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 1. Introduction 

Several countries in the Central America and Dominican Republic (CARD) region, receive a 

substantial amount of remittances. In 2018, remittances in Guatemala, Honduras, Nicaragua, and the 

Dominican Republic, amounted to 12, 19, 10, and 8 percent of their respective GDP. 

 The large amount of remittances is a challenge to local currency markets. As a result, several 

central banks in the region take an active role in the foreign exchange market. For example, the 

central bank of Guatemala has intervened in the exchange market selling dollars for 2,500 million in 

2017, and 1,500 in 2018. The central bank of Honduras intervenes daily to maintain the exchange 

rate into the exchange rate band. Their interventions (direct or through rules) attempt to mitigate 

short-term exchange movements and volatility that restrict the well-functioning of the currency 

market.  

 Absorbing remittances, when its size is large in relation to economic activity, is also a major 

challenge to an economy as is a source of Dutch disease (Acosta et al., 2009; and Amuedo, 2004). 

Large amount of remittances would appreciate the real exchange rate, resulting in a loss of 

competitiveness of the export sector. This is particularly relevant when remittances are volatile, can 

be reduced abruptly from changes in foreign migration policies, or will diminish over time as 

workers settle in the destination country. 

 The literature analyzing the effects of large amounts of remittances on the exchange rate 

(level and volatility) is scarce and mechanisms to mitigate these effects null. In this paper we 

analyze both. 

 Using the case of Central America is particularly useful for this analysis because; (i) 

countries in the region receive large amounts of remittances with respect to the size of their 

economies, (ii) we can analyze the effect on a bilateral exchange rate -local currency por dollar- as 

the US is the main origin of remittances and most important trade and investment partner to this 

region, and (iii) migration policies in the US and the transit countries are changing. For example, the 

Temporary Protection Status (TPS) was eliminated by the U.S. federal government, restricting its 

asylum policy and tightened its border. Also, Mexico and Guatemala have started receiving US 

asylum seekers. 

 



 

3 
 

 In concrete, we analyze the potential effects on the exchange rate's level and volatility of 

transferring (a proportion of) remittances through central banks. A payment system between the 

Federal Reserve and other central banks (or similar institutions) already exists, it is called FedGlobal 

ACH Payments5. In the region, it works with Mexico (with the commercial name “Directo a 

México”) and Panama. The cycle of payment begins with a financial institution in the US that 

receives the remittance (in dollars). Then, it is transferred to the Federal Reserve, which charges a 

small fee (in the case of a transfer to Mexico 0.67 dollars per transaction). The Federal Reserve 

transfers to the local central bank (or a similar institution in countries where there is no a central 

bank), which changes the payment to local currency for a fee (the central bank of Mexico charges 

0.21% and offers the interbank exchange rate) and transfers it to the beneficiary's local account. 

Remittances payed through this system do not enter directly to the local currency market, reducing 

short-run instability in the market. In the case of Mexico, remittances that the central bank receives 

by “Directo a México” is very small with respect to the total, only around 3%. The amount received 

is usually sold at the market exchange rate to a public development bank to pay its foreign currency 

debt. 

 In the next sections, we present estimates of the determinants of the exchange rate level and 

volatility, and perform some exercises to evaluate the potential effects of the implementation of the 

payment system described above. 

 The document is divided in four sections. Section 2 presents the modeling strategies divided 

in (i) panel data with cross sectional dependence evidence, and (ii) transfer-realized volatility model 

with GARCH effects. Section 3 shows the empirical results, and section 4 concludes. There are 3 

additional appendices where we include descriptive statistics of the variables used in the analysis as 

well as unit root evidence, and extended econometric results. 

 

  

 

 

 
5 https://www.frbservices.org/financial-services/ach/fedglobal/index.html 
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 2. Econometric strategy 

We aim to model the exchange rate – remittances relationship. The underlying hypothesis is 

that the former (remittances) affects both level and volatility of the exchange rate. Our strategy is 

therefore twofold: on the one hand, a panel data strategy is used to estimate the relationship within 

an expanded set of Latin American economies. In this regard, it is worth noting that many Latin 

American countries, in addition to those in Central America, have been included in the sample. The 

interrelation between Central American economies with their counterparts both north and south can 

be a fundamental factor in understanding the region dynamics. On the other hand, we apply a second 

strategy that primarily focus on the realized volatility of the exchange rate using individual samples 

(this is, a separate model for each Central American economy). The hypothesis is that remittances 

also affect the realized volatility of the exchange rate. We thus estimate a transfer model with 

conditional heteroskedasticity autoregressive effects (GARCH models, to be precise) defining the 

realized volatility of the exchange rate as a dependent variable. Our specification includes several 

economic variables (remittances, external debt, etc.) helping to quantify the effect of remittances in 

the realized volatility of the exchange rate. 

 

2.1 Panel data analysis  

Panel data models have been widely used in economics and finance in recent years. These models 

have been used to analyze complex phenomena due to the ease with which it is possible to control 

and even exploit the heterogeneity presented between cross-section units. Such models allow to 

identify various effects that are simply not detected in pure cross-sectional or time series 

econometric models. 

When analyzing economic phenomena, it is observed that cross-section units may be 

exposed to the influence of statistical structures that end up creating interdependence between them, 

which is called cross sectional dependence. Such a dependence gave rise to a wide literature because 

the respective statistical inference is considerably more difficult. It is important to note that 

neglecting the cross sectional dependence may generate spurious results, and, therefore, nonsense 

inference. When the cross-sectional dimension (N) is not large enough, but the time-series 

dimension (T) is large, a simple linear estimate, such as Generalized Minimum Squares, (GLS) of 
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the Seemingly Unrelated Regression Equation system models (SURE) may be an adequate option. 

However, such an approach is not longer valid in most of macroeconomic panel data. This is due to 

the fact that, in general, when both dimensions, N and T, are large, a correlation between errors and 

the regressors is typically found. The type of econometric models that have been used to analyze 

these data structures are called "large data panels with cross-dependence."6  

As aforementioned, the growing popularity of multivariate macroeconomic analysis through 

panel data with several countries, made researches (both, theoretical and empirical) focus on the 

study and treatment of panels with cross sectional dependence. Chudik et al. (2011) define the 

concepts of weak and strong dependences, based on the asymptotic behavior of the higher 

eigenvalue of the associated covariance matrix of the variables under study. A strong dependence 

can be generated by a process of common factors, while a weak one can have its origin in spatial 

processes (see Bailey et al., 2012). 

In this study, we assume that a common factor structure drives the cross sectional 

dependence between the countries analyzed. Such factors may be originated by geographical or 

economic reasons. The approach followed in this paper does not demand to identify these reasons, 

but only to take into account to control for such cross sectional dependence in the estimation 

procedure.  

 Consider the following heterogeneous panel data model: 

𝑦𝑖𝑡 = 𝜶𝑖
′𝒅𝑡 + 𝜷𝑖

′𝒙𝑖𝑡 + 𝑒𝑖𝑡,   (1) 

where 𝑑𝑡 is a 𝑁 × 1 vector that represents common observable effects (these may include 

deterministic factors), 𝒙𝑖𝑡 is a 𝑘 × 1 vector of individual observed regressors specific to the 𝑖-th 

cross-section unit in period  𝑡, and 𝑒𝑖𝑡 represent the random shocks that have the following common 

factor structure:  

𝑒𝑖𝑡 = 𝛾𝑖1𝑓1𝑡 + ⋯ + 𝛾𝑖𝑚𝑓𝑚𝑡 + 𝜖𝑖𝑡 ≡ 𝚪𝒊
′𝑭𝒕 + 𝜖𝑖𝑡,  (2) 

where 𝑭𝒕 = (𝑓1𝑡, … , 𝑓𝑚𝑡)′ is an m-dimensional vector that includes non-observed common factors, 

and 𝚪𝒊 = (𝛾𝑖1, … , 𝛾𝑖𝑚)′ is the 𝑚 × 1 vector that includes the associated factor loadings. 

 Based on equations (1) and (2), there are some relevant characteristics to consider. 

 
6 See Chudik, A & Pesaran, H (2015) for an excellent literature review. 
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1. Microeconomic panels generally assume that the relationship between the regressors 

and the dependent variable does not vary with the cross-sectional variable. In that 

sense, an assumption of homogeneous coefficients (𝛽𝑖 = 𝛽 ∀𝑖) may be useful and a 

pooled estimate can be followed. However, this assumption is inappropriate when 

working with macroeconomic panels, as is our case. The above may be due to the 

heterogeneity of causal relationships between various countries, for instance. We 

therefore assume, in equation (1), heterogeneous coefficients. 

2. It is also interesting to obtain an estimate of the expected value of the heterogeneous 

parameters, i.e. 𝛽 = 𝐸(𝛽𝑖) to draw global inference. In this sense, Pesaran & Smith 

(1995) propose to estimate β through the average of heterogeneous parameters, 

labelled “group average estimators or mean group estimators, MGE).7 The estimation 

strategy is detailed below. 

3. The number of unobservable factors (m) that drive the cross sectional dependence is 

assumed fixed with respect to N, and in particular it is assumed that it is much 

smaller, so that m≪N. 

It is known that when the regressors, 𝑥𝑖𝑡, in equation (1), are strictly exogenous, the panel 

model can be consistently and efficiently estimated via GLS based on the factor structure of 

equation (2). However, when working with macroeconomic panels it is very possible that the factor 

structure is correlated with the observable factors dit, as well as with the xit regressors. Because of 

this, the following specification is adopted, which allows the model to be even more general: 

𝒙𝑖𝑡 = 𝑨𝑖
′ 𝒅𝑡 + 𝚪i

′𝑭𝑡 + 𝝂𝑖𝑡,   (3) 

where 𝑨𝑖 and 𝚪i are 𝑁 × 𝑘 and 𝑚 × 𝑘 loading matrices of observed and non-observed factors, and 

𝝂𝑖𝑡 is the idiosyncratic component of 𝒙𝑖𝑡; the latter are independently distributed from the common 

factors 𝑭𝑡′ and from the error term 𝜖𝑗𝑡′  for all 𝑖, 𝑗, t and 𝑡 ′. 

In this work, we follow the methodology proposed by Pesaran (2006) that treat cross 

sectional averages of the observed variables as proxies of the common unobserved factors. The 

estimation method is called correlated common effects (CCE) and has been widely used in the 

empirical literature due to the ease of the estimation procedure, primarily because it does not require 

 
7 These estimates do not contemplate the existence of cross sectional dependence, so the MGE could also be 

inconsistent. 
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knowledge of the number of common factors. The CCE method has been studied in the literature to 

allow unit root processes (Kapetanios et al., 2011) and long memory processes (Ergemen and 

Velasco, 2017), whose procedures are used in this study due to the potential persistence shown by 

some macroeconomic variables. 

 

2.2 Volatility model.  

 Remittances may also be related to the dynamics of the exchange rate (NER); they could 

affect its realized volatility (RV). As previously stated, an appropriate vehicle to test this hypothesis 

is a type-RV-GARCH model. The latter allows the practitioner to specify the conditional second 

moment as an autoregressive process plus explanatory variables. To be more specific, the second 

moment is precisely defined as the realized volatility. If the model fits properly and the parameters 

are statistically significant, we then obtain evidence that the realized volatility of the exchange rate 

depends, at least partially, of these explanatory variables. We naturally focus our attention a specific 

variable: Remittances. 

 The Realized Volatility is simply the variation in “log-returns” for the NER. It is computed 

via the historical log-returns within a month. It is commonly measured through the standard 

deviation of the NER. We first define the RV of the NER: 

𝑅𝑉𝑡 = √∑ (𝑝𝑡 − 𝑝𝑡−1)2𝑇
𝑖=1 ,  (4) 

where 𝑝𝑡 − 𝑝𝑡−1 is the log-return over the time interval. In this model, we estimate the determinants 

of the RV, taking into account that the RV itself often exhibits volatility, usually referred to as 

Volatility of Volatility (Vol of Vol, or VoV hereafter). VoV may reflect deep uncertainty about the 

structural robustness of the Exchange rate to economic shifts. 

 Due to the main interest in this work, and to data availability, we focus on the following 

Central American countries: Costa Rica, El Salvador, Guatemala, Honduras, and Nicaragua. 

Although Mexico is not part of Central America (it is rather part of North America), however, we 

include it in the sample because it receives large amounts of remittances. 

 We aim to model the RV of the NER (RVt). In the first part of the model, we assume that its 

behavior can be explained with the dynamics of the following variables: 
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• 𝑅𝑡  Remmitances, 

• 𝐼𝑡  Interventions (proxied with Central Bank Reserves), 

• 𝐷𝑡  External Debt. 

The model itself is: 

𝑅𝑉𝑡 = 𝛽0 + 𝛽1 𝑙𝑛(𝑅𝑡) + 𝛽2 𝑙𝑛(𝐼𝑡) + 𝛽3 𝑙𝑛(𝐷𝑡) + ∅1𝑅𝑉𝑡−1 + ∅2𝑅𝑉𝑡−2 + 𝜀𝑡,    (5) 

where parameters 𝛽𝑖, ∅1, and ∅2 with 𝑖 = 0,1,2,3 are the parameters, and 𝜀𝑡 is the error term. Note 

the two autoregressive terms, ∅1𝑅𝑉𝑡−1 and ∅2𝑅𝑉𝑡−2  in the specification. Such a model is a transfer 

one. It is important to emphasize that 𝑅𝑉𝑡 is, by itself, a measure of the volatility of the NER, this is, 

an estimation of the second moment. The second part of the model, as previously mentioned, 

specifies the volatility of the volatility, the VoV through a GARCH (Generalized Autoregressive 

Conditionally Heteroskedasticity) specification, this is, through a pure time-series specification of 

𝜀𝑡. The later term behaves as white noise, except that, when squared, its conditional expectation is as 

follows: 

𝜀𝑡 = 𝑣𝑡√ℎ𝑡,   (6) 

ℎ𝑡 = 𝜉 + 𝛼𝜀𝑡−1
2 + 𝛾ℎ𝑡−1, (7) 

where 𝑣𝑡 is an iid N(0,1) term, and 𝜉, 𝛼, 𝑎𝑛𝑑 𝛾 are the second moment (VoV) parameters. In this 

sense, ℎ𝑡 is specified as a GARCH(1,1) model. 

 

3. Empirical results 

Our data set includes annual data from the following North, Central and South American Countries: 

Bolivia, Brazil, Colombia, Costa Rica, Dominican Republic, El Salvador, Guatemala, Haiti, 

Honduras, Jamaica, Mexico, Nicaragua, Panama, Paraguay, Peru, and United States. On the one 

hand, all these countries where employed to estimate the panel data model whilst, on the other hand, 

only Central American ones (plus Mexico) where used to estimate individual volatility models 

(Costa Rica, el Salvador, Guatemala, Honduras and Nicaragua).  
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 The sample size spans the period 1980-2018, although not all the series are complete.8 The 

variables are: real exchange rate (Figure 1), remittances (Figure 2) (net remittances in models), 

external debt (Figure 3), international reserves (as a proxy for exchange rate-market interventions) 

(Figure 4), and GDP per capita9 (as a proxy of productivity) (Figure 5). Realized volatilities are built 

through the yearly sum of the daily exchange rate as defined in equation (4)  and is displayed in 

Figure 6.  

 In the panel analysis, we use deflated net remittances, deflated external debt, and deflated 

international reserves as a proportion of the GDP of the respective country. This is to homogenize 

variables due to some differences in their magnitudes across countries. Our specifications are a bit 

sensitive with respect to high variability in our sample, we avoid incorporating a type of GARCH 

specifications in our panel modeling to focus on our main interest which is to understand the 

underlying mechanism in the region. Furthermore, GDP per capita is treated as a proportion of the 

GDP per capita of the US. In this sense, we are following the theoretical economic basis pointed out 

in López-Marmolejo and Ventosa-Santaulària (2019).  

 In the volatility analysis, our variables are not deflated neither defined as a proportion of 

GDP. In this sense, we prefer to work with rough variables because its high volatility is now 

incorporated by itself in our specification. 

 The respective standard descriptive statistics can be found in appendix A. We obtained 

overwhelming evidence of nonstationarity of all these variables through two testing procedures: (i) 

the Augmented Dickey-Fuller test, and; (ii) the Phillips-Perron test. Both were employed using three 

different deterministic control settings, no constant, constant and constant plus trend. Results can be 

found in appendix B.  

 
8 Source: World Bank.  https://data.worldbank.org/indicator 
9 The US data is used to build real exchange rate series (the NER of the US) and the productivity proxy (GDP per capita 
of a Latin American country relative to the US GDP per capita). 

https://data.worldbank.org/indicator
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Figure 1: Real Exchange Rate. Central America

 

Source: World Development Indicators, The World Bank. 

 

Figure 2: Remittances inflows in Central America

 

Source: World Development Indicators, The World Bank. 
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Figure 3: External debt, relative to GDP 

 

Source: World Development Indicators, The World Bank. 

Figure 4: Reserves, relative to GDP

 

 Source: World Development Indicators, The World Bank. 
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Figure 5: GDP per capita as proportion of GDP per capita of the US.

 

 Source: World Development Indicators, The World Bank. 

 

Figure 6: Realized volatility. Selected countries 

       

Source: Bloomberg. 
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3.1 Panel data analysis  

To study the dynamics of the real exchange rate (RER), we begin with the panel data analysis by 

estimating simplified panel data models with only one regressor, GDP per capita relative to US GDP 

per capita as a proxy for productivity.  

 We estimate three different models to analyze the performance of our estimates, first, 

neglecting that countries are cross-correlated  with mean group MG) and demeaned mean groups 

(DMG) estimators, and second, considering a possible cross sectional dependence in the panel with 

the common correlated effect mean groups estimators (CCEMG). The basic idea is to understand if 

the sign and magnitude of the parameters change when considering or neglecting that a unobserved 

factor structure drives a cross sectional dependence between Latin American countries.  In addition, 

we include a constant term, and a deterministic trend (only in the CCEMG variant).  

Table 1: Panel estimation with one variable 

Variable Dependent variable: log(RER) 

  MG DMG CCEMG CCEMG+T 

  

log(GDP per capita  

relative to the US) 

-0.743*** -0.647*** -0.635*** -0.644*** 

(0.273) (0.226) (0.034) (0.032) 

          

Trend       0.002 

Constant 1.617 -0.134 0.88 0.509 

  

Observations 644 644 644 644 

  

Pesaran CD stat -1.1413 5.6455*** 0.1975 -0.5636 

CIPS stat -1.7697** -2.0158*** -2.5928*** -3.0394*** 

 

Notes: (1) *p<0.1; **p<0.05; ***p<0.01; (2) H0 in Pesaran CD stat is no cross-sectional 

dependence; (3) H0 in CIPS is not stationarity; (4) MG means "Mean Group Estimators"; DMG 

means "Demeaned MG estimators"; CCEMG means "Common Correlated Effects MG 

estimators"; 

 As shown in Table 1, in all models, our productivity measure significantly affects the real 

exchange rate. This is an expected result. All the countries in the sample have suffered a 

productivity loss with respect to the US. Such a loss is a driving force that eventually depreciates the 

local currency in dollar terms. It is, in short, the opposite of a Balassa-Samuelson effect. As long as 

these economies keep lagging behind the US in terms of productivity gains, their exchange rate 
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should eventually depreciate. See López-Marmolejo and Ventosa-Santaulària (2019), for further 

details. Note that the deterministic trend in the CCEMG model is not statistically significant. This, 

again, is rather intuitive. In the PPP literature, a deterministic trend is usually included to consider 

the Balassa-Samuelson effect. The latter, as previously said, occurs because of a differential of 

productivities among (commercial and non-commercial sectors of) the country and its trade partners. 

By including the GDP per capita, the deterministic trend becomes irrelevant. Note that neglecting 

the cross-sectional dependence provokes a small negative bias that is controlled by CCEMG 

estimators. Finally, that we fail to reject the null hypothesis of no-cross sectional dependence in the 

panel model estimated with CCEMG. Cointegration is also supported in the CCEMG model, which 

is also relevant due to our variables follow unit root processes as shown in Appendix B. 

 The following set of models incorporate, in addition of GDP per capita relative to the US, the 

remaining economic variables: remittances, reserves, and external debt (relative to the 

corresponding GDP). Results are shown in Table 2.  

 Table 2 shows the results of the extended models. Model 1 is the simplified one previously 

described; we include it as a benchmark. Model 2 includes remittances. Note that its effect is 

negative, and significant. This implies that increases in remittances tend to appreciate the exchange 

rate, as hypothesized in this work. Model 3 includes Central Bank interventions (proxied with 

reserves), Model 4 adds external debt, and Model 5 adds both, reserves and debt 10.  

 Overall, International Reserves and External Debt have the expected effect on the real 

exchange rate: An increase of reserves (possibly an intervention of the Central Bank) implies buying 

dollars and selling the local currency. This should depreciate the value of the local currency. 

An increase of external debt also implies receiving foreign currency and thus a depreciation 

of the local currency. 

In sum, the panel data model(s) provides evidence that Latin (Central) American exchange 

rates are related to productivity (relative to the US), remittances, central bank interventions and debt. 

Signs are correct and parameters are significant. 

 
10 Model 5 allows for heterogeneous (this is, country-specific) results, the latter are shown in appendix C. Note that 
some countries present important biases, which may be controlled by including more specific variables in a country-
specific analysis. We are analyzing some particular cases using ARDL methodology, but the analysis is out of the scope 
of this paper. 
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 It is important to see how the bias presented in some coefficient is corrected after controlling 

for a specific effect. For instance, the impact of GDP per capita relative to the US is higher until we 

control for debt. This indicates that neglecting debt in the specification may provoke a positive bias. 

Furthermore, a strong positive bias is found when reserves are not considered in a specification with 

remittances and debt, see model 4. Model 5 corrects for this positive bias in remittances after 

incorporating reserves.  

 As in the previous table, trend is not significant but it helps to maintain the right signs. Note 

that in model 5 (our main finding) we do not find cross-sectional dependence in the residuals of the 

panel model. Furthermore, all residuals through models 1-5 are stationary indicating cointegration, 

this means that we have long-run relationship in our specifications. 

Table 2: Panel estimation with all the variables 

Dependent Variable: log (RER) 

Variable Model 1 Model 2 Model 3 Model 4 Model 5 

log(GDP per capita 

relative to the US) 

-.644*** -0.631*** -0.621*** -0.882*** -0.902*** 

(0.032) (0.034) (0.037) (0.035) (0.037) 

            

Remittances/GDP   -5.947*** -9.373*** 0.032 -3.531*** 

    (0.548) (0.494) (0.734) (0.603) 

            

log(Reserves/GDP)     0.025   0.067*** 

      (0.014)   (0.012) 

            

log(Debt/GDP)       -0.182*** -0.162*** 

        (0.023) (0.024) 

            

Trend 0.002 -0.004 -0.004 0.003 -0.0001 

Constant 0.509 2.301*** 2.509*** 1.394 1.403 

            

Observations 644 605 605 514 514 

  

Pesaran CD stat -0.5636 2.2622** 3.248*** -0.0134 1.495 

CIPS stat -3.0394** -3.2631*** -3.5461*** -3.0394*** -3.6513*** 
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Notes: (1) *p<0.1; **p<0.05; ***p<0.01; (2) H0 in Pesaran CD stat is no cross-sectional 

dependence; (3) H0 in CIPS is not stationarity; (4) All models are estimated by Common 

Correlated Effects Mean Groups estimators. 

 

The implementation of a payment system as the one described here, would prevent part of 

the incoming flows from entering directly into the exchange market. According to the coefficients 

estimated (Table 2 Model 5), if such a payment system captures, for example, 1.0% of GDP in 

remittances, thus preventing an increase in central bank´s interventions (proxied by reserves 

accumulation) by 10% (for example, if reserves go from 10% to 11% of GDP), the real exchange 

rate would be 0.7% more depreciated. To this effect, an additional depreciation resulting from 

competitive pressure (better exchange rate for the beneficiaries) should be added. This effect is not 

estimated in this exercise, but Mexico's experience could be useful as a benchmark (López-

Marmolejo and Ventosa-Santaulària, 2020). 

 

3.2 Volatility analysis 

We commented in the previous section that remittances could affect both the level and the volatility 

of the exchange rate. The panel data model provided evidence that remittances indeed affect the real 

exchange rate. In this section we turn our attention to the volatility using the transfer-GARCH 

model.  

 We now employ the nominal exchange rate as it is a more natural vehicle to study the 

volatility. Furthermore, for the same reasons, remittances interventions and debt are in real terms but 

not relative to the US. Results are shown in Table 4. 
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Table 4: Transfer-Garch estimations  

 
 

 It is important to emphasize that we estimate a different model for each country. 

Interventions and debt are not included in every case. We opted only for those that help to obtain a 

coherent specification and, preferably, are associated to significant parameter estimates.  

 Nonetheless, it is important to note that, in all cases, an increase in remittances augments the 

realized volatility. Moreover, it is also revealing that in many cases interventions (proxied with 

reserves), decrease the RV of the NER. This seems to be true for Honduras, Mexico and Nicaragua. 

For the remaining countries, it does not play a significant role. The impact of debt is less clear. It is 

positive for Honduras, Mexico and Nicaragua, but negative for Guatemala. It seems that debt does 

not play a significant role as a determinant of RV for Costa Rica. 

 In all cases, there is evidence of Volatility of Realized Volatity, “VoV” in the form of 

conditional heteroskedasticity. This implies that RV is itself clustered and suffers episodes of high 

uncertainty. 

4. Concluding remarks  

We aimed at studying the dynamics of the (real and nominal) exchange rate in Central American 

countries. To be precise, we paid particular attention to the impact of remittances in the exchange 

rate. Countries of Central America receive rather significant amounts of remittances from abroad. 

Such inflows should probably tend to appreciate the local currency, a phenomenon that has many 

potential negative effects on the economy. Our strategy to obtain evidence on this matter is twofold: 

Model Estimate Costa Rica Guatemala Honduras Mexico Nicaragua

Constant --- 0.415* -0.261 -0.351*** 0.028***

Remmitances 0.002*** 0.005*** 0.004*** 0.021*** 0.004***

Interventions --- --- -0.012** -0.036** -0.013***

Debt --- -0.019*** 0.022*** 0.038*** 0.009***

AR(1) 0.318** - 0.230* -0.199 0.252*

AR(2) --- - 0.307 --- ---

Constant --- 1.00x10
-5

* --- --- ---

e2
t-1 0.198 -0.13*** -0.519* 0.740*** -0.206

ht-1 0.801*** 1.054*** 1.519*** 0.259** 1.206***

***Significative at 1%, ** at 5%, * at 10%.
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on the one hand, we estimated the impact of remittances in the level of the real exchange rate. We 

found a significant and negative effect of remittances in the real exchange rate. An increase in 

remittances appreciates the exchange rate. We also found evidence that losses of productivity 

(relative to the US) depreciate the exchange rate, whilst interventions and increases of external debt 

depreciate it.  

 On the other hand, we estimated the effect on exchange rate volatility due to remittances, and 

found, once again, evidence that the latter also tends to increase it (the volatility of the exchange 

rate). In sum, despite the many positive effects that remittances may have in the economy, this paper 

also shows some non-desirable consequences in the exchange rate. It is worth emphasizing that 

central bank interventions (proxied by the change in reserves), at least in Honduras, Mexico and 

Nicaragua, seem to reduce the volatility of the exchange rate. 

 The evidence so far gathered represents a solid argument in favor of payment systems such 

as “Directo a México”. As remittances appreciate the exchange rate and increase its volatility, a 

system in which remittances are transferred through central banks would prevent part of the 

incoming flows from entering directly into the exchange market, thus alleviating short-term 

appreciation and volatility of the exchange rate. The exercises performed here contribute to analyze 

to what extent. 
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Appendix 

Appendix A: descriptive statistics 

Table A1: descriptive stats. RER 

 

Table A2: descriptive stats. Remittances 

 

Table A3: descriptive stats. Debt 
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Table A4: descriptive stats. Reserves 

 

Table A5: descriptive stats. GDP per capita relative to the US 

 

Table A6: descriptive stats. RV 
 

 

  

Costa Rica El Salvador Guatemala Honduras Mexico Nicaragua

Obs 26 26 26 26 26 26

Min 0.004 0.000 0.005 0.000 0.016 0.002

Max 0.049 0.021 0.057 0.063 0.165 0.059

Range 0.045 0.021 0.052 0.063 0.150 0.057

Mediana 0.018 0.004 0.020 0.013 0.046 0.016

Mean 0.020 0.006 0.022 0.018 0.052 0.018

Var 0.000 0.000 0.000 0.000 0.001 0.000

Std.Dev. 0.012 0.007 0.014 0.018 0.033 0.014

Skewness 0.893 0.689 1.010 0.932 2.230 1.322

Kurtosis 0.573 -0.952 0.591 0.050 5.521 1.802R
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Appendix B: Unit root tests 

Table B1: descriptive stats. RER 

 

Notes: This table shows ADF and Phillips-Perron test results. The number of lags in the 

nonparametric estimation of the autocorrelation factor in both tests is done through the ad hoc 

rule [12(T/100)1/4]. *, **, and *** denote rejection of the null hypothesis (unit root) at the 

10%, 5%, and 1%, respectively. 
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Table B2: descriptive stats. Remittances 

 

Notes: This table shows ADF and Phillips-Perron test results. The number of lags in the 

nonparametric estimation of the autocorrelation factor in both tests is done through the ad hoc 

rule [12(T/100)1/4]. *, **, and *** denote rejection of the null hypothesis (unit root) at the 

10%, 5%, and 1%, respectively. 
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Table B3: descriptive stats. External debt 

 

Notes: This table shows ADF and Phillips-Perron test results. The number of lags in the 

nonparametric estimation of the autocorrelation factor in both tests is done through the ad hoc 

rule [12(T/100)1/4]. *, **, and *** denote rejection of the null hypothesis (unit root) at the 

10%, 5%, and 1%, respectively. 
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Table B4: descriptive stats. International reserves 

 

Notes: This table shows ADF and Phillips-Perron test results. The number of lags in the 

nonparametric estimation of the autocorrelation factor in both tests is done through the ad hoc 

rule [12(T/100)1/4]. *, **, and *** denote rejection of the null hypothesis (unit root) at the 

10%, 5%, and 1%, respectively. 
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Table B5: descriptive stats. GDP per capita 

 

Notes: This table shows ADF and Phillips-Perron test results. The number of lags in the 

nonparametric estimation of the autocorrelation factor in both tests is done through the ad hoc 

rule [12(T/100)1/4]. *, **, and *** denote rejection of the null hypothesis (unit root) at the 

10%, 5%, and 1%, respectively. 

  

Bolivia 

Brazil 

Chile 

Colombia 

Costa Rica 

Ecuador 

Guatemala 

Haiti 

Honduras 

Jamaica 

Mexico 

Nicaragua 

Panama 

Paraguay 

Peru 

Rep. Dom. 

Salvador 

Uruguay 

driftless         with drift    drift + trend driftless         with drift    drift + trend 



 

27 
 

Appendix C: Panel results of model 5. Heterogeneous estimates. 

 


