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models, respectively. We then constructed the likelihood ratio for each pixel (i , j)
(Equation 50):

	 i; j ¼

Y

c� C

Y

r� Rc

f ðxr;i; j ; �̂ c;i; j b̂r;i b̂r; j ŝr; jŠi ; �̂ c;i; jÞ

Y

c� C

Y

r� Rc

f ðxr;i; j ; �̂ 0;i; j b̂r;i b̂r; j ŝr; jŠi ; �̂ c;i; jÞ
ð50Þ

where f(x; � , � ) is the negative binomial probability mass function (Equation 39). Under

the null hypothesis, the likelihood ratio test statistic should asymptotically follow a chi-

square distribution (Equation 51):

Š2log	 i; j � 
 2
jCjŠ1 ð51Þ

where the degrees of freedom |C| Š 1 of the 
 2 distribution matches the differ-

ence in degrees of freedom between the null and alternate models. We used

this asymptotic distribution to call right-tail p values for each pixel (i , j)
(Equation 52):

pi; j ¼ Pð
 2
jCjŠ1 
Š 2log	 i; jÞ ð52Þ

Per-condition loop calling

While our model is capable of calling p values for differential interaction strength

across conditions at all pixels within our chosen interaction distance range (40 kb

to 5 Mb) and with an average normalized count across replicates of the same con-

dition zc;i; j of at least 1, we were primarily interested in specifically identifying dif-

ferential interactions occurring specifically at loops. Therefore, in addition to the

raw contact matrices used for the statistical analysis described above, 3DeFDR-HiC

also takes as input a list of loops identified in any of the individual conditions ana-

lyzed, called by any external loop calling algorithm. For our main analysis, we used

a loop call set which we obtained from merged raw contact matrices from all four

replicates of both the ES and NPC conditions in the Bonev et al. dataset, process-

ing these two conditions independently. We identified loops using an approach de-

tailed elsewhere [69] with only a few minor changes in parameters. To

parameterize the size of the donut filters, we used p= 2 and w= 6. We skipped the

lambda chunking step; instead, we used BH-FDR directly on the set of all p values

called across all chromosomes to obtain q values. Finally, for thresholding signifi-

cant loops within conditions, we used a q value threshold of 0.025, a minimum

cluster size of 4, and we excluded loop clusters with interaction distances smaller

than 40 kb.

False discovery rate control

To control the false discovery rate given the large number of pixels being tested for dif-

ferential looping, we first discarded all pixels (i, j) which were not involved in loops

present in any of the condition, as determined by the per-condition loop calls described
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above. We then applied Benjamini-Hochberg false discovery rate (BH-FDR) control to

the p values pi,j at all remaining pixels across all chromosomes to obtain corresponding

q values qi,j for each loop pixel.

Clustering significantly differential interactions

We have previously observed that true looping interactions typically involve

multiple adjacent pixels in the contact matrix. The same appears to be true for

differential looping interactions. In order to avoid false positives caused by sin-

gle significant pixels that are not supported by other adjacent significant pixels,

we clustered all significant pixels at the chosen FDR threshold into clusters of

contiguous, directly adjacent pixels and discarded pixels lying in clusters smaller

than a specific minimum size threshold. We repeated this process for the insig-

nificant pixels. For the final calls presented in Fig. 6, we selected an FDR

threshold of 1% and a minimum cluster size threshold of 3.

Classifying significantly differential interactions

For simplicity, we classified each differential pixel (i , j) as specific to whichever

condition in which its bias- and size factor-normalized mean value zc;i; j (as de-

fined in Equation 43) is highest. This approach works well for our Hi-C ex-

ample analysis, in which there are only two conditions. More complicated

experimental designs may require more sophisticated labeling of the differential

interactions.

Simulating raw contact matrices

To simulate raw contact matrices, we started from the mean of bias- and size

factor-normalized data for each pixel across replicates within a chosen condition.

We used the ES condition, so this corresponds to zES;i; j as defined in Equation 43

above. We used zES;i; j as a starting point from which we create similar matrices

for two new artificial conditions A and B. We formed the condition-specific true

interaction strength matrices for these new artificial conditions, � A,i ,j and � B,i ,j, by

starting from zES;i; j and perturbing some looping clusters present in the real ES

dataset (as indicated by our externally obtained loop calls). To make our simula-

tions, we chose an effect size � and a proportion of truly differential loops pdiff. At

random, we labeled each real ES loop as constitutive with probability 1 Špdiff
(leaving it unchanged across the two artificial conditions) and truly differential

with probability pdiff. The truly differential loops were then assigned into four dif-

ferential categories with equal probability (pdiff
4 each): up in A, down in A, up in B,

and down in B. If a loop was labeled as up in A, we perturbed the loop by in-

creasing the values of � A,i ,j under the loop by adding � × � A,i ,j, where � represents

an effect size in terms of a percentage change from the original interaction

strength. In order to preserve the smooth appearance of the contact heatmap, we

also perturbed pixels adjacent to the loop by half of this effect size. If a loop was

labeled as down in A, we instead subtracted � × � A,i ,j from the values of � A,i ,j

under the loop. If each loop pixel (i , j) is labeled according to the differential or
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constitutive label of the loop it lies under, the construction of � A,i ,j can be written

as follows (Equation 53):

� A;i; j ¼

�zES;i; j ; ði; jÞis constitutive; down inB; or up inB 1Š
pdiff

2

� �

�zES;i; j þ � � �zES;i; j ; ði; jÞis up inA
pdiff

4

� �

�zES;i; jŠ� � �zES;i; j ; ði; jÞis down inA
pdiff

4

� �

�zES;i; j þ
�
2

� �zES;i; j ; ði; jÞis not a loop but any adjacent pixel is up inA

�zES;i; jŠ
�
2

� �zES;i; j ; ði; jÞis not a loop but any adjacent pixel is down inA

�zES;i; j ; ði; jÞis not a loop and no adjacent pixel is differential inA

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

ð53Þ

where the values in parentheses represent the probability that a loop will receive the in-

dicated label. We perturbed the loops labeled as up in B and down in B in an analogous

manner (Equation 54):

� B;i; j ¼

�zES;i; j ; ði; jÞis constitutive; down inA; or up inA 1Š
pdiff

2

� �

�zES;i; j þ � � �zES;i; j ; ði; jÞis up in B
pdiff

4

� �

�zES;i; jŠ� � �zES;i; j ; ði; jÞis down inB
pdiff

4

� �

�zES;i; j þ
�
2

� �zES;i; j ; ði; jÞis not a loop but any adjacent pixel is up inB

�zES;i; jŠ
�
2

� �zES;i; j ; ði; jÞis not a loop but any adjacent pixel is down inB

�zES;i; j ; ði; jÞis not a loop and no adjacent pixel is differential inB

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

ð54Þ

Having obtained perturbed artificial condition-specific true interaction strength

matrices � A,i,j and � B,i,j, we next biased them using bias vectors b̂ and size factors ŝ esti-
mated from the real dataset’s ES replicates to obtain matrices of biased mean values

� p,i,j for each simulated pseudoreplicate (Equation 55):

� biased
p;i; j ¼ � cðpÞ;i; j b̂rðpÞ;i b̂rðpÞ; j ŝrðpÞ; jŠi ; p� f A1; A2; B1; B2g ð55Þ

where p � {A1, A2, B1, B2} represents a simulated pseudoreplicate, c(p) � {A, B} repre-
sents the artificial condition that simulated replicate p belongs to, and r(p) � {ES _ 1, ES

_ 3} represents a real ES replicate that has been matched to the simulated pseudorepli-

cate p. Finally, we simulated raw contact matrices Xp, i, j for each simulated pseudore-

plicate p from the model (Equation 56):

Xp;i; j � NB � biased
p;i; j ; �̂ ES; jŠi

� �
ð56Þ

where � biased
p;i; j is the pseudoreplicate-specific biased mean matrix for a simulated pseu-

doreplicate replicate p in artificial condition c(r) � {A, B} and �̂ ES; jŠi is the final ES

condition-specific distance-dependent dispersion value estimated from the real ES data

(as defined in Equation 48). Examples of a simulated loop at the range of effect sizes

are shown in Fig. 7a.
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Evaluating model performance on simulated Hi-C data

Having simulated raw contact matrices with known true differential loops, we could re-

peat our differential looping analysis on these simulated matrices and compare the re-

sults to the locations of the truly differential loops. In order to perform the comparison,

we first constructed a Boolean variable ti,j which is one whenever the pixel at (i, j) is part

of a truly differential loop and is zero otherwise. We then used a receiver operating char-

acteristic (ROC) curve to assess how well the score 1Šqi,j (where qi,j is the q value against

the null hypothesis that the pixel is a differential interaction) predicted the true differential

status ti,j of each pixel (i, j) which is part of a loop present in the real condition used to

generate the simulations (in this case, ES) as determined by the external loop call set. We

used this approach to plot the ROC curves shown in Fig. 7c, Additional file 2: Fig. S12D,

and Additional file 2: Fig. S13D. We also computed the false discovery rate (FDR) at each

FDR threshold along the ROC curve (by binarizing the score 1Šqi,j using each FDR

threshold and using the confusion matrix to directly determine the FDR) to draw the FDR

control curves shown in Fig. 7d and Additional file 2: Fig. S13C. Finally, we used this same

approach to plot power (the true positive rate, or one minus the type II error rate) as a

function of FDR threshold as shown in Fig. 7e.

To assess the performance of our models at different distances scales, we stratified all

loops in our real ES call set into short (< 400 kb), medium (400–800 kb), or long (> 800

kb) subsets and assessed the performance of our models at each distance subset using

ROC curves (Additional file 2: Fig. S13D) and FDR control curves (Additional file 2:

Fig. S13C). When drawing the FDR control curves for each distance subset, we re-ran

the BH-FDR control procedure on the subset of p values falling in that distance subset

to avoid the possibility that a true positive rate (TPR) at short distances might artifi-

cially inflate the FDR at long distances. Since our power (or equivalently, TPR) is lower

at long distances where there are fewer reads (Additional file 2: Fig. S13D), it is ex-

pected that the proportion of false discoveries will be higher at longer distances. Be-

cause they are generated by re-running the BH-FDR step on every distance subset, our

distance subset FDR control curves are adjusted for this effect.

To directly measure the extent to which our models showed a bias for calling

differential loops at different distance scales, we quantified the proportion of loop

pixels in each of the distance subsets described above with a p value below the 5th

percentile of all p values in all loop pixels (irrespective of interaction distance). To

rule out the possibility that low p values are enriched in regions where loops are

more often truly differential, we performed this quantification using simulated data

containing no truly differential loops. We used this approach to generate the bar

plots in Additional file 2: Fig. S13E.

Comparison to simplified alternative models

To justify certain choices made in the design of our model, we compared its perform-

ance to that of simplified alternative models. These comparisons are visualized in Add-

itional file 2: Fig. S13.

In our Poisson model, we replaced the negative binomial distribution with the sim-

pler Poisson distribution, which does not account for any possible overdispersion in the

data. Under this model, dispersion was not estimated or used directly, but was
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effectively assumed to be equal to zero for all pixels (Additional file 2: Fig. S13A, Pois-

son model). Under this model, the likelihood ratio (corresponding to Equation 50

above) becomes (Equation 57):

	 Poisi; j ¼

Y

c� C

Y

r� Rc

f Pois xr;i; j ; �̂ Pois
c;i; j b̂r;i b̂r; j ŝr; jŠi

� �

Y

c� C

Y

r� Rc

f Pois xr;i; j ; �̂ Pois
0;i; j b̂r;i b̂r; j ŝr; jŠi

� � ð57Þ

where fPois(x; � ) is the Poisson probability mass function (Equation 58):

f Pois x; �ð Þ ¼
� xeŠ�

x!
ð58Þ

and �̂ Pois
c;i; j and �̂ Pois

0;i; j are the mean parameters of this Poisson model, estimated via max-

imum likelihood while holding all other model parameters fixed.

This model performed reasonably well on true positive simulations in terms of sensi-

tivity and specificity (Additional file 2: Fig. S13D) but failed to control type I error in

simulations containing only constitutive loops (Additional file 2: Fig. S13B, Poisson

model) and failed to control FDR in simulations containing some truly differential

loops (Additional file 2: Fig. S13C, orange curve).

In our unsmoothed dispersion model, we used pixel-wise sample variance estimates

to parameterize our negative binomial (NB) distributions, entirely forgoing pooling of

pixels during variance estimation (Additional file 2: Fig. S13A, Sample Variance). We

first computed pixel-wise sample variance estimates �̂ 2
c;i; j within each condition c

(Equation 59):

�̂ 2
c;i; j ¼

1
Rcj jŠ1

X

r� Rc

zr;i; jŠzc;i; j
� � 2

ð59Þ

where Rc= {r � R� c(r) = c} represents the set of replicates in condition c; zr;i; j ¼ xr;i; j

b̂r;i b̂r; j ŝr; jŠi

represents the interaction count for the interaction between the ith and jth bin in replicate

r, normalized for locus-specific bias and library size; and zc;i; j is the pixel-wise mean of the

zr, i, j for all r � Rc as defined in Equation 43. To parameterize the negative binomial distri-

butions with variance equal to �̂ 2
c;i; j in a manner consistent with our existing framework,

we used the properties of the NB distribution to find the dispersion �̂ SV
c;i; j such that

Var½NBðzc;i; j ; �̂ SV
c;i; jÞ� ¼�̂ 2

c;i; j . Because the negative binomial distribution is undefined when

dispersion is less than or equal to zero, we enforced a minimum value for �̂ SV
c;i; j of 1eŠ7 to

avoid numerical instability (Equation 60):

�̂ SV
c;i; j ¼ max 1 � 10Š7;

�̂ 2
c;i; jŠzc;i; j

z2c;i; j

 !

ð60Þ
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This model suffered from reduced specificity and sensitivity compared to our pooled

dispersion model (Additional file 2: Fig. S13D, red curve).

In our global dispersion model, we used qCML to fit a single dispersion value for

each condition, forgoing the fitting of a trend between dispersion and mean (Additional

file 2: Figure S13A, Global NB) to obtain a single dispersion estimate for each condition

c, which we denote �̂ global
c . In this fitting, we included all pixels which are part of loop-

ing interactions, independent of their interaction distance. This approach ignores a

clear trend between dispersion and distance visible in the real data (Fig. 6). This model

performed reasonably well on true positive simulations in terms of sensitivity and spe-

cificity (Additional file 2: Figure S13D) but showed a strong bias for calling more differ-

ential interactions at longer distances and fewer differential interactions at shorter

distances (Additional file 2: Figure S13D, green curve and Additional file 2: Figure

S13E, green bars).

Comparison to diffHic

In addition to comparing against our own simplified models, we also compared he

performance of 3DeFDR-HiC to diffHiC [45] genome-wide on a simulated dataset

based on the ES condition of the real Bonev dataset, setting 40% of ES loops to be

differential with an effect size of ± 30% (Additional file 6: Table S5). We applied

diffHiC following the package’s provided usage guidelines for Hi-C data. We input-

ted our Hi-C dataset as raw, binned (10 kb wide bins) counts. Library sizes were

inputted as the total number of counts in each replicate. Following the diffHic user

guide, we first filtered rows with any NaN counts. Then we filtered by average

abundance (diffHic user guide section 4.1), discarding any bin-bin pair with an

average abundance across all sample replicates of less than 5. We then used the

direct filter (diffHic user guide section 4.2) to directly remove low-abundance bin-

bin pairs, discarding any with abundances less than 2-fold higher than the esti-

mated non-specific ligation rate (estimated as the median abundance across bin-bin

pairs). We chose 2-fold above this estimate as our threshold instead of 5-fold, as

presented in the usage instructions’ example, because we found this threshold dis-

carded too many points for us to perform later steps in the diffHiC pipeline. Next

as recommended (diffHic user guide section 4.3), we filtered bin-bin pairs as a

function of interaction distance, discarding pairs with abundances less than the

value expected from compaction (generated using the filterTrended method, no pa-

rameters to set) choosing not to increase this threshold by an additional fold

change value. Finally, we filtered bin-bin pairs via the peak calling approach

(diffHic user guide section 4.4) using the guide recommended values for the filter’s

parameters (flank.width = 5, the minimum threshold for peak enrichment min.e-

nrich at 0.17, the minimum threshold for peak counts min.count at 3, and the near

diagonal cut-off min.diag of 2L). Next, we applied non-linear normalization (diffHic

user guide section 5.2) to remove trended biases between libraries, specifically

using LOESS normalization, using type=“loess” for the normOffsets method. We

also separately filtered near diagonal points, using by.dist=1.5e6 with method filter-

Diag and again LOESS normalization using type=“loess” with method normOffSets as

presented in the user guide (second half of diffHic section 5.2.1).
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We then modeled biological variability between replicates. First, we estimated nega-

tive binomial dispersion for each bin-bin pair (diffHic user guide section 6.1–6.2) using

a single-factor design matrix design = model.matrix (~conditions) where conditions is

the corresponding list of the biological condition label for the input sample set. We

performed estimation of negative binomial dispersion using this design. We then esti-

mated QL dispersion using this design as recommended in the user guide, setting ro-

bust = TRUE for method glmQLFit (diffHic user guide section 6.3).

Finally, we tested for significantly differential interactions using the quasi-likelihood

F-test via method glmQLFTest (diffHic user guide section 7.1; no parameters to set)

and obtained p values adjusted to correct for multiple testing using the Benjamini-

Hochberg (BH) method (diffHic user guide section 7.2). We then saved output log fold

change and adjusted p values for each bin-bin pair to file and then visualized these re-

sults using our own tools. We thresholded bin-bin pairs to an FDR threshold, assigned

loop classifications according to the sign of the log fold change value, and finally plot-

ted these classifications spatially. Specifically, in Additional file 2: Figure S12, we ran

applied this scheme with FDR thresholds of 0.3 (or 30%), 0.25, 0.2, 0.15, 0.1, 0.05, 0.01,

and 0.001. We used the true labels from our simulations, the adjusted p values from

diffHic, and the q values called by 3DeFDR-HiC to draw ROC curves comparing the

performance of the two methods (Additional file 2: Figure S12D).
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