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The limiting dilution assay (LDA) is a key method to quantify clonogenic

cells with self-renewing capacity in vitro, crucial for preclinical cancer

research and therapy response assessment. It estimates the frequency of

individual clonogenic, stem-like cells within a population based on their

ability to form colonies with ≥50 cells at limiting cell numbers. Standard

LDA analysis relies on linear, single-hit Poisson models, yet clonogenic

growth under single-cell conditions often involves cooperative or competi-

tive dynamics, violating this linearity assumption. Here, we present a

modeling framework incorporating non-linear population dynamics into

LDA analysis and introduce LDAcoop, an R-based tool for universal

quantification of clonogenic cells in LDA formats. Across multiple cancer

cell types, we benchmarked LDA against the colony formation assay

(CFA) and show that LDA outperforms CFA, especially for

patient-derived organoids, suspension cultures, and higher throughput

applications. This renders the LDA format particularly suitable for

larger-scale pharmacogenomic screening and drug sensitivity testing in

complex models. Our results establish LDA and LDAcoop as versatile,

scalable tools for robust quantification of clonogenic growth, supporting

preclinical drug development and molecular precision oncology research.
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1. Introduction

The quantification of clonogenic cancer cells in vitro

represents a key method in the toolbox of preclinical

cancer research and its subdisciplines, including basic

tumor biology, molecular precision oncology,

immuno-oncology, and preclinical therapy develop-

ment. In this context, clonogenic growth describes the

capacity of single cells to form colonies through

self-renewal and division. Clusters with a minimum of

50 cells which developed from one singular ancestor

cell are conventionally considered as a surrogate for

infinite growth or—at least—the capacity for multiple

rounds of cell division, respectively [1,2].

A widely used technique to determine the frequency

of cancer cells with self-renewing, clonogenic potential

is the limiting dilution assay (LDA) [3]. Serial dilutions

of single-cell suspensions are seeded into multi-well

plates, and the fraction of wells with clonogenic growth

for each seeded single-cell number is determined

(Fig. 1). The frequency of clonogenically active cells in

the single-cell population can be inferred from the fail-

ure fraction, that is, the fraction of wells without clono-

genic growth, according to the zero term of the Poisson

distribution at an expectation of one [3] (Fig. 2A). A

similarly well-established technique to quantify clono-

genic growth is the colony formation assay (CFA) [1,4].

Here, the exact colony count per culture dish in relation

to the number of seeded cells is determined [1]. As a

mutual characteristic, the LDA and the CFA

interrogate clonogenic growth behavior at very low den-

sities, often less than one cell per mm2 surface area.

Under these extreme conditions, colony formation is

critically dependent on growth-supporting soluble fac-

tors in the culture medium, and it was not until the

1950s that reproducible mammalian single-cell growth

became technically feasible [5,6]. At this time, scientists

had a thorough understanding of the in vitro growth

requirements for various types of mammalian normal

and cancerous cells, and clonogenic single-cell growth

was known to be dependent on biochemically defined

molecules—salts, amino acids, sugars, and cofactors—
as well as a complex and undefined mixture of

animal-derived essential components typically contained

in serum preparations [7,8]. Although clonogenic

growth of selected cell lines became feasible in fully syn-

thetic, chemically defined media in the 1960s [9], serum

preparations or other animal-derived supplements, such

as bovine pituitary extract, are still widely used in con-

temporary cell culture [10].

In addition to the biochemical composition of the

culture medium itself, cell-derived molecules, such as

growth factors, hormones, low-molecular-weight

metabolites, and growth inhibitors, can influence

single-cell growth via auto- and paracrine mechanisms

[11], suggesting that phenomena of cellular coopera-

tion and competition influence clonogenic growth pat-

terns to varying extents [12,13]. In this context, it has

Fig. 1. The limiting dilution assay (LDA). (A) Principle of the LDA. A dilution series of the single-cell suspension of interest (with cell

numbers S1 to S8) is seeded into a multi-well plate with multiple replicates per dilution. After an appropriate incubation time sufficient to

allow at least 6 cell doublings, the number of wells with clonogenic growth failure is determined, and clonogenic activity is calculated via

the zero term of the Poisson distribution with λ= 1. (B) Experimental workflow as performed in this manuscript. (C) Examples of raw data

from MCF7 cells. LDA plates were seeded in an 8-step geometric dilution series with 12 replicates per dilution. The numbers of seeded

cells (S ) and the fractions of wells with clonogenic growth failure (μ= Y/n) are indicated.
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been proposed that the absence of cooperating or com-

peting neighboring cells can respectively slow down,

inhibit, or enhance cell growth at low plating densities

[14–18]. The reduction in reproductive fitness at limit-

ing cell densities is known as the Allee effect—a con-

cept in ecology to describe a per capita population

growth rate, which gradually decreases at low popula-

tion densities [16,19,20]. On the contrary, neighboring

cells can also exert competitive effects under limiting

cell numbers, via deprivation of critical nutrients in

the chosen culture medium and/or secretion of

growth-inhibitory factors [18]. Hence, albeit less com-

mon than cellular cooperation, competitive mecha-

nisms may contribute to nonlinear clonogenic growth

phenomena as well [10,17,18,21], and the net effect of

cooperative and competitive effects in a culture dish

obviously depends on various parameters, including

the cell culture model and the culture conditions

chosen.

Cellular cooperation and competition strongly affect

the mathematical analysis of clonogenic survival exper-

iments. However, standard data analysis workflows

and associated computational tools fail to account for

these non-linear phenomena, causing the linear mathe-

matical models to diverge from the real-world data

they are meant to represent [22]. To address this limi-

tation in the CFA, we recently developed a mathemati-

cal modeling approach that incorporates nonlinear

cell-number-to-clonogenic-growth relations and

thereby improves analytical reliability and robustness

[1,22]. In this study, we investigated the effects of non-

linear clonogenicity in the LDA format. Considering

Fig. 2. Linear single-hit models do not account for cooperative and competitive clonogenicity and fail to robustly describe clonogenic growth

behavior of several cell lines in the LDA format. (A) Workflow of LDA data analysis with existing tools relying on linear, single-hit Poisson

mathematics (such as https://bioinf.wehi.edu.au/software/elda/ [3]). (B) Examples of LDA raw data sets of seven different cancer cell lines

with linear regression superimposed in red (95% confidence intervals are displayed in pale red). Data of each cell line were generated in

three to four independent biological replicates. Mean ln(μ) values are represented by filled dots (•). + and ▽ symbols represent data points

from individual replicates. (C) Analysis of mammalian single-cell growth behavior types. Identical cell numbers of SKLU1 and A549 single-cell

suspensions (10 cells/well for SKLU1, 3 cells/well for A549) were seeded into 384-well, 96-well, 24-well, and 12-well plates in culture

medium volumes of 20–5000 μL per well, and the percentage of wells with clonogenic growth was determined after 21 days for SKLU1 and

14 days for A549 cells. Data of four independent biological replicates each performed in 48–96 technical replicates are given, and power

regression lines with 95% confidence intervals are superimposed. (D) Identical cell numbers of SKLU1 and A459 cells were seeded as in (C)

in varying culture medium volumes of DMEM/F12 medium supplemented with 10% FCS (left panel) or varying concentrations of FCS (right

panel). Data of four independent biological replicates each performed in 48–96 technical replicates are given, and regression lines (power or

logistic regressions) with 95% confidence intervals are superimposed.
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that clonogenic survival analyses in both the CFA and

LDA format are performed using very different dilu-

tions of single-cell suspensions within one experiment

[1,3], we hypothesized that cooperative as well as com-

petitive effects may similarly lead to unreliable esti-

mates of clonogenic cell frequencies in the LDA

format due to violations of the linearity assumption in

stable ratios of cell numbers to measures of successful

clonogenic growth. Accordingly, we generalized the

established linear, single-hit Poisson model via power

law and included a nonlinearity parameter, which

accounts for cooperative and competitive clonogenic

growth phenomena. To make this workflow accessible

for a broad audience, we developed LDAcoop, an R

package published on CRAN (accompanied by an

online shiny app version thereof) designed to account

for nonlinear clonogenic growth patterns in LDA anal-

ysis. Finally, we benchmarked the LDA format against

the CFA format with regard to experimental proce-

dures, scoring, data output, speed, and versatility in

different cancer cell culture systems.

2. Materials and methods

2.1. Development of LDAcoop

2.1.1. Statistical modeling of nonlinear clonogenic

growth behavior

Let n ∈ N, n> 0 be a number of wells with an identi-

cal number of cells. Each well is seeded with an

expected number of cells S ∈ N, S> 0. The probabil-

ity of failure (no growth) in each well is identical and

independent for all wells and denoted with μ ∈ [0, 1].

The number of failures Y is therefore a binomially dis-

tributed random variable:

P Y= rð Þ= n

r

� �
μr 1�μð Þn�r

The probability of success (1�μÞ on the level of wells,

in turn, depends for each well on the expected number

of cells seeded S. Assuming an identical and indepen-

dent probability of growth p ∈ [0, 1] for every cell

seeded, we find as known from the single-hit Poisson

model (SHPM) an expectation of

λSHPM = p � S

‘active’ cells in a well. As a generalization of this linear

approach and analogously to modeling non-linear

growth behavior in CFA analysis, the deviation from

linearity in mean activity is accounted for by introduc-

ing a non-linearity coefficient b> 0. Specifically,

0< b< 1 corresponds to competitive, b= 1 to linear,

and b> 1 to cooperative growth. This yields a power

law relation

λ= p � Sb

Given a mean activity λ> 0, the number of active cells

in a well X ∈ N0 follows approximately the Poisson

distribution

Pλ X= kð Þ= λk

k!
e�λ

The probability of failure is therefore:

μ=Pλ X= 0ð Þ= e�λ = e�p�Sb

and with α= ln pð Þ we find

ln �ln μð Þð Þ= αþ b � ln Sð Þ

For m sets of wells with varying numbers of cells Si

and corresponding observations μi, i∈ 1, ::,mf g this is

a generalized linear regression model of the binomial

family with log–log link function. Model fitting is con-

ducted using statistical software R (glm function from

stats package).

2.1.2. Definition of clonogenic activity

We define the clonogenic activity a as the number of

cells that need to be seeded to achieve on average 1

colony per well, resulting in e�1 (i.e., approximately

37%) wells with exactly 1 colony and e�1 wells with

growth failure:

a= e
�α
b = p�1

� �1
b

For cells with linear clonogenicity, the clonogenic

activity equals the inverse of the active cell frequency

[3]. A cell frequency suggests an easy and straightfor-

ward interpretation: ‘each cell has a certain probability

of having some property’, and this probability is the

same for all cells, independently of the others. How-

ever, the chance of forming a new colony also depends

on the surroundings, particularly the number of neigh-

boring cells and their secretomes. Against this back-

ground, quantification through an active cell frequency

is misleading in the context of cellular cooperation or

competition, and the definition of clonogenic activity

focuses directly on this total number of cells, which

provides together the activity of interest.

The uncertainty of the clonogenic activity is calcu-

lated from the confidence bands of the model fit with

statistical software (R statistical software, predict.glm

function from basic stats package). Cell numbers that

result in upper or lower bounds of 37% negative wells
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are the lower and upper bounds of the confidence inter-

val of the clonogenic activity (Fig. S1). Alternatively,

the uncertainty can be approximated via conventional

error propagation (e.g., through first-order Taylor series

approximation) in terms of standard deviation.

2.1.3. Calculation of surviving fractions

Changes in the clonogenic activity under treatment

(e.g., upon exposure to ionizing radiation) are quanti-

fied using the survival fraction SF. In this regard, the

term survival refers to the retention of clonogenic

capacity following treatment. Accordingly, the survival

fraction SF is defined as the ratio of the number of

cells required to result in an identical expectation

of the same reference activity (e.g., 37% failure rate)

without and with treatment.

Let α0 and b0 denote the model parameters fitted to

the untreated cells, and αt and bt the parameters for the

treated cells. The survival fractions are calculated as

SFt =
a0
at

=
e
�α0
b0

e
�αt
bt

= e
αt
bt
�α0

b0

Uncertainties of the survival fractions can be approxi-

mated via conventional error propagation (first-order

Taylor series). As a more robust approach, we approx-

imate SF 95% confidence intervals by combining

83.5% confidence intervals of the corresponding clono-

genic activities [23–25], yielding an overall coverage

close to 95% when propagated (explicit formulas are

provided in Fig. S1). Therefore, given a reference clo-

nogenic activity of a0 with associated 83.5% confi-

dence interval a0,lb, a0,ub½ � and a clonogenic activity at
of a treated group with associated confidence interval

at,lb, at,ub½ �, the 95% uncertainty interval of the sur-

vival fraction is approximated as
a0,lb
at,ub

,
a0,ub
at,lb

h i
(Fig. S1).

2.1.4. Utilization of biological replicates

Individual biological replicates vary in their character-

istics. Thus, measurements from the same biological

replicate are not fully independent. Still, there is no

unique model including this variability, but multiple

options exist how this or that aspect of inter-replicate

variability could be modeled. Therefore, to assess

inter-replicate variability, we strongly recommend indi-

cating individual biological replicates in plots of the

clonogenic activity. This offers direct and easy visual

inspection of the magnitude of inter-replicate

variability.

In case the inter-replicate variability is considered

rather small with respect to its intrinsic stochasticity,

combining the number of wells before modeling is rea-

sonable (i.e., numbers of wells from biological repli-

cates are added up). The intrinsic stochasticity stems

from the binomial characteristic of the number of

responding wells. As an example, the 95% expectation

range for 12 wells with probability of nonresponding

p= 1/3 is 1 to 7 nonresponding wells (which on

ln(μ)-scale corresponds to a range of �2.5 to �0.5).

In case inter-replicate variability is considered high

and serious underestimation of the calculated uncer-

tainties is expected, all replicates are to be analyzed sep-

arately. This means clonogenic activities and survival

fractions are calculated for the replicates separately. In

that case, overall clonogenic activities and associated

uncertainties can be derived from the sets of individual

clonogenic activities and survival fractions by calculat-

ing the mean and standard error of the mean.

In case of low numbers of biological replicates com-

bined with extremely high numbers of wells per biolog-

ical replicate, the calculated uncertainties will also be

underestimated (as in the case of high inter-replicate

variability). In this case, the experiments should be

separated by replicate as well.

2.2. Statistical methods

All calculations were performed in R version 4.2.0

(2022-04-22; R Core Team. R: A Language and Envi-

ronment for Statistical Computing. R Foundation for

Statistical Computing, Vienna, Austria, 2022). LDA

data was analyzed by CRAN LDAcoop package

(https://cran.r-project.org/web/packages/LDAcoop/ind

ex.html). A shiny app version of LDAcoop is available

under https://helmholtz-munich-zyto.shinyapps.io/LDA

coop/. For comparison, in Fig. 2B, LDA data (number

of cells per well, number of wells, number of positive

wells) were also fitted with the ‘ELDA’ function of the

‘statmod’ R package [3]. Improvement in model fit

was formally assessed by likelihood-ratio tests (LRT)

on deviance differences between nested models, and

model adequacy was additionally evaluated using

Akaike’s information criterion (AIC).

2.3. 2D cell culture

The breast cancer cell lines T47D (RRID:

CVCL_0553), SKBR3 (RRID:CVCL_0033), BT20

(RRID:CVCL_0178), MDA-MB231 (RRID:CVCL_

0062), HCC1806 (RRID:CVCL_1258), and DU4475

(RRID:CVCL_1183), and the lung cancer cell lines

A549 (RRID:CVCL_0023) and SKLU1 (RRID:

CVCL_0629) were purchased from either ATCC

(Manassas, VA, USA), CLS (Heidelberg, Germany),
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or DSMZ (Braunschweig, Germany). Cells were culti-

vated in a humidified atmosphere at 37 °C in culture

media (all from Thermo Fisher Scientific, Schwerte,

Germany) supplemented with fetal bovine serum

(FBS), 100 U�mL�1 penicillin, and 0.1 mg�mL�1 strep-

tomycin. Details are listed in Table S1. Cell line

authentication was performed via short tandem repeat

typing (service provided by DSMZ), and all experi-

ments were performed with cultures within 10 passages

of authentication. Additionally, cell cultures were rou-

tinely screened to be free from mycoplasma contami-

nation (MycoAlert Detection Kit, Lonza, Basel,

Switzerland), and only cultures confirmed to be

mycoplasma-free were included in experiments.

2.4. Organoid cell culture

Organoid cell cultures derived from pancreatic ductal

adenocarcinoma (PDAC) and head and neck squa-

mous cell carcinoma (HNSCC) were used as previ-

ously established [26,27]. Their original generation was

performed with written informed consent from all par-

ticipants, in accordance with the Declaration of Hel-

sinki, and with approval from the Ethics committee of

the LMU Munich Medical Faculty. The details

of medium composition are given in Tables S2 and S3.

All organoids were passaged weekly, PDAC organoids

by mechanical dissociation and HNSCC organoids by

enzymatic dissociation using TrypLE™ Express

(Thermo Fisher Scientific) and subsequent use of the

trypsin inhibitor from Glycine max. (Sigma-Aldrich,

Taufkirchen, Germany). Upon dissociation, the

rho-associated protein kinase (ROCK) inhibitor Y-

27632 (Selleckchem, Munich, Germany) was added at

10 μM for 1 week (PDAC), or 1 day (HNSCC), respec-

tively. Short tandem repeat typing and mycoplasma

testing were performed as described for 2D cell

cultures.

2.5. X-ray treatment

Irradiation was performed using an RS225 X-ray tube

(X-Strahl, Camberley, UK) operated at 200 kV and

10mA with an integrated Thoraeus filter (1 Gy in

242 s).

2.6. Analysis of clonogenic survival of adherent

cell lines by limiting dilution assay and colony

formation assay

For the analysis of clonogenic survival of adherent

cells in the LDA format, geometric dilution series of

single-cell suspensions were seeded into 96-well plates

(2�3–212 cells per well). Upon adherence, the medium

was refreshed (200 μL per well), and cells were irradi-

ated with the indicated doses. Clonogenic growth was

allowed for 14 to 21 days; cells were fixed and stained

using 80% ethanol containing 0.8% methylene blue

(Sigma Aldrich, Taufkirchen, Germany). Plates were

screened for clonogenic growth at 8–40× magnifica-

tion. Wells containing at least one colony with ≥50
cells were considered positive. Surviving fractions were

calculated using the provided R tool LDAcoop.

CFA format data and power regression-based

results (i.e., the fraction of clonogenic cells per well

after a given treatment) were taken from Brix et al.

[22].

2.7. Limiting dilution assay with

suspension cells

Geometric dilutions of DU4475 single-cell suspensions

were seeded into 96-well plates (20–213 cells per well)

and the total volume per well was adjusted to 200 μL
in all wells. Then, cells were irradiated and incubated

for 23 days. Screening was performed at 40 × magnifi-

cation without prior staining, and surviving fractions

were obtained as described for adherent cells.

2.8. Limiting dilution assay with organoids

Single-cell suspensions of organoids were generated

using a mixture of TrypLE™ Express (Thermo Fisher

Scientific, Dreieich, Germany), Dispase (2 mg�mL�1),

and DNAse I (10 μL�mL�1) (both Sigma-Aldrich) for

PDAC organoids and TrypLE™ Express alone

for HNSCC organoids. The trypsin inhibitor from Gly-

cine max was used to stop the reaction. Single-cell sus-

pensions were diluted 1+ 1 in growth factor-reduced

matrigel (Corning, Wiesbaden, Germany) for PDAC

cells or BME (R&D Systems, Wiesbaden, Germany) for

HNSCC cells, respectively. 10 μL of the cell suspension

was immediately seeded into 96-well U-bottom plates in

a range of 1–3200 cells per well. After 20 min, culture

medium containing 10 μM ROCK Inhibitor Y-27632

was added to the wells. Subsequently, cells were irradi-

ated and incubated for 21 days. Analysis was performed

as described for suspension cells.

2.9. Fluorescence microscopy of organoids

For fluorescence microscopy, single-cell suspensions of

one PDAC organoid line were seeded into

eight-chamber slides (Ibidi, Gräfelfing, Germany) and

irradiated at the indicated doses. After 21 days,

medium was removed and matrigel drops were covered

6 Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies.
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with fresh medium containing 10 μg�mL�1 Hoechst

33342 and 20 μg�mL�1 propidium iodide (both from

Sigma-Aldrich). Organoids were imaged after an incu-

bation time of 1 h at room temperature with an

AxioObserver Z1 inverted microscope equipped with

an EC Plan-Neofluar 5×/0.16 Ph1 and an AxioCam

MRm camera.

3. Results

3.1. Nonlinear phenomena of clonogenicity:

Cellular cooperation and competition and their

impact on data analysis in limiting dilution

assays

To assess the impact of nonlinear phenomena on the

robustness of clonogenicity analyses in the LDA for-

mat, we measured clonogenic survival upon irradiation

in a panel of adherent cancer cell lines with varying

degrees of cooperative and competitive clonogenic

growth behavior as previously demonstrated in the

CFA format [22]. For the given cell line panel, we

found—as expected—that some cell lines showed non-

linear relations between the number of cells seeded (S )

and the log-transformed fraction of wells with clono-

genic growth failure (ln(μ)) (Fig. 2B). This indicates

that the single-hit Poisson model, which describes a

scenario where one event (i.e., clonogenic growth of

one cell) occurs randomly and independently at a con-

stant average frequency, and which is typically

assumed in standard LDAs [3,28–31] is not universally

applicable. To investigate this phenomenon in greater

detail, we plated fixed numbers of A549 and SKLU1

single cells into multiple wells with highly different vol-

umes of culture medium (20–5000 μL/well, 384-

well–12-well format) and analyzed clonogenic growth.

In line with the approximately linear ln(μ)� S relation

of A549 cells, the clonogenic activity of these cells was

quite stable in different culture medium volumes when

plated in standard medium supplemented with 10%

FBS, and the majority of wells (>80%) revealed clono-

genic growth (Fig. 2C, right graph). In contrast,

SKLU1 cells showed a high degree of cellular coopera-

tion and, correspondingly, a steep decline in clono-

genic growth with increasing assay volume, thus

providing a demonstrative explanation for the non-

linear ln(μ)� S relation of this cell line (Fig. 2C, left

graph). These data confirm previous results showing

that potentially clonogenic cells may ‘lose’ their clono-

genicity if cellular cooperation via soluble factors is

hampered [22]. As expected, highly variable estimates

of the fraction of clonogenic cells ranging from 1/8 to

1/175 cells were obtained when applying the (obviously

violated) LDA single-hit model to SKLU1 cells in dif-

ferent culture medium volumes.

Vice versa, A549 single-cells grew highly competi-

tively when clonogenicity was assessed under serum-

reduced conditions, and frequency estimates of clono-

genic cells covered the full range from 1/1 to 1/inf

when analyzing the raw data with linear ln(μ)� S

regression (Fig. 2D, right graph). Volume-independent

growth patterns were obtained for SKLU1 cells if

EMEM, the basal medium recommended by the

supplier, was replaced by DMEM/F12, a more

nutrient-rich medium supplemented with the identical

percentage of 10% FBS (Fig. 2D, left graph). Taken

together, these data demonstrate that clonogenic

growth of single cells plated at limiting cell numbers is

strongly affected by cell density and the composition

of the culture medium, which together frame the bio-

chemical context for single-cell growth. Individual cells

with—in principle—clonogenic potential may fail to

give rise to clonogenic offspring under the limiting

dilution conditions of the LDA format, whereas they

may manage to survive clonogenically when supported

by others, or when using alternative culture media

containing all factors required for clonogenic growth

at a sufficient concentration. Conversely, competition

for growth factors and/or nutrients may impair clono-

genic survival.

3.2. LDAcoop: Implementing nonlinear

population dynamics into LDA data analysis

These deviations from linear clonogenic growth behav-

ior have been described by various researchers

[1,15,17,22,32–34], and cellular cooperation [12] as well

as cellular competition [21] of mammalian cells provide

biological explanations for violations of the single-hit

hypothesis of LDAs in these cell model systems. To

account for distorting effects of nonlinear clonogeni-

city on the analysis of CFA-derived survival data, we

recently proposed a regression-based mathematical

analysis workflow CFAcoop, where the relation of clo-

nogenic cells and seeded cells is modeled via power

law [1,22]. We now aimed to address this issue in the

mathematical analysis workflow of LDA experiments.

Commonly, the fraction of clonogenic cells (p) in a

given cell population is calculated by determining the

total number of cells (Sλ=1) that need to be plated in

order to obtain on average exactly one clonogenic cell

(λ= 1), that is, exactly one colony, per well. According

to the Poisson distribution, this mean of exactly one

colony per well corresponds to a probability of clono-

genic growth failure (i.e., no colony per well) in 1/e of

all wells tested, which is approximately 37%. The

Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies. 7
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average of clonogenic cells obviously depends on (i) an

independent probability p of clonogenic growth for

each individual cell and (ii) the total number S of cells

seeded. In standard linear, single-hit Poisson models

(SHPM), the expected number of clonogenic cells is

described by

λSHPM = p � S
To account for non-linear (i.e., cooperative or compet-

itive) clonogenic growth phenomena, analogously to

CFAcoop we generalized this relation via power law

and included a nonlinearity parameter b to

λ= p � Sb

This generalized formulation allows the estimation of

the number of seeded cells required to yield on average

one clonogenically active cell per well, as well as the

cooperativity/competitivity parameter b, based on

the observed fraction of wells without clonogenic

growth. From the fractions of clonogenic cells under

control and treatment conditions, the surviving frac-

tions (SFs) can then be inferred. A detailed description

of the mathematical background and the development

of the R package LDAcoop is given in the Materials

and Methods section, and a step-by-step example of

LDA raw data collection, scoring, as well as plotting

of multiple replicate data, subsequent non-linear

ln(μ)� S fitting, and the final clonogenic survival

results is shown in Fig. 3.

In full analogy to our CFAcoop approach for CFA

analysis [1,22], the exponent b is determined indepen-

dently for each treatment condition of an experiment

by assessing the probability of clonogenic growth over

a range of different cell numbers seeded in n replicate

wells. In case of cellular cooperation, b-values of >1

are observed, whereas cellular competition is charac-

terized by b-values <1. Within the cell line panel

shown in Fig. 2B, we found clear deviations from the

linearity assumption (b≈ 1) in both directions with b-

values ranging from 0.70 to 0.92 for T47D cells and

from 1.54 to 2.60 for SKLU1 cells at different radia-

tion doses, which were in good agreement with the

results obtained in the CFA format (Fig. S2 and [22]).

Interestingly, b-values trended to be higher in the CFA

format. This may reflect the fact that CFAcoop analy-

sis operates at the level of 20 detected colonies,

whereas LDAcoop analysis is performed at the level of

a single colony, likely resulting in stronger non-linear

growth phenomena as quantified by the b-value.

The implementation of the exponent b into the anal-

ysis workflow stabilizes the results output and

increases its robustness (Fig. 4A,B). The estimated

clonogenic activity of a given cell population with non-

linear clonogenicity as well as the corresponding confi-

dence intervals remain very stable, irrespective of

whether the full available data set or reduced versions

thereof (data set reduced at the higher or lower range

of seeded cells) are used for calculation. In strong con-

trast, utilizing the linear analysis approach [3] yields

highly varying results for the estimated clonogenic

activity, including the corresponding confidence inter-

vals. Hence, power law-based modeling of nonlinear

clonogenic growth phenomena as implemented in

LDAcoop clearly outperforms LDA analysis tools that

rely on linear equations in conditions with violated lin-

earity assumption. This was further supported by devi-

ance and Akaike information criterion (AIC) analyses,

in which LDAcoop yielded lower deviance in all data-

sets and lower AIC values in nearly all cases, demon-

strating a systematically better goodness-of-fit than the

linear LDA model. In several datasets, the improve-

ment in fit was also statistically significant based on

likelihood-ratio tests (LRT, Table S4). While the origi-

nal authors explicitly discouraged application of the

linear LDA model outside the method’s valid scope

[3], such cases remain common in practice.

Taking advantage of the LDAcoop tool, we ana-

lyzed the dependence of the clonogenic capacity of

A549 and SKLU1 cells on the respective culture condi-

tions. Dilution series of both cell lines were seeded,

analogous to the experiments shown in Fig. 2, using

different culture media, culture volumes, and multiwell

plate formats. For the cooperatively growing SKLU1

cells, clonogenic capacity ranged from >7% to <1%

with increasing assay volume in EMEM but remained

largely stable at >80% in DMEM/F12 (Fig. 4C). Con-

versely, owing to their competitive growth behavior,

the clonogenic capacity of A549 cells decreased from

>15% to <1% with decreasing assay volume in 2%

FBS, whereas it stayed virtually unchanged at >80%

in 10% FBS (Fig. 4D). These condition-dependent

variations thus reflect genuine differences in cellular

cooperation and competition across distinct biochemi-

cal contexts, which—assuming single-cell independence

—are not adequately captured by linear LDA analysis

algorithms.

3.3. Benchmarking LDA and CFA: LDA Is superior

for complex culture models and applications

with higher throughput requirements

Considering the essentially identical readouts of CFA

and LDA—both are used to determine the fraction of

clonogenic cells after various treatments—we set out

to compare the results generated by the two methods.
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Fig. 3. Overview of the LDA data analysis workflow with the R tool LDAcoop. (A) Layout of a representative 96-well plate with a geometric

dilution series of 8 different cell numbers (S ) seeded in 12 technical replicates. The fraction of wells with clonogenic growth and without

clonogenic growth (failure wells) is determined for each cell number. (B) Raw data of failure fractions (μ) of different cell numbers are

plotted in an ln(μ)� S graph. μ-values are averaged, generalized linear regression models are fitted to the ln(μ)� S data for controls and each

treatment dose to determine the clonogenic activities (S-values corresponding to the failure rates μ= 1/e), and the respective 95%

confidence bands are displayed in pale green. Clonogenic survival curves are generated by normalizing the clonogenic activity values of each

treatment dose to that of the untreated controls. Data (of BT20 cells) were collected in four independent biological replicates each

performed in 12 technical replicates.

Fig. 4. Implementation of a nonlinearity coefficient b strongly increases robustness of fit. (A) Fits with linear ln(μ)� S [3] and non-linear

ln(μ)� Sb regression (LDAcoop) of the full data set of BT20 cells shown in Fig. 2B (8 Gy), or reduced versions thereof with omission of data

points in the higher (left panel) or lower (right panel) cell number range. Regression lines and confidence intervals are shown. (B) Estimated

clonogenic activities and their confidence intervals as calculated in A. (C, D) Dependence of the clonogenic capacity on the culture

conditions. LDAs of SKLU1 and A549 cells were performed in different media, assay volumes, and multi-well plate formats in analogy to

Fig. 2C,D, and data were analyzed using LDAcoop. The clonogenic capacity (i.e., the percentage of clonogenic cells within the population) is

displayed as means of four biological replicates each performed in 12 technical replicates with power regression lines and 95% confidence

intervals superimposed.

Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies. 9

N. Brix et al. LDAcoop: Limiting dilution assay with non-linear data analysis

 18780261, 0, D
ow

nloaded from
 https://febs.onlinelibrary.w

iley.com
/doi/10.1002/1878-0261.70185 by H

elm
holtz Z

entrum
 M

uenchen D
eutsches Forschungszentrum

, W
iley O

nline L
ibrary on [28/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Clonogenic survival curves for the seven cell lines were

calculated by using LDAcoop, and the results

were compared to previously generated CFAcoop

results from cells of the same cultures (difference of no

more than 3 culture passages between data collection)

[22]. The survival curves of the seven cell lines were

highly similar (Fig. 5A). Obviously, both CFA and

LDA can be used equivalently to assess clonogenic

survival, provided that nonlinear clonogenic growth

behavior is properly considered.

Given the congruence of CFA and LDA results out-

puts, we next benchmarked the two methodologies

against each other with regard to time and costs. Six

independent researchers with different levels of experi-

ence in clonogenic assay analysis were asked to score

identical sets of CFA and LDA plates with each of six

different treatment conditions. While highly similar

survival results were obtained for the CFA format,

researchers with less experimental experience tended to

underscore the LDA format, particularly in the lower

dose range of treatment (Fig. 5B). However, the time

required for assay scoring was significantly shorter for

the LDA format—irrespective of the researchers’ level

of experience (Fig. 5C), translating into a total reduc-

tion of time needed for an entire LDA experiment

compared to the CFA format. The costs for consum-

ables of both methods were comparable (Fig. 5D).

Considering the advantages of clonogenic survival

analyses in the LDA format in 2D settings with adher-

ent cells, the performance of LDAcoop was tested in

cell culture models for which CFA protocols are highly

challenging and time-consuming to employ. We used

the suspension breast cancer cell line DU4475, which

is not able to form adherent colonies in liquid culture

medium [35] and analyzed its survival upon irradiation

by LDA. While the determination of the precise col-

ony count/well in liquid culture media would obvi-

ously be impossible and thus require more labor-

intensive surrogate analyses in semisolid 3D matrices,

LDA scoring was well feasible even without fixation

and staining of the cells (Fig. 6A,B). With b-values of

up to 3.75, cellular cooperation in DU4475 cells was

Fig. 5. Clonogenic survival results generated by CFA and LDA protocols are highly similar, but the LDA format requires less time for scoring.

(A) Comparison of the survival curves of seven cancer cell lines generated by CFA and LDA protocols. CFA data were measured in three

(T47D and HCC1806 cells) or four (all other cell lines) independent biological replicates, subjected to analysis and CFAcoop, and taken from

Brix et al. [22]. LDA data were acquired in three (SKBR3 and A549 cells) or four (all other cell lines) independent biological replicates, and

clonogenic survival curves were calculated using the R tool LDAcoop. Means of independent biological replicates �95% confidence

intervals as obtained from CFAcoop and LDAcoop are shown with linear-quadratic regression lines superimposed and shaded areas

depicting 95% confidence intervals of the respective fits. Comparisons between data sets were performed using two-way ANOVA with

treatment and method as factors. P-values for the factor method are reported. (B) Comparison of inter-researcher variability in the CFA and

LDA format. Survival data of each one CFA and one LDA experimental replicate of SKBR3 cells were scored by six independent researchers

with varying extents of experience and subjected to downstream analysis with CFAcoop or LDAcoop, respectively. (C) Time required for

scoring the data shown in (A). (D) Comparison of total experimentation time and costs of CFA and LDA.
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profound, thus confirming the necessity to consider

this phenomenon in LDA analysis.

We also examined clonogenic survival upon irradia-

tion in three different patient-derived organoid cell

lines which were cultured in 3D matrices covered by

liquid culture medium (Fig. 6C). Organoid formation

by irradiated single cells seeded in the LDA format

could be obtained in individual wells for all conditions

tested, and viability of organoids was confirmed in

selected culture wells by immunofluorescence micros-

copy (Fig. 6D,E). These data show that the LDA for-

mat can be easily adapted to challenging cell culture

models, whereas the necessity to determine the precise

number of colonies in individual wells frequently

obstructs the applicability of the CFA format, particu-

larly if non-adherent cells or organoid culture systems

are analyzed.

Finally, we made use of 384-well culture dishes to

interrogate the upscaling potential of the LDA format.

Yes/no scoring of culture plates was well feasible, and

the increase in information density as compared to 96-

well dishes of identical size was fourfold (Fig. 7A).

Additionally, increasing the number of technical repli-

cates n (Fig. 7B) per cell density as well as increasing

the number of informative dilutions d (Fig. 7C) can be

instrumentalized to generate more reliable results with

smaller confidence intervals. Hence, these experiments

demonstrate the potential for larger-scale screening

approaches in the LDA format, which would be much

more challenging in the CFA format.

4. Discussion

In the present study, we developed a mathematical

modeling approach that integrates nonlinear phenom-

ena of clonogenicity into LDA analysis. We introduce

LDAcoop—a computational LDA analysis tool that

accounts for cooperative and competitive clonogenic

growth behavior in analogy to CFAcoop in which

power law-based analysis of CFA data captures non-

linear clonogenicity [1]. LDAcoop is provided in an

R package version (https://cran.r-project.org/web/

packages/LDAcoop/index.html) as well as in an online

shiny app format (https://helmholtz-munich-zyto.

shinyapps.io/LDAcoop/).

The clonogenic capacity of single cells can be modu-

lated by soluble factors, which are fully absent or pre-

sent at limiting concentrations in the culture medium.

Fig. 6. Clonogenic survival analyses of non-adherently growing cell lines and organoids using the LDA format. (A) Analysis of clonogenic

survival upon irradiation by LDAcoop using the non-adherently growing breast cancer cell line DU4475. Means � 95% confidence intervals

of survival estimates of three independent biological replicates as obtained from LDAcoop are shown. Linear-quadratic regression is

superimposed with shaded areas indicating 95% confidence intervals of the respective fit. (B) Photographs of untreated (left) and irradiated

(right) DU4475 cells on the day of analysis (d21 after plating). One representative well of a 96-well plate is shown in the large photograph

(surface area= 0.32 cm2). Inlays depict colony growth at higher magnification. (C) Scheme depicting clonogenic organoid formation in the

96-well format. (D) Analysis of treatment response of patient-derived organoids by LDA. Single-cell suspensions of two pancreatic cancer

organoids (PancO1, PancO2) and one organoid from a head and neck squamous cell carcinoma (HNSCC) were irradiated at 0–8 Gy and

clonogenic organoid formation was analyzed by LDAcoop. Means and 95% confidence intervals boundaries of three independent biological

replicates are shown. Linear-quadratic regression is superimposed with shaded areas indicating 95% confidence intervals of the fit.

(E) Transmitted light and fluorescence microscopy images of representative pancreatic cancer organoids on the day of analysis (d21 after

plating and irradiation at the indicated dose). Live-dead staining of matrigel-embedded organoids was performed with Hoechst 33342 and

propidium iodide. Scale bar in bottom right image (500 μm) applies to all panels of subfigure E.
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In case of cellular cooperation, higher single-cell densi-

ties result in elevated concentrations of cell-derived

factors, finally leading to increased clonogenicity

[1,22]. Vice versa, cellular competition for

growth-limiting nutrients and/or growth factors or

driven by growth-inhibiting factors may occur, respec-

tively [18]. In consequence, the pattern of auto- and/or

paracrine growth modulation of single cells is shaped

by (i) the secretome of the cells, (ii) the biochemical

composition of the culture medium, (iii) the kinetics of

metabolite-receptor interactions, and (iv) the biophysi-

cal properties of the culture system [1,22,36]. This also

implies that a mammalian cell’s clonogenic capacity is

not an inherent yes/no characteristic but is rather con-

tingent upon the permissiveness of the chosen culture

conditions.

Cell density effects under limiting dilution condi-

tions have been extensively characterized in vitro. His-

torically, mammalian single-cell growth experiments

were experienced to be very challenging because

unconditioned, cell-derived growth factor-free culture

media were recurrently observed to be insufficient for

sustaining single-cell growth [5,6], thus giving rise to

the concept of ‘autocrine secretion’ by Sporn and

Todaro [11]. More recently, we and others demon-

strated that soluble cell-derived factors enforce clono-

genic survival and proliferation rates even when using

modern, advanced culture media [15,22,37]. Mathemat-

ical modeling as well as experimental evidence suggests

that autocrine growth stimulation may even be rele-

vant in scenarios where only one singular cell is seeded

into a culture dish [36]. We conclude that a strict

binary categorization of individual cells of a given

population into clonogenic versus nonclonogenic cells

is a misleading oversimplification. It can distort the

calculation of clonogenic cell frequencies because even

cells with high clonogenic potential may show

impaired clonogenicity or complete abrogation of their

clonogenic capacity, respectively, if the cells’ culture

requirements are insufficiently addressed. Along the

same lines, abrupt deprivation of individual cells from

cooperating neighbors has been proposed as an expla-

nation for low plating efficiencies in clonogenic in vitro

experiments, slow recovery of cell lines when passaging

them at limiting cell densities, and poor success rates

in the establishment of stably growing tumor cell lines

from ex vivo preparations and clinical tumor specimens

[38], all of which can be interpreted as examples of the

Allee effect of cell populations growing under low den-

sities in vitro [14,16].

Because it is technically impossible to find ‘ideal’

culture conditions, which fully compensate for cooper-

ative and competitive effects in clonogenic survival

experiments for each cell model system and each treat-

ment condition of interest, we recently proposed a

mathematical approach that accounts for these phe-

nomena in downstream CFA data analysis [1,22]. In

CFAcoop, the relation between the number of single

cells seeded (S ) and the number of colonies obtained

(C ) is fitted by power law according to C= a × Sb

[1,22]. In the present study, we transferred this

approach to the analysis of clonogenic survival in the

LDA format and developed the R package LDAcoop.

In full analogy to CFAcoop, the degree of nonlinear

clonogenicity in LDAcoop is represented by the expo-

nent b, which is mathematically equivalent to the

Fig. 7. Upscaling potential of the LDA protocol to the 384-well format and optimization of assay design. (A) Layout of 384-well plates to

analyze the impact of varying numbers of technical replicates n (left panel) or varying numbers of informative cell dilutions d (right panel) on

the robustness of results output. Photographs of HCC1806 cells grown in the respective 384-well formats. Data were acquired in three

independent biological replicates. (B) Analysis of clonogenic activity, clonogenic survival, and the corresponding uncertainties (width of

confidence interval) of the setup with varying numbers of technical replicates n (n= 6 to n= 144) as shown in (A). (C) Analysis of clonogenic

activity, clonogenic survival, and the corresponding uncertainties (width of confidence interval) of the setup with varying numbers of

informative cell dilutions d as shown in (A).
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exponent used in CFAcoop [1]. LDAcoop allows non-

linear relations between S and ln(μ), which we indeed

observed in various cell lines as indicated by b-values

ranging from 0.7 (in case of moderate cellular competi-

tion) to 3.75 (for extreme cellular cooperation). A cen-

tral assumption of this framework is that wells are

seeded with the same expected number of cells, which

is a common simplification in limiting dilution analy-

sis. While actual cell numbers may vary in practice,

explicitly modeling this overdispersion would require

alternative frameworks and is beyond the scope of the

present work.

Alternative nonlinear LDA quantification

approaches have already been proposed. Bonnefoix

et al. focused on alternative statistical testing proce-

dures for goodness-of-fit assessment, moving away

from the mechanistic SHPM formulation [39]. Ellison

et al. extended the SHPM by introducing a Gamma-

Poisson formulation to account for overdispersion in

lambda and further embedded this into a multi-level

mixed-effects framework [40]. While this also nests the

classical SHPM as a special case, the formulation

departs conceptually from the mechanistic interpreta-

tion of clonogenic cooperation and competition and

requires specialized solvers. In contrast, LDAcoop

retains the mechanistic structure of the SHPM, provid-

ing a direct generalization through a power-law rela-

tion that captures cooperative (b> 1) and competitive

(0< b< 1) dynamics and can be estimated within a

standard generalized linear model (GLM) framework.

Nevertheless, linear models to date clearly dominate

routine LDA analysis [3]. Against this background, we

now present a mathematical generalization of the most

widely used linear model, which additionally captures

the non-linear cooperative and competitive dynamics.

Of note, LDAcoop differs from linear LDA analysis

tools with regard to the mathematical information that

is inferred from experiments where all-negative

responses occur for one or more cell densities: For

LDAcoop, an all-negative response resulting from

seeding each S cells into n wells is not equivalent to

seeding each N cells into s wells with the same all-

negative result, because the dilution of cell-derived fac-

tors as well as the total amount of medium-derived

factors per cell differ between the two settings if S≠ n.

In contrast, linear, single-hit models ignore the impact

of initial single-cell density and calculate identical esti-

mates of clonogenic cell frequencies in these two sce-

narios, because a constant total number of cells, S × n,

were analyzed [3]. The association of parameters p and

b implies that LDAcoop does not provide estimates of

clonogenic cell frequency if not a single well exhibits

clonogenic growth at a given treatment condition.

We therefore recommend testing geometric series of

single-cell density dilutions to ideally obtain response

patterns that cover the full range from all-positive to

all-negative for each treatment condition of interest. In

contrast, multiple cell densities with all-negative or all-

positive responses add little information to the overall

dose–response curve.

Apart from the LDA methodology, CFA protocols

are routinely employed to quantify clonogenic growth

of cancer cells in vitro. In the present study, we show

that LDA and CFA formats generate highly similar

survival data, provided that the impact of nonlinear

cooperative and competitive clonogenic growth phe-

nomena are properly integrated into the mathematical

analysis of raw data [12,21]. Since we demonstrated

the equivalence of LDA and CFA results in various

cancer cell lines, we benchmarked the two methodolo-

gies against each other and found that LDA protocols

outperform CFA analyses under certain conditions.

This is most obvious in settings where suspension cells

or organoids are analyzed. Here, the requirement of

the CFA to determine an exact colony count in a 3D

matrix complicates the analysis, whereas binary scor-

ing of the LDA format is much more rapid and also

feasible for suspension cells without embedding.

Hence, researchers who so far have predominantly

relied on CFA-based approaches may consider the

LDA a time-efficient and widely accepted alternative

for analyzing clonogenic single-cell growth. Moreover,

the limited applicability of the CFA format to patient-

derived organoids, suspension cells, and higher

throughput applications represents a major bottleneck

for integrating clonogenic survival as an experimental

endpoint in larger-scale screening approaches and drug

sensitivity testing using complex cancer cell models.

These limitations can be overcome by employing the

LDA format.

A major aspect in the design of LDA experiments is

to find an adequate number of technical replicates for

each cell density. Most experiments performed in the

present study rely on technical replication of n= 12 and

d= 8 different single-cell dilutions tested per treatment,

that is, 96 wells for each treatment condition. More

robust results with reduced uncertainties can be

obtained by increasing the number of controls which

serve for data normalization (e.g., by using 2× 96 wells

for the untreated controls). Additionally, both higher-

resolution data sets with reduced uncertainties at the

costs of higher technical replication (e.g., n= 48, d= 8)

or, alternatively, lower-resolution data sets with multiple

treatments and/or different cell lines at the costs of

larger uncertainties (e.g., n= 8, d= 8 for six different

cell lines seeded on one plate) can be acquired with a
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fixed number of total wells. Irrespective of the desired

assay format, 384-well plates allow experimental upscal-

ing as compared to 96-well plates since the density of

information per surface area is increased by 4-fold.

Albeit limited by a maximal culture medium volume of

10–12 μL per well, which might escalate the impact of

cellular competition at rather low cell densities, even

automated LDA analysis on 1536-well plates could be

of interest for specific research questions, including

large-scale screenings of therapy resistance and/or drug

response relationships, with the observation endpoint

being clonogenic survival.

Cooperation and competition, which we now have

implemented into LDA data analysis, should not be

considered artificial in vitro phenomena of mammalian

cell culture. Although beyond the scope of this study,

there is clear evidence that both also occur in vivo. For

instance, soluble factors such as Decapentaplegic

(DPP) in drosophila wings [41] or Wingless/Integrated

(WNT) antagonists in murine intestinal crypts [42] are

prominent examples of cellular competition mediated

by soluble factors. Vice versa, cooperating subclones

have been identified within established tumors [43–45].
While most commonly applied in vitro, the LDA for-

mat has been frequently used in vivo, for example, to

assess tumor outgrowth following injection of defined

cell numbers [46]. This scenario is conceptually similar

to metastatic dissemination, where single tumor cells

attempt to colonize distinct organ microenvironments

that may or may not support clonogenic outgrowth.

In such contexts, non-linear clonogenicity phenomena

reflecting cooperative growth and microenvironmental

dependencies are likely to be even more pronounced

[47–50]. By explicitly modeling these non-linearities,

LDAcoop can thus increase the robustness and inter-

pretability of both in vitro and in vivo LDAs.

5. Conclusions

In conclusion, our study presents a mathematical

framework that enhances the analysis of clonogenic

survival data acquired in the LDA format by incorpo-

rating nonlinear, cooperative and competitive growth

phenomena and introduces LDAcoop, an R package

including an online shiny app version thereof. In view

of the high congruence of clonogenic survival results

obtained by CFA and LDA protocols, the superiority

of the LDA format in terms of scoring speed, applica-

bility in suspension and 3D organoid culture settings,

as well as its upscaling potential positions LDAcoop

as a valuable tool for larger-scale pharmacogenomic

screenings and automated analyses of therapy resis-

tance and drug response with the observation endpoint

clonogenic survival, thus resolving significant bottle-

necks in research fields which currently rely predomi-

nantly on the CFA format.

Acknowledgements

This work was supported by the Bundesministerium

fuer Bildung und Forschung BMBF (since 2025 Bun-

desministerium fuer Bildung, Forschung, Technologie

und Raumfahrt BMFTR) (ZiSStrans 02NUK047A,

02NUK047C, METABOLiST 02NUK061A,

02NUK061C, SeniRad 02NUK086A, 02NUK086B,

and STRATUM 02NUK087). During manuscript

finalization, NB was funded by the Deutsche For-

schungsgemeinschaft (DFG 551613698). Open Access

funding enabled and organized by Projekt DEAL.

Conflict of interest

The authors declare no conflict of interest.

Author contributions

KL, NB, and HZ were involved in conceptualization

and study design. NB, DS, and KL were involved in

data curation. DS, KL, and NB were involved in formal

analysis. KL, HZ, MS, CB, and NB were involved in

funding acquisition. NB, KG, and GD were involved in

investigation. NB, DS, and KL were involved in meth-

odology. KL, CB, HZ, DS, BD, MS, AA, GB, UM, and

JM were involved in resources. DS and BD were

involved in software. KL, HZ, and MS were involved in

supervision. NB, DS, and KL were involved in valida-

tion. NB, KL, and DS were involved in writing (original

draft) and writing (review and editing).

Peer review

The peer review history for this article is available at

https://www.webofscience.com/api/gateway/wos/peer-

review/10.1002/1878-0261.70185.

Data accessibility

All raw data from the limiting dilution assays shown in

Figs 2B–D, 5A,B, 6A,D, along with the original code,

are publicly available as part of the R package LDAc-

cop (https://cran.r-project.org/web/packages/LDAcoop/

index.html) or as part of the online shiny app version

LDAcoop (https://helmholtz-munich-zyto.shinyapps.io/

LDAcoop/), respectively. Microscopy data depicted in

Fig. 6E will be shared by the corresponding author

14 Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies.

LDAcoop: Limiting dilution assay with non-linear data analysis N. Brix et al.

 18780261, 0, D
ow

nloaded from
 https://febs.onlinelibrary.w

iley.com
/doi/10.1002/1878-0261.70185 by H

elm
holtz Z

entrum
 M

uenchen D
eutsches Forschungszentrum

, W
iley O

nline L
ibrary on [28/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://www.webofscience.com/api/gateway/wos/peer-review/10.1002/1878-0261.70185
https://cran.r-project.org/web/packages/LDAcoop/index.html
https://cran.r-project.org/web/packages/LDAcoop/index.html
https://cran.r-project.org/web/packages/LDAcoop/index.html
https://cran.r-project.org/web/packages/LDAcoop/index.html
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/
https://helmholtz-munich-zyto.shinyapps.io/LDAcoop/


upon request. Any further information needed to reana-

lyze the data presented in this paper can be obtained

from the corresponding author upon request.

References

1 Brix N, Samaga D, Belka C, Zitzelsberger H, Lauber

K. Analysis of clonogenic growth in vitro. Nat Protoc.

2021;16:4963–91.
2 Rafehi H, Orlowski C, Georgiadis GT, Ververis K, El-

Osta A, Karagiannis TC. Clonogenic assay: adherent

cells. J Vis Exp. 2011;49:2573.

3 Hu Y, Smyth GK. ELDA: extreme limiting dilution

analysis for comparing depleted and enriched

populations in stem cell and other assays. J Immunol

Methods. 2009;347:70–8.
4 Franken NA, Rodermond HM, Stap J, Haveman J, van

Bree C. Clonogenic assay of cells in vitro. Nat Protoc.

2006;1:2315–9.
5 Puck TT, Marcus PI. A rapid method for viable cell

titration and clone production with Hela cells in tissue

culture: the use of X-irradiated cells to supply

conditioning factors. Proc Natl Acad Sci U S A.

1955;41:432–7.
6 Sanford KK, Earle WR, Likely GD. The growth in

vitro of single isolated tissue cells. J Natl Cancer Inst.

1948;9:229–46.
7 Eagle H. Nutrition needs of mammalian cells in tissue

culture. Science. 1955;122:501–14.
8 Puck TT. Quantitative colonial growth of single

mammalian cells. Ann N Y Acad Sci. 1958;71:1141–2.
9 Ham RG. Clonal growth of mammalian cells in a

chemically defined, synthetic medium. Proc Natl Acad

Sci U S A. 1965;53:288–93.
10 Yao T, Asayama Y. Animal-cell culture media: history,

characteristics, and current issues. Reprod Med Biol.

2017;16:99–117.
11 Sporn MB, Todaro GJ. Autocrine secretion and

malignant transformation of cells. N Engl J Med.

1980;303:878–80.
12 Archetti M, Pienta KJ. Cooperation among cancer

cells: applying game theory to cancer. Nat Rev Cancer.

2019;19:110–7.
13 Kuiken MC, Witsen M, Voest EE, Dijkstra KK.

Strength through diversity: how cancers thrive when

clones cooperate. Mol Oncol. 2025. https://doi.org/10.

1002/1878-0261.70160.

14 Gerlee P, Altrock PM, Malik A, Krona C, Nelander S.

Autocrine signaling can explain the emergence of Allee

effects in cancer cell populations. PLoS Comput Biol.

2022;18:e1009844.

15 Hershey BJ, Barozzi S, Orsenigo F, Pompei S, Iannelli

F, Kamrad S, et al. Clonal cooperation through soluble

metabolite exchange facilitates metastatic outgrowth by

modulating Allee effect. Sci Adv. 2023;9:eadh4184.

16 Johnson KE, Howard G, Mo W, Strasser MK, Lima E,

Huang S, et al. Cancer cell population growth kinetics

at low densities deviate from the exponential growth

model and suggest an Allee effect. PLoS Biol. 2019;17:

e3000399.

17 Pomp J, Wike JL, Ouwerkerk IJ, Hoogstraten C,

Davelaar J, Schrier PI, et al. Cell density dependent

plating efficiency affects outcome and interpretation

of colony forming assays. Radiother Oncol.

1996;40:121–5.
18 Takizawa H, Ohtoshi T, Ohta K, Yamashita N,

Hirohata S, Hirai K, et al. Growth inhibition of human

lung cancer cell lines by interleukin 6 in vitro: a

possible role in tumor growth via an autocrine

mechanism. Cancer Res. 1993;53:4175–81.
19 Guzelsoy G, Elorza SD, Ros M, Schachtner LT,

Hayashi M, Hobson-Gutierrez S, et al. Cooperative

nutrient scavenging is an evolutionary advantage in

cancer. Nature. 2025;640:534–42.
20 Stephens PA, Sutherland WJ. Consequences of the

Allee effect for behaviour, ecology and conservation.

Trends Ecol Evol. 1999;14:401–5.
21 van Neerven SM, Vermeulen L. Cell competition in

development, homeostasis and cancer. Nat Rev Mol

Cell Biol. 2023;24:221–36.
22 Brix N, Samaga D, Hennel R, Gehr K, Zitzelsberger H,

Lauber K. The clonogenic assay: robustness of plating

efficiency-based analysis is strongly compromised by

cellular cooperation. Radiat Oncol. 2020;15:248.

23 Austin PC, Hux JE. A brief note on overlapping

confidence intervals. J Vasc Surg. 2002;36:194–5.
24 Knol MJ, Pestman WR, Grobbee DE. The (mis)use of

overlap of confidence intervals to assess effect

modification. Eur J Epidemiol. 2011;26:253–4.
25 Payton ME, Greenstone MH, Schenker N. Overlapping

confidence intervals or standard error intervals: what do

they mean in terms of statistical significance? J Insect

Sci. 2003;3:34.

26 Mahajan UM, Li Q, Alnatsha A, Maas J, Orth M,

Maier SH, et al. Tumor-specific delivery of 5-

fluorouracil-incorporated epidermal growth factor

receptor-targeted aptamers as an efficient treatment in

pancreatic ductal adenocarcinoma models.

Gastroenterology. 2021;161:996–1010.
27 Weber P, Kunstner A, Hess J, Unger K, Marschner S,

Idel C, et al. Therapy-related transcriptional subtypes in

matched primary and recurrent head and neck cancer.

Clin Cancer Res. 2022;28:1038–52.
28 Agro L, O’Brien C. In vitro and in vivo limiting

dilution assay for colorectal cancer. Bio Protoc.

2015;5:1–11.
29 Ploemacher RE, van der Sluijs JP, Voerman JS, Brons

NH. An in vitro limiting-dilution assay of long-term

repopulating hematopoietic stem cells in the mouse.

Blood. 1989;74:2755–63.

Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies. 15

N. Brix et al. LDAcoop: Limiting dilution assay with non-linear data analysis

 18780261, 0, D
ow

nloaded from
 https://febs.onlinelibrary.w

iley.com
/doi/10.1002/1878-0261.70185 by H

elm
holtz Z

entrum
 M

uenchen D
eutsches Forschungszentrum

, W
iley O

nline L
ibrary on [28/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1002/1878-0261.70160
https://doi.org/10.1002/1878-0261.70160
https://doi.org/10.1002/1878-0261.70160
https://doi.org/10.1002/1878-0261.70160


30 Strijbosch LW, Buurman WA, Does RJ, Zinken PH,

Groenewegen G. Limiting dilution assays. Experimental

design and statistical analysis. J Immunol Methods.

1987;97:133–40.
31 Taswell C. Limiting dilution assays for the

determination of immunocompetent cell frequencies. I.

Data analysis. J Immunol. 1981;126:1614–9.
32 Adrian G, Ceberg C, Carneiro A, Ekblad L. Rescue

effect inherited in Colony formation assays affects

radiation response. Radiat Res. 2018;189:44–52.
33 Eliason JF, Aapro MS, Decrey D, Brink-Petersen M.

Non-linearity of colony formation by human tumour

cells from biopsy samples. Br J Cancer. 1985;52:311–8.
34 Veldwijk MR, Zhang B, Wenz F, Herskind C. The

biological effect of large single doses: a possible role for

non-targeted effects in cell inactivation. PLoS One.

2014;9:e84991.

35 Langlois AJ, Holder WD Jr, Iglehart JD, Nelson-Rees

WA, Wells SA Jr, Bolognesi DP. Morphological and

biochemical properties of a new human breast cancer

cell line. Cancer Res. 1979;39:2604–13.
36 Shvartsman SY, Wiley HS, Deen WM, Lauffenburger

DA. Spatial range of autocrine signaling: modeling and

computational analysis. Biophys J. 2001;81:1854–67.
37 Lim UM, Yap MG, Lim YP, Goh LT, Ng SK.

Identification of autocrine growth factors secreted by

CHO cells for applications in single-cell cloning media.

J Proteome Res. 2013;12:3496–510.
38 Axelrod R, Axelrod DE, Pienta KJ. Evolution of

cooperation among tumor cells. Proc Natl Acad Sci

USA. 2006;103:13474–9.
39 Bonnefoix T, Sotto JJ. The standard chi 2 test used in

limiting dilution assays is insufficient for estimating the

goodness-of-fit to the single-hit Poisson model. J

Immunol Methods. 1994;167:21–33.
40 Ellison MC, Zerbe GO, Levin MJ. Responder cell

frequency estimation and binomial three-level nonlinear

mixed effects model in limiting dilution assays. J

Biopharm Stat. 2005;15:165–78.
41 Moreno E, Basler K, Morata G. Cells compete for

decapentaplegic survival factor to prevent apoptosis in

drosophila wing development. Nature. 2002;416:755–9.
42 Flanagan DJ, Pentinmikko N, Luopajarvi K, Willis NJ,

Gilroy K, Raven AP, et al. NOTUM from Apc-mutant

cells biases clonal competition to initiate cancer. Nature.

2021;594:430–5.

43 Cleary AS, Leonard TL, Gestl SA, Gunther EJ.

Tumour cell heterogeneity maintained by cooperating

subclones in Wnt-driven mammary cancers. Nature.

2014;508:113–7.
44 Martin-Pardillos A, Valls Chiva A, Bande Vargas G,

Hurtado Blanco P, Pineiro Cid R, Guijarro PJ, et al.

The role of clonal communication and heterogeneity in

breast cancer. BMC Cancer. 2019;19:666.

45 Tabassum DP, Polyak K. Tumorigenesis: it takes a

village. Nat Rev Cancer. 2015;15:473–83.
46 Quintana E, Shackleton M, Sabel MS, Fullen DR,

Johnson TM, Morrison SJ. Efficient tumour formation

by single human melanoma cells. Nature. 2008;456:593–8.
47 Cheung KJ, Ewald AJ. A collective route to metastasis:

seeding by tumor cell clusters. Science. 2016;352:167–9.
48 Cheung KJ, Padmanaban V, Silvestri V, Schipper K,

Cohen JD, Fairchild AN, et al. Polyclonal breast

cancer metastases arise from collective dissemination of

keratin 14-expressing tumor cell clusters. Proc Natl

Acad Sci U S A. 2016;113:E854–63.
49 Hu Z, Li Z, Ma Z, Curtis C. Multi-cancer analysis of

clonality and the timing of systemic spread in paired

primary tumors and metastases. Nat Genet.

2020;52:701–8.
50 Liotta LA, Saidel MG, Kleinerman J. The significance

of hematogenous tumor cell clumps in the metastatic

process. Cancer Res. 1976;36:889–94.

Supporting information

Additional supporting information may be found

online in the Supporting Information section at the end

of the article.
Fig. S1. Methods of uncertainty estimation implemen-

ted in LDAcoop.

Fig. S2. Comparison of the non-linearity coefficients b

of clonogenic growth behavior as determined in the

CFA and LDA format.

Table S1. Overview of cell culture media used for

adherent and suspension cells.

Table S2. Formulations of PDAC organoid media.

Table S3. Formulation of HNSCC organoid media.

Table S4. Comparison of model fits between the classi-

cal limiting dilution analysis (LDA, slope fixed to 1)

and the generalized LDAcoop model (slope free).

16 Molecular Oncology (2025) ª 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies.

LDAcoop: Limiting dilution assay with non-linear data analysis N. Brix et al.

 18780261, 0, D
ow

nloaded from
 https://febs.onlinelibrary.w

iley.com
/doi/10.1002/1878-0261.70185 by H

elm
holtz Z

entrum
 M

uenchen D
eutsches Forschungszentrum

, W
iley O

nline L
ibrary on [28/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense


	LDAcoop: Integrating non-linear population dynamics into the analysis of clonogenic growth in vitro
	1. Introduction
	2. Materials and methods
	2.1. Development of LDAcoop
	2.1.1. Statistical modeling of nonlinear clonogenic growth behavior
	2.1.2. Definition of clonogenic activity
	2.1.3. Calculation of surviving fractions
	2.1.4. Utilization of biological replicates

	2.2. Statistical methods
	2.3. 2D cell culture
	2.4. Organoid cell culture
	2.5. X-ray treatment
	2.6. Analysis of clonogenic survival of adherent cell lines by limiting dilution assay and colony formation assay
	2.7. Limiting dilution assay with suspension cells
	2.8. Limiting dilution assay with organoids
	2.9. Fluorescence microscopy of organoids

	3. Results
	3.1. Nonlinear phenomena of clonogenicity: Cellular cooperation and competition and their impact on data analysis in limiting dilution assays
	3.2. LDAcoop: Implementing nonlinear population dynamics into LDA data analysis
	3.3. Benchmarking LDA and CFA: LDA Is superior for complex culture models and applications with higher throughput requirements

	4. Discussion
	5. Conclusions
	 Acknowledgements
	 Conflict of interest
	 Author contributions
	 Peer review
	 Data accessibility
	 References
	Supporting Information


