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Understanding how to handle variables and interpret models correctly is fundamental in statistical
analysis, especially when dealing with binary outcomes such as smoking status. In this context,
modeling the likelihood of smoking based on various predictors, including the price of cigarettes and
education level, is a common task in health economics and public health research. This article guides
you through the process of generating a variable for the logarithm of prices, estimating a logistic
regression for smoking behavior on LPCIGS (the variable indicating cigarette smoking status),
specifically when the variable Hi_ed (high education) equals zero, and interpreting the results
effectively.

Introduction to Logistic Regression in Health Data
Analysis

Logistic regression is a powerful statistical method used to model binary outcome variables—such as
smoker versus non-smoker—based on one or more predictor variables. It estimates the probability
that a certain event occurs, in this case, the likelihood of smoking, by modeling the log-odds (logit) as
a linear combination of predictors.

In health behavior studies, factors like cigarette prices, education level, income, age, and other
demographic variables are often included as predictors. Understanding the relationship between
these variables and smoking behavior helps in designing effective policies and interventions.

Why Log-Transform the Price Variable?

The price of cigarettes typically exhibits right-skewed distribution, meaning most values are low with
a few high values. Applying a logarithmic transformation to the price variable offers several benefits:

Normalization: Reduces skewness, making the data more normally distributed and suitable for
linear models.

Interpretability: Coefficients in the model can be interpreted as the effect of a percentage
change in price.

Reducing heteroscedasticity: Stabilizes the variance across levels of predictors.



Thus, creating a variable for the log of prices improves model stability and interpretability.

Generating the Log of Prices Variable

Before fitting the logistic regression, you need to generate a new variable that contains the natural
logarithm of the prices. Assuming your dataset contains a variable called `price`, the process
involves:

Step 1: Check for Zero or Negative Values
Since the logarithm of zero or negative numbers is undefined, ensure that all price values are
positive.

```stata
summarize price
```

If zeros or negatives are present, consider:

- Removing invalid data points.
- Adding a small constant (e.g., 1) to all prices before logging.

```stata
generate log_price = ln(price + 1)
```

or in R:

```r
dataset$log_price <- log(dataset$price + 1)
```

Step 2: Generate the Log Variable
In statistical software like Stata or R, generate the variable:

In Stata:

```stata
generate log_price = ln(price)
```

In R:

```r
dataset$log_price <- log(dataset$price)
```



This new variable, `log_price`, now represents the natural logarithm of each individual's cigarette
price.

Fitting the Logistic Regression Model

Once the log of prices has been created, the next step is to estimate the logistic regression model for
smoking status, focusing specifically on cases where `Hi_ed=0`.

Model Specification

The general form of the logistic regression model:

\[
\log \left(\frac{P(\text{smoke} = 1)}{1 - P(\text{smoke} = 1)}\right) = \beta_0 + \beta_1 \times
\text{log_price} + \beta_2 \times \text{Other predictors} + \ldots
\]

However, since we are interested in observations with `Hi_ed=0`, we will subset the data accordingly.

Subsetting Data for Hi_ed=0

In Stata:

```stata
keep if Hi_ed == 0
```

In R:

```r
subset_data <- subset(dataset, Hi_ed == 0)
```

Now, fit the logistic regression:

In Stata:

```stata
logit smoke c.log_price [other predictors]
```

In R:

```r
model <- glm(smoke ~ log_price + other_predictors, data = subset_data, family = binomial())



summary(model)
```

Replace `[other_predictors]` with any additional variables you wish to control for.

Interpreting Results When Hi_ed=0

The estimated coefficients provide insights into how changes in the log of prices influence smoking
probability among individuals without a high education level.

Understanding Coefficients

- Log Price Coefficient (`β1`): Represents the change in the log-odds of smoking associated with a
one-unit increase in the log of price, i.e., approximately a 2.718-fold increase in price (since \( e^1
\approx 2.718 \)).

- Odds Ratio (OR): Exponentiating the coefficient provides the OR:

```r
exp_coef <- exp(coef(model))
```

An OR less than 1 indicates that higher prices (or higher log prices) are associated with lower odds of
smoking.

Implications of Results

- A significant negative coefficient suggests that increasing cigarette prices may effectively reduce
smoking prevalence among the less educated population.

- The magnitude of the OR indicates the strength of this relationship.

Additional Considerations and Best Practices

Model Diagnostics

- Assess multicollinearity among predictors.
- Check model fit using measures like the Akaike Information Criterion (AIC) or the Hosmer-Lemeshow
test.
- Evaluate residuals and influence points to ensure model robustness.



Handling Confounding Variables

Include other relevant covariates such as age, income, gender, or region to control for confounding
effects.

Sensitivity Analyses

Test the stability of your findings by:

- Using alternative transformations (e.g., log(price + 0.01))
- Subsetting data further
- Including interaction terms

Conclusion

Generating a variable for the log of prices is a vital step in analyzing the impact of cigarette prices on
smoking behavior, especially in logistic regression models. When focusing on individuals with
`Hi_ed=0`, the analysis can reveal targeted insights into how economic factors influence health
behaviors within less educated populations. The key steps involve careful data transformation,
appropriate model specification, and thorough interpretation of results. By following these best
practices, researchers can derive meaningful conclusions that inform public health policies aimed at
reducing smoking prevalence through price mechanisms and educational interventions.
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By understanding and applying these steps, analysts and researchers can effectively model and
interpret the influence of cigarette prices on smoking behaviors among specific subpopulations,
ultimately contributing to more targeted and effective health interventions.

Frequently Asked Questions



How do I create a new variable for the log of 'PricesEstimate'
in my dataset?
You can generate a new variable by applying the natural logarithm to 'PricesEstimate', for example in
R: dataset$log_PricesEstimate <- log(dataset$PricesEstimate).

Why should I use the log of 'PricesEstimate' instead of the
raw prices in my model?
Using the log transformation can stabilize variance, normalize the distribution, and improve model
interpretability, especially if 'PricesEstimate' is skewed.

How do I specify the logistic regression model for 'Smoke' on
'Lpcigs' when 'Hi_ed' equals zero?
You can subset your data where 'Hi_ed' == 0 and run: glm(Smoke ~ Lpcigs, data=subset(dataset,
Hi_ed==0), family=binomial()).

What steps are involved in estimating the effect of 'Lpcigs' on
smoking status when 'Hi_ed' is zero?
First, subset the data to 'Hi_ed' == 0, then fit a logistic regression model with 'Smoke' as the
response and 'Lpcigs' as the predictor, using a binomial family.

Can I interpret the coefficient of 'Lpcigs' directly in the logistic
regression output?
Yes, the coefficient represents the log-odds change in 'Smoke' for a one-unit increase in 'Lpcigs'.
Exponentiating it gives the odds ratio.

What if 'PricesEstimate' contains zero or negative values
when taking the log? How should I handle that?
Logarithm is undefined for zero or negative values. You can add a small constant (e.g., 1) to
'PricesEstimate' before logging: log(PricesEstimate + 1).

Is it necessary to standardize 'Lpcigs' before running the
logistic regression?
Standardization isn't necessary but can help with interpretation and model convergence if 'Lpcigs' has
a large scale or outliers.

How do I interpret the results of the logistic regression when



using the log of 'PricesEstimate' as a predictor?
The coefficient indicates how the log of 'PricesEstimate' influences the odds of smoking. Since the
predictor is logged, a one-unit increase in log 'PricesEstimate' corresponds to a multiplicative change
in the original price.

Additional Resources
Understanding and Modeling the Log of PricesEstimate for Smoking Behavior on LPCigs When Hi_ed=0

In the realm of statistical modeling and data analysis, the ability to generate meaningful variables and
interpret their implications is fundamental. When exploring the factors influencing smoking behavior,
particularly in relation to other socioeconomic or demographic variables, logistic regression models
serve as a powerful tool. This article dives deep into the process of generating a variable for the
logarithm of `PricesEstimate`, specifically within the context of analyzing smoking behavior
(`Smoke`) on `LPCigs` (likely a measure of cigarette usage or prevalence), focusing on the subset
where `Hi_ed=0` (indicating individuals without higher education).

This comprehensive review will guide you through the conceptual foundations, practical steps, and
interpretative insights necessary to effectively generate a log-transformed variable and estimate a
logistic regression model under these conditions.

---

Understanding the Context and Variables

Before delving into the technicalities, it's essential to clarify the key variables involved:

- PricesEstimate: Presumably a continuous variable representing the estimated price of cigarettes or
tobacco products. Price sensitivity often influences smoking behavior, making this variable critical in
modeling efforts.

- Smoke: The binary dependent variable indicating whether an individual smokes (`1`) or not (`0`).
Logistic regression is suitable here due to the dichotomous nature.

- LPCigs: Likely a measure related to cigarette consumption or prevalence, possibly a count or
proportion.

- Hi_ed: A binary or categorical variable indicating the individual's educational attainment, with
`Hi_ed=0` representing those without higher education.

---



Why Log-Transform the PricesEstimate?

Transforming variables via the natural logarithm (log) is a common practice in regression modeling,
especially with variables like prices, which tend to be skewed. Here are key reasons:

1. Normalization and Skewness Reduction: Price data often exhibit right skewness. Log transformation
compresses the high values and stretches lower ones, leading to a more symmetric distribution,
which can improve model fit.

2. Interpretability of Coefficients: In models where the independent variable is logged, the coefficients
can be interpreted as approximate percentage changes. For example, a coefficient of 0.2 suggests
that a 1% increase in the price estimate leads to a 0.2% change in the odds of smoking.

3. Reducing Heteroskedasticity: Log transformation can stabilize variance across the data range,
satisfying key regression assumptions.

---

Step-by-Step Guide to Generating the Log of
PricesEstimate

Creating a new variable for the log of `PricesEstimate` involves careful data preparation:

1. Data Inspection

- Check for Zero or Negative Values: Since the logarithm of zero or negative numbers is undefined,
ensure that `PricesEstimate` contains only positive values.

```python
import pandas as pd

Example: Load data into a pandas DataFrame
df = pd.read_csv('your_data.csv')

Inspect for zero or negative values
print(df['PricesEstimate'].describe())

Check for zeros or negatives
zeros_negatives = df[df['PricesEstimate'] <= 0]
print(zeros_negatives)
```

- Handle Zero or Negative Values: If zeros exist, decide on an approach:

- Add a small constant (e.g., 1) to all `PricesEstimate` to avoid undefined logs:

```python



df['PricesEstimate_adj'] = df['PricesEstimate'].apply(lambda x: x if x > 0 else 0.0001)
```

- Exclude zero or negative entries if appropriate.

2. Generate the Log Variable

- Create a new variable:

```python
import numpy as np

df['Log_PricesEstimate'] = np.log(df['PricesEstimate_adj'])
```

- Verify the new variable:

```python
print(df[['PricesEstimate', 'Log_PricesEstimate']].head())
```

3. Handle Missing Data

- Ensure there are no missing values in `PricesEstimate`. Impute or exclude as necessary:

```python
df = df.dropna(subset=['PricesEstimate'])
```

---

Filtering Data for Hi_ed=0

The focus is on individuals without higher education (`Hi_ed=0`). To analyze this subset:

```python
df_subset = df[df['Hi_ed'] == 0]
```

This filtering isolates the group of interest, allowing for targeted analysis of smoking behavior relative
to price estimates within this demographic.

---

Estimating Logistic Regression for Smoke on LPCigs



When Hi_ed=0

Logistic regression models the probability of a binary outcome—in this case, whether an individual
smokes (`Smoke=1`)—based on predictor variables like `Log_PricesEstimate`. Here's a
comprehensive guide to executing this estimation.

1. Model Specification

The basic model structure:

\[
\log\left(\frac{P(Smoke=1)}{1 - P(Smoke=1)}\right) = \beta_0 + \beta_1 \times Log\_PricesEstimate
+ \beta_2 \times LPCigs + \epsilon
\]

Depending on data availability, additional covariates can be included.

2. Fitting the Model

Using Python's `statsmodels` library:

```python
import statsmodels.api as sm

Define independent variables
X = df_subset[['Log_PricesEstimate', 'LPCigs']]
X = sm.add_constant(X) Adds intercept term

Define dependent variable
y = df_subset['Smoke']

Fit logistic regression
model = sm.Logit(y, X)
result = model.fit()

Output the summary
print(result.summary())
```

3. Interpreting Results

- Coefficients (`β`): Indicate the relationship between predictors and the log-odds of smoking.

- Odds Ratios: Exponentiate coefficients for interpretability:

```python
odds_ratios = np.exp(result.params)
print(odds_ratios)
```



- Significance: p-values determine the statistical significance of predictors.

4. Validating the Model

- Assess fit: Use metrics like pseudo R-squared, AIC, or ROC curves.

- Check assumptions: Ensure no multicollinearity, influential points, or violations.

---

Implications and Insights from the Model

The estimated logistic regression provides valuable insights:

- Price Elasticity of Smoking: The coefficient for `Log_PricesEstimate` reflects how sensitive smoking
behavior is to price changes among individuals without higher education.

- Targeted Interventions: If prices significantly influence smoking among this demographic, policies
like taxation could be effective.

- Behavioral Patterns: Understanding the role of cigarette usage (`LPCigs`) alongside price effects can
inform public health strategies.

---

Additional Considerations

While the above approach covers the core steps, several considerations enhance analysis robustness:

- Handling Multicollinearity: Check correlations among predictors and apply remedies if necessary.

- Modeling Nonlinear Effects: Explore polynomial or spline terms for `Log_PricesEstimate` if
relationships are non-linear.

- Interaction Terms: Test interactions between `Log_PricesEstimate` and other variables to uncover
nuanced effects.

- Sample Size and Power: Ensure the subset (`Hi_ed=0`) has sufficient data points for reliable
estimation.

- Sensitivity Analyses: Compare models with different transformations or covariates to validate
findings.

---



Conclusion

In sum, generating a variable for the log of `PricesEstimate` and estimating a logistic regression
model for `Smoke` on `LPCigs` when `Hi_ed=0` is a methodologically sound approach to
understanding smoking behavior among less-educated populations. The log transformation not only
improves model fit but also facilitates interpretability, allowing policymakers and researchers to
quantify the impact of price changes on smoking prevalence.

By carefully handling data issues, conducting rigorous modeling, and thoughtfully interpreting results,
analysts can derive actionable insights that inform public health initiatives and economic policies
aimed at reducing smoking rates within vulnerable groups.

---

In essence, this detailed process underscores the importance of thoughtful data transformation and
targeted analysis in behavioral research, ensuring that our conclusions are both statistically robust
and practically meaningful.
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