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Abstract

Remittances are a vital source of external financing for developing countries like Bangladesh, contributing significantly to economic growth, poverty reduction, and household welfare. Their flow is influenced by various economic and institutional factors, including labor migration, exchange rate fluctuations, global labor demand, and political and governance conditions. Identifying these drivers is essential to enhance the effectiveness of remittance-based development strategies. This study examines the relationship between remittance inflows and key macroeconomic and institutional variables in Bangladesh using a nonlinear multiple time series method, the threshold vector autoregressive (TVAR) model. Annual data from 1996 to 2023 were sourced from the World Bank and Bangladesh Bureau of Statistics. The stationarity of each variable was assessed using augmented dickey-fuller (ADF) and Phillips-Perron (PP) tests to ensure data validity. The TVAR model was applied to capture nonlinear and regime-dependent interactions among the selected indicators. Model performance was evaluated using standard criteria such as AIC, BIC, and SSR. The findings suggest that the model demonstrates high robustness (R2 = 0.9952; AIC = -9879.898; BIC = -9556.896; SSR = 3019.922). Key determinants of remittance inflows identified in the analysis include inflation, GDP, exchange rate, corruption, political stability, and government effectiveness. These results highlight the usefulness of the TVAR model in capturing the complex dynamics of remittance flows and offer critical insights for policymakers seeking to optimize remittance utilization and promote sustainable economic development.
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1. Introduction

Remittances particularly personal transfers sent by migrant workers to their countries of origin constitute a critical component of external financial inflows for developing economies such as Bangladesh (Barai, 2012). Personal remittances, as defined by the World Bank and IMF, encompass both cash and in-kind transfers from migrants to resident households, and are recorded in the Balance of Payments under secondary income(Fullenkamp et al., 2008a; Ratha, 2005). These transfers have grown to become a major driver of socioeconomic development, fostering economic growth, alleviating poverty, and supporting human capital investments such as education and healthcare (Ratha et al., 2024). In the context of Bangladesh, remittances are widely recognized as a cornerstone of economic resilience, often requiring no further justification for their relevance (Saima Munawar et al., 2021). In 2021 alone, Bangladesh received an estimated USD 22.1 billion in remittance inflows, ranking 7th globally and 3rd in South Asia among remittance-receiving countries (Bank, 2021). After readymade garment exports, remittances represent the second-largest source of foreign exchange earnings for the country (Rahman & Habib, 2021). With a large labor force employed overseas, remittance inflows provide vital support for millions of households, securing steady income for consumption, education, and medical needs. Beyond their microeconomic benefits, remittances bolster foreign exchange reserves, improve the balance of payments, and enhance macroeconomic stability. As such, they hold significant implications for national financial planning and policy design (Hasan et al., 2019). Encouraging remittance inflows is thus essential for sustaining a robust external sector and reducing dependency on foreign aid (“COVID-19 Crisis Through a Migration Lens,” 2020).

Remittances have increasingly become a dominant source of foreign financial inflows, often surpassing official development assistance and approaching the scale of foreign direct investment (FDI) in many low- and middle-income countries (Ratha et al., 2023). The motivations behind remittance transfers are complex and multifactorial, commonly attributed to altruism, investment, insurance against economic shocks, and portfolio diversification (Carling, 2008; Hagen-Zanker & Siegel, 2007). Extensive research highlights the multifaceted macroeconomic impacts of remittances. On the positive side, remittances contribute significantly to poverty reduction, enhance access to education and healthcare, and stimulate domestic consumption (Adams & Cuecuecha, 2013). However, scholars also caution about potential adverse effects, such as increased dependency among recipients, reduced labor force participation, and inflationary pressures in local economies (Fullenkamp et al., 2008b).

In the Americas, especially in countries like Mexico, El Salvador, and Guatemala, remittances account for a significant share of national GDP. Recent literature underscores their impact on household expenditure patterns, with increased allocation toward education, healthcare, housing, and even small-scale business investments (Amuedo-Dorantes & Pozo, 2011). In Europe, particularly in Eastern European nations with high emigration rates, remittance inflows play a vital economic role. Studies in this region identify income levels, employment status, legal status, and social integration of migrants as key determinants influencing remittance behavior (Meyer & Shera, 2017). 
Bangladesh ranks among the top global remittance-receiving countries. Empirical studies have consistently demonstrated the positive contribution of remittances to household welfare, poverty alleviation, and macroeconomic stability (Siddiqui, 2016). For instance, Mahmud et al. (Saptono et al., 2022) found that remittance-receiving households in Bangladesh enjoy higher standards of living, increased consumption, and improved human capital outcomes. Additionally, recent policy interventions, such as the 2% cash incentive introduced by the government to encourage remittance through formal channels, have shown measurable success in boosting formal remittance inflows (Dey & Basak, 2024)  .

Despite the critical role of remittances in macroeconomic stability and household welfare, there remains a significant gap in the precise estimation and forecasting of remittance inflows, particularly in developing economies like Bangladesh. This inadequacy hinders the efficient allocation and strategic utilization of remittances for sustainable national development. Accurate modeling is essential for informing public policy, optimizing foreign exchange management, and maximizing the socio-economic returns of remittances (Barajas et al., 2016; Ratha, 2013). However, the complex and dynamic interactions between remittance inflows and their potential determinants such as exchange rates, inflation, employment trends, and institutional quality are often nonlinear and time-varying, making conventional linear models insufficient for capturing these relationships (Chami et al., 2005). To address this limitation, nonlinear multiple time series approaches, particularly the TVAR model, offer a robust framework for uncovering structural breaks and regime-dependent dynamics in remittance behavior. The TVAR model allows for the modeling of asymmetries in response to shocks across different economic regimes, making it particularly relevant for economies experiencing volatility or abrupt policy changes (Balke, 2000; Hansen, 1999). This study aims to investigate the dynamics of remittance inflows in Bangladesh by analyzing long-term trends, identifying key macroeconomic and institutional determinants, and applying a nonlinear multiple time series approach specifically, the TVAR model to capture regime-dependent relationships. By reveling the structural behavior of remittances across different economic conditions, the research intends to enhance the effectiveness of public financial management, enhance policy transparency, and support the development of evidence-based strategies aligned with Bangladesh’s long-term national development priorities.



2. Method and Materials

2.1 Data and Variable

The study utilized annual time series data from 1996 to 2023, incorporating 11 variables. The dependent variable is the Remittances received (current US$ in Billion). The independent variables include GDP per capita (current US$), Unemployment (% of total labor force) (Unem_R), Official exchange rate (LCU per US$), Inflation, Lending interest rate (%) (Lending_IR), Interest rate spread (Interest_RS), Political Stability & Absence of Violence (Political_SAV), Control of Corruption (Corruption_C), Government Effective (Govt_effect), The data were primarily sourced from the World Bank’s World Development Indicators database(“World Bank Database.,” n.d.), accessible at https://data.worldbank.org/country/BD. Further information on Total Overseas employment was obtained from the Bangladesh Statistics Yearbook, available on the Bangladesh Bureau of Statistics website https://bbs.portal.gov.bd.

2.2 Study Design

The process of identifying the research gap begins with an in-depth review of existing literature on personal received remittances trends analysis. As depicted in Figure 1, the study follows a systematic framework. The initial phase involves pinpointing the principal determinants of remittances, analyzing their interconnections, and evaluating their collective influence. The second phase emphasizes selecting the most suitable analytical model based on empirical relevance. The final phase includes conducting diagnostic evaluations and assessing the model’s stability through appropriate statistical tests.
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Figure 1: An analytical Framework for Examining Annual Remittance Trends in Bangladesh
The TVAR model is chosen for its capacity to capture nonlinearities and regime-dependent dynamics in multivariate time series. Unlike standard linear VAR models, which assume constant parameters over time, the TVAR allows model coefficients to differ across regimes defined by a threshold variable. This piecewise linear structure accommodates structural breaks, asymmetric effects, and state-dependent relationships often present in economic and policy data. TVAR reduces misspecification by enabling regime-specific parameter estimation, improving fit and inference. It also supports formal tests for threshold effects and nonlinearity, making it a more appropriate choice when the underlying process exhibits heterogeneous or nonlinear behavior.

2.3 Threshold Vector Autoregression (TVAR)

The TVAR model is an extension of the standard vector autoregression (VAR) model that allows the dynamics of a multivariate time series to change depending on the value of an observed variable. This model is useful when the relationships between variables differ across distinct regimes such as economic expansions vs. recessions (Lubik & Matthes, 2015).
The general form of the two-regime TVAR  model is specified as follows:

	
	
and, 

	(1)



Or, compactly using an indicator function: 

	
	
	(2)

	
	
	


Here,   denotes vector of K endogenous variable at time . The matrices   represents the regime-specific autoregressive coefficients ant lag 1, while  are the intercept vectors for Regime 1 and Regime 2, respectively. The error terms are assumed to follow a multivariate normal distribution with zero mean and regime-specific covariance matrices. The threshold variable , evaluated at lag , governs the switching mechanism between regimes, based on whether it exceeds the threshold value . The indicator function  takes the value 1 if the condition is satisfied and 0 otherwise, and P denotes the lag order of the TVAR process(Tsay, 1998).


Threshold VAR (TVAR) Model for Remittance

Assume a two-regime TVAR (p) process, where the dynamics of Remittance depend on whether a threshold variable  is above or below a threshold . The scalar equation for Remittance is written(Blake & Fomby, 1997; Grynkiv & Stentoft, 2018; Tsay, 1998) as:
Regime 1 (Low regime: ):

	
	
	(3)



Regime 2 (High regime: ):

	
	
	(4)



Here,  represents the lag order of the model,  denotes the intercept in regime , ​ are the coefficients for the  lag of the  explanatory variable in regime , and ​ is the error term assumed to be white noise in each regime.

2.4 Tests of Stationarity

Augmented Dickey-Fuller (ADF) Test

The Augmented Dickey-Fuller (ADF) test is used to determine whether a time series contains a unit root, indicating non-stationarity. The basic DF test assumes the series follows an AR (1) process with white noise errors. However, this assumption is often violated when the residuals exhibit serial correlation at higher lags. To account for this, the ADF test generalizes the DF approach by allowing the series to follow an AR (p) process. It does so by including lagged differences of the dependent variable to control for higher-order autocorrelation(Grynkiv & Stentoft, 2018). The ADF regression is given by:

	
	
	(5)



Here,  is the first difference of the series,  is a constant,  is an optional trend, 

Tests for a unit root, and  is a white noise error. The null hypothesis  indicates a unit root (non-stationarity), while the alternative  suggests stationarity.

Phillips-Perron (PP) Test

The Phillips-Perron (PP) test is a non-parametric unit root test used to assess the stationarity of a time series. Like the ADF test, it tests the null hypothesis that a time series is non-stationary, specifically integrated of order at I (1). It uses the same basic regression equation (Vogelsang & Wagner, 2013): 

	
	.
	(6)



2.5 Model Evaluation

Hannan-Quinn (HQ) and Schwarz criterion (BIC)

The Hannan-Quinn (HQ) criterion and Schwarz criterion (BIC) are model selection tools that balance goodness-of-fit and model complexity. The Hannan-Quinn criterion is defined as (Ding et al., 2018):
	
	
	(7)



Here,  is the number of observations,  is the number of estimated parameters (e.g., lags or variables), and  is the estimated residual variance.

The Schwarz criterion (SC/BIC) is given by (Ding et al., 2018):

	
	
	(8)



Sum of Squared Residuals (SSR)

The Sum of Squared Residuals (SSR) quantifies the total deviation of observed values from the values predicted by a model. It is a key measure of model fit, with lower SSR values indicating better predictive accuracy. The formula for SSR is (Kim, 2018):

	
	
	(9)



Here, n represents the total number of datasets, and are the response and predictor and variables for the  observations.

Akaike Information Criterion (AIC)

The Akaike Information Criterion (AIC) is a statistical measure used to assess the relative quality of a model by balancing goodness of fit with model complexity (Kuha, 2004).
	
	
	(10)



where n is the total number of data points, p is the number of parameters, and  is the sum of squared errors.

Bayesian Information Criterion (BIC)

Similar to AIC, the Bayesian Information Criterion (BIC) evaluates model fit while penalizing complexity (Kuha, 2004).
	
	
	(11)



where n is the total number of data points, p is the number of parameters, and  is the sum of squared errors.

3. Result Analysis

To examine the characteristics of the variables, a comprehensive exploratory data analysis (EDA) was performed, incorporating time series plots to detect trends, seasonality, and potential outliers over time. Table 1 presents the descriptive statistics for the variables included in this study.

Table 1. Summary Statistics of the Selected Variables

	Name of the Variable
	Mean
	Range
	Std. Dev
	Min
	Max

	Remittances, received (current US$ in Billion)
	10.2
	20.86
	7.19
	1.34
	22.21

	GDP per capita (current US$)
	1059.98
	2344.57
	786.79
	371.92
	2716.49

	Unemployment, total (% of total labor force)
	4.07
	2.93
	0.72
	2.51
	5.44

	Official exchange rate (LCU per US$)
	69.97
	64.52
	15.59
	41.79
	106.31

	Inflation, GDP deflator (annual %)
	6.72
	24.59
	5.10
	3.26
	27.85

	Lending interest rate (%)
	11.46
	6.82
	2.05
	7.12
	13.94

	Interest rate spread (lending rate minus deposit)
	3.85
	4.63
	1.26
	1.05
	5.68

	Political Stability & Absence of Violence
	-1.09
	0.82
	0.22
	-1.60
	-0.77

	Control of Corruption
	-0.74
	0.44
	0.09
	-0.93
	-0.49

	Government Effectiveness
	-1.13
	1.49
	0.36
	-1.86
	-0.37

	[bookmark: _Hlk201864104]Total overseas employment (Million)
	0.51
	1.14
	0.31
	0.17
	1.31


[bookmark: _Hlk201830932]In Bangladesh, Remittances received (current US$ in billions) display relatively moderate variation, with a mean value of 10.2 and a standard deviation of 7.19. The observed range is 20.86, with remittance values fluctuating between 1.34 and 22.21, reflecting periods of both low and high inflows. The GDP per capita (GDP) has a mean of 1059.98 and a standard deviation of 786.79, with values ranging from 371.92 to 2716.49. This wide range may suggest the presence of outliers or data quality issues. The Unemployment rate (Unem_R) shows a mean of 4.07 and a standard deviation of 0.72, with values varying from 2.51 to 5.44. The Official exchange rate (Exchange) averages 69.97, with a standard deviation of 15.59 and a range from 41.79 to 106.31, which could indicate potential data anomalies or structural shifts in the exchange regime. Inflation records an average of 6.72 with a standard deviation of 5.10, spanning a range from 3.26 to 27.85, suggesting episodes of significantly elevated inflation. The Lending interest rate (Lending_IR) has a mean of 3.85 and a standard deviation of 2.05, with values ranging from 7.12 to 13.94. Interest rate spread (Interest_RS) also has a mean of 3.85 and a standard deviation of 1.26, ranging from 1.05 to 5.68, raising concerns about potential outliers. The Political Stability and Absence of Violence (Political_SAV) indicator averages -1.09 with a standard deviation of 0.22, ranging between -1.60 and -0.77. Control of Corruption (Corruption_C) exhibits some variability, with a mean of -0.74, a standard deviation of 0.09, and values ranging from -0.93 to -0.49. Government Effectiveness (Govt_effect) has an average of -1.13, with a standard deviation of 0.36, and values ranging from -1.86 to -0.37. Total overseas employment growth (Overseas) ranges from 0.17 to 1.31, with a mean of 0.51 and a standard deviation of 0.31, potentially indicating outliers or irregularities in reporting, as shown in Table 1.

Analysis of Remittance Patterns and Determinants

[bookmark: _Hlk201830806]Figure 2 illustrates the Maximal Information Coefficient (MIC) heatmap, which effectively captures both linear and nonlinear associations among variables. The heatmap emphasizes the relationships between personal remittances received and various economic indicators. Remittances show a perfect positive correlation 1.00 with both GDP and the exchange rate, indicating that increases in remittances are strongly associated with significant rises in GDP and exchange rate values. Additionally, remittances exhibit strong positive correlations with Interest_RS, Political_SAV, and Corruption_C, with MIC values of 0.80, 0.84, and 0.71, respectively. This suggests that upward trends in remittances are closely aligned with increases in these governance and financial variables. Moderate positive correlations are observed between remittances and Unemployment Rate (Unem_R), Government Effectiveness (Govt_effect), and overseas employment growth, with respective MIC values of 0.55, 0.51, and 0.64. These findings indicate that remittance increases moderately coincide with upward movements in these indicators. Lastly, a weak positive correlation of 0.33 is found between remittances and inflation, implying that periods of higher inflation are only mildly associated with higher levels of remittance inflows.
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Figure 2. MIC Heatmap Illustrating Pairwise Associations Between Remittances with Selected Indicators

Figure 3 presents the time series plot of personal remittances received from 1996 to 2023. The data demonstrate noticeable fluctuations over time, marked by alternating periods of increase and decline. From the late 1996s to the early 2010s, remittances followed a generally upward trend, ranging between 1.3446 and 10.8502 (current US$ in billions). 

[image: ]
Figure 3. Time Series Plot of Remittances Over the Study Period

Beginning in the mid-2010s, the growth in remittances became more consistent, reaching approximately 15.2955 by the late 2010s. A sharp decline occurred in the early 2016s, with remittances falling to around 13.5342, followed by a further slight decrease in early 2017, reaching approximately 13.5019. Between 2018 and 2020, remittances experienced a notable upward trend, after which they stabilized for a few years. However, starting from 2021, the data show a sharp and sustained decline, continuing through to the end of the study period in 2023.

Stationarity checking

Figure 4 presents the ACF and PACF plots for the remittance series, both before and after first differencing, to assess its stationarity. In the top panels, the ACF of remittances before differencing exhibits a slow and gradual decay, with significant autocorrelations extending well beyond lag 10. This pattern is characteristic of a non-stationary process, where the time series has a strong memory of past values. The PACF before differencing also shows a significant spike at lag 1, followed by several smaller values, further supporting non-stationarity. In contrast, the bottom panels show the ACF and PACF of the differenced series. 

[image: ]

Figure 4. ACF and PACF Plots for Remittances Before Difference and After First Differencing

The ACF after differencing reveals only a single significant spike at lag 1, with subsequent lags lying within the 95% confidence bounds. Similarly, the PACF plot after differencing shows a notable drop in partial autocorrelation beyond the first few lags. These patterns are indicative of a stationary process, confirming that first differencing was sufficient to achieve stationarity.

Unit Root Test Results and Variable Integration

[bookmark: _Hlk225956090]Before estimating the TVAR model, we assess the stationarity properties of all variables to ensure the validity of the regime-switching VAR framework. This step is essential because TVAR models require the variables to be stationary or transformed into stationarity (typically through differencing), as the presence of unit roots can distort inference and regime dynamics. To determine the integration order of each variable, we employ standard unit root tests, including the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests. The lag selection in the ADF test is based on the Schwarz Information Criterion (SIC), while the bandwidth in the PP test is determined using the Newey-West method. The test results indicate that the variables exhibit a mix of integration orders I (0) and I (1), with none found to be I (2). As a result, appropriate differencing was applied to achieve stationarity.
 
Table 2. Stationarity Test Results Using ADF and PP Tests

	Variables
	H0: The series has a unit root & non-stationary.
H1: The series is stationary.

	
	Augmented Dickey-Fuller (ADF) 
	Phillips-Perron (PP) 

	
	I (0)
	I (1)
	I (0)
	I (1)

	
	t-stat
	p-value
	t-stat
	p-value
	t-stat
	p-value
	t-stat
	p-value

	Remittances
	-2.9321
	0.2166
	-3.8539
	0.0318
	-16.194
	0.089
	-23.026
	0.01

	GDP_PC
	-1.644
	0.7084
	-3.5689
	0.0453
	-25.506
	0.01
	-
	-

	Unem_R
	-5.1639
	0.01
	-
	-
	-25.471
	0.01
	-
	-

	Exchange
	-1.9138
	0.6054
	-3.9316
	0.0263
	-13.583
	0.2378
	-23.459
	0.01

	Inflation
	-4.3675
	0.0101
	-
	-
	-27.645
	0.01
	-
	-

	Lending_IR
	-3.0593
	0.1681
	-4.2695
	0.0138
	-17.921
	0.0511
	-26.806
	0.01

	Interest_RS
	-3.8522
	0.0319
	-
	-
	25.3
	0.01
	-
	-

	Political_SAV
	-3.6463
	0.0463
	-
	-
	-34.269
	0.01
	-
	-

	Corruption_C
	-1.909
	0.6072
	-3.8398
	0.0328
	-8.5218
	0.577
	-36.04
	0.01

	Govt_effect
	-2.4885
	0.3856
	-3.7984
	0.0358
	-11.193
	0.3994
	-32.564
	0.01

	Overseas
	-2.6511
	0.3235
	-4.8038
	0.01
	-15.775
	0.0983
	-21.201
	0.0181



This confirms the suitability of the TVAR model for analyzing the potential nonlinear and regime-dependent relationships among the variables. To determine the integration order of each variable, we conducted both the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) unit root tests. The findings, presented in Table 2, reveal that variables such as Remittances, GDP_PC, Exchange, Lending_IR, Corruption_C, Govt_effect, and overseas are non-stationary in levels (I (0)) but become stationary after first differencing, indicating they are integrated of order one, I (1). In contrast, variables like Unem_R, Inflation, Interest_RS, and Political_SAV exhibit stationarity at level, and are thus classified as I(0).

Optimal Lag Selection

Table 3 presents the optimal lag selection criteria for the TVAR model, assessed using four established statistical measures: Final Prediction Error (FPE), Akaike Information Criterion (AIC), Schwarz Criterion (SC), and Hannan–Quinn Criterion (HQ). Among all evaluated lag lengths, (lag=1) yields the lowest values across all criteria (FPE=7.1689, AIC=10.4544, SC =10.6721, and HQ=10.3662), indicating its superiority in balancing model fit and complexity. 

Table 3. Optimal Lag Selection Criteria for TVAR Model Based on FPE, AIC, SC, and HQ

	Lag
	FPE
	AIC
	SC
	HQ

	0
	9.5462
	10.7032
	12.5623
	11.5415

	1
	7.1689***
	10.4544***
	10.6721***
	10.3662***

	2
	7.7782
	10.5614
	10.9445
	10.7187

	3
	8.3784
	10.5698
	11.1145
	10.7908

	4
	8.3749
	10.6383
	11.3462
	10.9253

	5
	8.6972
	10.6751
	11.5466
	11.0286

	6
	8.6839
	10.6699
	12.0307
	11.2214



These consistent results across different selection metrics strongly support the adoption of a first-order lag (lag = 1) structure, suggesting a more parsimonious and statistically robust model specification for the TVAR framework.

Threshold Specification

Table 4 presents the results from the discrete threshold specification test applied to the TVAR model. Among the candidate variables, Government Effectiveness is identified as the optimal threshold variable based on the minimum AIC, indicating superior model fit.

Table 4. Threshold Variable Selection and Estimated Threshold Value for the TVAR Model

	Best threshold variable
	Maximum no. of thresholds
	Estimated threshold
	Threshold Value

	Govt Effective
	11
	1
	-0.0103



The test selects a single threshold, implying the presence of two distinct regimes. The estimated threshold value of –0.0103 effectively partitions the observations into periods of low and high government effectiveness, capturing potential nonlinear dynamics across regimes in the remittance-macroeconomic relationship.

Estimation of TVAR model

[bookmark: _Hlk201946767]Table 5 presents the results of the TVAR model for Regime 1, defined by instances where Government Effectiveness (Govt effect) is less than or equal to -0.0103. In this regime, the dependent variable, Remittances, is significantly influenced by various lagged economic and governance indicators. The analysis reveals that Remittances, Unemployment, Inflation, Interest Rate Spread, Corruption, Government Effectiveness, and Overseas employment growth are statistically significant predictors at lag 1, as indicated by their p-values below the 0.05 threshold. This suggests a strong association between these variables and remittance inflows within this regime. In contrast, variables such as GDP per capita, Exchange rate, Lending Interest Rate, and Political Stability (Political) are found to be statistically insignificant at lag 1, with p-values exceeding 0.05, indicating a weaker or non-existent short-term relationship with remittance flows under this specific regime condition.

Table 5. Estimation Results of TVAR Model

	Variable (Lag=1)
	Regime 1: Govt effective ≤ -0.0103 Percentage of Observation=52%
	Regime 2: Govt effective > -0.0103 Percentage of Observation=48%

	
	Estimate
	St. Error
	t-value
	P-value
	Estimate
	St. Error
	t-value
	P-value

	Intercept
	-0.1570
	0.0033
	-47.576
	0.000***
	-0.5385
	0.0141
	-38.19
	0.000***

	Remittance
	1.7545
	-0.6683
	-2.625
	0.008**
	13.5300
	-0.5438
	-24.88
	0.000***

	GDP_PC
	-44.183
	78.1390
	-0.565
	0.518
	-1823.6
	118.127
	-15.43
	0.000***

	Unem_R
	0.6672
	0.2864
	2.329
	0.0198*
	-1.5345
	0.8496
	-1.806
	0.071

	Exchange
	0.2030
	-7.4452
	-0.027
	0.9782
	33.6518
	-5.1365
	-6.551
	0.000***

	Inflation
	2.0964
	-0.0834
	-25.133
	0.000***
	-120.28
	9.3497
	-12.86
	0.000***

	Lending_IR
	1.1395
	-0.6078
	-1.875
	0.0608
	6.5086
	-1.1162
	-5.831
	0.000***

	Interest_RS
	2.3140
	-0.9450
	-2.449
	0.014*
	-5.5908
	-0.0565
	98.935
	0.000***

	Political
	-0.6443
	0.2318
	-2.780
	0.0054
	1.5127
	-0.2230
	-6.782
	0.000***

	Corruption
	-0.2995
	-0.1465
	2.043
	0.041*
	-0.1419
	0.0276
	-5.134
	0.000***

	Govt_effect
	-0.1570
	0.0359
	-4.367
	0.000***
	-0.5385
	0.0292
	-18.42
	0.000***

	Overseas
	0.3767
	-0.1240
	-3.037
	0.003**
	-0.7914
	-0.2713
	2.917
	0.003**

	Model Performance
	R-squared= 0.9952; AIC=-9879.898; BIC=-9556.896; SSR=3019.922;


Note: ***; significant at p=0.001, **; significant at p=0.01, *; significant at p=0.05.

In Regime 2, defined by Government Effectiveness being greater than -0.0103, the analysis reveals that Remittances, Inflation, Interest Rate Spread, Corruption, Government Effectiveness, GDP per capita, Exchange Rate, Lending Interest Rate, Political Stability (Political), and Overseas Employment Growth are statistically significant predictors at lag 1, as indicated by their p-values being below the 0.05 threshold. This suggests a strong association between these variables and remittance inflows within this regime. In contrast, Unemployment is found to be statistically insignificant at lag 1, with a p-value exceeding 0.05, indicating a weaker or non-existent short-term relationship with remittance flows under this specific regime condition. Overall, the model demonstrates strong explanatory power and goodness of fit, as indicated by R² = 0.9952, AIC = −9879.898, BIC = −9556.896, and SSR = 3019.922, confirming the robustness of the TVAR framework in capturing the nonlinear and regime-dependent dynamics of remittance inflows in Bangladesh.

Granger Causality Test

Table 6 summarizes the Granger causality analysis under two regimes based on government effectiveness. In Regime 1 (Govt. effectiveness ≤ -0.0103), the results show that Exchange Rate, Inflation, and Corruption Control are statistically significant predictors of remittance inflows at the 5% level, while Unemployment exhibits marginal significance at the 10% level. These findings suggest that under weaker governance, macroeconomic instability and institutional quality factors have a stronger short-term influence on remittances.

Table 6. 	Regime-Specific Granger Causality Test Results for Remittance Inflows Based on Government Effectiveness Threshold

	Independent Variable
	Regime 1:
Govt effective ≤ -0.0103
	Regime 2:
Govt effective > -0.0103

	
	F-Statistic
	P-value
	F-Statistic
	P-value

	GDP_PC
	0.0065
	0.9936
	0.1173
	0.8911

	Unem_R
	3.9914
	0.0921*
	1.0424
	0.4016

	Exchange
	5.6712
	0.0518**
	4.1540
	0.0647*

	Inflation
	5.7107
	0.0512**
	0.1928
	0.8289

	Lending_IR
	0.9561
	0.4450
	7.3730
	0.0189**

	Interest_RS
	1.2234
	0.3694
	0.5859
	0.5818

	Political_SAV
	0.7781
	0.5079
	2.1092
	0.1919

	Corruption_C
	5.7529
	0.0505*
	0.2984
	0.7510

	Govt_effect
	0.3994
	0.6904
	0.2283
	0.8016

	Overseas
	0.8133
	0.4945
	0.2735
	0.7685


Note: ***; significant at p=0.001, **; significant at p=0.05, *; significant at p=0.1.

In Regime 2 (Govt_effect > -0.0103), Lending Interest Rate is the only variable that shows significant causality (p = 0.0189), indicating that financial conditions gain importance when governance improves. Although the Exchange Rate remains marginally significant in both regimes, most other variables, including GDP per capita, Interest Rate Spread, Political Stability, and Overseas Employment, show no significant causal effect in either regime. This indicates that the short-term dynamics of remittance inflows are influenced by regime-specific conditions, with economic and institutional factors exerting varying effects depending on the level of government effectiveness. Overall, the model demonstrates strong explanatory power and goodness of fit, as indicated by R² = 0.9952, AIC = −9879.898, BIC = −9556.896, and SSR = 3019.922, confirming the robustness of the TVAR framework in capturing the nonlinear and regime-dependent dynamics of remittance inflows in Bangladesh.

Diagnostics Test

Table 7 reports the diagnostic test results for the two regimes based on government effectiveness. In Regime 1, both the Shapiro-Wilk test for normality, the Breusch-Godfrey test for serial correlation, and the Box-Ljung test for autocorrelation yield statistically significant results at the 5% level. This suggests a clear violation of the normality assumption and the presence of serial correlation and autocorrelation in the residuals, potentially indicating model misspecification or omitted variables in this regime. However, the Breusch-Pagan test for heteroskedasticity suggests that residuals are homoscedastic, meaning the variance of errors remains constant. 

Table 7: Regime-Specific Diagnostic Test Results for the TVAR Model

	
Test Statistics
	Regime 1:
Govt. effectiveness ≤ -0.0103 Percentage of observation=52%
	Regime 2:
Govt. effectiveness > -0.0103 Percentage of observation=48%

	
	Test Statistic
	P-value
	Test Statistic
	P-value

	Serial Correlation
	6.3257
	0.0423**
	0.2521
	0.882

	Autocorrelation
	7.7749
	0.0205**
	0.2947
	0.863

	Heteroskedasticity
	0.70395
	0.4015
	1.7774
	0.183

	Normality
	0.31101
	0.0001***
	0.9605
	0.791

	A: Breusch-Godfrey test to detect serial correlation B: Box-Ljung test for checking autocorrelation
C: Breusch-Pagan test to assess residual heteroskedasticity
D: Shapiro-Wilk test to evaluate normality


Note: ***; significant at p=0.001, **; significant at p=0.05, *; significant at p=0.01.

In contrast, Regime-2 shows no evidence of serial correlation or autocorrelation, implying that the residuals are independently distributed over time. The Shapiro-Wilk test also indicates normally distributed residuals, satisfying the normality assumption. Similarly, the Breusch-Pagan test reveals no significant heteroskedasticity, indicating homoscedastic residuals. These results suggest the model is statistically more robust and reliable under Regime-2.

Stability Test

Figure 5 illustrates the modulus of eigenvalues for each regime in the TVAR model to assess system stability. In Regime-1, most eigenvalues lie below the unit threshold, indicating general stability, but one significantly large eigenvalue suggests possible instability or structural irregularity. 

[image: ]

Figure 5. Modulus of Eigenvalues by Each Regime for TVAR Model Stability Analysis

In contrast, Regime-2 shows all eigenvalues well within the stable region, confirming dynamic stability. Finally, the figure reveals that while Regime-2 is stable, Regime-1 may experience instability due to regime-specific dynamics.

4. Discussion

This study aims to enhance the accuracy of budget estimation and improve financial forecasting in Bangladesh by addressing the complex and nonlinear dynamics underlying remittance inflows. Initial analyses revealed significant challenges in model selection due to structural breaks and nonlinear interactions among key economic indicators. To overcome these limitations, a TVAR model was adopted, which allows for regime-specific analysis. The findings underscore the regime-dependent nature of remittance behavior, as the TVAR framework effectively captures asymmetric adjustments and nonlinear relationships between remittance inflows and their macroeconomic determinants, providing more nuanced insights into the underlying economic structure. The findings indicate distinct regime-specific determinants of remittance inflows based on government effectiveness. In Regime 1, remittances are primarily driven by core macroeconomic variables, including unemployment, inflation, interest rate spread, corruption, government effectiveness, and overseas employment. In contrast, Regime 2 reflects heightened sensitivity to governance-related factors. In this regime, remittance inflows are significantly influenced by improvements in governance, alongside inflation, interest rate spread, corruption, government effectiveness, GDP per capita, exchange rate, lending interest rate, political stability, and overseas employment. These results underscore the differential impact of institutional and macroeconomic dynamics across regimes. However, the diagnostic tests indicate that Regime 1 violates key assumptions, including normality and the presence of serial correlation and autocorrelation in the residuals. These findings suggest that the model may not fully capture the underlying data-generating process in this regime, potentially due to omitted variables, structural complexities, or an insufficient lag structure. In this study, no corrective adjustments (such as robust standard errors or alternative specifications) were implemented, which should be acknowledged as a limitation. Future research may address these issues by employing robust inference techniques, extending the lag structure, incorporating additional relevant macroeconomic or institutional variables, or exploring alternative nonlinear specifications (e.g., multi-regime TVAR or regime-dependent variance models). Despite these limitations in Regime 1, the results from Regime 2 satisfy the diagnostic conditions, supporting the overall reliability and validity of the model’s main findings.

[bookmark: _Hlk226207691]Empirical evidence highlights that remittance inflows are significantly influenced by macroeconomic and institutional factors, particularly in developing economies like Bangladesh. Several studies affirm that variables such as unemployment, inflation, interest rate spread, exchange rates, and governance quality play a vital role in shaping remittance behavior. Chami et al. emphasized that remittances respond to macroeconomic instability, including inflationary pressures and unemployment, acting as a counter-cyclical financial flow (Chami et al., 2009). Similarly, Gupta et al. identified a positive association between good governance, lower corruption, and increased remittance inflows, arguing that institutional quality enhances the efficiency and purposefulness of remittance usage (Gupta et al., 2009). In the context of South Asia, Iqbal and Sattar al. found that real interest rates, exchange rate fluctuations, and political uncertainty significantly affect remittance decisions, particularly where migrants seek to support families facing economic volatility (Iqbal & Sattar, 2010). In a study focused on Bangladesh, employed a VAR model and showed that inflation, GDP per capita, and overseas employment opportunities are statistically significant predictors of remittance flows (Al Mosharrafa et al., 2024). Their findings suggest that when inflation and interest rate spreads rise, remittance volumes also increase as migrants attempt to buffer their households from economic shocks. Additionally, Abdulrhman Alamoudi et al., using ARDL and cointegration techniques, highlighted the influence of governance indicators such as political stability, control of corruption, and government effectiveness on remittance behavior in Egypt (Alamoudi, 2024). Their research suggests that better institutional performance encourages formal remittance channels and increases migrant trust in the domestic economic system. Moreover, remittances are often influenced by employment conditions both domestically and abroad (Basu & Roy, 2024); better overseas job prospects and higher unemployment rates at home tend to boost remittance inflows, as found in studies by Basu et al. These findings underscore the critical role of strengthening governance, ensuring macroeconomic stability, and utilizing effective policy instruments to sustain remittance inflows. Incorporating these insights into national policy frameworks can enable Bangladesh to enhance the developmental impact of remittances, reduce vulnerability to external shocks, and serve as a model for other remittance-dependent developing economies seeking sustainable growth through external financial flows.

5. Conclusion

The authors employed a non-parametric multivariate TVAR model to capture the pronounced nonlinear relationships between remittances and key economic covariates, as indicated by preliminary visual analyses. The proposed methodology involved fitting three regression models to the remittance and related macroeconomic data, with model performance assessed using criteria such as R-squared, AIC, and SSR. The TVAR model effectively captures regime-dependent dynamics, revealing structural variations in remittance behavior under differing economic conditions. By uncovering these nonlinear patterns, the study aims to improve public financial management, enhance policy transparency, and inform evidence-based strategies aligned with Bangladesh’s long-term national development goals. Consequently, the authors recommend the TVAR model as a robust tool for modeling total remittance inflows in Bangladesh.

Based on the study’s findings, several policy recommendations emerge to enhance remittance inflows and their socio-economic impact in Bangladesh. First, prioritizing improvements in governance specifically political stability, government effectiveness, and corruption control is essential to build institutional trust and encourage formal remittance transfers. Second, maintaining macroeconomic stability by effectively managing inflation, exchange rate volatility, and interest rate spreads is critical, given their significant influence on remittance behavior. Third, targeted policies to expand overseas employment opportunities and invest in skill development for migrant workers can drive higher remittance volumes by increasing their earning capacity abroad. Additionally, strengthening formal remittance channels through reduced transaction costs, promotion of digital payment platforms, and public awareness initiatives can help curb informal remittance flows. Finally, future research should incorporate household-level data and consider alternative threshold variables to better capture the complex determinants of remittance inflows, thereby informing more nuanced and effective policy interventions.
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