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Starkly different gene expression kinetics
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In brief

In their study, McShane et al. investigate
how human cells coordinate gene
expression from the nuclear and
mitochondrial genomes to produce
oxidative phosphorylation complexes
critical for cellular respiration. They reveal
striking differences in the lifecycles of
mitochondrial and nuclear mRNAs that
are reconciled to produce balanced
OXPHOS subunit production.
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SUMMARY

Oxidative phosphorylation (OXPHOS) complexes, encoded by both mitochondrial and nuclear
DNA, are essential producers of cellular ATP, but how nuclear and mitochondrial gene expression
steps are coordinated to achieve balanced OXPHOS subunit biogenesis remains unresolved. Here, we
present a parallel quantitative analysis of the human nuclear and mitochondrial messenger RNA
(mt-mRNA) life cycles, including transcript production, processing, ribosome association, and degrada-
tion. The kinetic rates of nearly every stage of gene expression differed starkly across compartments.
Compared with nuclear mRNAs, mt-mRNAs were produced 1,100-fold more, degraded 7-fold
faster, and accumulated to 160-fold higher levels. Quantitative modeling and depletion of mitochondrial
factors LRPPRC and FASTKDS5 identified critical points of mitochondrial regulatory control, revealing
that the mitonuclear expression disparities intrinsically arise from the highly polycistronic nature of hu-
man mitochondrial pre-mRNA. We propose that resolving these differences requires a 100-fold
slower mitochondrial translation rate, illuminating the mitoribosome as a nexus of mitonuclear co-regu-

lation.

INTRODUCTION

Eukaryotic cells maintain and express two genomes: the nu-
clear chromosomes and the small, circular, and highly polyploid
mitochondrial DNA (mtDNA). Mitochondrial and nuclear gene
expression processes are spatially separated and governed
by evolutionary distinct transcription, RNA processing, and
translation machinery.' The human mitochondrial genome en-
codes subunits of the oxidative phosphorylation (OXPHOS)
complexes responsible for cellular respiration and ATP produc-
tion. "2 The nuclear genome encodes the remaining OXPHOS
subunits. Observations of balanced OXPHOS subunit synthesis
across compartments indicate that gene expression processes
across the mitochondrial and nuclear genomes are coordi-
nated.? Dysregulation of mitonuclear protein synthesis causes
proteostatic stress,”® and mutations in genes involved in mito-
chondrial gene expression can cause severe human disease
syndromes.”

Nuclear-encoded genes are transcribed from two DNA
copies into monocistronic transcripts that are spliced, polya-
denylated, and exported into the cytoplasm for translation.
By contrast, mitochondrial genes are transcribed from hun-
dreds of copies of 16.5 kb mtDNA into two long polycistronic
primary transcripts encoded on each strand, the heavy and
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light strands (Figure 1A).° The primary transcripts are cleaved
into individual mitochondrial mMRNAs (mt-mRNAs), mitochon-
drial transfer RNAs (mt-tRNAs), and mitochondrial ribosomal
RNAs (mt-rRNAs).>” After processing, mt-mRNA is typically
adorned with short poly(A) tails before being translated by
the mitochondrial ribosomes (mitoribosomes) at the inner
mitochondrial membrane.? Because mt-RNAs are produced
from only three promoters,® transcription initiation reg-
ulation is presumed to contribute little to the relative levels
of mitochondrial-encoded proteins. Rather, the steady-state
mitochondrial transcriptome is thought to be shaped by
post-transcriptional processes. This highly polycistronic gene
expression strategy is distinctive to bilaterian mitochon-
dria.’®"" For example, S. cerevisiae mtDNA has 11 transcrip-
tion start sites such that rRNA production is largely uncoupled
from OXPHOS mRNA production.’? Furthermore, despite their
alpha-proteobacterial origin, human mitochondria use polycis-
tronic transcription differently from E. coli, where individual
mRNAs are not cleaved out of primary transc;ripts.13 Thus,
the evolutionary outcome for animal mitochondria results in
a gene expression system with distinctive challenges due to
the intrinsic coupling of coding and non-coding RNA produc-
tion. These differences suggest that the mitochondrial RNA life
cycles must be dramatically different from those of nuclear
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Figure 1. RNA turnover is set by LRPPRC and is the main determinant of the relative abundance of the heavy-strand-encoded transcriptome
(A) The heavy strand of the mitochondrial genome encodes two ribosomal RNAs, and 10 mt-mRNAs (two bicistronic), whereas the light-strand encodes one
mRNA. Mitochondrial transcription is polycistronic, with all transcription start sites located upstream of the coding regions,® resulting in primary transcripts that
are cleaved into individual rRNAs, tRNAs, and mRNAs (color-coded by OXPHOS complex).

(B) TimeLapse-seq produces measurements of fraction new RNA. Green dots indicate metabolically incorporated 4sU, which is modified during TL chemistry and
misread as C (purple dots) during reverse transcription.

(C) Turnover profiles for two mt-mRNAs, COX7 and ND7, and one mt-rRNA, RNR2. Dots show the measured data, and lines indicate the best fit for an expo-
nential model.

(legend continued on next page)
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RNA. However, mt-RNA biogenesis, accumulation, and ribo-
some association have not been described as quantitatively
as for nuclear RNAs, hindering a precise comparison of
OXPHOS gene expression across compartments. To under-
stand OXPHOS protein biogenesis, we need to quantitatively
compare the nuclear and mitochondrial gene expression sys-
tems to determine how they resolve their differences to coor-
dinate the synthesis of OXPHOS subunits.

Here, we developed numerous approaches tailored to the
mitochondrial genome to quantitatively determine each stage
of the mt-mRNA life cycle. Through comparing nuclear- and
mitochondrial-encoded mRNAs, we found a striking discor-
dance at all major stages of gene expression across compart-
ments. First, in contrast to nuclear-encoded genes, differential
turnover explains steady-state mt-mRNA abundance and is set
largely by LRPPRC, a protein associated with the metabolic dis-
order Leigh syndrome."'” Second, we found that mitoribosome
association with mt-mRNA was 20 times faster than cytoribo-
some association with nuclear-encoded mRNA. Third, the
5’-end mt-mRNA processing out of the polycistronic transcript
was virtually essential for mitoribosome association. Translation
was blocked even in cases where 5'-processing was signifi-
cantly hindered due to the absence of the FAST kinase domains
5 protein (FASTKD5), an mt-mRNA processing factor. We com-
bined our kinetic measurements to develop a quantitative gene
expression model and showed that mitochondrial and nuclear
protein synthesis experience the most regulation through RNA
turnover and transcription initiation, respectively, with an addi-
tional contribution from translation regulation for both.

With these wide differences across the gene expression
systems, a resolution is required to balance OXPHOS
subunit synthesis. We propose that this balance comes from
slow mitochondrial translation rates, orders of magnitude
slower than cytosolic translation. Our model of mitochondrial
and nuclear gene expression control is the first systematic,
quantitative, and comparative kinetic analysis of the dual-
origin OXPHOS transcriptomes. By revealing the necessary
points of mitochondrial and nuclear co-regulation, these re-
sults shed light on the unique vulnerabilities of human mitonu-
clear balance that may contribute to disease and aging
processes.

¢ CellP’ress

RESULTS

Mitochondrial mRNA degradation rates are 7-fold faster
than nuclear-encoded genes
The mtDNA heavy strand encodes two mitochondrial rRNAs,
RNR1 and RNR2, and 10 of the 11 mt-mRNAs (Figure 1A), which
are produced in a single primary transcript and processed into
individual RNAs.® Heavy-strand RNAs accumulate at levels
that vary over two orders of magnitude despite being produced
in equimolar proportions.'®'® RNA stability has been proposed
to be a leading contributor to the differential steady-state levels
of the individual transcripts.?°? However, testing this hypothe-
sis has been challenging due to a lack of methods to quantify
RNA turnover that does not rely on strong perturbations, e.g.,
transcription inhibition, which leads to compensatory changes
to RNA turnover rates.'®?° Recent advances in the detection
of modified bases by next-generation sequencing have led to
the development of nucleotide-conversion-based strategies to
measure RNA turnover (Figure 1B).?>"2° We leveraged this strat-
egy and adapted TimeLapse-seq (TL-seq)?* for the quantitative
measurement of mt-RNA (mito-TL-seq). In our approach, the
nucleotide analog 4-thiouridine (4sU) is introduced to cells for
various amounts of time. After RNA extraction, incorporated
4sU is chemically modified, causing it to be misread during
reverse transcription and resulting in T-to-C mismatches during
sequencing (Figure 1B). The fraction of new transcripts for each
gene is determined by the analysis of mismatches that occur af-
ter sequence alignment, and a simple exponential decay model
is used to estimate the half-lives of all transcripts (Figure 1C).
In developing mito-TL-seq, we found that 4sU was incorpo-
rated at a lower frequency in mitochondrial-encoded RNAs
than in nuclear-encoded transcripts (Figure S1A). Because
high levels of 4sU lead to numerous secondary effects,?® rather
than increase the concentration of 4sU, we re-established
computational approaches used in analyzing these data®’° to
properly quantify T-to-C conversions in mt-RNA sequencing
(RNA-seq) reads. We developed strategies to decrease back-
ground, including creating reference genomes where single
nucleotide polymorphisms have been removed, analyzed reads
aligning to the mitochondrial genome separately, and deter-
mined the T-to-C conversion rates using a custom binomial

(D) Half-lives distribution derived from the exponential model for the mt-rRNA RNR2, all heavy-strand-encoded mt-mRNAs (“Mito,” n = 10), and all nuclear

mRNAs encoding OXPHOS subunits (“Nuc,” n = 76).

(E) Same as (D), but for transcript abundance estimated based on the reads per kilobase per million reads (RPKMs) from the same experiment. Zero values were

excluded.

(F) Relative production rates calculated from the turnover rates in (D) and the abundances in (E) by dividing the RPKM by the half-life.

(G) ND1-normalized abundance from nanopore direct RNA-seq compared with ND7-normalized turnover rates from mito-TL-seq. Error bars represent standard
deviation. Pearson R2, calculated in non-log space, is displayed for all transcripts (top left corner) and all mt-mRNAs (excluding RNR2, top left corner in dashed
line box). Two promoter-distal genes are highlighted.

(H) RNase footprinting data from mouse embryonic fibroblasts (MEFs)'* showing the fraction of each mRNA that was bound by LRPPRC. LRPPRC binding was
compared with the half-lives derived from mito-TL-seq. Error bars show the standard deviation from two biological replicates.

(I) Scatter plot showing the correlation between the change in RNA abundance and the change in turnover in HEK293T cells depleted of LRPPRC (LRPPRC9)
relative to wild-type (WT) cells. Data from two replicates are shown. Error bars show the standard deviation. The Pearson R? is shown.

(J) Scatter plot showing the positive correlation between mRNA half-lives in HEK293T wild-type cells and change in stability in cells containing LRPPRC relative to
knockout cells. The Pearson R? is shown. Errors bars show the standard deviation from two biological replicates.

(K) Reads from one direct RNA-seq experiment mapping to the mitochondrial heavy strand (in black), with the results from the transcription model (shown in the
right red box) overlaid in red. The model takes into account turnover and transcription parameters to estimate RNA abundance. Firing rate = slope of 3’ ends of
mapped reads from direct RNA-seg/elongation rate.'*'® All data in the figure are from HeLa cells except (H), which is from MEFs, and (I) and (J), which are from
HEK293T cells. See also Figures S1 and S2 and Tables S1 and S2.
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mixture model.”® Using this approach, we analyzed HelLa cells
labeled with a 4sU concentration (50 uM) that causes minimal
secondary effects.”® Turnover rates were reproducible between
replicates and independent of 4sU concentration (Figures 1C,
1D, and S1D and Table S1). Moreover, we confirmed these re-
sults with an alternative method, MitoStrings, that uses a
probe-based approach to directly follow RNA decay without
relying on detecting 4sU-RNA or sequencing (Figures S1B-
S1D and Table S1).?%°° We observed a strong correlation be-
tween the MitoStrings and mito-TL-seq half-lives (Figure
S1D, R% > 0.9).

We compared the half-lives of nuclear- and mitochondrial
heavy-strand-encoded OXPHOS mRNA, as well as RNR2
(RNR1 is removed during an rRNA depletion step). Half-lives
ranged broadly, with mitochondrial-encoded mRNA (median
half-life of 84 min) turned over about 7-fold more rapidly than nu-
clear-encoded OXPHOS mRNAs (median half-life of 547 min)
(Figures 1D and S2D). By contrast, RNR2 was turned over
>20-fold slower than any OXPHOS mRNA. At steady-state, mt-
mRNAs were ~160-fold more abundant than nuclear-encoded
OXPHOS mRNAs (Figures 1E and S1R and Table S2), and
RNR2 was 50-fold more abundant than the mt-mRNAs (Fig-
ure 1E). To estimate production levels for each RNA, we divided
the abundance estimates by the half-lives for each gene
(Figures 1F and S2D). Importantly, production rates for mito-
chondrial rRNA and mRNAs were comparable (Figures 1F and
S2D), consistent with the polycistronic nature of mitochondrial
transcription. However, this coupling of coding and non-coding
RNA led to mitochondrial mRNA production rates 1,100-fold
higher than for nuclear-encoded OXPHOS mRNAs.

LRPPRC-controlled RNA turnover rates set
mitochondrial mRNA levels
We sought to determine to what extent mt-mRNA stability was
responsible for the differential RNA abundances across the mito-
chondrial transcriptome. We used nanopore direct RNA-seq to
obtain high-accuracy measurements of mt-RNA abundance
with minimal biases from library-generation steps, such as
PCR amplification (Figures 1G and S1E and Table S2). By
comparing the half-lives from mito-TL-seq with the abundance
from direct RNA-seq, we found that the coefficient of determina-
tion (R?) is 0.858, indicating that more than 85% of the variability
in MRNA abundance can be explained by degradation alone
(Figure 1G). Notably, the dynamic ranges of each measurement
are matched (with ND17-relative abundance and half-lives both
ranging between 0 and 100), which must be the case if turnover
is truly a driver of the steady-state abundance of mt-RNAs. We
obtained similar results for the light-strand transcriptome,
despite technical limitations in quantifying light-strand encoded
RNA abundances (see STAR Methods and Figures S1TF-S1N).
As turnover helps establish the mt-mRNA steady-state levels,
we next wondered what is responsible for the heterogeneity in
mt-mRNA half-lives. Mutations in the gene leucine rich pentatri-
copeptide repeat containing (LRPPRC) cause the French Cana-
dian type of Leigh syndrome, and the LRPPRC protein is
involved in mt-mRNA stabilization, poly(A) tailing, and translation
in both mice and humans (Figures S2F and $2G).>""*"%? Intrigu-
ingly, we found a strong correlation between the fraction of each
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mRNA bound by LRPPRC'* and their turnover rates (R® = 0.713)
(Figure 1H), indicating that LRPPRC may set RNA degradation
rates. To test this hypothesis, we analyzed LRPPRC knockout
(KO) and matched control cells.” LRPPRC depletion had pro-
found effects on the steady-state levels of most heavy-strand
encoded RNAs (Figure 11). The LRPRRC KO cells showed
increased mtDNA levels and mt-RNA production rates, possibly
a compensatory response to the strongly decreased mt-mRNA
stability and respiratory capacity (Figures S2F-S2H). Empha-
sizing the role of RNA turnover in setting steady-state mt-mRNA
abundances, we found that changes in RNA half-lives after
LRPPRC depletion correlated with the changes in the steady-
state levels of RNA (R? = 0.752) (Figure 1l). To determine the
role of LRPPRC in establishing mt-mRNA stability, we compared
the stabilities of wild-type mt-mRNAs with the stability enhance-
ment due to the presence of LRPPRC and observed a strong
positive correlation, indicating that LRPPRC sets 87% of
steady-state half-life variability (Figure 1J). Taken together, we
conclude that differential mt-mRNA abundances are explained
largely by LRPPRC-dependent RNA turnover.

Slow mt-RNA transcription elongation contributes to
RNA abundances

Our differential RNA turnover measurements did not completely
explain the relative mt-RNA abundances. The transcripts that
deviated from a direct one-to-one correspondence between
turnover and abundance levels were often encoded on the pro-
moter-distal end (e.g., CYB and ND4/4L) (Figure 1G). When tran-
scription is polycistronic, more actively transcribing RNA poly-
merases will have traversed promoter-proximal genes than
promoter-distal genes at any point in time (Figure S2A). We
reasoned that if transcription is slow but RNA turnover is fast,
transcription elongation will lead to more promoter-proximal
than distal nascent RNA. We used mathematical modeling'® to
predict total RNA abundance from mature RNA levels estimated
by our turnover measurements and the nascent RNA levels
(Figures 1K and S2B). The model successfully explained the re-
maining differences in mt-mRNA abundances and placed an mt-
RNA polymerase elongation rate in the range 0.06-0.12 kb/min
(Figures 1K, S2B, and S2C), on order with in vitro mitochondrial
transcription rate estimates (0.22-0.72 kb/min®*~°%). In summary,
our kinetic measurements suggest that the steady-state mito-
chondrial transcriptome is shaped primarily by differential degra-
dation, with transcription elongation providing a differential
contribution for genes encoded proximal to the heavy-strand
transcription start site.

mt-RNA processing is rapid and occurs predominantly
co-transcriptionally

Most nuclear pre-mRNA splicing events occur co-transcription-
ally,®*” with most introns removed several minutes or kilobases
after their synthesis.*®*® Accordingly, introns in nuclear-en-
coded OXPHOS mRNA take around 9 min to be excised,*® and
the mRNA remains on chromatin for an average of 44 min (Fig-
ure 6A).?® Mitochondrial precursor RNAs are processed into indi-
vidual RNA molecules mainly through the excision of tRNAs that
are encoded at the 5' and 3 mRNA ends.® Considering that mt-
mRNA are turned over rapidly, processing must occur faster than
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for nuclear genes or, alternatively, be dispensable for mt-mRNA
function. Therefore, we next investigated how mt-mRNA
processing kinetics relate to nuclear processing rates and
mitochondrial transcription and turnover rates. To calculate pro-
cessing rates, we used nanopore direct RNA-seq reads to quan-
titatively capture both processed and unprocessed transcripts
(Figures 2A, 2B, and S3A). These data enabled measurements
of the fraction of unprocessed transcripts at steady state, which
we used to estimate processing rates (Figure 2C and Table S3)
and confirmed for some transcripts by MitoStrings (Figure S3F;
STAR Methods). Our analysis revealed that processing generally
occurs rapidly, with most processing half-lives being less than
1 min (Figures 2D and S3B). Some processing events took
considerably longer (9-39 min, Figure 2D). In one expected
case, the processing of ATP8/6 and COX3, which was previously
observed to accumulate as a translation-competent tricistronic
transcript,”*%*° took over 20 min (Figures 2A and 2D). Taken
together, because the mitochondrial transcription elongation
rate is less than 1 kb/min (Figure 11), we conclude that mitochon-
drial processing must occur predominantly co-transcriptionally,
similar to nuclear pre-mRNA splicing.*®*”

Mitochondrial poly(A) tailing occurs rapidly after 3'-end
processing

Mitochondrial mRNAs, except ND6, have short, 40-60 nt long,
poly(A) tails*’ compared with nuclear-encoded mRNA (110 nt
long).?®*2 For most mt-transcripts, the poly(A) tail is required to
complete the stop codon,”’ but some reports suggest that it is
dispensable.**** We wondered if poly(A) tailing kinetics were un-
der less stringent time requirements and would occur more
slowly than processing. To test this hypothesis, we used nano-
pore direct RNA-seq to quantify the proportion of RNAs with

Poly(A) length (nt)

Unprocessed 5’ end
—Processed 5’ end

(in blue or yellow, respectively) and the p value from
the Wilcoxon rank-sum test comparing processed
and unprocessed reads are displayed. All data in
the figure are from Hela cells. See also Figure S3
and Tables S3 and S4.

and without a poly(A) tail by using a modified protocol that
captured all RNAs regardless of 3’ end status. Most mRNAs
had poly(A) tail lengths between 40 and 60 nt, consistent with
previous studies (Figures 2E and S3G and Table S4). Interest-
ingly, only a small fraction of completed transcripts (<4 %) lacked
poly(A) tails, indicating that they are added quickly (Figure S3H).
Due to the low level of non-polyadenylated reads, we obtained
insufficient coverage to calculate polyadenylation rates. Never-
theless, our results indicated that polyadenylation occurs
very rapidly following 3'-end cleavage, similar to nuclear
polyadenylation.*®

To analyze the 3'-end polyadenylation timing relative to 5’-end
processing, we compared the poly(A) tail lengths as a function of
the 5’ processing status. We saw a significant difference for
several mRNAs (Figures 2F and S3l). ND1, COX1, and CYB
mRNAs with unprocessed 5'-ends had shorter tails than those
with processed 5'-ends, suggesting that 3’ end polyadenylation
occurs while 5" end processing is ongoing. In contrast, COX3
mRNA showed the opposite trend, with unprocessed transcripts
having slightly longer tails (median 2.3 nt longer) than the pro-
cessed transcripts. If poly(A) tail length reflects transcript age,
this observation is consistent with the higher stability of the tricis-
tronic ATP8/6-COX3 mRNA compared with the processed
COX3 mRNA. In sum, poly(A) tailing is initiated rapidly on the
same time scales as processing.*®

mt-mRNAs arrive at ribosomes over 20-fold more rapidly
than their nuclear counterparts

The main features of mt-mRNA association with the mitoribo-
some have recently been resolved in vitro*®; however, it remains
unknown how long mt-mRNAs take before associating with mi-
toribosomes and what regulates their arrival time. To address
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Figure 3. Ribosome-association kinetics is significantly faster for mitochondrial-encoded transcripts

(A) Cell lysates from 4sU-labeled cells were fractionated using sucrose gradients, and the mitoribosomes were immunoprecipitated (mitoribosome-IP) from the
polysome fraction RNA was extracted from the immunoprecipitations and input (whole-cell lysate) and sequenced by mito-TL-seq.

(B) Scatter plot showing the reads per kilobase per million reads (RPKMSs) in libraries from the mitoribosome IP experiment and the input samples for the same
experiment. mt-mRNA and mt-rRNA are enriched in the IP and shown in red.

(C) Model used to calculate ribosome-association rates. kyeg = degradation rate and k; = transfer rate from the unbound to the ribosome-bound state.

(D) Example profiles from one replicate experiment performed using 100 uM 4sU. Black squares show the fraction new RNA in the mitoribosome IP, and black
circles show the fraction new RNA in the input (total). Dotted purple and yellow lines show the best fit for the total and mitoribosome IP, respectively, deploying the
model in (C). Ribosome-association half-lives (half-life unbound, the time it takes for half of the transcripts to bind to the ribosome), in minutes, are estimated by
the model for each gene.

(E) Barplot showing the time it takes for mt-mRNA to associate with the mitoribosome. mt-mRNA 5’ end characteristics are listed below the plot. Error bars show
standard deviations from 3 experiments.

(F) Distribution of ribosome-association half-lives for mitochondrial-encoded mRNA or nuclear-encoded OXPHOS subunits, measured either from nuclear export
(shorter half-lives) or from synthesis (longer). Mito data are from this study and HeLa cells, whereas nuclear-encoded data are from Smalec et al.”® and K562 cells.
(G) Same as (F), but showing the distribution of the fraction of each mRNA that is bound by ribosomes. All the data in the figure are from HelLa cells if nothing else is
stated. See also Figure S4 and Table S5.

this, we performed mito-TL-seq on RNA associated with mitori-  they are produced and progress from an unbound (free) state to
bosomes, enriched by sucrose gradient fractionation and immu-  a ribosome-bound state, assuming equal mRNA degradation
noprecipitation (IP) (Figures 3A, 3B, S4C, and S4D). Due to the  rates for both the unbound and ribosome-bound transcripts.
challenges of analyzing light-strand RNAs (Figures STF-S1N),  An Akaike information criterion (AIC) test consistently preferred
ND6 was not included in these analyses. this simpler model to a slightly more advanced model with inde-

To determine ribosome-association rates, we derived a math-  pendent degradation rates for the free and ribosome-bound
ematical model (Figure 3C) to describe the flow of mt-mRNAs as  state. Results were very similar regardless of model used
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Figure 4. 5 end unprocessed mt-mRNAs are depleted from the mitoribosome
(A) Scatter plot correlating 5'-end processing and mitoribosome-association half-lives. Error bars show standard deviations for three replicates.
(B) Same as (A), but showing the 3’-end processing half-lives.

(legend continued on next page)
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(Figure S4E). The mt-rBNA RNR2 was estimated to take
>200 min to reach the monosome, consistent with mitoribosome
assembly estimates of 2-3 h (Figure 3D and Table S5).*” For mt-
mRNA, the association times varied, ranging from 4 min for
COX3 to 13 min for COX1 for the half-lives of unbound RNA
(Figures 3D, 3E, and S4F and Table S5). The variability in mitor-
ibosome association rates for mt-mRNA was surprising because
no physical barrier, such as the nuclear envelope, separates
nascent RNA and ribosomes in mitochondria, and mt-mRNAs
have minimal or absent 5’ UTRs. These trends were only weakly
related to the 5’ UTR size, most of which are 0 or 1 nt, or the start
codon (Figure 3E).*® Overall, our measurements showed that
ribosome-association kinetics differed by a factor of >3 across
mt-mRNAs.

Due to their compartment-specific transcription, nuclear
export, and translation kinetics, nuclear-encoded OXPHOS tran-
scripts spend a long time unbound by ribosomes.”® Comparing
mitochondrial and cytosolic ribosome-association rates, we
found that nuclear-encoded transcripts spent >20x more time
in a non-ribosome-bound state than mitochondrial-encoded
transcripts (median time: nuclear-encoded 176 min, mitochon-
drial-encoded 5 min; Figure 3F). Furthermore, nuclear-encoded
mRNAs spent the same amount of time between nuclear export
and ribosome association as mt-mRNAs are unbound by ribo-
somes illustrating how rapid the process is in mitochondria®®
(median mRNA residence time in the cytoplasm unbound to ribo-
somes: 6 min, Figure 3F).?® Using the ribosome-association
rates, we calculated the fraction of each mRNA expected to be
associated with the ribosome. We found that 90% of mt-
mRNA should be ribosome-bound on average, similar to
biochemical measurements in mice (range ~50%-100% of
mRNA ribosome-associated)*® and higher than for the ~65%
we estimated for nuclear-encoded transcripts (Figure 3G).

5’ but not 3' mt-mRNA processing is a prerequisite for
mitoribosome association

Because no physical barriers separate transcription and transla-
tion in mitochondria, we sought to determine why ribosome-as-
sociation rates vary. We reasoned that RNA processing, the
immediately preceding step, might contribute to this variation,
especially as in vitro free 5' ends aid in mitoribosome binding.*°
We found that ribosome-association rates (median time until half
of mMRNA associated with ribosome: 5 min) were generally slower
than processing rates (median 5 and 3’ processing half-life:

Molecular Cell

100 s), with three exceptions (Figures 4A and 4B). For both
ND1 and COX1, 5'-end processing took the same amount of
time as ribosome association, and for the tricistronic ATP8/6-
COX3 transcript, processing was slower than ribosome associ-
ation (Figures 4A and 4B). These results led us to hypothesize
that for all mt-mRNAs, except for COX3, 5’-end processing is a
prerequisite of ribosome association in vivo.

To test our hypothesis, we asked whether unprocessed mt-
RNAs associate with the mitoribosome. We enriched mitoribo-
somes by immunoprecipitation and measured the full-length
poly(A)* translatome using direct RNA-seq. About 20% of
COX1 transcripts were unprocessed at the 5'-end in whole-cell
lysate, while less than 1% of transcripts were unprocessed in
the mitoribosome (Figures 4C and S5A and Table S3). Interest-
ingly, an equally large proportion of COX1 transcripts ended pre-
maturely before the 3’-end, and this population was not strongly
depleted in the mitoribosome, consistent with the observation
that mRNAs lacking stop codons are nevertheless commonly
translated by mitoribosomes**** (Figure 4C). For ND1 and
ND2, we found that unprocessed transcripts starting with a 5
tRNA were strongly depleted in the ribosome (Figure S5A). Un-
processed transcripts that associated with the mitoribosome
were long ND71 or ND2-containing isoforms that were unpro-
cessed far upstream (Figure S5A). However, we reasoned that
these ND71 and ND2 portions of the unprocessed transcripts
were mitoribosome-associated as 3’ passengers without being
actively translated. For example, RNR2-tRNALeu-ND1 could
be enriched because the immunoprecipitation-bait protein,
MRPL12, can bind unprocessed RNR2 early during mitoribo-
some assembly.’’>? Indeed, when we analyzed mitoribosome
profiling data that consists of RNAse-produced ribosome-pro-
tected fragments (RPFs), we found that 5'-end unprocessed
ND1 or ND2 RNA did not enter the ribosome (Figures 4D-4G).?
We saw RPFs from several transcripts with unprocessed
3’-ends, but unprocessed 5’ ends were not found in RPFs aside
from COX3 as expected (Figures 4F, 4G, and S5B-S5D and
Table S3). Thus, translation initiation does not occur on 5" unpro-
cessed ND7 and ND2 mRNAs, and their association with mitor-
ibosomes is due to upstream RNA (Figure S5A).

The depletion of unprocessed RNA associated with mitoribo-
somes could be a consequence of fast RNA processing rather
than a requirement for processed RNA in mitoribosome loading.
We impaired 5’ processing to see if 5’-end unprocessed mRNAs
would arrive to mitoribosomes by depleting cells of FASTKDS

(C) The proportion of COXT mRNA based on their 5'-end processing status and 3'-end location as measured by direct RNA-seq of total or ribosome-associated
RNA. The scheme below summarizes the finding that only 5’ end processed mRNAs associate with the ribosome.
(D) Subsampling of 100 ribosome-protected fragments (RPFs) with 5 ends within —30 and +3 nt from the 5’ end of COX1. The scale bar shows the distance in

nucleotides, and the color code refers to the processing status of each read.
(E) Same as (D), but for ND7.

(F) Quantification of all ribosome-protected fragments that align to the 5 mt-ORF ends. The plot shows the fraction of the unprocessed reads over all reads

aligning to the 5’ end of the gene. Error bars show ranges of two replicates.
(G) Same as in (F), but for 3’ ends.

(H) Fraction of 5’-end unprocessed mRNA from two replicate measurements of total RNA from FASTKD5 KD and matched control cells.

(I) Fraction of 5’-end unprocessed mRNA in total and ribosome-associated mRNA in the FASTKD5 KD cells. Each dot or triangle represents data from one of two
biological replicates. Triangles and darker-colored bars indicate the fraction of reads for which the read 5'-end starts in the tRNA closest to the 5’ end of the
analyzed mRNA.

(J) Cartoon illustrating the effect of FASTKDS5 depletion of mt-mRNA processing and ribosome association. All data in the figure are from Hela cells except (C),
(H), (), and (J), which are from HEK293T cells. See also Figure S5.
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Figure 5. Mitochondrial gene expression is largely explained by RNA turnover and translation efficiencies
(A) Quantitative gene expression model used in (B) deploying the measured kinetic rates from this study. RPF, ribosome protected fragments; TE, translation

efficiency; Kiranscription, transcription rate; kqeg, turnover rate.

(B) Proportion of protein synthesis explained by different steps of gene expression in HelLa cells.

(C) Minimal model of both nuclear and mitochondrial gene expression used in (D).

(D) The ability of the nuclear and mitochondrial models to predict variability in HeLa ribosome profiling data for nuclear or mitochondrial-encoded OXPHOS genes,
respectively. The “model” by definition explains 100% of the variability, whereas the “replicate” deploys the same estimated parameters to predict a replicate

HelLa RPF dataset. See also Figure S6.

(FASTKDS5 KD), a protein that participates in the 5’ processing of
several mtDNA-encoded transcripts.®*** FASTKD5 KD cells dis-
played slightly decreased mtDNA levels and were more metabol-
ically quiescent than the matched control cells (Figure S2E-G).
We found that FASTKD5S depletion leads to an increase in
5’-end unprocessed ND1, ND2, COX1, COX3, and CYB in total
RNA, as previously reported (Figure 4F).°*°* Strikingly, 80% of
COX1 mRNA was unprocessed at the 5-end in total RNA in
the FASTKD5 KD cells, while less than 0.8% of the COX7 reads
in the ribosome IP sample were unprocessed at the 5 end
(Figures 4l and S5E). Interestingly, for COX7 a majority of
mRNA 3'-ends now ended prematurely within the gene body in
the FASTKD5 whole-cell lysate. However, most of these tran-
scripts were also unprocessed on the 5 end and were not
detected on the mitoribosome (Figures S5E and S5F). All 5" un-
processed RNAs were underrepresented in mitoribosome purifi-
cations. As in wild-type cells, unprocessed mRNAs containing a
5’-end tRNA were strongly depleted in the mitoribosome, and
the remaining unprocessed mRNAs had upstream rRNA or pro-
tein-coding genes (e.g., 5’ unprocessed CYB transcripts also re-
tained the upstream ND5 mRNA), explaining their mitoribosome
association. In summary, mt-mRNA 5’-end processing was

generally fast, and only COX3 transcripts were detected in trans-
lating mitoribosomes with unprocessed 5 ends (Figure 4F).
Therefore, we conclude that 5’ processing is a translation pre-
requisite for all mt-mRNAs except COX3 (Figure 4J). Since pro-
cessing is generally faster than ribosome association, the factors
determining ribosome-association rates for mt-mRNA, except
ND1 and COX1, remain to be elucidated. However, we observed
that bi- and tricistronic transcripts tend to associate with mitor-
ibosomes faster and mRNA with non-canonical start codons
slower, on average.

mt-RNA turnover and translation efficiency are key
predictors of protein synthesis levels

After determining rates for all major steps in the mitochondrial
mRNA lifecycle, we sought to elucidate which processes repre-
sent the most important regulatory control points in mitochon-
drial protein production through quantitative modeling. Using
RNA turnover rates (Figure 1D), transcription initiation and elon-
gation rates (Figure 1K), and ribosome-association rates
(Figures 4E and 4G), we predicted protein synthesis levels calcu-
lated from ribosome profiling data, which correlate well with pro-
tein synthesis levels calculated from mass spectrometry data®
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(Figures 5A and S6A). The remaining variability we attributed to
translation efficiency (TE = ribosome profiling/RNA abundance).
RNA processing rates were not included as they are encom-
passed by ribosome-association rates. Applying this model,
we found that RNA turnover had the largest impact, predicting
59.4% of the variability in protein synthesis levels, followed by
translational efficiency, which explained 40.1% (Figure 5B).
Transcription initiation and elongation did not contribute to the
variation, and ribosome association slightly increased the pre-
dictive power by 0.5%. Thus, RNA turnover and TE are the
main control points for mitochondrial gene expression.

A minimal model predicts nuclear- and mitochondrial-
encoded OXPHOS expression variation

We next sought to compare the impacts of different gene
expression steps within the nuclear and mitochondrial systems
in setting OXPHOS protein synthesis levels (Figure 5C). We
simplified our quantitative model to focus on the key points
of gene regulation in each system. The model parameters
were estimated independently for the mitochondrial and nu-
clear genes, using only mRNA turnover, transcription, and
translation efficiencies (Figure 5C). Because the model was
defined to explain 100% of the variability in the ribosome
profiling data for a single biological replicate, we applied the
model with the estimated parameters to predict RPF in a repli-
cate dataset (Figure 5D); the coefficient of determination was
>0.94. For nuclear genes, variability in the transcription rate,
and not mRNA turnover, largely predicted variation in protein
synthesis (Figure 5D). The reverse was true for mitochondrial
genes: mRNA turnover, rather than transcription, was the pre-
dominant determinant (Figure 5D), consistent with our findings
(Figure 1). Translation efficiencies were less predictive for nu-
clear-encoded OXPHOS genes than for mitochondrial-encoded
genes, explaining ~20% and ~38% of the variation, respec-
tively. In sum, these models combine the steps of the
OXPHOS mRNA lifecycles (Figure 6A), illuminating the key
stages of the contrasting kinetic regimes controlling nuclear
and mitochondrial gene expression.

DISCUSSION

Highly polycistronic mitochondrial transcription drives
the opposing kinetics of nuclear and mitochondrial gene
expression

In this study, we developed a quantitative kinetic framework to
analyze the human mitochondrial and nuclear-encoded tran-
scriptomes, revealing many insights into OXPHOS gene regula-
tion. Our measurements showed that RNA synthesis, process-
ing, ribosome association, and degradation rates differed
starkly between mitochondrial and nuclear-encoded OXPHOS
genes (Figure 6A). Why do these differences arise, and how
are they overcome? Nascent mt-RNA is polycistronic, producing
mRNAs at similar levels to non-coding RNAs, which must accu-
mulate highly to support mitochondrial translation. As mt-rRNAs
are positioned immediately after the heavy-strand transcription
start site (Figure 1A), a separate mt-rRNA transcription module
has been proposed to explain the high abundance of rRNA
compared with mitochondrial mRNA.°® Here instead, we found
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that mt-mRNA production rates were the same as those of mt-
rRNA while steady-state RNA levels varied widely (Figures 1E
and 1F). Our heavy-strand polycistronic transcription model ex-
plained these observations by highlighting the importance of
gene-specific degradation rates (Figure 1K). Thus, non-coding
RNAs set the mt-mRNA production rates, enabling mt-mRNAs
to be produced in excess. Indeed, mice with a defect in mt-
mRNA stability, through the loss of SLIRP, are otherwise healthy,
suggesting the steady-state abundance of mt-mRNA is higher
than necessary across tissues.*® In contrast, nuclear-encoded
mRNA levels are predominantly regulated by gene-specific tran-
scription start sites. The high co-production of mt-rRNA and mt-
mRNA also necessitates the 7-fold more rapid mt-mRNA turn-
over rates than nuclear-encoded OXPHOS mRNA. Because if
mt-mRNA were as stable as mt-rRNA or nuclear-encoded
OXPHOS mRNA, mt-mRNA would represent 70% or 31% of
the cellular mRNA pool, respectively, rather than the 6% it con-
sists of actually. Thus, the different degradation kinetics of the
mitochondrial and nuclear gene expression systems are neces-
sary to support the highly polycistronic nature of human mito-
chondrial pre-RNA.

Slow mitochondrial translation is required to balance
OXPHOS gene expression
RNA degradation is insufficient to balance the nuclear and mito-
chondrial transcriptomes; we observed a ~160-fold difference in
OXPHOS transcript abundance between the mitochondrial- and
nuclear-encoded OXPHOS mRNAs (Figure 1E). To achieve a
balanced OXPHOS transcriptome by RNA degradation alone,
RNA half-lives would have to be around 30 s (Figure 6B), which
would be too short for even one round of translation. Thus, a
scaling problem emerges if we assume the stoichiometric accu-
mulation of OXPHOS complex subunits. Because we found
mitochondrial transcripts to be predominantly associated with ri-
bosomes (Figure 3), the mitochondrial translation rate would
need to be >100-fold slower than cytosolic translation (Fig-
ure 6B). Alternatively, mitochondrial-encoded proteins could
be turned over much faster than their nuclear-encoded counter-
parts; however, mitochondrial-encoded proteins are stable with
half-lives much longer than the cell doubling time.*® Thus, a low
mitochondrial translation rate is the most likely explanation and
is consistent with higher mitoribosome levels per OXPHOS pro-
tein compared with cytoribosomes.®°

Estimates of cytosolic translation rates in HelLa cells range
from 180 to 280 proteins/mRNA/h by single mRNA translation ki-
netics measurements®® and up to 10-fold higher estimates by
modeling on proteomic, transcriptomic, and translatomic data
sets.”®%" Accordingly, cytosolic translation initiation times then
range between 1 and 20 s.°°°® The equivalent numbers for mito-
chondria would need to be 1-25 proteins/mRNA/h and transla-
tion initiation times of 140-3,600 s, in the range of our ribo-
some-association rates, which average 380 s (Figure 6C).
Since some mt-mRNAs exist for less than an hour, many mt-
mRNAs would be translated only a few times. Alternatively, mi-
toribosome stalling while awaiting the arrival of nuclear-encoded
subunits has been proposed to enable the association of mito-
chondrial-encoded COX1 and nuclear-encoded COX4 during
complex IV assembly, which would also result in slower
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Figure 6. Comparison of the nuclear and mitochondrial gene expression layers

(A) Comparison of the life cycle of mitochondrial and nuclear-encoded mRNA. With the exception of transcription, the values are shown as time passed from
production. Mitochondrial values are the median for HeLa cells in this study, and nuclear-encoded mRNAs are the median from K562 cells from our earlier work.?®
(B) Stoichiometric protein production of nuclear and mitochondrial-encoded OXPHOS subunits requires that the number mRNA multiplied by the translation rate
constants (number of proteins per mRNA/h) is the same in both compartments. Our proposed physiological range (gray box) of mitochondrial mRNA half-lives are
set to be higher than the ribosome-association half-life, as to allow mRNA ever to be translated, and shorter than that of mt-rRNA.

(C) Cytosolic translation initiation rate estimates vary widely>®°° for matched translation outputs mitochondria translation initiation rates would be >100-fold
slower. Here, we set the slowest initiation rate to equal the shortest mRNA half-life.

(D) Order of magnitude analysis using values from this study and from Smalec et

mitoribosome translation.®? In sum, we propose that slower mi-
toribosome translation promotes mito-nuclear balance by
scaling mitochondrial protein production to match cytosolic
OXPHOS synthesis, which may simultaneously serve in the coor-
dination of OXPHOS assembly.

OXPHOS subunit biogenesis is a particularly complicated
cellular production process as it requires the coordination of

al.?® and 1,000 mtDNA copies.”

two gene expression systems housed in separate compartments
and, as we show here, are opposed at nearly every step. More-
over, it is precarious; misassembled respiratory chains lead to
toxic consequences.®*®® Thus, the balanced assembly of
OXPHOS complexes is a triumph of the eukaryotic cell, provi-
ding an energetic evolutionary advantage that fostered gen-
ome complexity and, ultimately, multicellularity.®®®” However,
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considering the role of mitochondrial malfunction in numerous
disease and aging phenotypes,*®®~"" maintaining mitonuclear
balance may represent an Achilles heel of the animal cell. Our
quantitative and kinetic framework for studying mitochondrial
and nuclear gene expression provides a critical foundation for
understanding how the cell navigates the mitonuclear challenge
in healthy cells and how disease comes about when it fails.

Limitations of the study

All of our results were derived from measurements performed in
human cell culture systems. Thus, the measured rates might
deviate from those derived from physiological in vivo conditions
such as from mouse tissues. For example, while we observed
rapid processing of the bicistronic ND5-CYB transcript in HeLa
cells, it has been measured to be processed slower in mouse tis-
sues.”? Due to the potential toxicity of long-term 4sU exposure,
we restricted our mito-TL-seq analyses to 2-h pulses. Thus, the
precision of the half-life measurements for the very long-lived
transcript RNR2 is limited compared with the other mt-RNAs.
Finally, capturing turnover (Figure S1) and processing of the
light-strand encoded ND6 transcript present unique challenges
due to its many long isoforms with various 3’ ends. So, this study
does not include ND6 in most analyses, and conclusions are
largely limited to heavy-strand encoded RNAs.
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Seahorse XF RPMI Medium Agilent #103576-10
EDTA-free protease inhibitor cocktail Roche #11873580001
Oligomycin A Sigma-Aldrich #75351
FCCP Sigma-Aldrich #C2920
Rotenone Sigma-Aldrich #A8674
Antimycin A Sigma-Aldrich #Rotenone
Lauryl Maltoside Sigma-Aldrich #D4641-5G
Tris pH 7.0 (1M) Thermo Scientific #AM9850G
LDS sample buffer ThermoFisher #NP0007
NuPAGE SDS MOPS running buffer Thermo Fisher #NPO0001
ECL Western Blotting Detection Reagents Cytiva #RPN2106
2,2,2-trifluoroethylamine Sigma-Aldrich #91692
Sodium periodate Sigma-Aldrich #311448
EDTA Thermo Scientific #J15694.AP
Biotin-MTS Biotium #90066
TCEP Thermo Scientific #20490B
T4 RNA Ligase Buffer New England Biolabs #B0216L
PEG8000 Rigaku Reagents #PEG 8000
T4 RNA ligase New England Biolabs #M0437M
T4 DNA ligase New England Biolabs #M0202M
Superscript Il ThermoScientific #18080093
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER
DNAse | New England Biolabs #MO303L

E. coli poly(A) polymerase Takara #2180

Critical commercial assays

SMARTer Stranded Total RNA HI Mammalian kit ~ Takara #634873

XT Tagset-24 NanoString Technologies #121000602
nCounter Sprint Cartridge NanoString Technologies #NAA-CART-048

Direct RNA sequencing kit

Oxford Nanopore Technologies

#SQK-RNA002

Deposited data

RNA sequencing data

Direct RNA-sequencing data
Ribosome profiling data, K562 cells
Hela S3 cytoribosome profiling data,

This paper
This paper
This paper
Tesina et al.”®

GEO: GSE224689
GEO: GSE224689
GEO: GSE224689
GEO: GSE115162

All other ribosome profiling data Soto et al.” GEO: GSE173283
Experimental models: Cell lines

Hela S3 cells ATCC CCL-2.2

HEK293 LRPPRC KO and control cells Soto et al.” N/A

HEK293 FASTKD5 KO and control cells This paper N/A

Human myoblasts from anonymous Gift from, Dr. Brendan Battersby, N/A

healthy donors

Institute of Biotechnology,
University of Helsinki

Oligonucleotides

FASTKD5_sg1 guide RNA IDT CACCGCATATGGTGCTTGACGTACT

FASTKD5_sg2 guide RNA IDT CACCGGCTGTGAACACGGTATTC

nglobulin Forward primer IDT TGCTGTCTCCATGTTTGATGTATCT

nglobulin Reverse primer IDT TCTCTGCTCCCCACCTCTAAGT

Leu tRNA mitochondrial Forward primer IDT CACCCAAGAACAGGGTTTGT

Leu tRNA mitochondrial reverse primer IDT TGGCCATGGGTATGTTGTTA

RTA custom adapter (ONT_oligoA) for IDT /5PHOS/GGCTTCTTCTTGCTCTTAGG

direct RNA sequencing TAGTAGGTTC

RTA custom adapter (ONT_oligoB_linker) IDT GAGGCGAGCGGTCAATTTTCCTAAGA

for direct RNA sequencing GCAAGAAGAAGCCGATTGATGGT

3’ DNA linker for direct RNA sequencing IDT /5rApp/(N)6CTGTAGGCACCATCAAT

SMARTer RNA unique dual index kits Takara #634452

riboPOOL targeting only cytosolic rRNA siTOOLS Custom

Recombinant DNA

ERCC-000148 gblock with T7 promoter IDT Leeetal.””

ERCC-000136 gblock with T7 promoter IDT Leeetal.””

Software and algorithms

All scripts generated in house This study http://github.com/churchmanlab/
mitoRNA_kinetics

GRAND-SLAM v2.0.5f Jiirges et al.”’ https://github.com/dieterich-lab/
ComparisonOfMetabolicLabeling/
tree/master/grand-slam

STAR v2.7.3a Dobin et al.”® https://github.com/alexdobin/STAR

Cutadapt v2.5 Martin’® https://cutadapt.readthedocs.io/en/stable/

Samtools v1.9 Danecek et al.”” https://github.com/samtools/samtools

Rsubread featureCounts v2.4.3 Liao et al.”® https://bioconductor.org/packages/
release/bioc/html/Rsubread.html

JVarkit SamFixCigar Lindenbaum”® https://github.com/lindenb/jvarkit

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Picard v2.8.0 “Picard Toolkit.” 2019. Broad Institute, https://broadinstitute.github.io/picard/

GitHub Repository. https://broadinstitute.
github.io/picard/; Broad Institute

Bcftools v1.9 Danecek et al.”” https://github.com/samtools/bcftools

GATK v4.0.0.0 van der Auwera and O’Connor®° https://github.com/broadinstitute/
gatk/releases

rf2m https://github.com/LaboratorioBioinformatica/
rf2m
Modified genome_creator.pl to genome_
creator_corrected.pl
Found here: https://github.com/churchmanlab/
mitoRNA_kinetics/tree/main/PipelineFor
HalfLifeDetermination/CustomGenome
Generation/rf2m-master

R www.r-project.org/ V.4.0.1,v3.5.3

Python www.python.org/ v3.7.4

Minimap?2 Li® https://github.com/Ih3/minimap?2

Pybedtools Dale et al.®” https://daler.github.io/pybedtools/

Bedtools Quinlan et al.®* https://bedtools.readthedocs.io/en/latest/

MinKNOW Oxford Nanopore Technologies >v20.10.3

Other

RNACIean XP beads

Qiagen miRNeasy kit

QIAamp DNA mini kit

SsoFast EvaGreen Supermix
Seahorse 24 well micro plate
Protein A dynabeads

4-12% Bis-Tris gel

Amersham Hyperfilm ECL
Phase-lock heavy gel tubes

uMAGCS Streptavidin kit

Zymo RNA Clean & Concentrator Kit
Dynabeads MyOne Streptavidin C1 beads
Dynabeads mRNA purification kit

Beckman Coulter
Qiagen

Qiagen

Bio-Rad

Agilent
ThermoFisher
Invitrogen
Cytiva
Quantabio
Miltenyi Biotec
Zymo Research
Fisher Scientific
ThermoScientific

#AB63987
#217084
#51304
#1725201
#100777-004
#10001D
#NP0321BOX
#28-9068-39
#2302830
#130-074-101
#R1015
#65001
#61006

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, L. Stirling

Churchman (churchman@genetics.med.harvard.edu).

Materials Availability

All unique reagents generated in this study will be available from the lead contact upon request.

Data and code availability

® The original sequencing data are deposited to GEO with the project accession number (GEO: GSE224689). The original data for
western blots are deposited to Mendeley dataset (Mendeley data: 10.17632/pgzts3v848.1). All these datasets are publicly

available as of the date of publication.

@ All original code generated in this paper is deposited at github (http://github.com/churchmanlab/mitoRNA_kinetics). All the
code is publicly available as of the date of publication.
® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mammalian cell culture

HelLa cells were grown in DMEM containing glucose and sodium pyruvate, supplemented with 10% FBS. LRPPRC KO and matched
WT HEK293T cells from? were cultured in DMEM supplemented with 20 pg/mL of uridine, 3 mM sodium formate, 10% FBS, 1 mM
GlutaMAX, and 1 mM sodium pyruvate. Human myoblasts from anonymous healthy donors were kindly provided by Dr. Brendan
Battersby (Institute of Biotechnology, University of Helsinki). Myoblasts were grown in Human Skeletal Muscle Cell Media with the
provided growth supplement. For differentiation into myotubes, the media was replaced with DMEM with 2% heat-inactivated horse
serum and 0.4 ug/mL dexamethasone. The differentiation media was replaced every two days.

Creation of knock-down cells line

CRISPR mediated knock-outs were performed by transducing HEK293 cells with LentiCRISPRV2 lentivirus expressing sgRNAs tar-
geting genes of interest. Transductions were performed by the addition of lentivirus-containing supernatants to 80% confluent 293T
cell cultures in the presence of 8 ug/mL polybrene for 16-24 hr. Upon which the media was replaced with fresh DMEM for 24h, fol-
lowed by selection with puromycin (2 ug/mL) for 72h.

METHOD DETAILS

4sU labeling

HelLa or HEK293T Cells were grown to 70-80% confluency and then pulsed by either 50, 100, or 500uM final concentration of
4-Thiouridine (4sU) in pre-conditioned cell culture media under standard cell culture conditions. For mitoribosome-IP experiments,
one 15 cm plate of cells was used per time point while for all other experiments, one 10 cm plate was used per time point.

Cell lysis and RNA extraction

Labeled cells were washed in ice-cold PBS before being directly scraped in Trizol LS. RNA extraction was performed using Trizol LS

according to the manufacturer’s protocol, except with the addition of DTT at a final concentration of 0.2 mM DTT in the isopropanol.
Undifferentiated myoblasts (day 0) and differentiated myotubes (day 7) were collected and lysed in 1 mL of Qiazol. RNA from un-

differentiated and differentiated myoblasts was extracted using the Qiagen miRNeasy kit according to the manufacturer’s protocol.

Quantitative PCR of relative mtDNA levels

mtDNA was quantified by qPCR as previously described.®* DNA was extracted from control and KO HEK293T cells using the QlAamp
DNA mini kit by Qiagen. The DNA concentration was measured with a Nanodrop device. For PCR, a mixture was prepared containing
10 pL of SsoFast EvaGreen Supermix, 0.8 uL each of forward and reverse primers (10 uM), 3 uL of DNA template (20 ng/uL), and
5.4 uL of water. The PCR cycling conditions were: initial heating at 50°C for 2 minutes, denaturation at 95°C for 10 minutes, followed
by 40 cycles of 95°C for 15 seconds and 62°C for 60 seconds. Each PCR target was tested in technical triplicate. The average Cq
values from these replicates were used. To calculate relative mitochondrial DNA (mtDNA) content, the formula 2*22ACT was em-
ployed, where ACT equals the difference between nuclear and mitochondrial CT values. Primers specific to the pglobulin gene
were used for nuclear DNA, and those targeting the Leu tRNA gene for mtDNA.

Seahorse measurement of mitochondrial respiratory capacity

Cell bioenergetic analysis was performed in collaboration with the Seahorse Core in the Department of Medicine at Brigham and
Women’s Hospital. HEK293T cells were cultivated overnight in 24-well Seahorse assay plates, each well seeded with 25,000 cells.
Cells were conditioned in Seahorse XF RPMI Medium at pH 7.4 for an hour in a non-CO2 incubator. Respiratory function was then
analyzed using a Seahorse XFe24 system (Agilent). The procedure included initial baseline recordings, followed by successive ad-
ditions of specific metabolic inhibitors: oligomycin (1 uM), FCCP (1 uM), and a mix of rotenone (0.5 uM) and antimycin A (0.5 pM), with
recordings taken after each addition. After seahorse measurements were done, cell nuclei were Hoechst-stained and relative cell
numbers for loading control were counted using a BioTek Cytation 5 Cell Imaging Multimode Reader (Agilent).

mtPolysome fractionation, mitoribosome-immunoprecipitation, and RNA extraction from mitoribosome-
immunoprecipitation samples

After labeling cells were quickly washed in ice-cold PBS before being scraped in mt-polysome lysis buffer (0.25% Lauryl Maltoside,
10mM Tris pH 7.5, 0.5mM DTT, 20 mM magnesium chloride, 50 mM ammonium chloride 1 x EDTA-free protease inhibitor cocktail).
Cell lysates were dounced 7 times in a 1mL dounce with the tight piston and then flash frozen. 1mL of thawed lysate was clarified by
spinning twice at 10,000 rcf. To avoid contamination of nascent RNA still attached to mtDNA into the higher molecular weight sucrose
gradient fractions we digested all DNA by 150 units of DNAse | in the presence of superaseln and 0.5mM calcium chloride at room
temperature for 1 h. To isolate mitoribosomes, lysates were loaded on 10-50% linear sucrose gradients and centrifuged in a Beck-
man ultra-centrifuge at 40,000 RPM for 3 h at 4°C using a SW41Ti rotor. Some of the input for the sucrose gradient fractionation was
kept and treated as a standard sample described above. Gradients were mixed and fractionated using a BioComp instrument. To
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identify the mitoribosome containing fractions we western blotted for MRPL12 and MRPS18B as described below. Monosomes and
polysomes containing fractions were pooled and the mitoribosomes were immunoprecipitated out of the pooled fractions. For the
immunoprecipitation, MRPL12 antibodies were conjugated to Protein A dynabeads for 1 h in mt-polysome lysis buffer. After washing
the beads, lysates were added and incubated for 3 h at 4C. After 3 h the supernatant was removed and the beads were washed three
times in mt-polysome lysis buffer before the mitoribosomes were eluted in 0.2% SDS, 100 mM NaCl, 10 mM Tris pH 7.5, 1X EDTA-
free protease inhibitor cocktail and Superaseln. Immunoprecipitation efficiency was confirmed by western blotting as described
below. RNA was extracted from the eluates using Trizol LS as described above and then further cleaned by using 1.8x volume of
RNACIlean XP beads and washed in 80% ethanol.

When collecting RNA, from NT or FASTKD5 KD cells, destined for direct RNA-sequencing on the nanopore two gradients per con-
dition were used as input for the immunoprecipitation and the final clean-up step using RNAClean XP beads was omitted.

Western blotting

Samples were mixed with 4 x LDS sample buffer and 0.1M DTT. Samples were loaded onto a 4-12% Bis-Tris gel in 1x MOPs
buffer and run at 160V for 1 hour. The gel was transferred to a nitrocellulose membrane using the wet transfer method in 1x
transfer buffer (25mM Tris base, 192mM glycine, 20% methanol) at 400mA for 75 minutes at 4°C. The membrane was blocked in
a blocking buffer (5% non-fat milk powder in 1x Tris buffer saline with 0.1% Tween 20) for at least 60 minutes. Primary antibodies
were diluted in blocking buffer and incubated with membranes overnight at 4°C. Membranes were washed 3 x 20 minutes with
1 x TBST, incubated for 1 hour at 25°C with secondary HRP-conjugated antibodies against rabbit IgG, washed again 3x 20 minutes
with 1x TBST, and developed using ECL Western Blotting Detection Reagents and Amersham Hyperfilm ECL using an automated
M35 X-OMAT Processor developer (Kodak).

TimeLapse-sequencing

Extracted 4sU-labeled RNA from Hela or HEK 293T cells were treated by TimeLapse-chemistry as described in Schofield et al.’* and
Smalec et al.?® In short, 2ug of RNA was treated with 0.1M sodium acetate pH 5.2, 4mM EDTA, 5.2% 2,2,2-trifluoroethylamine, and
10mM sodium periodate at 45°C for 1 hour. RNA was then cleaned using equal volume or RNAClean XP beads (Beckman Coulter
A63987) and washed in 80% ethanol. The cleaned RNA was reduced in 0.1M DTT, in 0.1M Tris pH 7.5, 1M NaCl, and 0.01M
EDTA for 30 min at 37 C before once again being cleaned by RNAClean XP beads. Sequencing libraries from treated RNA were
created using the SMARTer Stranded Total RNA HI Mammalian kit following the manufacturer’s instructions. Note, that rRNA deple-
tion by this kit specifically removes RNR1 but not RNR2 transcripts by RNA-DNA hybrid formation followed by RNase H degradation.
Libraries were sequenced on the NextSeq (lllumina, San Diego, CA) by the Biopolymers Facility at Harvard Medical School.

For the mitoribosome-immunoprecipitation the rRNA depletion step was left out for the immunoprecipitated RNA as their cytosolic
rRNA was already depleted by the immunoprecipitation step. In addition, the SMARTer RNA unique dual index kits (Takara 634452)
were used instead of the primers that came with the SMARTer Stranded Total RNA HI Mammalian kit to allow for sequencing on the
NovaSeq (lllumina, San Diego, CA) by the Biopolymers Facility at Harvard Medical School.

Creation of SNP-masked cell-line-specific reference genomes

To create cell-line-specific genomic single nucleotide polymorphism-corrected reference sequences, we used reads from
samples without 4sU treatment. Reads were first aligned to the reference hg38 genome with STAR using parameters
--outFilterMultimapNmax 100 --outFilterMismatchNoverLmax 0.09 --outFilterMismatchNmax 15 --outFilterMatchNminOverLread
0.66 --outFilterScoreMinOverLread 0.66 --outFilterMultimapScoreRange 0 --seedSearchStartLmax 5. Variants were then called
with BCFtools (Li 2011) ‘mpileup’ and ‘call’ using at least four bam files as input. The resulting variant call file (VCF) was then split
into a file with INDEL records only and a file without INDEL records (substitutions only). The "no INDEL” VCF was further split by
frequency of substitution: loci with a variant frequency >75% to a single alternate base were assigned the alternate base;
loci with variants with an ambiguous alternate base were masked by "N" assignment. Variants covered by < 5 reads or with low
quality (Phred-scaled quality score < 20) are ignored and the reference kept as-is. The reference FASTA was modified for these
non-INDEL substitutions using GATK (McKenna et al. 2010) FastaAlternateReferenceMaker. Finally, rf2m (https://github.com/
LaboratorioBioinformatica/rf2m) was used with the INDEL-only VCF file to further modify the FASTA genome reference as
well as the corresponding GTF annotation file. A modified version of one of the rf2m scripts (genome_creator_corrected.pl)
is required for accurate GTF update and can be found here: https://github.com/churchmanlab/mitoRNA_kinetics/tree/main/
PipelineForHalfLifeDetermination/CustomGenomeGeneration/rf2m-master/.

Read Alignments

First, fastq files shared by the sequencing facility were concatenated to combine data across the sequencer lanes. The adapter se-
quences were trimmed from both of the paired-end reads using Cutadapt v2.5 (Martin. EMBnet, 2011). Three more nucleotides were
trimmed from the 5 prime end of the fragment to remove template switch bases, and five more from the 3 prime end to remove
mismatches associated with random hexamer priming that result from the SMARTer Stranded library preparation. Read
alignment was done using STAR 2.7.3 to cell-line-specific genomic reference sequences (see above) with different parameters
for experiments with high and low 4sU treatment. For 500 uM 4sU experiments, parameters were --outFilterMismatchNmax
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90 --outFilterMismatchNoverLmax 0.3 --outFilterMatchNminOverLread 0.2 --outFilterScoreMinOverLread 0.2. For 50 uM 4sU
experiment, parameters were --outFilterMismatchNmax 10 --outFilterMismatchNoverLmax 0.05 --outFilterMatchNminOverLread
0.66 --outFilterScoreMinOverLread 0.66 --outFilterMultimapScoreRange 0.

T to C mismatch counting

For each sample, a subset of mitochondrial-aligned reads was used to determine the rate of T to C mismatches. Unless otherwise
specified, this subset included all mitochondrial reads except for those aligning to mt-rRNA. For this analysis, reads were first filtered
to remove non-primary alignments, reads with unmapped mates, and reads that map to more than 4 positions, and soft-clipped ba-
ses were removed. We then determined the number of T to C mismatches and the total number of T nts across each fragment
(considering both read1 and read? in each pair) using custom scripts from.*® Two-dimensional distributions were generated contain-
ing the number of fragments with n Ts and k T to C mismatches.

Binomial mixture model to calculate T to C conversion rates

To estimate the 4sU-induced as well as background T to C conversion rates, we used a binomial mixture model we previously devel-
oped?® to handle samples with low 4sU concentrations. In short, the binomial mixture model first estimates two background T to C
conversion rates (pg1 and pez) and a global fraction (wg) parameter, with Binom a binomial distribution, given the measured n Ts and k
T to C mismatches in the unlabeled control sample. Giving the background T to C conversion rates as follows: Pgg(k, n) =
g Binom(k,n,pg1) + (1 — mg)Binom(k,n,pe2). The three parameters in this model were fitted to the above T to C distributions using
linear regression (Python v3.7.4, package Imfit v1.0.2, function minimize). We tested if our binomial mixture error model better
fitted the T to C conversions of the untreated samples using the Akaike Information Criterion and adjusted our background model
to include one or two background rates depending on the test outcome.® The 4sU sample T to C distributions were then modeled
as the 4sU-induced T to C conversions (p¢) plus the background population Pgg(k,n) once again with a global fraction (7¢) param-
eter: P(k,n) = m¢ Binom(k,n,pc)+ (1 — mc)Psg(k,n). We note that it is necessary to calculate the T to C conversion rate from
nuclear and mitochondrial encoded transcripts separately as the mitochondrial 4sU-incorporation rate is significantly lower than
for nuclear-encoded genes. In experiments deploying high (500uM) 4sU concentration with no Uridine supplemented to the media,
we had robust T to C conversion rates >1.5% and directly used GrandSlam to estimate conversion rates. The T to C conversion rates
in the mitoribosome IP and input samples as well as samples from HEK293T cells were calculated from all reads aligning to the
mitochondrial genome except reads aligning to COX7 and RNR2.

T to C conversion rate estimates for cases with very low 4sU incorporation

In three cases we ended up with T to C conversion rates lower than 0.6%: the earliest (15 min) time point for the HeLa mitoribosome
immunoprecipitation experiments deploying 100uM 4sU (Figures 3D and 3E), all the time points in the HEK293T mitoribosome immu-
noprecipitation experiments (Figure S3F) and for all the time points in the LRRPRC KO time course. In these cases, our binomial
method failed and we instead calculated the T to C conversion rate based on the assumption that the ribosomal RNA would be turned
over consistently. Practically, we set the T to C conversion rate such that it resulted in the fraction of new RNR2 being the same as at
the equivalent time point in the high confidence time course experiments in Figure 1 or the WT cells in the case of the LRPPRC KO.
Importantly, the RNR2 half-lives were estimated to be the same in the low T to C conversion experiments as in the high T to C con-
version experiments, but with a lower confidence. In the immunoprecipitation we set the T to C conversion rate so that the fraction of
new RNR2 was lower than 0.5%, to allow for some noise. This method gave similar results to the mitoribosome immunoprecipitation
experiment with higher 4sU levels where we did not use any corrections (Figure 3E).

GRAND-SLAM parameters

Alignment files (.bam) containing all mitochondrial-aligned reads were converted into a .cit file using GRAND-SLAM v2.0.5f.?” The no-
4sU (0 min) alignment file was copied and both copies (“no4sU” and “Om”) were included in the GRAND-SLAM analysis so that the
“no4sU” sample would be used for the background T to C mismatch rate (pg) and the sample details for the “Om” sample would also
be output. GRAND-SLAM was run twice: first for. cit file creation and background rate determination, and a second time after modi-
fying the T to C mismatch rates (pc) according to the output of the binomial mixture model. Before the second run, the *.tsv
and *ext.tsv files were removed from the output directory and the *rates.tsv file modified to add in new rates for single_new and
double_new. For both runs the parameters used included -full -mode All -strandness Sense -snpConv 0.4 -trim5p 10 -trim3p 5.

Cell doubling correction of fraction new values

The fraction new RNA values for HelLa cells was corrected for dilution by cell doubling. The cell doubling time was estimated by
growing Hela cells under standard cell culture conditions to 70% confluency (Oh). At Oh, 12h, and 24h, five replicates of 10cm plates
were washed in PBS, and cells were collected by trypsinization. Cells were mixed with trypan blue and counted using an automated
cell counter (Countess, Invitrogen). Cell doubling time was estimated to be 26.5 h by linear regression of the log.-fold change in cell
number over time. The fraction new values were corrected as follows:
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Corrected fraction new

time point
1 1
~ \ glog(2)/cell doubling time

1 time point 1 time point
(1 - <elog(2)/cell doubling time)) 1- (elog(2) Jcell doubling time))
Kinetic modeling of mtRNA degradation

Based on the maximum a posteriori (MAP) values obtained from GRAND-SLAM for each time point of the 4sU pulse, we tested two
simple models to estimate the degradation rates from the time t dependence of newly synthesized Total mtRNA T (t).2"#%8°
Model 1: exponential (one-state) decay - RNA is produced with a transcription (production) rate k, and eventually degraded at the
rate koeg (Figure STF): 9L = K, — kgeqT (t). To sOlve this ordinary differential equation analytically as described previously,”””*%° we
set all newly synthesized RNA levels to zero at t=0, i.e. before any 4sU pulse as the boundary condition. Next, the integrating factor
method was used to obtain the solution: T(k,, kqeg, 1). Since the observed quantities are fraction of new RNA, rather than RNA levels

we derived the model fraction of newly synthesized RNA: A;m°%/ 1 (kdeg,t) = % with Tss = k’;—’:g the steady state levels of all (newly

= Measured fraction new —

synthesized and pre-existing unlabeled) RNA, which equals the steady state solution to the ODE: %ﬁ” = 0. Both Tgs and T(t) are
linear in kp, 50 A7™°%! " (k4eq, t) NO longer depends on k. So, we arrive at our solution:

ATmodeH(t) =1 - e—kdeg(t)

Model 2: non-exponential (two-state) decay - RNA first assumes state 1 S1(t) upon which it can either undergo exponential
decay at the rate kg1 or it can transition to state 2 S,(t) with rate k, from which it exponentially degrades with rate kg
(Figure S1F):

ds; (1)
dt

= kp — (kr + kd1)S1(t)

dSs(t)
at
Here, the total amount of mt-RNA is then given by the sum of both states: T(t) = Si(t) +S2(t). Using the same procedure as
described above for the 1 state model, the fraction new total RNA then becomes (Equation 1)%°:

_ S1 (t)+ Sg(t) kdg(ko"] — kdg) k,(kd1 — kr)

A model 2 ) = - 1 — e*(kr*'km)t +
T ® S1ss+S2ss Koo (Kot — Kaz)+kr (ka1 — k) ( ) Koo (Kot — kaz)+ke (ka1 — kr)

= K Si(t) —kg2 Sa(t)

(1 — e"*=').  (Equation 1)

To estimate the degradation parameters in model 1 (one parameter) and model 2 (three parameters), we used a non-linear least
square fitting framework (Python v3.7.4, package Imfit v1.0.2, function minimize). Note, for all experiments we directly used the
MAP values from GRAND-SLAM for the modeling.

To select the model to make predictions about the RNA decay parameters, we used the Akaike information criterion AIC =

N xIn <%) +2¢, where N denotes the number of data points, %2 is residual square sum and  is the number of variable parameters.

To further estimate which model has a higher probability we can define model weights to define the probability of model 1 over
model 2. The difference in AIC for a given model i is given by AAIC; = AIC; — AlCmax, and AlC.,, is the minimum AIC across all

models. Based on this Akaike weights are estimated by W;(AIC) = &, where K is the number of models. Since we

S o 2A(AIC)
k=1

are comparing two models, we defined the normalized probability as w by IT = #{,\%.

Kinetic modeling of mtRNA association to the ribosome

To estimate the ribosome association rate, we reused the two-state model as described above, with the free mtRNA state, i.e. not
bound to the ribosome, F(t) = S1(t) and the ribosome-bound mtRNA state RB(t) = Sx(t). The ribosome association rate is then the
transfer rate k, from the free state to the ribosome-bound state. In addition to the total RNA (Equation 1 above), we now also fit the
experimentally observed fraction of newly synthesized ribosome bound mtRNA:

RB (t) kd2 _ kd1 +kr _
Vi t) = =1 — e (Kr+kar)t + kdgt.
RB( ) RBSS kd2 - (kd‘l +kr) kdg — (kd1 +k,)
We can further simplify these equations by making the assumption that kgeg = kg1 = Kkao:
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ATS/mpI/f/ed =1 — g kieg (t)

kd e (kr+kdeg)1 _ (kr+kdeg) e*kdegf

A simplifiedt =1
RB (1) + K

To estimate the degradation and mitoribosome association rates in the simplified model (two parameters) and full model (three
parameters), we used a non-linear least square fitting framework (Python v3.7.4, package Imfit v1.0.2, function minimize) to fit the
total and ribosome-bound mtRNA. To select the model to make predictions about the mtRNA kinetic parameters, we used the Akaike
information criterion as discussed above.

Lastly, to calculate the fraction of nuclear-encoded mRNA that was bound by the cytosolic polysome, we derived the following
equation, with nuclear turnover kp,c, cytoplasmic turnover Keyio (= kiot — Knuc) and cyto-polysome entry rates k; as determined in Sma-
lec et al.”®:

koot — k1
fraction cyto polysome bound = max %, 0
knuc +kcyto
Two nuclear encoded OXPHOS mRNA, NDUFB8 and NDUFS7, were excluded from all analyses in Figures 3F and 3G as their
values were not reproducible been replicates

Transcription elongation model

To model the mitochondrial transcription elongation process, we first processed the Nanopore sequencing reads according to the
assumption that total RNA consists of nascent and mature RNAs. Reads with a 3 prime end within a 100nt window of annotated
mature RNA 3 prime ends contribute to the mature RNA fraction with coverage across the whole of the gene. Reads with ‘3 ends
within the annotated genes, but outside of the 3 prime end window contribute to the nascent RNA fraction with coverage across
the whole genome up to the from the single TSS in the mitochondrial genome, i.e. the HSP2 3 prime end site. The sum of nascent
and mature RNA fractions makes up the total RNA coverage across the genome. The model mature RNA fractions equal dﬁl_and

the model nascent RNA fraction equals § (x — TSS), with x the distance (unit: nt) downstream of the TSS, as previously described
in Wu et al.”® and letswaart et al.'® F is the transcriptional initiation (Firing) rate, v the MT Polymerase elongation rate, and d; the

mature RNA degradation rate, specific to gene i, as estimated above through TimelLapse sequencing. The initiation rate F can
then be estimated from the observed mature RNA counts from each gene i: mature RNA, = F; / d;. This leads to an ensemble of F
estimates: {F;}. Since RNR2 is the most upstream and highly expressed, we used this “best estimate”: F. We also calculate the
Fmin = Minjc genes{Fi} and Frax = MaX;c genes{Fi} as the estimate bounds. To estimate v, we use linear regression to fit the nascent
RNA fraction model, whilst utilizing our {F;}, to get an elongation rate ensemble {v;} (Python package: Imfit, function: minimize, velo_-
seed = 3.81 * 60, equalling the previous estimate by,** velo_max = 1001000 #units: nt / min) from RNR2 3 prime end to the 3 prime
end of the genome. ¥ is then the elongation rate paired with I-c, and Vmax = MaXie genes{Vi}, likewise for vy,;,. Altogether, our estimates

are then used to predict total RNA coverage with (I-c ,V) as best estimate (red lines) and (Fin, Vmin) and (Fimax, Vmax) @s error bands
(Figure 1H).

Kinetic modeling of RNA processing
To estimate the RNA processing rate (kprocess), We developed the following minimal model with U an unprocessed RNA population

and P a processed RNA population: %ﬁ” = kp — KprocessU(t) and %ﬁ” = KprocessU(t) — KdegP(t), with RNA production (kp) and degra-

dation rates (kqeg) as described above. In steady state, the (un)processed RNA levels are then Uss = kpr’:iess and Pss = k’;—’:g respectively.

Hence, we can estimate the processing rate from the ratio of unprocessed to processed RNA transcripts as determined with Nano-

pore sequencing and our above determined RNA degradation rates: Kpocess = kdegﬁ—zz (Figure 2C). Note, that our model assumes that

unprocessed transcripts are only lost to processing and not to degradation.

Ribosome footprinting analysis

Mitochondrial ribosome profiling was initially processed as previously described.? To analyze the 5 prime and 3 prime-end process-
ing status of ribosome-loaded mt-mRNA, the position of both the 5 prime and 3 prime ends of each read were recorded. Soft-clipped
bases were ignored for recording positions but flagged if they were determined to come from a 3 prime poly(A) tail (>80% of soft-
clipped bases are A). A read was considered processed if its terminus is within two nucleotides of the processed transcript terminus.
A read was considered unprocessed if it spans at least three nucleotides beyond a processed transcript terminus and was not
flagged as containing a poly(A) tail.
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MitoStrings experiments

mt-RNA turnover in Hela cells was determined by measuring the decrease of the old/unlabeled mtRNA after a 4sU-pulse as
described in Smalec et al.?® In short, HeLa cells were labeled with 500uM 4sU for 0, 60, or 120 min and cells were lysed in Trizol
LS and RNA was extracted according to the manufacturer’s protocol. A spike-in of in vitro transcribed ERCC-000148 spike-inwas
added to all the cell lysates during the RNA-extraction step. The RNA was denatured at 60C for ten minutes before being biotinylated
by the addition of 5ug/ml biotin-MTS in 20% dimethylformamide (Sigma), 20mM Hepes pH 7.4 and 1 mM EDTA for 30 min at room
temperature. Free biotin was removed using phase-lock heavy gel tubes following the manufacturer’s instructions. Biotinylated RNA
was removed by incubation with streptavidin beads from the uMACS Streptavidin kit for 15 min at room temp. Beads and RNA were
loaded onto a uMacs column. Beads were washed with 100mM Tris pH 7.5, 10mM EDTA, 1M NaCl, 0.1% Tween 20, and unlabeled
RNA was collected in the flowthrough. RNA in the flow-through was purified using the miRNeasy Nano kit following the manufac-
turer’s instructions including the DNAse treatment step. 30 ng of RNA was incubated for 16h at 67°C with the XT Tagset-24
(NanoString Technologies) and with DNA-probes specific for mitochondrial RNA (Original Mitostring-probes® were modified as in
Isaac et al.?’) in hybridization buffer (NanoString Technologies) according to the manufacturer’s protocol before being loaded
onto a nCounter Sprint Cartridge and quantified using the nCounter SPRINT Profiler (NanoString Technologies) at the Boston Chil-
dren’s Hospital Molecular Genetics Core.

For direct measurements of processing kinetics HelLa cells were labeled with 500uM 4sU for 0, 1.875, 3.75, 7.5, 15, 30, 60, 120, or
240 min. RNA was extracted as described above with the addition of a second in vitro transcribed 4sU-labeled (10% of UTP was
exchanged for 4sUTP in the T7 RNA polymerase in vitro reaction) spike-in ERCC-00136. Biotinylation and streptavidin-bead binding
were performed as above with the exception that in this case the flowthrough was discarded and bead-bound nascent RNA was
eluted by incubating the beads at 2 x 5 min at 65C in 100mM TCEP, 10mM EDTA, 500mM Tris at a final pH7. Eluted RNA was purified,
hybridized with Mitostring probes, and analyzed on a nCounter Sprint Profiler as above.

Direct nanopore RNA sequencing

RNA was extracted as described above using Trizol LS and chloroform. Extracted RNA was rRNA-depleted by hybridization with a
custom set of biotinylated-DNA probes complementary only to cytosolic rRNA (riboPOOL, siTOOLS). In short, 6ug of RNA was mixed
with 5uM riboPOOL probes in 20 uL of 2.5mM Tris-HCI (pH 7.5), 0.25mM EDTA, and 500uM NaCl and hybridized by incubating at
68°C for 10 min followed by a slow cooling step decreasing the temperature to 37°C. 20uL of hybridized samples were mixed
with Dynabeads MyOne Streptavidin C1 beads in 80uL of 5mM Tris-HCI (pH 7.5), 0.5mM EDTA and 1M NaCl. Dynabeads had
been pretreated with sodium hydroxide according to the manufacturer’s instructions to minimize RNase contamination. The sample
and bead mix was incubated at 37°C for 15 min followed by a 5 min step at 50°C before beads were collected on a magnet and the
supernatant was transferred to a new tube with beads and the incubation steps were repeated. RNA collected in the supernatant from
the second round of bead depletion was cleaned up by isopropanol precipitation.

To include both non-polyadenylated and polyadenylated transcripts, 500 ng of rRNA-depleted RNA was polyadenylated in vitro
using E. coli poly(A) polymerase as outlined in Drexler et al.®® As an alternative strategy, we ligated a DNA linker (/5rApp/(N)
BCTGTAGGCACCATCAAT, IDT) to the 3 prime-end of total RNA as previously described.® Briefly, 1 ug of total RNA was denatured
for 2 minutes at 80°C and incubated with 500 ng DNA linker, 8 uL 50% PEG8000, 2 uL DMSO, 2 uL of T4 RNA Ligase Buffer (NEB) and
1 uL T4 RNA Ligase 2 (made in-house) in a 20 uL reaction for 16 hours at 16°C. The RNA was purified with the Zymo RNA Clean &
Concentrator Kit, including the optional removal of molecules < 200 nt to exclude the leftover linker. Direct RNA library preparation
was performed using the kit SQK-RNA002 (Oxford Nanopore Technologies) with 500 ng of poly(A)-tailed or 3 prime-end ligated RNA
according to manufacturer’s instructions with the following exceptions: the RCS was omitted and replaced with 0.5 uL water and the
ligation of the reverse transcription adapter (RTA) was performed for 15 minutes. For 3 prime-end ligated samples, the standard RTA
was replaced by a custom adapter that was generated by annealing two oligonucleotides ONT_oligoA and ONT_oligoB_linker, where
the underlined bases are complementary to the DNA linker. Oligonucleotides were diluted to 1.4 uMin 10 mM Tris-HCI pH 7.5, 50 mM
NaCl and annealed by heating to 95°C and slowly cooling to room temperature.

Poly(A)+ RNA from myoblasts, HelLa, and HEK293 (NT and FASTKD5 sgRNAs) samples were purified using the Dynabeads mRNA
purification kit (ThermoFisher, 61006) according to the manufacturer’s instructions, starting with up to 75 ug of total RNA. Direct RNA
library preparation was performed as described above with 500-700 ng of poly(A)+ RNA. Direct total poly(A)+ RNA sequencing data
from K562 cells were obtained from Smalec et al.?® Libraries were sequenced on a MinlON device (Oxford Nanopore Technologies)
for up to 72 hours.

RNA extracted from mitoribosome-immunoprecipitated samples, from NT or FASTKD5 KD cells, were directly used as input for
direct RNA library preparation as described above using 500-700 ng input RNA (without prior poly(A)+ selection).

Nanopore sequencing data analysis

Live base-calling of nanopore sequencing data was performed with MinKNOW (release 20.10.3 or later). Reads with a base-calling
threshold > 7 were converted into DNA sequences by substituting U to T bases prior to alignment. Reads were aligned to the Hela-
specific single nucleotide polymorphism-corrected reference hg38 genome (see below) using minimap2®' with parameters -ax
splice -uf -k14. Multi-mapping reads were included in all downstream analyses. All subsequent analyses were performed using
custom python scripts.
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For measuring transcript abundance, the alignment BAM file was converted to a BED file using pybedtools®’ bamtobed with op-
tions cigar=True, tag="NM’. Reads mapping to the mitochondrial genome were extracted using pybedtools intersect with options
wo=True, s=True, and a BED file containing the coordinates of all mitochondrial transcripts. Read/transcript pairs that contained
the cigar string “N” within 25 nt of the transcript start or end were excluded. Unique reads intersecting each transcript by at least
25 nt were counted. For measuring the abundance of reads mapping to the last 100 nt of the transcript, the same strategy was
used with a BED file containing the coordinates of the 3 prime-end most 100 nt for each transcript. For transcripts that are frequently
detected in the unprocessed state (e.g. ATP8-6/C0OX3), the abundance of the upstream transcript was corrected to take into account
reads that are not long enough to reach it. For each read, the genomic coordinates of the read start and the read end were extracted
and intersected with the following genomic features within the transcripts of interest using pybedtools with options wo=True, s=True:
the transcript start region (0 to +25 nt transcript start), the transcript end region (-25 to +25 nt from the transcript end), the gene body
(+25 nt from transcript start to —25 nt from transcript end) and the 5 prime upstream region (-1500 to O nt from transcript start). For the
downstream transcript (e.g. COX3), the 5 prime-end fraction unprocessed was calculated as the number of reads mapping to this
transcript that start in the 5 prime upstream region divided by the number of reads mapping to this transcript that start in the 5 prime
upstream region or in the transcript start region. Reads mapping to this transcript that start in the gene body were defined as those
lacking information about the 5 prime-end and that potentially extend into the upstream transcript (e.g. ATP8-6). The abundance of
the upstream transcript was corrected using the following formula: reads mapping to upstream transcript + (fraction unprocessed
downstream transcript * number of reads lacking information about 5 prime-end downstream transcripts).

For analysis of processing, the genomic coordinates of the read start and the read end were extracted and intersected with the
following genomic features using pybedtools with options wo=True, s=True: the transcript start region (-15 to +50 nt from transcript
start), the transcript end region (-15 to +15 nt from transcript end) and the gene body (transcript start to transcript end). Next, the
entire reads were intersected with the following genomic features using pybedtools with options wo=True, s=True: the upstream re-
gion (-60 to -15 nt from transcript start), the downstream region (+15 to +60 nt from transcript end), the transcript end region
(-15 to +15 nt from transcript end) and the gene body (transcript start to transcript end). Reads/feature pairs that overlapped by
less than 15 nt or that contained the cigar string “N” within 15 nt of the feature start or end were excluded. Reads that mapped
to a protein-coding gene and that ended in the transcript end region of that gene were classified as “processed” at the 3 prime-
end. Reads that mapped to a protein-coding gene and to the downstream region of that gene were classified as “unprocessed”
at the 3 prime-end. Reads that mapped to a protein-coding gene and that started in the transcript start region of that gene were clas-
sified as “processed” at the 5 prime-end. Reads that mapped to a protein-coding gene and to the upstream region of that gene were
classified as “unprocessed” at the 5 prime-end.

For identifying the location of reads starts in the NT and FASTKD5 KD samples, reads that were unprocessed at the 5’-end were
extracted using the approach outlined above. The genomic locations of read starts were intersected with the gene body coordinates,
as defined above. Read starts locations were categorized based on whether they corresponded to the tRNA or the mRNA gene
immediately upstream of the gene of interest (i.e. tRNA- for ND1, tRNAV® for ND2, ATP8-6 for COX3 and ND5 for CYB), or to genes
located further upstream. Split reads, which are likely technical artifacts, were filtered out by converting the BAM file to a BED12 file
using bedtools bamtobed and keeping only reads that did not have a comma in the last column.

Poly(A) tail lengths were estimated using nanopolish.“? For 3 prime-end ligated samples, reads were classified as non-polyadeny-
lated if the gc_tag from nanopolish was “NO_REGION” or polyadenylated if the qc_tag was “PASS” or “ADAPTER”. For poly(A)+,
only reads classified as polyadenylated were analyzed. Only reads with the 3 prime-end processing status “processed” were
included in poly(A) tail length analyses.

For modeling transcription, the genomic coordinates of the read 3 prime-end were extracted. Using pybedtools with options
wo=True, s=True, read ends were classified as “processed” if they intersected with a 25 nt window around the transcript end
site or “actively transcribing” if they mapped more than 25 nt upstream of the transcript end site.

Comparison of nuclear and mitochondrial gene-expression kinetics

The transcription parameters in Figure 6A are based on estimates for how long it takes to produce one mRNA assuming a set tran-
scription elongation rate. For mitochondrial mRNA, the estimate is based on our analysis and literature transcription elongation rates
(range: 0.1-0.7 kb/min) and a median mRNA length of 1 kb. For nuclear OXPHOS encoding mRNA, the estimate assumes a median
length of 7 kb and a transcription elongation rate of ~2 kb/min.°® We do not take into account promoter-proximal Pol Il pausing. The
colored arrows highlight the main gene regulatory level. The nuclear encoded OXPHOS genes NDUFB8 and NDUFS7 were excluded
from all analyses in Figure 6A as their values where not reproducible been replicates.

Comparison of protein production by proteomics and ribosome profiling
Protein production from mass spectrometry data can be calculated as follows:

Protein production = protein copy numbers * (Kgeq + Kaiution)- In our calculation, the protein copy numbers are absolute copy
numbers from Bekker-Jensen et al.?° and the (kaeg) is calculated from protein half-lives from Morgenstern et al.* and the (Kgitution)
was set to be our measured cell doubling time of 26.5h. COX1 did not have a protein half-life assigned and ND2 and ND3 did not
have copy numbers reported and are thus not plotted. As ATP8/6 are not distinguished in our ribosome profiling data we summed
the proteomics data for the two proteins.
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Quantitative gene expression models
To estimate the importance of each of the levels of gene expression that we had acquired kinetic measurements we developed a
quantitative gene-expression model (Figure 5) that we defined as follows:

mRNA ksynthesis

MRNA Kgeq * Fraction mRNA in ribosome x TE

Protein synthesis (RPF) =

Where the mRNA Ksynthesis = 1/(Tinitiation + Tefongation) from the transcription elongation model defined above, “fraction mRNA in ribo-

some” as defined above and the TE = RPF/ <% + Fraction mRNA in ribosome). The coefficient of determination from

correlating the predicted RPF values from the model to that of measured RPF values was used to measure the predictive power
of the model. The model per definition explains all of the variability in RPF. The importance of each gene expression level was deter-

mined by setting the succeeding parameters to 1. E.g. to estimate the predictive value of RNA levels(= M) we set both

MRNA Kaeg
Fraction mRNA in ribosome and the TE to 1.

We also developed a simpler minimal gene-expression model to directly compare nuclear and mitochondrial gene-expression
control where:

mRNA ksynthesis

MANAkgey  TE

Protein synthesis (RPF) =
where the mMRNA ksyninesis = RNA levels/mRNA kqeq and TE = RPF /mRNA levels. RNA-levels were from direct RNA-seq (Figure 1)
for mitochondria and TPMs from nuclear-encoded genes. mitoRPF data from HeL a cells were from Soto et al.,” HeLa cytoRPF data is
from Wu et al.”" The predictive power was determined as the coefficient of determination from correlating the predicted RPF values
from the model to that of measured RPF values, either from the same HelLa data set (Model) or a HelLa replicate (Replicate). The
importance of each gene-expression node was again determined by sequentially setting the TE and then mRNA ksyninesis Parameters
to 1. All rates, RPF, TPM, and direct RNA-seq values can be found in the supplemental tables.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed in R, Python or Excel. Wilcoxon rank sum test was used for multigroup comparisons and t-test for
paired comparisons. For model comparison the akaike information criterion was applied.®>*
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