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Abstract 

Future earnings indicate whether the trend of earnings is increasing or decreasing in the future of a 
business. It is beneficial to investors and users in the analysis and planning of investments. 

Consequently, this study aimed to identify future earnings patterns from financial statements on the 

Stock Exchange of Thailand. We proposed a novel approach based on FP-Growth and ECLAT 
algorithms with optimized discretization to identify associated future earnings patterns. The patterns 

are easy to use and interpret for the co-occurrence of associated future earnings patterns that differ 

from other studies that have only predicted earnings or analyzed the earnings factor from accounting 
descriptors. We found four strongly associated increases in earnings patterns and nine strongly 

associated decreases. Moreover, we also established ten accounting descriptors related to earnings: 

1) %∆ in long-term debt, 2) %∆ in debt-to-equity ratio, 3) %∆ in depreciation/plant assets, 4) %∆ in 
operating income/total assets, 5) %∆ in working capital/total assets, 6) debt-to-equity ratio, 7) 

issuance of long-term debt as a percentage of total long-term debt, 8) long-term debt to equity, 9) 

repayment of long-term debt as a percentage of total long-term debt, and 10) return on closing equity. 
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1- Introduction 

At present, the decisions of investors or users of financial statements are based on information published in a business 

entity’s financial statements for analysis to assess the company’s valuation. The present analysis results are frequently 

used to make decisions for investors. For creditors, the analysis results are employed to consider the sustainability and 

continuation of business operations, including credit granting or credit in joint trade. Forecasting future earnings is 

helpful for financial analysts in making investment recommendations. Investors use this to make investment decisions 

in businesses with consistently good performance, while creditors want to know the possibility of obtaining repayment 

from a business entity to honor its contractual obligation. In addition, the organizational executives need to plan and 

adjust the future organizational strategy. Consequently, a model for forecasting future earnings would significantly help 

determine how to formulate organizational development strategies and plan toward achieving its targets. As a result, 

financial analysts, creditors, investors, and corporate executives all wish to predict the future earnings of an organization. 

To this end, the underlying data used in the forecast can be cash flow, profit, or other accounting components [1]. 

For most decision-making, the financial statement's users apply earnings analysis to look for trends in an entity’s 

future performance. The profit and loss are determined from the revenues and expenses incurred in the accounting period 

[2, 3]. If a business has more revenue than expenses, it will affect its profit. However, if business revenues are lower 

than expenses, this will affect its loss. Previous studies have shown that forecasting future profits using past profits as a 
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predictor is more effective than considering cash flow [4, 5]. Daraghma (2013) [5] has found that the previous year’s 

earnings have an essential role in predicting future earnings, whereas the previous year's operating cash flows are 

irrelevant. However, some previous works have also found that forecasting future profits using cash flow is a better 

predictor than past earnings [6, 7]. Arther et al. (2010) [6] have proposed that the cash flow components model is superior 

to an aggregate cash flow model in terms of explanatory power and predictive ability for future earnings. Shubita (2021) 

[7] has shown that the cash flows from operations, investing, and financial activities statistically impact predicting future 

earnings. 

Most studies on earnings prediction employ statistical techniques. For example, Ball and Watts (1972) applied random 

walk and time-series models to predict future earnings [8]. Ou & Pennman (1989) have proposed an earnings prediction 

model with financial statement data [9]. They developed their prediction model according to the direction of future 

change (positive change or negative change) in earnings using stepwise logistic regression. Ball & Ghysels (2017) have 

developed a mixed data sampling (MIDAS) regression method to forecast firm-level earnings [10]. Hou et al. (2012) 

have proposed a new approach to estimating the implied cost of capital (ICC) using the earnings forecasts from a cross-

sectional model (HVZ model) [11]. Gerakos & Gramacy (2013) have developed a simple Random Walk (RW) model 

as an earnings forecasting model [12]. Li & Mohanram (2014) have developed the Residual Income (RI) model or 

Earnings Persistence (EP) model to predict earnings [13]. Both models outperform the previous HVZ model. Azevedo 

et al. (2021) have proposed a method to forecast corporate earnings [14] by employing a parsimonious cross-sectional 

regression model consisting of analyst forecasts of earnings, gross profits, and past stock performance, leading to a more 

accurate and less biased result. 

Nowadays, the number of financial statements is high, making statistical techniques inadequate to classify data 

correctly. Therefore, machine learning techniques must be applied to analyze big data to predict future earnings. Anand 

et al. (2019) [15] applied the classification random forest algorithm to predict directional changes (increase or decrease) 

in return on equity (ROE), return on assets (ROA), return on net operating assets (RNOA), cash flow from operations 

(CFO), and free cash flow (FCF). The classification accuracy of this method is better than the Random Walk (RW) 

model. Hunt et al. (2019) have modified the stepwise logistic regression with an elastic net to improve the prediction 

accuracy of future earnings [16]. Nguyen (2020) used gradient-boosted regression trees to forecast earnings. The latter 

study can outperform analysts in their earnings prediction [17]. Chen (2022) used decision trees, random forests, and 

stochastic gradient boosting methods with high-dimensional detailed financial data to predict the direction of one-year-

ahead earnings changes [18]. These models significantly outperform the stepwise logistic regression proposed by Ou 

and Penman’s work [9]. Ishibashi et al. (2016) focused on variable selection for establishing an earnings prediction 

model [19] based on the same 68 variables in [9]. This work applied relief, correlation-based feature selection, and 

consistency-based subset evaluation as feature selection techniques and used C4.5 decision trees as a learner. Then, the 

prediction model was constructed by logistic regression. The results revealed that about 10-23 variables influenced the 

future earnings prediction. 

From the previous studies, regression and other classification modeling have gained popularity in predicting future 

earnings to assess the statistical hypothesis interactions among independent variables or find important accounting 

descriptors that affect earnings. Nevertheless, it is difficult to interpret and analyze the co-occurrence of accounting 

descriptors. As a financial analysis system generates large data containing hidden knowledge, identifying associated 

future earnings patterns is deemed impossible from previous works. According to the literature review, the following 

research questions were proposed in the present study: 

RQ1: What machine learning techniques can be used to identify future earnings patterns in financial statements? 

RQ2: What associated patterns and accounting descriptors are related to future increased and decreased earnings 

after finding future earnings patterns? 

This study aims to make the following contributions based on previous research and the above research questions. 

First, FP-Growth and Eclat association rule mining is applied to identify the strongly associated future earnings patterns. 

This is a new way of considering future increased and decreased earnings, which differs from research that looks at 

individual factors. The results of the associated patterns give users of this approach a clear and easy-to-understand 

relationship with the future earnings increase or decrease because associated future earnings patterns identify correlated 

factors and specify the range of co-occurrences of the factors. This is different from other research that only finds factors 

that affect future earnings or only forecast future earnings. Second, to identify data ranges before finding associated 

future earnings patterns, we apply the optimization discretization technique to find the optimal range for the dataset. This 

is unlike previous research [20], in which users must specify the number of bins before converting continuous data 

attributes into discrete data attributes. 

The remainder of this paper is organized as follows: Section 2 describes the theoretical background. The proposed 

method is discussed in Section 3. The experimental setup and results are presented in Section 4. Next, a discussion is 

presented in Section 5. Finally, the conclusions are presented in Section 6. 
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2- The Theoretical Background 

2-1- Future Earnings 

Future earnings predictions using financial statement information is a profit prediction that will occur in the future of 

a business. It uses data in the financial statements to predict whether a business will have profits or losses in the future. 

Ou and Penman (1989) [9] have estimated the probability of earnings increase or decrease in the subsequent fiscal year 

by financial descriptors in the statements. Ishibashi et al. (2016) [19] have shown the current profit-earning per share for 

a given firm 𝑖 in the fiscal year 𝑡 as 𝑒. 𝑝. 𝑠 and identify 𝑃𝑟𝑖(𝑡 + 1) as the relative ability of firm 𝑖 to generate earnings in 

the subsequent fiscal year as in the equation: 

𝑃𝑟𝑖(𝑡 + 1) = {
0    (𝑒. 𝑝. 𝑠𝑖(𝑡 + 1) − 𝑒. 𝑝. 𝑠𝑖(𝑡) − 𝑑𝑟𝑖𝑓𝑡𝑖(𝑡 + 1) < 0) 

1    (𝑒. 𝑝. 𝑠𝑖(𝑡 + 1) − 𝑒. 𝑝. 𝑠𝑖(𝑡) − 𝑑𝑟𝑖𝑓𝑡𝑖(𝑡 + 1) > 0)
, (1) 

where 𝑑𝑟𝑖𝑓𝑡𝑖(𝑡 + 1) is the average change of 𝑒. 𝑝. 𝑠 in the last four years from fiscal year 𝑡 + 1. If 𝑃𝑟𝑖(𝑡 + 1) is defined 

as an earnings increase of a firm, then 𝑃𝑟𝑖(𝑡 + 1) = 0 is defined as an earnings decrease. Sixty-eight descriptors in the 

financial statements were derived from [9], as given in Table 1. 

Table 1. The 68 descriptors in the financial statements 

No. Accounting descriptor a 

1 Current ratio 

2 %∆ in current ratio 

3 Quick ratio 

4 %∆ in quick ratio 

5 Days sales in accounts receivable 

6 %∆ in days sales in accounts receivable 

7 Inventory turnover 

8 %∆ in inventory turnover 

9 Inventory/total assets 

10 %∆ in inventory/total assets 

11 %∆ in inventory 

12 %∆ in sales 

13 %∆ in depreciation 

14 ∆ in dividend per share 

15 Depreciation/plant assets 

16 %∆ in depreciation/plant assets 

17 Return on opening equity 

18 ∆ in return on opening equity 

19 %∆ in (capital expenditure/total assets) 

20 %∆ in (capital expenditure/total assets), one-year lag 

21 Debt-equity ratio 

22 %∆ in debt-equity ratio 

23 Long term debt to equity 

24 %∆ in long term debt to equity 

25 Equity to fixed assets 

26 %∆ in equity to fixed assets 

27 Times interest earned 

28 %∆ in times interest earned 

29 Sales/total assets 

30 %∆ in sales/total assets 

31 Return on total assets 

32 Return on closing equity 

33 Gross margin ratio 

34 %∆ in gross margin ratio 

35 Operating profit (before depreciation) to sales 

36 %∆ in operating profit (before depreciation) to sales 
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No. Accounting descriptor a 

37 Pretax income to sales 

38 %∆ in pretax income to sales 

39 Net profit margin 

40 %∆ in net profit margin 

41 Sales to total cash 

42 Sales to accounts receivable 

43 Sales to inventory 

44 %∆ in sales to inventory 

45 Sales to working capital 

46 %∆ in sales to working capital 

47 Sales to fixed assets 

48 %∆ in production 

49 %∆ in R&D 

50 %∆ in (R&D/sales) 

51 %∆ in advertising expense 

52 %∆ in (advertising/sales) 

53 %∆ in total assets 

54 Cash flow to total debt 

55 Working capital/total assets 

56 %∆ in working capital/total assets 

57 Operating income/total assets 

58 %∆ in operating income/total assets 

59 %∆ in total uses of funds 

60 %∆ in total sources of funds 

61 Repayment of long term debt as % of total long term debt 

62 Issuance of long term debt as % of total long term debt 

63 Purchase of treasury stock as % of stock 

64 %∆ in funds 

65 %∆ in long term debt 

66 Cash dividend as % of cash flows 

67 %∆ in working capital 

68 Net income over cash flows 

a ∆ indicates change. In calculating %∆, observations with zero denominators are 

excluded and absolute values are used in all denominators [9]. 

2-2- Association Rule Mining 

Association rule mining is an unsupervised learning technique, an associated dataset pattern that appears in a database 

[21]. In the association rule mining, “if” represents a condition, and “then” represents a conclusion. There are three steps 

in finding a relationship rule [22] as follows: 

 Support value is the percentage of datasets that appear in a database, which can be calculated as follows: 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐴 →  𝐵) = 𝑃(𝐴 ∩ 𝐵), (2) 

where, A and B is the dataset, 𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐴 →  𝐵) is the support from A to B, and 𝑃(𝐴 ∩ 𝐵) is the probability that 

B occurs when A occurs within the datasets. 

 Confidence value is the percentage of the rule found. When A appears, then B appears at the same time. It can be 

calculated as follows: 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝐴 → 𝐵) =  
𝑃(𝐴∩𝐵)

𝑃(𝐴)
  (3) 

 Lift value is the percentage of the number of rule datasets present in a database to the number of datasets A and B. 

It can be as follows: 
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𝐿𝑖𝑓𝑒(𝐴 → 𝐵) =  
𝑃(𝐴∩𝐵)

𝑃(𝐴)×𝑃(𝐵)
  (4) 

If the 𝑙𝑖𝑓𝑡 <  1, 𝐴 and 𝐵 have a negative relationship. 

If the 𝑙𝑖𝑓𝑡 <  1, 𝐴 and 𝐵 have a positive relationship. 

If the 𝑙𝑖𝑓𝑡 <  1, 𝐴 and 𝐵 are independent. 

2-3- Frequent Pattern Growth (FP-Growth) Algorithm 

Han et al. (2004) [23] have developed an algorithm to reduce the number of readings from a database. The FP-Growth 

algorithm reads the data from a database only two times and does not create a candidate dataset. It takes less time and 

memory to process than the Apriori algorithm [24]. The principle of the FP-Growth algorithm has two steps [20]: 

 Creating a tree of frequent patterns by reading the data from a database twice. The first reading is to count the list 

of frequencies of a dataset. Then, take the dataset with a frequency greater than the minimum support value. Next, 

sort in descending order to create a header table. The next step is to read the data for the second time from the 

database to create an FP-Tree by reading each transaction data. Then, only the datasets that appear in the header 

table are selected to create a node in the FP-Tree, and each node is connected with the same dataset in the header 

table. 

 Find a set of datasets that frequently occur together. Create a dataset that appears with the dataset being considered 

in each conditional pattern base and an FT-Tree on a conditional pattern base (Conditional FP-Tree). Consider the 

dataset in a bottom-up approach of the header table and select a Conditional FP-Tree with a frequency above the 

specified minimum support value. Then, find the common datasets between the Conditional Pattern Base and the 

Conditional FP-Tree of each dataset. 

2-4- Equivalence Class Clustering and bottom-up Lattice Traversal (Eclat) Algorithm 

Zaki (2000) [25] has developed the Eclat algorithm that only scans the dataset once. Unlike Apriori and FP-Growth 

algorithms, the Eclat Algorithm uses a vertical dataset and depth-first search approach. The only support value is 

calculated in the Eclat algorithm. After calculating the support value of all items, they are compared with the minimum 

support value. The items with a support value above or equal to the minimum support value are generated in frequent 

itemsets. Zhang et al. (2021) [24] have suggested that the Eclat algorithm requires less time and is thus more efficient. 

However, as this algorithm needs to save itemsets repeatedly, it needs more memory space. The principle of the Eclat 

algorithm is shown in Algorithm 1. 

Algorithm 1. Eclat Algorithm 

Input: 𝐹𝑘 =  {𝐼1, 𝐼2, … , 𝐼𝑛} //cluster of frequent 𝑘-itemsets. 

Output: The complete set of frequent 𝑙-itemsets. 
Method: Call Bottom-Up (𝐹𝑘) 

Procedure Bottom-Up (𝐹𝑘) 

{ 

(1) for all 𝐼𝑖 ∈  𝐹𝑘 

(2) 𝐹𝑘 + 1 =  ∅ 
(3)    for all 𝐼𝑗 ∈  𝐹𝑘 , 𝑖 < 𝑗 

(4)       𝑁 = 𝐼𝑖 ∩ 𝐼𝑗 

(5)          if 𝑁 . 𝑠𝑢𝑝1 ≥ 𝑚𝑖𝑛_𝑠𝑢𝑝 then 

(6)             𝐹𝑘 + 1 =  𝐹𝑘 + 1 ∪ 𝑁 
(7)          end 

(8)   end 

(9) end 

(10) if 𝐹𝑘 + 1 ≠ ∅ then 

(11)   Call Bottom-Up (𝐹𝑘 + 1) 
(12) end 

} 

2-5- Optimized Discretization 

The optimal binning is the optimal discretization of a variable into bins given a discrete or continuous numeric target. 

This work uses the OptBinning library developed by Navas-Palencia (2020) [26], a library written in python 

programming formulation to handle the optimal binning problem for a binary target. The optimal binning process has 

two steps: 1) a pre-binning process that generates an initial granular discretization, and 2) a subsequent optimization to 

satisfy the constraints. Navas-Palencia (2020) [26] has shown that an excellent binning algorithm for the binary target 

should be specialized by the following properties: 1) the missing values are binned separately, 2) each bin should contain 

at least 5% observations, and 3) no bins should have 0 accounts for non-events or events. 
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3- Proposed Methodology 

The proposed method for identifying associated future earnings patterns is shown in Figure 1. It consists of three main 

steps: 1) data pre-processing and optimized discretization, 2) generating associated patterns using FP-Growth and Eclat 

algorithms, and 3) identifying the associated future earnings patterns. 

 

Figure 1. Proposed method for identifying future earnings patterns 

3-1- Data Pre-Processing and Optimized Discretization 

A total of 2850 financial statements of 570 companies listed on the Stock Exchange of Thailand from 2016 to 2020 

were computed using 68 accounting descriptor variables given in Table 1. Then, the probability of an increase or decrease 

in earnings in the subsequent fiscal year 𝑃𝑟𝑖(𝑡 + 1) was calculated as described in Section 2.1. Before generating 

association rules from the numerical data, 68 accounting descriptor variables were converted into discrete data attributes 
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using the optimized discretization technique. In this study, the technique finds the optimal bins without determining by 

the user [26]. The technique assigns an optimal bin for each attribute, which is better than binning with equal width or 

binning with equal frequency, whereby the user determines how many layers to divide the data into until the appropriate 

bin is found. 

3-2- Generating Associated Patterns using FP-Growth and Eclat Algorithms 

Association rule mining was used to find associated patterns. This study used two association rule mining algorithms: 

FP-Growth and Eclat. The associated patterns with lift values greater than 1 indicate the antecedent occurrence had a 

positive relationship to the consequent occurrence. Thus, this study considered the associated pattern with a lift value 

greater than 1. Then, the associated patterns obtained from both FP-Growth and Eclat algorithms are considered to see 

if any of the patterns are the same. Also, only the same patterns from both algorithms were considered, called strong 

patterns, because they were the most common patterns in the dataset derived from both algorithms. 

3-3- Identifying Associated Future Earnings Patterns 

We considered only associated future earnings patterns from the strongly associated patterns because of increased 

and decreased earnings. The associated future earnings patterns can also be used to find the factors that lead to increased 

or decreased earnings. 

4- Experimental Setup and Results 

4-1- Data Description 

A total of 2850 financial statements of 570 companies listed on the Stock Exchange of Thailand from 2016 to 2020 

were computed as 68 accounting descriptor variables given in Table 1 and their earnings in the subsequent fiscal year 

from Equation 1. Data for all five fiscal years was required to cover the calculations according to Equation 1. Table 2 

presents examples of descriptor variables and the earnings results from two companies. 

Table 2. Example of descriptor variables and earnings results from two companies 

Accounting descriptors and earnings result Company 1 Company 2 

1. Current ratio 1.5522 2.8611 

2. %∆ in current ratio (24.7311) 22.8654 

3. Quick ratio 0.4197 1.3684 

4. %∆ in quick ratio 157.1377 35.7223 

5. Days sales in accounts receivable 27.2192 65.3587 

6. %∆ in days sales in accounts receivable 22.2352 (24.4299) 

7. Inventory turnover 178.4963 199.5043 

8. %∆ in inventory turnover (22.7713) (8.1212) 

9. Inventory/total assets 0.3630 0.2968 

10. %∆ in inventory/total assets (48.4076) (13.6749) 

11. %∆ in inventory (3.9575) (20.2344) 

12. %∆ in sales 28.6471 (6.4668) 

13. %∆ in depreciation (3.8464) 4.0725 

14. ∆ in dividend per share (1.0000) 0.1333 

15. Depreciation/plant assets 0.0353 0.1961 

16. %∆ in depreciation/plant assets (78.8767) 17.2180 

17. Return on opening equity (0.1144) 0.0609 

18. ∆ in return on opening equity (0.0576) 0.0095 

19. %∆ in (capital expenditure/total assets) 208.5152 9.2801 

20. %∆ in (capital expenditure/total assets), one-year lag 84.7717 (25.2491) 

21. Debt-equity ratio 0.9693 0.4366 

22. %∆ in debt-equity ratio 42.9004 (20.8981) 

23. Long term debt to equity 0.1228 0.1021 

24. %∆ in long term debt to equity 189.1480 5.4079 

25. Equity to fixed assets 1.6853 4.1277 
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Accounting descriptors and earnings result Company 1 Company 2 

26. %∆ in equity to fixed assets (73.8229) 12.4282 

27. Times interest earned (4.3450) 22.0836 

28. %∆ in times interest earned (29.5791) (2.4788) 

29. Sales/total assets 0.8074 0.8082 

30. %∆ in sales/total assets (30.8929) 1.2249 

31. Return on total assets (0.0366) 0.0425 

32. Return on closing equity (0.0960) 0.0610 

33. Gross margin ratio 0.0618 0.2429 

34. %∆ in gross margin ratio 6.2311 (11.6778) 

35. Operating profit (before depreciation) to sales (0.0441) 0.1052 

36. %∆ in operating profit (before depreciation) to sales (84.1883) 4.5072 

37. Pretax income to sales (0.0367) 0.0408 

38. %∆ in pretax income to sales (37.5994) 92.4289 

39. Net profit margin (0.0454) 0.0525 

40. %∆ in net profit margin (42.0518) 23.4993 

41. Sales to total cash 20.8463 3.9886 

42. Sales to accounts receivable 8.8638 6.9697 

43. Sales to inventory 2.2245 2.7229 

44. %∆ in sales to inventory 33.9481 17.2602 

45. Sales to working capital 4.5289 1.8653 

46. %∆ in sales to working capital 55.9898 (8.9895) 

47. Sales to fixed assets 3.5678 4.7923 

48. %∆ in production 28.1518 (2.3243) 

49. %∆ in R&D 78.1141 (4.5561) 

50. %∆ in (R&D/sales) 0.0038 0.0002 

51. %∆ in advertising expense 213.0590 (13.0667) 

52. %∆ in (advertising/sales) 0.0143 (0.0007) 

53. %∆ in total assets 0.8616 (0.0760) 

54. Cash flow to total debt 0.1128 0.3432 

55. Working capital/total assets 0.1782 0.4333 

56. %∆ in working capital/total assets (55.6977) 11.2234 

57. Operating income/total assets (0.0356) 0.0850 

58. %∆ in operating income/total assets (27.2872) 5.7874 

59. %∆ in total uses of funds (50.0000) 93.6699 

60. %∆ in total sources of funds 6,828.9168 (98.8541) 

61. Repayment of long term debt as % of total long term debt (0.1008) (0.0026) 

62. Issuance of long term debt as % of total long term debt 0.3382 0.0156 

63. Purchase of treasury stock as % of stock 2.3872 0.4774 

64. %∆ in funds (0.0164) (0.2336) 

65. %∆ in long term debt 0.3427 (0.0080) 

66. Cash dividend as % of cash flows (1.6858) (36.5686) 

67. %∆ in working capital 1.3535 0.0000 

68. Net income over cash flows (220,805.0300) (206,712.0000) 

Earning Result Increase Decrease 

4-2- Data Optimized Discretization 

The dataset was discretized using the Python Optimal Binning (OptBinning) library [26]. The method is used to find 

optimal bins for each descriptor. Tables 3 and 4 show an example of binning information of “current ratio” and “debt-

to-equity ratio” descriptors, respectively. The summary of optimal bins of all descriptors was presented in Table 5. 
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Table 3. Example of optimal bins of “current ratio” descriptors 

Bin Current ratio range Count (%) 

0 (0.00, 0.66) 13.1336 

1 [0.66, 1.71) 38.7097 

2 [1.71, 1.89) 5.5300 

3 [1.89, 2.34) 7.1429 

4 [2.34, 3.60) 13.5945 

5 [3.60, 8.83) 16.1290 

6 [8.83, inf) 5.7604 

Table 4. Example of optimal bins of “debt-equity ratio” descriptors 

   Debt-equity ratio range Count (%) 

0 (0.00, 0.11) 6.4516 

1 [0.11, 1.22) 68.8940 

2 [1.22, 1.54) 7.8341 

3 [1.54, 2.23) 10.8295 

4 [2.23, inf) 5.9908 

Table 5. Summary of optimal bins of all descriptors 

No. Accounting descriptors Number of bins 

1 Current ratio 7 

2 %∆ in current ratio 7 

3 Quick ratio 8 

4 %∆ in quick ratio 8 

5 Days sales in accounts receivable 7 

6 %∆ in days sales in accounts receivable 7 

7 Inventory turnover 5 

8 %∆ in inventory turnover 7 

9 Inventory/total assets 7 

10 %∆ in inventory/total assets 4 

11 %∆ in inventory 7 

12 %∆ in sales 7 

13 %∆ in depreciation 8 

14 ∆ in dividend per share 5 

15 Depreciation/plant assets 5 

16 %∆ in depreciation/plant assets 4 

17 Return on opening equity 7 

18 ∆ in return on opening equity 8 

19 %∆ in (capital expenditure/total assets) 7 

20 %∆ in (capital expenditure/total assets), one-year lag 7 

21 Debt-equity ratio 5 

22 %∆ in debt-equity ratio 4 

23 Long term debt to equity 7 

24 %∆ in long term debt to equity 7 

25 Equity to fixed assets 8 

26 %∆ in equity to fixed assets 5 

27 Times interest earned 6 

28 %∆ in times interest earned 10 

29 Sales/total assets 6 

30 %∆ in sales/total assets 8 

31 Return on total assets 9 

32 Return on closing equity 5 

33 Gross margin ratio 7 
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34 %∆ in gross margin ratio 8 

35 Operating profit (before depreciation) to sales 9 

36 %∆ in operating profit (before depreciation) to sales 11 

37 Pretax income to sales 10 

38 %∆ in pretax income to sales 8 

39 Net profit margin 8 

40 %∆ in net profit margin 9 

41 Sales to total cash 8 

42 Sales to accounts receivable 6 

43 Sales to inventory 4 

44 %∆ in sales to inventory 7 

45 Sales to working capital 6 

46 %∆ in sales to working capital 7 

47 Sales to fixed assets 7 

48 %∆ in production 8 

49 %∆ in R&D 6 

50 %∆ in (R&D/sales) 8 

51 %∆ in advertising expense 6 

52 %∆ in (advertising/sales) 8 

53 %∆ in total assets 8 

54 Cash flow to total debt 8 

55 Working capital/total assets 8 

56 %∆ in working capital/total assets 6 

57 Operating income/total assets 10 

58 %∆ in operating income/total assets 5 

59 %∆ in total uses of funds 5 

60 %∆ in total sources of funds 5 

61 Repayment of long term debt as % of total long term debt 4 

62 Issuance of long term debt as % of total long term debt 5 

63 Purchase of treasury stock as % of stock 1 

64 %∆ in funds 4 

65 %∆ in long term debt 5 

66 Cash dividend as % of cash flows 7 

67 %∆ in working capital 2 

68 Net income over cash flows 5 

From Table 3, the results show that there are seven optimal ranges of the current ratio descriptor. For example, it can 

be found from Table 2 that if company 1 has a current ratio = 1.5522, it is discretized into the range [0.66, 1.71), and if 

company 2 has the current ratio = 2.8611, it is discretized into the range [2.34, 3.60). 

From Table 4, the results show five optimal ranges of debt-to-equity ratio descriptor. For example, it can be found 

from Table 2 that if company 1 has debt-to-equity ratio = 0.9693, it is discretized into the range [0.11, 1.22), and if 

company 2 has debt-to-equity ratio = 0.4366, it is also discretized into the range [0.11, 1.22). 

From Table 5 shows the optimal range of each descriptor using optimized discretization. For example, in Tables 3 

and 4, current and debt-to-equity ratios have seven and five optimal ranges, respectively. 

4-3- Identifying Associated Future Earnings Patterns 

From 2850 financial statements, strongly associated patterns were found using FP-Growth and Eclat algorithms in a 

Mlxtend library (Machine learning extensions) [27]. The proposed method was applied several times to determine the 

best parameters for strongly associated patterns. Therefore, the minimum support value and minimum confidence 

thresholds of the FP-Growth and Eclat algorithms were set to be 15% and 60%, respectively. We found a total of 39 

patterns with 90%-100% confidence and a lift value >1 through the FP-Growth algorithm and 34 patterns with 90%-

100% confidence and a lift value > 1 from the Eclat algorithm, as shown in Tables 6 and 7. In total, four strongly 

associated increased earning patterns, and nine strongly associated decreased earning patterns were mined from both 

algorithms. The strong patterns of associated earnings were shown in Table 8. 
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Table 6. Associated patterns of earnings derived from FP-Growth 

No. Antecedent Consequent Confidence (%) 

1 %∆ in total uses of funds = (-inf, -740.14) Earnings = increase 99.47 

2 Inventory turnover = (1.00, 87.14) Earnings = increase 94.16 

3 Issuance of long term debt as % of total long term debt = (0.00, 0.08) Earnings = increase 91.72 

4 Debt-equity ratio = [0.11, 1.22) Earnings = increase 90.09 

5 
%∆ in operating income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 

and return on closing equity = [0.05, inf) and return on opening equity = [0.09, inf) 
Earnings = decrease 100.00 

6 
%∆ in operating income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 

and return on opening equity = [0.09, inf) 
Earnings = decrease 100.00 

7 
%∆ in operating income/total assets = (-inf, 18.06) and inventory turnover = (1.00, 87.14) and return on 

opening equity = [0.09, inf) 
Earnings = decrease 100.00 

8 

%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 

debt = (0.00, 0.08) and repayment of long term debt as % of total long term debt = [-0.06, inf), %∆ in 

working capital/total assets = [-50.26, 13.59) and long term debt to equity = (0.00, 0.11) 

Earnings = decrease 100.00 

9 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and %∆ in 
current ratio = [-9.79, 12.97) 

Earnings = decrease 100.00 

10 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and %∆ in 

equity to fixed assets = [-16.90, 9.07) 
Earnings = decrease 100.00 

11 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and %∆ in 

working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 100.00 

12 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and inventory 

turnover = (1.00, 87.14) and return on opening equity = [0.09, inf) 
Earnings = decrease 100.00 

13 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and return on 

closing equity = [0.05, inf) and return on opening equity = [0.09, inf) 
Earnings = decrease 100.00 

14 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and return on 
opening equity = [0.09, inf) 

Earnings = decrease 100.00 

15 
%∆ in operating income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 
and return on closing equity = [0.05, inf) 

Earnings = decrease 99.04 

16 
%∆ in operating income/total assets = (-inf, 18.06) and repayment of long term debt as % of total long 
term debt = [-0.06, inf) and %∆ in working capital/total assets = [-50.26, 13.59), long term debt to equity 

= (0.00, 0.11) 

Earnings = decrease 98.65 

17 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and net profit 

margin = [0.05, 0.11) 
Earnings = decrease 98.61 

18 

%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 

debt = (0.00, 0.08) and %∆ in depreciation/plant assets = [-55.5603, 7.01) and %∆ in working capital/total 
assets = [-50.26, 13.59) 

Earnings = decrease 98.59 

19 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in 

working capital/total assets = [-50.26, 13.59) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 97.67 

20 
%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 
debt = (0.00, 0.08) and %∆ in long term debt = [-0.01, 0.01) 

Earnings = decrease 97.30 

21 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in debt-

equity ratio = (-inf, 3.17) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 97.18 

22 
%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 

debt = (0.00, 0.08) and %∆ in debt-equity ratio = (-inf, 3.17) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 97.10 

23 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in 
depreciation/plant assets = [-55.5603, 7.01) and %∆ in (capital expenditure/total assets), one-year lag = 

[-7.29, 112.36) 

Earnings = decrease 97.10 

24 

%∆ in operating income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 

and repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in working capital/total 
assets = [-50.26, 13.59) 

Earnings = decrease 97.06 

25 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in equity 

to fixed assets = [-16.90, 9.07) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 97.06 

26 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and issuance of 
long term debt as % of total long term debt = (0.00, 0.08), return on closing equity = [0.05, inf) 

Earnings = decrease 96.30 

27 

Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and issuance of 

long term debt as % of total long term debt = (0.00, 0.08) and repayment of long term debt as % of total 

long term debt = [-0.06, inf) and %∆ in working capital/total assets = [-50.26, 13.59) 

Earnings = decrease 96.10 

28 
%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 

debt = (0.00, 0.08) and return on closing equity = [0.05, inf) 
Earnings = decrease 96.08 

29 
%∆ in operating income/total assets = (-inf, 18.06) and repayment of long term debt as % of total long 

term debt = [-0.06, inf) and %∆ in working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 96.08 

30 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in 

working capital/total assets = [-50.26, 13.59) and %∆ in funds = [-0.09, 0.03) 
Earnings = decrease 95.95 

31 
%∆ in operating income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 

13.59) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 95.92 
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32 

Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and issuance of 

long term debt as % of total long term debt = (0.00, 0.08) and %∆ in Working capital/total assets = [-

50.26, 13.59) 

Earnings = decrease 95.79 

33 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in net profit margin = [-65.19, -21.93) Earnings = decrease 95.65 

34 
%∆ in operating income/total assets = (-inf, 18.06) and issuance of long term debt as % of total long term 
debt = (0.00, 0.08) and %∆ in depreciation/plant assets = [-55.5603, 7.01) and %∆ in debt-equity ratio = 

(-inf, 3.17) 

Earnings = decrease 95.65 

35 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and repayment 
of long term debt as % of total long term debt = [-0.06, inf) and %∆ in working capital/total assets = [-

50.26, 13.59) 

Earnings = decrease 95.60 

36 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in long term debt = [-0.01, 0.01) Earnings = decrease 95.50 

37 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and 

repayment of long term debt as % of total long term debt = [-0.06, inf) 
Earnings = decrease 95.45 

38 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in 
depreciation/plant assets = [-55.5603, 7.01) and %∆ in working capital/total assets = [-50.26, 13.59) 

Earnings = decrease 95.45 

39 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in equity 
to fixed assets = [-16.90, 9.07) and %∆ in working capital/total assets = [-50.26, 13.59) 

Earnings = decrease 95.06 

Table 7. Earnings associated patterns derived from Eclat 

No. Antecedent Consequent Confidence (%) Lift 

1 %∆ in total uses of funds = (-inf, -740.14) Earnings = increase 99.47 1.30 

2 Inventory turnover = (1.00, 87.14) Earnings = increase 94.16 1.23 

3 Issuance of long term debt as % of total long term debt = (0.00, 0.08) Earnings = increase 91.72 1.20 

4 Debt-equity ratio = [0.11, 1.22) Earnings = increase 90.09 1.18 

5 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and %∆ in 

depreciation/plant assets = [-55.5603, 7.01) 
Earnings = decrease 99.04 1.38 

6 
Issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating income/total 

assets = (-inf, 18.06) and return on closing equity = [0.05, inf) 
Earnings = decrease 96.08 1.34 

7 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in operating income/total 

assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 96.08 1.34 

8 
%∆ in operating income/total assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) and %∆ in 

working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 95.92 1.33 

9 

Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) 

and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 

13.59) 

Earnings = decrease 95.79 1.33 

10 

Repayment of long term debt as % of total long term debt = [-0.06, inf) and debt-equity ratio = [0.11, 1.22) 

and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 

13.59) 

Earnings = decrease 95.60 1.33 

11 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in long term debt = [-0.01, 0.01) Earnings = decrease 95.50 1.33 

12 
Issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating income/total 

assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 
Earnings = decrease 94.83 1.32 

13 

Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) 

and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 

7.01) 

Earnings = decrease 94.74 1.32 

14 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in operating income/total 

assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 
Earnings = decrease 94.06 1.31 

15 
Issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating income/total 

assets = (-inf, 18.06) and %∆ in debt-equity ratio = (-inf, 3.17) 
Earnings = decrease 93.69 1.30 

16 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in 

depreciation/plant assets = [-55.5603, 7.01) 
Earnings = decrease 93.38 1.30 

17 
Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) 

and %∆ in operating income/total assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 93.27 1.30 

18 
%∆ in operating income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 

13.59) 
Earnings = decrease 92.90 1.29 

19 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and %∆ in funds = 

[-0.09, 0.03) 
Earnings = decrease 92.66 1.29 

20 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in equity to fixed assets = 

[-16.90, 9.07) and %∆ in operating income/total assets = (-inf, 18.06) 
Earnings = decrease 92.63 1.29 

21 
Debt-equity ratio = [0.11, 1.22) and depreciation/plant assets = [0.09, 0.15) and %∆ in operating 

income/total assets = (-inf, 18.06) 
Earnings = decrease 92.55 1.29 

22 
%∆ in equity to fixed assets = [-16.90, 9.07) and %∆ in operating income/total assets = (-inf, 18.06) and 

%∆ in working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 92.45 1.29 
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23 
Debt-equity ratio = [0.11, 1.22) and %∆ in operating income/total assets = (-inf, 18.06) and long term debt 

to equity = (0.00, 0.11) 
Earnings = decrease 92.25 1.28 

24 
Issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating income/total 

assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 92.24 1.28 

25 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in funds = [-0.09, 0.03) Earnings = decrease 92.20 1.28 

26 
%∆ in equity to fixed assets = [-16.90, 9.07) and %∆ in operating income/total assets = (-inf, 18.06) and 

debt-equity ratio = [0.11, 1.22) 
Earnings = decrease 92.17 1.28 

27 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in inventory/total assets = [3.14, inf) Earnings = decrease 92.16 1.28 

28 %∆ in current ratio = [-9.79, 12.97) and %∆ in operating income/total assets = (-inf, 18.06) Earnings = decrease 91.87 1.28 

29 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in operating income/total 

assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) 
Earnings = decrease 91.59 1.27 

30 %∆ in operating income/total assets = (-inf, 18.06) and sales to working capital = [2.84, 13.76) Earnings = decrease 91.26 1.27 

31 Sales to accounts receivable = [4.46, 7.85) and %∆ in operating income/total assets = (-inf, 18.06) Earnings = decrease 90.91 1.26 

32 Sales/total assets = [0.90, 1.70) and return on opening equity = [0.09, inf) Earnings = decrease 90.82 1.26 

33 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in return on opening equity = [-0.02, 0.02) Earnings = decrease 90.29 1.26 

34 Sales to inventory = [6.82, inf) and return on opening equity = [0.09, inf) Earnings = decrease 90.00 1.25 

Table 8. Strong associated patterns of increased and decreased earnings from both algorithms 

No. Antecedent Consequent 

1 %∆ in total uses of funds = (-inf, -740.14) Earnings = increase 

2 Inventory turnover = (1.00, 87.14) Earnings = increase 

3 Issuance of long term debt as % of total long term debt = (0.00, 0.08) Earnings = increase 

4 Debt-equity ratio = [0.11, 1.22) Earnings = increase 

5 
%∆ in operating income/total assets = (-inf, 18.06) and return on closing equity = [0.05, inf) and %∆ in depreciation/plant assets 
= [-55.5603, 7.01) 

Earnings = decrease 

6 
Issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating income/total assets = (-inf, 18.06) and 
return on closing equity = [0.05, inf) 

Earnings = decrease 

7 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and %∆ in operating income/total assets = (-inf, 18.06) 
and %∆ in working capital/total assets = [-50.26, 13.59) 

Earnings = decrease 

8 
%∆ in operating income/total assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) and %∆ in working capital/total 

assets = [-50.26, 13.59) 
Earnings = decrease 

9 
Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating 

income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 13.59) 
Earnings = decrease 

10 
Repayment of long term debt as % of total long term debt = [-0.06, inf) and debt-equity ratio = [0.11, 1.22) and %∆ in operating 
income/total assets = (-inf, 18.06) and %∆ in working capital/total assets = [-50.26, 13.59) 

Earnings = decrease 

11 %∆ in operating income/total assets = (-inf, 18.06) and %∆ in long term debt = [-0.01, 0.01) Earnings = decrease 

12 
Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating 
income/total assets = (-inf, 18.06) and %∆ in depreciation/plant assets = [-55.5603, 7.01) 

Earnings = decrease 

13 
Debt-equity ratio = [0.11, 1.22) and issuance of long term debt as % of total long term debt = (0.00, 0.08) and %∆ in operating 
income/total assets = (-inf, 18.06) and long term debt to equity = (0.00, 0.11) 

Earnings = decrease 

5- Discussion 

Proposed solutions from the research questions and discussion of associated future earnings patterns. 

RQ1: What machine learning techniques can be used to identify future earnings patterns in financial statements? 

Before identifying future earning patterns, this study used an optimized discretization technique to find optimal bins 

and generate discrete data in each accounting descriptor variable. Then, both FP-Growth and Eclat algorithms were used 

to identify the associated future earnings patterns. The strongly associated future earnings patterns were identified 

concerning the positive or negative changes in earnings. This is a new way for financial statement users to consider 

earnings that differ from previous studies that only have found factors affecting earnings. 

Using FP-Growth and Eclat algorithms to determine whether the trend of earnings is increasing or decreasing, this 

study found four associated patterns that were the same for both methods, as shown in Table 8. This indicates that the 

increased earnings pattern can be found in a few limited patterns. This is in line with the conservative principle [28], in 

which the probability of accounting transactions and revenue resulting in future economic benefits for an entity should 

be considered with caution. Those benefits can be measured reliably [29]. All four associated increased earnings patterns 

resulting from our work were listed under the asset and liability category. 
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In order to identify decreased earnings patterns using the FP-Growth and Eclat algorithms, 35 and 30 associated 

patterns were obtained, respectively, with the associated patterns of liability, revenue, and expense categories having the 

most relevance. For example, if %∆ in operating income/total assets = (-inf, 18.06), the issuance of long-term debt as 

percentage of total long-term debt = (0.00, 0.08), the repayment of long-term debt as percentage of total long-term debt 

= [-0.06, inf), %∆ in working capital/total assets = [-50.26, 13.59) and long-term debt to equity = (0.00, 0.11), then 

earnings decrease. It can be seen that the associated decreased earnings patterns reflect information about liability since 

liability is the entity’s current obligation to transfer economic resources as a result of past events [29]. It also resulted in 

decreased earnings as the company’s debt resulted in the incurred debt [30], causing the firm to be obligated to pay the 

interest expense and debt in the future. It will affect the future performance and liquidity of a business. Besides, the 

found items were classified as revenue and expense, resulting in net profit or a net loss. The related items result in a 

decrease in earnings due to net profit or net loss from past to present [5]. These reflect past performance in which the 

entity operates profitably enough to pay back its owners or creditors, but they also use historical performance data to 

predict future earnings [5]. 

RQ2: What associated patterns and accounting descriptors are related to future increased and decreased earnings 

after finding future earnings patterns? 

As for research question 1, this study discovered the strongly associated patterns in both algorithms, and there were 

four and nine strongly associated increased and decreased earnings patterns, respectively, as given in Table 8. 

Four strongly associated increased earnings patterns include: 

 If %∆ in total uses of funds = (-inf, -740.14), then increased earnings indicate that the entity’s use of funds has 

decreased. This may be due to the decreased acquisition of fixed or other assets, the redemption of long-term debt, 

or the payment of creditors. These results affect a decrease in amortization or depreciation expense arising from 

the acquisition of assets. The decrease in expenses results in an earnings increase, consistent with [7], who found 

that investing cash flow affects predicted future earnings. 

 If inventory turnover = (1.00, 87.14), then increased earnings indicate that within one year, the entity’s sold 

inventories are within a high range, meaning that inventories have been turned over many times. This makes 

inventories have a low risk of becoming spoiled, damaged, or obsolescent [31]. As a result, a business may not 

have to recognize the expense of spoilage, damage, or obsolescence of a product [32], which can affect the 

increased earnings of a business. 

 If the issuance of long-term debt as a percentage of total long-term debt = (0.00, 0.08), then earnings increase. This 

pattern shows that raising money to be used as long-term debt is long-term funding. It is long-term fundraising 

within the accounting period close to the total long-term debt. As a result, a business will reduce the burden of 

interest expenses incurred in the future. This is also to manage long-term debt to some extent to pay the interest 

expense and principal in the future, which increases a business’ earnings [33]. 

 If the debt-to-equity ratio = [0.11, 1.22), an earnings increase indicates that the debt-to-equity ratio reflects the 

entity’s financing. This is related to Ooi (2000) [34], who found that the higher the equity capital level of a firm, 

the lower its debt agency cost. This pattern shows that the entity uses its funds from external sources similar to that 

of its internal sources, which commits to paying less interest. As a result, the recognition of expenses of a business 

is lower, increasing its earnings. 

For the nine strongly associated decreased earnings patterns, there are accounting descriptors in all patterns. %∆ in 

operating income/total assets = (-inf, 18.06) is consistent with [19], who showed that total assets could generate an 

increase or decrease in operating income from the previous year. If the ratio result is a negative value, the total assets 

can generate a decrease in operating income from the previous year. A positive value of the ratio result means that total 

assets can generate an increase in operating income from the previous year, which shows that a business can effectively 

manage the use of total assets. This descriptor can identify future earnings decrease when it co-occurs with the following 

descriptors: 

 If return on closing equity = [0.05, inf) and %∆ in depreciation/plant assets = (-inf, 7.01), then earnings decrease 

(Pattern 5). The %∆ in operating income/total assets = (-inf, 18.06) co-occurs with the returns to the owner, in the 

range [0.05, inf), a high percentage of return on ownership. This also coincides with the depreciation rate being in 

the range (-inf, 7.01), indicating a higher amortization/depreciation expense [35]. Therefore, when the depreciation 

rate is calculated at a high rate, this causes a business to have more expenses, affecting a future earnings decrease. 

 If issuance of long-term debt as percentage of total long-term debt = (-inf, 0.08) and return on closing equity = 

[0.05, inf), then earnings decrease (Pattern 6). It can be seen that if the ratio of long-term debt increases against 

total long-term debt in the range (-inf, 0.08), long-term debt increase has a financial cost higher than raising money 

from the owners. Besides, if it co-occurs with the return the owner receives in the range [0.05, inf), the business 

profits from using total assets and has a large proportion of return to its owners. This includes incurring more long-
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term liabilities. Consequently, companies are obligated to pay interest expenses in the future, resulting in a decrease 

in earnings due to higher financial costs [36]. 

 If repayment of long-term debt as a percentage of total long-term debt = [-0.06, inf) and %∆ in working capital/total 

assets = [-50.26, 13.59), then earnings decrease (Pattern 7), indicating %∆ in operating income/total assets = (-inf, 

18.06) coincides with the long-term debt payout ratio compared to total long-term liabilities. The debt payment 

will result in the company not having enough money to invest in generating more income. Also, this coincides with 

the decrease in current assets and current liabilities compared to total assets, meaning that a business does not have 

a different value of current assets and liabilities. This affects the liquidity of the company’s operations, resulting 

in a decrease in earnings [36]. 

 If the long-term debt to equity = (0.00, 0.11) and %∆ in working capital/total assets = [-50.26, 13.59), then earnings 

decrease (Pattern 8), showing that when the %∆ in operating income/total assets = (-inf, 18.06) coincides with 

long-term debt to equity, resulting in long-term debt higher than equity, this means that the entity uses more funds 

from creditors than owners, causing a business to have higher financial costs. As a result, a business has higher 

interest expense obligations. When this co-occurs with the %∆ in working capital/total assets with current assets 

close to current liabilities, which can affect the company’s short-term debt payments. As a result, this entity would 

have higher financial costs and liquidity risk of short-term debt repayment, leading to a decrease in the earnings of 

a business [36]. 

 The debt-to-equity ratio = [0.11, 1.22) and the issuance of long-term debt as percentage of total long-term debt = 

(-inf, 0.08) shows that the %∆ in operating income/total assets = (-inf, 18.06) co-occurs with the leverage to equity 

ratio in the range of debt close to equity. However, external capital is still used more than internal capital, which 

has higher financial costs [36]. This also coincides with the issuance of long-term debt compared to total long-term 

debt, indicating a high financial cost of raising funds compared to the issuance of long-term debt. As a result, a 

business is burdened with higher interest expenses. Furthermore, earnings decrease when this co-occurs with the 

%∆ in working capital/total assets = [-50.26, 13.59] (Patterns 9). The value of current assets close to current 

liabilities is a warning signal about the liquidity of the company’s short-term debt repayment. Also, when this co-

occurs with the %∆ in depreciation/plant assets = (-inf, 7.01), earnings decrease (Pattern 12). It is a warning sign 

of increased depreciation expense recognition, resulting in decreased business revenue. 

 If repayment of long-term debt as percentage of total long-term debt = [-0.06, inf) and debt-to-equity ratio = [0.11, 

1.22) and the %∆ in working capital/total assets = [-50.26, 13.59), then earnings decrease (Pattern 10). This shows 

that when the %∆ in operating income/total assets = (-inf, 18.06) coincides with long-term debt payments, this is 

almost the same as total long-term debt. Therefore, this results in a business not having a cash balance between 

investing more for higher returns. In addition, the debt is close to the owner’s equity. Consequently, a business has 

higher interest costs, including current assets close to the current liability, which affects the liquidity of the short-

term debt repayment of a business. When the above patterns co-occur, causing a business to be burdened with 

increased interest expenses, including the risk of liquidity in a business, resulting in an earnings decrease [36]. 

 If there is a %∆ in long-term debt [-0.01, 0.01), then earnings decrease (Pattern 11), indicating that %∆ in operating 

income/total assets = (-inf, 18.06) coincides with the minimal change in long-term debt. Therefore, the entity would 

have obligations for interest expenses, resulting in an earnings decrease in a business [36]. 

 If debt-to-equity ratio = [0.11, 1.22) and issuance of long-term debt as percentage of total long-term debt = (-inf, 

0.08), and long-term debt to equity = (0.00, 0.11), then earnings decrease (Pattern 13). This indicates that %∆ in 

operating income/total assets = (-inf, 18.06) co-occurs with the use of more funds from creditors than owners, 

resulting in higher interest expenses. Also, the issuance of long-term debt close to total debt affects the interest 

expense of a business in the future, as well as raising funds from long-term debt to the owners. The above patterns 

result in recognition of higher interest expenses of a business, which affects an earnings decrease in a business 

[36]. 

6- Conclusions 

This work aimed to find associated future earnings patterns from the financial statements of companies listed on the 

Stock Exchange of Thailand. Sixty-eight accounting descriptors provided the basis to estimate the probability of an 

increase or decrease in earnings in the subsequent fiscal year. Before generating associated patterns from accounting 

descriptors, the numerical data were converted into optimal discrete ranges using an optimized discretization technique. 

The FP-Growth and Eclat algorithms were used to identify strongly associated future earnings patterns. Our work was a 

novel approach because these associated patterns could identify future earning relationships between accounting 

descriptors. It differed from other methods, which only predict earnings or identify the factors of future earnings. We 

found four patterns of strongly associated increased earnings related to the asset and liability categories in financial 

statements. The other nine strongly associated patterns of decreased earnings were related to the liability, revenue, and 

expense categories in financial statements. From strongly associated patterns, we also identified ten important accounting 
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descriptors reflecting future earnings: 1) %∆ in long-term debt, 2) %∆ in debt-to-equity ratio, 3) %∆ in depreciation/plant 

assets, 4) %∆ in operating income/total assets, 5) %∆ in working capital/total assets, 6) debt-to-equity ratio, 7) issuance 

of long-term debt as a percentage of total long-term debt, 8) long-term debt to equity, 9) repayment of long-term debt as 

a percentage of total long-term debt, and 10) return on closing equity. These results are easy to use to provide warning 

signs for analysis and decision-making in a business and interpret the co-occurrence of future earnings. 

This study has the following implications: 

 Academic research implications: This work proposes a new model to find the associated increased and decreased 

earning patterns that differ from previous studies in the literature review. 

 Practical implications for internal user decision-making: This newly proposed method can help the internal users 

plan a business operation strategy in the future more accurately. 

 Practical implications for external user decision-making: These associated future earnings patterns and important 

accounting descriptors are used to help external users provide supporting information for investment decisions, 

including considering the ability of a business to repay future debt. 

 Nevertheless, this study had the following limitations. We used companies listed on the Stock Exchange of 

Thailand (SET), which was set up as a long-term funding source for large companies. The Market for Alternative 

Investment (MAI) is a source of funding for small and medium-sized businesses. As these businesses have a market 

capitalization of different values, this will result in different optimal ranges of accounting descriptors and will also 

result in different associated increased or decreased earnings patterns. 

Future studies will separate datasets into the different business types of listed companies on the Stock Exchange of 

Thailand so that associated future earnings patterns can be clearly identified for each business type. In addition, other 

data analytics methods, such as time-series deep learning, should be used for forecasting future earnings. 
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