o, (accessed, October 9th, 2025)
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2 Methodology

2.1 Data Collection

We selected 24 tutorials (15 from Instructables, 9 from YouTube),
with 4193 comments in total, with a range of materials, tools, and
number of comments. We collected all user comments with their
respective platform comment ID and author username to retain a
reference to the comment and author.

The GPT-40 model does not accept video input. Therefore, to
create the YouTube tutorial context, we utilized the shot boundary
detector Transnet V2 [Soucek and Lokoc 2020] to identify transition
frames between crafting steps and used the in-between middle
frames representing a step as input images (adopted from [Chen
et al. 2024]). If available, transcripts or captions® are used as text
input.

For the Instructables tutorials, we use the tutorial text and images.
The context is provided to enable the relation and inference of
information.

2.2 Labeling

We created ground-truth data by hand-labeling the comments on
substitution suggestion (true or false), replaced object or process
(original), and substitute.
We define a substitution suggestion as follows:

A substitution suggestion in the maker domain is a

suggestion to replace, remove, or add a material, tool,

or process in a project to change or improve at least

one aspect of the project while keeping the overall

result equal or similar.
We labeled substitution suggestions as false where the author ap-
peared unsure about the substitution feasibility. However, other
users can validate the suggestion, resulting in a true label for the
validation. In cases of missing mention of the replaced object, we
left the replaced object (original) label empty. Multiple substitu-
tions in a comment were considered individually by duplicating the
comment and applying individual labeling. Finally, when multiple
originals were replaced, we listed everything that was replaced in
the “original” label.

2.3 Prompting

We refined our prompts by reviewing different prompt engineering
techniques [Ramesh et al. 2021; Schulhoff et al. 2025]. This results in
an initial 0-shot prompt based on preliminary testing and a second
few-shot prompt that utilizes the insights from our analysis (Section
3).

The combination of tutorial context and comments often exceeds
the 128,000 tokens limit of the GPT-40 model. Therefore, data was
sequenced between multiple API calls, saving the response for the
final prompt. In the initial prompts, we ask the model to analyze
the images and the instructions. Then, we prompt the model to
identify the substitution suggestions in the comments, extract the
requested information, and provide it in a JSON format.

Hallucinated substitutions, verbose explanations, or lists of ma-
terials and tools in the output have been prevented by prompting
to exclude everything except the JSON array.

3https://support.google.com/youtube/topic/9257536 (accessed, October 9th, 2025)
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2.4 Calculating Performance Metrics

To calculate precision, recall, and Fj, we combined the model output
with our labeled data by comment ID matching. Output that did not
match the ID of an existing comment was considered a hallucination
and appended at the end. The resulting tables were then used to
identify true positives, true negatives, false positives, and false
negatives.

To evaluate the content similarity between comment-based sub-
stitution and model-identified substitution, we calculated ROUGE-L
precision [Lin 2004] with word-stemming enabled. Additionally,
we used the BERTscore precision [Devlin et al. 2019] for semantic
similarity comparison for follow-up work and our few-shot testing.

Finally, the correctness of model-provided original and substitute
was determined by hand. The Correct label was applied for output
that was tutorial-related and substitution definition matching (Sub-
section 2.2). A low score means that the model inferred information
incorrectly or used parts of a comment unrelated to the tutorial
project. Correct original and substitute in a marked hallucination
were still counted as such.

2.5 Thematic Analysis

We investigated potential comment-related output influence pat-
terns, acknowledging the LLM black-box-like nature [Liu et al.
2023]. Therefore, we applied an inductive reflexive thematic analy-
sis [Braun and Clarke 2006] that supports identifying themes closely
based on the collected data.

3 Results & Discussion

3.1 Quantitative Analysis

3.1.1 Hallucinations. Notably, most hallucinations (24) occurred
for Tutorial 11, one with low comment count (34), and no substitu-
tion suggestions. Triple the number of hallucinations, compared to
Tutorial 4, which has the second most hallucinations (8). Otherwise,
hallucinations appear low, with no hallucinations in 13 of the 24
tutorials.

3.1.2  Correct Original & Substitute. Extraction correctness appears
promising. Incorrect extraction occurred mostly for unrelated sug-
gestions. In Tutorial 18, users recommended reducing the video
speed to improve comprehension, which was model-identified as
“video”(original) and “slower video mode” (substitute). Surprisingly,
hallucinated substitutions were often correct because they were
generated but usable substitution suggestions.

3.1.3  Precision. The precision score for the substitution appears
low overall. For 15 of the 24 tutorials, at least half of the positive
substitution identifications were false positives, meaning the model
identified a comment as containing a substitution suggestion that
we labeled as false. A lot of the false positives were either unvalidated
questions or incorrect question-answer substitution referencing
(Labeling Rules 2.2).

3.1.4 Recall. The results for the recall score are similar to the
precision score. For 14 of the 24 tutorials, less than half of the
existing substitution suggestions were identified.
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Overall, low precision and recall score results in a low F; score.
Our qualitative analysis attempts to identify patterns that result in
this overall performance (Section 3.2).

3.1.5 ROUGE-L precision. The ROUGE-L precision content simi-
larity metric appeared more promising. For our task, 0 means no
words match, and 1 means that all words match. Scores of 0 were
tutorials with only hallucinated suggestions, meaning the reference
phrase, the comment, was empty. Otherwise, for 20 of the 24 tuto-
rials, at least half of the words matched. However, incorrect words
were often left-out information that was inferred from the model
context.

3.2 Qualitative Analysis

We identified phrasing-related themes like Tone (suggesting, as-
sertive, implicit, explicit), Anecdotal Style, Level of Information, and
Substitution-Related and expected either weaker or stronger model-
based association to substitutions, due to, for example, phrasing
that appears often in substitution suggestions or information obfus-
cation. However, no consistent output performance-based patterns
supported this.

Substitution suggestions in the Social Cues theme are either
unrelated, sarcastic, or meant as a joke, which appear challenging
in LLM identification tasks [Chang et al. 2024]. This was validated
in our analysis with a recurring pattern of false positive scorings
for such comments.

Missing comment information, like the replaced object, was
repeatedly correctly inferred from the context. Incorrect inference
happened mostly when the substitution added something without
replacing anything.

4 Few-Shot Prompting

For output improvisation, we added nine few-shot input-output
exemplar pairs [Schulhoff et al. 2025], based on our qualitative
analysis themes. For each, we collected matching comments from
Instructables and YouTube tutorials outside our dataset.

The average F; score improved from 0.48 to 0.58, but individ-
ual F; scores varied. The average ROUGE-L Precision score de-
creased from 0.63 to 0.2, and the average BERTscore Precision de-
creased from 0.82 to 0.75. After review, no eminent improvements
or changes were apparent in the data.

5 Summary and Future Work

Confirming RQ1, using an LLM to identify and compile substitu-
tion suggestions from comments on online DIY tutorials appears
limited but promising, addressing the potentially tedious process
of processing comments manually. The approach can preserve the
comment-based interaction while reducing the workload to engage
with substitution suggestions from comments.

While performance metrics were low, indicating an inconsistent
extraction reliability, only partially confirming RQ2, comment ID
and author username can reliably be used to identify hallucinations.
Overall, the process can identify such comments and automate a
potentially tedious process, but further investigation is required to
improve the output.
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