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ABSTRACT 

Chronic diseases are the "number one killer" threatening human life and health. In recent years, the
incidence of chronic diseases has been rising, and the trend is younger, and the prevention and
control situation is very serious. This study introduces a Liver Cancer Question-Answering System
(LCQAS) that leverages next-generation artificial intelligence and the large model Med-PaLM 2 The
Med-PaLM 2 medical question answering system, powered by next-generation intelligence and large
language models, represents a cutting-edge tool in the healthcare domain. Leveraging advanced
artificial intelligence techniques and the capabilities of large language models like Med-PaLM 2, this
system aims to provide accurate and comprehensive responses to medical inquiries and queries.
With its intuitive interface and contextually relevant answers, LCQAS represents a significant
advancement in medical information retrieval for liver cancer management. 
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1. INTRODUCTION 

Recent artificial intelligence (AI) systems have reached milestones in "big puzzles" ranging from Go 
to protein folding. The ability to retrieve medical knowledge, reason, and answer medical questions 
on a par with doctors has long been seen as such a big problem. Large language models (LLMS) have 
led to significant advances in medical question answering. Med PaLM was the first model to surpass 
a "pass" score on the U.S. Medical Licensing Examination (USMLE) sample question, scoring 67.2% 
on the MedQA dataset. However, this work and others like it show that the model's answers still have 
a lot of room for improvement compared to the clinician's answers. 

As the health status of the global population continues to improve and life expectancy increases 
significantly, chronic diseases have become the largest disease burden in the world, and the 
prevention and control work faces great challenges. According to the World Health Statistics 2023 
Report released by the World Health Organization (WHO) in May 2023, nearly three-quarters (41 
million) of global deaths in 2019 are related to chronic diseases, of which, The four major chronic 
diseases - cardiovascular disease, cancer, chronic respiratory disease and diabetes - are responsible 
for an estimated 33.3 million deaths, including 17.9 million from cardiovascular disease, 9.3 million 
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from cancer, 4.1 million from chronic respiratory disease and 2 million from diabetes [4]. At the same 
time, diabetes is one of the major factors leading to disability-adjusted life years (DALYs). In 2021, 
about 529 million people of all ages will have diabetes worldwide, with type 2 diabetes accounting 
for more than 80%, which is related to obesity, diet, environment, smoking and other factors, and is 
expected to increase to 1.31 billion people by 2050 [5]. 

Here we propose Med-PaLM 2, which addresses these gaps using a series of LLM improvements 
(PaLM 2), medical domain fine-tuning, and prompt strategies, including a new integrated refining 
approach called the ensemble refifinement approach. Med-PaLM 2 achieved a score of 86.5% on the 
MedQA dataset, an improvement of more than 19% over Med-PaLM and a new state-of-the-art 
technology. We also observed the latest technologies that approached or exceeded the performance 
of MedMCQA, PubMedQA, and MMLU clinical topic datasets. While further research is necessary 
to verify the effect of these models in real-world Settings, these results highlight the rapid progress 
of medical questions toward physician-level performance. 

2. RELATED WORK 

2.1. The origin of PaLM 2 

The predecessor of PaLM 2 is PaLM (Pretraining and Language Model), which is a neural network-
based language model launched by Google in 2019, and its main task is to improve the accuracy and 
efficiency of natural language processing through the learning of large amounts of language data. 

PaLM 2 supports more than 100 languages, and has obvious advantages in common sense reasoning, 
logical operations, and mathematical ability, in addition to being able to fine-tune information based 
on different areas of expertise. For example, Sec-PaLM 2, which is based on information security 
information, can help developers locate malicious script content and identify security risks, and Med-
PaLM 2, which is optimized based on medical domain expertise, is the first large model to outperform 
human experts on medical licensing tests. 

Google's Med-PaLM, a big model of healthcare, excelled at answering medical questions on a par 
with clinicians. This achievement is another important breakthrough for Google in the field of 
artificial intelligence. According to a Google paper published in Nature on July 12, Med-PaLM 
achieved 92.6 percent accuracy in answering medical questions, which is comparable to the level of 
real-life clinicians (92.9 percent). 

Med-PaLM is a large model of healthcare developed by Google based on its powerful artificial 
intelligence technology. By learning from a large number of medical literature and clinical data, the 
model can answer various medical questions, including disease diagnosis and treatment plan. 
Compared with the traditional medical question and answer system, Med-PaLM has higher accuracy 
and comprehensiveness. 

2.2. Introduction to Med-PaLM large language model 

The work on Med-PaLM shows the importance of comprehensive benchmarking of medical Q&A, 
manual evaluation of model answers, and alignment strategies in the medical field. It also presents 
MultiMedQA, a diverse benchmark of medical questions and answers covering medical exams, 
consumer health and medical research. We propose a manual evaluation criterion that enables doctors 
and ordinary people to evaluate the model's answers in detail. For the first time, our initial model, 
Flan-PaLM, exceeded the passing score of the U.S. Medical Licensing Examination (USMLE) 
Sample question-and-answer MedQA dataset. 

However, the manual evaluation revealed that further work is needed to ensure that AI outputs are 
safe and aligned with human values and expectations in this safety-critical area (a process often 
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referred to as "alignment"). To bridge this gap, we developed Med-PaLM using cue tuning, which 
offers a substantial improvement in the quality of physician evaluations compared to Flan-PaLM. 
Still, the quality of the model's answers compared to that of doctors has many shortcomings. And, 
despite the high score, Med-PaLM's score at MultiMedQA still has room to improve. 

Close these gaps and further advance LLM capabilities in the medical field with Med-PaLM 2. We 
developed this model using an improved base LLM(PaLM 2), medical domain-specifific fifinetuning, 
and a new prompting strategy. This leads to improved medical reasoning. As shown in Figure 1(left), 
Med-PaLM 2 performed more than 19% better on MedQA than Med-PaLM. The performance of the 
model also approximates or exceeds the latest techniques in MedMCQA, PubMedQA and MMLU 
clinical topic datasets. 

2.3. Compared to GPT-4 

GPT-4, developed by OpenAI, is another important language model in the field of artificial 
intelligence. Although PaLM 2 and GPT-4 share similarities in goals and technical principles, the 
main difference lies in the nuances of their basic engineering and training processes. GPT-4 is based 
on the "Masked Language Model" concept, which omits certain parts of the input text during training 
and trains the model to predict missing words. In contrast, PaLM 2's training process utilizes both 
supervised and unsupervised learning tasks to optimize its performance. 

While GPT-4 has demonstrated impressive abilities in language understanding and generation, aLM 
2 is specifically designed to meet a more diverse and broad range of tasks through the additional 
knowledge base provided by its more refined pre-training process. This makes the PaLM 2 a more 
flexible supermodel, enabling it to be used in a wider range of applications and industries. 

2.4. The Med-PaLM 2 medical question and answer system 

Med PaLM 2's excellent performance on medical exam questions is a promising development, but 
there is a need to understand how this can be harnessed to benefit healthcare professionals, researchers, 
administrators, and patients. 

Once again, in building Med PaLM 2, the team has focused on safety, fairness, and the assessment of 
unfair bias. Limited access to selected Google Cloud customers will be an important step in furthering 
these efforts, bringing additional expertise to the healthcare and life sciences ecosystem." Our 
commitment is twofold: not only to provide transformative capabilities, but also to ensure that our 
technology provides appropriate protections for organizations, users, and society. To that end, 
Google's AI Principles, developed in 2017, guide our approach to building advanced technologies, 
conducting research, and drafting product development policy." Breakthroughs such as Transformer 
enable LLM and other large models to scale to billions of parameters, find complex relationships in 
large amounts of training data, and then generalize what is learned from them to create new data. 
Enabling generative AI to move beyond the limited pattern recognition of early AI and into the 
creation of novel content representations ranging from speech to scientific modeling. 

In 2022, deep integration between Google Cloud and Alphabet's AI research organization enabled 
VertexAl to run AlphaFold, DeepMind's groundbreaking protein structure prediction system. 

More is on the way. In one sense, generative AI is revolutionary, in another, it's a familiar tech story 
of more and more better computing creating new industries, from desktop publishing to the Internet, 
social networks, mobile apps, and now generative AI. 
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3. METHODOLOGY 

3.1. Model Establishment 

The Med-PaLM 2 achieved state-of-the-art results on multiple MultiMedQA benchmarks, including 
MedQA's USMLE style problems. Human evaluations of long-form responses to consumers' medical 
questions showed that Med-PaLM 2 answers were more popular than physician and Med-PaLM 
answers on eight of nine axes related to clinical utility, such as factness, medical reasoning ability, 
and low likelihood of harm. For example, 72.9% of the time, the Med-PaLM 2 answers were judged 
to better reflect the medical consensus. 

  

Figure 1: Med-PaLM 2 medical question and answer model 

As can be seen from the above model, Med-PaLM 2 significantly outperforms Med-PaLM on every 
axis, further emphasizing the importance of comprehensive evaluation. For example, 90.6% of Med-
PaLM 2 answers were rated as having a low risk of harm, compared to 79.4% of Med-PaLM answers. 

For Med-PaLM, the basic LLM is PaLM[20]. Med-PaLM 2 is based on PaLM 2[4], a new version of 
Google's large language model that shows significant performance improvements on several LLM 
benchmark tasks. 

Instruction fine-tuning We performed instruction fine-tuning of the base LLM in accordance with the 
protocol of Chung et al. [21]. The data sets used include the training component of MultiMedQA, 
namely MedQA, MedMCQA, HealthSearchQA, LiveQA and MedicationQA. We trained a "uniform" 
model that was optimized on all of MultiMedQA's datasets, using a dataset mix ratio (the proportion 
of each dataset) reported in Table 1. These mix ratios and the inclusion of specific data sets are 
empirically determined. 

3.2. Data Set 

We evaluated Med-PaLM 2 on MultiMedQA's multiple choice and long-form medical question-and-
answer datasets, as well as two new adversarial long-form datasets presented below. 

For the assessment of multiple choice questions, we used the MedQA, MedMCQA, PubMedQA, and 
MMLU Clinical topic datasets (Table 1). 

Table 1: Multiple-choice question evaluation datasets. 

  

Multiple choice: The MedQA, MedM-CQA, PubMedQA, and MMLU clinical topic datasets were 
used to evaluate multiple choice questions. 
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Long Questions: This article describes a method for evaluating long questions using the MultiMedQA 
dataset, which includes two sets of questions, MultiMedQA 140 and MultiMedQA 1066. The 
questions were drawn from the HealthSearchQA, LiveQA and MedicationQA datasets. 

Adversarial questions: The study presents two new adversarial question datasets designed to elicit 
potentially hurtful and biased model answers. The first dataset covers a wide range of issues related 
to health equity, drug use, alcohol, mental health, COVID-19, obesity, suicide and medical 
misinformation. The second dataset focuses on use cases, health themes and sensitivities related to 
health equity, as well as health care access, quality and socio-environmental factors. These datasets 
were designed to reference the health equity literature in the AI/ML field, defining a set of implicit 
and explicit adversarial queries covering a variety of patient experiences and health conditions. 

3.3. Results and analysis 

This paper introduces the optimization method of basic LLM model using instruction fine-tuning 
technique. Training sets using the MultiMedQA dataset include MedQA, MedMCQA, 
HealthSearchQA, LiveQA, and MedicationQA. Train a "uniform" model by mixing proportions of 
different data sets to get the best performance on all data sets. At the same time, a variant model was 
also created that was fine-tuned only for multiple choice questions to improve performance on these 
benchmarks. 

The specific results are shown in the following table2: 

Table 2: Med-PaLM Q&A system implementation 

  

This paper describes the prompt strategy used to evaluate Med-PaLM 2 in a multiple choice 
benchmark test. 

Few-shot prompting is a way to add sample inputs and outputs in front of the LLM and is a strong 
baseline for LLM prompts. On this basis, this paper evaluates and improves. The same few shot 
prompts used by Singhal et al. 

Chain-of-thought (CoT) is a method of adding step-by-step explanations to prompt that can help 
LLMS do conditional reasoning in multi-step problems. CoT is suitable for medical problems because 
these often involve complex multi-step reasoning. We designed the CoT prompt to provide a clear 
presentation to appropriately answer a given medical question. 

Self-consistency is a strategy to improve the performance of a multiple choice benchmark by 
sampling multiple interpretations and answers from a model. In a field such as medicine, where there 
are complex reasoning pathways, there may be multiple potential correct answers. The self-consistent 
cue strategy can get the most accurate answer by marginalizing the inference path. In this work, we 
performed 11 self-consistency samples using COT prompts. 

Ensemble refinement is built on chains of thought and self-consistency. ER utilizes other techniques, 
including chain of thought prompts and self-refinement, by conditioning the LLM to its own 
generation before generating a final answer. Can be used to aggregate multiple answers to improve 
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the quality of long text generation. This method requires multiple samples from the model, so it is 
only suitable for the evaluation of multiple choice questions. 

4. RESULT 

On the adversarial dataset, physicians rated the Med-PaLM 2 answers as higher quality in all aspects 
than the Med-PaLM answers (p values of less than 0.001 in all aspects). This trend is present in both 
the general and health equity subsets of the adversarial dataset. Med-PaLM 2's responses to questions 
in the MultiMedQA 140 dataset are generally considered to be more helpful and relevant than Med-
PaLM's (p values ≤0.002 for both dimensions). 

The response length of Med-PaLM 2 was longer than the response length of Med-PaLM and the 
doctor. For the MultiMedQA 140, the median response length for Med-PaLM 2 was 794 characters, 
while the median response length for Med-PaLM and Doctor was 565.5 and 337.5 characters, 
respectively. For adversarial questions, response lengths are often longer, possibly reflecting the 
greater complexity of these questions. 

This paper presents a pin-wise ranking assessment of the relative performance of Med-PaLM 2, Med-
PaLM, and physicians using the MultiMedQA1066 and Adversarial datasets. Tables provide 
qualitative examples and rankings to provide indicative examples and insights. 

5. CONCLUSION 

The introduction of Med-PaLM 2 represents a significant leap forward in medical question answering 
systems, leveraging next-generation artificial intelligence and large language models to provide 
accurate and comprehensive responses to inquiries regarding liver cancer and other chronic diseases. 
With its state-of-the-art performance and advanced optimization strategies, Med-PaLM 2 sets a new 
standard for medical information retrieval and represents a valuable tool for healthcare professionals, 
researchers, and patients alike. 

The study underscores the rapid advancements in next-generation artificial intelligence and large 
language models, particularly in the healthcare domain, as evidenced by the development and 
evaluation of Med-PaLM 2. By addressing gaps in previous models and achieving superior 
performance in response quality and relevance, Med-PaLM 2 heralds a promising future for medical 
question answering systems, paving the way for improved healthcare delivery and management of 
chronic diseases like liver cancer. 
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