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General Guide

For all sections, especially the Dataset section.

1. Voice and tense: we not |; present vs. past

2. One sentence, one idea.

3. Write the full name instead of abbreviations at first mention
 Naming consistency throughout the paper: QLoRA, QLORA, Q-LoRA

4. Grammar traps (e.g., fewer noise, less examples)



. Voice - Use “we”, not “I”

 Use we even if you are the only author. It is the convention in academic
papers.

X In this paper, | propose a new training method.

In this paper, we propose a new training method.

. This does not mean we need to always write in the active voice. Medical
journals often prefer the passive in Methods.

The statistics of biomedical NER datasets are listed in Table 3.



. Tense and Examples

Past Tense

e What you did
e \What others did

Present Tense

e What is always true

® What the paper does




. Tense and Examples

We removed 312 reports without |ICD codes.

Past Tense The model was initialized from the pre-trained GPT-2.

e What you did
e \What others did

We split the data into 8:1:1.

Lin et al. proposed an unsupervised model using pseudo-labeling.

Present Tense

e What is always true

® What the paper does




. Tense and Examples

We removed 312 reports without |ICD codes.

Past Tense

The model was initialized from the pre-trained GPT-2.
e What you did

e \What others did

We split the data into 8:1:1.

Lin et al. proposed an unsupervised model using pseudo-labeling.

Present Tense “We propose ...”; “Table 2 shows ...”

e What is always true The dataset contains 4,392 text reports.

® What the paper does Our model outperforms the baseline approaches.




4 One sentence, one idea.

Although our proposed method achieved better performance than the baseline
methods on most evaluation metrics, the improvement was relatively small, which
suggests that further investigation may still be necessary to determine whether the

proposed method can consistently outperform existing approaches across different
datasets.




4 One sentence, one idea.

Although our proposed method achieved better performance than the baseline
methods on most evaluation metrics, the improvement was relatively small, which
suggests that further investigation may still be necessary to determine whether the
proposed method can consistently outperform existing approaches across different
datasets.

Our method outperformed the baselines on most metrics. However, the
improvement was small. Further experiments are needed to determine whether the
method generalizes to other datasets.




4 One sentence, one idea.

Although our proposed method achieved better performance than the baseline
methods on most evaluation metrics, the improvement was relatively small, which
suggests that further investigation may still be necessary to determine whether the
proposed method can consistently outperform existing approaches across different
datasets.

Our method outperformed the baselines on most metrics. However, the
improvement was small. Further experiments are needed to determine whether the
method generalizes to other datasets.

One sentence, one main idea. Simple is the best.



Naming consistency

 Write the full name at the first mention, with the short form in brackets.

“We fine-tune a large language model (LLM) with quantized low-rank
adaptation (QLoRA). The LLM is ...”



Naming consistency

 Write the full name at the first mention, with the short form in brackets.

“We fine-tune a large language model (LLM) with quantized low-rank
adaptation (QLoRA). The LLM is ...”

 Use the same short form everywhere else in your manuscript.



Naming consistency

 Write the full name at the first mention, with the short form in brackets.

“We fine-tune a large language model (LLM) with quantized low-rank
adaptation (QLoRA). The LLM is ...”

 Use the same short form everywhere else in your manuscript.

¥ QLoRA ... QLORA ... Q-LoRA ... Qlora
QLOoRA ... QLoRA ... QLoORA ... QLoRA



Grammar Traps




Grammar Traps

« X We use BERT model.



Grammar Traps

(4 We use the BERT model. « articles



Grammar Traps

« X Previous researches show...



Grammar Traps

. Previous studies show... « "research” has no plural



Grammar Traps

« X Many literatures have...



Grammar Traps

. Much of the literature has... < neither does "literature”



) Grammar Traps

g We use BERT model.

° We use the BERT model. « articles

g Previous researches show...

° Previous studies show... « "research” has no plural

o Many literatures have...

° Much of the literature has... «+ neither does "literature”

« X Because A, so B.



Grammar Traps

« (4 Because A, B. < English uses one, not both



Grammar Traps

» X Fewer noise; less examples

« (4 Because A, B. < English uses one, not both



Grammar Traps

. Less noise; Fewer examples

« (4 Because A, B. < English uses one, not both



Grammar Traps

. Less noise; Fewer examples

Do not make too many mistakes Iin
your manuscript. Use Grammarly or

Deepl.

« (4 Because A, B. < English uses one, not both


https://www.grammarly.com/
https://www.deepl.com/en/write

Datasets



Overall Structure and the Dataset Section

Depends on where you submit

Depends on where you submit

Main Body (Your Main Paper)

Abstract

Introduction

Related Work (Literature Review)

Methods

Results

Discussion

Conclusion
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Overall Structure and the Dataset Section

Depends on where you submit —>

Depends on where you submit —>

Main Body (Your Main Paper)

Abstract

Introduction

Related Work (Literature Review)

Methods

Results

Discussion

Conclusion

—

Datasets as
a subsection

10



The Purpose of Dataset(s)

* |n machine learning research, the results are data-driven.
* Jo test a model, we use a test set.
* Jo train a model, we use a training set.

* You should explicitly tell readers how you use your dataset(s).

11



Difference between Data and Datasets

* |n an academic paper, you don't just use data; you construct or utilize a dataset.

» A dataset represents a rigorous, reproducible foundation for your experiments.

Data Dataset
State Raw, unorganized, noisy Curated, filtered, refined
Structure Unstructured Structured

Annotation Typically unlabeled Usually labeled




Checklist

* Source: where does the dataset you use come from?

o Statistics: number of instances, class distribution, average length (NLP),
image sizes (CV), and so on.

* Preprocessing & Filtering: Did you remove some weird data or perform
normalization”? Tell readers all.

» Splits: how to split your dataset into training, validation and test sets?

* Ethical Considerations: De-identification, IRB number (for medical papers).

13



Don’t be afraid !!

T A \ A& . . .
@ LHe TV ALEF RN « As we mentioned earlier, Datasets is a

FREEM (194 AfD) subsection in Methods.

MBI R 800g (1OMMR) - EHI 28 - EEA 1R  ATHED 11 " . oy
&N AW2E M1UMR (PR) - FRES I RHE S AN 18 * Writing content in Methods s just like
BIRALK : FRIIHES 2 ARL ~ FH 120ml ~ K7 50ml ~ K& 1 ARE ~ 7K 1500ml writing the ingredient part of a recipe.

LSRR EE4 BTN 4L BINER - BiEOH , - _
« &J Imagine you are writing something to

HED B help others cook (reproduce) a bowl! of beef
JIBERR : SBAERYAR (04545  BRBEK) - BBk  BALREDHE
H > B ESEAIEE BB SR E ARG - noodles (your method)

BEDE : 3ETOZH AR  BE - SESBHRE  BEMARTRE > Bk
VKD AT B S ¥ some beef

B L2 SARATEEY  MAKED EHEIE - BENEBBE A BRI > W 800g beef shank (two pieces)

RIS SN I B R -

1EKER : BMAIRKEM - 4 - 5% > BAIABK (FEBMBEEM) IRAKE - X X We use most of the qualified questionnaire
R \K > DIEIBI 1.5 28 » HEI4 AR TFASREE - responses

We collected 412 responses and excluded 37 that
were incomplete, leaving 375 for the analysis.

REAHEE : HE—IWRK » FEIFREAB I [ RRRERIGEEN - H CFRIRERE - M LR
FERRAVIRARRS » BTG RICRERANA E2 !




Three Kinds of Dataset Section

Before you write, answer one guestion: can your reader get this data?

Public dataset

Private dataset You built 1t

Example

MIMIC, CheXpert

hospital records, your

questionnaire a corpus you annotated

Length

100-200 words

a full subsection often a whole section

Must include

citation, statistics, spilit

how it was made, by whom, how

cohort, inclusion/exclusion, IRB g
good it is

Do not

re-explain the original paper

skip the annotators

15



If you are the middle case

Hospital records and your own questionnaire — nobody can rerun your work.
So the writing has to do the job that reproducibility normally does.

Your reader asks three questions:

1. Where did it come from? — source, data size, content

2. How was it selected, and by whom? — inclusion, exclusion, who decided

3. How do | know it is any good? — agreement, representativeness, ethics

16



M1: Where did it come from?

We obtained the de-identified 2022 electronic medical | €= Source
records from the trauma department of Chang Gung
Memorial Hospital, a Level | trauma center in Taiwan. The

raw dataset comprised 4,392 cases, where each record | €= Dataset size

included free-text discharge diagnoses, ICD-10-CM codes, | €= The content
AlS scores (1998 version, the current standard in Taiwan's

National Health Insurance System), and an ISS score.




M2-1: How was it selected?

Ninety cases were excluded because they could not be
reliably annotated from the discharge diagnosis text alone:
the text lacked sufficient detail, could not be interpreted
without reference to other diagnostic fields, or was

Inconsistent with the recorded diagnhosis codes.

<+ Reasons
< for the data
< removal.



M2-2: Who selected the data?

Who helped the data
selection / creation.

Why the people are
qualified.

What did they do to
select the data

"We recruited nine writers and annotators... all native

Chinese speakers ... trained by the authors until they could

annotate correctly and independently.”

"A physician reviewed cases from this pool of 300 cases,

assessing whether each discharge diagnosis contained

sufficient clinical detalil..."




M3: How do | know it is any good?

*Fleiss Kappa is an example. You need to find a way to show the quality of your data.

“Our dataset shows 0.7934 in Fleiss K, higher than 0.6841 in FEVER
and 0.74 in CHEF, measured from 4% and 3% of those datasets.”

(Evidence and comparisons written.)

“Three physicians independently annotated the data, achieving high

inter-rater agreement (k = 0.801).” & (Evidence written.)

“The annotations from the three physicians showed a high level of

agreement.” & (No evidence and no comparisons.)




Ethical Considerations

You cannot invent this section. This section usually follows a template.
Read your target journal's instructions, then two recent papers from it.

(General case:

1. Who approved it? — "approved by the institutional research ethics board
(approval no. 202500438B0)"

2. What about consent? — "informed consent was waived... because the study
iInvolved retrospective analysis of existing medical records”

3. How were people protected? — "de-identified before analysis... no
identifiable participant images or personal identifiers”

21



Ethical Considerations (example)

1. Who approved it? This retrospective study was approved by the
Institutional Review Board of [Institution Name] (IRB
No. XXXXX). The requirement for informed consent was
2. What about consent? | \yajved because the study involved retrospective
analysis of de-identified clinical data. All patient
3. How were people information was anonymized prior to analysis, and no
protected? personally identifiable information was accessed or

reported.




E "‘ I : 7 Luo, Ling, et al. "An attention-based BiLSTM-CRF approach to document-level
xa p e chemical named entity recognition.” Bioinformatics 34.8 (2018): 1381-1388.

* In our experiments, two corpora (http://www.biocreative.org/resources/) Source
released by the BioCreative challenge were used: the CHEMDNER corpus
(Krallinger et al., 2015) and the CDR task corpus (Li et al., 20106).

« Overall statistics for each dataset are provided in Supplementary Material: Statistics
BioCreative Corpora.

. Like many teams in the challenge, the original training set and development Preprocessing &
set were used as the training set. Filtering

 Then we randomly selected 10% of the training set as the validation set to Splits
tune the hyper-parameters.

* The chemical NER performance was measured with an F-score which

attributes equal importance to precision and recall (F1 score) on the test set. o



A useful order - but not a rule

Order Category Example

In our experiments, two corpora (http://www.biocreative.org/resources/) released by the
1 Source BioCreative challenge were used: the CHEMDNER corpus (Krallinger et al., 2015) and
the CDR task corpus (Li et al., 2016).

Overall statistics for each dataset are provided in Supplementary Material: BioCreative

2 Statistics
Corpora.

Preprocessing & |Like many teams in the challenge, the original training set and development set were

3 Filtering used as the training set.
4 Splits Then we randomly selected 10% of the training set as the validation set to tune the
P hyper-parameters.
This retrospective study was approved by the Institutional Review Board of [Institution
5 Ethical Name] (IRB No. XXXXX), with informed consent waived due to the use of de-identified

Considerations |clinical data. All data were anonymized before analysis, and no personally identifiable
information was accessed or reported.




Example: what would you fix?

Priyadharshini, S., et al. "A successive framework for brain tumor
interpretation using Yolo variants." Scientific Reports 15.1 (2025): 27973.

The preprocessing pipeline accomplished three
essential tasks by performing data augmentations
while standardizing pixel intensity values to the [0, 1]
iInterval and adjusting image dimensions to 512 x 512
pixels. The automated contour refining procedure
enables the mask alignment approach to solve this

problem.




Example: what would you fix? (Ans.)

Priyadharshini, S., et al. "A successive framework for brain tumor
interpretation using Yolo variants." Scientific Reports 15.1 (2025): 27973.

The preprocessing pipeline accomplished three
essential tasks. We performed data augmentations,
standardized pixel intensity values to the [0, 1]
interval, and adjusted image dimensions to 512 x
512 pixels. The automated contour refining

procedure enables the mask alignment approach to

solve this problem.

26



Example: the part you cannot fix

I, The last sentence cannot be fixed without the authors since “this problem” was never stated.

Pre-processing
The preprocessing pipeline accomplished three essential tasks by performing data augmentations while

standardising pixel intensity values to the [0, 1] interval and adjusting image dimensions to 512 x 512 pixels. The
automated contour refining procedure enables the mask alignment approach to solve this problem.

Using Histogram equalization technology enhances MRI brain scans by improving their contrast which
makes tumor detection regions easier to observe shown in Figs. 6 and 7. The initial preprocessing operation
makes it easier for the YOLO model to detect and segment brain tumors correctly.

27



Example: the part you cannot fix

I, The last sentence cannot be fixed without the authors since “this problem” was never stated.

Pre-processing
The preprocessing pipeline accomplished three essential tasks by performing data augmentations while

standardising pixel intensity values to the [0, 1] interval and adjusting image dimensions to 512 x 512 pixels. The
automated contour refining procedure enables the mask alignment approach to solve this problem.

Using Histogram equalization technology enhances MRI brain scans by improving their contrast which
makes tumor detection regions easier to observe shown in Figs. 6 and 7. The initial preprocessing operation
makes it easier for the YOLO model to detect and segment brain tumors correctly.

7 The this check:

Search your draft for “this” and “these”
Every one must point back at a noun the readers have already met in your paper.
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Example: what would you fix?

Priyadharshini, S., et al. "A successive framework for brain tumor
interpretation using Yolo variants." Scientific Reports 15.1 (2025): 27973.

Using Histogram equalization technology enhances
MRI brain scans by improving their contrast which
makes tumor detection regions easier to observe
shown In Figs. 6 and 7. The Initial preprocessing
operation makes it easier for the YOLO model to

detect and segment brain tumors correctly.

28



Example: what would you fix? (small fixes)

Priyadharshini, S., et al. "A successive framework for brain tumor
interpretation using Yolo variants." Scientific Reports 15.1 (2025): 27973.

Using histogram equalization technology enhances
MRI brain scans by improving their contrast, which
makes tumor detection regions easier to observe,
shown In Figs. 6 and 7. The Initial preprocessing
operation makes it easier for the YOLO model to

detect and segment brain tumors correctly.

29



Example: what would you fix? (Ans.)

X Using histogram equalization

technology enhances MRI brain scans
by Improving their contrast, which
makes tumor detection regions easier
to observe, shown in Figs. 6 and 7.
The Initial preprocessing operation
makes it easier for the YOLO model to
detect and segment brain tumors

correctly.

Priyadharshini, S., et al. "A successive framework for brain tumor
interpretation using Yolo variants." Scientific Reports 15.1 (2025): 27973.

Histogram equalization technology

enhances MRI brain scans by
Improving their contrast, which makes
tumor detection regions easier to
observe (Figs. 6 and 7). The initial
preprocessing operation also helps the
YOLO model detect and segment

brain tumors correctly.




Your lTurn




How to cite using BibleX



sciencedirect.com

v ScienceDirect 4 LeapSpace Journals & Books (@ Help Q Search 9O My account fm Signin
ey
Download full issue
Outline Zjﬂmﬁ International Journal of Medical ... Recommended articles ~
L :
Abstract ELSEVIER Informatics BEESE  Czech medical coding assistant

Graphical abstract
Keywords

1. 1. Introduction

2. Materials and methods
3. Results

4. Discussion

5. Limitations

6. Conclusion

CRediT authorship contribution stateme...

Declaration of Generative AI and AI-assi...

Funding

Ethics Statement

Declaration of competing interest
Appendix A. Supplementary data

References

Show full outline v

Volume 220, 1 November 2026, 106592

Original Research Article

MedNLP-Hub: A knowledgebase
platform for biomedical NLP tool
discovery in clinical informatics

Shumin Ren ®1, Yuxin Zhang P 1, Jinyi Zhang @ ¢, Hongmei Lang ¢, Hui Zong °,

Bairong Shen ® & X

Show more v

+ Add to Mendeley o Share 99 Cite

A\
https://doi.org/10.1016/j.ijmedinf.2026.10 \ bntent 2
Under a Creative Commons license 2 > Save to Refworks 7 n access
> Export citation to RIS
Abstract > Export citation to BibTeX
> Export citation to text
Objectives

Biomedical natural language processing (NLP) tools are used to extract

based on transformer networks

Computers in Biology and Medicine, Volume...

Ladislav Leng, ..., JiFi Kylis

Data augmentation based on large
language models for radiological...

Knowledge-Based Systems, Volume 308, 202...
Jaime Collado-Montafiez, ..., Eugenio

Martinez-Cadmara

Negation-based transfer learning for
improving biomedical Named Ent...

Journal of Biomedical Informatics, Volume 1...

Hermenegildo Fabregat, ..., Lourdes Araujo
View PDF

Show 3 more articles v

G FEEDBACK

https:.//www.sciencedirect.com/science/article/pii/S1386505626003321

33


https://www.sciencedirect.com/science/article/pii/S1386505626003321

LaTeX Table

\begin{tabular}{ccc}
A&B & C\\

1&2 &3\

4 &5 &6 \\
\end{tabular}

| = left-aligned
c = center-aligned
r = right-alignhed

34



Summary

1. Use “we”. Describe the dataset in the present tense, what you did in the past.

. One sentence, one idea.

. Never change the naming consistency.

>~ W N

. Ask yourself: can your reader get the data”? The answer decides how much
you write.

5. If your readers cannot get the data, you have to clearly describe where it

came from, how it was selected and by whom, and how you know the data is
good.

35



NEXT WEEK ATTENTION!!

* Next week we will write the Evaluation Metrics and Baselines subsections.
* Please prepare:
* Metrics you use and the details (e.g., custom metric or tool details.)
 Baseline methods in your work
* Experimental settings
* |Implementation details

» Settings for an ablation study

36



Thank you for your participation &



