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Abstract 

Most countries have implemented lockdowns as the main non-pharmaceutical intervention 

in response to the global Covid-19 pandemic. Such actions have resulted in negative 

economic impacts on different sectors, which include manufacturing and processing industry. 

This concern has led to the need to develop post-lockdown “exit strategies” to mitigate the 

adverse socio-economic impacts. In this work, a systematic approach is developed to quantify 

the criticality of economic sectors based on a sector criticality index (SCI) and rank them 

based on their importance relative to the entire national economy. SCI is a weighted 

composite score based on five criteria which capture relevant dimensions in judging the 

importance of sectors: economic impact, connectivity, sector size, income multiplier, and 

employment. The input-output model is then used to evaluate the interaction among the 

economic sectors. The use of the proposed approach is illustrated with a case study focusing 

on evaluating the impact on oleo-chemical industries and associated agro-industrial sectors 

in Malaysia. 
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1 Introduction 

The COVID-19 pandemic has infected and killed millions of people and slowed down 

economic activities around the world. This economic slowdown was primarily caused by the 

tight restrictions imposed in most countries around the world to contain the virus. These 

measures have led to huge losses which have in turn created additional socio-economic 

problems. The lockdowns put in place to restrict activities in affected countries, proved to be 

economically detrimental, exacerbated by the complex inter-sectoral linkages that are 

prevalent in modern economies. This connectivity has also led to adverse ripple effects from 

the lockdowns. For instance, there has been a general slowdown in logistic services, which 

affects both upstream sectors by creating a bottleneck for outbound goods, and downstream 

sectors by creating a deficit of raw materials. A drop in the gross domestic product (GDP) of 

many countries has resulted from industrial sectors being only partially operational. The 

disruptions have also rippled through global industrial supply chains across national 

boundaries [1]. In many countries, the manufacturing and processing industry has not been 

spared of such adverse impacts [2]. 

In Malaysia, the government took swift action by imposing the Movement Control Order 

(MCO) in March 2020 [3]. After a drop in the number of reported infections, the government 

implemented stage wise transitions from the initial full MCO to conditional MCO allowing 

resumption of economic activities. Nevertheless, major losses resulted from restrictions, 



broad-based disruption to all economic activities in the country was experienced. Despite 

being given priority status, the oleo-chemical industry in Malaysia was badly affected by 

supply chain ripple effects [4]. This experience underscores the importance of evaluating the 

impacts of the pandemic on the industry from a systems perspective that considers related 

economic sectors. Subsequently, the critical sectors must be identified prudently to allocate 

finite financial resources (i.e., tax breaks, subsidies) for post-pandemic recovery. Therefore, 

to effectively prioritize critical sectors for post-pandemic recovery, the interactions of the 

sectors need to be analysed. Input-output (I-O) models can be used to model the network of 

economic systems, and offer insights on the emergent effects of inter-industry supply chain 

linkages. I-O analysis was initially developed by Leontief [5], who used systems of linear 

equations to describe inter-industry linkages. I-O models have the capability of capturing 

both direct and indirect effects of economic changes, such as those caused by new 

technologies [6], disasters [7], or new policies [8]. The basic I-O model has also been 

extended into the inoperability input-output model (IIM) for modelling risks in 

interconnected critical infrastructure [9] and impacts resulting from disruptive events [10]. 

Environmentally extended I-O models have also been used to quantify the environmental 

footprints of economic sectors such as the chemical industry [11].  

As reported in the previous work [12], I-O model has been used as basis for ranking economic 

sectors to guide policy development. Yu et al. [12] presented a vulnerability index for post-

disaster key sector prioritization based on three components – economic impact, propagation 

length, and sector size. Subsequent papers combined this approach with multiple-attribute 

decision-making (MADM) techniques. Khalid and Ali [13] implemented the PROMETHEE 



approach to assess the vulnerability of sectors to natural disasters using four equally weighted 

criteria – inoperability, economic loss, backward linkages and forward linkages. Go et al. 

[14] combined I-O based metrics with the analytic hierarchy process (AHP) to extend the 

vulnerability index [12]. However, none of these previous works adequately reflect critical 

socio-economic factors that the COVID-19 pandemic has shown to be critically important, 

particularly its impact on the workforce and dependent households. Most of the previous 

works focused on economic recovery of the selected sectors from natural disasters without 

considering social impacts. Post-pandemic recovery measures based on current techniques 

may fail to yield the intended benefits for key industrial sectors, which involve socio-

economic links to the wider community. Such measures need to be targeted at sectors where 

the intended beneficial impact to society can be maximized. Failure to account for the 

employment and income contributions of the various sectors to the economy can exacerbate 

the inequality due to distributional effects.  

To address this research gap, this work extends upon the vulnerability index proposed by Yu 

et al. [12] and adds two additional components – income multiplier and employment – to 

capture the relevance of the sectors to the workforce. The criticality of each sector can be 

identified using five components so that industry-specific recovery strategies can be 

developed. Since each component contributes differently in the overall performance of 

recovery strategies, weights for the components are calibrated based on expert judgements 

[15]. 

The rest of this paper is organized as follows. Section 2 gives the formal problem statement. 

Then, Section 3 describes the Sector Criticality Index (SCI) methodology and the rationale 



for each of its components. Section 4 shows an application to the analysis of the Malaysian 

economy during the pandemic, with focus on oleo-chemical industry in agro-industrial 

sectors that linked to the palm oil industry. Finally, Section 5 gives the conclusions and 

discusses prospects for future work. 

 
2 Problem Statement 

The formal problem statement can be stated as follows: 

• Given technical coefficients for an economy which represent the interconnectedness 

between economic sectors; 

• Given the initial impact of a disruption; and 

• Given preference weights for the sector criticality indicator components. 

The objective is to determine the criticality ranking of economic sectors based on their 

performance using the consolidated SCI and to examine which component was most relevant 

for each sector.  

 
3 Methodology 

The proposed methodology of this work consists of input-output modelling and sector 

criticality. Input-output modelling used to determine the economic transactions between 

economic sectors. Sector criticality quantifies how crucial a given sector is in the economy. 

The components considered for sector criticality are economic impact (c1), sector 

connectivity (c2), sector size (c3), income multiplier (c4), and employment (c5). These 



components are then aggregated to compute the sector criticality index (SCI) of each sector 

using official government publications. The first four components can be computed using 

standard I-O data, while employment is based on labour statistics. Table 1 shows a simple I-

O table which describes the economic transactions between three economic sectors (i.e., 

Agriculture, Manufacturing and Services). As shown in Table 1, the column labelled as 

Agriculture indicates that the Agriculture sector consumes USD 2,200,000 worth of goods 

produced from the Agriculture sector (i.e., seedlings, animal feeds), USD 9,800,000 from the 

Manufacturing sector (i.e., chemical fertilizers, pesticides) and USD 1,200,000 from the 

Services sector (i.e., electricity, water, transport services). In addition, the Agriculture sector 

produces a net output value of USD 19,200,000 of goods. Figure 1 illustrates the same 

information in Table 1 as an economic network. 

 

 

Figure 1. Example of economic network of interconnected sectors. 

  



Table 2. Simple example of input-output table. 

 Agriculture Manufacturing Services Final Demand 

Agriculture USD 2,200,000 USD 19,600,000 USD 7,000,000 USD 19,200,000 

Manufacturing USD 9,800,000 USD 300,800,000 USD 10,200,000 USD 270,000,000 

Services USD 1,200,000 USD 22,200,000 USD 29,000,000 USD 78,400,000 

 

In comparison to other previous indices, SCI includes measures that factor the impact of the 

sector on income and employment. In this work, the SCI of each sector i can be computed as 

shown in Equation 1:  

1

n

i j ij
j

SCI w c
=

=∑  ∀i (1) 

where SCIi is the sector criticality index of sector i, wj is the preference weight assigned to 

component j, and cij is the normalized level of criticality of sector i in terms of component j. 

Note that the scores for each component j are normalized to ensure that SCI will have a value 

between 0 and 1, where a value that is closer to 1 means that the sector has a higher level of 

criticality. As each component j contributes differently to the overall performance of sector 

i, different wj can be applied. In order to determine the wj, different methods based on the 

judgement of experts or decision-makers, such as AHP [16,17] or Best-Worst Method 

(BWM) [15] may be used to systematically determine the preference weights. Furthermore, 

∑j wj will always be equal to 1. Techniques such as AHP or BWM may be used to 

systematically determine the preference weights. In this work, BWM is selected to determine 

the weightage. Appendix A shows the detailed survey for the experts to determine weighting 

factors for five criteria in an economic model. 



The SCI provides a more comprehensive sector ranking compared to previous works for a 

post-pandemic recovery prioritization. Indices from previous works might lead decisions to 

highly concentrate on a given sector and cause unnecessary loss of livelihood in neglected 

sectors. On the other hand, SCI accounts for the effect on employment, which is very 

important when prioritizing sectors to support for post-pandemic recovery.  

 
3.1 Component 1: Economic Impact 

Economic impact is measured as a composite of economic gain that a sector can contribute 

to the entire economy resulting from an increase in its production and, conversely, the risk 

that a sector propagates throughout the rest of the economy resulting from a disruption in its 

production. This component is specified as: 
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where Oi is the output multiplier of sector i, and γi is the inoperability multiplier of sector i. 

The output multiplier represents the economic gain that a sector can contribute to the entire 

economy resulting from an increase in its production [16], while the inoperability multiplier 

represents the risk that a sector propagates throughout the rest of the economy resulting from 

a disruption in its production [10]. If Oi > γi, the numerator will have a value greater than 1 

indicating that the sector will have higher gains relative to the risks associated to it. The 

reverse will be true if Oi < γi, and the numerator will have a value less than 1. It is normalized 



to ensure that the value of ci1 falls within the range of 0 and 1. This component factors rations 

or gains and risks into the SCI. 

 
3.2 Component 2: Connectivity 

Connectivity is defined as the degree of linkage of an economic sector both as a producer of 

inputs and as a consumer of outputs of other sectors in the economy. It is derived from the 

average propagation length (APL) metric [18]. The connectivity component is specified as: 
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where 
1

n

li
l

s
=
∑  is the backward APL of sector i or the number of inter-industry interactions 

resulting from a change in final demand in sector i, 
1

n

li
l

s
=
∑  is the forward APL of sector i or 

the number of inter-industry interactions resulting from a change in primary cost in sector i, 

and 2Sii is two times the element along the diagonal of the APL matrix and n is the number 

of sectors in the economy. By subtracting 2Sii, the initial effect of an exogenous change to 

sector i to itself both backward and forward in nature can be excluded. This component 

factors interconnectedness with other sectors into the SCI. 

 



3.3 Component 3: Sector Size 

Sector size relates to the relative size of an economic sector with respect to the entire 

economy. 
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where xi is the value of economic output of sector i. This component factors economic sector 

scale into the SCI. 

 
3.4 Component 4: Income Multiplier 

The income multiplier shows the change in income of all households in the economy resulting 

from a change in final demand of sector i. This component accounts for the returns to labour 

inputs across all sectors for additional funds infused into sector i. In this work, the income 

multiplier is defined based on Miller and Blair [19] , as shown in Eq. 5: 
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where an+1,k represents the (n+1,k)th element of the labour-input coefficient vector and lki is 

the kith element of the Leontief Inverse. Because of its link to labour and household income, 

this component factors socio-economic considerations into the SCI. 

 



3.5 Component 5: Employment 

The employment metric shows the relative contribution of each sector to employment in the 

labour force. This component is specified as: 
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where mi is the number of people employed by sector i. This component factors labour 

employment into the SCI. 

 
3.6 Inoperability of an Industry 

Other than SCI, another factor that measures the impact of pandemic towards the economy 

due to inoperability, Φi of the respective sectors which cause the sectoral losses in economic 

output should be evaluated. In this work, Φi is measured based on the fractional loss of sector 

output relative to its baseline state, given in Eq. 7. 

Φi i

i

x
x

∆= −  ∀ 𝑖𝑖 (7) 

where ∆xi and xi are the changes of economic output due to pandemic and economic output 

based on baseline conditions, respectively. Note that the values for Φi were assigned based 

on actual disruptions that occurred during the pandemic. 

 



4 Case Study: Agro-Industrial Sectors in Malaysia  

A case study on agro-industrial sectors in Malaysia is solved to illustrate the SCI 

methodology. The analysis focuses specifically on the palm oil industry, which as the largest 

agro-industrial sector in Malaysia is thus of particular interest to policymakers. 

 
4.1 Palm Oil Industry in Malaysia 

Malaysia is the second largest producer of palm oil products, including oleo-chemicals, in 

the world. About 38 billion MYR (approximately USD 10 billion) was contributed by this 

sector to the gross domestic product (GDP) in 2018. The palm oil sector is also estimated to 

have directly and indirectly employed more than 860,000 people in 2017 [20]. GDP and 

employment alone evidently indicate the importance of the palm oil sector to the country’s 

economy. 

Figure 2 shows the overview of the palm oil supply chain [21,22]. Fresh fruit bunches are 

harvested from plantations and delivered to palm oil mills for extraction of crude palm oil. 

Different types of biomass are generated in both the plantations and mills and can serve as 

raw material for various industrial products [23]. For example, empty fruit bunches can be 

used for production of biofertiliser [24], dried long fibre [25], palm pellet, etc; palm kernel 

shell can be used as boiler fuel and replacement of coal in power generation [26]; palm oil 

mill effluent can be used to generate biogas and further purified as biomethane [23]. 

Meanwhile, the extracted crude palm oil can be further processed into refined palm oil and 

then to various oleo-chemical products (e.g., edible oil, soap, lubricant, margarine, etc.) for 

both local and export markets.  



 
Figure 2. The overview of palm oil supply chain [21,22]. 

 

4.2 Impact of COVID-19 on Palm Oil Industry in Malaysia 

Malaysia’s small, export-oriented economy is vulnerable to external shocks [27]. For 

example, in 2009, the sudden drop in exports and international investments led to a huge 

recession in the country [28]; in 2015, Malaysia faced another economic disruption due to 

the drop in oil and commodity prices [29]. More recently, the El Niño phenomenon and anti-

palm oil policies in the West reduced the economic growth further [30]. According to the 

Department of Statistics Malaysia (DOSM) [31], Malaysia’s annual GDP growth declined 

from +5.96% in 2014 to 4.16% in 2016. The economy has contracted once again due to the 

pandemic, and the impact is forecasted to be worse than the previous two contractions, as 

shown in Figure 3. Note that the current contraction is a result of the MCO implemented 

since March 2020, which prompted the partial or complete closure of different sectors. As 



shown in the Figure 3, the GDP in Year 2020 was predicted to drop to 6.34% based on the 

first quarter performance. Based on the official year-end report [32], the GDP contracted by 

5.6% in 2020. The annual change in sectoral economic output is estimated and plotted in 

Figure 3. 

 

 
Legend 

  (i1) Agriculture, Fishery, and Forestry 
except Oil Palm   (i6) Soap, Detergents, Perfumes, 

and Toiletries   (i11) Wholesale and Retail Trade 

  (i2) Oil Palm including Production of 
Crude Palm Oil   (i7) Other Manufacturing Sectors   (i12) Finance and insurance 

  (i3) Mining and Quarrying   (i8) Construction   (i13) Real Estate and Ownership of 
Dwellings 

  (i4) Vegetable & Animal Oils and Fats   (i9) Utilities   (i14) Private services 

  (i5) Petroleum Refineries including 
LPG   (i10) Transportation, 

Communication, and Storage   (i15) Government Services 

Figure 3. Malaysian GDP and changes in GDP based on constant 2010 price. 
 

When the MCO was in full effect in early 2020, only essential sectors (such as the palm oil 

sector) were exempted from temporary closure [33]. Despite being allowed to operate during 



the MCO, the palm oil sector met difficulties due to upstream and downstream linkages to 

other parts of the economy. For instance, the general slowdown of logistics created 

bottlenecks that forced production levels down. Similarly, restrictions in the entry of foreign 

labourers reduced the output of oil palm plantations, causing shortages to ripple downstream 

through the oleo-chemical industry. The palm oil sector was indirectly affected through such 

upstream and downstream supply chain linkages. Despite assurances that disruptions to the 

oleo-chemical sector would be minimal, the economic ripple effects led to losses much 

greater than anticipated due to network ripple effects.  

 
5 Results & Discussion  

A detailed analysis was conducted to evaluate the interaction between industries based on the 

2015 Malaysia national I-O table published by the Department of Statistics Malaysia. As 

shown in Appendix B, the national I-O table can be divided into 15 major economic sectors. 

The oleo-chemical industry is identified as one of the major sectors, and is further 

decomposed into the oil & fats manufacturing (i4) soap, detergents, perfumes, and toiletries 

(i6) sectors. The SCI of each sector can be found by solving Equations 1–6.  

In this work, a survey (Appendix A) was conducted with 11 experts from various 

backgrounds, such as finance, academia, industry, government, and services. Using BWM 

[15], the priority weights were determined and are presented in Table 2. The sectors can then 

be ranked based on SCI as shown in Figure 4. The distribution of each component within the 

SCIs is also indicated.  

 



Table 2. SCI component weights. 

Component Economic 
Impact Connectivity Sector Size Income 

Multiplier Employment 

Weightage 0.251 0.210 0.169 0.164 0.206 
 

 
Figure 4. Sector ranking based on BWM weighted SCI. 

 

Based on the SCI rankings, the most critical sectors noted were other manufacturing sectors 

(i7), wholesale and retail trade (i11), government services (i15), and business and private 

services (i14). Meanwhile, the palm oil-related sectors such as oils and fats manufacturing 

(i4), petroleum refineries including LPG (i5), oil palm (i2), and soap, detergents, perfumes, 

and toiletries (i6) were ranked at 7th, 10th, 11th and 15th, respectively. These results are mainly 

derived from the current structure of the economy. 
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(i7) Other Manufacturing Sectors
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Following the discussion in Section 3.6, the summary of the inoperability (Φi) is presented 

in Table 3. With these Φi values, Figure 5 illustrates that the most critical sector, other 

manufacturing sector (i7) has the largest drop in economic output, estimated to be about 57.5 

billion MYR. It is followed by the wholesale and retail trade sector (i11) and oil & fats 

manufacturing sector (i4), with 53.1 and 38.4 billion MYR reductions, respectively. On the 

other hand, Φi values in Figure 5 indicate different rankings of the sectors [10]. It is notable 

that, although the reduction of economic output was largest in sector i7, the inoperability is 

not very high (5.5%). On the other hand, large Φi values were observed in palm oil-related 

sectors such as oil palm (i2) (20%) and oil & fats manufacturing (i4) (26%). Thus, it is clear 

that the impact has been felt severely in palm oil related sectors, particularly in oil palm (i2) 

and oil & fats manufacturing (i4) sectors. Left unaddressed, the inoperability may cause 

irreversible or persistent economic losses due to closures of companies in each sector. 

Though the SCI provides an overall assessment of the criticality of the different economic 

sectors, a close examination of the performance of the sectors in the different components 

will reveal whether more attention should be given to certain sectors in specific components. 

These insights can be used in developing recovery strategies post-pandemic.  

  



Table 3. Sector inoperability. 

Sector Inoperability, Φi (%) 
(i1) Agriculture, Fishery and Forestry except Oil Palm  1.7 
(i2) Oil Palm 19.5 
(i3) Mining and Quarrying 3.7 
(i4) Oils and Fats Manufacturing 25.4 
(i5) Petroleum Refineries including LPG 3.1 
(i6) Soap, Detergents, Perfumes, and Toiletries 6.0 
(i7) Other Manufacturing Sectors 5.3 
(i8) Transportation, Communication, and Storage 7.4 
(i9) Wholesale and Retail Trade -1.3 
(i10) Finance and Insurance 2.3 
(i11) Wholesale and Retail Trade 12.9 
(i12) Finance and Insurance 0.6 
(i13) Real Estate and Ownership of Dwellings 4.4 
(i14) Business and Private Services 6.4 
(i15) Government Services 10.3 

 

 
Figure 5. Sectorial economic impact and inoperability based on the performance of the 

first quartile in 2020. 

 

-5%

0%

5%

10%

15%

20%

25%

30%

35%-70,000

-60,000

-50,000

-40,000

-30,000

-20,000

-10,000

0

10,000

In
op

er
ab

ili
ty

, Φ
i 

C
ha

ng
es

 in
 e

on
om

ic
 o

ut
pu

t (
m

ill
io

n 
M

Y
R

)

Economic Output Inoperability



To validate the proposed model, consultation with stakeholders to verify the insights drawn 

from the application of SCI were conducted. Based on the consultation, the post-pandemic 

recovery strategies can be introduced even with limited resources from the government. As 

reported in the news recently [34], it is noted that the Malaysian palm oil sector is currently 

facing a labour shortage due to travel restrictions. The pandemic and the MCO exacerbated 

a pre-existing shortage of workers. This upstream disruption propagates through the supply 

chain linkages, causing indirect adverse impacts on the oleo-chemical industry that was 

initially believed to be insulated from the worst effects of the pandemic.  

 
6 Conclusion 

In this work, SCI is developed as a multi-component metric for ranking economic sectors for 

post-crisis recovery. An oleo-chemical industry in Malaysia is used as the illustrative case 

study. The developed index can be used to prioritize sectors for different policy interventions 

to mitigate economic damage from a prolonged crisis, such as the current Covid-19 

pandemic. The SCI can be applied as comparative analysis of industrial sectors linked to 

vegetable oil production in Malaysia. Based on the analysis, oil palm (i2) and oils and fats 

manufacturing (i4) sectors are identified as the most crucial sector in the recovery phase. 

Therefore, with additional infusion of stimulus funds in these sectors, the overall ripple 

effects on the overall economy will be most significant. Note that the proposed methodology 

is generic and is applicable to other types of natural or man-made crises. Future work can 

focus on integrating a time dimension in SCI using dynamic I-O modelling that can address 

a long–term impacts that may change the entire economy relationship according to time. It 



can also be used within a mathematical programming model to allow for optimal allocation 

of targeted production-side stimulus funds for key industries. 
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