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Estimating sectoral COVID-19 economic losses in the Philippines using nighttime light and electricity consumption data
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Introduction: Economic loss estimation is critical for policymakers to craft policies that balance economic and health concerns during pandemic emergencies. However, this task is time-consuming and resource-intensive, posing challenges during emergencies.

Method: To address this, we proposed using electricity consumption (EC) and nighttime lights (NTL) datasets to estimate the total, commercial, and industrial economic losses from COVID-19 lockdowns in the Philippines. Regression models were employed to establish the relationship of GDP with EC and NTL. Then, models using basic statistics and weather data were developed to estimate the counterfactual EC and NTL, from which counterfactual GDP was derived. The difference between the actual and the counterfactual GDP from 2020 to 2021 yielded economic loss.

Results: This paper highlights three findings. First, the regression model results established that models based on EC (adj-R2 ≥ 0.978) were better at explaining GDP than models using NTL (adj-R2 ≥ 0.663); however, combining both EC and NTL improved the prediction (adj-R2 ≥ 0.979). Second, counterfactual EC and NTL could be estimated using models based on statistics and weather data explaining more than 81% of the pre-pandemic values. Last, the estimated total loss amounted to 2.9 trillion PhP in 2020 and 3.2 trillion PhP in 2021. More than two-thirds of the losses were in the commercial sector as it responded to both policies and the COVID-19 case surge. In contrast, the industrial sector was affected primarily by the lockdown implementation.

Discussion: This method allowed monitoring of economic losses resulting from long-term and large-scale hazards such as the COVID-19 pandemic. These findings can serve as empirical evidence for advocating targeted strategies that balance public health and the economy during pandemic scenarios.
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1 Introduction

The Coronavirus Disease 2019 (COVID-19) pandemic significantly impacted global economic activities (1–5). Global economic losses surpassed USD 8 trillion from 2020 to 2021 (2, 6). Among the COVID-19-affected countries, the Philippines experienced the 13th-highest economic loss (7). This country adopted a militaristic approach to the health hazard, implementing one of the strictest and longest COVID-19 lockdowns worldwide (8). In April 2020, around 60% of the population faced Enhanced Community Quarantine (ECQ) measures that restricted gatherings and closed public transportation, schools, and non-essential businesses as a preventive measure. Consequently, the Philippines experienced an estimated 10% GDP decline in 2020 (9).

In the context of the Philippines, several studies have assessed economic losses due to COVID-19 through various methods, such as ratio analysis (10), linear probability model (11), input–output analysis (12, 13), and compartmentalized dynamic transmission (14). These studies successfully estimated a rough snapshot of the immediate economic losses due to COVID-19. However, few have examined the long-term distribution of losses across time and sectors. This could be due to the lack of high temporal resolution economic data. For example, GDP data is available only at the national and regional levels on a quarterly and annual basis, respectively.

To bridge this research gap, this paper aims to estimate the long-term distribution of the economic losses due to the pandemic across time and sectors in the Philippines using electricity consumption (EC) and nighttime light (NTL). We focus on these because strong relationships between GDP and EC (15, 16) or NTL (17–20) have been demonstrated, indicating that EC and NTL can be good proxies for economic activities. Furthermore, recent studies (21–23) used NTL to predict GDP and assess disaster impacts in the Philippines. To the best of our knowledge, no study has applied EC or NTL to estimate economic losses due to COVID-19 in the Philippines.

Employing this approach, we aim to address the following research questions. First, how much was the total, commercial, and industrial economic loss due to COVID-19 in the Philippines? And second, how were these losses distributed across time?

The remainder of this paper is organized as follows. Section 2 elaborates on the data and methods. This section details the GDP, EC, NTL, statistical, and weather datasets description and preprocessing. It also discusses the economic loss estimation, specifically the regression models employed in the paper. Section 3 presents the modeling results and loss estimates. Section 4 discusses the findings, implications, and limitations, and provides recommendations for further research.



2 Materials and methods


2.1 Data resources

Using GDP, EC, and NTL data (Figure 1), we assessed the economic losses due to COVID-19 in the Philippines. The analysis also required statistical and weather datasets. We divided the datasets into pre-pandemic (2012Q2–2019Q4) and pandemic period (2020Q1–2021Q4). We used the pre-pandemic datasets to establish the relationship between GDP, EC, and NTL and to develop EC and NTL models that estimate the pre-pandemic values based on statistical and weather datasets. Then, we used the statistical and weather data from 2020 onwards to estimate the counterfactual EC, NTL, and GDP.

[image: Figure 1]

FIGURE 1
 Quarterly national, commercial, and indsutrial (A) GDP, (B) EC, and (C) NTL data from 2012 to 2021.



2.1.1 GDP

The Philippines’s GDP data covers both national quarterly and regional annual scales. In this study, we utilized the national quarterly Constant GDP data based on 2018 prices sourced from the Philippine Statistics Authority (PSA). Additionally, we collected quarterly commercial and industrial gross value-added (GVA) data to assess sectoral impacts. The commercial or services sector, encompassing businesses involved in transporting and distributing goods and services as per PSA’s classification, contributes roughly 60% to the country’s economy. Meanwhile, industries encompassing resource extraction, manufacturing, construction, energy, water, and waste management constitute approximately 30% of the country’s GDP. National GDP follows a positive trend, peaking during the fourth quarter of each year (Figure 1A). Commercial and Industrial GVAs also follow this increasing trend, with the highest GVAs during the second and fourth quarters.



2.1.2 Electric consumption

The national monthly EC ([image: image] data were sourced from the Philippine Department of Energy and downloaded through the Freedom of Information website. These data are categorized into commercial, industrial, residential, and other sectors (Supplementary Figure S1). We used the total EC data, including all the above-mentioned categories, for our analysis. We also used the commercial and industrial EC data. Commercial and industrial EC typically covered the energy used for lighting, operating electrical machines, and regulating temperature within a space. These EC data exhibit an ascending trend, with annual peaks in the second quarter, corresponding to the year’s hottest months (Figure 1B). The lowest EC occurs during the first quarter, the coldest period of the year. The monthly EC ([image: image] was aggregated into the quarterly dataset ([image: image] (Equation 1).
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2.1.3 Nighttime lights

We downloaded monthly and annual NTL composites from the Earth Observation Group of the Payne Institute for Public Policy, Colorado School of Mines.1 These products were preprocessed datasets from the Suomi National Polar-orbiting Partnership (NPP), Visible and Infrared Imaging Suite’s (VIIRS) Day and Night Band (DNB). The datasets underwent filtering steps to remove extraneous light sources. Filtered datasets were composited into monthly and annual radiance averages (24).

Some pixel values or Digital Numbers (DN) were negative. In theory, NTL’s DN values should start from zero, signifying the absence of light. However, negative values could be due to background noise (25). These negative values had to be removed as these could falsely reduce the sum of lights (SOL). We eliminated the negative values by replacing the negative monthly radiance values with the DN from the previous year ([image: image], as in Equation 2.

[image: image]

We eliminated extraneous light because the main aim was to measure anthropogenic light related to economic activities. We used the stable light mask (lit_mask) to mask the background noise from the monthly radiance band. The stable light mask is a binary data where areas with stable light have a DN value of 1 and areas with unstable light have a DN value of 0. We removed unstable light by multiplying the stable light mask with the positive DN values (pDN), leaving only areas with stable light (sDN) (Equation 3).

[image: image]

As the study site is a tropical country where cloud cover can often contaminate nighttime light images, the effect of the clouds had to be minimized to avoid errors resulting from undetected nighttime light emission due to clouds. Hence, we identified cloud-contaminated pixels using the cloud-free coverage band (cf_cvg band), obtaining the number of cloud-free data collected within the month. Then, we replaced the cloud-covered pixels (pixels with 0 cf_cvg values) with the pixel value of the previous year ([image: image] (Equation 4). Although complete cloud removal is impossible, especially during rainy months, this step minimizes the undetected light due to cloud cover.

[image: image]

We attributed the NTL source to commercial and industrial sectors for analysis. Classifying commercial and industrial NTL sources required a national land use map. However, land use maps with commercial and industrial classifications were only available for cities or provinces. An alternative, OpenStreetMap (OSM), offered a countrywide land use map with industrial and commercial classes. This dataset is a product of voluntary contributions and has been used for various applications (26). Although this data does not comprehensively cover all buildings, recent research indicates improved completeness, particularly in major cities. In the Philippines, OSM data’s completeness ranges from 20% to over 80%, exceeding 80% for major cities (26). This OSM data is the best alternative as it adequately indicates the general location of commercial and industrial sources of NTL.

We visually examined the downloaded OSM shapefiles and determined that the data were complete and accurate. Since the data would specify the country’s commercial and industrial NTL emissions, we believed its quality was satisfactory. NTL data has a ground resolution of roughly 500 meters, meaning each cell could contain a mixture of land uses. It would not be possible to ascertain the ultimate source of light detected within a 500 × 500-meter area. Hence, an indicative presence of commercial or industrial establishments would be enough.

We extracted all the points and polygons classified as commercial or industrial, converting the polygons to points for consistency. Using a 500-meter grid aligned with NTL resolution, we created separate grids for the commercial and industrial sectors. Employing spatial join, we merged commercial points with the commercial grids. Cells with at least one commercial point were labeled as commercial cells and later dissolved into a polygon file outlining the commercial area—this polygon file extracted commercial light sources from the NTL data. The exact process was performed to extract industrial NTL. As NTL radiance originates from mixed sources and we cannot discern pure sources, these results must be accepted as reasonable.

The monthly provincial cloud-free NTL (cDNp,m) datasets (Supplementary Figure S2) were aggregated to the national quarterly scale (NTLn,q) to align with the GDP data (Equation 5). Figure 1C presents the NTL used for the regression analyses. NTL tends to be highest in the second and fourth quarters because of the holiday seasons. Unlike EC, NTL tends to be lowest during the third quarter and the monsoon months.

[image: image]

Preprocessing steps were executed using RStudio and ArcGIS Desktop 10.8.2. Figure 2 illustrates the preprocessing steps.

[image: Figure 2]

FIGURE 2
 Data pre-processing for EC and NTL.




2.1.4 Other data

Table 1 presents the independent variables used in the regression models. We collected the daily average temperature, maximum temperature, and humidity data from the Philippine Atmospheric, Geophysical, and Astronomical Services Administration (PAGASA). We computed the heat index using temperature and humidity data. Additionally, we aggregated daily weather data from daily into quarterly intervals (Supplementary Figures S3A,B). Data on the working age population, representing individuals aged 15–65, were obtained from PSA. Annual estimates for the overall and urban populations were collected from Macrotrends (Supplementary Figure S3C).



TABLE 1 Variables used in the regression models.
[image: Table1]




2.2 Economic loss estimation

Figure 3 depicts the economic loss estimation process. Initially, we established the statistical relationship between GDP and the explanatory variables, namely EC and NTL, assessing their potential as substitutes for GDP if a strong relationship exists. Subsequently, we developed statistical models to forecast EC and NTL under a counterfactual scenario without COVID-19, incorporating weather conditions and statistical data. The next step involved projecting counterfactual GDP by utilizing the forecasted EC and NTL within the model. Finally, we estimated the economic losses attributed to COVID-19 by computing the difference between the actual and predicted GDPs. This identical method was employed to gauge the commercial and industrial economic losses due to the pandemic.

[image: Figure 3]

FIGURE 3
 Research framework.



2.2.1 Establishing the relationship of GDP with EC and NTL

Using the pre-pandemic data, we examined the relationship between GDP and EC and NTL to establish whether these variables can be strong substitutes for GDP, similar to a recent study (27). Equation 6 represents the regression of GDP on EC and NTL, aiming to determine the relationship among the variables. The model comprises GDP as the dependent variable regressed on EC and NTL, the trend variable [image: image], and quarter dummy variable [image: image] as independent variables. Similar to (27), variable [image: image] captures the time-related impact on GDP, while the quarter dummy variable [image: image] captures seasonal variations across the GDP data.

[image: image]

where [image: image], [image: image], and [image: image] are the natural logarithm of GDP, EC, and NTL at time [image: image] (measured in quarters), respectively. [image: image] is the error term, and [image: image], [image: image], [image: image], [image: image], and [image: image] represent the parameters that must be estimated.



2.2.2 Developing a statistical model for predicting counterfactual EC and NTL

Considering that EC and NTL have a reasonable relationship with GDP, we treated these explanatory variables as substitutes for GDP. With the predicted EC and NTL, we could estimate a counterfactual GDP. Hence, we formulated a statistical model to forecast EC and NTL, incorporating basic statistical factors and temperature. EC was regressed on the variables listed in Table 1, the trend variable [image: image], and the quarter dummy variable [image: image]. The selection of operational time and population is justified by their capacity to elucidate activity duration and intensity, respectively. Additionally, weather variables have been included due to their impact on EC, as explained by a previous study (28). Temperature variables dictate the extent of energy required for temperature regulation within a space. In accordance with a study (20) stating that urban density can influence NTL intensity, we also incorporated urban population figures and their ratio to signify economic activity. Including the trend and quarter dummy variables follows our approach to the GDP prediction models. The models for EC and NTL are expressed in Equations 7, 8, respectively.
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where [image: image] is a vector of independent variables, and [image: image] is the error term. [image: image], [image: image], [image: image], and [image: image] denote the parameters that must be estimated. These models are estimated using data predating the onset of the COVID-19 pandemic.



2.2.3 Predicting the counterfactual EC and NTL

To calculate the economic losses resulting from COVID-19, we subtracted the actual GDP from the projected counterfactual GDP following the onset of the pandemic (Equation 11). This computation involves forecasting counterfactual EC and NTL without COVID-19, utilizing the estimates for the independent variables specified in models 7 and 8. Specifically, we derived the counterfactual EC and NTL through Equations 9, 10.
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where [image: image] and [image: image] represent the natural logarithm of the projected counterfactual EC and NTL, respectively, following the COVID-19 outbreak. The parameters [image: image], [image: image], [image: image], and [image: image]were estimated using data predating the COVID-19 outbreak.



2.2.4 Predicting the counterfactual GDP

Subsequently, we employed the coefficients estimated in Equation 5 and plugged in the counterfactual EC and NTL values from Equations 9, 10 to estimate the counterfactual GDP, as determined by Equation 11.

[image: image]

where [image: image] represents the natural logarithm of projected counterfactual GDP following the COVID-19 outbreak. Parameters [image: image], [image: image], [image: image], [image: image], and[image: image] were estimated using the data preceding the COVID-19 outbreak.



2.2.5 Estimating economic losses

Finally, the economic loss resulting from COVID-19 was assessed using Equation 12.

[image: image]

where [image: image] represents the exponential of [image: image], and [image: image] denotes the actual GDP obtained from official statistics. This process was replicated for estimating the commercial and industrial losses. The estimated commercial and industrial losses were adjusted to match the total economic losses. Figure 4 illustrates the economic loss estimation process.

[image: Figure 4]

FIGURE 4
 Illustration of the economic loss estimation process.






3 Results


3.1 Relationship of GDP with EC and NTL

The results demonstrate that EC and NTL can be strong proxies for GDP (Table 2). Specifically, GDP has a stronger relationship with EC than with NTL. Models based on EC (GDPt1, GDPc1, GDPi1) have a higher coefficient of determination or R2 values than models based on NTL (GDPt2, GDPc2, GDPi2). In addition, EC’s coefficients were close to 1, which means that a unit increase in EC increases GDP from 1.1 to 1.3 units. In contrast, NTL’s coefficients ranged from 0.6 to 0.8. However, these models based on EC or NTL alone generally have higher Akaike information criterion (AIC). Models utilizing both EC and NTL (GDPt3, GDPc3, and GDPi3) had lower AIC and consistently exhibited higher R2 values than models solely relying on a single predictor. This suggests that combining EC with NTL slightly enhances the model’s strength. For the models combining EC and NTL, EC tended to have a greater effect on GDP. Note that in the case of model GDPc3, NTL displayed an insignificant p-value. For consistency, models GDPt3, GDPc3, and GDPi3 were employed to forecast the counterfactual GDP for 2020 and 2021, corresponding to the COVID-19 period.



TABLE 2 Regression model results for total, commercial, and industrial GDP using 2012 Q2 to 2019 Q4 data.
[image: Table2]

The trend component was excluded from these models to mitigate multicollinearity issues with EC and NTL. The trend had a variance inflation factor (VIF) greater than 10. Removing the trend left NTL with the highest VIF: 6.8 in GDPt3, 3.3 in GDPi3, and 4.2 in GDPc3. The VIF for GDPt3 indicates a slight multicollinearity between EC and NTL. Nevertheless, the VIF was deemed acceptable as EC and NTL differ in seasonal patterns. Each of these contributed to explaining GDP differently.



3.2 Counterfactual models

Regression models were developed to estimate the counterfactual total, industrial, and commercial EC and NTL values (Table 3). Base models were developed for the Total EC (ECt1) and NTL (NTL1), Industrial EC (ECi1) and NTL (NTLi1), and Commercial EC (ECc1) and NTL(NTLc1). Meanwhile, the final models, denoted as ECt2, ECi2, ECc2, NTLt2, NTLi2, and NTLc2, incorporated only the significant variables. The ECt2, ECi2, and ECc2 models account for 99.3, 99.1, and 99.1% of the typical pre-COVID-19 total, industrial, and commercial EC, respectively. Conversely, the final NTL models explain 89.1, 81.1, and 81.6% of the typical pre-COVID-19 total, industrial, and commercial NTL, respectively. These models were employed to forecast the counterfactual EC and NTL values during COVID-19.



TABLE 3 Counterfactual EC and NTL regression models from 2012 quarter 2 to 2019 quarter 4.
[image: Table3]



3.3 Economic losses

The modeled GVAs and GDP closely followed the actual values leading up to 2019Q4, indicating a strong model fit (Figure 5). Furthermore, in the absence of COVID-19, the Total GDP, Industrial GVA, and Commercial GVA exhibited positive trends, peaking during the second and fourth quarters annually. However, as the COVID-19 lockdowns commenced in 2020Q1, actual values began to decline below their projected counterparts. The gaps between the counterfactual and actual values represent economic losses, with the most significant ones occurring in the second quarter of 2020, underscoring the profound impact of COVID-19 lockdowns on the economy. Total GDP and sectoral GVAs are yet to fully recover to the counterfactual values, signifying ongoing losses through the end of 2021.

[image: Figure 5]

FIGURE 5
 Actual and predicted GDP and GVA before and after the onset of COVID-19. The differences between the actual and predicted GDP and GVAs during the study period are highlighted in the red box.


Across time, the highest total and sectoral losses occurred during 2020Q2, during the period of the strictest lockdown in the country (Table 4; Figure 6). Specifically, 2020Q2 witnessed the most Total GDP losses, amounting to approximately 1.15 trillion PhP (20.03 billion USD). Similarly, the industrial sector incurred substantial losses of 419.01 billion PhP (7.66 billion USD), while the commercial sector faced significant losses of 731.38 billion PhP (13.37 billion USD) during the same quarter. Notably, there were two peaks in both the national GDP loss and commercial sector losses, while the industrial sector demonstrated a single prominent peak.



TABLE 4 Estimated economic losses and loss rates per quarter from 2020 to 2021.
[image: Table4]

[image: Figure 6]

FIGURE 6
 Quarterly economic activity losses for commercial and industrial sector in 2020 and 2021. Note the most stringent period is marked by the line and the peak of COVID-19 cases is high.


Across sectors, the commercial sector experienced more substantial losses, totaling 1.84 trillion PhP (33.66 billion USD) inw2020 and 2.39 trillion PhP (43.63 billion USD) in 2021, compared to the industrial sector’s losses of 1.09 and 0.79 billion PhP (19.87 and 14.39 billion USD) during the same respective years. Consequently, 69% of the total losses were attributed to the commercial sector, while the industrial sector accounted for the remaining 31%. Notably, despite its overall losses, the industrial sector suffered a more significant loss rate, representing 26% compared to the commercial sector’s 19%, especially during 2020Q2. Nevertheless, there are signs of faster recovery within the industrial sector.




4 Discussion


4.1 Economic losses in the Philippines

In the Philippines, economic losses due to COVID-19 in 2020 and 2021 amounted to 2.9 and 3.2 trillion PhP, respectively. This study’s 2020 estimate falls within the range of economic losses reported in previous studies (12, 13, 29). A study reported 2.1 trillion PhP losses covering 2 years under the assumption of uninterrupted recovery from October 31, 2020 (13). Our results update this previous study’s estimate by including the effect of succeeding lockdowns resulting in higher losses in 2021 attributed to further economic disruptions from lockdowns and viral transmission. The National Economic and Development Authority estimated 4.3 trillion PhP in COVID-19 losses in 2020. This estimate is higher than our results, but the study acknowledged the possible long-term impacts of around 40 trillion in the next four decades (29). Reports state that 2020 suffered the worst economic loss on record (30). This study’s economic cost estimates show that COVID-19 caused losses incomparable with any other destructive events in the country’s record. Compared with other countries (7), our study’s 2020 loss estimate was higher than that of China’s, which amounted to 42.2 billion USD, but lower than that of Germany’s losses, which amounted to 56.4 billion USD.



4.2 Economic losses across time and sectors

As expected, economic losses peaked during the lockdown. The national GDP’s initial and more pronounced peak occurred during the second quarter of 2020 (Figure 6), coinciding with the stringent ECQ measures (31) (Supplementary Figure S4). The second peak materialized during the second quarter of 2021, aligning with an upsurge in COVID-19 (32) cases despite the quarantine stringency remaining constant.

Distinct loss patterns emerged between the two sectors, particularly in the triggers for commercial and industrial losses. The industrial sector loss lacked a discernible second peak, indicating that it was less severely affected by the rise in COVID-19 cases and mostly affected by the lockdown implementation. In contrast, the commercial sector’s loss paralleled that of the total GDP, indicating that both lockdowns and viral transmission affected it.

It follows that commercial losses surpassed industrial losses. Business interruptions affected more establishments and employees in the commercial sector, representing over 60% of the GDP, over 85% of operating establishments, and 75% of employment. Mobility data (33) also supports this finding through the evidence of lowered human presence in the commercial sector, recreational places, transit stations, and workplaces (Supplementary Figure S5). Furthermore, unlike industrial operations, consumer behavior influenced commercial productivity (34); for example, buyers prioritized essential expenditures and preferred online purchases. Moreover, households facing unemployment and income reduction tended to reduce spending on non-essential items (3). Finally, social distancing measures controlled the number of customers in establishments, effectively reducing commercial activities.

This study’s contribution revolves around analyzing actual losses and their temporal and sectoral distribution. Understanding this temporal dimension is crucial for formulating policies that balance health and economy during pandemics. However, economic impacts are often reported without the temporal dimension due to data limitations. The use of EC and NTL data facilitated this temporal analysis. Moreover, these datasets enabled sectoral loss comparison, serving as a basis for financial support allocation.



4.3 Limitations and recommendations

This study focused on the commercial and industrial sectors and excluded agricultural losses as agricultural activities were permitted during the lockdown, resulting in agricultural growth. Further, this method is unsuitable for estimating agricultural losses because EC does not specify energy used for agricultural activities, and agricultural areas have lower light emissions. Additionally, this study did not include residential losses considering residential EC increased during the lockdown, as evidenced by increased mobility in residential areas (Supplementary Figure S5).

Another limitation is that total, industrial, and commercial losses were modeled separately. The commercial and industrial losses had to be adjusted based on their ratios to the total to ensure the sum would add up to the total loss. To address this limitation, future research can refine models by incorporating the sectors in one model.

Note that the economic impacts from other hazards within the study period, including the Taal Volcano eruption on January 12, 2020, amounting to 8.4 billion PhP (35) loss, and Typhoons Goni and Vamco in November 2020, costing 105 billion PhP (35), were included in the estimated economic losses.

Further, NTL image resolution and lack of comprehensive land use data limited the accuracy of NTL attribution. If used on a provincial or municipal scale, existing land use maps could be used to improve the industrial and commercial NTL accuracy. Future research may also use NTL and EC data to examine the spatial distribution of economic losses.

This study demonstrated that EC and NTL are strong proxies for GDP. Future studies may use finer-resolution data to examine the losses at a greater spatial and temporal scale. Finally, pandemic-related policies should consider the temporal dimension of economic losses to better balance economic and health concerns during such situations.
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