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Michał Bernardelli‡ 

 

The procedure of business cycle turning points 
identification based on hidden Markov models 

 

 

Abstract 
In the paper the procedure, based on hidden Markov chains with 

conditional normal distributions and uses algorithms such as time series 

decompositions (STL), Baum-Welch algorithm, Viterbi algorithm and Monte 

Carlo simulations, is proposed to analyze data out of the business tendency 

survey conducted by the Research Institute for Economic Development, 

Warsaw School of Economics. There are considered three types of models, 

namely, with two-state, three-state and four-state Markov chains. Results of 

the procedure could be treated as an approximation of business cycle turning 

points. 

The performed analysis speaks in favor of multistate models. Due to, 

an increasing with the number of states, numerical instability, it is not obvious 

which model should be considered as the best one. For this purpose various 

optimization criteria are taken into consideration: information criteria (AIC, 

BIC) and the maximum-likelihood, but also frequency of obtaining a given 

set of parameters in the Monte Carlo simulations. The results are confronted 

with the turning points dated by OECD. The tested models were compared in 

terms of their effectiveness in detecting of turning points. 

The procedure is a step into automation of business cycle analysis based 

on results of business tendency surveys. Though this automation covers only 

some models from millions of possibilities, the procedure turns out to be 

extremely accurate in business cycle turning points identification, and the 

approach seems to be an excellent alternative for classical methods. 
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1. Introduction 

The analysis of business cycles is one of the primary sources of 

assessment of current and future economic situation. Certainly, the future 

level of economic development depends on many factors such as the gross 

domestic product, exports, rate of employment, level of production or other, 

often self-constructed indicators. Many different econometric methods are 

used to identify turning points. These are mainly ARIMA-based methods 

(Cleveland, 1972; Bell, 1984; Wildi & Schips, 2005) that are often used with 

the filters such as Hodrick-Prescott (1997), or Christiano-Fitzgerald (2003). 

Another class of econometric methods widely used in business cycles analysis 

is a logistic regression (Lamy, 1997; Birchenhall et al., 1999; Chin et al., 

2000; Sensier et al., 2004). There is also a group of spectral methods based 

on the Fourier transform (see Addo et al., 2012). A construction of any 

econometric or spectral method, however, is problematic due to the bulk of 

various data as well as due to the potential presence of unspecified variables 

in developed models or simply restrictive assumptions about the model and 

input data. Thus, even unequivocal identification of turning points in an 

economy is not an easy task. As an alternative to these approaches, Markov 

models could be used (see Hamilton, 1994; Bhar & Hamori, 2004; Koskinen 

& Oeller, 2004; Mamon et al., 2007). Based on their non-deterministic 

character and weak assumptions, in many fields one can get at least 

comparable or often better result. 

The paper describes a procedure to analyze data out of the business 

tendency survey in the manufacturing industry in Poland. The survey is 

conducted by the Research Institute for Economic Development, Warsaw 

School of Economics. The procedure is based on hidden Markov chains with 

conditional normal distributions and uses algorithms such as time series 

decompositions (STL), Baum-Welch algorithm, Viterbi algorithm and Monte 

Carlo simulations. There were considered models with two-state, three-state 

and four-state Markov chains. As an input not only answers to individual 

questions from the survey were analyzed, but also panel data were included, 

namely time series that consist of answers to a pair of survey questions. The 

more states, the better fit, but also the more numerical instability and longer 

time of computations. As an optimization criteria in the procedure, 

information criteria (AIC, BIC), maximum-likelihood and frequency of 

obtaining a given set of parameters in the Monte Carlo simulations are 

considered. After finding sets of parameters of suitable models the Viterbi 

path is calculated. It is the path of a state with the highest probability (due to 

the model parameters). Results of the procedure could be treated as an 

approximation of business cycle turning points. Obviously, it is sometimes 
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necessary to consider a time delay between answers of survey respondents 

and changes in business activity, but for many of the examined input data it 

is a clear pattern and a strong premise to use it as a leading indicator. The 

results were confronted with the dating of business cycle turning points 

identified by OECD. The tested models were compared in terms of their 

effectiveness in detecting of coming changes in business situation. The study 

speaks in favor of multistate models. Furthermore, the use of panel data is 

justified, and in many cases recommended, due to the higher quality of the 

fitted model. 

Although hidden Markov models are well-established in theory and 

practice of business cycles analysis (see Abberger & Nierhaus, 2010), their 

usage is mainly limited to two states. Generalization to multistate chains gives 

opportunity to deal with more flexible and efficient models. The second issue 

is the exploration of the Viterbi paths. The Viterbi algorithm is often used in, 

for example, pattern recognition and DNA sequencing but rather rarely 

exploited in macroeconomic applications. Such a merger between multistate 

hidden Markov chains and the Viterbi paths is innovative in the area of 

business tendency surveys analysis. 

The paper is composed of six sections. The short description of hidden 

Markov models is given in Section 2. Section 3 presents the description of 

data, whereas Section 4 specifies the procedure. Section 5 presents the results 

from numerical experiments exploring the usefulness of the procedure. The 

paper sums up with conclusions in Section 6. 

2. Hidden Markov models 

Hidden Markov models (HMM) are widely used in analysis of 

processes and patterns in many fields. They are an excellent tool when one 

can distinguish two layers: one visible which is used to uncover the second, 

a hidden layer. Therefore it is common in pattern recognition: the first layer 

is an observed sequence of emissions, whereas the second layer is a sequence 

of states (symbols) which we do not know but need to discover. Application 

in speech, handwriting or gesture recognition (Jelinek, 1997) are well known 

examples. Markov models are also one of basic tools in analysis of data in 

bioinformatics (Durbin et al., 1998). In econometrics HMM are mostly used 

to analyze financial and macroeconomic time series (Cappé  et al., 2005). 

A hidden Markov model could be defined as a stochastic process (see 

Cappé et al., 2005). It could be also considered as the simplest dynamic 

Bayesian network (Ghahramani, 2001). It is possible to give an equivalent 
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definition that uses the terminology from the field of finite-state probabilistic 

machine (or finite-state probabilistic automaton) (Rabin, 1963). 

Let SX be a finite k-element set, so called the set of states, with the 

specified state S1 treated as an initial state. We assume therefore that k is 

greater than zero. In other words, we assume that the set of states is 

non-empty. Furthermore, let: 

 

 𝑃 = [𝑝𝑖,𝑗]𝑖,𝑗=1
𝑘

  (1) 

 

be a matrix of probabilities of transitions, where pi,j is the probability of 

transition from the state i to the state j. It is assumed that the transition matrix 

is stochastic, that is for every i: 

 

 ∑ 𝑝𝑖,𝑗
𝑘
𝑗=1 . (2) 

 

The Markov chain is an ordered triple (SX, S1, P). The characteristic feature 

of the Markov chain is so called lack of memory, which means that the next 

state depends only on current state but not on the whole history of getting to 

this state. 

Hidden Markov models are known in mathematics and computer 

science as the probabilistic automaton. They are an extension of the Markov 

chain for an additional alphabet Σ, symbols of which are emitted in the 

specific state with the given probability distribution. We assume that in every 

state some symbol is emitted. For the finite alphabet the HMM in the state 

𝑖 ∈ 𝑆𝑋 is emitting the symbol 𝑥 ∈ Σ with the probability 𝑒𝑖(𝑥), and, next, it 

changes the state to j with the probability 𝑝𝑖,𝑗. In the case of continuous 

probabilities by 𝑒𝑖(𝑥) a probability distribution is meant, e.g. Gaussian. In 

both cases observable are only the symbols emitted by the model, but the 

current state of the hidden Markov chain remains unobservable (see Figure 1). 

Hidden Markov chains with a k-element set of states are simply called 

k-state HMM. In the paper two-, three- and four-state models are considered. 

Also, an assumption on the probability distribution of emitting the symbol is 

taken. For every state symbols are emitting with normal distribution 

probability. 

Each hidden Markov model thus is defined by these parameters: 

 k – number of states, 

 set of symbols (alphabet) Σ, where n is a number of symbols, 

 initial probabilities for every state (k parameters), 
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 transition matrix P, that is a matrix of probabilities of transitions 

between two states (k2 parameters), 

 parameters of normal distribution defining probability of emission 

of symbol in each state (2kn parameters). 

 

 

Figure 1. Scheme of a three-state hidden Markov model with a pair of normal 

probability distributions of emitting symbols. 

Source: own compilation. 

 

3. Description of the input data 

The input data is balances taken from business tendency surveys in the 

manufacturing industry conducted monthly by the Research Institute for 

Economic Development, Warsaw School of Economics. Each month the 

survey consists of eight questions: 

Q1 – volume of production 

Q2 – volume of orders 

Q3 – volume of export orders 

Q4 – finished goods inventories 

Q5 – selling prices of products 
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Q6 – level of employment 

Q7 – financial standing 

Q8 – general economic situation in Poland, 

each one in two versions: retrospective, concerning what happened in the last 

3-4 months (‘AS-IS’), and prospective, concerning what is expected to 

happen in the next 3-4 months (‘TO-BE’). For the calculations data from 

March 1997 to February 2014 were taken. Having analyzed results of 

numerical experiments, it has been found that models based on respondents’ 

expectations are less accurate and worse fit than models including AS-IS 

balances. The same experiments (Bernardelli & Dędys, 2012) suggest that 

seasonal and random components should be filtered out of the input time 

series. Therefore the data were pre-processed. In order to decompose the raw 

time series the procedure STL from the R package was used. STL procedure 

is an implementation of an algorithm based on local weighted regression 

method called “loess” (see Cleveland, 1990). Figure 2 presents the 

decomposition of Q1 balance, where: 

 

data = seasonal + trend + irregular component (remainder), 

 

and Figure 3 illustrates the decomposition of Q7 balance. 

 

 

Figure 2. Time series decomposition with the STL procedure for Q1. 

Source: own computation. 
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Figure 3. Time series decomposition with the STL procedure for Q7. 

Source: own computation. 

 

Basic descriptive statistics for these balances, before and after 

decomposing them, are given in Table 1. 

4. Description of the procedure 

The procedure takes on decomposed time series (only trend) and returns 

the path of states that has the highest probability in the whole considered 

period. For the sake of numerical stability (Bernardelli, 2012) and ease of 

interpretation computation was restricted to models with two, three and four 

states. 

In the case of a two-state hidden Markov chain it is assumed that the 

zero state is associated with periods determined by the respondents as worse, 

while the state denoted by one is related to the situation assessed as better. In 

the case of three-state chains there is an additional state ½ symbolizing the 

transient situation between states 0 and 1. It is the state designed for situations 

uncertain and difficult to unambiguous classification. The space of states of 

four-state hidden Markov chains has the form {0, ⅓, ⅔, 1}. State 0 indicates 

strong economic downturn, state 1 indisputable economic recovery, while 

states ⅓ and ⅔ are transients. The state ⅓ should be interpreted as indicating 

the uncertain status of worse economic situation in the country, whereas the 

state ⅔ suggests rather better economic conditions. 
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Table 1. Descriptive statistics for the questions about Level of production and 

Financial standing. 

Statistics 

Question 1 

Level of production 

data seasonal trend remainder 

minimum -25.30 -10.83 -3.24 -25.67 

1-quantile -7.95 -5.28 -0.79 -5.52 

median 0.30 -0.94 -0.01 -0.07 

mean -0.09 -0.05 -0.03 -0.01 

3-quantile 6.90 3.10 0.76 5.16 

maximum 40.10 10.07 3.47 35.14 

     

Statistics 

Question 7 

Financial standing 

data seasonal trend remainder 

minimum -16.20 -4.74 -3.09 -15.21 

1-quantile -3.05 -3.01 -0.80 -3.51 

median 0.00 0.41 0.05 -0.05 

mean 0.053 -0.003 0.033 -0.015 

3-quantile 2.90 1.90 0.90 3.76 

maximum 14.70 5.35 2.48 11.59 

Source: own calculations. 

 

The important assumption was made about probabilities of the 

transition matrix. Non-zero probabilities are permitted only between the 

adjacent states. This is the reflection of economically justified situation of 

gradual changes in the economy. Of course, this assumption is meaningless 

in the case of two states and makes sense only when the number of states is 

greater than two. 

The procedure of business cycle turning points identification based on 

hidden Markov models can be described in the following steps: 

(1) pre-processing the input data: choose the time series (a single or a pair 

of questions from the survey), and decompose them (using STL 

procedure); 

(2) choose M initial approximations of parameters of conditional normal 

distributions (parameters for every state and each of the input time 

series); initial points could be chosen randomly; 
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(3) for each point from the step (2) use the Baum-Welch algorithm to 

estimate parameters of the hidden Markov model; based on the 

expected values of conditional distributions find the correct order of 

states; 

(4) group the parameters of all calculated models (at most M results) on the 

basis of – rounded to one decimal place – expected values of conditional 

distributions; for each group define a representative model with 

parameters being averages of the respective parameters of models from 

this particular group; 

(5) for representative models from each group calculate the most probable 

path of a hidden Markov chain using the Viterbi algorithm; 

(6) based on various optimization criteria or/and comparison with the 

reference time series choose the best HMM model. 

Now let’s present each step of the procedure in more detail way. The 

first step was described in the previous section. It is worth to emphasize that 

it is possible to take any combination of time series as an input – even answers 

to all eight questions from the survey. Although adding more data could 

improve model fitting, it is not a rule (Bernardelli, 2013b). 

The second step of the procedure concentrates on choosing the right 

initial parameters to the model. For the k-state hidden Markov chain the 

following parameters need to be defined: 

 initial probabilities for each of k states – in the procedure all equal to 

1/k; 

 the transition matrix P – with zero probabilities of transition between 

non-adjacent states only 4 + 3(k - 2) non-zero elements of the matrix 

need to be specify. By default probabilities are set as follows: 

 

𝑝𝑖,𝑗 = {

1

2
   𝑖 = 1, 𝑗 = 1,2;    𝑖 = 𝑘, 𝑗 = 𝑘 − 1, 𝑘

1

3
   𝑖 = 2,3, … , 𝑘 − 1, 𝑗 = 𝑖 − 1, 𝑖, 𝑖 + 1

. (3) 

 

In the procedure for k = 4 matrix has the form: 
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𝑃 =

(

 
 
 

1

2

1

2
     0 0

1

3

1

3
     

1

3
0

0
1

3
     

1

3

1

3

0 0     
1

2

1

2)

 
 
 

; (4) 

 

 parameters (𝜇, 𝜎) of independent normally distributed1 n random 

variables defining probability of emission of a symbol in each state, 

where 𝜇 = [𝜇1, 𝜇2, … , 𝜇𝑛]
𝑇 is a vector of expected values and 𝜎 =

[𝜎1, 𝜎2, … , 𝜎𝑛]
𝑇 – vector of standard deviations. There are 2kn 

parameters that determine the most, final values of model 

parameters. In the procedure these initial values are chosen from the 

following intervals: an expected value 𝜇𝑖,𝑗 ∈ [𝜇𝑖,𝑗̅̅ ̅̅ − 3𝜎𝑖,𝑗̅̅ ̅̅ , 𝜇𝑖,𝑗̅̅ ̅̅ +

3𝜎𝑖,𝑗̅̅ ̅̅ ] and a standard deviation 𝜎𝑖,𝑗 ∈ [0.5𝜎𝑖,𝑗̅̅ ̅̅ , 3𝜎𝑖,𝑗̅̅ ̅̅ ], where 𝜇𝑖,𝑗̅̅ ̅̅  and 

𝜎𝑖,𝑗̅̅ ̅̅  are empirical parameters calculated for every state (i=1,2,…,k) 

and each of input time series (j=1,2,…,n). Of course, intervals could 

be wider, but according to three sigma rule for the normal 

distribution in high probability they cover the vast majority of 

possible values. 

For the computational purpose all intervals which contain values of 

possible parameters must be discretized. Let us consider in more detail 

discretization of parameters 𝜇 and 𝜎. Let 𝑚𝑖,𝑗
𝜇
 and 𝑚𝑖,𝑗

𝜎  be numbers of nodes 

in the interval for respectively an expected value and a standard deviation of 

the j-th input time series of the i-th state. The number of all nodes M in the 

discretization grid is defined by the formula: 

  

𝑚 = ∏ ∏ 𝑚𝑖,𝑗
𝜇
𝑚𝑖,𝑗
𝜎𝑛

𝑗=1
𝑘
𝑖=1 .  (5) 

 

Mesh nodes may be distributed uniformly, but it is not always the best 

possible choice. Assuming that n = 1 and for all i = 1,2,…,k values 𝑚 =
 𝑚𝑖,1

𝜇
= 𝑚𝑖,1

𝜎  number of nodes in the grid for different numbers of states are 

given in Table 2. For a pair of questions (n = 2), numbers of nodes are squares 

of numbers given in  this table. 

 

                                                   
1 One may consider other probability distributions than a multivariate normal distribution. 
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Table 2. Number of nodes for different sizes of 

discretization grid and different numbers of states in 

hidden Markov chain for a single question. 

M k = 2 k = 3 k = 4 

2 1.60×101 6.40×101 2.56×102 

5 6.25×102 15.6×103 3.91×105 

10 10.0×103 10.0×105 10.0×107 

20 1.60×105 6.40×107 25.6×109 

50 6.25×106 15.6×109 39.1×1012 

100 10.0×107 10.0×1011 10.0×1015 

Source: own calculations. 

 

Each of the nodes is an initial point for calculations performed in the 

third step, in which the Baum-Welch algorithm is used to estimate HMM 

parameters. In the implementation the procedure fit from the depmixS4 

library of the package R was used. The Baum-Welch algorithm is an iterative 

method that maximizes the expected value (Baum et al., 1970). More 

precisely it is a representative of an Expectation-Maximization class of 

methods that calculates maximum likelihood. Due to the way of finding the 

maximum, the Baum-Welch algorithm should be classified as a greedy 

algorithm. Thus, obtained solutions may be far from optimal. There is no 

guarantee that the result is really a global maximum. Depending on the initial 

parameters the solution found by the algorithm may be only the local 

maximum. This is why the algorithm is used repeatedly for the same input 

data, but different initial parameters. Due to the high dimension of the grid, 

a number of nodes is increasing exponentially with an increasing number of 

states as well as with an increasing size of the panel data (see Table 2). The 

computation time is proportional to the number of nodes M. Therefore to get 

the result in a reasonable time the mesh used in the procedure must by rather 

thick. This is the reason why some random initial points are chosen. In this 

way the probability of finding local minimum that is not the global one is 

significantly decreased. This added randomness is in fact equivalent to the 

Monte Carlo approach and each use of the Baum-Welch algorithm to the 

Monte Carlo simulation. 

Calculated parameters of a model, due to numerical rounding, are 

almost always unique. However the differences between parameters of two 

models could be really small, for example they can differ on the eighth 
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decimal place. All models are assigning to groups on the basis of rounded to 

one decimal place expected values of conditional distributions. All respective 

parameters of models in a particular group are average. Parameters obtained 

in this way define the representative model in each group. 

In the fifth step of the procedure for representative models from every 

group the most probable path of a hidden Markov chain using the Viterbi 

algorithm (Viterbi, 1967) is calculated. The implementation from the 

posterior procedure included in the package R was used. The Viterbi 

algorithm is an example of dynamic programming algorithm. The output data 

is the most likely sequence of hidden states which are commonly called the 

Viterbi path. 

The purpose of the last step of the procedure is to choose the best model 

and, connected with it, the Viterbi path from representative models of all 

considered group. The choice could be made based on various optimization 

criteria as well as on comparison with the reference time series. The criteria 

used in the procedure are: 

 Akaike information criterion (AIC), 

 Bayesian information criterion (BIC), 

 value of likelihood function, 

 frequency of obtaining a given set of parameters in the Baum-Welch 

algorithm (size of each group). 

The Viterbi paths were also compared with the reference time series, 

that is with dating of turning points in Poland evaluated by OECD. In order 

to verify the usefulness of the procedure numerical experiments were 

performed. Specification of the experiments and their results are described in 

the next section. 

5. Numerical experiments 

Many numerical experiments were conducted using the procedure 

described in the previous section. They were designed to answer research 

questions such as: 

1) usefulness of respondents’ expectations (Bernardelli & Dędys, 2012) 

– it turns out that TO-BE balances do not rather increase the accuracy 

of the detection of turning points; 

2) impact of the number of states on the quality of the fit (Bernardelli 

& Dędys, 2012) – adding one or two states to the model seems to 

enrich business cycle analysis and the accuracy of the dating of 

turning points; 
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3) size of the panel data on input (Bernardell, 2013a) – increasing the 

number of input time series could improve, and in many cases it 

does, the quality of the business cycle approximation; 

4) effect of optimization criteria for the quality of the fit (Bernardelli, 

2013b) – procedure of the turning points identification should be 

treated as a multi-criteria optimization.  Using information criteria 

doesn’t always lead to an optimum hidden Markov model and the 

Viterbi path; 

5) comparison of a non-deterministic version with the deterministic one 

(Bernardelli, 2014) – because of the so called ‘the curse of 

dimension’ Monte Carlo simulations are the only achievable way of 

getting the reliable fit in the reasonable time; 

6) stability of the computations (Bernardelli, 2012) – numerical 

stability of the procedure worsens with the increasing number of 

states in the model, but – in comparison with the other Monte Carlo 

algorithms – should be considered as highly acceptable; 

7) usefulness in other fields like transport analysis (Dorosiewicz, 2013) 

– the idea of the turning points identification procedure and the 

implementation of the whole algorithm was found very promising 

for other than business tendency surveys input data. 

In the numerical experiments all the balances as well as all their pairs 

were examined. The analysis was focused on AS-IS balances. There were 

considered hidden Markov chains with two, three and four states. The size of 

the mesh was chosen such that the number of nodes was equal to 10.000. In 

addition 1.000 initial points was randomly chosen. It means, that the 

Baum-Welch algorithm (the third step) for every input data was executed M 

= 11.000 times. In order to compare HMM path xt with the reference time 

series rt the following measure was used: 

 

𝜌(𝑥, 𝑟) = ∑ |𝑟𝑡 − 𝑥𝑡|
𝑇
𝑡=1 , (6) 

 

where T is the length of the considered period. Lower values of the indicator 

ρ mean closer similarity between the Viterbi path and the reference time 

series. Obviously, it is reasonable to take into consideration a time delay 

between the answers of the survey respondents and changes in the economy. 

The measure that takes into account the possibility of a shift between time 

series could have the following form: 
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�̃�(𝑥, 𝑟, 𝑠) =
1

𝑇−|𝑠|
∑ |𝑟𝑡 − 𝑥𝑡+𝑠|
𝑛2
𝑡=𝑛1

, (7) 

 

where 𝑛1 = max {0, 𝑠}, 𝑛2 = min {𝑇, 𝑇 + 𝑠} and 𝑠 ∈ {−3,−2,−1,0,1,2,3}. 
The maximum shift is therefore assumed to be one quarter. The measure ~

should be considered as an average equivalent of the measure  . The results 

of the numerical experiments are gathered in Table 32. 

 

Table 3. Results of numerical experiments: values of optimization criteria and 

comparison measures. 

Questions 
Number 

of states 
AIC BIC logLik 

Frequency 

[%] 
  Shift ~  

1 

2 states 1261 1284 -623 99 29.0 1 0.13 

3 states 1168 1214 -570 96 39.5 2 0.18 

4 states 1119 1195 -536 73 40.3 1 0.19 

2 

2 states 1390 1413 -688 98 29.0 0 0.14 

3 states 1296 1343 -634 92 44.0 2 0.20 

4 states 1244 1320 -599 84 49.7 3 0.22 

4 

2 states 1392 1415 -689 100 45 1 0.21 

3 states 1259 1305 -615 72 51.5 2 0.24 

4 states 1158 1235 -556 19 69.0 2 0.32 

7 

2 states 1317 1340 -652 99 37.0 3 0.15 

3 states 1212 1259 -592 55 52.0 3 0.22 

4 states 1120 1196 -537 91 57.7 3 0.26 

1 + 2 

2 states 2611 2647 -1294 99 29.0 0 0.14 

3 states 2384 2451 -1172 66 42.5 3 0.19 

4 states 2237 2340 -1088 11 48.3 2 0.22 

1 + 6 

2 states 2669 2705 -1323 100 35.0 0 0.17 

3 states 2513 2580 -1237 72 50.0 2 0.23 

4 states 2409 2512 -1173 52 60.0 0 0.31 

1 + 7 

2 states 2556 2592 -1267 100 30.0 1 0.14 

3 states 2412 2479 -1186 38 43.5 3 0.20 

4 states 2266 2369 -1102 63 57.3 3 0.26 

Source: own calculations. 

                                                   
2 For the clarity of the table, there has been presented the results only of selected questions 

and their combinations. 
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All calculated values of ~ are close to the ideal zero value and the 

calculated Viterbi paths seem to indicate turning points at the same time or in 

advance comparing to the reference time series. The Viterbi paths for 

exemplary input data with references to OECD turning points time series for 

Poland are shown in Figures 4-6 (Q1 and Q7). 

 

Figure 4. Comparison OECD reference time series with the Viterbi path for 

2-state HMM for Q1 and Q7. 

Source: own computation. 

 

 

Figure 5. Comparison OECD reference time series with the Viterbi path for 

3-state HMM for Q1 and Q7. 

Source: own computation. 
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Figure 6. Comparison OECD reference time series with the Viterbi path for 

4-state HMM for Q1 and Q7. 

Source: own computation. 

 

The Viterbi path for the two-state hidden Markov model declares 

almost all turning points with sometimes a significant delay of few months. 

One can also see that one phase of contraction has been missed. Adding the 

third state to the HMM seems to improve the detection of turning points. First 

of all, the missing contraction is captured. Although the false, but weak 

possibility of expansion is also signaled, and the rest of up- and downturns 

are announced in advance or with small delays in almost all cases. Situation 

looks even better for four states. False signals are weakened and the dating of 

the turning points is even more ahead of time than in case of the three-state 

path. 

 

6. Summary 

Based on the results of numerical experiments it is justified to draw the 

following conclusions about the usefulness of the described procedure. 

Definitely, models computed by the procedure provide satisfactory 

approximation of business cycle turning points. It is also a flexible and 

efficient way of an analysis of business tendency surveys balances. Main 

advantages are ease of generalization, minimal assumptions and high 

accuracy of the fit. 

The procedure exploits not only multistate hidden Markov chains and 

panel data on input, but also an effective Viterbi algorithm. The procedure is 

not meant to be a tool for a complete automation of an analysis of changes in 

business activity based on business tendency surveys in the manufacturing 
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industry in Poland. It was, however, developed to choose from millions of 

possible models the ones to further analyze. Such an approach turns out to be 

very useful and the results of the procedure extremely accurate in business 

cycle turning points identification. Thus, it is an excellent alternative for 

classical methods and definitely it is worth to continue work in this subject. 

The next major step would be to add TO-BE balances to the procedure. 
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Abstract 
The aim of the paper is to show that turning points detection can be 

treated as a problem of pattern recognition. In the paper there are presented 

the results of applying normal hidden Markov models to a number of survey 

balances. Beyond a classical two-scale assessment of business activity 

a slightly more fuzzy classification of states is considered. To determine 

periods of unclear or difficult to evaluate situation unobservable Markov 

chains with three and four states are introduced. The outputs of the Viterbi 

algorithm, i.e. the most likely paths of unobservable states of Markov chains, 

are a basis of the proposed classification. The comparison of these paths with 

the business cycle turning points dated by OECD is described. The results 

obtained for three- and four-state Markov chains are close to those established 

in the references time series and seem to improve the speed with which, 

especially downshifts, are signaled. Furthermore, these results are more 

favorable than outcomes provided by conventional two-state models.  

The method proposed in this paper seems to be a very effective tool to 

analyze results of business tendency surveys, in particular, when multistate 

Markov chains are considered. Moreover, proposed decompositions allow an 

easy comparison of two time series as far as turning point are concerned. In 

the paper survey balances are compared with ‘hard’ economic data such as 

sold manufacturing production. The results confirm the accuracy of 

assessment provided by survey respondents. 
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1. Introduction 

Markov-switching time-series models have been played a prominent 

role in the analysis of business cycle for decades. The idea of two 

unobservable regimes changing parameters of observed time series have been 

explored and generalized by many researchers. We claim that beyond 

a bivalent assessment of business activity, it is worth to consider a little more 

fuzzy classification. We would like to distinguish periods of unclear or 

difficult to evaluate situation, something between poor and good states of an 

economy, a signal of a change to come. One approach to this problem was 

presented in Abberger & Nierhaus (2010). A two-state underlying Markov 

chain and estimates of smoothed probability were proposed there as the basis 

for classification. In this paper we suggest a little bit different solution. 

Namely, we treat turning point detection as a problem of pattern recognition. 

We apply so called a normal hidden Markov model, i.e. the simplest type of 

a Markov-switching model with observable components being conditionally 

independent Gaussian variables, to business tendency survey data. Using the 

Viterbi algorithm we determine the most likely path of unobservable Markov 

chains with two, three and four states. We compare results of such 

decomposition with the business cycle turning points dated by OECD. It turns 

out that the described transformation of survey balances may provide crucial 

signals of coming changes in an economy, especially when downturns are 

considered. 

It is worth to emphasize that the idea of involving multistate underlying 

Markov chain to analyze business cycles is not new (see Artis et al., 1998; 

Çakmaklı et al., 2013). However, in our research the meaning of states is 

slightly different and some additional conditions are imposed on transition 

probabilities. Moreover, we apply the Viterbi algorithm which seems to be 

very rarely used in an analysis of macroeconomic data. Furthermore, its 

application appears to be limited to two-state models only (Boldin, 1994).  

The purpose of the paper is to show that the Viterbi algorithm provides 

a very effective tool for an analysis of business tendency surveys data, in 

particular when multistate Markov chains are considered. The most likely 

path of the Markov chain gives crucial information about considered 

economic time series and could be helpful in dating of business cycle turning 

points. 

Besides Markov-switching models (Hamilton, 1994; Koskinen 

& Oeller, 2004) other methods of determining business cycle turning points 

are known. Obviously, all the methods use a sort of a (hopefully) leading 

indicator. It provides information about current and future states of a business 

cycle. A wide range of econometric methods should be mentioned. Most of 
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all model-based methods (see Cleveland, 1972; Bell, 1984; Wildi & Schips, 

2005) rely on ARIMA or state-space model-representations of the data 

generating process (DGP) often used with filters such as the Hodrick-Prescott 

(1997) or Christiano-Fitzgerald (2003) ones. Also econometric models based 

on logistic regression are used (Lamy, 1997; Birchenhall et al., 1999; Chin et 

al., 2000; Sensier et al., 2004). Finally, there is a group of spectral methods 

based on frequency filtering that use the Fourier (or other) transform (Addo 

et al., 2012). 

The paper is composed of four sections. The basic terminology and 

methodology are presented in section 2. The third section is devoted to 

description of conducted experiments and their results. The paper ends with 

conclusions in section 4.  

2. Models and the method of estimation 

We focus on hidden Markov model (HMM), i.e. on the bivariate 

discrete stochastic process {𝑋𝑘, 𝑌𝑘}𝑘≥0 satisfying the following conditions: 

 the process {𝑋𝑡}𝑡≥0 is the homogenous Markov chain (MC); 

 conditionally on the process {𝑋𝑡}𝑡≥0 the observations  {𝑌𝑡}𝑡≥0 are 

independent, and for each 𝑡 the conditional distribution of 𝑌𝑡 depends on 

𝑋𝑡 only.  

The Markov chain {𝑋𝑡}𝑡≥0 is not observable. Its state space is denoted 

by S. When 𝑌𝑡 has univariate or multivariate Gaussian distribution, which is 

a common case in macroeconomic application, we say about normal HMM. 

The problem, which in natural way arises when one applies HMM 

models to analyze business cycles, is as follows. Having information about 

the realization of observable variables in some period of time (say from 𝑡 =
1 to 𝑡 = 𝑇), one could try to estimate the state of unobservable MC at a fixed 

time 𝑛 ≤ 𝑇. The most common approach is to use the smoothed probability: 

  

𝑃(𝑋𝑛 = 𝑖|𝑌1 = 𝑦1, … , 𝑌𝑇 = 𝑦𝑇), (1) 

 

or the filtered probability: 
 

𝑃(𝑋𝑛 = 𝑖|𝑌1 = 𝑦1, … , 𝑌𝑛 = 𝑦𝑛) (2) 

 

to deal with this problem. 
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To estimate the path of MC some kind of ‘step by step decoding’ is 

processed. The state with the highest smoothed probability (respectively, 

filtered probability) is assigned to the particular time point 𝑛 for 𝑛 ≤ 𝑇. 

In contrast to the method mentioned above, certain kind of ‘global 

decoding’ is possible. Instead of a single point of time one could consider the 

whole period covered by the analysis and look for the most likely path of MC. 

To be more precise, the sequence (�̃�1, �̃�2, , … , �̃�𝑇) ∈ 𝑆
𝑇 satisfying the 

following condition: 

 
𝑃(𝑋1 = �̃�1, 𝑋2 = �̃�2, … , 𝑋𝑇 = �̃�𝑇|𝑌1 = 𝑦1, … , 𝑌𝑇 = 𝑦𝑇)

= max
(𝑥1,𝑥2,…,𝑥𝑇)∈𝑆

𝑇
𝑃(𝑋1 = 𝑥1, 𝑋2 = 𝑥2, … , 𝑋𝑇 = 𝑥𝑇|𝑌1

= 𝑦1, … , 𝑌𝑇 = 𝑦𝑇) 

(1) 

 

is the object of interest. 

To estimate the parameters the well-known Baum-Welch algorithm is 

used (Baum et al., 1970). The results of this deterministic method strongly 

depend on initial values of the parameters. Therefore, they may be far from 

optimal. In order to increase the chances of finding the optimal solution, the 

calculation can be repeated several times for the same set of data and different 

initial values. For k-state HMM model preselecting of the following values is 

required (see Bernardelli, 2013): 

 initial distribution of an unobserved Markov chain (k parameters), 

 transition probabilities of an unobserved Markov chain 𝑘2 parameters,  

 means and variances of conditional distribution of an observed 

variable (2k parameters). 

In our research the initial values are chosen randomly using 

independent and identically distributed draws from a univariate distribution. 

The number of draws used for parameters estimation of the time series being 

under study varies between 1.000 and 10.000. The number of trial's 

repetitions depends on the number of HMM's states and numerical stability 

of computations. 

The best estimates of parameters of models are chosen with selection 

criteria taking into account the following indicators: 

 Akaike's information criterion (AIC), 

 Bayesian information criterion (BIC), 

 the log likelihood value, 

 frequency of obtaining certain solution of the Baum-Welch algorithm 

(with an accuracy of one decimal place). 

The HMM model, considered as the best for the particular input data 

set, is used to compute the most likely path which consists of a sequence of 
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states of MC (throughout the whole period under consideration). This path is 

an output of the Viterbi algorithm. It is worth noting that despite of 

deterministic nature of the algorithm, the method of ‘decoding’ states of 

unobserved MC as a whole has a non-deterministic character. The block 

diagram of the proposed algorithm is presented in Figure 1. 

 

 

Figure 7. Schema of the algorithm of business cycle turning points detection. 

Source: own compilation. 

 

The primary step in the analysis is the defragmentation of time series 

into two types of periods: those associated with relatively good conditions 

and those which are rather connected with worse situation. To conduct such 

classification we consider normal HMM with state space of the form 𝑆 =
{0, 1}. An observable component 𝑌𝑡 corresponds to economic time series 

being under the study and the following condition must be satisfied: 

 

𝑌𝑛|𝑋𝑛=0~𝑁(𝜇0, 𝜎0) and 𝑌𝑛|𝑋𝑛=1~𝑁(𝜇1, 𝜎1), (4) 

 

where 𝜇0 < 𝜇1. The state 0 corresponds to those points of time in which 

survey respondents report deterioration of situation, while the state 1 is 
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associated with improvement. The most likely path of MC reflects changes in 

business activity in the two-scale strict separation of the states. We refer to 

this model using notation HMM(2). An underlying Markov chain is denoted 

by MC(2). 

As mentioned, we would like to distinguish periods of unclear or 

difficult to evaluate situation. For this purpose we introduce a Markov chain 

with an extended state space 𝑆 = {0,
1

2
, 1}. The state 

1

2
 should therefore 

correspond to such uncertain, transient period. The meaning of the states 0 

and 1 is the same as in the standard two-state model. An extended three-state 

model is defined as follows: 

 

𝑌𝑛|𝑋𝑛=𝑖~𝑁(𝜇𝑖, 𝜎𝑖), (5) 

 

for 𝑖 = 0,
1

2
, 1, where 𝜇0 < 𝜇1

2

< 𝜇1. Additionally we assume that 𝑝(0,1) =

𝑝(1,0) = 0 to reflect smoothing of changes. This model is denoted by 

HMM(3), while an unobservable MC by MC(3). 

To carry out the more precise classification, the third model, denoted 

by HMM(4), was constructed. To distinguish definitely good periods, worse 

but still positive, definitely bad and moderately bad ones, the four-level scale 

should be taken into consideration. Above assessments are associated 

respectively with states 1, 
2

3
, 0 and 

1

3
 of MC. Therefore HMM model is 

introduced as follows: 

 

𝑌𝑛|𝑋𝑛=𝑖~𝑁(𝜇𝑖, 𝜎𝑖), (6) 

 

for 𝑖 = 0,
1

3
,
2

3
, 1, where 𝜇0 < 𝜇1

3

< 𝜇2
3

< 𝜇1. As in the case of the second, 

three-state model, we assume that only transitions between adjacent states are 

possible, so: 

 

𝑝(0,1) = 𝑝(1,0) = 𝑝 (0,
2

3
) = 𝑝 (

2

3
, 0) = 𝑝 (

1

3
, 1) = 𝑝 (1,

1

3
) = 0, (7) 

 

We want to emphasize that we do not claim the HMM model is the data 

generating process. In our research we simply treat turning point detection in 

terms of pattern recognition. 
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3. Results of empirical analysis 

3.1. Input time series 

The paper applies models and techniques described in the previous 

section to data of the business tendency survey in the Polish manufacturing  

industry, which is conducted by the Research Institute for Economic 

Development, Warsaw School of Economic, on the monthly basis. In this 

survey the respondents evaluate changes in certain areas of business activity. 

They give answers to eight questions. For every question there are three 

possible options to choose from: increase/improve, decrease/worsen or no 

change. A balance is calculated as a difference between percentages of 

positive (increase/improve) and negative (decrease/worsen) answers. For 

each category of activity the respondents assess current and future changes. 

We show that by simply transforming the balance time series it may signal 

a turning point in business activity. In our research we mainly focus on the 

balance of production (Q1, see Figure 2). However, we pay also some 

attention to the balance of finished goods inventories (Q4, see Figure 3). Basic 

descriptive statistics for those balances are given in Table 1. 

 

 

Figure 8. Time series with balances of positive and negative answers for the 

question about Level of production. 

Source: own computation. 
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Moreover, we analyze the time series of sold production in constant 

prices (data from the Central Statistical Office of Poland) in order to check 

whether our results correspond to the ‘real world’ data. Depending on the 

context, the data sample covers March 1997 to February 2014, or January 

2006 to February 2014. 

 

 

Figure 9. Time series with balances of positive and negative answers for the 

question about Stocks of finished goods. 

Source: own computation. 

 

Table 3. Descriptive statistics for the questions about Level of production and 

Stocks of finished goods. 

Statistics Q1 Q2 

Minimum -25.30000 -10.00000 

1-quantile -7.95000 -2.75000 

Median 0.30000 -0.10000 

Mean -0.08670 -0.03005 

3-quantile 6.90000 2.55000 

Maximum 40.10000 8.60000 

Source: own calculations. 

 

The idea of the extended state space of an unobservable MC has already 

been examined in Bernardelli & Dędys (2012). We have transformed there 

the balance of production into the most likely path of MC(3). We have also 
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constructed some kind of a compound three-state reference time series. In 

order to achieve this here, besides having reference turning points dated by 

OECD, we need their dating from another source. We decided to use one 

made by Drozdowicz-Bieć (2008). It seems that periods for which there exist 

discrepancies between researchers could be paired with the ‘uncertain’ state 

½ of MC. The states 0 and 1 are assigned to consistent indications. That is, if 

in both component time series contraction is found in the same period, then 

the constructed compound time series takes on the 0 state. And if there is an 

agreement in each of the two time series about expansion in a particular 

period, then the state 1 is assumed to appear in the compound reference time 

series. Figure 4 presents the results of comparison of the Viterbi path of the 

model for Q1 with the constructed compound reference time series. 

 

 

Figure 10. Comparison of the compound reference time series with the Viterbi 

path for 3-state HMM for Q1. 

Source: own computation. 

 

3.2. Period March 1997 – February 2014  

The first part of research covers the period from March 1997 to 

February 2014. For reference we use turning points dated by OECD. Figure 6 

presents the results of applying HMM(2) to the Q1 balance. The unobservable 

MC(2) signals almost all the turning points but with some delay of one to six 

months. Unfortunately, one phase of contraction has been missed. Two 

troughs are signaled in advance. Figure 7 shows the most likely path of MC(3) 
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for the same balance. It seems that introducing the third state may improve 

the detection of turning points. MC(3) does signal the missing contraction 

phase. It sends, however, some false signals about expansions. It is worth 

noting that MC(3) leads almost all peaks. The application of HMM(4) seems 

to give even better results (see Figure 8). The signal of missed contraction is 

strengthened, while false information about expansion is weakened. All noted 

downturns of the reference series are led. The comparison of all: two-, three- 

and four-state HMMs is illustrated by Figure 5. 

 

 

Figure 11. Comparison of the Viterbi paths for HMM(2), HMM(3) and 

HMM(4) for Q1. 

Source: own computation. 
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Figure 12. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for Q1. 

Source: own computation. 

 

 

Figure 13. Comparison of the OECD reference time series with the Viterbi 

path for HMM(3) for Q1. 

Source: own computation. 
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Figure 14. Comparison of the OECD reference time series with the Viterbi 

path for HMM(4) for Q1. 

Source: own computation. 

 

The results of the decomposition of the Q4 balance are presented in 

Figure 9. In fact the balance is multiplied by minus one before processing to 

match the reference time series. While comparing the most probable path of 

MC(2) with the reference time series (see Figure 10), one can distinguish two 

periods with different accuracy in detecting the turning points. In the first 

period, up to the end of 2005, the turning points are signaled with a lag of 4-6 

months, while after 2005 all the turning points are led by 3-4 months or 

coincident. As in the case of Q1, HMM(3) and, specifically, HMM(4) 

perform better (see Figures 11 and 12). 
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Figure 15. Comparison of the Viterbi paths for HMM(2), HMM(3) and 

HMM(4) for Q4. 

Source: own computation. 

 

The question occurs: can the balances of future situation improve the 

detection of turning points? The answer seems to be negative. In Figure 13 

there are presented results of applying HMM(2) to the balances of predicted 

production. Only the results obtained for the period after year 2005 seem to 

be satisfactory. Before 2005 all downturns are missed, and afterwards the 

upper turning points are signaled with a lag. Figure 14 shows the most likely 

path of MC(2) fitted to the balance of expected finished goods inventories. In 

this case the estimates obtained for the period up to the year 2006 are closer 

to the reference time series. All the turning points after that year are not, 

however, captured by the algorithm, and the turning points before 2006 are 

lagged. 
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Figure 16. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for Q4. 

Source: own computation. 

 

 

 

Figure 17. Comparison of the OECD reference time series with the Viterbi 

path for HMM(3) for Q4. 

Source: own computation. 
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Figure 18. Comparison of the OECD reference time series with the Viterbi 

path for HMM(3) for Q4. 

Source: own computation. 

 

 

 

Figure 19. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for Q1 (predicted). 

Source: own computation. 
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Figure 20. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for Q4 (predicted). 

Source: own computation. 

 

3.3. Period January 2006 – February 2014  

In the second part of the study we focus on the period from January 

2006 to February 2014. In this period all turning points are reflected by the 

most likely paths of MC. The procedure of estimation is repeated for the Q1 

and Q4 balances. In addition, they are confronted with ‘hard’ economic data 

– the index of sold manufacturing production (in constant prices). 

The most likely path of Markov chain fitted to the Q1 balance are drawn 

in Figures 15-17. There is no surprise that the results slightly differ from the 

previous ones. Almost all of the previously observed properties of 

decomposition are present in new output. As before, downturns are signaled 

at the same time or in advance. And multistate MCs, especially MC(3), help 

to detect the reference turning points more accurately and with a lead. 

The Viterbi paths obtained for the sold production index are presented 

in Figures 18-20. All the turning points are detected properly. As in previous 

cases, one can observe that the most likely paths of MC(3) and MC(4) are 

leading. Furthermore, the peaks are signaled earlier. 
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Figure 21. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for Q1. 

Source: own computation. 

 

 

 

Figure 22. Comparison of the OECD reference time series with the Viterbi 

path for HMM(3) for Q1. 

Source: own computation. 
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Figure 23. Comparison of the OECD reference time series with the Viterbi 

path for HMM(4) for Q1. 

Source: own computation. 

 

 

 

Figure 24. Comparison of the OECD reference time series with the Viterbi 

path for HMM(2) for the index of sold production. 

Source: own computation. 
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Figure 25. Comparison of the OECD reference time series with the Viterbi 

path for HMM(3) for the index of sold production. 

Source: own computation. 

 

 

 

Figure 26. Comparison of the OECD reference time series with the Viterbi 

path for HMM(4) for the index of sold production. 

Source: own computation. 
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The comparison of the most likely paths of MC with the index of sold 

manufacturing production and the Q1 balance (current) leads to the 

conclusion of high accuracy of the survey respondents’ assessments. Figure 

21 illustrates the Viterbi paths for the two-state MC. One can observe almost 

ideal fit. The paths differ only at the last point of time. The most likely paths 

obtained for HMM(3) seem to be very close as well (see Figure 22). In the 

case of the four-state MC the fit is not good alike, but in our opinion the 

accuracy is still satisfactory (see Figure 23). It is difficult to unambiguously 

decide on which pattern fits the best to the reference turning points. On the 

one hand, the survey balances are generally slightly lagging behind the index 

of sold manufacturing production. On the other hand, they signal the 

reference turning points with higher accuracy. 

 

 

Figure 27. Comparison of the OECD reference time series with the Viterbi 

paths for HMM(2) for Q1 and the index of sold production. 

Source: own computation. 
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Figure 28. Comparison of the OECD reference time series with the Viterbi 

paths for HMM(3) for Q1 and the index of sold production. 

Source: own computation. 

 

 

 

Figure 29. Comparison of the OECD reference time series with the Viterbi 

paths for HMM(4) for Q1 and the index of sold production. 

Source: own computation. 
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4. Conclusions 

The analysis shows that the presented method of time series 

decomposition can be really useful in detecting turning points, especially 

when multistate underlying Markov chains are considered. The study also 

found the business tendency survey data, gathered by the Research Institute 

for Economic Development, Warsaw School of Economics, to be satisfactory 

indicators of changes in real business activity. Specifically, it is worth to 

emphasize that downshifts of the reference time series were, in general, 

signaled with a lead. The preliminary results also suggest that in detecting 

turning points the balances of current situation play a more important role 

than the balances of predictions. The problem of the optimal sample size calls 

for further examination. The results encourage to real-time analysis. 
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Abstract 
We present evidence that micro-level household inflation expectations 

are influenced by consumer confidence. To account for this impact, using 

multi-group confirmatory factor analysis, we measure the intertemporal 

consistency of a model comprising both consumer confidence and inflation 

expectations. We determine that the model exhibits the property of partial 

measurement invariance. Thus, we are able to account reliably for the 

influence of consumer confidence on inflation expectations and, 

simultaneously, to obtain corrected inflation expectations at the household 

level. It appears that, after correcting for the level of confidence, average 

inflation expectations at each point in time become significantly more similar 

to the average inflation expectations of professional forecasters and more 

correlated with average consumer confidence. Our analysis is based on 

household survey data from Poland’s State of the Households’ Survey (from 

2000Q1 to 2012Q1), which is conducted in line with the European 

Commission’s methodology.    
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1. Introduction 

The concept of confidence has a long history as a tool for forecasting 

main economic aggregates (e.g. Ang et al., 2007; Białowolski et al., 2014; 

Carroll et al., 1994; Costantini, 2013; Gil-Alana et al., 2012). These 

applications are a direct consequence of Katona’s belief that the results of 

tendency surveys provide additional information on the current and future 

actions of respondents (Katona, 1946, 1947). Some authors have already 

identified the need to assess the individual-level reliability of data collected 

in consumer tendency surveys (Lemmens et al., 2007; Nahuis & Jansen, 

2004). In this paper, we go even further and try to empirically verify not only 

the reliability but also the stability of the response patterns in data used for 

assessing the general economic situation in consumer surveys. 

Stylized facts combined with basic economic knowledge imply that 

there should be a positive correlation between the general confidence about 

business climate and inflation. Smets and Wouters (2005), using the dynamic 

stochastic general equilibrium framework, show that the largest share of 

fluctuations in an economy can be attributed to demand-side processes. Thus, 

greater importance is expected for demand-side processes in driving inflation, 

as is a positive link between the general performance of an economy and 

inflation. The positive link was confirmed historically in business cycle 

literature (see e.g. Niemira & Klein, 1994; Zarnowitz, 1992). Nevertheless, 

the link appears to be missing in the perception of households responding to 

a tendency survey questionnaire. To the best of our knowledge, no analysis 

has been conducted to explain why household answers regarding inflation 

expectations and general confidence tend to differ from the stylized facts and 

whether there is a factor accountable for that difference. Therefore, in this 

article, we verify whether economic confidence can be held accountable for 

the ‘misperformance’ of household inflation expectations and whether, due 

to this confidence, household inflation expectations tend to be less related to 

economic fundamentals and the inflation expectations of professionals. 

To reliably account for the influence of consumer confidence on 

inflation expectations, a constant and intertemporally comparable meaning 

(understanding) of the concept of consumer confidence needs to be ensured. 

If there is no constant meaning, comparisons of the values of the consumer 

confidence index might be unjustified, possibly leading to misinterpretations 

in intertemporal comparisons of the average level of inflation expectations. 

To mitigate this problem, we adopt a multi-group confirmatory factor 

framework to suggest a methodology for accounting for the influence of 

confidence on inflation expectations. 
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The standard application of multi-group confirmatory factor analysis 

(MGCFA) is oriented toward assessing the latent concept of equivalence, 

which is verified with the application of the concept of measurement 

invariance. Reliable comparisons of concepts between groups are possible 

only if the measurement invariance is ascertained. Standard empirical 

applications of the measurement invariance assessment are mostly aimed at 

the quality assessment of composite scores developed in social or medical 

studies with stress on scale adequacy assessments oriented toward conducting 

comparisons between subpopulations (Davidov et al., 2008). In rare cases, 

MGCFA has been used to assess concept equivalence between time points 

(see e.g. Białowolski & Węziak-Białowolska, 2013). However, to the best of 

our knowledge, this method has not yet been used for any applications in 

business or consumer tendency surveys or served as a tool for the correction 

of individual-level answers to survey questions related to inflation 

expectations and general confidence. 

In the standardized European Commission questionnaire for consumer 

survey data (European Commission, 2006), household inflation expectations 

are reflected in the question concerning expected price changes in the 

forthcoming 12 months (see Appendix 1 - Q6). In every European Union 

country, surveys based on the standardized questionnaire are conducted; 

however, the inflation expectations of professional forecasters are still more 

popular for forecasting inflation. 

The analysis of the influence of consumer confidence on the formation 

of inflation expectations conducted with multi-group confirmatory factor 

analysis enables us to answer the following questions: 

1. Do households include their perception of consumer confidence in 

their inflation forecasts? 

2. Can the developed measure of consumer confidence be expressed on 

a uni-dimensional scale? 

3. Are households consistent in their answering patterns between 

periods (do households change their inflation expectations in 

reaction to changes in the consumer confidence consistently during 

all periods)? 

Only having confirmed the above statements we can calculate inflation 

expectations that are individually corrected for the consumer confidence 

level, investigate the coherence of inflation expectations with the responses 

of professional forecasters and the indicators of consumer confidence. 
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Thus, the paper features two innovative points. First, to the best of our 

knowledge, it is the first application of multi-group confirmatory factor 

analysis to tendency survey research. Second, it is the first attempt to account 

for consumer confidence in inflation expectations, simultaneously assuring 

that the concept of consumer confidence is equivalent between periods.  

The paper is organized as follows. In section 2, household inflation 

expectations are assessed. The relation between inflation expectations 

obtained from household opinions and those obtained from the surveys of 

professional forecasters and the relation between inflation expectations and 

consumer confidence are investigated. Section 3 is devoted to the problem of 

measurement with respect to consumer survey data. It is shown how 

a multi-group confirmatory factor model can be employed to simultaneously 

account for changes in consumer confidence and inflation expectations. 

Section 4 provides details on the specifications and estimations of the 

measurement model for inflation and consumer confidence, as well as the 

discussion and results. Section 5 concludes the paper. 

2. Household inflation expectations 

The relation between consumer confidence and inflation expectations 

is initially verified using measures proposed in the European Commission 

guidelines (European Commission, 2006). The source of information on 

household inflation expectations in Poland is the State of the Households 

Survey, which has been conducted in line with the harmonized questionnaire 

since 1996 by the Research Institute for Economic Development, Warsaw 

School of Economics. On average, from 1996Q1 to 2012Q2, 765 

post-questionnaires have been returned, with a response rate oscillating 

around 20%. The balances of responses to survey questions on inflation 

expectations and consumer confidence are presented in Figure 1. The 

balances of the positive and negative answers of the question concerning 

inflation forecasts are calculated in line with the formula: 

 

𝐵𝐴𝐿𝑃𝑅𝐴.𝐹 = 𝑓1 + 0.5𝑓2 − 0.5𝑓4 − 𝑓5, (1) 

 

where  ∀𝑖∈{1,2,3,4,5}𝑓𝑖 stands for the fraction of respondents who selected i-th 

option (see Appendix 1). A standard calculation of the consumer sentiment 

index (in line with EC methodology) is performed using the following 

formula: 

 

𝐶𝐶𝐼 =
𝐵𝐴𝐿𝐹𝑆.𝐹+𝐵𝐴𝐿𝐺𝐸𝑆.𝐹+𝐵𝐴𝐿𝑆𝐴𝑉.𝐹−𝐵𝐴𝐿𝑈𝑁𝐸𝑀𝑃.𝐹

4
. (2) 
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 Figure 1. Inflation expectations and consumer sentiment calculated 

according to the European Commission’s methodology.  

Source: Research Institute for Economic Development, Warsaw School of Economics. 

 

The correlation coefficient between inflation expectations and 

consumer confidence is at the level of -0.012 and not statistically significant 

while testing for positive correlation (P-value of 0.54). The opposite 

conclusion can be drawn for professional forecaster opinions on the Polish 

economy based on bankers’ forecasts. According to the results of the Business 

Situation in the Banking Sector in Poland survey, there is a significantly 

positive relationship between expectations concerning the general situation in 

the economy and expected changes in the price level. This relationship is 

depicted in Figure 2. 

In the case of professional forecasters (banks), the relationship between 

inflation expectations and general confidence is characterized by the 

correlation coefficient level of 0.317 (P-value of 0.026), which indicates that 

the perception of the demand factors plays an important role in the formation 

of inflation expectations among professionals. Taking into account the results 

of Scheufele (2011), we suspect that inflation expectations calculated using 

consumer survey data can be significantly biased because the respondents 

seem to rarely take into account demand-pulled processes. Instead, the 

respondents simply forget (or are unaware) that a better business climate is 

likely to stimulate inflation in the economy. 
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Figure 2. Inflation expectations and forecasts of the general economic 

situation according to professional respondents from the banking sector 

(12-month horizon).  

Source: Research Institute for Economic Development, Warsaw School of Economics. 

 

3. Model 

We employ MGCFA to account for household inflation expectations 

and the level of confidence simultaneously. Contrary to the exploratory 

approach, in the confirmatory model it is required that hypothesis about the 

interrelations between the indicators are stated explicitly at the beginning of 

the analysis. It is required that in all periods the number of factors influencing 

analyzed measures is assumed and the correlation structure between the items 

is known. Our approach is an example of multi-group analysis in which the 

groups are time points (Białowolski, 2014; Coertjens et al., 2012; 

Vandenberg & Lance, 2000; among others). However, in the proposed 

multi-group confirmatory model, we assume that accounting directly for the 

confidence component present in inflation expectations is not possible 

because the concept of consumer confidence is latent and measured with more 

than one indicator. 

The multidimensionality of consumer confidence is a direct 

consequence of the construction of the consumer survey, which includes 

questions from different areas that are related to the concept of confidence. 

Because consumer confidence is multidimensional, it should be verified for 

reliability and stability, which is achieved with MGCFA. To establish the 
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invariance of consumer confidence, the model of latent consumer confidence 

needs to exhibit the property of (at least a partial) measurement invariance, 

which is essential for comparing average values between groups (Millsap & 

Yun-Tein, 2004; Muthen & Asparouhov, 2002; Steenkamp & Baumgartner, 

1998). In our case, the groups are the time points. 

To check for the measurement invariance of the model of consumer 

confidence and inflation expectations, the following strategy was adopted. 

Initially, the theoretical background for accounting for confidence in inflation 

expectations was developed. Then, the choice of indicators in the model was 

justified. Finally, it was determined whether the model fits the data 

sufficiently well, and comparisons of the latent variables among the periods 

were made. 

3.1. MGCFA model for consumer confidence and inflation 
expectations 

In the adopted approach, MGCFA, the model is estimated with 

a weighted least squares estimator for all of the time periods simultaneously. 

Consumer confidence is treated as a latent phenomenon that is reflected by 

a set of proxies (questions). The formal structure of the estimated model for 

N proxies (questions), one latent variable operationalizing consumer 

confidence (CCI), one latent variable operationalizing hidden inflation 

expectations (INF) and T time periods can be given by the following:  

 

∀𝑡∈𝑇𝒒
𝑡 = 𝜸1

𝑡𝐶𝐶𝐼𝑡 + 𝜸2
𝑡 𝐼𝑁𝐹𝑡 + 𝜺𝑡, (3) 

 

where, in all time periods, 𝒒𝑡 is the 1N   vector of question answers, 𝜸1
𝑡  is 

the 1N   vector of factor loadings for consumer confidence, 𝜸2
𝑡  is the 1N   

vector of factor loadings for the inflation expectations and 𝜺𝑡 is the 1N   

vector of measurement errors. In this specification, to ensure the identification 

of the model, one element of the 𝜸1
𝑡  vector (factor loading) is set to 1. It is 

usually the first element of the vector. Because it is assumed that inflation 

expectations are measured only by one proxy (one question), for one element 

of 𝒒𝑡, inflation expectations from the survey questionnaire, the corresponding 

error term in 𝜺𝑡 is set to 0, and the corresponding element of 𝜸2
𝑡  is set to 1. 

All other elements of 𝜸2
𝑡  are equal to 0 because it is assumed (and later 

verified) that ‘hidden’ inflation expectations do not influence any other 

questions’ responses. Additionally, 𝐸(𝜺𝑡) = 0 and  

∀𝑡∈1,…,𝑇,𝑝,𝑞∈1,…,𝑁,𝑝≠𝑞𝑐𝑜𝑣(𝜺𝑝
𝑡 , 𝜺𝑞

𝑡 ) = 0. Additionally, identification of the 

MGCFA model requires that the number of estimated parameters is lower or 
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equal to the number of pieces of information in the input correlation matrix 

in each period (Brown, 2006, p. 24). 

Because it is assumed that the answers to all the questions except 

inflation expectations are measured on a categorical scale, thresholds 

indicating a switch between one category and another are estimated, implying 

that, for the i-th respondent, scoring on the latent variables *t

iCSI  and *t

iINF  

(question answers) is determined by the following: 

 

∀𝑡∈1,…,𝑇,𝑝∈1,…,𝑁𝑞𝑝,𝑖
𝑡 = 𝑚 

if 

𝑣𝑝,𝑚−1
𝑡 < 𝜸1,𝑝

𝑡 𝐶𝐶𝐼𝑖
𝑡∗ + 𝜸2,𝑝

𝑡 𝐼𝑁𝐹𝑖
𝑡∗ < 𝑣𝑝,𝑚

𝑡 , 

(4) 

 

In equation (4), m stands for an answer category in the p-th categorical 

indicator variable, which can have a value ranging from 0 to 
pM  (recoded 

automatically by Mplus 6.1 (Muthén & Muthén, 2012) in which the 

estimation was conducted), ,

t

p mv  represents the m-th estimated threshold for 

the p-th categorical indicator variable with two predefined thresholds: 

,0

t

pv   and , 1p

t

p Mv    . 1,

t

pγ  and 2,

t

pγ  represent the estimated factor 

loadings associated with the p-th categorical response variable in period t. 

Without any additional assumptions, the model specified with (3) and 

(4) does not allow for time comparisons of the latent variable mean (CCI) or 

for a reliable account of consumer confidence in inflation expectations (INF). 

To check for the possibility of time comparisons for the means of these two 

concepts (CCI, INF), the estimated multi-period measurement model must 

fulfil the following three conditions (Steenkamp & Baumgartner, 1998): 

• configural invariance,  

• metric invariance, and  

• scalar invariance.   

If all of these conditions are fulfilled, then full measurement invariance 

of the latent phenomenon can be established (Davidov, 2008), and the latent 

values can be directly compared between groups. In the model of consumer 

confidence and inflation expectations, it means that the concept of consumer 

confidence has constant meaning throughout all of the periods of analysis. 

Additionally, only in such the case the influence of consumer confidence on 

inflation expectations can be reliably eliminated from the data on inflation 

expectations. 

However, if the fit of the model (3) with constraints ensuring full 

measurement invariance is unsatisfactory, full measurement invariance 
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cannot be established. In such circumstances, to reliably conduct mean 

comparisons, it might be sufficient to impose partial measurement invariance. 

In practice, this limitation means that the equality of factor loadings and 

intercepts is ensured for two items only (see Byrne et al., 1989; Steenkamp 

& Baumgartner, 1998), or, as explained by Muthén & Asparouhov (2002, 

p. 10), a ‘majority of the variables should have both threshold and loading 

invariance so that the factors not only are in the same metric technically, but 

so that it is also plausible that the variables measure factors with the same 

meaning in the different groups or at the different time points’. Assuming that 

equality is assured for two items, it can be presented formally as follows: 

 

∃𝑛1,𝑛2∈1,…,𝑁;𝑛1≠𝑛2∀𝑡1,𝑡2∈1,…,𝑇;𝑡1≠𝑡2;𝑚∈1,…,𝑀𝑝𝑞𝑝,𝑖
𝑡 (𝑣𝑛1,𝑚

𝑡1 =

𝑣𝑛1,𝑚
𝑡2 ˄𝑣𝑛2,𝑚

𝑡1 = 𝑣𝑛2,𝑚
𝑡2 ˄𝜸𝑛1

𝑡1 = 𝜸𝑛1
𝑡2 ˄𝜸𝑛2

𝑡1 = 𝜸𝑛2
𝑡2 ). 

(5) 

 

The model fit, which is necessary to assess model invariance at a given 

level, can be conducted assuming different levels of rigidity. The most basic 

(and simultaneously the most rigid) approach is the assessment of the value 

of the χ2 statistic, which provides information on deviations in reproductions 

by the model of the sample variances and covariances, and can be described 

as a measure of absolute goodness-of-fit. Although it seems to be the most 

correct approach, it is rarely used in applied research as a sole index of fit 

(Brown, 2006) because the value of the χ2 statistic tends to be inflated by the 

sample size, and the models are routinely rejected, even when the differences 

among the covariance matrices based on the sample and implied by the model 

are negligible (Brown, 2006, p. 81). A less stringent approach to evaluating 

the model fit is based on an assessment of the values of the descriptive fit 

statistics (relative goodness-of-fit). The most popular goodness-of-fit indices 

are the Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), Root Mean 

Square Error of Approximation (RMSEA) and Standardised Root Mean 

Square Residuals (SMRM). Certain rules were developed for each of these 

descriptive fit statistics. These guidelines are mostly based on simulations 

(e.g., Chou & Bentler, 1995; Kaplan, 2009). 

In this paper, an approach based on descriptive fit statistics is adopted. 

A discussion on the issue of model fit based on descriptive fit statistics is 

conducted in Steenkamp & Baumgartner (1998), Hu & Bentler (1999), Marsh 

et al. (2004), and Davidov (2008), among others. In this study we adopt the 

following descriptive goodness-of-fit statistics: the CFI, TLI and RMSEA. To 

accept the model and the values of the latent variables (CCI and INF) 

generated by the model, it was assumed that all three goodness-of-fit statistics 
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(CFI, TLI and RMSEA) have to lie within an acceptable range; that is, CFI 

and TLI are above 0.9 (Hox, 2002, p. 239), and RMSEA is below 0.08 

(Browne & Cudeck, 1993). An acceptable fit must be obtained for the model 

with at least partial measurement invariance. 

The model fit can be evaluated with one of two alternative strategies. 

In the first strategy, one starts with full invariance constraints, and when the 

fit is not acceptable, a search for possible improvements by the sequential 

relaxing of factor loadings and thresholds is made. The second approach is to 

begin without any constraints and impose them sequentially until the fit 

deteriorates significantly (Millsap & Yun-Tein, 2004). Although the second 

approach allows measurement invariance to be verified at different levels, it 

is more complicated, leaves more space for discretionary decisions and 

requires a definition of ‘significant deterioration in the fit of the model’. Thus, 

the first approach was adopted with the following strategy. The analysis starts 

from the model with full measurement invariance, but if the acceptable fit 

based on descriptive fit statistics is not obtained, then the factor loadings and 

thresholds are sequentially relaxed. This procedure continues until an 

acceptable fit is obtained. If an acceptable fit is not reached, then the 

procedure stops at the model with the minimum partial measurement 

invariance condition defined by (5). 

3.2. The choice of indicators for the consumer confidence 

Accounting for the influence of confidence in inflation expectations 

requires that consumer survey-based information on inflation expectations 

contains information on both consumer confidence and ‘hidden’ inflation 

expectations. According to the European Commission, a standard set of 

questions is used to construct consumer confidence indicators. Consumer 

confidence is calculated as the average of the balances of the answers to four 

questions: the financial situation of the household (FS.F), the general 

economic situation (GES.F), unemployment in the economy (UNEMP.F), 

and the savings of the household (SAV.F). This measure of consumer 

confidence does not include information on inflation expectations, which is 

of central interest in this paper. However, the verification of the model fit and 

measurement invariance for the consumer confidence index with application 

of the standard set of questions performed on the dataset from the State of the 

Households Survey, conducted by RIED, showed that partial measurement 

invariance of the confidence concept cannot be ensured (Białowolski, 2014). 

The analysis of problems encountered during the estimation of the model in 

the standard specification showed that a possible source of difficulties might 

be the choice of indicators. The examination led to the conclusion that the 
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indicators are a mixture of those connected to the household situation (FS.F 

and SAV.F), on the one hand, and those connected to the general economic 

situation (GES.F and UNEMP.F), on the other hand. Consequently, in this 

paper, we decided to define consumer confidence with a set of indicators 

related to perspectives on the economy (i.e., general economic situation 

forecasts - GES.F, unemployment forecasts - UNEMP.F, inflation 

expectations - PRA.F) and to two additional items that refer to the current 

climate and significantly affect the future performance of the economy (i.e., 

the general climate for making major purchases - MP.S, the general climate 

for saving - SAV.S). The initial choice of indicators was motivated by the fact 

that this set of five questions refers to the situation of the economy and not 

that of a specific household. Additionally, it comprises the largest possible set 

of indicators oriented towards future developments of the economy rather 

than to the past. 

4. Results 

The starting point of the analysis was the fully constrained MGCFA 

model of consumer confidence and inflation expectations. Since not all of the 

answer categories were present in all periods for the questions of GES.F, 

UNEMP.F and SAV.S, the most optimistic answer categories were combined 

with the second most optimistic ones. In the case of GES.F, the answer ‘get 

a lot better’ was combined with ‘get a little better’. In the case of UNEMP.F, 

‘fall sharply’ was combined with ‘fall slightly’, and, in the case of SAV.S, 

‘a very good moment to save’ was combined with ‘a fairly good moment to 

save’ (see Appendix 1). Additionally, it was assumed that answers to the 

question concerning inflation expectations were measured on a linear scale, 

which is usually an acceptable assumption when there are five or more answer 

categories. The two-factor model was estimated for the sample ranging from 

2000Q1 to 2012Q1 with the additional assumption of zero correlation 

between the latent variables (CCI and INF). The zero correlation constraint 

has been imposed on the individual level for the entire sample. This 

assumption implies that for a given respondent, any deviation from the 

average with respect to the confidence indicator is not correlated with any 

deviation from the average of the same respondent with respect to inflation 

expectations. However, it does not imply that the correlation between two 

time series representing averages of the general sentiment and the averages 

of the inflation forecasts is zero. The estimation procedure and basic fit 

statistics are presented in Table 1.  
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Table 1. Estimation of the MGCFA models for simultaneous inflation 

expectations and consumer sentiment  

Model χ2 (df) CFI TLI RMSEA 

1. Baseline (full measurement invariance) 
4292.009 

(677) 
0.756 0.824 0.092 

2. Partial measurement invariance – free factor 

loading and thresholds UNEMP.F  

2431.865 

(533) 
0.872 0.882 0.075 

3. Partial measurement invariance – free 

factor loading and thresholds SAV.S 

3193.011 

(581) 
0.824 0.851 0.084 

4. Partial measurement invariance – free factor 

loading and thresholds MP.S 

4413.440 

(581) 
0.742 0.782 0.102 

5. Partial measurement invariance – free factor 

loading and thresholds GES.F 

3526.405 

(533) 
0.798 0.814 0.094 

6. Partial measurement invariance – free 

factor loading and thresholds UNEMP.F 

SAV.S 

1739.036 

(437) 
0.912 0.902 0.069 

7. Partial measurement invariance – free factor 

loading and thresholds UNEMP.F MP.S 

2260.258 

(437) 
0.877 0.862 0.081 

8. Partial measurement invariance – free factor 

loading and thresholds UNEMP.F GES.F 

1849.234 

(389) 
0.902 0.876 0.077 

Note: Best models at each stage of analysis are highlighted. 

Source: calculations in Mplus.  

 

The results provided in Table 1 clearly depict that the baseline model 

with full measurement invariance was not acceptable due to the lack of 

a proper fit. The presented goodness-of-fit measures were clearly beyond the 

acceptable range presented in section 3.1. Models 2-5 were estimated with 

relaxed constraints on the factor loading and corresponding thresholds for one 

indicator in each equation. In specifications 2 and 3, an improvement in the 

model fit was noted, which is best visible in lower RMSEA and higher CFI 

and TLI. However, in neither of these specifications was the gain sufficiently 

high to establish partial measurement invariance. The largest improvement in 

the model fit was observed for the model with relaxed constraints for the 

indicator of unemployment forecasts, which implies that for each period, the 

correlation matrix calculated for the indicators can be replicated with the 

estimated model sufficiently well. However, between periods, the average 

level of unemployment forecasts changes relatively to the average of the 

latent variable (consumer confidence), and the strength of the relation at the 

individual level between the consumer confidence and the unemployment 

forecasts also differs. 
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A further search was conducted in the set of models with free factor 

loadings and thresholds with respect to unemployment forecasts, and free 

thresholds and factor loading with respect to one additional item (question). 

The specifications are given in Table 1 (models 6-8). The best fit was obtained 

for model 6, with free factor loadings and thresholds associated with 

unemployment forecasts and the savings climate. For this model, all 

descriptive fit statistics were within the acceptable range. Given the results, 

the link between latent consumer confidence and the indicators of the general 

economic situation (GES.F) and climate for making major purchases (MP.S) 

was constant both within period and between periods for all periods of the 

analysis. However, for the indicators of unemployment forecasts (UNEMP.F) 

and the climate for saving (SAV.S), there was only an established link for 

each time point; between periods, the strength of the relation between 

consumer confidence and the two indicators was allowed to vary. The 

estimated model can be presented by the following system of equations: 
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2
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Assuming that the household inflation expectations indicator is 

reflected both by consumer confidence (CCI) and hidden inflation 

expectations (INF), all the results prove to be as expected. There is a positive 

relationship between the consumer confidence index and the expected 

answers concerning the climate for major purchases. A better perception of 

consumer confidence implies a better climate for major purchases. There is 

an additional positive relationship between CCI and the expected answer to 

the question concerning the savings climate, and there is a negative 

relationship between CCI and expectations concerning unemployment 

growth. However, these relationships prove to be unstable over time 
4

t  and 

5

t  vary between periods. Nevertheless, the positive estimate of 
4

t  for all time 

periods indicates a positive relationship between CCI and the savings climate 

in all of the periods, whereas the negative estimate of 5

t  indicates that 

consumer confidence negatively affects unemployment perspectives. 
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The influence of the consumer confidence index on the expected value 

of the answer to the survey question concerning inflation expectations is also 

observed. If consumer confidence improves by 1 point, then consumers are 

expected to change their answer concerning inflation expectations by 0.621 

points in the direction of lower inflation. Due to the fact that CCI is measured 

in the metrics of the question concerning the general economic situation, an 

improvement by 1 point implies a decrease in the value of CCI. A negative 

change in the value of CCI implies however a positive change in the 

E(PRA.F) by 0.621 for each point change in CCI and this in turn implies lower 

inflation expectations. Thus, the influence of consumer confidence on 

inflation expectations is confirmed. This finding implies that consumers with 

more optimistic perceptions of the general economic situation are more likely 

to limit their inflation expectations and that consumer confidence is reflected 

in the household responses to the survey question on inflation expectations. 

With the proposed approach, because partial measurement invariance 

was achieved, the averages of consumer confidence (CCI) and hidden 

inflation expectations (INF) can be computed and compared for all time 

points. Figure 3 shows the values of the new indicator of consumer 

confidence, which are compared to the average values of inflation 

expectations. 

The relationship between the average level of consumer confidence 

(CCI) and hidden inflation expectations (INF) is significantly altered once the 

influence of individual confidence is eliminated from the individual 

perception of inflation expectations. Compared to the relationship between 

raw time-series presented in Figure 1, the value of the correlation coefficient 

between the two series increased from -0.012 to 0.549 (P-value 0.003). After 

the confidence component is eliminated from the data, household hidden 

inflation expectations (INF) are positively related to consumer confidence, 

which means that a better business climate is more likely to result in an 

outburst in inflation. Household inflation expectations, after correcting for the 

influence of consumer confidence, are also more consistent with the inflation 

expectations of professional forecasters (banks), which is confirmed by the 

correlation coefficient between the two inflation expectation time series at the 

level of 0.663. It should be underlined that the correlation coefficient between 

consumer inflation expectations calculated with the standard balance method 

and inflation expectations of professional forecasters is 0.37 and is 

substantially smaller (P-value for the difference 0.066). 
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Figure 3. Estimated average values of the consumer sentiment index and 

inflation expectations obtained with multi-group CFA. 

Source: own computation. 

 

5. Conclusions 

This paper presents an innovative application of the multi-group 

confirmatory factor analysis of interrelations between concepts in tendency 

surveys. We present an approach to consistently account for influence of 

confidence on household inflation expectations. The data regarding inflation 

expectations appear to be prone to biases because consumers include 

additional information in their assessments. With multi-group confirmatory 

factor analysis, it was indicated that this information is associated with 

consumer confidence, which was thus established as an important factor 

influencing household inflation expectations. The relationship between 

consumer confidence and inflation expectations on an individual level has 

been estimated, and its constant character could not be falsified, which leads 

us to the conclusion that, on average, in all periods, the individual level of 

consumer confidence affects individual inflation expectations to the same 

extent. With the proposed methodology, we obtained not only the averages of 

inflation expectations for each period but also the individually corrected 

inflation expectations. 

After accounting for the influence of confidence, the indicators of 

inflation expectations provide inflation expectations that are more consistent 
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with those of professional forecasters. Additionally, the inflation expectations 

prove to be more consistent with consumer confidence, which makes them 

more reliable on theoretical grounds because consumers are expected to be 

more aware of the demand-pulled part of the inflation process. 

Although this paper provides an innovative application of multi-group 

confirmatory factor analysis, it is only a preliminary check of the relation 

between consumer confidence measures and their influence on inflation 

expectations. This paper provides arguments that consumer sentiment might 

have an influence on inflation expectations and verifies this connection for 

Polish consumer tendency survey data, showing also that the established 

relation can be perceived as constant between periods. Future research should 

establish whether the same can be stated for data from other countries that 

conduct consumer tendency survey research with similar methodologies. 
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Appendix 1. Selected questions with answers in the standardized 
consumer questionnaire. 

 

Question 

number and 

code 

Question wording 
Answer categories  

(representing also scale points) 

Q4 (GES.F) 

How do you expect the general 

economic situation in this country 

to develop over the next 12 months? 

It will... 

1.0  ‘get a lot better’ 

2.0 ‘get a little better’ 

3.0 ‘stay the same’ 

4.0 ‘get a little worse’ 

5.0 ‘get a lot worse’ 

Q6 (PRA.F) 

By comparison with the past 12 

months, how do you expect that 

consumer prices will develop in the 

next 12 months? They will… 

1.0 ‘increase more rapidly’ 

2.0 ‘increase at the same rate’ 

3.0 ‘increase at a slower rate’ 

4.0 ‘stay about the same’ 

5.0 ‘fall’ 

Q7 (UNEMP.F) 

How do you expect the number of 

people unemployed in this country 

to change over the next 12 months? 

The number will... 

1.0 ‘increase sharply’ 

2.0 ‘increase slightly’ 

3.0 ‘remain the same’ 

4.0 ‘fall slightly’ 

5.0 ‘fall sharply’ 

Q8 (MP.S) 

In view of the general economic 

situation, do you think that now it is 

the right moment for people to 

make major purchases such as 

furniture, electrical/electronic 

devices, etc.? 

1.0 ‘yes, it is the right moment 

now’ 

2.0 ‘it is neither the right 

moment nor the wrong moment’ 

3.0 ‘no, it is not the right 

moment now’ 

Q10 (SAV.S) 

In view of the general economic 

situation, do you think that now 

is...? 

1.0 ‘a very good moment to 

save’ 

2.0 ‘a fairly good moment to 

save’ 

3.0 ‘not a good moment to save’ 

4.0 ‘a very bad moment to save’ 

Source: The state of the households survey, Research Institute for Economic Development, 

Warsaw School of Economics. 
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Abstract 
In this paper a novel application of latent factor growth models is 

applied to responses to the manufacturing industry tendency survey 

conducted by the Research Institute for Economic Development, Warsaw 

School of Economics. An approach based on a common factor was assumed 

to explain variation in time response to specific questions drawn from the 

survey questionnaire. It was demonstrated that responses to questions relating 

to general economic situation in Poland, inflation and employment were 

explained by a latent growth factor, which was confirmed by RMSEA. Using 

cross-correlation and an ARIMAX model, it was shown that slopes obtained 

from latent factor growth models could be applied to forecasting or at least 

nowcasting of GDP growth and unemployment rate. Survey data of the type 

described clearly offer potential for refinement of economic projections and 

it is hoped that this work might stimulate further discussion of the 

methodology based on latent factor growth modeling for forecasting main 

macroeconomic time series. 
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1. Introduction 

There is a large body of literature on application of survey data to 

forecasting the main macroeconomic time series (Darne, 2008; Dudek & 

Walczyk, 2004; Rünstler & Sédillot, 2003). Some articles concentrate on the 

forecasting benefit from factor analytical approach (Baranowski et al., 2010; 

Boivin & Ng, 2006; Reijer, 2012; Stock & Watson, 2002), but most of them 

only uses time series data from national accounts. Although survey data can 

be useful in forecasting, particularly in the short term (Bańbura et al., 2010; 

Białowolski et al., 2014a), only a few authors have applied tendency survey 

data to the task (Białowolski et al., 2014b; Frale et al., 2010; Hansson et al., 

2005; Kaufmann & Scheufele, 2013). When survey data has been used, 

however, it has mostly been limited to aggregate statistics (balances). Such 

an approach might lead to several potential errors. Firstly, since balances 

result from arbitrary aggregation of survey question responses, it is implied 

that differences in difficulty between the various survey response categories 

are predetermined and not estimated. Secondly, a value attributed to a 

response category might evolve with time, a phenomenon which should be 

compensated for during estimation. Further, it is possible that responses might 

vary according to sample composition, even if proper weighting is applied.    

The variation of response to a single question over time, as 

demonstrated by a given respondent in a tendency survey, has never been 

investigated to explain how it might be associated with a latent growth factor. 

Responses to such questions that prove to be related to a common time 

dependent latent force would clearly highlight meaningful items for future 

use in forecasting. Additionally, variation of a latent growth factor has never 

been tested as a predictor for variation in a macroeconomic time series and its 

potential lead properties. The main objectives of the study were therefore as 

follows:  

1. To test the possibility of constructing a well-fitted latent growth 

curve model using a set of indicators from the manufacturing 

industry questionnaire, i.e., general economic situation, price 

changes or employment predictions. 

2. To test the results as predictors for GDP growth, inflation or 

unemployment rate.   

This paper, accordingly, reports two innovations. To the best of our 

knowledge, it describes the first attempt to establish whether in tendency 

surveys respondent answers to a question over a given period can be treated 

as a reflection of a particular factor. Secondly, the paper describes how this 

data can be used to predict the unexplained part of GDP growth, inflation rate 
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changes and unemployment rate fluctuations using a latent factor growth 

model based on tendency survey data.       

Following these objectives, the paper first covers the time series 

analysis of GDP growth, unemployment rate and inflation in Poland. Datasets 

used for forecasting the macro-indicators are then described, together with 

basic descriptive statistics for their associated questions. Subsequently, the fit 

of the latent growth curve model to responses from the manufacturing 

industry survey is computed. Using ARIMA models, the results are applied 

to shed light on the unexplained part of GDP growth, inflation and 

unemployment in Poland. 

2. GDP growth, inflation and unemployment in Poland 

The Central Statistical Office provides figures for GDP growth in 

Poland on a quarterly basis. Inflation and unemployment rates are announced 

monthly. However, with respect to unemployment a competing measure 

developed from the labor force survey methodology is also reported quarterly. 

Figure 1 presents the evolution of GDP growth, unemployment rate 

(measured using the labor force survey methodology) and inflation for the 

period 1996-2014 in Poland.  

 

 
Figure 1. GDP growth, inflation and unemployment in Poland. 

Source: own computation based on Central Statistical Office’s data. 
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The sudden decline was associated with the ‘Asian and Russian crises’ 

occurring in 1997 and 1998, respectively. By the end of 1999, the growth rate 

had returned to high levels but the Polish economy was hit in early 2000 by 

considerable budgetary problems, and growth abruptly declined. For the 

entire 2001-2002 period, the Polish economy suffered and the growth rate 

was below the potential. After 2004, the situation improved, with only a mild 

downturn at the turn of 2005. The Polish economy, after flourishing in the 

2005-2008 period, was hit by the financial crisis at the end of 2008. Growth 

rates started to improve again in 2010 and 2011. However, another slowdown 

has been observed since 2013.    

With respect to inflation, considerable transition has been observed 

since the beginning of the 1990s. At the beginning of the transition period, 

inflation was very high, followed by a period of disinflation, characteristic for 

the transforming economies (Henry & Shields, 2004). Disinflation in Poland 

continued until 1999. At the turn of the millennium, there was a brief upswing 

in the rate, but the subsequent economic crisis led to further reduction in the 

rate of consumer price growth. Initial economic improvement from 2004 

stimulated inflation but restrictive monetary policy over that period again 

forced inflation down in 2006. The following two years 2007-2008 were 

associated with economic growth rates of 7%, which inevitably led to a rise 

in inflation (as the growth rate was around 3 pp. above the potential level of 

growth). Higher inflation rates dropped along with the onset of the financial 

crisis at the end of 2008. In 2009-2013, inflation rates fluctuated around the 

National Bank of Poland 2.5% target but only after an initial slide into the 

deflationary zone.  

As regards unemployment, reduced cyclical activity has been observed 

during the past two decades. Unemployment rate, after dropping to ca. 10% 

following the first transition shock, started to rise after the outburst of the 

‘Asian and Russian crises’. By the end of 1999, the growth rate had again 

risen to high levels but unemployment was affected by hysteresis and 

remained at around 20%. Only after growth rates started to exceed 4-5% did 

unemployment start to decline; in the period 2006-2008 dropping to ca. 8%. 

With the onset of the financial crisis, unemployment rates started to rise but, 

despite the severity of the crisis, total increase in the period 2009-2014 was 

just ca. 2 pp.   

Fluctuations in GDP growth, inflation and unemployment in the past 

two decades provide a promising basis for forecasting using survey data 

owing to its considerable observed variability. However, the significant 

contribution of intrinsic autoregressive processes observed in quarterly 

macroeconomic aggregates requires analysis before results from a latent 
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factor growth model can be used to forecast dynamics. This is first justified, 

as according to Clements & Hendry (1998, p. 14), ‘survey information can be 

a useful adjunct within formal models (...) rather than as a substitute for 

econometric systems’. So, the starting point is investigation of the time series 

properties using integrated autoregressive moving-average models (ARIMA). 

A second justification ties with wording of the survey questions used to 

predict macro-indicator changes. Their wording directly refers to a ‘change’ 

and not ‘a state’, so it seems most appropriate to apply the information they 

generate to analysis of differenced macro-indicators and not reference series 

directly.  

The approach used in this study follows the standard Box-Jenkins 

approach to modelling stochastic processes (Greene, 2003). It can be 

summarized in the following steps (Greene, 2003, p. 620): 

(1) transformation of data to obtain stationary time series; 

(2) estimation of an ARIMA model; 

(3) verification of the residual properties; 

(4) application of the model to forecasting. 

Investigation of time-series properties is based on autoregressive 

specifications. In the scope of the analysis, the general-to-specific approach 

is applied. As Welfe (2003, p. 210) indicates, this approach guarantees 

a proper structure for the model. In this paper, the final structure of the 

autoregressive model is derived in two steps. First, using the Augmented 

Dickey-Fuller test (ADF), the series of GDP growth, inflation and 

unemployment are tested for a unit root. Then, the best model is selected with 

application of the BIC to each series1.    

The ADF test is designed to establish whether the hypothesis of the unit 

root can be rejected; testing for H0 – there is a unit root, versus H1 – there is 

an autocorrelation coefficient lower than one. This led to the conclusion that 

H0 could not be rejected at a 5% significance level for any of the series 

investigated (for results see Appendix 2)2. The same procedure was applied 

to the differenced time series. However, the H0 hypothesis was rejected in all 

cases, which indicated that GDP growth, unemployment and inflation could 

be treated as I(1) processes. Then, a set of competing models with ARIMA 

                                                   
1 A similar model selection pattern is applied by Ang et al. (2007). 
2 Due to the disinflation still continuing in the late 1990s (Białowolski et al., 2011) in the 

inflation series, and the ADF test was performed with inclusion of possible trend.  
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specification was estimated3. The selected models were of the form 

(Table 1)4: 

 

Table 1. Final ARIMA model specifications for the GDP growth, inflation 

and unemployment rate. 

GDP growth 1
(0.091)
.410t t tGDP GDP      

Inflation 

1
(0.139) (0.155)

1 4
(0.180) (0.125)

.265

.128 .42

6

9

. 61t t t

t t t t

INF INF 

   



 

    

 
 

Unemployment 
4

(0.074)

1
(0.128)

.

.34

7

8

7 1t t t

t t t

UNE UNE 

  





   


 

Source: own calculations in Stata.  

 

Although most variability of the time series of interest can be accounted 

for by autoregressive processes without inclusion of additional variables, 

fitted models appeared to be poor predictors for turning points, thus offering 

potential for augmentation with other variables. As Mueller states (1963, 

p. 902): ‘expectations are not merely a projection of recent trends but are 

influenced by current perceptions and news received’, which implies that 

there is a room for expectation about the economy to enhance the forecasting 

power of models. The following parts of the article will describe testing of 

whether there would have been sufficient additional information in the data 

from the manufacturing sector to improve forecasts by inclusion of valid 

latent growth factor means from selected questions. 

3. Proxies for basic macro-indicators in tendency surveys 

The standardized questionnaire for tendency surveys in manufacturing 

recommended by the European Commission (2006) comprises questions to 

assess the general economic situation, price and employment forecasts. In 

questions referring to prices and employment, firms are requested to provide 

an assessment of their own situation, while in the general economic situation 

                                                   
3 Models are estimated by application of the general-to-specific approach – starting from 

a specification with one- and four-quarter lags in the auto-regression (see Appendix 2). Only 

models with zero constant terms are specified and estimated – as a direct consequence of the 

Augmented Dickey-Fuller test for the time series of GDP dynamics.  
4 In all models tX  represents change in the series ‘X’ between quarter t and t - 1. 
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predictions, a macro-assessment is made. Nevertheless, in all cases, 

information about the economy can be aggregated from individual data. 

Responses are all scored on a 3-point Likert-type scale (Appendix 1). The 

forecast horizon for questions is limited to 3-4 months, which suggests rather 

short-term usefulness of the data.  

The survey is conducted monthly by the Research Institute for 

Economic Development, Warsaw School of Economics. The data from this 

study have already been used in research articles (Adamowicz, 2013; 

Białowolski et al., 2007; Drozdowicz-Bieć, 2012). However, for the purposes 

of the analysis, only information from the first month of each quarter was 

used.  The time span of the analysis covered 64 quarters, from the 2nd quarter 

1997 to the 1st quarter 2013. The average number of responses was 538 with 

a maximum of 1,043 in the 2nd quarter 1997 and a minimum of 333 in the 3rd 

quarter 2007. The average response rate was approximately 30%. In the 

manufacturing tendency survey, results are also presented as balances. And 

since a three point scale is used for all questions, the balances are calculated 

in line with the formula 1 3BAL f f  , where fi represents the fraction of 

respondents who selected i-th option (see Appendix 1). 

3.1. GDP growth proxies  

The balance of the general economic situation forecasts that might serve 

as a proxy for GDP growth are shown in Figure 2. They are plotted against 

the actual GDP growth. 
 

 

Figure 2. The balance of general economic situation forecasts. 

Source: own computation. 
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There is a clear, parallel tendency between the series. The correlation 

was highly significant, while the GDP growth and the general economic 

situation forecasts were correlated with a level of 0.782.  

3.2. Inflation and unemployment proxies  

Unemployment and inflation proxies from the manufacturing firm 

tendency survey were also plotted as balances against their reference 

macroeconomic indicators (Figure 3). 

 

  

Figure 3. The balances of price change forecasts (vs. inflation change) and 

employment expectations (vs. unemployment rate change). 

Source: own computation. 

 

There is clear parallelism between the tendency survey series and their 

respective macro-indicators. Although, the correlation coefficient between 

the consumer price index and price forecasts is only 0.25, company price 

expectations correlate high with changes in the level of inflation (0.56). 

Company employment forecasts also correlate better with changes in the 

unemployment rate. Correlation between the series is 0.791 and is highly 

significant. 

4. The latent factor growth model as a verification tool for 
forecasting indicators 

Latent factor growth models are often used in psychology to research 

the sequence of the development of certain psychological characteristics. The 

approach has never, however, been applied to either business or consumer 
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tendency survey data. Due to their specification, as in the approach based on 

balances, results allow tracking of changes in perception of the economy (in 

its specific domains) by firms participating in a survey. Due to the fact that 

estimation is based on the responses made by each respondent over time, it is 

possible to compensate for variation resulting from changes in sample 

structure. The tool allows validity testing for a concept, which in this case 

was the pattern of response to a certain question over time. The latent factor 

growth model would generate invalid model fit estimates if a group of firms 

developed either an upward or downward bias with respect to the estimated 

growth path.  

Latent factor growth models are also a means to address the 

measurement problem for invariance in longitudinal studies, which has been 

rarely addressed (Brown, 2006) and to the best of our knowledge, never, in 

tendency surveys data research. Absence of such an approach might lead to 

potential problems comparing results, unchecked for equivalence. Chan 

(1988) indicates three possible types of change that might occur in repeated 

measurement: alpha, beta and gamma. The alpha change, which is the only 

one that allows inter-temporal comparability, takes place when the concept 

remains stable but its assessment changes. The beta and gamma change 

preclude comparability of the values as either measurement scales of items 

change (beta) or even the whole factor structure changes (gamma). In order 

to ensure that only the alpha change was present in this tendency survey 

dataset, latent factor growth models were applied and their fit tested. 

4.1. Specification of latent factor growth models  

In a latent factor growth model, responses to each specific question are 

assumed to be driven by two latent factors. One factor corresponds to the 

random intercept which indicates that for each respondent there is a randomly 

distributed starting point for assessment from a given question. Future 

responses by each respondent are additionally driven by a latent factor 

associated with changes in an economy. In order to obtain a good fit for the 

model, each respondent must assess economic conditions within the 

framework of the survey questions according to the prevailing economic 

situation, state of inflation or unemployment (freely estimated period specific 

factor loading ensures this). Consequently, response to a specific question 

over a given period is modeled as a linear function of their sentiment at the 

individual level in the area addressed by the question. The maximum 

likelihood model is simultaneously estimated from information sampled at all 

survey times.  
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In the approach taken – the latent factor growth model – responses to 

a single indicator in the domain of a firms’ forecasts are assumed to be driven 

by a latent phenomenon over time. With latent factor growth models based 

on a single indicator there is only one specification possible. The estimated 

structure of the model following a single question over T time measurement 

periods can be represented by the following scheme5. 

 

 

Figure 4. Latent factor growth model with single indicator. 

Source: own compilation. 

 

The model can be formally described with the following equation: 

 
𝐼𝑁𝐷. 𝐺𝐸𝑆. 𝐹𝑖,𝑡 = 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝑡 + 𝛽𝑡𝑆𝑙𝑜𝑝𝑒𝑖 + 휀𝑖,𝑡, (1) 

 

where ,. . i tINDGES F  represents the respondent’s response to the question 

regarding the general economic situation, iIntercept  is a realization of the 

latent variable Intercept  for the i-th respondent, iSlope  is the realization of 

                                                   
5 Subsequently, we present a specification for a latent factor growth model of general 

economic sentiment, which serves as the proxy of GDP growth. The same logic applies to 

price and employment predictions.    
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the latent variable Slope  for the i-th respondent, t  are period specific 

parameters, which are associated with the time evolution of the forecast 

concept and finally 
,i t  is the measurement error for respondent i in period t. 

To ensure identification of the model and to establish metrics for the latent 

variable Slope , two coefficients from the set of   
1,..,t t T




 need to be fixed6. 

Additionally,  tE ε 0  and  cov ,Intercept Slope  are freely estimated to 

ensure that response to changes in the economic environment can be 

associated with the initial state7. Since, in the manufacturing industry 

tendency survey, responses to all questions are made on a three point scale, 

estimation procedures were employed for a categorical (non-continuous) 

variable. Thus, thresholds for switching between categories are estimated, the 

implication being that, for the i-th respondent, scoring on latent variables 
*

iIntercept  and *

iSlope , their answers are determined by: 

 

∀𝑡∈1,…,𝑇𝐼𝑁𝐷. 𝐺𝐸𝑆. 𝐹𝑖,𝑡
∗ = 𝑚, 

if 

𝑣𝑚−1
𝑡 < 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝑡

∗ + 𝛽𝑡𝑆𝑙𝑜𝑝𝑒𝑖
∗ + 휀𝑖,𝑡

∗ < 𝑣𝑚
𝑡 . 

(2) 

 
In equation (2), m represents the m + 1-th answer category for the 

categorical indicator variable IND.GES.F, which can have values ranging 

from 0 to 2 and 
t

mv  represents the m-th estimate threshold for the variable 

IND.GES.F8.  

The goodness-of-fit is the most common approach to proof of validity 

for a latent factor’s role in period-to-period changes in mean response to 

a specific question. Of the most frequently used fit estimates - the 

Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), Root Mean Square 

Error of Approximation (RMSEA) and Standardised Root Mean Square 

Residuals (SMRM) – figures in this study were drawn solely from RMSEA. 

For latent factor growth curve models, especially since the process evolves 

over time, incremental model fit indices like CFI and TLI could be not 

justified as they are based on null models, in which it is assumed that the 

average value of responses is the same for all periods. A rule has been 

developed for each of these descriptive fit statistics based on simulation 

                                                   
6 Most often 𝛽1 = 0 and 𝛽2 = 1.  
7 This being true at the micro level.  
8 It should be stated that two thresholds are predefined: 𝑣𝑝,0

𝑡 = −∞ and 𝑣𝑝,𝑀𝑣+1
𝑡 = +∞.   



80    Piotr Białowolski 

 

 

results (Chou & Bentler, 1995; Kaplan, 2009). According to the rule for 

RMSEA, acceptable values should be below 0.08 (Browne & Cudeck, 1993)9. 

An adequate fit must be obtained from the latent growth curve model for 

answers to a specific question to meet the criterion for validity.  

4.2 Model estimation   

In the Manufacturing Sector Tendency Survey, three latent factor 

growth models were estimated for assessment of economic performance in 

areas of interest. They corresponded to the questions selected for analysis, 

IND.GES.F, IND.PRA.F and IND.EMPL.F, to which responses were treated 

as endogenous. Estimation on the full sample was possible (from the 2nd 

quarter 1997 to 1st quarter 2013) in all cases, owing to the panel nature of the 

study. All models proved to be well fitted with respect to RMSEA (see 

Table 2). 

 

Table 2. RMSEA goodness-of-fit statistic for estimated models. 

Manufacturing survey RMSEA 

Model for general economic situation expectations (IND.GES.F) 0.013 

Model for price forecasts (IND.PRA.F) 0.012 

Model for employment forecasts (IND.EMPL.F) 0.014 

Source: own calculations in Mplus. 

 

Of the models estimated based on the manufacturing industry data, the 

best fit was observed for the model predicting price change. Nevertheless, 

differences were small. Comparison of slopes between the latent factor 

growth model and simple balances can shed light on validity of the latter 

commonly used estimates in forecasting. Comparisons for questions related 

to the GDP growth, inflation forecasts and unemployment expectations are 

shown in Figure 5. 

As can be easily observed, results using both approaches (balances and 

latent factor growth model) are similar but differences are visible in the data 

from manufacturers. Correlation between slopes and balances for IND.GES.F 

is almost perfect – 0.987, but correlation, although significant, is lower 

between balances and slopes for price expectations (IND.PRA.F) and 

employment (IND.EMPL.F). The coefficient for price expectations was 

estimated at 0.717 but for employment forecasts only 0.245, which stimulated 

                                                   
9 For further discussion on model fit see Steenkamp & Baumgartner (1998), Hu & Bentler 

(1999), Marsh et al. (2004) and Davidov (2008). 
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inclusion of both slopes and balances in the following forecasting exercise to 

assess their predictive validity. 

 

 

 

 

Figure 5. Balances and slopes from the latent factor growth model for 

questions addressing general economic situation forecasts, inflation 

expectations and unemployment forecasts. 

Source: own computation. 
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5. Forecasting GDP, inflation and unemployment 

Validity of the latent concept underlying the data is an important 

prerequisite but the key issue in the forecasting of the reference series is 

applicability of results from the latent factor growth model. The first test, in 

such a situation, is on the lead properties with respect to the reference series. 

In order to test its lead properties, it was challenged using Polish yearly 

growth rates for GDP, inflation change and unemployment evolution. 

The estimated cross correlations indicate significant correlation 

between slopes and the reference series. With respect to GDP growth, the best 

correlation between estimated slopes and the reference series was observed 

with a one-quarter lead, i.e., estimated slopes from the latent factor growth 

model, correlated best, at 0.801, with the values for GDP growth reported by 

the Central Statistical Office in the following quarter. However, differences 

between the correlations for the coincident and those observed for one-quarter 

leading values were very small. Owing to this, a decisive character (lead or 

lag) for the slopes could not be identified. Lower, but still significant 

correlations were obtained between slopes from the latent factor growth 

model for IND.PRA.F and inflation. The highest correlation of 0.645 was for 

a two-quarter lead. Investigation of the relationship between employment 

forecasts (IND.EMPL.F) from the latent factor growth model and the actual 

unemployment rate showed a very strong correlation, 0.746, but for the 

indicator leading by four quarters.  

 

Table 3. Cross-correlation of the slopes for latent factor growth - GDP 

growth, inflation change and unemployment change.   

Lead(-)/lag(+) +4 +3 +2 +1 0 -1 -2 -3 -4 

IND.GES.F –  

GDP growth 
0.158 0.342 0.526 0.684 0.791 0.801 0.735 0.606 0.487 

IND.PRA.F –  

inflation 
0.357 0.363 0.407 0.473 0.558 0.616 0.645 0.618 0.558 

IND.EMPL.F – 

unemployment 
0.187 0.291 0.352 0.417 0.510 0.613 0.661 0.695 0.746 

Source: own calculations. 

 

The final step of the analysis was to introduce slopes to the time series 

model and to test its lead-lag properties. Before this could be done, the slopes 

also required testing for stationarity. The Dickey-Fuller test confirmed that 

all time-series obtained from the analysis with latent factor growth models 

could be treated as integrated I(1). Additionally, two out of three series 

obtained with the balance method were I(1). Only employment forecasts 

obtained using the standard balance method were I(0). Autoregressive models 
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were subsequently applied to the series, which were transformed or not, 

depending results from the ADF test.      

Results, using the additional explanatory variables from the equations 

presented in Table 1, for general economic situation forecasts, inflation 

forecasts or employment forecasts, when different leads or lags of slope 

estimates were obtained from the latent factor growth model, are presented in 

Table 4. 
 

Table 4. Bayesian Information Criterion Values for different lead(-)/lag(+) of 

the additional explanatory variable in predicting GDP growth, inflation and 

unemployment. 

 IND.GES.F IND.PRA.F IND.EMPL.F 

Lag(+) / 

lead (-) 

slopes 

(I(1)) 

balances 

(I(1)) 

slopes 

(I(1) 

AR(4)) 

balances 

(I(1) 

AR(4)) 

slopes 

(I(1) 

AR(4)) 

slopes 

(I(0) 

AR(1)) 

balances 

(I(1) 

AR(4)) 

balances 

(I(0) 

AR(1)) 

+2 183.54 183.61 173.86 173.98 138.46 141.91 143.49 142.13 

+1 181.81 181.49 173.58 171.83 140.58 143.58 143.58 140.42 

0 176.63 178.37 170.93 171.26 140.51 142.13 142.38 139.73 

-1 180.26 180.79 171.10 170.85 136.91 135.68 135.72 138.15 

-2 180.31 180.55 167.77 170.46 138.80 138.85 142.50 140.01 

Benchmark 178.13 178.13 166.50 166.50 136.07 136.07 136.07 136.07 

Source: own calculations. 

 

Results indicate that ARIMAX models oriented towards predicting 

macro-variables performed better with respect to BIC in specifications using 

slopes than their counterparts using balances. However, only in two cases – 

predictions of the GDP growth and the unemployment rate – did inclusion of 

information from business tendency surveys result in model improvement, 

while in the case of inflation the best model proved to be the benchmark 

without information from tendency surveys. In this case, information from 

the business tendency survey in the manufacturing industry did not offer any 

benefit in terms of BIC, not improving the model fit, either with inclusion of 

estimated slopes or traditional calculated balances.  Additionally, although 

from the analysis of cross-correlations it seemed that a substantial lead might 

be obtained from models based on tendency survey data, final analysis 

disproved the case for GDP growth forecasts and provided only marginal 

proof in the case of unemployment forecasts – a one-quarter lead.  

The formula for GDP growth predictions from the superior 

specification can be described by as follows :  
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∆𝐺𝐷𝑃𝑡 = 0.292∆𝐺𝐷𝑃𝑡−1 − 0.594∆𝑔𝑒𝑠_𝑠𝑙𝑜𝑝𝑒𝑠𝑡 + 휀𝑡, 

(0.121)                         (0.284) 
(3) 

 

where ∆𝐺𝐷𝑃𝑡 represents a change in the annual growth rate of GDP between 

periods t and t - 1, and ∆𝑔𝑒𝑠_𝑠𝑙𝑜𝑝𝑒𝑠𝑡, a change in the estimate of the slope 

between periods t and t - 1 for the question about the general economic 

situation.  In the final specification better general economic situation forecasts 

stimulate the GDP growth, which is confirmed by the coefficient for 

∆𝑔𝑒𝑠_𝑠𝑙𝑜𝑝𝑒𝑠𝑡 significant at the 0.05 level.  

With respect to the forecasts of unemployment the final model was: 

 

∆𝑈𝑁𝐸𝑡 = 0.771∆𝑈𝑁𝐸𝑡−4 + 0.929𝑠𝑢𝑟𝑝𝑡−1 + 𝜇𝑡, 
(0.074)                            (0.264) 

𝜇𝑡 = 휀𝑡 + 0.348휀𝑡−1, 
  (0.128) 

𝑠𝑢𝑟𝑝𝑡 = ∆𝑢𝑛𝑒_𝑠𝑙𝑜𝑝𝑒𝑠𝑡 − 0.445∆𝑢𝑛𝑒_𝑠𝑙𝑜𝑝𝑒𝑠𝑡−4. 

(4) 

 

where ∆𝑈𝑁𝐸𝑡 represents a change in the unemployment rate between period 

t and t - 1, ∆𝑢𝑛𝑒_𝑠𝑙𝑜𝑝𝑒𝑠𝑡 represents a change in the estimate of the slope 

between period t and t - 1 for the question about employment forecasts and 

𝑠𝑢𝑟𝑝𝑡 is the deviation between the actual employment and forecasts 

generated from the autoregressive model. The results of fitted values are 

shown in Figure 6. 

6. Conclusions 

This paper presents a new approach to forecasting GDP, inflation and 

unemployment. In place of the conventionally used, standard balances, 

estimates of slopes from latent factor growth models were used to observe 

changes in the economy, expectations for inflation and unemployment 

forecasts. Estimates generated from the survey of the manufacturing industry 

proved very close to actual balances in terms of the growth of GDP but 

differed from inflation expectations or employment predictions.  

Using latent factor growth models it was possible to show that 

responses relating to questions about the general economic situation, 

intertemporal price changes and employment forecasts were sufficiently 

consistent to be used for reliable assessment of manufacturing sector 

economic forecasts. This implies that changes associated with sample 

composition did not significantly influence results. Additionally and probably 

most importantly, inclusion of slope estimates in the ARIMAX model for 
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both the economic growth and the unemployment rate improved the overall 

fit of the model. 

 

 

 
Figure 6. Actual and fitted values for the changes in the GDP growth, inflation 

(cpi) and the unemployment rate (une) in Poland in the ARIMAX model. 

Note: gdp_predicted, cpi_predicted and une_predicted represent final values predicted from 

the best performing model selected based on the BIC.  

Source: own computation using Stata. 
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Nevertheless, to the best of the author’s knowledge, this article 

describes the first application of latent factor growth models to the forecasting 

of basic macroeconomic indicators. Hence, it should provide a starting point 

for further discussion and investigation of its potential applications and the 

refinement of the methodology. Household and business tendency survey data 

clearly offer much to explanation of fluctuations in economic processes, but 

further research is required to validate true indicators for forecasts. The 

critical test for survey applications always follows when out-of-sample 

prediction offers the clearest evidence. 
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Appendix 1. Selected questions used in the analyses for 
response categories in the standardized business tendency 
survey questionnaire 

 

Question number 

and code 
Question wording 

Answer categories  

(representing also 

scale points) 

Q5_F 

(IND.PRICES.F) 

Your selling prices in the forthcoming 3-4 

months... 

+ will increase 

= won’t change 

- will decrease 

Q6_F 

(IND.EMPL.F) 

Your firm’s total employment in the 

forthcoming 3-4 months... 

+ will increase 

= won’t change 

- will decrease 

Q8_F 

(IND.GES.F) 

The general economic situation 

(irrespectively of the situation of your 

branch and company) in the forthcoming 3-4 

months... 

+ will improve 

= won’t change 

- will deteriorate 

Source: Survey in the manufacturing industry, Research Institute for Economic 

Development, Warsaw School of Economics. 
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Appendix 2. Dickey-Fuller test for a unit root in GDP growth, 
inflation and unemployment time series 

 

 
Test 

statistic 

Critical values MacKinnon 

approximate 

p-value 
1% 5% 10% 

GDP -2.064 -3.549 -2.912 -2.591 0.2590 

ΔGDP -5.715 -3.551 -2.913 -2.592 0.0000 

Inflation + trend -2.456 -4.102 -3.478 -3.167 0.3506 

ΔInflation -5.036 -3.551 -2.913 -2.592 0.0000 

ΔInflation+trend -5.219 -4.104 -3.479 -3.167 0.0001 

Unemployment -0.860 -3.549 -2.912 -2.591 0.8010 

ΔUnemployment -7.068 -3.551 -2.913 -2.592 0.0000 

Source: own calculations. 
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Appendix 3. Information criteria for models with different lags for 
AR and MA in the ARIMA model for GDP growth, inflation and 
unemployment 

 

Table A3.1. Autoregressive model for GDP growth – selection of the best 

specification according to the BIC. 

AR GDP 

1 4 203.5592 

1 203.5001 

2 215.0236 

3 215.4025 

4 211.5821 

Null 211.6485 

 

 

Table A3.2 Autoregressive and moving average model for inflation – 

selection of the best specification according to the BIC. 

 
MA 

1,4 1 2 3 4 --- 

AR 

1,4 194.8897 196.8421 196.5849 196.1088 192.175 192.7649 

1 191.8938 199.7824 199.4946 199.1702 187.9038 195.5069 

2 194.829 199.4373 --- 213.6393 203.8426 209.4458 

3 196.8083 200.5958 208.408 216.8415 208.3622 212.5704 

4 197.5986 194.1779 203.8969 209.4472 211.8558 208.0108 

--- 194.0754 197.2165 204.3562 212.5661 207.6119 208.4515 
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Table A3.3. Autoregressive and moving average model for unemployment - 

selection of the best specification according to the BIC 

 

 MA 

1,4 1 2 3 4 --- 

AR 

1,4 157.8762 153.711 162.2532 163.3215 163.5772 159.3314 

1 170.2979 204.5331 206.6522 205.0443 172.4864 202.4394 

2 170.361 206.677 202.0188 208.8266 178.8122 204.7088 

3 168.4825 205.7488 208.8663 208.7606 178.2745 204.5973 

4 154.4481 150.1763 159.2992 161.1521 161.0751 156.9454 

--- 166.2142 202.4044 204.7121 204.5657 174.5505 200.4378 
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Appendix 4. Results from the Augmented Dickey-Fuller test for 
the time-series properties of slopes and BIC for models with 
different AR lags in the ARIMA model for evolution of 
slopes/balances 

 
 

 
Test 

statistic 

Critical values MacKinnon 

approximate 

p-value 
 1% 5% 10% 

Companies – 

slopes 

IND.GES.F -2.117 -3.562 -2.920 -2.595 0.2387 

ΔIND.GES.F -8.315 -3.563 -2.920 -2.595 0.0000 

IND.PRA.F -2.725 -3.562 -2.920 -2.595 0.0699 

ΔIND.PRA.F -9.394 -3.563 -2.920 -2.595 0.0000 

IND.EMPL.F -1.723 -3.562 -2.920 -2.595 0.4192 

ΔIND.EMPL.F -7.804 -3.563 -2.920 -2.595 0.0000 

Companies – 

balances 

IND.GES.F -2.256 -3.562 -2.920 -2.595 0.1866 

ΔIND.GES.F -8.885 -3.563 -2.920 -2.595 0.0000 

IND.PRA.F -2.758 -3.562 -2.920 -2.595 0.0645 

ΔIND.PRA.F -8.266 -3.563 -2.920 -2.595 0.0000 

IND.EMPL.F -3.164 -3.562 -2.920 -2.595 0.0222 

ΔIND.EMPL.F -9.426 -3.563 -2.920 -2.595 0.0000 

 
 

 Slopes – companies Balances – companies 

AR IND.GES.F IND.PRA.F IND.EMPL.F IND.GES.F IND.PRA.F IND.EMPL.F 

1 4 80.43 190.81 33.58 -80.97 -150.37 -138.93 

1 77.41 195.50 50.54 -85.04 -147.91 -140.86 

2 76.27 197.59 45.60 -86.54 -150.77 -113.21 

3 77.41 196.61 50.08 -84.28 -147.95 -104.72 

4 76.35 188.14 29.50 -84.33 -153.74 -102.31 

Null 73.34 193.48 46.40 -88.39 -151.65 -91.92 
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Abstract 
In a general equilibrium model that contains the standard RBC model as 

a special case we provide a novel and yet very intuitive interpretation of the 

Solow residual. We argue in a simple framework with a micro-level 

uncertainty and fixed costs that movements in the measured value of the 

Solow residual can reflect endogenous evolution in the stock of knowledge 

on the status of individual market demands. We establish that transitory 

shocks can have persistent effects as they exacerbate informational 

imperfections. In addition, the Solow residual is shown to fluctuate even 

though the technological frontier is time invariant and factors are fully 

employed. Finally, we argue that movements in the measured value of the 

TFP can be caused by monetary disturbances.  
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1. Introduction  

No firm has ever gone bankrupt for it has forgotten how to produce. 

However, numerous enterprises have been driven out of their markets by 

adverse shifts in demands. In this paper we take this simple observation 

seriously and illustrate how taste driven shifts in individual market demands 

can affect the effectiveness of factors allocation, the measured value of the 

Solow residual and finally how the shifts can impact aggregate activity.  

A casual walk through a typical shopping mall can be quite informative 

and perhaps fascinating to an economist. In a relatively confined space we do 

observe nearly all phases that most products go through. At any point in time 

some tenants are forced to close their businesses while at the same time new 

ones, with some anxiety, open up theirs in anticipation of positive profits. Still 

others stand firmly and enjoy their seemingly secure flow of profits. While 

the experience of those who are driven out may appear as dramatic it reminds 

us that losing one’s business is a part of the process. Moreover, it appears that 

in most cases the decision to cease operations is not an outcome of a sudden 

technological regress, but rather it reflects developments on the demand side 

as demands that previously existed simply expire.  

It is customary, both for theoretical and practical reasons, in 

macroeconomics to posit that the aggregate production function takes the 

form: 

𝑌 = 𝐴𝐾𝛼𝐿1−𝛼. (1) 

 

Moreover, standard growth accounting exercises reveal that parameter 

A varies significantly even at a relatively high frequency. It turns out that A 

typically decreases during economic downturns and, in particular, it became 

lower during the Great Depression of 1930s and during the 1990/91 recession. 

This led some macroeconomists to a belief that exogenous volatility in A 

could stand at the root of the business cycle phenomenon. In fact it is widely 

believed that unexpected changes in the production possibility frontier can 

lead to model-based dynamics that resemble that observed in reality. Even if 

this view is correct it still calls for a sensible interpretation of the observed 

variation in A, as some authors, e.g. Conlisk (1989), Lagos (2006), Jaimovich 

& Rebelo (2006), note that the changes in A are not only unexpected, but also 

unexplained. In this paper we embark on the task to provide a novel 

rationalization of the movements in A in a general equilibrium model that 

contains the standard RBC model as a special case.  

Our mechanism that drives changes in A is a very simple one and, we 

believe, a natural one. Specifically, we assert that the overall market outcome 

does not solely depend on the producers’ ability to manufacture, i.e. the 
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supply side of the market, but it also depends on the demand side of the 

market. In other words, we claim that apart from knowing how to produce, 

the technology aspect, it is imperative to know what to produce, i.e. producers 

must have a reasonable assessment of the demand side of the market. The 

underlying mechanism that we model reflects the experience of numerous 

economies. Specifically, one can imagine that the 1998 Russian collapse put 

an enormous strain on numerous businesses in Eastern Europe as those 

businesses lost a market for their products. Naturally, at the time Eastern 

European producers’ physical ability to produce did not diminish as firms had 

access to their technologies and to abundant factor markets. However, the 

measured value of the Solow residual did fall at the time. Clearly, an adverse 

shift in demand did impact A. Similarly, in 1973, when the UK joined the EU, 

Australia’s access to the British market was curbed negatively affecting the 

measured value of the total factor productivity. Again, it is hard to imagine 

that Australian production possibility frontier shifted at the time and, yet, the 

measured value of TFP must have fallen and remained lower until new 

markets for Australian products were found.  

More formally we can note that GDP can be expressed as the sum of 

the values of all final goods purchased in a given period, i.e. as follows: 

 

𝐺𝐷𝑃 =  𝑃1𝑄1+. . +𝑃𝑖−1𝑄𝑖−1 + 𝑃𝑖𝑄𝑖 + 𝑃𝑖+1𝑄𝑖+1+. . +𝑃𝑛𝑄𝑛. (2) 

 

Let us now imagine that the demand for good i suddenly disappears and 

its price becomes equal to zero. Naturally, in such a case the GDP assumes 

a new value given by: 

 

𝐺𝐷𝑃−𝑖  =  𝑃1𝑄1+. . +𝑃𝑖−1𝑄𝑖−1 + 0𝑄𝑖 + 𝑃𝑖+1𝑄𝑖+1+. . +𝑃𝑛𝑄𝑛, (3) 

 

which is lower than the previous one. Clearly, the GDP has changed even 

though the actual quantities produced have remained unchanged. This simple 

example reminds us that even when the supply side is time invariant it may 

be the case that the measured value of aggregate activity fluctuates in 

response to demand shifts. Obviously, this simple illustrative example 

suggests that it may be worthwhile to explore the impact of the demand side 

disturbances on aggregate activity and on the measured value of the Solow 

residual in particular.  

In our modeling approach we assume that individual market demands 

are stochastic. They evolve over time occasionally expiring and then possibly 

reappearing with some probability. In addition, we assume that the status of 

a given demand can only be identified when the production process is started 
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and a sale attempt is made. Moreover, it is assumed that production entails in 

addition to standard variable costs a fixed cost. While the above assumptions 

may appear innocuous they lead to profound implications for aggregate 

activity and allow us to interpret the measured value of the Solow residual in 

a novel, possibly more appealing, manner. The mechanism that generates 

endogenous variability in the measured value of the Solow residual is a very 

simple one. Imagine that suddenly, possibly as a result of an adverse monetary 

shock, labor becomes more scarce and, thus, in equilibrium more expensive. 

Naturally, in such a case some firms rationally choose to suspend their 

activity and some continue their operations, but generate lower profits. The 

rational decision to suspend operation has two effects: it naturally reduces the 

present value of the flow of losses, but at the same time it precludes specific 

market demands from being observed. Inability to observe the demands in 

a given period imposes an additional burden on producers in the future 

periods. Note that by assumption demands can expire. Therefore, a given 

producer who rationally suspends production in a given period does not know 

whether the demand for her product expired or it continues to exist. Rational, 

via Bayes rule, beliefs revision implies that in the following period the 

producer deals with a riskier demand than it previously did. This, however, 

implies that should the producer resume operation, she will be more likely to 

misallocate resources. In other words, the producer will assign excessive 

amount of resources to projects that are not economically viable and will 

underfund projects that should be funded. This, however, impacts the 

productivities of the factors of production and naturally the measured value 

of the Solow residual.  

In the substantive sense the paper captures a general theme that the 

quality of signals generated by economic variables is damaged during 

recessions. Therefore, recessions not only impose direct losses on the 

economy, but also negatively impact the informativeness of economic 

variables. The fact that damage inflicted by recessions goes beyond output 

loss has been explored in other contributions. Bernanke & Gertler (1989) and 

Gali et al. (2003) stress the role of capital market imperfections. The authors 

argue that damage is done through the impact on the financial hierarchy of 

access to capital, popularized by Fazzari et al. (1988), which relatively 

tightens against smaller businesses during recessions. Similarly, Brock & 

Evans (1989) show that small businesses are relatively more affected during 

recessions. Moreover, Greenwald & Stiglitz (1993) working on the role of 

imperfect capital markets, adverse selection, and imperfect information reach 

the conclusion that the recessions can negatively influence the economy. In 

addition, some authors, Bernanke et al. (1996), find that the composition of 
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projects, a substantive point also explored in this paper, is affected during 

recessions.  

Our results are presented in a number of sections. In the next section we 

outline the basic model. In Section 3 we define demand uncertainty – a key 

ingredient of the model. In Section 4 we present a solution for the equilibrium 

of the model. In Section 5 we discuss extensions. Finally, conclusions are 

presented in Section 6. 

2. Model  

The model’s composition corresponds to the imperfectly competitive 

canon augmented with an additional state variable, distribution of project 

types, and the assumption of fixed costs. Functional forms are chosen to make 

our substantive points in the simplest and tractable framework. We want to 

emphasize that our model does contain the standard RBC model as a special 

case.  

2.1. Consumers  

There is a continuum of measure one of infinitely lived consumers who 

value consumption and leisure with preferences represented, following 

Kiyotaki1 (1988), with the following utility function: 

 

𝑈({𝑐𝑡}𝑡=1
𝑡=∞, {𝑙𝑡}𝑡=1

𝑡=∞) = ∑ 𝛽𝑡−1log (𝑐𝑡 −
𝜃

1+𝜂
𝑙𝑡
1+𝜂

)∞
𝑡=1 , (4) 

 

where {𝑐𝑡}𝑡=1
𝑡=∞ denotes the stream of consumption and {𝑙𝑡}𝑡=1

𝑡=∞ denotes the 

stream of hours worked. Consumers receive labor income and a return on 

their capital holdings. Profit income in equilibrium equals zero.  

Utility maximizing consumers take the paths of prices and wages as 

given and at each point in time chooses the number of hours worked lt and the 

level of consumption ct. The number of hours worked is given by: 

 

𝑙𝑡 = (
1

𝜃

𝑤𝑡

𝑝𝑡
)

1

𝜂
. (5) 

 

In addition, to preserve complete analytic tractability along the 

intertemporal margin it is assumed that the rate of physical capital 

depreciation is equal to unity, i.e. in all periods we have δ = 1.  

                                                   
1 We choose to rely on this functional form to ensure analytic tractability while being able to 

allow for non-constant labor supply. 
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Under this simplifying assumption and the assumption of price taking 

behavior there exists an equilibrium path with a constant saving rate. We 

naturally realize that having chosen such specific values for a key parameter 

at best allows us to establish our results in a qualitative rather than strict 

quantitative case. Appendixes A and B provide sensitivity analyses with 

respect to our choice of the values of the parameters.  

2.2. Producers  

The process of production takes a number of steps. First capital and 

labor are combined to deliver an intermediate good referred to as the factor, 

then the factor is utilized in the process of production of a number of varieties 

of intermediate goods. Finally, the varieties are used in the process of 

production of the final good. The final good is used both for investment and 

consumption. 

2.2.1. The final good  

The final good is to resemble an aggregate consumption index. It in 

effect encompasses a number of intermediate goods. Specifically, we assume 

that there exists a fixed set of measure one of intermediate goods. Each 

intermediate good can be in either of two states in any given period. The good 

can be either demanded, i.e. used in the process of aggregation, or can be 

perceived as worthless, i.e. not required in the process of production of the 

final consumption good. Moreover, the process of aggregation takes the 

standard CES functional form and the process of production of the final 

consumption good can be summarized as follows: 

 

𝑄𝑡 = (∫ 𝑥𝑖,𝑡
𝛾
𝐼𝑖,𝑡𝑑𝑖

1

0
)

1

𝛾
, (6) 

 

where xi,t denotes the amount of intermediate good i employed in the process 

of production and Ii,t is the indicator function with Ii,t = 1 when the 

intermediate good i is demanded, valued by consumers, and Ii,t = 0 otherwise. 

The market for the final consumption good is perfectly competitive. 

Accordingly, the price of the final consumption good can be expressed as 

 

𝑝𝑡 = (∫ 𝑝
𝑖,𝑡

−
1

𝜎𝐼𝑖,𝑡𝑑𝑖
1

0
)

−𝜎

, (7) 

 

where 𝜎 =
1−𝛾

𝛾
 and pi,t is the price of good i at time t. Naturally, in equilibrium 

whenever Ii,t = 0 then pi,t = 0 as well. 
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The producers of the final consumption good take the prices of the 

intermediate goods as given, maximize profits, and in turn post demands for 

the intermediate goods. The inverse demands are given by: 

 

𝑝𝑖,𝑡 = {
𝐷𝑡
1−𝛾

𝑝𝑡
𝛾
𝑥𝑖,𝑡
𝛾−1

     when     𝐼𝑖,𝑡 = 1

0     when     𝐼𝑖,𝑡 = 0
, (8) 

 

where Dt denotes the total nominal demand for the final consumption good.  

Naturally, we view the final good as the abstract aggregate consumption 

good. In fact, we think of the intermediate goods as being of direct value to 

the consumers with the actual aggregate production function reflecting 

consumers’ preferences over the intermediate goods.  

2.2.2. The intermediate goods  

The process of production of the intermediate goods reflects that 

presented in Matsuyama (1999). There are two major classes of intermediate 

goods. There is a class of goods of a continuum of measure nc that are always 

demanded, i.e. Ii,t = 1 for all these goods. In addition, there is class of 

intermediate goods of measure 1 − nc, which are either demanded or not, i.e. 

Ii,t ∈ {0,1}. The production function is linear and identical for all intermediate 

goods. One unit of the factor produces a unit of an intermediate good, i.e.: 

 

𝑥𝑖,𝑡 = 𝑓𝑖,𝑡. (9) 

 

As in Matsuyama (1999), we assume that intermediate goods that are 

always demanded are sold on perfectly competitive markets. Moreover, 

producers that face uncertain demands must pay a fixed cost 𝐹𝑝𝑓, where 𝑝𝑓 

denotes the price of the factor if they decide to produce. F can be perceived 

as the cost of gathering and processing information on the status of the 

demands. Alternatively, F could be interpreted as an agency cost in a more 

elaborate model with imperfect credit markets 2. Note that it is assumed that 

producers that deliver goods that are always demanded do not pay any fixed 

cost as their demands are certain to exist.  

There are a continuum of measure one of producers, behaving 

competitively, that produce intermediate goods with certain demands. 

                                                   
2 Naturally, F could be a function of the expected return on the project. Assuming that would 

not alter the results. Similarly, F could be modeled as countercyclical as there are arguments 

that suggest that borrowing constraints are more stringent during recessions. Introducing that 

assumption would, however, only strengthen the results in the quantitative sense. 
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Accordingly, in equilibrium all producers do engage in production and the 

equilibrium price is equal to marginal cost, i.e.: 

 

𝑝𝑖,𝑡 = 𝑝𝑓 (10) 

 

for each intermediate good with certain demand.  

In addition, we assume that there are exactly two producers of each 

intermediate good with uncertain demand. Each period the producers can 

decide to engage in the process of production or can choose not to enter and 

stay idle. Should it occur that both producers opt to be active, the two 

producers are assumed to engage in price3 competition and consequently both 

make negative expected profits of  −𝐹𝑝𝑓. In the other extreme case if none of 

them chooses to be present on the market the profits, the level of production 

and the price are all equal to zero. In the remaining scenario when only one 

of the producers enters and the other does not the one that enters pays the 

fixed cost 𝐹𝑝𝑓 and enjoys the monopoly power but still is confronted with 

demand uncertainty.  

Producers decide whether to be active or not simultaneously. Moreover, 

we assume that the producers are not aware of the actual state of nature, i.e. 

whether Ii,t = 0 or Ii,t = 1,  before they make their decisions. They only rely on 

the rational assessment of the likelihoods of the two events. Furthermore, the 

uncertainty is not resolved until production is undertaken and a sale attempt 

is made. Assuming that the demand for a given good i exists with probability 

ai and does not with probability 1 − ai, and that producers are expected profits 

maximizers, the equilibrium price of good i at time t is given by: 

 

𝑝𝑖,𝑡 =

{
 
 

 
 

1

𝑎1
𝑝𝑓     when both enter and the demand exists

0     when both enter and the demand does not exist
1

𝛾𝑎1
𝑝𝑓     when only one enters and the demand exists

0     when only one enters and the demand does not exist

. (11) 

 

The two producers of the intermediate goods rationally foresee that if 

both enter then both make an expected loss of  −𝐹𝑝𝑓 if only one of them enters 

then the one that remains idle earns zero profits, and the one that enters earns 

                                                   
3 We simply assume that in this case the two producers take simultaneously the expected 

demand as given. Furthermore, we assume that each one produces one half of the quantity 

consistent with the expected demand. 
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an expected profit equal to (𝜎𝑥𝑖
𝑀 − 𝐹)𝑝𝑓, 𝑥𝑖

𝑀 denotes the quantity produced 

by a monopolist who faces a demand that exists with probability ai. Finally, 

if the two choose inactivity then the profits are equal to zero. As assumed the 

two producers decide on their level of activity simultaneously. The Nash 

equilibrium of the game between the two producers can be summarized as 

follows: both remain idle when 𝜎𝑥𝑖
𝑀 − 𝐹 < 0 and both enter with probability 

𝑏𝑎𝑖 otherwise, where 𝑏𝑎𝑖 satisfies: 

 

(1 − 𝑏𝑎𝑖)𝜎𝑥𝑖
𝑀 = 𝐹. (12) 

 

Naturally, in equilibrium 𝑏𝑎𝑖 is never equal to one, but it can be equal 

to zero. Moreover, every period the expected profits earned by a producer are 

equal to zero. Consequently, by the law of large numbers the actual profits 

earned in this economy are equal to zero.  

2.2.3. The factor  

The production process for the factor relies on the standard 

Cobb-Douglas technology employing both capital and labor. Specifically, k 

units of capital and l units of labor yield: 

 

𝑓 = 𝑘𝛼𝑙1−𝛼 (13) 

 

units of the factor. The factor is sold on perfectly competitive markets and, 

accordingly, its price is equal to marginal costs: 

 

𝑝𝑓 = (
𝑟

𝛼
)
𝛼

(
𝑤

1−𝛼
)
1−𝛼

, (14) 

 

where r and w denote the rental price of capital and the wage.  

3. Demand uncertainty  

There are some goods with time invariant demands. Let us assume that 

the measure of those goods is equal to nc. On the other hand there are markets 

in which demands evolve in a stochastic manner. We choose to model such 

cases by assuming that if the demand for a given intermediate good exists in 

a given period then it will continue to exist in the following period with 

probability q and will cease to exist with probability 1 − q. Similarly, an 

expired demand will remain expired in the following period with probability 

q and will reappear with probability 1 − q. In other words, we assume that 
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individual demands follow a Markov process with the transition matrix given 

by: 

+ 0
+ 𝑞 1 − 𝑞
0 1 − 𝑞 𝑞

. (15) 

 

Let ω = 2q − 1 and observe that a positive demand observed at time t 

remains positive after T periods with probability 𝑎𝑇 =
1

2
(𝜔𝑇 + 1). Similarly, 

an expired demand  at time t turns positive T periods later with probability 

1 − 𝑎𝑇 =
1

2
(1 − 𝜔𝑇). Naturally, whenever economic activity is undertaken 

and there is sale attempt made, the demand is observed and the actual state of 

nature can be inferred with certainty. On the other hand, whenever profit 

maximizing individuals rationally choose to suspend production there is no 

sale attempt made, and consequently demand is not observed and the actual 

state of nature remains unknown.  

For clarity we refer to a market with positive demand with probability 

a as a project of quality a. Let 𝑛𝑎
𝑡  be the number of projects of quality 

a available at time t. Naturally, given the Markovian nature of the evolution 

of project types the overall number of projects is fixed and equal to 1 − nc, 

i.e.: 

∫ 𝑛𝑎
𝑡 𝑑𝑎

1

0
= 1 − 𝑛𝑐. (16) 

 

Moreover, the set of admissible project types is given by, where again 

ω = 2q − 1: 

 

𝐴 = {𝑎: 𝑎 =
1

2
(𝜔𝑇 + 1)   or   𝑎 =

1

2
(1 − 𝜔𝑇),   𝑇 = 1,2, . . . }. (17) 

 

Let 𝑧𝑎
𝑡  denote the fraction of projects of type a suspended in period t. 

Assuming that agents use Bayesian updating when making inferences about 

the status of a given demand and invoking the law of large numbers, it is 

straightforward to establish that the distribution of project types satisfies the 

following laws of motion: 

 

𝑛𝑎1
𝑡+1 =∑(1 − 𝑧𝑎1

𝑡 )𝑎𝑖𝑛𝑎1
𝑡

∞

𝑖=1

+∑(1 − 𝑧1−𝑎1
𝑡 )(1 − 𝑎𝑖)𝑛1−𝑎1

𝑡

∞

𝑖=1

𝑛𝑎2
𝑡+1 = 𝑧𝑎1

𝑡 𝑛𝑎1
𝑡

𝑛𝑎3
𝑡+1 = 𝑧𝑎2

𝑡 𝑛𝑎2
𝑡

 (18) 
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… 

𝑛1−𝑎3
𝑡+1 = 𝑧1−𝑎2

𝑡 𝑛1−𝑎2
𝑡

𝑛1−𝑎2
𝑡+1 = 𝑧1−𝑎1

𝑡 𝑛1−𝑎1
𝑡

𝑛1−𝑎1
𝑡+1 = ∑ (1 − 𝑧𝑎1

𝑡 )(1 − 𝑎𝑖)𝑛𝑎1
𝑡∞

𝑖=1 + ∑ (1 − 𝑧1−𝑎1
𝑡 )𝑎𝑖𝑛1−𝑎1

𝑡∞
𝑖=1

. 

 

For a given sequence of {𝑧𝑎
𝑡 }𝑎∈𝐴, the system (18) is characterized by 

a fixed point property and the distribution of available projects types {𝑛𝑎
𝑡 }𝑎∈𝐴 

converges to an ergodic distribution. 

4. Equilibrium  

There are two state variables in the model: physical capital and the 

distribution of project types {𝑛𝑎
𝑡 }𝑎∈𝐴. Nevertheless, the solution to the 

intertemporal problem given the very specific functional form of the utility 

function and the fact that the rate of physical capital depreciation is assumed 

to be equal to unity is straightforward. In particular, under the assumption of 

price taking behavior on the part of a representative consumer the fraction of 

output saved each period is constant and given by s = βα. The solution 

prevails even in the presence of uncertainty and expected utility 

maximization. 

The equilibrium within a given period is characterized by a number of 

reaction functions and market clearing condition. First of all, recall that both 

the amount of physical capital stock and the distribution of project types 

{𝑛𝑎
𝑡 }𝑎∈𝐴 are predetermined in a given period. Moreover, as the price of an 

intermediate good with certain demand is always equal to marginal cost and 

the efficiency in the final good producing sector requires that: 

 

(
𝑥𝑡,𝑖

𝑥𝑡,𝑗
)
γ−1

=
𝑝𝑡,𝑖

𝑝𝑡,𝑗
, (19) 

 

the actual quantities delivered are always the same irrespective of the specific 

good. Let 𝑥𝑡
𝑐 denote the quantity delivered by producers of an intermediate 

good of a given type with certain demand. Similarly, let 𝑥𝑡,𝑎
𝑀  be the quantity 

delivered by the producer of an intermediate good of type a. The demand for 

the good exists with probability a, when only one producer enters. In addition, 

let 𝑥𝑡,𝑎
𝐶  be the quantity delivered by the two producers of the intermediate 

good of type a when both producers enter. Noting that the producers of goods 

with risky demands must pay the fixed cost to produce, the overall demand 

for the factor can be expressed as: 
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𝑓𝑡
𝐷 = 𝑛𝑐𝑥𝑐 + ∫ 𝑛𝑎

𝑡 ((𝑏𝑎
𝑡 )2(𝑥𝑡,𝑎

𝐶 + 2𝐹) + 2𝑏𝑎
𝑡 (1 −

𝑎∈𝐴

𝑏𝑎
𝑡 )(𝑥𝑡,𝑎

𝑀 + 𝐹)) 𝑑𝑎. 
(20) 

 

In equilibrium, the efficiency condition (19) and the indifference 

condition (12) must hold. In addition, the demand for the factor 𝑓𝑡
𝐷 given by 

(20) must be equal to the supply 𝑘𝑡
𝛼𝑙𝑡
1−𝛼, i.e.: 

 

𝑘𝑡
𝛼𝑙𝑡
1−𝛼 = 𝑥𝑐𝛷𝑡, (21) 

 

where Φt denotes the following expression, where 𝜌 =
1

1−𝛾
 and 𝑔 = 𝛾

𝛾

1−𝛾: 

 

𝛷𝑡 = 𝑛
𝑐 + ∫ 𝑛𝑎

𝑡 𝑎𝜌((𝑏𝑎
𝑡 )2 + 2𝑏𝑎

𝑡 (1 − 𝑏𝑎
𝑡 )𝑔)

𝑎∈𝐴
𝑑𝑎. (22) 

 

It is straightforward to show that the price level can be expressed as 

𝑝𝑡 = 𝛷𝑡
−𝜌 𝑤𝑡

1−𝛼
(
𝑙𝑡

𝑘𝑡
)
𝛼

. Moreover, as the quantity of labor supplied is given by 

(5), the equilibrium within a single period of time can be summarized with 

𝐵1 = (
1−𝛼

𝜃
)

1

𝜂+𝛼
: 

𝑙𝑡 = 𝐵1𝛷𝑡

𝜎

𝜂+𝛼𝑘𝑡

𝛼

𝜂+𝛼

𝑦𝑡 = 𝛷𝑡
𝜎𝑘𝑡

𝛼𝑙𝑡
1−𝛼

𝑘𝑡+1 = 𝛽𝛼𝛷𝑡
𝜎𝑘𝑡

𝛼𝑙𝑡
1−𝛼

. (23) 

 

Moreover, in equilibrium as equations (21), (19), and (132) imply for 

any 𝑎 ∈ 𝐴 such that 𝑏𝑎
𝑡 > 0 it must be, 𝐵2 =

1

𝐹
(1 − 𝛾)𝑔: 

 

𝐵2𝑘𝑡
𝛼𝑙𝑡
1−𝛼(1 − 𝑏𝑎

𝑡 )𝑎𝜌 = 𝛷𝑡. (24) 

 

Expression (24) defines implicitly, as Φt does depend on 𝑏𝑎
𝑡 ’s, the 

sequence of probabilities {𝑏𝑎
𝑡 }𝑎∈𝐴 at which producers enter. Finally, 

production in a given unit that faces a positive demand with probability a is 

suspended whenever none of the two producers enters and that occurs with 

probability (1 − 𝑏𝑎
𝑡 )2, hence: 

 

𝑧𝑎
𝑡 = (1 − 𝑏𝑎

𝑡 )2. (25) 



Stochastic demands, fixed costs and time-varying Solow residual  107 

 

 

 

 

The description of the equilibrium within a single period of time is 

complete. The last relationship of (23) and (18) describe the evolution of the 

economy over time.  

Model parameters do influence the evolution of the economy over time. 

However, there is a range of values for which the economy converges to 

a  steady state. The approach path to the steady state can be oscillatory. 

Finally, multiple steady state equilibria are feasible. Appendixes A and B 

contain extensions of discussion of the equilibrium properties further. 

Naturally, we want to indicate that our results are only qualitative in nature 

and serve as an illustration as there is no particular scientific basis for our 

choice of the underlying parameters.  

4.1. Dynamics  

There are two state variables in the model: physical capital and 

informational capital embodied in the distribution of project types {𝑛𝑎
𝑡 }𝑎∈𝐴. 

Physical capital plays the traditional role in the model. It is a saving 

instrument and an input in the process of production. Informational capital 

captures the state of knowledge of economic agents about the state of nature 

of individual market demands. Naturally, physical capital is accumulated over 

time and is a result of rational decision making with the fraction βα of output 

saved each period. Informational capital, on the other hand, is created in fact 

as a by-product of economic activity, active firms reveal the status of demands 

and suspended units do not, and its evolution is summarized with the system 

of equations (18). As it turns out, a decision to suspend production leads to 

information loss and impacts negatively the shape of the future distribution 

of project types. Nevertheless, the decision is rational, i.e. consistent with the 

firm’s value maximization at any point in time.  

4.2. Long Lasting Effects of Transitory Shocks  

For a wide parameter range the level of physical capital stock and the 

distribution of project types converge, respectively, to a steady state value and 

an ergodic distribution. Consequently, absent any changes in the 

fundamentals the economy remains in the steady state and only shocks can 

push the economy out of its long run equilibrium. At this stage the paper 

focuses on a very special form of shocks. In particular, we consider shocks to 

preferences on the leisure-consumption margin. Specifically, we observe that 

whenever θ changes, labor supply changes. A rise in θ decreases labor supply 

and makes the factor scarcer. This in turn discourages entry as the factor price 



108    Maciej Konrad Dudek 

 

 

is higher, and depresses activity even further. Clearly, a change in θ has 

a direct impact on output as it affects labor supply, and indirectly as it 

influences the entry margin. However, shifts in θ not only affect the current 

equilibrium values, but also impact the process of formation of both forms of 

capital. Specifically, as an increase in θ lowers output and as a fixed fraction 

of output βα is saved, the future level physical capital stock decreases as well. 

Moreover, as a positive innovation to θ reduces willingness of entry on the 

part of producers at the time of the shock, the number of observed demands 

is lower and there is less information revealed, and the shape of future 

distribution of project types changes as well. As a result the decisions to 

suspend operation of a greater number of units exacerbate uncertainty and 

lead to a fall in the informational capital stock embodied in {𝑛𝑎
𝑡 }𝑎∈𝐴. The fall 

in the informational capital stock implies a lower level of output in future 

periods as factor of production are utilized less efficiently. Figure 1 presents 

sample dynamics of output triggered by a 2% increase in θ (a negative labor 

supply shock.) 

 
Figure 1. Output response to a negative labor supply shock. 

Source: own computation. 

 

Figure 2 presents the reaction of the key macro-variables to a one time 

2% increase in θ. The response of the real wage is of particular interest as the 

real wage actually rises when the shock hits. This is not surprising because 

leisure is valued relatively more at the time of the shock, and then it falls and 

follows the path analogous to the remaining variables. The reason for the fall 
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in the real wage after the return of θ to its original value is simple. The shock 

adversely affects the distribution of projects types and as the rewards to 

factors of production depend on the overall riskiness of the projects the real 

wage must decrease in line with the adverse change in the distribution of 

project types. 

 
Figure 2. Response of key macroeconomic variables to a negative labor 

supply shock. 

Source: own computation. 

 

A rise in θ affects the economy both when the shock is present and when 

the value of θ returns to its normal value, as a contemporaneous rational 

decision to suspend production impacts negatively the future distribution of 

project types. Summarizing, the presence of informational capital enriches the 

dynamics. Moreover, the presence of informational capital introduces inertia 

to the economy. Thus, the model illustrates that even temporary disturbances 

can cause long lasting departures of output from the normal level. Naturally, 

in the model negative disturbances cause excessive output loss. On the other 

hand a positive innovation pushes output above its normal level for an 

extended period of time as well. Moreover, a positive innovation, if it occurs, 

leads to increased uncertainty resolution and makes the decision making 

process easier in the future periods and thus increases future output. In 

addition, given the imperfectly competitive structure of our model, a positive 

innovation actually brings output closer to the social, perfectly competitive, 
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optimum. In summary, the presence of the additional state variable that 

captures agents’ knowledge on the existence of specific demands enriches the 

dynamics and increases the variance of output with mean up to the first order 

unchanged.  

4.3. Time-varying Solow residual  

The overall number of projects is always constant. The number of 

markets with existing demands is always equal to 𝑛𝑐 +
1

2
(1 − 𝑛𝑐) and the 

number of markets with non-existent demands equals 
1

2
(1 − 𝑛𝑐). Moreover, 

existing technologies are time invariant. However, admittedly, economic 

agents are not equally informed on the actual status of individual market 

demands in all periods. Occasionally, economic agents face a riskier pool of 

projects and their decisions ex post turn out to be inefficient with some 

projects underutilized and other receiving excessive finance. Moreover, in all 

periods all factors of production are fully employed. At any point in time the 

level of output can be expressed as 

 

𝑦𝑡 = 𝛷𝑡
𝜎𝑘𝑡

𝛼𝑙𝑡
1−𝛼. (26) 

 

In equilibrium Φt depends on the distribution of project types and on 

the probabilities of entry by each of the types. These in turn depend on the 

actual amount of capital and labor in the economy. Consequently, the level of 

output can be expressed as a function 4 of the distribution of project types, 

capital, and labor available in the economy: 

 

𝑦𝑡 = 𝑓({𝑛𝑎
𝑡 }𝑎∈𝐴, 𝑘𝑡, 𝑙𝑡). (27) 

 

This functional form can be interpreted as a form of the aggregate 

production function. Obviously, the functional form obtained in this manner 

need not and in general does not resemble the functional form of the 

production at the micro-level. The production function at the micro-level is 

known in this model. It is a simple Cobb-Douglas production function 

represented by (13). Should we decide incorrectly to assume that the 

aggregate production function belongs to the same family of Cobb-Douglas 

functional forms, then noting that all three variables yt, kt, and lt are 

observable, we will interpret 𝛷𝑡
𝜎 as a measure of the total factor productivity. 

Naturally, in the traditional sense our interpretation will be ‘flawed’ as Φt in 

                                                   
4 For some special parameter values the actual functional form can be obtained. 
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equilibrium does depend on kt and lt. Nevertheless, the interpretation as such 

will be consistent with the current operational methodological approach used 

in the Real Business Cycle theory and growth accounting. Informally, an 

inexperienced econometrician who attempts to fit the true micro-level 

production function into aggregate data is bound to pick up 𝜎
ΔΦ𝑡

Φ𝑡
 as a measure 

that reflects the Solow residual as approximately we have: 

 
∆𝑦𝑡

𝑦𝑡
= 𝜎

ΔΦ𝑡

Φ𝑡
+ 𝛼

∆𝑘𝑡

𝑘𝑡
+ (1 − 𝛼)

∆𝑙𝑡

𝑙𝑡
. (28) 

 

Moreover, in equilibrium all variables yt, kt, lt, and {𝑛𝑎
𝑡 }𝑎∈𝐴 do change 

and, consequently, the measured Solow residual varies as well. Figure 3 

presents the actual co-dependency of equilibrium variables for a sequence of 

shocks to θ. 

 
Figure 3. Correlation between key macroeconomic variables and the 

measured Solow residual.  

Source: own computation. 

 

As normally believed, output, employment and investment strongly 

respond to changes in the measured Solow residual. However, the relationship 

is spurious as the underlying shock lies elsewhere and does not influence the 

actual factor productivity. In this model shocks to preferences affect labor 

supply. Changes in labor supply for a given level of physical capital influence 
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the scarcity of the factor. Variations in the scarcity of the factor impact the 

entry probabilities, which in turn influence the measured values of the Solow 

residual. Consequently, output, employment and investment all change in 

equilibrium in line with the measured value of the Solow residual despite the 

fact that the physical factor productivity is constant. Thus, the model presents 

a mechanism that generates the time-varying measured Solow residual with 

full factor employment and without technology shocks. Obviously, in the 

model the measured Solow residual does not indicate the change in the actual 

physical factor productivity as the factors are always fully employed and 

equally productive as the production possibility frontier is constant.  

5. Extensions  

The dynamics in the model is driven by shocks to preferences on the 

leisure-consumption margin. While shifts in tastes at the individual level do 

occur and assuming just that does not yield any controversy the paper makes 

in fact a stronger assumption. Specifically, we treat shocks to individual 

preferences as being perfectly correlated across individuals, i.e. we assume 

that the same type of shock affects all agents simultaneously. Clearly, there 

is no theoretical rationalization for perfect correlation across shocks. To deal 

with that issue we extend the model.  

Recall that labor supply at any given point in time is given by: 

 

𝑙𝑡 = (
1

𝜃

𝑤𝑡

𝑝𝑡
)

1

𝜂
. (29) 

 

Up to this point we have been relying on shifts in θ to induce variation 

in the amount of labor supplied. Naturally, as equation (29) indicates, labor 

supply changes as soon as the real wage changes. Under the assumption of 

full information the real wage could change only if some of the underlying 

parameters of the model change. Here, we decide to make a short cut  5 and 

assume that there is a timing issue within a single period of time. Specifically, 

we assume that the nominal wage wt is observed whereas the price level pt 

becomes known after the actual labor contract is signed. Accordingly, the 

actual labor contract must be signed given expectations about the price level 

and the actual amount of labor supplied, under yet another simplifying 

assumption of certainty equivalence behavior, takes the form: 

                                                   
5 Formally speaking, we should embed the model into the Lucas’s type framework and 

proceed with the fully rational exposition. We make the short cut to reduce the dimensionality 

of the model. 
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𝑙𝑡 = (
1

𝜃

𝑤𝑡

𝑝𝑡
𝑒)

1

𝜂
, (30) 

 

where 𝑝𝑡
𝑒 denotes the expected price level at t from the perspective of the 

beginning of period t. Similarly, the physical capital rental contract is signed 

conditional on expectations of the price level. To induce potential departures 

between the actual price level pt and the expected price level 𝑝𝑡
𝑒 we follow 

Blanchard & Kiyotaki (1987) and introduce a monetary variable into the 

model with money in the utility being the source of money demand. 

Accordingly, the utility function assumes a new functional form and is 

expressed with: 

 

𝑈({𝑐𝑡}𝑡=1
𝑡=∞, {𝑙𝑡}𝑡=1

𝑡=∞, {𝑚𝑡}𝑡=1
𝑡=∞) = ∑ 𝛽𝑡−1log𝑚𝑡 (𝑐𝑡 −

𝜃

1+𝜂
𝑙𝑡
1+𝜂

)∞
𝑡=1 , (31) 

 

where mt denotes the real value of money balances held by the consumer at t. 

The monetary authority injects with lump sum transfers money into the 

economy. The remainder of the model remains unchanged. The period t 

budget constraint takes the form: 

 

𝑐𝑡 +𝑚𝑡 + 𝑘𝑡+1 =
𝑤𝑡

𝑝𝑡
𝑙𝑡 + (1 − 𝛿 +

𝑟𝑡

𝑝𝑡
) 𝑙𝑡 + (1 − 𝜏)𝑚𝑡−1

𝑝𝑡−1

𝑝𝑡
+𝑚𝑡

𝐿, (32) 

 

where 𝑚𝑡
𝐿 denotes the real value of lump-sum monetary transfers at time t and 

τ denotes the tax on nominal cash holdings held on from the previous period. 

Recall, that is has been already assumed that δ = 1. To simplify exposition 

further we assumed that τ = 1, i.e. we assume that cash holdings are 

completely taxed away after one period. Finally, the lump sum transfers 𝑚𝑡
𝐿 

are treated as given by a single consumer.  

The extended version of the model under the assumptions of δ = 1 and 

τ = 1 remains fully tractable along the intertemporal margin. Specifically, it 

is straightforward, as under rational expectations, as of period t the expected 

error is zero, i.e. 𝐸𝑡
𝑝𝑡+1

𝑝𝑡+1
𝑒 = 1 to show that the fraction of income saved in the 

form of physical capital each period is given by: 

 

𝑠𝑡 = 𝛼𝛽
𝑝𝑡

𝑝𝑡
𝑒. (33) 

 

In addition, efficiency requires that: 

 



114    Maciej Konrad Dudek 

 

 

𝑀𝑡

𝑝𝑡
= 𝑐𝑡 −

𝜃

1+𝜂
𝑙𝑡
1+𝜂

, (34) 

 

where Mt denotes the nominal stock of money held at the end of period t. 

Moreover, in equilibrium it must be: 

 

𝜃𝑙𝑡
𝜂
=

𝑝𝑡

𝑝𝑡
𝑒

𝑤𝑡

𝑝𝑡
𝑤𝑡

𝑝𝑡
= 𝛷𝑡

𝜎𝑘𝑡
𝛼𝑙𝑡
1−𝛼

Φ𝑡 = 𝐵2(1 − 𝑏𝑎
𝑡 )𝑎𝜌𝑘𝑡

𝛼𝑙𝑡
1−𝛼

. (35) 

 

To complete the model let us assume that the process governing the 

evolution of the monetary variable over time takes the form 

 

𝑀𝑡 = (1 − 𝜏)𝑀𝑡−1 +𝑀𝑡
𝐿, (36) 

 

where 𝑀𝑡
𝐿 = (1 + 𝜆)(1 + 𝜈𝑡)𝑀𝑡−1 is the lump sum transfer of nominal cash 

at time t. The parameter λ is known and constant throughout all periods and 

given that τ = 1 reflects the average rate of money growth whereas νt is a 

mean-zero disturbance and is thought to represent shocks within the monetary 

transmission mechanism. The price expectations 𝑝𝑡
𝑒 held at the beginning of 

the period are rational in the following sense. Agents expect the price level to 

be equal to the value that would materialize if the shock νt was zero, i.e. agents 

simply expect the price to be equal to the value that would exist if the actual 

money stock was equal to its expected value. Given the specific price 

expectations the model can be solved for a given sequence of monetary 

shocks νt’s. 

Naturally, unlike in the previous section that dealt with shocks to θ it is 

very natural, within the present framework, to think of νt as of a common 

aggregate shock affecting all agents simultaneously. In fact the model is 

nearly, with the price expectation error affecting the saving ratio being the 

key difference, isomorphic to the version of the model presented in the 

previous section. Clearly, as the labor supply in equilibrium can be expressed 

as 𝜃𝑙𝑡
𝜂
=

𝑝𝑡

𝑝𝑡
𝑒

𝑤𝑡

𝑝𝑡
, monetary shocks leading to discrepancies between pt and 𝑝𝑡

𝑒 

influence, for a given value of the real wage, the labor supply as if the shocks 

were due to unpredictable changes in the preference parameter θ. Specifically, 

a positive innovation to money stock generates a positive price surprise and 

leads to an increase in the quantity of labor supplied. Higher quantity of labor 

supplied increases the likelihood of entry as labor becomes cheaper. This 

increases output and leads to expansion. The actual price level is determined 
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from the money demand equation (34). Obviously, monetary shocks are 

non-neutral and affect the equilibrium. This simple result must have been 

expected given the assumed informational lag within a single period of time. 

However, as noted earlier price expectation errors not only affect the actual 

quantity of labor supplied, but also influence the likelihoods of entry on the 

part of different producers. Specifically, the higher the quantity of labor 

supplied the lower the wage and the values of 𝑧𝑎
𝑡 ’s are lower. Increased entry 

on the part of producers changes the equilibrium value of Φt and consequently 

affect the measure value of the Solow residual. Figure 4 depicts the response 

of the Solow residual to a random draw of monetary shocks. 

 
Figure 4. Response of the Solow residual to a monetary shock. 

Source: own computation. 

 

Naturally, the model as such is purely illustrative. Nevertheless, it 

shows that in an environment with fixed technology frontier the measured 

value of the Solow residual can respond to monetary shocks. We want to 

emphasize that factors are fully employed and that the actual number of goods 

that are demanded in a given period is always constant.  

For completeness we note that the response of output to a monetary 

shock as well of the remaining key variables do correspond to output 

dynamics triggered by changes in θ as depicted in Figures 5 and 6. 
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Figure 5. Response of output to a monetary shock. 

Source: own computation. 

 

 
Figure 6. Response of key macroeconomic variables to monetary shocks. 

Source: own computation. 
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Naturally, unexpected changes in money supply introduce inertia into 

the model. Specifically, a negative innovation can cause a long lasting fall in 

output. See Figure 7. 

 
Figure 7. Response of output to monetary shocks. 

Source: own computation. 

 

6. Conclusions  

The paper studies the impact of micro-level informational 

imperfections on aggregate variables under the assumption of fixed costs. It 

turns out that assuming non-zero fixed cost to produce allows the economy to 

respond to shocks along the extensive margin. Should a negative shock affect 

the economy, some producers may find it optimal to suspend production and 

refrain from economic activity. Naturally, this simple mechanism generates 

welfare losses when shocks are present. The paper goes beyond that basic 

observation and notes that a rational decision to suspend production precludes 

individual market demands from being observed. Consequently, if, as 

assumed in the paper, individual market demands follow a stochastic process, 

a decision to suspend production imposes informational burden on the 

economy as rational inferences regarding the status of an individual demand 

must be made without observing its current state. This implies that confronted 

with inferior information economic agents make on average worse decisions 

as they are more likely to misallocate resources and the negative effects of 
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shocks can be long lasting even when the shocks themselves are just 

transitory.  

In addition, we note that in principle the functional forms of the 

microlevel and the aggregate production functions need not coincide and in 

our paper they do not. Consequently, an attempt to measure total factor 

productivity with simple fit of the micro-level production function into 

aggregate data can lead to spurious results and identify changes in the 

productivity of factors even when the production frontier is time invariant and 

factors are fully employed. In particular, we show, following the current 

operational methodology, that output growth and the measured TFP growth 

can co-move even though there are no technology shocks. Moreover, we 

extend the model and show that monetary disturbances can be a source of 

fluctuations in the measured value of the Solow residual.  
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Appendix A 

The purpose of this appendix is to provide some discussion of the 

equilibrium properties depending on the parameter values. Observe that the 

distribution of project types {𝑛𝑎
𝑡 }𝑎∈𝐴 in principle does affect the equilibrium. 

Specifically, it turns out that both the ρ moment and the -ρ moment of the 

distribution of project types do affect the equilibrium. Accordingly, let 𝐴′ =
{𝑎: 𝑏𝑎 > 0} and define: 

 

𝜇0
𝑡 = ∫ 𝑛𝑎

𝑡 𝑎0𝑑𝑎
𝑎∈𝐴′

𝜇𝜌
𝑡 = ∫ 𝑛𝑎

𝑡 𝑎𝜌𝑑𝑎
𝑎∈𝐴′

𝜇−𝜌
𝑡 = ∫ 𝑛𝑎

𝑡 𝑎−𝜌𝑑𝑎
𝑎∈𝐴′

. (37) 

 

Observe that equation (24) implies that the expression 𝜓𝑡 = (1 −
𝑏𝑎
𝑡 )𝑎𝜌 is identical for all 𝑎 ∈ 𝐴′. Consequently, we can express Φt as: 

 

Φ𝑡 = 𝑛
𝑐 + (1 − 2𝑔)𝜇−𝜌

𝑡 𝜓𝑡
2 + 2(𝑔 − 1)𝜇0

𝑡𝜓𝑡 + 𝜇𝜌
𝑡 , (38) 

 

and in equilibrium the following expression obtains: 

 

𝐵𝑘𝑡
𝜌1𝜓𝑡 = 𝛷𝑡

𝜌2, (39) 

 

where 𝐵 = 𝐵1𝐵2 =
1

𝐹
(
1−𝛼

𝜃
)

1−𝛼

𝜂+𝛼 (1 − 𝛾)𝛾
𝛾

1−𝛾, 𝑔 = 𝛾
𝛾

1−𝛾, 𝜌1 = 𝛼
1+𝜂

𝛼+𝜂
 and 𝜌2 =

1 −
1−𝛾

𝛾

1−𝛼

𝛼+𝜂
. Observe that ψt never falls below zero and never exceeds qρ. 

Moreover, the monopolists problem has a non-degenerate solutions for γ ∈ 

(0,1), i.e. g ∈ (e −1,1). As a result Φt decreases for ψt ∈ (0, qρ) when γ < ½ and 

can be either decreasing or have a local minimum for γ > ½ for ψt ∈ (0,qρ). 

Note that irrespective of the sign of ρ2 the higher the value of capital stock kt, 

the lower the value of ψt and, consequently, the larger the values of entry 

probabilities. Similarly, the influence of changes in θ on the entry 

probabilities is unambiguous. On the other hand the impact on ψt of the 

informational statistics 𝜇−𝜌
𝑡 ,  𝜇0

𝑡 ,  and 𝜇𝜌
𝑡  is ambiguous and it does depend on 

the sign of ρ2 and the sign of (1 − 2g).  

Observe that both functions y = xρ and y = x -ρ are convex, where 𝜌 =
1

1−𝛾
> 1. Any suspension of a project moves mass of the distribution of 

project types from the tails of the distribution of project types to the center. 
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Specifically, if at time t the fraction of suspended projects of type a increases 

by Δza then the number of projects of quality a1 falls by the amount 𝑎Δ𝑧𝑎𝑛𝑎
𝑡 , 

the number of projects of type 1 − a falls by the amount (1 − 𝑎)Δ𝑧𝑎𝑛𝑎
𝑡  and 

the number of projects of type a′ = aq + (1 − a)(1 − q) rises by the Δ𝑧𝑎𝑛𝑎
𝑡  

amount. Naturally, as both functions y = xρ and y = x -ρ are convex the ρ and  

-ρ moments of the distribution of project types do fall. This changes the shape 

of Φt.  

Observe that when ρ2 is positive6 at the margin, an increase in 𝑧𝑎
𝑡  leading 

to a simultaneous fall in 𝜇𝜌
𝑡+1 and 𝜇−𝜌

𝑡+1,  and 𝜇0
𝑡+1 unaffected shifts the right 

hand side of (39) down makes ψt smaller, i.e. entry probabilities larger. In this 

case an increase in the riskiness of the projects leads to increased entry, 

conditional on physical capital stock being constant, and additional factor 

misuse and further output drop. Naturally, in this case more information is 

revealed, conditional on physical capital stock being fixed, and informational 

capital is built up at a faster rate. Higher level of informational embodied in 

{𝑛𝑎
𝑡 }𝑎∈𝐴 increases this time the ρ and  -ρ moments and discourages entry. In 

turn there is less information revealed. Consequently, informational capital is 

built up at a lower pace. The process continues and in this case the economy 

returns to its original state. However, the approach path can be oscillatory 

when physical capital stock is relatively unimportant in the process of 

production since informational capital can overshoot its long-run value on the 

approach path. The situation is different when ρ2 is negative. In this case a 

marginal increase in 𝑧𝑎
𝑡  that lowers the values 𝜇𝜌

𝑡+1 and 𝜇−𝜌
𝑡+1, and leaves the 

value of 𝜇0
𝑡+1 unchanged, actually shifts the left hand side of (39) up, i.e. it 

rises the equilibrium value of ψt and makes the entry probabilities smaller 

additionally depressing informational capital formation. In this case the 

economy returns to its original position on a smooth approach path. Figure 8 

presents a number of cases. 

In this paper we focus on the latter case, i.e. we normally set the values 

of the underlying parameters in such a way so as to ensure that ρ2 is negative. 

Consequently, in our model the higher the average risk associated with the 

projects the less likely the producers are to enter and smaller factor misuse. 

This assumption dampens the oscillations along the approach path, but does 

not necessarily imply that the actual welfare costs are smaller.  

                                                   
6 The sign of  1−2g does not play an important role in the neighborhood of 0. 
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Figure 8. Time paths of the model parameters. 

Source: own computation. 

 
In summary, the model parameters do play a role for a very fundamental 

reason. Supply-side parameters such as α and η affect the relative importance 

of labor in the process of production and the labor supply. Real wage depends 
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on the likelihood of entry. In particular, the higher the likelihood of entry the 

lower the real wage and the higher the labor supply, which makes entry 

additionally attractive. On the other hand the demand parameter γ defines the 

substitutability between intermediate goods. Consequently, it influences 

profits earned. In particular, additional entry can be welcome if new entrants 

create enough profits to generate additional demand for the existing firms. On 

the other hand it could be the case when the elasticity of substitution between 

intermediate goods is high that new entrants compete for the same demand 

and actually depress the value of per firm profits. Clearly, entry affects both 

the supply and the demand side and its overall impact on others depends on 

the parameter values. Consequently, changes in the ρ and the  -ρ moments of 

the distribution of project types can impact the entry probabilities in a number 

of ways. In this paper, we do assume that the parameters are such that the 

higher the riskiness of the projects the more reluctant the producers are to 

enter. 
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Appendix B 

The purpose of this appendix it to present a number of sensitivity tests 

with respect to the key parameters of the model. The figure below presents 

the reaction of output to a one-time shock to θ for the reference value of the 

underlying parameter (the solid line), and a 5% increase and a 5% decrease 

in the value of the underlying parameter (the broken lines). 

  
Source: own computation. 
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Abstract 

Most tendency surveys are organized to be based on a fixed sample of 

units across time. This fixed panel constitutes a designed sample. But in 

practice the resulting sample always differs from the designed one, sometimes 

quite considerably. In tendency surveys, like in all real surveys, some sampled 

units refuse to participate, some agree to cooperate but forgo several periods 

later, some respond irregularly. Consequently, the resulting samples across 

time never constitute a perfect panel, they form an overlapping sample 

pattern. In the paper we propose a formula for adjusted balance statistics that 

takes into account distortion of a sample. The main idea of adjusted balance 

statistics is analogous to estimators known from statistical overlapping 

samples theory. Theoretical part of the paper is extended by empirical 

analysis of monthly business tendency survey data. In particular, the response 

pattern is studied and comparison of original and adjusted balance statistics 

is conducted.  
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1. Introduction 

Most tendency surveys are organized to be based on a fixed sample of 

units across time. This fixed panel of respondents constitute a designed 

sample. Using a panel has many advantages. It increases efficiency of net 

changes estimation (see e.g. Panel surveys, 1989; Sample surveys, 2009) and 

allows for better cooperation with the enterprises during successive periods 

of time (see e.g. OECD, 2003).   

Although a designed sample is usually a panel, the resulting one is 

typically not. In almost all surveys a designed sample and resulting sample 

differs from each other, sometimes quite considerably. Analogously, resulting 

samples differ from each other across time. This is mainly due to 

nonresponse. There is an extensive literature as far as nonresponse is 

considered (see e.g. Groves et al., 2002; Little & Rubin, 2002; Longford, 

2005) but majority of it refers to various theoretical issues. Measuring the real 

impact of nonresponse on obtained results in particular surveys is extremely 

difficult.  

The present paper refers directly to nonresponse problems in tendency 

surveys, in particular, to the changing structure of a sample across time due 

to a variable under a study. The structure of a sample can also change as far 

as NACE classification or companies’ size are concerned. But both NACE 

classification and companies’ size constitute attributes of respondents, and 

earlier empirical studies have shown that changes in the structure of these 

attributes do not seem to influence tendency surveys results (see e.g. 

Tomczyk & Kowalczyk, 2010; Kowalczyk & Witkowski, 2011). It is 

common statistical knowledge that nonresponse dependent on a variable 

under a study is the most dangerous one for survey results. Some more 

theoretical problems, different from the ones studied in the present paper, 

connected with not-missing-at-random nonresponse type in tendency surveys 

were also analyzed in Kowalczyk & Tomczyk (2011) and Seiler (2012).  

In tendency surveys some sampled reporting units refuse to participate, 

some agree to cooperate but forgo several periods later, some respond 

irregularly and their response frequency depends on their internal problems, 

condition, memory, leaves, personal changes etc. Consequently, the resulting 

samples across time almost never constitute a panel. They form an 

overlapping sample pattern.  

Technically, an overlapping sample pattern can be illustrated as 

follows: some respondents who gave answers in a previous period t - 1 also 

participate in a survey in the current month t and some do not. Or in other 

way: in every time period t there are respondents in the resulting sample who 
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also gave their answers in a previous t - 1 period and there are respondents 

who did not.  

So, the samples St-1 and St from two successive periods, t - 1 and t, 

respectively, can be divided into different subsamples: a matched subsample 

SM, that is a subsample of those respondents who gave their answers in both 

periods, and unmatched subsamples, St-1U and StU, respectively, that is 

subsamples of those respondents who gave their answers only in one period, 

either t - 1 or t , which can be illustrated as below: 

 

St-1U SM  

 SM StU 

 

We have respectively: 

 

𝑆𝑡−1 = 𝑆𝑡−1𝑈 ∪ 𝑆𝑀 
and   

𝑆𝑡 = 𝑆𝑀 ∪ 𝑆𝑡𝑈. 

 

Now let us analyze some hypothetical numerical examples and then 

state an important problem for resulting overlapping samples in the context 

of tendency surveys.  

Let 𝑛𝑡−1  denote the number of respondents who returned1 their 

questionnaires in period t – 1, and let 𝑛𝑡 denote the number of respondents 

who returned their questionnaires in period t, respectively. Let us say, for 

instance, that the coverage of the samples for two successive periods is 80%. 

Let’s further say that about 79% of respondents who reported improvement 

in a previous period also gave their answers in a current survey, and that about 

81% of respondents who reported worsening in a previous period gave their 

answers in the current survey. Transition of respondents from one period to 

another seems to be random in this case and the difference between these 79% 

and 81% seems to be negligible. This reasoning can be also supported for real 

data by a proper statistical test. 

But what if the situation looks differently? What if, for instance, only 

about 60% of respondents who reported improvement in a previous period 

also gave their answers in a current survey and up to 95% of respondents who 

reported worsening in a previous period gave their answers in a current 

                                                   
1 More precisely, the questionnaire was returned and the question under the study was 

answered. 
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survey? In this case the sample from a previous period and its subsample of 

respondents who continued to participate in the survey differs substantially 

as far as variable under the study is concerned. So, an important question 

arises. Is balance statistics for the current period distorted because of the fact 

that the sample is biased, that is because of the fact that substantially more 

companies that reported worsening continued to give their answers in the 

current occasion compared to those that reported improvement? And the other 

question. Can we compare two balances for successive periods if they refer 

to completely different samples, i.e. if the matched subsample substantially 

differs from the sample from previous occasion as far as the variable under 

the study is concerned? 

Let us examine the issue in more detail. Let us assume for a moment 

that the sample size in period t - 1 is 𝑛𝑡−1 = 500. Assume further that exactly 

200 out of these 500 respondents reported increase (above normal), 100 

reported decrease (below normal) and 200 reported normal situation (no 

change) in period t - 1. Difference between the percentage of respondents who 

reported improvement and those who reported worsening, i.e. the balance 

statistics for period t - 1 is equal in this case to: 

 

𝐵𝑡−1 = 100 ∙ (
200

500
−
100

500
) = 20. 

 

Let us study now three different hypothetical cases. Let us assume that 

in all three cases 80% of respondents from period t - 1 also gave their answers 

in period t, that is the matched subsample consists of 0.8×500 = 400 

respondents. 

 

Case 1. Let assume that the distribution of the matched respondents was 

approximately random, so 79% of those who reported improvement in period 

t - 1 also gave their answers in period t, and 81% of those who reported 

worsening in period t - 1 also gave their answers in period t. The matched part 

of the sample consists then of 158 respondents who reported improvement in 

period t - 1, 81 respondents who reported worsening and 161 respondents who 

reported no change. The balance statistics obtained on the basis of the 

matched subsample is equal in this case to: 

 

𝐵𝑡−1𝑀 = 100 ∙ (
158

400
−

81

400
) = 19.25. 

 

Case 2. Let us assume that the distribution of the matched respondents is not 

proportional. Let us assume that 70% of those who reported improvement in 
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period t - 1 also gave their answers in the next period, and 90% of those who 

reported worsening in period t - 1 also gave their answers in period t. The 

matched part of the sample consists in this case of 140 respondents who 

reported improvement in period t - 1, 90 respondents who reported worsening 

and 170 respondents who reported no change. The balance obtained on the 

basis of the matched subsample is equal to: 

 

𝐵𝑡−1𝑀 = 100 ∙ (
140

400
−

90

400
) = 12.5. 

 

Case 3. Let us assume that the distribution of the matched respondents is not 

proportional. Assume now that only 60% of those who reported improvement 

in period t - 1 also gave their answers in period t, and 95% of those who 

reported worsening in period t - 1 also gave their answers in period t. The 

matched part of the sample consists in this case of 120 respondents who 

reported improvement in period t - 1, 95 respondents who reported worsening 

and 185 respondents who reported no change. The balance obtained on the 

basis of the matched subsample is equal in this case to: 

 

𝐵𝑡−1𝑀 = 100 ∙ (
120

400
−

95

400
) = 6.25. 

 

We have three different hypothetical cases here. In each case the 

balance statistics obtained on the basis of the whole sample from period t - 1 

is equal to 20 but the balances obtained on the matched part of the sample 

differs widely. By comparing this cases it is clear that the subsample of 

respondents who continue to answer in the next period can be seriously 

biased, and hence the sample for period t can also be biased. Hypothetically, 

we can imagine even an extreme scenario when only those respondents who 

reported a decrease in period t - 1 continue to answer in period t, and none of 

those who reported an increase in period t - 1 takes part in the survey in the 

next period. Fortunately, this extreme scenario doesn’t happen in real surveys. 

Nevertheless when respondents who reported an increase or a decrease in 

period t - 1 do not tend to participate in the survey in the next period t with 

approximately the same frequencies we can surmise the sample to be biased. 

2. Overlapping (rotating) samples theory  

Problems related to overlapping samples can be found in statistical 

theory. Various composite estimators based on overlapping (rotating) 

samples that use information also from previous surveys are known in 

literature. Rotating surveys constitute an established branch of statistical 
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science. First concepts of improving efficiency of the estimation for the 

current period in surveys based on overlapping samples were introduced by 

Jessen (1942). He suggested to use information not only from the current 

sample but also from the sample from a previous period in the case of 

overlapping samples.  

The estimator of the population mean for the second period proposed 

by Jessen (1942) is of the form: 

 

𝑒2 = 𝑄�̅�2𝑈 + (1 − 𝑄)�̅�2𝑀
∗ , 

where 

�̅�2𝑀
∗ = �̅�2𝑀 + 𝑏(�̅�1 − �̅�1𝑀). 

 

Notation used here is the following: 

 Q and 1 - Q are coefficients of the linear combination; 

 b is the regression coefficient between the variable under the study 

on the second and first occasions; 

 �̅�2𝑈 and �̅�2𝑀 are sample means on the second occasion based on the 

unmatched and matched part of the sample, respectively; 

 �̅�1𝑀 and �̅�1 are sample means on the first occasion based on the 

matched part of the sample and on the whole sample from the first 

period, respectively. 

So the estimator proposed by Jessen is the convex linear combination 

of two estimators: one based on the unmatched part of the sample from second 

period, which is a common sample mean �̅�2𝑈, and an estimator based on the 

matched part of the sample, which is the so called two-phase regression 

estimator �̅�2𝑀
∗  incorporating information not only from the sample on the 

current occasion but also from the first occasion. The heuristic idea 

supporting this type of estimator is the following. If two sample means �̅�1 and 

�̅�1𝑀 on the first occasion based on the whole sample from period one (�̅�1), 

and based only on the matched part of the sample from period one (�̅�1𝑀) differ 

substantially, then it is highly probable that �̅�2𝑀 is also distorted. As we 

believe that �̅�1 is more reliable than �̅�1𝑀, because �̅�1 is based on the whole 

sample while �̅�1𝑀 only on its part, thus the reliability of �̅�2𝑀 can be increased 

(and hence reliability of the final estimator using the matched and unmatched 

part) by adjusting to the differences between �̅�1 and �̅�1𝑀, and using regression 

estimation. 

Jessen did not supply any mathematical theory to support his 

suggestions. But subsequent works by e.g. Yates (1949) and Hansen et al. 

(1953) have mathematically confirmed this first heuristic idea. Since that time 

mathematical theory devoted to rotating surveys has grown substantially. 
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One of the most influential paper was presented by Patterson (1950). 

He delivered a recursive formula for the best linear unbiased estimator 

(BLUE) for the current occasion based on rotating samples on h occasions, 

ℎ ≥ 2 under the so called Patterson’s rotation pattern. BLUE estimator 

provided by Patterson (1950) is of the form: 

 

𝑒ℎ = 𝑐ℎ�̅�ℎ𝑈 + (1 − 𝑐ℎ)[�̅�ℎ𝑀 + 𝜌(𝑒ℎ−1 − �̅�′ℎ−1𝑀)], 
where 

1 − 𝑐ℎ =
𝑝

1 − 𝜌2(𝑞 − 𝑐ℎ−1𝑝)
, 

and 

𝑐1 = 𝑞,  𝑒1 = �̅�1. 

 

By �̅�ℎ𝑈 we note the sample mean on occasion h based on the part of the 

sample that has not been examined on the previous occasion, �̅�ℎ𝑀 denote the 

sample mean on occasion h based on the part of the sample that has also been 

examined on the previous occasion, �̅�′ℎ−1𝑀 denotes the sample mean on 

occasion h - 1 based on the part of the sample that has passed to examination 

on occasion h.  

We denote here the sample size on each occasion2 equal to n, p is the 

matched fraction, i.e. 𝑛𝑀 = 𝑛𝑝, and q is the unmatched fraction of the sample, 

i.e. 𝑛𝑈 = 𝑛𝑞. 
The variance of the estimator is of the recursive form: 

 

𝐷2(𝑒ℎ) = 𝑐ℎ
𝜎2

𝑛𝑞
. 

 

One practical problem that arises with a powerful theoretical 

Patterson’s result is that formula for the coefficients of linear combination in 

the definition of the estimator involves knowledge of the correlation 

coefficient between the variable under a study in successive periods, which is 

usually unknown. Another serious restrictions in practice comes from strict 

model assumptions and specific rotating pattern3. It is worth to mention that 

although mathematically the Patterson’s result is much more advanced, the 

basic idea under the proposed estimator is similar to the Jessen’s simplified 

estimator. It still can be presented as a liner convex combination of two 

                                                   
2 Results obtained for equal sample sizes on each occasion can be easily generalized to the 

unequal sample sizes case. 
3 For detailed examination of rotating pattern and assumptions involved see Patterson (1950). 
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estimators: those based on the unmatched part of the sample (common mean) 

and matched part of the sample (recursive regression type estimator). 

Many authors have continued studies on different aspects of rotating 

surveys. It has included different rotating schemes (e.g. Kowalski, 2009; 

Wesołowski, 2010), composite estimators (e.g. Rao & Graham, 1964; 

Ciepiela et al., 2012), different variables under study (e.g. Okafor & Arnab 

1987; Kowalczyk, 2003), different theoretical approaches (Scott & Smith, 

1974; Binder & Hidiroglou, 1988) and various particular problems connected 

with rotating samples (e.g. Holt & Farver, 1992; Park et al., 2001; Zou et al., 

2002; Steel, 2004; Berger, 2004; Kim et al., 2005; Steel && McLaren, 2009; 

Nedyalkova et al., 2009; Degras, 2012; Kowalczyk, 2013). Special attention 

in literature is also devoted to particular surveys designed as overlapping 

samples, like Household Budget Surveys and Labour Force Surveys (see e.g. 

Bell, 2001; Fuller & Rao, 2001; Gambino et al., 2001; Betti & Verma, 2007; 

Gagliardi et al., 2009; Wesołowski, 2010; Kordos, 2012).   

Now, following Kowalczyk (2013), let us present a ratio-type estimator 

of the population mean on the current occasion based on rotating survey: 

 

𝑒𝑡+1 = 𝑞 ∙ �̅�𝑡+1𝑈 + 𝑝 ∙
�̅�𝑡+1𝑀∙�̅�𝑡

�̅�𝑡𝑀
. 

 

For finite population of N elements and simple random sampling 

without replacement, MSE of the estimator is given by an approximate 

formula:  

𝑀𝑆𝐸(𝑒𝑡+1) ≈ (
1

𝑛
(1 − 𝑝𝑞∇) −

1

𝑁
) 𝑆2(𝑌𝑡+1), 

where 

∇= 2
𝑉(𝑌𝑡)

𝑉(𝑌𝑡+1)
𝜌(𝑌𝑡, 𝑌𝑡+1) −

𝑉2(𝑌𝑡)

𝑉2(𝑌𝑡+1)
, 

and: 

 V(Yt) and V(Yt+1) are the coefficients of variation of the variable 

under the study in specified periods,  

 t corresponds here to the first (basic) occasion, t + 1 corresponds to 

the next (second) occasion, 

 n is a sample size (assumed equal), p is the matched fraction of the 

sample, i.e. 𝑛𝑀 = 𝑛𝑝, and q is the unmatched fraction of the sample, 

i.e. 𝑛𝑈 = 𝑛𝑞. 
MSE for the estimator have been derived assuming the same sample 

sizes but the form of the estimator can be of course generalized to the formula: 

 

𝑒𝑡+1 =
𝑛𝑡+1𝑈

𝑛𝑡+1
∙ �̅�𝑡+1𝑈 +

𝑛𝑡+1𝑀

𝑛𝑡+1
∙
�̅�𝑡+1𝑀∙�̅�𝑡

�̅�𝑡𝑀
. 
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Let us notice that the idea of this estimator is very similar to the idea 

justifying the estimators presented earlier. It is a convex linear combination 

of two estimators. But this time the second one is the ratio-type estimator. Its 

main practical advantage is that it has relatively a simple form and does not 

demand any information about population parameters. This form of the 

estimator will be thus applied later in Section 4 (after adapting to estimating 

the balance statistics). 

It has to be emphasized that classical rotating (overlapping) samples 

theory cannot be applied entirely into tendency surveys because its theoretical 

assumptions are different, i.e. formulas for the variances and MSE are derived 

under assumption that overlapping is due to a particular rotating pattern and 

particular sampling scheme and hence all inclusion probabilities are known. 

In the problem analyzed in the present paper an overlapping pattern can be 

observed and described accurately but only ex post, so probabilities of such 

a pattern are not known in advance. Thus, only some of the ideas of the 

rotating samples theory can be implemented to adjust for overlapping samples 

in tendency surveys, including formulas for the estimators and conclusions 

drawn on the basis of the structure of the estimator but excluding exact 

formulas for their variances or mean square errors. Thus, in the present paper 

no mathematical formulas for MSE or the variance will be given. 

3. Empirical study 

The empirical study presented in this paper is based on the monthly 

business survey of manufacturing firms conducted by the Research Institute 

for Economic Development (RIED), Warsaw School of Economics in 

Poland.4 For definiteness, the level of production (state) is taken into account, 

i.e. question number 1 in the RIED business survey questionnaire. Selected 

elements of analysis for other key RIED variables are given in Appendix 3.   

For the level of production respondents assess changes on three-scale 

level, i.e. they may report:  

 increase (above normal),  

 decrease (below normal),   

 same as usually (no changes).  

The empirical study presented in this paper covers the period from 

January 2006 to February 2014, i.e. 98 months. 

As it was stated in Section 1 most tendency surveys are designed to be 

based on a fixed panel. But in the real world to get a panel is almost 

                                                   
4 The Author would like to thank dr Robert Wieczorkowski for transforming RIED data bases 

into a form suitable for the current analysis.   
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impossible. Due to different kinds of nonresponse resulting samples in 

successive periods usually overlap. This also applies to the business survey 

in the manufacturing industry conducted by RIED. Before we give a detailed 

analysis of the overlapping structure across time, let us first introduce some 

conceptual shortcuts:  

By the proportion of matched sample we mean a proportion of 

respondents5 from period t - 1, t = 2,…,98 who also gave their 

answers in the next period t. The proportion of matched sample 

tells how many percent of respondents from period t - 1 also 

responded in period t.  

By the proportion of above normal respondents we mean 

a proportion of respondents who reported an increase (above 

normal) in period t - 1, t=2,…,98, and also gave their answers in 

period t. The proportion of above normal respondents tells how 

many percent of respondents who reported increase in period t - 1 

also responded in period t.  

By the proportion of below normal respondents we mean 

a proportion of respondents who reported worsening (below 

normal) in period t - 1, t=2,…,98, and also gave their answers in 

period t. The proportion of below normal respondents tells how 

many percent of respondents who reported worsening in period 

t - 1 also responded in period t. 

By the difference between proportions we mean the proportion of 

above normal respondents minus the proportion of below normal 

respondents. 

By the absolute difference between proportions we mean an 

absolute value of difference between proportions. 

In Table 1 we give a summarized report of elementary descriptive 

statistics for the variable under the study - level of production (state). All 

detailed calculations are given in Appendix 1. Comparison of basic 

descriptive statistics for various RIED business survey variables is presented 

in Appendix 3. 

During 98 months under the study the average coverage of samples in 

two successive periods was 74.3%. This means that on average 74.3% of 

respondents who answered in one month also answered in the next month. 

                                                   
5 We include here respondents who fulfill two conditions: they returned their questionnaires 

and reported their current the level of production. 
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The lowest proportion of the matched sample in two successive months was 

57.3%. More precisely, only 57.3% of respondents who gave their answers in 

April 2006 also gave their answers in May 2006. The highest observed 

proportion of matched sample was 83%. Up to 83% of respondents who 

answered in September 2012 also answered in October 2012.  

 

Table 1: Basic descriptive statistics in % for samples in two successive 

periods from January 2006 to February 2014. 

 

Proportion 

of matched 

sample 

Proportion of 

above normal 

respondents 

Proportion of 

below normal 

respondents 

Difference 

between 

proportions 

Absolute 

difference 

min 57.3 51.3 55.4 -16.8 0.1 

max 83 86.9 86.3 14.8 16.8  

mean 74.3 73.4 73.9 -0.5 5.7  

Source: own calculations on the basis of RIED data. 

 

Let us analyze now respondents who reported an increase in period t - 1, 

t = 2,…,98. On average 73.4% of them also gave their answers in the next 

period. The lowest proportion of above normal respondents in two successive 

months was 51.3%. Only 51.3% of respondents who reported an increase in 

March 2008 gave also their answers in April 2008 (the proportion of below 

normal respondents in this particular period was 62,7%). The highest 

proportion of above normal respondents was observed from February to 

March 2010, it was 86.9% (the proportion of below normal respondents in 

this period was 82.9%). 

Let us analyze now respondents who reported a decrease in period t - 1, 

t = 2,…,98. It can be seen from Table 1 that on average 73.9% of them also 

gave their answers in the next month. The lowest proportion of below normal 

respondents was 55.4%, from March to April 2006 (the proportion of above 

normal respondents was in this particular period 62.9%). The highest 

proportion of below normal respondents was 86.3%, from April to May 2011 

(the proportion of above normal respondents was in this particular period only 

73.2%). 

On average the proportions of above normal and below normal 

respondents, that is proportions of respondents who reported an increase or, 

respectively, a decrease, and continued to give their answers in the next period 

were very similar in the analyzed period: 73.4% versus 73.9%. This means 

that on average respondents who report an increase or a decrease tend to 

participate in the next period in the survey with the same frequency. This 
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result is very optimistic. But, of course, analyzing averages is not enough, 

particular differences between the proportions of above and below normal 

respondents for each month have to be taken into account6.  

On average absolute difference was not high, it amounted to 5.7%. The 

highest absolute difference7 was 16.8%, as observed from December 2010 to 

January 2011. More precisely, only 67.5% of respondents who reported an 

increase in December 2010 gave their answers also in January 2011, while up 

to 84.4% of respondents who reported a decrease in December answered also 

in January 2011.  

Now we test how many differences between the proportions of above 

and below normal respondents who continued to answer the questionnaire in 

the next month are statistically significant. We can apply here a standard 

two-tailed test of the equality of two population proportions. Detailed 

calculations are given in Appendix 1. Here we give only a brief report.  

At the standard significance level α = 0.05 out of 97 differences (for 98 

analyzed months) 9 differences are statistically significant. The differences 

statistically significant are:  

 -15.4% (61.1% proportion of above normal, 76.5% proportion of 

below normal, 01-02, 2007); 

 -16.4%  (57% proportion of above normal, 73.4% proportion of 

below normal, 06-07, 2007); 

 -13.9% (66.4% proportion of above normal, 80.3% proportion of 

below normal, 08-09, 2007); 

 -11.4% (51.3% proportion of above normal, 62.7% proportion of 

below normal, 03-04, 2008); 

 +12.6%  (84.5% proportion of above normal, 72% proportion of 

below normal, 10-11, 2008); 

 -16.8% (67.5% proportion of above normal, 84.4% proportion of 

below normal, 12.2010-01.2011); 

 -13.1% (73.2% proportion of above normal, 86.3% proportion of 

below normal, 04-05, 2011); 

                                                   
6 We focus in the paper on respondents who reported an increase or a decrease because the 

balance statistics obtained in tendency surveys are based solely on them; respondents who 

reported no change are not taken into account when calculating a balance.  
7 All percentages in the paper are originally calculated with greater accuracy than one decimal 

place and rounding of numbers comes from these more accurate calculations. In particular, 

67.5% comes from 67.5438%; 84.4% comes from 84.375%, hence the difference is 

16.8312%, which gives 16,8% after rounding. An analogous remark applies to all 

calculations presented in this paper. 
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 +13.0% (80% proportion of above normal, 67.0% proportion of 

below normal, 06-07, 2012); 

 +14.8% (82.8% proportion of above normal, 67.9% proportion of 

below normal, 08-09, 2013). 

4. Adjustment of balance statistics 

In this section we will analyze balance statistics in the context of 

different response patterns from one period to another. For better comparison 

it would be convenient to consider two kinds of balances.  

Firstly, let us consider usual unweighted balance statistics obtained as 

common differences between percentage of respondents reporting 

improvement of situation (above normal) and percentage of respondents 

reporting worsening of situation (below normal) in a given month. We denote 

it as BU (U stands here for unweighted).  Secondly, let us consider weighted 

balance statistics, more precisely original balances calculated by RIED8 that 

incorporate weights referring to the size of industrial enterprises. We denote 

these balances as BW (W stands for weighted). 

Let us come back now to the example presented in the previous section. 

74,4% of respondents who were examined in December, 2010 were also 

examined in January, 2011. But the structure of respondents who continued 

to answer was different. Only 67.5% of respondents who reported increase in 

December 2010 gave their answers also in January 2011, while up to 84.4% 

of respondents who reported a decrease in December, 2010 answered also in 

January. Let us consider balance statistics for December: 

 

unweighted balance BU = -3.2, and weighted BW = -1.3. 

 

These are the balances calculated on the basis of the whole sample St-1 

for December, more precisely on the basis of 433 respondents. But not all 

respondents continued to answer in the next month. If we narrow the number 

of respondents to those only who continued to answer in the next month, i.e. 

if we consider for December the matched subsample SM only and calculate on 

its basis the balances for December once again, we get: 

 

unweighted balance BUM = -9.6, and weighted BWM = -7.7.9 

                                                   
8 Detailed description of weights used by RIED are given e.g. in Tomczyk & Kowalczyk 

(2010).  
9 In the subscripts M stands for the matched subsample, U for the unweighted balance, and 

W for the weighted balance. 
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It is very clear that respondents who continued to answer the business 

tendency survey questionnaire10 in January didn’t reflect the whole sample of 

December. Their reported states, as far as the level of production was 

concerned, were different from that reported by the whole sample. 

Let us take another example. Only 51.3% of respondents who reported 

an increase in March 2008 also gave their answers in April 2008, while 62.7% 

of respondents who reported a decrease in March gave their answers also in 

April. The balances calculated on the basis of the whole sample in March are, 

respectively, as follow: 

  

unweighted BU = 16.7, and weighted BW = 23. 

 

The balances calculated on the basis of the matched sample only, that 

is on the basis of those respondents who gave their answers also in April, are, 

respectively, as follow: 

 

unweighted BUM = 10.8, and weighted BWM = 15.6. 

 

In both examples differences in the balances are visible. As in these 

periods respondents who reported improvement and those who reported 

worsening didn’t pass to another period with similar frequencies, samples for 

next periods are biased, and hence balances for next periods can be also 

distorted. Unfortunately, we cannot calculate how much the distortion is 

because we do not know the real values of the balances. We do not have any 

knowledge about that. We have only information from the sample and we 

know that a part of this sample (the matched one) is biased. 

What we can do is to adjust the balances to take into account all 

described above differences. We can use theory for rotating (overlapping) 

surveys here. But it has to be emphasized that business tendency surveys are 

not designed as rotating surveys. Only the resulting (not designed) samples 

overlap across time, and resulting inclusion probabilities of particular 

respondents are not known a priori. Thus, as it was stated in Section 2, 

formulas for the variances or the mean square error adequate for rotating 

surveys are definitely not adequate in this case. But the form of the estimator 

itself that adjusts for the information from previous period can be used, and 

its descriptive properties can be characterized. 

                                                   
10 By this we mean that the respondents return a questionnaire and answer the question about 

the level of production. 
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We propose11 the following form of the adjusted balance statistics: 

 

(
𝑛𝑡𝑀

𝑛𝑡
∙ 𝐴𝑏𝑡𝑀

𝐴𝑏𝑡−1

𝐴𝑏𝑡−1𝑀
+
𝑛𝑡𝑈

𝑛𝑡
∙ 𝐴𝑏𝑡𝑈) − (

𝑛𝑡𝑀

𝑛𝑡
∙ 𝐵𝑒𝑡𝑀

𝐵𝑒𝑡−1

𝐵𝑒𝑡−1𝑀
+
𝑛𝑡𝑈

𝑛𝑡
∙ 𝐵𝑒𝑡𝑈). (1) 

 

We use here the following notation: 

 nt – number of respondents who gave their answers in period t; 

 ntM – number of respondents who gave their answers both in periods 

t and t - 1 (matched part); 

 ntU – number of respondents who gave their answers in period t but 

did not give answers in period t - 1 (unmatched part); 

 𝐴𝑏𝑡𝑀 – percentage of respondents who reported an increase (above 

normal) for current period t calculated on the basis of the matched 

part of the sample from period t, that is calculated on the basis of the 

part of the sample that was also examined in a previous period; 

 𝐴𝑏𝑡𝑈 – percentage of respondents who reported an increase (above 

normal) for current period t calculated on the basis of the unmatched 

part of the sample from period t, that is calculated on the basis of the 

part of the sample that was not examined in a previous period (on 

the basis of those respondents who did not respond in a previous 

month); 

 𝐵𝑒𝑡𝑀 – percentage of respondents who reported a decrease (below 

normal) for current period t calculated on the basis of the matched 

part of the sample from period t, that is calculated on the basis of the 

part of the sample that was also examined in a previous period; 

 𝐵𝑒𝑡𝑈 – percentage of respondents who reported a decrease (below 

normal) for current period t calculated on the basis of the unmatched 

part of the sample from period t, that is calculated on the basis of the 

part of the sample that was not examined in a previous period (on 

the basis of that respondents who did not respond in a previous 

month); 

 𝐴𝑏𝑡−1 – percentage of respondents who reported an increase (above 

normal) in previous period t - 1 calculated on the basis of the whole 

sample from period t - 1; 

                                                   
11 The estimator is analogous to the ratio estimator presented in Kowalczyk (2013), i.e. it 

uses ratio-type estimation based on information from the sample for present and previous 

periods. The formula for the estimator is adapted to the definition of balance statistics as 

a difference between percentages of those who reported an increase and a decrease, 

respectively.  
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 𝐴𝑏𝑡−1𝑀 – percentage of respondents who reported an increase 

(above normal) in previous period t - 1 calculated on the basis of the 

matched part of the sample, that is calculated on the basis of the part 

of the sample that was also examined in period t (on the basis of that 

respondents who did respond also in period t); 

 𝐵𝑒𝑡−1 – percentage of respondents who reported a decrease (below 

normal) in previous period t - 1 calculated on the basis of the whole 

sample from period t - 1; 

 𝐵𝑒𝑡−1𝑀 – percentage of respondents who reported a decrease (below 

normal) in previous period t - 1 calculated on the basis of the 

matched part of the sample, that is calculated on the basis of the part 

of the sample that was also examined in period t (on the basis of that 

respondents who did respond also in period t). 

Of course, we have 𝑛𝑡 = 𝑛𝑡𝑀 + 𝑛𝑡𝑈. 

It is convenient to emphasize that usual balance statistics (not adjusted), 

that is the difference between the percentages of those respondents who 

reported an increase and those who reported a decrease can be expressed by 

slightly complicated but useful for our future analysis formula12: 

 

( 
𝑛𝑡𝑀

𝑛𝑡
∙ 𝐴𝑏𝑡𝑀 +

𝑛𝑡𝑈

𝑛𝑡
∙ 𝐴𝑏𝑡𝑈  ) − (

𝑛𝑡𝑀

𝑛𝑡
∙ 𝐵𝑒𝑡𝑀 +

𝑛𝑡𝑈

𝑛𝑡
∙ 𝐵𝑒𝑡𝑈) = 𝐴𝑏𝑡 − 𝐵𝑒𝑡. (2) 

 

So the balance statistics is usually known as the right hand side of the 

equation (2) but for our analysis its left hand side form will be also useful.  

The most important thing now is to give properties of the proposed 

estimator given by formula (1), which is called the adjusted balance statistics.  

 

Properties of the proposed adjusted balance statistics given by formula (1): 

 

Property 1: 

If respondents pass from the sample in period t - 1 to the sample in the 

next period t randomly, that is if the percentage of respondents from period 

t - 1 who continued to answer in period t is the same as the percentage of 

respondents who reported an increase in period t - 1 and continued to answer, 

and the same as respondents who reported a decrease and continue to answer, 

then we have: 

 

𝐴𝑏𝑡−1 = 𝐴𝑏𝑡−1𝑀 and 𝐵𝑒𝑡−1 = 𝐵𝑒𝑡−1𝑀, 

                                                   
12 The same formula applies both for unweighted or weighted percentages/balances. 
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and hence: 

 

( 
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐴𝑏𝑡𝑀
𝐴𝑏𝑡−1
𝐴𝑏𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐴𝑏𝑡𝑈) − (
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐵𝑒𝑡𝑀
𝐵𝑒𝑡−1
𝐵𝑒𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐵𝑒𝑡𝑈 ) 

= (
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐴𝑏𝑡𝑀 +
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐴𝑏𝑡𝑈) − (
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐵𝑒𝑡𝑀 +
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐵𝑒𝑡𝑈) = 𝐴𝑏𝑡 − 𝐵𝑒𝑡. 

  

This means that if respondents pass to another period randomly, 

estimator (1), that is the adjusted balance statistics, is equal to the usual 

balance statistics. If they pass approximately randomly, estimator (1) is 

approximately equal to the usual balance statistics, i.e. its value is very similar 

to that obtained as the usual balance. 

Let us present here some exemplary empirical results. The proportion 

of respondents from July 2010 who continued to answer in August was 

similar to the proportion of those who reported an increase and continued to 

answer, and to those who reported a decrease and reported to answer, exact 

proportions were: 63.3%, 61.8%, 61.7%. In this case the original and adjusted 

balance statistics for August 2010 are approximately equal: 

 

BU = 2.1; BUA = 2  (A stands for adjusted, U for unweighted), 

 

BW = 4.7; BWA = 5.1 (A stands for adjusted, W for weighted). 

 

Property 2  

Another property of estimator (1) is the following. It is constructed as 

a convex linear combination of the balances obtained from the part of the 

sample that was also examined in a previous month (adjusted): 

 

(𝐴𝑏𝑡𝑀
𝐴𝑏𝑡−1

𝐴𝑏𝑡−1𝑀
) − (𝐵𝑒𝑡𝑀

𝐵𝑒𝑡−1

𝐵𝑒𝑡−1𝑀
), 

 

and obtained from the part of the sample that was not examined in a previous 

month: 

(𝐴𝑏𝑡𝑈) − (𝐵𝑒𝑡𝑈).  
 

Coefficients of the linear combination are equal to 
𝑛𝑡𝑀

𝑛𝑡
 and 

𝑛𝑡𝑈

𝑛𝑡
, 

respectively.  

It means that the higher is the unmatched part of the sample in period t, 

the higher weight is applied to the balance obtained from this part. The lower 
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is the unmatched part of the sample, the higher weight is applied to the 

balance obtained on the basis of the matched sample (this balance is adjusted). 

 

Property 3 

In a particular situation, when in a given period the sample is 

completely new, that is there are no elements which were also examined in 

a previous period, the estimator given by (1) gives us the same formula as the 

usual balance statistics. In this case we have nM = 0, ntU = nt, St = StU, and 

hence: 

 

(
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐴𝑏𝑡𝑀
𝐴𝑏𝑡−1
𝐴𝑏𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐴𝑏𝑡𝑈) − (
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐵𝑒𝑡𝑀
𝐵𝑒𝑡−1
𝐵𝑒𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐵𝑒𝑡𝑈) = 

= ( 
𝑛𝑡
𝑛𝑡
∙ 𝐴𝑏𝑡𝑈) − ( 

𝑛𝑡
𝑛𝑡
∙ 𝐵𝑒𝑡𝑈) = 𝐴𝑏𝑡 − 𝐵𝑒𝑡. 

 

Property 4 

In the other case, when we have exactly the same sample in two 

successive periods, that is when we have a real panel, the estimator given by 

(1) gives us the same formula as the usual balance statistics. In this case we 

have St-1 = St = SM ; nU = 0, hence 𝐴𝑏𝑡−1 = 𝐴𝑏𝑡−1𝑀 and 𝐵𝑒𝑡−1 = 𝐵𝑒𝑡−1𝑀, and 

finally: 

 

(
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐴𝑏𝑡𝑀
𝐴𝑏𝑡−1
𝐴𝑏𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐴𝑏𝑡𝑈) − (
𝑛𝑡𝑀
𝑛𝑡

∙ 𝐵𝑒𝑡𝑀
𝐵𝑒𝑡−1
𝐵𝑒𝑡−1𝑀

+
𝑛𝑡𝑈
𝑛𝑡

∙ 𝐵𝑒𝑡𝑈) = 

= ( 
𝑛𝑡
𝑛𝑡
∙ 𝐴𝑏𝑡𝑀 ∙ 1) − (

𝑛𝑡
𝑛𝑡
∙ 𝐵𝑒𝑡𝑀 ∙ 1) = 𝐴𝑏𝑡 − 𝐵𝑒𝑡. 

 

Property 5 

When respondents who are examined do not pass to another period 

randomly, that is when the proportions of respondents who reported an 

increase (decrease) and continued to answer in another month are not 

approximately equal to the proportions of respondents in the sample who 

reported an increase (decrease), estimator (1) adjusts for these differences. 

Let us illustrate this by some exemplary empirical results. 

The proportion of respondents from January 2007 who reported an 

increase and continued to answer in February 2007 was only 61.1%, and the 

proportion of those who reported a decrease and continued to answer in 

February 2007 was up to 76.5%. The balance statistics calculated on the basis 

of the whole sample from January is BU = 7 (for unweighted balance) and BW 

= 9,8 (for weighted balance). But the subsample of those who continued to 
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answer in the next month was not random. If we would like to compute once 

again the balance statistics for January based only on that subsample, we 

would obtain BUM = 1.5 (for unweighted balance) and BWM = 3.3 (for weighted 

balance). So the real balances were higher than those obtained for respondents 

who continued to answer. The usual balances calculated for February are in 

this case 11.01 (for unweighted balance) and BW = 10 (for weighted balance). 

And the adjusted balances calculated on the basis of formula (1) are, 

respectively: BUA = 14.4 and BWA = 13.5.   

The proportion of respondents from June 2012 who reported an increase 

and continued to answer in July 2012 was 80%, and the proportion of those 

who reported a decrease and continued to answer in July 2012 was only 67%. 

The balance statistics calculated on the basis of the whole sample from June 

is BU = -0.5 (for unweighted balance) and BW = 2.2 (for weighted balance). 

The subsample of those who continued to answer in the next month either 

was not random in this case. If we would computed once again the balance 

statistics for June based only on the matched subsample, we would obtain 

BUM = 3.5 (for unweighted balance) and BWM = 6.5 (for weighted balance). So 

the real balances were lower than those obtained for respondents who 

continued to answer. The usual balances calculated for July are in this 

case -16.58 (for unweighted balance) and BW = -16.76 (for weighted balance). 

And the adjusted balances calculated on the basis of formula (1) are, 

respectively: BUA = -21.13 and BWA = -21.46, so they are lower. 

5. Comparison of original and adjusted balance statistics 

Now we compare resulting time series of the balances. Detailed results 

are given in Appendix 2 and 4. Here we give a summarized report. First let 

us recall the notation: 

 BU – unweighted original balance statistics, i.e. difference between 

the percentages of respondents reporting improvement and those 

reporting worsening; 

 BW – weighted original balance statistics, i.e. difference between the 

weighted percentages of respondents reporting improvement and 

those reporting worsening; weights are due to sizes of the enterprises 

(these are the balances published by RIED); 

 BUA – unweighted adjusted balance statistics computed on the basis 

of formula (1); 

 BWA – weighted adjusted balance statistics computed on the basis of 

formula (1). 

First we give descriptive statistics for obtained time series for the 

differently calculated balances. 
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Table 2: Basic descriptive statistics for different balance statistics time series. 

 BU BUA BW BWA 

mean -2.4 -2.3 0.3 0.4 

variance 220.7 234.3 231.3 240.6 

min -43.9 -46.2 -44.8 -45.7 

max 26.3 26.6 27.7 27.9 

Source: own calculations on the basis of RIED data 

 

Table 3: Basic descriptive statistics for differences between the original and 

adjusted balances. 

 BU - BUA 
Absolute value 

of (BU - BUA) 
BW - BWA 

Absolute value 

of  (BW - BWA) 

mean -0.1 1.5 -0.1 1.7 

min -4.6 0.0 -5.4 0.0 

max 4.5 4.6 4.7 5.4 

Source: own calculations on the basis of RIED data 

 

Additionally, correlation coefficient between the difference between 

the proportions and the difference between the original and adjusted balance 

statistics is 0.979 for the unweighted balances and 0.876 for the weighted 

balances. It means that the higher difference between the proportions of 

‘above normal’ and ‘below normal’ respondents that continued to give their 

answers in the next month, the higher the difference between the original and 

adjusted statistics. This result is very coherent with the whole analysis and 

theory. The higher is the difference between the proportions, the more balance 

should be adjusted. 

The differences for the proportions were not so high for the RIED data. 

And, hence, the differences for obtained balances are not high either, the 

maximum absolute difference between original and adjusted balance statistics 

was 4,6 for the unweighted balances and 5,4 for the weighted balances. 

Apart from absolute values of the balances, tendencies are of utmost 

importance. During the analyzed period, i.e. from January 2006 to February 

2014, seven times the sign of the difference between the balance for period 

t + 1 and the balance for period t was different for the unweighted original 

and uweighted adjusted balances. More precisely, by using original 

unweighted balances 3 times upward tendency was observed while in the 

same periods these tendencies were downward by using the adjusted 
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unweighted balances. And 4 times downward tendency was observed by 

using original unweighted balances while in the same periods these 

tendencies were upward by using the adjusted unweighted balances.  

But these differences in tendencies were not high. For example: in 

December 2007 the original unweighted balance was -9.4 and in January 2008 

it was -8.3. So, a very small growth was observed (almost no changes). The 

adjusted unweighted balances were -7.1 in December and -8.6 in January. 

Again, a very small fall was observed. Another example: in January 2010 the 

unweighted original balance was -19.7 and in February -21.8. A small fall 

was observed once again. The adjusted balances for the same period were, 

respectively: -22.4 and -22.1. A small growth was observed, but in these cases 

almost all results could be interpreted as no changes. The most visible 

difference as far as different tendencies are taken into account was the 

following: in May 2009 the unweighted original balance was -15.8 and -16.9 

in June. So, a very small fall was observed. The adjusted balances were: -18.2 

in May and -14. 5 in June. So, now a growth was observed.  

As far as the weighted balances are concerned, different tendencies for 

the original and adjusted balances were observed 8 times. A difference in 

tendency was observed e.g. from May 2009 to June 2009, when the calculated 

original weighted balance statistics was -15.53 in May and -16.14 in June, 

which implied a very slight decrease, while the calculated adjusted weighted 

balances were -19.64 and -13.75, respectively, which implied a visible 

increase. Similar situation took place from December 2011 to January 2012. 

The calculated weighted balances were -8.24 in December and -8.61 in 

January, which implies almost no change (very low decrease), while the 

adjusted weighted balances were -12.21 and -6.18, which indicates a visible 

increase. All details are presented in Appendix 4, where exact graphs of the 

original and adjusted balances are presented. 

At the end of this section it would be beneficial to refer to some 

alternative adjustment procedures and compare the resulting time series of 

balances. It has to be emphasized that in practice negative results of 

non-response are usually not limited to one specified problem, the resulting 

problems are spread. Due to non-response the received sample structure can 

significantly vary over time. It can also differ from the population structure. 

Additionally, this can occur as far as enterprise’s NACE groups, the size of 

employment, voivodeship etc. are concerned. Furthermore, not only structure 

of firm’s attributes can be affected. Also the resulting set of respondents’ 

answers can be distorted. The variability of possible effects of non-response 

involves many different approaches to the problem of adjusting the balance 

statistics. Descriptions of various adjustment formulas can be found e.g. in 
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Wang (2004), Tomczyk & Kowalczyk (2010), and Kowalczyk & Witkowski 

(2011). 

To present the problem in more detail and to enable the comparison of 

the adjusted balances, let us focus now on the adjustment procedure first 

introduced in Tomczyk & Kowalczyk (2010) and applied more widely in 

Kowalczyk & Witkowski (2011). The adjustment procedure refers to 

changing sample structure across time and to its diversity from the population 

structure as far as the firms’ size of employment is taken into account. The 

adjusting method assumes double weighting. Enterprises are first weighted 

by the lower limit of employment interval into which they belong and then 

are adjusted (weighted in a post-stratification manner) according to the 

population enterprises’ employment structure in Poland13. Let us denote the 

balances obtained on the basis of this procedure as BWAP (weighted and 

adjusted to the population structure). The choice of this particular adjustment 

method is justified by two main reasons. Firstly, as it was shown in two cited 

earlier papers, it is a very reasonable method of adjusting as far as differences 

between sample and population employment structure are concerned. 

Secondly, this type of adjustment perfectly corresponds to the original RIED 

idea of weighting according to the employment size (but original RIED 

weights are arbitrary and stable over time regardless changing sample 

structure) and thus enables comparison of the time series of balances. 

To allow comparison, as the weighted and adjusted to the population 

structure balances BWAP are available only up to January 2009, let us limit 

ourselves for the purpose of this comparison to the period from February 2006 

to January 2009 (36 months). Comparison of basic descriptive statistics of 

three time series of the balances (original weighted balances; weighted 

adjusted balances introduced in this paper and weighted and adjusted to the 

population structure balances, i.e. balances adjusted by an alternative method) 

is presented in Table 4. Exact time series figure is presented in Appendix 5. 

As it is seen in Table 4, basic descriptive statistics of all three time series 

of balances are quite similar. The mean absolute difference between the 

original weighted RIED balances and the adjusted balances suggests that the 

adjustment method presented in the present paper have larger impact on the 

results than the alternative method. This empirical result is consistent with 

generally accepted statistical belief that non-response correlated with 

a variable under a study is usually the most dangerous for survey results.  

 

                                                   
13 For details see Tomczyk & Kowalczyk (2010), p. 412. 
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Table 4. Basic descriptive statistics of various balances for the level of 

production – state. 

 BW BWA BWAP 

Absolute 

difference  

|BW- BWA| 

Absolute 

difference  

|BW- BWAP| 

min -43.4 -44.1 -42.2 0.05 0.04 

max 27.7 27.8 27.4 5.4 5.1 

mean 5.4 5.9 5.0 1.8 0.9 

Source: own calculations on the basis of RIED data 

 
6. Conclusions 

When respondents who participated in a survey in period t - 1 tend to 

participate in the next period randomly, the proportions of those who 

continued to answer should be distributed equally among all groups, i.e. 

among those who reported an increase, a decrease and no change. But 

sometimes these proportions can be substantially different and hence the 

sample for period t can be seriously biased. Because of the biased structure 

of the sample the obtained balance statistics can also be distorted. In such 

cases a formula for adjusting of balance statistics introduced in this paper can 

be of use. The presented formula for adjusted balances have many desirable 

properties:  

 if respondents pass to another period randomly, the adjusted balance 

statistics is equal to the usual balance statistics; if they pass approximately 

randomly, the adjusted balance statistics is approximately equal to the usual 

balance statistics; 

 the higher is the unmatched part of the sample in period t, the higher 

weight is applied to the balance obtained from this part; the lower is the 

unmatched part of the sample, the higher weight is applied to the balance 

obtained on the basis of the matched sample (this balance is adjusted); 

 if in a given period the sample is completely new, that is there are no 

elements that were also examined in a previous period, the adjusted balance 

gives  the same formula as the usual balance statistics, as there is no 

subsample to adjust; 

 if we have exactly the same sample in two successive periods, that is 

when we have a real panel, the adjusted balance statistics gives us the same 

formula as the usual balance statistics; 

 if respondents who are examined do not pass to another period 

randomly, that is when the proportions of respondents who reported an 
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increase (decrease) and continued to answer in another month are not 

approximately equal to the proportions of respondents in the sample who 

reported an increase (decrease), estimator (1) adjusts for these differences.  

There is of course some room for further research in this field. The 

given above properties, although greatly desirable for the analyzed problem, 

are not accompanied by any formula for the MSE of the proposed estimator. 

So in future theoretical research it would be convenient to explore more 

advanced mathematical theory for this problem.   

As empirical study for the monthly business tendency survey of 

manufacturing industry conducted by RIED has shown respondents pass from 

one period to another in most – but not all – cases randomly. Always special 

attention should be put on those non-random cases. For 9 periods out of 98 

studied differences between the proportions of respondents who reported an 

increase and continued to answer, and those who reported a decrease and 

continued to answer in the next month, were statistically significant. The 

highest absolute difference observed among 98 months was 16.8%. 

 To take into account different structure of the original sample for 

period t - 1 and the matched part of the sample, that is the part of respondents 

which continued to answer in the next period, the adjusted balance statistics 

were calculated. Some differences between the original and adjusted balances 

were observed. The highest absolute difference between the original and 

adjusted balance statistics was 5.4 for the weighted balances (April 2008) and 

4,6 for the unweighted balances (July 2007). It has to be emphasized that both 

April 2008 and July 2007 respondents did not pass from the previous month 

randomly.  

During the analyzed period also some different tendencies were 

observed from one month to another as far as the original and adjusted 

balances were concerned. The substantial difference in tendency was 

observed e.g. from May 2009 to June 2009, when the calculated original 

weighted balance statistics was -15.53 in May and -16.14 in June, which 

implied a very slight decrease, while the calculated adjusted weighted 

balances were -19.64 and -13.75, respectively, which implied a visible 

increase. Similar situation took place from December 2011 to January 2012. 

The calculated weighted balances were -8.24 in December and -8.61 in 

January, which implies almost no change (very low decrease), while the 

adjusted weighted balances were -12.21 and -6.18, which indicates a visible 

increase. In total during the analyzed period different tendencies were 

observed 8 times for the weighted balances and 7 times for the unweighted 

balances.  
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In future research it would be advisable to conduct an empirical analysis 

also for other tendency surveys conducted by RIED.                   
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Appendix 1 

Proportions (in fractions) of matched sample, above normal and below normal 

respondents and differences between them together with value of the test statistic in 

equality test for fractions. 

Period 

Proportion 

of matched 

sample 

Proportion 

of above 

normal 

respondents 

Proportion 

of below 

normal 

respondents 

Difference 

between 

proportions 

Value 

of the 

test 

statistic 

2006. 01-02 0.796 0.782 0.783 -0.001 -0.02 

2006. 02-03 0.678 0.672 0.662 0.010 0.17 

2006. 03-04 0.623 0.629 0.554 0.075 1.34 

2006. 04-05 0.573 0.571 0.605 -0.034 -0.51 

2006. 05-06 0.722 0.714 0.706 0.008 0.12 

2006. 06-07 0.663 0.685 0.632 0.053 0.74 

2006. 07-08 0.721 0.698 0.781 -0.084 -1.22 

2006. 08-09 0.731 0.723 0.750 -0.027 -0.38 

2006. 09-10 0.770 0.752 0.674 0.077 1.00 

2006. 10-11 0.728 0.677 0.808 -0.131 -1.76 

2006. 11-12 0.620 0.611 0.581 0.030 0.37 

2006.12 -2007.01 0.736 0.754 0.727 0.027 0.36 

2007. 01-02 0.674 0.611 0.765 -0.154 -2.29 

2007. 02-03 0.655 0.706 0.667 0.039 0.58 

2007. 03-04 0.673 0.620 0.732 -0.112 -1.48 

2007. 04-05 0.774 0.746 0.745 0.001 0.01 

2007. 05-06 0.721 0.690 0.806 -0.117 -1.69 

2007. 06-07 0.630 0.570 0.734 -0.164 -2.25 

2007. 07-08 0.705 0.613 0.699 -0.086 -1.15 

2007. 08-09 0.719 0.664 0.803 -0.139 -2.01 

2007. 09-10 0.775 0.702 0.793 -0.091 -1.28 

2007. 10-11 0.720 0.737 0.742 -0.006 -0.08 

2007. 11-12 0.712 0.690 0.764 -0.074 -1.10 

2007.12-2008.01 0.743 0.727 0.722 0.005 0.08 

2008. 01-02 0.701 0.679 0.676 0.004 0.05 

2008. 02-03 0.778 0.716 0.785 -0.069 -1.05 

2008. 03-04 0.593 0.513 0.627 -0.114 -2.09 

2008. 04-05 0.642 0.610 0.624 -0.014 -0.23 

2008. 05-06 0.709 0.651 0.667 -0.016 -0.28 

2008. 06-07 0.700 0.691 0.731 -0.040 -0.72 
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2008. 07-08 0.657 0.664 0.615 0.048 0.80 

2008. 08-09 0.747 0.784 0.729 0.055 0.99 

2008. 09-10 0.673 0.657 0.600 0.057 0.94 

2008. 10-11 0.781 0.845 0.720 0.126 2.34 

2008. 11-12 0.743 0.736 0.738 -0.002 -0.04 

2008.12-2009.01 0.774 0.786 0.778 0.008 0.13 

2009. 01-02 0.722 0.769 0.691 0.078 1.13 

2009. 02-03 0.767 0.814 0.757 0.057 0.80 

2009. 03-04 0.724 0.797 0.694 0.104 1.77 

2009. 04-05 0.765 0.822 0.722 0.100 1.80 

2009. 05-06 0.719 0.671 0.768 -0.097 -1.61 

2009. 06-07 0.682 0.716 0.651 0.065 1.06 

2009. 07-08 0.708 0.671 0.732 -0.062 -1.01 

2009. 08-09 0.773 0.743 0.788 -0.046 -0.85 

2009. 09-10 0.797 0.780 0.748 0.032 0.58 

2009. 10-11 0.819 0.816 0.806 0.009 0.17 

2009. 11-12 0.727 0.694 0.732 -0.037 -0.61 

2009.12- 2010.01 0.744 0.814 0.708 0.106 1.81 

2010. 01-02 0.793 0.806 0.791 0.015 0.26 

2010. 02-03 0.828 0.869 0.829 0.040 0.72 

2010. 03-04 0.759 0.750 0.675 0.075 1.22 

2010. 04-05 0.794 0.785 0.776 0.008 0.14 

2010. 05-06 0.723 0.760 0.714 0.045 0.73 

2010. 06-07 0.617 0.630 0.558 0.072 1.25 

2010. 07-08 0.633 0.618 0.617 0.001 0.01 

2010. 08-09 0.732 0.721 0.722 -0.002 -0.03 

2010. 09-10 0.800 0.777 0.798 -0.021 -0.38 

2010. 10-11 0.802 0.817 0.789 0.028 0.51 

2010. 11-12 0.734 0.752 0.711 0.040 0.70 

2010.12-2011.01 0.744 0.675 0.844 -0.168 -3.08 

2011. 01-02 0.756 0.756 0.745 0.011 0.19 

2011. 02-03 0.790 0.824 0.736 0.088 1.65 

2011. 03-04 0.760 0.738 0.786 -0.049 -0.85 

2011. 04-05 0.785 0.732 0.863 -0.131 -2.20 

2011. 05-06 0.769 0.709 0.760 -0.051 -0.83 

2011. 06-07 0.719 0.703 0.726 -0.023 -0.37 

2011. 07-08 0.779 0.795 0.792 0.003 0.06 

2011. 08-09 0.769 0.768 0.748 0.020 0.33 
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2011. 09-10 0.784 0.806 0.770 0.036 0.64 

2011. 10-11 0.769 0.752 0.790 -0.039 -0.71 

2011. 11-12 0.756 0.763 0.694 0.069 1.24 

2011.12-2012.01 0.757 0.687 0.753 -0.066 -1.15 

2012. 01-02 0.755 0.711 0.818 -0.106 -1.91 

2012. 02-03 0.817 0.793 0.784 0.010 0.18 

2012. 03-04 0.790 0.781 0.831 -0.050 -0.94 

2012. 04-05 0.798 0.817 0.727 0.089 1.50 

2012. 05-06 0.821 0.802 0.846 -0.044 -0.79 

2012. 06-07 0.764 0.800 0.670 0.130 2.04 

2012. 07-08 0.786 0.819 0.759 0.060 1.00 

2012. 08-09 0.783 0.714 0.788 -0.074 -1.20 

2012. 09-10 0.830 0.815 0.850 -0.035 -0.67 

2012. 10-11 0.781 0.739 0.752 -0.013 -0.22 

2012. 11-12 0.764 0.763 0.821 -0.058 -0.98 

2012.12-2013.01 0.780 0.855 0.797 0.057 0.98 

2013. 01-02 0.747 0.721 0.733 -0.011 -0.17 

2013. 02-03 0.774 0.725 0.794 -0.069 -1.12 

2013. 03-04 0.774 0.831 0.745 0.086 1.32 

2013. 04-05 0.823 0.833 0.795 0.039 0.68 

2013. 05-06 0.813 0.835 0.792 0.044 0.77 

2013. 06-07 0.798 0.778 0.795 -0.017 -0.31 

2013. 07-08 0.743 0.804 0.697 0.107 1.86 

2013. 08-09 0.771 0.828 0.679 0.148 2.36 

2013. 09-10 0.769 0.778 0.760 0.017 0.29 

2013. 10-11 0.771 0.754 0.764 -0.010 -0.16 

2013. 11-12 0.763 0.673 0.775 -0.101 -1.60 

2013.12-2014.01 0.805 0.769 0.805 -0.036 -0.61 

2014. 01-02 0.769 0.732 0.822 -0.090 -1.51 

Note: Differences with grey background are statistically significant at 0.05 significance level. 

Source: own calculations on the basis of RIED data. 
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Appendix 2 

Original and adjusted balance statistics (unweighted and weighted). 

Period 

Difference 

between 

proportions 

BU BUA BW BWA 

2006. 02 -0.001 -7.128 -7.226 -3.257 -4.600 

2006. 03 0.010 5.626 5.426 11.555 10.434 

2006. 04 0.075 21.042 19.268 22.769 20.108 

2006. 05 -0.034 12.500 13.334 12.632 14.339 

2006. 06 0.008 26.341 26.399 27.147 26.789 

2006. 07 0.053 18.106 16.553 21.093 19.911 

2006. 08 -0.084 7.143 8.789 11.747 13.992 

2006. 09 -0.027 26.039 26.582 27.663 27.846 

2006. 10 0.077 20.604 19.738 22.384 20.948 

2006. 11 -0.131 9.649 12.476 10.301 12.384 

2006. 12 0.030 -4.286 -5.393 -1.294 -3.473 

2007. 01 0.027 7.018 6.583 8.445 8.715 

2007. 02 -0.154 11.083 14.380 9.973 13.472 

2007. 03 0.039 21.039 19.506 20.828 18.620 

2007. 04 -0.112 21.186 24.412 21.606 23.167 

2007. 05 0.001 17.448 17.845 11.590 13.103 

2007. 06 -0.117 19.647 21.957 18.952 21.355 

2007. 07 -0.164 6.079 10.685 0.635 4.076 

2007. 08 -0.086 14.324 16.898 17.107 20.016 

2007. 09 -0.139 15.013 17.961 15.909 17.870 

2007. 10 -0.091 16.877 19.670 18.709 19.277 

2007. 11 -0.006 12.088 11.984 15.607 14.864 

2007. 12 -0.074 -9.366 -7.061 -11.254 -8.097 

2008. 01 0.005 -8.310 -8.641 -7.593 -7.249 

2008. 02 0.004 -3.550 -3.711 -3.571 -1.277 

2008. 03 -0.069 16.716 17.708 23.012 23.355 

2008. 04 -0.114 2.095 6.301 2.746 8.195 

2008. 05 -0.014 3.208 3.602 4.456 4.509 

2008. 06 -0.016 -3.929 -3.609 -2.602 -1.194 

2008. 07 -0.040 -5.882 -4.761 -2.595 -0.070 

2008. 08 0.048 -8.768 -10.230 -9.559 -10.218 

2008. 09 0.055 -12.245 -13.544 -9.100 -11.638 
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2008. 10 0.057 -5.128 -7.450 -4.805 -6.139 

2008. 11 0.126 -20.382 -23.626 -21.136 -25.247 

2008. 12 -0.002 -38.497 -38.687 -41.483 -40.670 

2009. 01 0.008 -41.561 -41.520 -43.431 -44.088 

2009. 02 0.078 -43.936 -46.224 -44.844 -45.712 

2009. 03 0.057 -29.485 -30.606 -26.437 -27.772 

2009. 04 0.104 -10.118 -13.030 -4.887 -8.735 

2009. 05 0.100 -15.789 -18.174 -15.527 -19.635 

2009. 06 -0.097 -16.883 -14.475 -16.136 -13.747 

2009. 07 0.065 -16.822 -18.768 -15.947 -17.029 

2009. 08 -0.062 -12.615 -10.906 -9.579 -7.390 

2009. 09 -0.046 -2.074 -0.800 1.738 2.939 

2009. 10 0.032 -4.762 -5.730 -2.093 -4.082 

2009. 11 0.009 -14.097 -14.427 -11.381 -11.957 

2009. 12 -0.037 -16.873 -15.898 -16.688 -15.222 

2010. 01 0.106 -19.689 -22.429 -17.795 -20.537 

2010. 02 0.015 -21.795 -22.080 -13.889 -14.848 

2010. 03 0.040 -4.878 -5.730 4.321 2.619 

2010. 04 0.075 17.481 15.923 23.438 22.081 

2010. 05 0.008 1.538 1.374 7.801 8.098 

2010. 06 0.045 7.101 6.149 10.938 10.840 

2010. 07 0.072 5.370 3.520 8.970 7.869 

2010. 08 0.001 2.079 2.032 4.649 5.053 

2010. 09 -0.002 15.909 16.105 20.730 21.643 

2010. 10 -0.021 18.182 18.950 21.002 22.462 

2010. 11 0.028 10.480 9.722 15.000 15.055 

2010. 12 0.040 -3.233 -4.438 -1.293 -2.962 

2011. 01 -0.168 -17.995 -13.702 -11.412 -7.113 

2011. 02 0.011 -7.709 -8.041 -2.022 -3.230 

2011. 03 0.088 4.176 2.024 10.997 8.131 

2011. 04 -0.049 19.672 20.988 25.957 27.865 

2011. 05 -0.131 0.685 3.558 3.855 5.951 

2011. 06 -0.051 5.336 6.772 7.271 9.559 

2011. 07 -0.023 -3.385 -2.767 -2.130 -3.414 

2011. 08 0.003 -1.003 -1.088 1.832 -0.002 

2011. 09 0.020 9.882 9.510 13.275 12.515 

2011. 10 0.036 7.982 7.012 13.002 12.207 

2011. 11 -0.039 -7.112 -6.066 -1.513 0.250 
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2011. 12 0.069 -11.184 -13.629 -8.237 -12.205 

2012. 01 -0.066 -12.918 -11.540 -8.608 -6.180 

2012. 02 -0.106 -13.115 -9.967 -9.553 -6.060 

2012. 03 0.010 -2.961 -3.290 2.398 0.998 

2012. 04 -0.050 5.172 6.315 10.286 10.795 

2012. 05 0.089 -4.478 -6.960 -3.255 -4.299 

2012. 06 -0.044 -0.481 0.422 2.209 2.927 

2012. 07 0.130 -16.582 -21.129 -16.755 -21.462 

2012. 08 0.060 -13.854 -15.339 -8.136 -9.157 

2012. 09 -0.074 -3.817 -2.021 0.795 1.774 

2012. 10 -0.035 -9.204 -8.231 -4.314 -3.284 

2012. 11 -0.013 -6.824 -6.661 -3.760 -3.489 

2012. 12 -0.058 -25.197 -22.897 -24.586 -21.821 

2013. 01 0.057 -28.682 -29.088 -27.724 -27.381 

2013. 02 -0.011 -18.663 -18.740 -14.137 -15.015 

2013. 03 -0.069 -22.590 -21.035 -16.138 -13.977 

2013. 04 0.086 -7.735 -9.957 -1.613 -4.286 

2013. 05 0.039 -11.141 -12.248 -7.582 -8.413 

2013. 06 0.044 -9.227 -10.244 -5.753 -6.167 

2013. 07 -0.017 -3.676 -3.198 0.414 2.169 

2013. 08 0.107 -4.935 -7.593 -0.579 -2.941 

2013. 09 0.148 2.920 -0.564 7.692 4.857 

2013. 10 0.017 7.305 6.846 13.117 13.100 

2013. 11 -0.010 -1.018 -0.786 4.853 4.437 

2013. 12 -0.101 -11.719 -9.378 -9.610 -7.342 

2014. 01 -0.036 -16.623 -15.994 -10.725 -9.350 

2014. 02 -0.090 -9.499 -7.411 -6.051 -3.751 

Source: own calculations on the basis of RIED data. 

  



160    Barbara Kowalczyk       

 

 

Appendix 3 

Basic descriptive statistics in % for various variables (state) gathered by 

RIED business tendency survey of industrial enterprises. 

 

Proportion 

of matched 

sample 

Proportion 

of above 

normal 

respondents 

Proportion 

of below 

normal 

respondents 

Difference 

between 

proportions 

Absolute 

difference 

Level of production 

min 57.3 51.3 55.4 -16.8 0.1 

max 83.0 86.9 86.3 14.8 16.8 

mean 74.3 73.4 73.9 -0.5 5.7 

Total orders 

min 57.6 50.5 59.6 -17.9 0.0 

max 83.0 90.9 86.5 13.6 17.9 

mean 74.3 73.5 75.0 -1.5 5.1 

Finished goods inventories 

min 57.2 56.4 58.6 -24.4 0.1 

max 82.6 90.8 88.2 22.3 24.4 

mean 74.0 74.0 73.7 0.3 6.1 

Prices 

min 57.3 51.5 48.1 -26.5 0.0 

max 82.9 90.7 92.1 21.9 26.5 

mean 74.2 72.2 73.6 -1.4 7.9 

Employment 

min 56.9 43.5 52.5 -26.1 0.1 

max 82.8 92.7 86.2 19.3 26.1 

mean 74.3 70.3 72.6 -2.2 7.1 

Financial standing 

min 57.2 49.3 57.6 -28.5 0.1 

max 82.8 95.0 87.2 14.3 28.5 

mean 74.3 73.3 73.8 -0.5 5.8 

Source: own calculations on the basis of RIED data. 
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Basic descriptive statistics in % for various variables (forecast) gathered by 

RIED business tendency survey of industrial enterprises. 

 

Proportion 

of matched 

sample 

Proportion 

of above 

normal 

respondents 

Proportion 

of below 

normal 

respondents 

Difference 

between 

proportions 

Absolute 

difference 

Level of production 

min 57.2 53.2 54.5 -25.4 0.1 

max 82.8 88.1 88.1 18.7 25.4 

mean 74.1 71.9 74.4 -2.5 5.7 

Total orders 

min 57.2 54.5 58.0 -18.3 0.0 

max 82.9 93.2 87.4 16.3 18.3 

mean 74.1 72.6 75.0 -2.4 5.6 

Finished goods inventories 

min 57.2 51.8 56.3 -21.3 0.4 

max 82.7 90.5 89.6 27.6 27.6 

mean 73.8 73.5 73.7 -0.2 7.4 

Prices 

min 57.2 45.3 44.4 -20.6 0.3 

max 83.5 95.7 93.6 31.1 31.1 

mean 74.1 71.9 73.6 -1.7 7.8 

Employment 

min 57.1 49.2 54.3 -27.1 0.0 

max 83.1 94.7 86.7 20.8 27.1 

mean 74.1 69.1 72.8 -3.7 8.2 

Financial standing 

min 57.1 52.5 56.7 -19.3 0.1 

max 82.8 93.0 88.5 14.8 19.3 

mean 74.2 72.7 74.9 -2.1 6.4 

Source: own calculations on the basis of RIED data. 
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Appendix 4 

Unweighted original (BU) and adjusted (BUA) balance statistics: level of 

production – state. 

 

Weighted original (BW) and adjusted (BWA) balance statistics: level of 

production – state 
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Appendix 5 

Time series of three types of balances: original weighted; weighted adjusted 

(introduced in this paper), and weighted and adjusted to the population 

structure (adjusted by an alternative method) for level of production (state). 
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