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Abstract 

Missing data remains a pervasive challenge in air quality data analysis, where inappropriate 

imputation techniques can introduce hidden biases and compromise the reliability of time-series 

models such as AutoRegressive Integrated Moving Average (ARIMA). This paper examines the 

impact of linear interpolation and mean/median imputation on the performance of the ARIMA model 

and biases in the prediction of particulate matter 2.5 (PM2.5) concentration, together with a detailed 

analysis of ARIMA generated error metrics and their implications for the accuracy and reliability of 

the prediction. The findings reveal that package-default imputation significantly influences ARIMA 

forecasts, while mean/median imputation consistently delivers superior predictive performance, 

highlighting its robustness for handling missing environmental data. Moreover, imputation during 

the data transformation stage exerts a greater influence on model outcomes than methods applied at 

later analysis stages. 

Keywords: bias; air quality; ARIMA; forecasting; imputation; data analysis; predictive analysis; bias 

mitigation 

 

1. Introduction 

Predicting air quality in urban environments has become a critical aspect of modern urban 

planning and public health initiatives, as evidenced by the increasing concerns surrounding air 

pollution in major cities around the world [1,2]. Accurate forecasting of pollutants such as particulate 

matter 2.5 (PM2.5) is crucial for effective environmental governance and the protection of public 

health. Pollutants within the atmosphere are complex and require sophisticated sensor based 

monitoring stations, despite their fundamental role in data acquisition, these stations frequently face 

issues such as missing data, which can significantly impair the reliability of predictive models [3]. 

The challenge itself stems from the intricate interplay of environmental factors and the inherent 

limitations of sensor technology, which can lead to gaps in crucial time-series datasets [2]. Similarly, 

data professionals use their own judgement in choosing appropriate imputation techniques, which 

can introduce hidden biases in time-series-based auto-regressive integrated moving average 

(ARIMA) models used for air quality prediction [4]. 

Bias is one of the significant challenges in time series data analysis, particularly when dealing 

with incomplete environmental datasets, as the selection of an imputation method can subtly 

influence the underlying data distribution and subsequent model outcomes [5]. When it comes to 

time-series forecasting, ARIMA is one of the most widely recognised and applied statistical models, 

offering robust capabilities to capture temporal dependencies and trends in air quality data [6]. 

However, the efficacy of ARIMA models is inherently linked to the completeness and quality of the 

input data, making the choice of imputation technique a critical factor in mitigating hidden biases 

that could skew air quality predictions [4]. This article investigates how different imputation 

strategies for handling missing environmental data can introduce subtle, yet significant, biases into 

ARIMA models, thereby affecting the accuracy and reliability of air quality predictions. This research 

focuses on quantifying these biases and proposing methodologies to mitigate their impact, ultimately 

improving the robustness of air quality forecasting. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1325.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1325.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 11 

 

Finally, this article offers practical recommendations for data scientists and researchers to 

improve the precision and reliability of air quality predictions when dealing with incomplete 

datasets. This comprehensive analysis bridges the gap between theoretical imputation techniques 

and their practical implications, ensuring that air quality models are not only statistically sound but 

also ecologically relevant. This practical understanding and guidance not only minimise the risk of 

bias, but also enhances social value through informed decision-making for environmental policies 

and public health interventions required by central and local government bodies. 

2. Related Work 

The climate data landscape has seen significant transformation in recent years, as the scientific 

community has recognised the critical role that data play in understanding and addressing the 

challenges posed by climate change. For example, air pollution data have become indispensable for 

researchers and policy makers seeking to measure and mitigate the environmental consequences of 

human actions [7]. Another example is the use of advanced cutting-edge technologies such as remote 

sensing and internet of things (IoT) devices to gather unprecedented amounts of data on 

environmental conditions [7]. IoT devices can provide real-time information on factors such as 

temperature, humidity, and air quality, enabling more dynamic and responsive environmental 

monitoring [8,9]. Globally, climate data projected via IoT devices have now become widely available, 

providing researchers with a wealth of information to rigorously examine the climate systems of the 

Earth. At the same time, the abundance of air quality data has presented new challenges, including 

the most common issue of missing values, which can significantly hinder robust analysis and 

predictive modelling [4,10]. Data professionals often wrestle with the decision between deleting 

incomplete records or employing imputation techniques to fill the gaps, a decision that profoundly 

influences the integrity and representativeness of the dataset [11]. Indeed, the inability to analyse and 

handle missing data can substantially impede the air quality data analysis process. For example, 

incorrect imputation can lead to skewed distributions, altered temporal dependencies, and, 

ultimately, biassed air quality predictions [4,10].  

Furthermore, biassed air quality modelling can propagate errors in policy decisions, 

undermining efforts to mitigate environmental risks and protect public health [12]. The existing 

literature extensively explores various imputation methods, ranging from simple statistical 

approaches to complex machine learning algorithms, each with its own assumptions and suitability 

depending on the nature of the missing-ness and the characteristics of the time series [13]. However, 

a comprehensive understanding of how these choices specifically introduce and propagate bias 

within the autoregressive integrated moving average framework for air quality prediction remains 

less thoroughly investigated. 

The field of air quality prediction has seen extensive research, with various models ranging from 

statistical approaches to advanced machine learning and deep learning tech- niques being applied 

[1]. ARIMA forecasting models are foundational for time-series analysis, offering robust capabilities 

to capture temporal dependencies and trends in air  quality data [2]. However, the efficacy of 

ARIMA models is inherently linked to the completeness and quality of the input data, making the 

choice of imputation technique a critical factor in mitigating hidden biases that could skew air quality 

predictions [14].  

ARIMA statistical methods can be implemented through various open-source packages. 

Although these packages facilitate forecasting models; their performance is critically dependent on 

the quality and completeness of the time series data, some of the packages include functions to tackle 

missing values, for example, the ‘forecast’ package in R provides functionalities for handling gaps, 

although its effectiveness is limited for longer periods of contiguous missing-ness [15]. 

Air quality data often contains significant gaps due to sensor malfunctions or maintenance, 

which can reach up to 5% of the total data set, thus requiring sophisticated gap-filling techniques to 

maintain the integrity of the time-series analysis [19]. In such scenarios, where the missing-ness is 

substantial, the limitations of simpler imputation methods become apparent, as they often fail to 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1325.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1325.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 11 

 

capture the complex pollution dynamics or accurately represent peak pollution hours over multi-day 

gaps [16]. The existing literature highlights various imputation techniques, from classic mean to 

median interpolation and more advanced statistical methods, such as linear regression imputation, 

each possessing distinct advantages and disadvantages depending on the nature and extent of 

missing data [17]. 

The article explores the most common imputation methods and evaluates their impact on the 

performance of ARIMA models for the prediction of air quality. Specifically, this study investigates 

how different imputation techniques, when applied to environmental datasets with high missing 

information rates, can inadvertently introduce systematic bias into forecasts generated by ARIMA 

models, ultimately compromising the reliability of air quality assessments. 

3. Materials and Methods 

3.1. Air Quality Dataset 

This article specifically addresses bias challenges by evaluating the performance of ARIMA 

models under various imputation strategies, aiming to identify methods that minimise bias and 

enhance prediction accuracy. The data set comprises an hourly air quality measurement of PM2.5 

concentrations collected over a five-year period from January 1, 2019 to December 31, 2023, from a 

monitoring station located in Wren Close, London, United Kingdom. This particular data set is ideal 

for examining the effects of various imputation techniques on time-series forecasting due to its 

inherent seasonal and daily patterns, as well as the presence of varied missing data. The selected 

monitoring site is managed by Air Quality England on behalf of the London Borough of Newham, 

and the data was accessed and extracted from their publicly available open-source data platform [18]. 

3.2. Proposed Methodology 

The details of the methodological framework employed in this study involved various steps and 

they are as follows. 

• Data Exploration and Transformation; 

• Implementation of the baseline ARIMA Model; 

• Implementation of Package’s Imputation Technique; 

• Implementation of Mean/Median Imputation Technique. 

3.2.1. Data Exploration and Transformation 

Initially, raw hourly PM2.5 concentration data was extracted, followed by a thorough 

exploratory data analysis to identify preliminary trends, seasonality, and the extent of missing values. 

The preliminary data analysis revealed that PM2.5 has in total 43,824 hourly observations, of which 

12,664 were missing, representing approximately 28.9% of the total data set, a significantly high rate 

that requires robust imputation strategies for subsequent modelling. The Figure 1 below illustrates 

the distribution of missing values in the data set, highlighting periods of consecutive missing 

observations and their potential impact on the continuity of the time series. 
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Figure 1. The figure illustrates missing data in PM2.5 concentration which statistically shows that 12,664 out of 

43,824 hourly reads are missing Subsequently, the data set was subjected to several preprocessing 

transformations, including the elimination of extraneous pollutant variables and the detection and removal of 

outliers by statistical techniques. These procedures were implemented to maintain the integrity of the data and 

prepare the data for subsequent time-series analysis and the application of various imputation methods. 

3.2.2. Implementation of Baseline ARIMA Model 

A baseline ARIMA model was established using pre-processed PM2.5 data to serve as a 

comparative benchmark for evaluating the impact of different imputation strategies on model 

performance. This foundational model, built on optimally chosen ARIMA parameters, provides a 

reference point to quantify improvements or degradations in predictive accuracy attributable to 

different missing data handling techniques.  

Table 1 below presents the performance metrics of ARIMA model 1, including a mean error of 

0.002, which indicates a minor positive bias in the predictions. The root mean square error of 3.64 

reflects the typical scale of prediction errors, alongside a mean absolute squared error of 2.50 and a 

residual standard deviation of 13.27. These indicators affirm the model’s proficiency in capturing 

underlying data patterns while revealing opportunities for enhancement via sophisticated 

imputation strategies. 

Table 1. Key breakdown of ARIMA baseline model 1 output. 

Error Metric Model Score 

Mean Error (ME) 0.002 

Root Mean Square Error (RMSE) 3.64 

Mean Absolute Error (MAE) 2.50 

Mean Absolute Scaled Error (MASE) 0.29 

Autocorrelation Function at leg 1 (ACF1) 0.001 

Sigma² 13.27 

The Figure 2 below illustrates a visual representation of the 7 day forecast of the ARIMA model, 

where the blue line shows 168 hours of predicted PM2.5 concentrations. The black line represents the 

actual concentration levels of PM2.5 observed. 
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Figure 2. The figure illustrates 7-day future forecasting of PM2.5 concentration using ARIMA Model 1. 

3.2.3. Implementation of Package’s Imputation Technique 

ARIMA models are commonly implemented using open-source packages, such as the ’forecast’ 

package in R, which provides functionalities for fitting and forecasting while including rudimentary 

handling of missing values. In this methodological step, we explored the package’s default 

imputation mechanisms, particularly the ’na.interp’ function, which performs basic linear 

interpolation to assess their influence on ARIMA model performance without external imputation. 

This approach generated an imputed data set that enables later evaluation of its effects on model 

accuracy and potential biases, especially in the results and discussion sections. The Table 2 below 

summarises the error metrics of ARIMA model 2. 

Table 2. Key breakdown of ARIMA baseline model 2 output. 

Error Metric Model Score 

Mean Error (ME) 0.00 

Root Mean Square Error (RMSE) 3.35 

Mean Absolute Error (MAE) 2.5 

Mean Absolute Scaled Error (MASE) 0.25 

Autocorrelation Function at leg 1 (ACF1) 0.0007 

Sigma² 11.21 

The Figure 3 below illustrates the ARIMA model 2 forecast for 7 days, with the interpolated 

PM2.5 concentrations in green line and the actual observed values in black line, visually confirming 

the performance of the model on the pre-processed data. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1325.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1325.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 11 

 

 

Figure 3. The figure illustrates 7-day future forecasting of PM2.5 concentration using ARIMA Model 2. 

3.2.4. Implementation of Mean/Median Imputation Technique 

During the implementation of mean or median imputation strategies, missing values in the 

PM2.5 time series were replaced with the global median of the entire data set, respectively. This 

straightforward approach offers a simplistic solution to fill data gaps during the data transformation 

phase. Subsequently, a new variable was created incorporating these imputed values to facilitate 

direct comparison with the baseline and other imputed ARIMA model 1. The Table 3 below 

summarises the error metrics for ARIMA model 3. 

Table 3. Key breakdown of ARIMA baseline model 3 output. 

Error Metric Model Score 

Mean Error (ME) 0.00 

Root Mean Square Error (RMSE) 3.10 

Mean Absolute Error (MAE) 1.86 

Mean Absolute Scaled Error (MASE) 0.28 

Autocorrelation Function at leg 1 (ACF1) 0.001 

Sigma² 9.62 

The Figure 4 below illustrates the ARIMA model 3 forecast for 7 days, with the median PM2.5 

concentrations added in the orange line and the actual observed values in the black line, visually 

confirming the model’s improved performance on the pre-processed data. 
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Figure 4. The figure illustrates 7-day future forecasting of PM2.5 concentration using ARIMA Model 3. 

4. Results & Discussion 

In this section, the results will be outlined and explained, reflecting the methodology proposed 

in the above subsection 3.2. All results were obtained using the open-source tool RStudio in 

conjunction with the R programming language and the relevant libraries. 

4.1. Results 

All 3 ARIMA models have projected different results, a direct quantitative comparison of key 

performance indicators, such as ME, RMSE, MAE, MASE, and ACF1, across the different ARIMA 

models to determine which imputation method yields the most accurate and reliable forecasts. The 

Table 4 below summarises the statistical parameters obtained for each model. 

Table 4. Statistical analysis of all 3 ARIMA models outputs. 

Error Metric ARIMA 1 ARIMA 2 ARIMA 3 

ME 0.001949125 0.0000844 -0.0003585713 

RMSE 3.640386 3.346055 3.101502 

MAE 2.500321 2.187955 1.861751 

MASE 0.2934355 0.2586301 0.2842862 

ACF1 0.001194734 0.0007530299 0.001449699 

4.2. Validation Based Discussion 

Upon examination of the statistical comparative analysis, the ME for all three ARIMA models is 

close to zero, indicating negligible systematic bias in the predictions. The forecast accuracy improves 

progressively from ARIMA model 1 to ARIMA model 3, with ARIMA model 3 demonstrating the 

lowest RMSE and MAE values, thus indicating superior predictive performance. In contrast, scaled 

accuracy metrics such as MASE favour ARIMA model 2, while ACF1 shows a marginally better fit 

for ARIMA model 3. Overall, while ARIMA model 3 provides the most accurate forecasts in absolute 

terms and ARIMA model  2 minimises bias and relative error, ARIMA model 1 performs 

comparatively weaker across most evaluation criteria. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2026 doi:10.20944/preprints202603.1325.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1325.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 11 

 

The study findings using visual interpretation of the Figure 5 provide a comparative analysis of 

PM2.5 concentrations over a 7-day forecast period for three ARIMA models. 

This visualisation Figure 5 displays the baseline data, the linearly interpolated data set, and the 

median-imputed data set, allowing a comprehensive assessment of the impact of each imputation 

strategy on the forecast trajectories compared to the actual observed values. 

In the visuals, the blue line represents ARIMA model 1, the green line represents ARIMA model 

2, and the orange line represents ARIMA model 3. 

 

Figure 5. The figure illustrates a comparison chart of all three ARIMA models. 

In addition to statistical and visual analysis, a deeper dive is to examine confidence interval 

bounds (CIB) between the three ARIMA models to further evaluate the certainty and precision of 

their predictions across different imputation methods. The visual image 6 confirms that the CIB are 

narrowest for ARIMA model 3, indicating improved predictive reliability and reduced uncertainty 

attributable to the median imputation. 

 

Figure 6. A visual chart comparing three ARIMA models with 95% CIB. 
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Following the CIB 6 findings above, statistically ARIMA model 3 has a lower peak (8.4 µg/m³) 

compared to other ARIMA model peaks (9.6 µg/m³). Finally, another visual 7 was generated to 

illustrate the comparison of error metrics, with a line chart that highlights the variance in ACF1, MAE, 

MASE and RMSE values in all three ARIMA models, thereby offering an intuitive understanding of 

each model’s predictive accuracy and bias with respect to the different imputation techniques. In 

visual form, the blue line represents ARIMA model 1, the green line represents ARIMA model 2, and 

the orange line represents ARIMA model 3, demonstrating that ARIMA model 3 consistently exhibits 

the lowest error metrics across all parameters tested. 

 

Figure 7. A visual chart comparing error metrics for three ARIMA models and shows the statistical difference 

between each error value. 

5. Conclusions 

The paper concludes by highlighting key insights into biases in imputation techniques for 

advanced data science practices, while showcasing the distinct results from each deployed ARIMA 

model. In particular, median imputation consistently delivered superior  performance, particularly 

for PM2.5 forecasting, underscoring its effectiveness in handling missing data in environmental time 

series analysis. Additionally, the findings demonstrate that the imputation techniques applied during 

the data transformation stage significantly impact the performance of the model compared to the 

methods used in the later stages of the AQ data analysis. The results of all three ARIMA models 

illustrate how bias can infiltrate the modelling process. Thus, best practices, such as equitable data 

aggregation, rigorous validation, model transparency, and appropriate algorithm selection, are 

essential to mitigate bias and improve predictive accuracy in air quality forecasting. Based on these 

findings, future research should prioritise the development of a comprehensive air quality bias 

mitigation framework that integrates various AQ datasets and evaluates an expanded range of 

imputation techniques to further refine bias-reduction strategies.  
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The following abbreviations are used in this manuscript: 

AQ Air Quality 

ARIMA AutoRegressive Integrated Moving Average 

PM2.5 Particulate Matter 2.5 

AQE Air Quality England 

ME Mean Error 

RMSE Root Mean Square Error 

MAE 

MASE 

ACF1 CIB 

OS 

IoT 

Mean Absolute Error 

Mean Absolute Scaled Error 

Autocorrelation Function at leg 1 

Confidence Interval Bounds 

Open-Source 

Internet of Things 
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