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Abstract: The main purpose of this study is to investigate the best predictor of firm 

performance among different proxies. A sample of 287 Czech firms was taken from 

automobile, construction, and manufacturing sectors. Panel data of the firms was acquired 

from the Albertina database for the time period from 2016 to 2020. Three different proxies 

of firm performance, return of assets (RoA), return of equity (RoE), and return of capital 

employed (RoCE) were used as dependent variables. Including three proxies of firm's 

performance, 16 financial ratios were measured based on the previous literature. A 

machine learning-based decision tree algorithm, Chi-squared Automatic Interaction 

Detector (CHAID), was deployed to gauge each proxy's efficacy and examine the best 

proxy of the firm performance. A partitioning rule of 70:30 was maintained, which 

implied that 70% of the dataset was used for training and the remaining 30% for testing. 

The results revealed that return on assets (RoA) was detected to be a robust proxy to 

predict financial performance among the targeted indicators. The results and the 

methodology will be useful for policy-makers, stakeholders, academics and managers to 

take strategic business decisions and forecast financial performance. 
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Introduction  

One of the best methods to determine a firm's financial condition is by doing an analysis 

of financial ratios. Tracy (2012) argued that a financial ratio is executed by comparing 

two or more variables from the firm's financial statement for a given period of time. The 

analysis of financial ratios is used to determine the stability and accountability of a firm. 

It gives an idea to the tax bodies, government, stakeholders, and shareholders of the firm's 

financial performance. The analysis is important to determine a firm's financial 

performance and position. Hence financial ratios define the relationship between 
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accounting values, which is generally expressed mathematically (Larasati & Purwanto, 

2022). 

Financial ratios play an important role in evaluating and analysing the performance of a 

business, as these ratios forecast the firm’s financial situation and operation performance 

(Zaini & Mahmuddin, 2019). Financial ratios could be useful for investors to observe 

whether a firm is worth enough to invest in and how is the trend in the future. Therefore, 

the analysis of financial ratios can help investors in making investment decisions and 

predicting a firm's future performance. The analysis might warn early if the firm's 

financial conditions slow down. The analysis is important for the firm's managers for the 

purpose of rewards. The analysis of the financial ratios is useful for economists, 

academics, and researchers to forecast potential future financial conditions. The analysis 

of the ratios is also beneficial for the stakeholders in making financing decisions.  

Delen et al. (2013) used four decision tree algorithms to investigate the relationship 

between financial ratios and firm performance. However, it has been observed that the 

research by Delen et al. (2013) has many flaws. For example, the authors have utilized an 

inverted coincidence matrix to conclude their findings of critical parameters like True 

Positive and True Negative. These flaws encourage us to research with accurate 

calculations in the context of Czech firms. Abdel-Basset et al. (2020) argued that the 

findings and results should be precise; that's why the authors employed four different 

models by using financial ratios to reach accurate outcomes. In the current paper, in 

tandem with Chicco et al. (2021), we have taken cognizance of deploying the orthodox 

confusion matrix structure in conjunction with the Mathews Correlation Coefficient or 

the φ coefficient widely used in machine learning interventions to measure the quality of 

binary classifications. This procedure was induced to maintain accurate predictions of α 

error and β error. 

The main objective of this study is to determine the best proxy of firm performance by 

using financial ratios. To the best of our knowledge, not much is known about the 

financial ratios among Czech firms. There are a few studies on financial ratios, but this 

study is different due to the following reasons.  

• This is the first study about Czech firms using financial ratios and measuring the 

firm performance through the decision tree approach using secondary data from 

the Albertina database. 

• This study provides empirical evidence about the financial ratios of the Czech 

economy, specifically in the automobile, construction, and manufacturing 

sectors. These sectors are preferred as the sectors are playing a significant role 

in the Czech economy. Moreover, it is logical and easy to compare the proxies 

of the firm performance by using the financial ratios of the sectors. 

Following the introductory section of this research paper, section 2 discusses the literature 

review, section 3 presents the methodology, section 4 synthesizes empirical findings, and 

section 5 is about the conclusion, theoretical and practical implications, further research, 

and limitations of the study.  
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Literature Review 

In the literature, there is no standard rule to select the financial ratios that are used to 

determine the firm performance as each firm practices different ratios to analyse 

performance. However, determining firm performance using different financial ratios has 

been a challenging and interesting problem for many managers and researchers. Different 

scholars used different financial ratios with different methodologies in the literature. For 

example, Habibi & Iqbal (2021) used 47, Yousaf & Bris (2021a) used 15, Zaini & 

Mahmuddin (2019) used 24, Valaskova et al. (2018) used 14, Hua et al. (2007) used 22, 

Wang & Chen (2006) used 11, and Bose (2006) used 24 financial ratios. Zaini & 

Mahmuddin (2019) concluded that there is no standard financial ratio analysis rule in the 

previous literature. This is also confirmed by Delen et al. (2013). Therefore, we used 16 

financial ratios to analyze firm performance by the decision tree approach in the current 

study. 

The analysis of financial ratios has become a more important topic in practice and 

academic research in the present coronavirus disease (COVID-19) situation. Many 

authors have employed financial ratios as bankruptcy risks. For example, Yousaf & Bris 

(2021a) examined the financial risks of Czech firms by using the stepwise regression 

technique. The study's results revealed that the current ratio, return on capital, current 

assets turnover rate and net working capital turnover rate positively influence the firm's 

financial health. On the other hand, asset turnover rate, return on capital employed, fixed 

assets turnover rate, debt to equity ratio, and inventory turnover rate have a negative 

impact on the firm's financial health. Valaskova et al. (2018) used profitability ratios, 

activity ratios, liquidity ratios, and indebtedness ratios to examine the financial risks in 

Slovak firms by using multiple regression techniques. In the same way, Zuardi (2021) 

used financial ratios to examine the financial health of Islamic banks.  

Firm performance can be examined based on financial ratios as these ratios are convenient 

for managers, investors, and policy-makers to classify and predict future earnings and 

costs. Many authors discussed the importance of financial ratios to examine the firm's 

performance. For instance, Yalcin et al. (2012) divided financial ratios into eight main 

criteria to measure financial performance by implementing value-based financial 

performance measures and accounting-based financial performance measures of Turkish 

manufacturing industries. Rezaie et al. (2014) used four main financial ratios to measure 

the performance of Iranian cement firms. Abdel-Basset et al. (2020) employed four main 

financial ratios to measure the performance of the top ten steel Egyptian firms.  

Firm performance is ongoing, essential, and an important topic in the literature and 

practice. Numerous authors used many proxies to measure firm performance. For 

example, Listiorini & Putri (2022); Yousaf et al. (2021); Dwilita & Mingka (2022); 

Kayani et al. (2020) have used return on assets (RoA); Lubis & Alfiyah (2021); Al-

Zararee et al. (2021); Islamiyati & Diana (2021) used return on equity (RoE); Sharma et 

al. (2020); Senan et al. (2021); Gayathri & Vijayalakshmi (2021) used return on capital 

employed (RoCE) as a proxy to measure firm's performance. Some scholars employed 

two proxies (Yousaf, 2022a; Jyoti & Khanna, 2021; Bawazir et al., 2021; Yousaf & Bris, 

2021b; Akgün & Karataş, 2020). Several authors have employed more than two proxies 

of the firm's performance (Almaskati, 2022; Bayraktaroglu et al., 2019; Soewarno & 

Tjahjadi, 2020; Yousaf, 2021; Xu & Li, 2020).  
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Numerous studies have contributed to the existing literature on firm performance using 

different proxies and methodologies. Most of the studies have employed the generalized 

method of moments (Yousaf & Bris, 2021b; Sharma et al., 2020; Kayani et al., 2020) and 

multiple regression techniques (Yousaf, 2021; Soewarno & Tjahjadi, 2020; Xu & Li, 

2020). Only a few authors have used the decision tree approach (Delen et al., 2013; Abdel-

Basset et al., 2020; Zaini & Mahmuddin, 2019). However, examining the best proxy of 

the firm performance in the prior literature is limited.  Therefore, the current research will 

fill this gap and contribute to the literature and practice in many contexts. 

Based on the previous literature, we used five following main financial ratios to measure 

the performance of the Czech firms. 

(i) Profitability ratios: Profitability ratios explore how firms use their current 

assets to make a profit. 

(ii) Liquidity ratios: These ratios present how fast can firms attain their 

commitments. The ratios also present a firm's capacity to meet its immediate 

requirement in the short run.  

(iii) Coverage ratios: Coverage ratios are used to estimate the firm ability to pay 

its financial responsibilities. 

(iv) Turnover ratios: Turnover ratios can be used for how a firm is using its 

assets to generate revenues. So, the ratios measure the value of a firm's 

revenues or sales relative to the value of its assets. 

(v) Leverage ratios: These ratios are also called debt ratios because they 

measure the ability of a firm to recover its long-term debt.  

A detailed description of the above financial ratios is given in Table 1. 

Methodology 

Source of Data 

In the current research, the data considered 287 Czech firms, which were chosen 

randomly from three sectors: construction, manufacturing, and automobile. The three 

sectors are selected in the present research as it is easy and logical to compare the financial 

ratios within the selected sectors instead of the banking, services, agriculture, or 

educational sectors.  The secondary data was obtained from the Albertina database. 

Numerous scholars obtained data from the database, such as Vrbka et al. (2022); Blažková 

& Dvouletý (2022); Yousaf (2022b); Camska et al. (2021); Yousaf (2021); Kucera et al. 

(2021); Vrbka (2020); Pivoňková & Tepperová (2021); Yousaf et al. (2021). Chandrapala 

& Knapkova (2013) notified that Albertina data deals with the expansion, processing, 

delivering, and distribution of the databases. Činčalová & Hedija (2020) claimed that the 

Albertina database covers the data of more than 2.7 million subjects. So, the sample 

covered the time period of 2016-2020, and 1374 total observations.  

 

Variables 

Due to the availability of data from the Albertina database and based on the previous 

literature, three proxies are considered as dependent variables to measure the firm 

https://www.investopedia.com/terms/a/asset.asp
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performance, RoA, RoE, and RoCE. Many financial ratios are used as independent 

variables. The complete list of the variables/financial ratios is given in Table 1. 

Table 1: Variable description 

Variables Abbreviation Measurements 

Profitability Ratios 

Return on equity ratio RoE Net income / shareholder's equity 

Return on assets ratio RoA Net income / total assets 

Return on common 
equity 

RoCE 
Earnings before interest and taxes (EBIT) / 

capital employed  

Liquidity Ratios 

Current ratio CR Current Assets / Current liabilities 

Quick ratio QR (Current assets – inventory) / current liabilities  

Operating cash flow 
ratio 

OCF Operating cash flow / current liabilities 

Coverage Ratios 

Interest coverage ratio  ICR EBIT / interest expense 

Cash flow coverage 
ratio 

CFC Opertating cash flow / total debt 

Turnover Ratios 

Receivable turnover 
rate  

RTR Sales / accounts receivables 

Inventory turnover 
rate  

ITR Cost of sold goods / inventory 

Asset turnover rate  ATR Sales / total assets 

Net working capital 
turnover rate  

WCT Sales / (current assets – current liabilities) 

Fixed assets turnover 
rate  

FAT Sales / fixed assets 

Current assets 
turnover rate 

CAT Sales / current assets 

Leverage Ratios 

Debt ratio  DR Total debt / total assets 

Debt to equity ratio DER Total liabilities / equity 

Source: Authors' calculations 

Solution for Missing Data 

To solve for the missing values in the dataset, we activated the Multivariate Imputation 

by Chained Equations (MICE) package (van Buuren & Groothuis-Oudshoorn, 2011) in 

R Studio version 4.0.3. The package generates multiple imputations (replacement values) 

for multivariate missing data. Fully conditioned specified separate models impute 

incomplete variables. The algorithm can impute various classes of continuous, binary, 

unordered categorical and ordered categorical data. Since our dependent variables (RoA, 

RoE, and RoCE) have been binary coded, it is recommended to deploy Logistic regression 
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(logreg) with bootstrap for imputation of the null values, and predictive mean matching 

(pmm)  for the regressors (Azur et al., 2011). 

Exploratory Factor Analysis (EFA) 

An exploratory analysis was conducted to validate the ratio variables' unrepresented 

dimensions. Furthermore, two tests (Kaiser–Meyer–Olkin Measure of Sampling 

Adequacy and Bartlett's test of sphericity) were executed to solve for data adequacy.  

Table 2: KMO and Bartlett's Test of Sphericity  

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .612 
Bartlett's Test of Sphericity Approx. Chi-Square 6595.128 

df 78 

Sig. .000 

Source: Authors' processing from SPSS 

The KMO measure in Table 2 describes the value being > 0.5, which is under the 

admissible range recommended by Kaiser (1974), giving the authors a signal of data 

adequacy for further analysis. Bartlett's test of sphericity is a check of the nature of the 

matrix being investigated. If an identity matrix is detected, it would imply that the 

variables in question are measuring different exogenous variables and thus, poorly 

correlated with each other; this is precisely contradictory to the essence of the entire EFA 

exercise. The matrix components need to have a certain degree of correlation for the 

investigation to proceed, as an experiment cannot be conducted on identity matrices. In 

this study, Bartlett's Test of Sphericity has achieved the desired Chi-squared threshold at 

p<.001 significance level (Table 2), thereby indicating correlation among the potential 

predictors (Field, 2005). 

Principal Component Analysis (PCA) reduces the dimensions of a given data set in order 

to partition them into a smaller set of artificial variables known as principal components 

which represent the most variances in the original values (Nilashi et al., 2017). This 

procedure designates how a variable contributes to that component, whereas factor 

analysis establishes a mathematical model from which factors are estimated (Dunteman, 

1989). When the PCA algorithm is executed on a dataset, a matrix structure representing 

the relationship among the variables is established. Linearity within the matrix is 

computed by determining the eigenvalues of the matrix. Eigenvectors indicate the loading 

of a particular variable on a particular factor (Field, 2005). 

In concurrence with Delen et al. (2013), the study as a part of the exploratory factor 

analysis (EFA) procedure conducted PCA to optimize the research model. The authors 

executed PCA based on Varimax Rotation utilizing R Program's Factoshiny() (Lê et al., 

2008). Figure 1 displays the PCA scatter graph on a 2-D vector space. In order to 

determine the quality of the contribution at the variable level, and to remove redundancy 

in the model the authors have deployed Cos2 (Eigenvalue squared in geometric terms) 

values in order to retain the best fit variables that may considerably boost the explanatory 

capacity of the model (Abdi & Williams, 2010). 

Figure 1: PCA Variable Graph  
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Source: Authors' Processing from R ver 4.0.3 

In Figure 1, as the variables are expressed in the 2D vector space they undergo SVD 

(Singular Value Decomposition) which inflates the data matrix and creates artificial sets 

of variables; after the varimax orthogonal rotation has taken place, the correlation matrix, 

transforms into the covariance matrix thereby producing the best fit target variables (Lê 

et al., 2008).  The squared cosine shows the importance of a component for a given 

observation (Harman, 1976).  

The squared cosine is calculated as follows. 

𝐶𝑜𝑠ⅈ,𝑙
2 =

𝑓ⅈ,𝑙
2

∑ 𝑓ⅈ,𝑙
2

𝑙

=
𝑓ⅈ,𝑙
2

𝑑ⅈ,𝑔
2  

Where Cos2 i, g contributes a relatively large portion to the total distance, these 

components are important for that observation. d2 
i, g is the squared distance of a certain 

observation to the origin. According to the Pythagorean theorem, the squared distance, d2 
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i, g, is measured as the sum of the squared values of this observation's factor scores. The 

distance to the centre of gravity is defined for supplementary observations and the squared 

cosine can be calculated and is meaningful. Therefore, the value of Cos2 can assist in 

extracting the components that are significant to understand both active and 

supplementary observations (Abdi & Beaton, 2021). According to Figure 1, the quality 

of the variance contribution can be comprehended according to the heat-map themed hues 

(warmer hues for higher contributions and lighter hues for lower contributions) and 

primarily, the cosine departure from the centre of gravity.  On the basis of the above 

premise, the authors have extracted CAT, ATR, RTR, FAT, WCT, CFC, OCF, ITR, QR 

and CR in conformity with Johnson & Wichern (2013). Cos2 values greater than 0.30 have 

been retained for this study, in accordance with Korenius et al. (2007). This implies that 

each predictor must possess at least 0.30 and above Cos2 value in either dimension to be 

included in the study. The factors extracted are given in Table 3 with their respective 

values. 

Table 3: Dimensions of the Principal Components  

Variable Dimension 1 Ctr Cos2 Dimension 2 Ctr Cos2 

CAT 0.930 27.869 .800 0.250 12.521 0.300 

ATR -0.362 4.366 0.131 0.710 27.883 0.504 

RTR -0.199 1.315 0.040 0.559 17.297 0.313 

FAT 0.567 25.615 0.322 0.169 10.587 0.290 

WCT 0.412 25.544 0.337 0.150 11.220 0.361 

CFC 0.665 35.147 0.442 0.374 7.715 0.140 

OCF 0.731 17.747 0.534 0.319 5.626 0.102 

ITR 0.600 11.949 0.359 0.245 3.315 0.060 

QR 0.942 29.493 0.887 0.143 1.126 0.020 

CR 0.932 28.869 0.868 0.097 0.517 0.009 

DER -0.150 0.221 0.027 -0.081 0.007 0.040 

DR 0.078 1.230 0.002 -0.005 0.002 0.010 

ICR -0.012 0.012 0.001 0.003 0.010 0.005 

Source: Authors' Processing from R ver 4.0.3 

As suggested by Husson et al. (2017), we have maintained two dimensions of the 

Principal Components, Dimension 1 representing 23.138% and Dimension 2 representing 

13.912% of all variances, respectively. We provide the Decomposition of the total inertia 

histogram to justify the dimension reduction procedure adhered to in this study (refer to 

Figure 2). 
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Figure 2: Decomposition of Total Inertia- Factor Extraction  

 

 

Source: Authors' Processing from R ver 4.0.3 

From Figure 2, it can be understood that Dimension 1 and Dimension 2 on the 'x' axis 

represent the maximum variance in the CFA model ('y’ axis). 

CHAID Decision Tree Algorithm 

CHAID stands for Chi-Squared Automatic Interaction Detector, an effective statistical 

intervention developed by Kass (1980). It was primarily used for segmentation or tree 

growth. In this method, a tree is developed on the basis of adjusted Bonferroni 

significance testing. The same can be utilised for regression analysis and clustering, it can 

also be used to observe interactions among variables. CHAID tree has the capability to 

generate more than two decision branches by producing highly visualized multi-way 

splits. It has a higher degree of comprehension as it can execute both case weights and 

frequency variables. There are certain pros of using the CHAID square as a predicting 

tool, as Díaz-Pérez & Bethencourt-Cejas (2016) observe: (1) Chi-square is a non-

parametric statistic, (2) Nominal type and interval class variables can be deployed as 

predicting variables and, (3) Continuous variables can be chosen as criterion variables. 

The above premises have led the study in adopting CHAID as our decision tree algorithm 

as it merges the variables best to explain the outcome in the dependent variable, which is 

CHAID’s advantage over other decision tree algorithms (Miller et al., 2014). 

Performance Measures 

Overall Accuracy: Accuracy may be defined as the percentage of observations that are 

accurately being estimated, it can also be called the ratio of correctly predicted 

observations against the total number of observations. 

Precision: It may be defined as the ratio of the number of correctly predicted true positive 

cases against the sum of true positive and false positive. 
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Recall: Also known as the sensitivity or True Positive rate. It is computed as the ratio of 

True Positive (the number of correctly predicted cases) to the sum of false negative and 

true positive. 

F-Measure: The harmonic mean value of Precision and Recall measures. (Witten & 

Frank, 2000) expressed this as:                                    

                                                                  2 ×
𝑝×𝑅

𝑝+𝑅
                     

Where; Recall =     R  

             Precision = p 

                

Specificity: It is defined as the True Negative, and it is the ratio of the number of the True 

Negative to the sum of False Positive and True Negative. 

Cut-off: According to certain cut-off values in the features, tree-based models split the 

data multiple times. This procedure creates various subsets of the dataset, where 

individual instances belong to one particular subset. The concluding subsets are known 

as leaf or terminal nodes, and the intermediate subsets are called split nodes or internal 

nodes. The average outcome of the training data set is deployed to predict the outcome in 

each leaf node. Decision Trees are a robust tool for classification and regression. Table 4 

provides the individual cut-off values against their predicted accuracy that have been 

plotted in Figures 3, 4, and 5. 

Table 4: Cut Off Values and Accuracy  

Outcome Variable x =Cut off y= Accuracy 

RoA .459 .889 

RoCE .379 .879 

RoE .6 .82 

Source: Authors’ Processing from R ver 4.0.3 
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Figure 3: Cut Off Plot for RoA 

 

 

 

 

 

 

 

Figure 4: Cut Off Plot for RoCE  

 

Figure 5: Cut Off Plot for RoE  

 
Source: R Studio ver 4.0.3 
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Table 5: Performance Measures of Model  

Split 
Criterion 

Precisio
n 

Specificit
y 

Sensitivit
y  

Accurac
y 

Misclassification 
Rate 

F- 
Measure 

RoA 0.81 0.70 0.61 0.83 0.17 0.69 

RoE 0.61 0.82 0.77 0.80 0.20 0.52 

RoCE 0.95 0.78 0.82 0.82 0.18 0.88 

Source: Authors’ Processing from R ver 4.0.3 

Table 6: The Confusion Matrix  

Split Criterion  Successful (1) Unsuccessful (0) 

RoA    Successful (1) 746 167 

 Unsuccessful (0) 74 470 

    

RoE Successful (1) 305 92 

 Unsuccessful (0) 195 865 

    

RoCE Successful (1) 1002 217 

 Unsuccessful (0) 51 187 

    

Source: Authors’ Processing from R ver 4.0.3 

Comparative Analysis of CHAID Performance  

For the three given target variables; RoE, RoCE, and RoA, it is understood from Table 5 

and Table 6 that all the variables portray robust accuracy levels and admissible 

misclassification rates (Husson et al., 2017). In terms of detecting the occurrence of most 

true positive cases, RoCE achieves a precision of 95% and a robust F-Measure of 0.88 

(Tharwat, 2018). 

The RoE variable could sense 77% of the true positive cases and a staggering 82% of the 

true negative cases with a precision of 61%. The variable RoA achieved a predicting 

precision of 81% while capturing a robust true negative rate of 70% and reports a true 

positive rate of 61%. Further, it is to be noted that the entire dataset was partitioned as 

70% for the training set and the remaining 30% for the test set. 

RoA as the target variable predicts the OCF (value being < 0.46) to be the split criterion 

in developing the decision tree. Therefore, if the value of OCF is below 0.46, the next 

best alternative is the CFC at < 0.71. If the CFC is > 0.46 then, the branches of the tree 

will reach out to CFC levels at <0.56 which will further decide the tree's progress. Here 

the last branch at CR ≥ 3.7 is the most optimized variable. 

Based on the training and testing of the dataset, it is observed from the above decision 

tree that has used RoE as a predictor variable that OCF at <0.32 is the decision criterion. 

If the condition of OCF at <0.32 is met (having only 34% chances), then the tree branches 

into CFC at <0.58 value, and simultaneously, it is to be noted that there is a 66% chance 

of the condition not being met. If the condition is not met, the tree branches out to the 

next available alternative to support RoE as a robust performance indicator. 
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Figure 6: Decision Tree Plot for RoA  

 

Source: Authors’ Processing from R ver 4.0.3 

Figure 7: Area under receiver operating characteristic (ROC) Plot for RoA  

 

Source: Authors’ Processing from R ver 4.0.3 
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Figure 8: Decision Tree Plot for RoE  

 

Source: Authors’ Processing from R ver 4.0.3 

Figure 9: Area under receiver operating characteristic (ROC) Plot for RoE  

 

Source: Authors’ Processing from R ver 4.0.3 
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Figure 10: Decision Tree Plot for RoCE  

 

Source: Authors’ Processing from R ver 4.0.3 

Figure 11: Area under ROC Plot for RoCE  

 

Source: Authors’ Processing from R ver 4.03 
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When targeting RoCE as the dependent variable, the best alternative or the root lies at 

CFC variable being at < .25 and rests at CR being at >= 3.3 as the most optimized variable 

to decide upon as it contains 51% chances of occurring. From Figure 10, it can be 

established that this tree creates many sub-trees, indicating higher chances of 

misjudgements as the split criterion is yet to be satisfied given all the available 

combinations. Furthermore, in Figure 10, the area representing the false positive rate is 

larger in the ROC curve.  

Conclusion and Discussion  

The main aim of the current study is to examine the best predictor among different proxies 

of the firm’s performance. About 287 Czech firms were selected from three sectors: 

construction, automobile, and manufacturing. The data was gained from the Albertina 

database from 2016 to 2020. Three different proxies of firm performance; RoA, RoE, and 

RoCE were used as dependent variables. After employing the decision tree CHAID 

algorithm, we closely observed the area under the receiver operating characteristic curve 

(ROC) for all cases of the dependent variables (Figures 7, 9, and 11). It appears that when 

RoA was deployed as the split measuring, it induces an improved curve, thereby 

qualifying RoA as the best predictor of firm performance. Parameters attained for all split 

measures (RoA, RoCE, and RoE) portray robustness for RoA as the dependent variable 

with high accuracy and low misclassification rate. From all the decision trees, it could be 

deciphered that RoA as the dependent variable contains the most robust parameters for 

successfully predicting the financial performance among Czech firms.  

The present study’s findings offer practical and theoretical implications. Not much is 

known about the financial ratios and firm performance, specifically for Czech firms. 

Theoretically, the study’s results will extend the literature not only on financial ratios but 

also on the proxies of the firm’s performance. The results will contribute to the existing 

literature on which proxy of the firm’s performance is the best by using the CHAID 

approach. Practically, the findings are significant for investors as they consider the firm’s 

performance before making investment decisions on bonds or equity, and creditors. The 

results of the study will help managers, directors, and policymakers as they make 

decisions and policies to improve firms’ financial performance. Additionally, the findings 

are useful for researchers and academics as we briefly explained how and why RoA is the 

best proxy for measuring firm performance. 

The results of the current research proposed a new and deeper perception of how financial 

ratios impact the firm’s performance. However, much could be done in the future on the 

financial ratios and firm performance. Further research can be conducted through 

different sectors of the economy, increasing time periods, and by including different 

regions or countries. In future research, we also suggest that the academics and 

researchers use other financial ratios, non-linear methodologies, and more proxies of the 

firm’s performance for a comprehensive study. 

Some limitations warrant consideration to the present research. (i) Only three proxies of 

the firm’s performance were included based on the previous literature and available data. 

(ii) The corona virus disease (COVID-19) impacts were excluded in the present study. 

(iii) Due to the availability of data, a short time period was considered (from 2016 to 

2020).  
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