RT-qPCR Analysis Workflow
Overview
This analysis workflow is intentionally separated into two independent components:
1. Descriptive analysis using the classical ΔΔCt workflow 
2. Statistical modelling performed directly on ΔCt values 
This separation reflects the distinction between:
· presenting observed expression differences using the commonly reported fold-change approach; and 
· performing statistical inference using a model appropriate for hypothesis testing. 

Script Part 1: Descriptive ΔΔCt Calculations
Purpose
This script reproduces the traditional ΔΔCt workflow commonly used for RT-qPCR experiments.
The purpose of this analysis is to:
· calculate descriptive fold-change values; 
· summarize observed expression differences; 
· generate visualization of expression patterns. 
This script does not perform statistical hypothesis testing. It also cannot account for interaction effects.
All uncertainty estimates generated within this workflow represent biological variability in the observed ΔΔCt values and should not be interpreted as statistical confidence intervals, because it does not correct for sample size.
Formal statistical inference is performed in Script Part 2.

Descriptive Workflow
Step 1: Import RT-qPCR Dataset
The dataset contains the following experimental variables:
· Experiment: independent experimental run 
· Treatment: experimental condition (e.g., WT or RNAi) 
· Body Part: tissue location sampled 
· ΔCt: normalized cycle threshold value relative to the housekeeping gene chosen
The analysis begins by reading the RT-qPCR dataset into R.

Step 2: Separate Observations by Treatment
Observations are separated according to treatment group.
Each treatment is summarized independently before calculating expression differences.
Example:
WT
· Head 
· Mid 
· Hind 
RNAi
· Head 
· Mid 
· Hind 

Step 3: Calculate Descriptive Statistics
For each Treatment × Body Part combination within an experiment, the following statistics are calculated:
· Mean ΔCt 
· Standard deviation of ΔCt 
These values summarize the observed expression data. However, if there was only one non-missing observation of each combination within an experiment, then an `NA` value was generated because variance is not defined for a single observation. Caution should also be generated as the mean ΔCt is confounded with the sample value.

Step 4: Calculate ΔΔCt
ΔΔCt is calculated as:

Interpretation:
· Positive ΔΔCt indicates reduced expression in the RNAi treatment. 
· Negative ΔΔCt indicates increased expression in the RNAi treatment. 
· Means and SD of  were calculated

Step 5: Convert ΔΔCt to Fold Change
Mean fold change was calculated using:

Interpretation:
· Fold change > 1 indicates increased expression. 
· Fold change < 1 indicates decreased expression. 

Step 6: Propagate Uncertainty
Variability is propagated through the ΔΔCt calculation before transformation into fold-change space.
This variability ONLY describes variability in the corrected observed data, but is NOT error of an estimate.
They are not equivalent to confidence intervals.
Confidence intervals for statistical inference are generated using the linear modelling approach described in Script Part 2.

Step 7: Generate Descriptive Figures
Figures produced from this workflow illustrate:
· observed expression differences; 
· biological trends; 
· fold-change relationships between treatments. 
These figures should be interpreted as descriptive summaries rather than statistical evidence.

Script Part 2: Statistical Modelling of ΔCt Values
Purpose
Statistical inference is performed directly using ΔCt values rather than transformed fold-change values.
This approach is preferred because ΔCt values generally better satisfy the assumptions required for linear modelling.
Fold-change values are exponential transformations and can:
· introduce asymmetry; 
· produce skewed distributions; 
· generate unequal variance. 
In contrast, ΔCt values are approximately normally distributed and are therefore more suitable for analysis using linear models.
This approach is consistent with MIQE recommendations and established RT-qPCR statistical practices.

Accounting for Experimental Variation
Why Include Experiment as a Model Term?
Samples were processed across two independent experimental runs.
Independent experimental runs may differ due to:
· reagent variation; 
· pipetting differences; 
· instrument calibration; 
· operator effects; 
· environmental conditions. 
These factors can introduce systematic shifts in ΔCt values.
Therefore, Experiment is included as a model term to account for experiment-to-experiment variation.
This allows treatment effects to be estimated after adjusting for differences between experimental runs.

Relationship Between ΔΔCt and Linear Modelling
Both the classical ΔΔCt method and the linear model account for experimental variation.
Classical ΔΔCt Approach
The workflow is:
ΔCt
↓
Normalize relative to control
↓
Calculate ΔΔCt
↓
Convert to fold change

Linear Model Approach
The workflow is:
ΔCt
↓
Include Experiment as a model term
↓
Evaluate model fit and significance
↓
Estimate adjusted treatment effect (RNAi – WT) and generate 95% confidence interval

The approaches are conceptually similar.
However, the linear model provides several advantages:
· formal hypothesis testing, especially when two treatment factors (body part and RNAi treatment) are involved; 
· true confidence intervals; 
· adjusted treatment estimates; 
· simultaneous adjustment for experimental factors; 
· improved handling of unbalanced datasets. 
Therefore:
· ΔΔCt is used for descriptive visualization and, while it does adjust for experimental conditions, is not transparent about experimental effects. 
· Linear modelling is used for statistical inference, full transparency in reporting, and more complex treatment structures (e.g., two-way ANOVA). 

Part A: Type III Sums of Squares Linear Model
Initial Model
The first model tests whether treatment effects differ among body parts.
The model is:

Type III sums of squares are used because each factor is evaluated after accounting for all other variables included in the model to see if it is absorbing variation in the data.

Testing the Treatment × Body Part Interaction
The interaction term tests whether treatment effects differ depending on tissue location.
If the interaction is not significant, the model is simplified to:

This improves precision while retaining adjustment for relevant sources of variation.

Why Use Type III Sums of Squares?
Type III sums of squares addresses the question:
After accounting for Experiment and Body Part, does Treatment explain significant variation in ΔCt?
This directly corresponds to the biological question of interest. It can also address: after accounting for Experiment and Treatment, does Body Part explain significant variation in ΔCt? And similarly for Experiment (hence is more transparent).

Estimated Marginal Means
Estimated marginal means represent treatment means adjusted for:
· Experiment; 
· Body Part. 
These adjusted means are analogous to ΔΔCt values after accounting for experimental variation, but, importantly, also adjust for body part (when evaluating Treatment) and account for unbalanced data.

Treatment Contrast
The primary contrast is:

This provides:
· adjusted ΔCt difference (i.e., equivalent to a more fully adjusted ΔΔCt value); 
· standard error; 
· p-value; 
· 95% confidence interval. 

Converting Statistical Results to Fold Change
Statistical inference is performed on the ΔCt/ ΔΔCt scale.
However, fold change remains the most familiar biological interpretation.
Therefore, the estimated treatment difference and confidence interval limits are individually transformed:

The final reported values include:
· estimated fold change; 
· lower 95% confidence interval; 
· upper 95% confidence interval. 
This preserves statistical validity while presenting results in the conventional RT-qPCR format. Thus, interaction effects were tested for, experimental effects can be reported, and fully adjusted ΔΔCt values and their 95% confidence intervals are reported.

Part B: Nested Model Comparisons
Purpose
Nested model comparisons provide an independent validation of the conclusions obtained using Type III sums of squares. In fact, in this design structure, the two are equivalent.
Agreement between both approaches demonstrates that conclusions are robust and not dependent on a single statistical framework.

Nested Models Tested
Model 1

Tests variation explained by experimental run alone.

Model 2

Tests whether Treatment explains additional variation beyond Experiment.

Model 3

Tests whether Body Part explains additional variation beyond Experiment.

Model 4

Tests the additive effects of Treatment and Body Part.

Model 5

Tests whether treatment effects differ among body parts.

Interpretation of Nested Model Comparisons
Nested comparisons ask:
Does adding this variable significantly improve model fit?
For example:
Comparison:

versus

determines whether Treatment explains significant variation after accounting for experimental differences.
Although nested model comparisons and Type III sums of squares use different statistical approaches, both address the same biological question and are often equivalent in certain designs:
Does treatment significantly influence gene expression after accounting for experimental variation?

Here we compare the full model (with the interaction effects) to a model without interaction effects and then further reduced modes to demonstrate that Treatment accounts for significant variation.

Summary
This workflow combines the strengths of both approaches:
· The classical ΔΔCt method provides an intuitive and widely recognized visualization of expression differences. 
· Linear modelling of ΔCt values provides statistically rigorous inference while accounting for experimental variation, fully transparent reporting of all factors that ΔΔCt cannot, and handling of more advanced treatment structures, such as a two-way factorial treatment structure (body part x treatment interaction). 
This approach provides both biological interpretability and robust statistical analysis of RT-qPCR expression data.

