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A B S T R A C T

Gene therapy with adeno-associated virus (AAV) vectors is rapidly advancing, but manufacturing productivity 
still limits dose availability and cost. Culture medium composition strongly shapes cellular metabolism and 
production yield; however, the chemical complexity of defined formulations makes relevant components difficult 
to pinpoint using targeted assays alone. Here, we present an AAV media-development workflow integrating 
untargeted metabolomics, trace element analysis, and multivariate modeling of spent media containing cell 
lysate. We applied this workflow to two human embryonic kidney 293 (HEK293) producer lines, cultivated in 
four chemically defined media. With capsid titer as the response, the models revealed medium- and cell line- 
dependent chemical signatures linked to AAV2 productivity. We identified 37 compounds significantly posi
tively correlated with this response, providing prospective candidates for media optimization. As a proof-of- 
concept, nicotinic acid supplementation increased genomic AAV2 titer in VPC2.0 cultures. To our knowledge, 
this is the first AAV-focused study integrating spent-media chemical profiling with multivariate modeling for 
media optimization.

1. Introduction

Gene therapy has emerged as a promising approach for treating ge
netic disorders. Among available gene delivery vectors, adeno- 
associated virus (AAV) vectors have gained a strong reputation due to 
high delivery efficiency and low immunogenicity [1,2]. Several 
AAV-based treatments are already approved, with over 100 in ongoing 
clinical trials [3,4]. However, manufacturing productivity remains a 
major bottleneck for dose availability and treatment cost. For example, 
one therapeutic dose for spinal muscular atrophy has been reported at 
2.0 × 1014 vector genomes (vg)/kg [3], whereas a 1000 L bioreactor 
running a standard production process may yield approximately 2.0 ×
1015 vg, roughly one dose for one infant [5]. Increasing AAV produc
tivity without expanding infrastructure is therefore essential.

AAV production requires a suitable producer cell and culture me
dium. Common platforms include insect-based Sf9 cells and human cells 
such as HeLa or HEK293 [5]. Upstream AAV production can be 
improved by optimizing the transfection cell density, transfection 

reagent [6], plasmid system [7], and gene-of-interest sequence [8]. 
Medium formulation also affects AAV quality and yield [9], as key nu
trients and trace elements modulate cellular metabolism. Identifying 
factors that constrain or enhance AAV production is essential to pinpoint 
targets for media optimization, but this is challenging given the chem
ical diversity among nutrients and supplements. Trace elemental vari
ability in media raw materials has been linked to variable cell culture 
performance and product quality [10,11], supporting integrated 
consideration of trace elements alongside other nutrients. Moreover, 
many conventional analytical methods target predefined molecules, 
limiting discovery of previously unknown contributors to cell growth 
and productivity [12].

Metabolomics enables wide characterization of media-induced 
metabolic differences [13]. Ultra-high-performance liquid chromatog
raphy coupled with high-resolution mass spectrometry 
(UHPLC–HRMS) can profile a broad metabolite space [14,15], while 
multivariate data analysis (MVDA) supports interpretation of 
high-dimensional datasets [16,17]. Principal component analysis (PCA) 
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reduces dimensionality and reveals dominant data trends [18], while 
orthogonal partial least squares (OPLS) can relate independent variables 
(chemical profile) to process responses such as AAV titer [19]. In 
antibody-producing cultures, MVDA has linked media composition, 
process variables, and critical quality attributes such as glycosylation 
[16,20], demonstrating its utility for optimizing industrial bioprocesses.

We therefore investigated how defined HEK293 media variants in
fluence AAV2 production. We combined untargeted UHPLC–HRMS 
metabolite profiling, inductively coupled plasma-mass spectrometry 
(ICP-MS) trace element analysis, and MVDA of spent media containing 
cell lysate. This enabled us to relate spent-media chemical profiles to 
AAV2 productivity and prioritize compounds for follow-up media 
optimization.

2. Material and methods

2.1. Cell culture and AAV production

Expi293F and VPC2.0 cells (Thermo Fisher Scientific, Germany) 
were thawed and expanded in their respective culture media (Vendor 
anonymized). We evaluated an off-the-shelf medium (A) and three in- 
house variants of a second medium (B-1, B-2, B-3). Cells were culti
vated in 125 mL plain shake flasks at 37 ◦C and 5% CO2, 185 rpm with 
50 mm deflection, and sub-cultured every 3–4 days.

For transient AAV2 production, cells were inoculated 24 h before 
transfection at 2.0 × 106 cells/mL in 22 mL and adjusted on transfection 
day to 3.0 × 106 cells/mL in 28.5 mL. AAV2 was produced using a three- 
plasmid system (Sartorius, Germany and France) and FectoVIR®-AAV 
(Sartorius Polyplus S.A.S., France). DNA-reagent pre-complexes were 
prepared in 1.5 mL of respective cell culture media using 1 µg DNA per 
1.0 × 106 cells and a 1:1 FectoVIR®-AAV:DNA ratio, mixed for 20 s at 15 
rpm in an overhead shaker, and incubated for 30 min at room temper
ature before addition to cultures. Transfections were performed in two 
biological replicates.

2.2. Harvest and cell lysis

Cultures were harvested 72 h post-transfection and lysed with 10 ×
Tergitol lysis buffer (1 × final concentration) containing benzonase. 
Lysates were incubated for 2 h at 37 ◦C, 5% CO2 and 185 rpm with 50 
mm deflection), then centrifuged for 15 min at 2000 x g. The collected 
supernatants contained AAV, extracellular metabolites, lysate-released 
intracellular metabolites, and media components.

2.3. Titer determination

Capsid titers were quantified with the AAV2 Xpress ELISA kit (Pro
gen, Germany) on an epMotion 5075 liquid handler (Eppendorf, Ger
many), according to the manufacturer’s instructions. Genomic titers 
were quantified using a QX200 Droplet Digital PCR system (Bio-Rad 
Laboratories, Germany). Capsid titers across media and cell lines were 
evaluated by two-way analysis of variance (ANOVA) with replication.

2.4. Trace element analysis

Trace elements were quantified on an Agilent 7800 ICP-MS (Agilent 
Technologies, Germany). Samples were diluted in trace element-free 
Suprapure® Water (Merck, Germany) containing 1.5% nitric acid 
(Sigma-Aldrich, USA) and spiked with an internal standard. Calibration 
standards were measured for curve generation and control samples for 
system suitability. Data acquisition and quantification was performed in 
MassHunter 5.2 (Agilent Technologies).

2.5. Untargeted metabolomics analysis

Untargeted metabolomics used two biological replicates per 

condition; each measured in technical triplicate. A quality control (QC) 
sample (pool of all samples) was injected every 8–10 samples, and a 
four-level QC dilution assessed linearity. Samples were diluted in 1% 
acetic acid (Sigma-Aldrich, USA) and analyzed on a Vanquish UHPLC 
coupled to an Orbitrap Exploris 240 HRMS (both Thermo Fisher Scien
tific, USA). Internal standard was added to each sample to monitor run- 
order effects and instrument performance.

Chromatographic separation was performed on a reverse-phase col
umn using a 22-min gradient from 100% water to 70% Methanol (Carl 
Roth, Germany) with 5 µL injection volume. Mass spectra were acquired 
with electrospray ionization in positive and negative modes using full- 
scan MS with data-dependent MS/MS (ddMS2). Full-scan MS covered 
m/z 60–700 and ddMS2 used Top3 mode.

2.6. Compound annotation and data processing

Raw data were acquired and preprocessed in Xcalibur 4.6, then 
processed in Compound Discoverer 3.3 (both Thermo Fisher Scientific). 
Peak areas were QC-corrected (SERRF algorithm [21]) to normalize 
intensities to pooled QCs and reduce drift. Features were retained with 
peak quality score ≥ 6 (0–10; based on criteria such as peak-to-valley 
ratio), relative standard deviation < 20% across technical replicates in 
at least one biological sample, sample/blank ratio ≥ 5, and coefficient of 
determination (R²) > 0.9 in the QC dilution series. Annotation used 
mzCloud and ChemSpider. Positive- and negative-mode feature lists 
were merged, retaining only the negative-mode features for compounds 
detected in both modes.

2.7. Multivariate data analysis

MVDA was performed in SIMCA® 18.0 (Sartorius Data Analytics AB, 
Sweden) using 643 metabolites and 7 trace elements as inputs (X) and 
capsid titer as the response (Y). Data were mean-centered and unit- 
variance scaled. No run-order effect was observed. The first two PCA 
components provided a data overview, followed by OPLS regression. 
OPLS model dimensionality was estimated by the cross-validated coef
ficient of prediction (Q2). Each medium-cell-line combination consti
tuted a separate cross-validation fold, grouping biological replicates. 
Cross-validated ANOVA (CV-ANOVA) [22] and permutation tests 
assessed significance and overfitting, respectively.

Two PCA and two OPLS models were fitted: all-media PCA (5 com
ponents, R2X = 0.73, Q2 = 0.43), medium B-only PCA (4 components, 
R2X = 0.68, Q2 = 0.41), all-media OPLS (1 predictive + 1 orthogonal 
component, R2Y = 0.82, Q2 = 0.02, CV-ANOVA p ≈ 0.905), and medium 
B-only OPLS (1 predictive component, R2Y = 0.81, Q2 = 0.60, CV- 
ANOVA p ≈ 3.07 × 10–7). Selection of compounds as prospective can
didates for media optimization was performed using the medium B-only 
OPLS model.

Correlation-scaled loadings (p(corr)) were computed from the me
dium B-only model. With mean-centering and unit-variance scaling, p 
(corr) is equivalent to the Pearson correlation coefficient (r) [23] be
tween X and predicted Y.

Significance thresholds for titer-correlated variables were derived 
from Student’s two-tailed t-distribution: t = r √((n-2)/(1-r2)) with n = 6 
biological samples. Multiple testing correction used the Benjamini- 
Hochberg false discovery rate (FDR; q = 0.10) [24].

2.8. Nicotinic acid supplementation experiment

Based on the MVDA results nicotinic acid was selected for follow-up 
supplementation to assess its effect on AAV2 productivity. VPC2.0 cells 
were transiently transfected to produce AAV2 (see Section 2.1). Four 
hours post-transfection, cultures were exposed to three distinct con
centrations of nicotinic acid (1.12, 11.23, or 112.31 mg/L; Glentham 
Life Sciences, UK) from a dimethyl sulfoxide (DMSO) stock solution 
(Sigma-Aldrich). Reference cultures included a solvent control treated 
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with 0.9% DMSO and an untreated control. Mean genomic titers and 
mean integral of the viable cell density (iVCD) of two biological repli
cates were evaluated from two biological replicates per condition. 
Supplementation effects on genomic titer were evaluated by one-way 
ANOVA, with p < 0.05 considered significant.

3. Results and discussion

3.1. Cell culture medium and cell line are major determinants of AAV 
productivity

To assess how defined HEK293 media and producer cell lines affect 
AAV2 productivity, capsid titers were quantified across four HEK293 
cell media (A, B-1, B-2, B-3) and two HEK293 cell lines (Expi293F, 
VPC2.0) (Fig. 1). Expi293F in medium B-1 gave the highest mean capsid 
titer (1.99 × 1012 vector particles (vp/mL)), whereas Expi293F in me
dium A yielded the lowest titer (1.11 × 1012 vp/mL). VPC2.0 showed 
limited medium-dependent variation, with similar capsid titers in me
dium A, B-2, and B-3. Expi293F outperformed VPC2.0 across most 
medium-cell line combinations, indicating that both medium and cell 
line influenced AAV2 productivity.

Two-way ANOVA of capsid titers (Table 1) confirmed significant 
main effects of both medium (p ≈ 0.0046; B-1 highest) and cell line (p ≈
0.015; Expi293F > VPC2.0), without significant interaction (p ≈ 0.17). 
This aligns with the limited medium-dependent variation observed for 
VPC2.0 cells (similar capsid titers in A, B-2, and B-3). Together, these 
results demonstrate that both medium and cell line are major de
terminants of AAV productivity. Given that cell line development, 
including screening for highly productive cell clones can require 6– 12 
months [25], medium optimization becomes particularly important. 
Even at later stages in process development, it is much easier to adjust 
the medium than to change or further adapt the cell line. We therefore 
applied MVDA to identify chemical variation underlying the produc
tivity differences in our data.

3.2. Analysis of data structure using PCA

PCA was used to summarize the combined chemical data (metab
olomics and trace element data) and evaluate how cultivation conditions 
influenced spent-media chemical profiles. With all media included 
(Fig. 2A), samples separated into two dominant clusters: A and B. The B 
variants spread primarily along t[1], whereas medium A separated from 
the B group along t[2], consistent with medium A being metabolically 

distinct from the related medium B variants. Medium B-only PCA 
(Fig. 2B) provided clearer separation among the B variants and between 
cell lines, with clustering by medium-cell-line combination. PCA 
therefore indicated that A/B differences were the main source of vari
ation in the data, while subtler within-B differences motivated separate 
evaluation in relation to capsid titer.

3.3. OPLS links chemical profiles to product titer

We first built an OPLS model relating chemical profiles to capsid titer 
across all media. Although this model explained substantial Y variation 
(R2Y = 0.82), it showed poor predictive performance (Q2 = 0.02) and 
was not significant by CV-ANOVA (p ≈ 0.905). This reflected the con
servative cross-validation design, with biological replicates grouped by 
medium-cell-line combination, alongside the distinct A and B formula
tions. Because the dominant A/B chemical differences did not support 
capsid-titer prediction across held-out combinations, the all-media 
model was not used to select media-optimization candidates.

The medium B-only OPLS model showed comparable explained 
variation (R2Y = 0.81), moderate predictive ability (Q2 = 0.60), and was 
significant by CV-ANOVA (p ≈ 3.07 × 10–7), supporting biological 
interpretation of metabolite-titer correlations within the related B 
formulation series. Its scores (Fig. 3A) displayed trends consistent with 
the univariate analysis: Expi293F in B-1 was most positively, and 
VPC2.0 in B-2/B-3 most negatively, correlated with predicted capsid 
titer. The corresponding loadings (Fig. 3B) summarized variable con
tributions to the titer model. Based on p(corr) values after FDR correc
tion, 37 compounds were significantly positively correlated and 7 were 
significantly negatively correlated with capsid titer (p < 0.05, q = 0.10). 
No trace element met the significance criteria.

Fig. 1. AAV2 capsid titers across medium-cell line combinations. Bars show means ± SD from two biological replicates, each measured in duplicate. Expi293F 
generally exceeded VPC2.0 in B variants; Expi293F in B-1 was highest and medium A lowest.

Table 1 
Two-way ANOVA with replication for capsid titer by cell line and medium. Two 
biological replicates were used. SS = sum of squares, df = degrees of freedom.

Source of 
variation

SS [% of 
total]

df MS 
[scaled]

F- 
statistic

p-value

Cell line 17.6 1 17.6 9.49 ≈ 0.015
Medium 55.2 3 18.4 9.89 ≈

0.0046
Cell line x 

medium
12.3 3 4.1 2.20 ≈ 0.17

Error (within) 14.9 8 1.9 - -
Total 100 15 - - -
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Because the media optimization goal in this study was higher titer, 
biological interpretation focused on the positively correlated com
pounds. Amino acids formed the largest class among these compounds 
(12 molecules), followed by organic acids, lactones/pyrones, and car
bohydrates (Fig. 3C). These compounds and related metabolic pathways 
represent prospective candidates for enrichment in follow-up media 
optimization. Conversely, negatively correlated compounds can be 
evaluated as putative productivity inhibitors for removal from the me
dium. More broadly, this workflow can be adapted to other serotypes or 
response variables to identify candidates specific to alternative optimi
zation objectives. While models might overlap to some extent, they do 
not necessarily lead to the exact same outcome and therefore should be 
evaluated separately.

3.4. Nicotinic acid supplementation improves AAV2 yield

The significantly positively correlated metabolites included com
pound classes (e.g. amino acids) related to enhanced metabolic activity. 

Several compounds belonged to the class of six-membered heterocyclic 
structures with an oxygen atom and two double bonds, suggesting 
pyrone-like motifs. They are essential parts of pyranose sugars e.g. 
glucose, as well as nucleotide sugars, pointing toward a connection with 
nucleotide precursor availability and thus to AAV genome replication, 
ensuring efficient virus production [26,27]. Accordingly, genomic titer 
was used instead of capsid titer as the response variable for a follow-up 
supplementation experiment with nicotinic acid. Nicotinic acid was 
selected because it is a primary source of NADPH (reduced nicotinamide 
adenine dinucleotide phosphate) a key metabolite in the Pentose Phos
phate Pathway which provides ribose-phosphate precursors for nucle
otide synthesis [28].

AAV2-producing VPC2.0 cells were treated with three nicotinic acid 
concentrations (Fig. 4). The highest concentration, 112.31 mg/L, 
significantly increased genomic titer to 2.3 × 1011 vg/mL compared 
with the DMSO solvent control (1.5 × 1011 vg/mL, +53%, p < 0.05) and 
untreated control (1.2 × 1011 vg/mL, +85%, p < 0.05). Minimal iVCD 
variation between conditions (1.3 × 107 - 1.5 × 107 cells × d/mL) 

Fig. 2. PCA score plots (t[1] vs t[2]) with Hotelling's 95% T2 ellipse. (A) All-media PCA (5 components; R2X(t[1]) = 0.31, R2X(t[2]) = 0.22) separates medium A 
from B variants. (B) Medium B-only PCA (4 components; R2X(t[1]) = 0.36, R2X(t[2]) = 0.16) separates samples by B variant and cell line. Symbols are colored by 
medium and shape-coded by cell line.
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indicated that the increased genomic titer was not primarily biomass- 
driven but instead appeared to reflect higher culture-specific AAV2 
productivity.

4. Conclusion

Manufacturing productivity remains a key limitation for AAV gene 
therapy, and identifying relevant media components is challenging 
because defined formulations are chemically diverse. We used an inte
grative workflow combining an accessible sampling approach with 
untargeted UHPLC-HRMS metabolomics, ICP-MS trace element analysis, 
and multivariate modeling to assess how defined HEK293 media and 
producer cell lines shape AAV2 productivity. Analysis of spent media 
containing cell lysate showed that medium and cell line significantly 
affected capsid titers. Among the medium B variants, OPLS identified 37 
compounds significantly positively correlated with capsid titer as pro
spective candidates for media optimization. As a proof-of-concept, 

supplementation with nicotinic acid after transfection significantly 
increased genomic AAV2 titer in VPC2.0 cultures. The identified 
correlated compounds should be interpreted in the context of this 
AAV2/capsid-titer scenario, but the workflow can be extended to other 
serotypes and response variables, including genomic titer and full-to- 
empty capsid ratios, to identify putative candidates for alternative 
optimization goals. Overall, this work establishes, to our knowledge, the 
first AAV media-development workflow integrating spent-media chem
ical profiling with multivariate modeling. More broadly, it offers a 
general approach for translating spent-media chemical profiles into 
deeper process understanding and targeted media optimization.
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AAV vectors: the Rubik’s cube of human gene therapy, Mol. Ther. 30 (2022) 
3515–3541, https://doi.org/10.1016/j.ymthe.2022.09.015.

[2] J.C. Grieger, R.J. Samulski, Adeno-associated virus vectorology, manufacturing, 
and clinical applications, Methods Enzymol. 507 (2012) 229–254, https://doi.org/ 
10.1016/B978-0-12-386509-0.00012-0.

[3] J.R. Mendell, S. Al-Zaidy, R. Shell, W.D. Arnold, L.R. Rodino-Klapac, T.W. Prior, 
L. Lowes, L. Alfano, K. Berry, K. Church, J.T. Kissel, S. Nagendran, J. L’Italien, D. 
M. Sproule, C. Wells, J.A. Cardenas, M.D. Heitzer, A. Kaspar, S. Corcoran, L. Braun, 
S. Likhite, C. Miranda, K. Meyer, K.D. Foust, A.H.M. Burghes, B.K. Kaspar, Single- 
dose gene-replacement therapy for spinal muscular atrophy, N. Engl. J. Med. 377 
(2017) 1713–1722, https://doi.org/10.1056/NEJMoa1706198.

[4] ClinicalTrials.gov, Online database of clinical research studies for the US. http:// 
ClinicalTrials.gov, 2025 (accessed 23 June 2025).

[5] O.W. Merten, Development of stable packaging and producer cell lines for the 
production of AAV vectors, Microorganisms 12 (2024), https://doi.org/10.3390/ 
microorganisms12020384.

[6] J.C. Grieger, S.M. Soltys, R.J. Samulski, Production of recombinant adeno- 
associated virus vectors using suspension HEK293 cells and continuous harvest of 
vector from the culture media for GMP FIX and FLT1 clinical vector, Mol. Ther. 24 
(2016) 287–297, https://doi.org/10.1038/mt.2015.187.

[7] S.D. Moreno Velasquez, E. Gerstmann, D. Grimm, Goody two plasmids: an 
optimized transient transfection system for AAV vector production, Mol. Ther. 
Methods Clin. Dev. 30 (2023) 191–193, https://doi.org/10.1016/j. 
omtm.2023.06.010.

[8] J.-S. Guan, K. Chen, Y. Si, T. Kim, Z. Zhou, S. Kim, L. Zhou, X.M. Liu, Process 
improvement of adeno-associated virus (AAV) production, Front. Chem. Eng. 4 
(2022), https://doi.org/10.3389/fceng.2022.830421.

Fig. 4. AAV2 genomic titers (vg/mL) in VPC2.0 cultures 72 h post-transfection. Cultures received three nicotinic acid concentrations or 0.9% DMSO solvent control 4 
h post-transfection; untreated cultures received neither nicotinic acid nor solvent control. Bars show means ± SD from two biological replicates. Statistical analysis 
by one-way ANOVA, asterisks indicate p < 0.05.

M. Lehmkuhl et al.                                                                                                                                                                                                                             Journal of Chromatography A 1783 (2026) 467188 

6 

https://doi.org/10.1016/j.ymthe.2022.09.015
https://doi.org/10.1016/B978-0-12-386509-0.00012-0
https://doi.org/10.1016/B978-0-12-386509-0.00012-0
https://doi.org/10.1056/NEJMoa1706198
http://ClinicalTrials.gov
http://ClinicalTrials.gov
https://doi.org/10.3390/microorganisms12020384
https://doi.org/10.3390/microorganisms12020384
https://doi.org/10.1038/mt.2015.187
https://doi.org/10.1016/j.omtm.2023.06.010
https://doi.org/10.1016/j.omtm.2023.06.010
https://doi.org/10.3389/fceng.2022.830421


[9] A. Kamen, O. Henry, Development and optimization of an adenovirus production 
process, J. Gene Med. 6 (Suppl 1) (2004) S184–S192, https://doi.org/10.1002/ 
jgm.503.

[10] R.J. Graham, H. Bhatia, S. Yoon, Consequences of trace metal variability and 
supplementation on Chinese hamster ovary (CHO) cell culture performance: a 
review of key mechanisms and considerations, Biotechnol. Bioeng. 116 (2019) 
3446–3456, https://doi.org/10.1002/bit.27140.

[11] C.H. Weiss, J.S. Caspari, C. Merkel, A. Zimmer, Copper impurity of iron raw 
material contributes to improved cell culture performance, Biotechnol. Prog. 38 
(2022) e3251, https://doi.org/10.1002/btpr.3251.

[12] C.F. Shen, A. Rodenbrock, S. Lanthier, E. Burney, M. Loignon, Optimization of 
culture media and feeding strategy for high titer production of an adenoviral vector 
in HEK 293 fed-batch culture, Vaccines 12 (2024), https://doi.org/10.3390/ 
vaccines12050524.
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