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SUMMARY

Cancer patients frequently suffer from anemia and cancer-related pain, which can be treated by non-opioid

analgesics such as diclofenac (DCF) and acetaminophen (APAP) attenuating inflammatory responses. The

pro-inflammatory cytokine interleukin (IL)-6 triggers the expression of acute-phase proteins, including the

iron regulator hepcidin. Using proteomics and dynamic pathway modeling, we show that DCF and APAP

directly impact IL-6 signaling by enhancing the induction of the feedback-inhibitor suppressor of cytokine

signaling 3 (SOCS3), reducing signal transducer and activator of transcription (STAT)3 phosphorylation,

and decreasing the expression of most acute-phase proteins except for hepcidin. In primary human hepato-

cytes (PHHs), the impact depends on the patient-specific extent of SOCS3 induction, which is anti-correlated

with hepcidin expression. Whereas, in liver cancer cells, DCF and APAP stabilize the interaction of autocrine

secreted bone morphogenic protein (BMP) with its receptor, resulting in strongly amplified hepcidin expres-

sion. Our studies suggest that co-inhibition of the BMP receptor counteracts excessive hepcidin production

upon treatment with pain-relieving drugs and could prevent iron-deficiency-caused anemia in liver cancer. A

record of this paper’s transparent peer review process is included in the supplemental information.

INTRODUCTION

During the progression of cancer, patients frequently experience

increasing pain and develop chronic inflammation and anemia

due to functional iron deficiency. For the treatment of mild to

moderate pain, non-opioid analgesic compounds are widely

used.1 Diclofenac (DCF) and acetaminophen (APAP/paraceta-

mol) are common over-the-counter drugs with analgesic, antipy-

retic, and anti-inflammatory effects, acting through inhibition of

prostaglandin synthesis. DCF directly binds to and inhibits cyclo-

oxygenases (COX)-1 and -2.2–4 APAP has been proposed to be

metabolically converted and conjugatedwith arachidonic acid to

N-arachidonoylaminophenol (AM404), thereby indirectly inhibit-

ing COX.5 Since prostaglandin synthesis affects the production

of the key pro-inflammatory cytokine interleukin (IL)-6,6 DCF

and APAP may affect the IL-6-mediated acute-phase response.

IL-6 binds to the IL-6 receptor (IL-6R) and the signal trans-

ducer glycoprotein 130 (gp130), activating the receptor-associ-

ated Janus kinase 1 (JAK1) and leading to phosphorylation of

gp130 and recruitment of the signal transducer and activator of

Cell Systems 16, 101431, November 19, 2025 © 2026 The Authors. Published by Elsevier Inc. 1
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transcription (STAT)3. Phosphorylated STAT3 dimerizes, trans-

locates to the nucleus, and activates target gene expression.7

One early target gene of STAT3 is the suppressor of cytokine

signaling 3 (SOCS3), which mediates receptor degradation and

inhibition of JAK1, thereby shaping the extent and duration of

the IL-6 response.7 However, context-specific factors could in

addition affect the dynamics of the negative feedback loop

and, as a consequence, modulate IL-6 signaling responses.

In the liver, IL-6-induced STAT3 activation triggers the early,

intermediate, or late expression of target genes encoding

acute-phase response proteins.8,9 A prominent acute-phase

protein is hepcidin, which is encoded by theHAMP gene. Hepci-

din, a key regulator of iron homeostasis, acts systemically: it is

produced by hepatocytes and secreted into the bloodstream.

By binding to the iron exporter ferroportin, it inhibits the uptake

of dietary iron by duodenal enterocytes and the release of

release frommacrophages and hepatocytes.10Hepcidin expres-

sion is regulated not only by IL-6 but also by the bone morpho-

genic protein (BMP) pathway.11 BMPs are signaling proteins of

the transforming growth factor β (TGF-β) superfamily and are pri-

marily secreted by non-parenchymal cells in the liver such as he-

patic stellate cells12 or liver sinusoidal endothelial cells.13 Bind-

ing of BMP ligands to type I and II BMP receptors (BMPRs)

activates phosphorylation of mothers against decapentaplegic

homolog 1 (SMAD1), 5 and 8 and their complex formation with

SMAD4.14 The resulting SMAD-complexes translocate to the nu-

cleus and induce target gene expression, including inhibitor of

DNA binding 1 (ID1) and 3 (ID3).15 BMP signal transduction is in-

hibited by the induction of the feedback regulators SMAD6 and

SMAD7,16–18 extracellular antagonists such as Noggin19 or

small-molecule inhibitors, including dorsomorphin that target

type I BMPRs,20 providing means for targeted modulation of

hepcidin expression.

Given that cancer patients frequently take high doses of DCF

and APAP, a systematic elucidation of differences in their re-

sponses is of clinical relevance. Hepatotoxic effects of DCF

and APAP at extended exposure times and escalating dosages

indicate potential effects on the global proteome of liver cells.21

These observations suggest that both drugs might have global

effects on the proteome of liver-derived cells and thus could

affect the IL-6 mediated induction of acute-phase proteins. As

differences in protein synthesis, metabolism, transport, and

drug metabolism exist between hepatoma cell lines and primary

human hepatocytes (PHHs),22 DCF and APAP might have

distinct effects in these cellular model systems.

A key aspect could be to address the molecular mechanisms

determining the impact of DCF and APAP on the induction of IL-6

mediated responses and potential cross-talks with other path-

ways such as BMP signal transduction. Due to the non-linearity

of the involved reactions and feedback regulation, a mathemat-

ical modeling approach is required to systematically elucidate

regulatory mechanisms23 and to identify reactions affected by

compounds such as DCF and APAP. Several mathematical

models of the IL-6 pathway have been developed.9 These

models were utilized to dissect the contribution of the combina-

torial binding of STAT3 and SMAD-complexes to the HAMP

mRNA promoter region, and to quantify the impact of IL-6 and

BMP signal transduction on hepcidin expression.11By the estab-

lishment of the L1-regularization approach that allows to identify

cell-context-specific reactions in a signaling network,24 we pro-

vide the means to systematically pinpoint reactions in the com-

plex IL-6 signal transduction network potentially affected by

DCF and APAP.

Here, we show that the non-opioid analgesics DCF and APAP

reduce the expression of acute-phase proteins in the hepatoma

cell line HepG2 and PHHs. Using data-based mechanistic

modeling, we dissect the effects of DCF and APAP on IL-6 and

BMP signal transduction as well as their integrative impact on

hepcidin expression in both cell types, and provide insights

into the inter-patient heterogeneity of the regulation. This

approach allows us to identify a mechanism leading to an ampli-

fied expression of hepcidin in hepatoma cells. Validation of the

cell-context-specific mechanism allows to propose a selective

intervention strategy that could be employed to counteract the

adverse impact of the widely used pain-relieving drugs on iron

homeostasis in liver cancer.

RESULTS

Quantitative proteomics reveals the impact of DCF and

APAP on the acute-phase response in liver cells

To evaluate the potential impact of the non-opioid analgesics

DCF and APAP on signal transduction induced by IL-6 in liver

cells, we conducted a system-wide proteomic analysis of

PHHs and the human hepatoma cell line HepG2 stimulated

with 10 ng/mL IL-6 for 6 h. This IL-6 concentration was selected

since it resulted in maximal phosphorylation of STAT3, the key

mediator of IL-6 signal transduction, in both cell types

(Figures S1A and S1E). Using data independent acquisition

(DIA)-mass spectrometry (MS) (Figures 1A and 1C), we detected

approximately 6,000 proteins in PHHs (Figure S1B), of which

1,200 proteins were decreased and 600 were increased in

response to IL-6 (based on uncorrected p value < 0.05,

Figure S1C). In HepG2 cells, about 8,000 proteins were detected

(Figure S1F), of which about 300 proteins were decreased and

150 proteins were increased (uncorrected p value < 0.05), sug-

gesting that overall IL-6 responsiveness was higher in PHHs

compared with HepG2 cells, although present in both cell types.

To identify biological processes modulated by IL-6 stimulation,

we applied ingenuity pathway analysis (IPA)25 and identified

the acute-phase response to be among the most significantly

upregulated pathway upon IL-6 stimulation in PHHs and the

most upregulated pathway in HepG2 cells (Figures S1D

and S1H).

A more detailed analysis of the acute-phase response associ-

ated proteins detected in our global proteome study revealed

that in PHHs, the majority of known IL-6-induced acute-phase

proteins were detected, with the exception of SOCS3, hepcidin,

and factor 8 (F8) (Figure 1B), which is most likely due to their low

abundance. In PHHs, more than half of the detected acute-

phase proteins were significantly increased after 6 h of IL-6 stim-

ulation, including serum amyloid P-component (APCS),

C-reactive protein (CRP), heme oxygenase 1 (HMOX1) and 2

(HMOX2), haptoglobin (HP), lipopolysaccharide-binding protein

(LBP), alpha-1-antiproteinase (SERPINA1), superoxide dismut-

ase [Mn], mitochondrial (SOD2), and fibrinogen chains alpha

(FGA), beta (FGB), and gamma (FGG) (Figures 1B and S1C). In

HepG2 cells, we detected fewer IL-6-induced acute-phase
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proteins; however, similar to what we observed in PHHs, FGA,

FGB, FGG, HMOX1, and HP, as well as ceruloplasmin (CP)

and alpha 1-antichymotrypsin (SERPINA3), were increased by

IL-6 stimulation (Figures 1D and S1G), establishing these pro-

teins as key markers for the IL-6-induced acute-phase response

in our liver cell models.

To evaluate the impact of DCF or APAP on IL-6 induced re-

sponses in PHH and HepG2 cells, we employed 500 μM DCF

and 10 mM APAP for 6 h. This choice was based on own exper-

iments,26 and the results of a ring trial21 showing that exposure to

doses of 1 mM DCF and 30 mM APAP for 24 h were tolerated by

PHH and HepG2 cells but had a hepatotoxic effect after 72 h of

exposure. Furthermore, we confirmed in a dose escalation study

with HepG2 cells that a 3-h exposure with the selected doses

(Figure S3A) did not result in hepatotoxic effects, as determined

by overall changes in mRNA expression. Accordingly, at the

global proteome level, we detected by DIA-MS in PHH and

HepG2 cells stimulated with IL-6, DCF, APAP, or co-treated for

6 h equal numbers of proteins (Figure S2), indicating that no gen-

eral toxicity was induced within this time frame, thereby avoiding

bias in our analysis. Of note, treatment with DCF or APAP alone

already had a global effect on protein abundance compared with

the DMSO control: in PHH, a decrease in about 1,100 proteins

and an increase in about 600 proteins was observed

(Figure S2A), and for HepG2 cells, the effects were even more

pronounced as about 1,800 proteins were decreased and 800

were increased (Figure S2C).

Given the impact at the global proteome level, we hypothe-

sized that both compounds could affect the IL-6-induced

acute-phase response. To define the influence and determine

whether DCF and APAP have distinct roles, we focused our anal-

ysis on the acute-phase marker proteins FGA, FGB, FGG,

HMOX1, and HP, since they are induced by IL-6 stimulation in

both cell types, yet to a stronger extent in PHH compared with

HepG2 cells (Figures S1C and S1G). In both cell types, DCF or

APAP alone led to a reduction of the control levels of FGA,

FGB, and FGG but had a stronger inhibitory effect on the IL-6-

induced expression (p value < 0.001) of these proteins

(Figures 1E and 1F). In PHH, the induction of HP and HMOX1

in response to IL-6 stimulation was less pronounced compared

with the other examined marker proteins, but upon co-treatment

with DCF, HP levels were significantly reduced, and upon APAP

treatment, HMOX1 expression was lowered. HepG2 cells dis-

played a similar inhibitory effect of DCF and APAP on the expres-

sion of FGA, FGB, FGG; however, in these cells, the expression

of HPwas also strongly induced by IL-6 and inhibited by APAP or

DCF (Figure 1F).

Thus, our global proteome studies identify PHH and HepG2 as

suitable cellular models to study IL-6-induced acute-phase re-

sponses. We demonstrate that already after 6 h of exposure,

the non-opioid analgesics DCF and APAP inhibit the expression

of acute-phase proteins.

DCF and APAP decrease long-term IL-6 responses by

increasing SOCS3 mRNA half-life

To systematically unravel mechanisms explaining the inhibitory

effects of DCF and APAP on the IL-6-induced acute-phase re-

sponses in PHH and HepG2, we first studied the impact of

both compounds on the IL-6 signal transduction pathway in

HepG2 cells, since the availability of PHHs is very limited.

Time-resolved stimulation of HepG2 cells with IL-6 for up to 3 h

led to a transient increase of phosphorylated STAT3 in the cyto-

plasm (pSTAT3) and the nucleus (npSTAT3), reaching a

maximum amount of 0.55 μM (pSTAT3) and 0.65 μM (npSTAT3)

after 10min and returning to steady-state levels of around 0.1 μM

after 70 min (Figure 2A, symbols). Co-stimulation with IL-6 and

DCF or APAP did not affect the time-to-peak nor the peak ampli-

tude but resulted in reduced levels of pSTAT3 and npSTAT3

beyond 60 min of co-stimulation compared with non-drug

treated cells. The induction of themRNA and protein of the nega-

tive feedback regulator SOCS3 reached a peak between 50 and

60 min (Figure 2B, symbols). Co-treatment with IL-6 and DCF or

APAP prolonged the peak of SOCS3mRNA expression, delayed

its peak expression by approximately 10 min, and led to a more

linear decline back to steady-state levels. Even though DCF and

APAP delayed the initial SOCS3 protein expression, its absolute

abundance increased over 120 min of IL-6 stimulation, providing

a possible explanation for the reduced STAT3 levels after pro-

longed DCF or APAP treatment.

To further elucidate the molecular mechanism that might

contribute to the observed effects of DCF and APAP on IL-6

signal transduction, we established a mathematical model

Figure 2. DCF and APAP decrease long-term IL-6 responses by increasing SOCS3 mRNA half-life

(A) Experimental data (symbols) of nuclear and cytoplasmic pSTAT3 in HepG2 cells treated with the indicated compounds and respective model trajectories

(lines). Shown aremean ± SD, n = 3.Model trajectories were generated with the IL-6 coremodel with drug-modified parameters shown in (E). Error bars are based

on uncertainty estimated by the error model, based on triplicates.

(B) Experimental data (symbols) ofSOCS3mRNA and SOCS3 protein expression in HepG2 cells treated with the indicated compounds andmodel trajectories (lines).

mRNA amounts measured by quantitative real-time polymerase chain reaction were normalized to the housekeeper HPRT. Shown are mean ± SD, n = 3. Model

trajectories were generated as in (A).

(C) Number of molecules per cell of STAT3 and gp130 in untreated HepG2 cells and of SOCS3 in IL-6 treated HepG2 cells determined by quantitative immu-

noblotting (n = 4, average indicated by red line).

(D) L1-regularization was used to identify parameter changes that are required in the mathematical core model from (E) to describe the drug effect of DCF and

APAP. Data shown in (A) and (B) were employed for calculating the Bayesian information criterion (BIC). The yellow line indicates the minimum of the BIC used to

select which parameter differences are important to describe the data. Purple arrows indicate the two most crucial parameter changes.

(E) IL-6 core model including the effect of DCF and APAP on the different reactions. BIC calculations of the L1 regularization (D) were employed to determine the

essential parameters reflecting the impact of DCF and APAP. These parameters were included in themodel reactions. Arrows indicate biochemical reactions and

represent ordinary differential equations (ODEs). Phosphorylated species are indicated by P. Model topology was developed based on the mathematical model

presented in Sobotta et al.9

(F) Model-predicted (striped bars) and quantitative real-time polymerase chain reaction measured (solid bars) effect of DCF and APAP on IL-6 dependent SOCS3

mRNAhalf-life. Confidence intervals are indicated by horizontal black lines. mRNA half-lives were calculated from three independent experiments. Bars represent

mean ± SD, n = 3. Significance was tested with Student’s t test, n.s., not significant, *p < 0.05, **p < 0.01, ***p < 0.001.
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(Figure 2E) based on our previously reported mechanism-based

dynamic pathway model of IL-6 induced JAK1/STAT3 signal

transduction in primary murine hepatocytes (PMHs).9 Here, we

focus on the gp130/JAK1 receptor complex, the different phos-

phorylated species of STAT3, as well as SOCS3 mRNA and

SOCS3 protein, with the final IL-6 core model consisting of 12

coupled ordinary differential equations (ODEs) (Methods

S2.1.3). To calibrate the mathematical model, we measured

the absolute concentrations of receptor, transcription factor,

and negative feedback protein by quantitative immunoblotting,

showing that HepG2 cells contain approximately 528,000

STAT3 molecules/cell and 108,000 gp130 molecules/cell in

absence of IL-6 and 5,000 SOCS3 molecules/cell upon stimula-

tion with IL-6 for 90 min (Figure 2C). The obtained abundances

were converted to cellular concentrations based on a total cell

volume of 850 μm3 and a nuclear:cytoplasmic ratio of 1:3 for

HepG2 cells.22 The three parameters describing the degradation

rate of the IL-6 receptor complex were derived from Gerhartz

et al.27 The remaining 15 dynamical parameters of the IL-6

core model were estimated based on our experimental time

course data obtained in HepG2 cells (Figures 2A and 2B).

To systematically identify potential molecular targets of DCF

and APAP in the IL-6 signal transduction network, we employed

themathematical model to investigate which of the 18 dynamical

parameters of the IL-6 coremodel were changed in the presence

of DCF or APAP. Therefore, we performed an L1-regularization

approach,24,26 which identified the minimal set of parameters

that had to be adjusted in the drug-treated conditions to match

the mathematical model with the experimental data. Figure 2D

displays the model-predicted changes of these parameters in

the presence of DCF or APAP as a function of the regularization

strength. By calculating the Bayesian information criterion (BIC),

we identified the regularization strength indicating a parsimo-

nious model (dashed yellow line in Figure 2D), indicating the

smallest number of parameters that are required to be changed

while the model is still in line with the experimental data. This

analysis revealed a set of eight key parameter changes per

drug in the reaction network. Compared with IL-6-treated sam-

ples, treatment with DCF required five parameters to be

decreased (red) and three parameters to be increased (green,

Figure 2D, upper), whereas APAP required seven parameters

to be decreased and one parameter to be increased

(Figure 2D, lower). The significance of the APAP- and DCF-medi-

ated differences was determined by calculating the likelihood

profiles of the L1 model, as shown in Figure S8. Concluding,

the L1-regularization approach predicted an impact of DCF or

APAP on IL-6 induced signal transduction in HepG2 cells based

on the following model parameters: DCF decreases receptor

production, delays the nuclear export of SOCS3mRNA, and de-

creases degradation of SOCS3 mRNA, SOCS3 protein produc-

tion, and degradation (Figure 2D, upper, red letters). Additionally,

DCF also increases the basal activation of IL-6 signal transduc-

tion, as well as the nuclear import of pSTAT3 and SOCS3mRNA

transcription (Figure 2D, upper, green letters). APAP decreases

receptor production, receptor degradation, STAT3 activation,

SOCS3 mRNA degradation, as well as delays SOCS3 mRNA

transcription and, in turn, decreases SOCS3 protein production

and degradation (Figure 2D, lower, red letters). Additionally, an

increase in the basal activation of IL-6 signal transduction by

APAP was predicted (Figure 2D, lower, green letters). Following

L1-regularization, we computed confidence intervals via the pro-

file likelihood method28 (see Figure S7 and Methods 2.2.2) and

uncovered that, despite being selected in the analysis, the

degradation effect of APAP on the IL-6 receptor was not neces-

sary in the calibrated IL-6 model (Figure 2E). Altogether, the pa-

rameters of the final model, including the effect of DCF and

APAP, were calibrated based on 1,484 data points. The cali-

brated IL-6 signal transduction model, including the predicted

impact of DCF and APAP on IL-6 signal transduction, was able

to describe the experimental data of IL-6 induced STAT3 phos-

phorylation upon drug treatment as well as the DCF- and APAP-

dependent changes (Figure 2A, lines). Furthermore, it was also

capable of capturing the sustained increase of SOCS3 mRNA

and the delayed increase in SOCS3 protein abundance upon

co-treatment with IL-6 and DCF or APAP (Figure 2B, lines).

Intriguingly, six out of eight parameter changes were the same

for both compounds, with SOCS3mRNA delay and degradation

being consistently decreased throughout the regularization pro-

cedure with the highest regularization strength (Figure 2D, purple

arrows). Accordingly, we predicted with our mathematical model

that the half-life of the IL-6-induced SOCS3 mRNA increased

from 14.4 to 25.1 min upon co-stimulation with DCF and even

to 31.2 min upon co-stimulation with APAP (Figure 2F, striped

bars). To experimentally validate this model-predicted RNA-sta-

bilizing effect of DCF and APAP, we measured SOCS3 mRNA

half-life in HepG2 cells either treated with IL-6 alone or in combi-

nation with IL-6 and one of the compounds. Indeed, DCF treat-

ment increasedSOCS3mRNA half-life in IL-6 treated cells nearly

2-fold, from 12.7 to 20.9 min, and APAP even nearly 4-fold, to

46.5 min (Figure 2F, solid bars).

Taken together, we show with our mathematical modeling

approach that DCF and APAP affect multiple reactions in the

IL-6 signal transduction network and identify an increase in the

mRNA half-life of the key negative regulator SOCS3 mRNA as

the most prominent drug effect. Thus, the increased presence

of the negative feedback loop upon co-treatment with DCF or

APAP lowers STAT3 activity, which could explain the observed

marked reduction in the IL-6 acute-phase response proteins in

our proteome studies.

DCF and APAP activate the BMP signal transduction

pathway in HepG2 cells

To disentangle the impact of DCF or APAP on the regulation of

the expression of IL-6-induced acute-phase proteins, we

measured IL-6-induced acute-phase target genes in HepG2

cells that we previously identified in our whole proteome analysis

(Figure 1F) or in PMHs,9 comprising FGA, FGG, HAMP mRNA,

HP and HPX. IL-6 strongly induced the mRNA expression of

FGA, HAMP, and HP in HepG2 cells. Co-treatment with DCF

either had no effect on IL-6 induced target gene expression or

slightly increased the expression of FGA andHP. APAP co-treat-

ment had an inhibitory effect, particularly on FGA andHP expres-

sion (Figure 3A). The IL-6 induced expression of HAMP mRNA

was the strongest among the examined candidates and was

even further amplified after 60 min of co-treatment with either

drug, with DCF having a stronger effect than APAP. Densely

sampled time-resolved HAMP mRNA expression data from

HepG2 cells stimulated with different IL-6, DCF, and APAP
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combinations (Figure 3B, symbols) revealed that HAMP mRNA

expression was induced after approximately 25 min by IL-6,

reaching its peak at 70 min, and returned to a steady state after

approximately 180 min (Figure 3B, black symbols). Treatment

with DCF alone resulted in an increase in HAMP mRNA after

approximately 50 min, which reached a sustained peak after

120 min (Figure 3B, pink symbols). This effect was more than

2-fold higher upon co-stimulation with IL-6 and DCF

(Figure 3B, red symbols). APAP treatment alone slightly induced

HAMPmRNA expression only at late time points (Figure 3B, blue

symbols). However, co-stimulation with IL-6 and APAP

enhanced HAMP mRNA expression, albeit to a lower extent

compared with the combination of IL-6 and DCF (Figure 3B,

dark green symbols).

To evaluate whether the amplifying effect of the compounds is

already detectable at lower compound concentrations, we per-

formed a dose-response experiment testing the impact of 16

to 500 μM DCF and 0.3 to 10 mM APAP on IL-6 induced

HAMP mRNA expression at 120 min (Figure S3B). The results

showed that half-maximal amplification ofHAMPmRNA expres-

sion was already reached at 153 μM DCF and 0.6 mM APAP,

confirming that at 500 μM DCF and at 10 mM APAP amplifying

effects were maximal. These findings support the conclusion

that the expression-enhancing impact of the compounds on

HAMPmRNA is robust and independent of potential hepatotoxic

effects.

To extent our mathematical model to include the dynamics of

HAMPmRNA, we employed the IL-6 core model (Figure 2E) with

the same parameters used for describing SOCS3mRNA expres-

sion, except for gene-specific parameters to describe HAMP

mRNA expression dynamics (Figure 3B). The mathematical

model was able to capture the HAMP mRNA expression dy-

namics for IL-6 or APAP alone, as well as co-treatment with

both; however, it failed to describe the increased and sustained

levels of HAMP mRNA upon treatment with DCF alone

(Figure 3B, pink line) or the strong acceleration and increase of

HAMP mRNA upon IL-6 and DCF co-stimulation (Figure 3B,

red line). This indicated that, in particular DCF, but also APAP,

might not affect HAMP mRNA expression exclusively via the

IL-6 pathway, but through additional regulation of a different

signaling pathway. Since the BMP/SMAD pathway is another

main regulator for hepcidin expression in the liver,29 we investi-

gated whether BMP/SMAD signaling in HepG2 cells was

affected by DCF or APAP treatment. We observed basal phos-

phorylation of SMAD1/5/8 in HepG2 cells, which was enhanced

with escalating doses of DCF (0–1,000 μM) and APAP (0–20 mM)

to a comparable degree as upon stimulation with recombinant

human BMP-2 (Figure 3C). Therefore, we developed a separate,

simplifiedmathematical model to describe the BMP signal trans-

duction cascade to investigate the effect of DCF or APAP on this

pathway (Figure 3D; Methods S2.4). The variables of the BMP

core model consisted of the BMPR complex, the downstream

transcription factors SMAD1/5/8 in a trimeric complex, and the

negative feedback regulator SMAD6. Phosphorylation of

BMPR was maintained via basal levels of BMP. The activation

of the BMP pathway by DCF and APAP was included by

assuming that both compounds stabilize the binding of BMP li-

gands to the receptor. To confirm this model-based hypothesis,

we performed a BMP depletion assay, assuming that com-

pound-mediated stabilization of the ligand-receptor interaction

would result in diminished ligand levels in the cell supernatant.

Indeed, in the supernatant of HepG2 cells incubated with

2.5 ng/mL BMP2 alone or in combination with 250 or 500 μM

DCF for 1 min, BMP2 levels significantly decreased in the pres-

ence of DCF. We selected 2.5 ng/mL BMP for the depletion

experiment based on the observation that this concentration eli-

cited SMAD1/5/8 phosphorylation but did not saturate the

response (Figure 3C). We observed that 250 μM of DCF

decreased BMP2 concentration in the medium to ∼85%

compared with the control, which was further reduced to

∼65% by exposure to 500 μM DCF (Figure 3E, p value < 0.01).

Additionally, we included the ID3 as a target gene, which, unlike

SMAD6, is not a negative feedback regulator of the BMP

pathway but regulates the expression of other target genes. To

calibrate the BMP core model, we experimentally measured

drug-induced SMAD1/5/8 phosphorylation dynamics as well as

gene expression levels in HepG2 cells either treated with

BMP-2 alone, pre-treated with the BMP antagonist Noggin

Figure 3. DCF and APAP activate the BMP signal transduction pathway in HepG2 cells

(A) Impact of DCF or APAP on the expression of APP genes in HepG2 cells. mRNA expression of indicated genes was normalized to the housekeepers HPRT,

GAPDH, and TBP. Independent experiments (n = 3) were scaled to each other using amixed-effect model within the blotIt2 package in R, and fold-change relative

to the unstimulated control at the start of the experiment (t = 0 min) was calculated.

(B) Experimental data (symbols) of HAMP mRNA expression dynamics in HepG2 cells treated with the indicated compounds and respective model trajectories

(lines). HAMP mRNA expression was normalized to the housekeepers HPRT and GAPDH. Model trajectories were generated with the IL-6 core model from

Figure 2E. Error bars are estimated by the error model based on triplicates.

(C) Dose response of BMP-2, DCF, and APAP onSMAD1/5/8 phosphorylation in HepG2 cells. HepG2 cells were treatedwith increasing concentrations of BMP-2,

DCF, or APAP, and pSMAD1/5/8, SMAD1, and β-actin detected with quantitative immunoblotting.

(D) BMP signal transduction model including the effect of DCF and APAP on different parameters. Arrows indicate biochemical reactions and represent ODEs.

Phosphorylated species are indicated by P.

(E) BMP2 depletion from the experimental medium detected with a multiplexed immunoassay kit. HepG2 cells were treated with different concentrations of DCF

(0 mM: brown, 250mM: light orange, 500mM: dark orange) for 30min. Then, 2.5 ng/mL BMP2 was added to the medium, and after 1 min, BMP2 concentration in

the supernatant was detected. Data are presented as individual replicates, bars represent mean ± SD. Statistical significance was assessed using the Kruskal-

Wallis test followed by Dunn’s post hoc test for multiple comparisons due to non-normal distribution and unequal variances across groups (n.s., not significant,

*p < 0.05, **p < 0.01, ***p < 0.001, n = 3).

(F) Experimental data (symbols) of SMAD1/5/8 phosphorylation dynamics in HepG2 cells upon stimulation with the indicated compounds determined by

quantitative immunoblotting and respective model trajectories (lines). Model trajectories were generated with the BMP signal transduction model from (D). Error

bars are based on uncertainty estimated by the error model based on triplicates.

(G) Experimental data (symbols) of SMAD6 and ID3mRNA expression dynamics in HepG2 cells upon stimulation with the indicated compounds and respective

model trajectories (lines). mRNA expression was normalized to the housekeepers HPRT and GAPDH. Model trajectories were generated as in (F).
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followed by subsequent BMP-2 stimulation, or treated with DCF

or APAP alone (Figures 3F and 3G, symbols). As expected, treat-

ment with BMP-2 induced a strong, transient increase in

SMAD1/5/8 phosphorylation (Figure 3F, brown symbols), which

was reduced below baseline levels by pre-treatment with

Noggin, indicating basal activation of BMP signal transduction

in HepG2 cells (Figure 3F, yellow symbols). In line with the results

presented in Figure 3C, both DCF (Figure 3F, pink symbols) and

APAP (Figure 3F, blue symbols) induced a transient increase in

SMAD1/5/8 phosphorylation in the absence of exogenous

BMP stimulation. Quantification at the mRNA level confirmed

that BMP-2 induced expression of SMAD6 and ID3 mRNA is

suppressed below basal levels upon Noggin pre-treatment

(Figure 3G, left). A comparable effect on ID3 could be observed

for DCF and APAP treatment (Figure 3G, bottom, pink and blue

symbols). SMAD6 gene expression was increased by APAP

but strongly decreased upon prolonged DCF treatment

(Figure 3G, top, pink and blue symbols). We calibrated the

BMP signal transduction model based on the obtained experi-

mental data and evaluated the parameters using the profile likeli-

hood method<u>28,30</u> (Figure S9). Since 25 ng/mL BMP-2,

as well as both 500 μM DCF and 10 mM APAP, induced

SMAD1/5/8 phosphorylation to comparable degrees (Figure

3C), activation levels were set to be directly proportional to the

corresponding activator. Interestingly, an explicit delay from re-

ceptor to pSMAD1/5/8 was required in the model, indicating

that, while delayed, activation of pSMAD1/5/8 corresponds to

a relatively rapid increase.

The observed reduction in SMAD6 mRNA in response to DCF

treatment (Figure3G) could only be captured by the model if an

inhibitory effect of DCF on SMAD6mRNA expression was added.

With these adaptations, the BMP signal transduction model was

able to describe the transient activation of pSMAD1/5/8,

SMAD6, and ID3 mRNA upon BMP-2 treatment, as well as the

decrease below baseline levels in response to a pre-treatment

with Noggin (Figures 3F and 3G, lines; Methods S2.4.1). At the

same time, it was able to capture the transient increase in

SMAD1/5/8 phosphorylation and ID3 expression upon treatment

with DCF and APAP, as well as the increase of SMAD6 mRNA

upon APAP treatment and its decrease upon DCF addition.

In summary, our studies show that in HepG2 cells, DCF and

APAP enhance IL-6-induced hepcidin expression, in contrast

to other acute-phase proteins. Our approach suggests that

DCF and APAP stimulate the binding of BMP ligands to the

BMPR in HepG2 cells and that DCF inhibits the expression of

SMAD6 mRNA.

IL-6 and BMP signal transduction jointly regulate HAMP

mRNA expression in hepatocellular carcinoma cells

Based on the insights gained with our mechanism-based math-

ematical models, we hypothesized that HAMP mRNA expres-

sion in HepG2 cells is cooperatively regulated by the IL-6 and

BMP pathway. To investigate the individual influence of both

pathways on HAMP mRNA expression after drug treatment,

we performed time course analysis of HepG2 cells treated with

different cytokine-compound-inhibitor combinations. Even

though IL-6-induced expression ofHAMPmRNA began approx-

imately 25 min post stimulus addition, its gene expression

reached a moderate peak around 70 min and subsequently re-

turned to steady-state levels (Figure 4A, black symbols). In com-

parison, BMP-2-inducedHAMPmRNA expression was delayed,

starting after 60 min but was nearly three times as strong as

observed for IL-6-induced expression, reaching a sustained

plateau phase after roughly 180 min (Figure 4A, brown symbols).

Next, we analyzed whether BMP pathway activity directly influ-

ences IL-6-mediated HAMP mRNA expression by pre-treating

HepG2 cells with the BMP inhibitor Noggin, followed by IL-6

and DCF treatment. Interestingly, the previously observed addi-

tive effect of IL-6 and DCF co-treatment (Figure 4B, red sym-

bols), which mimicked BMP-2-induced HAMP mRNA expres-

sion, was reduced down to IL-6 stimulation levels by Noggin

pre-treatment (Figure 4B, purple symbols). The effect of Noggin

was even stronger on APAP enhanced IL-6 induced HAMP

mRNA expression (Figure 4C, green symbols), which was

completely inhibited down to baseline levels (Figure 4C, dark

blue symbols). These results indicate two possibilities: either

the BMP pathway regulatesHAMPmRNA expression by directly

regulating IL-6 pathway activity or HAMP mRNA expression is

regulated by both pathways independently, which in turn are

regulated at different levels by DCF or APAP. We first investi-

gated whether the IL-6 and DCF/APAP co-induced SOCS3

mRNA expression is affected by BMP-2 or Noggin. Neither treat-

ment of unstimulated HepG2 cells with BMP-2 (Figures 4D and

4E, brown symbols) nor pre-treatment with Noggin had any influ-

ence on SOCS3mRNA expression dynamics in response to IL-6

and DCF (Figure 4D, purple symbols) or APAP co-treatment

(Figure 4E, blue symbols), ruling out a direct influence of BMP

pathway activity on IL-6 signal transduction. Therefore, we

postulated an independent but cooperative effect of both path-

ways on HAMP mRNA expression, with pathway regulation

occurring at different levels by DCF or APAP. To investigate

this mechanism, we developed an integrative pathway model,

which unified our IL-6 and BMP core models and converged at

the level of HAMPmRNA expression (Figure 4F). The integrative

model contained all possible drug effects previously identified by

our model-based approach, with additional inhibition of HAMP

mRNA degradation by DCF and APAP, as well as a delayed

export of nuclear HAMPmRNA by APAP, which also represents

transcription and maturation. Additionally, experimental data

and model analysis showed that SOCS3 mRNA is not affected

by the BMP-induced signal transduction module. Altogether,

the integrative model was calibrated with all experimental data

presented in Figures 2, 3, and 4, containing 4,549 data points

in total, and was able to describe the acquired experimental

data obtained in HepG2 cells. It captured the early induction of

HAMPmRNA by IL-6 (Figure 4A, black lines) and the delayed in-

duction by BMP-2 (Figure 4A, brown lines), as well as the syner-

gistic increase in HAMP mRNA in response to drug-cytokine

combinations and the reduction by Noggin pre-treatment

(Figures 4B and 4C, lines). This substantially improved themodel

trajectories in comparisonwith the initial coremodel in Figure 3B.

The integrative model also captured that neither BMP-2 nor

Noggin impacted SOCS3 mRNA expression (Figures 4D and

4E, lines).

In summary, we identify a BMP-dependent impact of DCF and

APAP on IL-6 mediated HAMPmRNA expression in HepG2 cells

and hypothesize, based on our integrative mechanistic mathe-

matical model and experimental results, that DCF and APAP

ll
OPEN ACCESSArticle

Cell Systems 16, 101431, November 19, 2025 9







BMP-2, BMP-4, and BMP-6 ligands by ELISA after 3 h of treat-

ment with different compounds or under untreated conditions.

BMP-6 was not detectable in the supernatant of either cell sys-

tem (thus data not shown). In the supernatants of PHH, neither

basal levels nor IL-6/drug-stimulated secretion of BMP-2 or

BMP-4 ligands was detectable (Figure 5A, left side). In untreated

and treated HepG2 cells, we detected approximately 25 pg/mL

of BMP-2 and 250 pg/mL of BMP-4 at the time of stimulation

and after 3 h (Figure 5A, right side). These data confirmed that

an autocrine BMP-secretion loop exists in HepG2 cells but is ab-

sent in PHH. This autocrine BMP secretion explains the

observed basal phosphorylation of SMAD1/5/8 in Figure 3C.

Treatment of cells with DCF or APAP or co-treatment with IL-6

did not significantly affect the amount of secreted BMP ligands

in HepG2 cells (Figure 5A).

These results suggested that in PHH, the level ofHAMPmRNA

expression is primarily regulated by IL-6 signal transduction, and

that the DCF- and APAP-mediated impact on HAMP mRNA

expression through the stabilization of the ligand-receptor inter-

action and thus induction of BMP signal transduction is absent in

PHH. To specify the impact of both compounds in PHH and gain

insights into underlying mechanisms, we utilized our model-

based approach and first examined whether DCF and APAP

have the same effect on the core IL-6 signal transduction re-

sponses in PHH as in HepG2 cells. We observed that the overall

dynamics of STAT3 phosphorylation in PHH was comparable to

HepG2 cells, yet maximal phosphorylation was reached slightly

faster, with a peak at ∼5 min after stimulation (Figures 2A and

5B), and with a more prolonged peak time of STAT3 phosphory-

lation upon DCF or APAP co-treatment, followed by a slower

decline and similarly decreased steady-state levels as in

HepG2 cells (Figure 5B, red and green symbols). While the IL-6

induced fold-induction of mRNA of the negative feedback regu-

lator SOCS3 in PHH was comparable to HepG2 cells (PHH ∼2.2

and for HepG2 ∼2.5), we observed, distinct from the transient

SOCS3 expression in HepG2 cells (Figure 2B), a faster increase

in SOCS3mRNA levels in PHH, which remained elevated for the

entire observation time of 240 min (Figure 5C, black symbols).

DCF co-treatment led to slightly delayed but even higher and

more sustained levels of SOCS3 mRNA in PHH (Figure 5C, red

symbols), whereas the effect of IL-6 and APAP co-treatment in

PHHs was comparable to IL-6 treatment alone (Figure 5C, green

symbols). Furthermore, treatment with DCF or APAP alone also

stimulated SOCS3 expression in PHH (Figure 5C, pink and

blue symbols), but to a higher extent than in HepG2 cells

(Figure 2B). These experimental findings indicated the presence

of a sustained negative feedback loop in PHH that is enhanced

by DCF and APAP and thus affects the regulation of the core

IL-6 signal transduction in PHH.

Next, we determined in PHH the impact of DCF and APAP on

the dynamics of IL-6 induced mRNA expression of the acute-

phase response genes CRP, FGG, HAMP mRNA, HP, and

HPX (Figure 5D) that we had identified in our global proteome

studies (Figure 1E). The mRNA expression of CRP and FGG

started to increase at 240 min of IL-6 treatment and was, in

line with the proteome analysis, inhibited by the addition of

either DCF or APAP. Likewise, the mRNA expression of HP

and HPX was further downregulated at 240 min of IL-6 and

DCF co-treatment. Similar to HepG2 cells, IL-6 stimulation

strongly induced the expression of HAMP mRNA but distinc-

tively neither co-treatment with DCF or APAP had any effect

on IL-6 induced HAMP mRNA expression, as opposed to the

data observed in HepG2 cells. To gain further insights, we ob-

tained densely sampled, time-resolved expression data of

HAMPmRNA in PHH (Figure 5E, symbols). While in HepG2 cells

DCF and APAP converted a transient IL-6-response to elevated

and sustained expression of HAMP mRNA, in PHH, IL-6-

induced HAMP mRNA expression reached a plateau at around

90 min and remained sustained over the observation time of

240 min (Figure 5E, black symbols). DCF or APAP had, on

average, very little impact on HAMP mRNA expression in

PHH (Figure 5E, red and green symbols).

Figure 5. DCF- and APAP-induced HAMP mRNA expression depends on autocrine BMP signaling

(A) Quantification of BMP ligand concentrations in cell culture supernatants. PHHs from at least two different donors (n≥ 2) (see Table 1 for patient information.N-

number describes the number of different patients for this and all following analyses) and HepG2 (n ≥ 4) cells were treated with the indicated compounds.

Concentrations of secreted BMP-2 (upper) and BMP-4 (lower) in the supernatants were measured by ELISA or bead-based immunoassay, respectively. Indi-

vidual experiments are shown as dots; mean values are indicated by bars.

(B) Experimental data (symbols) of STAT3 phosphorylation dynamics in PHH treated with the indicated compounds and respective model trajectories (lines).

Model trajectories were generated with the IL-6/STAT-BMP/SMAD model from Figure 4F adapted to PHH. Error bars are based on uncertainty estimated by the

error model based on quadruplicate determination (n = 4).

(C) Experimental data (symbols) of SOCS3 mRNA expression dynamics in PHH treated with indicated compounds and respective model trajectories (lines).

SOCS3mRNA expression was normalized to the housekeeperHPRT,GAPDH, TBP, andGUSB. Model trajectories and error bars were generated as in (B) based

on quadruplicates (n = 4).

(D) Impact of DCF or APAP on the expression of selected APP genes in PHHs. mRNA of the indicated genes was measured by quantitative real-time polymerase

chain reaction and values normalized to the housekeepersHPRT,GAPDH, andGUSB. Independent experiments (n = 4) were scaled to each other using amixed-

effect model within the blotIt2 package in R and the fold-change to the unstimulated control at the start of the experiment (t = 0 min) was calculated.

(E) Experimental data (symbols) of HAMPmRNA expression dynamics in PHHs treated with the indicated compounds and analyzed as in (C). Model trajectories

and error bars were generated as in (B) (n = 7).

(F) Molecules per cell of STAT3 and gp130 in untreated PHHs, and of SOCS3 in IL-6-treated PHHs determined by quantitative immunoblotting (n = 3–4, average

indicated by red line).

(G) L1-regularization was used to identify core parameters that are required in the integrative IL-6/STAT-BMP/SMAD model of PHHs, based on the model

developed in HepG2 cells (Figure 4F) without modifying themodel topology. Model parameters that had been estimated in HepG2 cells were iteratively compared

with parameters obtained from multiple rounds of parameter estimation based on experimental data from PHHs (A, B, and D). These iterative comparisons were

performed for the impact of APAP, DCF, and global differences between HepG2 and PHHs. Red: parameter required to describe the behavior in PHH was lower;

green: parameter was higher; black: no parameter change necessary. The minimization of the BIC (indicated by arrow and yellow line) was used to select which

parameter differences are important to describe the data in PHHs with the integrative IL-6/STAT-BMP/SMAD model (Figure SM30).
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Based on these insights, we adapted the structure of our inte-

grative pathway model to PHH. The total amounts of STAT3

(297,700 molecules/cell), gp130 (12,000 molecules/cell), and

SOCS3 (1,300 molecules/cell upon stimulation with IL-6 for

180 min) in PHH were determined by quantitative immunoblot-

ting (Figure 5F) and converted to molecules per cell utilizing a

cellular volume of PHH of 3,000 μm3 with a nuclear:cytoplasmic

ratio of 1:9.22 Since PHH do not express BMP ligands andHAMP

mRNA expression was not affected by DCF or APAP treatment in

these cells, we only employed the IL-6 core model and the drug-

mediated parameter changes on IL-6 signal transduction, as well

as on HAMP mRNA expression. To determine parameters that

are different in PHH compared with HepG2 cells, we again

used L1-regularization, using 1,075 data points for parameter

estimation. This approach revealed the parameters that are

altered in PHH compared with HepG2 cells (Figure 5G, top), as

well as the DCF (Figure 5G, middle) or APAP (Figure 5G, bottom)

induced parameter changes that are different in PHH. While

most parameters had to be changed to adapt the HepG2-cali-

brated model to PHH, the model structure was sufficient to

describe the experimental data without further alterations of

the model topology. Using the profile likelihood method,28 we

computed confidence intervals, which identified that the major

difference between PHH and HepG2 cells was the overall faster

signal transduction dynamic in PHH e.g., a faster phosphoryla-

tion of the receptor by IL-6 stimulation or a shorter delay of

SOCS3 mRNA production upon IL-6 stimulation (see Methods

S2.6.1). Intriguingly, while in HepG2 cells inhibition of SOCS3

mRNA degradation by DCF was identifiable (parameter #29 in

Figure S7), the parameter for the inhibition of SOCS3 degrada-

tion in PHH had an open-ended confidence interval toward pos-

itive values (parameter #19 in Figure S35), indicating that little to

no SOCS3 mRNA degradation takes place in the presence of

DCF in PHH. The final model was able to accurately describe

the experimentally observed effect of DCF and APAP on the

IL-6 mediated STAT3 phosphorylation (Figure 5A, lines), as

well as SOCS3 (Figure 5B, lines) and HAMP mRNA expression

dynamics in PHH (Figure 5E, lines).

In sum, our mechanism-based mathematical model identifies

that in HepG2 cells and PHH, HAMP mRNA expression is regu-

lated to a different extent by IL-6 as well as BMP signal transduc-

tion. The non-opioid analgesics DCF and APAP distinctively

modulate multiple reactions in the signaling network in both

cell types: (1) enhance the presence of the negative regulator

of IL-6 signal transduction SOCS3 particularly in PHHand (2) sta-

bilize the BMP-ligand receptor interaction in the autocrine BMP-

secretion loop in the hepatoma cell line HepG2, leading to

increased hepcidin expression upon co-treatment with DCF

or APAP.

Heterogeneous IL-6 responses determine the impact of

DCF in PHH

In the context of liver cancer, both decreased and increased

hepcidin levels have been reported, suggesting that hepcidin

regulation is highly patient specific and may lead to heteroge-

neous and undesired responses to DCF and APAP treatment.31

First, we aimed to verify that the compounds distinctly affect

IL-6-induced hepcidin expression through differences in activa-

tion of the SOCS3-mediated negative feedback loop in PHH and

HepG2 cells. For these studies, we focused on the impact of DCF

and analyzed the global proteome of HepG2 and PHH cells left

untreated, treated with IL-6, or co-treated with IL-6/DCF for 6 h

(Figure 6A). To assess SOCS3 activity, we quantified JAK1 pro-

tein levels, as SOCS3 binds to and promotes degradation of

JAK1. In HepG2 cells, IL-6 induced only a transient SOCS3

expression, which was modestly enhanced by DCF co-treat-

ment (Figure 2B). Accordingly, IL-6 treatment alone had no

impact on JAK1 levels in these cells, while IL-6/DCF co-treat-

ment led to a reduction in JAK1 abundance. In contrast, PHH

show sustained IL-6 induced SOCS3 expression that was further

amplified by DCF co-stimulation (Figure 5C). Correspondingly,

JAK1 protein levels were reduced upon IL-6 treatment alone

and even further reduced by co-treatment with IL-6 and DCF

(Figure 6A). These results confirmed that DCF enhances the IL-

6-induced negative feedback loop; however, the extent and

impact are distinct between HepG2 cells and PHH, suggesting

more pronounced SOCS3-mediated regulation in PHH.

To address the regulation of IL-6 responses in PHH from

different patients and the impact on hepcidin expression, we

analyzed the IL-6-induced expression dynamics of SOCS3

(Figure 6B, left) and HAMP mRNA (Figure 6B, right) in PHH of

four individual patients for up to 240min. Interestingly, the extent

of IL-6-induced SOCS3 and HAMP mRNA expression was

different in individual patients and negatively correlated, as for

instance in patient 1, showing that the lowest IL-6-induced

SOCS3 mRNA expression corresponded to the highest IL-6-

induced HAMP mRNA expression (Figure 6B). Furthermore,

calculating the area under the curve confirmed a strong negative

correlation between SOCS3 and HAMP mRNA expression

(Figure S4A, r = −0.97, p value = 0.033, n = 4). A comparison

of HAMP mRNA expression in individual patients after 240 min

of IL-6 stimulation in the absence or presence of DCF treatment

(B) Time-resolved and patient-specific IL-6-induced expression of SOCS3 and HAMP mRNA. mRNA amounts measured by quantitative real-time polymerase

chain reaction were normalized to the housekeepers HPRT and GAPDH, n = 1.

(C) Bar plot showing the fold-change to 0 min in HAMP mRNA at 240 min of stimulation with IL-6 (black) or IL-6 and DCF (red) in individual patients. n = 1.

(D) Time-resolved fold changes in mRNA expression of HAMP mRNA compared with the untreated condition at 0 min following stimulation with different

compounds. Shown are biological triplicates derived from patient 2. mRNA amounts measured by quantitative real-time polymerase chain reaction were

normalized to the housekeepers HPRT and GAPDH. Shown are mean ± SD.

(E and F) Time-resolved predictions forHAMPmRNA expression in HepG2 cells using the integrative IL-6/STAT-BMP/SMADmodel. Model trajectories, based on

experimental data, for the impact of different parameters on HAMP mRNA expression in HepG2 cells treated with the indicated compounds or the simulated

impact of a 4- or 16-fold parameter change are displayed.

(G and H) Model validation of the predicted impact of inhibition of BMPR activation on HAMP mRNA expression. HepG2 cells were treated with the indicated

compounds as well as a dorsomorphin concentration resulting in a 4- or 16-fold inhibition of BMPR activation. HAMP mRNA expression was normalized to the

housekeepers HPRT, GAPDH, and TBP. Different experiments were scaled to each other using a mixed-effect model within the blotIt2 package in R. Error bars

indicate the standard error of the mean, n = 3.
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revealed that both the level of IL-6-induced HAMP mRNA and

the impact of DCF were heterogeneous in the PHHs of individual

patients (Figure 6C). In PHHs from patients with a log10 fold-

change of HAMP mRNA smaller than 1.4, DCF had either no

impact on HAMP mRNA or was inhibitory. Interestingly, in PHH

from patient 1, which displayed the lowest SOCS3 induction,

we observed a higher IL-6-mediated induction of HAMP mRNA

and a slightly synergistic effect of DCF when combined with

IL-6, reminiscent of the effects observed in HepG2. These results

suggested that the extent of IL-6-induced SOCS3-mediated

negative feedback loop is decisive for the inhibitory or synergis-

tic effect of DCF on HAMP mRNA expression.

Different from the strongly synergistic impact of DCF on IL-6

induced HAMP mRNA expression observed in HepG2 cells, in

most of the studied PHH a reduction of IL-6 induced HAMP

mRNA expression upon co-stimulation with DCF was detected

(Figure 6C). HAMP mRNA expression is regulated not only by

IL-6 but also by BMPs. Since PHH lack the autocrine BMP-

secretion loop present in HepG2 cells, we tested whether adding

exogenous BMP could enhance HAMP mRNA induction in

response to IL-6 and DCF. We exemplarily focused on PHH of

patient 2 and tested the effect of IL-6/DCF/BMP2 on HAMP

mRNA expression, both individually and in combination

(Figure 6D). In these PHHs, treatment with IL-6 or BMP resulted

in a similar, up to 14-fold, increase in the expression of HAMP

mRNA, and co-treatment with BMP further increased the IL-6-

mediated induction by 4-fold after 240 min, confirming synergis-

tic effects of both factors in PHHs (Figure 6D). In line with

Figure 6C, co-treatment with IL-6 and DCF resulted in a 4-fold

reduction after 240 min of HAMP mRNA expression compared

with IL-6-only treatment (Figure 6D). The synergistic effect be-

tween IL-6 and BMP2 on HAMP mRNA expression was lost

when DCF was added, with a HAMP mRNA induction below

IL-6 or BMP2 only treatments. These results suggested that in

PHH of most patients, the DCF-mediated sustained SOCS3

expression dominates and prevents elevated levels of HAMP

mRNA production upon IL-6, BMP and DCF co-treatment. In

some PHHs, e.g., those from patient 1 that are characterized

by lower SOCS3 levels, DCF could potentially amplify the IL-6-

and BMP-inducedHAMPmRNA expression similar to our obser-

vations in HepG2 cells leading to increased hepcidin production.

Here, we uncover that IL-6-induced activation of SOCS3 activ-

ity determines whether DCF has an inhibitory or activating effect

onHAMPmRNA expression in PHH.We show that SOCS3 activ-

ity is highly patient specific and may be decisive for a patient’s

response to non-opioid analgesics.

Identification of inhibition of BMPR activity as target to

decrease HAMP mRNA levels in hepatoma cells

Exceedingly high levels of hepcidin in the blood are pathogenic

leading to functional iron deficiency and intensified anemia in

patients.32 Since patients, especially the ones suffering from

chronic diseases such as cancer, frequently take non-opioid

analgesics, our results indicate that this treatment may have

undesired side effects. To counter act those, we utilized our

mathematical pathway model to propose intervention strate-

gies. First, we performed model simulations to investigate,

which intervention would reduce the observed increased

expression of HAMP mRNA expression in HepG2 cells co-

treated with IL-6 and DCF or APAP. Based on our results, we

selected previously identified parameters primarily affected

by DCF or APAP treatment and calculated how much impact

an increase in the corresponding parameter would have on

HAMP mRNA expression. We focused our evaluations on four

different interventions: (1) enhancement of the SOCS3 protein

production; (2) inhibition of the drug-mediated HAMP mRNA

degradation; (3) inhibition of IL-6 receptor activation, and (4) in-

hibition of BMPR activation. The simulations predicted that

even a 16-fold increase in SOCS3 protein production or inhibi-

tion of IL-6 receptor activation would only slightly reduce pre-

dicted HAMP mRNA levels in IL-6- and DCF- (Figure 6E, left)

or APAP-co-treated HepG2 cells (Figure 6F, left). Increasing

the DCF-mediated (Figure 6A, top right) or APAP-mediated

(Figure 6F, top right) inhibition of HAMP mRNA degradation

could potentially reduce predicted HAMP mRNA levels, but

not to steady-state levels of IL-6 treated samples. The inhibition

of BMPR activation was predicted to have the strongest impact

on HAMP mRNA expression upon co-stimulation with IL-6 and

Table 1. Patient information

Patient Age (years) Gender Diagnosis Figure

1 46 male colorectal cancer liver metastasis Figures 1, 6A, S1, and S2

2 77 male hepatocellular carcinoma Figures 5E and 6B

3 67 male cholangiocellular carcinoma Figures 5E and 6B

4 39 male esophageal carcinoma metastases Figures 5E and 6B

5 51 female leiomyosarcoma liver metastases Figures 5E and 6B

6 48 female colorectal cancer liver metastasis Figure 5A

7 79 female cholangiocellular carcinoma Figure 5A

8 82 female thyroid cancer Figure 5A

9 64 male cholangiocellular carcinoma Figures 5A, 5E, and 6B

10 58 male ileumcarcinoid liver metastasis Figures 5A–5E and 6B

11 77 male hepatocellular carcinoma Figures 5A–5F, 6B, and 6D–6F

12 73 female colorectal cancer liver metastasis Figures 5A–5D, 5F, 6B, and 6D–6F

13 43 female cholangiocellular carcinoma Figures 5B–5D, 5F, 6B, 6D–6F, and S1

14 64 male colorectal cancer liver metastasis Figures 6A, 6D, and 6F
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DCF (Figure 6E, bottom right) or APAP (Figure 6F, bottom right).

A 4-fold increase in this parameter was predicted to already

reduce the expression of HAMP mRNA levels to levels compa-

rable to IL-6 stimulation alone.

To experimentally validate this model-based hypothesis, we

first determined suitable concentrations of dorsomorphin to

achieve a 4- and 16-fold reduction of SMAD1/5/8 phosphoryla-

tion in HepG2 cells upon IL-6 and DCF or APAP co-stimulation:

in the presence of DCF, 1.67 μMdorsomorphin (4-fold reduction)

and 3.35 μMdorsomorphin (for 16-fold reduction) were required,

whereas for APAP 1.14 and 2.28 μM of dorsomorphin, respec-

tively, were sufficient (Figure S4B). Subsequently, we evaluated

the effect of the BMPR inhibition on HAMP mRNA gene expres-

sion. In line with the model predictions, the treatment with a

respective DCF (Figure 6G, orange line) or APAP concentration

(Figure 6H, light green line) to achieve a 4-fold parameter reduc-

tion led to a significant reduction of HAMP mRNA expression.

Increasing the dorsomorphin concentrations to induce a

16-fold increase in inhibition had no further effect on DCF-

induced HAMP mRNA expression (Figure 6G yellow line) but

slightly further decreased APAP-induced gene expression

(Figure 6H, lime green line). Furthermore, as predicted by the

mathematical model (Figures 6E and 6F, gray lines in bottom

right), the experimental data also showed the reduction of

HAMP mRNA by dorsomorphin in HepG2 cells treated with

IL-6 alone, further supporting a crosstalk between the IL-6 and

BMP signaling pathways.

In conclusion, utilizing an integrative mathematical modeling

approach, we predict that the non-opioid analgesics DCF and

APAP upregulate autocrine BMP signaling in hepatoma cells

and, as a consequence, amplify the expression of systemically

acting iron regulator hepcidin, which can be counteracted by

BMPR inhibition.

DISCUSSION

Non-opioid analgesics such as DCF and APAP are widely used

for pain management, including pain in cancer patients. Com-

mon knowledge on their mode of action has been that DCF

and APAP inhibit the cyclooxygenases COX-1 and -2,3,33 which

convert arachidonic acid to prostaglandins, leading to increased

IL-6 secretion and enhanced immune responses. In this study,

we show that DCF and APAP can directly modulate IL-6 and

BMP signal transduction altering the regulation of iron meta-

bolism in a patient- and cell-type-specific manner. We observed

that upon IL6 and DCF co-treatment the expression of the key

regulator of iron metabolism hepcidin encoded by HAMP

mRNA is amplified in the hepatoma cell line HepG2 and reduced

in the majority of PHH. In some patients an enhancement HAMP

mRNA expression is detected, pointing to inter-patient hetero-

geneity in the regulation of HAMP mRNA expression and the

impact of DCF. In liver cancer cells, such as HepG2 cells,

model-based simulations and experimental validation identify

inference at the BMPR level as most promising to prevent ampli-

fied hepcidin expression due to IL-6 and DCF co-exposure and

thus potential undesired side effects. This observation is of

particular relevance for cancer patients because they regularly

suffer from iron-deficiency-caused anemia due to increased

hepcidin levels.34,35

Interaction of IL-6 and BMP2 signal transduction

pathways

One observation of our study is that DCF and APAP amplify the

IL-6-mediated expression of HAMP mRNA in liver cancer cells

through autocrine BMP signal transduction and down regulation

of the negative feedback regulator SMAD6. This is supported by

the finding that BMP and IL-6 ligands synergistically enhance the

activity of the HAMP mRNA promotor and thus increase HAMP

mRNA expression in HepG2 cells.11,29 Further, Mleczko and col-

leagues reported that DCF exposure in the hepatoma cell line

Huh7 for 24 h enhances HAMPmRNA expression.17 Our studies

provide a potential explanation for these observations and

demonstrate that this is an early effect, already present at 1 h af-

ter DCF or APAP exposure. This rapid onset indicates that the ef-

fect is likely not dependent on a conversion to bio-reactive com-

pounds, which have previously been considered essential,

especially for APAP activity.5 Instead, it may result from direct

interaction with signal transduction components such as the sta-

bilization of the BMP ligand-receptor interaction.

Impact on iron metabolism

We provide evidence that through the impact on inflammatory

signal transduction DCF and APAP modulate the expression of

hepcidin, a systemic regulator of iron metabolism, and thus

could affect multiple processes in the body. To link cellular scale

insights to an organ scale regulatory network of ironmetabolism,

in a previous study, Lopes et al. developed a mathematical

model describing the dynamics of the iron flux between

organs in mice.36 Likewise, a whole-body model of iron homeo-

stasis in themouse describes hepcidin expression as well as iron

fluxes in liver, spleen, serum, red blood cells, and other organs.37

Interestingly, in support of our study of the synergistic effect of

IL-6 and BMP signal transduction in amplifying HAMP mRNA

expression, the authors uncovered that it was necessary to

consider regulatory mechanisms of pro-inflammatory signal

transduction to fully explain serum iron levels. Their final model

was capable of describing the massive induction of HAMP

mRNA expression upon an iron-rich diet, which activates the

BMP/SMAD pathway and upon LPS injection triggering the

secretion of inflammatory factors such as IL-6. The model-pre-

dicted iron accumulation in liver and spleen in these mice, which

was experimentally confirmed. Furthermore, a mathematical

model of cellular iron metabolism that was based on clinical

data was able to describe HAMP mRNA expression in relation

to liver and plasma iron levels and the concentrations of proteins

such as ferroportin and ferritin38 but lacked the input from inflam-

matory factors. Therefore, it could be of interest to integrate our

mechanistic mathematical model in one of these existingmodels

to explore the impact of APAP and DCF also at a larger scale and

to investigate the impact of drug-induced iron overload at the

organism scale.

Differential reactions of tumor-derived and non-

cancerous hepatocytes

In the context of cancer, research has primarily focused on the

hepatotoxic effects of chemotherapeutic agents,39 whereas

the potential side effects of commonly used pain medications

have so far not been considered. Cancer cells substantially differ

in their response to stimuli through signal transduction networks
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compared with non-tumor cells.40 Studying the cellular re-

sponses in different cellular systems (PHH and hepatoma cell

line HepG2) revealed that PHH respond differently to co-stimula-

tion of IL-6 and DCF/APAP than HepG2 cells. Most patient-

derived, but non-cancerous PHH, did not show a synergistic ef-

fect on HAMP mRNA expression when co-stimulated with IL-6

and DCF/APAP. Absence of the autocrine BMP signaling loop

alone, uncovered in the hepatoma cells, could not account for

this discrepancy, as exogenous supplementation of BMP2 failed

to establish the amplified HAMP mRNA expression dynamics

detected in HepG2 cells.

The sustained Il-6-induced SOCS3 expression in PHHs was

an additional distinguishing factor compared with the transient

SOCS3 induction observed in HepG2 cells. This observation

suggests the presence of a more robust activation of the

SOCS3-mediated negative feedback loop targeting the IL-6 re-

ceptor in PHH.7 This hypothesis was supported by our proteome

analysis showing that in response to IL-6 stimulation, the abun-

dance of JAK1, due to its association with the IL-6 receptor

serving as proxy, was significantly decreased in PHHs but un-

changed in JAK1 in HepG2 cells. The observed inter-patient het-

erogeneity in the strength of IL-6 induced feedback regulation in

individual patients and the strong negative correlation with

HAMP mRNA expression underscores the direct impact of

SOCS3 on the downregulation of IL-6-induced signal transduc-

tion. SOCS3 binds to the IL-6 receptor and promotes its degra-

dation,41 along with the receptor-bound kinase JAK1, ultimately

reducing the expression of HAMP mRNA, the key regulator of

iron homeostasis. Notably, PHH derived from the patient with

the weakest SOCS3 response exhibited an additive effect on

HAMP mRNA expression following IL-6 and DCF co-treatment,

similar to the observations in the hepatoma cell line HepG2. A

potential molecular explanation for the observed heterogeneity

and the cell-context-specific differences could be the methyl-

ation status of the SOCS3 promoter. In a previous study, using

dynamic pathway modeling, we identified SOCS3 activity as

the most distinct parameter between primary and cancer cells

and experimentally confirmed partial SOCS3 promoter methyl-

ation.24 Furthermore, SOCS3 methylation has been reported to

be associated with poor overall survival in HCCpatients.42 Inves-

tigating the relationship between SOCS3 methylation and hepa-

tocyte responsiveness to IL-6 and DCF or APAP may provide

additional insights in the consequences of non-opioid

analgesics.42

Inter-patient variability and clinical implications

Our findings highlight the inter-patient variability of IL-6-induced

responses in the liver with a tight link to the regulation of iron ho-

meostasis and point to a risk of using DCF or APAP in patients

with low SOCS3 responsiveness. In such individuals, the non-

opioid analgesics could result in excessive HAMP mRNA

expression, contributing to or exacerbating anemia.43 Although

solid tumors such as liver cancer occur—at least initially

—locally, increased hepcidin levels act systemically and thus

could foster anemia. These insights emphasize the need for

personalized approaches in pain management, especially in

vulnerable populations such as cancer patients who are already

at risk for iron-restricted anemia. Interestingly, in a recent study,

daily low dose of aspirin, another broadly used non-opioid anal-

gesic, was linked to an increased incidence of anemia in elderly

people.44 Our findings imply that the analgesic treatment with

DCF and APAP could aggravate anemia by further lowering

serum iron via BMP-induced hepcidin overexpression through

the stabilization of ligand-receptor interaction. Predictions with

our integrative mathematical model of IL-6 and BMP signal

transduction capturing the impact of DCF and APAP allowed

to pinpoint relevant targets in the complex network. We showed

that the partial inhibition of BMP-ligand-induced receptor activa-

tion in the hepatoma cell line HepG2 efficiently reduced exces-

sive hepcidin production but did not affect the basal hepcidin

expression in response to IL-6 treatment only. Clinically, this

could be realized with compounds targeting the BMPR such as

dorsomorphin derivatives20,21 and could potentially contribute

to preventing anemia in patients with liver cancer.

Limitations of the study

In this study, we demonstrated that both DCF and APAP modu-

late IL-6-mediated signal transduction in the hepatoma cell line

HepG2 and in PHHs. In addition, both compounds trigger the

activation of BMP signal transduction in hepatoma cells and

thereby further amplify the induction of the central iron regulator

hepcidin. These results underline that although it is possible to

utilize the hepatoma cell line HepG2 as model system to study

drug effects in vitro, some of the observed effects might not

apply directly to patients. Moreover, although PHH provide a

more physiologically relevant model, they still represent a simpli-

fied system and may not fully mirror the complexity of liver func-

tion in vivo. Therefore, caution is warranted when extrapolating

these in vitro findings to whole-organ or patient-level outcomes.
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Materials availability
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Data and code availability

The MS proteomics data have been deposited to the ProteomeXchange Con-

sortium via the PRIDE45 partner repository. The HepG2 proteome data were

deposited with the dataset identifier PRIDE: PXD054756. The PHH proteome

data were deposited with the dataset identifier PRIDE: PXD054759.

The integrative HepG2 model and the PHH model are provided as SBML

model files (HepG2_model.xml and PHH_model.xml). The models were also

deposited in BioModels (https://www.ebi.ac.uk/biomodels/)46 and assigned

to the identifiersMODEL2503270001 (HepG2) andMODEL2503270002 (PHH).

All modeling scripts and results are available from the D2DGitHub repository

at this link. An archived version of the repository is available on Zenodo and

can be cited using the following DOI: https://doi.org/10.5281/zenodo.

16411068.

Any additional information required to reanalyze the data reported in this pa-

per is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

pSmad1/5/8 MaineHealth Cat#Vli31-5 RRID:AB_10013240

Smad1 Cell Signaling Technology Cat#9743; RRID:AB_2107780

pSTAT3 (Y705) Cell Signaling Technology Cat# 9138 RRID:AB_331262

STAT3alpha Cell Signaling Technology Cat#8768 RRID:AB_2722529

SOCS3 (clone 1B2, for IP) Life Technologies GmbH Cat#377200 RRID:AB_431465

SOCS3 Abcam Cat#ab16030; RRID: AB_443287

gp130 (C20) (for IP) Santa Cruz Biotechnology Cat#sc-655 RRID:AB_631590

gp130 (for IB) Upstate Millipore Cat#06-291; RRID: AB_310091

b-Actin Santa Cruz Biotechnology Cat# sc-47778 RRID:AB_626632

HRP-coupled goat anti-rabbit IgG Jackson ImmunoResearch Labs Cat# 111-035-144; RRID:AB_2307391

HRP-coupled goat anti-mouse IgG Jackson ImmunoResearch Labs Cat# 115-035-146 RRID:AB_2307392

Chemicals, peptides, and recombinant proteins

Actinomycin D Sigma Aldrich Cat#A1410

Dorsomorphin Cayman Chemicals Cat#11967

LDN-193189 TargetMol Cat#T1935

recombinant human BMP-2 Novus Biologicals Cat#NBP2-34928

recombinant human IL-6 R&D Systems Cat#206-IL

Diclofenac sodium salt Sigma Aldrich Cat#D6899

Acetaminophen Sigma Aldrich Cat#A7085

BSA Sigma Aldrich Cat#A7906-500g

EDTA Applichem Cat#A3145,0500

DPBS PAN Biotech Cat#P04-36500

Williams medium E, without

L-glutamine and phenol red

Sigma Aldrich Cat#W1878

Fetal bovine serum Thermo Fisher Scientific Cat#10082147

Dexamethasone Thermo Fisher Scientific Cat#A13449

Insulin-Transferrin-Selen (ITS-G) Thermo Fisher Scientific Cat#41400045

L-Glutamine Thermo Fisher Scientific Cat#25030081

Penicillin/Streptinomycin Thermo Fisher Scientific Cat#15140122

Dulbecco’s modified Eagle medium Thermo Fisher Scientific Cat#31053028

Sodium Pyruvate Thermo Fisher Scientific Cat#11360070

SpeedBeads magnetic carboxylate

modified particles

Cytiva Cat#65152105050250

SpeedBeads magnetic carboxylate

modified particles

Cytiva Cat#45152105050250

Critical commercial assays

NucleoSpin RNA isolation kit Macherey Nagel Cat#740955.50

High-Capacity cDNA Reverse Transcription Kit Applied Biosystems Cat#4368814

Human Luminex® Discovery Assay R&D Systems Cat#LXSAHM

BMP-2 Quantikine ELISA Kit R&D Systems Cat#DBP200

Pierce BCA Protein Assay Kit Thermo Scientific Cat#23225

Deposited data

Proteomes of HepG2 cells This paper PXD054756

Proteomes of primary human hepatocytes This paper PXD054759

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental models: Cell lines

Hep-G2 ATCC RRID:CVCL_0027

Oligonucleotides

hSOCS3 qPCR primer 1

5’-AGACTTCGATTCGGGACCA-3’

This paper Roche UPL: #36

hSOCS3 qPCR primer 2

5’- AACTTGCTGTGGGTGACCA-3’

This paper Roche UPL: #36

hA2M qPCR primer 1

5’-TGTGAGAAATTCAGTGGACAGC-3’

This paper Roche UPL: #46

hA2M qPCR primer 2

5’-GCTGGAAGACCTTGGTTTTTAC-3’

This paper Roche UPL: #46

hC3 qPCR primer 1

5’-CCAAACTCAGCATCAACACAC-3’

This paper Roche UPL: #20

hC3 qPCR primer 2

5’-AGAGCTCCTGCTTCTTCGTG-3’

This paper Roche UPL: #20

hFGA qPCR primer 1

5’-GGAAATTTTGAGAGGCGATTT-3’

This paper Roche UPL: #30

hFGA qPCR primer 2

5’-CCTCTGACACTCGGTTGTAGG-3’

This paper Roche UPL: #30

hFGG qPCR primer 1

5’-GAAGGACAGCAACACCACCT-3’

This paper Roche UPL: #19

hFGG qPCR primer 2

5’-GTAAATCTCTTTTGAAACGGTCTTTTA-3’

This paper Roche UPL: #19

hFN1 qPCR primer 1

5’-GGGAGAATAAGCTGTACCATCG-3’

This paper Roche UPL: #25

hFN1 qPCR primer 2

5’-TCCATTACCAAGACACACACACT-3’

This paper Roche UPL: #25

hHAMP qPCR primer 1

5’-GACCAGTGGCTCTGTTTTCC-3’

This paper Roche UPL: #36

hHAMP qPCR primer 2

5’- TCTGGAACATGGGCATCC-3’

This paper Roche UPL: #36

hHP qPCR primer 1 5’-TGGAGTGTA

CACCTTAAACAATGAG-3’

This paper Roche UPL: #86

hHP qPCR primer 2 5’-TTCTTGGGC

TTCCCACATAC-3’

This paper Roche UPL: #86

hHPX qPCR primer 1 5’-TCACCGTG

GAGAATGTCAAG-3’

This paper Roche UPL: #35

hHPX qPCR primer 2 5’-CTCCTTCA

TGGTTCCCGTAG-3’

This paper Roche UPL: #35

hSERPINA1 qPCR primer 1 5’-CCATCT

TCTTCCTGCCTGAT-3’

This paper Roche UPL: #9

hSERPINA1 qPCR primer 2 5’-GGTAAA

TGTAAGCTGGCAGACC-3’

This paper Roche UPL: #9

hSERPINA3 qPCR primer 1 5’-ACTCCA

GACAGACGGCTTTG-3’

This paper Roche UPL: #42

hSERPINA3 qPCR primer 2 5’-ATTCTCT

CCATTCTCAACTCTGC-3’

This paper Roche UPL: #42

hSMAD6 qPCR primer 1 5’-GGGCAAAC

CCATAGAGACAC-3’

This paper Roche UPL: #10

hSMAD6 qPCR primer 2 5’-CGAGGA

GACAGCCGAGAGT-3’

This paper Roche UPL: #10

hID3 qPCR primer 1 5’-CATCTCCA

ACGACAAAAGGAG-3’

This paper Roche UPL: #59

(Continued on next page)
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Isolation of primary human hepatocytes

Informed consent of the patients was obtained according to the ethical guidelines of University Clinics Heidelberg and Leipzig (regis-

tration number 322/17-ek, date 2020/06/10, ratified on 2021/11/30, registration number 422/21-ek, date 2021/11/10 and 178/16-lk,

date 2016/07/12). PHHs isolation was performed in a standardized way as described earlier.50 Non-cancerous PHHs were isolated

from tumor-free liver tissue resected from human livers of the patients in Table 1.

For standard time-course and dose response experiments, 2 × 106 cells were seeded in 6 cm collagen I-coated tissue culture

plates or 1.5× 106 cells were seeded in 6 well collagen I-coated tissue culture plates (both BDBiosciences) in 2ml or 1ml of adhesion

medium [phenol red-free Williams E medium (Biochrom) containing 10% (v/v) fetal bovine serum (Life Technologies), 0.1 μM dexa-

methasone, 10 μg/mL insulin, 2 mM L-glutamine and 1% (v/v) penicillin/streptomycin (Life Technologies)]. Cells were maintained at

37◦C, 5% CO2, and 95% relative humidity. After 4 h of adhesion, unattached hepatocytes were removed by washing 3 times with

DPBS (PAN Biotech) followed by overnight cultivation in pre-starvation medium [phenol red-free Williams E medium containing

0.1 μM dexamethasone, 2 mM L-glutamine, and 1% (v/v) penicillin/streptomycin]. On the next day, cells were washed 3 times

with DPBS and cultured for 6 h in starvation medium [phenol red-free Williams E medium supplemented with 2 mM L-glutamine,

1% (v/v) penicillin/streptomycin] prior drug, inhibitor or IL-6 treatment.

Cell culture

HepG2 cells were cultivated in a humidified cell culture incubator at 37◦C and 5%CO2 and grown in growth medium [phenolred-free

Dulbecco’s modified Eagle medium (DMEM), 1% (v/v) L-Glutamine, 1% (v/v) Sodium Pyruvate, 1% (v/v) Penicillin/Streptomycin,

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

hID3 qPCR primer 2

5’-CTTCCGGCAGGAGAGGTT-3’

This paper Roche UPL: #59

hCRP qPCR primer 1

5’-GAATTCAGGCCCTTGTATCACT-3’

This paper Roche UPL: #18

hCRP qPCR primer 2

5’-ACACAAAAGCCTTCCTCGAC-3’

This paper Roche UPL: #18

hHPRT qPCR primer 1

5’-TGACCTTGATTTATTTTGCATACC-3’

This paper Roche UPL: #73

hHPRT qPCR primer 2

5’-CGAGCAAGACGTTCAGTCCT-3’

This paper Roche UPL: #73

hGAPDH qPCR primer 1

5’-AGCCACATCGCTCAGACAC-3’

This paper Roche UPL: #60

hGAPDH qPCR primer 2

5’-GCCCAATACGACCAAATCC-3’

This paper Roche UPL: #60

hTBP qPCR primer 1

5’-CGGCTGTTTAACTTCGCTTC-3’

This paper Roche UPL: #3

hTBP qPCR primer 2

5’-CACACGCCAAGAAACAGTGA-3’

This paper Roche UPL: #3

hGUSB qPCR primer 1

5’-CGCCCTGCCTATCTGTATTC-3’

This paper Roche UPL: #57

hGUSB qPCR primer 2

5’-TCCCCACAGGGAGTGTGTAG-3’

This paper Roche UPL: #57

Software and algorithms

Spectronaut Biognosys https://biognosys.com/software/spectronaut/

Limma Ritchie et al.47 http://www.bioconductor.org/packages/

release/bioc/html/limma.html

MSPypeline Heming et al.48 https://github.com/siheming/mspypeline

BlotIt Kemmer et al.49 https://github.com/JetiLab/blotIt

Mathematical model of HepG2 This paper https://www.ebi.ac.uk/biomodels/

MODEL2503270001

Mathematical model of PHH This paper https://www.ebi.ac.uk/biomodels/

MODEL2503270002

Code described in this manuscript This paper https://zenodo.org/records/16411069
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10% (v/v) Fetal Bovine Serum (all Gibco, Life Technologies)]. Cells were repeatedly tested for mycoplasma and only cells that were

negative have been used for experiments. 1 × 106 HepG2 cells/well were seeded in 2 ml growth medium in cell-culture grade 6-well

plates (Techno Plastic Products). After 24 h adhesion time, cells were washed twice with DPBS (Pan Biotech) and 1 ml starvation

medium [DMEM, 1% (v/v) L-Glutamine, 1% (v/v) Penicillin/Streptomycin, 1 mg/ml BSA] was applied. After overnight starvation,

cell treatment was carried out without medium replacement.

Drug, inhibitor and cytokine treatments

Recombinant human IL-6 was reconstituted in sterile filtered 0.3% BSA in DPBS. Recombinant human BMP-2 was reconstituted in

sterile filtered 20 mM acetic acid. Diclofenac and acetaminophen were solved in DMSO. Actinomycin D was purchased from

BioChemica (#A1489), dorsomorphin and LDN-193189 were reconstituted in DMSO. Maximum amount of DMSO applied on

HepG2 cells was 0.5% and on PHH 0.25%.

Cell lysis and protein amount determination

For the whole proteome analysis of HepG2 cells 1× 106 cells were seeded and treated as described above. For PHH 1.5 × 106 cells

were seeded in 6 well collagen I-coated tissue culture plates (both BD Biosciences) as described above. After stimulation with

different cytokine-drug combinations media was aspirated and cells immediately collected in ice-cold lysis buffer containing

25 mM Tris pH 7.6, 150 mM NaCl, 0.1 % SDS, 1 % NP40, 1 % Deoxycholic acid NA-salt, 1 mM Na3VO4, 10 mM NaF, 1 μg/mL Apro-

tinin, 0.1 mg/mL 4-(2-Aminoethyl) benzene sulfonyl fluoride-hydrochloride, 250 U/mL Benzonase, 10 U/mL DNase and PhosSTOP

(4906845001 Roche: 1× Tablet/10 ml buffer) with a cell scraper. Benzonase, 10 U/mL DNase and PhosSTOP (4906845001 Roche:

1× Tablet/10ml buffer). The total cell lysates were then incubated and rotated for 30min at 4◦ C. Samples were centrifuged for 15min

at 14000 rpm and 4◦ C, and the supernatants were transferred to new vials. The BCA Assay (Pierce) was used to estimate protein

concentration, and 5 μg of total protein was used per sample for further processing.

Preparation of cell lysate samples for mass spectrometry analysis

Protein digestion and clean-up were performed using an adapted version of the automated paramagnetic bead-based single-pot,

solid-phase-enhanced sample-preparation (Auto-SP3) protocol51 on a Bravo liquid handling platform (Agilent). Initially, protein disul-

fide bonds were reduced with 10mMTCEP and alkylated with 40mMCAA for 5min at 95 ◦C. For bead preparation, Sera-Mag Speed

Beads A and B (Cytiva) were vortexed until the pellet was dissolved. The suspension was placed on a magnetic rack, and the super-

natant was removed after one minute. The beads were taken off the magnetic rack and suspended in water. This procedure was

repeated three times. A total of 10 μL of bead A was combined with 10 μL of bead B, and the final volume was corrected to

100 μL with Ms-H2O. A total of 5 μL of A+B beads mixture was added to each sample. The Bravo liquid handling platform (Agilent)

was operated using the ‘‘Auto-SP3’’ protocol provided by Agilent. 100mM TEAB buffer containing trypsin (enzyme/protein ratio of

1:25) was used for protein digestion, and samples were incubated overnight at 37 ◦C. After digestion, the recovered peptides

were dried by vacuum centrifugation (1300 rpm at 45 ◦C), and stored at -80 ◦C until use.

Cell lysis for quantitative immunoblotting

For the preparation of total cell lysate for immunoblotting, cells were lysed in RIPA lysis buffer [2% (v/v) Nonidet P-40 (NP40, Roche

Applied Sciences), 50 mM Tris pH 7.2, 250 mM NaCl, 2.5 mM EDTA, 0.5% (w/v) sodium deoxycholate (Serva), 200 μg/ml 4-(2-

aminoethyl) benzenesulfonylfluorid (AEBSF), 2 μg/ml aprotinin, 1 mM Na3VO4, 10 mM NaF] after indicated treatment times. Samples

were sonicated on ice (30 s, 75% amplitude, 0.1 s on, 0.5 s off). Subsequently, samples were centrifuged for 10 min at 14.000 rpm at

4◦C and supernatants transferred into fresh test tubes.

For nuclear cytoplasmic fractionations, cells were lysed with cytoplasmic lysis buffer [0.4% (v/v) NP40, 10mMHEPES, 10mMKCl,

0.1mMEDTA, 0.1mMEGTA, 1mMDTT, 1mMNaF, 1mMNa3VO4, 2 μg/ml aprotinin and 200 μg/ml AEBSF] andwere centrifuged at

18.000 g at 4◦C for 1 min. Supernatants were collected as cytoplasmic fractions. Nuclear pellets were washed with cytoplasmic lysis

buffer without NP-40 and were incubated in nuclear lysis buffer [20 mM HEPES, 25% Glycerol, 400 mM NaCl, 1 mM EDTA, 1 mM

EGTA, 1 mM DTT, 1 mM NaF, 1 mM Na3VO4, 2 μg/ml aprotinin and 200 μg/ml AEBSF), while constant shaking at 4◦C for 15 min.

After centrifugation at 18.000 g at 4◦C for 15 minutes supernatants were collected as nuclear fractions.

METHOD DETAILS

Quantitative immunoblotting

Protein concentrations of lysates were quantified by BCA assay (Pierce, Thermo Scientific). For immunoprecipitation (IP) of target

proteins, 500 μg of total protein lysates were incubated with respective IP antibodies and protein-A (for antibodies originating

from rabbit) or protein-G sepharose (for antibodies originating from mouse) (both GE Healthcare) and were rotated at 4◦C overnight.

Precipitated proteins or 30 μg of total cell lysate, cytoplasmic or nuclear fractions were resolved by 10% SDS-polyacrylamide gel

electrophoresis and transferred to 0.45 μm PVDF membranes (Immobilon P, Merck Millipore, #IPVH0010) according to established

recommendations for quantitative immunoblotting.52 Membranes were incubated with primary antibodies at 4◦C overnight. Horse-

radish peroxidase (HRP) coupled secondary antibodies were applied at RT for 1 h. Antibody signals were either removed by β-mer-

captoethanol/SDS-treatment prior to re-probing for a different protein or by inactivation of HRP by 15 min treatment with 30% H2O2
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at 37◦ C. Phosphorylated species were detected first, followed by total proteins and housekeeping proteins. Proteins were visualized

using enhanced chemiluminescence substrate (GE Healthcare) and signals were detected using a CCD camera (ImageQuant

LAS4000, GE Healthcare). For band quantification, the ImageQuantTL (GE Healthcare) software was used.

Quantification of target gene expression by quantitative real-time PCR (qRT-PCR)

Cells were collected in RA1 lysis buffer (provided in the kit NucleoSpin RNA isolation, Macherey-Nagel) supplemented with 1% of

β-mercaptoethanol and RNA was extracted using the NucleoSpin RNA isolation kit (Macherey-Nagel) according to the manufac-

turer’s instructions. Reverse transcription of 1 μg of RNA was performed using the High Capacity cDNA Reverse Transcription Kit

(Applied Biosystems). The following conditions were employed: Step 1: 25◦C, 10 min; step 2: 37◦C, 120 min; step 3: 85◦C,

10 min, step 4: 4◦C until sample was removed. Diluted cDNA (1:11) was analyzed applying the Universal ProbeLibrary System on

a LightCycler 480 (both Roche) with the PrimaQuant qPCR Probes Master (Steinbrenner). The following cycling conditions were em-

ployed: Pre-incubation: 95◦C, 2min, 4.4◦C/s ramp rate. 50 cycleswithmelting: 95◦C, 10 s, 4.4◦C/s ramp rate; primer annealing: 60◦C,

30 s, 2.2◦C/s ramp rate; DNA synthesis: 72◦C, single acquisition, 1 s, 4.4◦C/s ramp rate. Cooling: 40◦C, 2 min, 1.5◦C/s ramp rate.

Relative mRNA concentrations were calculated according to a cDNA dilution series with the Absolute Quantification Second Deriv-

ative Maximum method of the LightCycler 480 Basic Software (Roche). Target mRNA concentrations were normalized to the geo-

metric mean of housekeeper concentrations. Primer/probe combinations were designed using the Universal ProbeLibrary Assay

Design Center (Roche).

Bead-based immunoassay and ELISA

Cells were seeded, growth factor deprived and stimulated as described before for the corresponding cell type. At the start of each

experiment and after the indicated treatment time, cell culture medium was collected and centrifuged to pellet cell debris at 1.000 g

and 4◦C for 10 min. The supernatant was transferred into a fresh reaction tube and stored at -80 ◦C. Human BMP-4 in the cell su-

pernatant was analyzed with the help of a magnetic Luminex Assay (R&D Systems) according to the manufacturer’s recommenda-

tion, using a BioPlex 200 System (BioRad). Human BMP-2 in the cell culture supernatant was analyzed using a Human BMP-2 Quan-

tikine ELISA (R&D Systems), which was read at a F200pro plate reader (Tecan).

Global Mass Spectrometry (MS)

All samples were analyzed with an Ultimate 3000 HPLC (Thermo Fisher Scientific) coupled to an Orbitrap Exploris 480 mass spec-

trometer (Thermo Fisher Scientific). Tryptic peptides were dissolved in 15 μl loading buffer (0.1 % formic acid (FA), 2 % ACN in MS-

compatible H2O), and 2 μL were injected for each analysis. The samples were loaded onto a pre-column (PEPMAP 100 C18 5 μm

0.3 mm × 5 mm, Thermo Scientific) using a loading pump at a higher flow rate. After 4 min, a valve was switched, and peptides

were delivered to an analytical column (75 μm × 30 cm, packed in-house with Reprosil-Pur 120 C18-AQ, 1.9 μm resin, Dr. Maisch)

at a flow rate of 5 μL/min in 98% buffer A (0.1 % FA in MS-compatible H2O). After loading, peptides were separated using a 141 min

gradient from 8% to 38%of buffer B (0.1% FA, 80%ACN inMS-compatible H2O) at a 300 nL/min flow rate. The Orbitrap Exploris 480

mass spectrometer was operated in data-independent mode (DIA), with anm/z range of 350-1400. Full scan spectra were acquired in

the Orbitrap at 120 000 resolution after accumulation to the set target value of 300 % (100 % = 1e6) and maximum injection time of

45 ms. DIA scans followed the full scans. Forty-seven isolation windows were defined, with an m/z range of 406-986. Spectra were

generated in the orbitrap (isolation window 1m/z) after fragmentation using higher energy collisional dissociation (HCD) at normalized

collision energy (N)CE of 28 % and acquired at 30000 resolution after accumulation to the set target value of 1000 % (100 % =1e5)

and maximum injection time of 54 ms.

Database search and data analysis

All DIA raw data files were analyzed with a direct DIA workflow using Spectronaut (version 18.7, Biognosys) with the built-in Pulsar

search engine. The Uniprot Homo sapiens reference proteome database (#UP000005640, downloaded on 21st February 2023) was

used for the Pulsar search. The default settings for database match include full specificity trypsin digestion, peptide length of be-

tween 7 and 52 amino acids, and maximum missed cleavage of 2. N-terminal methionine was removed during preprocessing of

the protein database. Carbamidomethylation at cysteine was used as a fixed modification, and protein N-terminal acetylation and

methionine oxidation were set as variable modifications. The false discovery rates (FDRs) were set as 0.01 for the peptide-spectrum

match (PSM), peptide, and protein identification. For quantification, identified (Qvalue) was set for precursor filtering and MS2 quan-

tification with the area as quantity type. The original mass spectrometric raw files Spectronaut files are available on the proteomeX-

change PRIDE platform.45

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis of DIA data

For the biological interpretation of the proteomics data, the protein table output was preprocessed using MSPypeline, a python-

based proteomics pipeline.48
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Mathematical modeling

Mathematical multi-compartment models were developed and described by sets of coupled ordinary differential equations (ODEs)

implemented using the Data2Dynamics software package.53We employed the linear chain trickmethod tomodel time delays e.g. for

SOCS3mRNA synthesis.54 The linear chain trick models the delay function as a series of intermediate steps reflecting biological pro-

cesses more appropriately. In each simulated experiment, the model was equilibrated to steady-state prior to in silico treatment with

inhibitors or stimulation. All model parameters were estimated directly from the experimental data using Maximum Likelihood Esti-

mation. Several experiments required the use of scaling, offset and error model parameters that were estimated simultaneously with

the dynamic parameters. To assess parameter identifiability, profile likelihood calculation was performed after each iteration.28 This

was then followed by either model reduction55 or additional data acquisition. For a full mathematical description of the mathematical

models, including profiles and time courses, see supplemental methods.

Plotting

Model time-courses were typically fittedwith scaling and/or offset parameters in the observation function. To facilitate showing all the

data for a particular observable in a single plot, the observation function was inverted. Data point means were computed from the

inverted means, while error bars were calculated by means of averaging the estimated error variances determined by the observa-

tional error model. Model trajectories and data were plotted in the space where fitted (linear for immunoblotting data and logarithmic

for gene expression data).

L1-regularization

To identify potential candidate drug targets, an L1-regularization approach was applied.56 In this approach, every model parameter

was modulated by an additionally estimated parameter Δk , that mediated the effect of the drug on the respective reaction following

the formula:

k′ = k(1 + Δk [drug](t))

To enforce a sparse solution, estimated changes induced by the drug were penalized using an L1 prior. This gave rise to the

following -2 log likelihood function to be minimized:

−p log(L) =

∑

Nobs

i = 1

(

(

yi − g(x;p))

σi(x;p)

)2

+ 2 log(σi(x;p))

)

+ λ

∑

NΔ

k = 1

|Δκ|

Here yi referred to the data, g(x;p)was the model depending on the states x and the parameters p. The standard deviation of each

data point was provided by the error model and denoted by σi(x;p). The regularization strength was denoted by λ. This prior penalized

the absolute difference from zero for our drug effect parameters. To study the effect of regularization, we performed parameter opti-

mization over a large range of regularization strengths λ. Consequently, when sorted by the regularization strength, parameter

changes were sequentially pushed to zero at the cost of fidelity to the data. Estimating model parameters was challenging, and

the possibility existed that for any given regularization level, there might be multiple local optima. To mitigate the risk that we missed

the most optimal parameterization we repeated the optimization procedure 1000 (if not indicated otherwise) times for every regula-

rization level, starting from widely dispersed initial values.

After optimization, parameter changes, which were pushed to zero were fixed to zero (reduced from the model) and the penalty of

other parameter changes was removed. This was then followed by re-optimization to avoid biasing the parameter estimates of the

inferred effects. During our early analyses, we found that themodel would sometimes use regularization parameters to improve the fit

of the control situation. Since this hampered analysis, we decided to keep the control parameters fixed while performing the L1-reg-

ularization. After completion of the large regularization scan, fit quality was assessed using the Bayesian Information Criterion (BIC):

BIC = log(n)κ − 2 log(L)

Here, n refers to the number of data points, κ is the number of free parameters in themodel and L represents the likelihood. Accord-

ingly, a lower BIC value indicates a better fit. Note that as the number of parameters κ increased, the BIC increased as well hereby

penalizing model complexity.
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