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SECTION A

INTRODUCTION
Now this is not the end. It is not even the beginning of the end. But it is, perhaps, the end of the beginning

Winston Churchill

Medical statistics is the backbone of evidence-based medicine, providing the tools to analyze cli-
nical data and validate scientific findings. From randomized controlled trials to epidemiological 

studies, statistical methods help quantify risks, compare treatments, and assess diagnostic accuracy (Fi-
gure). Without statistical rigor, medical research would be prone to bias, leading to unreliable conclu-
sions that could impact patient care. Historical examples, such as the discovery of smoking-related lung 
cancer risks, showcase how statistics have reshaped medical practice. Understanding these methods is 
essential for clinicians and researchers striving to make data-driven decisions.

To navigate the world of medical statistics, one must first grasp fundamental concepts and termi-
nology. Variables – whether categorical, continuous, or ordinal – form the basis of any dataset and di-
ctate the appropriate analytical approach. Probability distributions, such as the normal and binomial 
distributions, help model real-world phenomena and guide statistical inference. A key distinction exi-
sts between descriptive statistics, which summarize data, and inferential statistics, which allow conclu-
sions to be drawn about a population based on a sample. Mastering these basics ensures a strong foun-
dation for more complex analyses.

However, even experienced professionals can fall prey to statistical misconceptions that distort in-
terpretation. A p-value below 0.05 does not necessarily indicate a meaningful result, as statistical signi-
ficance does not always imply clinical relevance. Similarly, the common confusion between correlation 
and causation can lead to misleading claims, where associations are mistaken for causal relationships. 
Confidence intervals, often misinterpreted, provide a range of plausible values rather than a definitive 
truth. Recognizing these pitfalls helps prevent errors in medical research and practice.

A strong grasp of statistics is not just for methodologists-it is crucial for all healthcare professio-
nals. Misinterpretation of statistical results has led to flawed clinical decisions, from misreported drug 
efficacy to misleading survival rates. Studies have shown that many clinicians struggle with basic sta-
tistical concepts, highlighting the need for better education in this area. By improving statistical lite-

Figure. Statistical expertise as a continuum from key concepts to applications and constant update.
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racy, healthcare providers can critically assess research, apply findings appropriately, and enhance pa-
tient outcomes. In an era of data-driven medicine, understanding statistics is no longer optional-it is 
indispensable.

This book is designed to bridge the gap between theory and practice, offering a user-friendly appro-
ach to medical statistics. Each chapter introduces key concepts through real-world case studies, practi-
cal exercises, and step-by-step examples. Whether you are designing a study, interpreting published 
research, or learning to use statistical software, this handbook provides the essential tools needed for 
medical data analysis. Interactive elements, including sample datasets and coding snippets, make the 
learning process engaging and applicable. By the end, readers will be equipped with the confidence to 
navigate the statistical landscape of modern medicine.

Notably, the first and last sections contain chapters similar in scope and structure to those from 
other leading books on biostatistics. Instead, the second and third sections, respectively focusing on 
more basic and more advanced topics, are structured in a peculiar way. After a text providing key in-
formation on the topic at hand, the reader is offered: a) a biopic of a pioneer in statistics; b) a real world 
application of the topic; c) a commented scholarly article; d) a commented code for a statistical packa-
ge (eg R or Stata); e) a multiple choice question for self-assessment; and f) a set of take home messages. 
Accordingly, each chapter can be used as a standalone tool for studying a topic, but the busy reader can 
also review all the topics by, for instance, going through all the multiple choice questions seamlessly.

Any approach is welcome, as long as the reader enjoys the book and leverages it to deepen her/his 
understanding of statistics.
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KEY STATISTICAL CONCEPTS
A good decision is based on knowledge and not on numbers

Plato

Medical statistics relies on a clear understanding of data types and measurement scales, as the-
se dictate the appropriate analytical approach. Variables can be categorical or continuous, with 

further distinctions such as nominal, ordinal, interval, and ratio scales. Selecting the correct statistical 
test depends on recognizing these differences, ensuring that the chosen methods align with the natu-
re of the data. For instance, a chi-square test is suitable for categorical data, while a t-test is used for 
comparing means of continuous variables. Inappropriate classification can lead to misleading conclu-
sions, emphasizing the importance of a strong conceptual foundation. A common mistake is treating 
ordinal variables as continuous without verifying whether this assumption holds, potentially distor-
ting analyses.

A grasp of probability theory and statistical distributions is crucial for interpreting medical data ac-
curately (Figure). Concepts like conditional probability and Bayes' theorem play a key role in diagno-
stic studies, particularly when calculating predictive values of medical tests. Distributions such as the 
normal, binomial, and Poisson underpin many statistical methods, dictating the assumptions behind 
common tests. For example, the normal distribution is fundamental to parametric tests like the t-test 
and analysis of variance (ANOVA), while the Poisson distribution is used in modeling rare event coun-
ts, such as the incidence of a disease over time. The Central Limit Theorem allows researchers to make 
population-level inferences from sample data, reinforcing the importance of sufficiently large sample 
sizes. Without probability theory, statistical models would lack predictive power and clinical relevance, 
making it harder to assess risks, treatment effects, and outcomes in medical research.

Determining the right sample size and ensuring statistical power are essential to avoid errors in re-
search. Power analysis helps balance feasibility with reliability, preventing Type I errors (false positives) 
and Type II errors (false negatives) that can distort findings. A study with low power risks failing to 
detect true effects, while an excessively large sample may identify statistically significant but clinically 
irrelevant differences. Sample size calculations depend on several factors, including effect size, variabi-
lity, significance level, and desired power. In clinical trials, careful sample size planning ensures that 
resources are used efficiently and that findings are robust enough to support clinical decisions. Failing 

Figure. The reverse pyramid of statistical inference.
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to account for dropouts in longitudinal studies can also compromise the validity of results, making 
adjustments for attrition an important aspect of study design.

Before analysis, data must undergo cleaning and preprocessing to ensure accuracy. Missing data, 
outliers, and inconsistencies can introduce bias and compromise validity, necessitating careful han-
dling through imputation methods or exclusion criteria. For example, simple mean imputation may 
not always be appropriate, as it can underestimate variability, while multiple imputation offers mo-
re robust solutions. Outlier detection methods, such as Tukey’s fences or Mahalanobis distance, help 
identify potential errors or extreme values that may unduly influence results. Data transformation and 
normalization are particularly important in machine learning and regression analyses, ensuring that 
variables are on comparable scales and that model assumptions are met. Proper data management is 
fundamental to maintaining the integrity of statistical conclusions, reducing errors, and making resul-
ts reproducible.

The interpretation of p-values, confidence intervals, and hypothesis tests remains one of the most 
misunderstood aspects of statistics. A p-value below 0.05 does not automatically imply clinical signi-
ficance, highlighting the need for confidence intervals to assess the precision of estimates. Confidence 
intervals provide a range of plausible values for an effect size and offer more informative insights than 
p-values alone. Researchers must also apply multiple testing corrections to avoid spurious findings 
when conducting multiple comparisons, using techniques such as Bonferroni correction, Holm adjust-
ment, or false discovery rate control. Furthermore, recent shifts in statistical best practices emphasize 
moving away from rigid p-value thresholds, encouraging the use of effect sizes and Bayesian alternati-
ves. By integrating statistical reasoning with rigorous methodology, clinicians and researchers can ma-
ke data-driven decisions that improve patient outcomes and advance medical science.
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SECTION B

TYPES OF DATA
It is a capital mistake to theorize before one has data

Sherlock Holmes

In medical research, classifying data correctly is crucial for selecting the appropriate statistical analy-
sis and ensuring valid conclusions (Figure). Data types determine which tests can be applied, how 

results should be interpreted, and whether findings can be generalized to larger populations (Table). 
Researchers must understand the different measurement scales used in medical statistics, as misclas-
sification can lead to misleading conclusions. Whether analyzing patient outcomes, treatment effects, 
or diagnostic accuracy, recognizing the nature of the data is the first step in sound statistical practice.

Categorical data includes nominal and ordinal variables, which classify observations into distinct 
groups without implying precise numerical differences. Nominal variables, such as blood type (A, B, AB, 
O), have no inherent order, while ordinal variables, like disease severity (mild, moderate, severe), follow a 
meaningful ranking but lack consistent intervals between categories. Statistical tests such as the chi-squa-
re test or Cochran-Armitage trend test are commonly used to analyze categorical data. However, impro-
per classification of ordinal variables as continuous can lead to biased estimates and incorrect inferences.

Continuous data, encompassing interval and ratio variables, allows for meaningful arithmetic ope-
rations and precise comparisons. Interval variables, such as temperature in Celsius, have equal spacing 
between values but no true zero, whereas ratio variables, like weight or blood pressure, have a meaningful 
zero point and allow for calculations of ratios. Analyzing continuous data typically involves parametric 
tests such as t-tests, analysis of variance (ANOVA), and regression models. Proper data scaling and tran-
sformation may be required to meet statistical assumptions, ensuring accurate and meaningful results.

The distinction between discrete and continuous data is important in selecting the correct statisti-
cal techniques. Discrete data, such as the number of hospital admissions per week, can only take spe-
cific values, while continuous data can assume any value within a range. Epidemiological studies often 
deal with both types, requiring methods such as Poisson regression for discrete outcomes and linear 
regression for continuous measures. Misinterpreting discrete data as continuous, or vice versa, can lead 
to incorrect model assumptions and unreliable findings.

A fundamental aspect of medical research is binary (dichotomous) data, which consists of variables 
with exactly two possible values, such as disease presence/absence or treatment success/failure. These 
variables are commonly analyzed using logistic regression, which estimates odds ratios and relative ri-

Figure. Summary of different types of data.
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sks. While binary classification is useful, it may oversimplify complex conditions where disease severi-
ty varies along a spectrum. Recognizing the limitations of dichotomous data ensures a more nuanced 
understanding of clinical outcomes.

For studies tracking patient outcomes over time, time-to-event (survival) data is essential. Unlike 
other data types, survival data accounts for censoring, where some patients are lost to follow-up before 
experiencing the event of interest (e.g., death, disease recurrence). Methods such as Kaplan-Meier sur-
vival curves and Cox proportional hazards regression help estimate survival probabilities and risk fac-
tors over time. Proper handling of censored data is necessary to avoid bias in survival analysis.

In many clinical studies, longitudinal and repeated measures data track the same individuals across 
multiple time points. Unlike cross-sectional data, which captures a single time snapshot, longitudi-
nal data reveals trends and variations over time. Analyzing such data requires advanced methods like 
mixed-effects models, which account for correlations between repeated observations. Handling missing 
data in longitudinal studies is critical, as improper imputation methods can introduce systematic bias.

With advancements in medical technology, big data and high-dimensional datasets are becoming 
increasingly common in healthcare research. Large-scale datasets from genomics, imaging, and electro-
nic health records require specialized statistical methods, such as principal component analysis (PCA) 

Table. Types of data. ANOVA = analysis of variance.

Data type Definition Examples Appropriate 
statistical tests

Common misclassi-
fications & risks

Nominal Categorical, no 
inherent order

Blood type (A, B, AB, 
O), Gender (M/F)

Chi-square test, 
Fisher’s exact test

Treating as ordinal 
or continuous

Ordinal Categorical with a 
meaningful order but 
unequal intervals

Disease severity (mild, 
moderate, severe)

Wilcoxon rank-
sum test, Cochran-
Armitage trend test

Treating as 
continuous (e.g., 
calculating means)

Continuous 
(interval)

Numeric, equal 
intervals, but no true 
zero point

Temperature (°C or 
°F), IQ score

t-tests, ANOVA, 
Regression models

Assuming ratio 
properties, improper 
log transformation

Continuous 
(ratio)

Numeric, equal 
intervals, with a 
meaningful zero

Weight (kg), blood 
pressure (mmHg), 
HbA1c (%)

t-tests, ANOVA, 
regression models

Misapplying 
parametric tests if 
assumptions are 
violated

Discrete Numeric, but only 
takes integer values

Number of hospital 
visits, White blood cell 
count

Poisson regression, 
negative binomial 
regression

Treating as 
continuous in models 
requiring normality

Binary 
(dichotomous)

Two possible 
outcomes

Presence of diabetes 
(Yes/No), mortality 
(Alive/Dead)

Logistic regression, 
relative risk analysis

Using linear 
regression instead of 
logistic regression

Time-to-event 
(survival)

Measures time until 
an event occurs, 
often with censoring

Time to disease 
progression, time to 
hospital discharge

Kaplan-Meier curves, 
Cox proportional 
hazards model

Ignoring censoring, 
applying standard 
regression models

Longitudinal/
repeated 
measures

Data collected over 
multiple time points

Blood pressure 
readings at multiple 
visits

Mixed-effects 
models, generalized 
estimating equations

Ignoring within-
subject correlations

Big data/high-
dimensional

Large datasets with 
many variables/
features

Genomics data, 
electronic health 
records

Machine learning, 
principal component 
analysis 

Overfitting, 
computational 
inefficiency
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and machine learning approaches for pattern recognition. However, challenges such as data sparsity, 
computational complexity, and overfitting must be addressed to ensure valid interpretations.

Ensuring data quality and validity is a critical step in medical research. Measurement errors, mi-
sclassifications, and inconsistencies can lead to unreliable findings. Researchers must assess the relia-
bility (repeatability) and validity (accuracy) of their data collection methods, using techniques like in-
ter-rater reliability tests and Bland-Altman plots. Implementing standardized data collection protocols 
minimizes errors and enhances reproducibility.

Selecting the right data type for statistical analysis is essential for drawing robust conclusions. Ca-
tegorical data requires appropriate tests like chi-square or logistic regression, while continuous data be-
nefits from parametric approaches such as t-tests and ANOVA. Researchers should be aware of com-
mon pitfalls in data classification and transformation to avoid incorrect inferences. By adhering to best 
practices in data management and reporting, medical researchers can ensure that their analyses are ac-
curate, interpretable, and clinically meaningful.

BIOPIC
Imhotep (circa 2650-2600 BCE) was an Egyptian polymath and architect, who pio-
neered early data classification systems, organizing census records for taxation and la-
bor management in ancient Memphis. His methods of categorizing populations by age, 
occupation, and gender laid foundational principles for nominal and ordinal data types. 
Revered as history’s first "data steward," his work underscores humanity’s timeless drive 
to structure chaos into actionable knowledge.

REAL-WORLD SCENARIO

Preamble A hospital is conducting a study to evaluate predictors of poor glycemic control in patients with 
type 2 diabetes. The researchers collect various data points, including HbA1c levels (percentage), 
body-mass index (BMI, kg/m²), presence or absence of diabetic complications (Yes/No), and pa-
tient-reported adherence to lifestyle modifications (low, moderate, high). When analyzing the 
data, a junior doctor suggests averaging the adherence scores and running a t-test, without con-
sidering the nature of the variable.

Question How does misclassifying data types affect the accuracy and clinical relevance of a study’s findings?

Elaboration Treating an ordinal variable (adherence: low, moderate, high) as continuous could lead to mislead-
ing results, as the numerical spacing between categories is not truly uniform. Similarly, applying lin-
ear regression to a binary outcome (complication: Yes/No) instead of logistic regression may produce 
uninterpretable risk estimates. Recognizing and correctly classifying data types ensures appropri-
ate statistical tests, valid conclusions, and clinically meaningful recommendations for patient care.

LANDMARK STUDY

Reference Serruys et al. A comparison of balloon-expandable-stent implantation with balloon angioplasty 
in patients with coronary artery disease. Benestent Study Group. N Engl J Med 1994;331:489-95.

Key 
features

This randomized controlled trial compared balloon-expandable stent implantation with balloon 
angioplasty in patients with coronary artery disease. The study assessed primary endpoints such 
as restenosis rates and procedural success, using a combination of binary data (e.g., presence or 
absence of restenosis) and continuous data (e.g., lesion length and luminal diameter). Follow-up 
included angiographic measurements and clinical outcomes, ensuring a comprehensive evalua-
tion of treatment efficacy. By integrating multiple data types, the trial provided a rigorous statis-
tical comparison of both interventions.
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Comment This study highlights the critical role of correctly classifying data types in clinical research, as bi-
nary and continuous data require different statistical approaches. The use of randomized alloca-
tion design strengthens the reliability of findings, serving as a model for evidence-based medicine. 
Moreover, the study underscores how medical data classification impacts clinical decision-making, 
reinforcing the importance of precise statistical methodology in cardiology research.

SAMPLE CODE
In medical research, it is often necessary to convert continuous variables into ordinal categories to 
facilitate appropriate statistical analysis and clinical interpretation. The R code provided below 
demonstrates how to classify HbA1c levels into glycemic control categories (Low, Moderate, High) 
using predefined clinical thresholds. This approach ensures that statistical tests respect the underly-

ing nature of the data, preventing misinterpretation while maintaining clinical relevance.

MULTIPLE CHOICE QUESTION

Question A research study examines the effect of a new diabetes drug on blood glucose levels. The research-
ers measure fasting blood glucose (mg/dL) before and after treatment. Which of the following 
best describes the type of data collected?

Choices A) Ordinal data B) Nominal data C) Discrete data
D) Continuous (Ratio) data E) Binary data

Elaboration Fasting blood glucose is a continuous variable measured in mg/dL, where values have equal in-
tervals and a meaningful zero (ratio data). Ordinal data (A) would involve categories like "low, 
moderate, high" without a precise numerical scale. Nominal data (B) consists of named categories 
without order, such as blood type. Discrete data (C) includes countable values like the number of 
hospital visits. Binary data (E) is restricted to two possible outcomes, such as "normal" vs. "high 
glucose levels." (Correct answer: D)

TAKE HOME MESSAGES 

👶 For 
Beginners

Correctly classifying data into categorical (nominal, ordinal) or numerical (discrete, continu-
ous) is essential for choosing the right statistical test and avoiding errors in medical research. 
Misclassification can lead to incorrect conclusions, affecting clinical decision-making.

💡 For 
Experts

Beyond traditional classification, longitudinal, survival, and high-dimensional data require ad-
vanced statistical approaches such as mixed-effects models, Cox regression, and machine learn-
ing techniques. Careful consideration of data structure, assumptions, and context is key to en-
suring robust and interpretable results.

⚠ 
Outstanding 
Issue

With the increasing use of artificial intelligence and big data in healthcare, how should medical 
researchers adapt traditional data classification frameworks to accommodate high-dimensional 
and unstructured data (e.g., imaging, genomics, real-time monitoring)? Developing standard-
ized guidelines for handling complex medical datasets remains a major challenge.


