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A B S T R A C T

The transition from a naïve to an effector T cell is an essential event that requires metabolic reprogramming. We
have recently demonstrated that the rapid metabolic changes that occur following stimulation of naïve T cells
require the translation of preexisting mRNAs. Here, we provide evidence that translation regulates the metabolic
asset of effector T cells. By performing ribosome profiling in human CD4+ Th1 cells, we show that the meta-
bolism of glucose, fatty acids and pentose phosphates is regulated at the translational level. In Th1 cells, each
pathway has at least one enzyme regulated at the translational level and selected enzymes have high transla-
tional efficiencies. mRNA expression does not predict protein expression. For instance, PKM2 mRNA is equally
present in naïve T and Th1 cells, but the protein is abundant only in Th1. 5′-untranslated regions (UTRs) may
partly account for this regulation. Overall we suggest that immunometabolism is controlled by translation.

1. Introduction

Protein synthesis is the decoding of mRNAs into proteins, alias
translation. Translational control leads to the selection, starting from
the global mRNA pool, of those transcripts requiring to be decoded into
proteins (Truitt and Ruggero, 2016). The impact of translation on gene
expression has been estimated to be at least as important as transcrip-
tion (Schwanhausser et al., 2012), meaning that different mRNAs are
differentially translated. Translation is divided into four phases: in-
itiation, elongation, termination and recycling. Initiation is the rate-
limiting event in the selection of a specific mRNA. At initiation, eIFs
(eukaryotic Initiation Factors) perform mechanistic steps under the
coordination of signaling pathways (Loreni et al., 2014) and interplay
with regulatory elements in the untranslated regions (UTRs) of mRNAs,
thus resulting in specific stimulation or inhibition of translation
(Hinnebusch et al., 2016). One major pathway controlling initiation of
translation is the mTORC1 pathway. mTORC1 stimulates the activity of
the eIF4F complex which is necessary for efficient translation of mRNAs
containing structured 5’ UTRs (Loreni et al., 2014). The relevance of
mTORC1 in lymphocyte biology is well established (Zeng and Chi,

2017).
CD4+ T cells are essential for survival (Jung and Paauw, 1998). The

transition from naïve T cells to effector T cells requires a complete
metabolic rewiring that includes the activation of a glycolytic and fatty
acid synthesis program, essential steps for nucleotide biosynthesis and,
hence, for cellular growth. It has been traditionally thought that me-
tabolic reprogramming correlates with transcriptional rewiring (Hough
et al., 2015). Given the central role of mTORC1 in translation (Loreni
et al., 2014), lipid synthesis (Lamming and Sabatini, 2013) and T cell
differentiation (Zeng and Chi, 2017), we recently asked whether
translational control plays a major role in T cell activation. We found
that eukaryotic Initiation Factor 6 (eIF6) is fundamental for the ac-
quisition of effector functions by CD4+ T cells (Manfrini et al., 2017a,
2017b) and that the transition from quiescence to the activated status
requires translational control of the lipid biosynthetic pathway
(Ricciardi et al., 2018). Overall, these data confirm the hypothesis that
translational control is a major player in T cell activation (Piccirillo
et al., 2014) and metabolism (Biffo et al., 2018; Brina et al., 2015;
Miluzio et al., 2016). Whether translational control of metabolism af-
fects also other stages of T cell differentiation is still unknown.
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Ribosome profiling is a technology that allows the direct analysis of
ribosomal footprints on cellular mRNAs, thus providing a detailed
snapshot of translational control (Ingolia et al., 2011). Herein, by using
this technique, we investigated the impact of translational regulation on
gene expression in CD4+ Th1 cells. Although ribosome profiling has
been recently performed in primary mouse T cells (Moore et al., 2018;
Myers et al., 2019), our study stands as the first-ever ribosome profiling
performed in primary human T cells. Intriguingly, we found that the
metabolism of T cells is controlled also at the translational level, con-
firming that transcriptional studies largely fail in predicting the pre-
sence of metabolic enzymes.

2. Materials and methods

2.1. RNA-seq data analysis

RNA-seq data for all human CD4+ T cell subsets were retrieved from
(Bonnal et al., 2015) (ArrayExpress E-MTAB-513 experiment). Gene
expression levels were estimated by Cufflinks (version 2.0.2) as raw
FPKM counts. The heatmap shows z-scored log2-normalized FPKM
counts for each gene in different human CD4+ T cell subsets. Heatmaps
were generated using Heatmapper (http://www1.heatmapper.ca/
expression/). Clustering was performed using the average linkage
method and distance measurement was performed using the Pearson
method.

2.2. Isolation of human naïve CD4+ T cells and in vitro Th1 differentiation

Blood buffy coats from healthy donors were obtained from
Fondazione I.R.C.C.S. Ca’ Granda Ospedale Maggiore Policlinico, Milan,
Italy. The ethical committee of I.R.C.C.S. Ca’ Granda Ospedale
Maggiore Policlinico Foundation approved the use of peripheral blood
mononuclear (PBMCs) from healthy donors for research purposes and
all methods and experiments were carried out in accordance with the
Foundation guidelines and regulations. Informed consent was obtained
from all subjects in accordance with the Declaration of Helsinki. Human
blood primary CD4+ naïve T cells were purified>95% by negative
selection with magnetic beads using the human CD4+ Naïve T cells
isolation kit (Miltenyi Biotec, cat # 130-096-533) after previous isola-
tion of PBMCs by Ficoll-paque density gradient centrifugation. Naïve
CD4+ T cells were sorted using the following combination of surface
markers: CD4+, CD62L+, CD45RO−. Naïve CD4+ T cells were acti-
vated in vitro with Human T-Activator CD3/CD28 Dynabeads (Life
Technologies, cat # 11132D) and IL-2 (20U/ml) and polarized to Th1
by addition of IL-12 (10 ng/ml) and anti-IL-4 (2 μg/ml). Cells were kept
8 days in culture in RPMI medium with 10% FBS, 0.1% Penicillin/
Streptomycin (EuroClone), 0.1% nonessential amino acids (Lonza), and
0,1% Sodium Pyruvate (Lonza) at 37 °C and 5% CO2. At day 6 cells
were harvested and the Th1 phenotype was confirmed through FACS
analysis by analyzing CXCR3, TBET expression and IFN-γ production.

2.3. Lactate secretion assay and ATP content

After 8 days of Th1 in vitro polarization cells were switched to
serum-free high-glucose (4,5 g/L) for 4h as indicated in (Brina et al.,
2015). Lactate secreted into the medium was measured using a
fluorogenic kit (BioVision, cat #K607). Average fluorescence intensities
were calculated for each condition replicate. Values were normalized to
cell number. For ATP content, CD4+ naïve and 8 days-differentiated
Th1 cells were homogenized in 6% (v/v) ice-cold HClO4. Extracts were
then centrifuged at 10,000g for 10 min at 4 °C. The acid supernatant
was neutralized with K2CO3 and used for luminometric determination
of ATP (ATP determination kit, Molecular Probes, Thermo Fisher sci-
entific, cat # A22066) using the Lundin method (Lopez-Lluch et al.,
2006) as modified in (Calamita et al., 2017).

2.4. Ribosome profiling

After Th1 differentiation, just prior to cell lysis, cells were treated
for 2 min with cycloheximide (CHX) 100 μg/ml. Cells were then washed
with PBS + CHX 100 μg/ml and lysed in Ribosome Profiling Lysis
Buffer (20 mM Tris-HCl (pH7.4), 150 mM NaCl, 5 mM MgCl2, 1 mM
DTT, 1% TRITON X-100, 25U/ml Turbo DNase and 100 μg/ml CHX)
like in (Ingolia et al., 2011). RNase digestion and monosome isolation
were performed as previously described in (Ingolia et al., 2012). Briefly,
11 OD254 of total cell lysates (~800 μl) were digested with a total of 4U
of RNase I (AM2294; Life Technologies, Carlsbad, CA) for 15 min at
24 °C. Two-hundreds Units of SUPERase-In were then added to stop the
digestion. 200 μl of the same lysate was kept as undigested control, and
served for input RNA extraction and RNA-seq library preparation. The
lysates were then loaded on sucrose cushions (20 mM Tris-HCl (pH7.4),
150 mM NaCl, 5 mM MgCl2, 1 mM DTT, 100 μg/ml CHX, 20 U/ml
SUPERase-In plus 1M sucrose) and centrifuged at 70000 rpm for 4 h on
a Optima MAX – XP ultracentrifuge (Beckman Coulter) Pellets were
then dissolved in 700 μl of Lysis/Binding buffer from the mirVana
isolation kit (Thermofisher Scientific AM 1561) and RNA was extracted
following kit instructions. Ribosome footprint libraries were prepared
according to Ingolia et al. (2012). Purified RNAs were separated on a
15% TBE-Urea acrylamide gel. RNA oligonucleotides of 18 and 34
nucleotides were run alongside with the samples as size markers to cut
RNA footprints. After precipitation, size-selected RNAs were depleted of
ribosomal RNA using the Ribozero rRNA removal kit (Illumina, cat #
MRZH11124) following manufacturer's instructions. RNA fragments
were then treated with T4 PNK to remove the 3′ end phosphates. After
precipitation, dephosphorylated RNA fragments were ligated to the
Universal miRNA cloning linker from New England Biolabs (cat
#S1315S). Ligated fragments were then purified through gel electro-
phoresis on a 15% TBE-Urea gel. After gel extraction, ligated fragments
were then reverse transcribed with SuperScript III reverse transcriptase
from Life Technologies (cat # 18080-044) and the following reverse
transcription primer: 5′-(Phos)-AGATCGGAAGAGCGTCGTGTAGGGAA
AGAGTGTAGATCTCGGTGGTCGC-(SpC18)CACTCA-(SpC18)-TTCAGA
CGTGTGCTCTTCCGATCTATTGATGGTGCCTACAG). Reverse transcrip-
tion products were gel-purified and precipitated. After precipitation,
cDNAs were circularized using the CircLigase from Epicentre (cat #
CL4111K). Following circularization, cDNAs were precipitated and
used to set up pilot PCR reactions. PCR reactions were prepared using
the Phusion HF buffer, 2 mM dNTPs, 0.5 μM of the Forward library PCR
primer (5′-AATGATACGGCGACCACCGAGATCTACAC-3′), 0.2 mM re-
verse indexing primers, 5 μl of eluate template, 2 U of Phusion poly-
merase (cat #M0530L; NEB). Amplification was examined by gel
electrophoresis on an 8% TBE polyacrylamide gel. Once optimal cycles
for each library were determined, additional PCR reactions were per-
formed and run on an 8% TBE polyacrylamide gel. The products were
then cut out and DNA extracted from the gel slice and quality control
performed on a 2100 Agilent bioanalyzer using Agilent's DNA high
sensitivity kit (5067-4626). One single library was prepared from the
pooling of three independent biological replicates.

2.5. RNA-seq library preparation and high-throughput sequencing

RNA-seq samples were prepared using the Illumina TruSeq Stranded
Total RNA Library Prep Kit (20020596) according to manufacturer's
instructions. Three independent libraries were prepared from three
independent biological replicates. Library sequencing for both Ribo-seq
and RNa-seq samples was performed using the Rapid Run SR100 mode
on Illumina HiSeq2000. Samples were sequenced by the NGS Facility
(LABSSAH) at the Centre for Integrative Biology (CIBIO), University of
Trento. Raw sequence data are available at ArrayExpress, accession
number E-MTAB-5961.
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2.6. Reads preprocessing and alignments

Raw reads were checked for quality by FastQC software (version
0.11.2), then cleaned of 3’ custom adapters, filtered by quality scores
and length using Trimmomatic (version 0.32). Only the reads with a
quality score greater than 3 and longer than 24bp were maintained. The
trimmed reads were aligned to human rRNA sequences (5S, 5.8S, 18S
and 28S) using Bowtie 2, version 2.2.5. The reads uniquely aligned to
rRNA were discarded from the samples. The remaining reads were
mapped to human reference genome assembly GRCh38 (Ensembl re-
lease 83) with STAR aligner (version 2.5.0b). Read alignments were
assigned to genomic coordinates using SAMtools (version 1.2), by
sorting and indexing the bam files generated by STAR. Genomic tracks
for ribosome profiling and RNA-seq samples were visualized using IGV
software and compared to other published Ribo-seq experiments
through the GWIPS-viz web tool (Michel et al., 2015).The RNA-seq
reads were analyzed using the same steps as the ribosome profiling
reads.

2.7. Quality assessment of ribosome profiling data

The quality control of the ribosome sequencing in terms of reads
lengths was verified using the RiboProfiling library in R environment.
The sizes of reads corresponding to ribosome footprints (expected
around 30bp) were calculated and plotted in a histogram starting from
a GAlignment object (the loaded records of the BAM file). The
countShiftReads function quantified the coverage on different sequence
features thus it was used to count reads on particular genomic features
(e.g. 5pUTR, CDS, 3pUTR). The countsPlot function generated a boxplot
of counts divided by 5′UTR, CDS, 3′UTR regions.

2.8. Measurements of gene expression and isoforms quantification

The quantification of expression at the gene level was measured by
STAR through the option “quantMode GeneCounts” using the annota-
tion GTF file from the Ensembl release 83. STAR allows to count the
number of reads per gene while mapping. For the quantitative analyses,
only uniquely mapped reads were considered. A read was counted if it
overlaps exclusively one gene. The counts for unstranded RNA-seq were
selected. Read counts for ribosome profiling and RNA-seq were

Fig. 1. Th1+ cells have high lactate secretion (glycolysis) and low mRNA levels of glycolytic enzymes.
(A) Heatmap representing mRNA levels of metabolic enzymes in different CD4+ T cell subsets. Enzymes were grouped in metabolic pathways as previously described
and clustered (Ricciardi et al., 2018). Th1+ cells have lower amounts of glycolytic mRNAs when compared to naïve T cells. (B) Experimental outline of Th1
differentiation. Human naïve CD4+ T cells were isolated from the blood of three healthy donors and in vitro polarized to Th1 for 8 days. (C) FACS analysis of Th1
specific markers. After polarization to Th1 (see Fig. 1B), the Th1 cellular phenotype was confirmed by FACS through analysis of the expression of transcriptional
factor Tbet, of surface marker CXCR3 and through IFN-γ intracellular staining. (D-E) ATP (D) and lactate (E) levels in naïve, and in Th1 cells. Data are representative
of three independent experiments (n = 3). Error bars represent Standard Deviation. Statistical p-values were calculated using the two-tailed t-test (NS: p-value >
0.05; ***: p-value < 0.001).
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normalized in the R environment according to the size factor estimated
by DESeq2 library using the median-of-ratios method to account for
differences in sequencing depth between samples. The quantification of
isoforms expression level was estimated using the RSEM software
(version 1.2.15) using the Ensembl Release 83 as reference genome.
Genes with< 10 RFP reads and/or< 20 RNA reads were excluded.

2.9. GO analysis

GO analysis was performed on the top 1000 genes enriched in ri-
bosomal counts and on the top 1000 genes depleted for ribosomal
counts using “Generic Gene Ontology (GO) term finder” (https://go.
princeton.edu/cgi-bin/GOTermFinder).

The same tool was used on the top 20 genes with the highest TEs, on
the top 20 genes with the lowest TEs, and on the full lists of gene with
significantly high or low TEs.

2.10. Translational efficiency calculation

Translational efficiency (TE) for protein coding genes was calcu-
lated as the log2 ratio of footprint-normalized counts to the average of
mRNA-normalized counts.

A positive TE value means that ribosomal counts are relatively more
enriched than RNA counts, which suggests a high translational rate for
the specific gene analyzed. A negative TE value means that ribosomal
counts are relatively less enriched that RNA counts suggesting a low
translational rate for the specific gene analyzed. Genes with normalized
raw RNA reads< 100 were excluded from the analysis.

The global translational efficiency (global TE) index for each
pathway was calculated as the mean of all the TEs of genes involved in

that specific pathway.

2.11. Visualization of RNA-seq and ribo-seq tracks

RNA-seq and ribo-seq tracks of the genes of interest were visualized
with Integrated Genome Viewer (IGV), version 2.6.2, using the auto-
scale method for visualization of reads.

2.12. Secondary structure analysis of 5’ UTR regions

5’ UTR secondary structure predictions were calculated using the
“Predict a secondary structure” web server using the RNAStructure
software tool (https://rna.urmc.rochester.edu/RNAstructureWeb/
Servers/Predict1/Predict1.html).

2.13. Polysomal profiles

Polysomal profiling was performed as previously described (Gallo
et al., 2018; Gandin et al., 2010). In brief, cells were lysed in 30 mM
Tris-HCl, pH 7.5, 100 mM NaCl, 30 mM MgCl2, 0.1% NP-40, 10 mg/ml
cycloheximide and 30 U/ml RNasin. Cytoplasmic extracts with equal
amounts of RNA were loaded on a 15–50% sucrose gradient and cen-
trifuged at 4 °C in a SW41Ti Beckman rotor at 39,000 rpm. Absorbance
at 254 nm was recorded using the BioLogic LP software (BioRad) and 8
fractions (1 ml each) were collected for subsequent RNA extraction.

2.14. Analysis of translated mRNAs

mRNAs collected from the fractions of sucrose gradients, were di-
vided, during polysome profiling analysis, into subpolysomal and

Fig. 2. Ribosome profiling of in vitro differentiated human CD4+ Th1 cells.
(A) Ribosome profiling strategy for in vitro differentiated CD4+ Th1 cells. After 8 days of Th1 in vitro polarization cells were lysed and ribosomal footprinting was
performed. (B) Polysome profile of Th1 cells, in vitro, before ribosome profiling. (C) Read length distribution for ribosome profiling reads centers at 30 nucleotides.
(D) Coverage of footprint reads on different genomic sequence features. (E) Scatter plot representing RNA counts vs ribosomal counts of total genes. Total RNA-seq
read counts were plotted against Ribosomal-seq reads obtained from the same samples in vitro differentiated to Th1 for 8 days.
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polysomal fractions. Samples were then incubated with proteinase K
and 1% SDS for 1 h at 37 °C. RNAs were then extracted using the
phenol/chloroform/isoamyl alcohol method.

2.15. Total RNA extraction

Total RNAs were extracted using the RNeasy kit (Qiagen, cat #
74104) following manufacturer's instructions.

2.16. Reverse transcription for RT-qPCR

Reverse transcription was performed using SuperScript III First-
Strand Synthesis System (Thermo Fisher Scientific, cat # 18080051)
following manufacturer's instructions.

2.17. mRNA extraction for real-time RT–qPCR

RT-qPCR reactions were performed using the GoTaq qPCR Master
Mix (Promega cat # A6001) as previously described (Ricciardi et al.,
2018) and the following oligos: HK1: Fwd: 5′ TCCGTAGTGGGAAAAA
GAGAA3’; Rev: 5′ GACAATGTGATCAAACAGCTC3’; PKM2: Fwd: 5′
GGCTGAGAATACTGCCACACT3’; Rev: 5′ACCGTCTTGCTCTCTACT
CGT3’; FASN: Fwd: 5’GATGACCGTCGCTGGAAG’3; Rev: 5′CTGAGGGT
CCATCGTGTGT3’; TPI1: Fwd: 5′CTCATCGGCACTCTGAACG3’; Rev: 5′
GCGAAGTCGATATAGGCAGTAGG3’; G6PD: Fwd: 5′ACCGCATCGACC
ACTACCT3’; Rev: 5′TGGGGCCGAAGATCCTGTT3’; RPS29: Fwd: 5′TCT

CGCTCTTGTCGTGTCTG3’; Rev: 5′CCGATATCCTTCGCGTACTG3’; β-
ACTIN: Fwd: 5′AGAGCTACGAGCTGCCTGAC3’; Rev: 5′CGTGGATGCC
ACAGGACT3’. β-ACTIN was used as internal standard. All reactions
were performed on StepOnePlus Real-Time PCR Systems (Thermo
Fisher Scientific). Data are expressed as mRNA levels normalized over
β-actin. Results are represented as means± standard deviation of three
independent experiments.

For RT-qPCR on mRNAs derived from polysome fractions, mRNA
abundance in each of the fractions was quantitated as the percentage
over the total mRNA.

2.18. Western blotting and antibodies

SDS-PAGE was performed on protein extracts obtained from human
CD4+ naïve T cell or from CD4+ T cells in vitro differentiated to Th1 as
previously described. Western blotting was performed as previously
described (Ricciardi et al., 2018). The following antibodies were used
for western blotting: PKM1/2 antibody (Cells Signaling, cat # 3186)
and TPI antibody (Santa Cruz, cat # 22031). Chemiluminescent signals
were detected using Amersham ECL Prime (GE Healthcare Life Sci-
ences, ct # RPN2232) and images were acquired using the LAS-3000
imaging system from Fuji.

2.19. Immunofluorescence

Immunofluorescence was performed as previously described

Fig. 3. Translational efficiencies (TE) vary among different pathways and between different enzymes within the same pathway.
(A) Scatter dot plot representing mean metabolic pathway TEs. Each pathway is represented by a dot and each color represents a different metabolic pathway (See
color legend). (B) Scatter dot plot of genes involved in Glucose metabolism. Each gene is represented by a dot. Genes involved in irreversible steps of glycolysis are
colored (See color legend). (C) Scatter dot plot of genes involved in Fatty Acids Metabolism. Each gene is represented by a dot. Fatty Acid Synthesis genes encoding
for enzymes involved in irreversible reactions are colored in red and yellow (See color legend). (D) Scatter dot plot of genes involved in the PPP. Each gene is
represented by a dot. PPP genes encoding for enzymes involved in irreversible reactions are colored in red and green (See color legend). Horizontal lines represent
mean values while error bars represent SEMs. TE: translational efficiency. . (For interpretation of the references to color in this figure legend, the reader is referred to
the Web version of this article.)
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(Gandin et al., 2008). Primary antibodies were used at the following
dilutions: rabbit PKM1/2 (1:100; Cell Signaling). Alexa Fluor 488-
conjugated secondary antibody (Thermo Fisher Scientific) was added
for 2h at room temperature. Slides were mounted in Mowiol 4–88
mounting medium (Sigma-Aldrich). Fluorescence images were acquired
using a confocal microscope (Leica TCS SP5) at 1,024 Å~ 1,024 dpi
resolution. All the images were further processed with Photoshop CS6
(Adobe) software.

2.20. FACS analysis

FACS analysis was performed as previously described (Manfrini
et al., 2017b). For Th1 phenotyping 500000 cells per sample were
stained with the following antibodies: V450 mouse anti-human IFN-γ
(BD Biosciences, cat # 560371), PE mouse anti-human CD183 (CXCR3)
(BD Pharmingen, cat # 557185), Anti-human T-bet eFluor 660 (Thermo
Fisher Scientific, cat # 50-5825-82). PKM2 staining was performed on 1
million cells/sample using anti-PKM1/2 (Cell Signaling, cat # 3186) as
primary antibody and Alexa Fluor 448 goat anti-rabbit (Invitrogen, cat
# A11008) as secondary antibody.

2.21. Statistical analysis

Unless otherwise stated, all results were analyzed using coupled
two-tailed t-tests. Where indicated unpaired single-tailed t-tests were

used. A p-value of< 0.05 was considered significant (*: p < 0.05; **:
p < 0.01; ***: p < 0.001; NS: not significant).

3. Results

3.1. Translational control regulates entire metabolic pathways

We have recently demonstrated that translation regulates the me-
tabolic shift required for activating quiescent naïve CD4+ T cells
(Ricciardi et al., 2018). We asked whether translational control played
also a role in controlling the metabolism of effector CD4+ T cells. We
investigated a previously published RNAseq dataset from 7 different
human CD4+ T cell subsets (Bonnal et al., 2015), in order to highlight
transcriptional profiles that might suggest a layer of translational reg-
ulation. We found that, among all effector T cell subsets, Th1 cells
presented the lowest levels of mRNAs encoding for enzymes involved in
glucose metabolism and anaerobic glycolysis (Fig. 1A). Since Th1 cells
are known to depend on glycolysis (Peng et al., 2016), this suggested
the presence of a layer of post-transcriptional regulation to increase
their glycolytic potential. Therefore, we analyzed terminally differ-
entiated Th1 cells. We polarized in-vitro human CD4+ naïve T cells to
Th1 (Fig. 1B). After 7 days of differentiation, most cells expressed all
Th1-specific markers (Fig. 1C, left and center) including the Th1-spe-
cific cytokine IFN-γ (Fig. 1C, right). Compared to naïve T cells, differ-
entiated Th1 lymphocytes presented high ATP (Fig. 1D) and lactate

Fig. 4. Polysomal association of genes regulated at the translational level confirms data on translational efficiency and indicates differential sensitivity to mTORC1
inhibition.
(A) Naïve CD4+ T cells were isolated from PBMCs of healthy donors and kept untreated or polarized in vitro to Th1 for 8 Days. Polysomal profile of in vitro polarized
Th1 cells. (B-F) Quantification of mRNA levels of HK1, PKM2, FASN, RPS29 and β-Actin in polysomal and subpolysomal fractions of naïve CD4+ T cells isolated from
PBMCs of healthy donors and polarized in vitro to Th1 for 8 days. Cells were left untreated (Control) or treated for 4 h with 100 nM Rapamycin. RPS29 is a rapamycin
sensitive mRNA, whereas β-Actin is not rapamycin sensitive. HK1, PKM2 and FASN association with polysomes is very robust, in line with ribosome profiling data,
but partly sensitive to rapamycin, suggesting regulation by multiple pathways. Error bars represent Standard Deviation. Statistical p-values were calculated using
two-tailed t-tests (NS: p-value > 0.05; *: p-value < 0.05; **: p-value < 0.01; ***: p-value < 0.001), n = 3.
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levels (Fig. 1E, right), features which are in line with an active glyco-
lytic program but could not be predicted by transcript abundance.

We hypothesized that translation might play a role in regulating the
metabolism of Th1 cells. To validate our hypothesis, we performed ri-
bosome profiling in human CD4+ Th1 cells diffentiated in vitro (Fig. 1B;
2A). Polysomal profiles showed that the Th1+ population was trans-
lationally active in vitro, as shown by the high polysome/80S ratio
(Fig. 2B). After proper RNAse digestion of polysomes, the samples were
used for preparation of ribosome profiling (ribo-seq) and total RNA li-
braries (Supplementary File 1). Ribo-seq libraries presented a length
distribution of approximately 28–30 nts, as expected for ribosome-
protected reads (Fig. 2C) and good coverage of coding sequences
(Fig. 2D). At first, we analyzed the distribution of RNA counts over
ribosome counts. Although most transcripts fell in the confidence re-
gion, several genes showed significant enrichment or decrease of ri-
bosomal counts (Fig. 2E), suggesting that differential translation may
act as a driving force in regulating gene expression in Th1 cells. Such
genes were mostly involved in cell signaling, differentiation and de-
velopment or in anabolic/catabolic cellular processes (Supplementary
File 1; ArrayExpress, accession number E-MTAB-5961).

To evaluate more precisely the impact of translation in regulating
gene expression, we calculated the translational efficiency (TE) of each
gene detected by our RNA-seq analysis, namely the log2 ratio of foot-
print-normalized counts over the average of mRNA-normalized counts
(Supplementary File 1). The rationale of our TE calculation is to define,
among the total pool of mRNAs, those specific transcripts which are
preferentially translated in our cellular setup. By these means we found
that the top 20 genes with the highest TEs were involved in RNA spli-
cing and processing while the top 20 genes with lowest TEs were in-
volved in nucleosome organization and chromatin assembly
(Supplementary File 1). When we analyzed all those genes whose TE
was significantly higher or lower than the mean, we found mainly genes
involved in metabolic pathways, confirming the notion that translation
can act as a master regulator of cellular metabolism. Next, we focused
on metabolic genes. In order to understand to which extent the acti-
vation of a specific metabolic pathway depended on translation, we

introduced the global TE index that can be defined roughly as the mean
of the TEs of all the genes acting in the same pathway. We show that the
global TE index widely varies in different pathways (Fig. 3A). We found
that pathways involved in amino acid transport and purine synthesis
showed the highest global TEs, while the electron transport and amino
acid deprivation pathways had the lowest global TEs (Fig. 3A). Sum-
marizing, our data suggest that in human Th1+ cells translation con-
tributes to the control of entire metabolic pathways.

3.2. Translational control discriminates between reversible and irreversible
reactions and accounts for specific protein expression in the presence of
equal amounts of mRNA

Several metabolic pathways fell in the median-value region, i.e.
presented average global TEs (Fig. 3A). Next, we analyzed the TE of
single genes belonging to the same pathway. Notably, we found that
within pathways with average TEs, some genes showed higher TE. The
first example relates to gluconeogenesis. Gluconeogenesis is the
synthesis of glucose from pyruvate, roughly the reverse of glycolysis.
Some enzymes are shared by both glycolysis and gluconeogenesis, be-
cause they perform reversible reactions, whereas some virtually per-
form irreversible reaction. In general, we found that common glyco-
lysis/gluconeogenesis enzymes had abundant mRNAs but no
translational enrichment, and low TEs, (Fig. 3B; Supplementary File 1),
suggesting their expression being switched on primarily at the tran-
scriptional level, exception made for GPI1, the only enzyme to show a
positive TE among all common glycolysis/gluconeogenesis genes
(Supplementary File 1). Rate limiting gluconeogenesis-specific enzymes
had reduced TEs and/or low or undetectable mRNAs (Supplementary
File 1), thus suggesting that gluconeogenesis, a pathway known to be
inactive in effector T cells, is predominantly switched off at the tran-
scriptional level. In contrast, glycolytic enzymes, which per se control
catabolic irreversible reactions, presented the highest TEs within the
glucose metabolism pathway, e.g. HK2 (Fig. 3B), suggesting their ex-
pression being translationally regulated.

Concerning the fatty acid synthesis pathway, we found that rate-

Fig. 5. Lack of correlation between mRNA and pro-
tein levels demonstrates the relevance of transla-
tional efficiency in gene expression.
(A-C) Gene expression of PKM2. For both CD4+

naïve T cells left untreated or polarized in vitro to
Th1, PKM2 RNA and protein levels were assessed.
(A) PKM2 mRNA levels of Th1 cells were normalized
to β-actin and plotted in percentage to expression
levels in naïve CD4+ T cells. (B) Imunofluorescence
detection of PKM2. A Double-immunostaining for
nuclei (DAPI) and for PKM2 was performed. Scale
bars: 10 μm. (C) Representative Western Blot of
PKM2 protein in CD4+ naïve T cells and Th1. Data
demonstrate that PKM2 protein expression is not
associated with mRNA levels, but depends on its high
TE. (D-E) Gene expression of TPI1. For both CD4+

naïve T cells left untreated or polarized in vitro to
Th1, TPI1 RNA and protein levels were assessed by
RT-qPCR (D) and western blotting (E). Target mRNA
levels were normalized to β-actin and are relative to
expression levels in naïve CD4+ T cells. Data de-
monstrate that TPI1 protein levels largely correlate
with mRNA expression. (F-G) Gene expression of
G6PD. Experiments performed as described for (D-E).
Data demonstrate that G6PD protein levels only
partly correlate with mRNA expression. All data are
representative of three independent experiments
(n = 3). Error bars represent Standard Deviation.
Statistical p-values were calculated using the two-
tailed t-test (NS: p-value > 0.05; ***: p-value <
0.001).
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limiting enzymes of fatty acid synthesis, such as ACACA and FASN, had
the highest TEs (Fig. 3C). The pentose phosphate pathway (PPP) is an
anabolic program essential for amino acid and nucleic acid production
(Patra and Hay, 2014) (Waickman and Powell, 2012). When analyzing
the TEs of PPP genes we found that also enzymes catalyzing for irre-
versible steps of the PPP showed the highest TEs among all PPP en-
zymes (Fig. 3D). Intriguingly the enzyme presenting the overall highest
TE was RPIA (Fig. 3D and Supplementary File 1), which, although not
being rate limiting, catalyzes the last fundamental step of the pathway,
favouring conversion of Ribulose-5-phosphate to Ribose-5-phosphate,
which is necessary for nucleic acids biosynthesis. Taken together, these
results suggest that translational control acts on selected enzymes of the
metabolic pathways that need to be switched on.

Next, we decided to independently test the efficacy and reliability of
our ribosome profiling strategy. Through polysome profile fractioning
followed by RT-qPCR, we validated the presence at the polysomes of a
set of selected metabolic transcripts which we predicted to be transla-
tionally regulated (Fig. 4A). We found that the transcripts of glycolytic
enzymes HK1 and PKM2 and of the fatty acids synthesis enzyme FASN
were highly abundant in the polysome fractions of in vitro differentiated
Th1 cells, in agreement with their predicted high TEs (Fig. 4B–D). We

then checked if translation of such mRNAs was dependent on the
mTORC1 pathway, which is fundamental for CD4+ Th1 differentiation
(Ray et al., 2015).We treated Th1 cells with Rapamycin, a well-known
mTORC1 inhibitor, which affects translation of TOP mRNAs (Gismondi
et al., 2014) and other eIF4F-dependent targets (Loreni et al., 2014). As
expected, the TOP mRNA RPS29 was strongly removed from polysomes
(Fig. 4E). A small but statistically significant effect was also seen for
HK1, PKM2 and FASN mRNAs (Fig. 4B–D). β-ACTIN mRNA was in-
sensitive to mTORC1 inhibition (Fig. 4F), as previously observed
(Gorrini et al., 2005). Taken together these data confirm that HK1,
PKM2 and FASN mRNAs are actively translated in human in vitro dif-
ferentiated Th1 cells. Intriguingly, they seem to be only partially under
the control of the mTORC1 signaling pathway, or, at least, less than
TOP mRNAs.

Next, we wanted to understand whether the predictions of ribosome
profiling data were also matched by protein levels. Our ribosome pro-
filing data suggested that PKM2 (Dayton et al., 2016), necessary for the
last irreversible step of glycolysis, i.e. pyruvate generation, was trans-
lationally regulated, whereas TPI1, that acts both in glycolysis and
gluconeogenesis (Ationu et al., 1999), was regulated at the transcrip-
tional level. We tested the mRNA and protein levels of PKM2 and TPI1

Fig. 6. mRNAs encoding for glycolytic enzymes
possess GC-rich 5′UTRs while mRNAs encoding for
enzymes involved in irreversible steps of the PPP and
fatty acids synthesis possess very long and highly
structured 5′UTRs.
(A) GC content of 5′UTRs of mRNAs encoding for
enzymes involved in the metabolism of glucose.
mRNAs were grouped in mRNAs encoding for en-
zymes involved in irreversible steps of glycolysis
(IRR) and mRNAs encoding for enzymes involved in
common glycolysis/gluconeogenesis steps (REV). (B)
5′ UTR length of mRNAs encoding for enzymes in-
volved in the fatty acids metabolism. Fatty acids
metabolism mRNAs were grouped in Fatty acids IRR
(IRR), which encode for enzymes which catalyze ir-
reversible steps of fatty acids synthesis and in Fatty
acids REV (REV), which encode for enzymes that
catalyze reversible steps of fatty acids metabolism.
(C) 5′ UTR lenght of mRNAs encoding for enzymes
involved in the pentose phosphate pathway (PPP).
PPP mRNAs were grouped in PPP IRR (IRR), which
encode for enzymes which catalyze irreversible steps
of PPP and in PPP REV (REV), which encode for
enzymes that catalyze reversible steps of PPP. (D) 5′
UTR ΔG of mRNAs encoding for enzymes involved
fatty acids metabolism. PPP mRNAs were grouped in
Fatty acids IRR (IRR), and in Fatty acids REV (REV),
see Fig. 4C. (E) 5′ UTR ΔG of mRNAs encoding for
enzymes involved in the pentose phosphate pathway
(PPP). PPP mRNAs were grouped in PPP IRR (IRR),
and in PPP REV (REV), see Fig. 4B. 5′UTR lenghts
and ΔGs are indicated. Statistical p-values were cal-
culated using unpaired one-tailed t-tests (NS: p-
value > 0.05; *: p-value < 0.05).
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by performing western blots and RT-qPCRs on naïve CD4+ T cells left
untreated or polarized in vitro to Th1 for 7 days. Importantly, PKM2 had
comparable mRNA levels in naïve and effector Th1 cells cells (Fig. 5A),
but showed drastically increased protein amounts in CD4+ differ-
entiated Th1 cells by both fluorescence microscopy (Fig. 5B) and wes-
tern blotting (Fig. 5 C). Conversely, TPI1 was highly regulated at the
transcriptional level since both mRNA levels (Fig. 5D) and protein le-
vels sharply increased in Th1 cells (Fig. 5E). These results are in
agreement with ribosome profiling predicting no translational regula-
tion. Thus, we conclude that translational regulation may primarily
trigger the expression of enzymes involved in rate-limiting catabolic
reactions of glucose metabolism, while the expression of enzymes in-
volved in reversible steps of glycolysis may primarily be regulated at
the transcriptional level.

Next, we focused on the PPP. By ribosome profiling, we predicted
G6PD to be translationally regulated (Supplementary File 1). Indeed,
we confirmed this scenario as we found highly increased protein levels
of G6PD in Th1 differentiated CD4+ T cells compared to naïve CD4 T
cells, but only a slight but not significant increase of the corresponding
mRNA (Fig. 5F and G).

3.3. Translational control may rely on specific 5′UTR features

Next, we attempted to understand the general mechanism of reg-
ulation by which enzymes involved in rate-limiting catabolic reactions
are translationally regulated. The general mechanism is probably
complex and may involve different types of regulatory elements. It is
well-known that 5′ UTRs can adopt secondary and tertiary structures
which affect proper initiation of translation of the downstream tran-
script (Leppek et al., 2018), therefore, we analyzed the 5′UTR sequence
and structure of the most abundant transcript isoforms encoding for
enzymes involved in glucose and fatty acids metabolism and in the PPP
(Supplementary File 1). We found that the 5′UTR of mRNAs encoding
for enzymes catalyzing irreversible steps of glycolysis were statistically
more GC-rich (Fig. 6A) while transcripts encoding for enzymes cata-
lyzing irreversible steps of either the PPP or fatty acids synthesis
showed longer 5′ UTRs (Fig. 6B and 6C) with lower ΔG (Fig. 6D and E)
(Supplementary File 1). We suggest that the complexity of the 5′UTR
contributes to translational regulation, but does not fully explain the
variety of regulations we found.

4. Discussion

Our study shows that translational control regulates the expression
levels of specific metabolic enzymes in CD4+ Th1 cells. Overall our
study supports the model by which translation is not only coordinated
with metabolism, but also acts upstream of metabolic steps, providing a
feed-forward mechanism in which mitogenic and nutrient signaling
activate a translational response (Biffo et al., 2018). Before discussing
the biological implications of our findings, some technical caveats have
to be briefly considered. In spite of several improvements, ribosome
profiling requires a sufficient amount of actively translating cells. This
requirement may be easily fulfilled in cell lines, but becomes a central
issue when analyzing primary human cells. Specific care was taken in
the continuous administration of cytokines and in the dilution of cells in
order to avoid overcrowding effects. In spite of this, culturing condi-
tions could be considered as a possible source of bias in the results we
obtained. In addition, we were limited by the number of cells required
for ribosome profiling, thus we had to focus on a single time point. Our
study misses therefore transcriptional feedback loops that dynamically
change the T cell response.

Another important issue is the in vivo relevance of the time course
that we selected. Numerous lines of evidence have suggested that the
generation of effector cells from a naive T cell takes several days, with T
cell response typically peaking around 7–15 days after initial antigen
stimulation (Kim et al., 2017). Most likely, our study reflects the late

expansion phase of effector T cells and their polarization to the Th1+

lineage (Geginat et al., 2014). The depth of our ribo-seq analysis, in
spite of the high number of cells utilized, does not match that of other
studies performed in cancer cells or in cell lines. Nonetheless, in our
conditions, we can state that metabolism is regulated at the transla-
tional level in human effector T cells thanks to the relatively high
abundance of metabolic mRNAs and the ease of their detection. How-
ever, we cannot exclude that other cellular processes, which rely on
mRNAs that are near or below the detection threshold, may be equally
regulated by translation. A simple model, driven by our data, is that
transcriptional activity leads to the accumulation of some mRNAs, like
PKM2 in our case, which are translationally silenced unless a specific
pathway is activated. In this way, specific biochemical reactions are
initiated only when multiple inputs are sensed by T cells.

Multiple pathways converge on the translational machinery (Roux
and Topisirovic, 2018). It is expected that, in the conditions that we
have run our analysis on, the main regulatory pathways acting on
translation are all active. The mTORC1 pathway is essential for Th1+

polarization (Ray et al., 2015). IFN-γ production requires the activity of
Mnk1 (Salvador-Bernaldez et al., 2017), which is the kinase that, to-
gether with Mnk2, phosphorylates eIF4E (Ueda et al., 2004). PKC sig-
naling, that is essential for the activation of eIF6 (Ceci et al., 2003;
Miluzio et al., 2009, 2011, 2015), is well known to be important for all
stages of T cell development (Baier and Wagner, 2009). Thus, the
translational activity of Th1+ cells may not be subset specific, but could
simply reflect an efficient activation of the translational machinery by
signaling pathways. If this were the case, we could expect that also
other T cell subsets might behave similarly to Th1 cells for what con-
cerns translational regulation of metabolism. This said, translation of
transcripts harboring structured and/or GC-rich 5′UTRs is known to be
highly affected by growth factors and overall translational rates (Brina
et al., 2015; Roux and Topisirovic, 2018), i.e. the higher the transla-
tional rate the more efficiently the transcript is translated. Proliferation
rates of different T cell subsets are quite different, implying that their
translational rates could also differ. We thus can speculate that tran-
scripts possessing a high TE in Th1 cells might not be so efficiently
translated in other subsets with lower translational rates.

It was interesting to note that, in order to keep high levels of
translation, we had to continuously supply cells with nutrients and
dilute them. This observation raises the possibility that, in vivo, in the
absence of nutrients and oxygen, tumor infiltrating lymphocytes, or
more generally, infiltrating lymphocytes, rapidly adapt their secretory
and metabolic profiles. Indeed, we expect that impaired translation
leads to a cascade of events that changes the biological profile of cells
without necessarily modifying the transcription level of certain mRNAs,
such as PKM2. If this where the case, the development of technologies
that score for the translational activity of single, infiltrating T cells
would be largely required and highly informative.

In conclusion, we provide evidence for the translational regulation
of specific metabolic enzymes in T cells. This regulation may consent T
cells to adopt posttranscriptional modulation of metabolism pending
microenvironmental clues that activate signaling cascades. Of these
cascades, mTORC1 signalling is certainly important, but does not ex-
plain the whole complexity of translational regulation.
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