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If Two Regressions Use Different Sets Of Observations, Then We Can Tell How The R-squareds Will

Compare. This statement is fundamental in understanding the behavior of R-squared, a key metric in

regression analysis, especially when comparing models fitted on different data samples. When

analyzing multiple regression models, researchers often wonder how differences in the data used

influence the R-squared values. Knowing whether one model's R-squared is likely to be higher or

lower than another's—despite differences in sample observations—can inform decisions about model

validity, data quality, and predictive power. This article explores the theoretical underpinnings that allow

us to compare R-squared values across regressions with different datasets, providing insights into the

conditions, limitations, and practical implications of such comparisons.

---

Understanding R-squared in Regression Analysis

Before delving into comparisons across different datasets, it's essential to understand what R-squared

represents in regression analysis.

What Is R-squared?

R-squared, also known as the coefficient of determination, measures the proportion of variance in the

dependent variable that can be explained by the independent variables in the model. It ranges from 0

to 1:



- An R-squared of 0 indicates that the model explains none of the variance.

- An R-squared of 1 indicates perfect explanation of the variance.

Mathematically, it is expressed as:

\[ R^2 = 1 - \frac{\text{Sum of Squared Residuals (RSS)}}{\text{Total Sum of Squares (TSS)}} \]

where:

- RSS: Residual sum of squares, representing unexplained variance.

- TSS: Total sum of squares, representing total variance in the dependent variable.

Significance of R-squared

While R-squared provides a snapshot of a model's explanatory power, it is not the sole metric for

model quality. It can be influenced by the number of predictors and the nature of the data, which

makes comparison across different datasets nuanced.

---

Impact of Different Observation Sets on R-squared

When two regressions are conducted on different subsets of data, their R-squared values may differ.

Understanding how and why this difference occurs requires examining the characteristics of the

datasets and the models.

Key Factors Influencing R-squared Differences

- Sample Variability: The amount of variance in the dependent variable within each sample affects R-

squared. More variability can either inflate or deflate R-squared depending on the relationship with



predictors.

- Model Fit to Data: The degree to which the regression model captures the patterns in each dataset

influences the R-squared value.

- Presence of Outliers or Leverage Points: Outliers can skew the fit and thus impact R-squared

differently across samples.

- Number of Observations: Smaller samples tend to produce more volatile R-squared estimates,

making comparisons less stable.

Why Comparing R-squareds Across Different Samples Is Not

Straightforward

Because R-squared depends heavily on the specific data used, two regressions with different samples

can have R-squared values that are not directly comparable. For example:

- A higher R-squared in one sample might reflect more predictable data rather than a better model.

- Variations in the distribution of the dependent variable can influence the total variance, affecting R-

squared.

---

Theoretical Framework for Comparing R-squareds Across

Different Observations

Despite these complexities, certain theoretical principles allow us to predict how R-squared values

relate when regressions use different datasets.



Key Theoretical Insights

1. R-squared Is Bounded by Variance in the Dependent Variable

Since \( R^2 = \frac{\text{Explained Variance}}{\text{Total Variance}} \), any change in the total variance

(TSS) across samples influences R-squared. If one dataset has a larger variance in the dependent

variable, it can potentially lead to a higher or lower R-squared depending on the explained variance.

2. Relationship With the True Underlying Model

When the underlying relationship between predictors and the dependent variable is stable, the R-

squared values across different samples will tend to reflect sampling variability rather than fundamental

differences in explanatory power.

3. Sample Size and Variability

Larger samples tend to produce more stable R-squared estimates. Smaller samples might produce

inflated or deflated R-squareds due to sampling error.

---

Conditions Under Which R-squared Can Be Compared

In practice, comparing R-squared across different datasets is meaningful under certain conditions:

- The datasets are drawn from the same population with similar characteristics.

- The models employ the same predictors and functional forms.

- The sample sizes are sufficiently large to minimize sampling variability.

- The variance of the dependent variable in each dataset is comparable.

If these conditions are met, theoretical comparisons become more reliable.

---



How To Predict R-squared Comparisons When Using Different

Data Sets

Knowing the theoretical basis, analysts can approach R-squared comparison with strategies that

account for data differences.

Strategies for Comparing R-squared Values

1. Assess Variance of the Dependent Variable

- Calculate the TSS in each dataset.

- Recognize that higher TSS can lead to higher potential R-squared if the explained variance scales

proportionally.

2. Standardize or Normalize Data

- Use standardized variables to remove scale effects.

- Comparing standardized R-squareds provides insight independent of variable scales.

3. Use Adjusted R-squared

- Adjusted R-squared accounts for the number of predictors relative to observations.

- It mitigates overfitting and makes comparisons more meaningful across datasets with different sizes.

4. Perform Cross-Validation or Out-of-Sample Testing

- Evaluate models on common data or through resampling.

- This approach helps assess whether R-squared differences are due to data variation or model

performance.

5. Compare Model Fit Using Alternative Metrics

- Use metrics such as AIC, BIC, or mean squared error alongside R-squared to obtain a

comprehensive view.



---

Practical Examples and Implications

To illustrate these principles, consider the following scenarios:

Example 1: Different Data Samples from the Same Population

Suppose two regression analyses are run on two different samples from the same population. Sample

A has higher variability in the dependent variable than Sample B, but both models use the same

predictors.

- Expected Outcome: R-squared in Sample A might be higher simply because of larger TSS, assuming

similar explained variance.

- Implication: Comparing raw R-squareds directly may be misleading. Instead, examining adjusted R-

squareds or standardized measures provides a better basis for comparison.

Example 2: Different Predictors or Model Specifications

If the models differ in included predictors or functional forms, R-squared comparisons become even

less reliable, especially across different datasets.

- Best Practice: Use metrics that penalize for model complexity or employ cross-validation to assess

out-of-sample performance.

---



Limitations and Cautions

While theoretical insights help in understanding R-squared comparisons across different datasets,

several limitations must be acknowledged:

- Sampling Variability: Small samples can produce misleading R-squared estimates.

- Data Quality: Differences in data quality, measurement error, or outliers can distort R-squared.

- Model Misspecification: Different models or omitted variables can affect R-squared independently of

data differences.

- Non-Comparable Populations: When samples come from different populations, R-squared

comparisons are less meaningful.

---

Conclusion

In summary, when two regressions use different sets of observations, understanding how their R-

squared values compare hinges on several theoretical principles. Key factors include differences in the

variance of the dependent variable, sample size, data variability, and model specification. While R-

squared can provide initial insights, it must be interpreted cautiously, especially across different

datasets. Employing adjusted R-squared, standardized variables, cross-validation, and alternative

metrics enhances the robustness of such comparisons. Recognizing the limitations and conditions

under which R-squared comparisons are valid ensures more accurate interpretation, guiding better

decision-making in regression analysis and predictive modeling.

---
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Frequently Asked Questions

Can we directly compare R-squared values from two regressions that

use different observation sets?

No, because R-squared values depend on the specific data used; different sample sets can lead to

different R-squareds, making direct comparison misleading.

How does the difference in sample observations affect the R-squared

values of two regressions?

Different observations can cause variations in the R-squared because the fit and the variance

explained are sample-specific, so the R-squareds may not be comparable or indicative of true model

performance.

Is it possible for one regression to have a higher R-squared than

another if they are based on different datasets?

Yes, it is possible, but a higher R-squared does not necessarily mean a better model; differences in

data samples can influence R-squared, so comparisons should be made cautiously.

What factors influence the comparison of R-squareds when

regressions are run on different data sets?

Factors include the variability of the data, the sample size, the presence of outliers, and the underlying

relationship between variables in each dataset, all of which can impact R-squared values.



How can we properly compare the explanatory power of models based

on different datasets?

To compare models fairly, it’s best to evaluate them using consistent metrics, cross-validation, or apply

the models to a common test set rather than relying solely on R-squared from different datasets.

Additional Resources

If Two Regressions Use Different Sets Of Observations, Then We Can Tell How The R-squareds Will

Compare

---

Introduction

In the realm of statistical analysis and econometrics, the coefficient of determination, commonly known

as R-squared, serves as a core metric to evaluate the goodness-of-fit of a regression model. It

quantifies the proportion of variance in the dependent variable that is explained by the independent

variables, offering a straightforward means to assess model performance. However, an often-

overlooked aspect involves the comparison of R-squared values across different regressions that are

estimated on distinct sets of observations.

This situation arises frequently in empirical research, where data availability, missing values, or

deliberate sample restrictions lead to regressions being run on different subsets of data. The key

question then becomes: If two regressions use different sets of observations, can we predict how their

R-squareds compare? Understanding this comparison is vital for accurate interpretation, fair evaluation,

and robust inference, especially when assessing model improvements, data selection biases, or the

implications of sample restrictions.

This article provides a comprehensive investigation into this question, exploring the underlying



statistical properties, the role of sample composition, and the theoretical and practical implications. We

will delve into the conditions under which R-squared comparisons are meaningful, how differences in

data subsets influence these metrics, and what insights can be drawn to inform empirical analysis.

---

The Nature of R-squared and Its Dependence on Data

Definition and Interpretation of R-squared

R-squared is mathematically expressed as:

\[

R^2 = 1 - \frac{\text{RSS}}{\text{TSS}}

\]

where:

- RSS (Residual Sum of Squares): The sum of squared residuals from the regression.

- TSS (Total Sum of Squares): The total variation in the dependent variable around its mean.

In essence, R-squared measures the proportion of total variation in the dependent variable that is

captured by the model. It varies between 0 and 1, with higher values indicating a better fit.

Dependence on Sample Data

Since both RSS and TSS depend on the observed data, R-squared is inherently sample-dependent.

When the sample changes—either by removing observations or selecting a different subset—the

residuals and the total variation may also change, leading to different R-squared values even if the

estimated models are similar.



This dependence raises an important question: how can we compare R-squareds across models

estimated on different data subsets? To answer this, we need to understand how data composition

influences these metrics.

---

The Impact of Different Observation Sets on R-squared

Sample Variation and Its Effects

When two regressions are estimated on different observation sets, several factors influence how their

R-squareds compare:

- Distribution of the Dependent Variable (Y): Changes in the mean or variance of Y across samples

can affect TSS.

- Relationship Between X and Y: If the correlation structure differs, the explained variance may

change.

- Presence of Outliers or Leverage Points: These can disproportionately influence residuals, altering

RSS and R-squared.

- Sample Size and Variability: Smaller samples or samples with less variability tend to produce more

volatile R-squared estimates.

In particular, when the second sample is a subset of the first, or when the samples are entirely disjoint,

the comparison becomes more nuanced.

---

Theoretical Foundations for Comparing R-squareds across Different Samples

R-squared as a Function of Variance Explained



Recall that:

\[

R^2 = \frac{\text{Explained Variance}}{\text{Total Variance}}

\]

Suppose we have two samples, \(S_1\) and \(S_2\), with corresponding dependent variables \(Y_1\)

and \(Y_2\). Their R-squareds are:

\[

R^2_1 = \frac{\text{Var}(\hat{Y}_1)}{\text{Var}(Y_1)} \quad \text{and} \quad R^2_2 =

\frac{\text{Var}(\hat{Y}_2)}{\text{Var}(Y_2)}

\]

where \(\hat{Y}_i\) are the fitted values from the regression on sample \(i\).

This perspective emphasizes that differences in total variance and explained variance between

samples influence R-squareds. Therefore, unless the samples are similar in their distributional

properties, R-squareds may not be directly comparable.

The Role of Sample Composition

If the two samples differ significantly in their distributions, the R-squared comparison becomes less

meaningful. For example:

- A sample with a narrow range of \(Y\) (low variance) may produce a high R-squared even if the

model explains little in the broader population.

- Conversely, a sample with a wide variance may have a lower R-squared despite explaining the same

proportion of variance relative to its total variation.

Formal Results and Bounds



Theoretical work (e.g., in the context of linear models) suggests that:

- If the second sample is a subset of the first, and the model is correctly specified, then the R-squared

on the subset will not necessarily be higher or lower; it depends on the distributional properties within

that subset.

- When samples are disjoint, R-squared comparisons require caution; the metrics relate to different

populations with potentially different variances and relationships.

In some cases, upper bounds can be established. For instance, if the second sample is a subset with

less variance, the R-squared might artificially appear higher simply because of reduced total variation,

not necessarily improved explanatory power.

---

Practical Implications and Empirical Considerations

When Can We Guess the R-squared Comparison?

While there is no universal rule, several scenarios allow us to anticipate how R-squareds will compare:

- Sample Size and Variance: If the second sample is a subset with lower variance in \(Y\), expect R-

squared to potentially be higher or lower depending on the explained variance.

- Sample Similarity: When samples are similar in their distributional properties, the R-squareds tend to

be comparable.

- Model Specification Consistency: If models are identical and data distributions are similar, differences

in R-squared reflect true differences in fit, not sample artifacts.

Empirical Strategies for Comparison

To make meaningful comparisons between regressions on different samples, researchers often

employ:



- Adjusted R-squared: Accounts for the number of predictors but not directly for sample differences.

- Standardized or Partial R-squared: Measures the proportion of variance explained relative to the total

variance in each sample.

- Out-of-Sample Prediction: Using one sample to predict on another provides a more robust measure

of model performance unaffected by sample-specific variance.

- Reweighting or Resampling Techniques: Bootstrap or cross-validation methods help assess how R-

squared varies across samples.

---

Key Takeaways and Recommendations

- R-squared is sample-dependent, and its comparison across different datasets requires caution.

- Differences in sample composition, such as variance, distribution, and size, significantly influence R-

squared values.

- Comparing R-squareds directly is meaningful only when:

- The samples are similar in their statistical properties.

- The models are correctly specified and applied consistently.

- In cases where samples differ substantially, alternative metrics or validation methods (e.g., out-of-

sample prediction error) are preferable.

---

Conclusion

Understanding how R-squared behaves when regressions are estimated on different sets of

observations is crucial for accurate interpretation of empirical results. While the intuitive notion might

suggest that a higher R-squared indicates a better model, this is only valid within comparable samples.

Differences in sample composition—such as variance, distribution, and size—can distort this

comparison, making it impossible to determine a priori whether one R-squared should be higher than

another.



Empirical researchers should therefore exercise caution and consider supplementary metrics, validation

techniques, or adjustments to ensure that their comparisons are meaningful. Recognizing the

dependence of R-squared on the underlying data sets underscores the importance of consistency,

data quality, and robust validation in regression analysis.

---
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