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ABSTRACT

People affected by crisis increasingly rely on social media platforms for real-time information and assistance. This
underscores the need for a robust and reliable approach to provide accurate and timely information to affected
individuals. Large Language Models (LLMs), which can understand user queries and generate responses, have
the potential to act as assistants in crisis response. We explore various approaches, including instruction prompts,
retrieval-augmented generation, and dynamic fusion of LLMs, to generate responses that address the information
needs of affected individuals on social media platforms. Experiments demonstrate that the dynamic fusion approach
produces better crisis responses across key evaluation dimensions, including professionalism, actionability, empathy,
and relevance.

Keywords

crisis communication, large language models, social networks, retrieval-augmented generation, dynamic fusion

INTRODUCTION

Social networks have become a popular space for people in crisis to seek support and assistance, as they allow
widespread outreach and connection with a larger audience (Bukar et al., 2022; Hong et al., 2018; X. Li et al., 2021).
Although some responses provide valuable information and emotional support, others may be inaccurate or outdated
to people in crisis (Jafar et al., 2023). Therefore, direct communication of credible information from NGOs and
local governments that perform crisis response support is needed (Ziberi et al., 2024). However, providing accurate
crisis responses to address individuals’ needs presents significant challenges (Paulus et al., 2024). Due to the large
volume of posts, authorities often face resource constraints and rapidly evolving situations that hinder their ability
to provide accurate responses in time (Lenz & Eckhard, 2023).

Advanced AI has been widely used in crisis management, such as crisis prediction (Fatima et al., 2024), needs
detection (Hong et al., 2018; Yin et al., 2024), and damage assessment (Saravi et al., 2019). New AI techniques,
such as LLMs, can assist in crisis communication, such as combating misinformation (Saha & Srihari, 2024; Yue
et al., 2024) and hostility (Hong et al., 2024). However, few studies investigate the use of LLMs to assist people in
need.

In this study, we explore different approaches, including the instructional prompting LLMs (Instruction Prompt),
Retrieval-Augmented Generation with LLMs (RAG), and the dynamic fusions of LLMs (Dynamic Fusion), for
generating responses to address the information needs posted on social networks. We further evaluate the strengths
and weaknesses of responses generated by these methods from four critical aspects: professionalism, actionability,
empathy, and relevance.

Instruction Prompt is a common method used to generate responses, where tasks-specific guidance and constraints
are provided in the prompt for generating responses with desired characteristics (Sahoo et al., 2024). However, the
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performance of models is usually sensitive to the framing of prompts (Mishra et al., 2022). In addition, LLMs are
prone to hallucinations when no explicit knowledge is provided for the generation (Taveekitworachai et al., 2024).
RAG retrieves external knowledge for generations, which can mitigate LLM hallucinations (Song et al., 2024). The
reliance on complementary knowledge ensures more reliable and domain-specific responses and minimizes the
need for extensive re-training of LLM (Mao et al., 2024). However, the RAG system may not generate desirable
responses as the model focuses more on the retrieved documents and deviates from user instructions (Dai et al.,
2024). In addition to the state-of-the-art methods, we propose a dynamic fusion method to generate responses
aiming to combine the strengths from both Instruction Prompt and RAG. This approach introduces a dynamic
fusion agent that combines the generations by Instruction Prompt and RAG for optimized responses.

We experiment with these three approaches to generate responses for users’ information needs posted on Twitter (now
X) during Hurricane Irma. The responses generated are evaluated on four important dimensions: professionalism,
actionability, empathy, and relevance. A composite score aggregating the four dimensions assesses overall quality.
We conduct the experiments with three open-source LLMs, including Llama, Mistral, and Qwen. The results show
that the RAG generations consistently show higher empathy scores, while the dynamic fusion approach performs
better in professionalism, actionability, and overall quality.

LITERATURE REVIEW

Previous studies have explored the detection of informative social media posts (Xie et al., 2021) and the identification
of posts expressing the needs of affected individuals (Yu et al., 2022) in crisis. Multiple datasets have been
developed, for example, HumanAID (Alam, Qazi, et al., 2021) and Crsisbench (Alam, Sajjad, et al., 2021). These
datasets provide granular categorizations of humanitarian aspects, including the categorization of “requests or
urgent needs.” Crisisbench consolidates multiple crisis-related datasets and identifies both needs and responses in
tweets. These efforts provide the foundation for identifying need-related posts for effective responses.

Additionally, researchers have explored the summarization task in crisis management involving condensing large
volumes of information from various sources into concise and coherent summaries (Pereira et al., 2022). These
summaries aim to provide an overview of the situation, highlight key developments, and support decision-making
processes. For instance, Vitiugin and Castillo (2022) proposes a method for retrieving and summarizing crisis-
relevant information from multilingual social media postings to aid emergency management. While summarization
provides a macro-level understanding of crisis events by distilling essential information from vast data streams,
crisis response generation operates at a micro-level, delivering tailored support to individuals.

Recent studies have explored the application of LLMs in crisis management, using these models to identify social
media emergencies, improve real-time information extraction, and enhance public collaboration (Otal et al., 2024;
Yin et al., 2024). Goecks and Waytowich (2023) leverage LLMs to generate actionable plans for users during
emergencies. There is a notable gap in research on applying LLMs to generate personalized responses to the
information needs of affected people in crisis.

Crisis response generation can be seen as a specialized application of open-domain question answering (QA),
which requires additional considerations such as professionalism, actionability, and consistency across responses to
ensure effective communication. Open-domain QA generation has emerged as a critical area of research (Kasai
et al., 2024). Social networks enable users to post informal questions, which differ from the structured QA in
Wikipedia or news outlets (Ritter et al., 2011). TweetsQA is the first large-scale social media QA dataset that
includes user-generated questions and answers in tweets (Xiong et al., 2019). Unlike typical social media QA
generation, crisis-related questions often express urgent information needs in crisis. Responding to such inquiries
requires professional knowledge, and the response should be actionable to address their concern efficiently (Lamsal
et al., 2024).

The fusion approach is a technique to integrate the strengths of multiple models or methods (Aniol et al., 2019; Sagi
& Rokach, 2018). Jiang et al. (2023) design a fuser to integrate top-ranked candidates from multi LLMs, enabling
the fuser to generate enhanced responses. Similarly, Pitis et al. (2023) utilize a set of prompts to generate answers
and employ majority voting to select the best answers. Several studies have also explored approaches that first
predict the best expert model and then choose its output as the final result (Shnitzer et al., 2023; Wang et al., 2023).
Barabucci et al. (2024) has applied the fusion idea to medical domains, using scores of each unique diagnosis and
aggregating across all LLMs. Existing studies only consider the static fusion of multiple responses, and few have
investigated dynamic fusion strategies, which adjust the fusion method for each data point. We propose a dynamic
fusion approach that can adaptively fuse the strengths of different generations to generate optimized responses.
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support their disaster relief efforts. 
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Disaster Relief Foundation to inquire about their 
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Step 2: Verify the needs of local rescue organizations 
by contacting the American Red Cross 
(1-800-RED-CROSS or www.redcross.org) to confirm 
their current needs and donation guidelines.  
Step 3: Donate supplies through reputable 
organizations like the Salvation Army 
(www.salvationarmyusa.org) or the Federal 
Emergency Management Agency (FEMA) 
(www.fema.gov), which often have donation drives 
and volunteer opportunities. -----------------------

Step 3: Dynamic Fusion

Final Generated Response 
RAG Generated Response 

Donations and supplies are 
needed by all rescue 
organizations in the area! 
Please help if you are able.

Knowledge Base

Figure 1. The overview of Dynamic Fusion.

METHODS

We first present the evaluation metrics for the AI-generated responses, as these metrics are considered in designing
generation methods. Then, we introduce the baseline methods, including Instruction Prompt and RAG, and the
proposed dynamic fusion method.

Evaluation

Four dimensions are used to assess the responses: professionalism, actionability, empathy, and relevance.
Professionalism ensures that the response is credible, reliable and adheres to ethical standards, which is essential
for maintaining public trust during a crisis. Actionability assesses whether the response offers practical guidance
that individuals can follow to protect themselves or mitigate crisis impact. Empathy addresses the emotional
needs of affected individuals, fostering a sense of support and understanding, which is crucial in crisis responses.
Lastly, relevance ensures that the response directly addresses the specific context and unique challenges of the
crisis. Together, these dimensions provide a comprehensive framework for evaluating the effectiveness of crisis
communication.

Professionalism Professional responses ensure accurate, reliable, and credible assistance by leveraging knowledge
and expertise to address information needs (Broekema et al., 2018; Steimle et al., 2024). We employ LLMs as
evaluators (H. Li et al., 2024) to assess the professionalism of the responses generated. We design a 3-scale
measurement for professionalism. Score 0 (Not Professional): The response is vague, lacks details, and does not
mention specific organizations or actionable information. Score 1 (Moderately Professional): The response provides
some professional elements but lacks specificity, such as mentioning general organizations without details on what
they offer or how to contact them. Score 2 (Highly Professional): The response is well-structured, references
specific organizations and programs, explains their relevance, and includes real contact information such as links,
phone numbers, or emails. The evaluations are validated with human annotations to ensure reliability.

Actionability Actionable responses deliver clear, practical, and relevant steps or guidance to address the concern or
need, which is important in crisis response (Coche et al., 2021). Specifically, there are three levels of actionability.
Score 0 (Non-Actionable): The response fails to provide any practical guidance or relevant steps. Score 1 (Partially
Actionable): The response provides some guidance but lacks clarity and specificity. Score 2 (Fully Actionable):
The response clearly and specifically provides detailed guidance or steps that users can take immediately. This
dimension is also evaluated by an LLM and validated by human annotations.

Empathy Crisis response aims to support the people suffering hard times, making it essential to convey empathy
during such interactions (Schoofs et al., 2022). Empathetic responses help build trust, provide emotional support,
and ensure the audience feels understood and respected in difficult situations (Bono, 2024). We utilize an empathetic
dialogue dataset that categorizes empathy into three scales to build a classifier for assessing the empathy of responses
(Sharma et al., 2020).
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Relevance Relevance is evaluated using the BERTScore between the response and the query (Zhang et al., n.d.).

In addition, we design a metric integrating the four dimensions to evaluate the overall quality responses. Compared
to relevance and empathy, professionalism and actionability are assigned with higher weights, as they ensure that
responses are reliable and easy to follow (Whims, 2024). We detail the score formula as:

𝑄 = 0.4 × 𝑆(Pro) + 0.4 × 𝑆(Act) + 0.1 × 𝑆(Emp) + 0.1 × 𝑆(Rel)

This approach prioritizes professionalism and actionability while still maintaining strong relevance and empathy.

Instruction Prompt

An instructional prompt contains clear guidelines and constraints to direct an LLM in task completion. We design
prompts that require the model to consider professionalism, actionability, empathy, and relevance in the responses to
information need posts. By defining the scope of the task, the expected attitude, and specific contextual information,
instructional prompts guide the model in producing appropriate responses to address the information needs of
affected individuals. This method serves as the baseline.

RAG

RAG method includes three key components: knowledge base selection, document retrieval, and response generation.
(1) Knowledge Base Construction. We refer to the authoritative resources from FEMA1 to build our knowledge
base. Given the resources 𝑆 = {𝐷1, 𝐷2, . . . , 𝐷𝑁 } from FEMA, the resources are split into documents to create the
knowledge base 𝐾 = {𝑑1, 𝑑2, . . . , 𝑑𝑁 } for subsequent retrieval. FEMA provides official guidelines, risk mitigation
strategies, crisis response protocols, and post-disaster recovery plans, ensuring accurate and up-to-date knowledge,
which is well-suited for crisis response systems(Miller, 2024).

(2) Document Retrieval. The hybrid RAG integrates multiple retrieval methods and outperforms any single retrieval
approach (Sawarkar et al., 2024). Our retrieval module combines keyword-based (𝑅𝑘 ) and semantic retrieval (𝑅𝑠)
methods. The hybrid retriever (𝑅ℎ) integrates the strengths of two methods: 𝑅ℎ = 𝑅𝑘 ∪ 𝑅𝑠 . Specifically, 𝑅𝑘 refers
to traditional keyword-based retrieval, which employs methods like BM25 or TF-IDF to rank documents based on
exact keyword matches between the query and the documents. In contrast, 𝑅𝑠 uses semantic retrieval by generating
dense vector embeddings for both the query and the documents, and then ranks them using similarity measures such
as cosine similarity. The hybrid retriever 𝑅ℎ combines these two approaches to leverage the precision of keyword
matching and the contextual understanding of semantic retrieval, resulting in improved overall document retrieval
performance.

(3) Response Generation. The retrieved top-𝑁 documents (𝑅ℎ = {𝑑1, 𝑑2, . . . , 𝑑𝑁 }) are concatenated into a single
context: 𝐶 = concat(𝑑1, 𝑑2, . . . , 𝑑𝑁 ).The concatenated context 𝐶 is then paired with the input query 𝑞 to construct
the prompt for an LLM to generate a response 𝑟.

Dynamic Fusion

The dynamic fusion model adaptively integrates the strengths of multiple models to ensure high-quality responses
across diverse user needs and contexts. The fusion process adjusts the integration based on the strengths of each
model in every case and combines the best aspects of professionalism, actionability, empathy, and relevance from
candidate responses for optimized results.

The dynamic fusion process includes three steps (See Figure 1 ): (1) Initial Generation: responses are generated by
state-of-the-art crisis response generation methods, including the instructional prompts and RAG. (2) Evaluation:
Responses by different methods are evaluated in four dimensions: relevance, empathy, actionability, and profession-
alism. (3) Dynamic Fusion: an LLM agent is used to integrate these responses by selectively combining the best
aspects from candidate responses, for example, integrating the professionalism and empathy from one response and
the actionability and relevance from another. If one response is superior in all dimensions, this response is used as
the final output without further need of fusion. The process is represented in the following.

Given two initial responses, 𝑟1 and 𝑟2, along with their evaluation scores across four dimensions, our goal is to
generate a final response 𝑟final.

1https://www.fema.gov/
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1. Selection: Selecting the better response if one outperforms the other across all dimensions.

𝑟final =

{
𝑟1, if 𝑆(𝑟1, 𝑒) ≥ 𝑆(𝑟2, 𝑒), ∀𝑒 ∈ E
𝑟2, if 𝑆(𝑟2, 𝑒) ≥ 𝑆(𝑟1, 𝑒), ∀𝑒 ∈ E

E = {Rel,Act, Pro,Emp} represent the set of evaluation dimensions: relevance (Rel), actionability (Act),
professionalism (Pro), and empathy (Emp). The performance score of response 𝑟𝑖 on dimension 𝑒 ∈ E as
𝑆(𝑟𝑖 , 𝑒), where 𝑖 ∈ {1, 2}.

2. Fusion: If there is no single response that excels in all dimensions, generate a new, fused response based on
their evaluation strengths.

𝑟final = fuse(𝑟1, 𝑟2, {𝑒 | arg max
𝑖
𝑆(𝑟𝑖 , 𝑒)})

The function selects the best-performing response in each dimension by identifying which response has the highest
score for that criterion. The result is a set of dimensions 𝑒 where the corresponding best response contributes to the
final response. The fusion process then merges the selected aspects into a new, optimized output that maintains the
strongest qualities from both candidates, ensuring a well-rounded and effective final response.

EXPERIMENTS

Dataset

The dataset used in the study comprises over 1 million geotagged tweets collected from six southern U.S. states
(Florida, Georgia, South Carolina, North Carolina, Tennessee, Alabama) during Hurricane Irma (August 15 –
October 12, 2017) from Twitter (now X). After cleaning and filtering, 1,013,313 tweets from 127,181 users were
retained, with 6,726 users meeting the criteria for evacuation flow analysis based on their tweet frequency across
different hurricane phases. Among them, 5,307 were identified as evacuees, with 85.4% staying within their state.
Florida had the largest sample, with 2,486 Twitter users and 2,020 evacuees, 62% of whom remained in their
original counties. We use posts on information needs for experiments.

The needs-related posts are buried in many irrelevant ones. We train three RoBERTa models (Liu, 2019) to predict
whether a tweet expresses needs. The RoBERTa model outperforms in identifying humanitarian tweets (Alam,
Sajjad, et al., 2021). Our classifiers are trained with three crisis datasets annotated with “needs or request” and
other categories (Alam, Qazi, et al., 2021; Alam, Sajjad, et al., 2021) 2. A tweet is labeled as ”needs-related” if all
three classifiers predict it as such.

Additionally, we conduct human validation to verify the predictions. Two research assistants are employed to
annotate crisis needs. We provide detailed guidelines in the following: Read the tweet and identify tweets where
people seek help in crisis, such as food, medical supplies, and emotional support. Label the tweet as 1 if it
demonstrates a need, and 0 if it does not. Examples are also provided to annotators for guidance. For instance,
tweets like ”We need tents, water, food, lanterns, medicine. In Peguy Ville...” or ”My dog is hurt, is there any help
around?...” would be labeled as 1. The agreement rate between two annotators is 94.5%, with a Cohen’s Kappa of
0.87. The agreement rate between classifiers and humans is 95%, with a Kappa of 0.79, indicating the predictions
are reliable.

LLM Setup

We experiment with several LLMs, including Llama-3.1-8B-Instruct, Mistral-8B-Instruct-2410, and Qwen2.5-
7B-Instruct, which are good at conversational chatting. The pipeline function from the transformers library is used
to load the models. The maximum token length (max new tokens=256) ensures the generated response remains
concise while allowing enough space for meaningful content. The temperature (temperature=0.6) is set to balance
creativity and coherence. The nucleus sampling parameter (top p=0.9) filters out unlikely tokens while retaining
natural variation in the generated responses. All the experiments run on a server with an Intel Xeon Gold 6226R
processor, 128 GB memory, and 3 Nvidia RTX 8000 graphic cards.

2https://www.kaggle.com/datasets/ulkutuncerkucuktas/turkey-earthquake-relief-tweets-dataset
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Crisis Response Generations

Instruction Prompt Needs-related tweets are considered as the input to feed into LLMs to obtain response
predictions. The prompt for instructing LLMs to generate the responses is:
role: system

content: You are an AI assistant designed to provide professional , actionable , empathetic and

relevant advice for someone seeking help related to a hurricane on social media.

role: user

content: Given the following tweet expressing needs during a hurricane , provide a detailed

solution. If you don’t know the answer, clearly state, ’I don’t know’.

Guidelines:

- Prioritize immediate actions, clearly labeled as **Step 1**, **Step 2**, etc.

- For each action, provide a brief follow-up sentence to explain its importance or how to

implement it.

- Include links, organizations , or contact information where relevant.

- Response should be professional , actionable , empathetic and relevant.

RAG We select two resources from U.S. Federal Emergency Management Agency (FEMA): one is Individual
Assistance Program and Policy Guide, which provides accessible programs and policies designed to support
individuals during disaster 3. Another is A Citizen’s Guide to Disaster Assistance4, which documents comprehensive
guidance and resources to assist citizens during crises.
role: system

content: You are an AI assistant designed to provide professional , actionable , empathetic and

relevant advice for someone seeking help related to a hurricane on social media. Use the

provided documents to address the needs expressed in the tweet.

role: user

content: Given the following tweet expressing needs during a hurricane , provide a detailed

solution. If you don’t know the answer, clearly state, ’I don’t know’.

Guidelines:

- Prioritize immediate actions, clearly labeled as **Step 1**, **Step 2**, etc.

- For each action, provide a brief follow-up sentence to explain its importance or how to

implement it.

- Include links, organizations , or contact information where relevant.

- Response should be professional , actionable , empathetic and relevant.

We use a hybrid search method incorporating keyword-based and semantic retrieval in RAG. The embedding
model all-mpnet-base-v2 is used for semantic retrieval. We implement a custom hybrid retriever and set the mode
parameter as “OR” to maximize the chances of retrieving relevant information. We select the top-5 retrieved
documents and concatenate them into a single context, providing additional knowledge for LLMs. The top-5
selection ensures the most relevant context is included while minimizing redundant information. The combined
context and the full prompt are fed into the LLMs to generate responses.

Dynamic Fusion This method aims to either select the better response or generate a fused response that integrates
the strengths of candidate responses. If one response performs better across all dimensions, it will be selected
directly as the final output. Otherwise, LLMs will create a fused response. The prompt we use is as follows.

You are an AI assistant designed to choose the better response or create an infused response

by analyzing evaluation scores. Consider the strengths of each response based on

professionalism , actionability , relevance , and empathy.

Response 1:

{response1}

Scores: {scores1}

Response 2:

{response2}

Scores: {scores2}

Generate the best response based on the provided details.

3https://www.fema.gov/sites/default/files/documents/fema iappg-1.1.pdf
4https://training.fema.gov/emiweb/downloads/is7complete.pdf
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RESULTS

We conduct evaluations using the aforementioned metrics for responses generated by different approaches. To
validate the evaluations of professionalism and actionability by LLMs, we engage human annotators to view the
response and manually annotate based on the 3-scale definitions. We randomly sample 100 tweets and response
pairs for annotations. The agreement rates between two annotations are above 85% with Cohen’s Kappa (𝜅 ≥ 0.80),
indicating the human annotation is reliable. An expert assigns the final label for the human annotation, which will
be used to compare with model evaluation. The agreement rate and Cohen’s Kappa (𝜅 ≥ 0.72) between human
evaluation and model evaluation demonstrates substantial agreement.

Figure 2 presents the comparison of generated responses by different approaches and LLMs. RAG responses
are more actionable, professional, and empathic but less relevant than Instruction Prompt responses when Llama
model is used. When using Qwen and Ministral models, RAG responses are more empathetic and relevant but less
actionable and professional. Neither method outperforms the other across all dimensions. This justifies the use of
the dynamic fusion approach.

Instruction Prompt   RAG          Dynamic Fusion Instruction Prompt    RAG          Dynamic Fusion Instruction Prompt     RAG          Dynamic Fusion Instruction Prompt      RAG          Dynamic Fusion Instruction Prompt      RAG          Dynamic Fusion

Llama-3.1-8B-Instruct
Ministral-8B-Instruct-2410

Qwen2.5-7B-Instruct

Figure 2. Performance comparison of different models and methods.

Notably, RAG responses are consistently more empathetic than Instruction Prompt responses. This is probably
because they leverage the knowledge from the RAG knowledge base, which emphasizes humanitarian and empathetic
communication. When different LLMs are used, the dynamic fusion approach can generate responses with higher
professionalism and actionability. Considering the overall quality, the dynamic fusion approach is the best when
using Llama and Ministral.

We further present the detailed evaluation results in Table 1 with the mean scores across all samples. Dynamic
Fusion consistently outperforms baseline methods in overall response quality, achieving an overall score of 0.81
with Llama-3.1-8B-Instruct, 0.84 with Mistral-8B-Instruct-2410, and 0.85 with Qwen2.5-7B-Instruct. Specifically,
Dynamic Fusion with Llama-3.1-8B-Instruct excels in actionability (0.97), relevance (0.46), and a comparably high
score in professionalism (0.92), but it shows slightly lower performance in empathy. Dynamic Fusion with Mistral-
8B-Instruct-2410 achieves higher scores in professionalism (0.97), actionability (0.99), and relevance (0.50), despite
a lower empathy score (0.06). Nevertheless, it still attains a significantly higher overall quality score, demonstrating
its effectiveness in generating crisis responses. Dynamic Fusion, when applied to Qwen2.5-7B-Instruct, generates
the highest quality crisis response, achieving scores of 0.98, 0.99, and 0.51 in professionalism, actionability, and
relevance. The experiments with different LLMs consistently demonstrate the superiority of the dynamic fusion
method.

CONCLUSION

We explore different approaches using LLMs to generate responses to address the needs of affected individuals in
crisis. An innovative dynamic fusion approach is proposed, which can integrate the strengths of Instruction Prompt
and RAG for a better generation evaluated by professionalism, actionability, empathy, and relevance. Our initial
generation reveals that neither Instruction Prompt nor RAG consistently outperforms the other across all dimensions.
Fusing two responses is essential. The dynamic fusion approach significantly improves response quality compared
to Instruction Prompt and RAG, especially in professionalism and actionability.

The current dynamic fusion method primarily relies on the automatic integration done by an LLM. More sophisticated
fusion methods will be developed for better results. We experiment with the setting of one integration with results
from Instruction Prompt and RAG. Future research will look into the iterative integration for optimized results.

We experiment with generation methods in one crisis scenario of Hurricane Irma. However, each crisis situation
may present unique nuances that can affect the quality and tone of the response. In the future, we will experiment
methods with datasets from different crisis scenarios to understand the generalizability of the proposed method. We
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Table 1. Performance comparison of different models and methods on multiple evaluation criteria.

Model Method Professionalism Actionability Empathy Relevance Overall Quality

Llama
Instruction Prompt 0.74 0.52 0.06 0.43 0.55
RAG 0.96 0.63 0.22 0.40 0.70
Dynamic Fusion 0.92 0.97 0.04 0.46 0.81

Mistral
Instruction Prompt 0.87 0.98 0.03 0.41 0.78
RAG 0.87 0.97 0.13 0.42 0.79
Dynamic Fusion 0.97 0.99 0.06 0.50 0.84

Qwen
Instruction Prompt 0.98 0.99 0.03 0.45 0.84
RAG 0.79 0.86 0.14 0.47 0.72
Dynamic Fusion 0.98 0.99 0.08 0.51 0.85

Instruction Prompt           RAG                   Dynamic Fusion

P A E R O

Figure 3. Performance variance comparison of different models and methods across multiple evaluation metrics. P:
professionalism, A: actionability, E: empathy, R: relevance, O: overall quality

also find that balancing conflicting objectives, such as empathy versus actionability, is challenging. We will explore
alternative fusion methods to explore their performance in the overall quality of responses across different crisis
contexts, ultimately enhancing the robustness and adaptability of crisis response models.
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