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ABSTRACT 

COVID-19’s containment measures resulted in a severe shock to all national 

businesses. The supply and demand were strongly impacted due to suspending the 

companies' typical behavior and the physical absence of customers. More than ever, there 

is an increased need for data to monitor these effects quickly and affordably. Therefore, 

this project proposes to assess the endogenous determinants of Portuguese private sector 

firms in their financial performance during the first year of Covid-19, while showcasing 

secondary data's potential within private institutions. The main goal is to extract historical 

data from one of the largest Banks in Portugal with features that reflect important business 

characteristics and deliver essential insights into the evolution of national enterprises. 

Several linear regression models were implemented to study which business attributes, 

from 2019, made companies more fragile or robust to COVID-19’s outbreak. Hence, 

delivering knowledge to build catered solutions to the vast spectrum of Portuguese firms 

and protect them from the next shock. 

The results suggested that for the variation in total revenue, the variables responsible 

for the largest coefficients in absolute value were the accommodation and food services 

and the micro dimension category - both of which showcased a negative impact. 

Furthermore, the only positive coefficients were the features associated with exporting 

activity and the energy and manufactory sector. The number of employees was more 

impacted by the dimension of the company, whose negative impact was proportional to 

the size. The accommodation and food services, other services and wholesale and retail 

trading showcased having a significant adverse effect on this target variable, and 

exportation activity presented the only positive impact. 

 

KEYWORDS 

Firms; COVID-19; Linear Regression; Data partnership 

  



 

 
 

INDEX 

1. Introduction 1 

2. Theoretical Background 3 

Related Works 4 

3. Data and Methodology 7 

3.1 Data 7 

Duplicates and Missing Values 8 

Categorical Variables 9 

Continuous variables 11 

Data Exploration 14 

4. Discussion 22 

5. Conclusions 25 

5.1 Limitations 26 

5.2 Lessons learned 26 

5.3 Future Work 27 

6. Bibliography 28 

7. Appendix 31 

7.1 Appendix 1 31 

7.2 Appendix 2 32 

7.3 Appendix 3 33 

 

 

 

 

 

 

 

 

 

 



 

 
 

LIST OF FIGURES  

Figure 1 - Bar plot of most frequent dates for changing the total revenue values ..................... 8 

Figure 2 - Pair-Plot showing in the diagonal the distribution of observations of each variable and 

in the non-diagonal cells the relationship between each pair of variables. The left plot shows the 

relationships before the executed data transformation steps (log-transformation and outlier 

removal). ................................................................................................................... 14 

 

  



 

 
 

  LIST OF TABLES 

Table 1- General statistics of categorical features 11 

Table 2 - General Statistics of numerical features 13 

Table 3 - Regression table for the target variable Total Revenue Growth Rate with univariate 

and multivariate regression models. 18 

Table 4 - Regression table for target variable Number of Employees Growth Rate with 

univariate and multivariate regression models. 20 

 



 

1 
 

1. INTRODUCTION 

In 2019, the Portuguese business landscape was made of 1,335,006 companies, a 

growth of 3.1% since 2018 (INE, 2021). In the same year, the ecosystem of non-financial 

corporations accounted for 91.1% of the GDP from the entire private sector with a total 

turnover of 439,742 million Euros (INE, 2021). With the COVID-19 pandemic, there 

were meaningful social and economic changes that impacted not only social life, but also 

the normal activity of all kinds of businesses. Indeed, lockdown measures that have been 

implemented to contain the spread of COVID-19 had a strong impact both on 

the supply and the demand dynamics of economic activities (Manteu et al., 2020). 

Surveys and financial reports are one of the main sources of information used to aid 

the government in understanding the efficacy of measures to control de pandemic. They 

have been widely used to obtain a picture of the behavior and condition of private 

institutions, which sometimes they do not get access to. Given that surveys collect data at 

a single point in time, to assess temporal changes we are required to repeat such surveys 

periodically. Such repetition is often expensive and time-consuming, making surveys as 

frequently as desirable - impractical (Woodruff, 2009). Although several studies have 

been done on the impact of COVID-19 on Portuguese businesses, like the IREE-COVID-

19 from February (INE & Bank of Portugal, 2021), they were mainly descriptive and not 

inferential.  

Morales et al. (2021) state that COVID-19 created a spike in demand for data to 

monitor the evolution of the pandemic and its effects. However, it has exacerbated 

funding gaps in national, regional, and global statistical offices, making the mobilization 

of international and domestic resources to support data more urgent than ever.  When 

compiling official statistics, analysis of data held by companies is often more cost-

efficient and can produce faster outcomes. Using such data also lowers the burden on 

companies and citizens by avoiding survey questionnaires (Morales et al., 2021). Hence, 

public-private data collaboration holds great promise for mitigating some of society’s 

ongoing challenges.   

This dissertation looks to assess the endogenous determinants of Portuguese private 

sector firms in their financial performance during the first year of Covid-19 Pandemic. 

To that end, and in contrast with previous studies, we use secondary data sourced one of 

the largest private Banks operating in Portugal. Firstly, I showcase that available data in 

the Banking institutions can offer several advantages over traditional sources (e.g., it is 
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less time-consuming to compile, has a lower cost of acquisition, and lower overhead to 

obtain results). Moreover, like traditional data, it delivers insights to create and assess 

policies, develop better solutions, and improve decision-making. Secondly, using 

multivariate regression methods I explore which pre-pandemic factors - such as importing 

and exporting activity, dimension of the business, presence of a website and industry - 

might have been determinants to overcome the economic constraints created during the 

COVID-19 pandemic. In particular, estimations will deliver deliver a picture of which 

firms were better equipped to overcome the several limitations that the pandemic raised 

to the overall economic operations. 
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2. THEORETICAL BACKGROUND 

Mobilizing data for social good is as ambitious as it is a necessary challenge. 

National statistical offices still rely heavily on the empirical base of surveys and other 

primary data collection approaches to develop and test social interventions and 

policies. However, according to Kabir (2016) obtaining the data is often the main 

expense in studies, and getting the data collected (personally or through others) is 

usually an extensive process. Meanwhile, much helpful knowledge remains in the 

silos of legacy information systems or commercial enterprises' digital footprints 

(Coulton et al., 2015). Secondary data, in other words, data collected for other 

purposes, does not create the hassles of data collection, which saves time and expenses 

(Ajayi, 2017)– and private corporations hold a great quantity of it. 

Recent studies suggest that big data has become a useful, and perhaps necessary, 

addition to data sources and analysis methods used to examine social welfare practice 

and policy (Gillinghama, & Grahamb, 2017). Integrating administrative data across 

service agencies is expected to be the next frontier for generating quality evidence to 

inform public protocols and system reform. Also, such research might be possible in 

months rather than years and at a fraction of the cost compared to research based on 

primary data collection and qualitative methods. (Culhane, et al. 2010). As written by 

Avdiu & Gaurav (2020): “More systematic and timely evidence is needed to inform 

policy debates on how to best support firms during the COVID-19 pandemic, 

especially when countries are running out of the fiscal policy space to sustain stimulus 

packages”. However, there are some ethical issues with Big Data in social 

welfare. Individuals, businesses, and governments face common challenges when 

data are accessed and shared. OECD (2019) made a run-through of the three main 

challenges when enhancing access and sharing of data: 

- Need for balancing the benefits of data “openness” with other legitimate interests, 

policy objectives, and risks. These include the risks of confidentiality and privacy 

breaches and the violation of other legitimate private interests, such as commercial 

interests. 

- Trust and empowerment for the effective re-use of data across society. Trust can 

play an essential role in data access, sharing, and re-use across firms, sectors, and 

countries. However, it can be abused or erode over time, and restoring it can be 

challenging. 
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- The marginal costs of transmitting, copying, and processing data can be close to 

zero. However, substantial investments are often required to collect data and 

enable data sharing and re-use. Firms are investing a significant share of their 

capital in acquiring start-ups to secure access to data potentially critical for their 

business. They may also be needed for data cleaning and preparation, which is 

often beyond the scope and time frame of the activities for which the data were 

initially collected and used. 

Jumia, a Nigerian e-commerce enterprise, offered its logistics and supply-chain 

network and collaborated with health departments in different African countries to use its 

website and mobile platforms to share COVID-19 related public service messages (Jumia 

Group, 2021). Another example is Meta Platforms, which has been assisting governments 

in reaching citizens with health alerts through its messenger and WhatsApp platforms 

(Nyman, 2020).  

 

RELATED WORKS 

The spread of COVID-19 in 2020 set corporations under tremendous stress to survive, 

demanding firms to develop appropriate reactions to the crisis. Businesses’ resilience is 

considered to be “The capability of firms to readily respond to and quickly recover from 

disruptive events or crises faced” (Arıkan, 2022). The faster a firm reacts, the less its 

financial performance decreases. The financial performance of a company can be 

evaluated through fluctuations in different variables, such as the number of employees 

and the total revenue (cash flow made through sales of goods and services). To investigate 

the relationship between the financial performance and other business features we used a 

linear regression model. Regression models are a widely used statistical tool for analyzing 

the impact of the pandemic (such as cases and spreads), especially when investigating the 

correlation between COVID-19 and different variables (Almalki et al., 2021). The chosen 

factors for our regression models were collected from previous work about companies’ 

vulnerability and resilience. The following section introduces this literature and gives a 

summary of the determinants that have been identified to impact firms’ vulnerability and 

resilience to shocks. 

INE performed multiple surveys to characterize the short-term economic impact of 

COVID-19. These were the base for reporting the main effects of the pandemic on 

companies' activity (in terms of revenue, human resources, financial conditions, and 
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prices). These studies conducted by INE aimed at micro, small, medium, and large 

companies from a wide spectrum of sectors of activity. Although very relevant, these 

studies are only descriptive and not inferential. Contrarily to inferential statistics (such as 

regression analysis), descriptive statistics cannot infer about the population (Sutanapong 

& Louangrath, 2015). Nonetheless, reports like these inspired this dissertation and served 

as a baseline for our discussion. 

Social isolation and containment measures did not allow for purchases to be made 

physically. According to SIBS analytics (2020), just in Portugal, about 8 billion euros 

were lost in transactions between March to June of 2020, which is equivalent to around 

200 million transactions. Hence, another way to deliver services and goods is through e-

commerce. OECD (2021c) considers that online presence can increase resilience to 

shocks: “Amidst the economic mayhem caused by the pandemic, digital technologies 

have emerged as a key element of economic and social resilience. By allowing businesses 

and governments to continue operating during lockdowns, digital technologies enabled 

faster economic responses to the emergency”. However, more than 60% of Portuguese 

firms do not have a simple website or a presence on Facebook (Teixeira, 2020).  

Importing and/or exporting goods and services can also be studied in relation to 

business resilience. As stated by OECD (2022) “The year 2020 was marked by some of 

the largest reductions in trade and output volumes since World  War II.”. Borino et al. 

(2021) states that exporting and/or importing can be a differentiating factor when 

analyzing firms’ resilience. Impacts within the national market influence both domestic 

and international firms, while shocks that happen within international markets will only 

directly affect international firms. Hence, international enterprises are considered more 

sensitive to shocks than firms that only operate nationwide (Borino et al., 2021). More 

results from Borino et al. (2021) showcase that an international firm had more than a 60% 

probability of experiencing problems accessing goods and services. However, if the same 

firm had exclusively collected inputs domestically, it would have had only a 50% 

likelihood of encountering complications. This study also demonstrates that the 

probability of an enterprise which imports and/or exports to follow a resilient strategy is 

approximately 10% higher than a domestic firm. 

Revenue-wise, a multinational firm had about 6% more chances of undergoing a 

decrease in sales compared with a domestic firm (Borino et al., 2021).  

Regarding employment, it was found that international firms had a smaller likelihood 

of entering the layoff regime for their workers (Borino et al., 2021). Another research on 



 

6 
 

this topic, Eppinger et al. (2018), showcased that in the 2008 financial crisis, exporters 

kept more jobs than other companies.  

The size of the enterprise can also be associated with its resilience to shocks. SMEs 

are frequently considered more vulnerable than large corporations under diverse shocks 

(OECD 2021a, OECD 2020, McKinzey 2020).  There is a large spectrum of different 

kinds of shocks and how they affect SMEs' response. As written by Miklian & Hoelscher 

(2022) "The pandemic's length also affects smaller firms more intensely as they generally 

lack sufficient resources to tolerate extended periods of upheaval, with many of them 

closing temporarily of permanently. Micro-firms are most vulnerable, representing the 

smallest percentage of businesses that had any 'rainy day' savings.". Sales-wise, smaller 

companies showcased greater losses than other firms, which “(…) severely affects their 

ability to function, and/or causes severe liquidity shortages” (OECD, 2020). McKinzey 

(2020) stated that two thirds of jobs are at risk in European SMEs and “more than 30 

percent of all jobs at risk are found within microenterprises consisting of nine employees 

or fewer”. 

The literature establishes a connection between different industries and firm’s 

resilience to shocks. According to Avdiu & Gaurav (2020), industries that rely on face-

to-face contact, either by nature of the sector (like transportation) or not adapting to the 

digital world, were the most damaged. “The ease of doing home-based work is key during 

lockdown, while the intensity of face-to-face interactions assumes greater importance as 

restrictions ease. As non-essential services are increasingly suspended due to the COVID-

19 outbreak, industries less amenable to home-based work are particularly vulnerable to 

immediate job losses.” (Avdiu & Gaurav, 2020). 
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3. DATA AND METHODOLOGY 

The focus of this dissertation is to analyze the influence of firms' endogenous 

determinants on their financial performance throughout the first year of the pandemic 

(2020). Given the data available, we focus on the following research questions: 

1. Is the growth rate in total revenue impacted or related to importing and exporting, 

online presence, industry, or size of the business?  

2. Is the growth rate in the number of employees impacted or related to importing 

and exporting, online presence, industry, or size of the business?  

3.1 DATA 

We use data sourced from the data repository of one of the largest Banking institutions 

operating in Portugal. The obtained dataset can be divided into two main sets: 

1. Registration Data - Static information regarding different clients given the 

moment of registration in the bank. This table delivers insights about 

immutable characteristics like the economic sector, and geographic location 

of the client.  

2. Activity Data - Dynamic information regarding the activity of the client 

throughout the time. This table will translate the changes throughout the 

different periods on aspects of the business, such as total revenue or number 

of employees fluctuations. 

For security and privacy reasons, customer names and tax identification numbers were 

excluded at the moment of extraction. In their place, pseudo-unique identifiers were 

created to distinguish between different clients. The extracted dataset includes more than 

196k records for the years of 2019 and 2020 and contains 9 columns: Customer ID; Total 

Revenue (in euros); Number of Employees; Net worth (in Euros); Website (url); Import 

and Export status; year, month, and day of the record. Additional information about the 

Code of Economic Activity (CAE) and the district were also available per company.  

Next, we detail some of the pre-processing and exploration steps undertaken to obtain 

a working dataset and familiarity with its properties and characteristics.
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DUPLICATES AND MISSING VALUES 

Each record details the status of a firm in a month. However, several quantities of 

interest for our study (such as net worth, total revenue and number of employees) are 

updated only every so often (i.e., once per year, or once every quarter).  As such, the 

dataset contains many repeated entries and only a few have the actual updated values. 

Since this dissertation looks to assess the yearly accounting status (for 2019 and 2020), 

a bar plot was assembled to understand which dates are the most recurrent for updating 

the financial values with a year apart. The higher bars in figure 1 represent the most 

frequent dates where the financial values changed: 2020-10-03 and 2021-08-02. Only the 

firms that changed values on these two dates were chosen, delivering 28 628 companies. 

 

Figure 1 - Bar plot of most frequent dates for changing the total revenue values 

 

For the variable Number of employees, a small portion of the values was missing 

having a 'nan' value instead. Discussing these records with Santander, it was reported that 

they had no valuable information - as such those records were discarded. For the variable 

CAE, there was a very small percentage of the population with records equal to '#'. Even 

though the literature sometimes advises replacing the missing values, it was not worth the 

risk of inducing bias into the data, given that they made a small portion of the records. 

Hence, these values of "#" were left in the data set. 
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CATEGORICAL VARIABLES 

The dataset includes several categorical features, and additional ones were convenient 

to engineer in order to control for effects that would only manifest at firms of different 

sizes or industry sectors. 

In that sense, firms were grouped into different categories depending on the business's 

total revenue and the number of employees. Therefore, according to INE's categorization 

of firms’ dimensions (INE & Bank of Portugal, 2021), the variables total revenue and 

number of employees were employed to screen the following four sizes: 

- Microenterprise - number of employees <10 and turnover ≤ 2 million euros.  

- Small enterprises - number of employees <50, turnover ≤ 10 million euros and 

not classified as a micro-enterprise. 

- Medium-sized enterprises - number of employees <250, turnover ≤50 million 

euros and not classified as micro or small enterprise. 

- Large enterprises - number of employees ≥ 250 or turnover > 50 million euros. 

Concerning the economic sector of activity of firms, INE & Bank of Portugal (2021) 

suggests these to be divided into the following groups: 

- Energy and manufacturing - enterprises classified into sections B, C, D and E. 

- Construction and real estate activities - enterprises classified into sections F 

and L. 

- Wholesale and retail trade - section G. 

- Transportation and storage – section H. 

- Accommodation and food service activities – section I. 

- Information and communication – section J. 

- Other services - section M, N, P, Q, R and S. 

The different grouped activities are based on the CAE (see Appendix 1). 

Regarding the online presence, most the companies do not have a website. The gap is 

particularly large within micro-enterprises: 18k do not have an online presence compared 

with the almost 5k that do. For the remaining dimensions, the gap is not as extensive. 

There are 39 enterprises with a website for large companies and 9 firms with no website. 

Industry-wise most sectors have more firms with no online presence. The gap between 

these two categories is extensive for most, except for energy and manufacturing and  

information and communication. The latter is the only sector with more companies with 

a web platform.  
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Concerning the importing and exporting activity, its distribution varies throughout the 

different dimensions. For micro-companies, 9.2k do not import nor export, followed by 

companies that do both (6.2k) and 5.3k only import. For the medium-sized and small 

companies, most enterprises imported and exported, followed by firms that only import, 

and in third the one’s that do neither. For large corporations, the greater portion imports 

and exports; the second largest portion has companies that only export, and lastly, 

enterprises that only import. We also analyzed the distribution of importing and exporting 

activity by industry. Accommodation and food services, construction and real estate, and 

other services have a larger portion of businesses that do not import or export; followed 

by companies that only import and companies that do both. The wholesale and retail 

industry has 5.2k companies that import and export, 2.8k that only import, and 1.8k that 

do neither. Energy and manufacturing, transportation and storage, and information and 

communication have companies that import and export as the largest category, followed 

by neither.  

After exploring our sample, several steps were conducted to build features, address 

data quality issues, including cleaning and handling potential problems to ensure reliable 

results. Additionally, various techniques to study the relationship between features were 

employed to determine if there is a need for removing or transforming variables 

Categorical data is non-numeric and frequently can be defined into groups. Thus, an 

encoding method can be required to turn these non-numeric categories into numbers. It is 

tempting to assign an integer, say from 1 to k, to each of k possible categories; however, 

it will create a hierarchical order which usually is not desirable. There are several types 

of encoding; However, the one we will use is the one-hot-encoding, which builds dummy 

variables for each category. (Casari & Zheng, 2018). 

The categorical variable associated with the website was transformed into a binary 

variable called Has_Website, which assumes 1 if the company has a website and 0 

otherwise. The industry feature was transformed into seven different dummies, one for 

each grouped activity; The dimension was unfolded into four different dummies and the 

IMP_EXP was also transformed into four different dummies. (See Appendix 2)  

 

Description Unique Most Frequent Freq 

IMP_EXP 4 0 32146 

WEBSITE 7306 0 30611 
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Table 1- General statistics of categorical features 

 

CONTINUOUS VARIABLES 

To create a linear regression model, we must guarantee that the dependent variables 

have a linear relationship with all independent variables. Figure 2 (plot on the left) shows 

that none of the present variables have a linear relationship. A few observations appear to 

be distant from most data points creating a certain degree of skewness which can be 

associated with a log-normal distribution. The logarithm is the power to which (exponent) 

a base number must be raised to get the original number (Osborne, 2002). 

Transformations like these can address three different scenarios: errors non -normally 

distributed, the non-linearity relationship between X's and y, or both. Log-transform 

handles these sources of misspecification while remaining within the linear modeling 

framework and continuing with OLS estimation. Furthermore, the reduction in skewness 

might avoid a complex analysis of leverage (how much the outliers impact the estimate 

of the regression coefficients), and even avoid eliminating some of these extreme values 

(Pek et al., 2018). Hence, a transformation was applied to the total revenue and net worth 

(independent variables) to reduce skewness and achieve a linear relationship between the 

dependent and the explanatory variables. It was decided not to transform the number of 

employees for two reasons. First, this variable was used to create the dimension of the 

company and since it is a more relevant feature for the scope of the study than the number 

of employees per se, one could replace the other. Secondly, in later sections, the 

correlation amongst several features will be studied, and other variables are present in the 

dataset that highly correlate with the number of employees. Hence, it can be dropped 

without further analysis. 

To create our target variables, the growth rate between 2019 and 2020 of the number 

of employees and total revenue was built using the following equation: 

CAE 585 41200 3798 

GCAE 353 home and building construction 4119 

Division 48 47 13623 

District 18 Lisbon 34921 

Size 4 Micro 50256 

Industry 7 Trading 19653 
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𝑌𝑇 − 𝑌𝑇−1

𝑌𝑇−1
 

( 1) 
 

 

Where 𝑌𝑇 represents the data point in the period T and  𝑌𝑇−1the data point in the 

period T-1.  

After the transformation of the total revenue and net worth, the association between 

explanatory and target variables was still far from linear. It was decided to proceed with 

an outlier analysis to investigate if the removal of extreme values would result in a linear 

relationship between response and explanatory features. 

 The Tukey’s method (Salgado et al., 2016) uses several statistics such as median and 

the values of the lower (25%) and the upper (75%) quartiles to provide a robust 

measurement of the data and detect extreme values. The interquartile range (IQR) is the 

length between the lower (Q1) and upper (Q3) quartiles in the boxplot. Inner fences are 

defined as 1.5 times IQR below Q1 and above Q3, and outer fences are defined as 3 

times IQR below Q1 and above Q3 (Nascimento et al., 2021). An observation within the 

inner and outer fences is a possible outlier, and a value outside the outer limit is a probable 

outlier. Removing the probable outliers is referred to as Tukey’s method. (Salgado et al., 

2016) 

According to Tukey’s method the percentage growth rate of  total revenue has 162 

outliers, from which 111 are possible outliers, and 51 are probable outliers. For the 

percentage growth rate of the number of employees, the inner and outer fences are the 

same since Q1=0 and Q2=0. Hence, the total number of outliers is 10363. There are 327 

outliers, 13 probable and 314 possible for the total revenue, for the net worth 450, 19 

probable, and 431 possible. When treating outliers, one should be careful and avoid 

deleting data as much as possible since the variability caused by these extreme values can 

represent the population at study. Finding a balance between the benefits of removal and 

the downsides of loss in variability is essential. To remove as few records as possible, 

I’ve only removed the probable outliers from the total revenue’s growth rate, which 

delivered the results from figure 2 (plot on the right) where the relationship between the 

independent and dependent variables appears to be closer to a linear association.  

 



 

13 
 

 

Table 2 - General Statistics of numerical features 

 

To understand the behavior of the continuous variables table 2 was built. The 

mean values and all three percentiles for the total revenue and for the number of 

employees are quite low. In other words, on average the sample is made of micro-

companies, and at least 75% of the sample is made of firms from this dimension. 

Moreover, for these two features plus the net worth, the coefficient of variation is very 

far from one, a symptom of the sample’s high variability.  

Concerning the growth rates of the total revenue and of the number of employees 

the mean showcases that, on average per company, there was an increase in 111.69% of 

total revenue and a decrease in the number of employees by 0.34%. Concerning total 

revenue’ and number of employees’ growth rates the CV is 119.46 and -98.51, 

respectively. These values are considered quite large and illustrate the variability of the 

sample. The quartiles showcase that for the total revenue’s growth rate 50% of the values 

are negative – at least half of the companies decreased its total revenue between 2019 and 

2020. The growth rate of the number of employees has every quartile equal to zero – 

which means that 75% of the population did not experience any changes in the number 

of employees.  

Description 
Total 

Revenue 
Number of 
Employees 

Net Worth 

Total 
revenue 
growth 

rate 

Number 
employees 

Growth rate 

Mean 788446.76 7.61 447189.32 1.1169 -0.0034 

Std 
5554189.2

2 
124.24 5302133.80 

133.4282 0.3317 

Coefficient 

of Variation 

(CV) = 
𝑺𝒕𝒅

𝑴𝒆𝒂𝒏
 

7.0444695
85 

16.32588699 11.8565752 119,46 -98,51 

Min 0.00 0.00 -73108581.82 -1 -1 

25% 66011.42 1.00 15092.05 -0.3076 0 

50% 170180.95 3.00 76033.23 -0.0938 0 

75% 451944.53 6.00 254948.97 0.0789 0 

Max 
542432143

.41 
13938.00 647496181.97 

20709 8 
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To avoid collinearity issues, we used a correlation matrix with the Pearson 

coefficients to analyze the relationships between features. Large correlation coefficients 

can be a symptom of high collinearity. A rule of thumb is introduced to define a threshold 

beyond which it should be considered removing variables. Correlation values higher than 

the absolute value of 0.70 are studied and if needed removed. According to the correlation 

matrix (see Appendix 3) the Number of Employees and the Total Revenue have a 

coefficient of 0.73. Moreover, the micro and small dimensions are highly correlated - a 

phenomenon also known as 'dummy trap.' A dummy trap occurs when binary variables 

born from the same feature are heavily correlated. Hence, the small dimension variable 

and the Number of Employees were deleted. 

 

 

Figure 2 - Pair-Plot showing in the diagonal the distribution of observations of each 

variable and in the non-diagonal cells the relationship between each pair of variables. 

The left plot shows the relationships before the executed data transformation steps (log-

transformation and outlier removal). 

 

DATA EXPLORATION 

After the data treatment stage, we are left with 56256 records. 

The growth of the Total Revenue, Net Worth, and Number of Employees between 

2019 and 2020 will be the target of the regression analysis. Hence it is important to deliver 

an overview of their evolution and a deeper understanding of the sample’s distribution  

amongst the different categorical features - which will later serve as predictors.  
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There is a total of 27628 firms that fit into a size category. The micro-enterprise 

class has the highest concentration of entities with around 94% of the total sample, unlike 

large corporations, which only portray around 0.5% of the population. Small and 

medium-sized companies match around 4% and 1.5% of the sample, respectively.  

Concerning the number of employees according to size more than 41% of the 

sample belongs to micro-companies, followed by large companies with 36%. Medium 

companies have the minor portion with 7% of  intuitions, while small companies have 

16%. In terms of total revenue 36% comes from micro companies, followed by large 

(26%), small (25%) and finally medium companies, which represent 13% of the total 

sample. For the Net Worth distribution, 49% belonged to the micro companies’ category, 

followed by 26% belonging to small companies and the remainder are divided almost 

equally within other sizes, with medium companies having a larger quantity.  

Regarding activity, the trading sector stands out with around 38% of the 

companies, as opposed to the energy and manufacturing, and the information and 

communication sectors, equivalent to 1% and 3% of firms, respectively. Transportation 

and storage, accommodation and food service activities account for around 5% and 7%; 

construction and real estate activities along with other services represent around 20% and 

26% of companies.  

For the total revenue, more than a half belongs to trading (about 55%), followed 

by other services (15%) and in third place, construction, and real estate with 12%. On the 

other side of the spectrum, there is energy and manufacturing with  2% of the sample; 

progressively, there is accommodation and food services (3%), information and 

communication (4%) and lastly, transportation and storage with nine percentage values.  

Regarding the number of employees, the largest proportion is within in the other services 

(42%), followed by the wholesale and retail trading (30%) and thirdly construction and 

real estate activities (13%). In contrast, there is energy and manufacturing with 5%, info 

and communication with 4%, and accommodation and food services plus transportation 

and storage with approximately 6%.  

For the net worth, the vast majority is divided amongst construction and real 

estate, and wholesale and the retail industry. On the other side of the spectrum there is 

energy and manufactory and information and communication. 
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3. Results 

 

The empirical results of the OLS estimates for the coefficients will be presented 

in this chapter. The historical data from 2019 plus the growth rates between 2019 and 

2020 will be the canvas to various models to showcase how certain factors impact the 

dependent variable and which variables are more relevant to explain it. The value of the 

coefficient relating explanatory variables with the target is calculated, taking into account 

the correlations of all other independent variables among themselves and with the 

dependent variable. That is, a positive coefficient between total revenue's growth rate and 

exportation activity, for example, indicates that after considering all associations between 

this variable and the other independent variables, as well as the association between the 

latter and the target, there is a positive association between the exportation activity and 

growth rate of total revenue. Breakdowns like this are a much more demanding test than 

the mere significance of a simple correlation coefficient. The coefficient's assessment will 

be made under the Ceteris Paribus condition. All changes within the target caused by the 

change of one explanatory variable are only considered with other factors (variables) held 

constant.  

To study which endogenous factors impact the total revenue the following model 

was designed: 

 

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑣𝑒𝑛𝑢𝑒  𝐺𝑟𝑜𝑤𝑡ℎ 𝑅𝑎𝑡𝑒 = 𝛽0 + 𝛽1𝐼𝑀𝑃 𝐸𝑋𝑃 𝐸𝑥𝑝𝑜𝑟𝑡𝑠 +

𝛽2𝐼𝑀𝑃 𝐸𝑋𝑃 𝐼𝑚𝑝𝑜𝑟𝑡𝑠 +  𝛽3 𝐼𝑀𝑃 𝐸𝑋𝑃 𝐼𝑚𝑝𝑜𝑟𝑡𝑠 and 𝐸𝑥𝑝𝑜𝑟𝑡𝑠  +

 𝛽4 𝐼𝑀𝑃 𝐸𝑋𝑃 𝑁𝑒𝑖𝑡ℎ𝑒𝑟 +

𝛽5𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐴𝑐𝑐𝑜𝑚𝑜𝑑𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑓𝑜𝑜𝑑  𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑎𝑐𝑡𝑣𝑖𝑡𝑖𝑒𝑠 +

 𝛽6 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐸𝑛𝑒𝑟𝑔𝑦 𝑎𝑛𝑑 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 + 𝛽7𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑜𝑡ℎ𝑒𝑟 𝑠𝑒𝑟𝑣𝑖𝑐𝑒𝑠 +

𝛽8𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑠𝑡𝑜𝑟𝑎𝑔𝑒 +

𝛽9 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛 +

𝛽10𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑟𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠 +

𝛽11  𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 𝑎𝑛𝑑 𝑟𝑒𝑡𝑎𝑖𝑙 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 + 𝛽12 𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑀𝑖𝑐𝑟𝑜 +

𝛽13𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑀𝑒𝑑𝑖𝑢𝑚 𝑆𝑖𝑧𝑒𝑑 + 𝛽14 𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝐿𝑎𝑟𝑔𝑒 + 𝛽15 𝐻𝑎𝑠 𝑊𝑒𝑏𝑠𝑖𝑡𝑒 +

∑ 𝛽𝑖
33
𝑖=16 𝐷𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑖 + 𝜖  

(2) 

 

Also, to study which endogenous factors impact the variation in number of 

employees the following model was developed:  

𝑁𝑢𝑚𝑏𝑒𝑟  𝑜𝑓 𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑒𝑠 𝐺𝑟𝑜𝑤𝑡ℎ 𝑅𝑎𝑡𝑒 = 𝛽0 + 𝛽1 𝐼𝑀𝑃 𝐸𝑋𝑃 𝐸𝑥𝑝𝑜𝑟𝑡𝑠 +

𝛽2 𝐼𝑀𝑃 𝐸𝑋𝑃 𝐼𝑚𝑝𝑜𝑟𝑡𝑠 +  𝛽3 𝐼𝑀𝑃 𝐸𝑋𝑃 𝐼𝑚𝑝𝑜𝑟𝑡𝑠 𝑎𝑛𝑑 𝐸𝑥𝑝𝑜𝑟𝑡𝑠  +

 𝛽4 𝐼𝑀𝑃 𝐸𝑋𝑃 𝑁𝑒𝑖𝑡ℎ𝑒𝑟 +

𝛽5 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐴𝑐𝑐𝑜𝑚𝑜𝑑𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑓𝑜𝑜𝑑  𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑎𝑐𝑡𝑣𝑖𝑡𝑖𝑒𝑠 +

 

(3) 
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the  ∑ 𝛽𝑖
33
𝑖=16 𝐷𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑖 present in equations (1) and (2) represents the dummies for all 

eighteen districts, each with its own parameter. These dummies will serve as control 

variables, to make sure that the effects of the different districts are accounted for and do 

not inflate or deflate the estimates of the other features. The 𝜖 term represents the error.  

The proposed model factors were chosen based on the literature relating resilience 

and vulnerability with different business characteristics. This fragility is interpreted as 

fluctuations in factors such as the number of employees and total revenue. If a firm, in 

response to shock, experience largely negative variations during the year (when compared 

with the remainder), it is considered a vulnerable firm.  

The dummies related with importing and exporting activity were based on the 

literature of Borino et al. (2021). This article stated that importing and exporting is 

considered a differentiating factor when studying business resilience and vulnerability to 

shocks. The results showcased total amount of sales is more likely to decrease for a 

multinational firm than for a domestic firm and that international firms had a smaller 

likelihood of entering the layoff regime for their workers (Borino et al., 2021). Another 

research on this topic, Eppinger et al. (2018), showcased that in the 2008 financial crisis, 

exporters kept more jobs than other companies. 

The dummies regarding the size of the enterprise were also included. Miklian & 

Hoelscher (2022) and OECD (2020) wrote that the dimension of a firm is related with its 

vulnerability to impacts, specifically, SMEs are frequently more vulnerable than large 

corporations under diverse shocks. Their decrease in revenue and number of workers 

when compared with bigger businesses is considered a symptom of their fragility (OECD, 

2020).  

For the industry dummies, the literature (OECD, 2021b) stated that different 

levels of vulnerability to shocks are related with different economic sectors. The response 

varies with the industry’s characteristics, which may amplify or reduce the impact of 

containment measures and restrictions on activity caused by the pandemic. 

 𝛽6 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐸𝑛𝑒𝑟𝑔𝑦 𝑎𝑛𝑑 𝑚𝑎𝑛𝑢𝑓𝑎𝑐𝑡𝑢𝑟𝑖𝑛𝑔 + 𝛽7𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑜𝑡ℎ𝑒𝑟 𝑠𝑒𝑟𝑣𝑖𝑐𝑒𝑠 +

𝛽8 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑠𝑡𝑜𝑟𝑎𝑔𝑒 +

𝛽9 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛 +

𝛽10𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐶𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝑎𝑛𝑑 𝑟𝑒𝑎𝑙 𝑒𝑠𝑡𝑎𝑡𝑒 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠 +

𝛽11  𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑊ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒 𝑎𝑛𝑑 𝑟𝑒𝑡𝑎𝑖𝑙 𝑡𝑟𝑎𝑑𝑖𝑛𝑔 + 𝛽12 𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑀𝑖𝑐𝑟𝑜 +

𝛽13 𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑀𝑒𝑑𝑖𝑢𝑚 𝑆𝑖𝑧𝑒𝑑 + 𝛽14 𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝐿𝑎𝑟𝑔𝑒 + 𝛽15 𝐻𝑎𝑠 𝑊𝑒𝑏𝑠𝑖𝑡𝑒 +

∑ 𝛽𝑖
33
𝑖=16 𝐷𝑖𝑠𝑡𝑟𝑖𝑐𝑡𝑖 +  𝜖  
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The online activity is also considered a significant determinant of resilience since 

it delivers an alternative for production and market exchanges when shocks cause severe 

disruptions to physical economic activity (OECD, 2021b).  

Model (16) (table 3) showcases the results of implementing the model in equation 

(2). The district control variables were hidden since they are not the features of interest 

to our research. 

 

 

Table 3 - Regression table for the target variable Total Revenue Growth Rate with 
univariate and multivariate regression models. 

Model (16) (table 3) only explains 0.10 of the variation in the total revenue’s 

growth rate.  

The average growth rate in total revenue from a company with all features equal 

to zero is -6.675%. Furthermore, not all variables are deemed relevant for explaining the 

target variable in model (16). Only the following factors were considered significant. A 

business that only exported in 2019, is expected to increase its total revenue by 3%. 

Moreover, belonging to the energy and manufacturing industry is estimated to increase a 

company’s total revenue by 2.144%. On the other hand, if the enterprise belongs to the 

accommodation and food services sector, the estimated decrease would be around 30%. 
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For the remaining industries, businesses from other services and transportation and 

storage, are expected decrease its total revenue by 4.946% and 3.978%, respectively. If 

the firm was a micro company the estimated decrease would be 8.569%.  

For the remaining models in table 3 they showcase the individual importance of 

each feature in explaining the total revenue. All variables are statistically significant 

except for the transportation and storage, medium-sized and large dimension dummies. 

We can now answer the question “Is the growth rate in total revenue impacted or 

related to importing and exporting, online presence, industry, or size of the business?”. 

According to the results, size-wise only micro-companies are estimated to generate a 

significant impact in the total revenue. Regarding industry, only specific sectors such as 

accommodation and food service activities, transportation and storage, other services and 

energy and manufacturing deliver significant impact to the variation in total revenue. For 

the exporting and importing activity only exporting is considered a relevant determinant 

in explaining the amount in sales and services sold by a company. The online presence is 

not a significant factor in explaining the growth rate of total revenue. 

Model 16 table 4 illustrates the results of applying the model in equation (3) into 

our sample. The district control variables were hidden since they are not the features of 

interest to our research. 
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Table 4 - Regression table for target variable Number of Employees Growth Rate with 
univariate and multivariate regression models. 

table 4 model (16) shows that the model for all firms explain only 9% of the 

variation in the number of employees’ growth rate. 

 If a company had none of the present factors, the expected variation in number 

of workers would be 8.001%. Only the following variables were considered significant 

predictors to our target variables. Firms who are either micro, medium-sized, and large 

are expected to decrease their number of employees by 6.078%, 10.352%, and 13.023%, 

respectively. Industry-wise, a company from the accommodation and food services 

industry has an expected decrease of 8.978%, while a firm belonging to other services 

and wholesale and retail trading are estimated to decrease their personnel by 2.50% and 

1.90%, respectively. Furthermore, exporting companies are estimated to grow their 

employees by 4.392%. 

 Individually, half of the features are significant in explaining the number of 

employees (table 4 models (1), (2), (4), (8), (10), (11) and (15)). 
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Model (16) (table 4) allows us to answer the question “Is the growth rate in the 

number of employees impacted or related to importing and exporting, online presence, 

industry, or size of the business?”. According to the results, the size of the company 

influences the number of employees of a firm; Concerning the industry, only specific 

sectors such as accommodation and food service activities, other services and wholesale 

and retail trading are estimated to create an impact. For the exporting and importing 

activity only exporting is considered relevant, and the online presence is not a significant 

factor in explaining the variation in personnel. 

 

 



 

 

4. DISCUSSION 

The results from this study, delivered important knowledge regarding the 

endogenous determinants that affected national enterprise’s financial performance during 

the first year of covid.  

The IREE-COVID-19 survey (INE & Bank of Portugal, 2021) is the center of this 

discussion since it delivered descriptive results of the pandemic’s impact in a sample of 

national firms. However, it is important to explain the main differences and benefits 

between this dissertation and their work. INE delivers descriptive and not inferential 

results, which means that they can only describe what’s happening within their data but 

cannot extrapolate for the entire population. In this dissertation the regression method 

allows to infer about the population. We analyze which factors are important for 

explaining fluctuations of certain financial elements and we can estimate the variation 

that a certain feature can induce in a company. Something that the IREE-COVID-19 did 

not do. 

Previous research showed that a firm’s economic sector is a determinant factor in 

explaining the type of response to shocks (OECD, 2021b). Our results confirmed that and 

added that only a few industries have a significant impact in explaining these responses.  

The reports from INE confirm that the effect caused by COVID-19 varied 

throughout different sectors, and that the industry of accommodation and food services, 

followed by the transportation and storage, and the trading sector felt the most negative 

impact on the income from sales (INE & Bank of Portugal, 2021). This dissertation results 

were a little different. Although accommodation and food service activities have the 

largest decrease and represent a significant predictor of the total revenue’s variation, the 

next industries to have a negative impact are not the same.  Our findings showcase that 

other services is the next sector with a decrease of 5% followed by transportation and 

storage with an effect on the total revenue of -4%. The IREE-COVID-19 from February 

also stated that the trading sector, followed by the energy and manufacturing, were the 

top 2 industries which increased their total revenue since pre-pandemic season. Our 

results showcase that the wholesale and retail trading is not a significant predictor of the 

variation in total revenue; However, the energy and manufactory is, and it is the only 

feature which increases the target variable. 

In terms of fluctuations in employment, the literature establishes a connection 

between industries which are considered non-essential and rely on face-to-face contact, 
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with higher vulnerability to immediate job losses (Avdiu & Gaurav, 2020). This is 

confirmed by our results, which showcase that only three industries have a significant 

negative impact in explaining the variation in the number of employees: accommodation 

and food services (-9%), other services (-2.5%) and trading (-2%) – which are also 

considered non-essential industries that most demand face to face contact (Avdiu & 

Gaurav, 2020). INE & Bank of Portugal (2021) stated that the accommodation and food 

services sector had the largest portion of companies which lost employees. The wholesale 

and retail trading and other services were not in the top three worst industries regarding 

employee losses.  

Regarding the size of the firm, evidence showcase that the dimension of the 

enterprise is related to its vulnerability. In particular, SMEs were more damaged in terms 

of financial performance by COVID-19 than large firms, demonstrating greater fragility 

to external shocks (OECD, 2021a).  

Revenue-wise OECD (2021a) stated that, “these vulnerabilities translated in sharp 

drops in revenues from the outset of the crisis at a faster rate than they were able to cut 

operating costs”. Our results showcase that although the dimension of a firm has an 

important role, only the micro size variable is considered a relevant predictor which 

decreases the total revenue. Taking a closer look into INE & Bank of Portugal (2021) also 

demonstrated that micro-enterprises suffered large losses in sales. In the first half of 

February 2021, micro-companies had the largest number of firms reporting an inferior 

revenue to the first confinement (42%), followed by small, medium and lastly large 

companies with 23% (the larger the company, the smaller the percentage). 

The literature also states that the losses in employees vary according to the 

dimension of the firm. McKinzey (2020) stated that two thirds of jobs are at risk in 

European SMEs and “more than 30 percent of all jobs at risk are found within 

microenterprises consisting of nine employees or fewer”. This dissertation confirmed that 

the dimension of a company is a significant predictor of the variation in number of 

employees; However, in our results large companies are associated with greater losses (-

13%), followed by medium-sized companies (-10%) and lastly micro companies (-6%). 

INE & Bank of Portugal showed that the percentage of companies reporting a reduction 

in staff in the first fortnight of February increases with company size.  Thus, our results 

go accordingly with the Portuguese results from INE which are far from the European 

results obtained from OECD (2021a) and McKinzey (2020). 
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Importing and exporting is considered a differentiating factor when studying business 

resilience and vulnerability to shocks (Borino et. al 2020, Kurz and Senses 2016).  

Borino et al. (2021) considered that firms which imported and/or exported were more 

likely to decrease its total revenue compared with firms that only operate nationally; 

However, in the long run they showcased greater resilience. Our outcomes demonstrate 

that the exporting factor is significant and increases the total revenue. INE & Portuguese 

Bank (2021) do not have data about exporting and importing companies, hence we cannot 

compare our results.  

International firms are considered to be less probable of employing layoff 

measures. (Borino et al., 2021). Eppinger et al. (2018), also wrote that in previous crisis 

exporters were able to keep more jobs than other companies. Our results confirm these 

conclusions demonstrating that the exporting activity is a significant predictor of number 

of employees’ variation, generating a positive impact of almost 4%. 

Lastly, the online presence is considered by the literature as a viable alternative 

for firms to redirect their businesses when COVID-19 reduced face-to-face contact 

(OECD, 2021c). Hence, companies that have a viable alternative to conduct their 

business, such as online presence, are considered less vulnerable to the restrictions to 

physical purchases. However, our results demonstrated that the online presence was not 

a significant predictor of neither the variation of the number of employees nor the total 

revenue.   

Another relevant topic to be discussed is the low R-squared. The two models that 

were designed explain less than 11% of the total variability of the sample. Colton & 

Bower (2002) wrote that a common misconception about r squared was that if it is low 

then the relationship between target and explanatory variable is not reliable: “The R2 

statistic can be small, yet one or more of the regression coefficient p -values can be 

statistically significant. Such a relationship between predictors and the response may be 

very important, even though it may not explain a large amount of variation in the 

response.”. Although the proportion of variation in our sample explained by the models 

is small, the relationships between variables is still significant.  
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5. CONCLUSIONS  

This chapter will begin with a summary of the project and main results and 

afterward, it will be divided into limitations, lessons learned, and future work. 

COVID-19 and the necessary containment measures resulted in a severe shock to 

the Portuguese business creating a need for data that can shape policy decisions and 

enhance public services. To fulfill that need, this dissertation intended to study the 

outcomes of the pandemic in Portuguese businesses with open activity in  one of the 

largest Banks in Portugal. The sample was extracted from the bank's data repository with 

features from different tables quantifying the condition of various business elements. 

After the data collection stage, a thorough analysis was performed to understand the 

underlining patterns and behaviors and assemble variables that illustrated the companies' 

evolution. The data was then transformed, and the outliers deleted to prepare the sample 

for the modelling stage. 

The main goal was to study the endogenous determinants of Portuguese private 

sector firms in their financial performance during the first year of Covid-19 Pandemic. 

The second goal was to understand the degree of the impact by analyzing the coefficients.  

The first feature to be analyzed was the total revenue growth rate. In sum, from 

all the analyzed factors, the industries have a higher percentage of impact in explaining 

the variation in total revenue, largely because of the accommodation and food activities 

which is responsible for a 30% decrease. The vast majority of the sectors generate a 

negative effect, and only the energy and manufactory has a positive impact. The 

company's size also has an important role, specifically whether a company is a micro-

business or not. Lastly, the exportation activity has a small but positive influence on total 

revenue.   

The variation in the number of employees had a larger number of features 

involved. By descending order of absolute value, the first coefficient is the one associated 

with the dimension large which was expected to generate a decrease of approximately 

13%, followed by accommodation and food service activities with an expected decrease 

of 9%. The following variables are related to dimension: The estimations showcase that 

the impact caused by different dimensions ascends with the size - thus, the largest the 

company, the largest the loss. Lastly, by descending order of absolute value, there is the 

exporting dummy (the only variable with a positive impact) followed by other services, 

and the wholesale and retail trade both inducing a slightly negative impact.  
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All in all, these conclusions serve as a foundation for shaping pandemic response 

policies or guarantee that existing measures are operating as predicted. Moreover, 

splitting the companies in size and industry, delivering different feature growth rates, and 

specifying other characteristics such as importing or exporting activity or online presence 

delivers insight of which factors make companies resilient or vulnerable to shocks. Hence, 

helping deliver more catered solutions to the vast spectrum of Portuguese enterprises. 

 

5.1 LIMITATIONS  

The main challenges were primarily associated with the data collection stage. 

With the pandemic and consequently remote work the inter-department 

communication and coordination got worse, which made it difficult to acquire some of 

the dataset's details. Additionally, some business principles necessary for understanding 

the dataset were usually secured by a small fraction of specialists which were not easy to 

contact.  

Furthermore, a preliminary understanding of the data's distribution highlighted 

some practical inconsistencies. Given its dimension, scarcity of quality control, 

maintenance, and metadata regarding each table, the repository can retain unnecessary 

information, thus, translating into tables that are no longer helpful but still updated by a 

routine. 

 

5.2 LESSONS LEARNED  

In the theoretical framework, ethical issues for sharing data were mentioned, such 

as risks of confidentiality and privacy breaches; Other concerns surrounded the 

substantial investments often required to collect data and enable data sharing and re-use. 

Firstly, it is possible to develop results without compromising the privacy of the 

clients using only aggregated non-identified data. Regarding investment, a significant 

advantage is that the data employed to build this project comes from a secondary data 

collection method; Hence, it does not create the hassles of primary data collection, saving 

time and expenses. There are various benefits for the organization. To start with, the Bank 

acquired new insights about what type of companies make most of its clientele and their 

evolution throughout time. This knowledge can then be used to develop better solutions 

and improve decision-making by identifying new sources of value, leading to unique 



 

27 
 

product offerings. All in all, the institution portrays a positive role in the Portuguese 

economy and still boost its business. 

This dissertation attempted to fill the gap between data science within the banking 

industry and social commonweal and showcased that enterprises such as banks and other 

private parties can deliver valuable knowledge to the community without compromising 

one of its most significant assets: data. 

 

5.3 FUTURE WORK 

COVID-19 created an urgency for reliable knowledge to be delivered quickly to 

develop and test policies; As previously mentioned, National statistical offices (such as 

INE) still rely heavily on the empirical base of surveys, and other primary data collection, 

which, is quite time-consuming and expensive. The first direction would be developing 

intelligence products. Intelligence products are a tool, dashboard, report, app, or another 

technical device to support a public or humanitarian cause, built on top of shared (often 

aggregated) corporate data - such as the sample from this dissertation. The Directorate-

General of health developed an example of this type of tool. This organization created a 

dashboard with information regarding infections, deaths, vaccination, and other factors, 

all with a location filter. Following this path, and with helpful information from firms 

which are willing to share its information safely for social welfare, different intelligence 

products could be developed that delivers the status-quo of the Portuguese businesses. 

The data that serves as a foundation would be aggregated to avoid privacy issues; Hence 

delivering quickly accurate information economically. 
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7. APPENDIX 

7.1 APPENDIX 1 

 Association between Grouped activity, Section and Division (INE, 2007) 

 

  

Grouped 

Activity 

Sectio

n 
Division 

Energy and 
manufacturing 

B, C, 
D and 

E 

05,06,07,08,09,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,
26,27, 28,29,30,31,32,33,35, 36,37,38,39 

Construction 

and real estate 
activities 

F and 

L 
41,42,43,68 

Wholesale and 

retail trade 
G 45,46,47 

Transportatio

n and storage 
H 49,50,51,52,53 

Accommodati

on and food 

service 

activities 

I 55,56 

Information 

and 

communicatio

n 

J 58,59,60,61,62,63 

Other Services 

M, N, 

P, Q, 

and S 

69,70,71,72,73,74,75, 77,78,79,80,81,82,94,95,96 
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7.2 APPENDIX 2 

List of dummies 

Variable  Description 

Industry_Construction and real estate 
activities 

Dummy that assumes 1 if the company 
belongs to the construction and real estate 

activities sector, 0 otherwise. 

Industry_Energy and manufactoring 

Dummy that assumes 1 if the company 

belongs to the energy and manufactoring 
sector, 0 otherwise. 

Industry_Transportation and storage 
Dummy that assumes 1 if the company 
belongs to the transportation and storage 
sector, 0 otherwise. 

Industry_Other services 
Dummy that assumes 1 if the company 
belongs to the other services sector, 0 

otherwise  

Industry_Information and 
communication 

Dummy that assumes 1 if the company 
belongs to the information and 
communication sector, 0 otherwise. 

Industry_Wholesale and retail trade 
Dummy that assumes 1 if the company 
belongs to the wholesale and retail trade 
sector, 0 otherwise. 

Industry_Accommodation and food 
service activities 

Dummy that assumes 1 if the company 

belongs to the accommodation and food 
service activities sector, 0 otherwise. 

Dimension_Micro 
Dummy that assumes 1 if the company is a 
micro-enterprise, 0 otherwise. 

Dimension_Small 
Dummy that assumes 1 if the company is a 
small enterprise, 0 otherwise. 

Dimension_Medium-sized  
Dummy that assumes 1 if the company is a 
medium-sized enterprise, 0 otherwise. 

Dimension_Large 
Dummy that assumes 1 if the company is a 

large enterprise, 0 otherwise. 

GIMP_EXP_Exports 
Dummy that assumes 1 if the company only 
exports, 0 otherwise. 

GIMP_EXP_Neither 
Dummy that assumes 1 if the company does 
not export or import, 0 otherwise. 

GIMP_EXP_Imports 
Dummy that assumes 1 if the company only 

imports, 0 otherwise. 

GIMP_EXP_Imports and Exports 
Dummy that assumes 1 if the company 
imports and exports, 0 otherwise. 

Has_Website 
Dummy that assumes 1 if the company has a 
website, 0 otherwise. 
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7.3 APPENDIX 3 

Correlation Matrix 

 

 

 

 

 

 

 

 

 


