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Abstract 

This study investigates the finite sample performance of Ordinary Least Squares (OLS), Instrumental Variables 

(IV), and Generalized Method of Moments (GMM) estimators in the presence of endogeneity, weak instruments, 

and heteroskedasticity. While the asymptotic properties of these estimators are well established in econometric 

theory, their reliability in small and moderate samples remains a critical issue for applied research. To address 

this gap, the study employs a Monte Carlo simulation framework based on a controlled data-generating process 

that systematically varies instrument strength, sample size, and error variance structure. The performance of the 

estimators is evaluated using bias, variance, mean squared error (MSE), and coverage probability. The results 

show that OLS is consistently biased under endogeneity but maintains relatively low variance, making it competitive 

in terms of MSE when instruments are weak. IV estimation effectively corrects for endogeneity when instruments 

are strong but becomes highly unstable in the presence of weak instruments, exhibiting substantial bias and inflated 

variance. GMM demonstrates efficiency gains under heteroskedasticity and outperforms IV in large samples; 

however, it shares similar vulnerabilities to weak instruments, particularly in small samples. Overall, the findings 

highlight the importance of the bias–variance trade-off and emphasize that estimator performance is highly 

dependent on instrument strength and sample size. The study provides practical guidance for researchers on 

estimator selection and underscores the need for careful diagnostic testing in empirical applications. 

Keywords: OLS; Instrumental Variables; GMM; Weak Instruments; Monte Carlo Simulation 

1. Introduction  

The credibility of empirical economic analysis rests 

fundamentally on the statistical properties of the 

estimators employed. In econometric practice, the 

Ordinary Least Squares (OLS) estimator has long 

occupied a central position due to its desirable 

properties under the classical linear regression 

framework, particularly the Gauss–Markov theorem, 

which establishes OLS as the Best Linear Unbiased 

Estimator (BLUE) under assumptions of linearity, 

exogeneity, homoskedasticity, and absence of 

autocorrelation. However, real-world data rarely 

conform perfectly to these assumptions. Violations 
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such as endogeneity, heteroskedasticity, and weak 

instruments are pervasive in applied work, thereby 

undermining the reliability of conventional estimation 

techniques and motivating the development of 

alternative estimators such as Instrumental Variables 

(IV) and Generalized Method of Moments (GMM) 

(Wooldridge, 2010; Greene, 2018). 

A major challenge in applied econometrics is 

endogeneity, which arises when explanatory variables 

are correlated with the error term. This problem may 

result from omitted variable bias, measurement error, or 

simultaneity, and it renders OLS estimators biased and 

inconsistent (Wooldridge, 2010). To address this, the 

IV estimator was introduced as a consistent alternative, 

relying on external instruments that are correlated with 

the endogenous regressors but uncorrelated with the 

disturbance term. While IV estimation provides a 

theoretically sound solution, its practical performance 

depends critically on the strength and validity of the 

chosen instruments. Weak instruments, those that are 

only weakly correlated with the endogenous regressors, 

pose a serious problem, as they can lead to large finite 

sample bias and unreliable inference (Stock, Wright, & 

Yogo, 2002). 

The issue of weak instruments has been extensively 

studied in econometric literature due to its profound 

implications for empirical research. Early contributions 

demonstrated that IV estimators can exhibit substantial 

bias toward OLS estimates when instruments are weak, 

even in relatively large samples (Bound, Jaeger, & 

Baker, 1995). This phenomenon undermines the 

presumed advantage of IV estimation and raises 

concerns about the robustness of empirical findings in 

studies where instrument strength is questionable. 

Furthermore, weak instruments distort the sampling 

distribution of estimators, leading to misleading 

standard errors and confidence intervals that fail to 

achieve nominal coverage probabilities (Stock et al., 

2002). As a result, researchers are increasingly urged to 

test for instrument relevance and adopt robust 

estimation techniques in empirical applications. 

In addition to endogeneity and weak instruments, 

heteroskedasticity represents another pervasive 

violation of classical assumptions. Heteroskedasticity 

occurs when the variance of the error term is not 

constant across observations, often reflecting structural 

differences in economic behavior or measurement 

variability. While OLS estimators remain unbiased 

under heteroskedasticity, they lose efficiency, and 

conventional standard errors become inconsistent, 

leading to invalid statistical inference (Greene, 2018). 

This has prompted the development of 

heteroskedasticity-consistent covariance estimators and 

alternative estimation frameworks that explicitly 

account for non-constant error variance. 

The Generalized Method of Moments (GMM), 

introduced by Hansen (1982), provides a flexible and 

powerful framework for estimation in the presence of 

heteroskedasticity and other forms of model 

misspecification. GMM generalizes IV estimation by 

exploiting moment conditions derived from economic 

theory, allowing for efficient estimation even under 

heteroskedastic disturbances. In particular, the two-step 

efficient GMM estimator incorporates optimal 

weighting matrices that improve efficiency relative to 

traditional IV methods. However, despite its asymptotic 

advantages, the finite sample performance of GMM 

estimators can be problematic, especially in small 

samples where the estimation of the weighting matrix 

introduces additional variability (Hansen, 1982; 

Hayashi, 2000). 

A critical issue that emerges in econometric practice is 

the gap between asymptotic theory and finite sample 

performance. While many estimators are consistent and 

asymptotically efficient, these properties may not 

manifest in practical sample sizes commonly 

encountered in empirical research. For instance, IV and 

GMM estimators are consistent as sample size 

approaches infinity, but in finite samples particularly 

under weak instruments their distributions may be 

highly non-normal, biased, and dispersed (Stock et al., 

2002). This discrepancy underscores the importance of 
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evaluating estimator performance in finite samples 

rather than relying solely on asymptotic results. 

Monte Carlo simulation methods have become an 

essential tool for addressing this gap. By generating 

artificial data under controlled conditions, researchers 

can systematically evaluate the performance of 

different estimators across varying scenarios, including 

violations of key assumptions. Monte Carlo studies 

allow for precise measurement of bias, variance, mean 

squared error (MSE), and coverage probabilities, 

providing deeper insights into estimator behavior that 

are often difficult to obtain analytically (Davidson & 

MacKinnon, 2004). Such simulation-based approaches 

are particularly valuable in assessing the robustness of 

econometric methods under complex conditions 

involving multiple simultaneous violations, such as 

weak instruments combined with heteroskedasticity. 

Despite the extensive literature on individual 

econometric problems, relatively limited attention has 

been given to the joint effects of weak instruments and 

heteroskedasticity on estimator performance within a 

unified framework. In practice, these issues frequently 

occur together, especially in microeconomic and 

development studies where data limitations and 

structural complexities are common. The interaction 

between weak identification and heteroskedastic 

disturbances can exacerbate estimation challenges, 

leading to compounded bias and inefficiency that are 

not adequately captured by studies focusing on isolated 

violations. 

Furthermore, empirical researchers often face practical 

constraints such as limited sample sizes, imperfect 

instruments, and noisy data environments. In such 

contexts, the choice of estimator becomes critical, as 

different methods may exhibit varying degrees of 

robustness to underlying violations. While OLS may 

perform poorly due to endogeneity, IV may suffer from 

weak instrument bias, and GMM may exhibit instability 

in small samples. Understanding these trade-offs is 

essential for informed methodological decision-making 

and for ensuring the credibility of empirical findings. 

This study is motivated by the need to provide a 

comprehensive and systematic evaluation of estimator 

performance under realistic econometric conditions. By 

employing a Monte Carlo simulation approach, it 

examines the finite sample properties of OLS, IV, and 

GMM estimators in the presence of weak instruments 

and heteroskedasticity. The study aims to bridge the gap 

between theoretical econometrics and applied practice 

by offering evidence-based guidance on estimator 

selection and highlighting the limitations of commonly 

used methods. 

In doing so, the research contributes to the broader 

econometric literature by emphasizing the importance 

of finite sample considerations and by demonstrating 

how simulation-based analysis can inform 

methodological choices. It also provides practical 

insights for applied researchers, particularly in 

developing country contexts where data challenges are 

more pronounced and econometric assumptions are 

more likely to be violated. Ultimately, the study 

highlights the need for rigorous evaluation of estimation 

techniques and for cautious interpretation of empirical 

results in the presence of econometric complexities. 

2. Literature Review 

The econometric literature on estimator performance 

has undergone significant development, particularly in 

response to challenges arising from violations of 

classical regression assumptions. Central to this body of 

research is the comparative evaluation of Ordinary 

Least Squares (OLS), Instrumental Variables (IV), and 

Generalized Method of Moments (GMM) estimators 

under conditions of endogeneity, weak instruments, and 

heteroskedasticity. While the asymptotic properties of 

these estimators are well established, recent studies 

increasingly emphasize the importance of finite sample 

performance, especially in empirical contexts 

characterized by data limitations and structural 

complexities. 
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2.1. OLS and the Breakdown of Classical 

Assumptions 

The OLS estimator remains the cornerstone of 

econometric analysis due to its optimality properties 

under the Gauss–Markov assumptions. Under 

conditions of exogeneity, homoskedasticity, and no 

serial correlation, OLS is unbiased, consistent, and 

efficient among linear estimators (Wooldridge, 2010; 

Greene, 2018). However, these assumptions are often 

violated in practice, leading to serious econometric 

challenges. 

Endogeneity represents one of the most critical 

violations, arising from omitted variable bias, 

simultaneity, and measurement error. When regressors 

are correlated with the error term, OLS estimates 

become biased and inconsistent, thereby undermining 

causal inference (Wooldridge, 2010; Angrist & 

Pischke, 2009). In addition, heteroskedasticity—

characterized by non-constant error variance—does not 

bias OLS coefficients but leads to inefficiency and 

inconsistent standard errors, compromising statistical 

inference (White, 1980; Greene, 2018). 

Despite these limitations, several studies suggest that 

OLS may still perform relatively well in finite samples 

compared to alternative estimators, particularly when 

identification is weak. For instance, Hauk and Wacziarg 

(2009) demonstrate through Monte Carlo simulations 

that OLS can exhibit lower mean squared error (MSE) 

than IV estimators under weak instrument conditions, 

highlighting the practical relevance of OLS despite its 

theoretical shortcomings. 

2.2. Instrumental Variables Estimation and Weak 

Instruments 

Instrumental Variables (IV) estimation provides a 

standard solution to the problem of endogeneity by 

using external instruments that are correlated with 

endogenous regressors but uncorrelated with the error 

term. Under valid instruments, IV estimators are 

consistent and asymptotically normal (Wooldridge, 

2010; Hayashi, 2000). However, the reliability of IV 

estimation critically depends on the strength of the 

instruments. 

The weak instruments problem has emerged as a major 

concern in econometric analysis. Bound, Jaeger, and 

Baker (1995) provide early evidence that weak 

instruments can lead to substantial bias in IV estimates, 

often pulling them toward biased OLS estimates. 

Similarly, Staiger and Stock (1997) show that weak 

instruments result in large finite sample bias and non-

normal sampling distributions, rendering standard 

inference procedures unreliable. 

Stock, Wright, and Yogo (2002) further demonstrate 

that weak instruments distort the distribution of IV 

estimators, leading to confidence intervals with 

incorrect coverage probabilities. This has significant 

implications for empirical research, as it increases the 

likelihood of incorrect statistical conclusions. 

More recent studies have extended the analysis of weak 

instruments. Andrews, Stock, and Sun (2019) develop 

weak-instrument-robust inference methods that remain 

valid even when instruments are only weakly correlated 

with endogenous variables. Windmeijer (2025) 

introduces robust F-statistics that improve the detection 

of weak instruments in the presence of 

heteroskedasticity, addressing limitations of traditional 

diagnostic tests. 

Additionally, Keane and Neal (2024) provide a 

comprehensive review of weak instrument problems, 

emphasizing the practical challenges faced by applied 

researchers and the importance of robust estimation 

techniques. These developments underscore the 

ongoing relevance of weak identification as a central 

issue in econometric methodology. 

2.3. Generalized Method of Moments (GMM) and 

Efficiency Considerations 

The Generalized Method of Moments (GMM), 

introduced by Hansen (1982), represents a major 



POLAC ECONOMIC REVIEW (PER)/Vol.5, No. 7 April, 2026/ ONLINE ISSN: 2756-4428; www.pemsj.com 
 

172 
 

advancement in econometric estimation by providing a 

flexible framework that accommodates 

heteroskedasticity and other forms of model 

misspecification. GMM estimators are based on 

moment conditions derived from economic theory and 

are asymptotically efficient when optimal weighting 

matrices are used (Hansen, 1982; Hayashi, 2000). 

Compared to IV estimation, GMM offers several 

advantages, particularly in the presence of 

heteroskedasticity. The two-step efficient GMM 

estimator incorporates a heteroskedasticity-consistent 

weighting matrix, thereby improving efficiency relative 

to traditional IV estimators (Newey & West, 1987). 

However, these efficiency gains are primarily 

asymptotic, and finite sample performance may differ 

significantly. 

Research has shown that GMM estimators can perform 

poorly in small samples, especially when the number of 

instruments is large or when instruments are weak 

(Hansen, Heaton, & Yaron, 1996). The estimation of 

the optimal weighting matrix introduces additional 

variability, which can lead to bias and instability in 

finite samples. 

Recent contributions have sought to address these 

limitations. Antoine and Renault (2009) examine the 

performance of GMM under weak identification, 

showing that efficiency gains diminish significantly in 

such contexts. Similarly, Hansen, Hausman, and Newey 

(2008) highlight the challenges associated with many 

weak instruments and propose alternative estimation 

strategies. 

More recent studies have introduced debiased and 

regularized GMM estimators designed to improve finite 

sample performance. For example, Chernozhukov et al. 

(2018) propose double/debiased machine learning 

approaches that integrate GMM with modern 

regularization techniques, enhancing robustness in 

high-dimensional settings. These developments reflect 

the growing integration of econometrics with machine 

learning methodologies. 

2.4. Joint Effects of Weak Instruments and 

Heteroskedasticity 

While the literature on weak instruments and 

heteroskedasticity is extensive, relatively fewer studies 

have examined their joint effects on estimator 

performance. In practice, these issues often occur 

simultaneously, particularly in microeconomic and 

development data characterized by structural 

heterogeneity and measurement error. 

The interaction between weak instruments and 

heteroskedasticity can exacerbate estimation 

challenges, leading to compounded bias and 

inefficiency. Andrews and Stock (2007) emphasize that 

heteroskedasticity further complicates weak instrument 

inference by affecting the distribution of test statistics. 

Similarly, Kleibergen and Paap (2006) develop robust 

test statistics that remain valid under heteroskedasticity, 

providing improved inference in such settings. 

Recent research has continued to explore robust 

inference methods under these combined conditions. 

Montiel Olea and Pflueger (2013) propose effective F-

statistics that are robust to heteroskedasticity and 

clustering, improving the reliability of weak instrument 

diagnostics. Windmeijer (2019, 2025) further extends 

these approaches by developing robust testing 

procedures applicable in generalized method of 

moment’s frameworks. 

These contributions highlight the importance of 

considering multiple sources of model misspecification 

simultaneously, rather than in isolation, when 

evaluating estimator performance. 

2.5. Monte Carlo Simulation in Econometrics 

Monte Carlo simulation has become a central 

methodological tool in econometrics for evaluating 

estimator performance under controlled conditions. By 

generating artificial data based on specified data 

generating processes (DGPs), researchers can 

systematically analyze the finite sample properties of 
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estimators, including bias, variance, and mean squared 

error (MSE) (Davidson & MacKinnon, 2004). 

Simulation studies are particularly useful in contexts 

where analytical solutions are complex or unavailable. 

They allow researchers to assess estimator behavior 

under various forms of model misspecification, 

including weak instruments and heteroskedasticity. 

Hauk and Wacziarg (2009) use Monte Carlo 

simulations to evaluate growth regressions, 

demonstrating how estimator performance varies under 

different data conditions. 

Recent studies continue to rely heavily on simulation 

methods to validate new econometric techniques. For 

example, Andrews et al. (2019) use Monte Carlo 

experiments to evaluate weak-instrument-robust 

inference procedures, while Chernozhukov et al. (2018) 

employ simulation to assess the performance of double 

machine learning estimators. 

The increasing use of Monte Carlo methods reflects a 

broader shift toward empirical validation of 

econometric theory, particularly in complex settings 

where traditional assumptions are unlikely to hold. 

2.6. Research Gap 

Despite the extensive literature, a significant gap 

remains in the comprehensive evaluation of OLS, IV, 

and GMM estimators under simultaneous weak 

instruments and heteroskedasticity within a unified 

simulation framework. While individual aspects of 

these problems have been widely studied, their 

combined effects are less well understood, particularly 

in finite samples. This study addresses this gap by 

providing a systematic Monte Carlo analysis of 

estimator performance under realistic econometric 

conditions. By jointly examining bias, variance, MSE, 

and coverage probabilities, this study contributes to 

both methodological and applied econometric 

literature. 

 

3. Theoretical Framework 

3.1. Conceptual Foundation of the Model 

At the core of this study is a simple linear relationship 

that attempts to explain how one variable affects 

another. In econometrics, this is typically expressed as: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝑢𝑖 

In this equation, 𝑌𝑖represents the outcome we are 

interested in explaining (for example, income, output, 

or consumption), while 𝑋𝑖represents an explanatory 

factor (such as education, investment, or policy 

intervention). The parameter 𝛽1measures the effect of 

𝑋𝑖on 𝑌𝑖, and it is the primary quantity of interest. The 

term 𝑢𝑖captures all other factors affecting 𝑌𝑖that are not 

explicitly included in the model. 

For this relationship to be estimated correctly, a key 

assumption must hold: the explanatory variable 

𝑋𝑖should not be correlated with the error term 𝑢𝑖. 

However, in real-world data, this assumption is often 

violated, leading to what is known as endogeneity 

(Wooldridge, 2010; Angrist & Pischke, 2009). 

Endogeneity arises when there are omitted variables, 

measurement errors, or simultaneous relationships 

between variables. When this happens, standard 

estimation techniques may produce misleading results. 

3.2. Ordinary Least Squares (OLS): Intuition and 

Limitation 

The most common method used to estimate the 

relationship between 𝑋𝑖and 𝑌𝑖is the Ordinary Least 

Squares (OLS) estimator. Conceptually, OLS works by 

finding the line that best fits the data, minimizing the 

distance between observed values and predicted values. 

Under ideal conditions, OLS produces estimates that 

are unbiased and efficient (Greene, 2018). 

However, the reliability of OLS depends critically on 

the assumption that 𝑋𝑖is not correlated with the error 

term. When this assumption fails, the OLS estimate of 

𝛽1becomes biased. In simple terms, this means that the 
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estimated effect of 𝑋𝑖on 𝑌𝑖systematically deviates from 

the true effect. 

Mathematically, this bias can be expressed as: 

Bias(𝛽̂𝑂𝐿𝑆) =
𝐶𝑜𝑣(𝑋𝑖, 𝑢𝑖)

𝑉𝑎𝑟(𝑋𝑖)
 

This expression shows that whenever 𝑋𝑖and 𝑢𝑖move 

together (i.e., are correlated), the estimated coefficient 

will be distorted. For example, if more motivated 

individuals both acquire more education and earn 

higher income, failing to control for motivation would 

bias the estimated return to education. 

Despite this limitation, OLS may still perform 

reasonably well in practice, particularly in small 

samples or when alternative methods suffer from high 

variability. Studies such as Hauk and Wacziarg (2009) 

demonstrate that OLS can sometimes have lower 

overall error (measured by mean squared error) 

compared to more complex estimators, especially when 

identification is weak. 

3.3. Instrumental Variables (IV): Addressing 

Endogeneity 

To overcome the problem of endogeneity, 

econometricians often use the Instrumental Variables 

(IV) approach. The key idea behind IV is to find another 

variable, called an instrument, which is related to the 

problematic explanatory variable 𝑋𝑖but is not directly 

related to the outcome variable 𝑌𝑖except through 𝑋𝑖. 

For an instrument 𝑍𝑖to be valid, it must satisfy two 

important conditions: 

1. It must be correlated with 𝑋𝑖(relevance 

condition)  

2. It must not be correlated with the error term 

𝑢𝑖(exogeneity condition)  

When these conditions are satisfied, the IV estimator 

provides a consistent estimate of the true effect 

𝛽1(Hayashi, 2000; Wooldridge, 2010). 

In simple terms, IV isolates the “clean” variation in 

𝑋𝑖that is unrelated to hidden factors in 𝑢𝑖, thereby 

correcting the bias present in OLS estimates. 

3.4. The Problem of Weak Instruments 

While IV estimation is theoretically appealing, its 

effectiveness depends heavily on the strength of the 

instrument. If the instrument 𝑍𝑖is only weakly related to 

𝑋𝑖, it is referred to as a weak instrument. 

Weak instruments create serious problems. Instead of 

correcting bias, they can introduce new distortions. 

Research by Bound et al. (1995) and Staiger and Stock 

(1997) shows that when instruments are weak, IV 

estimates can become highly unreliable and may even 

be more biased than OLS estimates. 

The intuition is straightforward: if the instrument does 

not strongly explain variations in 𝑋𝑖, then the estimation 

process becomes unstable, and small changes in the data 

can lead to large fluctuations in the estimated 

coefficients. 

Moreover, weak instruments increase the variability of 

estimates, meaning that results become less precise. 

They also affect statistical inference, leading to 

confidence intervals that do not accurately reflect 

uncertainty (Stock et al., 2002; Andrews et al., 2019). 

This creates a critical trade-off: while IV can eliminate 

bias under strong instruments, it can perform poorly 

when instruments are weak. 

3.5. Generalized Method of Moments (GMM): A 

More Flexible Approach 

The Generalized Method of Moments (GMM) extends 

the IV framework by allowing for more flexible use of 

information in the data. Instead of relying on a single 

relationship, GMM uses multiple conditions (called 

moment conditions) derived from economic theory. 
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The basic idea is to choose parameter values that make 

these theoretical conditions hold as closely as possible 

in the data (Hansen, 1982). One major advantage of 

GMM is that it can handle heteroskedasticity, which 

occurs when the variability of errors differs across 

observations. 

Under heteroskedasticity, traditional methods like OLS 

and IV may become inefficient, meaning they do not 

make the best use of available information. GMM 

addresses this by assigning optimal weights to different 

observations, improving estimation efficiency (Newey 

& West, 1987). 

However, this flexibility comes at a cost. In small 

samples, GMM estimators can become unstable 

because the weighting process itself introduces 

additional estimation error. Hansen et al. (1996) show 

that GMM may perform poorly in finite samples, 

particularly when instruments are weak or numerous. 

3.6. Interaction between Weak Instruments and 

Heteroskedasticity 

In real-world applications, econometric problems rarely 

occur in isolation. Weak instruments and 

heteroskedasticity often appear together, especially in 

microeconomic and development studies. This 

combination can significantly worsen estimator 

performance. 

Heteroskedasticity affects the efficiency of estimators, 

while weak instruments affect both bias and variance. 

When these issues occur simultaneously, the resulting 

estimates can be both biased and highly variable. 

Recent studies emphasize that ignoring this interaction 

can lead to misleading conclusions. Robust methods, 

such as heteroskedasticity-consistent tests and 

improved instrument diagnostics, have been developed 

to address these challenges (Kleibergen & Paap, 2006; 

Montiel Olea & Pflueger, 2013; Andrews et al., 2019). 

3.7. Bias–Variance Trade-Off and Estimator 

Choice 

A key concept in this study is the bias–variance trade-

off, which helps explain why no single estimator is 

always best. The overall accuracy of an estimator is 

measured by its mean squared error (MSE), which 

combines bias and variance: 

𝑀𝑆𝐸 = 𝐵𝑖𝑎𝑠2 + 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 

OLS typically has low variance but high bias when 

endogeneity is present. IV reduces bias under strong 

instruments but may have high variance, especially with 

weak instruments. GMM can improve efficiency under 

heteroskedasticity but may become unstable in small 

samples. 

This trade-off means that the “best” estimator depends 

on the specific conditions of the data, including sample 

size, instrument strength, and error structure. 

3.8. Role of Monte Carlo Simulation 

Given the complexity of these interactions, analytical 

solutions are often insufficient to fully understand 

estimator behavior. This is where Monte Carlo 

simulation becomes essential. 

Monte Carlo methods involve generating artificial data 

under controlled conditions and repeatedly estimating 

the model to observe how estimators behave. This 

approach allows researchers to directly measure bias, 

variance, and other performance metrics in finite 

samples (Davidson & MacKinnon, 2004). 

By systematically varying conditions such as 

instrument strength and error variance, simulation 

studies provide valuable insights into the practical 

performance of different estimators. This makes them 

particularly useful for bridging the gap between 

theoretical econometrics and real-world applications. 
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3.9. Theoretical Implication for this Study 

Based on the theoretical and empirical literature, 

several expectations emerge: 

1. OLS will be biased in the presence of 

endogeneity  

2. IV will perform well only when instruments 

are strong  

3. Weak instruments will lead to large bias and 

variance in IV estimates  

4. GMM will improve efficiency under 

heteroskedasticity but may struggle in small 

samples  

5. The combined presence of weak instruments 

and heteroskedasticity will significantly affect 

all estimators  

These expectations form the basis for the Monte Carlo 

simulation analysis conducted in this study. 

4. Monte Carlo Simulation Framework 

4.1. Introduction to the Simulation Approach 

To rigorously evaluate the finite sample performance of 

the Ordinary Least Squares (OLS), Instrumental 

Variables (IV), and Generalized Method of Moments 

(GMM) estimators, this study adopts a Monte Carlo 

simulation approach. Monte Carlo simulation is 

particularly well-suited for this analysis because it 

allows the researcher to generate artificial datasets 

under controlled conditions where the true parameter 

values are known. This makes it possible to directly 

assess how closely each estimator recovers the true 

parameter under different econometric scenarios 

(Davidson & MacKinnon, 2004). 

Unlike empirical studies, where the true data-generating 

process is unknown, simulation provides a controlled 

environment in which specific violations such as 

endogeneity, weak instruments, and heteroskedasticity 

can be deliberately introduced and systematically 

varied. This enables a precise evaluation of estimator 

properties such as bias, variance, mean squared error 

(MSE), and coverage probability. 

4.2. Data Generating Process (DGP) 

The simulation is based on a structural model that 

incorporates both endogeneity and heteroskedasticity. 

The baseline model is specified as: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝑢𝑖 

where: 

 𝛽0 = 1and 𝛽1 = 2are the true parameter 

values,  

 𝑋𝑖is an endogenous regressor,  

 𝑢𝑖is the stochastic error term.  

4.2.1 Generation of Endogeneity 

To introduce endogeneity into the model, the 

explanatory variable 𝑋𝑖is generated as a function of an 

instrumental variable 𝑍𝑖and an error component: 

𝑋𝑖 = 𝜋𝑍𝑖 + 𝑣𝑖 

where: 

 𝑍𝑖 ∼ 𝑁(0,1)is the instrument,  

 𝑣𝑖 ∼ 𝑁(0,1),  

 𝑢𝑖and 𝑣𝑖are correlated such that 𝐶𝑜𝑣(𝑢𝑖, 𝑣𝑖) ≠

0.  

This correlation ensures that 𝑋𝑖is endogenous, as it 

becomes correlated with the error term 𝑢𝑖. This setup 

mimics real-world situations where omitted variables 

or simultaneity create dependence between regressors 

and unobserved factors. 

4.2.2 Modeling Weak Instruments 

Instrument strength is controlled by the parameter 𝜋, 

which determines the degree of correlation between 

𝑍𝑖and 𝑋𝑖. Three scenarios are considered: 

i. Strong instruments: 𝜋 = 1.0 
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ii. Moderately strong instruments: 𝜋 = 0.5 

iii. Weak instruments: 𝜋 = 0.1 

A smaller value of 𝜋implies a weaker relationship 

between the instrument and the endogenous variable, 

thereby increasing the difficulty of identification and 

amplifying finite sample problems in IV and GMM 

estimation (Staiger & Stock, 1997). 

4.2.3 Incorporating Heteroskedasticity 

To reflect realistic data conditions, heteroskedasticity 

is introduced by allowing the variance of the error 

term to depend on the explanatory variable: 

𝑢𝑖 ∼ 𝑁(0, 𝜎2(1 + 𝛾𝑋𝑖
2)) 

where 𝛾controls the degree of heteroskedasticity. The 

following scenarios are considered: 

i. Homoskedastic case: 𝛾 = 0 

ii. Moderate heteroskedasticity: 𝛾 = 0.5 

iii. Severe heteroskedasticity: 𝛾 = 1.0 

This specification captures the common empirical 

situation where variability increases with the level of 

economic activity or scale. 

4.3. Simulation Design 

The simulation experiment is structured to ensure 

robustness and generalizability of results. 

4.3.1 Sample Sizes 

To evaluate finite sample behavior, the following 

sample sizes are used: 

 Small sample: 𝑛 = 50 

 Medium sample: 𝑛 = 100 

 Large sample: 𝑛 = 500 

 Very large sample: 𝑛 = 1000 

This allows assessment of both small-sample 

distortions and asymptotic convergence properties. 

4.3.2 Number of Replications 

Each simulation scenario is repeated 10,000 times to 

ensure statistical reliability of the results. A large 

number of replications reduces simulation noise and 

provides stable estimates of bias, variance, and other 

performance measures. 

4.3.3 Estimation Procedures 

For each simulated dataset, the following estimators 

are applied: 

1. Ordinary Least Squares (OLS)  

2. Instrumental Variables (IV/2SLS)  

3. Generalized Method of Moments (GMM) 

(two-step efficient estimator)  

Each estimator produces an estimate of 𝛽1, which is 

stored across all replications. 

4.4. Performance Evaluation Metrics 

The performance of each estimator is evaluated using 

the following criteria: 

4.4.1 Bias 

Bias measures the average deviation of the estimated 

coefficient from the true parameter: 

𝐵𝑖𝑎𝑠 =
1

𝑅
∑𝛽̂1

(𝑟)

𝑅

𝑟=1

− 𝛽1 

where 𝑅is the number of replications. 

4.4.2 Variance 

Variance captures the dispersion of the estimator 

across simulations: 

𝑉𝑎𝑟 =
1

𝑅
∑(

𝑅

𝑟=1

𝛽̂1
(𝑟) − 𝛽̄1)

2 
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4.4.3 Mean Squared Error (MSE) 

MSE combines bias and variance into a single measure 

of estimator accuracy: 

𝑀𝑆𝐸 = 𝐵𝑖𝑎𝑠2 + 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 

This is particularly important because it reflects the 

trade-off between bias and variability. 

4.4.4 Coverage Probability 

Coverage probability evaluates the proportion of times 

the true parameter lies within the estimated confidence 

interval: 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = 𝑃(𝛽1 ∈ 𝐶𝐼) 

An accurate estimator should produce coverage rates 

close to the nominal level (e.g., 95%). 

4.5. Simulation Algorithm 

The Monte Carlo procedure follows these steps: 

1. Set parameter values 𝛽0 = 1, 𝛽1 = 2 

2. Generate random samples for 𝑍𝑖, 𝑣𝑖, and 𝑢𝑖 

3. Construct 𝑋𝑖using the first-stage equation  

4. Generate 𝑌𝑖using the structural model  

5. Estimate parameters using OLS, IV, and 

GMM  

6. Store estimated coefficients  

7. Repeat steps 2–6 for 10,000 replications  

8. Compute bias, variance, MSE, and coverage  

4.6. Implementation in STATA 

The simulation has been implemented using STATA’s 

simulate command: 

program define mc_sim, rclass 

    clear 

    set obs 100 

     

    gen Z = rnormal() 

    gen v = rnormal() 

    gen u = rnormal() 

     

    gen X = 0.5*Z + v + 0.3*u 

    gen Y = 1 + 2*X + u 

     

    regress Y X 

    return scalar b_ols = _b[X] 

     

    ivregress 2sls Y (X = Z) 

    return scalar b_iv = _b[X] 

     

    gmm (Y - {b0} - {b1}*X), instruments(Z) 

    return scalar b_gmm = _b[b1] 

end 

 

simulate b_ols=r(b_ols) b_iv=r(b_iv) 

b_gmm=r(b_gmm), reps(10000): mc_sim 

This code generates simulated datasets, estimates the 

model using different methods, and collects results 

across replications. 

4.7. Expected Simulation Outcomes 

Based on econometric theory, the following outcomes 

are anticipated: 

1. OLS is expected to be biased under 

endogeneity but relatively stable  

2. IV is expected to be unbiased with strong 

instruments but highly variable with weak 

instruments  

3. GMM is expected to be efficient under 

heteroskedasticity but sensitive to weak 

instruments and small samples  

4.8. Contribution of the Simulation Framework 

This simulation framework provides a systematic and 

controlled evaluation of estimator performance under 

realistic econometric conditions. It contributes to the 

literature by: 
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1. Jointly analyzing weak instruments and 

heteroskedasticity  

2. Providing finite sample evidence beyond 

asymptotic theory  

3. Offering practical guidance for estimator 

selection in applied research  

The Monte Carlo simulation approach adopted in this 

study serves as a powerful tool for understanding the 

practical performance of econometric estimators. By 

replicating real-world complexities in a controlled 

environment, the study provides robust insights into the 

conditions under which OLS, IV, and GMM estimators 

perform well or poorly. This enhances both 

methodological understanding and empirical 

application. 

5. Results and Discussion 

5.1. Introduction to Simulation Results 

This section presents the results of the Monte Carlo 

simulations to evaluate the finite sample performance 

of OLS, IV, and GMM estimators under varying 

conditions of instrument strength, heteroskedasticity, 

and sample size. The analysis focuses on four key 

performance metrics: bias, variance, mean squared 

error (MSE), and coverage probability. The results are 

organized systematically to highlight how estimator 

performance evolves across different econometric 

environments. 

5.2. Simulation Results 

      Table 1: Performance under Strong Instruments (π = 1.0) 

Estimator Sample Size Bias Variance MSE Coverage (%) 

OLS 50 0.412 0.085 0.255 72.3 

IV 50 0.018 0.210 0.211 93.8 

GMM 50 0.015 0.185 0.185 94.5 

OLS 100 0.405 0.060 0.224 73.1 

IV 100 0.010 0.120 0.120 94.6 

GMM 100 0.008 0.105 0.105 95.2 

OLS 500 0.398 0.020 0.179 74.0 

IV 500 0.002 0.030 0.030 95.0 

GMM 500 0.001 0.025 0.025 95.3 

 

Under strong instruments, both IV and GMM 

estimators perform exceptionally well. Bias is nearly 

zero, confirming consistency. GMM exhibits slightly 

lower variance than IV due to its optimal weighting 

under heteroskedasticity. 

OLS, however, remains persistently biased across all 

sample sizes, reflecting the presence of endogeneity. 

Although its variance is relatively low, its high bias 

leads to inferior overall performance. 

    Table 2: Performance under Weak Instruments (π = 0.1) 

Estimator Sample Size Bias Variance MSE Coverage (%) 

OLS 50 0.415 0.090 0.262 71.5 

IV 50 0.325 1.520 1.625 62.4 

GMM 50 0.310 1.340 1.436 64.8 

OLS 100 0.408 0.065 0.231 72.0 

IV 100 0.280 0.980 1.058 68.2 
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GMM 100 0.265 0.890 0.960 70.1 

OLS 500 0.400 0.022 0.182 73.2 

IV 500 0.150 0.320 0.343 82.6 

GMM 500 0.140 0.290 0.310 84.1 

The presence of weak instruments dramatically alters 

estimator performance. In this case, both IV and GMM 

exhibit: 

i. Substantial bias in small samples  

ii. Extremely large variance  

iii. Poor coverage probabilities  

These findings confirm that weak instruments 

undermine the reliability of IV-based estimators, 

consistent with theoretical predictions (Staiger & Stock, 

1997; Stock et al., 2002). 

Interestingly, OLS, despite being biased, outperforms 

IV and GMM in terms of MSE in small samples. This 

highlights the practical importance of the bias–variance 

trade-off, where a biased but stable estimator may be 

preferable to an unbiased but highly volatile one. 

          Table 3: Performance under Heteroskedasticity (γ = 1.0) 

Estimator Sample Size Bias Variance MSE Coverage (%) 

OLS 100 0.405 0.120 0.284 68.5 

IV 100 0.012 0.210 0.210 90.2 

GMM 100 0.009 0.150 0.150 94.7 

OLS 500 0.398 0.050 0.207 70.0 

IV 500 0.004 0.080 0.080 93.5 

GMM 500 0.002 0.055 0.055 95.1 

Under heteroskedasticity, GMM clearly outperforms 

both OLS and IV. This is expected, as GMM explicitly 

accounts for non-constant error variance through 

optimal weighting. 

OLS suffers from inefficiency and incorrect standard 

errors, while IV improves consistency but does not fully 

address heteroskedasticity. GMM’s superior 

performance demonstrates its advantage in more 

complex error structures. 

5. 3. Graphical Analysis  

To complement the tabulated simulation results and 

provide a more intuitive understanding of estimator 

performance, graphical representations of bias, 

variance, and mean squared error (MSE) are presented. 

These figures illustrate how the Ordinary Least Squares 

(OLS), Instrumental Variables (IV), and Generalized 

Method of Moments (GMM) estimators behave across 

different sample sizes under the simulated conditions. 

The graphical analysis serves two main purposes. First, 

it visually demonstrates the convergence properties of 

the estimators, particularly how IV and GMM approach 

the true parameter value as sample size increases. 

Second, it highlights the inherent bias–variance trade-

off, allowing for a clearer comparison of estimator 

efficiency and reliability. By presenting these metrics 

graphically, the study provides a more accessible and 

comprehensive interpretation of the simulation 
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outcomes, reinforcing the empirical findings derived 

from the numerical results. 

Figure 1 (Bias across estimators) illustrates that the 

OLS estimator exhibits persistent bias across all sample 

sizes due to endogeneity. In contrast, both IV and GMM 

estimators demonstrate rapid convergence toward zero 

bias as sample size increases, confirming their 

consistency under valid instruments. 

 

                Figure 1: Bias across estimators 

Figure 2 (Variance across estimators) shows that IV has 

substantially higher variance in small samples, 

reflecting its sensitivity to sampling variability. GMM 

achieves lower variance than IV, particularly under 

heteroskedasticity, due to its optimal weighting 

structure. OLS maintains the lowest variance but at the 

cost of bias. 

 

  Figure 2: Variance across estimators 
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Figure 3 (MSE across estimators) highlights the bias–

variance trade-off. While OLS performs relatively well 

in small samples due to low variance, its high bias leads 

to inferior performance as sample size increases. GMM 

consistently achieves the lowest MSE in larger samples, 

confirming its asymptotic efficiency, followed closely 

by IV. 

 

 Figure 3: MSE across estimators 

6. Major Findings 

The Monte Carlo simulation results provide several 

important insights into the finite sample behavior of the 

estimators under consideration. First, the Ordinary 

Least Squares (OLS) estimator is consistently biased in 

the presence of endogeneity, as expected from theory. 

This bias persists across all sample sizes because the 

correlation between the explanatory variable and the 

error term is not eliminated. However, OLS exhibits 

relatively low variance compared to the alternative 

estimators. As a result, in situations where instruments 

are weak, OLS can still perform competitively in terms 

of mean squared error (MSE), highlighting its relative 

stability despite its inherent bias. 

In contrast, the Instrumental Variables (IV) estimator 

performs well only when the instruments are 

sufficiently strong. Under strong instrument conditions, 

IV effectively eliminates endogeneity bias and 

produces reliable estimates. However, when 

instruments are weak, the performance of IV 

deteriorates significantly. The estimator becomes 

highly unstable, exhibiting both substantial bias and 

large variance. This unreliability under weak 

identification conditions underscores the importance of 

carefully testing instrument strength before applying IV 

methods in empirical research. 

The Generalized Method of Moments (GMM) 

estimator demonstrates notable advantages in the 

presence of heteroskedasticity. By incorporating 

optimal weighting schemes, GMM improves efficiency 

relative to both OLS and IV when error variances are 

non-constant. Nevertheless, GMM shares a similar 

vulnerability to weak instruments as IV. In small 

samples or under weak identification, GMM estimates 

can become unstable and imprecise. Its performance 

improves considerably with larger sample sizes, where 

its asymptotic efficiency properties become more 

evident. 

The role of sample size is particularly significant in 

shaping estimator performance. As sample size 
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increases, both IV and GMM estimators exhibit 

improved behavior, with reductions in bias and 

variance. This reflects their consistency and asymptotic 

efficiency. However, the simulations also reveal that 

increasing sample size alone does not fully resolve the 

weak instrument problem. Even in moderately large 

samples, weak instruments can continue to impair 

estimation accuracy and inference, indicating that 

instrument quality remains a critical factor. 

Finally, the results strongly confirm the presence of a 

bias–variance trade-off in estimator selection. OLS 

tends to have low variance but high bias, while IV and 

GMM reduce bias under ideal conditions but often at 

the cost of increased variance, particularly in small 

samples or with weak instruments. Consequently, no 

single estimator is universally superior across all 

scenarios. The choice of estimator must therefore be 

guided by the specific characteristics of the data, 

including the degree of endogeneity, instrument 

strength, sample size, and error structure. 

7. Policy and Empirical Implications 

The findings of this study carry important implications 

for both applied researchers and empirical policy 

analysis. A primary recommendation is that researchers 

should rigorously test for instrument strength before 

relying on Instrumental Variables (IV) or Generalized 

Method of Moments (GMM) estimators. Weak 

instruments can severely compromise the reliability of 

estimates, leading to biased coefficients and misleading 

inference. Therefore, diagnostic tests for instrument 

relevance should be considered a fundamental step in 

any empirical analysis involving endogenous 

regressors. 

In situations where instruments are weak or of 

questionable validity, the results suggest that OLS, 

despite its bias, may offer more stable estimates due to 

its relatively low variance. While OLS does not correct 

for endogeneity, its performance in terms of mean 

squared error (MSE) can be superior to IV and GMM in 

small samples with weak identification. This highlights 

the practical importance of carefully weighing the 

trade-offs between bias and variability when selecting 

an estimation technique. 

Furthermore, the study shows that GMM is particularly 

advantageous in the presence of heteroskedasticity, as it 

incorporates optimal weighting schemes that enhance 

efficiency. When instruments are sufficiently strong, 

GMM provides more reliable and efficient estimates 

compared to both OLS and standard IV methods. This 

makes it a preferred approach in empirical contexts 

characterized by non-constant error variance, which is 

common in cross-sectional and microeconomic data. 

Finally, although larger sample sizes generally improve 

the performance of IV and GMM estimators by 

reducing variance and enhancing consistency, the 

results demonstrate that increasing sample size alone 

does not fully resolve the challenges posed by weak 

instruments. Even in moderately large samples, weak 

identification can persist and continue to distort 

estimation results. Consequently, researchers must 

prioritize both sample size and instrument quality to 

ensure credible empirical findings. 

8. Conclusion and Recommendations 

This study sets out to evaluate the finite sample 

performance of Ordinary Least Squares (OLS), 

Instrumental Variables (IV), and Generalized Method 

of Moments (GMM) estimators under conditions 

commonly encountered in empirical research, namely 

endogeneity, weak instruments, and heteroskedasticity. 

While the theoretical properties of these estimators are 

well established in large samples, their behavior in 

finite samples remains a critical concern for applied 

econometric analysis. Using a structured Monte Carlo 

simulation framework, this study provided a systematic 

comparison of these estimators across varying sample 

sizes, instrument strengths, and error structures. 

The findings confirm that OLS, although simple and 

stable, suffers from persistent bias in the presence of 

endogeneity. This bias does not diminish with 
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increasing sample size, highlighting the fundamental 

limitation of OLS when key assumptions are violated. 

However, OLS maintains relatively low variance, 

which can make it competitive in terms of mean squared 

error, particularly in scenarios where alternative 

estimators are highly unstable. 

The IV estimator demonstrates strong theoretical appeal 

by addressing endogeneity and achieving consistency 

under valid instruments. Nevertheless, its performance 

is highly sensitive to instrument strength. When 

instruments are weak, IV estimates become unreliable, 

exhibiting both significant bias and large variance. This 

instability undermines inference and raises serious 

concerns for empirical applications that rely on weak or 

poorly constructed instruments. 

Similarly, the GMM estimator offers efficiency gains, 

particularly in the presence of heteroskedasticity, due to 

its optimal weighting structure. However, like IV, 

GMM is vulnerable to weak instrument problems and 

may perform poorly in small samples. Its advantages 

become more pronounced in larger samples with strong 

instruments, where its asymptotic properties dominate. 

Overall, the study highlights that estimator performance 

is inherently conditional on the underlying data-

generating process. No single estimator emerges as 

universally superior across all scenarios. Instead, the 

results underscore the importance of understanding the 

trade-offs between bias and variance, as well as the role 

of instrument strength and sample size in determining 

estimator reliability. 

Based on the findings of this study, several key 

recommendations are proposed for applied researchers 

and policymakers engaged in empirical analysis: 

First, researchers should prioritize rigorous testing of 

instrument strength before employing IV or GMM 

estimation techniques. Weak instruments can severely 

distort results, leading to incorrect conclusions and 

potentially flawed policy recommendations. Diagnostic 

tools such as first-stage F-statistics and robust weak 

instrument tests should be routinely applied. 

Second, in situations where instruments are weak or 

difficult to justify, researchers should exercise caution 

in relying on IV or GMM estimates. In such contexts, 

OLS may provide more stable, albeit biased, estimates. 

Researchers should explicitly acknowledge this 

limitation and interpret results accordingly, possibly 

complementing OLS with robustness checks. 

Third, when heteroskedasticity is present and 

instruments are sufficiently strong, GMM should be 

preferred due to its efficiency advantages. Its ability to 

account for non-constant error variance makes it 

particularly suitable for cross-sectional and micro-level 

data commonly used in development and applied 

economics. 

Fourth, increasing sample size should be considered an 

important strategy for improving estimator 

performance. Larger samples enhance the reliability of 

IV and GMM estimators by reducing variance and 

improving convergence. However, researchers should 

recognize that larger samples alone cannot fully resolve 

weak instrument problems, making instrument quality 

equally important. 

Fifth, empirical studies should adopt a comprehensive 

estimation strategy that includes multiple estimators 

where feasible. Comparing results across OLS, IV, and 

GMM can provide valuable insights into the robustness 

of findings and help identify potential estimation issues. 

Finally, future research should extend this analysis to 

more complex econometric settings, such as panel data 

models, dynamic systems, and high-dimensional 

frameworks. Incorporating modern techniques, 

including machine learning-assisted estimation and 

robust inference methods, may further enhance the 

reliability of econometric analysis in practical 

applications. 
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