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Abstract 
 

 
 
 
 
 

We use the behavioral concept to endogenously model the evolution of the link 
between households’ deposit dollarization and exchange rate developments in Russia. 
We estimate the model empirically and show that the reaction of households to exchange 
rate appreciation weakens when exchange rate developments become more volatile. The 
proposed model outperforms the contemporary nonlinear time series models in 
forecasting the changes in dollarization during the Bank of Russia’s transition to a flexible 
exchange rate regime. 
 

JEL-classification: C11, D84, E44, G17 
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1. Introduction 

Deposit dollarization has always been an important feature of the Russian 

economy. The hyperinflation that occurred in the early 1990s and the currency crisis of 

1998 increased the demand for foreign currency-linked deposits for holding savings. In 

subsequent years, periods of extensive de-dollarization in times of ruble appreciation 

have alternated with renewed shifts to foreign currency-linked deposits in times of ruble 

depreciation (e.g. during the financial crisis of 2008) presumably providing the indications 

of the speculative behavior of households.  

Notably, prior to 2015 the Bank of Russia adhered to a managed exchange rate 

strategy and conducted foreign exchange interventions trying to smooth exchange rate 

fluctuations. In 2015 the Bank of Russia transitioned to a fully flexible exchange rate 

regime and the volatility of ruble’s exchange rate’s fluctuations increased significantly. 

Interestingly (and somewhat surprisingly), in this environment the changes in household’s 

deposits dollarization in 2015-2018 seem to have detached from the observed exchange 

rate development, implying an evidently time-varying link between the variables. 

This is a notable observation considering that the policymakers in the emerging 

markets are occasionally fearful that in an environment of deposit dollarization substantial 

exchange rate movements may result in extrapolative destabilizing re-denomination of 

the currency of deposits. Arguably, this consideration may be regarded as a reason of a 

“fear of floating” (i.e. reluctance to adopt a flexible exchange rate regime). Therefore, it is 

generally important to conduct a comprehensive analysis of the aforementioned case. 

In order to model and predict the evolution of the relationship between exchange 

rate movements and deposit dollarization we set up a behavioral model that allows the 

households to switch between different strategies. The alternative strategies adopt either 

extrapolating or mean-reversing expectations regarding the exchange rate 

developments. Presumably, this feature may be used to account for the fact that 

increased exchange rate volatility may discourage adaptive expectations and mute 

households’ reaction to realized exchange rate depreciation. 

We empirically estimate the model using the novel stochastic gradient variational 

Bayes with normalizing flows method. The model’s performance is evaluated via a 

forecasting exercise and compared with the results obtained by employing a set of 

contemporary nonlinear time series models. The results indicate that the behavioral 

elements facilitated the model’s faster adjustment to the new environment while the non-
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structural models required a relatively large number of observations to alter the 

parameters for the new regime. As far as we know this is a pioneering example of a 

practical application of behavior finance concepts in this area. 

The paper is structured as follows. Section 2 briefly discusses the dollarization and 

exchange rate developments in Russia. Section 3 outlines the behavioral model. Section 

4 describes the alternative time series models. Section 5 presents the results of the 

forecasting exercise. Section 6 concludes. 

 

2. Exchange rate policy and dollarization developments in Russia: 
some stylized facts  
 

Starting from 1999 to 2014 the Bank of Russia implemented exchange rate policy 

under the managed floating exchange rate regime, although it gradually decreased its 

influence on the exchange rate dynamics. 

In 2005, the Bank of Russia introduced the dual-currency basket as the operational 

indicator of its exchange rate policy. The Bank of Russia set the corridor for this 

operational indicator (the operational band) and implemented foreign exchange 

interventions on its borders to curb the dual-currency1 basket’s value fluctuations. In late 

2008–early 2009, the Russian economy faced a large-scale external shock induced by 

sharp changes of the situation in global financial and commodity markets. In these 

circumstances, the Bank of Russia modified its exchange rate policy framework. In 

February 2009, the Bank of Russia set a rule for the automatic shift of the operational 

band conditionally on the accumulated amount of the Bank of Russia’s FX interventions 

and fixed the width of this floating band at 2 rubles. Since then the width of the floating 

operational band has been gradually increased to ensure a shift to a more flexible 

exchange rate. In October 2010, the Bank of Russia announced that the fixed band for 

the ruble value of the dual-currency basket was abandoned.  

Nevertheless, from October 2010 to 10 November 2014 the Bank of Russia still 

used the ruble value of the dual-currency basket as the operational indicator for 

exchange rate policy implementation. However, the operational band was now floating, 

its borders gradually adjusted depending on the amount of FX interventions, forming a 

                                                        
1
 The dual currency-basket is the weighted average of USD and euro with weights 0.55 and 0.45 

accordingly. 
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new wider target range for the dual-currency basket (see Bank of Russia 2013 for 

details). The evolution of the ruble exchange rate is shown in Figure 1. On 10 November 

2014, the Bank of Russia abolished the exchange rate policy mechanism by cancelling 

the permissible range of the dual-currency basket ruble values (operational band) and 

regular interventions on and outside the borders of this band.  

Figure 1. Ruble / dual-currency basket exchange rate 

 

Notably, exchange rate fluctuations are commonly regarded as the driver of 

deposits dollarization (see e.g. Honohan 2007, Neanidis and Savva 2009). Presumably, 

depreciation of the national currency may result in an increase of dollarization due to 

households’ adaptive expectations. Indeed, the ruble’s gradual depreciation in 2008-2009 

was associated with large inflows2 into foreign currency deposits (Figure 2). 3  

Interestingly (and somewhat surprisingly), the increase in volatility of exchange rate 

fluctuations in 2015-2016 did not translate into dramatic changes in households’ deposits 

dollarization. In fact, in this environment the changes in household’s deposits 

dollarization were insubstantial and seem to have detached from the observed exchange 

rate development, implying an evidently time-varying link between the variables. This 

                                                        
2
 See Section 3 for the description of the dollarization variable. 

3
 A detailed discussion of dollarization developments in Russia prior to 2014 is provided in Ponomarenko et al. (2013). 
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observation gives us the insight that we cannot rely on the assumption of linear adaptive 

expectations to model dollarization. 

The idea that the linkage between exchange rate and dollarization developments is 

nonlinear is not useful. However, previous studies mostly focused on implementing the 

hysteresis effect (Kamin and Ericsson 2003, Feige 2003, Valev 2010, Samreth 2011). 

Barajas and Morales (2003) report that a pegged exchange rate regime encourages 

dollarization but do not offer the underlying model. Meanwhile, the aim of this paper is to 

provide a model that is able to capture the endogenous change in the sensitivity of 

dollarization to exchange rate developments during the transition to a different exchange 

rate regime. 

Figure 2. Inflows into households’ foreign currency deposits (sums over on 3-month 

rolling periods as a ratio to total deposits’ stock), shaded areas are the periods of volatile 

ruble exchange rate fluctuations. 

 

 

3. The model 

 

Our approach is based on the conventional behavioral models of financial markets 

outlined by Westerhoff (2009) and Franke and Westerhoff (2012). The underlying idea is 

that agents tend to choose a strategy if it has seemingly been performing well recently. 
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Presumably, this feature may be used to account for the fact that increased exchange 

rate volatility may discourage adaptive expectations and mute households’ reaction to 

realized exchange rate depreciation. Accordingly, our model is specified as follows.4  

There are two types of agents in the model conventionally labeled as 

fundamentalists and chartists. They choose the share of foreign currency-linked deposits 

in total deposits (which is called dollarization in our model). The agents choose the 

dollarization share basing on the observed oil price inflation, sentiment index, and 

exchange rate values. The oil price is generally regarded as an important economic 

fundamental that determines ruble’s exchange rate. The sentiment index in our model 

represents a summary indicator of the mood of recent news releases on exchange rate 

and financial markets topics. If the majority of releases contains information which is 

assessed as negative by currency market participants, the sentiment index will be also 

negative and vice versa. The reaction to exchange rate developments is, naturally, the 

key research question of our paper and this where the alternative strategies are different. 

The fundamentalists compare observed log exchange rate et in the current5 period 

with its subjective ‘fundamental value’ et
⋆, which follows a random walk process. Hence, 

their dollarization can be characterized by the following equations: 

𝑑𝑡
𝑓

= 𝛼𝑓 + 𝜑(𝑒𝑡
∗ − 𝑒𝑡) + ∑(𝑏𝑜𝑖𝑙.𝑗

𝑓
𝜋𝑡−𝑗

𝑜𝑖𝑙

𝑝

𝑗=1

+ 𝑏𝑠𝑒𝑛𝑡.𝑗
𝑓

𝑠𝑡−𝑗) + 𝑣𝑡
𝑓

;   𝑣𝑡
𝑓

∼ 𝑁(0, 𝜎𝑓
2) 

𝑒𝑡
∗ = 𝑒𝑡−1

∗ + 𝑣𝑡
𝑒∗;     𝑣𝑡

𝑒∗ ∼ 𝑁(0, 𝜎𝑒∗
2 ) 

 

(1) 

 

(2) 

where  𝜋𝑡
𝑜𝑖𝑙  — oil price inflation, 𝑠𝑡  — sentiment index, 𝑒𝑡  — log exchange rate, 𝑒𝑡

∗  — 

fundamental log exchange rate value, 𝛼𝑓 — constant, 𝑝 — number of lags. We set 𝑝 = 3 

for all models. 

The chartists make their decision based on the exchange rate growth: 

𝑑𝑡
𝑐 = 𝛼𝑐 + 𝜒(𝑒𝑡 − 𝑒𝑡−1) + ∑(𝑏𝑜𝑖𝑙.𝑗

𝑐 𝜋𝑡−𝑗
𝑜𝑖𝑙

𝑝

𝑗=1

+ 𝑏𝑠𝑒𝑛𝑡.𝑗
𝑐 𝑠𝑡−𝑗) + 𝑣𝑡

𝑐;     𝑣𝑡
𝑐 ∼ 𝑁(0, 𝜎𝑐

2) 

 

(3) 

 

                                                        
4
 We describe a comprehensive empirical model in the section. However, a very simplistic version of such 

approach presented in Appendix A is sufficient to produce the meaningful results. 
5
 Given the 5-days data frequency it is not clear if we should assume that households react to contemporary 

or past changes in the exchange rate. Therefore, in the course of this study we have estimated both 
versions of the model. The version based on the contemporary exchange rates was selected due to 
forecasting performance but using a lagged depreciation rate does not change the results dramatically. In 
this respect the simplistic version of the model (Appendix A) that employs a lagged depreciation rate at daily 
frequency seems to be the most appropriate. 
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We restrict parameters 𝜑 and 𝜒 to be positive. The positive parameter 𝜑 states that 

fundamentalists are assumed to use the following heuristic. If the observed exchange rate 

is lower (higher) than the ‘fundamental’ value, fundamentalists predict that it will rise (fall) 

in the future. Hence, the fundamentalists would buy (sell) foreign currency-linked deposits 

and increase (decrease) their dollarization.  

The positive parameter 𝜒 means that chartists are assumed to buy currency once 

they observe an increase in exchange rate during the last 5 days and sell it if the 

decrease was observed. 

The share of the fundamentalists in the total number of market participants 

depends on the relative profitability of the fundamentalists’ strategy compared to the 

chartists’ one. The hypothetical wealth for each strategy is determined as: 

𝑤𝑡
𝑡𝑦𝑝𝑒

= 𝜂𝑤𝑡−1
𝑡𝑦𝑝𝑒

+ (1 − 𝜂)(𝑒𝑡−1 − 𝑒𝑡−2)𝑑𝑡−1
𝑡𝑦𝑝𝑒

;    𝑡𝑦𝑝𝑒 = {𝑓, 𝑐} (4) 

This equation means that the wealth for each type depends on the previous wealth 

and on the profitability of the previous dollarization choice. The initial values of wealth are 

set to be equal: 𝑤0
𝑓

− 𝑤0
𝑐 = 0. The value of this wealth gap affects hidden state 𝑎𝑡, which 

is discussed below. 

The share of fundamentalists is defined by the following equation: 

𝑠𝑓𝑡 = (1 + exp(−𝛽𝑎𝑡))−1 (5) 

where 𝛽 — unrestricted coefficient. 

Following Franke and Westerhoff (2012), we considered two forms of 

fundamentalists’ share specifications6: 

𝑎𝑡 = (𝑤𝑡
𝑓

− 𝑤𝑡
𝑐) 

𝑎𝑡 = (𝑤𝑡
𝑓

− 𝑤𝑡
𝑐) + 𝜌ℎ𝑒𝑟𝑑(𝑤𝑡−1

𝑓
− 𝑤𝑡−1

𝑐 ) 

(6WG) 

(6HERD) 

The abbreviation WG stands for the specification, in which only the 

contemporaneous wealth gap affects the fundamentalists share. HERD is the model with 

herding: the previous wealth gap affects the current one. We restrict parameter 𝜌ℎ𝑒𝑟𝑑 to 

produce a stationary process for 𝑎𝑡: 0 ≤ 𝜌ℎ𝑒𝑟𝑑 < 1.   

We fit the observed 5-day changes in total dollarization 𝑑𝑑𝑡: 

�̅�𝑡 = 𝑠𝑓𝑡𝑑𝑡
𝑓

+ (1 − 𝑠𝑓𝑡)𝑑𝑡
𝑐 

𝑑𝑑𝑡 = �̅�𝑡 − �̅�𝑡−1 

(7) 

(8) 

                                                        
6
 In the original paper the herding term was written as the difference between the shares of fundamentalists 

and chartists: (𝑠ℎ𝑎𝑟𝑒(𝑓𝑢𝑛𝑑) − 𝑠ℎ𝑎𝑟𝑒(𝑐ℎ𝑎𝑟𝑡)) = 𝑠𝑓𝑡 − (1 − 𝑠𝑓𝑡). However, due to computational complexity 
we changed it to the autoregression version. 
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It means that in each period total dollarization is the weighted average of two types 

of agents’ choice. 

 

3.1 The estimation technique 
 

The proposed model has nonlinear state-space representation. To our knowledge it 

is common to estimate such models using particle filters (Lux 2018), method of simulated 

moments (Franke and Westerhoff (2012)) or machine learning surrogate filters (Lamperti 

et al (2018)). In this paper we use the stochastic gradient variational Bayes with mean 

field approximation approach (Beal 2003, Rezende and Mohamed 2015, Khabibullin and 

Seleznev 2020). This approach is a powerful tool for the estimation of complex non-linear 

models similar to those presented in this paper model. Similar methods have previously 

been applied to agent-based models (Di Guilmi et al. 2008, 2020). We use this approach 

not only to estimate posterior parameters densities but to choose prior hyperparameters 

values. 

The technique is based on the stochastic maximization of the evidence lower 

bound (ELBO) with respect to prior hyperparameters and approximation density: 

𝐿(𝑞𝜆, 𝜓) = log 𝑝(𝑦|𝑥, 𝜓) − 𝐾𝐿(𝑞𝜆(𝜃)|| log 𝑝(𝜃|𝑦, 𝑥, 𝜓)) → max
𝜓,𝑞()

 

where 𝜃 — vector of parameters and latent states, 𝜓 — hyperparameters vector, 𝑞𝜆(∙) — 

approximation density, 𝜆  — parameters of this density, 𝑝(𝜃|𝑦, 𝑥, 𝜓)  — posterior 

parameters and states density, 𝑝(𝑦|𝑥, 𝜓) — marginal likelihood. 

Under the mean-field approach it is assumed that approximation density is 

independent across parameter blocks. In case of the proposed behavioral model this 

approximation density function is the following: 

𝑞𝜆(𝜃) = 𝑞𝑁(𝑩|𝝁𝑩, 𝚺𝑩) × 𝑞𝑁(𝛽|𝜇𝐵, 𝜎𝐵) × 𝑞𝑁(𝜌ℎ𝑒𝑟𝑑| 𝜇𝜌, 𝜎𝜌) × 𝑞𝜆𝜂
(𝜂) × 𝑞𝐼𝐺(𝜎𝑐

2|𝜈𝑐, 𝑏𝑐)

× 𝑞𝐼𝐺(𝜎𝑓
2|𝜈𝑓 , 𝑏𝑓), 

where 𝑞𝑁(∙ |𝜇𝑖, Σ𝑖)  — normal density function with mean 𝜇𝑖  and covariance matrix Σ𝑖 

hyperparameters. 𝑞𝐼𝐺(∙ |𝜈𝑖, b𝑖) — inverse–Gamma density function with shape 𝜈𝑖 and scale 

𝑏𝑖 hyperparameters. 𝑩 = [𝑎𝑓 , 𝑎𝑐, 𝜒, 𝜑, {𝑏𝑖𝑗
𝑟 }

𝑖∈{𝑜𝑖𝑙,𝑠𝑒𝑛𝑡}; 𝑟∈{𝑐,𝑓}; 𝑗=1…𝑝 
]

′

.  
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3.2 The data and the set-up of the experiment 
 

We use the dataset of 5-day frequency from January 2002 till January 2019.  

The dollarization variable is constructed as follows: 

𝑑𝑑𝑡 =
𝐹𝐷𝑡 − 𝐹𝐷𝑡−1 ×

𝐸𝑡

𝐸𝑡−1
−

𝐹𝐷𝑡−1

𝑇𝐷𝑡−1
× Δ𝐷𝑡

𝑇𝐷𝑡−1
, 

Δ𝐷𝑡 = Δ𝑅𝐷𝑡 + 𝐹𝐷𝑡 − 𝐹𝐷𝑡−1 ×
𝐸𝑡

𝐸𝑡−1
, 

where  𝑇𝐷𝑡  — total households deposits, 𝐹𝐷𝑡  — ruble value of households deposits 

denominated in foreign currency, 𝑅𝐷𝑡 — households deposits denominated in rubles, 𝐸𝑡 

— ruble/USD exchange rate value. The rationale behind this transformation is as follows. 

The term 𝐹𝐷𝑡 − 𝐹𝐷𝑡−1 ×
𝐸𝑡

𝐸𝑡−1
 represents the increase in foreign currency deposits 

(approximately controlling for the re-evaluation effect). Δ𝐷𝑡 represents the increase in total 

households’ deposits (approximately controlling for the re-evaluation effect). The term 

𝐹𝐷𝑡−1

𝑇𝐷𝑡−1
× Δ𝐷𝑡  represents the projected inflow into foreign currency deposits given the 

observed deposits expansion rate7 and their past composition. Accordingly, the nominator 

shows the deviation of the actual inflows into foreign currency deposits from the 

extrapolated value and represents the changes in the households’ behavior. The 

denominator scales this value dividing it by the amount of total deposits. 

Oil price inflation (𝜋𝑡
𝑜𝑖𝑙) is calculated as the percentage change of the Brent index 

published by FRED.  

The exchange rate variable (𝑒𝑡) is the ruble/USD exchange rate provided by the 

Bank of Russia. 

The sentiment index (𝑠𝑡) is estimated by the Bank of Russia based on daily news 

releases on exchange rate and financial market topics.   

To make a forecasting exercise we split the whole sample into train and test 

samples in the following manner. We first estimate the behavioral model on the sample till 

the 15th of September 2009 and calculate forecasts on horizon ℎ, starting from the 20th of 

September 2009. We proceed by recursively adding new observations to the train sample 

and moving the rolling test sample accordingly. At each step we re-estimate the model 

and calculate out-of-sample forecasts for the new train sample. The forecasts are 

                                                        
7
 Controlling for monetary expansion is a traditional approach in modelling dollarization (see e.g. Honohan 2007, 

Neanidis and Savva 2009). 
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estimated conditionally on the actual values of oil prices, sentiment index and exchange 

rate in the test sample.  

 

4. Benchmark models 

In order to assess the practical usefulness of our approach we compare the 

forecast errors of the behavioral model with those obtained via the same exercise with the 

collection of time series models. These are state-of-the-art nonlinear models that also 

have the capacity to capture the time-varying link between dollarization and exchange rate 

depreciation. 

 

4.1 Autoregression model 
 

The simplest possible benchmark model for comparison is the standard 

autoregression with exogenous variables ARX(4) model in the following form: 

𝑑𝑑𝑡 = 𝐴𝑐 + ∑ 𝐴𝑦.𝑗 𝑑𝑑𝑡−𝑗

𝑝

𝑗=1

+ ∑ 𝑿𝒕−𝒋
′ 𝑨𝒙.𝒋 

𝑝

𝑗=1

+ 𝐴𝑒.0Δ𝑒𝑡 + 𝜀𝑡;  𝜀𝑡 ∼ 𝑁(0, σ𝑑𝑑
2 ) 

 

(9ARX) 

where vector of exogenous variables consists of: 𝑿𝒕 = [𝜋𝑡
𝑜𝑖𝑙 , Δ𝑒𝑡, 𝑠𝑡]′.  

We estimate this model using the standard maximum likelihood method.  

 

4.2 Time-varying parameters autoregression model 

 

The proposed model has the feature of regime switching between fundamentalists’ 

and chartists’ strategies. Hence, standard models with endogenous regime switching and 

time-varying coefficients are natural benchmark models for comparison. The simplest 

possible benchmark for time-varying parameters is the following state-space model: 

𝑑𝑑𝑡 = 𝐴𝑡
𝑐 + ∑ 𝐴𝑡

𝑦.𝑗
 𝑑𝑑𝑡−𝑗

𝑝

𝑗=1

+ ∑ 𝑿𝒕−𝒋
′ 𝑨𝒕

𝒙.𝒋
 

𝑝

𝑗=1

+ 𝐴𝑡
𝑒.0Δ𝑒𝑡 + 𝜀𝑡;  𝜀𝑡 ∼ 𝑁(0, σ𝑑𝑑.𝑡

2 ) 

𝒂𝒕 = 𝒂𝒕−𝟏 + 𝒗𝒕;  𝒗𝒕 ∼ 𝑵(𝟎, 𝛀) 

 

(9.1TVP) 

 

(9.2TVP) 

where vector 𝑎𝑡 consists of all parameters of the equation (9.1TVP) except σ𝑑𝑑.𝑡
2 .  

Due to computational challenges we estimate this model using the forgetting factor 

approximation proposed by (Koop, Korobilis, 2013). The idea is to estimate parameters 

as: 
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𝒂𝒕|𝐼𝑡−1 ∼ 𝑁(𝒂(𝑡|𝑡−1), 𝑽(𝑡|𝑡−1)) 

where 𝐼𝑡−1 — information available at period 𝑡 − 1, 𝒂(𝑡|𝑡−1) — state values calculated using 

standard Kalman Filter with modification of the state variance: 

𝑽(𝑡|𝑡−1) = 𝜆−1𝑽(𝑡|𝑡) 

Observation variance is calculated as follows: 

σ𝑑𝑑.𝑡
2 = 𝜅 × σ𝑑𝑑.𝑡−1

2 + (1 − 𝜅) 𝜀�̂�
2, 

where 𝜀�̂�
2 — squared residual terms for the observation equation. To estimate the model 

we need to also set initial conditions: σ𝑑𝑑.0
2 = 𝛼𝑜𝑏𝑠𝑣𝑎𝑟(𝑑𝑑𝑡𝑟𝑎𝑖𝑛) , 𝑽0|0 = 𝛼𝑠𝑡𝑽𝒐𝒍𝒔 . Here 

𝑣𝑎𝑟(𝑑𝑑𝑡𝑟𝑎𝑖𝑛) — a variance of the depended variable in the sample before the start of the 

test sample (the 20th of September, 2009). 𝑽𝒐𝒍𝒔 is the diagonal matrix with a diagonal 

equal to the diagonal of the ordinary least squares parameters covariance matrix.  Shares 

hyperparameters are restricted: 𝛼𝑜𝑏𝑠 ∈ [0.05, 1], 𝛼𝑠𝑡 ∈ [0.001, 103].  

To choose hyperparameters values [𝜅, 𝜆, 𝛼𝑜𝑏𝑠, 𝛼𝑠𝑡] we minimize the out-of-sample RMSE 

using the ‘Bayesian Optimization’ python package.  

 

4.3 Threshold vector autoregression 

 

Another method to take into account time-varying parameters is to assume regime 

switching. The first class of these models considered in this paper is the threshold vector 

autoregression model (TVAR): 

𝒀𝒕 = 𝑨𝒄(𝑠𝑡) + ∑ 𝑨𝒚.𝒋 (𝑠𝑡)𝒀𝒕−𝒋

𝑝

𝑗=1

+ ∑ 𝑨𝒕
𝒙.𝒋(𝑠𝑡)𝑿𝒕−𝒋 

𝑝

𝑗=1

+ 𝜺𝒕; 

 𝜺𝒕 ∼ 𝑁(0, 𝚺(𝑠𝑡)) 

𝐴𝑘(𝑠𝑡) = {
𝐴0

𝑘, 𝑖𝑓 𝒛𝒕
′𝜸 ≤  𝑧̅

𝐴1
𝑘, 𝑖𝑓 𝒛𝒕

′𝜸 > 𝑧̅ 
;  𝜎𝑘(𝑠𝑡) = {

𝜎0
𝑘 , 𝑖𝑓 𝒛𝒕

′𝜸 ≤  𝑧̅

𝜎1
𝑘 , 𝑖𝑓 𝒛𝒕

′𝜸 > 𝑧̅ 
 

 

(9.1TVAR) 

 

(9.2TVAR) 

where 𝑠𝑡 — current state, 𝒛𝒕 — threshold variable, which could be any observable variable 

or/and its lags, set of exogenous variables 𝑿𝒕 = 𝜋𝑡
𝑜𝑖𝑙 , set of endogenous variables 

𝒀𝒕 = [𝑑𝑑𝑡, Δ𝑒𝑡, 𝑠𝑡]′.  We estimate this model using maximum likelihood method8.   

The main rationale in using TVAR instead of univariate threshold autoregression is 

the fact that regime switching is estimated in a way to affect all endogenous variables in 

the model. 

                                                        
8
 We use the “TVAR” function from the “tsDyn” R package (Di Narzo, et al (2009)). 
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We estimate two TVAR specifications. In the first specification (TVAR–E) we use 

lag of the currency rate change Δ𝑒𝑡−1  as the threshold variable. In the second 

specification (TVAR-SF) we use the recursively calculated variable 𝑠𝑓�̃�. This variable is the 

naïve fundamentalists’ share, calculated using calibrated parameters. Detailed information 

on the naïve share calculation can be found in Appendix A. 

  

4.4 Smooth transition autoregression 

 

We also extend the previous benchmark with the specification with a smooth 

transition between states9: 

𝑑𝑑𝒕 = 𝝁(𝑠𝑡 = 1) × 𝐺(𝒛𝒕
′𝜸 − 𝑢) + 𝝁(𝑠𝑡 = 0) × (1 − 𝐺(𝒛𝒕

′𝜸 − 𝑢)); 

𝝁(𝑠𝑡) = 𝐴𝑐(𝑠𝑡) + ∑ 𝑨𝒚.𝒋 (𝑠𝑡)𝒀𝒕−𝒋

𝑝−1

𝑗=1

+ ∑ 𝑨𝒕
𝒙.𝒋(𝑠𝑡)𝑿𝒕−𝒋 

𝑝

𝑗=1

+ 𝐴𝑒.0(st)Δ𝑒𝑡 + 𝜺𝒕; 

𝜺𝒕 ∼ 𝑁(0, 𝚺(𝑠𝑡)) 

(9.1STAR) 

 

(9.2STAR) 

where 𝐺(∙) — is the prespecified smooth function. We choose this function to be a simple 

sigmoid function, 𝑢𝑡 — threshold cutoff, which is of the optimized parameters.  We also 

consider two specifications depending on threshold variable: (1) lag of the currency rate 

change (STAR E); (2) naïve fundamentalists’ share (STAR SF). 

 

4.5 Markov switching vector autoregression 

 

The last benchmark is the Markov switching vector autoregression model: 

𝑑𝑑𝒕 = 𝐴𝑐(𝑠𝑡) + ∑ 𝑨𝒚.𝒋 (𝑠𝑡)𝒀𝒕−𝒋

𝑝

𝑗=1

+ ∑ 𝑨𝒕
𝒙.𝒋(𝑠𝑡)𝑿𝒕−𝒋 

𝑝

𝑗=1

+ 𝐴𝑒.0(st)Δ𝑒𝑡 + 𝜺𝒕;  

𝜺𝒕 ∼ 𝑁(0, 𝚺(𝑠𝑡)); 

𝑃(𝑠0 = 𝑖) = 𝜋0𝑖; 𝑖 ∈ {1, 2, . . 𝐾} 

𝑃(𝑠𝑡 = 𝑖|𝑠𝑡−1 = 𝑗) = 𝜋𝑖𝑗; 𝑖, 𝑗 ∈ {1, 2, . . 𝐾} 

 

(9.1MBSVAR) 

 

(9.2MBSVAR) 

(9.3MBSVAR) 

where 𝑃(𝑠0 = 𝑖)  — initial state probabilities, 𝑃(𝑠𝑡 = 𝑖|𝑠𝑡−1 = 𝑗)  — state transition 

probabilities, 𝐾 — number of regimes. We consider MSBVAR with 2 regimes.  

To estimate this model, we use the MATLAB MS_Regress package proposed by 

(Perlin, 2015). 

                                                        
9
 We estimate this model by maximum likelihood using the TensorFlow 2.0 package. 
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5. The results 

The first observation we can make based on the obtained results is that the 

estimates of the fundamentalists’ shares appear to be economically interpretable (see 

Figures 4-5 in Appendix B). Although the evolution of shares differs between the model 

specifications, they are generally at their highest in 2015-2017 meaning that the periods of 

higher volatility of exchange rate are associated with a high share of fundamentalists. This 

observation suggests that the time-varying link between dollarization and exchange rate 

dynamics (specifically its weakening in the period after the increase of exchange rate 

volatility) may be captured by the model.10 We proceed with formal examination (the 

forecasting exercise) of whether this approach would have been useful in real time. 

To measure forecasting accuracy, we use RMSE values, evaluated as: 

𝑅𝑀𝑆𝐸(ℎ, 𝑚) = ( ∑  

𝑇1

𝑠=𝑇0

(𝑦𝑠 − 𝑓𝑠
ℎ(𝑚))

2

)

0.5

, 

where 𝑓𝑠
ℎ(𝑚) = ∑ 𝑑𝑑𝑠−ℎ+𝑘

̂ℎ
𝑘=1 (𝑚)/ℎ  — mean forecast based on the model 𝑚 = 1. . 𝑀 . 

𝑇0, 𝑇1 — the beginning and the end of the test sample, respectively. 𝑦𝑠 = ∑ 𝑑𝑑𝑠−ℎ+𝑘
ℎ
𝑘=1 /ℎ 

— true target variable value. 

For all specifications listed above we calculate forecasts from September 2010 to 

the end of 2019 and compare out-of-sample forecasting performance for each benchmark. 

Table 1 reports each model’s RMSE values divided by the ARX model’s RMSE. For the 

shortest horizons the RMSE of the behavioral models is higher than that of the 

competitors, but starting from the 8-period horizon (i.e. 40-day ahead forecasts) the 

behavioral model with herding (BEH WG) has the highest forecasting accuracy. Notably, 

the best performing model on the short horizons (TVAR SF) also makes use of the 

parsimonious version of the behavioral approach by employing the naïve estimate of 

fundamentalists’ share as the threshold variable. A more detailed analysis of the RMSE 

(presented in Appendix C) indicates that the overall success of the behavioral model is 

determined by its performance over the earlier periods of the forecast sample. This result 

is not unexpected and, arguably, reflects the ability of the behavioral elements to facilitate 

the model’s faster adjustment to the new environment while the non-structural models 

                                                        
10

 We illustrate the differences in the dollarization developments implied by alternative strategies in 
Appendix D. 
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require a relatively large number of observations to alter the parameters for the new 

regime. 

 

Table 1. RMSE of the alternative models (as ratio to the RMSE of ARX). 

Forecast 
Horizon TVP AR TVAR E TVAR SF LSTAR E LSTAR SF MSBVAR BEH WG BEH HERD 

1 1.156 1.078 1.088 1.409 1.532 1.028 1.116 1.088 

2 1.151 1.081 1.131 1.285 1.470 1.094 1.119 1.043 

3 1.144 0.995 1.015 1.478 1.318 0.950 1.054 1.034 

4 1.187 0.995 1.059 1.229 1.417 0.968 1.003 1.012 

5 1.188 1.018 1.053 1.231 1.307 0.989 1.067 1.021 

6 1.235 0.990 1.016 1.187 1.200 0.959 0.983 0.980 

7 1.240 0.970 1.014 1.175 1.265 0.942 0.968 0.983 

8 1.250 0.961 1.002 1.121 1.230 0.969 0.961 0.980 

9 1.279 0.971 0.985 1.254 1.133 0.961 0.927 0.976 

10 1.311 0.974 0.989 1.050 1.237 0.961 0.907 0.968 

11 1.296 0.981 0.992 1.026 1.089 0.982 0.925 0.967 

12 1.347 0.981 0.974 0.980 1.018 1.023 0.884 0.945 

 

 

6. Conclusions 

 
Exchange rate depreciation rate is traditionally regarded as an important driver of 

households’ deposit dollarization developments in emerging markets. However (as we 

may see ex-post) after the transition to a floating exchange rate regime this link weakened 

substantially in Russia. 

We argue that the behavioral concepts that address the issue of agents’ 

endogenous switching between strategies is an appropriate tool to employ in these 

circumstances. We demonstrated that by estimating an empirical model that features two 

types of exchange rate expectations formation. The adaptive extrapolating approach 

proves to be misleading in the noisy exchange rate environment and is abandoned in 

such periods. This result suggests that adopting a floating exchange rate regime stabilizes 

rather than amplifies fluctuations in dollarization. Importantly, we argue that with the help 

of the behavioral model such analysis could have been made in pseudo-real time and 

show that the model’s forecasts are more accurate than those of the time series models 

during the transition to the floating exchange rate regime.  
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Appendix  A. The naïve model 

 
We calculate the naïve fundamentalists’ share as the restricted version of the 

equation (5).  

Similar to the behavioral model, we assume the fundamentalists’ (𝑑𝑡
𝑓

) and chartists’ 

(𝑑𝑡
𝑐) strategies as follows (assuming 𝜑 = 𝜒 = 1 ): 

𝑑𝑡
𝑓.𝑛𝑎𝑖𝑣𝑒

= (𝑒𝑡−1
∗ − 𝑒𝑡−1) 

𝑑𝑡
𝑐.𝑛𝑎𝑖𝑣𝑒 = (𝑒𝑡−1 − 𝑒𝑡−2) 

The trend exchange rate (e*) is calculate as the 3-month moving average. The series of 

exchange rate depreciation rate (𝑒𝑡−1 − 𝑒𝑡−2) and deviation from trend (𝑒𝑡−1
∗ − 𝑒𝑡−1) are 

standardized. 

The strategies’ fitness is defined equivalently: 

𝑤𝑡
𝑗.𝑛𝑎𝑖𝑣𝑒

= 𝑤𝑡−1
𝑗.𝑛𝑎𝑖𝑣𝑒

+ (𝑒𝑡−1 − 𝑒𝑡−2)𝑑𝑡−1
𝑗.𝑛𝑎𝑖𝑣𝑒

;    𝑗 = {𝑓, 𝑐} 

The naïve fundamentalists; share therefore is defined as: 

𝑠𝑓𝑡
𝑛𝑎𝑖𝑣𝑒 = (1 + exp(−𝛽(𝑤𝑡

𝑓.𝑛𝑎𝑖𝑣𝑒
− 𝑤𝑡

𝑐.𝑛𝑎𝑖𝑣𝑒))
−1

 

𝛽  is set to 100 so that 𝑠𝑓𝑡
𝑛𝑎𝑖𝑣𝑒  fluctuates between 0 and 1. Note that other 

parameters’ estimation is not required to calculate this measure and it may constructed 

recursively (i.e. the fundamentalists’ share at time 𝑡 depends only on information on the 

exchange rate available at time 𝑡 − 1).  

The resulting naïve estimates of the fundamentalists’ share dynamics is presented 

in Figure 3. The results of this simple exercise indicate that after 2015 there is a significant 

increase in the fundamentalists’ share. 
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Figure 3. Naïve fundamentalists’ share estimate 
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Appendix  B. Estimates of the agents’ share 

 
Figure 4. Smoothed fundamentalists’ shares in the case of WG specification (without 
herding). Red line depicts final smoothed estimate using the whole sample. Gray dotted 
lines depict recursive smoothed estimates on the expanding window. 

 

 
Figure 5. Smoothed fundamentalists’ shares in the case of HERD specification (with 
herding). Red line depicts final smoothed estimate using the whole sample. Gray dotted 
lines depict recursive smoothed estimates on the expanding window. 
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Appendix  C. RMSE measured over rolling windows 

 

In this section we present the RMSE values calculated over the rolling sub-

samples. We start with 20th September, 2009 and calculate the RMSE value for a 148-

observations long i.e. (approximately 2 year) window. We proceed by recursively shifting 

this window by 1 observation and calculate the RMSE values until the end of the test 

sample.  

The RMSE measures (as a ratio to the RMSE of the ARX model) for different 

forecast horizons (h) are presented in Figures 6-8. The date is the last observation of the 

corresponding rolling window 

Each model was used to forecast  fs = ∑ ddt+k̂
ℎ
k=1 /ℎ. 

RMSE was evaluated as (∑ (ys − fs)t+2years
s=t

2
)

0.5

, where ys = ∑ ddt+k
ℎ
k=1 /ℎ — actual 

dollarization. 

 

Figure 6. RMSE measured over rolling windows for the 3 period forecasting horizon.  
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Figure 7. RMSE measured over rolling windows for the 6 period forecasting horizon.  

 
 
Figure 8. RMSE measured over rolling windows for the 12 period forecasting horizon.  
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Appendix D. Comparison of dollarization changes implied by alternative 

strategies 

 
In order to illustrate the differences in behavior implied by the alternative strategies we 
calculate the conditional forecasts of changes in dollarization separately for each agent 
type. Specifically, we use (1) and (2) for fundamentalists’ strategy and (3) for chartists: 
 

𝑑𝑡+ℎ
𝑓

= 𝛼𝑓 + 𝜑(𝑒𝑡+ℎ
∗ − 𝑒𝑡+ℎ) + ∑ (𝑏𝑜𝑖𝑙.𝑗

𝑓
𝜋𝑡+ℎ−𝑗

𝑜𝑖𝑙𝑝
𝑗=1 + 𝑏𝑠𝑒𝑛𝑡.𝑗

𝑓
𝑠𝑡+ℎ−𝑗)                                         (1) 

𝑒𝑡+ℎ
∗ = 𝑒𝑡+ℎ−1

∗ + 𝑣𝑡+ℎ
𝑒∗ ;     𝑣𝑡+ℎ

𝑒∗ ∼ 𝑁(0, 𝜎𝑒∗
2 )                                                                        

(2) 

𝑑𝑡+ℎ
𝑐 = 𝛼𝑐 + 𝜒(𝑒𝑡+ℎ − 𝑒𝑡+ℎ−1) + ∑ (𝑏𝑜𝑖𝑙.𝑗

𝑐 𝜋𝑡+ℎ−𝑗
𝑜𝑖𝑙𝑝

𝑗=1 + 𝑏𝑠𝑒𝑛𝑡.𝑗
𝑐 𝑠𝑡+ℎ−𝑗)                                      (3) 

 
All parameters are recursively estimated similarly to the main forecasting exercise. It 

means that h—step forecast 𝑑𝑡+ℎ
𝑡𝑦𝑝𝑒

, 𝑡𝑦𝑝𝑒 = {𝑐, 𝑓} contains parameters, estimated using the 

information available at time 𝑡.   Fundamental exchange rate 𝑒𝑡+ℎ
∗  is smoothed value 

estimated using all exchange rate data up to 𝑡 + 12. 

All exogenous variables (𝜋𝑡+ℎ−𝑗
𝑜𝑖𝑙 , 𝑠𝑡+ℎ−𝑗, 𝑒𝑡+ℎ, 𝑒𝑡+ℎ−1, ∀1 ≤ 𝑗 ≤ 3)  are equal to their 

observed values. 
The results are presented in Figures 9-10 and demonstrate substantial differences in the 
dollarization developments implied by alternative strategies. 
 
Figure 9. BEH WG model forecasts for the 12 period forecasting horizon. 

 
 

-1.5

-1

-0.5

0

0.5

1

WG chartists WG fundamentalists



An empirical behavioral model of households’ deposit dollarization   25 

 

Figure 10. BEH HERD model forecasts for the 12 period forecasting horizon 
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