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Abstract: The present study, according to our knowledge, is the first attempt to establish a 

financial distress prediction model for a unique set of enterprises, which are the enterprises 

listed on the specialized Hong Kong Growth Enterprise Market. It also makes an analysis of 

corporate financial sustainability and its relationship to financial distress prediction. The 

logistic regression and jackknife method are used to test the predictability of various models 

with data drawn from the Growth Enterprise Market for the years 2000–2010. The study 

finds that a model that includes firm-specific financial variables, firm-specific non-financial 

variables and a macro-economic variable is a better predictor of financial distress than is a 

model that includes only the first set of variables or a model that includes the latter two sets 

of variables. It also finds that a model that includes the latter two sets of variables is a better 

predictor of financial distress than is a model that includes only the first set of variables. 

These findings are vital for financial sustainability, as investors, policymakers, auditors  

and stakeholders of this market would find the conclusions emanating from the study 

extremely useful. 

Keywords: financial distress; prediction; Growth Enterprise Market; financial sustainability; 

financial variable; non-financial variable; macro-economic variable 
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1. Introduction 

Since Hong Kong was handed over to China in 1997, Hong Kong has become an important capital 

raising centre for Chinese enterprises. However, in order to obtain a listing on the Hong Kong Stock 

Exchange (HKSE), the enterprises are required to achieve a record of at least a three years’ trading 

history. Since most small and medium enterprises are unable to take advantage of the HKSE, the Hong 

Kong Growth Enterprise Market (GEM) was established in 1999 to bridge this gap [1].  

The Hong Kong GEM is important for three reasons. First, the GEM was established for enterprises 

that are unable to meet the profitability and track record requirement. The GEM has removed the entry 

barriers for listing on the market for growth enterprises, which either have growth potential or use high 

technology [2]. Second, the GEM is considered to be a ‘high risk, high growth’ market, which is unique, 

as no other such specialist market for high risk growth enterprises exists. Lastly, technology companies 

dominate the GEM, and their continued health is essential to both Hong Kong and China’s global economic 

competitiveness [3]. Consequently, it is important that these enterprises are financially sustainable.  

Financial sustainability is defined as the likelihood that a business is self-sufficient without any 

external support [4]. Chan et al. [5] find that most newly-listed stocks of growth enterprises on the Hong 

Kong GEM are underperforming. They raise questions about those enterprises’ financial sustainability. 

As Chen et al. [6] point out, high financial risk, which ultimately impacts financial sustainability, also 

makes investors more cautious about investing in the Hong Kong GEM. Financial sustainability becomes 

important for growth enterprises for another reason. Although an enterprise is usually required to 

disclose a three-year profit record before being listed on the HKSE, such a requirement is absent for the 

GEM. The opaqueness makes the financial sustainability of the GEM’s enterprises a significant issue. 

Hence, studying the financial sustainability of such enterprises becomes crucial.  

In the literature, severe financial distress usually threatens financial sustainability. The establishment 

of an early warning mechanism for corporate financial distress can promote the financial sustainability 

of enterprises [7–9]. If a model to predict financial distress in the GEM could be developed, it would 

help not only the investors, but also the market supervisors. Given the particularly strong relationship 

between Hong Kong and mainland China, the developed financial distress prediction model could help 

predict the financial distress in mainland China’s newly-established GEM. 

In the present study, we define a distressed growth enterprise as an enterprise that has filed for 

bankruptcy, undergone cancellation of listing pursuant to delisting procedures under the GEM Listing 

Rules or has had its securities trading suspended by the GEM for at least three months due to disobeying 

GEM Listing Rules [10]. Most studies have used firm-specific financial variables (FVs) to predict 

financial distress. Some recent studies have also made use of firm-specific non-financial variables 

(NFVs) and macroeconomic variables (MEVs) [11,12]. However, the impact of the use of all three sets 

of variables on improving the predictive power has not been well examined in prior research. This study 

examines three financial distress predicting models. The first one is based on FVs only (Model 1).  

The second one uses both NFVs and MEV (Model 2), and the third model uses all three sets of variables 

(Model 3). 

The major aim of the present study is to successfully predict financial distress in the GEM. To achieve 

this aim, the data of 150 firms listed on the Hong Kong GEM between 2000 and 2010 were analysed 

using logistic regression and the jackknife method. Our study not only considers all three sets of 
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variables, but also, for the first time in the literature, establishes financial distress prediction models for 

a special market not explored hitherto, that is for the Hong Kong GEM. Growth enterprises have several 

distinguishing features outlined above that make them unique. Hence, we need an appropriate model to 

capture these features. The model would be a useful tool for maintaining the financial sustainability of 

listed companies and the market. 

The remainder of the article is organized as follows. Section 2 reviews previous literature and 

develops three hypotheses. Section 3 presents the data and methods used in this study. Data analysis 

results are presented in Section 4. Section 5 discusses the results, and the final section concludes. 

2. Relevant Literature and Hypotheses Development 

The literature on the definition of corporate financial distress is extensive, encompassing many 

definitions of what constitutes financial distress. A financially-distressed enterprise is commonly defined 

as an enterprise that has filed for bankruptcy [13–17]. Kuo et al. [18] define the distressed firm as a firm 

involved in dishonouring bills or checks, delaying repayment of banks’ loans, having a poor credit 

history, having bank accounts rejected or having a net worth less than half of its real assets. Wu [19] 

defines a distressed firm in the context of the Taiwan Stock Exchange as a listed firm that has 

experienced operational difficulties or for which authorities have judicially declared a special stock 

arrangement. For a study on predicting the financial distress of companies listed on the Johannesburg 

Stock Exchange in South Africa, financial distress is defined as a state in which a firm cannot continue 

to exist in its current form and has experienced bankruptcy, delisting or a major organizational 

restructuring [20]. Similarly, Cheng et al. [21] identify a firm as distressed if it has filed for bankruptcy, 

been placed on a suspension of trading list, altered a trading method or been involved in unusual actions, 

such as a cease trading order or delisting. 

The literature on financial distress prediction has developed in three stages. In the first stage, the focus 

was solely on financial ratios as predictors of financial distress. Beaver [13] used financial ratios to predict 

the failure of firms, and found that financial ratios are useful in predicting a firm’s failure. Beaver [13], 

however, found that a firm’s cash flow-to-total debt ratio has greater predictive ability than do liquid 

asset ratios. Altman [15] improved upon Beaver’s [13] work by conducting rigorous testing through 

multiple discriminant analysis and suggested that only five ratios, working capital-to-total assets ratio, 

retained earnings-to-total assets ratio, earnings before interest and taxes-to-total assets ratio, market 

value of equity-to-book value of total debt ratio, and sales-to-total assets ratio, are significant in 

predicting financial distress. Altman et al. [16] further improved Altaman’s [14] model and developed a 

new ZETA credit risk model using seven variables to predict corporate bankruptcy. Ohlson [17], on the 

other hand, identified four basic financial factors that can predict a firm filing for bankruptcy within a year.  

In the second stage, studies included MEVs in addition to FVs for financial distress prediction. 

Mensah [22] suggested that the structure and accuracy of prediction models differ across diverse 

macroeconomic environments, and those different prediction models are appropriate for enterprises in 

different industrial sectors. Dionne et al. [23] established a hybrid model by including real GDP growth, 

as well as some FVs. According to their study, real GDP growth is negatively correlated with the 

likelihood of the firm facing financial difficulties. 
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In the third stage, studies examined the impact of NFVs on distress prediction. These include studies 

by Slowinski and Zopounidis [24] and Dimitras et al. [25], who accord more importance to qualitative 

attributes than to financial attributes. In addition, the results of Wilkins’s [26] study suggest that the 

auditor’s opinion is an important predictor of future financial distress for technically-distressed firms. 

Chen [27] also argued that incorporating the corporate governance measure into the analysis of  

logistic regression could improve the predictive accuracy of corporate financial distress. For small- and 

medium-sized enterprises (SMEs), Kuo et al. [18] found both FVs and NFVs useful in classifying 

distressed and successful SMEs. Similarly, both Wu [19] and Ooghe and Balcaen [28] have indicated 

that a prediction model based on both FVs and NFVs or a combination of these variables can lead to 

superior predictive results.  

As can be seen from above, most research studies on financial distress focus their attention on the 

predictive ability of FVs. Many other financial distress studies have examined FVs, NFVs and MEVs 

separately or formulated their research by combining two out of these three sets of variables, but only 

two recent studies [11,12] covered all three sets of variables. However, these studies have focused on 

firms listed on the Taiwanese and Indonesian stock markets. These markets are different from the  

Hong Kong GEM, which is a special and separate market for growth enterprises only.  

A study of the Hong Kong GEM is important for several reasons. First, as stated above, the  

Hong Kong GEM has not been subjected to such an analysis so far, and ours is the first study, to our 

knowledge, of financial distress prediction in the context of the GEM. Second, the GEM is the engine 

of growth in any economy. Chinese GEMs, for example, have played a vital role in promoting rapid 

growth and maintaining financial sustainability during China’s economic transition [3]. Third, the GEM 

provides a fund-raising venue and an exit ground, especially for high-growth and high-risk enterprises. 

A prediction model for financial distress would considerably benefit investors and policymakers. Finally, 

we make important contributions to advance the extant theory of financial distress prediction. 

2.1. Overview of Financial Distress Prediction Models 

Aziz and Humayon [29] have compiled an extensive literature review of 46 articles that reported  

89 previous empirical studies on predicting corporate financial distress. According to their statistics, 

64% of total previous studies used statistical distress prediction models; about a quarter of all previous 

studies applied artificial intelligent expert system models, and only 11% of the previous studies used the 

theoretical models. However, these researchers found that the average predictive accuracy of these 

three categories of models is quite close. The range of these three models’ predictive accuracy is from 

84% to 88%.  

In the present study, the most frequently-used prediction models, the statistical distress prediction 

models, are deployed to predict the financial distress of growth enterprises. Of the two types of statistical 

distress prediction models (multivariate discriminant and logistic), the logistic model has two distinct 

advantages: first, the logistic model does not rely on the assumption of normality for the sample data; 

second, the logistic model does not require an equal dispersion matrix [30]. In other words, the logistic 

model is far less demanding than the multivariate discriminant model. Because of the advantages of the 

logistic model, the present study constructs a financial distress model for growth enterprises based on 

logistic regression. 
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2.2. Hypotheses Development 

Many prior studies have used FVs as the major predictors of corporate financial  

distress [15,16,18,19,27,31–33]. Recent studies, however, contend that NFVs and MEVs also need to be 

considered for financial distress prediction. Back [34], for example, used only NFVs in the financial 

distress prediction model and found that the model has better predictive ability than does a model that 

includes only FVs. Foster [35] found that multivariate models that include MEVs and FVs have better 

financial distress prediction ability than does a model that includes only FVs. Pranowo et al. [12] used 

FVs, NFVs and MEVs and found that only FVs are significant predictors of financial distress, in the 

Indonesian Stock Exchange, which is not a separate exchange, such as the HKGEM. 

In a Canadian study, Dionne et al. [23] used a hybrid model that included one MEV, real GDP growth 

and several FVs and found that such a model has better predictive ability of financial distress. 

Consequently, the present study posits that a corporate financial distress model covering all three sets of 

variables—that is, FVs, NFVs and MEVs—would have even better predictive ability. We test this 

proposition in the context of GEM and formulate the following three hypotheses. 

H1: There is no difference in the financial distress predictive ability of a model that contains only 

FVs (Model 1) vis-à-vis the model that contains only NFVs and MEVs (Model 2). 

H2: There is no difference in the financial distress predictive ability of a model that contains only 

FVs (Model 1) vis-à-vis the model that contains FVs, NFVs and MEVs (Model 3). 

H3: There is no difference in the financial distress predictive ability of Model 2 and Model 3. 

3. Data and Method 

3.1. Selection of Sample 

Our sampling frame consists of firms listed on the Hong Kong GEM during the period from  

2000–2010. In the whole population, the firms that satisfied the criterion for financial distress were 

grouped as “distressed enterprises”, and the rest were grouped as “non-distressed enterprises”. In the 

present study, we used the random sampling technique, which is a probability sampling technique. 

Following Lennox [36], the sample consists of distressed enterprises and non-distressed enterprises in 

proportion to their ratio in the actual population. Based on the random sample selection, we restricted 

our sample to 150 growth enterprises, consisting of 45 distressed enterprises (using our definition of a 

distressed enterprise) and 105 non-distressed enterprises. We examined the data for all 150 firms in our 

sample for the years from 2000 to 2010. For distressed firms, the year when they became distressed was 

coded as t and the data for the year t−1 were used.  

3.2. Selection of Financial Distress Predictors 

It is usual to classify FVs into three types: profitability ratios, solvency ratios and liquidity ratios [37,38]. 

The present study used these three types of FVs as financial distress predictors. 

Profitability ratios measure the firm’s ability to generate profit for a given period of time. A firm’s 

profit situation can influence the firm’s liquidity position and its ability to obtain equity and debt 
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financing [37]. The current study used the gross profit rate of 150 firms in the sample as the  

profitability ratio. 

Liquidity ratios measure the short-term ability of the firm to pay its maturing obligations and to meet 

unexpected needs for cash [37]. The commonly-used measure of liquidity, that is the current ratio of the 

sample firms, was used in the present study. 

Solvency ratios measure the firm’s ability to repay the face value of the debt at maturity and to pay 

the interest when it comes due. In other words, solvency ratios measure the ability of a firm to survive 

over a long period of time [37]. The current study used debt to total assets, representing the  

solvency ratio. 

Prior studies have also deployed several NFVs, such as management measures, corporate governance 

variables, audit variables and ownership, to forecast a firm’s distress [39,40]. Based on the information 

of growth enterprises and related prior studies, the present study selected two NFVs: the frequency of 

the firm changing its auditor(s) and the frequency of the firm’s auditors’ report including a qualified 

opinion and/or explanatory paragraph. 

Mensah [22] also notes that the performance of a firm is usually affected by a few MEVs. Based on 

the availability of data on the MEVs and prior studies on the prediction of corporate financial distress, 

the present study selected the Business Climate Index to predict financial distress.  

To conclude, we used FVs (gross profit rate, current ratio, debt to total assets), NFVs (the frequency 

of the firm changing its auditor(s), the frequency of the firm’s auditors’ report including a qualified 

opinion and/or explanatory paragraph) and MEV (the Business Climate Index) to build financial distress 

prediction models. In Table 1, we summarize the statistical properties of all of the data that we used 

(except the financial distress dummy). 

Table 1. Descriptive statistics. 

Variable Mean Standard Deviation Minimum Maximum

Gross profit rate 0.633 0.255 −0.653 0.990 

Current ratio 1.304 0.381 0.341 2.178 

Debt to total assets 0.736 0.183 0.314 1.153 

The frequency of the firm changing its auditor(s) 0.253 0.557 0.000 1.000 

The frequency of auditors’ report with qualified 
opinion/explanatory paragraph including a 
“qualified opinion” and/or explanatory paragraph 

0.113 0.318 0.000 1.000 

The Business Climate Index 5.136 0.073 4.935 5.235 

4. Analysis and Results 

The selected financial, non-financial and macroeconomic variables were used as independent variables 

for logistic regression analyses. The dependent variable is binary, that is whether the growth enterprise 

experienced distress or not (distressed = 1, non-distressed = 0). We then used logistic regression analyses 

to establish three types of financial distress models. The first type of model (Model 1) considers the FVs 

only, whereas the second type of model (Model 2) considers NFVs and MEV. The third type of model 

(Model 3) considers not only FVs, but also NFVs and MEV. The study tested the three hypotheses 

mentioned previously.  



Sustainability 2015, 7 1192 

 

 

4.1. Logistic Regression Analysis 

The selected financial, non-financial and macroeconomic variables detailed above were used as 

independent variables for logistic regression analyses. The present study then used logistic regression 

analysis to establish three types of financial distress prediction models and to test related hypotheses. 

According to Pallant [41], there are three assumptions underpinning the use of logistic regression. 

The first assumption refers to the number of cases in the sample and the number of independent variables 

included in the logistic regression model. Pallant [41] states that if the sample is small and has a large 

number of independent variables, the research might have problems with data analysis. As this was not 

the case, in our study, this assumption was met. The second assumption lies in checking for intercorrelations 

or multicollinearity among independent variables. The values of Pearson correlation reveal that the 

values of r were all less than 0.9 (see Table 2). Consequently, multicollinearity did not appear to be an 

issue, and all of these factors were retained in the model. Third, as logistic regression is sensitive to 

outlying cases or outliers, such cases were identified and dealt with as per the procedure suggested by 

Tabachnick and Fidell [42]. 

Table 2. Pearson correlation of all variables. 

 
Gross 

profit rate 

Debit 

to total 

assets 

Current 

ratio 

The 

Business 

Climate 

Index 

The frequency 

of the firm 

changing 

auditor(s) 

The frequency of 

auditors’ report  

with qualified 

opinion/explanatory 

paragraph 

Gross profit rate 1.000      

Debit to total assets −0.285 1.000     

Current ratio 0.229 −0.845 1.000    

The Business Climate Index 0.009 0.031 −0.002 1.000   

The frequency of the firm 

changing auditor(s) 
−0.023 0.099 −0.173 −0.061 1.000  

The frequency of auditors’ 

report with qualified 

opinion/explanatory 

paragraph 

−0.378 0.434 −0.346 −0.128 0.253 1.000 

As stated earlier, we used 150 growth enterprises listed on the Hong Kong GEM during the period 

from 2000–2010 to build these three types of logistic regression models. Table 3 shows the logistic 

regression results for all of the models used in this study. 

As discussed previously, for Model 1, the dependent variable (whether the growth enterprise 

experienced distress or not) was regressed on the three financial variables. For this model, consistent 

with prior expectations, the debt to total assets is positively associated with the probability of financial 

distress, whereas the gross profit rate and current ratio are negatively related to the probability of 

financial distress. For Model 2, the frequency of a firm changing its auditor(s) and the frequency of the 

firm’s auditors’ report with a qualified opinion/explanatory paragraph is positive and significant. 

Similarly, the Business Climate Index is positive and significant, which is also consistent with our 

expectations. Including FVs, NFVs and MEV, Model 3 has a greater pseudo r squared than that of 
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Models 1 and 2, which indicates better model fits in the logistic model. In this case, compared to the null 

model (the intercept-only model), Models 1–3 fit significantly better (in Model 1, chi-squared = 17.75 

on three degrees of freedom, probability = 0.0005; in Model 2, chi-squared = 67.21 on three degrees of 

freedom, probability = 0.0000; in Model 3, chi-squared = 73.65 on six degrees of freedom,  

probability = 0.0000). Additionally, according to Morris [43], in order to check how robust a model’s 

predictive ability is, the model could be tested by using the validation tests, which includes the  

jackknife method. 

Table 3. The results of logistic regression analysis. 

 Model 1 Model 2 Model 3 

Intercept 
−0.020  
(0.994) 

31.45  
(0.062) * 

33.83  
(0.058) * 

Gross profit rate 
−2.586 

(0.003) *** 
 

−2.713  
(0.028) ** 

Current ratio 
−0.246 

(0.795) 
 

0.866  
(0.457) 

Debt to total assets 
1.418  

(0.468) 
 

0.711  
(0.778) 

The frequency of the firm changing its auditor(s)  
2.441  

(0.000) *** 
2.549  

(0.000) *** 

The frequency of auditors’ report with qualified 
opinion/explanatory paragraph 

 
3.711  

(0.001) *** 
3.226  

(0.009) *** 

The Business Climate Index  
−6.502  

(0.049) ** 
−6.956  

(0.046) ** 

Pseudo r square 0.096 0.366 0.401 

Likelihood ratio chi square 17.75 67.21 73.65 

Probability > chi square 0.0005 0.0000 0.0000 

*, **, *** indicates the 10%, 5% and 1% level of significance, respectively. 

4.2. Jackknife Method and the Validation of Logistic Models 

Validation tests examine the ability of the classification models to predict financial distress among a 

set of companies. Prior studies used various validation methods, including forecast validation test and 

the jackknife method. The present study used the jackknife method for validation, because it was widely 

applied in the literature for the validation of bankruptcy prediction models. This test is considered 

particularly useful to research studies that deal with relatively small sample sizes, since the entire sample 

can be used to derive the parameters. The test provides an almost unbiased estimate of the misclassification 

rate, and the statistical overfitting problem can be properly addressed [44]. 

Table 4 presents the validation results of the logistic model at different cut-off levels, including  

type I error (misclassification of a distressed firm as non-distressed), type II error (misclassification of a  

non-distressed firm as distressed), sensitivity (percentage of distressed firms correctly identified), 

specificity (percentage of non-distressed enterprises correctly identified), classification accuracy 

(percentage of enterprises correctly identified). The cut-offs from 0.05 to 0.40 are used based on the 

receiver operating characteristic curves, because during this interval, either the type I error or the type II 
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error is relatively small. If the cut-offs fall outside this interval, either the type I error or the type II error 

increases rapidly. 

Table 4. Jackknife method’s validation results using different models. 

Cut-off Type I Error Sensitivity Type II Error Specificity 
Classification 

Accuracy 

Panel A: Classification accuracy for Model 1 at different cut-off points 

0.05 0.00% 100.00% 100.00% 0.00% 30.00% 
0.10 4.44% 95.56% 98.10% 1.90% 30.00% 
0.15 13.33% 86.67% 81.90% 18.10% 38.67% 
0.20 22.22% 77.78% 32.38% 67.62% 46.00% 
0.25 28.89% 71.11% 47.62% 52.38% 58.00% 
0.30 35.56% 64.44% 32.38% 67.62% 66.67% 
0.35 42.22% 57.78% 23.81% 76.19% 70.67% 
0.40 46.67% 53.33% 14.29% 85.71% 76.00% 

Panel B: Classification accuracy for Model 2 at different cut-off points 

0.05 0.00% 100.00% 100.00% 0.00% 30.00% 
0.10 2.22% 97.78% 69.52% 30.48% 50.67% 
0.15 11.11% 88.89% 32.38% 67.62% 74.00% 
0.20 24.44% 75.56% 20.95% 79.05% 78.00% 
0.25 31.11% 68.89% 8.57% 91.43% 84.67% 
0.30 31.11% 68.89% 8.57% 91.43% 84.67% 
0.35 31.11% 68.89% 7.62% 92.38% 85.33% 
0.40 31.11% 68.89% 7.62% 92.38% 85.33% 

Panel C: Classification accuracy for Model 3 at different cut-off points 

0.05 0.00% 100.00% 91.43% 8.57% 36.00% 
0.10 2.22% 97.78% 55.24% 44.76% 60.67% 
0.15 11.11% 88.89% 25.71% 74.29% 78.67% 
0.20 22.22% 77.78% 19.05% 80.95% 80.00% 
0.25 22.22% 77.78% 14.29% 85.71% 83.33% 

0.2983 24.44% 75.56% 9.52% 90.48% 86.00% 
0.30 26.67% 73.33% 9.52% 90.48% 85.33% 
0.35 28.89% 71.11% 9.52% 90.48% 84.67% 
0.40 31.11% 68.89% 7.62% 92.38% 85.33% 

Panel A of Table 4 shows the overall percentage of correctly classified cases when the model included 

the three financial independent variables. The model with these independent variables correctly 

classified 30% of cases at the cut-off of 0.05 and 76% of cases at the cut-off of 0.40. We also found that 

the values of sensitivity and specificity are 100% and 0%, respectively, at the cut-off of 0.05; the values 

of sensitivity and specificity are 53.33% and 85.71%, respectively, at the cut-off of 0.40. In other words, 

at the cut-off of 0.4, 24 firms are correctly classified out of 45 distressed firms, and 90 firms are correctly 

identified out of 105 non-distressed firms. 

Next, we checked whether the model’s predictive ability increased after the inclusion of non-financial 

and macroeconomic variables. The jackknife method provided an overall prediction of how well the 

model with three non-financial and macroeconomic independent variables would perform compared 
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with the model that considers three financial independent variables. For Model 2, the model with these 

independent variables correctly classified 30% of cases at a cut-off of 0.05 and 85.33% of cases at the 

cut-off of 0.40. We also found the values of sensitivity and specificity are 100% and 0%, respectively, 

at the cut-off of 0.05; the values of sensitivity and specificity are 68.89% and 92.38%, respectively, at 

the cut-off of 0.40. It was therefore an improvement over the classification accuracy of Model 1 at the 

cut-offs from 0.05 to 0.40. Thus, the model that included non-financial and macroeconomic independent 

variables performed better than did Model 1.  

We then employed all of the variables—financial, non-financial and macroeconomic variables—to 

check whether there was further improvement in the predictive ability of the model. As mentioned 

previously, the jackknife method provided an overall prediction of how well the model with six financial, 

non-financial and macroeconomic independent variables would perform compared with Model 1 and 

Model 2. For Model 3, the model with these independent variables correctly classified 36% of cases at 

a cut-off of 0.05 and 85.33% of cases at a cut-off of 0.40. We also found the sensitivity of 100% and 

specificity of 8.57% at the cut-off of 0.05; as well as the sensitivity of 68.89% and specificity of 92.38% 

at the cut-off of 0.40. It was therefore an improvement over the classification accuracy of Model 1 at the 

cut-offs from 0.05 to 0.40. Thus, the model that included non-financial and macroeconomic independent 

variables performed better than did Model 1. Model 3 performed better than did Model 2 at cut-offs from 

0.05 to 0.30, but the trend was not obvious at cut-offs from 0.30 to 0.40. Nonetheless, Model 3’s 

classification accuracy reaches a larger peak value of 86.00% at the cut-off of 0.2983 as compared to 

that of Model 2, which reaches a peak value of 85.33% at the cut-off of 0.35. Hence, the model that 

included financial, non-financial and macroeconomic independent variables performed slightly better 

than did Model 2.  

4.3. Testing Hypotheses 

From the above, we conclude our findings with respect to the three hypotheses. We reject H1, as the 

classification accuracy of Model 2 is obviously higher than that of Model 1. H2 is also rejected, as  

Model 3 has larger classification accuracy vis-à-vis Model 1. Finally, we reject the third hypothesis, as 

Model 3’s classification accuracy reaches a larger peak value of 86.00% at the cut-off of 0.2983 as 

compared to that of Model 2, which reaches a peak value of 85.33% at the cut-off of 0.35.  

5. Results and Discussions 

A possible reason for the better predictive power of the above two models than the model that only 

considers FVs could be that growth enterprises may be prone to financial information, which may 

involve window-dressing. The need for such window-dressing is felt as these enterprises have to raise 

capital in the market. Bildersee and Kahn [45] suggested that enterprises that window-dress their 

financial data can be motivated by the desire of management to present a positive image. A case study 

of Wah Sang Gas (a growth enterprise) by He and Liu [46] reports that in 2004, it was suspended from 

trading on the GEM, and a huge administrative penalty was imposed, as the company had falsified its 

financial statements, which even included fake profit figures. There is no doubt that window-dressed 

financial data with fake information cannot reflect the real performance of growth enterprises [46,47].  
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Even more importantly, some institutional factors also affect auditors’ judgment on growth 

enterprises’ financial information. For instance, Hong Kong has been described as one of the least 

litigious regions in the world [48]. The lack of litigiousness severely restricts the ability of investors to 

bring lawsuits against auditors for alleged “audit failures” [49]. Apart from the legal barriers, the 

prevalence of Confucianism in Hong Kong has led to a culture of settling differences using negotiation 

instead of the formal legal system [50]. In summary, auditors are expected to perceive very limited 

litigation risk in Hong Kong. Hence, litigation risk would not be an important consideration in the 

decisions made by auditors when they exercise their judgments in issuing disclaimers as opposed to 

other alternatives in conditions characterized as distressed [51]. 

Another reason could be that some NFVs and MEVs are more relevant to financial distress prediction 

than are FVs for growth enterprises on the Hong Kong GEM. Kuo et al. [18] used NFVs along with FVs 

(but not MEVs) to overcome the unreliability or unavailability of SMEs’ financial information. 

Furthermore, MEVs and some NFVs contain incremental information beyond FVs in predicting 

financial distress in some developing countries [52]. For instance, according to the published information 

revealed by the Hong Kong GEM, 13 distressed growth enterprises delayed releasing their financial 

statements before they experienced financial distress [46]. 

Our results are important, since the Hong Kong GEM is a unique market, for the reasons already 

explained earlier. Chan et al. [5] stated that at least 70% of initial public offering stocks listed on the 

GEM are high-tech industries. It is needless to add that assessing the performance of these stocks based 

on only financial data could provide a lopsided picture of these enterprises, which constitute the majority 

of the growth enterprises. Consequently, the comprehensive models developed by us suggest the way 

forward and thereby contribute to advancement of the extant theory of distress prediction.  

6. Conclusions 

The present study constructs financial distress prediction models for growth enterprises on the  

Hong Kong GEM. One proposed financial distress prediction model takes not only financial variables 

into account, but also non-financial variables and macroeconomic variables. We advance the theory of 

financial distress prediction and propose a comprehensive financial distress prediction model, which is 

important for maintaining financial sustainability in the GEM. 

We find that a logistic model that uses financial, non-financial and macroeconomic variables has a 

slightly higher predictive accuracy of financial distress than does the model that contains non-financial 

and macroeconomic variables only. We also find that the logistic model including only non-financial 

and macroeconomic variables has better predictive power compared to the model that only considers 

financial variables.  

It is possible that growth enterprises on the GEM, which could potentially experience financial 

distress in the near future, may window-dress their financial statements. Our study suggests that 

regulators and policymakers of Hong Kong GEM need to pay more attention to growth enterprises that 

present financial data that apparently does not reveal any problem, but shows non-financial indicators 

that are adverse and face distressed macroeconomic conditions. Similarly, investors and stock analysts 

can benefit from the findings of the present study, because the findings would enable them to better 

assess the probability of the growth enterprises’ financial distress. The investors or stock analysts who 
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can obtain sufficient and reliable information of firm-specific non-financial and macroeconomic 

conditions should be able to forecast the financial distress of growth enterprises with higher accuracy 

and make better investment decisions. 

External auditors may also have a role to play here. External auditors are often required to comment 

on the “going-concern” aspect of the audited firm. In arriving at their judgment, external auditors may 

wish to consider non-financial information and macroeconomic conditions, rather than just confining 

their attention to financial data. Such a business-risk approach to auditing is prevalent in developed 

economies. The findings of this study would also help investors to correctly assess the firm’s financial 

risk and go beyond the financial data for distress prediction. 
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