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Abstract - This article proposes a modeling procedure that combines time series and regression analysis for estimating sales 

of publicly traded companies based on internal financial and economic leading indicators. First, this article proposes a data 

transformation equation to improve linear relationships between preceding financial and economic variables and sales 

performance. Second, based on these improved relationships, a modeling procedure that combines time series and regression 

analysis is used to develop sales forecasting models for four sample construction companies. The out-of-sample forecasting 

accuracy is evaluated using mean absolute percentage error (MAPE). The results show that the MAPE values in the 

forecasting models range from 0.89% to 4.94% with an average of 2.68%, which outperforms a similar study that uses the 

vector auto regression (VAR) model and the Litter man Bayesian vector auto regression (LBVAR) model. 
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I. INTRODUCTION 

 

The creation of reliable sales forecasts has long been 

acknowledged as an important aspect of business 

practice. Regardless of industry, sales forecasting 

plays a pivotal role in decision making with respect to 

the scheduling of manufacturing and inventory 

replenishment [1]. Inaccurate and unreliable sales 

forecasts can cause inventory stockpiling or even lost 

sales; thus, not surprisingly, Dalrymple [2] and 

Mahmoud et al [3] have reported from surveys that 

accuracy and reliability have become two of the most 

important criteria in selecting methods of and 

approaches to sales forecasting. A review of existing 

literature suggests that there are many approaches and 

methods in use for predicting future sales, which vary 

greatly in the level of complexity and accuracy. 

According to the data and methodologies used, these 

approaches and models can generally be categorized 

into two groups: the structural models, such as 

econometric models and the combined time series and 

regression analysis [4]-[6], and the pure time series 

models, such as smoothing, moving average, 

Box-Jenkins and the autoregressive integrated moving 

average (ARIMA) models[7] [10]. The structural 

models attempt to describe the causal relationship 

between an outcome variable and a number of 

explanatory variables [11] and allow the decision 

maker to investigate how changes in the explanatory 

variables influence the outcome variable. For example, 

Smith et al. [12] developed a two-stage forecasting 

methodology to use for estimation of the weekly sales 

of a retail chain in response to promotional variables 

such as price, promotional sales, promotional 

frequency and inventory ratio. Their model is based on 

an integrated least squares procedure that employs 

regression analysis in the first stage in order to 

compute the coefficients of the promotional variables. 

In conjunction with the discounted least squares 

smoothing procedure in second stage, the model 

updates parameters in response to changes in market 

conditions. Luxhoj et al. [11] developed a hybrid 

econometric–neural network model for monthly sales 

forecasting of an audio/video manufacturing 

company. Their model is built upon sequential 

integration of a seasonally-adjusted time series 

component, an econometric model with lagged 

explanatory variables for certain sales markets and an 

artificial neural network (ANN) component to capture 

non-linear behavior, where the output of one stage 

becomes part of the input to the next stage. They 

concluded that by averaging the sales forecasts from 

each of the three sub-models of the hybrid 

econometric–neural network model forecasting errors 

can be significantly reduced. Building on the work of 

Luxhoj et al. [11] and Kuo et al. [13] introduced a 

sales forecasting system based on a fuzzy neural 

network (FNN) that is capable of learning the fuzzy 

IF–THEN rules obtained from marketing experts 

regarding promotions, hence eliminating the 

unimportant weights of variables. They compared the 

predictive abilities of the autoregressive moving 

average model, the ANN model and the FNN model, 

and concluded that, under the circumstance of a sales 

promotion, the FNN model produces the most 

accurate forecasting results.  

Chiu and Shyu [14] presented a multivariate time 

series model, which built upon the vector 

autoregression (VAR) and Litterman Bayesian vector 

autoregression (LBVAR) models, for quarterly sales 

forecasting in the portable computer industry. They 

experimented with nine candidate models, all with 

three exogenous variables, including national 

consumption expenditure, the exchange rate (to US 

dollars) and desktop computer sales, then selected the 

one that best fitted their criteria. They concluded that 



International Journal of Management and Applied Science, ISSN: 2394-7926                                 Volume-5, Issue-6, Jun.-2019 

http://iraj.in 

Using Financial and Economic Leading Indicators to Predict Sales of Publicly Traded Companies 

 

59 

the use of multivariate time series models with these 

exogenous variables appears to give accurate results 

for quarterly sales forecasting in the portable 

computer industry. Subsequent work of Pantelidaki 

and Bunn [15] proposed a multifunctional sales 

response model with the diagnostic aid of the ANN 

model, for weekly sales forecasting. They concluded 

that the use of neural network modeling as a 

re-specification tool for parametric models in response 

to the variables of sales price, advertising, promotion 

and competitors‟ price improves the accuracy of the 

forecasts.  

Despite the refinements made to these structural 

models, only a few economic leading indicators that 

anticipate the direction in which the economy is 

headed, such as consumer price index and 

unemployment rate, have been considered in the 

creation of the models. This fact implies that the 

direction in which the economy is headed is not 

significantly related to the sales volumes of firms; an 

assumption that is particularly questionable with 

regard to cyclical industries, whose sales and profits 

are sensitive to changes in the level of economic 

activity. Furthermore, a review of financial literature 

suggests that while the financial performance of a firm 

measures the competitiveness of the firm, the firm‟s 

competitiveness assures its survival and expansion in 

the market [16]- [17]. Consequently, there appears to 

be a link between sales and internal financial 

indicators such as asset turnover and profit margin, 

which measure financial performance.  

Another group of authors adopt the approach of pure 

time series methods, which are well-suited to analysis 

of consistent seasonal changes and trends [7]-[10], 

[18]. These time series methods model past behavior 

of a process in an attempt to forecast future behavior, 

i.e. the use of a past outcome of an event to predict the 

future outcome of an event. Such models are 

particularly useful when there is little knowledge of 

the underlying data generation process, and the 

resulting predictions are found to be reliable in the 

short term [11]. For example, Kunst and Franses [19] 

studied the impact of seasonal dummies on the 

predictive ability of the vector autoregressive model by 

focusing on the effect of deleting, restricting and not 

restricting seasonal intercept terms. They found that 

the restricted seasonal dummies approach, which is 

aimed at excluding the usually unlikely possibility of 

diverging seasonal trends in log-transformed data, 

leads to the most accurate forecasting results.  

Johnston et al. [20] studied the predictive ability of 

moving averages and concluded that use of the 

average of two moving averages provides more 

accurate predictions than the use of either one of the 

single moving averages. Robb and Silver [21] refined 

the work of Johnston et al. [20] and developed a model 

of composite moving averages, which uses a 

combination of all possible single moving averages up 

to a given number of periods, and employed the model 

to forecast steel sales. They evaluated their model‟s 

performance relative to exponentially-weighted 

moving averages and simple moving averages, and 

concluded that the results produced using their model 

are superior.  

Despite the fact that the pure time series models are 

able to provide excellent fits to historical data, these 

models will only be capable of generating accurate, 

reliable sales forecasts if approximately the same 

pattern of time variation continues in future sales. 

Further, the pure time series models are inadequate for 

use in capturing the effects of endogenous and 

exogenous variables. Consequently, the pure time 

series methods are only useful when little knowledge 

of the underlying data generating process is available. 

 

II. RESEARCH QUESTION AND 

METHODOLOGY 

 

The above literature review suggests that while there 

appears to be a link between sales and internal 

financial and economic leading indicators, most 

methods of assessment and comparison address how 

to refine sales forecasting algorithms, and that 

relatively little research has been conducted on 

developing a modeling procedure for sales forecasts 

built on internal financial and economic leading 

variables. Thus, this article poses a specific research 

question with the aim of being able to provide an 

alternative approach for sales forecasting: How can a 

sales forecasting (SF) model be developed using 

internal financial and economic leading variables? 

The methodology to answer the research question is 

twofold. First, based on prior studies [23]-[24], we will 

select financial statement variables and economic 

indicators that are proven to be significant to corporate 

sales. Second, we will combine time series and 

regression approaches to develop sales forecasting 

models based on those selected financial and 

economic variables [25]-[31]. 

 

III. RESEARCH RESULTS 

 

A. The Data 

Table 1 shows the publicly traded construction 

companies studied. The reason we chose these large 

publicly traded construction companies is because 

they are more representative of the construction 

industry. 
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Table 1 General information of sample firms studied 

Based on previous studies [32]-[34], this article 

selected 18 financial statement variables and 14 

economic leading indicators for use in building the 

forecasting model. The firms‟ quarterly financial 

statement data were extracted from the Taiwan Stock 

Exchange Corporation, while the quarterly economic 

data were drawn from the Department of Statistics, the 

Ministry of Economic Affairs of Taiwan. The 

definitions of the variables used in this article are 

given in Table 2. The data period is 10 years, resulting 

in 40 observation data that were split into two parts, 

the training data and the prediction data. The training 

data (the front 25 observations) were used to build the 

SF model, while the prediction data (the following 15 

observations) were used to study the predictive ability 

of the model. 

 
Table 2 Financial and economic variables 

B. Initial Model Building 

Subsequent to data collection and calculations, the 

datasets of sales, internal financial and economic 

variables were transformed by the following equation: 

n Var Vart t c j t j

t j

n














ln
,

( )  

1

                                                    (1) 

where nt is the tth observation; n is the sample size; 

and Vart j denotes the tth observation of variable j. A 

total of 32 financial and economic leading variables 

were transformed for each sample firm. Fig. 1 is an 

example of the current ratio data plotted against the 

sales data of HCGC firm‟s front 25 observations using 

equation (1). As can be seen in the Figure, the scatter 

diagrams reveal an approximately linear relationship. 

Similar results, those showing an approximately 

linear relationship, were also produced for the rest of 

the financial and economic variables of the sample 

firms. (Due to space limitations, this article only 

presents the complete modeling process of one sample 

firm (HCGC) using the data created with equation (1), 

denoted as SF(a).) 

 

 
Fig. 1. Transformed current ratio data at time t-1 plotted against 

the transformed sales data at time t of HCGC’s front 25 

observations 

 

Table 3 reports the analysis of forward stepwise 

regression procedure for the training data of HCGC‟s 

SF(a) model. As seen in the table, the optimal subset of 

variables for the SF(a) model of the HCGC firm 

include x8(t–1) and x28(t–1). Analysis of the Studentized 

residuals of the optimal variable subset‟s training data 

also reveals that the largest Studentized residual is 

1.60331, which suggests that no outliers exist in the 

data of the optimal variable subset. 
 

Step 1 2 

Constant 0.29517 0.85406 

x28(t–1) 1.19438 0.63171 

T Value 173.79 4.77 

P Value <.0001 <.0001 

x8(t–1)  0.57056 

T Value  4.25 

P Value  0.001 

F Value 30204.1 29449.7 

P Value <.0001 <.0001 
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Root MSE 0.186 0.133 

R-Square 99.94 99.97 

PRESS 

Statistic 
0.784206 0.419364 

Table 3 Analysis of forward stepwise regression procedure for 

the training data of HCGC’s SF(a) model 

 

Table 4 shows the Ramsey‟s RESET, 

Anderson–Darling and White test results for HCGC‟s 

SF(a) model. The Ramsey‟s RESET test result is 4.05 

(with a p-value of 0.084), while the AD value of the 

Anderson–Darling test and the chi-squared value of 

the White test are 0.572 (with a p-value of 0.119) and 

2.14 (with a p-value of 0.8293), respectively. The null 

hypotheses are therefore accepted; this acceptance 

indicates that the possibility of misspecification in the 

functional form of HCGC‟s SF(a) model is dismissed, 

that the sample data of HCGC‟s SF(a) model are 

drawn from a normal population, and that the 

variances of the residuals of the model are 

homogenous. 

 

Test statistics Result 

Ramsey‟s RESET 

Test of Linearity 
F Value 4.05 

 P Value 0.084 

Anderson-Darling 

Test of Normality 
AD Value 0.572 

 P Value 0.119 

White Test of 

Heteroscedasticity 
Chi-Square 2.14 

 P Value 0.8293 
Table 4 Linearity, normality, and heteroscedasticity tests for 

HCGC’s SF(a) model 

 

C.  Model Restructuring 

Table 5 reveals the multicollinearity diagnostics of 

HCGC‟s SF(a) model, where the column labeled 

„Condition number‟, the square root of the ratio of the 

largest to smallest eigenvalue, indicates the degree of 

near-linear dependence. While eigenvalues have 

condition numbers larger than 30, variables with 

variation proportions greater than 0.5 for each of these 

eigenvalues are considered to be involved in the 

near-linear dependency35. As seen in the table, the 

second eigenvalue of HCGC‟s SF(a) model has a 

condition number 53.77, and the x8(t–1) and x28(t–1) 

variables have variation proportions 0.99965. This 

suggests that 99.965% of the variance of the x1(t–1) and 

x28(t–1) parameter estimates is associated with the 

second eigenvalue. That is, the x1(t–1) and x28(t–1) 

variables are correlated. Consequently, 

autocorrelation and multicollinearity coexist in 

HCGC‟s SF(a) model. 

 

PC Eigenvalue CN 
Proportion of variation 

x8(t–1) x28(t–1) 

1 1.99931 1.00 0.00034572 0.00034572 

2 0.00069145 
53.7

7 
0.99965 0.99965 

Note: PC=Principal component, CN=Condition number 

Table 5 Multicollinearity diagnostics of HCGC’s SF(a) model 

 

Table 6 describes the results of the incomplete 

principle component regression and the remedial 

measure for the coexistence of autocorrelation and 

multicollinearity. The column labeled „PCOMIT‟ 

specifies the number of deleted principal components; 

the column labeled „TYPE‟ provides information 

about what the observation contains, where „PARMS‟ 

and „SEB‟ identify the ordinary least square estimates 

and their standard errors and „IPC‟ and „IPCSEB‟ are 

used for the incomplete principal component analysis. 

As seen in the table, the residual standard deviation 

(Root MSE) decreases as one principal component is 

deleted, shown in the row of observation 3 of Table 6. 

Hence, this study concludes that the deletion of one 

component may provide a useful result for alleviating 

multicollinearity. The result of the remedial measure 

for the coexistence problem of autocorrelation and 

multicollinearity for HCGC‟s SF(a) model is shown in 

the row of observation 3a of Table 6. 
 

Obs PCO-MIT TYPE RV Root MSE Intercept x8(t–1) x28(t–1) 

1 – PARMS Yt 0.13301 0.85406 0.57056 0.63171 

2 – SEB Yt 0.13301 0.14509 0.13415 0.13238 

3 1 IPC Yt 0.12952 0.88839 0.60534 0.59739 

3a 1  Yt – 0.9789 0.68077 0.530814 

4 2 IPCSEB Yt 0.12952 0.05782 0.00243 0.00240 

Note: RV=Response variable 
Table 6 HCGC’s SF(a) model’s incomplete principle component analysis and remedial measure for the coexistence of autocorrelation 

and multicollinearity 

 

D.  Predictive Results 

In this article, the mean absolute percentage error (MAPE) is used to assess the predictive performance of the 

proposed forecasting methodology. The data used for prediction assessment purposes were the remaining 15 

observations (out-of-sample). The MAPE is calculated as 
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 MAPE  
1

n
Y Y Yt t t

t

n

                                                  (2) 

 

Table 7 shows that the MAPE values from the fitted SF(a) models for the HCGC, BES, DCC, and PC firms were 

4.94%, 0.89%, 2.97%, and 1.91%, respectively. The result of a relative low value of MAPE, which ranges from 

0.89% to 4.94% with an average of 2.68%, suggests that the internal financial and macroeconomic variables 

transformed by equation 1 could be strong predictors for sales forecasting. 

Firms Model MAPE Final model 

HCGC SF(a) 4.94 SF(a) = 0.9789 + 0.680769x8(t–1) + 0.530814x28(t–1) 

BES SF(a) 0.89 SF(a) = 1.7696 + 1.0608x1(t–1) – 0.0981x3(t–1) 

DCC SF(a) 2.97 SF(a) = 1.0567 + 1.3389x1(t–1) – 0.4199x8(t–1) 

PC SF(a) 1.91 SF(a) = 1.2257 + 0.7344x1(t–1) – 0.2911x26(t–1) + 0.5454x28(t–1) 

Average MAPE 2.68%  
Table 7 Prediction performance 

 

In order to further assess the predictive performance of 

the models, a comparison was made with the 

forecasting results of a similar study by Chiu and Shyu 

[14]. They proposed the use of multivariate time series 

models, using the vector autoregression (VAR) and 

the Litterman Bayesian vector autoregression 

(LBVAR) models, for quarterly sales forecasting in 

the portable computer industry. The quarterly sales 

data were leveled using the logarithmic 

transformation, in an attempt to stabilize the volatility 

of a raw non-linear growth series in response to VAR 

and LBVAR analysis. Chiu and Shyu then 

experimented with nine candidate models, all with 

three exogenous variables, including national 

consumption expenditure, the exchange rate (to US 

dollars) and desktop computer sales. They concluded 

that the optimal model was LBVAR (1), with a MAPE 

value of 7.48% in the log scale. As seen in Table 7, the 

proposed forecasting models have MAPE values 

ranging from 0.89% to 4.94% with an average of 

2.68%, which outperforms Chiu and Shyu‟s model, 

with a MAPE value of 7.48%. This suggests that our 

proposed modeling method is a viable alternative 

method for sales forecasting.  

 

IV. CONCLUSION 

 

A twofold modeling procedure that provides a step by 

step approach for sales forecasting is presented in this 

paper. This modeling procedure has been shown to be 

effective when applied to a set of case examples. The 

results show that, following data transformation 

equation, a strong linear relationship exists between 

sales and certain internal financial and economic 

leading variables, demonstrating that through 

appropriate data transformations, internal financial 

and economic leading variables could be significant 

predictors for the sales of individual firms. Adding to 

Chiu and Shyu‟s [14] critique of the “demand side” 

based sales forecasting models, this study contributes 

a methodology capable of taking into account a richer 

source of information in order to predict sales. More 

importantly, the methodology uncovers common 

dimensions that link together seemingly unrelated 

variables, providing insight into the underlying data 

structure.  

 

Nonetheless, while aiming to form a generalization of 

this modeling procedure, widening the area of 

applicability of sales forecasting models, future 

research is also required to provide a solution to the 

enlargement problem. 
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