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Abstract


With the increasing adoption of digital governance and big data analytics, the quality of government hotline data significantly affects urban governance and public service efficiency. However, existing methods for assessing data record standards focus predominantly on structured data, exhibiting notable inadequacies in handling the complexities inherent in unstructured or semi-structured textual hotline records. To address these shortcomings, this study develops a comprehensive scoring method tailored for evaluating multi-dimensional data record standards in government hotline data. By integrating advanced deep learning models, we systematically analyze six evaluation indicators: classification predictability, dispatch accuracy, record correctness, address accuracy, adjacent sentence similarity, and full-text similarity. Empirical analysis reveals a significant positive correlation between improved data record standards and higher work order completion rates, particularly highlighting the crucial role of semantic-related indicators (classification predictability and adjacent sentence similarity). Furthermore, the results indicate that the work order field strengthens the positive impact of data standards on completion rates, whereas variations in departmental data-handling capabilities weaken this relationship. This study addresses existing inadequacies by proposing a novel scoring method emphasizing semantic measures and provides practical recommendations—including standardized language usage, intelligent analytic support, and targeted staff training—to effectively enhance urban governance.
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1. Introduction


With the rapid advancement of information technology, enhancing national modern governance capabilities has become a top priority. Establishing robust communication channels between the government and the public is fundamental to achieving this goal [1]. Government hotlines, through both telephone and internet channels, serve as crucial platforms for collecting public complaints, suggestions, and feedback on public affairs. These hotlines help address public concerns in a timely manner, improve administrative transparency, and enhance the quality of public services [2].



In China, the State Council’s guidelines on optimizing public service mechanisms explicitly call for strengthening public feedback systems and improving the responsiveness and accuracy of government services through data-driven means [3]. Furthermore, government hotline data have been officially recognized as a core part of digital government construction, with the National Development and Reform Commission and the Ministry of Industry and Information Technology issuing documents that emphasize the importance of high-quality data management in public service systems [4].



A recent survey shows that 63% of cities have established clear development goals for their government hotline departments, aiming to create unified and accessible service platforms. However, these strategies primarily emphasize departmental growth while lacking targeted plans for data governance. This gap underscores the pressing need to enhance the quality of hotline data to ensure accurate issue handling and improve the effectiveness of public service delivery [5]. More broadly, the quality of government data plays a pivotal role in enabling effective social governance through big data. Without sufficient quality, even large volumes of data become difficult to utilize or analyze, providing limited value for policy-making and public administration. Therefore, evaluating and improving data quality remains a core challenge for governments and a critical factor in the success of digital governance systems [6].



In recent years, scholars have conducted extensive research on government hotlines. Wang et al. [7] proposed a classification model to optimize the routing of hotline issues to relevant departments. Li et al. [8] developed a multi-view deep learning framework to improve dispatch accuracy, while Zhang et al. [9] used text features to predict dispatch results. Other studies have explored multi-label classification methods [10], topic analysis of public concerns [11], and citizen satisfaction during crisis periods such as the COVID-19 pandemic [12].



However, current research predominantly focuses on improving the accuracy of issue classification and dispatch, with limited attention to the quality assessment of hotline records themselves. As Zhang et al. [9] pointed out, the effectiveness of classification and dispatch is heavily dependent on the completeness, consistency, and clarity of the original data input. Karkošková [13] emphasized that data quality assessments are foundational for ensuring reliability in policy analysis and service design, particularly in complex and multi-sectoral governance systems.



Commercial call centers often employ standardized tools such as Service-Level Agreements (SLAs) and Customer Satisfaction Indices (CSIs) to evaluate service effectiveness [14,15]. However, these frameworks focus on response speed or satisfaction metrics and are not well suited to evaluating the semantic and structural quality of records in the public sector. Government hotline data involve sensitive, multi-departmental issues that must meet regulatory, compliance, and ethical standards [16].



Moreover, as shown in Figure 1, the typical government hotline workflow—from call reception and information entry to issue dispatch and resolution—demands strict adherence to data recording protocols. Any deviation from these standards can disrupt task assignment and reduce system effectiveness. Ensuring standardization and consistency in data entry is not only essential for accurate issue handling but also for maintaining public trust in government responsiveness.



Government hotline data are characterized by their unstructured nature, containing rich semantic information that complicates traditional data governance methods. Unlike structured public data, such as census data [17], hotline records are composed of text that includes complaints, suggestions, and feedback, often involving multiple domains like public administration, legal issues, and social governance [18]. This makes the data complex and challenging to process, as they contain informal, ambiguous, and emotionally charged language, which cannot be easily quantified using standard techniques. Given the complexity and richness of the data, traditional quantitative methods are insufficient for capturing the nuances inherent in these textual records. To address this, a more advanced, text-based quantification method is necessary—one that not only processes the data but also captures their underlying semantic meaning. This approach stands in contrast to simpler forms of public data governance, where data are typically more structured and easier to quantify. The necessity for a specialized method to quantify and evaluate the quality of government hotline data—particularly using a semantic-based approach—forms the core contribution of this study.



The objective of this study is to develop and implement a standardized scoring system for evaluating the quality of government hotline data, addressing the shortcomings in current research, where data quality assessment has been largely overlooked. Low-quality data records can lead to biased decision-making and negatively impact service quality [19]. Specifically, this study focuses on the methodology for automating the evaluation of hotline data quality using a customized scoring system. This system is designed to assess the completeness, consistency, and accuracy of hotline records, ensuring that they adhere to established standards. By implementing this system, this paper aims to enhance the effectiveness of government decision-making, improve public service delivery, and strengthen public trust in government responsiveness.




2. Literature Review


2.1. Current Research Status


Existing methods for the assessment of data quality typically focus on several key dimensions, including completeness, consistency, accuracy, timeliness, and reliability of data [20,21]. These dimensions are foundational in evaluating data quality across various fields, but there is a need for a more systematic approach to categorizing and assessing data quality frameworks. Schmidt et al. [22] proposed a data quality assessment framework specifically for the health research field. This framework emphasizes completeness, consistency, and accuracy as the core dimensions for ensuring the reliability and validity of medical data. It adopts a multi-level, multi-dimensional analysis that enables thorough evaluation across different layers of data.



In the industrial domain, Song et al. [23] introduced the Industrial Multivariate Time Series Data Quality Assessment (IMTSDQA) method, which builds upon traditional data quality evaluations by introducing fine-grained sub-dimensions within key categories such as completeness, normativeness, and accuracy. This fine-grained approach allows for a more detailed, objective, and comprehensive assessment of data quality, extending its applicability to complex industrial datasets.



Meanwhile, Vetro et al. [24] focused on open government data and identified key dimensions such as completeness, traceability, timeliness, and accuracy. They argue that open data must go beyond meeting technical standards to include considerations for usability and transparency. These elements are essential for enhancing public trust and engagement, and they provide a useful framework for assessing data quality in the context of public governance.



While there has been substantial research on data quality assessment frameworks across various domains such as transportation [25], healthcare [26], and construction [27], there remains a notable gap in the standardized scoring of government hotline data records. These data records represent a critical communication channel between the government and the public, and the quality of these data plays a pivotal role in the effectiveness of government services.



Government hotline data have specific characteristics and challenges that set them apart from other data types. For instance, they often contain large volumes of unstructured textual data, making their quality assessment particularly complex. Given these challenges, this study proposes a comprehensive data record standard evaluation system for government hotline data, focusing on dimensions such as reliability, correctness, and consistency. This system seeks to address the unique features of government hotline data and ensure that these records comply with standards, thereby enhancing government service efficiency and improving public satisfaction.



The process of evaluating government hotline data compliance involves several key steps, including topic identification, entity recognition, and text classification. Topic identification is crucial for extracting meaningful thematic information from large volumes of text. Traditional methods such as part-of-speech tagging (POS) and TF-IDF have been employed to identify topics within text [28]. However, models like Latent Dirichlet Allocation (LDA), though useful for long texts, often struggle with short texts due to limited context awareness [29,30]. To address these limitations, more recent approaches, such as the Adaptive Online Biterm Topic Model (AOBTM) [31], and the application of pre-trained models like BERT for topic classification [32], have shown promise in improving topic identification accuracy, especially in dynamic environments. The BERTopic model further refines BERT’s capabilities for domain-specific topic recognition [33].



Entity recognition, another essential component of this evaluation system, involves identifying and categorizing named entities within text. Early methods were based on rule-based and dictionary-based approaches [34,35,36,37,38], but more recent advancements have leveraged machine learning [39,40] and deep learning models [41] such as LSTM and BERT to enhance the accuracy of entity recognition, especially in large and complex datasets.



Finally, text classification is a critical step in categorizing government hotline data into predefined categories. Common classification techniques include k-nearest neighbors, naive Bayes, support vector machines (SVMs), and, more recently, graph neural networks [42,43,44]. These methods contribute to the structured analysis of unstructured textual data, enabling more efficient processing and interpretation.



Quantitative methods for data quality assessment are essential for ensuring the reliability and validity of datasets across various domains. These methods use defined metrics to measure specific dimensions of data quality, enabling organizations to assess and enhance their data’s fitness for use. Typically, quantitative assessments focus on several key dimensions, such as accuracy, completeness, consistency, timeliness, and uniqueness, each evaluated using specific metrics [45].



Accuracy involves comparing data to a known standard or ground truth. It ensures that data reflect the real-world phenomena they are supposed to represent. Completeness measures the proportion of available versus missing data entries, indicating whether data are sufficiently detailed and comprehensive. Consistency ensures uniformity and the absence of contradictions within or across datasets, ensuring that data align with established rules or standards. Timeliness evaluates whether data are current and available when needed, which is crucial for time-sensitive applications such as decision-making in government services. Uniqueness identifies and eliminates duplicate records, which is especially important in maintaining clean and reliable datasets.



The diversity of proposed dimensions—more than 50 distinct dimensions in total—demonstrates the complexity and multifaceted nature of data quality assessment [45]. For example, Lewis et al. [46] systematically reviewed the factors affecting electronic health record data and proposed five core dimensions—completeness, correctness, consistency, reasonableness, and timeliness—as a foundational framework for structured and semi-structured data.



Building upon this, Song et al. [47] introduced a fine-grained data quality assessment framework, emphasizing sub-dimensions such as completeness, normativeness, consistency, uniqueness, and accuracy, offering more granular diagnostic capabilities for data quality analysis. However, these frameworks are often generalized, and they may not fully capture the unique challenges of textual and semi-structured data in government hotline work orders, which often contain free-text entries, inconsistent formats, and variable reporting standards.



Various frameworks have been developed to systematically assess data quality. Hierarchical data quality frameworks, for example, organize dimensions from general to specific, facilitating comprehensive evaluations. These are particularly suited for complex scenarios such as big data environments [48]. Systematic literature reviews (SLRs) have summarized practices and challenges in data quality assessment, highlighting the need for standardized methodologies and the integration of quality management into data processes [49]. Domain-specific frameworks, such as those used in public health, emphasize sector-specific data quality needs [50]. Despite the progress, challenges remain, particularly in managing the vast volume, velocity, and variety inherent in big data, the lack of universally accepted standards for data quality dimensions, and the critical need for high-quality data in machine learning applications [51].



However, while the literature has provided useful frameworks, government hotline data evaluation has mostly involved theoretical framework-based analyses, often lacking empirical studies to validate these models. These studies primarily focus on macro-level indicators like accuracy, completeness, consistency, and timeliness, but they seldom incorporate detailed or semantic indicators derived from text content. This is where our study innovates by focusing specifically on Chinese government hotline data, employing advanced methods such as BERT for precise text processing and text classification prediction, which significantly enhances the classification accuracy.



BERT (Bidirectional Encoder Representations from Transformers) has emerged as a leading method for natural language processing (NLP) tasks, particularly for handling unstructured text data. Its key advantage lies in its ability to capture the contextual relationships in text, allowing it to understand the nuances of language, which is crucial for processing government hotline work orders containing complex and varied textual data. Traditional NLP methods, such as rule-based or shallow machine learning models, often fail to grasp the deeper context or subtle patterns in the language, making BERT a more appropriate choice for this task.



The hybrid model BERT-BiLSTM-CRF integrates the strengths of BERT’s contextualized embeddings with the BiLSTM (Bidirectional Long Short-Term Memory) network’s ability to model sequential dependencies and CRF’s (Conditional Random Field) capacity to enforce structured prediction constraints. This combination is particularly effective for named entity recognition (NER), which is essential for extracting critical semantic information such as addresses, names, dates, and contact details from government hotline work orders.



The advantages of BERT-BiLSTM-CRF over traditional methods are as follows:



Contextual Understanding: BERT’s pre-trained models enable deeper contextual understanding compared to traditional models like TF-IDF or Word2Vec, which treat words independently and fail to capture the context. For government hotline data, which often contain short, context-dependent phrases, BERT’s ability to understand words in relation to their surrounding context ensures a higher level of precision and recall in extracting meaning from text.



Improved Classification Accuracy: Traditional methods like SVM (support vector machine) or naive Bayes focus on vectorizing text and using shallow models for classification. However, BERT integrates language understanding directly into the model, improving the classification performance significantly. In our study, incorporating BERT’s language understanding improves the precision and recall for categorizing hotline data, leading to more accurate assessments of data compliance with predefined standards.



Enhanced Entity Recognition: Entity recognition is a critical task in government hotline work order texts, which often contain unstructured, free-text entries. Models like CRF or BiLSTM have been used for entity extraction but often struggle with semantic nuances in large datasets. By combining BiLSTM for sequential learning with CRF for structured prediction, our model is able to recognize locations, names, addresses, and other key entities with significantly higher accuracy compared to conventional methods, such as rule-based approaches or standalone machine learning techniques.



Adaptability and Fine-tuning: BERT offers a unique advantage in its adaptability. It can be fine-tuned for specific domains, such as government hotline data, using transfer learning. This approach allows for better performance on domain-specific tasks compared to traditional models, which would require extensive retraining for each new task or dataset. Our study demonstrates this advantage by fine-tuning BERT specifically on Chinese government hotline data, optimizing its performance for the task at hand.



While BERT has demonstrated clear advantages in this study, it is important to acknowledge the limitations of alternative methods. Traditional NLP methods like TF-IDF and naive Bayes focus on bag-of-words representations and often fail to capture the contextual meaning of words in short or ambiguous texts. SVM and Logistic Regression may perform well on structured datasets but struggle with unstructured text data like those found in government hotline work orders, which often contain inconsistent formats and varied vocabulary. Moreover, LSTM-based models, though capable of capturing sequential dependencies, do not have the sophisticated understanding of language that BERT provides, making them less effective in tasks involving complex textual content.



In contrast, BERT, by leveraging its transformer architecture, has revolutionized the processing of unstructured text by considering the entire context of a sentence rather than just individual words. This makes BERT particularly well suited for understanding the context-specific terminology and phrasing in government hotline work orders. The incorporation of BiLSTM-CRF further enhances the model by ensuring that the recognized entities maintain the correct sequential order, which is critical in the structured data extraction tasks required for evaluating government hotline data compliance.




2.2. Research Hypothesis


This study proposes a tailored data record standard evaluation system specifically designed for government hotline data. Drawing from the authoritative literature and the distinct characteristics of government work order systems, we define three core evaluation dimensions—reliability, correctness, and consistency—each supported by sub-indicators with robust theoretical and empirical foundations.



Reliability assesses whether the data effectively support accurate decision-making and task routing. According to Batini et al. [52], data reliability is essential for ensuring that information can be effectively utilized for intended business operations. Similarly, Pipino et al. [45] emphasize that reliable data should consistently meet user expectations for decision-making tasks, which validates our inclusion of classification predictability (the clarity and accuracy of assigning problem categories) and dispatch accuracy (the precise routing of problems to appropriate departments) as key sub-indicators.



Correctness pertains to factual accuracy and compliance with data standards. Wang and Strong [53] highlight accuracy as a fundamental dimension reflecting the degree to which data correctly represent real-world conditions. Hamdy et al. [54] empirically confirm that record accuracy is directly correlated with overall data usability and quality, reinforcing our choice of record accuracy as a key sub-indicator. Additionally, Tian et al. [55] demonstrated that address accuracy directly impacts downstream logistics operations, further validating our inclusion of address accuracy as critical for government service delivery.



Consistency ensures internal coherence and logical integrity within textual records. Redman [56] established consistency as a critical dimension of data quality, referring to the uniformity and coherence of data within and across records. Building upon Gharehchopogh and Khalifelu’s [57] work on evaluating topic relevance in textual data, we include adjacent sentence similarity and full-text similarity as indicators of logical consistency and minimal redundancy within hotline work orders, improving semantic integrity and operational efficiency.



Compared to previous studies primarily focused on structured data or general metrics, our framework uniquely addresses the challenges posed by unstructured or semi-structured textual records, thus providing a nuanced and operationally relevant evaluation system for government hotline data.



Numerous studies affirm the critical role of rigorous data quality standards in improving governmental performance. Li and Shang [58] showed that robust data standards significantly enhance administrative efficiency, while Cheng and Liu [59] demonstrated that improved data governance substantially enhances policy effectiveness. Consequently, we propose the following hypotheses:



H1: 

Data record standards positively affect work order completion.





Furthermore, the impact of data quality standards may vary across different work order fields. Studies indicate that sectors with structured workflows, like transportation and healthcare, typically exhibit greater sensitivity to enhanced data accuracy and standardization [60,61]. Hence, we hypothesize the following:



H2: 

The work order field moderates the relationship between data record standards and work order completion.





Similarly, organizational capabilities also influence how effectively data standards are utilized. Strong organizational competencies in data management significantly enhance data quality implementation and operational outcomes [62]. Departments with better training and clearer processes are more effective in utilizing standardized data, while those with limited capacities may struggle to realize these benefits. Thus, we propose the following:



H3: 

The work order handling department moderates the relationship between data record standards and work order completion.





These hypotheses form the basis of our proposed framework, as illustrated in Figure 2. This figure illustrates the evaluation framework for government hotline data record standards. In particular, six secondary indicators—including dispatch accuracy, classification predictability, record accuracy, address accuracy, adjacent sentence similarity, and full-text similarity—are employed to assess data standards. The evaluation results are further linked to key work order attributes, such as the work order field and handling department, in order to analyze their influence on work order completion.





3. Research Design


3.1. Data Collection


The data for this study were sourced from a government hotline system, spanning from January 2019 to July 2021. After data cleaning and de-duplication, a total of 266,850 records were obtained.




3.2. Research Methods


To systematically analyze the government hotline data record standards, this study employed a series of computational methods and techniques. Specifically, six evaluation indicators were established to comprehensively assess the data quality in different dimensions, including classification predictability, dispatch accuracy, record correctness, address accuracy, adjacent sentence similarity, and full-text similarity. The data sources, calculation logic, and potential sources of error for each indicator were carefully considered in the analysis. Among these indicators, dispatch accuracy and address accuracy are defined as binary variables, serving as deterministic indicators with clear evaluation criteria. In contrast, classification predictability is measured using the output probability of a deep learning classification model, which helps to reduce uncertainty and provides a probabilistic recommendation of correctness. For the text similarity dimensions, including adjacent sentence similarity and full-text similarity, this study utilized a BERT-based semantic similarity model, which offers relatively high accuracy in capturing semantic relationships [63]. Furthermore, to mitigate potential deviations in the similarity calculations, both the average similarity and maximum similarity scores were adopted as evaluation metrics. The overall analytical framework, along with the implementation steps of the proposed approach, is illustrated in Figure 3.



3.2.1. Data Pre-Processing


For natural language processing classification algorithms—particularly BERT-based models—the input length is constrained to 512 characters, necessitating thorough pre-processing of the hotline texts. Given that the average length of government hotline texts is approximately 112 characters, we selected 128 characters as the maximum input length for the BERT model. The detailed data pre-processing steps were as follows:




	
Duplicate and Empty Entry Removal: We identified and removed duplicate records by comparing the textual content. Empty or missing entries were also systematically detected and excluded to ensure data integrity.



	
Missing Values and Outlier Handling: Entries containing missing textual fields or irrelevant special characters (such as random symbols or clearly erroneous input) were filtered out. Outliers—texts significantly deviating from normal hotline contents—were identified using statistical measures (e.g., text length distributions) and manually reviewed before exclusion.



	
Chinese Text Segmentation and Stopword Removal: The Jieba segmentation tool was employed for effective Chinese text segmentation, converting texts into token sequences. Subsequently, standard Chinese stopword lists were applied to remove frequently occurring but semantically irrelevant terms (e.g., auxiliary verbs, pronouns, common connectors).



	
Keyword Extraction and Text Length Adjustment: For texts exceeding the 128-character limit, we utilized the TF-IDF algorithm to rank terms based on their relevance and importance. High-ranking keywords were then selected to reconstruct concise texts that complied with the 128-character constraint, ensuring critical semantic content was preserved.



	
Denoising and Data Quality Enhancement: To enhance data quality, we implemented additional denoising techniques, including removing noisy patterns such as repetitive text fragments, overly frequent boilerplate sentences, and irrelevant numerical strings. These steps significantly improved the accuracy and reliability of subsequent classification and analysis tasks.








No specialized pre-processing was required for the named entity recognition (NER) or semantic similarity calculation algorithms. Specifically, NER involves annotation of the entire original text, while semantic similarity calculations segment texts into individual sentences, each typically shorter than 128 characters.




3.2.2. Calculation Method for Classification Predictability


The secondary indicator for reliability that determines the category of work orders is classification predictability. This indicator is primarily determined based on the BERT model for classification. BERT (Bidirectional Encoder Representations from Transformers) is a pre-trained deep learning model that captures contextual information through a bidirectional transformer architecture, improving accuracy in natural language processing tasks. The principle of text classification using the BERT model is shown in Figure 4.



It should be noted that due to the significant population and service disparities across different regions and departments, the volume of government hotline data is highly imbalanced. For instance, by the end of 2022, District M of City B had a resident population of approximately 980,000, whereas District N had only 320,000. Similarly, the scope of services provided by different government departments varies significantly. The urban management department handles issues such as street cleaning, noise pollution, and illegal construction, while the education department deals with school admissions and education resource allocation. Additionally, citizens’ demands may shift based on specific events, such as the surge in hotline calls to the health department during the COVID-19 pandemic. This results in considerable data volume disparities across regions and departments, with some having very few work orders. Figure 5 illustrates the number of work orders closed by various districts and departments in City A in 2023.



Given this imbalance, a method was adopted to address the issue of misclassification due to insufficient data. For categories with fewer than 100 work orders, data augmentation was used to increase the number to 100. This augmentation was achieved using the Qwen-7B-Chat model, which was selected for the following reasons:



In August 2023, Alibaba Cloud announced the open-sourcing of two models from its Qwen series—Qwen-7B and Qwen-7B-Chat—available on both ModelScope and Hugging Face. Both models have a parameter scale of 7 billion. Qwen-7B, a decoder-only language model based on a transformer architecture, is similar to the LLaMA series. It was pre-trained on over 2.2 trillion tokens and supports a context length of up to 2048. In various benchmarks tested by Alibaba Cloud, Qwen-7B outperformed most existing models of similar size. Table 1 compares the accuracy of Qwen-7B and other pre-trained language models on the C-Eval validation set.



The Qwen-7B model outperformed other models of similar size and even surpassed larger models in several cases. Its performance on the C-Eval test set compared to other models is shown in Table 2.



As can be seen from the table, Qwen-7B outperformed similar models and even exceeded some larger models. Therefore, in this study, we utilized Qwen-7B to enhance the data by generating additional work orders for categories with fewer than 100 cases. This was achieved by constructing prompt templates and invoking Qwen-7B’s API, which reformulated the work order text using different vocabulary and structures while maintaining the original meaning. The prompt used for this process was “Use the Qwen model to rewrite this sentence with different vocabulary and structure while strictly preserving the original meaning”.



The specific calculation process for classification predictability involves tokenizing and vectorizing the text data using a fine-tuned pre-trained BERT model and then inputting the processed text into the BERT model to obtain classification results. The formula is as follows:


   R c  = P (  y i  |  x i  ) = s o f t m a x ( B E R T (  x i  ) )  








where    R c    represents the classification predictability and   P (  y i  |  x i  )   denotes the predicted classification probability of the input text    x i   .




3.2.3. Calculation Method for Dispatch Accuracy


The secondary indicator for reliability in evaluating whether the dispatched department for a government work order is accurate is dispatch accuracy, which is calculated by comparing the department recommended by the classification model to the final handling department. The calculation process is illustrated in Figure 6.



The formula for calculating this indicator is as follows:


   R d  =      ∑  i = 1  n   1 (  y i  =   y ^  i  )    n    








where    R d    represents the accuracy of dispatching,    y i    is the actual handling department,     y ^  i    is the department predicted by the model, 1 (   y i  =   y ^  i   ) is an indicator function that is equal to 1 if    y i  =   y ^  i    and 0 otherwise, and  n  is the total number of work orders.




3.2.4. Calculation Method for Record Accuracy


Record accuracy is a secondary indicator under the primary indicator of correctness. This indicator measures whether the textual records in each work order are accurate and whether there are spelling or grammatical errors. Spelling error detection in work order texts is performed using the ‘pycorrector’ package in Python3.11, which uses language model perplexity (PPL) to determine the correctness of a character. The spelling error detection process is shown in Figure 7.



The record accuracy indicator is finally assessed by calculating the proportion of non-spelling errors relative to the total number of characters. The formula is as follows:


   C w  = 1 −   E W    








where    C w    represents the accuracy of records,  E  denotes the number of spelling errors, and  W  is the total number of characters.




3.2.5. Calculation Method for Address Accuracy


Another secondary indicator under the correctness dimension is address accuracy, which is designed to evaluate the correctness and consistency of address information recorded in government hotline work orders. Specifically, this indicator measures whether the address information extracted from the textual description of a work order matches the structured address field provided in the dataset. To achieve this, a named entity recognition (NER) method was applied to automatically extract address entities from the unstructured text content of each work order. The NER process is based on a BERT-BiLSTM-CRF model, which effectively integrates three advanced techniques: (1) the BERT model is used to capture rich contextual semantic features of the input text; (2) the BiLSTM (Bidirectional Long Short-Term Memory) network is employed to learn sequential dependencies in both the forward and backward directions; and (3) the CRF (Conditional Random Field) layer is utilized to optimize the sequence labeling results and ensure the accuracy and integrity of address entity recognition. The workflow and principle of this address extraction model are illustrated in Figure 8. After extraction of the address entity, the identified address is further standardized and verified by querying the Baidu Maps API to determine its administrative region or geographic location. The obtained address information is then compared with the structured address field in the original work order dataset. If the two address sources correspond to the same administrative region or location, the address accuracy is recorded as 1 (correct); otherwise, it is recorded as 0 (incorrect). This binary evaluation criterion ensures the precision of the address accuracy indicator and enables quantitative assessment of the correctness of address information in the hotline data records.




3.2.6. Calculation Method for Theme Similarity


The primary indicator for consistency in the evaluation of hotline data record normativity mainly refers to thematic consistency, including the similarity between adjacent sentences (adjacent sentence similarity) and the similarity of each sentence to the entire text (full-text similarity). The calculation of these indicators is based on a BERT-based semantic similarity model, which leverages the deep contextual understanding capabilities of BERT to measure the semantic closeness between sentences.



The calculation process is carried out as follows: First, each pair of sentences to be compared is input into a pre-trained BERT model, which encodes the sentences into dense vector representations within a high-dimensional semantic space. The BERT model captures both the syntactic structure and contextual semantics of the sentences, ensuring that the generated vectors accurately reflect their meanings. Subsequently, the cosine similarity between the two sentence vectors is computed to quantify their semantic similarity. The cosine similarity score ranges from 0 to 1, where a higher score indicates a higher degree of semantic consistency between sentences.



	
Adjacent Sentence Similarity: This secondary indicator uses BERT to convert sentences into vectors, calculates the similarity between adjacent sentence vectors, and then takes the average of all similarities. The formula is as follows:








   S a  =   1  n − 1      ∑  i = 1   n − 1    cos (  V   s i    ,  V   s  i + 1       )  








where    V   s i      represents the vector of the  i th sentence,   cos   is the cosine similarity measure, and  n  is the total number of sentences. The calculation method for adjacent sentence similarity is further illustrated in Figure 9.



	2.

	
Full-Text Similarity: This secondary indicator first converts sentences into vectors using BERT, then calculates the maximum similarity between each sentence and all other sentences, and finally averages these maximum similarities. The formula is as follows:









   S o  =   1 n     ∑  i = 1  n    max  j ≠ i   cos (  V   s i    ,  V   s j      )  








where    V   s i      represents the vector of the  i th sentence,   cos   is the cosine similarity measure, and n is the total number of sentences. The full-text similarity calculation differs from that for adjacent sentence similarity in that it calculates the maximum similarity of each sentence with respect to the other n − 1 sentences and then averages these maximum similarities. The calculation process is illustrated in Figure 10.






4. Experimental Results


4.1. Descriptive Statistics


To facilitate quantitative analysis, we encoded the work order fields and handling departments. The work order fields were coded from 0 to 19, covering various areas such as transportation and housing (Table 3), while the handling departments were categorized into district-level departments (0), municipal-level departments (1), and state-owned enterprises (2).



This study analyzed hotline data record standards using six research indicators: classification predictability, dispatch accuracy, record accuracy, address accuracy, adjacent sentence similarity, and full-text similarity. Table 4 presents the minimum, maximum, variance, mean, and number of observations for each indicator.



From Table 3, it can be seen that the average values and variances of the indicators reflect the performance of the data in various aspects. Classification predictability and dispatch accuracy had relatively high average values, indicating that most work orders had good classification and dispatch accuracy. The average value of record accuracy was close to 1, suggesting that there were few spelling errors in the work order records. The variance value of address accuracy was larger, indicating some fluctuation in address records. The average values for adjacent sentence similarity and full-text similarity were high, indicating a high level of consistency in adjacent sentences and overall semantics in the work order texts. For cases where the similarity is 0, we need to provide a separate explanation; this occurs when the sentence is too short to calculate its similarity with other sentences, and such brief descriptions often result in reduced completeness due to insufficient information.




4.2. Experimental Results of Deep Learning Models


Table 5 outlines the hyperparameters and dataset sizes for both text classification and named entity recognition (NER) tasks. Specifically, for text classification, the dataset sizes (train, test, and dev) represent the number of individual text samples. In contrast, for the named entity recognition task, the dataset sizes indicate the total number of characters processed. Additionally, the maximum sequence length (max_seq_length) for text classification was set to 128, while that for named entity recognition was set to 256, reflecting the differing requirements of these two deep learning tasks. Other parameters (e.g., batch size, learning rate, and epochs) are also task-specific and were optimized accordingly.



Table 6 presents the evaluation results of the proposed models in two natural language processing tasks: text classification and named entity recognition (NER). For the text classification task, the model achieved consistently high performance across all metrics, with an accuracy of 0.9219, precision of 0.9446, recall of 0.9219, and F1-score of 0.9234, demonstrating its effectiveness in distinguishing text categories. For the NER task, the model obtained an accuracy of 0.9548, with a precision of 0.7048, a recall of 0.7500, and an F1-score of 0.7267. These results indicate that the model is capable of accurately identifying named entities while maintaining a balanced performance between precision and recall.




4.3. Data Standardization


To ensure that the indicators are comparable and compute the data record normativity score, we standardized the data using the ‘StandardScaler’ method from the sklearn package in Python. ‘StandardScaler’ removes the mean of each feature and scales it to unit variance, allowing data from different features to be compared on the same scale. The standardized data follow a standard normal distribution, with a mean of 0 and a standard deviation of 1.



Using this method, we standardized the six research indicators, enabling their comparison on the same scale. Standardized data provide a more accurate reflection of each indicator’s contribution to the hotline data record normativity score.




4.4. Calculation of Total Score


To comprehensively evaluate the data record standard of each work order, we calculated the total score through summation of the six standardized indicators. The specific formula is as follows:


  S =  S   R c    +  S   R d    +  S   C w    +  S   C a    +  S   S a    +  S   S o     








where  S  is the score of data record standard,    S   R c      is the classification predictability after standardization,    S   R d      is the accuracy of dispatch after standardization,    S   C w      is the correctness of records after standardization,    S   C a      is the correctness of addresses after standardization,    S   S a      is the similarity of adjacent sentences after standardization, and    S   S o      is the similarity of the entire text after standardization.




4.5. Linear Regression and Moderating Effects


In this study, we utilized a multiple linear regression model to explore the relationships between data record scores and work order completion rates, and we further examined the moderating effects of the work order field and the department handling the work order. The completion of work orders was considered as the dependent variable (Y), while the data record score, work order field, and handling department were considered as independent variables (X); furthermore,   b   represents the effect of each independent variable on the outcome, while   u   captures the error or variation in the outcome not explained by the model. In the moderating effect analysis, the work order field and handling department were treated as moderating variables interacting with the data record score in order to assess their influence on the completion rate.
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The moderating effects were assessed by analyzing the significance and direction of the interaction terms relative to the main effects. These effects can be categorized into four scenarios based on the significance and sign of the interaction term, as summarized in Table 7.




4.6. Empirical Analysis


A correlation analysis was conducted using the cor() function in R, the results of which are presented in Figure 11, showing the correlation matrix of the key variables. As illustrated in the matrix, there was a strong linear correlation (coefficient = 0.90) between “adjacent sentence similarity” (ASS) and “full-text similarity” (FTS). Considering the risk of multicollinearity due to this high correlation, the variable “adjacent sentence similarity” was removed from the subsequent multiple linear regression analysis, thus ensuring the robustness and reliability of the model results.



From Table 8, it can be observed that dispatch accuracy and record accuracy were negatively correlated with work order completion, but the correlation between record accuracy and work order completion was not statistically significant (0.08). The statistical description of the data shows that the mean value of record accuracy was very close to 1, and the variance was very small, indicating that the accuracy of the textual descriptions in the work order data was very high. As a result, its effect on work order completion was not significant. Similarly, the mean value of dispatch accuracy was also very close to 1, suggesting that there were too many positive samples in the data, potentially affecting its correlation with work order completion. Intuitively, it would be expected that as dispatch accuracy increases, work order completion should also increase.



The remaining three indicators—address accuracy, full-text similarity, and classification predictability—showed significant positive correlations with work order completion, aligning well with our expectations. However, dispatch accuracy and record accuracy exhibited exceptionally high average values (0.95 and 0.997, respectively), indicating substantial data imbalance. Such an imbalance can introduce counterintuitive correlations, which underscores the necessity and appropriateness of using the integrated data quality scoring model discussed previously. Additionally, considering the high collinearity between adjacent sentence similarity and full-text similarity, we included both indicators within the integrated score, which helps to mitigate uncertainties arising from imbalanced data.



In the regression analysis, we examined the direct effect of integrated data record scores on work order completion rates. As shown in Table 9, there was a significant positive association between data record scores and work order completion (p < 0.001). This result aligns with previous findings emphasizing the importance of data standards in enhancing government governance; for instance, Huang [64] identified a significant moderating effect of data standards on government performance, while Niu et al. [65] similarly demonstrated a positive influence of data standards on environmental governance. Additionally, our regression analysis indicated that the work order field and handling department significantly affected work order completion rates.



To assess the robustness of the regression results, this study applied heteroskedasticity-robust standard errors. Specifically, Table 8 reports the baseline regression results obtained using the ordinary least squares (OLS) method, while Table 10 presents the results after adjusting the standard errors using the heteroskedasticity-consistent covariance matrix estimator (HC1). As can be seen from the two tables, the estimated coefficients and their significance levels remained largely consistent before and after the adjustment. This indicates that the presence of heteroskedasticity does not materially affect the estimation results, and the model exhibits a high degree of robustness.



Next, we analyzed the moderating effect of the work order field (Table 11). The results showed that when the work order field was treated as a moderating variable, it significantly enhanced the positive effect of the data record score on the completion rate (Pr < 0.001). This suggests that, in certain fields, higher data quality leads to better work order completion rates, especially for specific types of work orders where the impact is more pronounced.



Conversely, the results regarding the moderating effect of the handling department (Table 12) showed that it weakened the positive impact of the data record score on the completion rate (Pr < 0.001). This implies that, in certain departments, the positive influence of data record scores on completion rates is reduced, possibly due to issues in their processes or data standardization practices that prevent the quality of data from fully enhancing the completion rate.



These analyses indicate that data record scores have a significant impact on work order completion rates, with the work order field enhancing this effect and the handling department somewhat diminishing it. Based on these findings, we further analyzed the average data record scores across different work order fields. Figure 12 shows the average scores for different work order fields.



As shown in the figure, there were significant differences in the average data record scores across different fields. Certain fields (e.g., fields 4, 16, and 19) had higher scores, indicating that work orders in these fields exhibit a higher degree of standardization and compliance with data record norms. In contrast, fields 5 and 17 had lower scores, suggesting that work order data quality in these areas needs improvement. These findings provide empirical evidence for the optimization of data record standards and allow for recommendations to be provided to government departments in order to improve their operations.



To further evaluate the importance of specific indicators affecting work order completion, a random forest algorithm was applied. The importance of various indicators was assessed, and the results are shown in Figure 13.



The results presented in Figure 12 indicate considerable variability in the importance of individual indicators, as assessed by the random forest algorithm. It is crucial to note that the importance derived from this algorithm serves as a reference rather than an absolute measure, as random forest node splits tend to attribute higher predictive importance to indicators with greater data diversity and continuity. Specifically, semantic-related indicators such as adjacent sentence similarity (0.329), classification predictability (0.327), and full-text similarity (0.277), all of which are continuous data types, naturally exhibited higher importance due to their broader variability. Conversely, accuracy-related indicators, including address accuracy (0.005) and dispatch accuracy (0.004), are binary discrete data types and consequently yielded lower predictive significance within the random forest framework. Although our integrated scoring model employed equal weights to mitigate potential biases due to imbalanced data distributions, these findings highlight intrinsic differences in the predictive capabilities of the indicators. Therefore, future strategies for data quality enhancement should carefully consider these characteristics, potentially adopting weighted integration methods informed by the relative predictive importance and nature (e.g., data type) of each indicator.




4.7. Case Analysis


To further illustrate the significance of data record standardization, we analyzed specific cases. Examples of work orders, their corresponding scores, and an analysis of the key issues that contributed to their respective scores are presented in Table 13.



In Case 1, the data record standard score was −7.47, which was relatively low due to the caller’s failure to provide clear regional information, resulting in dispatch errors and delayed completion of the work order. This case represents a typical scenario where insufficient address details lead directly to incorrect dispatching. Given that approximately 50% of work orders are processed by regional jurisdictions, address accuracy emerges as a critical indicator that is significantly correlated with work order completion rates. Although address accuracy—being discrete data—exhibited relatively low predictive importance within the random forest model, its substantial impact observed in real-world analyses validates its practical importance. This underscores the appropriateness and validity of the indicators selected in this study.



In Case 2, the standardization score was −14.96, the lowest among the examples presented. The critical issue was the misspelling of the key term “illegal parking” as “false parking”, severely impacting the processing efficiency of the work order. This case underscores the significance of accurate recording in data standardization, as spelling errors prevent machine learning algorithms from accurately classifying issues, directly impairing the efficiency and accuracy of work order handling. Furthermore, as the semantic similarity calculations employed BERT-based sentence embeddings, even minor errors in individual words significantly affected the semantic representation of the entire sentence. Consequently, the observed spelling error notably reduced the semantic similarity score, contributing to an overall decline in the standardization score and ultimately leading to the work order’s incomplete status.



Based on the above analyses, this study provides practical insights into hotline work order management within China’s specific context. Given the complexity and variability inherent in government hotline data, indicators such as address accuracy and record accuracy play critical roles despite their lower predictive significance in random forest models. Address accuracy remains pivotal due to China’s administrative structure, where around 50% of work orders are typically handled at the local jurisdiction level, emphasizing the necessity of accurate regional information. Additionally, the prevalence of manual data entry and linguistic nuances, exemplified by issues such as misspellings, directly impact semantic clarity and subsequent automated classification using advanced NLP techniques like BERT embeddings. Therefore, to enhance the effectiveness of hotline operations, Chinese government departments should prioritize improving address details and textual accuracy, supplementing machine learning insights with real-world case analyses to comprehensively optimize service delivery and operational efficiency.





5. Conclusions and Recommendations


5.1. Conclusions


This study analyzed the relationship between government hotline data record standard scores and work order completion rates, revealing a significant positive correlation. Higher overall data quality scores, calculated by summing the six key evaluation indicators, were consistently associated with higher work order completion rates. Among these indicators, adjacent sentence similarity, classification predictability, and full-text similarity demonstrated the most substantial impact, underscoring the critical role of semantic clarity and structured coherence in data records. In contrast, record accuracy, address accuracy, and dispatch accuracy exhibited relatively lower predictive importance.



To further interpret these findings, this study incorporates relevant theoretical perspectives from data quality and information management. From the perspective of data quality, factors such as semantic coherence, contextual relevance, and logical consistency are essential for ensuring that information can be effectively understood and utilized in decision-making processes. The strong influence of adjacent sentence similarity, classification predictability, and full-text similarity reflects the fact that clear and well-structured data records facilitate accurate comprehension and task execution by frontline personnel, thereby contributing to higher completion rates.



Conversely, the relatively limited impact of record accuracy, address accuracy, and dispatch accuracy can be attributed to the diverse and complex nature of certain work order categories. In practice, work orders related to areas such as social governance, public facilities, and social security often involve ambiguous, unstructured, or incomplete information. In these cases, strict accuracy in individual data elements may not be the determining factor for successful resolution. Instead, overall semantic clarity and contextual integrity are more influential.



In summary, the differentiated impact of the six evaluation indicators reflects the inherent tension between data standardization and service flexibility in public governance. These findings not only validate the effectiveness of the proposed evaluation system but also provide a theoretical explanation for the varying influence of different data quality dimensions, offering valuable insights for optimizing hotline data management and improving service efficiency.




5.2. Recommendations


To further improve the quality and standardization of hotline work order data and enhance work order completion rates, this study offers the following recommendations for government departments:




	(1)

	
Strengthen Employee Training and Guidance: Although this study did not directly evaluate human input behaviors, the case analysis revealed that certain incomplete or inaccurately worded records—such as missing address details or incorrect keywords—may reduce the effectiveness of automated classification and dispatch. These issues suggest the potential value of targeted employee training as a complementary measure to improve the overall quality of data. Government departments should implement tiered and role-specific training programs, including regular sessions for frontline staff in identifying key information, using standardized terms, and avoiding common errors. Real-world case studies should be incorporated to enhance practical skills. For reviewers and supervisors, training should focus on error correction, quality monitoring, and the delivery of feedback. The effectiveness of training should be tracked using pre–post evaluations, and the associated outcomes should inform adaptive retraining strategies.




	(2)

	
Develop and Implement Standardized Guidelines: Introducing detailed and operational data entry guidelines will significantly improve the consistency and clarity of work order records. These guidelines should include (a) standardized templates for high-frequency issues, (b) a reference dictionary of recommended expressions and prohibited colloquialisms, (c) annotated examples highlighting common recording mistakes and suggested corrections, and (d) clear formatting rules for dates, locations, and administrative terms. To ensure their widespread adoption, these guidelines should be embedded within the hotline platform and updated periodically based on data audit findings and user feedback.




	(3)

	
Leverage Intelligent Assistance Tools: Modern technologies such as natural language processing (NLP) and address verification systems can enhance the accuracy of recorded data. Intelligent tools should be integrated into the data entry interface to (a) provide real-time alerts for spelling errors and improper keywords, (b) offer automatic suggestions for standard issue descriptions based on historical data, (c) enable the use of APIs (e.g., Baidu Maps) to verify and complete address fields, and (d) automatically flag incomplete or semantically inconsistent records.









These tools can operate in a human-in-the-loop manner, where suggestions facilitate rather than replace staff decisions, ensuring both the efficiency and integrity of data.



	(4)

	
Implement Automated and Dual Review Mechanisms: Establishing a layered quality review system can further enhance the accuracy of data. The first layer involves automated scripts that detect missing values, format inconsistencies, and low-quality text. The second layer consists of a manual review of flagged records by supervisors. The results obtained through this process should feed into a monthly feedback and correction loop, providing targeted guidance to staff and informing future training needs. In the long term, this mechanism should be supported by dashboard analytics, allowing for the tracking of quality trends and the benchmarking of performance.







Through the adoption of these strategies, government departments can significantly improve the standardization and reliability of hotline data. These recommendations not only address existing shortcomings in data recording but also provide a clear path for continuous improvement, thereby optimizing workflow efficiency, enhancing service delivery, and increasing public satisfaction.





6. Limitations and Future Work


This study proposed a multi-dimensional scoring method for hotline data record standards and validated its effectiveness through empirical analysis. However, several limitations remain. First, the data used were limited to a single municipal hotline system, which may restrict the generalizability of the findings. Second, while the six considered indicators were assigned equal weights in the scoring model, the random forest results revealed varying levels of predictive importance among these indicators. Future work could explore dynamic or learning-based weighting schemes to improve the accuracy of associated methods. Additionally, the existing evaluation framework is based on historical static data and, as such, real-time monitoring and feedback mechanisms should be incorporated in future studies to support adaptive improvements in hotline service quality.
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Figure 1. Government hotline processing workflow. 
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Figure 2. Framework for evaluation of data record standards and their impact on work order completion. 
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Figure 3. Technical route of the proposed framework. 
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Figure 4. BERT model text processing principle. 
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Figure 5. Number of work orders closed by various districts and departments in City A in 2023. 






Figure 5. Number of work orders closed by various districts and departments in City A in 2023.



[image: Systems 13 00320 g005]







[image: Systems 13 00320 g006] 





Figure 6. Flowchart of dispatch accuracy calculation. 
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Figure 7. Spelling error detection process. 






Figure 7. Spelling error detection process.



[image: Systems 13 00320 g007]







[image: Systems 13 00320 g008] 





Figure 8. Working principle of the BERT-BiLSTM-CRF model. 
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Figure 9. Calculation method for adjacent sentence similarity. 
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Figure 10. Calculation method for full-text similarity. 






Figure 10. Calculation method for full-text similarity.



[image: Systems 13 00320 g010]







[image: Systems 13 00320 g011] 





Figure 11. Linear correlation matrix of variables. 
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Figure 12. Statistical distribution of work order field scores across different categories. 
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Figure 13. Evaluation of indicator importance. 
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Table 1. Accuracy of Qwen-7B and other pre-trained language models.
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	Model
	Average





	Alpaca-7B
	28.9



	Vicuna-7B
	31.2



	ChatGLM-6B
	37.1



	Baichuan-7B
	42.7



	ChatGLM2-6B
	50.9



	InternLM-7B
	53.4



	ChatGPT-3.5
	53.5



	Claude-v1.3
	55.5



	Qwen-7B
	60.8










 





Table 2. Performance of Qwen-7B and other models on C-Eval test set.






Table 2. Performance of Qwen-7B and other models on C-Eval test set.





	Model
	Avg.
	Avg. (Hard)
	STEM
	Social Sciences
	Humanities
	Others





	ChatGLM-6B
	38.9
	29.2
	33.3
	48.3
	41.3
	38.0



	Chinese-Alpaca-Plus-13B
	41.5
	30.5
	36.6
	49.7
	43.1
	41.2



	Baichuan-7B
	42.8
	31.5
	38.2
	52.0
	46.2
	39.3



	WestlakeLM-19B
	44.6
	34.9
	41.6
	51.0
	44.3
	44.5



	AndesLM-13B
	46.0
	29.7
	38.1
	61.0
	51.0
	41.9



	BatGPT-15B-sirius
	47.0
	31.9
	42.7
	57.5
	48.6
	43.6



	ChatGLM2-6B
	51.7
	37.1
	48.6
	60.5
	51.3
	49.8



	InternLM-7B
	52.8
	37.1
	48.0
	67.4
	55.4
	45.8



	Baichuan-13B
	53.6
	36.7
	47.0
	66.8
	57.3
	49.8



	Claude-v1.3
	54.2
	39.0
	51.9
	61.7
	52.1
	53.7



	ChatGPT-3.5
	54.4
	41.4
	52.9
	61.8
	50.9
	53.6



	Qwen-7B
	59.6
	41.0
	52.8
	74.1
	63.1
	55.2










 





Table 3. Coding for different work order fields.
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	Category
	Code





	Transportation
	0



	Housing Security
	1



	Party and Government Affairs
	2



	Public Safety
	3



	Public Services
	4



	Agriculture, Forestry, Water, and Land
	5



	Healthcare
	6



	Urban and Rural Construction
	7



	Urban Comprehensive Management
	8



	Safety Supervision
	9



	Government Administration
	10



	Livelihood Security
	11



	Public Security and Legal Affairs
	12



	Environmental Protection
	13



	Science, Education, Culture, and Health
	14



	Science, Education, Culture, and Tourism
	15



	Comprehensive Economic Management
	16



	Mass Organizations
	17



	Industry Supervision
	18



	Outside Scope of Acceptance
	19










 





Table 4. Descriptive statistics for the utilized indicators.
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	Indicator
	Minimum
	Maximum
	Variance
	Mean
	Observations





	Classification Predictability (CP)
	0.037
	0.999
	0.043
	0.612
	266,850



	Dispatch Accuracy (DA)
	0
	1
	0.048
	0.950
	266,850



	Record Accuracy (RA)
	0.893
	1
	4.08 × 10−5
	0.997
	266,850



	Address Accuracy (AA)
	0
	1
	0.237
	0.375
	266,850



	Adjacent Sentence Similarity (ASS)
	0
	0.936
	0.006
	0.745
	266,850



	Full-Text Similarity (FTS)
	0
	1
	0.008
	0.814
	266,850



	Work Order Field (WOF)
	0
	19
	20.799
	7.923
	266,850



	Work Order Handling Department (WOHD)
	0
	2
	0.337
	0.366
	266,850



	The Completion of the Work Orders (CWO)
	0
	1
	0.137
	0.836
	266,850










 





Table 5. Experimental parameters of the algorithms.






Table 5. Experimental parameters of the algorithms.










	Parameters
	Text Classification
	Named Entity Recognition





	max_seq_length
	128
	256



	train_epoches
	1
	20



	batch_size
	128
	4



	learning_rate
	5 × 10−5
	3 × 10−5



	rnn_dim
	
	128



	train_data_size
	871,109
	1,734,751



	test_data_size
	48,396
	257,841



	dev_data_size
	48,397
	243,060










 





Table 6. Experimental results obtained for the considered algorithms.






Table 6. Experimental results obtained for the considered algorithms.





	Algorithms
	Accuracy
	Precision
	Recall
	F1





	Text classification
	0.9219
	0.9446
	0.9219
	0.9234



	Named entity recognition
	0.9548
	0.7048
	0.7500
	0.7267










 





Table 7. Four types of moderating effects.
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Main Effect Sign

	
Interaction Term Sign






	
Significant positive effect of the independent variable on the dependent variable

	
Interaction term (independent variable× moderating variable) is significantly positive




	
Interaction term (independent variable× moderating variable) is significantly negative




	
Significant negative effect of the independent variable on the dependent variable

	
Interaction term (independent variable× moderating variable) is significantly positive




	
Interaction term (independent variable× moderating variable) is significantly negative











 





Table 8. The regression analysis results of five indicators with respect to work order completion.
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	Estimate
	Std. Error
	t Value
	Pr (>|t|)





	Classification Predictability
	0.080977
	0.003441
	23.534
	<2 × 10−16 ***



	Dispatch Accuracy
	−0.029718
	0.003253
	−9.134
	<2 × 10−16 ***



	Record Accuracy
	−0.197684
	0.112459
	−1.758
	0.08



	Address Accuracy
	0.017291
	0.001475
	11.725
	<2 × 10−16 ***



	Full-Text Similarity
	0.811878
	0.018114
	44.820
	<2 × 10−16 ***







Significance p-value: ***, <0.001.













 





Table 9. The results after adjusting the standard errors using the heteroskedasticity-consistent covariance matrix estimator.
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	Estimate
	Std. Error
	t Value
	Pr (>|t|)





	Classification Predictability
	0.080977
	0.003185
	25.42
	<2 × 10−16 ***



	Dispatch Accuracy
	−0.029718
	0.002979
	−9.975
	<2 × 10−16 ***



	Record Accuracy
	−0.197684
	0.114634
	−1.724
	0.085



	Address Accuracy
	0.017291
	0.001458
	11.863
	<2 × 10−16 ***



	Full-Text Similarity
	0.811878
	0.019171
	42.350
	<2 × 10−16 ***







Significance p-value: ***, <0.001.













 





Table 10. The regression analysis results of three indicators with work order completion.
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	Estimate
	Std. Error
	t Value
	Pr (>|t|)





	Score
	0.0065431
	0.0002627
	24.90
	<2 × 10−16 ***



	Work Order Field
	0.0024480
	0.0001566
	15.63
	<2 × 10−16 ***



	Work Order Handling Department
	0.0583717
	0.0012363
	47.21
	<2 × 10−16 ***







Significance p-value: ***, <0.001.













 





Table 11. Analysis of moderating effects by work order field.
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	Estimate
	Std. Error
	t Value
	Pr (>|t|)





	Score
	0.0025635
	0.0005676
	4.516
	6.29 × 10−6 ***



	Work Order Field
	0.0026238
	0.0001573
	16.676
	<2 × 10−16 ***



	Score × Work Order Field
	0.0003299
	0.0000615
	5.364
	8.16 × 10−8 ***







Significance p-value: ***, <0.001.













 





Table 12. Analysis of moderating effects by work order handling department.
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	Estimate
	Std. Error
	t Value
	Pr (>|t|)





	Score
	0.0075021
	0.0003232
	23.213
	<2 × 10−16 ***



	Work Order Handling Department
	0.0587536
	0.0012369
	47.499
	<2 × 10−16 ***



	Score × Work Order Handling Department
	−0.0020442
	0.0004363
	−4.685
	2.8 × 10−6 ***







Significance p-value: ***, <0.001.













 





Table 13. Specific case examples.
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	Case No.
	Work Order Description
	Score
	Issue Analysis





	1
	The caller wants to drive a bus with a llama to XX for a performance but is unsure if animal quarantine procedures are required.
	−7.47
	The caller’s area was not clarified, and quarantine procedures need to be handled in the corresponding jurisdiction. This caused a delay in work order completion.



	2
	The caller reports illegal parking on an unmarked cement road at XX Road, located at the intersection of XX, XX, and XX areas.
	−14.96
	The key term “illegal parking” was mistakenly written as “false parking”. As machine learning algorithms are used for text classification, the misspelling of this keyword greatly impacted classification, reducing overall work order completion.
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