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Dictyostelium development begins with single-cell starvation and ends with multicellular fruiting bodies. Developmental mor-

phogenesis is accompanied by sweeping transcriptional changes, encompassing nearly half of the 13,000 genes in the ge-

nome. We performed time-series RNA-sequencing analyses of the wild type and 20 mutants to explore the relationships

between transcription and morphogenesis. These strains show developmental arrest at different stages, accelerated devel-

opment, or atypical morphologies. Considering eight major morphological transitions, we identified 1371 milestone genes

whose expression changes sharply between consecutive transitions. We also identified 1099 genes as members of 21 regulons,

which are groups of genes that remain coordinately regulated despite the genetic, temporal, and developmental perturba-

tions. The gene annotations in these groups validate known transitions and reveal new developmental events. For example,

DNA replication genes are tightly coregulated with cell division genes, so they are expressed in mid-development although

chromosomal DNA is not replicated. Our data set includes 486 transcriptional profiles that can help identify new relation-

ships between transcription and development and improve gene annotations. We show its utility by showing that cycles of

aggregation and disaggregation in allorecognition-defective mutants involve dedifferentiation. We also show sensitivity to

genetic and developmental conditions in two commonly used actin genes, act6 and act15, and robustness of the coaA gene.

Finally, we propose that gpdA is a better mRNA quantitation standard because it is less sensitive to external conditions

than commonly used standards. The data set is available for democratized exploration through the web application

dictyExpress and the data mining environment Orange.

[Supplemental material is available for this article.]

Dictyostelium discoideum is a social amoeba that lives in the soil and
feeds on bacteria (Kessin 2001). The vegetative stage of life is main-
ly solitary, although predation can be cooperative (Rubin et al.
2019). Upon starvation, the cells begin to cooperate in a develop-
mental process that leads to fruiting body formation. In the first
few hours of starvation, the cells produce and secrete cyclic aden-
osine monophosphate (cAMP), which is used as an extracellular
chemoattractant and intracellular second messenger, mainly
through activation of cAMP-dependent protein kinase (PKA) at
various developmental stages (Loomis 1998; Ritchie et al. 2008).
The starving cells begin to aggregate as they form ripples and
stream toward aggregation centers, forming loose aggregates of
about 50,000 cells each (Gomer et al. 2011). They then differenti-
ate into two major cell types, prespore and prestalk, in a spatially
independent manner and eventually sort into two main compart-
ments as a tight aggregate is formed. The nextmorphological tran-
sition is tip formation, when some prestalk cells move to the top of
the tight aggregate. The tip leads elongation of the aggregate into a
finger-like structure that can topple over and form a migrating
slug. After a few more hours, the slug erects itself and its posterior
shortens andwidens as the structure assumes aMexican hat shape.
The prestalk cells at the tip of the Mexican hat vacuolize and en-
case themselves in a cell wall, pushing each other down through
the prespore cell mass toward the solid substrate (Loomis 1975).
The emerging stalk lifts the structure off of the substrate as the pre-

spore cells encapsulate and desiccate themselves to become spores
during the culmination process. Development ends with a mature
fruiting body that is about 1 mm tall, 24 h after the onset of star-
vation (Kessin 2001).

Dictyostelium morphogenesis is readily amenable to genetic
analysis. Early studies showed that mutations can abrogate the ag-
gregation stage, leading to stable variants that grow well but fail to
aggregate or develop further (Sussman 1952). Subsequent studies
discovered dozens of mutant strains that showed arrest at every
possiblemorphological stage, as well as strains that showed altered
developmental timing and evenmorphologies that are not seen in
the wild type (Loomis 1975). Manymutations that have profound
effects on development have little or no effect on cell growth dur-
ing the vegetative stage (Loomis 1978). These early studies were
bolstered by subsequent observations that many of the vegetative
genes are not expressed during development and many develop-
mental genes are not expressed during growth (Parikh et al.
2010). These findings and the fact that Dictyostelium cells are usu-
ally haploid (Sussman and Sussman 1962) have led to the discov-
ery of numerous developmental genes and mutations that arrest
development at various stages (Kuspa 2006).

Dictyostelid development is accompanied by evolutionarily
conserved changes in morphology and transcription (Parikh
et al. 2010; Glöckner et al. 2016; Schilde et al. 2016). Previous
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studies have shown that theD. discoideum transcriptome is a quan-
titative phenotype that can be used to predict developmental stag-
es and to infer epistatic relationships (Van Driessche et al. 2005).
They also suggested correlations between the transcriptome and
morphogenesis (Good et al. 2003; Cai et al. 2014; Katoh-
Kurasawa et al. 2016). Nevertheless, transcriptional and morpho-
logical changes occur in bursts that are not always coordinated.
For example, some of the biggest changes in gene expression occur
before aggregation and visible morphogenesis begin, whereas the
vast morphological changes of culmination are accompanied by
only a few transcriptional changes (Rosengarten et al. 2015).

Our goal in this studywas to explore the relationship between
morphogenesis and the transcriptome. We chose 20 mutant
strains that show various developmental abnormalities as a set of
genetic and developmental perturbations and analyzed them at
various times as temporal perturbations. We hypothesized that
links between the transcriptome and morphogenesis would iden-
tify markers of specific morphological transitions. We also sought
groups of coregulated genes whose coordinate regulation is robust
against the three perturbations. Our final goal was to make this
large data set available for easy exploration by the research com-
munity on the web-based application dictyExpress (Stajdohar
et al. 2017) and in the data mining environment Orange
(Demsar et al. 2013). Neither of these exploration options require
programming skills.

Results

Transcriptome signatures match morphological progression

during development

To explore the relationship between morphogenesis and gene ex-
pression, we compared the developmental transcriptomes of the
wild type (AX4) to 20 strains that represent genetic perturbations
in different developmental processes. AX4 and the mutant strains
belong to seven morphological groups: wild type (WT; AX4 and
MybBGFP), culmination defective (cul def/cud; gtaI−, gtaG−,
cudA−, dgcA−, and ecmA:Rm), tight-aggregate arrest (tag arrest;
tagB− and comH−), aggregationless (agg-; gtaC−, acaA−, mybB−,
and amiB−), precocious development (precocious/prec; pkaCoe,
and pkaR−), small fruiting body (sFB; pkaCoe in two adenylate cy-
clase knockout strains), and tight-aggregate/loose-aggregate disag-
gregation (disagg; tgrB1−, tgrB1−/tgrC1−, tgrC1−, and gbfA−)
(Supplemental Table S1). We developed the cells, photographed
them, and performed RNA-seq analysis on all the strains at similar
time intervals. The morphological stages of representative strains
are shown in Figure 1. In the wild type, cell populations appear
morphologically unchanged for the first 6 h of starvation. At 8 h,
they appear as streams and loose aggregates, followed by tight ag-
gregates at 12 h, slugs at 16 h, culminants at 20 h, and fruiting bod-
ies at 24 h (Fig. 1). Most of the culmination-defective strains
develop indistinguishably from the wild type until the slug stage,
inwhich they arrest and fail to show furthermorphological chang-
es for the next 8 h (cul def) (Fig. 1). Cells of the tag-arrest group
develop to the tight aggregate stage at 12 h and arrest there (tag ar-
rest) (Fig. 1), and cells of the aggregationless group do not show
gross morphological changes (agg-) (Fig. 1).

Unlike mutants that show developmental arrests with mor-
phologies that are equivalent to wild-type stages, some mutants
shownewand/or dynamic terminalmorphologies. The precocious
mutants show accelerated morphogenesis at early stages, followed
by a tight-aggregate arrest (pkaR−) (Fig. 1) or precocious culmina-

tion (pkaCoe) (Supplemental Fig. S1), both associated with spore
production. The small fruiting bodymutants show sparse aggrega-
tion and a mix of stages at the end of development, including
mostly tight aggregates and occasional small fruiting bodies (sFB)
(Fig. 1). The disaggregation mutants initiate aggregation like the
wild type but begin to show cycles of aggregation and disaggrega-
tion at 8–12 h of development. Some disaggregation strains (e.g.,
tgrB1−) show a mix of terminal morphologies, including loose ag-
gregates, tight aggregates, and a few small fruiting bodies (disagg)
(Fig. 1), whereas others (e.g., tgrC1−) appear as loose aggregates at
the end of development (Dynes et al. 1994).

This set of strains and time points represents genetic and
temporal perturbations that result in various morphological stag-
es. To test whether each morphological stage is accompanied by
a unique transcriptional profile, we analyzed replicate samples
by RNA-seq. Altogether, the data set includes 486 transcriptional
profiles. The multidimensional scaling (MDS) plot in Figure 2A
shows the developmental series of the respective transcriptomes
in each strain. Individual strain trajectories are shown separately
in Supplemental Figure S2A. The wild-type (AX4 and MybBGFP)
transcriptomes follow a nearly linear path in the direction of the
x-axis, suggesting that this direction largely represents normal
developmental progression in time (cyan) (Fig. 2A; Supplemental
Fig. S2A). In the agg- group, all the transcriptomes clustered close
to the wild type at 0 h (red) (Fig. 2A; Supplemental Fig. S2A), sug-
gesting that the aggregationless transcriptomes are similar to the
wild-type preaggregation transcriptome and that they do not
change much after starvation. The fact that four different muta-
tions and 12 different time points show similar transcriptome sig-
natures supports the idea that the morphological stage matches
the transcriptional phenotype.

The transcriptional trajectories of the disaggregation strains
also started near the wild-type transcriptome at 0 h and followed
a path similar to the wild type for the first few hours. They then
seemed to halt around the 8-h time point of the wild type (dark
and light orange) (Fig. 2A; Supplemental Fig. S2A), whichmatches
the loose aggregate stage. Similarly, the tight aggregate mutant
transcriptomes progressed like thewild type until the 12 h samples
(yellow) (Fig. 2A; Supplemental Fig. S2A), which is the tight-aggre-
gate stage. The culmination-defective strains, gtaG−, dgcA−, and
cudA− (green) (Fig. 2A; Supplemental Fig. S2A), followed a near
wild-type trajectory that halted around the AX4 16 h transcrip-
tome, which matches the slug stage. Nevertheless, the culmina-
tion-defective strain ecmA:Rm showed an arrest around the 8-h
wild-type stage, and the gtaI− trajectory departed rather broadly
from the wild type, mainly along the y-axis (green) (Fig. 2A;
Supplemental Fig. S2A).

The precocious mutants, pkaR− and pkaCoe (purple) (Fig. 2A;
Supplemental Fig. S2A), showed large intervals between adjacent
time points along the x-axis, consistent with the accelerated devel-
opmental phenotype.Moreover, their transcriptomes did not con-
verge on the terminal transcriptomes of the wild type, but
continued to diverge, mainly along the y-axis. One of the major
differences between pkaR− and pkaCoe was that pkaR− showed a
near wild-type pattern at 0 h, whereas pkaCoewas different, match-
ing the 0-h time points of the other two sFB strains that also over-
express pkaC. The developmental transcriptomes of the sFB strains,
acaA−/pkaCOE and ac3−/pkaCOE (blue) (Fig. 2A; Supplemental Fig.
S2A), showed shorter distances between adjacent time points com-
pared to the wild type and an arrest along the x-axis around 12 h,
which is the tight-aggregate stage, consistent with their major ter-
minal morphologies. Altogether, these observations suggest that
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the transcriptomeprofile is largely consistentwith themorpholog-
ical stage with a few exceptions that are mostly related to PKA
misregulation.

Our data set is somewhat skewed becausemost of themutants
arrest development before the fruiting body stage. This skew could
have affected the MDS visualization, so we used an additional
method to visualize the data. We performed principal component
analysis (PCA) on the wild-type (AX4) data and used the PC1 em-
beddings to transform the data from the remaining strains. We
then plotted the PC1 trendlines against time together with the
AX4 data (Fig. 2B) and separately for each strain (Supplemental
Fig. S2B). The AX4 trendline showed a largely direct correlation be-
tween PC1 and time, suggesting that areas above the trendline in-
dicate accelerated development and areas below it indicate
attenuated development. Indeed, the embedded PC1 values of
the agg- groupwere relatively constant over time and largely below

the AX4 graph, consistent with the inability of the strains to aggre-
gate and develop (red) (Fig. 2B; Supplemental Fig. S2B). The trend-
lines of the tag-arrest group showed a direct correlation between
time and embedded PC1, similar to AX4, but their slopeswere shal-
lower than AX4 and they plateaued near the 12-h value of AX4
(yellow) (Fig. 2B; Supplemental Fig. S2B), suggesting that develop-
mental progression in this group slowed down after aggregation
began, and finally ceased at the tight-aggregate stage. This tran-
scriptional trendmatcheswellwith themorphological progression
of this group (Fig. 1). The trendlines of the disaggregation groups
(light and dark orange) (Fig. 2B; Supplemental Fig. S2B) oscillated
between the values of AX4 at 8 h and at 2–3 h, suggesting that the
transcriptional state of these strains was reversed after about 8 h of
development and resumed after about 14 h. The trendlines of the
culmination-defective group varied among strains, but most of
them were below the AX4 line. Those of gtaG− and cudA−

Figure 1. Developmental morphologies in different phenotype groups. Cells were starved and developed on black nitrocellulose filters. The phenotype
groups and strain names are indicated on the left: wild type (WT, light blue), culmination defective (cul def, dark green), tight-aggregate arrest (tag arrest,
dark yellow), aggregationless (agg-, red), precocious development (precocious, violet), small fruiting body (sFB,dark blue), and tight-aggregate/loose-ag-
gregate disaggregation (disagg, orange). Developmental structures were photographed at the times (hours) indicated above the panels except for the
disaggregation group in which times are indicated below. The frame colors indicate the most representative morphological stage: no aggregation
(red), rippling/streams (brown), loose aggregate (orange), tight aggregate (dark yellow), tipped aggregate (light green), slug/first finger (dark green), cul-
minant (cyan), and fruiting body (light blue). Bars = 0.5 mm. The most advanced developmental structures are shown in the twofold magnified images.
Image brightness was adjusted according to the variable color of the nitrocellulose filters.
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plateaued around the 16-h value of AX4, which corresponds to the
slug stage (green) (Fig. 2B; Supplemental Fig. S2B). The trendlines
of the precociousmutants (purple) (Fig. 2B; Supplemental Fig. S2B)
were above the AX4 line up to 12–16 h, when they peaked.
Afterward, these transcriptomes dipped below the AX4 trendline.
The small fruiting body mutants (blue) (Fig. 2B; Supplemental
Fig. S2B) showed shallow slopes that crossed the AX4 line at
8–10 h, suggesting an early start during aggregation and slow pro-
gress afterward. Overall, the PC1 values corresponded well to the

morphological progression, confirming and extending the MDS
analysis conclusions.

The most prominent exception to this rule was the pkaR−

strain, which showed a tight-aggregate terminal morphology
(Fig. 1) while exhibiting transcriptional profiles that were much
more advanced than the other tag mutants, resembling and ex-
ceeding the profiles of the wild type (Fig. 2). Mutations in pkaR
accelerate development and uncouple spore and stalk cell
differentiation from morphogenesis (Abe and Yanagisawa 1983).

Figure 2. Characteristic transcriptome patterns of different phenotype groups. We analyzed the transcriptomes of the developing cells across time by
RNA-seq and used dimensionality reduction techniques to compare the different strains. (A) In the MDS plot, each circle represents the average transcrip-
tome of 2–7 replicates at a certain time point of a strain. The arbitrary units of the x- and y-axes reflect the distances between the transcriptomes such that
the proximity between the circles approximates their similarity (adjacent circles are similar to one another). The circle and line colors represent the phe-
notype group of the strain, and the strain name is indicated next to the last time point, which is indicated inside the circle (hours). The circles are connected
in temporal order. The phenotype groups are WT (light blue), precocious development (prec, violet), small fruiting body (sFB, dark blue), culmination de-
fective (cud, dark green), tight-aggregate arrest (tag, dark yellow), tight-aggregate/loose-aggregate disaggregation (disagg, light and dark orange, respec-
tively), and aggregationless (agg-, red). The strain names in each phenotype group are indicated next to the terminal time point. Developmental time
points are indicated in each of the AX4 circles and in the last time point of each strain. (B)We performed PCA and plotted PC1 (y-axis, arbitrary units) against
time (x-axis, hours) of each strain. PC1 accounts for 30.4% of the variation. The strain names are indicated in the plot, and the color represents the phe-
notype group (see legend). The wild type (AX4) is shown as a thick line and bold text.
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Morphological examination of the pkaR− tight aggregates revealed
many spores and occasional vacuolized stalk cells as early as 16 h,
about 8 h before the wild type. In AX4, spores and stalk cells were
not observed at 16 h, as expected, but both were abundant later.
The pkaR− spores seemed compromised, as suggested by their
phase-dim appearance (Supplemental Fig. S3A,B). These findings
suggest that although gross morphology was disrupted in the
pkaR− mutant, fine morphogenesis and precocious differentiation
were still consistent with the transcriptome profiles. Therefore, the
transcriptional patterns are good predictors of developmental
stage.

Milestone genes define developmental stage boundaries

Transcripts that undergo sharp changes during developmental
transitions can be thought of as developmental milestones. To
identify such transcripts, we performed combined differential ex-
pression analyses on thewild-type transcriptomedata. First, we an-
notated each sample in the AX4 data set based on the most
abundantmorphological stage.We thenperformeddifferential ex-
pression analysis to identify transcripts that showed significant
differences between two consecutive developmental stages.We se-
lected transcripts whose trajectories changed only once or twice
during development to eliminate highly fluctuating genes.
Altogether, we found 1371 milestone genes at eight stage transi-
tions (Fig. 3). Finally, we performed gene-set enrichment analysis
on the milestone groups to identify potential common functions
(Supplemental File S1).

Most of the milestone genes were up-regulated except for the
transition from no aggregation to ripples (Fig. 3). This transition
was marked by the largest number of milestone genes: 294 genes

were down-regulated, and 247 genes were up-regulated. This find-
ing is consistent with the largest developmental transition in gene
expression (Parikh et al. 2010), which corresponds to the cessation
of growth and the onset of aggregation. About 200 up-regulated
milestone genes and almost no down-regulated genes were found
at the transitions from loose aggregate to tight aggregate (lag-tag),
slugs to Mexican hats (slug-Mhat), and culminant to fruiting body
(cul-FB) (Fig. 3). The other transitions (ripple-lag, tag-tip, tip-slug,
and Mhat-cul) were accompanied by small numbers of milestone
genes (Fig. 3).

In the no agg-ripple group, the down-regulated genes were
largely associated with metabolic/biosynthesis pathways (Supple-
mental File S1). The lag-tag transition was highly enriched in
DNA replication, chromosome segregation, and mismatch repair
annotations as well as some srfA induced genes (sig), cAMP-pulse
induced genes, and prespore (psp) genes (Supplemental File S1).
The tag-tip down-regulated group was enriched in cell adhesion,
cytoskeleton organization, and signal transduction genes, and
the up-regulated group included members of the 57-aa protein
family, gtaG-dependent short proteins, cAMP-pulse induced
genes, and prestalk (pst) genes (Supplemental File S1). The tip-
slug up-regulated group included hssA/2C/7E family genes (Sup-
plemental File S1). The slug-Mhat group was highly enriched in
gtaG-dependent short proteins and psp genes (Supplemental File
S1), and some hssA/2C/7E family genes. The psp genes were
down-regulated in the subsequent Mhat-cul group (Supplemental
File S1). The cul-FB up-regulated group was enriched in sugar me-
tabolism, differentiation, and morphogenesis genes (Supplemen-
tal File S1). The variable numbers of milestone genes at different
developmental transitions (Fig. 3) confirm and extend previous
findings (Rosengarten et al. 2015). This variability suggests that
somemorphological transitions are accompanied bymore gradual
changes in gene expression, which would not be consistent with
themilestone definition, and that somemorphological transitions
do not require large changes in gene expression. The gene-set en-
richment analysis (Supplemental File S1) is consistent with known
functional changes during development (Kessin 2001; Parikh et al.
2010). Details about the gene sets described above are provided in
Supplemental File S5, section 5.1, and Supplemental File S8.

Milestone gene response to genetic perturbation of development

The milestone genes were identified in the AX4 data as genes
whose transcript abundance is sharply increased or decreased dur-
ing a transition between two consecutive stages.We predicted that
they would not show sharp transcriptional changes in mutants
that fail to undergo the respective morphological transitions. To
test the prediction, we plotted the expression patterns as heatmaps
across themutant strains (Fig. 4). Indeed, themilestone genes were
expressed similarly to the AX4 patterns in the mutant strains until
the respective developmental arrests, with a few exceptions. The
down-regulated transcripts in the no agg-ripple milestone showed
a marked reduction in abundance in most phenotype groups and
no reduction in the aggregationless mutants, as expected. The ex-
ceptions were the small fruiting body mutant acaA/pkaCoe and the
disaggregation strain gbfA−. Reduction was observed in tgrC1− and
the culmination-defective strain ecmA:Rm, but to a lesser extent.
The up-regulated transcripts in the no agg-ripple milestone genes
were sharply induced in most of the strains but not in the aggrega-
tionless mutants, as expected. Notable exceptions were the small
fruiting body mutant acaA/pkaCoe, the culmination-defective
strain ecmA:Rm, and the disaggregation strain gbfA− (Fig. 4). One

Figure 3. The number of milestone genes at each developmental tran-
sition. We performed differential expression analysis between samples
across each developmental transition in AX4 (WT) development and se-
lected transcripts that showed significant change at each transition. The
graph shows the number of differentially expressed genes at each stage
transition in AX4 (WT). Down-regulated genes (blue): mRNA abundance
at the early stage is significantly greater thanmRNA abundance at the later
stage. Up-regulated genes (yellow): mRNA abundance at the early stage is
significantly lower than mRNA abundance at the later stage. The stage
transitions are indicated below each bar. Colored numbers beside the
bars indicate the number of genes in each “down” and “up” category.
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common feature of these strains is reduced synchronicity during
development. It is possible that the presence of unaggregated cells
contributed to the transcriptional profile such that the expression
of the milestone genes appeared attenuated.

The ripple-lag milestone genes were largely up-regulated dur-
ing the respective transitions except for the aggregationless and
disaggregation strains, as expected. We observed an unexpected
late induction in the precocious pkaCoe strain and lackof induction

in the gtaG−, cudA−, and dgcA− culmination-defective strains. The
expression patterns in pkaR−, ecmA:Rm, and acaA/pkaCoe were also
unexpected (Fig. 4), suggesting that expression of these milestone
genes is affected by PKA.

The lag-tag milestone transcripts were largely up-regulated
during the tight-aggregate stage in most strains and did not
show up-regulation in the disaggregation and aggregationless mu-
tants, which could not progress to the tight-aggregate stage.

Figure 4. Transcriptional milestones mark developmental transitions. The heatmaps show the mRNA abundance in the indicated 19 strains, in which
each row represents a gene, and each column represents expression data averaged across the multiple samples annotated with a common majority stage
in the strain. The yellow-blue colors represent relative mRNA abundances (relative expression scale on the right). Stage transitions are indicated on the left.
The genes are ordered based on the direction of their regulation patterns (blue, down; yellow, up). Phenotype groups, strain names, and annotated mor-
phological stages are indicated above the heatmap blocks. The phenotype groups are wild type (WT, light blue), precocious development (precocious,
violet), small fruiting body (sFB, dark blue), culmination defective (cul defective, dark green), tight-aggregate arrest (tag, dark yellow), tight-aggregate/
loose-aggregate disaggregation (disagg, orange), and aggregationless (agg-, red). The morphological stage color represents the majority morphology
as indicated in the legend on the right: no aggregation (no_agg, red), rippling/stream (ripple, brown), loose aggregate (lag, orange), tight aggregate
(tag, dark yellow), tipped aggregate (tip, light green), slug/first finger (slug, dark green), Mexican hat (Mhat, jade green), culmination (cul, cyan), fruiting
body (FB, light blue), and yellow mound (yem, dark gray).
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However,many of the lag-tagmilestone genes were not induced in
the tight-aggregate arrest mutants (Fig. 4). Most of those genes
were related to cell cycle progression (Supplemental File S1). This
finding suggests that preparation for cell division is a key event
in the progression from tight aggregates to the next stage.

The tag-tip, slug-Mhat, Mat-cul, and cul-FB milestone genes
behaved largely as expected, failing to up-regulate in the respective
mutants (Fig. 4). The precociousmutants showed early increases in
the accumulation of these transcripts, consistent with their accel-
erated morphogenesis. Overall, these findings indicate good
matching between the transcriptional changes and the respective
morphological transitions.

Developmental regulons

The D. discoideum genome does not include large segments of cor-
egulated genes, like most other eukaryotic genomes (Parikh et al.
2010; Rosengarten et al. 2015). Nevertheless, many eukaryotic
genes that have common functions are regulated by common
transcriptional mechanisms. Regulons, which are groups of core-
gulated genes, should be robust to various types of perturbation.
Our data set is ideal for regulon definition because it contains three
major perturbations: development, which causes evolutionarily
conserved changes in gene expression over time (Parikh et al.
2010); time, which affects the cells regardless of developmental
progression; and mutations that perturb the developmental pro-
cess and the transcriptome (Van Driessche et al. 2005).
Therefore, we searched the data set for groups of genes that remain
coregulated despite changes in development, time, and genotype.

First, we considered individual strains. We searched for core-
gulated gene pairs among the nearest neighbors by selecting tran-
scripts that had at least one close neighbor that showed a similar
expression pattern. Then, we considered individual transcripts
by counting the number of strains in which the transcript was se-
lected. Finally, we selected the top 1099 transcripts based on the
number of close neighbors in multiple strains. The leftmost sec-
tion of Figure 5 shows heatmaps of 13 clusters (letters, A–M) that
were found by considering only the developmental perturbations
inAX4. Transcripts in cluster A showhigh abundance in vegetative
cells and low abundance after starvation. Clusters B through L
show peak abundance at progressively later stages, and cluster M
includes transcripts that peak at the terminal fruiting body stage.

Considering all the other strains introduced genetic and tem-
poral perturbations into the analysis and refined the AX4 regulons
into 21 clusters (numbered clusters) (Fig. 5). Only three clusters re-
mained largely unperturbed by themutations; clusters 1, 7, and 10
are nearly identical to AX4 clusters A, E, and G, respectively. The
most prevalent annotations in cluster 1 are related to ribosomebio-
genesis; cluster 7 includes cell death, RNA degradation, and mor-
phogenesis annotations; and cluster 10 is enriched in cell
division annotations (Supplemental File S2). AX4 cluster C was re-
classified into clusters 2 and 4, mainly owing to different expres-
sion patterns in the aggregationless strains (Fig. 5). The
transcripts in cluster 2 were not down-regulated in the aggrega-
tionless strains, whereas the transcripts in cluster 4 were down-reg-
ulated, like in AX4. The gene-term enrichment analysis showed
that oxidative phosphorylation was more enriched in cluster 2,
whereas endocytosis and cytoskeletal protein binding were more
enriched in cluster 4 (Supplemental File S2), suggesting that regu-
lon refinement was aligned with improved classification. AX4
clusters H, I, and J were also reclassified into 2–3 clusters each,
mainly clusters 8, 9, and 11–15, based on the differences in the cul-

mination defective and precociousmutant strains (Fig. 5). Two an-
notations, sig/sigN genes and pst genes, were enriched in cluster 9
but not in clusters 12 and 15, all of which were in AX4 cluster J
(Supplemental File S2). Comparison between clusters 13 and 14,
which derive from AX4 cluster I, shows that the annotations
hssA/2C/7E family and gtaG-dependent short proteins were en-
riched in both, but the annotations 57-aa protein family and pst
gene were not enriched in cluster 14 (Supplemental File S2).
Cluster Lwas broken into clusters 17, 20, and 21, whose expression
patterns differed in the precocious strains (Fig. 5), and cluster M
was distributed into clusters 18 and 19 owing to the differences
in the pkaCoe strain (Fig. 5). Thus, by analyzing the data of all
strains, wewere able to obtainmore detailed clusters. The enriched
terms are detailed in Supplemental File S2. Overall, transcripts in
any given cluster showed very similar expression patterns in AX4
and in the seven classes of mutants. The respective gene annota-
tions indicated common or complementary functions in many
cases. This finding suggests that regulonsmight have specific func-
tions in the progression between developmental stages, and each
regulon is probably regulated by a unique combination of tran-
scriptional mechanisms.

Dedifferentiation signatures in the disaggregation

mutant strains

The disaggregation strains showed reversal of morphogenesis
(Fig. 1) and of transcriptional patterns, as their PC1 values oscillat-
ed over time (Fig. 2; Supplemental Fig. S4). These oscillations sug-
gested that the cells have experienced cycles of differentiation and
dedifferentiation. To examine this possibility, we searched the
transcriptome data set for disaggregation-related genes by per-
forming differential expression analysis using tgrB1− and
tgrB1−C1− as disaggregation representatives and AX4, tagB−, and
comH− as the non-disaggregation reference. The first peak of PC1
values of both tgr strains was around 8 h (Fig. 6A; Supplemental
Fig. S4). After that peak, the PC1 trendline regressed to a pattern
similar to earlier developmental stages. We therefore selected tran-
scripts that were differentially expressed before and after 8 h in
both tgr strains and, separately, in each of the other strains.
Then, we compared those transcripts and selected genes that
were significantly up-regulated at 6–8 h or 8–12 h in both tgr
strains individually, but not in the other strains. The search yielded
72 transcripts at 6–8 h and 218 transcripts at 8–12 h. The heatmap
in Figure 6B shows the expression patterns of the 8–12 h set in all
the strains, and Supplemental File S3 shows the gene-set enrich-
ment analyses of both groups of transcripts. The selected tran-
scripts were sharply up-regulated mainly in the tgrB1− and
tgrB1−C1− strains at 8–12 h, while exhibiting lowor constant levels
in the other strains (Fig. 6B). The gene-enrichment analysis re-
vealed lysine degradation, tryptophan metabolism, lipid binding,
and membrane organization among the 6- to 8-h gene set
(Supplemental File S3). The 8- to 12-h setwas enriched in ribosome
biogenesis and nucleolus annotations (Fig. 6C; Supplemental File
S3). Many of these transcripts were also up-regulated during the
preaggregation stage in the wild type (Fig. 6B), suggesting that
the disaggregating cells may have returned to an earlier develop-
mental stage.

Reversal of development in D. discoideum can occur through
the orderly process of dedifferentiation (Katoh et al. 2004). We
therefore compared the disaggregation transcriptome to a pub-
lished dedifferentiation data set (Nichols et al. 2020). We first pre-
processed the published RNA-seq data to reduce pipeline effects
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and performed differential expression analysis, identifying 360
dedifferentiation-related transcripts that were enriched in several
terms related to ribosomal biogenesis (Supplemental File S3).
Moreover, the disaggregation and the dedifferentiation gene sets
shared 70 genes, including most of the U3 small nucleolar ribonu-
cleoprotein (snoRNP) genes that are involved in pre-rRNA process-
ing (Supplemental File S3). All 30 genes in regulon 1 (Fig. 5) were
included in the disaggregation gene set, and 15 of them were in-
cluded in the dedifferentiation set. Many of them are U3
snoRNPs and other rRNA processing-related genes. G protein-cou-
pled receptor genes were enriched in the disaggregation gene set as
well, but not in the dedifferentiation gene set (Supplemental File
S3). The overlap between the disaggregation and dedifferentiation
gene sets was statistically significant (P-value: 9.25×10−55, hyper-
geometric test) (Supplemental File S3), suggesting that the disag-
gregation phenotype includes dedifferentiation steps.

Common gene-expression tools and standards

Several promoters are being used in D. discoideum expression vec-
tors, mainly the actin promoters act6 and act15 (Knecht et al.
1986) and the recently adopted coaA promoter (Paschke et al.
2018). We tested the effects of genetic perturbation and temporal
and developmental progression on the mRNA abundance of act6,
act15, and coaA during development in our data set and in pub-
lished data (Rosengarten et al. 2015), in which AX4 cells were
starved in buffer suspension and subjected to cAMP pulses (Fig.
7A). We found that act6 mRNA abundance was rather low in veg-
etative cells (0 h), higher during starvation in most strains, and
very low after aggregation. The post-starvation increase was sup-
pressed by cAMP pulses and PKA-C overexpression. The act6
mRNA abundance changed nearly 100-fold during AX4 filter de-
velopment and showed more than 350-fold difference between

Figure 5. Developmental regulons are robust to temporal and genetic perturbations. We searched for genes whose expression patterns were similar de-
spite changes in developmental time and strain genotype. The leftmost heatmap shows 13 clusters of genes that were coexpressed in the wild type AX4
during development. The clusters were assigned a letter (A–M) and a color as indicated on the left of the AX4-based column. We then reclustered these
genes based on their expression patterns in all 21 strains. The resulting 21 regulons (numbered boxes with AX4-based assignment colors, left) are shown as
heatmaps. Each row in the heatmaps represents a gene, each column represents a time point, and the entry colors represent relativemRNA abundances (as
indicated in the relative expression scale on the right). Phenotype groups, strain names, developmental time (purple gradation, see scale on the right), and
annotated morphological stages (see color legend on the right) are indicated above the heatmaps. The phenotype groups are WT (light blue), precocious
development (precocious, violet), small fruiting body (sFB, dark blue), culmination defective (cul defective, dark green), tight-aggregate arrest (tag, dark
yellow), tight-aggregate/loose-aggregate disaggregation (disagg, orange), and aggregationless (agg-, red). Themorphological stages are no aggregation
(no agg, red), rippling/stream (ripple, brown), loose aggregate (lag, orange), tight aggregate (tag, dark yellow), tipped aggregate (tip, light green), slug/
first finger (slug, dark green), Mexican hat (Mhat, jade green), culmination (cul, cyan), FB (light blue), and yellow mound (yem, dark gray). Light gray
indicates that no image was captured (no image, light gray).
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the lowest level in the cAMP-pulse experiment and the highest lev-
el in AX4 filter development (Fig. 7A). The vegetativemRNA abun-
dance of act15 was a bit higher than act6, but it also varied widely
during development and between strains. The act15 mRNA abun-
dance changed 10-fold during AX4 development, fivefold in the
pkaCOE mutant, and as much as 40-fold between the highest level
in AX4 and the lowest level in pkaCOE. It was also generally reduced
by cAMPpulses and PKA-Coverexpression and increased in the ab-
sence of cAMP in the acaA− mutant (Fig. 7A). The mRNA abun-
dance of coaA was eightfold to 28-fold higher than the two actin
mRNA abundance in vegetative cells, accounting for its improved
utility in gene expression vectors, but it also showed great variabil-
ity between strains and developmental stages. Moreover, coaA
abundance showed asmuch as a fivefold change duringAX4devel-
opment and a 33-fold difference between the highest point in
pkaCOE and the lowest point in pkaR−. Nevertheless, unlike the ac-
tin genes, coaA mRNA abundance was not suppressed by cAMP
pulses or PKA-C overexpression (Fig. 7A).

Seeking a transcript that shows relatively high and constant
mRNA abundance levels revealed gpdA, which encodes the D. dis-
coideum glyceraldehyde-3-phosphate dehydrogenase (also known

as GAPDH) (Fig. 7A). GAPDH is a common RNA quantification
standard in other systems, whereas rnlA (also known as Ig7) has
been a common standard in D. discoideum (Early and Williams
1988). rnlA is a mitochondrial ribosome RNA component, which
is not polyadenylated, so it is not included in our data set. We
therefore compared rnlA expression to that of gpdA and the other
genes in a published RNA-seq data set that did not rely on enrich-
ment of polyadenylated RNA (Rosengarten et al. 2017). Figure 7B
shows that rnlA RNA abundance was indeed higher than gpdA,
but it fluctuated more during AX4 development.

Discussion

We performed RNA-seq analysis on 20 developmental mutants
and compared them to the wild type. We chose strains that
show similar developmental defects owing to disruption of differ-
ent pathways to increase the probability that the transcriptional
changes would correlate with the morphological stage rather
than the genetic manipulation. For example, the four aggregation-
less mutations affect different pathways but result in the same
gross morphology. Some of the other mutations arrest

Figure 6. Transcriptome changes during disaggregation. (A) We plotted PC1, which explains 30.4% of the variance, (y-axis, arbitrary units) against time
(x-axis, hours) of the disaggregation strains (tag_dis, light orange), tag arrested strains (tag, dark yellow), and AX4 (WT, light blue). The graphs are a subset
of Figure 2. (B) Up-regulated genes in both tgrB1− and tgrB1−C1− but not in comH−, tagB−, and AX4 were selected by differential expression analysis of the
8- to 12-h samples. The changes of mRNA abundance of these genes are shown as heatmaps in all 21 strains. Phenotype groups, strain names, develop-
mental time (purple gradation, see scale on the right) and morphological stages (see color legend on the right) are indicated above the heatmaps. The
phenotype groups are WT (light blue), precocious development (precocious, violet), small fruiting body (sFB, dark blue), culmination defective (cul defec-
tive, dark green), tight-aggregate arrest (tag, dark yellow), tight-aggregate/loose-aggregate disaggregation (disagg, orange), and aggregationless (agg-,
red). Themorphological stages are no aggregation (no agg, red), rippling/stream (ripple, brown), loose aggregate (lag, orange), tight aggregate (tag, dark
yellow), tipped aggregate (tip, light green), slug/first finger (slug, dark green), Mexican hat (Mhat, jade green), culmination (cul, cyan), fruiting body (FB,
light blue) and yellow mound (yem, dark gray). (C ) The table shows gene-set enrichments among the up-regulated genes. The bar size shows the fold
enrichment and the color (see scale) represents the false discovery rate, (FDR; hypergeometric test). GO: Biological process (BP), cellular component
(CC), molecular function (MF), KEGG: pathway (Path.)
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development at typical wild-type stages, including preaggregation,
tight aggregates, and fingers. Others show precocious develop-
ment, allowing distinction between the effects of time and mor-
phology, and some show morphologies not seen in the wild
type, such as small fruiting bodies and disaggregation.
Differences between the developmental conditions and analysis
pipelines wereminimal, to reduce experimental and computation-
al effects on the outcome. Developmental morphology and tran-
scriptome patterns change over time within each strain, and

genetic perturbations cause changes between strains. These facts
allowed us to evaluate the genetic effects by comparing data be-
tween strains and to evaluate the developmental/temporal effects
by comparing data between time points within each strain. Most
important, the genetic and temporal factors were considered to
be distinct perturbations, which allowed us to test the relationship
between morphology and the transcriptome.

Our data indicate coupling betweenmorphogenesis and tran-
scriptional changes. The most convincing evidence is the

Figure 7. The expression patterns of common genetic markers. The mRNA abundance trajectories of the genes act6, act15, coaA, and gpdA (y-axis,
RPKUM) are plotted against developmental time (x-axis, hours). (A) Data are from our data set (normal filter development) for strains AX4, acaA−,
pkaCoe, and pkaR− and from AX4 cells developed in suspension with cAMP pulses (Rosengarten et al. 2015). The gene names are indicated above each
panel, and the strains/conditions are indicated below the panels (cAMP: cells pulsed with cAMP in suspension). Note that the y-axes are different between
the panels. (B) Data are from AX4-development RNA samples that were enriched by ribosomal RNA depletion (Rosengarten et al. 2017). Gene names are
shown on the right.
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similarity between the transcriptomes of mutants that show com-
monmorphologies, such as the aggregationless mutants, irrespec-
tive of time. The mutations that cause these phenotypes affect
different pathways, and there is no theoretical reason to assume
that their transcriptomes should be similar, especially after pro-
longed incubation. Likewise, the differences between the mutant
groups strongly indicate that time alone is not a major factor. In
fact, the morphological stage is the most likely determinant in
the similarity between transcriptional stages across samples, with
a few notable exceptions. In the precocious pkaR− mutant, gross
morphology indicated an arrest at the tight-aggregate stage, where-
as the transcriptome indicated progression to the wild-type equiv-
alent of culmination. In this case, examination of fine
morphology revealed that cell differentiation into spores and
stalks was more related to the transcriptome than gross morpholo-
gy. Another exception was observed in strains that overexpress the
PKA catalytic subunit pkaC or the mutated regulatory subunit
pkaRm. In those strains, the transcriptomes at the initial time
points seemed shifted to the right along the x-axis and up along
the y-axis in the MDS plots. This property is probably a result of
overexpression of the PKA subunits rather than any overexpres-
sion from the G418-selection vectors because it was not seen in
themybB-GFP strain, which also carries the G418-selection vector.

Previous studies of wild-type development indicated that the
transcriptional changes occur in leaps and lulls—bursts of change
separated by periods of relatively few changes. The annotations of
the genes that underwent changes during these leapswere correlat-
ed well with known developmental processes (Rosengarten et al.
2015). The milestones we identified here are different because
they include only sharp transcriptional transitions that occur at
the boundary between two morphological stages. They were also
visualized in the mutant strains, a step that was not included in
the previous studies. Nevertheless, the overall picture that emerges
from thesemilestones is similar to that found in the previous study
(Rosengarten et al. 2015). The initial developmentalmilestones in-
clude down-regulation ofmetabolism pathways and up-regulation
of signaling and cell morphology pathways. The finding that only
the first milestone was accompanied by a large group of down-reg-
ulated genes does not mean that genes are not down-regulated at
later stages. It only means that down-regulation at later stages is
not as sharp as at the onset of development. It is important to
notice that RNA-seq measures mRNA abundance, which is a func-
tion of RNA synthesis and stability. Therefore, it is possible that
mRNA degradation is slower or less effective at later stages of
development.

Another significant milestone includes the simultaneous in-
duction of cell division and DNA replication genes during the
loose-aggregate to tight-aggregate transition, which is the subject
of some controversy. Early studies showed that D. discoideum de-
velops well without a significant change in cell number
(Sussman and Sussman 1960), but later studies suggested that pre-
spore cells replicate DNA and divide during development
(Zimmerman and Weijer 1993). Subsequent studies, using molec-
ular resolution techniques, showed that chromosomal DNA is not
replicated during development. Instead, the cells replicate their
mitochondrial DNA and undergo mitosis, reducing their chromo-
somal DNA content from a G2-phase equivalent to a G1-phase
equivalent (Shaulsky and Loomis 1995; Chen et al. 2004). More re-
cently, live imaging techniqueswere used to argue again in favor of
cell division andDNA replication during development (Muramoto
and Chubb 2008), but these studies did not explain how replica-
tion might occur without incorporation of nucleotides into the

chromosomal DNA. Although the problem has not yet been re-
solved, we may have found a possible explanation for the contro-
versy. Our data show that cell division and DNA replication genes
are sharply and contemporaneously induced during development,
which confirms and extends previous findings that used different
mutants (Strasser et al. 2012). In addition, we observed that the
tag-arrest strains do not show elevated expression of these genes,
although they pass the respective morphological transition.
Moreover, the pkaR− mutant, which shows tag arrest but proceeds
to complete cell differentiation, shows up-regulated expression of
these genes as well. Altogether, these findings suggest the exis-
tence of a mechanism that coregulates cell division and DNA rep-
lication genes in Dictyostelium, unlike budding yeast (Haase and
Wittenberg 2014). During vegetative growth, this coregulation
couples the processes of cell division and DNA replication, possi-
bly owing to the lack of a G1-phase in the Dictyostelium cell cycle
(Strasser et al. 2012). During development, however, cell division
is probably essential for progression past the tight-aggregate stage.
Induction of the cell division genes causes an incidental coinduc-
tion of the DNA replication genes although chromosomal DNA
replication does not follow (Shaulsky and Loomis 1995; Chen
et al. 2004).

The notable absence of prespore genes from the lag-tag mile-
stone is consistent with the fact that these genes continue to accu-
mulate during later stages of development. The tag-tip milestone
includes down-regulation of cytoskeleton and cell-adhesion genes,
consistent with the major changes in tissue organization that ac-
company cell-type sorting and tip formation. The tip-slug transi-
tion is low in milestone genes, which is surprising considering
themajor changes thatmust accompany that transition. This tran-
sition is either accompanied by more gradual changes that did not
satisfy the milestone definition, or by earlier changes that set the
stage for the transition. Subsequent milestones include late pre-
spore gene induction at the slug-Mhat transition, and sugarmetab-
olism and morphogenesis genes at the cul-FB transition. These
transcriptional milestones were concordant with the mutation
data in that most of them did not occur in mutants that failed to
undergo the respective morphological transitions.

Genes that function in common cellular processes or struc-
tures are often clustered in operons in prokaryotes and in a few eu-
karyotes (Blumenthal 2004), but not in D. discoideum (Eichinger
et al. 2005). Nevertheless, the D. discoideum genome includes regu-
lons, which are groups of coexpressed genes that are useful predic-
tors of function (Booth et al. 2005). Our data set revealed many
groups of genes that remained coregulated despite genetic and tem-
poral/developmental perturbations. Many of the regulons encode
components of common protein machines (Alberts 1998), includ-
ing ribosome structure, ribosome assembly, oxidative phosphoryla-
tion, proteasome, cytoskeleton elements, and cytoskeleton
assembly. These findings validate our approach and suggest that
regulons could be used to predict gene function. Indeed, 640 of
the 1099 regulon genes are either not annotated or partly annotated
in dictyBase (Basu et al. 2013; Fey et al. 2019). Deeper examination
of a few examples suggests that the regulons could predict gene
function rather accurately. Regulon 1 (Fig. 5) contains 30 genes,
six of which are unnamed and 12 of which are annotated as
ribosome biosynthesis genes. One gene, DDB_G0271272, is anno-
tated in dictyBase as being similar to yeast pol5 and human
MYBBP1A-binding protein. Based on the regulon annotation,
DDB_G0271272 is probably involved in rRNA transcription, similar
to the yeast homolog. Likewise, regulon 5 (Fig. 5) contains 41 genes,
three of which are unnamed and 29 of which are annotated as
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proteasome subunit genes. One gene, DDB_G0291003, is automat-
ically annotated in dictyBase as a putative protein DOA1, which
plays a role in protein ubiquitination, sorting, and degradation in
other organisms, a good fit with the proteasome annotation.

The similarity between the published dedifferentiation pat-
terns (Nichols et al. 2020) and the disaggregation mutants illus-
trates the utility of our data set for discovery and comparison
across experiments. It also shows that the disaggregation process
that results from lack of proper TgrB1-TgrC1 signaling is a dediffer-
entiation process. This finding also supports the hypothesis that
TgrB1-TgrC1 signaling is a developmental checkpoint (Dynes
et al. 1994; Benabentos et al. 2009; Hirose et al. 2015) and suggests
that failure to pass this checkpoint leads to cycles of dedifferentia-
tion and redifferentiation.

Our data set has a few other practical implications. First, the
choice of promoters for ectopic gene expression in D. discoideum
should be considered carefully. We recommend using coaA-based
vectors (Paschke et al. 2018) rather than act6 or act15-based vectors
(Knecht et al. 1986;Manstein et al. 1995; Veltman et al. 2009). The
transition to coaA-based vectors could be greatly facilitated by
GoldenBraid (Kundert et al. 2020). In some cases, it may be worth-
while to reevaluate conclusions from experiments that involved
gene expression under actin promoters, especially if PKA and
cAMP signaling were involved. Second, we suggest using gpdA as
a standard for RNA quantification, especially if poly(A) selection
of mRNA is used. The commonly used rnlA (Early and Williams
1988) is not polyadenylated inD. discoideum, but it comes through
poly(A) purifications as a contaminant because of its high abun-
dance, which makes it unsuitable as a standard.

The data presented here represent a large collection of tran-
scriptomes that can be used by the research community for further
exploration. We suggest two convenient options in addition to
downloading the data from the public repository and analyzing
them in-house. The simplest way is to view and analyze the data
on dictyExpress, which is a web-based platform for data exploration
and comparison with other published data sets (Supplemental File
S4A; Stajdohar et al. 2017). This platform does not require any pro-
gramming skills and it is conveniently linked to dictyBase (Fey et al.
2019). Data analysis can be extended by using the bioinformatics
component in Orange, a visual programming system that is also
linked to dictyExpress and dictyBase and facilitates data mining
without scripting skills (Supplemental File S4B; Demsar et al.
2013). The data can also be used to identify and test gene regulatory
elements such as promoters and transcription factors, compare a
gene of interest to genes in the regulon and milestone lists, and
help in annotating poorly characterized genes. We recommend
comparing future RNA-seq data sets to the ones presented here.

Methods

Cell culture, strain maintenance, development, and spore

collection

All the D. discoideum strains were derivatives of AX4 (Knecht et al.
1986) as detailed in Supplemental Table S1. Growth and develop-
mental conditions are described in Supplemental File S6.

RNA-seq

We collected the cells from one nitrocellulose filter at each time
point of two to seven independent developmental series, extracted
total RNA, and performed poly(A) selection twice as described
(Katoh-Kurasawa et al. 2016). cDNA librarymultiplexing andmap-

ping were performed as described (Miranda et al. 2013). Fruiting
bodies, which contain walled spores and stalk cells, were not bro-
kenmechanically before RNA extraction, which could have result-
ed in underrepresentation of RNA species that are found
exclusively in these walled cells (Van Driessche et al. 2005).
Additional information is provided in Supplemental File S6.

Multidimensional scaling and principal component analysis

Dimensionality reduction with multidimensional scaling (MDS)
was performed on the averaged RPKUM data across independent
replicates at each developmental time point in 21 strains. About
3% of all protein-coding genes (12,828) were not expressed under
anyof the conditions sampled in all 21 strains. UsingMDS (R-func-
tion: cmdscale), we visualized relative distances between each
whole-transcriptome pair among all samples (Santhanam et al.
2015) in two-dimensional space. We used all RPKUM data and
Spearman’s correlation (SC) to calculate the distance (D=1−SC).

We performed PCA on the preprocessed AX4 RPKUM data,
except for genes nonexpressed at any developmental time point
in AX4. The PC1 embedding was obtained with the scikit-learn
(v0.22.2) Python library (Pedregosa et al. 2011). The preprocessed
data of other strains were transformedwith the AX4-based embed-
ding. For each strain, a generalized additive model (GAM) was
fit to PC1 embedded samples across time with the pyGAM
(v0.8.0) Python library (https://pygam.readthedocs.io/en/latest/).
Parameters of GAM (number of splines and smoothing parameter)
were selected for each strain with grid search using “leave one
timepoint out” cross-validation. The prediction quality was com-
pared with mean-squared error.

Selection of milestone genes

To find genes with variable expression trajectories across develop-
mental stages, we used AX4 samples with developmental stage an-
notations based on morphological analysis of images taken at
different developmental times. When the image contained multi-
ple developmental stages, the majority morphology was chosen as
the stage annotation. Then, using the stage annotation, we per-
formed differential expression analyses with the DESeq2
(v1.26.0) R library (Love et al. 2014) and ImpulseDE2 (v1.10.0) R
library (Fischer et al. 2018) as a combinational approach (R Core
Team 2018). Milestone genes were defined according to two crite-
ria: (1) the gene was significantly differentially expressed between
two stages based on DESeq2, and (2) it was significantly DE across
stages based on ImpulseDE2 with assigned transition time be-
tween the two stages. TheDESeq2 analysis was performed for every
pair of neighboring stages using the AX4 samples in case–control
mode. The later stage was used as the case and the earlier as the
control. The Padj was recalculated over all the tests for all neighbor-
ing stage pairs using Benjamini–Hochberg correction on the P-val-
ue from DESeq2. We then used absolute lFC≥2 and Padj≤0.01 to
select differentially expressed genes and classified them as up- or
down-regulated. The ImpulseDE2 model was used to fit AX4
data, using stage annotations converted to consecutive integers
in developmental order as time points. We ran the analysis in
“case-only” mode to identify genes whose trajectories change at
stage boundaries once or twice during development, using Padj
threshold=0.001. The parameters of the fitted models were used
to obtain neighboring stages when the transitions of the gene pro-
file occurred. The genes significantly differentially expressed
across neighboring stages were defined as milestone genes.
Heatmaps were made with the ComplexHeatmap package (Gu
et al. 2016), with expression data averaged across multiple samples
that were annotated as the same stage in each strain, except for the
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two strains whose images were not captured. Additional details of
the computational analysis are provided in Supplemental File S5
(Computational methods). A complete list of the milestone genes
is available in Supplemental File S7.

Regulon extraction

We extracted coregulated gene pairs as regulon candidates in indi-
vidual strains to avoid bias toward strains with more samples. We
preprocessed RPKUMdata of the genes whose expressionwas non-
NULL in a strain and used the k-nearest neighbors (kNN) descent
algorithm, PyNNDescent (v0.3.3) with cosine similarity (Dong
et al. 2011), to obtain the top 300 nearest neighbors of each
gene. We counted the number of strains in which the gene had
at least one nearest neighbor above the strain-specific threshold
(the 30th percentile of the similarities to the closest neighbors in
the strain), and we also specified a gene-specific N threshold
(capped at 18) by the number of strains in which the gene was ex-
pressed. When the gene’s expression at any time points in a strain
reached 10% of the 99th percentile of the expression in all sam-
ples, we determined that the gene was expressed highly enough
in the strain. If the gene had one nearest neighbor in at least N
strains, we kept it as a regulon candidate.

Using the strain-specific and the gene-specific thresholds, we
selected 1099 regulon candidate genes and assigned them into reg-
ulons with Louvain clustering analysis on preprocessed expression
data with the data mining software Orange (v3.26) (Demsar et al.
2013). Regulon clustering was performed on the AX4 expression
data or all strains data. Additional details are provided in
Supplemental File S5 (Computational methods). A complete list
of the regulon genes is available in Supplemental File S7.

Analysis of disaggregation genes

To select genes that are related to the disaggregation process in the
tgr strains, we extracted genes up-regulated around the first peak-
time of PC1 values in tgrB1− and tgrB1−C1−, but not in AX4,
tagB− or comH−. Differentially expressed genes between pairs of
time points 6 and 8 h, and 8 and 12 h in each strain were extracted
withDESeq2.We then subtracted the genes that were up-regulated
for AX4, tagB−, or comH− strains from the genes that were up-reg-
ulated for tgrB1− and tgrB1−C1− strains. The DESeq2 results were
optimized for Padj threshold 0.01. A gene was considered up-regu-
lated if lFC≥1.32 and Padj≤0.01. A complete list of the disaggrega-
tion genes is available in Supplemental File S7.

To characterize the selected disaggregation genes, we com-
pared disaggregation genes with the dedifferentiation genes which
are up-regulated during early dedifferentiation process. The dedif-
ferentiation genes were obtained from published dedifferentiation
RNA-seq data (Nichols et al. 2020). The published data included an
experiment, in which cells were disaggregated and incubated in
nutrient medium to induce dedifferentiation, and a control in
which the disaggregated cells were incubated in non-nutrient buff-
er. We downloaded the published RNA-seq data from NCBI Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/)
under accession number GSE144892 and prepared their RPKUM
data by the same procedure as ours. Dedifferentiation genes were
selected based on a DESeq2 comparison between the “dedifferen-
tiation” samples at 0.5, 1, and 2 h and the “control” samples at 0,
0.5, 1, 2, 3, 4, and 6 h. The DESeq2 results were optimized for Padj
threshold 0.01. A gene was considered to be up-regulated during
early dedifferentiation if lFC≥2 and Padj≤0.01. Gene expression
scaling and gene ordering for the heatmaps were performed as
above. We used a hypergeometric test to determine whether the

disaggregation genes significantly overlap with the dedifferentia-
tion genes.

Gene-set enrichment analysis

We performed gene-set enrichment analysis using the Orange
Bioinformatics (v4.0.0) Python library (Demsar et al. 2013). We
used Generic GO-slims, KEGG Pathways, and custom gene sets
(Supplemental File S8) with sizes between five and 500 genes as
functional ontology terms. We used all protein-coding genes, ex-
cept those that had all zero RPKUM values in our samples, as the
reference set (“Reference”) and filtered out genes without Entrez
ID from the “Reference” and query group (“Group”). To account
for different proportions of genes annotated with a gene set be-
tween the reference and the query groups we used only genes an-
notated with at least one term. We compared the frequency of
individual annotations in the “Group” list with that of the
“Reference” list to calculate individual fold enrichments.
Enrichment was calculated using hypergeometric test with
Benjamini–Hochberg correction. The results were filtered to dis-
play only “Terms” with “FDR”≤0.25 and overlap with “Group”
≥2. Additional details are provided in Supplemental File S5
(Computational methods).

Data access

All raw and processed sequencing data generated in this studyhave
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE152851.
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