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In recent years, sophisticated fate-mapping tools have been

developed to study the behavior of stem cells in the intact

organism. These experimental approaches are beginning to

yield a quantitative picture of how cell numbers are regulated

during steady state and in response to challenges. Focusing on

hematopoiesis and immune responses, we discuss how novel

mathematical approaches driven by these fate-mapping data

have provided insights into the dynamics and topology of

cellular differentiation pathways in vivo. The combination of

experiment and theory has allowed to quantify the degree of

self-renewal in stem and progenitor cells, shown how native

hematopoiesis differs fundamentally from post-transplantation

hematopoiesis, and uncovered that the diversification of T

lymphocytes during immune responses resembles tissue

renewal driven by stem cells.

Addresses
1 Division of Theoretical Systems Biology, German Cancer Research

Center (DKFZ), Im Neuenheimer Feld 280, 69120 Heidelberg, Germany
2 Bioquant Center, University of Heidelberg, Im Neuenheimer Feld 267,

69120 Heidelberg, Germany
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Introduction
Organs and tissues arise from stem cells and are typically

renewed from stem cells throughout life. The under-

standing of tissue renewal is of both fundamental interest

and medical relevance for regenerative therapies and the

treatment of cancer. In essence, such an understanding

concerns the regulation of cell numbers, and experimen-

tal advances increasingly yield data that allow quantita-

tive reasoning. The combination of stem-cell lineage

tracing in solid tissues with mathematical analysis has

led to a paradigm shift by showing that asymmetric cell

division is not a universal mechanism for the maintenance

of the stem cell compartment; rather many types of stem

cells maintain their compartment size by balancing sym-

metric self-renewing and differentiating divisions at the
Current Opinion in Biotechnology 2016, 39:150–156 
population level [1,2��]. However, fundamental questions

about the dynamics of tissue renewal remain little under-

stood, including: first, how are the rates of stem and

progenitor cell differentiation regulated to produce the

required cell numbers during maintenance of a tissue or

in response to challenges? Second, what is the topology of

the lineage pathways that give rise to a diverse array of

differentiated cell types? Third, which mechanisms un-

derlie the diversification of cell fates in the required

quantitative proportions? This review discusses recent

work that addresses these questions by linking fate map-

ping in vivo with mathematical modeling and statistical

inference. We focus on the hematopoietic system and one

of its branches, the adaptive immune system. Compared

to other tissue renewal systems in mammals, hematopoi-

esis produces a particularly great variety of cell types as

well as vast cell numbers (most cells of the human body

are of hematopoietic origin [3]). Hematopoiesis has long

fascinated mathematical modelers and, accordingly, there

is a vast literature of mathematical models (which, for the

sake of brevity, we cannot adequately review here; e.g.

[4]). In particular, the work of Michael Mackey and his

colleagues on cyclical disorders of the hematopoietic

system has accumulated over several decades mathemat-

ical models and accompanying experimental data that

have begun to inform therapy decisions [5��]. However,

fate-mapping data on the hematopoietic and immune

systems are more difficult to interpret than such data

for solid tissues [6] because individual cells cannot be

traced continuously in vivo. The mathematical

approaches developed recently to address this problem

might also prove useful for other stem-cell systems.

In vivo fate mapping in the hematopoietic
system
In recent years, sophisticated experimental approaches

have been developed to follow the fate of cells in the

hematopoietic and immune systems in time by using

heritable labels, particularly in mice (Figure 1a). One

class of techniques labels progenitor cells individually, by

introducing genetic barcodes identifiable by DNA se-

quencing [7–10] or by using allelic variants of surface

markers distinguishable by flow cytometry [11��]. Anoth-

er approach for lymphocytes has relied on unique endog-

enous antigen receptors [12,13]. These methods have

been used for studying the progenies of individual pro-

genitor cells by isolating progenitors from a donor mouse

and transplanting them into a recipient. However, both

cell isolation and transplantation are perturbations. In

particular, the behavior of hematopoietic stem cells
www.sciencedirect.com
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(HSC) after transplantation differs fundamentally from

their unperturbed behavior in vivo, thus requiring alter-

native methods to study native hematopoiesis [14,15��].

The specific in situ labeling of HSC has recently been

achieved in mice by expression of a modified Cre recom-

binase from the Tie2(Tek) locus [15��] (similar progress has

been reported using different gene loci [16]). This ex-

perimental model system allows the fate mapping of

native hematopoiesis from a labeled population of

HSC. Cre activity in the nucleus is tightly controlled

through fusing Cre with modified estrogen receptors,

allowing the experimenter to induce the HSC label at

a defined time point. Using label induction during fetal

development and adult maintenance of the hematopoi-

etic system, Busch et al. [15��] observed a remarkable

contrast between rapid (days-weeks) establishment of the

system in the fetal liver and around birth in the bone

marrow versus exceedingly slow (months-years) label

propagation during the maintenance of the system in

adult mice. A recent study using inducible transposon

integration has achieved the in situ labeling of individual

hematopoietic cells and their progeny, albeit without

HSC specificity [14]. Thus, a tool allowing the fate

mapping of individual stem cells in native hematopoiesis

still awaits development.

Inferring the degree of self-renewal from
population fate mapping
Stimulated by new fate-mapping tools, mathematical

approaches have been developed for interpreting the

resulting data. Deterministic population-dynamic models

have addressed population-based fate mapping [15��]
while stochastic approaches have been put forward for

single-cell-based fate mapping [11��,17��]. Deterministic

models consider the rate of change in the numbers of

stem and progenitor cells through differentiation, prolif-

eration and death; the model equations are of the generic

form

dnR

dt
¼ aUnU�ðaR þ dR�lRÞnR (1)

where n denotes cell number and the indices R and U

indicate a reference compartment and the upstream com-

partment feeding into the former (Figure 1b). Obviously,

the estimation of the cell differentiation, death and

proliferation rates, a, d and l, respectively, from data

on cell numbers is problematic because all three param-

eters combine into a single effective rate constant

kR = aR + dR � lR. Moreover, the rates will generally

not be constant in time, for example during development

or in response to challenges, such as infection, blood loss

or chemotherapy.

However, the combined rate constant kR is an informative

quantity as it measures the degree of self-renewal in the

compartment [15��]. Specifically, kR quantifies to what
www.sciencedirect.com 
extent cell loss from the compartment, by onward differ-

entiation and cell death, is compensated by self-renewing

cell divisions within the compartment. Hence the inverse

of this rate, 1/kR, is the residence time of the compartment,

defined as the time period over which the compartment

would sustain its size if its input from the upstream

compartment were switched off. Long residence times

imply nearly perfect self-renewal within a compartment

(for fully self-renewing stem cells, the residence time

would be theoretically infinite), whereas short residence

times characterize transit compartments that strongly

depend on cell influx. Busch et al. [15��] showed that

for a tissue renewal system in steady state, the residence

times of the stem and progenitor cell compartments can

be obtained directly from time-resolved fate mapping

(Figure 1b). This inference is based on a system of

differential equations that describe the dynamics of the

label frequencies in these compartments as a function of

the topology of the hematopoietic differentiation tree and

the compartment residence times.

An equivalent inference approach for non-steady-state

situations (e.g. in fetal development or in response to

challenges) is not yet available. The chief difficulty is that

proliferation and differentiation rates are no longer con-

stant, as in steady state, but vary over time governed by

poorly understood regulatory mechanisms (including neg-

ative feedback). Therefore, combining the quantitation of

fate-mapping data with additional information on cell

proliferation rates gained from more traditional approaches

with dyes that are acquired or/and diluted in a cell-cycle-

dependent manner (BrdU/EdU, CFSE and deuterated

water) should be useful. There is a well-developed math-

ematical theory to obtain rates of cell proliferation, and in

some cases also rates of cell death, using diluted labels

[18��,19]. Prominent examples for the use of these meth-

ods are the quantification of the very slow proliferation rate

of HSC [20–23,24�,25�] and the elucidation of the mainte-

nance of the naı̈ve T cell pool by thymic output and

peripheral proliferation in humans and mice [26,27�].
HSC proliferation rates have also been estimated using

dilution of fluorescently tagged histone H2B [28], but the

(unknown) degradation rate of the protein is a confounding

factor. FUCCI dyes may become useful as a tool for a more

fine-grained characterization of cell proliferation

[29�,30��,31]. Finally, optimal control theory might provide

an informative theoretical angle on non-steady-state dy-

namics of tissue development and renewal [32,33].

Inferring the topology of lineage pathways
from single-cell-based fate mapping
A principal problem that cannot fully be addressed by

population-based fate mapping is lineage topology. Lim-

ited ‘consistency checks’ can be made with such data

because for two compartments that are in a precursor-

progeny relationship, labeled cells accumulate in the

latter more slowly. However, the position of branch points
Current Opinion in Biotechnology 2016, 39:150–156
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Mathematical inference from in vivo fate mapping. (a) Experimental approaches for fate mapping in hematopoiesis and immune responses.

(b) Deterministic model for population-based fate mapping (left panel: ni, cell number; ai, differentiation rate; li, proliferation rate and di, death rate
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in the differentiation tree cannot reliably be detected by

population-based fate mapping (Figure 1c).

The fate mapping from individually labeled precursors

in vivo offers considerably more information on the

topology of lineage pathways. This might seem surpris-

ing at first, as outcomes of such experiments are typi-

cally only measureable at a single time point (sacrificing

the experimental animal). By contrast, the tracing of

lineage pathways in vitro to reveal the potential of

differentiating cells under these conditions has benefit-

ed from continuous observation of cells by time-lapse

microscopy; for example [34,35,36��]. Moreover, several

single-time-point studies in vivo have stressed the great

diversity of outcomes, which does not seem to lend

itself easily to a unifying mechanistic interpretation

[7,8,37].

However, data-driven mathematical approaches suggest

that diverse single-cell progenies can be viewed as sam-

ples of a probability distribution generated by an under-

lying stochastic process [11��,17��,38,39�]. Indeed, it has

long been realized that the differentiation and prolifera-

tion dynamics of stem cells are well described as a

stochastic ‘birth-death’ process [40]; subsequent studies

have considerably refined this concept [1,34]. Recent

work has now shown that ensembles of single-cell proge-

nies measured in vivo at a single time point permit

inferences about the topology of the lineage pathways

and thus give rise to experimentally testable predictions

[11��,17��,39�]. This work is broadly based on the sto-

chastic equivalent of Equation (1) and exploits informa-

tion contained in the experimentally sampled single-cell

progeny (or clonal) distributions, such as the probabilities

to find particular cell types in a clone [17��,38] or quanti-

ties that can reliably be estimated from the second

moments, such as coefficients of variation and correlation

coefficients of cell types in the clones (Figure 1c)

[11��,39�]. An important conceptual point of this work

is that it infers from highly diverse clonal outcomes

underlying generative mechanisms that are common to

all the clones. These phenotypic mechanisms include the

topologies of lineage pathways as well as average rates of

proliferation and differentiation of the stem and progeni-

tor compartments involved. Of note, these inference

approaches do not make strong assumptions on the origin

of heterogeneity between single-cell progenies; both cell-

intrinisic stochasticity in regulatory networks and hetero-

geneous environmental cues experienced by the cells are

likely to contribute to heterogeneity.
(Figure 1 Legend Continued) for stem or progenitor cell compartment i); th

residence time 1/ki. As an example, the right panel shows data and model f

residence time implies that ST-HSC nearly self-renew in steady state [15��].

discriminate different lineage topologies (left panel) via the size distributions

the correlations between cell types A and C in single-cell progenies discrim

dynamics (middle panel) do not. In the specific example shown the prolifera

like), leading to relatively small correlations between A and B in single-cell p
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Data-driven models of post-transplantation
and native hematopoiesis
Recently, quantitative fate mapping of hematopoiesis has

addressed both the topology of the hematopoietic tree

[17��] and the dynamics of cell differentiation and prolif-

eration [15��]. For lineage topology, the starting point is the

classical hematopoietic differentiation tree from HSC via

multipotent progenitor cells into myeloid and lymphoid

differentiation pathways [41]. More recent experimental

work, relying mainly on transplantation experiments, has

questioned various aspects of the tree topology (e.g.

[8,42,43]). Using single-progenitor barcoding data, Perie

et al. [17��] have developed a stochastic model to rigorously

infer the differentiation pathways of lymphoid-primed

multipotent progenitors (LMPP) into myeloid cells (M),

B cells (B) and dendritic cells (D) after LMPP transplan-

tation into irradiated mice. The model assumes a gradual

loss of potential in an unbiased manner, allowing LMPP to

differentiate first into bipotential cell compartments (MB,

MD and DB) and from these into the final differentiated

cell types. Remarkably, the data imply the existence of all

these differentiation routes. In particular, dendritic cells

emerge in roughly equal proportions from myeloid-biased

(MD) and lymphoid-biased (DB) progenitors. These find-

ings might indicate that after transplantation progenitor

cells exhibit great plasticity. Previous studies have shown

that the potential of certain hematopoietic progenitor cells

seen in vitro or post transplantation is not realized under

unperturbed conditions in vivo [44], calling for studies of

lineage topology in native hematopoiesis.

Busch et al. [15��] made a first step into this direction by

using HSC labeling based on Tie2-driven inducible Cre.

The dynamics of label propagation are consistent with the

upper part of the classical hematopoietic tree [41], with

label from HSC being acquired in a temporal sequence of

short-term repopulating HSC (ST-HSC) followed by

multipotent progenitor cells (MPP) and myeloid-restrict-

ed progenitors; with a further delay, label appeared in

common lymphoid progenitor cells. The data allow the

estimation of bona fide differentiation rates, showing that

HSC give rise to differentiated progeny once every three

to four months. Interestingly, in vivo limiting dilution

analysis suggests that the HSC contribution is highly

polyclonal — hence many HSC are rarely active during

native hematopoiesis. As progenitors gradually differen-

tiate, their proliferation and differentiation activity con-

tinuously increases while simultaneously the degree of

self-renewal decreases. Therefore, in steady state self-

renewal (in HSC and largely also ST-HSC) is effectively
e dynamics of label propagation into a compartment defines its

it for label propagation from HSC to ST-HSC in mice; the large

 (c) Stochastic modeling of single-cell-based fate mapping data can

 of single-cell progenies. As an example, the right panel illustrates how

inate between linear and branched pathways whereas the mean value

tion rate of cell type A is smaller than of B and C (i.e. A is stem-cell

rogenies irrespective of the differentiation pathway.
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separated from high cell production activity (in MPP and

downstream compartments). This quantitative picture

implies that the primary source of steady-state hemato-

poiesis in the adult mice are hematopoietic progenitor

compartments (ST-HSC and, to a lesser degree, MPP),

predicting that HSC ablation under these condition

should have practically no phenotype in the blood. Sun

et al. [14] have come to very similar qualitative conclu-

sions with transposon tagging of individual stem and

progenitor cell clones, while a quantitation of these data

has not been possible. Using long-term post-transplanta-

tion data (several years) from rhesus macaques, Chou

et al. [45�] analysed mathematically the dynamics of

HSC clones of uncertain initial size and, among other

results, also found slow HSC differentiation. In the fu-

ture, quantitative fate-mapping approaches should inform

studies on the regulation of physiological hematopoiesis

during stress (e.g. after infection or chemotherapy) and

aging as well as on hematopoietic malignancies and their

treatment [46,47].

Development of effector and memory T cells
during acute immune responses
Much of our quantitative knowledge about the cellular

dynamics of adaptive immune responses, carried by T

and B lymphocytes, is based on in vitro studies that

employ time-lapse microscopy combined with mathemat-

ical modeling and have culminated in the formulation of

the Cyton model [29�,34,48]. Recently, this model has

been applied to in vivo data, suggesting that antigen

affinity, costimulation and cytokine stimuli make inde-

pendent contributions to control the number of divisions

of stimulated T cells [30��]. However, the complexity of

the full Cyton model impedes the identification of all

model parameters based on current in vivo fate-mapping

techniques. Simpler, identifiable mathematical models of

T-cell responses in vivo have been based on continuous-

time Markov chains (e.g. [18��,49]). However, a crucial

unknown in these models has been the lineage relation-

ship between naı̈ve T cells and their two main types of

progeny, short-lived effector cells and long-lived memory

cells. This has been a central and controversially discussed

question in immunology, with one class of models positing

that memory cells develop from effector cells surviving the

primary immune response (linear differentiation models)

while an alternative concept assumes an early origin of

memory precursor cells already during the primary re-

sponse (progressive differentiation models) [50].

Studies that have attempted to discriminate between

different lineage pathways on the basis of population

transfer data were limited to few alternatives and encoun-

tered difficulties related to parameter identifiability [51].

Indeed, mean value kinetics of adoptively transferred cell

populations are generally not sufficient to discriminate

between dynamic differentiation models that describe

alternative lineage relationships (cf. Figure 1c). Recently,
Current Opinion in Biotechnology 2016, 39:150–156 
it was shown that adoptive transfer experiments with

genetically labeled single naı̈ve CD8+ T cells, allowing

the unequivocal identification of the progeny of individ-

ual naı̈ve precursors, overcome this inherent limitation of

cell-population transfers [11��,39�]. By mathematical

modeling and unbiased model discrimination applied

to a large family of differentiation models, these studies

find that only the progressive differentiation model can

account for the single-cell progeny data. In this model,

the precursors of memory cells are formed already early in

the infection and then differentiate into terminally dif-

ferentiated effector T cells. This model thus resembles

the differentiation hierarchy of tissue stem cells, with

more upstream memory precursor cells having the poten-

tial to develop into either long-lived memory cells or

terminally differentiated effector cells whereas the latter

lack this potential. In particular, the mathematical analy-

sis places the precursors of central memory T cells (TCM)

as the most upstream precursor cell type in the differen-

tiation hierarchy of naı̈ve T cells. Stimulated by these

results, single-cell transfer experiments of CD8+ TCM

cells have indeed shown that these cells act as stem cells

of cytotoxic T cell immunity [52] and are thus promising

candidates for improving adoptive T cell therapy of

immunodeficiency and cancer [53].
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