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Abstract 

In recent years, open government data and big data analytic applications have become increasingly widespread. 

Without proper quality control, the rapid dissemination of data may jeopardize the reuse of datasets and exert 

negative effects. The current general frameworks for data quality management in literature are outdated and 

lack extensions to big and open data. In this work, a four-level data quality assessment dimension generation 

model was developed and applied for air quality datasets to measure the quality of air quality data from various 

data quality dimensions. This assessment framework was validated by comparing it with four air quality 

datasets from the World Health Organization (WHO), Beijing, Seoul, and Italy. The results show that the 

datasets published by the WHO have low quality due to their more complex sources. 
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1. Introduction 

Air pollution is the poisoning of the air people breathe, which may constitute a health hazard to human 

beings and ecosystems. Air quality index (AQI) is commonly used to quantitatively describe air quality 

conditions. Major air pollutants include particulate matter (PM), ozone O3, nitrogen dioxide (NO2), sulfur 

dioxide (SO2), and carbon monoxide (CO). PM2.5 and PM10 can penetrate deep into the lungs, and PM2.5 

can even enter the bloodstream, which causes cardiovascular and respiratory diseases in severe cases [1]. 

From the characteristics of data on Internet of Things (IoT), the collection of air quality data contains 

multiple devices, including sensors of different environments, weather conditions, brands and types. 

Therefore, this causes the problem of data integration from heterogeneous sources. Besides, data quality 

assessment (DQA) for heterogeneous environmental integration is important and challenging. In this 

context, data quality (DQ) becomes a prerequisite to ensure the value of air quality datasets and the 

accuracy of AQI values. In particular, it is increasingly necessary to assess DQ via consensus-driven 

methods, and data quality management (DQM) plays an increasingly important role when DQ is used 

with open research data [2].  

In the past two decades, various DQ methodologies have been developed in different papers. They 

include total data quality management (TDQM), total quality information management (TIQM), data 
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warehouse quality methodology, assessment of information quality methodology (AIMQ), 

heterogeneous information management quality assessment, and heterogeneous data quality 

management. International standards organizations also improve the efficiency of DQM among countries 

and organizations by developing unified DQ standards including ISO 8000 to facilitate data storage, 

delivery and sharing, and reduce decision errors caused by various DQ problems. Despite the gradual 

maturity of DQ research, different datasets should have diverse assessment dimensions with the 

development of big data technology, the growth of open datasets, and the widening application areas of 

IoT technology. In addition, there are few quality assessment studies related to air quality datasets.  

By reviewing the existing literature on DQ, this study proposed a TDQM-based data quality assessment 

framework that can be applied to the quality assessment of air quality datasets. The advanced DQA 

framework focuses on refining and improving the definition and measurement phases of TDQM, which 

provides detailed guidance on its operation. Additionally, air quality datasets published by four different 

agencies were selected and evaluated for DQ in the present study. 

 

 

2. Related Works 

2.1 Development of DQM Frameworks 

In the study [3], consideration was given to the DQM methodology collection of criteria and technology 

that starts from input messages which describes the specific application context and defines a reasonable 

procedure for evaluating and improving DQ. In the survey, DQM techniques applicable to IoT, including 

methodologies and frameworks, were discussed [4]. The frameworks mentioned in this study include 

methodologies, frameworks, methods and standards. 

 

2.2 Comparative Perspectives 

After a previous survey [4], four common generic methodologies were selected for comparison. TDQM 

has the advantages of comprehensiveness and generality [5], whereas the disadvantages are as follows. 

The DQ dimensions defined in the assessment phase are fixed and non-extendable; the proposed DQ 

dimensions are relatively old and cannot cover new data characteristics including big and open data, and 

accurately assess open and big datasets; and industry-specific management and assessment techniques 

are not mentioned [6-16].  

Originally designed for use in data warehouses, TIQM possesses the advantage of having a detailed 

guidance process, which becomes one of the general-purpose DQMs at one time. Moreover, it also 

provides the benefit of the ability to estimate the cost issues corresponding to different data qualities from 

the perspective of managers in the management process. Notwithstanding its applicability to the context 

and data types of this study, TIQM was not used because the focus was not on the discussion of costs 

[6,17]. 

The main characteristic of AIMQ is the presence of two questionnaires in the assessment process [18]. 

To be specific, the former is to determine related DQ dimensions and attributes to be used as a benchmark. 

The latter is to obtain an information quality (IQ) measure. The advantage of AIMQ is that it is domain-

independent and can be used for any type of data. Besides, the disadvantage of AIMQ is that its main 

management activities focus on assessment activities without providing guidelines, techniques and tools 

for improvement activities [6,19,20].  
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More IoT DQ studies based on the ISO 8000 standard have also emerged in recent years. The advantage 

of this standard is to allow for the international standardization of DQ in both structured and unstructured 

data, which provides standard guidelines for DQM and allows users to adapt the details to different 

domains. The disadvantage of this standard is that it is only an extension of ISO 9000 rather than a 

methodology, and proposes a process reference model which is more descriptive than operational and 

less actionable [21-24]. 

 

 

3. Flexible DQ Dimension Generation Model 

3.1 DQA Dimension Generation Model 

DQ is frequently characterized by multiple dimensions, each of which addresses a specific aspect of 

the overall quality of data [25]. In the current study, no universal DQ metric system can be applied to all 

but the most important few dimensions of datasets due to different industry domains, data types and 

application purposes. In this study, a flexible four-level dimension generation model was established, and 

a metric system was defined for corresponding dimensions. This model can be applied to specific data 

types and industry contexts.  

This four-level model, which generates a set of DQ dimensions based on the type and domain of the 

dataset, is introduced in Fig. 1. The first level is to obtain generic DQ dimensions based on generic data 

characteristics. The second level determines whether the dimensions representing data characteristics are 

added to the set of DQ dimensions by determining the applicability of the dataset to big data analysis. 

Similarly, the third level determines whether open dataset characteristics can also be added to the set. 

The fourth level is the DQ dimensions corresponding to specific domain characteristics. In general, 

different application domains have more or less specific properties and a specific bias towards DQ, and 

this level is to add such dimensions to the set. 

 

Fig. 1. Dimension generation model. 

  

3.2 General Dimensions 

Some differences exist in the DQ dimensions used for an assortment of datasets depending on the data 

type and environment of the application. Based on previous research, however, some basic and important 

DQ dimensions can be employed for almost all DQAs, and here were referred to as the first level of 

generic DQ dimensions.  

In [26] and [27], the authors concluded that six key dimensions of quality are essential and can be 

applied to most DQAs. ISO/IEC 25012 [28] defines DQ dimensions as data inherent and system 

dependent characteristics. The former refers to the characteristics that all data should have, and inherent 

characteristics include accuracy, completeness, consistency, trustworthiness and timeliness. 
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In 2013, DAMA UK issued a white paper that outlined six core dimensions of DQ [29]. Besides, a 

description was given to other characteristics that affect quality, such as usability, timing issues, 

flexibility, confidence and value. By summary, comparison and analysis, scores of studies focus on a 

fundamental suite of generic DQ dimensions. The model proposed in this study is consistent with DAMA 

UK, which sets the six properties of data as a common dataset dimension. The specific description of 

each dimension is shown in Table 1. 

 

Table 1. General DQ dimensions 

Dimension Definition 

Accuracy The level of the data can correctly depict a “real-world” entity or activity. 

Completeness The percentage of stored data volume versus potential data volume. 

Consistency The differences between multiple representations and definitions of things are compared. 

Uniqueness No multiple instances of an entity should be recorded on the basis of satisfying object 

identification. 

Timeliness The level of performance of a data property is new or old for a given environment. 

Validity Data is considered as effective if it conforms to the grammar of its definition. 

 

3.3 Dimensions for Big Data 

What people commonly refer to as “big data” is broad and involves data, a complete conceptual and 

technical stack, as well as ways of data storage and management. Some specific data are collected 

according to the type of analysis and are organized in a particular way to handle different techniques [30]. 

This means that poor DQ can cause inaccurate results of big data analysis, which can bring about 

prediction or decision errors. Big data presents novel technologies and features that enable the use of 

DQM principles somewhat distinct from the application of traditional data. 

 

Table 2. The quality characteristics of big data 

Dimension Definition 

Accessibility The difficulty of accessing data by users. 

Authorization Whether the person or group has permission to access the data. 

Definition/Documentation Data specification. 

Credibility It consists of both objective and subjective components for assessing data beyond 

numbers. 

Metadata Whether metadata describing different aspects of the dataset is provided. 

Accuracy It is determined by the application. 

Integrity The accuracy and consistency of data throughout its lifecycle are maintained and ensured. 

Auditability The stage of data use where the auditor fairly assesses the data. 

Fitness The extent to which the data matches the needs of the user. 

Readability The ability to interpret the content of the data. 

Structure Difficulty in converting semi-structured or unstructured data into structured data. 

Validity Data is considered effective if it conforms to the grammar of its definition. 

 

In 2011, the three main dimensions of big data were proposed at the McKinney Global Institute [31], 

namely volume, variety and velocity, known as 3Vs. Merino et al. [32] proposed the “3As model of DQ 

in use,” which includes three DQ characteristics—contextual, operational, and temporal adequacy—to 
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evaluate the level of DQ for usage in big data projects, respectively. Cai and Zhu [33] developed a 

hierarchical DQ framework from the perspective of data users, including five big DQ dimensions, 14 

quality characteristics and corresponding quality metrics. Due to more consistency with the one proposed 

in this study, the latter framework was integrated into the second layer of the dimensional generation 

model to obtain the quality level of incoming data usage in big data analysis. After excluding those that 

exist in general DQ dimensions, the remaining dimensions related to big DQ are shown in Table 2. 

 

3.4 Dimensions for Open Data 

Open data refers to the data that can be used, modified and shared by everyone. During the past few 

years, the dissemination of open government data has been very fast. The data has evolved from simple 

data analysis by data collectors based on purposes to current releases based on open data. Disclosure of 

data in the absence of adequate quality assurance exerts an adverse impact on users who use the data. 

Vetro et al. [34] developed a framework to use a set of DQ dimensions to weigh the quality of open 

public data and measured and obtained quantitative DQ levels. The proposed framework includes seven 

dimensions, which are traceability, currentness, expiration, completeness, compliance, accuracy and 

understandability. After excluding those that exist in general DQ dimensions, the remaining dimensions 

related to open DQ are shown in Table 3. 

 

Table 3. Dimensions for open data 

Dimension Definition 

Traceability Presence or absence of metadata related to the establishment and renewal of the dataset. 

Understandability Whether the columns or descriptive metadata are expressed in a format that is user-friendly. 

Expiration The proportion of the latency of a dataset’s release beyond the expiry of its last edition to the 

time segment covered by the dataset. 

Compliance A five-star model is used to indicate the level of the dataset. 

 

3.5 Data Domain Features 

Similar to the definition of DQ, quality assessment has different application contexts and requirements, 

accompanied by focused dimensions. Lots of domains have established corresponding DQ standards, and 

some countries have also developed corresponding DQ requirements for specific domains. 

In the domain of healthcare, the Canadian Institute for Health Information has defined a DQ framework 

to assess healthcare DQ. The framework model assesses DQ through three levels of indicators based on five 

dimensions, namely accuracy, timeliness, comparability, usability and relevance. The Institute of Hospital 

Management of the National Health and Wellness Commission of China published “Specific Requirements 

for DQ Assessment of Electronic Medical Records for Graded Evaluation-Revised Version 2022.” The 

institute mentions that the DQA of electronic medical records mainly considers consistency, completeness, 

integration and timeliness. It also has characteristics including privacy and complex data types in addition 

to the characteristics of traditional data [35]. The use of global positioning system (GPS) data is more 

focused on validity, accuracy, real-timeliness and stability. Although they are all IoT systems, different 

application contexts require different DQ because of different environments and needs, which causes 

differences in dimensions. For example, medical systems may require higher device accuracy, while air 

quality monitoring for wide-scale deployment is sufficient by using common sensors. The six most 

commonly used DQ dimensions were summarized in IoT systems and analyzed in Section 3.4. 
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4. A Framework Based on TDQM 

A DQM framework was proposed based on the classical TDQM methodology, and functional modules 

were added to evaluate big and open datasets. This framework inherits the four phases of TDQM, with a 

focus on improving and refining the definition and measurement phases. In the last level of the four-layer 

dimensional model, the data characteristics of the air quality domain are defined to be applied to the 

DQA of air quality datasets, which is called DQA4AirQuality. The main stages of the framework are 

summarized in Fig. 2. The four phases are definition, measurement, analysis, and improvement, which 

are repeated until the DQA results meet the requirements. This study refined the first stage by refining 

the four steps. They can identify the most common dimensions of DQA, determining whether it is big 

data or open data and special assessment dimensions that rely on domain characteristics. 

The definition phase mainly uses the previously proposed flexible four-level model for generating DQ 

dimensions in four steps. The definition phase focuses on generating DQ dimensions in four steps by 

using the previously proposed flexible four-level model. Firstly, an inheritance assessment of generic 

data dimensions is performed. Secondly, whether the dataset is used for big data technologies is 

determined, and if so, big data related to measurement dimensions is added. Thirdly, whether the dataset 

is an open dataset is determined, and if so, measurement dimensions are added to evaluate the open 

dataset. Finally, the domain to which the dataset belongs and whether it contains some additional 

measurement dimensions is determined.  

 

Fig. 2. Lifecycle of DQA4AirQuality. 

 

At the core of the four phases of DQM, measurement is the scientific assessment of DQ to determine 

whether it meets the needs of users or projects. A multifaceted assessment is performed by using the set of 

dimensions generated in the definition phase to measure the data quality. The DQA process can be classified 

into subjective and objective assessments. Specifically, subjective assessments are based on evaluations and 

surveys of users or experts. Objective assessments measure DQ attributes via formulas or calculations. 

Different users may define different assessment metrics but usually obtain quantitative results. 

DQA results refer to the scores based on the quality performance indicators obtained during the 
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measurement phase, with lower scores indicating more DQ problems and vice versa. In the poor-quality 

performance of the assessment results on a certain DQ dimension, it is indicated that some DQ problems 

exist in a certain aspect and DQ can be analyzed to investigate the root cause of DQ problems. In general, 

the heterogeneity of the IoT architecture increases as the complexity of the collected data increases, which 

causes a decrease in DQ. The data management capabilities of IoT platforms may face difficulties, 

resulting in an increased risk of poor DQ. This has numerous possible causes, as summarized in previous 

studies. The analysis phase concentrates on finding the root cause of DQ problems based on the 

assessment scores, which can provide a basis for the next step of quality improvement operations.  

During the improvement phase, solution strategies and techniques are proposed to improve the degree 

of DQ. Nevertheless, not much attention is currently paid to the detailed exploration of improvement 

techniques and their practical applications in DQA. The TDQM methodology emphasizes the need to 

identify key areas for improvement. Various data sources often cause inconsistencies between interrelated 

fields. If DQ problems are caused by more than one data source, then the focus should be on checking 

whether these data sources are linked and investigating different data sources that provide the same data. 

DQ problems are also caused by manual operations, which require the investigation of data operators. 

The solution is to eliminate them by minimizing manual resolution and increasing automated operations. 

 

 

5. A Case Study 

The proposed framework focuses only on the DQM measurement phase. Three parts are included in 

the approach to a customized quality measurement framework for air quality datasets.  

- Identify the most appropriate DQ model as the theoretical support for the measurement framework 

(Section 5.2) 

- Select the measurement criteria (Section 5.3) 

- Obtain the evaluation results (Section 5.4) 

 

5.1 Datasets Analyzed 

To investigate the quality of air quality datasets, four publicly available air quality datasets from WHO 

[1], Beijing [36], Seoul [37], and Italy [38] were selected. The information on these datasets is shown in 

Table 4. The four datasets have a greater variability—from global, Beijing, Seoul and an Italian town—

to verify the generalizability of the model. The datasets come from different collection organizations, and 

may have different collection methods and techniques, different seasons, and different languages. 

Assessment and scoring of the quality of these diverse datasets can identify problems in the data 

monitoring process, and differences in the air quality monitoring stations worldwide, which can raise 

public awareness of the importance of openly available and high-quality data. 

 

Table 4. Air quality datasets 

Dataset Institution Years Instances Attributes Time interval 

A World Health Organization 2000–2021 32,191 14 Annual average 

concentration 

B Beijing Municipal Environmental 

Monitoring Center 

2013–2017 420,768 18 Every hour 

C Seoul Metropolitan Government 2017–2019 866,459 8 Every hour 

D ENEA 2004–2005 9,358 13 Every hour 
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Dataset A, the fifth air quality database published by the WHO, covers more than 6,000 cities in 117 

countries. The database has been updated regularly every two to three years since 2011. The data include 

the annual average concentrations of PM, which are based either upon day-to-day observations or data 

that allow for summation into annual averages.  

Dataset B includes air pollutant measurements per hour for 12 nationally coordinated air quality 

monitoring locations. The air quality data was offered by the Beijing Municipal Environmental Monitoring 

Center. The weather data from every air quality monitoring point was aligned with the closest 

meteorological station of the China Meteorological Administration. The timeframe is from March 1, 2013 

to February 28, 2017. The missing data are indicated by NA. 

Dataset C refers to the information on air pollution measurements for 25 districts in Seoul by the Seoul 

Institute of Health and Environment Air Pollution Measurement Seoul. The average measurement results 

for an hour are provided every five minutes, which offers the mean values of six contaminants (SO2, NO2, 

CO, O3, PM10, and PM2.5). 

Dataset D uses the public dataset of the machine learning repository of University of California, Irvine 

(UCI). The data was sampled from a heavily polluted area in Italy, with sensor arrays 9,358 installed next 

to roads. The data was recorded from March 2004 to January 2005. In particular, CO, non-methane 

nitrogen hydroxide, benzene, total nitrogen oxide and nitrogen dioxide concentrations were sampled 

hourly. Missing values occurred during data collection due to network, weather, disaster and sensor 

failure, and were marked by the dataset as -200. 

 

5.2 DQA4AirQuality 

The framework proposed in Section 4 is the most appropriate DQM for air quality datasets because of 

its generality and flexibility. The DQ dimension set used for air quality datasets first inherits the 

dimensions of the generic dataset as the smallest subset of the DQ dimension set. In the second step, 

whether this dataset is to be used for big data analysis is determined. Since this air quality dataset does 

not fit big data characteristics, it is unnecessary to merge the characteristics of big data. In the next step, 

an open dataset is uploaded to the UCI Machine Learning Repository, and it is necessary to inherit the 

characteristics of open data and merge corresponding DQ dimensions. In the last step, data volume and 

accessibility are selected from the characteristics of IoT DQ assessments. In air quality studies, AQI is 

usually used to represent the pollution level of air, which includes the quantity of six air pollutants such 

as ozone, nitrogen oxides, PM10, PM2.5, CO, and sulfur dioxide. Since some government PM2.5 websites 

only provide the number of certain air pollutants, data volume is employed as one of the dimensions, 

which represents the number of records or attributes of this dataset. The more complete the dataset is, the 

more completely it can be used for research on air quality. Air quality data are mostly released by 

government departments. Many departments sometimes provide real-time AQI queries and also some 

governments encrypt data. The entrance to downloading the dataset is relatively difficult for ordinary 

users. Therefore, accessibility is also taken as one of the domain characteristics.  

 
Table 5. DQA4AirQuality framework 

Model level (1–4) Dimensions Subjective/Objective 

General dimension Accuracy Subjective and objective 

Completeness/Consistency/Timeliness/Uniqueness/Validity Objective 

Dimensions for big data None None 

Dimensions for open data Traceability Subjective 

Understandability/Expiration Objective 

Compliance Subjective 

Dimensions for air quality Data volume/Accessibility Subjective 
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Accordingly, a flexible DQ dimension generation model is employed to obtain a DQ assessment 

framework that can be used to assess air quality datasets based on their characteristics. The framework is 

called DQA4AirQuality with 12 dimensions as described in Table 5. It is mainly applied in the measurement 

phase. The refinement of the DQA4AirQuality framework to TDQM is shown in Fig. 3. 

 

Fig. 3. Process of DQA4AirQuality framework. 

 

5.3 Assessment Process 

In the research, the assessment of the measurement phase integrated both subjective and objective 

evaluation approaches. Specifically, the objective evaluation approach drew on several studies, and some 

of their computational metrics were defined by authors [39]. The subjective assessment approach was 

based on a joint evaluation of the data dimensions by experts and users. A questionnaire was used to 

collect answers from experts and users who answered questions on such dimensions as usability, 

trustworthiness, reputation, relevance and confidentiality. 

 

5.3.1 Definition of metrics 

After defining DQA dimensions, the next matter is to define metrics for each dimension that quantify 

how well the dataset performs on such dimensions. Table 6 defines the corresponding metrics, both 

quantitative and qualitative, for each of the 12 dimensions in the DQA4AirQuality framework. 
 

Table 6. Metrics definition and description 

Dimensions Metrics Examples 

Accuracy The aggregate value of all sensor precision. The numerical precision of the data values. 

Completeness The percentage of missing values/elements to 

the number of values/elements collected. 

Null values. 

Consistency The percentage of outliers. Outliers. 

Timeliness The frequency of data updates or number of 

not current rows. 

Updated every hour. 

Uniqueness The percentage of records that have no 

duplicate data. 

Two different monitoring records appeared in 

the same period. 

Validity The percentage of data formats and units in 

the expected range. 

The measurement date does not exceed the date 

of release of the data and it is within a 

reasonable range. 

  on the next page
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Table 6. continued 

Dimensions Metrics Examples 

Traceability Track build and track renewal. Experts make subjective decisions. 

Understandability The percentage of columns with metadata. Loss of metadata. 

Expiration The proportion between the release time of 

the dataset after the expiration of its prior 

edition and the duration to which the  

dataset refers. 

cd: current date; sd: starting date of the period 

of time referred to by the dataset; ed: end date 

of the period of time referred to by the dataset. 

1–(cd–ed)/(ed–sd) 

Compliance Users determine 0–1 according to their 

requirements. 

The representation of PM2.5 does not meet 

international standards. 

Data volume The amount of raw data produced by the 

sensor with an initial value of 1; the number 

of attributes. 

Experts make subjective decisions based on 

their experience. 

Accessibility The ease with which one can get to data. Users determine 0–1 according to their experience. 

 

5.3.2 Ranking of dimensions 

The framework that has been defined up to this point contains 12 dimensions, and how these 

dimensions are weighted is the next question to be considered. Two options are offered as follows. 

- Plan A: All dimensions are assumed to be of equal importance in the DQ score, with each dimension 

weighted equally. This is the simplest approach.  

- Plan B: Using a multi-criteria decision-making approach, the 12 dimensions are ranked according to 

their importance, and a weight is assigned to each dimension. 

In this study, plan B was used, and the analytic hierarchy process (AHP) was chosen for the DQ 

measurement process to select attributes and appropriate weights. Through this method, an importance 

judgment matrix was created based on the relative importance given by experts, and a weight ranking of 

all dimensions was finally obtained, as shown in Table 7. Accuracy has the highest weight, followed by 

completeness and consistency, while traceability and compliance have the lowest weight. 

 

Table 7. AHP hierarchical analysis results 

Dimensions Eigenvector Weight (%) 

Accuracy 3.153 19.665  

Completeness 2.817  17.573 

Consistency 2.23  13.91 

Timeliness 1.217  7.588 

Uniqueness 0.991  6.183 

Validity 1.757  10.958 

Traceability 0.292  1.819 

Understandability 0.559  3.489 

Expiration 0.402  2.505 

Compliance 0.292  1.819 

Data volume 1.481  9.236 

Accessibility 0.843  5.255 

 

5.3.3 Aggregation method 

The overall quality score of the dataset was obtained by weighting the sum of scores for each attribute. 

The following method was adopted to summarize the values of N univariate indicators. 
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��� = ���� ∙ ����,

�

���

 (1) 

 

where �� is a weighting factor, ��  ∈ �0,1	, �
� �� + �� + ⋯ + �� = 1. �� is a normalized value of the 

assessment of the i-th dimension.  

 

5.3.4 Questionnaire design 

In this study, 10 experts in the field of IoT or big data and 10 users were all invited to fill in a 

questionnaire, to obtain the results of a qualitative DQA. Questionnaires represent an important part of 

the measurement phase. The survey results were collected in an online format. An example of a user 

survey is shown in Table 8, where 10 questions were designed to obtain feedback from users and experts 

on the quality of the dataset, and users can score 0–10 based on their subjective experience. 

 

5.4 Results 

The consistency of dataset A is calculated as an example. As can be seen from Fig. 4, the data in this 

column of PM2.5 show a serious right-skewed distribution, namely many great outliers. According to the 

characteristics of normal distribution, the data outside three standard deviations (3σ) can be treated as 

outliers. Then, the outliers greater than the upper limit and less than the lower limit were filtered out to 

obtain 198 outlines. Hence, the consistency of this column of PM2.5 is 99.38%, and that of all columns can 

be calculated in turn. After the aggregation, the consistency of dataset A was obtained, namely 99.09%. 

 

Table 8. Questionnaire for users and experts 

Dimensions Questions Options 

Accuracy Q1: What is the average precision of commonly used sensors? Open answer 

Q2: What is the degree of reliability and free of the error of the dataset? 0–1 scoring 

Traceability Q3: Is the information on the source of the data provided? Yes or No 

Q4: How difficult is it to trace data sources? 0–1 scoring 

Compliance Q5: Is the data format compliant with the standard format? Yes or No 

Q6: Is metadata missing? Yes or No 

Data volume Q7: Is the amount and volume of datasets appropriate for your application? Yes or No 

Q8: Are all 6 AQI-involved air quality data included? Yes or No 

Q9: How sufficient is the amount of dataset instances? 0–1 scoring 

Accessibility Q10: How difficult is it for you to obtain the dataset? 0–1 scoring 

 

 

Fig. 4. Consistency of PM2.5 in dataset A. 
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Fig. 5. DQ assessment result. 

 

The results of the measurements obtained for each of the four datasets in 12 dimensions are reported 

in Fig. 5. Dataset C performs well in most dimensions, with the most variability in completeness, 

accuracy, traceability, currentness, and data volume. The other dimensions perform at comparable levels. 

The results of the scores obtained using each dimension were aggregated to obtain the overall scores 

for the quality of the four datasets, as shown in Table 9. Datasets B, C, and D are of high quality and can 

be taken for subsequent research and use. Since air quality data in dataset A involve more countries and 

regions, more data are vacant with lower quality. 

The next step is to analyze the reasons for lower scores in the dataset assessment results and consider 

how to adopt strategies and techniques to improve DQ. This is the work that should be done in the future. 

 

Table 9. DQ score 

 Dataset A Dataset B Dataset C Dataset D 

DQ score (%) 88.53 92.36 98.23 92.76 

 

 

6. Conclusion 

From the conclusion drawn from the measurements in Fig. 5 and the results in Table 9, it can be seen that 

data published centrally at the national level are better than data published decentrally. Datasets published 

by the WHO are mostly from official reports submitted by countries to the WHO or national agencies or 

government websites that report PM10 or PM2.5 and NO2 measurements. Other contributors of AQIs come 

from other United Nations institutions, development organizations, peer-reviewed journal papers and 

regional networks, including the electronic reports of the European Environment Agency on air quality [1]. 

This result is consistent with the limitations of dataset A summarized by the WHO, suggesting that the 

reasons for the poor quality of dataset A include: limited coverage, capturing only a small fraction of cities 

in some countries; omission of known data that cannot be accessed due to language barriers or limited 

accessibility; localized measures, with city averages based on ground measurement stations; high variability 

in measurement methods and techniques; different temporal coverage, where partial year data may not 

reflect the annual average due to seasonal variability; possible inclusion of ineligible data due to insufficient 

information to assess compliance; heterogeneous quality of measurements [40].  

The results acknowledge the increasing efforts to expand the number of monitoring stations worldwide, 

highlighting the importance of publicly available, high-quality data. This can help raise awareness about 

the significance of accessible and reliable environmental information. 
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In addition, the specific metrics defined can be applied to more precisely un[derstand different air 

quality datasets in DQ. Based on these metrics, the results obtained for specific quality characteristics 

can be interpreted. The next step is to not only analyze the reasons behind lower scores for the dataset 

assessment results but also consider how to adopt strategies and techniques to improve DQ. 
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