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Double Dipping: Using the same data for two tasks, such as: 
1. Fitting and evaluating a model. 
2. Generating and testing a null hypothesis. 
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Outline 
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Gene 1 Gene 2 Gene 3

Cell 1 18 0 22

Cell 2 4 0 5

Cell 3 2 0 0

Cell 4 29 15 17

Examples of Questions 
1. Which genes are differentially expressed 

across cell types? 
2. Which genes are differentially expressed 

along a cellular differentiation trajectory?  

Examples of Challenges 
1. Cell type and cell trajectory are 

unobserved and must be estimated.  
2. Number of cell types or topology of 

trajectory not necessarily known in 
advance.  
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Single cell RNA-sequencing 
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Two instances where double dipping arises 

1. Model selection for latent variable models. 

• “How many cell types exist in this data?” 

• We double dip if we use the same data to fit and evaluate the models.  

2. Inference after latent variable estimation. 

• “Which genes are differentially expressed across cell types?”  

•  We double dip if we use the same data to estimate the clusters and 

then test for differential expression. 
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scRNA-seq dataset Estimating 
clusters on 
training set

does not yield 
cluster 
assignments 
for test set. 
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Step 1: thin 
observations into 
train/test. 

Step 2: 
cluster the 
training set. 

Xij ∼ NB(7,7)for i = 1,…,100, j = 1,2

 😍p ≈ 0.8
X  X(1)  X(2)

Step 3: evaluate clusters 
or test for difference in 
means on test set. 
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Thinning avoids the pitfall of sample splitting on our motivating 
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Large values of  are helpful 
for estimating cell types 

ϵ

Adjusted Rand 
index between 

true and 
estimated cell 

types 

Differential expression magnitude, 
true cell types.  

but leave less power for 
differential expression testing.  

Proportion of  
nulls 

rejected

Differential expression magnitude, 
estimated cell types.  

,



R package and tutorials: 
 https://anna-neufeld.github.io/

countsplit/

23

Poisson thinning is useful in the analysis of single-cell RNA sequencing 
data

https://anna-neufeld.github.io/countsplit/
https://anna-neufeld.github.io/countsplit/


Is the Poisson assumption reasonable?
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X(1)
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Poisson thinning fails when applied to negative binomial data

If , then: 

1.  , 

2.  , 

3.  
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E[X(1)
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Cov (X(1)
ij , X(2)
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Poisson thinning fails when applied to negative binomial data
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1. Motivation: settings where sample splitting doesn’t work 

2. Poisson thinning 

3. Data thinning 

4. Application to human fetal cell atlas data 

5. Application to cardiomyocyte differentiation data  

6. Ongoing work
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Can we achieve these same properties when  is not Poisson? X

What did we like about Poisson thinning? 
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31

The negative binomial distribution is “convolution-closed”

We can “undo” this sum!
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X
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Negative binomial data thinning



X(2)

Gene 1 Gene 2

Cell 1 18 6

Cell 2 31 8

Cell 3 11 31

Cell 4 22 34

Cene 1 Gene 2

Cell 1 14 1

Cell 2 10 6

Cell 3 5 17

Cell 4 6 25

Gene 3 Gene 4

Cell 1 4 5

Cell 2 21 2

Cell 3 6 14

Cell 4 16 9

X
X(1)

32

Negative binomial data thinning



X(2)

Gene 1 Gene 2

Cell 1 18 6

Cell 2 31 8

Cell 3 11 31

Cell 4 22 34

Cene 1 Gene 2

Cell 1 14 1

Cell 2 10 6

Cell 3 5 17

Cell 4 6 25

Gene 3 Gene 4

Cell 1 4 5

Cell 2 21 2

Cell 3 6 14

Cell 4 16 9

Xij

X
X(1)

32

Negative binomial data thinning



X(2)

Gene 1 Gene 2

Cell 1 18 6

Cell 2 31 8

Cell 3 11 31

Cell 4 22 34

Cene 1 Gene 2

Cell 1 14 1

Cell 2 10 6

Cell 3 5 17

Cell 4 6 25

Gene 3 Gene 4

Cell 1 4 5

Cell 2 21 2

Cell 3 6 14

Cell 4 16 9

X(2)
ij := Xij − X(1)

ij

Xij

X
X(1)

32

X(1)
ij ∣ Xij = xij ∼ BetaBinomial(xij, ϵbij, (1 − ϵ)bij)

Negative binomial data thinning
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Estimate clusters.
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Negative binomial data thinning

Estimate clusters.

Evaluate 
clusters or test 
for differential 
expression. 
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Negative binomial thinning algorithm  
Suppose . 

Draw 
,  

, then: 

1) . 
2)  
3) .

X ∼ NB (Λ, b)

X(1) ∼ BetaBinomial(x, ϵb, (1 − ϵ)b)
X(2) = X − X(1)

X(1) ∼ NB (ϵΛ, ϵb)
X(2) ∼ NB ((1 − ϵ)Λ, (1 − ϵ)b)
X(1) ⊥⊥ X(2)

What if we do not know the value of the overdispersion parameter? 
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Negative binomial thinning algorithm  
Suppose . 

Draw 
 ),  

, then: 

1) . 
2)  

3) .

X ∼ NB (Λ, b)

X(1) ∼ BetaBinomial(x, ϵb̃, (1 − ϵ)b̃
X(2) = X − X(1)

E[X(1)] = ϵΛ
E[X(2)] = (1 − ϵ)Λ

Cov (X(1), X(2)) = ϵ(1 − ϵ)
Λ2

b (1 −
b + 1
b̃ + 1 )

What if we do not know the value of the overdispersion parameter? 



Negative binomial thinning is useful for scRNA-seq data

34

R package and tutorials: 
 https://anna-neufeld.github.io/countsplit/

https://anna-neufeld.github.io/countsplit/
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We can follow the same recipe for any convolution-closed distribution



Data thinning is a simple alternative to sample splitting that can be 
used in a variety of settings

R package and tutorials: https://anna-neufeld.github.io/datathin/
36

https://anna-neufeld.github.io/datathin/
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1. Motivation: settings where sample splitting doesn’t work 

2. Poisson thinning (count splitting) 

3. Data thinning 

4. Application to human fetal cell atlas data 

5. Application to cardiomyocyte differentiation data  

6. Ongoing work
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38

Are these clusters reproducible?
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Can the cluster labels be reliably reproduced? 

39

•Step 1: Cluster the cells. 

• Step 2: Treat the cluster labels 
as the true responses. Train a 
classifier to predict these labels.  

• Step 3: Compare original 
clustering labels to labels 
predicted by classifier. 

Use cross validation to avoid 
double dipping between fitting 
and evaluating the classifier.   

But we already dipped in the 
data here! 

Intradataset cross validation (Cao et al.) 
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This cross validation procedure double dips

Classifier gets 96% accuracy to predict the five clusters, despite the fact that 
the five clusters are just random noise. 

Gene 1

G
en

e 
2
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Data thinning provides a simple alternative
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1. Motivation: settings where sample splitting doesn’t work 

2. Poisson thinning 

3. Data thinning 

4. Application to human fetal cell atlas data 

5. Application to cardiomyocyte differentiation data  

6. Ongoing work
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Testing for differential expression along an estimated trajectory is an 
example of double dipping. 

44

Naive method: 

Step 1: Estimate trajectory using 
the data. Denote this estimate with 

. L̂(X)

Step 2: Fit a GLM of  on . 
Report p-value for the slope 
coefficient. 

Xj L̂(X)
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 😱p < 10−10



As in the cell type example, this problem has been pointed out

45



Common practice is to ignore the double dipping issue

46
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47

Data with a true trajectory 

In this case, some true temporal 
information is observed (day).  

We will ignore this, and construct a 
continuous trajectory (pseudotime) 

from the data.  
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Comparing thinning to the naive method on data with a true trajectory

X1 X1X1

 function is pipeline from the Monocle3 R 
package (preprocessing + pseudotime).  

Naive method: For each gene, fit a Poisson GLM 
of  on  and report p-value. 

Thinning: Apply Poisson thinning with  to 
get  and . For each gene, fit a Poisson 
GLM of  on  and report p-value. 
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ϵ = 0.5
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X(2)
j L̂(X(1))
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Data with no true trajectory
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Data with no true trajectory

Subset the data to day0 cells only. 
Regress out metadata. 
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Comparing thinning to the naive method on data with no true 
trajectory

X1 X1X1

Day 0 Only

Data thinning,  
Naive on full data 
Naive on test data

ϵ = 0.5
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1. Motivation: settings where sample splitting doesn’t work 

2. Poisson thinning  

3. Data thinning 

4. Application to human fetal cell atlas data 

5. Application to cardiomyocyte differentiation data  

6. Ongoing work
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Multifold data thinning can be used to carry out a full analysis 
pipeline without double dipping.  
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Multifold data thinning can be used to carry out a full analysis 
pipeline without double dipping.  
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Estimate 
clusters.

Multifold data thinning can be used to carry out a full analysis 
pipeline without double dipping.  

Evaluate/
select number 
of clusters. 

X(K)

Gene 3 Gene 4
Cell 1 4 1
Cell 2 5 0

Differential expression 
testing on final, 
selected clusters. 

…

Cross-
validate 
for 
stability}

X(1)
ij

X(2)
ij

X(K)
ij



Additional future work 
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• Inference after latent variable estimation: 

• Propagating uncertainty in cell type or trajectory estimate.  

• Aggregating p-values across multiple random splits to improve power and stability. 

• Model selection for latent variable models: 

• Integrating several steps of analysis, e.g. selecting number of PCs, number of highly 

variable genes, and number of clusters.  

• Additional applications of data thinning to scRNA-seq data, or other types of biological 

data.  

• Please reach out if you have ideas! 
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All Train Test

PrH0 ( X̄test
̂Atrain

− X̄test
B̂train

≥ X̄test
̂Atrain

− X̄test
B̂train )

PrH0 ( X̄ ̂A − X̄B̂ ≥ X̄ ̂A − X̄B̂ ∣ )Clustering  results in 

clusters A and B

X

Data 
thinning:

Selective 
Inference: 



Xij ∼
N(0,1) if j = 1, i ≤ 50
N(β,1) if j = 1, i > 50
N(0,1) if j = 2

Comparison to selective inference for overall difference in cluster means  

Data thinning

Chen and Witten, 2023, JMLR
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X′ + X′ ′ ∼ Fλ1+λ2

Joe, 1996, Journal of Applied Probability
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