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The exponential growth of literature is constraining researchers’ access to comprehensive information in related fields.
While natural language processing (NLP) may offer an effective solution to literature classification, it remains hindered by
the lack of labelled dataset. In this article, we introduce a novel method for generating literature classification models
through semi-supervised learning, which can generate labelled dataset iteratively with limited human input. We apply this
method to train NLP models for classifying literatures related to several research directions, i.e., battery, superconductor,
topological material, and artificial intelligence (AI) in materials science. The trained NLP ‘battery’ model applied on a
larger dataset different from the training and testing dataset can achieve F1 score of 0.738, which indicates the accuracy
and reliability of this scheme. Furthermore, our approach demonstrates that even with insufficient data, the not-well-trained
model in the first few cycles can identify the relationships among different research fields and facilitate the discovery and
understanding of interdisciplinary directions.

Keywords: natural language processing, text mining, materials science
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1. Introduction
In recent years, an exponential increase in published lit-

eratures has made it impossible to read and sort all interested
works individually and timely. To address this challenge,
an effective solution lies in leveraging natural language pro-
cessing (NLP),[1,2] particularly large language models (LLMs)
like BERT[3] and GPT[4] which have gained prominence.
While pre-training has alleviated the need for high-quality
text dataset, the scarcity of dataset remains a limitation for
LLMs.[5] Thus, acquiring high-quality text entries at a low
cost becomes imperative in advancing NLP for literature clas-
sification and generative AI the same as data in materials
science.[6] As shown from ChatGPT, some bad data has also
been understood by AI even the input has some wrong words.
It means that data is important as well as the “wrong” data.
What we need to pay attention to is how to get enough data.

Since Google put forward the concept of Word2Vec,[7]

the word embeddings[8–11] have become the most popular
method to train the relationship among words. After the
word embeddings, there exist multi-layer perception (MLP),
recurrent neural networks (RNN),[12] long short-term memory
(LSTM)[13] and transformer[14] to capture the semantic mean-
ing. MLP is the same as the logic gate in the integrated cir-

cuit which trains the weight to control the output. RNN[12] is
designed to learn the sequential problem while it has the gra-
dient vanishing problem and gradient exploding problem, so
LSTM[13] is used to replace it. However, recurrent networks
such as RNN and LSTM fail to capture the long text and paral-
lel computing. Attention mechanism is presented[14] and pre-
train becomes a necessary step for NLP such as BERT[3] and
GPT.[4]

The tasks of NLP have been divided into two classifies:
natural language understanding (NLU) and natural language
generation (NLG). For the former task, the NLU needs to han-
dle the text categorization, named entity recognition, question
answering and similarity analysis. While the NLG needs to
generate sentences including machine translation, summariza-
tion, dialogue, etc. BERT belongs to the former and GPT
belongs to the latter. In recent six months (2023.8–2024.1),
the LLMs have been applied in materials science.[15–28] One
of the efforts is to use LLMs, especially GPT-3.5 and GPT-
4, to generate datasets. For example, Yang Jeong Park et
al.[15] generated 1.5 million materials narratives using Chat-
GPT. Samuel J. Yang et al.[16] generated extra DFT data us-
ing GPT-4 and Xiang Zhang et al.[17] did for phosphors data.
Another way is to pretrain or fine-tune the LLMs for differ-
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ent tasks. Andre Niyongabo Rubungo et al.[18] fined tune
T5 to generate the crystal representation. Tatsuya Sagawa et
al.[19] pre-trained T5 with the open reaction database as Reac-
tionT5. Markus J. Buehler[20] fine-tuned MechGPT based on
OpenOrca-Platypus2-13B to train in the mechanics of materi-
als domain. Zhiling Zheng et al.[21–24] discovered novel MOFs
by GPT-4. Daniil A. Boiko et al.[25] used GPT-4 to design
chemical experiments. Xianjun Yang et al.[26] trained Quokka
based on LLaMa-2. Ziyi Chen et al.[27] fine-tuned MatChat
based on LLAMA-2 to predict inorganic material synthesis
pathways. The ChatGPT in the material design has also been
discussed in Ref. [28].

As one of the three crucial elements in machine learn-
ing, high-quality dataset continues to be deficient in scientific
literature. Compounding the issue, these entries can only be
labelled by scientific researchers. This creates a contradic-
tion for NLP in scientific research: we require NLP models to
streamline literature collecting and classifying efficiently, but
the models necessitate sufficient labelled entries. Therefore, it
becomes imperative to develop a rapid and effective method
for data labelling and constructing NLP models tailored to the
needs of scientific researchers.

In this article, we present an effective approach to gener-
ating 10k data entries with NLP models using semi-supervised
learning based on TensorFlow.[29] Our estimation suggests
that about 1000–4000 entries need to be labelled to create a
suitable NLP model, involving approximately 10k entries for
training and testing purposes. We proceed to build four mod-
els: ‘battery’, ‘superconductor’, ‘topological material’ and ‘AI
in materials science’, which we validate with an additional
dataset of 150k entries from Web of Science,[30] demonstrat-
ing impressive robustness of the trained models.

Furthermore, we emphasize the crucial role of the unreli-
able model at first few cycles during the development of NLP
models, as it not only aids in creating effective models but also
reveals intricate relationships among diverse research fields.

2. The concept and theory of text classification
in NLP

2.1. Tokenize the sentence

The core of NLP lies in Word2Vec, which enables the
transformation of human-readable sentences into computer-
manageable vectors. Before Word2Vec, we need to trans-
form the human-readable sentences into corresponding vectors
which are also called as tokenizer.

Taking a sentence for example, ‘I come from E01 group
at the Institute of Physics, Chinese Academy of Sciences’,
we tokenize it into the following words: ‘I’, ‘come’, ‘from’,
‘E01’, ‘group’, ‘at’, ‘the’, ‘Institute’, ‘of’, ‘Physics’, ‘Chi-
nese’, ‘Academy’, ‘of’, ‘Sciences’. These words are then con-
verted into the vector [0, 1, 2, 12, 3, 4, 5, 6, 7, 8, 9, 10, 7, 11],
as illustrated in Fig. 1(a) using the dictionary in Fig. 1(b).

Similarly, for another two sentences, ‘I come from T03
group at the Institute of Physics, Chinese Academy of Sci-
ences’ and ‘I come from SC02 group at the Institute of
Physics, Chinese Academy of Sciences’, we can also trans-
form them into vectors: [0, 1, 2, 13, 3, 4, 5, 6, 7, 8, 9, 10, 7,
11] and [0, 1, 2, 14, 3, 4, 5, 6, 7, 8, 9, 10, 7, 11], respectively.

Importantly, these three sentences can be differentiated
by machine learning: they share the common part, ‘Institute
of Physics, Chinese Academy of Sciences’, while the differing
parts are the various groups labelled as E01, T03, and SC02.

I come from E01 group at the Institute of Physics, Chinese Academy of Sciences

‘I’, ‘come’, ‘from’, ‘E01’, ‘group’, ‘at’, ‘the’, ‘Institute’, ‘of’, ‘Physics’, 

‘Chinese’, ‘Academy’, ‘of’ , ‘Sciences’

Origin sentence: 

Tokenize: 

‘I’: 0

‘come’:1

‘from’:2

‘group’:3

‘at’:4

‘the’:5

‘Institute’:6

‘of’:7

‘Physics’:8

‘Chinese’:9

‘Academy’:10

‘Sciences’:11

‘E01’:12

‘T03’:13

‘SC02’:14

Vector: 

[0,1,2,12,3,4,5,6,7,8,9,10,7,11]

I come from T03 group at the Institute of Physics, Chinese Academy of Sciences [0,1,2,13,3,4,5,6,7,8,9,10,7,11]

I come from SC02 group at the Institute of Physics, Chinese Academy of Sciences [0,1,2,14,3,4,5,6,7,8,9,10,7,11]

(a) (b)

(c)

Fig. 1. (a) An example of transforming the natural sentence into a vector. (b) The dictionary for (a). (c) Another two examples for different
sentences.
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2.2. Word2Vec

The core of Word2Vec is to transform the word into a
vector according for different contexts. What the Word2Vec
or word embedding does is to classify different meanings for
the same word. For example, ‘Chinese’ represents the Chinese
people or the Chinese language. Using Word2Vec learning
from the context we can distinguish it. In the above example,
‘E’ in ‘E01’ represents ‘energy’, ‘SC’ in ‘SC02’ represents
‘superconductor’, while ‘T’ in ‘T03’ represents ‘theory’. The
object of this step is to distinguish their meaning.

2.3. The neural network to classification

As mentioned before, we can use MLP, RNN, LSTM and
even transformer to construct the neural network. Here in
order to reduce the computation cost, we use only one-layer
MLP to do the classification. All the parameters are default

values in TensorFlow to reduce workload. For text classifica-
tion, the input of the model is the text you need to handle while
the output can be the Boolean value: true and false or 1 and 0
representing whether the text belongs to the category or not.

3. Constructing NLP models by semi-supervised
learning
Here, we employ an emotion classification model based

on TensorFlow (GPU v2.6. and CPU v2.10.0, the details are
shown in Data available).[29] Despite the absence of explicit
mentions of happiness or sadness in the text, humans tend to
impart emotions to the sentences. In selecting the emotion
classification model, we take a similar approach, recognizing
that determining whether a text belongs to a specific field or
not also involves human input. The results demonstrate the
strong robustness and reliability of the models.

Initial label 

200-300 entries

Create NLP 
models

Additional 

200-300 entries

belonging to 

this field

ambiguity region 

remained to be labelled*

do not belong to 

this field

Renew the NLP 

models
Labelled by human**

Repeat it 

Ambiguity dataset

* Based on this research, after 4 cycles (about 1k entries), the model become 

work and after about 20-30 cycles (about 5k entries) the model become robust.

** Including two stages: the first is to label whether it belongs to this field or not 

to renew the NLP models and the second is to label what field it belongs if it 

does not belong to this field to construct the ambiguity dataset.

classify

The model gives the predict scores

Score above 0.9

Score below 0.01

Score between 

0.9 and 0.01

Fig. 2. The flow chart for labelling the entries and creating the NLP model for a target field.

The dataset is constructed following the representation in
Fig. 2. Initially, we select about 200–300 entries labelled by
human and build the model based on the emotion classifica-
tion model. This newly built model may exhibit bias in clas-
sifying literatures, but this is not a major concern. Using the
biased model, we predict an additional dataset consisting of
200–300 entries. Among these entries, approximately 5% of
them score above 0.01 (here, ‘1’ represents the literature that

belongs to the target field, while ‘0’ does not; ‘0.1’ represents
a 10% probability of belonging to the target field). Those with
score above 0.001 amount to about 10% of the whole entries.
Thus, we exclusively focus on entries scoring above 0.01. We
find that this value is the balance between precision and speed.
The reduction of this critical value means more entries needed
to be labelled by human. The entries labelled by human in
Fig. 2 include two stages. The first one is to judge whether
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the entry belongs to the target field or not, then it is to label
the entries with key words based on the personal knowledge.
Therefore, some of the manually labelled entries situated in
the ambiguity region as shown in Fig. 2 do not belong to the
target field but are labelled by other key words describing other
fields. This ambiguity region holds vital significance for fur-
ther research, which we will discuss later.

After approximately 30–40 cycles of updating the model,
we achieve a robust model for classifying the literatures, and
simultaneously obtain a dataset for this model having about
10k labelled entries (200–300 entries in each cycle labelled by
both human and the model). Throughout this process, only
around 1000–4000 entries are labelled by human. If we were
to expand this resultant dataset, for example, to include 1M
entries, the number of entries labelled by human might be less
than 10k–15k since only about 1%–3% of the whole entries
score between 0.01 and 0.9 as we find in ‘battery’ model.
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Fig. 3. The number of entries in ‘superconductor’ dataset and the per-
centage of the entries which score between 0.01 and 0.9 (i.e., the am-
biguity region) changes with the iteration cycles when creating the ‘su-
perconductor’ model.

The detail for training the ‘superconductor’ model is pre-
sented in Fig. 3. In the first few cycles, it gave quite bad results
with major entries falling into the ambiguity region. It became

better after about seven cycles. Therefore, we show the de-
tails from the 10th cycle with about 1023 entries labelled. We
observed an emergent distinction during the 10 to 20 itera-
tions, namely, the percentage of the ambiguity entries reduces
to about 5% as shown in Fig. 3. After about 25 cycles, the
model became robust. All data in Fig. 3 is counted based on
the setting of ambiguity region as those with score between
0.01 and 0.9. In fact, after about 20–30 cycles, this setting
(0.01 and 0.9) could be adjusted since the model has been im-
proved much and the number of entries to be labelled by hu-
man may be further reduced.

4. Data analysis
According to the aforementioned flow chart, we possess

approximately 90k labelled entries in ‘battery’ dataset, 25k la-
belled entries in ‘superconductor’ dataset, 15k labelled entries
in ‘topological material’ dataset, and 70k labelled entries in
‘AI in materials science’ dataset. At the same time, the am-
biguity dataset holds substantial importance for NLP models.
These entries offer an opportunity to reveal potential relation-
ships among different fields.

The key words in the ambiguity datasets from the above
four models are presented in Table 1. There are several key
words describing various research topics in each model as la-
belled manually, and some of these key words might appear in
more than two models. They in fact demonstrate the connec-
tions between different research fields. For example, super-
conductor, topological materials, and quantum computing ap-
pear in two models of ‘superconductor’ and ‘topological mate-
rial’ since the topological superconductor realized in topolog-
ical material is highly expected for topological quantum com-
puting. These relationships occur naturally as researchers in
these fields communicate with each other and their literatures
inherently exhibit this connection. Similarly, we observe anal-
ogous phenomena in the ‘battery’ and ‘AI in materials science’
models.

Table 1. The selected key words in ambiguity dataset for four models.

Models Key words in ambiguity dataset
Battery energy such as catalysis, solar energy, supercapacitor

Superconductor topological materials, magnetic materials, quantum computing
Topological material superconductors, quantum computing

AI in materials science DFT, AI in drug, numerical simulation

5. Model prediction power

To conduct a more in-depth analysis, we selected an-
other totally different dataset (different from the dataset used
in training the model) of 150k entries from Web of Science[30]

for testing the prediction power of the model, which primarily
contains the abstracts of various literatures, with a focus on

journals of physical and materials sciences. The score distri-
bution of these entries is depicted in Fig. 4. Clearly, most of
the entries have scores below 0.01, which means that the liter-
atures classified into a target field are a very small part of the
whole dataset. This further confirms the viability and effec-
tiveness of our methods in considering so many subdivisions
included in these literatures.
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Battery

Superconductor

Topological materials

Al in material science

0.40

0.30

0.20

0.10

0.35

0.25

0.15

0.05

0

F
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10-23 10-17 10-11 10-5

Score

Fig. 4. The score distributions for four models.

The research field of battery encompasses complex con-
nections with physics, chemistry, and materials, its relation-
ship with other fields is also intricate. In light of this, we have
chosen the ‘battery’ model for further analysis.

As shown in Fig. 5, there are 6428 entries whose scores
exceed 10−5. Then, we define the confusion matrix elements
for them in Table 2. They are positive (negative) if their scores
are above (below) 0.5. We find 86 positive entries and 6342
negative ones. The true positive (TP) instances, which score
above 0.5 and belong to battery literatures, amount to 82 en-
tries, and the false positive (FP) instances, which score above
0.5 but do not belong to battery literatures, are 4 entries. Fur-
ther, there are 54 false negative (FN) instances, which score
below 0.5 but indeed belong to battery literatures. The left

6288 are true negative (TN) instances, which score below 0.5
and do not belong to battery literatures. The precision of
the ‘battery’ model is 0.953 (82/86) and the recall is 0.603
(82/136). Therefore, the F1 score is calculated to be 0.738,
indicating a high level of accuracy and performance for the
‘battery’ model. It should emphasize that there exist some en-
tries including battery management system (BMS) and Li–S
battery based on electrocatalyst, which may not be labelled as
‘battery’ literature by some researchers, so the recall is under-
estimated.

We conducted a further analysis of the ambiguity dataset
from ‘battery’ model, including the FP and TN datasets, and
the outcomes are depicted in Fig. 6. The center section of
Fig. 6 shows the components and research methods in battery
and the right section is the closely related content to the center
section. Several relationships are evident in the right section,
such as those associated with diffusion or superionic conduc-
tors. For instance, diffusion is a prevalent phenomenon across
physics, chemistry, and biology, while synthesis and dendrite
processes are not only linked to diffusion but also commonly
found in the anode especially Li. Another notable example
is superionic conductors, as solid-state batteries require solid
state electrolytes with high ionic conductivity or in a superi-
onic state. Interestingly, this analysis has led to the discov-
ery of a new superionic material derived from the synthesis
process.[31]

The battery literatures 

(136 entries)*

The battery literatures 

judged by NLP model 

(86 entries)

TP: belong to 

the battery 

literatures 

and scores 

above 0.5

(82 entries)

FP: do not 

belong to the 

battery literatures 

but scores above 

0.5

Attention regions

(4 entries)**

FN: belong 

to the battery 

literatures 

but scores 

below 0.5

(54 entries)

The full dataset 

including 150k 

entries

6428 entries for 

further research

TN: do not belong 

to the battery 

literatures and 

scores below 0.5 

(6288 entries)
* Battery in a more broad sense including battery management system, etc.

** The same concept with Table 1 while it is different from the Fig. 6 

because Fig. 6 includes TN 6288 entries

Fig. 5. The number of entries in full dataset, those with score above 10−5, those classified as TP, TN, FN and FP.

Table 2. The definition of confusion matrix elements true positive (TP), false positive (FP), false negative (FN) and true negative (TN).

The entries belonging to this field The entries not belonging to this field
The entries score above 0.5 true positive (TP) false positive (FP)
The entries score below 0.5 false negative (FN) true negative (TN)
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Electrode

Electrolyte

Experiment

Simulation

Materials in 
battery

Diffusion/
superionic

Dendrite/
phase field

Electrics/
magnetics

Thermoelectric 
material

Dielectric material

Glass/metal glass

6Li/7Li in cold atom

229Th/Li in nuclear 
physics

Battery

Fig. 6. The relationship between battery and other fields given by ‘bat-
tery’ model. Blue frames represent the key words like compositions and
methods in battery field. The purple frames represent some known rela-
tionship with other fields and the orange frames represent the unknown
relationship with battery revealed by this model.

Among these findings, some unexpected relationships
emerged, and they are highlighted in the left section in Fig. 6.
The relationship between dielectric materials and the superi-
onic state is revealed and has been illustrated by the discovery
of Li0.5La0.5TiO3.[32] Bai et al. shed light on the possibility
of glass being in a superionic state.[33] Another surprising dis-

covery relates to 6Li/7Li and 229Th in nuclear physics, which
could be attributed to Li and neutron diffusion, for example,
Li et al. predicted superionic state in LiH2 during nuclear
fusion.[34] Such kind of exploration of ambiguity dataset al-
lows us to gain valuable insights into various interdisciplinary
connections and correlations. These unforeseen connections
offer intriguing insights and open up new avenues for further
exploration and research.

Furthermore, we conducted an analysis of the battery
dataset present in these literatures (6k battery entries in bat-
tery dataset with 90k labelled entries). Specifically, we fo-
cused on key physical parameters such as energy density, ca-
pacity, electrical conductivity, and diffusion coefficient, which
are of primary interest in the field of batteries. The statistical
frequencies of the energy density, capacity, electrical conduc-
tivity and diffusion coefficient in literatures published between
August 2022 and July 2023 are presented in Fig. 7. It is obvi-
ous that energy density of battery mainly locates around 200–
300 Wh/kg while the capacity is within 100–200 mAh/g. More
details are shown in supplementary materials.

Energy density in battery literatures Capacity in battery literatures

Capacity (mAh/g)

Diffusion coefficient in battery literatures

Diffusion coefficient (cm2/s)

Conductivity in battery literatures

Energy density (Wh/kg)
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Fig. 7. The statistical frequencies of the energy density, capacity, electrical conductivity and diffusion coefficient in literatures published
between August 2022 and July 2023.

6. Discussion and conclusion

In this article, we introduce a robust and efficient method
for constructing the datasets and NLP models dedicated to
classifying literatures on condensed matter physics and ma-
terials science. Our approach possesses two significant advan-
tages. Firstly, it will reduce the number of human labelled
entries substantially by about 90%. Secondly, the ambiguity
dataset obtained through this method may uncover potential

relationships among different research fields that were unno-

ticed before. These advantages underscore the effectiveness

and great potential of this method in advancing the scientific

research in various fields.

The most significant challenge faced by the application

of NLP in science is the scarcity of sufficient dataset. How-

ever, our method offers a viable solution, providing ample

entries to overcome this obstacle. Our NLP code can be ac-

050704-6



Chin. Phys. B 33, 050704 (2024)

cessed on GitHub or Gitee. We believe that implementing this
method will accelerate the advancements of NLP applied in
condensed matter physics and materials science. In the near
future, we aim to create personalized NLP models based on
these entries,[35] tailored to meet the individual needs of re-
searchers. Such personalized approach will further enhance
the efficiency and effectiveness of NLP applications.

Program availability
The code has been published on GitHub, Gitee, and Sci-

ence Data Bank. We train it on NVIDIA GeForce RTX 2050
(72 second each epoch for 90k battery entries) and Intel i7-
12700F (550 second each epoch for 90k battery entries). The
personalized model has been internal testing at the Electronic
Laboratory for Materials Science since October 2023.[35] The
data about energy density and ionic conductivity will be pre-
sented at the website of Data Center for Condensed Matter
Physics, Chinese Academy of Sciences[36] step by step at the
end of 2023.
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