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Abstract 

The transport of metabolites across biological membranes is vital for normal cellular func-
tions, including nutrient uptake, homeostasis, and toxin efflux. In eukaryotes, mitochon-
drial transporters in the inner mitochondrial membrane (IMM) play a pivotal role in en-
ergy production, metabolism, and the biosynthesis of a wide range of compounds. While 
functional assignments exist for over half of the mitochondrial transporters, emerging 
high-throughput methodologies underscore the need for reassessment and expansion of 
the current knowledge, particularly as evidence suggesting functional redundancy and 
substrate promiscuity has emerged. In this study, we investigated the substrate specificity 
of five yeast mitochondrial transporters—Crc1 (YOR100c), Ctp1 (YBR291c), Oac1 
(YKL120w), Pet9 (YBL030c), and Yhm2 (YMR241w)—via heterologous gene expression in 
Xenopus laevis oocytes and liquid chromatography-mass spectrometry (LC-MS)-based 
transport assays. We used two substrate mixtures: a 17-compound organic acid mix and 
a 13C-labeled yeast metabolite extract. Our results revealed broader substrate specificities 
than previously reported, as partially supported by substrate docking simulations. Pet9 
transported several organic acids and amino acids, while Yhm2 showed uptake of nine 
amino acids and fumaric acid. Additional promiscuous transport activity was observed 
for Crc1, indicating that these proteins may have more extensive metabolic roles than pre-
viously known. This study advances the understanding of yeast mitochondrial trans-
porter function, demonstrating redundancy and broad substrate specificity among mito-
chondrial carriers. It highlights the importance of utilizing in vivo heterologous systems 
and physiologically relevant substrate mixtures to elucidate transporter functionality. 

Keywords: transport proteins; Saccharomyces cerevisiae; organic acids; amino acids;  
mitochondria; Xenopus laevis oocyte 
 

1. Introduction 
The transport of metabolites across biological membranes is essential for all living 

organisms. Metabolite transport ensures key cellular functions such as efficient nutrient 
import, maintenance of cellular homeostasis, and efflux of toxic compounds. Among 
other applications, the model organism Saccharomyces cerevisiae has been extensively used 
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to understand the functions and molecular mechanisms of membrane proteins involved 
in metabolite transport. Despite these efforts, roughly two-thirds of the approximately 340 
transport proteins in S. cerevisiae remain uncharacterized. This is especially the case for 
transport proteins embedded in the membranes of intracellular compartments, such as 
vacuoles, peroxisomes, the endoplasmic reticulum (ER), and mitochondria. 

Mitochondria, essential organelles in most eukaryotic cells, play a key and funda-
mental role in energy generation. They produce ATP through the tricarboxylic acid (TCA) 
cycle and oxidative phosphorylation, both of which are essential for vital cellular func-
tions. Organic acids (OAs) are central in energy generation through ATP [1]. The signifi-
cance of mitochondria extends beyond energy generation; OAs play a pivotal role in the 
redox balance [2,3]. Additionally, mitochondria contribute to the metabolism and biosyn-
thesis of amino acids (AAs) such as alanine, glycine, and arginine [4–6], as well as various 
lipids [7], and in the synthesis of iron–sulfur clusters [8], underscoring their vital function 
in cellular metabolism and biosynthetic pathways. 

Unlike other organelles, which are surrounded by a single membrane, mitochondria 
are enclosed by two very distinct membranes: an outer mitochondrial membrane (OMM) 
and an inner mitochondrial membrane (IMM). These two membranes are separated by 
the intermembrane space, a region where protons are pumped during electron transport 
to create a gradient necessary for ATP synthesis on the IMM [1]. These two membranes 
serve distinct functions. On one side, the OMM contains porins whose purpose is to facil-
itate the diffusion of large molecules, ions, and peptides [9]. On the other side is its highly 
selective counterpart, the IMM. Its purpose is to facilitate the transport of specific metab-
olites by necessitating the action of mitochondrial carriers (MCs), as well as to take part in 
the electron transport chain [1]. Beyond metabolite transport, the functional specialization 
of mitochondrial membranes is also critical for processes such as mitochondrial quality 
control and turnover, including mitophagy, which has recently been shown to involve 
SUN family proteins localized to mitochondria [10]. 

Organic acid (OA) transport between the IMM and the mitochondrial matrix is es-
sential for energy generation and metabolic flux. Although the shuttling of OAs is a vital 
cellular process, their transport is characterized by redundancy and promiscuity among 
mitochondrial carriers. Such redundancy confers adaptability to S. cerevisiae. It has previ-
ously been shown that the deletion of genes encoding specific amino acid (AA) carriers 
did not affect the viability of S. cerevisiae [11], although it resulted in slower growth. 

While the substrate specificity of some of the MCs has been identified through in 
vitro-based assays [12], their specificity might be broader than previously thought. For 
instance, the complete deletion of the genes encoding the mitochondrial pyruvate carriers 
1, 2, and 3 (Mpc1–3) slows the uptake of pyruvate into mitochondria but does not abolish 
it completely, indicating the presence of pyruvate uptake into mitochondria by other 
transporters [13]. This redundancy is also evident in other mitochondrial carriers, such as 
Crc1, which transports carnitine [14] and potentially pyruvate. A quadruple knockout of 
MPC1–3 and CRC1 genes reduced mitochondrial pyruvate uptake but did not eliminate 
it [13], nor did it impair viability, suggesting a high degree of redundancy in the yeast 
mitochondrial transportome. 

Similarly, previous reports suggest that the knockout of genes encoding AA trans-
porters does not affect S. cerevisiae’s viability [11]. In addition to showcasing the robust 
adaptability of S. cerevisiae, this demonstrates a functional redundancy in the 
transportome, which is most likely not limited to plasma membrane transporters but may 
also be extended to mitochondrial transporters. 

Taking all of these observations into account, the aim of this study is to investigate 
the substrate specificity and potential promiscuity of five mitochondrial transporters. The 
selection of these five transporters was guided by phylogenetic analysis and supported 
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by previous evidence in the literature indicating their involvement in organic acid 
transport. Using a recently established methodology based on heterologous gene expres-
sion in Xenopus laevis oocytes in combination with a LC-MS based assay [11], five selected 
yeast mitochondrial transporters were assayed against a selection of OAs and a 13C-la-
beled metabolite mixture. Docking simulations of all identified substrates were further 
performed for the five transporters. Our results expand the knowledge on transportome 
redundancy, shedding light on the promiscuity phenomenon present in the mitochondria. 

2. Results 
2.1. Phylogenetic Analysis of Mitochondrial Transporters 

Phylogenetic inferences of mitochondrial transporters in S. cerevisiae showed well-
defined clades based on the mitochondrial carrier (MC) family classification (Figure 1). Of 
the 35 analyzed sequences, 33 fell within the MC family, while Mpc1 and Mpc2 diverged 
from the main MC clade. Their bootstrap values fell below the threshold of 50, indicating 
low confidence in their phylogenetic placement. Well-supported clades reflected the high 
sequence similarity between S. cerevisiae mitochondrial transporters, suggesting that they 
share a common evolutionary origin. However, Mfm1 displayed a markedly longer 
branch length than the other MC members. Although this could reflect a higher evolu-
tionary rate or long divergence time, the most likely explanation is its low sequence iden-
tity (<50%) relative to the other MCs. This can inflate the branch lengths in maximum 
likelihood reconstructions. Nevertheless, in the overall sequence conservation, functional 
divergence aligned with phylogenetic structure, indicating that even closely related trans-
porters may have evolved distinct substrate specificities. This supports the hypothesis that 
sequence identity does not necessarily equate to functional uniformity, and that substrate 
promiscuity may have arisen within certain evolutionary clades. To test this hypothesis, 
we selected five transporters—Crc1, Oac1, Ctp1, Yhm2, and Pet9 (Table 1)—to study fur-
ther promiscuity phenomena by functional assays. The selection of these five transporters 
was based on both previous evidence for their involvement in OA transport and their 
positioning in clearly distinct phylogenetic clades. The phylogenetic landscape of mito-
chondrial transporters in S. cerevisiae enables such data-informed decisions, supporting 
the selection of candidates for transporter functional characterization. The structure and 
function, combined with phylogenetic analysis, have been utilized previously to compare 
the relationships between transporter families [15]. 

The selected transporters were subjected to heterologous gene expression in X. laevis 
oocytes and assayed with two different sets of conditions: (i) an equimolar concentration 
of a 17-organic-acid mixture (OAM) (Supplementary Table S1), and (ii) a 13C-labeled me-
tabolite mixture from Pichia pastoris to study potential AA transport. 

Table 1. Mitochondrial transporters analyzed in this study. 

Transporter Gene Reported Substrate(s) Reference 
Crc1 YOR100c Carnitine * [14] 
Ctp1 YBR291c Citrate * [16] 

Oac1 YKL120w 
2-Isopropylmalate *, oxaloacetate *, 

sulfate [17,18] 

Pet9 YBL030c ADP */ATP [19] 
Yhm2 YMR241w Citrate *, fumarate *, oxoglutarate * [12] 

* Transport determined through radio-labeled assays. 



Int. J. Mol. Sci. 2026, 27, 1450 4 of 16 
 

https://doi.org/10.3390/ijms27031450 

 

Figure 1. Phylogenetic tree of mitochondrial carriers: Maximum likelihood phylogenetic tree con-
structed from 35 mitochondrial transporter protein sequences in S. cerevisiae. Stars  indicate se-
lected transporters in this study. Bootstrap support values are indicated by circle size, with larger 
circles representing higher support (ranging from 50 to 100). The tree was constructed using IQ-
TREE with 285 parsimony-informative sites, and the scale bar indicates one substitution per site. 

2.2. Transport of Organic Acids by Selected Mitochondrial Transporters 

From the 17-compound OAM, using our LC-MS method, we unequivocally detected 
ascorbic acid, citric acid, gluconic acid, succinic acid, adipic acid, 3-hydroxypropionic acid 
(3-HP), levulinic acid, fumaric acid, and malic acid. The remaining OAs (Supplementary 
Table S1) were not resolved in the LC-MS due to structural similarities and overlapping 
fragmentation patterns. The largest perturbation of OA uptake profile was observed for 
Pet9 amongst the analyzed carriers. This transporter showed uptake for multiple OAs 
(Figure 2). Another transporter that was able to facilitate the uptake of multiple organic 
acids was Crc1. This MC showed significant uptake of fumaric acid (0.85-fold), gluconic 
acid (1.42-fold), and malic acid (1.49-fold) compared to the low background uptake of fu-
maric acid (94.86 ± 11.86 AU), gluconic acid (44.27 ± 20.30 AU), and malic acid (7851 ± 1522 
AU) in the control GFP-producing oocytes (Figure 2). Oac1 showed significant uptake for 
fumaric acid (0.49-fold) and citric acid (1.24-fold) (Figure 2). Yhm2 displayed significant 
uptake for only one compound, fumaric acid (0.74-fold) (Figure 2). Lastly, Ctp1 was the 
only transporter that did not show any significant uptake for any of the detectable OAs in 
the tested mixture. 
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Figure 2. Uptake of organic acids into X. laevis oocytes: Boxplot of the uptake of nine different OAs 
into X. laevis oocytes heterologously producing five different mitochondrial transporters. Boxplots 
represent the peak area of uptake of each individual organic acid (x-axis) into transporter-producing 
oocytes normalized to the mean of the peak area for uptake into GFP-producing control oocytes. 
Four replicates were analyzed per transporter. Boxplot: The box boundary represents the interquar-
tile range (IQR), while the whiskers represent the 1.5× maximum and minimum values, gray dots 
depict outliers, and the line in the box represents the 50% median value. Statistical significance was 
evaluated by the Welch t-test (ANOVA): * < 0.05, ** < 0.01, *** < 0.001. 

2.3. Transport of Amino Acids by Selected Yeast Mitochondrial Transporters 

To determine whether the selected transporters garner greater promiscuity towards 
different types of metabolites, we further investigated the chosen transporters against the 
13C-labeled P. pastoris metabolite extract. This yeast metabolite extract, with a large variety 
of metabolites in physiological concentrations, mimics the native yeast environment. 
Transporter proteins, facing the extracellular milieu, are thus exposed to their potential 
substrates in a setting more closely resembling their native environment. We expressed 
the genes encoding for the transporters in X. laevis oocytes and carried out the uptake 
assay in the same way as previously mentioned, but using 13C-labeled P. pastoris metabo-
lite extract instead of the OAM, and using a different LC-MS methodology. Yhm2 trans-
ported the largest number of 13C-labeleled AAs (Figure 3). Significant uptake was ob-
served for alanine (0.34-fold), isoleucine (6.67-fold), leucine (6.29-fold), ornithine (4.46-
fold), phenylalanine (4.93-fold), valine (7.91-fold), proline (12.5-fold), and methionine 
(4.05-fold). Aspartate was likewise observed to be imported into the oocytes producing 
Yhm2 but not into the control oocytes, which only produced cytosolic GFP (Supplemen-
tary Figure S1A). Compared with no uptake into control GFP-injected oocytes, tryptophan 
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and leucine were observed to be transported by Crc1-producing oocytes; and glutamate, 
glutathione, and threonine were observed to be transported by Pet9-producing oocytes 
with no uptake into control oocytes (Supplementary Figure S1B). Interestingly, methio-
nine (3.91-fold) was likewise taken up by Pet9-producing oocytes in a significant manner 
compared with the control group of oocytes (48.14 ± 16.10 AU) (Figure 3). Ctp1 likewise 
showed significant uptake for methionine (3.64-fold) compared to the GFP-producing 
controls, as well as for aspartate, where none was present in the controls (Supplementary 
Figure S1A). 

In addition, molecular docking was used to assess transporter–substrate binding and 
compare predictions with in vivo transport data, using reported substrates as controls and 
AlphaFold structures where needed. Strong binding was correctly predicted for the 
known Pet9 substrates ADP and ATP, while most other interactions were weaker, with 
several moderate-affinity interactions matching experimental uptake and others not ob-
served experimentally (Supplementary Figure S2). 

 

Figure 3. Uptake of 13C-labeled amino acids into X. laevis oocytes: Boxplot of the uptake of 17 AAs 
into X. laevis oocytes heterologously producing five different mitochondrial transporters. Data 
shown represent the peak area of uptake of each individual amino acid (x-axis) into transporter-
producing oocytes. Each replicate, consisting of 3–6 individual oocytes, was normalized to the mean 
of the control (heterologously expressing the GFP gene), which was a biological quadruplicate con-
sisting of 3–6 oocytes. Four replicates were used per transporter. Boxplot: The box boundary repre-
sents the interquartile range (IQR), while the whiskers represent the 1.5× maximum and minimum 
values, gray dots depict outliers, and the line in the box represents the 50% median value. Statistical 
significance was evaluated by the Welch t-test (ANOVA): * < 0.05, ** < 0.01, *** < 0.001. 
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2.4. Hierarchical Cluster Analysis for Uptake of OAs and AAs 

Similar substrate specificities might indicate overlapping or redundant transporter 
functions. In order to investigate the differences and similarities among the five transport-
ers based on the identified substrates, we next conducted hierarchical cluster analysis for 
OAs and AAs. 

The transporters Oac1 and Pet9 formed a distinct cluster suggesting commonalities 
between either their function or substrate specificity (Figure 4). A second cluster emerged 
from the transporters Yhm2 and Crc1, whose involvement with the transport of OAs fell 
within a similar pattern. Unsurprisingly, Ctp1 displayed no meaningful similarities with 
the other transporters, as it did not facilitate the uptake of any of the tested OAs. The OAs 
clustered together into two distinct groups: one defined by malic acid and succinic acid, 
and another formed by citric acid, 3-hydroxypropionic acid, and adipic acid. The remain-
ing compounds—ascorbic acid, levulinic acid, fumaric acid, and gluconic acid—did not 
form any distinct clusters. 

Exploration of the relationship between the selected transporters and P. pastoris me-
tabolite extract revealed a distinct clustering pattern associated with the metabolites and 
transporters. Yhm2 stood out, as it exhibited a distinct pattern of metabolite interactions 
and transporter specificity of the metabolites, whereas methionine, phenylalanine, and 
glutathione displayed the most significant transporter-associated interactions. Conversely, 
leucine and ornithine had a lower degree of transporter-associated interactions. Notably, 
Pet9 and Yhm2 clustered together, suggesting a close relationship, while the remaining 
transporters (Ctp1, Oac1, and Crc1) formed a distinct separate cluster. Several of the 
screened AAs clustered into distinct groups; notably, the amino acids methionine, orni-
thine, and phenylalanine and the tripeptide glutathione formed a cluster distinct from the 
rest of the screened AAs, pertaining to significant interactions with the transporters. 

 

A 
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Figure 4. Hierarchical cluster analysis of uptake of OAs (A) and AAs (B) by mitochondrial trans-
porters produced in X. laevis oocytes. The heatmap depicts the statistical significance (p-values) of 
the uptake of either OAs, consisting of a mixture, or AAs from a 13C-labeled metabolite mixture. The 
significance of the uptake is represented by the color intensity, ranging from salmon (<0.05) to pur-
ple (<0.01) and dark purple (<0.001). The dendrograms on the left and top sides cluster the OAs/AAs 
and transporters based on similarity. The hierarchical clustering and heatmap visualization were 
performed using Seaborn’s cluster function, which utilizes Ward’s linkage method with Euclidean 
distance. 

3. Discussion 
In this study, we functionally re-evaluated five S. cerevisiae MCs by heterologously 

producing them in X. laevis oocytes and screening them against two complex substrate 
mixtures comprising of a set of 17 OAs and a 13C-labeled yeast metabolite extract. In con-
trast to previous studies, which typically assessed individual substrates using reconsti-
tuted proteoliposome assays, our in vivo system enabled the detection of a broad range 
of transport events under near-physiological membrane conditions with minimal back-
ground transport activity. This methodology revealed a substantially wider substrate rep-
ertoire for each of the examined transporters than has previously been reported. 

Among our five selected carriers, Yhm2 exhibited the most pronounced functional 
expansion, showing significant transport not only for OAs but also for several AAs—par-
ticularly methionine and proline—as well as the tripeptide glutathione. This is the first in 
vivo evidence of AA transport by the Yhm2 transporter, which suggests a dual-purpose 

B 
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role of the transporter in both OA and AA metabolism. This expansion of functionality 
suggests far greater implication in the metabolism and transport of AAs than has widely 
been associated with the aspartate–glutamate carrier Agc1 [20] and the s-adenosylmethi-
onine carrier Pet8 [21], as well as through indirect transport through the oxodicarboxylate 
carriers Odc1 and Odc2 [22]. 

Other carriers in our analysis displayed extended transport profiles. Ctp1, the carrier 
traditionally associated with citrate transport [16], showed unexpected uptake for methi-
onine and aspartate, suggesting possible implications in nitrogen metabolism in addition 
to its canonical OA transport. Oac1, a known oxaloacetate/sulfate transporter [18], trans-
ported fumarate and citrate in our assay, while Crc1, conventionally linked to carnitine 
shuttling, imported several AAs and OAs when assayed under in vivo conditions. Pet9, 
the essential ADP/ATP carrier, also transported several non-canonical substrates, includ-
ing the OAs malic acid, gluconic acid, succinic acid, citric acid, adipic acid, and 3-hp, as 
well as the AA methionine and the tripeptide glutathione. Although Pet9’s primary role 
remains adenine nucleotide exchange, it has also been implicated in the transport of por-
phyrin derivatives [23]. Such results support emerging evidence that adenine nucleotide 
carriers may possess broader substrate capacities depending on structural context and 
membrane composition. The human paralog ANT1, which shares 73% sequence identity 
with PET9, has been implicated in the transport of charged fatty acids via a “Fatty Acid 
sliding mechanism” [24]. This mechanism could potentially explain the transport of ani-
onic OAs observed in our study, given their classification as short-chain fatty acids. 

Another mechanism that has gained traction is how the lipid composition affects the 
transporter activity [25]. It has been shown that lipid composition (mainly cholesterol) has 
an influence on the gating effect of ion channels [26]; it has likewise been shown that al-
tering the cholesterol and sphingolipid contents alters the selectivity of aquaporins to-
wards water permeability [27]. More evidence has also been seen for the anionic lipids’ 
ability to alter the channel activity of certain ion channels [28]; the proximity of the anionic 
lipids to certain salt bridges within the channels would positively modulate the channel 
[28]. For MCs such as Pet9, it has recently been demonstrated how cardiolipin modulates 
MC transport activity [29]. With these recent findings, it is possible that the substrate pref-
erence of our chosen MCs is modulated when embedded in the Xenopus plasma mem-
brane, the composition of which is slightly different from the yeast mitochondrial IMM. 
Primarily, it consists of phosphatidylcholine (PC) and sphingomyelin (SM), accounting 
for 62% of the total phospholipid content, while phosphatidylethanolamine (PE) sits at 
22%, phosphatidylinositol (PI) at 7%, and phosphatidylserine (PS) at 5% [30]. Cholesterol 
is likewise present but measured in a different manner. The mitochondrial IMM, on the 
other hand, consists of 38% PC, 24% PE, 16% PI, 4% PS, 2% phosphatidic acid, and 16% 
cardiolipin [31], while the OMM contains 46% PC, 33% PE, 10% PI, 1% PS, 4% phosphatic 
acid, and finally 6% cardiolipin. As stated previously, the heterologous production of our 
MCs in the X. laevis oocyte plasma membrane—where more cholesterol and sphingomy-
elin lipids, along with low amounts of anionic lipids, are found—likely modulates the 
MCs in a different manner, allowing for the uptake of a wide range of substrates. Never-
theless, our results point towards a broader substrate profile of the MCs than was previ-
ously established. 

Importantly, the expanded transport activities observed in this study have direct im-
plications for central mitochondrial metabolism. Many of our identified substrates, such 
as fumarate, citrate, and malate, are key intermediates of the TCA cycle. Transport of these 
metabolites can therefore influence oxidative metabolism, biosynthetic reactions, and re-
dox balancing. In this context, the increased promiscuity of the MCs provides alternative 
entry and exit points for these metabolites, which, in turn, contribute to the metabolic 
flexibility under varying physiological conditions. 
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In addition, the observed transport of AAs and related metabolites, such as methio-
nine, proline, and glutathione, links MC activity to AA biosynthesis, nitrogen metabolism, 
and cellular redox homeostasis. Altered transport capacity of the MCs may therefore mod-
ulate the exchange of metabolites between the mitochondrial matrix and cytosol, support-
ing a broader and more robust energy balance and biosynthetic capacity, contributing to 
more adaptive transport capacity of mitochondria. 

Molecular docking was used to evaluate whether computational predictions could 
support the experimentally observed broad substrate specificity, despite known limita-
tions for transporters due to their dynamic conformations [32,33]. The analysis identified 
several moderate-affinity interactions that aligned with experimental transport activity 
but also showed discrepancies likely arising from the high structural similarity of Al-
phaFold-predicted transporter models (Supplementary Figures S2 and S3, Supplementary 
Tables S4 and S5). Nonetheless, docking controls for the crystallized transporter Pet9 
(YBL030c) showed expected binding to known substrates and supported several experi-
mentally observed interactions, providing partial validation of the experimental results. 

Altogether, the discrepancies in substrate specificities for the five selected MCs in this 
study compared to previous works might be due to the use of different methodologies. 
First, we employed Xenopus oocytes as an in vivo system for studying S. cerevisiae mito-
chondrial transporters, while previous studies have utilized in vitro proteoliposome as-
says. Both systems provide a platform for single-transporter characterization. However, 
the Xenopus plasma membrane can be dynamically modulated by the cell and has a well-
characterized lipid composition, whereas the proteoliposomal membrane constitutes a 
static lipid environment, which can be designed in the pre-experimental phase but does 
not constitute a dynamic or native environment. Second, the differences in the number of 
substrates as well as their concentrations, combined with a different method of detection 
used in our study compared to previous works, could also have given rise to the broader 
observed substrate specificities of the five selected transporters. 

4. Materials and Methods 
4.1. Materials 

Cloning materials were obtained from New England Biolabs (Ipswich, MA, USA) or 
Thermo Scientific (Waltham, MA, USA). Gene sequencing services were provided by Eu-
rofins Genomics (Ebersberg, Germany), and oligonucleotides were purchased from Inte-
grated DNA Technologies (Leuven, Belgium). Yeast metabolite extract from Pichia pastoris 
U-13C (98%) (13C-PP) was purchased from Euriso-Top (Saarbrücken, Germany). All other 
materials were purchased from Sigma Aldrich (München, Germany), unless stated other-
wise. 

4.2. Cloning and Plasmid Construction 

The E. coli DH5α strain was used for plasmid amplification, and successful trans-
formants were selected on LB plates with 100 µg/mL ampicillin. Cloning of transporter 
genes for cRNA expression in X. laevis oocytes  was completed as previously described 
[34]. Briefly, mitochondrial transporter genes were first cloned into pCfB5245 plasmids 
encoding for T7p-β-globin 5-UTR and β-globin 3-UTR [35]. The resulting plasmids were 
then used as a PCR template for the amplification of the cassette fragment for in vitro RNA 
synthesis. Capped RNAs for transporter production in oocyte cells were then synthesized 
with the T7 mMESSAGE mMACHINE™ kit (Thermo Fisher Scientific, MA, USA). The 
quality of the cRNAs (>500 ng/µL) was analyzed with the Agilent 2100 Bioanalyzer from 
Agilent Technologies (Waldbronn, Germany) before proceeding with oocyte injection. All 
oligonucleotides and plasmids are listed in Supplementary Tables S2 and S3, respectively. 
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4.3. Transport Assay in Oocyte Cells 

Defolliculated X. laevis oocytes, stages V–VI, were purchased from EcoCyte Biosci-
ence GmbH (Dortmund, Germany). Oocytes were injected with 50 nL of cRNA (400 ng/µL 
transporter cRNA and 100 ng/µL GFP cRNA) using an automated RoboInject device (Mul-
tichannel System, Reutlingen, Germany) and incubated for three days at 18 °C. After-
wards, GFP-positive cells were selected and used further for the uptake assay. 

Three to six oocyte cells per biological replicate were pre-incubated in a Kulori buffer 
(90 mM NaCl, 1 mM KCl, 1 mM MgCl2, 1 mM CaCl2, 5 mM HEPES, pH 7.4) supplemented 
with gentamycin (100 µg/mL) and then transferred to 13C-PP at pH 7.4 or OAM at pH 5.0 
(Supplementary Table S1) for 1 h at room temperature. Cells were subsequently trans-
ferred to 4 °C Kulori buffer to stop the assay and washed three times in fresh Kulori buffer 
before being disrupted with 100 µL of ice-cold 50% (v/v) methanol. Cell lysates were in-
cubated for 2 h at −20 °C and then spun down to remove cell debris. Finally, 70 µL from 
the supernatant was mixed with 50 µL of water before subjecting it to LC-MS analysis. 

4.4. Liquid Chromatography-Mass Spectrometry 

OAs and yeast metabolite extracts in the diluted oocyte extracts were subjected to 
analysis by LC-MS. Briefly, chromatography was performed on a 1290 Infinity II UHPLC 
system (Agilent Technologies). Separation was achieved on a Zorbax RRHD Eclipse XDB-
C18 column (150 × 3.0 mm, 1.8 µm, Agilent Technologies). Formic acid in water (0.05%, 
v/v) and acetonitrile (supplied with 0.05% formic acid, v/v) were employed as mobile 
phases A and B, respectively. The elution profile was as follows: 0.0–0.5 min, 3% B; 0.5–
5.95 min, 3–30% B; 5.95–6.0 min 30–98% B; 6.0–7.0 min, 98% B; 7.0–7.1 min, 98–3% B; and 
7.1–8.0 min, 3% B. The mobile-phase flow rate was 400 µL/min. The column temperature 
was maintained at 40 °C. The LC was coupled to an Ultivo triple-quadrupole MS (Agilent 
Technologies) equipped with a Jetstream electrospray ionization (ESI) source. The ion 
spray voltage was set to +4000 V and 3500 in positive and negative ion modes, respectively. 
The dry gas temperature was set to 325 °C, and the dry gas flow was set to 10 L/min. The 
sheath gas temperature was set to 250 °C and the sheath gas flow to 12 L/min. The nebu-
lizing gas was set to 40 psi. Nitrogen was used as the dry gas, nebulizing gas, and collision 
gas. The instrument parameters were optimized for the best detection of all metabolites 
with mixes of reference standards. Multiple reaction monitoring (MRM) was used to mon-
itor precursor ion → fragment ion transitions. Both the Q1 and Q3 quadrupoles were 
maintained at unit resolution. Mass Hunter Quantitation Analysis for QQQ software (Ver-
sion 10.1, Agilent Technologies) was used for data processing. 

4.5. Data Analysis 

Raw data from LC-MS was analyzed and processed with Mass Hunter Quantitation 
Analysis for QQQ software (Version 10.1, Agilent Technologies). Standard settings were 
used for peak integration (Integrator: Agile2, Noise algorithm: RMS, noise SD multiplier: 
5.0). Statistical analyses and figure generation were performed using Python (version 2.6.3) 
and the following packages: NumPy (version 1.26.4) [36], Pandas (version 2.2.1) [37,38], 
SciPy (version 1.13.0) [39], matplotlib (version 3.8.0) [40], and Seaborn (version 0.13.1) [41]. 
All scripts were run in Jupyter Notebooks (version 7.0.3). 

4.6. Phylogenetic Tree Construction 

A total of 35 amino acid sequences were manually downloaded from the Uniprot 
database [42] in .fasta format, and multiple sequence alignment was performed with Mus-
cle5 [43]. Subsequently, trimAl v2.0 was used for automated alignment trimming [44]. 
Phylogenomic inferences were constructed with IQ-Tree v2.4 [45,46] using 285 parsi-
mony-informative sites, 644 singleton sites, and 1078 constant sites. An initial parsimony 
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tree was performed using the LG + I + G model and maximum likelihood to choose the 
best-fitting model with ModelFinder [47], which resulted in LG + F + I + G4 after 20 itera-
tions. By applying Ultrafast Bootstrap (UFBoot) [48,49], the bootstrap correlation coeffi-
cient of split occurrence frequencies was 0.995 after 300 iterations. Finally, a consensus 
tree was produced and exported. The tree visualizations and annotations were generated 
using iTOL v6 [50]. All packages were downloaded from Github via Bioconda [51] and 
were used in conjunction with Python. 

4.7. Molecular Docking Analysis 

Molecular docking analysis was performed for five of the transporters with all AAs 
and OAs detected in the assay mixtures. The structures of all transporters used for dock-
ing were obtained from the AlphaFold Protein Structure Database [52,53]. The 3D sub-
strate structures were retrieved from PubChem [54] and ChEBI [55]. The protein and lig-
and input files were prepared and loaded using Meeko (version 0.6.1 Forli Lab, 2024), 
OpenMM (version 8.2.0) [56], and RDKit (version 2023.09.6) [57]. Structure superimposi-
tion was performed using PyMOL (the PyMOL Molecular Graphics System, Version 3.1.3 
Schrödinger, LLC, NY, USA). 

The molecular docking simulations were carried out with AutoDock Vina (version 
1.2.7) [58,59], with the exhaustiveness parameter set to 32. The search space for docking 
was defined by grid boxes measuring 30 × 30 × 30 Å3, which were placed around the cen-
troids of the proteins. Minor adjustments were made to center the grids on the expected 
binding cavities, which were modeled after the region identified as the substrate-binding 
site in [21]. The precise box specifications are listed in Supplementary Table S5. 

The top ten scoring poses were further investigated using PyMOL and UCSF Chi-
mera (version 1.10rc202505210000) [60], and atom-level interactions were identified with 
PLIP 2025 [61] for visualization. Finally, the top scoring positions for each protein–ligand 
interaction were further analyzed and visualized in a heatmap using Matplotlib (version 
3.10.1) [41], Pandas (version 2.1.4) [38], and Seaborn (version 0.13.2) [41]. 

5. Conclusions 
Our study reveals previously overlooked redundancies and suggests new substrate 

specificities for five mitochondrial transporters in S. cerevisiae. In addition to investigating 
the functional overlap in the mitochondrial transport systems, this work expands on the 
existing knowledge about the substrate specificity and range of the selected MCs. By mim-
icking yeast’s native environment, with a rich availability of OAs and AAs, we propose 
Yhm2 to be involved in the transport of eleven AAs and fumaric acid. Furthermore, our 
findings indicate that Pet9 has a broader substrate specificity than previously thought, 
being able to facilitate the transport of six OAs. This study expands our understanding 
about mitochondrial transporter redundancy, which could potentially guide future efforts 
in metabolic engineering strategies that rely on the engineering of transporters for the 
production of valuable compounds. 
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Abbreviations 
AA Amino acid 
E.coli  Escherichia coli 
GFP Green fluorescent protein 
IMM Inner mitochondrial membrane 
LC-MS Liquid chromatography-mass spectrometry  
MC Mitochondrial carrier 
MPC Mitochondrial pyruvate carrier 
OA Organic acid 
OAM Organic acid mix 
OMM Outer mitochondrial membrane 
S. cerevisiae Saccharomyces cerevisiae 
TCA cycle Tricarboxylic acid cycle 
X. laevis Xenopus laevis 
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