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• Population/Sample 
• Inferences about populations on the basis of 

samples 
• Study Design 

Preliminaries 
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Study Design 

• Primary Question: “Is the design of the study 
appropriate to address the study objectives?” 
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Necessary Elements: 

• What is overall study design (RCT, Cohort 
study, Case-Control, Cross-sectional, 
Biomarkers)  

• What are the endpoints and how they will be 
quantified and what is their measurement 
scale. 

• Describe study population and control groups 
• Inclusion/Exclusion Criteria 
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• What is the available population? 
 - Collect relevant demographics 
 - Collect prognostic or confounding measures. 

 
• Need a clearly defined population that is 

relevant to the study aims. 

Additional Considerations: Study Design 
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• Randomization methods for clinical trials 
• Collect confounding factors 
• How long will follow-up period be? 
• Validity and reliability of study measures 
• Subject matching? 
• Validation of model building either with cross-

validation or training-test designs 
 

Additional Considerations 
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• Study population or design doesn’t match 
objectives 

• Insufficient time for recruitment and follow-
up. 

• Lack of availability of subjects 
 
 

Ways to Fail: Study Design 
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• Dichotomous (ex. M/F, yes/no) 
• Categorical (ex. race, profession)  
• Ordinal (ex. tumor stage) 
• Continuous (ex. SBP, protein levels) 
• Why do we care? 

Types of Variables 

http://www.ctsi.ucla.edu/


• Measures of Location 
 - Mean, Median, Mode  
• Measures of Variability 
 - Variance, Standard Deviation, Standard 

Error, Range, IQR 
 
• Parameters vs Statistics 
 

Summary Statistics 
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• The aim of hypothesis testing is to provide an 
analytical framework upon which to make 
conclusions about population based on the 
samples collected in the study. Two parts of 
hypothesis testing are: hypothesis and the test 
of that hypothesis. 
 

Hypothesis Testing 
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• Research Hypothesis: a conjecture or supposition 
that motivates the research project. 

• Statistical Hypothesis: hypotheses stated in such a 
way as they may be evaluated by appropriate 
statistical techniques. Set up as the null (H0) and 
alternative (HA) hypotheses. 

Ex: Systolic blood pressure in older patients is greater 
than in younger patients.  

 Statistical translation: The mean sbp in older patients 
is greater than the mean sbp younger patients. 

 

Types of Hypotheses 
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• We can never know if we have made a statistical 
error, but we can quantify the chance of making such 
errors. What are consequences of errors? 

• The probability of a Type I error = α 
• The probability of a Type II error = β 

 

Statistical Errors 
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• Terms: 
 1. P-value: The probability of observing a result as 

extreme or more extreme by chance alone. 
 2. Level of Significance: This is also called the α level. 

This is the p-value threshold for defining significance. 
Typically set to 0.05. This is our mechanism for 
controlling the likelihood of a Type I statistical error 

 3. Statistical Power. The probability of failing to 
reject when there is a difference. This is 1 – β. 
Typically set to 0.80.  

Statistical Testing Terms 
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• Typically 0.05, two sided.  
• Early phase clinical trials can as aggressive as 

0.1, one sided 
• With multiple outcomes need to either: 

– Explain why no correction 
– Use strong control correction (Bonferroni, Step 

methods) 
– Use weak control correction (FDR) 

Significance level 
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• The statistical power of a test is based upon: 
 1. Level of significance 
 2. Expected differences between the groups 

for the outcome measures 
 3. Amount of variability in the outcome 

measures. 
 4. The Sample Size typically this is the only 

element that we can control.  

Statistical Power 

http://www.ctsi.ucla.edu/


• For the simple case of a two group 
comparison the sample size required is based 
on the following: 

• N = (Cα + Cβ)/ effect size 
• Effect size is the difference between the 

groups divided by the amount of variability. 

Sample Size 
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• Primary Question: “Is the sample size 
sufficient to give the study the ability to 
answer the primary study questions?” 

Sample Size 
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• Avoidance of wasting your time and money! 
– Insufficient power 
– Over power 

Why do we need to consider sample size? 
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• Identify study endpoint(s). 
• For each endpoint: 

– What is the effect of intervention or magnitude of the 
relationship? 

– How much variability? 
– Level of power? 
– One or two sided test? 
– What is the statistical test used to compute power?  
– How many groups? 

What do you need to start a sample size computation 
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• Can compute sample size for power or for 
estimation 

• Account for study dropouts 
• Account for multiple comparisons 

 

Additional Considerations: Sample Size 
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• Not using relevant preliminary data in the 
calculation if available. 

• Sample size calculation does not use methods  
in the planned statistical analysis 

• Prediction modeling with large number of 
predictors relative to sample size 

• Unrealistic assumptions about magnitude of 
effect 

 

Ways to Fail: Sample Size 
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“A previous study in this area recruited 150 subjects and found highly significant 
results (p=0.014), and therefore a similar sample size should be sufficient here.” 
 
“Our lab usually uses 10 mice per group.” 
 
“Sample sizes are not provided because there is no prior information on which to 
base them.” 
 
"The throughput of the clinic is around 50 patients a year, of whom 10% may refuse 
to take part in the study. Therefore over the 2 years of the study, the sample size 
will be 90 patients. “ 
 
“It is estimated that for a sample size consisting of 6 animals in each trial and with a tumor 
volume variance from 0.1 to 1.0 cm3 – that when the difference in the population reaches 
0.25, the power will reach 100%.” 
 
 

Bad Examples 
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“A sample size of 38 in each group will be sufficient to detect a difference of 5 points 
on the Beck scale of suicidal ideation, assuming a standard deviation of 7.7 points, a 
power of 80%, assuming  a two sided significance level of 5% and a two sample t-test. 
This number has been increased to 60 per group (total of 120), to allow for a predicted 
drop-out from treatment of around one third. This difference of 5 points is based on 
our prior study in which….. ” 
 
“A sample size of 292 babies (146 in each of the treatment and placebo groups) will be 
sufficient to detect a difference of 16% between groups in the sepsis rate at 14 days, 
with 80% power. This 16% difference represents the difference between a 50% sepsis 
rate in the placebo group and a 34% rate in the treatment group. This assumes a Chi-
square test with a two sided 0.05 significance level. This estimated difference in sepis 
rate is based on the study of Bob et al [ref] in which they observed….” 

Good Examples 
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• Prior to beginning study need to define set of 
measures. 

• Collection of endpoints, demographics, clinical 
characteristics, confounders and other 
predictors. 

Data Collection 
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• Collecting too little 
– Missing key confounders, predictive, prognostic 

factors (ex. Smoking in lung cancer, tumor stage, 
age, BMI) 

– Failure to keep track of subject identifiers  

Ways to Fail 
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• Collecting too much  
– Measures with little/no variability 
– Measures with too much variability 
– Measures with substantial missing data 
– Measures that cannot be obtained consistently 
– Measures that are peripheral to the main analyses 
– Free text (other?, explain?) 
– CRFs too long for subject 

Ways to Fail 
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• What is REDCap? 
• Project REDCap and the REDCap Consortium 
• REDCap Features 
• Pitfalls with Microsoft Excel 
• REDCap at UCLA 
• Getting Started 

– Registering and Creating a New Project 
– Building Data Collection Forms and Surveys 
– Additional Features for Longitudinal Studies 
– Data Entry and Data Management 
– Additional Information about REDCap 

• Demonstration: AIDS Risk Behavior Assessment 

Databases/Data Management 
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• REDCap1 is a secure, web-based data collection tool 
developed at Vanderbilt University. 

• Designed specifically to support biomedical research studies. 
– Fully compliant with HIPPA. 
– Includes extensive tools for tracking and regulating user activity. 

• Supports data entry from case report forms, as well as 
deployment of online surveys. 

• No programming or web development experience needed. 
– User-friendly interfaces for building forms, structuring databases, 

entering data, and developing queries. 

 
1Paul A. Harris, Robert Taylor, Robert Thielke, Jonathon Payne, Nathaniel Gonzalez, Jose G. Conde. Research electronic data  
 capture (REDCap) - A metadata-driven methodology and workflow process for providing translational research informatics  
 support. J Biomed Inform. 2009 Apr; 42(2): 377 - 81.  

What is REDCap? 
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• REDCap specification maintained by Project REDCap. 
– http://www.project-redcap.org/ 

• Consortium currently consists of 1,036 partners from CTSA, GCRC, RCMI, 
and other institutions in 80 countries. 
– Over 112,000 databases developed by over 145,000 users. 

• Commonly used data collection forms shared through consortium library. 
 

Project REDCap and the REDCap Consortium 

http://www.project-redcap.org/
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• Intuitive design  
– Build databases quickly and easily. 

• Secure and web-based 
– Input data from anywhere with secure web authentication. 

• Multi-site access 
– Support studies involving researchers from multiple sites and institutions. 

• Mid-study adjustments 
– Modify the database at any time during the course of the study. 

• Importing external data 
– Integrate data from external sources with REDCap data. 

• Exporting data for analysis 
– Download data and code for statistical software (e.g., SAS, STATA, R, and SPSS). 

• Audit trails 
– Track data access and data manipulation. 

• User rights 
– Define member-specific permissions for the research team. 

REDCap Features 
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Pitfalls with Microsoft Excel 
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• Primary instance of REDCap at UCLA hosted by CTRC. 
– Administrator: Martin Lai (mylai@mednet.ucla.edu). 
– Available to all researchers in DGSOM. 

• Two REDCap servers (both backed up daily): 
– External REDCap (https://www.ctrc.medsch.ucla.edu/redcap/) 

• Supports databases free of any protected health information (PHI). 
• Accessible from anywhere with an internet connection. 

– Internal REDCap (https://ctrcapps.medsch.ucla.edu/redcap/)  
• Supports databases containing PHI. 
• Only accessible through MEDNET (or VPN). 

• Two project stages: 
– Development mode 

• Data collection forms can be created or modified. 
• Only test data should be entered. 

– Production mode 
• Data collection forms cannot be modified. 
• Demonstration of IRB approval/exemption for study required. 

REDCap at UCLA 

mailto:mylai@mednet.ucla.edu
https://www.ctrc.medsch.ucla.edu/redcap/
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• Complete access request form 
to register: 

– http://www.ctsi.ucla.edu/ctrc/files/vi
ew/docs/CTRC Redcap Access.pdf 

• Once approved, log in using AD 
username and password. 

• Things to consider when creating 
a new project: 

– Is the project longitudinal (data 
collection forms to be administered 
at multiple time points)? 

• Define study arms and events. 

– Is the data coming from case report 
forms, online surveys, or both? 

Getting Started 

 

http://www.ctsi.ucla.edu/ctrc/files/view/docs/CTRC Redcap Access.pdf
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• Build data collection forms using REDCap’s Online Designer. 
• Create new instruments, or download existing instruments 

from the REDCap Consortium library. 
• Forms can be enabled as surveys, with survey links e-mailed 

to a list of participants. 
 

Data Collection Forms and Surveys 
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• Types of fields: 
– Text Box (Short Text) 
– Multiple Choice 

• Radio Buttons 
• Dropdown List 

– Checkboxes 
– Notes Box (Paragraph Text) 
– Calculated Field 
– Yes/No, True/False 
– Dynamic SQL Query 
– File Upload 

 

Online Designer 
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• Add/edit fields 
– Defined by type, label, and 

variable name. 
– For multiple choice items, specify 

options in terms of choices and 
codes. 

– Specify various validation rules 
for text fields. 

• Implementing skip patterns 
– Use REDCap’s branching logic. 
– Drag and drop tool can specify 

simple skip patterns. 
– Advanced syntax available for 

more complex skip patterns. 

Online Designer 
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• For longitudinal studies, 
define study groups. 
– Within each arm, 

develop an event grid 
indicating which forms 
should be administered 
at which time points. 

• REDCap’s scheduling 
module can link study 
time points to calendar 
dates based on data 
collection plan. 
 

Longitudinal Databases 
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• Enter data in a user-friendly 
interface. 

• Judicious use of validation rules, 
multiple choice fields, and skip 
patterns can lead to far fewer 
data entry errors. 

• Users can be restricted to have 
data entry privileges only, 
preventing unintended database 
manipulation. 

• All data entry sessions logged. 
• Various options for implementing 

double data entry. 

Data Entry 
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• REDCap provides numerous utilities for interim data management: 
– Graphical Data View & Descriptive Statistics 

• Generate univariate tables and figures based on current data set. 

– Data Quality 
• Specify complex rules for determining consistency of data values across fields. 

– Report Builder 
• Specify simple queries to pull fields and records of interest. 

– Data Access Groups 
• Restrict access of certain users to certain fields/records to prevent unintended manipulation. 

– Data Comparison Tool 
• Compare a pair of records side by side to identify discrepancies. 

– Data Import/Export Tools 
• Import data from, or export data to, an Excel spreadsheet, to merge external data with data 

entered in REDCap, or to work with current data set outside of REDCap (e.g., using various 
statistical software packages). 

Data Management 
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• REDCap provides a library of videos 
explaining how to use its various 
modules. 

• An extended FAQ section is also 
included, which is in effect a 
comprehensive user’s manual. 

• Both can be accessed from the 
user’s home page. 

• CTSI resources: 
– Consult with Biostatistics for assistance 

with study and database design. 
• svangala@mednet.ucla.edu 

– Consult with BIP for linking UC REX data 
to a REDCap database. 

• agpatel@mednet.ucla.edu 
– Contact Martin Lai for general technical 

assistance with REDCap. 
• mylai@mednet.ucla.edu 

 

Additional Information about REDCap 
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Demonstration: AIDS Risk 
Behavior Assessment 

http://www.ctsi.ucla.edu/


UC-ReX Data Summary 

  PATIENT DIMENSION OBSERVATION_FACT 

UCSD 2,156,004 21,013,128 

UCI 1,426,986 25,130,449 

UCSF  2,974,048  56,721,257 

UCD  1,935,972  37,048,141 

UCLA 4,028,242  120,295,787 

http://www.ctsi.ucla.edu/


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ucrex.ctsi.ucla.edu 

UC-ReX Demo 
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Getting Patient-level Data 

• Request CTSI BIP assistance 

• Obtain IRB approval  

• Human subjects protection 

• Obtain Compliance review 

• Data security and privacy 

• Set up location for receiving the data 

• REDCap 

• Data transfer to secure database or file server 

• Respond to evaluation survey 

http://www.ctsi.ucla.edu/


Data Delivery to REDCap 
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Statistical Tests 
Variables 
(Outcome) 
(Predictor) 

Dichotomous Categorical Ordinal 
 

Continuous 

Dichotomous 
(0/1), (M/F) 

Chi-Square 
Fisher’s Exact 

Chi-Square 
Fisher’s 
Exact 

Wilcoxon T-test/ 
Wilcoxon 
 

Categorical 
(Race, 
Education) 

Chi-Square 
Fisher’s Exact 

Chi-Square 
Fisher’s 
Exact 

Kruskal-
Wallis 

ANOVA 

Ordinal 
(Grades, Stage) 

Wilcoxon Kruskal-
Wallis 

Spearman 
Correlation 

ANOVA 

Continuous 
(BP, Age, 
Weight)  

T-test/ 
Wilcoxon/ 
Logistic 
Regression 

ANOVA/ 
Class 
Prediction 
 

Spearman 
Correlation 
Ordinal 
Regression 

Correlation/ 
Linear 
Regression 

http://www.ctsi.ucla.edu/


• Used to compare 
categorical variables 
between groups. 

• Example: Race 
• Test compares the observed 

frequencies to expected 
frequencies. 

• Expected frequencies based 
on assumption of no 
relationship.   
 

Observed 
Frequency 

Low Dose High 
Dose 

Poor Outcome 20 13 

Good Outcome 14 21 

Expected 
Freq. 

High 
Dose 

Low 
Dose 

Younger 

Older 

5.1668
68
33

68
34

=⋅





⋅








5.1768
68
35

68
34

=⋅





⋅








5.1668
68
33

68
34

=⋅





⋅








5.1768
68
35

68
34

=⋅





⋅








Chi-square Test 
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• Used to compare 
categorical variables 
between groups. 

• Example: Race 
• Test compares the observed 

frequencies to expected 
frequencies. 

• Expected frequencies based 
on assumption of no 
relationship.   
 

Observed 
Freq. 

High 
Dose 

Low 
Dose 

Younger 20 13 

Older 14 21 

Expected 
Freq. 

High 
Dose 

Low 
Dose 

Younger 

Older 

5.1668
68
33

68
34

=⋅





⋅








5.1768
68
35

68
34

=⋅





⋅








5.1668
68
33

68
34

=⋅





⋅








5.1768
68
35

68
34

=⋅





⋅








Chi-square Test 
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• When more than 2 categories, does not 
provide an easily interpretable result. 

• When counts in a cell are small the test does 
not work well. 

• If sample size is small overall can use Fisher’s 
exact test instead. 

Chi-square Test Comments 
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• Used to compare continuous variables between 
groups. 

• Tests the hypothesis that the mean difference that 
we observe is greater than we would expect by 
chance alone. 

•  Test based on:  
 (difference in observed means)/(standard 

deviation/√n) 
 

T-test 
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• T-test assumes that the data are normally 
distributed. 

• If the data are very skewed or non-continuous 
this is a poor test to use. 

• Can log transform skewed data. 
• For paired observations (i.e. cross-over design) 

use paired t-test. 

T-test Comments 
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• Alternative to t-test. 
• Wilcoxon based on the ranks of the 

observations in the two groups. 
• Robust for non-normal data, semi-continuous 

or ordinal data. 
• Not quite as powerful as t-test. 

Wilcoxon Rank Sum Test 

http://www.ctsi.ucla.edu/


• A statistical method to determine if the mean of an 
outcome measure differs across multiple levels of a 
predictor. Example: Income and Education 

High 
School 

College Graduate 

Income $23,000 ± 
$8,000 

$29,000 ± 
$12,000 

$36,000 ± 
$15,000 

ANOVA 
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• Advantages: 
 1. Simple model that allows us to statistically 

assess differences across a grouping variable 
 2. Commonly used and understood. 
• Disadvantages: 

1. Assumes that the outcome variable is normally 
distributed. 

2. Does not allow us to make specific conclusions 
 

ANOVA 
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• A general method to 
determine if two 
measures are related to 
each other. 

• Typically the models 
determine the relative 
increase in the outcome 
measure for each unit 
of increase in the 
predictor variables. 

0
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14

1 2 3 4 5 6 7 8 9 10

Regression Line
Data

Regression Analysis 
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• Advantages: 
 1. Simple model that allows us to statistically 

assess the relationship between variables 
 2. Commonly used and understood. 
• Disadvantages: 

1. Assumes a simple linear relationship. 
2. Assumes that the outcome variable is normally 

distributed. 
 

Linear Regression Analysis 
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• Linear regression for continuous outcomes 
• Logistic regression for dichotomous outcomes 
• Poisson/Negative binomial regression for 

counts outcomes 
 

• Can include multiple predictor variables to 
assess relationships with outcomes 

Types of Regression 

http://www.ctsi.ucla.edu/
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Example Article 
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Table 1: Patient Characteristics 
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• For continuous variables (ex. age):  
-T-test if measure is approximately normally 
distributed (usually mean+/- SD) 
-Wilcoxon test if measure is skewed (usually median, 
IQR, range) 

• If SD>mean then measure is non-normal. 
• Chi-Square vs Fisher’s Tests 

Interpretation and statistical testing of Table 1 
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Kaplan Meier Curves: 
 - Method for estimation of survival probability. 
 - Used to estimate median survival times 
 - Will often incorporate censoring information 

and number at risk 
 

  

Time to Event Analysis 
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Median Survival 
Estimates 
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Log Rank Test 
 

Test comparing survival curves between groups 
Test is similar to Chi-square test. 
Test statistic is based on the difference between 

the expected number of events in a group 
across the time points versus the observed 
number of events.  
 

http://www.ctsi.ucla.edu/


Kaplan Meier Survival Curves 
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• Compute Hazard Ratio for predictors of time 
to event 

• Can have predictor variable of any type. 
• Often referred to as an adjusted analysis since 

we can control for additional prognostic 
factors in addition to treatment/marker 
effects. 

Cox Proportional Hazards Regression 
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• Regardless of type of model we want to 
compute: 
– Sensitivity (TPR) 
– Specificity (1-FPR) 
– Accuracy 
– Area under ROC curve 

• Often require validation techniques to 
accurately compute these parameters 
 

Test Assessment 
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ROC Curve construction 
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• Understand your variables. 
• Check your data: 

1. Missing observations 
2. Inconsistent observations 
3. Edit out confidential information 

• Plot your data. 

How to interact with a biostatistician (Data Analysis) 
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• Almost all clinical protocols and grant 
proposals that involve the testing of 
hypotheses require sections detailing the 
sample size justification and the statistical 
analysis plan. 

Statistical Study Design 
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• To perform a meaningful power analysis be 
prepared to bring at least one of the 
following: 

1. Background papers that discuss the outcome 
variables in similar situations. 

2. Pilot data. 
3. Good guesses. 

 
 

How to interact with a biostatistician (Power Analysis) 
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• Preparing grant applications 
– Study Design 
– Data Analysis Protocol 
– Sample Size and Power Analysis 
– Budgeting and Identifying Appropriate Statistical 

Collaborators (faculty and staff statisticians) 

• Substantial lead time is necessary for grant 
application assistance! 

Grant Applications 

http://www.ctsi.ucla.edu/


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ctsi.ucla.edu 

Submit a Service Request to CTSI 

Request a service  
on CTSI portal 
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