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Abstract: This paper explores the potential and challenges of mobile Internet in household investment decisions. The rapid 
development of mobile Internet has brought opportunities and challenges to household asset allocation, especially in promoting 
greater participation in venture asset investment. This paper focuses on the application potential of machine learning in analyzing 
household investment behavior patterns and trends. It reveals the potential household income rules, consumption patterns and 
asset allocation preferences through extensive data analysis. However, machine learning faces many challenges, such as data 
privacy protection, algorithmic interpretation, and data acquisition costs. Finally, the paper calls for further research and 
exploration to deepen understanding of how technological innovation can drive intelligent and optimized household financial 
decisions. 
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1. Introduction 
When households, as microeconomic entities, make asset 

allocation decisions, they often face the dilemma of choosing 
between various forms or combinations of investments. This 
includes decisions between financial and non-financial assets, 
such as housing, or between risky assets (such as stocks, 
bonds, funds, etc.) and risk-free assets (such as cash, deposits, 
etc.). In China's capital market, investors are predominantly 
retail investors, primarily from households. Despite this, the 
"China Household Wealth Survey Report 2019" highlights 
that China's households exhibit a simplistic financial asset 
allocation structure, with cash, demand, and time deposits 
accounting for nearly 90%. The likelihood and extent of 
household participation in risky asset investments remain low, 
a phenomenon known as the "limited participation mystery." 

The advent of the mobile internet marks the fifth 
technological development cycle in the computing realm, 
following mainframes, minicomputers, personal computers, 
and desktop internet, and is considered a significant 
breakthrough in the internet domain. With the proliferation of 
mobile devices like smartphones and tablets, services such as 
instant messaging and mobile payments have flourished. As 
the latest phase in internet evolution, the mobile internet 
differs markedly from traditional internet in its application 
scenarios, business models, and connectivity ports. Exploring 
whether the mobile internet can mitigate the "limited 
participation" of households in venture asset investments and 
its impact on the investment decisions of Chinese families 
warrants further investigation. 

Machine learning holds immense potential in examining 
how the mobile internet influences household investment 
decisions. It excels in leveraging extensive data analysis to 
uncover the underlying patterns and trends in household 
investment behaviours. By analysing multidimensional 
data—including household income, spending patterns, and 
asset allocation preferences—machine learning can offer 
personalised investment recommendations to optimise asset 

allocation and enhance investment returns. Moreover, 
machine learning can automate the processing of vast datasets, 
thereby improving decision-making efficiency and accuracy. 

 

 
Figure 1. Hypotheses model of financial decision making in the 

family firm 
 

However, machine learning encounters several challenges 
in this domain. Chief among them is data privacy protection, 
particularly concerning sensitive personal financial and 
investment information. Addressing this issue is crucial to 
ensuring data security and privacy. Another significant 
challenge lies in the interpretability of algorithms, especially 
in financial decision-making contexts where decision-makers 
require insights into how models generate recommendations 
to build trust and acceptance. Additionally, the complexities 
and costs associated with data acquisition pose practical 
challenges, especially for complex models requiring data 
integration from multiple sources. Lastly, bridging the gap 
between the predictive capabilities of machine learning 
models and the practical needs of financial decision-making 
requires further research and exploration. 

This paper explores the potential and challenges of the 
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mobile internet in household investment decision-making. 
The rapid evolution of the mobile internet presents 
opportunities and challenges in household asset allocation, 
particularly fostering greater participation in venture asset 
investments. Effectively harnessing machine learning to 
analyse complex patterns and motivations in household 
investment behaviour is key to unlocking this potential. The 
article aims to delve into the current applications of machine 
learning in analysing household investment decisions and the 
critical challenges they face, ultimately seeking to deepen our 
understanding of how technological innovation can drive 
intelligent and optimised household financial decisions. 

2. Related Work 

2.1. The Logic of Family Finance Development 
The financial system is inherently characterised by pro-

cyclicality, vulnerability and externality, and residents, as 
essential participants in the financial market, have significant 
differences in education level, cognitive ability, financial 
literacy, etc. Such differences will be reflected in family 
financial activities through two dimensions: financial equity 
and efficiency. 

According to the theory of financial subject ability, there 
are congenital and significant differences among residents in 
capital strength, professional knowledge, information 
searching, thinking and cognition, etc. Such differences lead 
to differences in residents' income and family financial 
activities, ultimately resulting in financial inequity. It includes 
financial exclusion, credit constraint, financial availability, 
financial literacy difference, etc. The main starting point of 
ensuring financial equity is to prevent the congenital internal 
capacity gap from widening through external effects such as 
financial leverage through practical means, including 
financial inclusion. 

The difference in household financial efficiency is the 
ultimate manifestation of the economic equity gap. Regarding 
household asset allocation, the excess return of unit risk 
bearing in the two-dimensional framework of "reap-risk" has 
attracted more attention, which can better reflect the 
differences in subjective abilities such as cognitive ability and 
financial literacy of different resident investors. In terms of 
borrowing and financing, factors such as credit constraints, 
income levels and financing guarantees faced by households 
will also exclude some residents, making their reasonable 
financing needs unable to be met, thereby reducing their 
financing efficiency and further losing financial equity. Under 
the current background of high-quality economic 
development promoting shared prosperity, discussing the 
family financial logic of shared prosperity realisation from the 
two dimensions of fairness and efficiency and exploring the 
underlying economic laws is essential. 

2.2. The Development of Household Finance 
Balances Fairness and Efficiency. 

Finance is the core of the modern economy, and financial 
resources are also the primary resources for economic 
subjects to achieve optimal goals in modern economic society. 
The primary function of inclusive finance is to help all 
economic entities obtain financial resources for their 
development without distinction and ultimately achieve 
shared prosperity by optimising income structure, rationally 
distributing wealth, and improving development efficiency. 

The first is to narrow the structural differences in the degree 

of financial resource inclusion. Capital movement symbolises 
the "blood" flow of the national economy and is also an 
essential embodiment of the movement of finance as modern 
economic resources gather among different economic sectors. 
As an important economic sector in the development of the 
national economy, the family forms capital exchanges with 
other economic sectors mainly through participating in 
various transactions. By measuring the total scale of capital 
flows in different sectors, it is found that the proportion of 
financial resources shared by the household sector ranks 
behind financial institutions and non-financial enterprises for 
a long time and is generally higher than that of government 
departments and overseas departments, and shows a steady 
and rising trend, indicating that the degree of financial 
resources "benefiting" the household sector is still relatively 
high. From the perspective of family internal structure, there 
are also significant differences in the level of financial 
inclusion among different families: farmers, low-income 
families, low-income families, and elderly families enjoy a 
significantly lower level of financial inclusion. The 
participation of households in the formal credit market is low, 
and the accessibility and quality of financial services need to 
be improved. 

The current situation shows that the efficiency of securities 
investment in non-financial enterprises, financial institutions 
and government departments is significantly higher than in 
the household sector. The specific reasons for this can be 
analysed from information asymmetry and financial literacy 
specialisation. In terms of information asymmetry, compared 
with the characteristics of families that are linked by marriage 
and blood, non-financial enterprises, financial institutions and 
government departments all belong to legal organisations and 
have natural advantages in information search and acquisition. 
However, families are inevitably always at the end of the 
information transmission chain and cannot obtain the 
corresponding information asymmetry rent. This, combined 
with the longstanding position of households as the primary 
providers of capital, has limited the benefits of asset 
allocation. In terms of the specialisation of financial literacy, 
with the continuous improvement of the level of economic 
financialisation, more and more economic departments need 
more professional teams with high-level financial literacy to 
take charge of the financial investment business, which means 
that financial literacy has entered the production link of 
enterprises and other economic departments as an exclusive 
production factor. The allocation of assets in the securities 
market has become a specialised element combining 
allocation behaviour with the characteristics of a scale 
economy. 

3. Machine Learning in Financial 
Decision-Making 

3.1. Artificial Intelligence and Financial Risk 
Management 

Artificial intelligence and machine learning can be used to 
manage risks through earlier, more accurate risk assessments.  
ML is highly beneficial to the organisation in making 
improved risk management decisions, and the second most 
significant relationship is discovered in efficiently managing 
the organisation’s cash.  For example, suppose artificial 
intelligence and machine learning allow decisions based on 
past relationships between the values of different assets. In 
that case, financial institutions will better manage these risks 
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[9].  Tools to reduce driving risks can be particularly 
beneficial for the entire system.  [5].  In addition, artificial 
intelligence and machine learning can predict and detect the 
risk of fraud, suspicious transactions, late payments, and 
cyber-attacks, leading to better risk management.  However, 
artificial intelligence and machine learning tools can also omit 
new types of dangers and events, as they can potentially 
“over-educate” previous events [10].  While artificial 
intelligence and machine learning tools can improve risk 
management, the latest developments in these strategies have 
not yet been tested to manage risks in changing economic 
conditions.  This research article is organised as follows: 
Section 1 describes the introduction, and Section 2 describes 
the literature work.  The methodology is described in 
Section 3.  Section 4 summarises the outcomes and research 
findings, and Section 5 concludes with a conclusion and 
future scope.  Using artificial intelligence and machine 
learning creates risk “black boxes” in decision-making that 
can cause complex problems, especially at the end of events.  
It can be challenging for financial users—and regulators in 
particular—to understand how decisions such as those 
relating to trade and investment were made.  Artificial 
intelligence and machine learning are problematic not just 
because of the lack of clarity but also because of potential 
biases acquired by the techniques from human preconceptions 
and collecting artefacts buried in the training data, which may 
result in unfair or incorrect choices.  

Artificial intelligence and machine learning can facilitate 
“more personal” and “more personal” financial services 
through big data analytics [12]. For example, artificial 
intelligence and machine learning can enable extensive data 
analysis, thereby clarifying the characteristics of individual 
consumers and investors and allowing companies to design 
well-targeted services.  However, the use of consumer data 
can lead to privacy and information security issues.  In 
addition, since analytical artificial intelligence and machine 
learning data can analyse the characteristics of individual 
customers through public data, it would be necessary to 
consider customer results. It must be protected while 
protecting the anonymity of individual consumers and 
facilitating the safe and efficient use of big data for better 
services [13]. Deep learning algorithms, in particular, offer 
benefits for organisational decision-making, such as 
supporting employees with information processing, 
augmenting their analytical capacities, and maybe assisting 
them in transitioning to more design output.  In addition, to 
protect consumers and investors, it would be essential to 
establish well-designed governance structures for financial 
service providers using artificial intelligence and machine 
learning. 

3.2. Financial Decision Model Approach 
Order execution optimisation is a fundamental problem in 

algorithmic trading, which aims to complete a preset meta-
order through a series of trading decisions, such as closing, 
opening, and positioning. In essence, the goal of order 
execution is twofold, not only requiring the completion of the 
entire order, but also pursuing a more economical execution 
strategy that maximizes gains or minimizes capital losses. For 
the sequential decision characteristics of order execution, 
machine learning methods can take advantage of capturing 
the microstructure of the market, so as to better execute orders. 

But a simple, straightforward use of machine learning runs 
into a problem - there is a lot of noise and imperfect 

information in the raw order and market data. Noisy data may 
lead to low sample efficiency of reinforcement learning and 
reduce the effectiveness of learning order execution strategies. 
More importantly, when taking action, the only information 
available is historical market information, and there are no 
obvious clues to make accurate predictions about the future 
trend of market prices or trading activity. 

 
Figure 2. Schematic diagram of OPD prophetic strategy extraction 

realized by machine learning 
 

To this end, the Qlib team proposed a generic optimization 
framework for order execution strategies and introduced a 
new strategy extraction method, OPD (Oracle Policy 
Distillation), to bridge the gap between noise and imperfect 
market information and optimal order execution strategies. 
The technique is a "teacher-student" learning paradigm, in 
which the "teacher" is trained to be a "prophet" who can find 
the best trading strategy in the case of perfect information. 
Then the "student" learns by imitating the best behaviour 
pattern of the "teacher". When the model training stage ends 
and enters the actual use stage, OPD will use the "student" 
strategy to plan the order execution without the "teacher" or 
future information. Moreover, different from the traditional 
reinforcement learning method, which trains a single model 
only for a single stock, the reinforcement learning algorithm 
proposed by the Qlib team can use the data of all stocks for 
joint training, thus significantly alleviating the overfitting 
problem in the learning process. 

The experimental results show that the performance of 
OPD is significantly better than that of other methods, which 
proves the effectiveness of OPD and also confirms that 
traditional methods based on financial market assumptions 
are not applicable in real scenarios. In addition, other training-
based data-driven approaches need to capture the market's 
microstructure well enough to adjust their strategies 
accordingly, resulting in weaker performance compared to 
OPD approaches. 

 
Table 1. Experimental results of the OPD method for financial 

decision-making by machine learning 
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3.3. I have Frequently Asked Questions About 
the Application of Machine Learning in 
Finance 

1. When using machine learning in the financial field, users 
often need to connect with the financial reinforcement 
learning environment and integrate machine learning strategy 
algorithms by designing the Markov Decision Process (MDP). 
The whole process requires a lot of engineering work but also 
a lot of financial expertise and field experience, which is very 
time-consuming and laborious, and researchers cannot 
concentrate on the research problem itself. Qlib directly 
provides a complete technology stack covering the above 
issues, eliminating a lot of tedious reworks for researchers. 

2. Machine learning optimises strategies by interacting 
with the environment through trial and error. However, there 
are often significant differences between the simulated 
environment and the actual market environment, which may 
lead to a large gap between the optimal solution of the 
simulated environment and the optimal solution of the natural 
environment, which is one of the difficulties of machine 
learning research. On the one hand, this gap comes from the 
fact that actual transactions contain a large number of 
cumbersome rules, which are often ignored by trading 
frameworks commonly used for academic research. On the 
other hand, actual trading is usually a combination of different 
levels of trading (such as daily frequency trading and high-
frequency trading), ignoring this part of the interaction will 
also cause bias to the simulation. Qlib is designed with 
various rules in mind as much as possible, and the nested 
decision-making framework is used to simulate the 
interaction of different levels of trading strategies in actual 
trading, thus minimizing simulation errors. 

3. Machine learning requires a lot of computing resources, 
involves interaction with the environment and trial and error, 
and may require multiple iterations to reach the optimal 
strategy. Especially under the complex rules of financial 
markets, these interactions can be very time-consuming and 
require a lot of memory and computation. In order to 
accelerate the research iteration of machine learning, 
optimizing the training and testing process is critical. Qlib 
provides simulators with different simulation degrees. Users 
can use simulators with different simulation degrees at 
different stages during training (for example, simulators with 
low simulation degree but high operation efficiency are used 
in the early stage of training, and simulators with high 
simulation and high resource cost are used in the later stage 
of training), so as to achieve the optimal strategy in a high 
simulation environment. Save computing resources and speed 
up training. In the test process, Qlib can flexibly schedule the 
training of machine learning agents and the test environment, 
so as to improve the parallelism of backtest and accelerate the 
evaluation of strategies. 

4. Methodology 
This paper aims to explore the significance of machine 

learning methods in supporting household financial decisions. 
The researchers selected private banks and financial 
institutions in India for the study and collected data from the 
respondents. Machine learning algorithms play a key role in 
the financial sector, including identifying fraud, streamlining 
transaction processes, and providing financial advice to 
clients. Machine learning is able to analyze large data sets in 
a short period of time to improve results. 

4.1. Data Sets and Assumptions 
The researchers used a descriptive research design because 

the use of machine learning in financial decision-making is 
becoming increasingly important in emerging economies. In 
addition, business leaders are looking to implement new 
technologies to effectively manage risk, optimize cash 
inflows and outflows, support securities pricing, and 
understand areas that generate better financial returns. 

Data were collected through questionnaires using non-
probabilistic sampling methods, and the researchers obtained 
229 complete data from the sample population, all of which 
were used for analysis. The use of closed questionnaires 
enables researchers to obtain responses from the sample 
population effectively. To translate the overall response into 
quantitative aspects, Likert scale principles (1: strongly 
disagree, 5: strongly agree) were applied. 

hypothesis 
1. Ho: There is no significant correlation between the 

application of machine learning in risk management and 
effective financial decision making in an organization. 

2. Ho: There is no significant correlation between the 
application of machine learning to analyze and improve 
financial performance and effective financial decision making 
in organizations. 

3. Ho: There is no significant correlation between cash 
management and effective financial decision making in an 
organization. 

4.2. Data Analyze 
Table 2. Demographic analysis. 

Demographic 
variables

Features Frequency Percent

Gender category
Male 197 86

Female 32 14

Age category 

Less than 30 years 66 28.8 

31–40 years 70 30.6 

41–50 years 30 13.1 

Above 50 years 63 27.5 

Type of family 
currently living 

Joint family 119 52 
Nuclear family 110 48 

Nature of 
industry 

Banking 
companies 

141 61.6 

Financial and 
nonbanking 
companies 

88 38.4 

Management 
cadre 

Lower-level 
management 

62 27.1 

Middle level 
management 

134 58.5 

Process head 33 14.4 

Total experience

Less than 3 years 
of experience 

60 26.2 

4–8 years 54 23.6 

8–12 years 32 

 
This section provides a detailed analysis based on the data 

collected by the authors; The main analysis includes 
percentage analysis, correlation analysis and structural 
equation model (SEM) analysis. 

According to the analysis in Table 2, 86% of the sample 
population are male and the rest are female. 30.6% of the 
respondents were aged between 31-40, 28.8% were under 30, 
27.5% were over 50, and the rest were between 41-50. 52% 
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of respondents live in joint households, 61.6% work in 
banking companies, and the remaining 38.4% work in 
financial and non-banking companies. 58.5% are in middle 
management positions, 27.10% are in junior management 
positions, and the rest are process leaders in the current 
organization; 26.2% of respondents had less than 3 years of 
experience, 23.6% had between 4 and 8 years of experience, 
and 14% had between 8 and 12 years of experience. 

These detailed analysis results help to understand the 
characteristics of the sample population and lay the 
foundation for subsequent quantitative analysis, such as the 
application of structural equation modeling (SEM). 

4.3. Machine Learning Possesses More 
Opportunities. 

 

 
Figure 3. introduces a chart that represents the opportunities 

possessed by machine learning 
 
According to the results of the data analysis in Table 3, 39.3% 

of respondents strongly agreed with the application of 
machine learning in managing total operating costs, and 
another 30.1% agreed. At the same time, 15.7% of 
respondents were neutral, 9.6% disagreed, and 5.2% strongly 
disagreed. Figure 2 shows the support of machine learning in 
managing cost-effectiveness based on feedback values from 
different respondents, including strongly disagree, disagree, 
neutral, agree, and strongly agree. 

Correlation analysis is a valuable statistical tool that can be 
used to assess the overall relationship between variables. In 
this study, the researchers examined three key independent 
variables: risk management, areas of enhancing financial 
performance, and effective cash management, in relation to 
the dependent variable of improved financial decision-
making. 

5. Conclusion 
According to the correlation analysis presented in Table 4, 

significant positive associations were observed among these 
variables, with correlation coefficients exceeding +0.700. 
Particularly noteworthy is the strong correlation between 
financial decision-making and risk management, indicating 
that machine learning (ML) greatly facilitates enhanced 
decision-making in risk management within organizations. 
Additionally, effective cash management showed the next 
highest correlation, highlighting ML's role in enabling swift 
and informed decisions concerning organizational cash flow 
optimization. Businesses can efficiently manage cash inflows 
from sales and other sources, thereby minimizing costs and 
maximizing profits with the support of machine learning 
technologies. 

In the future, with the further popularization and 
development of mobile Internet technology, family 
investment decisions will be further intelligent and 
personalized. Future research is expected to focus more on 
how to leverage more accurate data models and deep learning 
algorithms to optimize portfolio allocation for greater return 
and risk control. In addition, with the continuous 
advancement of data security and privacy protection 
technology, it is foreseeable that home investors can enjoy the 
convenience and efficiency brought by the mobile Internet, 
but also more secure protection of personal financial 
information. 

In summary, the mobile Internet has great potential for 
household investment decisions, but it also faces many 
technical and legal challenges. With the advancement of 
relevant technologies and policies, we are confident that in 
the future we will see the arrival of a more intelligent and 
secure home asset management environment, providing more 
investment options and optimized decision support for 
ordinary families. 

References 
[1] Li, S., Lin, R., & Pei, S. (2024). Multi-modal preference 

alignment remedies regression of visual instruction tuning on 
language model. arXiv preprint arXiv:2402.10884. 

[2] Li, S., & Tajbakhsh, N. (2023). Scigraphqa: A large-scale 
synthetic multi-turn question-answering dataset for scientific 
graphs. arXiv preprint arXiv:2308.03349. 

[3] Liu, H., Xie, R., Qin, H., & Li, Y. (2024). Research on 
Dangerous Flight Weather Prediction based on Machine 
Learning. arXiv preprint arXiv:2406.12298. 

[4] Liu, H., Shen, F., Qin, H., & Gao, F. (2024). Research on Flight 
Accidents Prediction based Back Propagation Neural 
Network. arXiv preprint arXiv:2406.13954. 

[5] Haowei, Ma, et al. "CRISPR/Cas-based nanobiosensors: A 
reinforced approach for specific and sensitive recognition of 
mycotoxins." Food Bioscience 56 (2023): 103110. 

[6] Li, J., Wang, Y., Xu, C., Liu, S., Dai, J., & Lan, K. (2024). 
Bioplastic derived from corn stover: Life cycle assessment and 
artificial intelligence-based analysis of uncertainty and 
variability. Science of The Total Environment, 174349. 

[7] Lai, S., Feng, N., Sui, H., Ma, Z., Wang, H., Song, Z., ... & Yue, 
Y. (2024). FTS: A Framework to Find a Faithful 
TimeSieve. arXiv preprint arXiv:2405.19647. 

[8] Wang, H., Li, J., & Li, Z. (2024). AI-Generated Text Detection 
and Classification Based on BERT Deep Learning 
Algorithm. arXiv preprint arXiv:2405.16422. 

[9] Zhang, X., Xu, L., Li, N., & Zou, J. (2024). Research on Credit 
Risk Assessment Optimization based on Machine Learning. 



 

6 

[10] Huang, D., Xu, L., Tao, W., & Li, Y. (2024). Research on 
Genome Data Recognition and Analysis based on Louvain 
Algorithm. 

[11] Huang, D., Liu, Z., & Li, Y. (2024). Research on Tumors 
Segmentation based on Image Enhancement Method. arXiv 
preprint arXiv:2406.05170. 

[12] Xiao, J., Wang, J., Bao, W., Deng, T. and Bi, S., Application 
progress of natural language processing technology in financial 
research. 

[13] Fruehwirth, Jane Cooley, Alex Xingbang Weng, and Krista 
MPerreira."The effect of social media use on mental health 
ofcollege students during the pandemic." Health Economics 
(2024). 

[14] Jin, Y., Shimizu, S., Li, Y., Yao, Y., Liu, X., Si, H., ... & Xiao, 
W. (2023). Proton therapy (PT) combined with concurrent 
chemotherapy for locally advanced non-small cell lung cancer 
with negative driver genes. Radiation Oncology, 18(1), 189. 

[15] Li, B., Zhang, X., Wang, X. A., Yong, S., Zhang, J., & Huang, 
J. (2019, April). A Feature Extraction Method for Daily-
periodic Time Series Based on AETA Electromagnetic 
Disturbance Data. In Proceedings of the 2019 4th International 
Conference on Mathematics and Artificial Intelligence (pp. 
215-219). 

[16] Li, B., Zhang, K., Sun, Y., & Zou, J. (2024). Research on 
Travel Route Planning Optimization based on Large Language 
Model. 

[17] Yang, J., Qin, H., Por, L. Y., Shaikh, Z. A., Alfarraj, O., Tolba, 
A., ... & Thwin, M. (2024). Optimizing diabetic retinopathy 
detection with inception-V4 and dynamic version of snow 
leopard optimization algorithm. Biomedical Signal Processing 
and Control, 96, 106501. 

[18] Li, B., Jiang, G., Li, N., & Song, C. (2024). Research on Large-
scale Structured and Unstructured Data Processing based on 
Large Language Model. 

[19] Yang, J., Qin, H., Por, L. Y., Shaikh, Z. A., Alfarraj, O., Tolba, 
A., ... & Thwin, M. (2024). Optimizing diabetic retinopathy 
detection with inception-V4 and dynamic version of snow 
leopard optimization algorithm. Biomedical Signal Processing 
and Control, 96, 106501. 

[20] Li, Y., Matsumoto, Y., Chen, L., Sugawara, Y., Oe, E., 
Fujisawa, N., ... & Sakurai, H. (2023). Smart Nanofiber Mesh 
with Locally Sustained Drug Release Enabled Synergistic 
Combination Therapy for Glioblastoma. Nanomaterials, 13(3), 
414. 

[21] Jin, Y., Shimizu, S., Li, Y., Yao, Y., Liu, X., Si, H., ... & Xiao, 
W. (2023). Proton therapy (PT) combined with concurrent 
chemotherapy for locally advanced non-small cell lung cancer 
with negative driver genes. Radiation Oncology, 18(1), 189. 

[22] Nitta, H., Mizumoto, M., Li, Y., Oshiro, Y., Fukushima, H., 
Suzuki, R., ... & Sakurai, H. (2024). An analysis of muscle 
growth after proton beam therapy for pediatric cancer. Journal 
of Radiation Research, 65(2), 251-255. 

[23] Nakamura, M., Mizumoto, M., Saito, T., Shimizu, S., Li, Y., 
Oshiro, Y., ... & Sakurai, H. (2024). A systematic review and 
meta-analysis of radiotherapy and particle beam therapy for 
skull base chondrosarcoma: TRP-chondrosarcoma 2024. 
Frontiers in Oncology, 14, 1380716. 

[24] Li, Y., Mizumoto, M., Oshiro, Y., Nitta, H., Saito, T., Iizumi, 
T., ... & Sakurai, H. (2023). A retrospective study of renal 
growth changes after proton beam therapy for Pediatric 
malignant tumor. Current Oncology, 30(2), 1560-1570. 

[25] Shimizu, S., Mizumoto, M., Okumura, T., Li, Y., Baba, K., 
Murakami, M., ... & Sakurai, H. (2021). Proton beam therapy 
for a giant hepatic hemangioma: A case report and literature 
review. Clinical and Translational Radiation Oncology, 27, 
152-156. 

[26] Kumada, H., Li, Y., Yasuoka, K., Naito, F., Kurihara, T., 
Sugimura, T., ... & Sakae, T. (2022). Current development 
status of iBNCT001, demonstrator of a LINAC-based neutron 
source for BNCT. Journal of Neutron Research, 24(3-4), 347-
358. 

[27] Shimizu, S., Nakai, K., Li, Y., Mizumoto, M., Kumada, H., 
Ishikawa, E., ... & Sakurai, H. (2023). Boron neutron capture 
therapy for recurrent glioblastoma multiforme: imaging 
evaluation of a case with long-term local control and 
survival. Cureus, 15(1). 

[28] Gupta, S., Motwani, S. S., Seitter, R. H., Wang, W., Mu, Y., 
Chute, D. F., ... & Curhan, G. C. (2023). Development and 
validation of a risk model for predicting contrast-associated 
acute kidney injury in patients with cancer: evaluation in over 
46,000 CT examinations. American Journal of Roentgenology, 
221(4), 486-501. 

[29] Rosner, B., Glynn, R. J., Eliassen, A. H., Hankinson, S. E., 
Tamimi, R. M., Chen, W. Y., ... & Tworoger, S. S. (2022). A 
multi-state survival model for time to breast cancer mortality 
among a cohort of initially disease-free women. Cancer 
Epidemiology, Biomarkers & Prevention, 31(8), 1582-1592. 

[30] Yaghjyan, L., Heng, Y. J., Baker, G. M., Bret-Mounet, V., 
Murthy, D., Mahoney, M. B., ... & Tamimi, R. M. (2022). 
Reliability of CD44, CD24, and ALDH1A1 
immunohistochemical staining: Pathologist assessment 
compared to quantitative image analysis. Frontiers in Medicine, 
9, 1040061. 

[31] Zhou, Q. (2024). Portfolio Optimization with Robust 
Covariance and Conditional Value-at-Risk Constraints. arXiv 
preprint arXiv:2406.00610. 

[32] Zhou, Q. (2024). Application of Black-Litterman Bayesian in 
Statistical Arbitrage. arXiv preprint arXiv:2406.06706. 

[33] Chen, Z., Ge, J., Zhan, H., Huang, S., & Wang, D. (2021). 
Pareto self-supervised training for few-shot learning. 
In Proceedings of the IEEE/CVF conference on computer 
vision and pattern recognition (pp. 13663-13672). 

[34] Zhang, Y., Qu, T., Yao, T., Gong, Y., & Bian, X. (2024). 
Research on the application of BIM technology in intelligent 
building technology. Applied and Computational Engineering, 
61, 29-34. 

[35] Weng A. Depression and Risky Health Behaviors[J]. Available 
at SSRN 4843979. 

 

 

 

 

 


