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Introduction
To reduce the risks associated with earthquake relief decision-making and improve the efficiency of earthquake information services, this paper proposes a seismic emergency decision-making utility evaluation process and emergency information utility evaluation method based on the perception of user demand, starting from user needs.
Materials and Methods
An evaluation model is constructed based on user preferences, information volume, and decision effectiveness. This article explores the quantification of earthquake emergency information utility and the decision-making utility evaluation process. It establishes a user preference model using Bayesian methods, introduces information entropy into it, and constructs a quadratic polynomial function linking demand probability, information quantity, and utility to quantify the decision-making utility of information products. Based on the threshold, effective information products were selected.
Results
The reliability was tested, and the results showed that the correlation coefficient (R2), root mean square error (RMSE), and bias of the modeling set were 0.8955, 0.6492, and 0.0033, respectively. In addition, a 5-fold cross-validation was conducted to confirm the model's robustness and stability across different data partitions. The 6.0-magnitude earthquake that occurred in Luxian County, Sichuan Province, in 2021 was used as an example to test the feasibility of the evaluation process, demonstrating the rationality and effectiveness of the model.
Conclusion
This method provides a new approach for evaluating information utility in a set scenario, which is beneficial for improving the decision-making ability of earthquake resistance and disaster-relief management, and effectively reducing the losses caused by earthquakes.
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1 INTRODUCTION
After an earthquake, relief departments need to rapidly make decisions in highly complex and multi-dimensional demand scenarios, making information the lifeline of earthquake emergency decision-making (Alexander, 2002; Boin et al., 2005).The government-affiliated earthquake relief command centers and research institutions process and refine massive volumes of information to generate diverse forms of emergency information products, including written reports, maps, and tables, thereby providing decision-making support for rescue departments(Zhang et al., 2016). There are two main requirements for information products. First, due to the harm caused by earthquakes, effectively providing information for decision-making according to the requirements of the affected population is the key to effective earthquake relief and reduction of losses. Second, there is a need to evaluate the effectiveness of emergency information dissemination and screen the resulting information products to provide timely feedback according to the requirements of the demand side, as well as to promote continuous optimization of such information products. Based on these requirements, this study considers the combined optimization and development of earthquake emergency information products regarding the effectiveness of decision-making from the perspective of user demand. The main goals are to promote development through evaluation, thereby forming a virtuous cycle, and developing targeted information products that effectively promote decision-making during earthquake relief efforts.
In the existing literature, there is little in-depth discussion concerning the evaluation of the utility of information products. The evaluation of decision utility for emergency information is based on simple numerical comparisons (e.g., the deviation between estimates of the numbers of casualties, the size of the disaster area, and estimates of earthquake intensity and the actual situation). Due to the limited evaluation of these forms of information, the current methods perhaps rely too heavily on simple indicator analyses, ignoring the dynamic and uncertain nature of information dissemination and making it difficult to fully reflect the actual effects of decisions. The existing methods are mostly post-evaluation approaches that are difficult to adapt to the real-time needs of emergency decision-making and are not conducive to feedback and optimization from the perspective of product development (Zhang et al., 2021a; Zhang et al., 2021b). Subjective factors may not be fully considered, and the impact of factors such as decision-makers’ experience and psychological state on information utility has not been fully incorporated into the present evaluation systems.
Based on the above considerations, this article explores the quantification of the utility of earthquake emergency information and the evaluation of decision processes using the decision-making scenario of provincial-level emergency command institutions after a moderate earthquake. By introducing a multidimensional evaluation system and implementing dynamic real-time evaluation, the utility of information products is continuously quantified and optimized to improve the level of information processing and decision support. Taking the 6.0-magnitude earthquake in Luxian County, Sichuan Province, China, in 2021 as an example, the rationality and effectiveness of the evaluation model are verified, ultimately providing a more effective information product development process and an evaluation method for enhancing earthquake emergency decision-making capabilities.
2 MATERIALS AND METHODS: CONSTRUCTION OF A SEISMIC EMERGENCY INFORMATION DECISION-MAKING UTILITY EVALUATION MODEL BASED ON USER DEMAND
2.1 Research hypothesis
In the dissemination of earthquake emergency information, each earthquake will have unique characteristics, and thus specific information is needed to support decision-making. Earthquake emergency information needs to be continuously updated and optimized according to decision-makers’ demands to assess the disaster situation as soon as possible and reduce casualties. Therefore, taking moderate-to-strong earthquakes as the application scenario, we propose the following three hypotheses.
Assumption 1. After a moderate earthquake (5.0≤M≤7.0) emergency information can be used to make advance judgments concerning disaster relief decisions.
Assumption 2. The decision-making utility of information products increases with the number of user preferences, and within a specific range, the utility increases with the volume of information.
Assumption 3. Knowledge-intensive information products (e.g., rapid assessment reports and disaster briefings) and specialized products related to human factors (e.g., population casualty distribution maps, personnel search and rescue distribution maps, the status of high-intensity buildings, and key target distribution maps) have higher decision-making value than other products.
2.2 Development, use, and evaluation of the decision-making effectiveness of earthquake emergency information products
2.2.1 The necessity of developing earthquake emergency information products
Within 2 hours or less after an earthquake, responsible parties need to use earthquake emergency information for decision-making in highly uncertain situations. Since 2000, China has continuously developed various types of earthquake emergency information decision-making products, but only a few products can effectively aid in emergency decision-making. Therefore, it is necessary to establish a dynamic optimization information product and an evaluation model that considers the needs of the users.
2.2.2 Application scenarios and sources of earthquake emergency information
After a moderate to strong earthquake (5.0≤M≤7.0) occurs in China, within an hour (also known as the decision-making time window), decision-makers in earthquake emergency response scenarios will employ their subjective judgments, emotional experiences, and personal preferences to choose suitable information products, transparently forming an estimation standard for the effectiveness of information (Cheng and Liu, 2010). This assumes that the utility value obtained through an expert scoring method in several typical earthquake disaster events is equivalent to the actual utility value.
The earthquake emergency information selected in this article was obtained from government-affiliated earthquake relief command centers and research institutions. The classification of metadata was based on more than 10 years of earthquake emergency information system services, and this study does not consider the technical investment and economic costs of information in the production and circulation processes.
The 34 selected earthquake disaster events have a spatial range of Sichuan and Yunnan Provinces, a time range of 2010–2021, and a magnitude range of 5.0–7.0. Products with the same name repeatedly appearing in multiple earthquake disasters and from multiple sources were recorded as one product. For products with different names but highly similar content, those with the most recent product were retained. Products produced 24 h after the earthquake were excluded. A total of 100 information products were obtained for statistical analysis.
2.2.3 Development and evaluation process of earthquake emergency information products based on perceptions of user demand
Based on the theory of utility as a subdivision of information theory (Cheng et al., 1994), we propose that in earthquake emergency decision-making, an evaluation of the decision utility of information involves evaluating the degree to which information flows from the production department to the decision-making scenario and meets the needs of the user. This includes one batch of earthquake emergency information products (hereafter referred to as information products), one production department, one earthquake relief command organization and commander (hereinafter referred to as users), one decision-making scenario, and one set of evaluation methods. Therefore, the evaluation process of information decision utility designed in this study differs from existing evaluation methods by incorporating user needs and the perception of utility. Evaluation is a dynamic, cyclic process that comprises three modes (Figure 1). One is to construct a utility evaluation model, the focus of this article and the foundation of the evaluation process. The second is the “product demand” iterative mode, which is suitable for the emergency preparedness stage. Based on the model, the utility value of information products is quickly evaluated and tested to form a product utility list. The median principle method (Hu, 2011) is used to determine the utility threshold. Products with utility values not lower than the threshold are considered effective products, and the production department uses feedback information to update product information. This process is repeatedly optimized to obtain information products that approximate user preferences. The third is the parameter correction mode. After an earthquake event occurs, users will receive the latest effective information products by obtaining the decision utility value of the information product in the decision-making scenario, expanding the sample size, further correcting the utility parameters, updating the utility evaluation model, and feeding back the information to the production department.
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Using the three indicators of information H, user demand preference P, and decision utility U, the relationship between the three modes is shown by the construction of the earthquake emergency information utility evaluation model based on user demand.
2.3.1 Calculation of model parameters
First, information entropy calculation formulas and user demand preferences are separately established, after which user utility values are obtained through expert ratings. Then, data on the three variables is used to establish a regression model. The specific process is as follows.
	1 Calculation of information entropy

The information content of a product is the leading indicator for evaluating its utility. The Shannon information entropy is used as a quantitative measure of information in mathematics (Fu, 2015). This study introduces the concept of information entropy to quantitatively measure the information content of products. To accurately measure the content of emergency information products, information is segmented into the smallest effective units, namely, metadata, based on content features.
The Shannon information entropy is calculated by multiplying the various possible amounts of information by their probabilities of occurrence, then summing the results to represent the expected value of the information in the entire data set (Equation 1).
Hx=−∑x∈Npxlog⁡px(1)
Here, x represents a random variable; p(x) represents the set of all possible outputs, the output probability function, and H measures the information content of the product. The previous text assumed that the probability of meta information appearing in information products is the same, and each type of meta information corresponds to different content features. Therefore, the meta information contained in each information product is positively correlated with the amount of information. Thus, the amount of information in each product can be determined only by the number of such information products, and then calculated using information entropy, i.e., the meta information in the product is exponentially calculated (Equation 2):
Hi=log2⁡numi(2)
where numi is the number of types of meta information contained in the information product i.
The original information classification was based on relevant research in the field of earthquakes (Su et al., 2003; Dong and Yang, 2014; Gong et al., 2018). Emergency information products were divided into eight categories: preparation information, earthquake situational information, basic information of the earthquake zone, assessment information, disaster situation, public opinion, emergency action, and intensity of investigation. Feature elements were extracted for each category of products to construct an earthquake emergency metadata table based on 210 categories (Table 1).
TABLE 1 | Earthquake emergency meta information.	First-level index	Second-level index	Meta information number	Second-level index	Meta information number	Second-level index	Meta information number
	Preparedness information	Administrative region	2 (Administrative map, administrative region distribution)	Building	3 (Kilometer grid for local building, Local seismic intensity level, Local building structure)	Goods and materials in stock	2 (Local goods and materials distribution graph, description of local goods and materials in stock)
	Topography	4	Economy	3	Disaster shelter for evacuation	3
	Geological structure	4	Climate	1	Pre-assessment	3
	Traffic	3	Hidden risk or key target	4	—	—
	Population	3	Rescue force	2	—	—
	Earthquake information	Earthquake information	11	Quick report on seismic intensity	5	Early warning information	8
	Basic information of the quake-stricken region	Basic information of the quake-stricken region	8	Goods and materials in stock	1	Remote sensing image	1
	Distance	1	Hidden geological disaster	1	Tourist attractions	1
	Population	7	School	5	Cultural relic	1
	Seismic precautionary intensity	2	Hospital	3	Monitoring ability	2
	Building	2	Disaster shelter for evacuation	1	Weather	1
	Traffic	4	Reservoir	1	—	—
	Rescue force	1	Key target	1	—	—
	Assessment information	Earthquake disaster (assessment) area	3	Personnel emergency resettlement (assessment)	4	Secondary disaster (assessment)	2
	Worst-hit earthquake disaster (assessment) area distribution	1	Building damage (assessment)	3	Goods and material demand (assessment)	2
	Casualty (assessment)	4	Lifeline engineering damage (assessment)	3	Rescue force demand (assessment)	2
	The injured (assessment)	4	Key target damage (assessment)	2	Economic loss (assessment)	1
	Key rescue area (assessment)	2	Traffic damage (assessment))	3	—	—
	Disaster situation information	Quick report on disaster situation	9	Disaster situation of communication	4	Allocation and delivery of goods and materials	4
	Casualty	4	Disaster situation of traffic	8	Transfer and resettlement	4
	Building damage	4	Disaster situation of geological disasters	2	—	—
	Electricity damage	3	Emergency rescue	4	—	—
	Public sentiment information	Felt tremor	1	Public attention	5	—	—
	Emergency response	Emergency response	4	—	—	—	—
	Seismic intensity survey	Seismic intensity map	5	Earthquake disaster and analysis	7	—	—


In accordance with the above, this study compiled the number of meta information products contained in 100 earthquake information product samples and measured the information content of the product samples using the information entropy H calculation method (Table 2).
	2 Calculation of user demand preference

TABLE 2 | Information product list and parameters.	Information product	Preference P	Information quantity H	Decision-making utility value U	Luxian M6.0 earthquake	Information product	Preference P	Information quantity H	Decision-making utility value U	Luxian M6.0 earthquake
	Assessed utility value u*	Utility value in practice U*	Assessed utility value u*	Utility value in practice U*
	Distribution chart of geology in earthquake region*	0.091	1.585	2.342	2.506	2.700	Distribution chart of highway network in high seismic intensity area	0.911	3.000	7.680	—	—
	Regional administrative map *	0.094	2.000	2.930	2.549	2.600	Earthquake emergency handling situation	1.000	3.807	9.020	—	—
	Source mechanism diagram	0.027	1.585	1.980	—	—	Distribution chart of aftershock	0.851	2.000	5.725	—	—
	Source rupture process	0.182	1.585	2.950	—	—	Distribution chart of earthquakes in history*	0.853	2.585	5.442	6.838	5.675
	Thematic report on seismogenic structure	0.871	2.585	7.530	—	—	Distribution chart of epicenter location*	0.854	2.000	5.617	6.389	5.800
	Basic information Tab. of disaster-affected objects in regional rural area	0.447	1.585	3.680	—	—	Dynamic distribution chart of aftershock	0.500	2.000	5.250	—	—
	Distribution chart of regional GDP	0.163	2.000	2.650	—	—	Distribution chart of buildings near epicenter*	0.855	2.322	6.425	6.648	6.825
	Distribution chart of disaster-affected objects in regional rural area	0.227	1.585	2.800	—	—	Distribution chart of building kilometer grid near epicenter*	0.858	1.585	5.550	6.093	6.450
	Regional population density map*	0.189	1.000	3.720	2.673	2.950	Distribution chart of seismic precautionary level in seismic area	0.860	2.322	6.650	—	—
	Administrative map of seismic peak acceleration*	0.200	1.585	3.113	2.807	3.150	Chart of initial assessment on seismic precautionary level of regional buildings based on remote sensing images*	0.860	2.807	6.925	7.608	6.425
	Distribution chart of regional building*	0.217	1.000	3.050	2.745	3.820	Analysis of earthquake disaster characteristics	0.090	2.807	1.750	—	—
	Regional risk ranking chart	0.349	1.000	3.070	—	—	Distribution chart of seismaesthesia*	0.862	1.585	6.475	6.120	5.350
	Regional remote sensing background image	0.200	1.000	3.010	—	—	Distribution chart of disaster inquiry*	0.862	2.000	5.838	6.448	4.525
	Distribution chart of anti-lethal level of regional town	0.133	1.585	2.750	—	—	Distribution chart of geological disasters	0.880	3.170	7.450	—	—
	Disaster information announcement to provincial institutions*	0.328	3.459	3.825	3.809	3.975	Thematic report on earthquake information*	0.865	3.000	7.725	7.261	7.925
	Distribution chart of GDP in seismic area*	0.368	2.000	3.050	3.547	2.950	Thematic report on seismotectonics*	0.871	2.322	7.800	6.770	7.800
	Distribution chart of predicted seismic intensity	0.937	1.585	7.225	—	—	Distribution chart of hospitals near the seismic area*	0.871	2.322	6.325	6.770	5.725
	Needs assessment report on refugee resettlement	0.900	3.170	8.100	—	—	Distribution chart of schools near seismic area*	0.871	2.322	6.617	6.770	5.725
	Distribution chart of cultural relic institutes near the epicenter*	0.424	1.585	2.250	3.644	3.050	Distribution chart of hazards*	0.871	2.807	6.625	7.157	6.400
	Advice on the aerial photograph area	0.434	2.585	5.030	—	—	Distribution chart of key targets in a high seismic intensity area	0.928	2.322	7.920	—	—
	Distribution chart of minorities near seismic area*	0.493	1.585	2.325	3.960	3.950	Distribution chart of highway damage	0.840	3.000	7.330	—	—
	Catalogue of aftershock*	0.508	1.585	4.600	4.032	4.065	Distribution chart of potential geological disasters in seismic area*	0.864	3.170	6.858	7.387	5.975
	Report on regional seismic loss prediction and key points in emergency handling	0.953	3.907	9.110	—	—	Distribution chart of predicted severely damaged region*	0.892	2.000	6.950	6.669	7.050
	Distribution of regional key targets	0.520	2.000	4.980	—	—	Distribution chart of instrument intensities*	0.909	1.585	7.025	6.452	7.010
	Distribution chart of tourist attractions near the epicenter*	0.549	2.000	3.300	4.445	3.900	Distribution chart of the predicted key rescue area	0.901	3.000	7.886	—	—
	Distribution chart of regional earthquake network*	0.601	1.585	2.867	4.510	3.175	Thematic chart of traffic control*	0.911	2.322	6.788	7.081	6.875
	Thematic report on seismic monitoring ability*	0.625	2.322	6.850	5.063	6.570	Distribution chart of predicted influence field*	0.923	2.000	7.577	6.904	6.866
	Distribution chart of communication status	0.672	2.000	4.490	—	—	Thematic report on public opinion in disaster-affected areas*	0.972	2.807	6.435	7.782	6.550
	Distribution chart of dams near seismic area*	0.639	2.585	4.100	5.305	4.725	Chart of landslide risk assessment*	0.928	1.585	6.813	6.590	6.850
	Distribution chart of seismic monitoring ability in a seismic area	0.381	1.585	3.423	—	—	Distribution chart of materials reserve in a seismic area	0.438	2.585	4.310	—	—
	Thematic map of predicted material requirement*	0.670	1.585	5.438	4.898	5.875	Distribution chart of predicted death toll at district and county level	1.000	2.322	8.460	—	—
	Report on auxiliary decision-making*	0.696	4.087	7.900	6.660	7.675	Spatial distribution chart of casualties*	0.940	2.322	7.930	7.439	7.950
	Assessment on lifeline engineering damage	0.850	2.807	6.950	—	—	Distribution chart of predicted buried people*	0.944	2.000	7.942	7.066	7.075
	Statistical Tab. of distance between epicenter and major cities	0.679	2.000	5.219	—	—	Basic information in seismic area*	0.947	3.907	8.825	8.741	8.950
	Distribution chart of distance between epicenter and major cities*	0.727	2.000	6.642	5.514	5.800	Thematic report on earthquake early warning*	0.950	3.585	8.625	8.490	8.725
	Distribution chart of active faults*	0.728	2.000	5.858	5.521	5.325	Tab. of dynamic disaster situation*	0.950	2.807	8.325	7.814	8.025
	Distribution chart of disasters in history in seismic area*	0.738	2.322	5.760	6.536	6.700	Distribution chart of key targets near epicenter*	0.963	2.000	6.728	7.215	6.860
	Emergency handling strategies for rumors about earthquake	0.730	3.000	6.300	—	—	Distribution chart of rescue force in seismic area*	0.967	1.585	6.675	6.880	6.983
	Distribution chart of urban shelter for evacuation*	0.738	2.000	5.800	5.586	5.870	Quick report on information of villages and towns in seismic area*	0.967	3.322	9.075	8.416	9.075
	Assessment on key target damage	0.861	2.585	6.425	—	—	Thematic report on comprehensive assessment on disaster situation*	0.967	5.209	9.225	10.085	9.205
	Thematic report on aftershock*	0.882	2.000	6.671	6.933	6.950	Distribution chart of dynamic disaster situation*	0.970	2.585	7.550	7.789	7.850
	Regional basic information*	0.771	3.700	7.050	7.006	7.300	Distribution chart of population in seismic area*	0.973	2.000	7.267	7.294	7.275
	Remote sensing images of epicenter	0.833	2.000	6.153	—	—	Distribution chart of population kilometer grid in seismic area*	0.974	1.585	6.000	6.933	6.950
	Judgement on the cause and status of earthquake	0.981	1.585	7.430	—	—	Distribution chart of traffic in seismic area*	0.977	2.807	6.825	8.047	7.340
	Distribution chart of building damage	0.974	2.807	7.934	—	—	Thematic report on quick report on seismic intensity*	0.991	2.585	9.200	7.968	9.200
	Distribution chart of residences near epicenter*	0.829	1.585	5.292	5.895	5.975	Thematic report on earthquake disaster quick assessment*	1.000	4.459	9.725	9.760	9.725
	Distribution chart of key target damage	0.861	3.000	7.350	—	—	Thematic map of predicted rescue force requirement*	1.000	2.000	7.300	7.511	6.750
	Distribution chart of key districts for people evacuation in high seismic intensity area	0.840	2.322	6.700	—	—	Brief report on disaster situation*	1.000	4.087	9.225	9.42	9.200
	Assessment chart of highway network damage in high seismic intensity area	0.974	3.322	8.720	—	—	Distribution chart of casualties*	1.000	2.322	7.950	7.805	8.325
	Assessment on building damage	0.930	1.585	6.872	—	—	Thematic report on dynamic disaster information*	1.000	2.000	7.075	7.511	7.375


Product with * mark belongs to the category of Luxian M6.0 earthquake information product.
To accurately calculate customer demand preference P, it is necessary to collect user demand preference information and then calculate the corresponding probability based on a Bayesian formula.
Previous studies on the characteristics of earthquake emergency information have been conducted from multiple perspectives, and it is believed that earthquake emergency information products not only possess basic attributes such as nonindependence and sharing of general information but also unique attributes such as content complexity, timeliness, and polymorphic transmission (Wang et al., 2019). Based on the above analysis, in this article, we consider three elements: content, form, and time; we use Bayesian methods to construct a model for calculating user demand preferences.
In the model, the user’s demand for product content is taken as a prior probability, and the formal and temporal probabilities are considered as sample information. The posterior probability of the product is obtained after two rounds of Bayesian inference. The first round of computation is combined with formal probability sample information to produce a posterior probability that then serves as the prior probability for the new round of computation. The second round of computation is combined with the time probability sample information to generate the posterior probability under the product in the earthquake emergency response decision-making scenario.
We collected user preference information through a questionnaire. The valid sample data for this study were provided by 99 member units of the earthquake relief command headquarters in Sichuan and Yunnan provinces. Regarding the 100 information products mentioned earlier, we investigated whether the necessary information and preference for presentation forms such as documents, images, tables, and dynamic images, and preference for obtaining information in the time intervals of 0–2, 2–8, 8–12, and 12–72 h.
Applying the Bayesian formula to obtain the demand probability of products under formal and temporal conditions PI|F|T, constructing a user preference model, the specific calculation process is as follows (Equations 3, 4):
PIi|Fik=PIiPFik|IiPIiPFik|Ii+PIi¯PFik|Ii¯(3)
PIi|Fi k|Ti j=PIi|Fi kPTi j|Ii|Fi kPIi|Fi kPTi j|Ii|Fi k+PIi|Fi k¯PTi jIi|Fi k¯(4)
Here, i is the sample space of information products, i = 1, 2, 3, … , 100; k indicates various forms of products, including documents, images, tables, and dynamic images. For the demand time, including the 0–2, 2–8, 8–12, and 12–72 h periods; j is taken as the 0–2 h period in the scenario studied in this article. PIi is the probability of user demand for the product i; PIi¯ is the probability of demand for products i that are unnecessary; PFik|Ii is the probability of demand for products presented in form; PFik|Ii¯ is the probability of a demand for form k presentation that does not require a product i; PIi|Fik is the probability of demand when presenting the product i in form k; PIi|Fik¯ is the probability of demand when the product i is not required to be presented in form k; PTij|Ii|Fik is the probability of demand for products in the required form within a time period, and PTij|Ii|Fik¯ is the probability of a demand for information within a time period j for product i that does not require a formal form k.
The specific preference values of users for the product in earthquake emergency response decision-making scenarios are shown in Table 2. 
	3 Obtaining the decision utility value U

To obtain the decision utility values of the 100 earthquake emergency information products mentioned above, we adopted the indirect evaluation method (Yan, 2000). Twelve experts evaluated the comprehensive decision utility of the information products in the given historical earthquake disaster response decision-making scenarios based on their own experience. The experts gave the products a value of 0–10 points, and the average value was calculated. An expert product utility rating table was then formed after integrating the scenarios of 16 earthquake events in Sichuan and Yunnan. The formula for calculating utility value is as follows (Equation 5):
Ui=∑l=1MaliM(5)
where l is the set of scoring experts, l = 1, 2, 3, … , M = 12; i is an index of the sample space of information products, i = 1, 2, 3, … , N = 100. The decision utility value ali is the average rating given by expert l to the product i in 16 earthquake events, and the decision utility value is the average rating given by all experts to the product. The specific values are listed in Table 2.
2.3.2 Polynomial model fitting
This study prioritizes parametric simplicity and high interpretability. Similar to the empirical calibration approach employed by Haroon et al. (2017) for model frictional losses and turbulent dissipation in pipelines, our polynomial model enables scenario-driven utility estimation and optimization without requiring the construction of a fully mechanistic framework.
Polynomial-fitting model was adopted to capture the statistical relationships between decision utility and influencing factors. It is a commonly used method for building models of the relationship between independent and dependent variables. According to the number of independent variables, the fitting process can be divided into univariate and multivariate fitting. This process can be further classified as linear and nonlinear fitting (Wang and Ruan, 2004; Huang and Liu, 2021). Here, we construct a univariate polynomial model by analyzing the correlation between product decision utility and user preference, and then add information to conduct a bivariate polynomial model analysis, aiming to obtain a more accurate model that simulates the statistical relationships between decision utility (U), user preference (P), and information (H). Therefore, in this study, the following general formulas for univariate and bivariate polynomials are as follows (Equations 6, 7):
fx=∑i=1naixi,i=1,2,3,...n(6)
fx=∑i=1naixiyj,i、j=1,2,3,...n,i+j≤n(7)
where i is the order of the polynomial. When the order of a univariate polynomial is 1, the function is linear.
To quantitatively evaluate the effectiveness of the model, this study used three statistical factors: the correlation coefficient (R2), the root mean square error (RMSE), and bias to evaluate the relationship between actual utility and assessed utility. The formulas are as follows (Equations 8–10):
R2=∑ui−ui¯Ui−Ui¯∑ui−ui¯2∑Ui−Ui¯2(8)
RMSE=∑i=1Nui−Ui¯2N(9)
bias=∑i=1Nui−UiN(10)
where i = 1, 2, 3,. ., N is the quantity of products; ui is the simulated utility value estimated using the model, and Ui is the decision utility value of the product. The closer R2 is to 1, and the closer the absolute values of RMSE and bias are to 0, the better the evaluation performance of the model.
In the model, the dependent variables are the user’s preference for the product (P) and the information content of the product (H), and the independent variable is the decision utility of the product (U). The model was evaluated using the software MATLAB, and the descriptive statistics of each variable are shown in Table 3.
TABLE 3 | Descriptive statistics of the variables.	Variable name	Sample number (N)	Mean	Min	Max
	P	100	0.7344	0.0270	1
	H	100	2.3414	1	5.2095
	U	100	6.1027	1.7500	9.7250


The maximum, minimum, and average values of P are 1, 0.7344, and 0.0270, respectively; The maximum, minimum, and average values of H are 5.2095, 2.3414, and 1, respectively; The maximum, minimum, and average values of U are 9.7230, 1.7500, and 6.1027, respectively.
	1 The U-P Model

To find the relationship between U and P, we use scatter plot data for polynomial regression fitting and establish a U-P model. The scatter plot (Figure 2a) of product decision utility U and user preference P shows that there was a significant positive correlation between product decision utility and user preference. Therefore, in this study, we attempted to establish a model using a univariate polynomial fitting method, and selected the first-order polynomial (linear) model and the second-order polynomial (nonlinear) model with relatively good performance.
[image: Three scatter plot panels labeled (a), (b), and (c). Panel (a) shows a positive correlation between user preferences and product utility. Panel (b) displays a comparison of decision-making utility with a diagonal trend line and notes R² = 0.8205, RMSE = 0.8509, and bias = 0.0003. Panel (c) illustrates residuals (U-u) against decision-making utility, with points scattered around a horizontal line at zero.]FIGURE 2 | (a) Scatter plot of customer preference P and decision-making utility U; (b,c) Scatter plots for residuals of simulation utility u and decision-making utility U evaluated by a second-order polynomial model U-P.Further analysis shows that the residual distribution of the second-order polynomial model was between −2.44 and 1.92, with 45% of the residuals distributed between −0.5 and 0.5 (Figures 2b,c), which can better reflect the relationship between product utility and user preferences. Therefore, the U−P model relationship can be represented by the following equation (Equation 11):
U=c1*P+c2*P2+c3(11)
In the formula, c1 and c2 are constant coefficients, and c3 is a constant.
When fitting with a polynomial, the model and statistical factor are as follows (Equation 12):
U=6.509*P+1.322,R2=0.7999,RMSE=0.8984,bias=0.0002(12)
Meanwhile, when fitting with a second-order polynomial, the model and statistical factors are as follows (Equation 13):
U=4.525*P2+1.266*P+2.387,R2=0.8205,RMSE=0.8509,bias=0.0003(13)
Comparing two models, the second model has a smaller RMSE, it was concluded that expressing the U−P model using a second-order polynomial was more appropriate.
	2 The U-P-H Model

Based on the U-P model, with the addition of information content H, due to the scattered distribution of information content and product decision utility U not being concentrated, the correlation between the two is not as strong (Figure 3a). Therefore, the information content H was taken as the joint action term of user preferences P, forming the following model relationship (Equation 14):
U=c1*P+c2*P2+c3*P*H+c4(14)
[image: Scatter plots (a), (b), and (c) show relationships between different variables. (a) depicts decision-making utility U versus information quantity H, illustrating a generally increasing trend. (b) compares simulation utility u to decision-making utility U with a regression line and statistics: R-square 0.8955, RMSE 0.6492, bias 0.0033. (c) presents residuals (U-u) against decision-making utility U with data scattered around zero, indicating model fit.]FIGURE 3 | (a) Scatter plot of information quantity H and product decision-making utility U; (b,c) Scatter plot and residual plot of simulation utility u and decision-making utility U fitted with a second-order polynomial model U-P-H.In the formula, c1, c2, and c3 are constant coefficients, and c4 is a constant.
When constructing the utility evaluation model with added information, the model and statistical factor are as follows (Equation 15):
U=0.4723*P+2.903*P2+0.9144*P*H+2.307(15)
The coefficient of determination of the model was 0.8955, the root mean square error RMSE was 0.6492, and the bias was 0.0033, indicating that it exhibited better performance than the U-P model. The evaluation of the U-P-H model indicated that the simulated utility and decision utility of the evaluation were evenly distributed around a straight line with a slope of 1 (Figures 3b,c), with residuals ranging from −1.7868 to 1.6434, and more than 60% of the residuals were distributed between −0.5 and 0.5. The evaluation model results showed no significant overestimation or underestimation, indicating that the model was effective.
	3 The Applicability of Polynomial Regression

The objective of this study is to support product prioritization by estimating decision utility. Compared to models like logistic regression that require binarization and incorporate scenario-specific thresholds during training, our method preserves the full resolution of utility scores, enhancing adaptability. Due to the limited sample size and low-dimensional feature space, complex models such as Random Forests or Support Vector Machines carry a higher risk of overfitting and tend to obscure the contributions and monotonic relationships of individual factors, thereby reducing interpretability in time-critical decision-making. In contrast, polynomial regression provides an explicit and interpretable mapping. Empirical results show a clear curvature in the U–P–H relationship, with decision utility (U) increasing as information (H) rises, and the effect becoming more sensitive with higher preference (P), reflecting a monotonic trend rather than absolute magnitude.
2.3.3 K-fold cross validation for databases
To verify that the utility prediction model does not suffer from overfitting and possesses robust generalization capability, a 5-fold cross-validation (CV) procedure was employed. Compared with conventional train–test splitting, k-fold cross-validation effectively reduces data selection bias and makes more efficient use of limited datasets. In this study, the entire dataset was randomly partitioned into ten equally sized subsets. In each fold, one subset was used as the validation set while the remaining nine served as the training set. Importantly, the fixed-structure polynomial regression model was directly applied without re-fitting or parameter tuning; the coefficients used were those previously derived from the empirical fitting process. Three key performance metrics—coefficient of determination (R2), root mean square error (RMSE), and bias—were calculated in each fold to evaluate both the fitting accuracy and generalization ability. The results demonstrate consistent performance across folds, confirming that the proposed model maintains stability and avoids overfitting.
The detailed evaluation results are illustrated in Figure 4, which consists of three subplots:
[image: Three bar charts compare cross-validation performance metrics for training and validation datasets. Chart (a) shows correlation coefficients, with values near 0.9. Chart (b) presents root mean square error, with training errors lower than validation. Chart (c) displays bias, indicating minimal variation around zero. Each chart features consistent coloring for datasets, with training in dark blue and validation in light green.]FIGURE 4 | Cross-validation results of the model (a) R2 (b) RMSE (c) bias.Figure 4a presents the R2 values of both training and validation sets across the five folds. It is observed that the model maintains a consistently high degree of explanatory power, with all training folds yielding R2 values between 0.88 and 0.91, and validation folds remaining above 0.88 in most cases. Although slight fluctuations are visible, particularly in fold two and fold four for the validation set, the overall trend suggests that the model does not rely excessively on any specific data subset and performs robustly across different data partitions.
Figure 4b shows the RMSE for each fold, reflecting the prediction error magnitude. The training RMSE ranges mostly from 0.62 to 0.66 while the validation RMSE shows a similar but slightly wider distribution, from approximately 0.42–0.73. Notably, folds one and two demonstrate relatively higher validation RMSE, which might be attributed to local data variability. However, no fold displays extreme deviation, and most errors stay within a reasonable range, suggesting adequate model precision on unseen samples.
Figure 4c analyzes the bias—i.e., the mean signed error—between predicted and actual utility values. The training bias fluctuates narrowly around zero (mostly within ±0.05), while the validation bias exhibits more pronounced deviations in certain folds, such as fold 2 (approx. −0.10) and fold 5 (approx. +0.08). These variations reflect some degree of asymmetry in prediction, yet the overall magnitude remains small, indicating no systematic overestimation or underestimation across folds.
Together, the cross-validation results demonstrate that the model maintains high generalization capability with minimal overfitting. The use of K-fold cross-validation provides an objective and rigorous measure of model robustness. These findings further confirm that the model’s performance is not confined to specific sample partitions.
3 RESULTS: APPLICATION OF THE EARTHQUAKE EMERGENCY INFORMATION DECISION-MAKING UTILITY EVALUATION MODEL BASED ON PERCEPTION OF USER DEMAND: THE 2021 6.0 LUXIAN EARTHQUAKE IN SICHUAN PROVINCE
The model for evaluating the decision-making utility of earthquake emergency information products was verified based on the 2021 magnitude 6.0 Luxian earthquake in Sichuan Province. The evaluation model was based on user demand perception, with dynamically optimizing iterations; we used the models to evaluate information products, effectively connecting the supply and demand sides of earthquake emergency information products, and promoting continuous product optimization.
3.1 Information decision products and utility calculations for the magnitude 6.0 2021 Luxian earthquake in Sichuan Province
According to the data from the China Earthquake Networks Center, a magnitude 6.0 earthquake occurred in Luxian County, Luzhou City, Sichuan Province at 04:33:31 on 16 September 2021. After the earthquake, the government received 61 information products (indicated by the * products in Table 2) during the response and decision-making process. We used the model to calculate the corresponding estimated utility values (Table 2). We adopted the same strategy as in the modeling to obtain the actual utility value of information products (Table 2), the process that assigns utility values to the products through expert ratings.
Comparing the actual utility value U* with the estimated utility value u* of the U−P−H model, the validation parameter indices (the coefficient of determination R2, the root mean square error RMSE, and the bias), and the residuals Res of the model were 0.8597, 0.6893, 0.0553, and −1.9226 to 1.5068, respectively (Figure 5), indicating a relatively small error. The results indicate that the utility value estimated through user preferences and product information has a good match with the true utility value of the product, and the model results are reliable.
[image: Scatter plot (a) shows the relationship between assessment utility \(u^*\) and utility in practice \(U^*\), with a trend line. Statistics include R-squared 0.8597, RMSE 0.6893, and bias 0.0553. Scatter plot (b) displays residuals \((U^* - u)\) against utility in practice \(U^*\), with a horizontal line at zero.]FIGURE 5 | Scatter plot (a) and residual scatter plot (b) of assessment utility u* and utility in practice U* for the Sichuan Luxian M 6.0 earthquake.3.2 Application of the decision utility evaluation model to the magnitude 6.0 2021 Luxian earthquake and evaluation of the information product
To verify the rationality of the utility evaluation process, the threshold values for the estimated utility u* and the actual utility U* of 61 products were selected using the median principle method, being 6.770 and 6.700, respectively. Two sets of effective product lists were obtained, consisting of 32 and 31 items. After comparison, there were 25 overlapping products in both lists (Figure 6), with a coincidence rate of 66%. Among these, the products with higher utility values and higher rankings were mostly comprehensive special reports or thematic maps related to personnel and disaster situations. The results suggest that the evaluation process can quickly screen out effective information products and that the method is feasible.
[image: Circular bar chart displaying various thematic and distribution reports related to disasters and earthquake regions. Bars represent utility value in practice and assessed utility value, distinguished by dark and light blue colors, respectively. Values are labeled alongside each bar.]FIGURE 6 | Assessment of utility u* and utility in practice U* of effective products from the Sichuan Luxian M6.0 earthquake.The earthquake emergency information decision-making utility evaluation model based on user demand perception can effectively bridge the gap between the earthquake emergency information product supply side (i.e., developers) and the demand side (i.e., the earthquake relief command center) and effectively screen out information products that meet the demand side. While the current evaluation model relies on expert-rated utility and Bayesian-derived preference scores, future iterations could incorporate data-driven learning algorithms to identify patterns in effective product use during emergency responses. Similar artificial intelligence-based predictive frameworks have proven effective under uncertain conditions (Ahmad et al., 2025). Thus, the method has strong application and promotion value.
4 CONCLUSION
Starting from the theory of user demand perception, this study developed an innovative earthquake emergency information development process and decision utility evaluation model based on user demand perception. In particular, The proposed model demonstrates strong applicability under small-sample and low-dimensional feature conditions. It organically links the demand and supply ends, which can effectively evaluate and screen the developed earthquake emergency information products, promote the optimization and iteration of earthquake response information products, enhance the decision-making ability of earthquake relief, and reduce the post-disaster losses caused by earthquakes. The application of earthquake emergency information products in the 6.0 magnitude earthquake in Luxian County shows that the model is effective and has promotional value. Based on the above research results, the following conclusions are drawn.
	1. The evaluation model effectively supports earthquake relief decision-making. The present study provides a new risk transfer method and an information decision-making utility evaluation process for dynamically recognizing user needs and calculating utility. The earthquake emergency information product developed from this approach has played an effective decision-making support role in the evaluation of decision-making utility for earthquakes of medium to strong intensity and above. The case of the 6.0 magnitude earthquake in Tonglu County has verified hypothesis one.
	2. The earthquake emergency information decision-making utility evaluation model established in the present study has application and promotional value. There was a significant positive correlation between product decision utility and user preference. Evaluation of the relationship between user preference P, information content H, and product utility U showed that the simulated utility and decision utility of the evaluation model were evenly distributed, and the overall goodness of fit of the model was high. The model results verify hypothesis two.
	3. The practical application demonstrates that the earthquake emergency information decision-making utility evaluation model is reliable, and knowledge-intensive and human-related products in information products have higher user perception. Taking the 2021 6.0-magnitude earthquake in Luxian County, Sichuan Province as an example, the present study has shown that the utility values estimated by user preferences and product information have a good match with the true utility values of the product, and the evaluation model results are reliable. In addition, knowledge-intensive products and two types of products related to people had higher user demand and decision value, verifying hypotheses two and three.

Although the current model provides good interpretability and practical value, it still has limitations due to its fixed polynomial structure, regional data coverage, and static thresholding strategy. In the future, research in this field will focus on expanding the sample size of earthquake emergency information, building a more comprehensive database, optimizing model structures and parameters, and improving the relevance of product development based on user demand perception. At the same time, more expressive models will be explored to improve applicability across different disaster types, and multimodal data and adaptive strategies (such as graph neural networks and reinforcement learning) will be integrated to enhance the model’s generalization and decision-making flexibility under dynamic constraints.
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