Statistics in Medicine

I RESEARCH ARTICLE

W) Check for updates

WILEY

Statistics

A Statistical Framework for Measuring Reproducibility
and Replicability of High-Throughput Experiments From

Multiple Sources

Monia Ranalli! ©© | Yafei Lyu? | Hillary Koch® | Qunhua Li?

!Department of Statistics, Sapienza University of Rome, Rome, Italy | 2Bioinformatics and Genomics Graduate Program, The Huck Institute of the Life Science,

Pennsylvania State University, University Park, Pennsylvania, USA | 3Department of Statistics, Pennsylvania State University, University Park, Pennsylvania,

USA

Correspondence: Qunhua Li (qunhua.li@psu.edu)

Received: 4 November 2024 | Revised: 15 August 2025 | Accepted: 2 December 2025

Keywords: copula | high-throughput experiment | irreproducible discovery rate | mixture models | replicability | reproducibility

ABSTRACT

Replication is essential to reliable and consistent scientific discovery in high-throughput experiments. Quantifying the replica-

bility of scientific discoveries and identifying sources of irreproducibility have become important tasks for quality control and

data integration. In this work we introduce a novel statistical model to measure the reproducibility and replicability of findings

from replicate experiments in multi-source studies. Using a nested copula mixture model that characterizes the interdependence

between replication experiments both across and within sources, our method quantifies reproducibility and replicability of each

candidate simultaneously in a coherent framework. Through simulation studies, an ENCODE ChIP-seq dataset and a SEQC

RNA-seq dataset, we demonstrate the effectiveness of our method in diagnosing the source of discordance and improving the

reliability of scientific discoveries.

1 | Introduction

High-throughput technologies have revolutionized modern bio-
logical research by enabling the simultaneous measurement of
thousands of molecular candidates in a single experiment. These
technologies have facilitated the discovery of key genomic fea-
tures, such as transcription factor binding sites, differentially
expressed genes, and regulatory elements. Over the past decade,
large volumes of high-throughput data have been generated
by individual labs and multi-institutional consortia, such as
ENCODE [1, 2] and Roadmap Epigenomics [3]. Many of these
datasets measure the same biological features but originate from
different labs or different studies, presenting both opportunities
and challenges for data integration.

Integrating datasets across sources can improve statistical power
and reliability, but is complicated by source-specific heterogene-
ity from differences in laboratory conditions, reagent batches,
personnel, and protocols [4]. Batch-correction methods such as
ComBat [5] and SVA [6] are often applied to reduce such varia-
tion. While effective for removing systematic shifts, these meth-
ods alter the original measurements and do not quantify the
consistency of findings across and within sources-information
that can strengthen confidence in discoveries and is the
focus here.

Two concepts central to evaluating consistency in multi-source
studies are replicability and reproducibility [7-10]. While some-
times used interchangeably, these terms have distinct statistical
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meanings in the context of high-throughput data. Reproducibil-
ity refers to the consistency of results within a lab across repeated
experiments using the same experimental and analysis pipeline,
whereas replicability refers to the consistency of findings across
independent labs or studies, often involving variations in per-
sonnel or procedures. We refer to repeated experiments within a
lab as replicates. A signal consistently detected across replicates
is deemed reproducible, whereas a signal consistently observed
across independent labs is considered replicable.

In many high-throughput multi-source studies, experiments fol-
low a nested structure (Figure 1): replicates are grouped within
labs, and labs function as independent units. Measurements from
replicates within the same lab tend to be more consistent than
those across labs due to shared experimental conditions. Disen-
tangling reproducibility and replicability in this nested design is
essential for identifying the origin of discrepancies and for reli-
able data integration.

Several statistical methods have been proposed to quantify con-
sistency in multi-source studies, though they target different
inferential goals. The r-value [11] and the reproducibility discov-
ery rate (RDR) [12, 13] provide global measures of replication:
the r-value is designed for asymmetric two-stage studies involv-
ing pre-selected findings, whereas RDR summarizes replication
rates at the study level. Both offer useful summary metrics, but
neither produces candidate-level, threshold-independent scores
in a symmetric multi-source setting.

The irreproducible discovery rate (IDR) framework [14] directly
models consistency across replicates, estimating the probability
that a candidate is irreproducible and boosting confidence in
signals supported by multiple replicates. IDR is widely used for
ChIP-seq peak assessment [15, 16] and has also been adapted
for cross-platform gene-expression analysis [17]. However, it
treats all replicates as exchangeable, ignoring the distinction
between within-lab reproducibility and between-lab replicabil-
ity and failing to attribute inconsistency to specific sources.
Other approaches integrate evidence without explicitly model-
ing reproducibility, such as rank-based [18] and p-value based
meta-analysis methods [19, 20]. These approaches favor candi-
dates with consistent evidence, but, like IDR, they treat all repli-
cates as exchangeable and cannot disentangle within-lab from
between-lab consistency.

Here we introduce nestedIDR, a nested copula mixture model
that extends IDR to multi-lab studies. By modeling the hier-
archical dependence structure within each lab and between
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FIGURE1 | Typical experimental design in consortium studies.

labs in a single probabilistic framework, nestedIDR captures
source-specific heterogeneity that standard IDR methods over-
look. Like IDR, it operates on ranks, ensuring robustness to scale
differences without altering the original measurements. The
method produces candidate-level scores for both reproducibility
and replicability, enabling investigators to prioritize findings and
diagnose source of discordance.

Section 2 describes the nestedIDR model and estimation pro-
cedure. Section 3 uses extensive simulation studies to compare
nestedIDR with standard IDR and meta-analysis approaches.
Section 4 applies nestedIDR to an ENCODE ChIP-seq [1, 21]
and SEQC RNA-seq data [22], demonstrating practical gains in
power and biological relevance. We conclude in Section 5 with a
discussion.

2 | Method

21 | The NestedIDR Model

Suppose L labs perform independent replications, each with M,
replicates for lab /,(I € {1, ..., L}). For each replicate, n candi-
dates are measured using a high-throughput experiment, result-
ing in a quantitative score for each candidate (e.g., gene expres-
sion levels from RNA-seq or p-values from ChIP-seq) that reflects
the strength of evidence supporting the candidate as a genuine
signal. We represent the full data as an n X P matrix X, where
P= Z[L=1M , is the total number of replicates. The measurement

vector for candidate i is denoted x; = (xl(.l), .. ,XEL)), where xfl) =
(xili, e, x?lju ) contains measurements from lab /. We denote the
marginal distribution of replicate m (m € {1, ..., M,})inlab/ as

F", which may differ across replicates and labs. Our model only
requires the ranks of the values on each replicate; thus, if only
rank data are available, xfl,)” denotes the rank of candidate i and
F" is its empirical distribution. Without loss of generality, we
assume that stronger candidates receive higher ranks.

Figure 2 illustrates the nested structure motivating our model.
In multi-source experimental designs, replicates are naturally
grouped within labs, and labs differ in variability due to proto-
col, personnel, or environmental factors. It is therefore impor-
tant to jointly model within-lab reproducibility and between-lab
replicability in a way that allows for lab-specific heterogeneity. To
achieve this, we treat the observed data as arising from a two-level
stochastic process: the first level models lab-specific reproducibil-
ity, and the second level captures signal replicability across labs.
This nested formulation allows us to decouple source-specific
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FIGURE 2 | Structure of our model.

noise from signal structure and appropriately account for hetero-
geneity in multi-lab studies.

We assume that each candidate is either a genuine signal (G; = 1)
or noise (G, = 0), with prior probabilities 7, and 7y, =1-=
Whether a signal is genuine or not is reflected by how well
it is replicated across labs. Furthermore, conditional on G; =
1, the reproducibility in lab / may vary with lab-specific data
quality. For instance, in a ChIP-seq study, a protein-binding
site may be consistently detected in both replicates of one
lab due to sufficient sequencing depth, but fail to be repro-
ducible in another lab because one of its replicates has insuf-
ficient coverage. Such replicate-specific variation motivates the
need to model reproducibility at the lab level. Let K,.(’) € {0,1}
indicate whether a genuine signal is reproducible in lab I/
(k" =1) or not (K" = 0), with probabilities ﬂill)l and ”(()l|)1 =
1 —n;?l. For G, =0, we set Kfl) =0 for all /, reflecting that
noise is not reproducible. Note that while nestedIDR assumes
conditional independence of lab-specific measurements given
G;, the shared G; induces marginal dependence across labs.
This structure allows all replicates-from all sources-to con-
tribute jointly to the posterior replicability score, borrowing
strength across labs while explicitly modeling source-specific
heterogeneity.

To model the hierarchical dependence structure while remaining
robust to differences in measurement scales across labs and repli-
cates, we extend the semiparametric copula framework in IDR
[14]. The copula captures dependence across replicates paramet-
rically, while the marginal distributions are estimated nonpara-
metrically from ranks. This permits arbitrary measurement scales
and enables robust inference in the presence of heterogeneous
distributions.

Let z(. = (z(l) ...,z(.[) )T denote the latent vector for lab /. We

i1’
14 .
assume independence across labs, that is, z ) and z( ) are inde-

pendent for [ # I/, to reflect the common expenmental design

where labs operate independently. We model

z,('l)lGi =g, K,(l) =k~ N‘(”(l) Z(I) )

Kz for g,k € {0,1}. (1)

For parsimony, ”Ecll)g = ”I(cll)g 1and

o _ 0] () )
zk\g - ( k|g> <(1 - pklg)l +pk|g'l)’

)
klg

the standard deviation, and pg‘)g is the intra-lab correlation.
This exchangeable structure reflects the assumption that repli-
cates from the same lab tend to share similar quality and tech-
nical variation, and can be readily modified to accommodate
non-exchangeable structures.

where I is the identity matrix, J is a matrix of ones, o,, is

We model noise (G, = 0) as fully independent across all labs
and replicates, that is, /’0\0 = 0. For genuine signals (G, = 1), we
allow for lab-specific reproducibility: if a signal is reproducible in
lab / (i.e., K(’) = 1), then P1|1 > 0; if it is irreproducible (Ki([) =
0), then p(ll) = 0. This allows the same signal to exhibit corre-
lated structure in one lab but independent behavior in another,
capturing the partial reproducibility patterns often seen in real
multi-source datasets. To ensure identifiability, we set /4((”)0 =0
and agl)o = agl)l =1. We assume /451‘)1 > /48")1 > 0, reflecting that
true and reproducible signals tend to yield stronger evidence.
Lastly, note that the assumption of shared marginal distributions
within a lab applies only to the latent variables z; the distributions

of observed measurements x are allowed to vary across replicates.

Together, our model can be represented as a two-step data gen-
eration process. First, the latent vector z( ) is generated from the
nested Gaussian mixture model above. Then the observed data
are generated by inverse transformation, x(” =FO U (”(z(” ),
where U is the marginal CDF of z(’) 1mp11ed by the mixture,

Do, Dy — () 0} (l) (/)
U( )(Zi,m) - Zg =0 gzk_o klgq)((z ‘uklg)/o-klg

Statistics in Medicine, 2026

3of14

85UB017 SUOLILLOD BAIFeR1D 3|qedlidde auy Aq pausenob afe sapie VO ‘8sn JO Sa|NI Joj AReiq1T8UI|UO AB]1M UO (SUO IPUOD-PpUR-SLLLBH D" A | 1M ARe.q)1BUI|UO//SANY) SUO BIPUOD PUe Wi L 83 385 *[9202/50/52] Uo Arigiauliuo AB|IM 1l BLRIY00D AQ #GE0L WIS/Z00T OT/I0p/W0d &3] Im Afeiq Ul |uo//:Sny WOy papeo|umoq ‘G- ‘9202 ‘8520L60T



e o o 0 () (DL
The full parameter set is: 6 = [”1’(”1|1’”0\1’”1|1’61\1’p1|1)1 1

Substituting empirical CDFs for F", the likelihood is:

n 1
LX) = HZ( Hzﬂl(cl|)gh§:|)g(U(“ I(F(l)(x(’))),

i=1 g=0 =1 k=0

U(l) 1(F(/)(x(/) )))) (2)

where h5<1|) is the multivariate normal density defined above and
U®-1 is the inverse of the cumulative distribution induced by
the mixture components. Parameter estimation is described in
Section 2.2.

Comparison to the original IDR model: The original IDR model
corresponds to the special case where L = 1, treating all replicates
as exchangeable. It does not distinguish between replicates from
different sources and assumes a single-level dependence struc-
ture. In contrast, nestedIDR explicitly models a two-level struc-
ture: within-lab reproducibility and across-lab replicability. This
distinction allows nestedIDR to more accurately capture the hier-
archical and heterogeneous nature of real-world multi-source
experiments, where lab-specific variation and differing levels of
reproducibility are common.

2.2 | Measure of Reproducibility
and Replicability

Given the parameter vector 8, we can determine the replicability
and the reproducibility for each candidate. To assess the replica-
bility for a candidate i across different data sources, we calculate
the posterior probability that the candidate belongs to the noise
group (G; = 0), which is defined as

idr[berween = idrbelween(xgl)7 o XﬁL))
Lo (OFA0) Do D (OFNO]
”0,1:[1];” hi\o(U(“(Fl( G UOFR ( M)))
i L 00 G GYNO)
X |71 Z w0 i, OO D), UOE G )
0| =S
Using idr®®™°", one can quantify the replicability across sources

for each candidate. Because candidates that are highly replicated
across independent sources are likely to be real signals, this quan-
tity can be thought of as a score that judges the authentication of
the signals based on the replication information aggregated from
all replicates across sources.

To assess the reproducibility of a replicable candidate across repli-
cates from the same source, we calculate the posterior probability
that the candidate is irreproducible (Ki(” =0]|G; = 1) in source /
given that it is replicable, which is defined as

. within() _ ;3 within(l) (1)
idr, = idr x")

-1 -1
monhoh WO FE D), - UOTE (4 )

0|1 0[1
- ) () =1, -0, D) =1, =), () :
Yo Beh WO F ), - U0 (Fyy, (i)

Using idr™®"® one can identify reproducible candidates from
a given source and infer the overall data reproducibility for that
source.

Furthermore, we define the expected rate of irreplicable discover-
ies for a set of candidates selected based on idr®¢t™een, analogous

to that in the standard IDR framework [14], as

1 L
T f, dHyx", ..., x")

IDRbetween(]/) — ,
f dH(x(l) ...,ng))

where 1, = {(x(l) ... (L)) be‘“’ee“(x(l) ... ,xl(.L)) <y}, H

and H are the CDF of the joint den51ty functions

g

1) (L)
hg(xi e X)

L

1
= O p® O OO
—HZ T g U (ED). U

=1k

Ve

and

1
1) (L)y _ (1) (L)
h(x;”’, ... X )—Zﬂghg(xi s X ),
&=0

respectively. For a desired control level a, we denote the candidate

ranked at the i position by idr*®*™*°" values in an ascending order
2 Z, _,id

(1) (L) between < a}
Then by selectlng all (x(l) ,xﬁiL))) withi=1,...,

as (x ) and define s = max{i :

(UM (1)
W s, this proce-
dure gives an expected rate of irreplicable discoveries no greater
than a.

Similarly, we define the expected rate of irreproducible discover-
ies in a set of candidates selected based on idr™™""® from the lab
| as

IDRVVilhi[l(/)(y)

20 [0 d B WO FECCD), L U0 FED D, )
14

0|l 01
! -1 ! )
Sy dHJ @O E D). -

Ui (F, (xf.f;[,)»

where 1( = = {x" 1 idrM Oy <y}, H (') and H4(|11) are the

CDF of dens1ty functions h5<1|)1 and ) k:Oﬂ-I(cl)lhgrl’ respectively. For
a desired control level a, we denote the candidate that is ranked

at the i position by idrwjthin(/) values in an ascending order as
id Wlthln(l)
(O] _2 j= 1id <a}.

x" and define s = max{i : By selecting
all fo; with i = 1,..., 57, this procedure gives an expected rate of
irreproducible discoveries no greater than « in lab /.

2.3 | Estimation

We estimate the model parameters using a pseudo
Expectation-Maximization (EM) algorithm, adapted from the
IDR approach [14]. Specifically, given an initial parameter set 6,,
we first construct the pseudo data from the observed data using
U- <n+1 F(I) 00), where F
for replicate m in lab I, and the scaling factor n/(n + 1) avoids
boundary issues in the inverse normal transformation. We then
alternate between the following two steps:

is the empirical marginal CDF

1. Parameter estimation based on pseudo-data: Given the cur-
rent pseudo-data, we use the EM algorithm to maximize the
complete-data log-likelihood (Equation 2) and update the
parameter estimates 6.
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TABLE1 | True parameters for four simulation settings.
R R R R R R R R T
S1 0.3 0.2 0.2 1.0 1.0 3.0 3.0 1.0 1.0 0.9 0.9
S2 0.3 0.2 0.5 1.0 1.0 3.0 3.0 1.0 1.4 0.9 0.7
S3 0.5 0.2 0.2 1.0 1.0 2.0 2.0 1.0 1.0 0.9 0.9
S4 0.5 0.2 0.5 1.0 1.0 2.0 2.0 1.0 1.4 0.9 0.7

2. Pseudo-data update: Using the newly estimated parameters,
we recompute the pseudo-data as described above.

This iterative procedure is repeated until convergence. Conver-
gence is declared when either (a) the relative change in likeli-
hood is below a small threshold (as in [14]), or (b) the maximum
change in parameter values across iterations falls below a pre-
defined tolerance. Because the pseudo-data transformation step
may not increase the likelihood monotonically [23], we record the
parameter estimates at each iteration and retain the one achiev-
ing the highest observed likelihood as the final estimate.

To improve robustness against local optima, we recommend
running the algorithm from multiple initializations. Reasonable
starting values can be chosen based on exploratory data analysis
(e.g., empirical signal strengths or replicate correlations). Among
these runs, the solution with the largest observed likelihood is
selected. A detailed step-by-step description of the estimation
procedure is provided in the Supporting Information, Section 1,
Algorithm.

24 | Computational Complexity and Runtime

NestedIDR’s runtime is expected to scale approximately linearly
with the number of labs, assuming a fixed number of replicates
per lab. This follows from the structure of the likelihood func-
tion (Equation 2), which involves a product over labs and, within
each lab, a sum over two reproducibility components. Each lab
contributes a multivariate normal density term with its own set
of parameters (e.g., MU) 0 ), resulting in a total number of

A klg’ leg_’ Piig
parameters that increases with the number of labs.

Model estimation is performed using an EM algorithm on
pseudo-data. In each E-step, the likelihood is evaluated across all
labs for every feature, leading to a runtime that scales approx-
imately linearly with the number of features. Although the
per-feature computational cost grows with the number of labs,
the total runtime is also influenced by convergence behavior and
implementation details, such as vectorization and parallelization
strategies.

3 | Simulation Study

3.1 | Baseline Simulations Under Model
Assumptions

We first evaluated nestedIDR in a controlled setting where
the data were generated exactly under the assumed nested
copula mixture model. This baseline analysis isolates method

performance from the confounding effects of model misspec-
ification and directly assesses the benefits of modeling the
nested structure. Specifically, we simulated data for two labs,
each with two replicate samples, under varying conditions of
signal-to-noise ratio and within-lab variation. The signal-to-noise
ratio was controlled by the proportion of noise z,, and within-lab
variation was governed by aﬁ; and p(lzli We considered four set-
tings (Table 1): (S1) high signal-to-noise ratio and low within-lab
variation for both labs; (S2) high signal-to-noise ratio with low
within-lab variation for one lab but high variation for the other;
(S3) low signal-to-noise ratio and low within-lab variation for
both labs; and (S4) low signal-to-noise ratio with low variation
for one lab but high variation for the other. S2 (S4) shares the
same signal-to-noise ratio and lab 1 variation level as S1 (S3), but
with higher variation in lab 2. This design allows us to disentangle
the effects of global signal-to-noise ratio from those due to repro-
ducibility issues in a single lab. For each setting, we generated 200
datasets, each with n = 5000 candidates.

We compared nestedIDR with:

« Standard IDR applied in two ways: (i) using all four repli-
cates from both labs (idr’), which measures concordance
across labs and serves as a replicability counterpart to
idr™een in nestedIDR, and (ii) using only replicates from a
single lab (idr" and idr'2), which measures within-lab repro-
ducibility and serves as a baseline for comparison.

« RankProd [18], a nonparametric meta-analysis method for
ranked lists, applied directly to the ranks of simulated data
in each replicate.

« Meta p-value methods, specifically Fisher’s method [19] and
Stouffer’s method [20], which combine p-values across repli-
cates and labs; p-values were obtained by transforming the
simulated scores as described in the Supporting Information
Section 2.

We also considered additional settings (S5-S6) with unequal
numbers of replicates across labs and non-exchangeable corre-
lation structures within a lab, where one lab had three replicates
with varying pairwise correlations and the other had two repli-
cates (see Supporting Information Section 3.1 for details).

3.1.1 | Discrimination and Classification Accuracy
Across Methods

Replicability reflects the likelihood that a signal is genuine. We
evaluated each method’s ability to (i) discriminate true signals
from noise using the area under the ROC curve (AUC) and (ii)
classify replicable signals at a fixed cutoff using the Adjusted
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between .

TABLE2 | Comparison of AUC values under four simulation settings based on posterior probabilities from nestedIDR and IDR. idr : neste-
dIDR; idr®: IDR applied to all four replicates jointly; idr"* and idr2: IDR applied separately to replicates from lab 1 and lab 2, respectively.
nestedIDR IDR

Scenario idrPetveen idr® idr" idr" RankProd Fisher Stouffer

S1 0.995 0.993 0.937 0.938 0.994 0.994 0.994

S2 0.989 0.957 0.937 0.852 0.985 0.985 0.985

S3 0.986 0.978 0.912 0.919 0.976 0.975 0.982

S4 0.975 0.940 0.912 0.840 0.964 0.962 0.967

s1 s2 s3 s4

method
Fisher
IDR
— nestedIDR
- Rankprod
Stouffer

0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

fpr fpr fpr fpr
(a) ROC curves
S1 S2 S3 S4
1.00 1.00 1.00 100
075 i 075 075 # * —— 075 *
Fom .%.-$-'%' =2 | Fow — = Foso =+ Tos ==
+ *
* ! T
025 0.25 0.25 0.25
i
:
0.00 0.00 0.00 0.00
nestediDR DR IDR(1) IDR(2) Rankprod Fisher Stouffer nestediDR DR IDR(1) IDR(12) Rankprod Fisher Stouffer nestediDR IDR  IDR(1) IDR(12) Rankprod Fisher Stouffer nestediDR IDR  IDR(1) IDR(12) Rankprod Fisher Stouffer
method method method method

FIGURE3 | Comparison of five methods (nestedIDR, IDR, RankProd, Fisher, and Stouffer) in four simulation scenarios (S1 to S4). (a) ROC curves.
Each ROC curve is the average over 200 simulation datasets. (b) Adjusted rand index (ARI) for classifying replicability of signals. IDR: IDR applied to

all replicates; IDR(11) and IDR(12): IDR applied to replicates in lab 1 and lab 2, respectively.

Rand Index (ARI) [24]. For ARI computation, a candidate was
classified as replicable if idrP®™ee" < 0.05 for nestedIDR, or if
the corresponding IDR value < 0.05 for the standard IDR-based
methods (idr¢, idr", idr2); otherwise it was classified as irrepro-
ducible. ARI measures agreement between the resulting classifi-
cation and the truth, with a value of 1 for perfect agreement and
an expected value of 0 under independence.

Across all simulation settings (Table 2, Figure 3a), nestedIDR
consistently achieved the highest AUC values. Multi-lab meth-
ods (nestedIDR, idr’, RankProd, Fisher’s method, and Stouf-
fer’s method) generally outperformed single-lab approaches
(idr", idr™2), whose accuracy depended heavily on the quality
of the chosen lab. When labs had comparable quality and the
signal-to-noise ratio was high (S1), all multi-lab methods per-
formed similarly. At lower signal-to-noise ratios (S3 and S4),
nestedIDR’s advantage became more pronounced, especially
under heterogeneous lab quality. For example, in S2 and S4,
nestedIDR markedly outperformed idr? (AUC: 0.989 vs. 0.957 in
S2; 0.975 vs. 0.940 in S4), reflecting its ability to accommodate
cross-lab heterogeneity. While Fisher’s and Stouffer’s methods

were less sensitive to heterogeneity than idr®, they consistently
lagged behind nestedIDR in accuracy.

ARI results mirrored the AUC trends (Figure 3b). NestedIDR
achieved the highest classification accuracy in all scenarios, with
substantially lower variability across replicates than competing
methods. Its advantage over idr’ was most striking under hetero-
geneous lab quality, for example, S2 (SD of ARI: 0.012 for neste-
dIDR vs. 0.150 for idr*) and S4 (0.012 vs. 0.136), underscoring the
instability of idr® in such settings. RankProd, Fisher’s method,
and Stouffer’s method also underperformed relative to nestedIDR
in ARI, and the latter two were further hindered by the difficulty
of selecting well-calibrated p-value cutoffs.

Parameter estimation results (Supporting Information Table 1)
showed estimates consistently close to their true simulation val-
ues. Empirical runtimes for nestedIDR across S1-S4 and vary-
ing numbers of features are provided in Supporting Informa-
tion Table 2. Results in simulations S5-S6 (Supporting Informa-
tion Table 3; Supporting Information Figure 1) yielded patterns
consistent with S1-S4, confirming nestedIDR’s stability under
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varying replicate numbers and correlation structures. Col-
lectively, these results demonstrate that explicitly modeling
source-specific variation yields superior discrimination and more
stable classification in multi-source studies.

3.1.2 | NestedIDR can Distinguish Between Different
Causes of Aiscordance

Next we assessed the utility of our method as a tool for diagnosing
data quality issues in multi-lab studies. In particular, we evalu-
ated whether our method could properly detect the reduction of
concordance and illuminate the cause of said reduction when the
concordance of findings across replicates is diminished. Here we
focused on two common causes that can reduce the concordance
of findings in multi-lab studies: (1) low signal-to-noise ratios in
the specimen distributed to all labs and (2) high variation in the
measurement procedure of a lab. The former makes replication
harder both within and across labs, thereby reducing both repro-
ducibility and replicability. However, if the latter occurs in one
lab, this has a larger impact on the reproducibility of the affected
lab and a smaller impact on the overall replicability.

To illustrate scenario (1), we consider the change from S1
to S3 and from S2 to S4. They represent the cases that the
signal-to-noise ratio is reduced but the level of variation in the
measurement procedure is intact for each lab, where the two
labs have similar (or different, respectively) variation in S1 to S3
(S2 to S4, respectively). To illustrate scenario (2), we consider
the change from S1 to S2 (or from S3 to S4, respectively). They
represent the cases that the variation of lab 2 increases but the
signal-to-noise ratio maintains the same high (or low, respec-
tively) level. We compare the performance of nestedIDR and the
standard IDR methods. To visualize the change of reproducibil-
ity or replicability at different cutoffs, we plotted the number of
candidates selected by nestedIDR and the standard IDR method
at a series of cutoffs (Figure 4). Given a replicability (or repro-
ducibility) cutoff, a larger number of selected candidates indi-
cates higher replicability (or reproducibility) of the data.

When the signal-to-noise ratio is lowered and the variation
of measurement procedures remains intact, both nestedIDR
(idrPetveen jdrithiny) gnq idrVithint2)) apd the standard IDR meth-
ods (idr?, idr"" and idr™2) select substantially fewer signals with a
reduction of 31.0-41.8% at the cutoff of 0.05 (Figure 4 S1 vs. S3,
or Figure 4 S2 vs. S4), correctly reflecting that the concordance is
compromised beyond individual labs. When the signal-to-noise
ratio is intact but the variation of measurement procedures from
lab 2 increases (Figure 4 S1 vs. S2 and Figure 4 S3 vs. S4), the num-
ber of reproducible signals identified by idr™ithin(2) js substantially
decreased (53.4% for S1 vs. S2 and 68.4% for S3 vs. S4), whereas the
number of reproducible signals identified by idr™ ™" from lab 1
is unchanged and the numbers of replicable signals identified by
idrPe™veen js only slightly reduced (3.14% and 5.68%, respectively).

This pattern signals that the lowered concordance is due to
low reproducibility in lab 2, rather than the compromised
signal-to-noise ratio. In contrast, while the standard IDR-based
method correctly reports lowered reproducibility in lab 2 (idr2),
the number of replicable signals (identified by idr”) is also greatly
reduced (12.7% for S1 vs. S2 and 33.3% for S3 vs. S4), showing a

pattern indifferent from the scenario of lowered signal-to-noise
ratio. Together, this demonstrates the effectiveness of nestedIDR
for differentiating the causes of reduced concordance and diag-
nosing data quality issues.

3.2 | Robustness Simulations Under
Assumption Violations

We next evaluated the robustness of nestedIDR when the data
generation process deviated from the model assumptions, to bet-
ter reflect complexities often encountered in real multi-source
experiments. Such deviations may arise from residual correla-
tion between labs due to shared reagents or protocols, techni-
cal artifacts that induce dependence even among irreproducible
measurements, or underlying signal structures that are not well
captured by the assumed copula family.

We consider three scenarios: (1) cross-lab dependence—
violating the conditional independence assumption by introduc-
ing mild correlation between measurements from different labs;
(2) within-lab dependence for irreproducible signals—violating
the assumption that irreproducible signals are independent
within a lab by adding weak correlation among such replicates;
(3) msspecified copula family—generating the reproducible
components (k = 1|g = 1) from a Gumbel copula with depen-
dence parameter 6 = 2 instead of the Gaussian copula assumed
by nestedIDR. Unlike the Gaussian copula, which is symmetric
with zero tail dependence, the Gumbel copula is asymmetric
with zero lower-tail dependence but positive upper-tail depen-
dence. This property allows it to represent data with particularly
high correlation among top-ranking signals.

In all scenarios, nestedIDR remained robust and consistently out-
performed competing methods, including IDR and meta-analysis
approaches. The only notable difference under model misspecifi-
cation was a slight shift in the ARI boxplots, with no substantial
loss of performance.

4 | Applications to Real Data

4.1 | Application tothe ENCODE ChIP-seq
Datasets

In our first analysis, we obtained ChIP-seq data from the
ENCODE project [1, 2]. According to ENCODE experimental
design, for each binding protein, independent ChIP-seq exper-
iments were performed in two or more labs, with at least two
biological replicates from each lab. Here we assessed the per-
formance of nestedIDR using the ChIP-seq experiments for the
transcription factor CTCF on the K562 cell line. The data were
generated by two labs, University of Texas at Austin (UTA) and
University of Washington (UW), with two replicates contributed
from each lab (UTA replicate 1: 4 861 426 reads, UTA repli-
cate 2: 4 940 148 reads, UW replicate 1: 12 853 025 reads and
UW replicate 2: 5 676 639 reads). We refer to UTA as lab 1 (11)
and UW as lab 2 (12) in our analyses. We downloaded the BAM
files directly from the ENCODE data portal [15, 21] and called
ChIP-seq peaks using MACS2 [25, 26] for each replicate sam-
ple. Due to variation across samples, the locations of ChIP-seq
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FIGURES5 | Comparison of the ChIP-seq peaks that are specifically identified by nestedIDR (idr®*™®¢") and IDR (idr?). (A) The distribution of FIMO
—log10(p-value) for peaks specifically identified by each method. (B) The distribution of read counts for the peaks specifically identified by each method
in the four replicates.
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FIGURE 6 | IGV Genome browser shots of example peaks (A) that are specifically identified by nestedIDR and (B) that are specifically identified
by IDR (idr?). The ChIP-seq data were obtained from two labs, UTA and UW. The Y axis shows the number of mapped reads, ranged 0-40. The blue bar
under each peak shows MACS2 peak calling results, where darker color indicates more significant MACS2 p-values and no bar indicates that a peak is
not called by MACS2. The red arrow marks the weakest peaks among the 4 replicates.

Statistics in Medicine, 2026 9of 14

85U8017 SUOWILIOD BAIEs.D 8|qed!(dde auy Aq peusenob a1e Sspie YO ‘88N JO S8|nJ o} A%eiqT8UlUO A1 UO (SUONIPUOD-PUR-SWBH W00 A8 1M AeIq 1 Ul |UO//SdNY) SUORIPUOD Pue SWe 1 84} 89S *[9202/50/52] Uo Arigiauliuo 4|1 BifelBURILR0D AQ YSEQL WIS/ZOOT OT/I0p/u0d A8 |m: Afeiq1jeujuo//sdny wouy pepeojumod ‘S-€ ‘9202 ‘8520260T



peaks identified for the same binding event may be slightly dif-
ferent across replicates. We therefore merged the ChIP-seq peaks
that overlap across replicates using the bedtools [27] command
“intercept”. For each merged region, we used —log10(p-value)
calculated by MACS?2 at the highest peaks within a merged region
to represent the signal for the region. Then the reproducibility
and replicability of the peaks across the replicates were evaluated
using nestedIDR and the standard IDR methods based on these
signals.

41.1 | NestedIDR Provides More Consistent Results
With Motif Binding Scores

To validate the biological relevance of our results, we eval-
uated the motif occurrence at the identified ChIP-seq peaks.
A motif refers to a short DNA sequence that is preferentially
bound by a binding protein. While true binding sites do not
necessarily contain motifs, they generally have a higher fre-
quency of motif occurrence than other regions. Here we obtained
the FIMO score [28] for the binding sites identified in the
ChIP-seq experiments, which measures the likelihood of motif
occurrence for each binding site, using the MEME suite [29].
Because signals in ChIP-seq experiments reflect the experimen-
tally measured likelihood of protein binding, the replicability
of the ChIP-seq peaks is expected to be positively correlated to
their FIMO scores. We therefore evaluated the biological rele-
vance of the replicability assessment by computing the Spear-
man correlation between the FIMO score and the replicability
score assigned by each method. We observed that the results
from nestedIDR have the higher Spearman correlation with the
FIMO score (idrP*™¢": 0.440) than all the standard IDR meth-
ods (idr*: 0.425, idr'': 0.413 and idr*?: 0.388). This demonstrates
the effectiveness of nestedIDR in identifying biologically relevant
signals.

4.1.2 | NestedIDR Enhances Support for Signals
Replicated Across Labs Despite Within-Lab Variability

An important benefit of multi-source analyses is the ability to
strengthen statistical support for findings by leveraging agree-
ment across independent sources. For instance, when a sig-
nal appears variable or weak within one lab but is consis-
tently observed in another independent lab, replication across
labs can provide additional evidence in favor of the signal’s
authenticity.

To illustrate this, we compared the sets of ChIP-seq peaks iden-
tified as replicable by nestedIDR versus the standard IDR model.
Because both methods are based on mixture models, replica-
ble signals can be defined as those with posterior probabilities
below a threshold (idr®*™*® for nestedIDR and idr® for stan-
dard IDR). We defined the nestedIDR-specific set as peaks with
idrbe™een < 0.3 but idr® > 0.6, and the IDR-specific set as peaks
with idr®®™" > 0.6 but idr < 0.3, excluding ambiguous cases
with intermediate scores (0.3 — 0.6) to focus on confident differ-
ences. This resulted in 710 peaks uniquely identified by neste-
dIDR and 773 uniquely identified by IDR.

As shown in Figure 5A, both sets have similar FIMO score
ranges, but the nestedIDR-specific set contains a higher pro-
portion of peaks with highly significant FIMO matches (e.g.,
39.52% of nestedIDR-specific peaks have p < 1076, vs. 30.70% in
the IDR-specific set), suggesting stronger biological relevance.
Further examination of the read count distributions (Figure 5B)
revealed that IDR-specific peaks tend to have moderate, consis-
tent signals across all replicates. In contrast, nested[DR-specific
peaks show strong signal in three replicates (UTA-r1, UTA-r2,
and UW-r1), but lower signal in one (UW-12). Visual inspection of
representative peaks (Figure 6) confirms this pattern. As shown
in Table 3, despite replication across multiple labs, these peaks

TABLE 3 | Comparison of ChIP-seq peaks uniquely identified by nestedIDR and IDR for the example regions shown in Figure 6.

FIMO nestedIDR IDR

Peak No.  Chr Start End D idrbetween idr” idr" idr"
Peaks specifically selected by idr™Veen

1 1 10927 230 10927 723 0.0e—-05 0.00 0.99 0.00 0.99
2 1 667 190 74 66 719 292 5.5e—05 0.00 0.99 0.00 0.99
3 1 95 186 469 95186 656 0.7e—-05 0.00 0.99 0.00 0.98
4 1 156 163 732 156 163 945 0.1e—-05 0.07 0.68 1.00 0.06
5 15 74 220 059 74 220 482 2.7e—05 0.28 0.61 0.99 0.01
Peaks specifically selected by idr”

1 1 9 633 864 9634107 0.2e—05 0.63 0.01 0.79 0.90
2 1 37078 559 37078 824 0.3e—05 0.83 0.03 0.99 0.99
3 3 133629 334 133 629 568 6.0e—05 0.92 0.09 0.99 0.95
4 7 104 585 490 104 585 725 5.7e—-05 0.60 0.01 0.96 0.90
5 14 24 092 316 24 092 504 1.3e—-05 0.60 0.01 0.96 0.90

Note: For each peak, we report its genomic location, FIMO motif p-value, and posterior probabilities of being a genuine signal under different models: idr*®™" from
nestedIDR; idr® from IDR applied to all four replicates jointly; idr" and idr™2 from IDR applied separately to the two replicates from UTA and UW, respectively.
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FIGURE7 | SEQC RNA-seq data. Plotted are the rank scatterplots of the gene expression level (read counts) measured using different technologies

(Illumina (ILM), Life technologies (LIF) and Roche (ROC)) in different

labs. Rows A-C: within-platform analysis; Row D: across-platforms analysis.

Specifically, A: ILM (BGI) vs. ILM (MAY); B: LIF (NWU) vs. LIF (PSU); C: ROC (NYU) vs. ROC (SQW); D: ILM (BGI) vs. ROC (NYU). Columns 1 and
2: two replicates from each participating labs. Column 3: the average expression level of the two labs in the first two columns. The average expression

level is calculated as the average between the two replicates in each lab.

are deemed irreplicable by the standard IDR model (idr*), which
assumes homogeneous replicates and thus penalizes inconsistent
signals. In contrast, nestedIDR, which models lab-specific vari-
ability, assigns high replicability scores (idr>*™™") to these peaks.

These observations highlight how nestedIDR increases support
for signals that are replicated across labs but suppressed by
within-lab variability. The contrasting behaviors of the two meth-
ods stem from their modeling assumptions: standard IDR treats
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all replicates as exchangeable and favors consistency across all
replicates. While this is effective for homogeneous datasets, it can
lead to false negatives in multi-source contexts where technical
variation differs between labs. In contrast, nestedIDR accommo-
dates source-specific heterogeneity, allowing it to distinguish sig-
nals that are irreproducible due to lab-specific noise from those
that are not replicated across sources.

4.2 | Application on the SEQC RNA-seq Data

Next we applied nestedIDR to the RNA-seq data from the
Sequencing Quality Control (SEQC) project [22]. SEQC com-
pared the performance of three RNA-seq platforms using bench-
mark datasets for Universal Human Reference RNA sample and
Human Brain RNA sample (see Figure 7). Each RNA sample
was sequenced using three platforms, namely, Illumina HiSeq
2000, Life Technologies and Roche 454. Illumina HiSeq 2000
was used to generate data at the Mayo Clinic (MAY), BGI,
Cornell, City of Hope, Novartis and the Australian Genome
Research Facility. Life Technologies was used to generate data
at Penn State (PSU), Northwestern (NWU), SeqWright Inc.
(SQW), and Liverpool. Lastly, Roche 454 was used to gener-
ate data at the Medical Genomes Project, New York Univer-
sity Medical Center (NYU), and SeqWright Inc. The consor-
tium also measured the gene expression levels for a subset
of 1129 genes using the qRT-PCR experiment, which often is
deemed as a gold standard to evaluate the accuracy of RNA
measurements.

Here we assessed the replicability and reproducibility of the gene
expression levels using the Universal Human Reference RNA
sample. Our analyses focus on evaluating the between-lab repli-
cability and within-lab reproducibility for each platform. In par-
ticular, for each platform, we selected two labs (Table 4 rows
1-3), and within each lab, we used two replicate samples for data
from each platform. Figure 7A-C shows the rank scatter plots
of the read counts between replicate samples from the same lab
(Figure 7A1-2, B1-2, C1-2) and from different labs (Figure 7A3,
B3, C3). As shown, Illumnia and Life technologies consistently
show much higher reproducibility between replicate samples
than Roche. We applied nestedIDR and the standard IDR to the
read counts generated from each RNA-seq platform. In addi-
tion, to evaluate the robustness of our method in presence of
high heterogeneity, we also performed an across-platform analy-
sis (Figure 7D) by comparing data generated from Illumina HiSeq
2000 at BGI with that from Roche 454 at NYU (Table 4 row 4).
Similar to the within-platform analysis, we used two replicate
samples within each lab. Because both lab and platform are dif-
ferent between the two replicate samples in the across-platform
analysis, the replicates are more heterogeneous than those in the
within-platform analysis.

421 | NestedIDR Shows a High Correlation With
Expression Levels Measured by PCR

To evaluate the biological relevance of our assessments, we com-
pared the results from each method with the PCR measured
expression value. Although PCR measurements are only avail-
able for a small subset of the genes considered in the RNA-seq

TABLE4 | Spearman rank correlation between replicability metrics
and the PCR measurements.

nestedIDR IDR
Platform Labs idr®®™e™  jdr® idr" idr"
Ilumina BGI 0.8593 0.8189 0.8164 0.8148
Illumina MAY
Life technologies PSU 0.8903  0.8470 0.8768 0.8801
Life technologies NWU
Roche 454 NYU 0.8717 0.8378 0.8571 0.8221
Roche 454 SQW
Illumina BGI 0.8854 0.8006 0.8164 0.8571
Roche 454 NYU

Note: Metrics include posterior probabilities from nestedIDR (idr®*™°™), IDR on
all four replicates jointly (idr*), and IDR applied separately to the first (idr') and
second (idr”2) platform-lab combinations.

datasets (1129 out of more than 40 000 transcripts), they nev-
ertheless provide some insights. Because an authentic signal
is expected to be more replicable and stronger than noise, the
ranking provided by a good replicability metric is expected to
be reasonably concordant with the ranking of the true sig-
nal strength. Based on this intuition, we computed the Spear-
man rank correlation between the estimated metrics and PCR
measurements.

As shown in Table 4, nestedIDR has the highest Spearman rank
correlation with the PCR measurements in all cases. We observed
that idr” sometimes performs worse than both single-lab results
(idr'* and idr'?) (Table 4 rows 2 and 4), especially when differ-
ent technologies are used in the two labs (Table 4 row 4). This is
likely because the homogeneous assumption in the standard IDR
method (idr”) is violated when there is a high level of between-lab
heterogeneity. In this situation, the integration across labs using
the standard IDR can lead to results that are even worse
than those obtained by only using the data from a single lab.
In contrast, nestedIDR consistently outperforms the single-lab
results in all cases, even when the data come from different
platforms (Table 4 row 4), showing the robustness and effec-
tiveness of nestedIDR in integrating data from heterogeneous
sources.

5 | Conclusions

In this paper, we developed nestedIDR, a nested copula mix-
ture model for assessing the reproducibility and replicability of
high-throughput genomic data across multiple sources. By mod-
eling the dependence between replicate samples according to
their source-specific origins, nestedIDR captures the structured
variability introduced by nested experimental designs commonly
seen in consortium efforts or independently replicated stud-
ies. This framework effectively accounts for between-source het-
erogeneity while simultaneously estimating both within-source
reproducibility and between-source replicability.

Note that nestedIDR is different from applying standard IDR
to batch-corrected data. NestedIDR explicitly captures the
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hierarchical dependence of within-from between-source varia-
tion through lab-specific parameters, enabling separate estima-
tion of reproducibility and replicability. The latter still treats all
replicates as exchangeable and thus cannot recover the same
source-specific insights as nestedIDR.

Importantly, nestedIDR is not equivalent to applying standard
IDR to batch-corrected data. While batch-correction methods
aim to remove systematic shifts, they do not model the hierar-
chical dependence structure of nested designs. NestedIDR explic-
itly incorporates lab-specific parameters to distinguish within-lab
from between-lab variation, enabling separate estimation of
reproducibility and replicability-insights that standard IDR, even
after batch correction, cannot provide.

Our analyses of ChIP-seq and RNA-seq datasets demonstrate
that the replicability scores from nestedIDR align more closely
with true signal strength than those from standard IDR. In par-
ticular, nestedIDR better tolerates signals that may be weakly
reproducible within individual labs but are consistently observed
across labs, thereby recovering biologically meaningful signals
that would otherwise be missed. The method is broadly applica-
ble, not only to genomic data but also to other high-throughput
experiments such as fMRI studies identifying brain activity
patterns.
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