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List of Key Stat Concepts

1. Population vs Sample
2. Hypothesis testing 
3. Power and Sample Size 
4. P-value
5. Confidence intervals
6. Multiple testing and false discovery
7. Bias
8. Confounding
9. Bias and Precision



1. Population vs Sample



Random Selection

We want to know about this: But have to work with this:

Parameter:  
Population Mean μ 

Statistic: 
Sample mean ҧ𝑥 

Inference

Population Sample



Sample vs Population

• Collect Data from sample

• Make inference on the population

• Key features of sample

– Representative (not biased)

– Adequate size (enough information)



2. How to perform a hypothesis 
test



Hypothesis Testing Framework

1. Start with neutral assumption (e.g., no difference between groups)

2. Analyze data (evidence)

3. Compute P-value:  How likely is the observed difference happening if truly 
no difference between groups (null hypothesis)? 

4. Assume rare things do not happen: If this probability is VERY unlikely (less 
than pre-determined significance level α, commonly 0.05);  reject the 
assumption of no difference and conclude treatment has an effect

5 Make a decision (reject null or fail to reject)



 

 

Example

1. Formulate hypotheses:  H0:  μ₁ = μ₂       H₁: μ₁ ≠ μ₂
 

          2.  Collect data: 

20 mice

Placebo
n1=10

Drug
n2=10

Follow 42 days

Follow 42 days

ഥ𝒙𝟏 = 1062.8 mg
s1 = 44.8

ഥ𝒙𝟐 = 888.5 mg
s2 = 51.7

Difference:
174.3 mg

Tumor Size Data

3. Combine data into test statistic to evaluate hypothesis 



Petrice, A.  Statistics in Orthopaedic Papers  (2006)

Choose the right statistical test for your 
outcome and study design



Test statistic is “signal to noise” ratio weighted by sample size: 

Test Statistic for Comparing Two Means

Note:  This is the statistic for the T-test when 
sample sizes are equal in the two groups

H0:  μ₁ = μ₂       H₁: μ₁ ≠ μ₂ 



Hypothesis 
Testing

• Mean tumor size at day 42: 

          Placebo (n=10):            

          Drug (n=10):      

• Summarize results into appropriate

   test statistic for comparing means:                                      

                                                                              

                                                                                t =  
10 (174.3)

(44.8)2+(51.7)2
 = 8.1

                                                                  

• t=8.1 falls in rejection region (>=1.734), reject null

Diff = 174.3 mg

Note: when n is the same 
in two groups

ҧ𝑥1 = 1062.8 mg; s1 = 44.8
ҧ𝑥2 =    888.5 mg; s2 = 51.7



What can go wrong in hypothesis 
testing



Types of Error



How to minimize these errors

•More stringent threshold for significance 

    (e.g,. α = 0.01 instead of α = 0.05)

•Reduce sources of variability (decrease SD or background “noise”)

• Increase sample size



3.  Sample Size and Power



How large does my study need to be?

•Too few:  Can’t detect effect of interest (won’t get 
statistically significant results)

•Too many: Waste of resources; even small effects that are 
not biologically important become statistically significant

•Typically want to compute sample size to achieve 80% 
power

•Use sample size software



What information do you need to 
determine sample size?

Statistician

Experimental Design

Effect Size

Variability

Type I error
Power 



Power and Sample Size



•Power = 1 – Pr(Type II error) 

                 = Pr(correctly concluding effective        

                         treatment works)

➢80% power:  Probability concluding that an effective 
treatment works is 80%.

Power



Example

 “The study had 80% power with N=100 per 
group and a two-sided Type 1 error rate of 5% to 
detect a 20% difference in response rates 
between treatment and control arms (60% in 
experimental vs. 40% in control).” 



Treatment
     60%

Control
   20%

Population 

Sample 2
    53%

Sample 2
    27%

Sample set 2: Difference = 26%; statistical test: p=0.14
Sample 3
    60%

Sample 3
    7%

Sample set 3: Difference =53 %; statistical test: p=0.002

Sample 1
    67%

Sample 1
    20%

Sample Set 1: Difference = 47%; statistical test: p=0.01

80% power: 80% of the time will 
observe p < 0.05

True
Difference:
40%



How many subjects?

Decreases N Increases N

↑Rx effect ↓ Rx effect

↓ Variability  ↑ Variability

↑ α ↓ α

↓ Power ↑ Power



4.  P-Values



Back to Example

•Mean tumor size at day 42: 

          Placebo (n=10):            

          Drug (n=10):      

• Summarize results into appropriate

   test statistic for comparing means:                                      

                                                                              

                                                                     t =  
10 (174.3)

(44.8)2+(51.7)2
 = 8.1

                                                                  

•What is probability of observing t as large as 8.1 by chance if truly 
no difference between control and drug? 

   Pr (observe t > 8.1) + Pr (observe t < -8.1) = 
                   2 x (9.76×10−7 ) = 1.95 x 10−6

Diff = 174.3 mg

Note: when n is the same 
in two groups

ҧ𝑥1 = 1062.8 mg; s1 = 44.8

ҧ𝑥2 =    888.5 mg; s2 = 51.7



P-value

• Probability of observing a result at least as 
extreme as what you observed if null hypothesis 
were true (i.e., no treatment effect).

• High p-value: If treatment groups same, the 
observed difference is  likely result under the null; 
consistent with no treatment effect.

• Low p-value: What you observed is unlikely result 
under null; 

• Example: Observed p=1.95 x 10−6; conclusion? 



P-value

• We statisticians do not think RARE events 
happen

• RARE event is evidence AGAINST the null 
hypothesis

• Low p-value leads to rejection of the null



Keep in mind factors that 
affect P-value



Six Ways to P-Hack

Leif Nelson, UC Berkeley Professor



"There's nothing wrong with having a lot of data and looking 

at  it carefully….The problem is p-hacking.“
                                                              Andrew Althouse, University of Pittsburgh

September, 2018



Effect of Sample Size on P-value

• Study of > 19,000 people

• Those who met spouses on-line were less 
likely to divorce (p < 0.002) and more likely 
to have high marital satisfaction (p < 0.001) 
than those who met off-line 



P-value and Effect Size

Off line On Line P-value

Divorce rate 7.7% 6.0% P < 0.002

Happiness 
(7 point scale)

5.5 5.6 P < 0.001



5. Confidence interval

 95% CI for μ:  ҧ𝑥 ±  1.96 𝑆𝐸



Confidence Interval

• 95% Confidence Interval: 95% chance or 
probability that given interval includes true 
but unknown population value

CI1

CI2 CI3

CI4

Population
Mean = μ

Sample 1
Size=n
Mean= ҧ𝑥1

Sample 2
Size=n
Mean= ҧ𝑥2

Sample 3
Size=n
Mean= ҧ𝑥3

Sample 4
Size=n
Mean= ҧ𝑥4



Confidence Interval

• More informative than p-value

• All values in the CI for population parameter 
could NOT be rejected at p< 0.05 level if these 
values were tested using sample data

         Values for true population parameter that 
are “consistent” with your data.



Inference with Confidence Intervals

                                     

                                        0

         (A – B) Difference in Success Rates

A Superior to B

A Inferior to B

Inconclusive

Inconclusive



Impact of Sample Size on 
Confidence Intervals

                                   0

                               (PE-PP)

N=10

N=100

Difference=20%
95% CI = (-22%, 62%)

Difference=20%
95% CI = (7%, 33%)



  6.    Multiple testing



Consequences of Multiple Testing

• If test 100 genes for association with a disease using α= 0.05, 
probability of observing at least one false positive result is 
>99% just by chance even if no genes are truly associated. 

False positive rate/Type I error rate increases with number of tests performed



Adjusting for multiple testing 

➢ Bonferroni Correction (very conservative)
     - Adjust p-value threshold:𝛼∗=0.05/100=0.0005
      -Only consider significant if p < 0.0005
      -Prevents false positives, but may miss real effects

➢ False Discovery  Rate (FDR; more flexible)
      -Controls the proportion of false positives among all the
       “significant” results
      -Common method: Benjamini-Hochberg
     - Widely used in high-dimensional fields (e.g., genomics,     
       machine learning)



7. Bias

• Occurs when subjects, specimens, data being compared are not 
inherently same or not handled similarly, resulting in systematic 
difference between groups

• Sources of bias:
      -Biological/clinical characteristics
      -Investigator bias
      -Study sample not representative of underlying study population  
       (e.g., EHR)
      -Laboratory error
      -Data entry or coding error
      -Wrong statistical approach



• Blood test based on proteomic patterns for the early  
detection of ovarian cancer

• SE=100% , SP=95%, PPV= 94%



“…these concerns suggest that much of the structure uncovered 
in these experiments could be due to artefacts of sample 

processing, not the underlying biology of cancer”



Selection Bias

Example: Use Electronic Health Records data to study risk factors 
for diabetes

• Extract data from patients who had at least one fasting 
glucose test in past 2 years

• Problem: Patients with higher BMI or family history more 
likely to be tested; sample overrepresents high-risk individuals

• Inclusion in EHR dataset via testing, diagnosis, utilization is 
not random; can introduce selection bias

• How to address? Use data from multiple sources; adjust for 
health care utilization patterns; inverse probability weighting



Missing Data

Type Description Example Bias

MCAR Missing Completely at Random Equipment failure No

MAR
Missing At Random 

(Depends on observed data)

Elderly more likely to 
skip a survey 
question

Maybe 

MNAR
Missing Not At Random 

(Depends on unobserved data)
Patients with worse 
symptoms drop out

Yes

➢ Missing data can reduce sample size and introduce bias

➢ Prevention is better than correction (e.g, imputation)

➢ Assess and report degree of missingness



8.  Confounding



Conclusions
“Chocolate consumption enhances cognitive function,  which is a sine qua non for winning the 
Nobel Prize,  and it closely correlates with the number of Nobel laureates in each country”

Explanations for finding:
• Author is correct: Chocolate increases 

cognitive performance
• A third variable (wealth, education) 

explains relationship, e.g., countries 
with more resources and education to 
develop nobel prize winners also 
happen to consume more chocolate

   

Confounding 



Education

Chocolate Nobel Prize

Confounding



Exercise

Vitamin E Heart Disease

Vitamin E and Heart Disease



How to minimize bias and confounding

•Sound laboratory practices
•Be aware of selection bias
•Randomization
•Blinding
•Matching
•Statistical models to adjust:
    Y=α + β1𝑥1+ β2𝑥2 + ε

•Avoid missing data and
 measurement error



9. Bias and Precision

• Goal: Want to obtain results which are both ACCURATE (unbiased) and 
PRECISE

• Low accuracy: Biased results; over or underestimate effects of biological or 
clinical factors of interest

• Low precision: A lot of uncertainty/inconsistency in results; unable to 
detect true biological or clinical signal. Results less reproducible. 



Recall CI  

ҧ𝑥 ±  1.96 𝑆𝐸



Results from 4 Studies: 95% CI

                                                                                   
                              (Experimental - Control Group)

Study 4: High accuracy, high 
precision

Study 2:
High accuracy, 
low precision

20%

Study 3: Low accuracy, high 
precision

80%60%0%

Study 1: Low accuracy, 
low precision

40%



How to improve precision 
(i.e. get narrower CI)

Example: 95% CI for mean:  ഥ𝒙 ± 𝟏. 𝟗𝟔
𝝈

𝒏

• Decrease 𝝈: 
    -Technical variability: Replicate and use average
    -Biological variability: More homogeneous study
     population
   
• Increase sample size (n)



Biological Replicates
Biological Replicates:
• Definition: Independent samples that represent 

biological variation.
• Purpose: Estimate how much variability exists across 

individuals or biological systems.
• Example:

• Measuring gene expression in three different mice.
• Running a drug assay on cells from three different 

patients.

• Statistical role: These count as independent 
observations and are used for statistical inference 
(e.g., t-tests, regression).



Technical Replicates
 Technical Replicates:

• Definition: Repeated measurements of the same biological sample.
• Purpose: Quantify and minimize measurement error or lab technique 

variability.
• Example:

• Running the same RNA sample on the qPCR machine three times.
• Reading the same well multiple times in a plate reader.

• Statistical role: Not considered independent; usually averaged or 
modeled as random error.

• Explain the consequences of confusing them:
• Inflated sample size if technical replicates are treated as biological ones
• False precision and invalid p-values
• Technical replicates are useful for QC and estimating measurement error.
• Mixed-effects models can explicitly model within-sample vs. between-

sample variability when both types are used.



Biological vs Technical Replicates

The consequences of confusing them:

• Inflated sample size if technical replicates are 
treated as biological ones

• False precision and invalid p-values

• Technical replicates are useful for QC and 
estimating measurement error.

• Mixed-effects models can explicitly model within-
sample vs. between-sample variability when 
both types are used.



Independent units MatchedClustered units

Treated
N=8

Control
N=8

Pre-Rx Post-Rx

Experimental Design Affects Efficiency



Bias vs Variance (Precision) Tradeoff in 
Statistical Modeling

•Bias  decreases as model complexity increases.

•Variance increases with model complexity.

•Total Error first decreases, then increases

•Prediction error is a function of bias and 
variance

•High bias (underfitting):
• Model is too simple
     (linear model for non-linear data)
• Fails to capture underlying 

patterns

•High variance (overfitting):
• Model is too complex 
• Captures noise as if it were signal



Take home messages

• Statistical reasoning and methods are important throughout all phases 
of research: design, conduct, analysis, to produce rigorous and 
reproducible translational research

• Take advantage of training opportunities in statistical methods and 
reproducible research at the institution, online

• Study design affects validity and interpretability of statistical results.
    Rigor and reproducibility are essential for trustworthy science.
    Biostatistics plays a critical role in study design, analysis, and 
    transparency.

• Collaborate with biostatisticians: TEAM SCIENCE! 



AECC Biostatistics Shared Resource



BERD House
https://einsteinmed.edu/centers/ictr/biostatistics-
epidemiology-research-design-core/berd-house/



Virtual Walk-In Stat Consulting Center: Tuesday afternoons 3-5 pm via zoom



Where to go for help

• Virtual Walk-In Stat Consulting Center: 
Tuesday afternoons 3-5 pm via zoom

• Clinical Research Training Program

• Courses; online resources
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