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Learning to Calculate Odds Ratios in Logistic Regression with R

In the realm of predictive modeling, understanding and quantifying the relationship between a set

of predictors and a dichotomous outcome is paramount. Logistic regression stands as a
foundational statistical method precisely engineered for this task. It is the indispensable tool
whenever the response variable is a binary outcome, meaning it can only take on two distinct

values, such as 'Yes/No', 'Success/Failure’, or, in a financial context, '‘Default/No Default'. Unlike
traditional linear models which assume a continuous response, logistic regression employs the
logit function to effectively model the probability of the event occurring. This critical mathematical
transformation ensures that all predicted probabilities are logically constrained between 0 and 1,
providing a robust framework for classification across diverse fields including epidemiology, risk
management, and machine learning.

When executing a statistical model in the R programming language, the output of a logistic

regression yields coefficients that represent the change in the log-odds of the outcome for every
single unit increase in the corresponding predictor variable. While mathematically rigorous, these
log-odds coefficients are notoriously abstract and difficult for stakeholders and non-technical
audiences to interpret directly. Their lack of intuitive meaning stems from the necessary logarithmic
scale transformation applied during the model fitting process, which converts a probability (a value
between 0 and 1) into an unbounded value (from negative infinity to positive infinity).

To overcome this significant interpretational challenge and bridge the chasm between statistical
abstraction and practical insight, data scientists rely heavily on the odds ratio. The odds ratio
serves as a highly intuitive metric of effect size, quantifying the multiplicative change in the odds of
the event occurring for every one-unit change in the predictor variable. By transitioning the focus
from the complex log-odds scale to these ratios, we unlock a clear, readily communicable
understanding of how each independent variable truly impacts the likelihood of the event of
interest, making the model results actionable and accessible.

The Mathematical Bridge: Converting Log-Odds Coefficients to Odds Ratios

The core challenge in interpreting logistic regression output lies in undoing the mathematical

transformation imposed by the logit link function. The log-odds coefficients produced by the model
are, by definition, the natural logarithm of the odds. Therefore, the process of converting them back
into the original odds scale--and thus obtaining the odds ratio--requires applying the inverse of the
natural logarithm, which is the exponentiation function, exp() . This relationship holds true for

every single coefficient estimated within the model, including the intercept.

Executing this fundamental transformation within the R programming language is remarkably

straightforward, requiring only a concise command applied directly to the fitted model object. If we
assume the logistic regression model has been saved as the object nodel , the simplest way to
extract the point estimates of the odds ratios for all predictor variables is by nesting the coefficient
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extraction function within the exponentiation function. This process instantaneously translates the
opaque log-odds coefficients into easily digestible, multiplicative odds ratios, ready for immediate
interpretation. This simplicity is one of the reasons R remains a dominant tool in statistical analysis.

The basic command to calculate the odds ratios for all regression coefficients within your fitted R

model object is as follows:
exp(coef(model))
While the calculation of the point estimate is crucial, relying solely on this single value can lead to

misinformed conclusions about the true effect size in the broader population. To establish
statistical rigor, it is mandatory practice to calculate a 95% confidence interval for each derived

odds ratio. This interval provides a necessary range, statistically defining where the true population
odds ratio is likely to reside, thereby enabling analysts to gauge both the precision and the
statistical significance of the predictor variable. Calculating both the odds ratios and their

corresponding 95% confidence intervals simultaneously is achieved efficiently using a single,
powerful line of R code that utilizes the confi nt () function.

exp(cbind(Odds_Ratio = coef(model), confint(model)))

This streamlined syntax is extremely efficient: the coef () function retrieves the point estimates for
the coefficients, and confint () determines the boundaries of their confidence intervals. By
wrapping the entire structure within the exp() function, R seamlessly transforms the log-odds
scale point estimates and the interval bounds into the final, intuitive odds ratios and their
accompanying confidence bounds. This combined output is the gold standard for presenting
logistic regression results.

Preparing the Data Environment: Utilizing the ISLR Default Dataset

To provide a practical, detailed demonstration of the procedure for calculating and rigorously
interpreting odds ratio, we will employ a standard pedagogical resource: the Def aul t dataset.
This dataset is readily accessible through the widely utilized ISLR package in R, which

accompanies the influential textbook "An Introduction to Statistical Learning." The Def aul t dataset
is perfectly suited for illustrating binary modeling techniques as it focuses on predicting credit
default.

The initial steps in any statistical analysis involve preparing the environment and inspecting the raw
data. We must first ensure that the necessary library is loaded into the R session to make the
Def aul t dataset available for use. Following library loading, a quick inspection of the dataset's
structure--typically achieved by viewing the first few observations--allows us to confirm the nature
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and type of the variables we will be modeling. Understanding the data structure is crucial for
correctly specifying the model formula.

The following R commands demonstrate the necessary initial steps: loading the package and
inspecting the structure of the first six rows of the dataset. This preliminary review confirms that we
are working with a mix of categorical and numerical data types, which is typical for credit risk
modeling problems:

library(ISLR)

#view first five rows of Default dataset
head(Default)

default student balance income
1 No No 729.5265 44361.625
2 No Yes 817.1804 12106.135
3 No No 1073.5492 31767.139
4 No No 529.2506 35704.494
5 No No 785.6559 38463.496
6 No Yes 919.5885 7491.559

The Def aul t dataset comprises 10,000 observations, each characterized by four essential
variables relevant to an individual's financial profile. These variables define the modeling task
ahead:

default: The binary outcome (response variable), indicating whether the individual defaulted on

their loan ('Yes' or 'N0').

student: A categorical predictor indicating the student status ('Yes' or 'No'). R will automatically
convert this factor into a dummy variable (st udent Yes) during the modeling process.

balance: A numerical variable quantifying the average credit card balance carried by the
individual.

income: A numerical variable representing the individual's annual income, measured in
thousands of dollars.

Our primary objective is to construct a logistic regression model that utilizes student status, credit
card balance, and income to accurately predict the probability of loan default. By fitting this model,
we seek to quantify the specific magnitude and direction of influence exerted by each factor.

Constructing the Logistic Regression Model in R

The fitting of the logistic regression model in R is accomplished using the workhorse function for

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://en.wikipedia.org/wiki/Categorical_variable
https://en.wikipedia.org/wiki/Logistic_regression
https://en.wikipedia.org/wiki/Logistic_regression
https://statistics.arabpsychology.com/?p=1711
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Learning to Calculate Odds Ratios in Logistic Regression with R

generalized linear models, the glm() function. It is absolutely essential to correctly specify the

distribution family for the response variable. Since def aul t is a binary variable, we must set the
argument fani | y='bi nom al'. This instruction tells R to employ the binomial probability
distribution and the logit link function, which are the prerequisites for correctly estimating a logistic
regression.

The model formula, expressed as def aul t ~st udent +bal ance+i ncone, explicitly designates
def aul t as the dependent variable that is being predicted by the three chosen independent
variables. After the model is fitted and saved to the object nodel , the subsequent step involves
reviewing the model summary. This initial review reveals the raw estimates and the associated p-
values, providing our first glimpse into the model's performance and the statistical significance

of the predictors.

The following sequence of R commands demonstrates the model fitting, followed by the
suppression of scientific notation for cleaner summary output, and finally, the display of the
standard model summary:

#fit logistic regression model
model <- gim(default~student+balance+income, family='"binomial’', data=Default)

#disable scientific notation for model summary
options(scipen=999)

#view model summary
summary(model)

Call:
glm(formula = default ~ student + balance + income, family = "binomial",
data = train)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.5586 -0.1353 -0.0519 -0.0177 3.7973

Coefficients:

Estimate Std. Error z value Pr(>|z|)

(Intercept) -11.478101194 0.623409555 -18.412 <0.0000000000000002 ***
studentYes -0.493292438 0.285735949 -1.726 0.0843 .

balance 0.005988059 0.000293765 20.384 <0.0000000000000002 ***
income 0.000007857 0.000009965 0.788 0.4304

Signif. codes: 0 ***' 0.001 **' 0.01*' 0.05'.'0.1"'"'1
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(Dispersion parameter for binomial family taken to be 1)

Null deviance: 2021.1 on 6963 degrees of freedom
Residual deviance: 1065.4 on 6960 degrees of freedom
AIC: 1073.4

Number of Fisher Scoring iterations: 8

The resulting Est i mat e column displays the raw regression coefficients on the log-odds scale.

For instance, the coefficient for bal ance (0.005988) implies that increasing the credit card balance
by one unit leads to an additive increase of 0.005988 in the log-odds of default, holding all else
constant. While the p-values confirm that bal ance is highly significant (p < 0.001), and i ncone is
clearly non-significant (p = 0.4304), the numerical meaning of these log-odds values remains
abstract. This complexity underscores the absolute necessity of transforming these estimates into
interpretable odds ratio for practical application.

Deriving Precise Estimates: Odds Ratios and the 95% Confidence Interval

The transformation from log-odds to the more accessible odds scale is achieved via
exponentiation. This step is pivotal for producing results that are communicable outside of highly

technical statistical circles. The odds ratio point estimates reveal the immediate multiplicative
effect size of each predictor. We begin by applying exp(coef (nodel )) to our fitted object,
revealing the initial point estimates for all terms:

#calculate odds ratio for each predictor variable
exp(coef(model))

(Intercept) studentYes balance income
0.00001903854 0.52373166965 1.00575299051 1.00000303345

While these point estimates are informative, they reflect only the specific sample used for training
the model. For any serious quantitative analysis, we must assess the stability and precision of
these estimates by calculating the 95% confidence interval. For odds ratios, the confidence

interval is the definitive tool for assessing statistical significance: if the interval entirely excludes

the value 1.0, the predictor variable is considered statistically significant at the 0.05 level, as 1.0
represents the null effect (no change in odds).

The comprehensive command utilizing cbi nd() and confint (), all wrapped within exp(),
efficiently generates the odds ratio alongside the lower (2.5%) and upper (97.5%) bounds of the

95% confidence interval. This output provides the necessary context for drawing robust and
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reliable conclusions about the population effects:

#calculate odds ratio and 95% confidence interval for each predictor variable
exp(cbind(Odds_Ratio = coef(maodel), confint(model)))

Odds_Ratio 2.5 % 97.5 %

(Intercept) 0.00001903854 0.000007074481 0.0000487808
studentYes 0.52373166965 0.329882707270 0.8334223982
balance 1.00575299051 1.005308940686 1.0062238757
income 1.00000303345 0.999986952969 1.0000191246

This detailed tabular result, combining the point estimate with its uncertainty bounds, is
indispensable. It allows us to move beyond simple point estimates and rigorously assess which
predictors have a meaningful and reliably non-zero effect on the odds of the binary outcome.

Detailed Interpretation of the Model Results

Interpreting the odds ratio requires understanding its multiplicative nature. It specifically quantifies
how the odds of the event (defaulting) change when the predictor variable increases by one unit,
assuming all other factors in the model remain constant (ceteris paribus). The interpretation is
fundamentally governed by the relationship of the odds ratio to the value of 1.

If the odds ratio is greater than 1, it implies a positive association: an increase in the predictor
leads to an increase in the odds of the event occurring.

If the odds ratio is less than 1, it implies a negative (protective) association: an increase in the
predictor leads to a decrease in the odds of the event occurring.

If the odds ratio is equal to 1, it signifies a null effect: the predictor variable has no measurable
impact on the odds of the event.

Let us now apply these interpretation principles to the key predictors derived from the Def aul t
model output, paying close attention to both the point estimate and the confidence interval.

For the predictor bal ance, the odds ratio is calculated as approximately 1.00575. Crucially, the
95% confidence interval spans from 1.00531 to 1.00622. Since the entire interval is firmly above

1, we conclude that credit card balance is highly statistically significant and positively associated
with default risk. Specifically, a one-dollar increase in an individual's average credit card balance
multiplies the odds of that individual defaulting by a factor of 1.00575. To express this more
intuitively, this translates to an approximate 0.575% increase in the odds of defaulting for every
dollar added to the balance. This finding strongly validates the intuition that higher debt levels are a
significant driver of financial distress.
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The categorical predictor st udent Yes yields an odds ratio of approximately 0.52373. Its 95%
confidence interval is entirely below 1, ranging from 0.32988 to 0.83342. This outcome confirms a
statistically significant inverse relationship: being a student (st udent Yes = 1) is associated with
substantially lower odds of defaulting compared to being a non-student (the reference category).
Quantitatively, the odds of a student defaulting are only 0.524 times the odds of a non-student
defaulting, after controlling for their balance and income. This effect size implies that students have
roughly 47.6% lower odds of default (calculated as 1 - 0.52373), suggesting that factors not
captured directly in the model, such as parental support or limited access to high-risk credit lines,
may be mitigating the risk for this demographic.

Finally, examining i ncone, the point estimate of the odds ratio is minute, calculated at 1.00000303.
More importantly, its 95% confidence interval ranges from 0.999987 to 1.000019. Because this

interval clearly encompasses the null value of 1.0, we must formally conclude that income is not a
statistical significance predictor of default in this specific logistic regression model, after

accounting for the overwhelming effects of balance and student status. This rigorous interpretation,
driven by the confidence interval, prevents analysts from incorrectly attributing significance to a
near-unity point estimate.

Conclusion and Further Analytical Steps

The practice of deriving and interpreting odds ratio, coupled with their robust confidence interval,

represents the definitive standard for reporting the results of logistic regression models. This
methodology effectively transforms the abstract numerical output of the log-odds scale into
guantifiable, practical insights regarding the magnitude and direction of predictor effects on a
binary outcome. By using R programming language's powerful functions, analysts can

seamlessly execute this transformation, ensuring clarity and transparency in their findings.

Mastery of odds ratio interpretation is essential for any professional involved in statistical modeling.
It ensures that the complex results of classification models are communicated effectively and
accurately to diverse audiences--from fellow data scientists to executive decision-makers. The
ability to state, for example, that "a one-unit increase in X variable increases the odds of the
outcome by Z percent” is far more impactful than citing a change in the log-odds.

To further enhance your analytical proficiency and explore related concepts critical to model
validation and interpretation, we recommend reviewing additional resources that delve deeper into
model diagnostics and the nuances of the glm() function output:

How to Interpret Pr(>|z|) in Logistic Regression Output in R

Exploring model fit statistics such as the AIC and residual deviance to evaluate overall model
quality.
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Understanding the concept of multicollinearity and its potential impact on regression coefficients.

We strongly encourage applying these transformation and interpretation techniques to various real-
world datasets. Practical application is the most effective way to build robust statistical proficiency
and ensure confidence in communicating predictive model results.

The end-to-end workflow--from data loading and model fitting using the glm() function to the final
interpretation of exponentiated regression coefficients--is a core skill set for advanced data

analysis.
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