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ABSTRACT

Background: Recent advancements in omics and benchmark dose (BMD) modeling have facilitated
identifying the dose required for a predetermined change in a response (e.g. gene or protein
change) that can be used to establish acceptable dose levels for hazardous exposures. Adverse
Outcome Pathways (AOPs) describe the causal links between toxicants and adverse effects through
key events (KEs). Integrating omics data within the AOP framework quantitatively links early
molecular events to later phenotypic effects. In this study, we use omic-based BMD analyses in an
in vitro blood model exposed to radiation to identify point of departure (POD) values across KEs to
acute myeloid leukemia (www.aopwiki.org/aop/432).

Methods: Isolated white blood cells were cultured and X-irradiated (1Gy/minute, 0-6Gy).
Transcriptomic and proteomic changes were assessed 24h post-exposure. BMD modeling was
applied and significantly perturbed genes/proteins and pathways were identified. Those pathways
relevant to KEs outlined in AOP 432 were grouped and a POD was determined.

Results: BMD modeling identified 1294 genes and 167 proteins with median BMD lower confident
limit (BMD) values of 1.35 and 0.32Gy, respectively. Pathway analysis identified biological processes
related to DNA damage/repair, oxidative stress, cell cycle regulation, immune responses, and cancer
development. These findings aligned with the KEs in AOP 432. The BMDL values of canonical
pathways associated with these KEs were generally below 0.5 Gy with specific genes (e.g. GADD45A)
displaying BMDLs <0.05Gy.

Conclusions: This work provides insights into predictive radiation induced mechanisms and
associated dose of activity that can be taken into consideration for low dose (< 0.1Gy) risk analysis.
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Introduction

The Organisation for Economic Co-operation and
Development’s (OECD) Adverse Outcome Pathway (AOP)
framework provides a method to consolidate and interpret
mechanistic data spanning multiple levels of biological orga-
nization. AOPs describe a sequence of key events (KEs)
along a biological pathway to an adverse outcome (AO) con-
sidered relevant to risk assessment (OECD 2016). Data gen-
erated from omics methodologies can be used to strengthen
evidence evaluation for AOPs (Azimzadeh et al. 2022).
Recently, our group explored the integration of omics data
within an endorsed AOP to lung cancer (https://aopwiki.org/
aops/272) using radiation datasets deposited in the Gene
Expression Omnibus (GEO). The analysis identified genes
and associated pathways that could be linked with KEs in
AOP 272 (Yu et al. 2022). However, there were insufficient
dose-response data to allow for the proper evaluation of the

lowest dose at which pathways are activated. Our analyses
were undertaken with the use of benchmark dose modeling
(BMD), which estimates a point of departure (POD) that
can serve as a human reference dose for a stressor. Similar
strategies are being used for chemical risk assessment
(Chepelev et al. 2014; Labib et al. 2016; Gannon et al. 2019).
Currently, with more radiation AOPs under development,
identifying a workflow for integrating omics data into AOPs
may strengthen the weight of evidence evaluation.
Additionally, such an approach could potentially identify an
adverse dose using predictive events in AOPs (Chauhan
et al. 2021; Jaylet et al. 2022; Klokov et al. 2022; Tollefsen
et al. 2022).

BMD modeling has increasingly been applied to studies
related to environmental or occupational health as an alter-
native to the No-Observed Adverse Effect Level (NOAEL) or
Lowest-Observed Adverse Effect Level (LOAEL) (Haber
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et al. 2018). The BMD approach applies pre-defined mathe-
matical models to dose-response data to determine the best
fit model and then estimates the dose that produces a pre-
determined change in the response rate (defined as the
benchmark response: BMR) to identify the BMD of the end-
point under investigation. The precision of the BMD is
defined by the range between the upper (BMDU) and lower
(BMDL) 95% confidence intervals, where the BMDL is often
used to establish reference doses in chemical risk assessment
(Food and Agriculture Organization of the United Nations
and the World Health Organization 2009; Committee on
Carcinogenicity of Chemicals in Food and Consumer
Products and the Environment 2020). With increasing guid-
ance and acceptance from regulatory agencies, BMD model-
ing has become the preferred approach for deriving
health-based dose guidance values for chemical exposures
(Crump 1984; Hardy et al. 2017; More et al. 2022).
Although typically applied to conventional toxicological
endpoints, software has been developed to enable BMD
modeling use for high dimensional datasets produced from
transcriptomic and proteomic methodologies (Phillips et al.
2019; Liu et al. 2023). These software tools can be used to
derive BMD values for genes, proteins, and their related
pathways. In terms of radiation studies, the BMD methodol-
ogy has been used to identify gene/pathway sensitivities for
radiation-induced cataract formation in the lens of the eye
(Chauhan et al. 2019) and UV-induced skin cancer (Qutob
et al. 2018). The outcomes of the analysis have yielded BMD
values comparable to current human exposure limits derived
from animal models. Importantly, transcriptional BMDs have
been shown to be highly correlated with BMDs derived for
adverse toxic effects measured using standard analytical tests
(Bhat et al. 2013; Bourdon et al. 2013; Thomas et al. 2013;
Moffat et al. 2015; Gwinn et al. 2020). Studies demonstrate
that BMD modeling of omics data: (1) can use flexible study
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designs because the identified BMD is not limited to the
experimental doses tested, (2) takes into account the shape
of the entire dose-response curve in determining a POD, (3)
provides simpler interpretation of large datasets as well as
more quantitative estimates of the dose-responsive genes and
pathways, and importantly, (4) allows direct comparison to
other data with similar endpoints without the need to have
matched doses (Sand et al. 2008).

Given the wealth of omics data in the radiation field,
establishing practical methods to use these data in AOP
development will be of benefit to advance human health risk
assessment (Azimzadeh et al. 2022; Chauhan et al. 2022; Yu
et al. 2022). While a previous metanalysis (Chauhan et al
2021; Stainforth et al. 2022), has utilized publicly available
radiation gene and protein datasets for BMD analysis, the
majority of these datasets have limitations. Most notably, the
studies predominantly feature high radiation doses and lack
the broad dose-response range required for robust BMD anal-
ysis. Consequently, these datasets were suboptimal for our
BMD objectives, emphasizing the need for the development of
our current study. Additionally, a recent workshop on BMD
modeling for radiation datasets emphasized the importance of
further experimental case studies to provide practical exam-
ples of how this approach can be effectively applied (Chauhan
et al. 2022). In response to this need, we assessed transcrip-
tomic and proteomic variations in an experimental model of
human blood samples exposed to radiation at doses ranging
from 0.05 to 6Gy (1Gy/minute). We calculated gene and
pathway-specific BMD values to establish pathway-based
PODs. These were then integrated with an existing AOP
which outlines the progression from radiation exposure to
acute myeloid leukemia (AML) (AOP 432; https://aopwiki.org/
aops/432) (Figure 1). This integration allowed us to categorize
and prioritize significantly disturbed pathways and provide
quantitative measures of KEs within AOP 432.
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Figure 1. Schematic of the workflow. White blood cells were isolated from 14 human donors and exposed to 0, 0.05, 0.10, 0.25, 0.5, 1, 2, 4, and 6Gy of X-ray
radiation at a dose rate of 1Gy/minute. Twenty-four hours following irradiation, cells were assessed for cytotoxicity, as well as transcriptomic and proteomic vari-
ations. Transcriptomic and proteomic datasets were subjected to benchmark dose modeling and the results of the analyses were used to strengthen the evidence
evaluation within an AOP to acute myeloid leukemia (https://www.aopwiki.org/aops/432). LC-MS: Liquid chromatography—-mass spectrometry; BMD: benchmark
dose; BMR, benchmark response.
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Methods
Materials

The materials and equipment used in this study are grouped
by the company from which they were purchased, with their
catalog numbers indicated. Gibco: RPMI 1640 (21870-076),
white-wall 96-well plate (655073). Millipore Sigma: fetal
bovine serum, FBS (F1051), L-glutamate/Pen/Strep (G1146),
Trypan Blue (T8154-20mL), Histopaque®-1077 (10771), 50 mL
Accuspin tubes (A2055-10EA). Eppendorf: 50mL conical
tubes (0030122178), 15mL conical tubes (0030122151).
Thermo Fisher Scientific™: protease inhibitor (78429),
60mm culture dishes (130181). Fisher Scientific: 0.5mL
microcentrifuge tubes (14-666-332). HyClone: deionized
phosphate buffer saline, 1X DPBS (SH30028LS). BioSpyder™: TempO-
Seq S1500+ kit. Beckman: DxH 520 Hematology Analyzer.
Promega: Trypsin Gold, Mass Spectrometry Grade (V5280),
ATP assay kit (PR-G7571).

White blood cell (WBC) isolation

Peripheral blood from healthy adult volunteers (8 males and
6 females; aged 22-49years) was drawn via peripheral veni-
puncture (with informed consent from all subjects; Research
Ethics # 2002-0012H) into six 10 mL ethylenediaminetetraacetic
acid (EDTA) vacutainer tubes and one 4mL EDTA vacutainer
tube. All tubes were rocked at room temperature for 15min.
The 4mL EDTA tube was used for a complete blood count
(CBC) using a DxH 520 Hematology Analyzer. The remain-
ing six 10mL tubes were used for WBC isolation in two
50mL Accuspin tubes according to the Histopaque protocol.
Briefly, 15mL of Histopaque®-1077 solution was loaded onto
the upper chamber of each of the two 50mL tubes. The solu-
tion was brought down to the lower chamber by centrifuga-
tion at 100 x g for 1 min at room temperature. Then, 30mL
of blood was loaded onto the upper chamber and was centri-
fuged at 800 x ¢ for 15min at room temperature. The opaque
layer (buffy coat) was collected into a clean 15mL conical
tube. 10mL of DPBS was added, and the sample was mixed
gently by inversion followed by centrifugation at 250 x g for
10min. The supernatant was removed, and cell pellet was
washed two times with 5mL of DPBS. The washed cell pellet
was resuspended with 2.5mL of culture medium, and 10uL
was taken for cell counts. Additional culture medium was
added to derive a final concentration of 1.0x10° cells/mL.
This suspension of isolated WBCs was divided into aliquots
of 2.0x10° cells/culture dish/treatment dose.

Irradiations

The isolated WBCs were irradiated using a cabinet X-ray
machine (X-RAD 320, Precision X-Ray Inc., North Branford,
CT) at 250 kVp and 12.5mA. Samples were exposed to nine
doses (0.0, 0.05, 0.1, 0.25, 0.5, 1.0, 2.0, 4.0 and 6.0Gy) at a
dose rate of 1.0 Gy/min (Chauhan et al. 2019). The dose rate
was measured using a PTW TW30010-10 ion chamber and
a T10002 electrometer (PTW, Freiburg, Germany) calibrated
at the National Research Council, Ottawa, Canada.

Twenty-four hours after exposure, 20uL of the cell
suspension of each sample was collected for cell counts and
Trypan Blue Exclusion (TBE) assays. The remaining cell sus-
pension (~2.0mL) was transferred from the culture plate
into a 15mL conical tube and was centrifuged at 250 x g for
5min at room temperature. After centrifugation, 75uL of the
supernatant was collected to assess the ATP concentration in
the culture medium, and the rest of the supernatant was
aspirated. The remaining cell pellet was resuspended in
2.0mL of phosphate buffer saline (DPBS). A 75uL aliquot of
this cell suspension was used to assess the intracellular ATP
concentration, 0.5mL was used for transcriptomic analysis,
and ~1.4mL was used for proteomic analysis. The cell sus-
pension was mixed with 90uL of culture media, and 100 puL
of Trypan blue reagent for cell count assessment with a
hemocytometer using 10pL of total sample.

ATP assay

The ATP assay was performed according to the manufactur-
er’s instructions. Briefly, an equal volume of ATP reagent
(75uL) was added to each sample in a white-wall 96-well
plate. The plate was covered with tin foil, incubated on an
orbital shaker for 15min at room temperature, and lumines-
cence was measured for each sample.

Transcriptomic analysis

Twenty four hours following exposure, an aliquot of 100,000
cells in DBPS was mixed with TempO-Seq™ Enhanced Lysis
Buffer (BioSpyder Technologies) and was incubated at 37°C
for 10minutes. The samples were then stored at — 80°C
until analysis by BioSpyder.

mRNA in the cell lysates was hybridized with the
TempO-Seq™ oligo mix (BioSpyder TempO-Seq™ platform),
followed by nuclease digestion of excess oligos and ligation.
Sample wells were assigned specific ‘barcoded’ primer pairs to
enable multiplexing during sequencing. Amplicons were
pooled and cleaned up using a PCR clean-up kit (Clontech)
and libraries were sequenced using an Illumina NextSeq® 500.
Sequencing readouts were demultiplexed to generate FASTQ
files, and an in-house quality control and analysis pipeline
was applied, as described previously (Verheijen et al. 2022).
All relevant data are deposited in the GEO database with
accession number GSE260589, and the code used for process-
ing high-throughput sequencing data is available on GitHub
at https://github.com/R-ODAF/R-ODAF_Health_Canada.

Differential gene expression analysis

The data, expressed as counts per million, were analyzed
using a generalized linear mixed model (GLMM) utilizing the
negative binomial family. This analysis was performed using
the glmernb() function within the lme4 R package (Bates
et al. 2015). This model included fixed effects of dose rate,
dose group and the dose rate by dose group interaction with
subject as a random effect. Comparisons to controls were
conducted using the doBy R package (Hojsgaard and Halekoh
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2023). The estimated differences were exponentiated to obtain
fold changes, which were then linearized and the delta method
was employed to approximate the standard errors.

Sample preparation for proteomic analysis

Twenty four hours after exposure, 700,000 cells were washed
with DPBS containing protease inhibitor and stored as a pel-
let at —80°C until further use. For protein extraction, cell
pellets were lysed, followed by sonication in a 15-20°C
water bath for 5min. The lysates were centrifuged at
16,000 x g for 10min at room temperature, and the superna-
tant was collected for protein quantification. For alkylation,
200mM ijodoacetamide was added to the remaining protein
extract and incubated in the dark for 30 mins. Protein pre-
cipitation was carried out using pre-chilled acetone (-20°C),
with samples incubated at —20°C for 2hour or overnight.
The samples were then centrifuged at 16,000xg for 10min
at 4°C, and the protein pellet was resuspended in a cold 4:1
acetone solution, followed by a 1-hour incubation at —20°C.
After centrifugation at 16,000x g for 10min at 4°C, the pel-
let was air-dried for approximately 30minutes. The dried
protein pellet was resuspended in 50mM ammonium bicar-
bonate and digested overnight with trypsin at a 1:20
trypsin-to-protein ratio at 37°C. The digestion was quenched
by adding 0.1% formic acid, yielding a final protein concen-
tration of 0.1ug/pL. All samples were stored at —80°C until
further analysis using nano-liquid chromatography tandem
mass spectrometry (nLC-MS/MS).

Proteomic analysis using nLC-MS/MS

Following digestion, 10puL of peptide digest was analyzed by
nLC-MS/MS using an UltiMate 3000 HPLC system (Dionex)
coupled to an Orbitrap Exploris 480 mass spectrometer
(Thermo Fisher Scientific). Peptides were first loaded onto a
300um x 5mm Pepmap Neo C18 trap (Dionex) for desalting
before being analytically separated by a 100pum x 10cm BEH
C18 column with 1.7um particle size and 100A pore size
(Waters) and then eluted with the following gradient: 1-40%
solvent B for 61 min, 40-85% solvent B for 3min, 85-1% sol-
vent B for 1min, and finally re-equilibrated at 1% solvent B
for 8min. Solvents A and B were 0.1% formic acid in HPLC
grade water and acetonitrile, respectively, and the flow rate
was 500 nL/min. Peptides were gas-phase separated using a
FAIMS Pro Duo Interface (Thermo Fisher Scientific) with
alternating compensation voltage of — 50 and — 70. MS1 spec-
tra were acquired for m/z 350-1600 in the Orbitrap at a res-
olution of 15,000. MS2 spectra were generated using
high-energy collisional dissociation (HCD) with a normalized
collision energy of 30% and acquired with data dependent
acquisition (DDA) in the ion trap.

Mass spectrometry-based protein identification and
intensity determination

The .raw nLC-MS/MS files were analyzed using the integrated
modules within the FragPipe (version 20.0) software. Spectra
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were first searched against the NCBI Homo sapien genome
database (GCF_000001405.40) with decoys added wusing
MSFragger (version 3.8) (Kong et al. 2017) allowing for one
missed cleavage and setting both mass tolerance and frag-
ment mass tolerance to 20ppm for protein identification.
Philospher (version 4.4.0) (da Veiga Leprevost et al. 2020),
with PeptideProphet selected, was used for the validation
step. Label-free MS1 precursor intensity-based quantification
was performed with IonQuant (version 1.9.0) (Yu et al.
2020) with match between runs (MBR) enabled, a false dis-
covery rate (FDR) set to 0.05, and retention time tolerances
set to 2min.

Differential protein analysis

For each sample, total protein intensities were determined
using JonQuant and MBR and normalized using a house-
keeping protein, P-actin (ACTB). Normalized protein inten-
sities were then log, transformed. Data with missing
normalized intensities were imputed using k nearest neigh-
bors (kNN) with k equal to 5 in the imputation R package
(Troyanskaya et al. 2001; Cai et al. 2010). The minimum
nonzero data value was used to estimate the detection limit.
The detection limit was used to replace all normalized pro-
tein intensities with zeros. The data were then further nor-
malized to the average of the two control samples. Data for
each subject were then merged and missing data for the
merged data were imputed using kNN with k equal to 5.
These data were analyzed using a linear mixed model
(LMM) with a Gaussian family using the Ime4 R package.
The model included fixed effects of the dose rate, dose
group and the dose rate by dose group interaction with sub-
ject as a random effect. Comparisons to controls were con-
ducted using the doBy R package. The estimated differences
were exponentiated to obtain fold changes that were then
linearized, and the delta method was employed to approxi-
mate the standard errors.

BMD analysis

We used a GLMM for differential gene expression analysis as
the data consisted of count values with a negative binomial
distribution and repeated measures. The GLMM accounts for
these factors by incorporating random effects, making it suit-
able for this type of data. In contrast, BMDExpress fits linear
models (LM), which assume a normal distribution. To align
with this assumption, we modeled the log2-transformed
counts per million (CPM) in BMDExpress, ensuring that the
data met the normality requirement for linear modeling. This
step was necessary to adapt RNA-seq data for dose-response
modeling using BMDExpress.

The log2-transformed counts per million were first prefil-
tered based on the results of the differential gene expression
analysis. Probes that had a 1.5-fold change in at least one
condition with an unadjusted p-value less than 0.05 were
retained and read into BMDExpress v3, as recommended by
the National Toxicology Program’s Guide to Genomic Dose-
Response Modeling and validated in various toxicological
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studies (Yang et al. 2007; National Toxicology Program 2018;
Phillips et al. 2019; Auerbach et al. 2022; Lee et al. 2024).

BMD analysis was conducted with a Benchmark Response
(BMR) of 50%, using relative deviation, and the BMDs were
estimated through Bayesian model averaging with the default
set of models (Wheeler et al. 2022). To reduce false positives
to below 5%, we applied additional filters based on best prac-
tices and in-house experience (National Toxicology Program
2018; Stainforth et al. 2022). BMDs were excluded if the BMD
was higher than the highest dose, if the BMD/BMDL ratio
exceeded 20, or if the BMDU/BMDL exceeded 40.

To ensure that the BMD values were biologically relevant
and indicative of early responses to radiation exposure, BMR
values ranging from 10% to 50% were tested. We focused on
the sensitivity and specificity of different BMRs and con-
ducted extensive analyses to evaluate these parameters. A
BMR of 50% was selected to reflect a significant change in
response, which might be biologically meaningful. This higher
BMR ensures that the identified dose corresponds to a clear
and noticeable change, reducing the risk of over-interpreting
minor, possibly irrelevant fluctuations. In this study, lower
BMRs resulted in the exclusion of many genes associated with
radiation exposure. This occurred as the extrapolated BMDs
fell below the lowest dose, resulting in wide confidence inter-
vals for these BMDs. Consequently, these genes were being
removed during the post-filtering stage due to BMD/BMDL
ratios exceeding 20 or BMDU/BMDL ratios greater than 40.
Thus, a BMR of 50% was chosen to achieve a balance between
sensitivity and robustness in the analysis.

A similar procedure was used for the protein data with a
few changes. First, normalized protein intensities were read
into BMDExpress with a prefilter such that a protein would
require 1.2-fold change with an unadjusted p-value less than
0.05 in at least one comparison. The 1.2-fold change was
selected based on the sensitivity of modern mass spectrom-
etry techniques, which can detect even small variations that
can significantly impact cellular processes, as demonstrated
in prior studies (Zhong et al. 2019; Zhang et al. 2021 Zhu
et al. 2023). A BMR of 5% using relative deviation was used
to determine the BMDs applying Bayesian model averaging.
These adjustments for proteomic analysis acknowledge the
subtler variations in protein levels compared to gene expres-
sion and the significant biological impacts of even small
changes in protein abundance (Repetto et al. 2022; Zhu
et al. 2023; Pecinka et al. 2024; Yu et al. 2024).

Pathway enrichment analysis

The gene identifiers (Ensembl and gene symbol) of both
transcriptomic and proteomic datasets were used for
Ingenuity Pathway Analysis (IPA; Qiagen), where the fold
change of the highest dose was used for each gene/protein.
IPA Core Analysis was performed with expression threshold
of fold change > 1.5 or < 0.66 for transcriptomic data and
fold change > 1.2 or < 0.83 for proteomic data, with p value
< 0.05, which was used with the direct and indirect relation-
ship settings. The Ingenuity Canonical Pathways containing
at least three genes or proteins were used to calculate median
pathway BMDL values.

Results
WBC isolations

Isolated WBCs composed primarily of lymphocytes
(Supplementary Figure 1) were subjected to X-irradiation
(0.05-6Gy at a dose rate of 1Gy/min) (Figure 1).
Transcriptomic and proteomic responses as well as cytotoxic
endpoints (relative cellular ATP, cell membrane integrity
(TBE) and cell counts) were assessed 24 hour post-exposure.
We observed a statistically significant dose-dependent reduc-
tion (p < .05) in cellular ATP levels with minimal changes
in cell membrane integrity (Supplementary Figure 2).

BMD modeling of transcriptomic and proteomic
responses

Transcriptomic assessment of irradiated WBCs identified a
total of 1,294 genes and 167 proteins that fit BMD models.
For subsequent analyses, we used BMDL values. A histo-
gram of gene BMDLs showed a unimodal distribution rang-
ing from 0.001 to 4.6 Gy, with the number of modeled genes
peaking at approximately 0.8Gy (Figure 2(A)). Protein
BMDL values spanned from 0.03 to 2.0 Gy, peaking at about
0.2Gy (Figure 2(B)). The number of modeled targets
declined notably beyond BMDL values of 3.0Gy for genes
and 0.6 Gy for proteins. The median BMDL values for genes
and proteins were 1.35Gy and 0.32 Gy, respectively (Figure
2(C)). Gene-based pathway analysis resulted in 377 signifi-
cant pathways, with a median BMDL for all pathways of
1.04Gy (Figure 2(D,F)). For proteins, pathway responses
were distributed across a narrower BMDL range with a
median pathway BMDL of 0.30Gy across 71 pathways
(Figure 2(E,F)).

Pathway analysis of transcriptomic and proteomic
responses

Differentially expressed genes and proteins were associated
with canonical pathways and also categorized into low (<
0.1Gy), medium (0.1-1Gy), and high (> 1 Gy) dose respond-
ers based on the corresponding BMDL value (Tables 1 and
2). Significantly perturbed pathways were subsequently cate-
gorized and prioritized using the KEs in an AOP leading
from energy deposition to AML (AOP 432), to refine the
analysis and promote alignment with established models of
radiation-induced AML. Transcriptomic pathways clustered
into several notable biological categories including: DNA
damage and repair (e.g. GADD45 Signaling, p53 Signaling),
cell cycle regulation, cellular stress (e.g. oxidative stress
induced senescence), cell death (e.g. Death Receptor
Signaling), immune system, and cancer development (e.g.
Molecular Mechanisms of Cancer) (Table 1).

Proteomic pathway analysis revealed pathways that were
largely associated with biological processes of cell stress (e.g.
oxidative stress; mitochondrial dysfunction), cell death, cyto-
skeletal dynamics/regulation, metabolism (e.g. glycolysis I),
and the immune system (Table 2). Unlike the transcriptomic
dataset, proteomic-based pathways associated with cytoskeletal
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dynamics/regulation and immune response exhibited the
lowest median BMDL values, where the former was not
prominent in the transcriptomic dataset (Tables 1 and 2). In
addition to cytoskeletal dynamics, metabolism related path-
ways were not prominent in the transcriptomic dataset,
which instead highlighted DNA damage/repair and cell cycle
related alterations.

Data integration within AOPs

Next, we integrated the key functional categories identified
by pathway analysis and their BMDs within the framework
of AOP 432. Figure 3 summarizes the broad functional cat-
egories deduced within our dataset and affiliates them with
corresponding levels within the AOP. These range from the
initial molecular initiating event (MIE) of energy deposition,
through intermediary cellular responses related to DNA
damage/repair, oxidative stress, perturbations in cell cycle, to
broader effects on immune system function and the eventual
AO of cancer development, specifically AML. The BMDL
values presented are derived from the pathways with the
lowest median pathway BMDL value within their respective
functional categories. These values highlight the dose at
which the biological responses may be activated with this
specific study design.

To dissect the specific biological mechanisms at the
molecular level, we conducted a comprehensive assessment
of transcriptomic, and proteomic responses pertinent to
DNA damage and repair, cellular stress, and metabolism
(Figure 4). Genes integral to DNA repair, such as
cyclin-dependent kinase inhibitor 1A (CDKNIA), H2A his-
tone family member X (H2AX), and growth arrest and
DNA-damage-inducible, alpha (GADD45A), exhibited
dose-responsive upregulation (p<0.05). In parallel, genes
and proteins implicated in the generation and response to
reactive oxygen species (ROS) - including neutrophil cytoso-
lic factor 1 and 2 (NCFI, NCF2), transient receptor potential
cation channel subfamily M member 2 (TRPM2), and
myeloperoxidase (MPO) - along with antioxidants such as
TP53-Induced glycolysis and apoptosis regulator (TIGAR)
and catalase (CAT), showed significant induction in a
dose-dependent manner (p<0.05). The dose-response assess-
ment for key genes and proteins related to ATP production
and metabolism revealed upregulation of components of the
electron transport chain, such as ubiquinol-cytochrome C
reductase, complex IIT Subunit X (UQCR10) and cytochrome
¢ oxidase subunit 5B (COX5B). Conversely, proteins critical
for the terminal stages of glycolysis, including lactate dehy-
drogenase B (LDHB) and triosephosphate isomerase 1
(TPI1), were downregulated post-radiation exposure.
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Table 1. Pathway analysis of transcriptomic data with the corresponding median pathway BMDL and the genes associated with each functional category.

Median
Canonical pathways BMDL Low (<0.1Gy) Medium (0.1-1Gy) High (> 1Gy)
DNA Damage and Repair
ATM Signaling 0.37 MDM2, CCNG1, H2AC7, H1-1, FAS, H2AX, CABINT, GADDA45G, H2AZ2, MAPK11, H2BC13,
GADDA45 Signaling 0.37 GADDA45A, BBG3, H2BC11, MYC, PPM1D, RRM2B, ST13, BCL2L1, H1-2, SCO2, H1-5, BAD,
p53 Signaling 0.38 UBB, TNFRSF10B, H2BC5, GADD45B, TP53, H2AJ, APBB1, PPP2R5C, HDAC1, H1-4, H1-3,
DNA Double Strand Break Response 0.40 BAX, TIGAR, PPP5C, PMAIP1, PPP1R13B, JUN, AKT3, PIK3CG
DNA Damage/Telomere Stress Induced 0.48 CDKN1A H2BC17

Senescence
DNA damage-induced 14-3-30 Signaling 0.95
Cell Cycle Regulation
FOXO-mediated transcription of cell cycle 0.08 MDM2, GADD45A,  PLK3, MYC, PPM1D, TP53, CDKN2D, = HDAC7, CDKN2B, BTG2, HDAC1, CDC25B

genes BAX, PLK2, PCBP4, SIN3A
TP53 Regulates Transcription of Cell Cycle 0.16 CDKN1A

Genes
Cell Cycle: G2/M DNA Damage Checkpoint 0.19

Regulation
Cell Cycle: G1/S Checkpoint Regulation 0.47
Cellular Stress
Oxidative Stress Induced Senescence 0.47 MDM2, RHOU, UBB, H2AC7, MAP4K4, GLS2, H2AX, SIRPA, MRAS, APOC1, RRAS, RHOH,
TP53 Regulates Metabolic Genes 0.91 TIGAR, CDKN1A HSPA1B, IRS2, DDIT4, H2BC11, DAPK2, RAB7B, H2AZ2, MAPK11,
Senescence-Associated Secretory Phenotype 0.52 MYC, PPM1D, RRM2B, RASD1, H2BC13, APOE, NCF2, RRAGD,

(SASP) H2BC5, HSPA2, TP53, CXCLS, CDKN2B, RPS6KA2, MMP14, SCO2,
UVC-Induced MAPK Signaling CDKN2D, CEBPB, ATG7, DAPK1, MMP9, SESN2, ADM, PRKAB1, NCF1,
Autophagy HMOX1, H2AJ, RHOB, HSPA®6, HK3, BAD, LDHB, HK2, MKNKT1,
Production of Nitric Oxide and ROS in JUN, H2BC17, FOS, RAC2 LAMP2, PPP2R5C, HK1, ANAPC16,

Macrophages CYBB, SERPINA1, AKT3, DDIT3, PRKCB,

HIF1a Signaling
RHO GTPases Activate NADPH Oxidases
Cell Death

RIPK1-mediated regulated necrosis 0.13 MDM?2, BBC3, UBB,

Death Receptor Signaling 0.20 FTH1,

FOXO-mediated transcription of cell death 0.22 TNFRSF10B, BAX,
genes GZMA, FASLG,

MYC Mediated Apoptosis Signaling 0.29 CDKN1A, GZMB

Immunogenic Cell Death Signaling Pathway 0.43

Necroptosis Signaling Pathway 0.80

Ferroptosis Signaling Pathway ﬂ

Granzyme A Signaling

Immune System

Crosstalk between Dendritic Cells and Natural 0.22 TNFSF4, TNFSF8,
Killer Cells FTH1,

Natural Killer Cell Signaling 0.68 TNFRSF10B,

Th1 and Th2 Activation Pathway 0.68 KIR2DL1,

Pathogen Induced Cytokine Storm Signaling 0.73 ADGRG1, FASLG,
Pathway NCR1, CX3CR1,

Macrophage Classical Activation Signaling 0.73 XCL2, TRDV2,
Pathway CD80, GZMB,

T Cell Exhaustion Signaling Pathway 0.93 NCR3

TREM1 Signaling 1.02

Acute Phase Response Signaling

Phagosome Formation

Leukocyte Extravasation Signaling

Cancer Development

Tumor Microenvironment Pathway 0.93 MDM2, RHOU,

Molecular Mechanisms of Cancer 1.06 BBC3, BAX,

Chronic Myeloid Leukemia Signaling 1.15 ARHGEF3,

Role of Tissue Factor in Cancer 1.15 ADGRG1, FASLG,

MSP-RON Signaling in Cancer Cells Pathway
Acute Myeloid Leukemia Signaling

CDKN1A, CX3CR1

PRF1, MAP4K4, GLS2, H1-1, FAS,
GZMH, ACTA2, H2AX, HSPA1B,
GZMM, MYC, RASD1, H2BC5,
BCL2L11, HSPA2, TP53, GZMK,
DAPK1, HMOX1, HSPA6, GSS,
PMAIP1, ABCA1, MERTK, H2BC17

KLRD1, CD70, PRF1, TRGVY, TBX21,
NMURT, TRDC, CD83, FAS,
JCHAIN, ACTA2, HSPA1B, TGFBR3,
IL2RB, IL18RAP, ITPR2, KLRB1,
EOMES, MYC, TRGC1, KLRG3,
XCL1, CXCR3, IGHM, CXCL2,
RASD1, CCL4, P2RY10, HSPA2,
BTLA, TRAV29DV5, CXCL8, CCLS5,
TRBV7-7, PLA2G7, TRBV11-1,
CCR7, ADGRG5, RBP1, BHLHE41,
CEBPB, IL12RB2, TRBC1, CD69,
CDA48, KLRK1, HMOX1, CXCL3,
TXK, CD247, CXCR6, HSPA®6,
ITGB7, IL18R1, TRBV6-5, HAMP,
LTB, TNFSF9, TRBV30, KLRC2,
OSM, CCL2, CCL13, TRGC2, CD8A,
TRBV20-1, ARHGAP6, CCL24,
CCR4, PNPLA2, TRBV15, JUN,
HCST, TRBV4-2, IL1RN, FOS,
RAC2,CLEC4E, MYO18A, IGLC2

PDGFD, TRIB2, LRP5, NMUR1, FAS,
ACTA2, TGFBR3, IL2RB, IL18RAP,
MYC, ID1, RASD1, BCL2L11,
P2RY10, TP53, CXCL8, CCR7,
ADGRG5, CDKN2D, PTCH1,
IL12RB2, PLAUR, HBEGF, BLK,
RHOB, CXCR6, ITGB7, IL18R1,
CCR6, PMAIP1, IFNLR1, OSM,
CCL2, CCR4, SIN3A, PTGS2, JUN,
FOS, RAC2

RPS6, PIK3CG

LRP1, MRAS, H2AC21, LMNA, RRAS,
DAPK2, LPCAT3, CGAS, H2AZ2,
TRADD, TNFRSF21, BCL2L1, PLA2G4C,
H1-2, AXL, SLC25A13, FLOT2, DPP4,
PRKAB1, SLC38A1, H1-5, CHACT,
GSDMB, FPR1, H2AC18, TIPARP,
SREBF2, CYBB, H1-4, H1-3, DDIT3,
NCOA4, TOMM7

ICAM3, NECTIN2, IL2RG, KLRC4, MRAS,
COL5A3, RRAS, MAPK11, STAT4,
NFATC2, LILRB1, LCK, AKT3, VAV3,
FCER1G, PIK3CG, HLA-DMA, IL27RA,
CD3E, HLA-DMB, NLRC3, CXCL16,
COL6A2, CGAS, IL23A, TRADD,
CSF2RA, TLR5, STX11, G3, IL21R,
NCF2, CD14, CYBB, TRBV12-4,
TRBV5-4, TRBV29-1, LAG3, TRBV6-2,
TRBV14, TRBV5-1, TRGV4, PPP2R5C,
ITGAX, SIGIRR, C2, C1QB, HP,
SERPINGT, SERPINA1, PTGDR, IGLC3,
GPR18, ADGRE2, IGHAT, HCAR2,
VIPR1, MARCKS, PIP4K2A, ADGRA2,
HCAR3, SUCNRT1, PLA2G4C, PTAFR,
C3AR1, GPR174, GPR162, FPR3, MYL5,
ITPR3, FPR1, FCAR, MSR1, CMKLRT1,
ADGRL1, HCK, PLD3, S1PR4, PRKCB,
APBB1IP, RHOH, MMP14, MMP9,
NCF1, SELPLG, SPN, ITK

PTGDR, GPR18, ADGRE2, ARHGEF6, EGR1,
ITGAX, LRP1, HCAR2, MRAS, GNG2,
VIPR1, ETS1, RRAS, RHOH, GNAQ,
ADGRA2, MAPK11, HCAR3, SUCNRT,
AXIN1, HDAC7, NFATC2, PLCD1,
IL27RA, BCL2L1, CSF2RA, PTAFR, LCK,
C3AR1, CDKN2B, PLAU, RPS6KA2,
MMP14, GPR174, GPR162, GNG7,
MMP9, PRKABT, IL2RG, FPR3, MSTT,
BAD, CSF3R, FPR1, ARHGEF1, CMKLRT,
PPP2R5C, ADGRL1, NUMB, HDAC1,
CDC25B, RUNXT, HCK, S1PR4, AKT3,
IL21R, LPAR5, PRKCB, PIK3CG

The pathways listed include those with more than 3 genes and a p-value < .05. Pathways were prioritized based on

key events from AOP 432.



INTERNATIONAL JOURNAL OF RADIATION BIOLOGY 247

Table 2. Pathway analysis of proteomic data with the corresponding median pathway BMDL and the proteins associated with each functional category.

Ingenuity Canonical Pathways

Median BMDL Low (< 0.1Gy)

Medium (0.1-1Gy)

Cellular Stress

Protein Ubiquitination Pathway 0.29
Production of Nitric Oxide and ROS in Macrophages 0.34
Mitochondrial Dysfunction 0.37

NRF2-mediated Oxidative Stress Response
HIF1a Signaling
Cell Death

Immunogenic Cell Death Signaling Pathway 0.28
Death Receptor Signaling 0.29
Ferroptosis Signaling Pathway 0.29
Cellular Structure and Movement

Regulation of Actin-based Motility by Rho 0.19
Actin Cytoskeleton Signaling 0.19
Regulation of Cellular Mechanics by Calpain Protease 0.23
Metabolism

Glycolysis | 0.32
NAD Signaling Pathway 0.34
Oxidative Phosphorylation 0.37
Immune Response

Acute Phase Response Signaling 0.21
Neutrophil Extracellular Trap Signaling Pathway 0.26
IL-8 Signaling 0.28
Phagosome Maturation 0.30
Leukocyte Extravasation Signaling 0.30
Antigen Presentation Pathway 0.38
MSP-RON Signaling in Macrophages Pathway 0.52

g

PARK7, PSME1  SERPINA1, HSP90B1, PPP1R7, LDHB, ATP5PF, MPO,
HSPB1, COX5B, CYBB, RACK1, UQCR10, LYZ, FTH1,
SOD2, UQCRB, ERP29, COX4l1, CAT, APEX1, GPI,

LDHA, S100A8, NCF1, UBAT, TAP2

ARHGDIB HSP90B1, CTSB, PEBP1, CALR, HSPB1, CYBB, ANXAT,
FTH1, DPP4, LMNA
ITGB3 ITGA2B, MSN, PFN1, ARHGDIA, VCL, ITGAM, FLNA
ITGA2B, MSN, PFN1, ARHGDIA, VCL, ITGAM, FLNA
CTSG, ITGB3, SERPINAT, ELANE, MSN, LTF, CTSB, SLC25A5, AZU1,
AHSG, MPO, CALR, CYBB, VCL, HNRNPK, TSPO, CANX,
GP1BA HLA-DRB3, TAPBP, SOD2, ITGAM, CTSZ, NCF1,

HLA-DPA1, SYK, TAP2

The pathways listed include those with more than 3 genes and a p-value <0.05. Pathways were prioritized based on key events from AOP 432.

Discussion

In this study, we investigated the use of BMDs derived from
transcriptomic and proteomic data to strengthen the weight
of evidence evaluation for an existing AOP that links radia-
tion exposure to AML (https://aopwiki.org/aops/432). AOP
432 incorporates over 500 studies to describe how radiation
exposure leads to AML (Klokov et al. 2022), however, only
a few were specifically designed for quantitative AOP devel-
opment. Our initial efforts have focused on non-targeted
transcriptomic and proteomic profiling, which allowed us to
identify and prioritize radiation-responsive genes and pro-
teins. This resource-intensive approach has provided a com-
prehensive molecular foundation, from which further
targeted investigations can be built using a larger cohort of
donors, increasing statistical power and enhancing the preci-
sion of our findings, while simultaneously reducing overall
costs and improving the feasibility of future studies.

This study contributes additional dose-response data for
understanding gene and protein modulations linked to AML
and the dose level of activity across KEs in AOP 432. For
dose selection, we used recommendations by the US
Environmental Protection Agency Benchmark Dose Technical
Guidance document, and a recent dose validation study using
a radiation dataset conducted by our laboratory (U.S. EPA
2012; Stainforth et al. 2022). We used a dose rate of 1Gy/
min, which is commonly used in radiation research to study
the effects of higher radiation doses in a short period of time
and is useful for understanding dose-response relationships
(Ghandhi et al. 2015; Chauhan et al. 2019; Lowe et al. 2022).
We ensured that the dose range included low doses (<
0.1 Gy), enabling the assessment of acute exposure while cap-
turing data for lower dose exposures. It is important to note
that lower dose rates (0.1 mGy/min or lower) are more rep-
resentative of chronic, environmental, or occupational

exposures, where the body can repair or adapt over time.
Future research could expand on this by exploring low dose
rates to better understand the long-term effects and risks
associated with chronic exposure scenarios.

Human WBCs were utilized as the system of choice as
the cell type is characteristically sensitive to radiation, bio-
logically relevant given that leukemia is the AO of study,
and pertinent as considerable past research has focused on
the impact of radiation exposure on human blood (IAEA,
1997; Weinmann et al. 2000; Budworth et al. 2012; Bahrami
Asl et al. 2023; Supawat et al. 2023). While leukemia typi-
cally originates in myeloid progenitor cells within the bone
marrow, the use of lymphocytes as a model to study
radiation-induced leukemia is highly relevant. Research on
populations, such as atomic bomb survivors, has shown
that radiation-induced genetic and cellular changes in
peripheral blood cells can reflect long-term cancer risks,
including leukemia, due to radiation-induced genetic and
cellular changes (Douple et al. 2011; Tsushima et al. 2012).
However, the limitations of in vitro models, such as the
isolation of lymphocytes, are well recognized, particularly
due to their lack of organ complexity and full metabolic
machinery. While these models provide valuable insights
into molecular responses to radiation, they do not capture
the systemic interactions that occur within in vivo systems,
such as tissue repair mechanisms or immune responses.
Additionally, cellular responses were only assessed 24 hours
post-exposure, leaving early and latent effects unexamined.
Thus, the BMD values derived in this study are specific to
our experimental design (dose-range, adult model, and
time-point), and would need to be evaluated in other sys-
tems. Future studies should relate BMD values derived
from in vitro models with in vivo studies to ensure these
accurately represent biological outcomes as well as examine
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Figure 3. AOP integration. A schematic summary of key functional categories derived from pathway analysis of transcriptomic and proteomic datasets with the
lowest median pathway BMDL value for each category identified. The functional categories are aligned with KEs in AOP 432 (https://www.aopwiki.org/aops/432).
Certain categories are identified as potential comodulating events or additional KEs (light green) that are not represented in AOP 432. MIE: molecular initiating
event; KE: key event; AO: adverse outcome; BMDL: benchmark dose lower confidence limit.

responses over extended timeframes to fully assess the
long-term consequences of radiation exposure.

Overall, BMD modeling identified 1294 genes and 167
proteins that were differentially expressed following radiation
exposure. BMDL values were used for subsequent analyses as
these are preferred in chemical toxicology for establishing safe
exposure levels due to their conservative nature and reliability
in risk assessment (Labib et al. 2016, Zendehdel et al. 2021,
Quentin et al. 2023). Transcriptomic BMDL values ranged
from 0.001Gy to 4.6 Gy. Protein-based BMDL values spanned
0.03 to 2.0Gy, peaking at 0.2Gy (Figure 2). At the transcrip-
tional level, the qualitative results were consistent with
Lacombe et al’s systematic review of biodosimetry markers in
human blood (Lacombe et al. 2018). Lacombe et al. con-
cluded that genes with the greatest diagnostic ability to dis-
cern dose of radiation include: TNFSF4, FDXR, MYC,
ZMAT3, and GADD45A. In our study, these genes displayed
a significant increase in expression and were associated with
transcription BMDL values below 0.3 Gy. The proteomic path-
ways were consistent with earlier studies that used both
humans and non-human primates (Rosen et al. 2020; 2022;
Singh et al. 2023). These studies identified a network of
related proteins that are involved in cytoskeletal dynamics,
immune cell trafficking, and inflammatory response.

The alignment of our results and previously published work
supports the effectiveness of the BMD approach in identifying
sensitive responses for radiation-induced damage.
Significantly perturbed pathways and their associated
BMD values were categorized based on the KEs outlined in
AOP 432 (Tables 1 and 2). At both the transcriptional and
proteomic level, dose-responsive pathways corresponded to
KEs of oxidative stress, DNA damage/repair, immune system
response, and the AO of cancer development. Notably, the
lowest BMDL value for each KE was below 0.5 Gy. (Figure 3).
Currently, epidemiological studies of Japanese atomic bomb
survivors show AML to exhibit upward curvature in
dose-response (Hsu et al. 2013). A more recent meta-analysis
reported a linear dose-response for leukemia following child-
hood exposure, with elevated risks observed below 50 or 100
mSv (Little et al. 2018). Our study reveals robust radiation
responsive genes related to KEs with BMD values below
0.05Gy (e.g. GADD45A, DDB2, BBC3, MDM2, AEN, BAX).
Furthermore, we identified certain key functional categories,
such as cell cycle regulation, cytoskeletal dynamics/regula-
tions, and cell death, that do not directly correspond to the
KEs in AOP 432 with BMDs as low as 0.08 Gy (Figure 3).
These may serve as co-modulatory events or additional KEs
that contribute to the AO, opening avenues for future
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Figure 4. Macromolecular effects of X-irradiation in WBCs. White blood cells were subjected to a range of X-ray doses (0.05-6Gy at a dose rate of 1Gy/minute)
and processed for transcriptomic and proteomic analysis. Gene expression of CDKN1A, H2AX, GADD45A, MDM2, NCF1, NCF2, TRPM2, TIGAR and protein levels of
NCF1, MPO, CYBB, CAT, UQCR10, COX5B, TPI1 and LDHB are plotted as fold change in relation to non-exposed controls (error bars: SE, n=14; *Wald test, Sidak

adjusted p < 0.05). KE, key event; BMDL, benchmark dose lower confidence limit.

research to expand or refine AOP 432, thereby strengthening
the quantitative evidence base.

Assessment of WBC cytotoxicity revealed dose-dependent
decreases in cellular ATP whereas the TBE assay showed min-
imal changes in cell membrane integrity across the range of
doses tested (Supplementary Figure 2). These results suggest
that the ATP assay may be more sensitive to early
radiation-induced metabolic stress than the TBE assay, high-
lighting subtle yet significant mitochondrial dysfunction that
precedes overt cellular damage. Detailed analysis of the
responses related to molecular-level KEs of AOP 432 revealed
dose-dependent variations in genes and proteins crucial for
DNA damage/repair, cellular stress, and metabolism (Figure 4).
DNA damage and repair- (CDKNIA, H2AX), as well as oxi-
dative stress- (NCF1, NCF2, and TIGAR) responsive genes
were upregulated. Proteomic data also supported these find-
ings, with an observed increase in proteins such as NCF1,
CYBB, and MPO, known markers in the body’s defense to

oxidative stress, particularly within the immune system.
Additionally, proteins associated with oxidative phosphoryla-
tion, such as UQCR10 and COX5B, were upregulated, along-
side a notable decrease in TPI1 and LDHB, enzymes critical
for the later stages of glycolysis. These observations under-
score the sensitivity of mitochondrial function to
radiation-induced stress and suggest that early metabolic shifts
play a crucial role in the cellular response to radiation expo-
sure (Khyzhnyak et al. 2014; Porosnicu et al. 2021; Yin et al.
2023). Together, these findings potentially explain the observed
reduction in cellular ATP levels without a corresponding
increase in cell death, as the metabolic reprogramming may
enable cells to manage oxidative stress and maintain essential
functions temporarily, delaying the onset of cell death. This
illustrates the complex interplay between energy production,
oxidative stress mitigation, and cellular viability, which is fur-
ther validated by the results obtained through omics-based
BMD analysis within an AOP-dependent framework.
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Overall, we implemented an AOP-informed experimental
approach to interpret omics data associated with the activa-
tion of cellular responses to radiation exposure. The BMD
analysis allows identification of genes that are robustly
expressed in dose-responsive manner and allowed for an
estimation of PODs. The pathways were categorized and pri-
oritized based on the KEs in AOP 432 to AML. A key
advantage of this approach is that the pathway disturbances
are biologically connected to an AO, making it plausible that
the doses impacting these pathways could approximate the
doses at which adverse effects occur. Pathways associated
with the KEs generally showed BMDL values below 0.5Gy
and these were well correlated across the gene and protein
analyses. While this study offers valuable insights into the
initial connections between KEs, additional research is
required to establish more direct causal relationships. Future
studies will examine dose-response correlations across KEs,
helping to establish a stronger causal link between molecular
changes and the development of the AO.

Epidemiological studies, particularly on atomic bomb sur-
vivors and radiation workers, have shown that radiation-
associated myeloid leukemia typically develops 2-5years
after exposure, though the latency period can be longer
(Preston et al. 1994; Finch 1997; UNSCEAR 2000 2000; Hsu
et al. 2013). While our study highlights early molecular
changes in white blood cells as initial biomarkers of risk,
these early events may not fully predict the eventual devel-
opment of myeloid leukemia. Furthermore, we detected dif-
ferential expression of genes such as RUNXI1 and TP53,
which are key markers involved in cancer development.
However, our study did not capture variations in the expres-
sion of critical leukemia-specific markers, such as FLT3 or
NPMI1, which are often linked to gene mutations driving
AML. These markers may be better characterized through
studies focused on gene mutations rather than expression
changes. Our study focused on the immediate molecular
responses triggered by radiation exposure, with the under-
standing that further research is required to establish how
these early changes translate into long-term AOs such as
AML. The AOP developed in our study is thus an early step
in exploring the mechanistic links between radiation expo-
sure and leukemia, focusing on the early biological events
rather than the full temporal progression to disease. Future
studies should bridge this gap by examining the progression
of these molecular events over extended timeframes and
exploring their relationship with biomarkers of leukemia
development.

To further enhance the utility of BMD modeling, it is
important to consider the reproducibility and consistency of
BMD values across studies, especially when accounting for
factors such as dose rate and radiation type. Challenges in
selecting appropriate statistical models and the absence of
universal cutoffs for significant gene or protein deregulation
can also introduce variability, further impacting BMD esti-
mates. Establishing best practices for normalization methods
and filtering criteria will be key to ensuring reliable and
robust BMD calculations. As such, some challenges encoun-
tered in this study included selecting an appropriate method
for BMD estimation. Instead of employing the conventional

standard deviation method, which aligns with EPA guide-
lines but yields unexpectedly high BMDs, we opted for the
relative deviation BMR approach in BMDExpress. This deci-
sion was made to address the variance introduced by our
experiment’s repeated measures, enhancing the precision and
reliability of BMD calculations and ensuring a more accurate
representation of the data. Even though proteomic dataset
presented is not exhaustive, primarily due to the low
responses observed at the protein level, they provided addi-
tional information in terms of early events and other key
mechanistic pathways, highlighting the importance of
advancing proteomic technologies and accompanying analyt-
ical methods. The studys small sample size of 14 human
donors limited our ability to fully explore the impact of
variables such as age and sex on WBC responses. Despite
these limitations, this research represents an important first
step in applying multi-omics and BMD to support AOP
development for radiation exposure assessments. Future
work aims to extend this research by assessing a larger
cohort of individuals (>50) to determine the consistency in
the BMD values and to examine confounding factors such as
sex and age, which may have a significant impact on WBC
responses, particularly in women. Such comprehensive data-
sets will be critical for validating the accuracy of our find-
ings. Collectively, this study demonstrates the potential
application of BMD modeling of transcriptomic and pro-
teomic data to establish biologically meaningful data that
can be explored for risk analysis.
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