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ABSTRACT

Objective: This study is designed to explore the impact of Ultraviolet-A (UVA) radiation on the urinary metabolome. The key novelty of this
research lies in its focus on recording and analysing UVA-induced modifications, a less explored aspect in human metabolomic studies. Thus, study’s
aim is identification specific metabolomic changes associated with UVA exposure, emphasizing its potential implications in health and disease
biomarker discovery.

Methods: Twenty-Eight urine samples have been collected from fourteen adult healthy individual sat pre-UV exposure (UVS1) and post-UV
exposure (UVS2) conditions. Urinary metabolomic profiling was detected by using Liquid Chromatography - High Resolution Mass Spectrometry
(LC-HRMS) Data modelling by Principal Components Analysis (PCA) and Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-DA) were
applied after data extraction and normalizing.

Results: Multivariate data analysis by PCA and OPLS-DA models confirm clear separation of the observations as a marked difference based on
R2Xcum 0.795, Q2cum 0.590 and R2Xcum: 0.69, R2Ycum: 0.98 and Q2cum: 0.83, respectively, in metabolite profile among study groups, non-
exposure and UV-exposure. According for these effects, our results identified significant metabolic changes for important seventeen urinary
metabolites. The pathway of significantly metabolites were marked in amino acids (Histidine, Tyrosine, Lysine, Arginine and proline metabolism),
carbohydrate and lipids and their derivatives.

Conclusion: Current study concluded that these metabolites may be a potential biomarkers for predictive the impacts of UV sourced by sunlight
exposure on some metabolic pathways, including: amino acid, carbohydrates, lipids, peptides, xenobiotics, and Co-factors and vitamins metabolism,
which may be influenced by UV sunlight exposure.

Keywords: LC-MS, Ultraviolet radiation (UV), Urine metabolomic profiling, Principal components analysis (PCA), Orthogonal partial least squares
discriminant analysis (OPLS-DA)
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INTRODUCTION

Sunlight is the main natural source of Ultraviolet (UV) radiation,
especially UV-A, which has beneficial and harmful effects that lead to
improvement or damage to a person's health. Skin cancer can be
caused by the exposure to sunlight and is listed as one of the causes
of death worldwide, killing 66,000 people annually, according to
World Health Organization (WHO) statistics [1]. Ultraviolet radiation
has been divined as non-ionizing radiation, which mainly emitted by
sunlight as well as other artificial light sources such as tanning beds.
There are three regions from UV radiation including UVA, UVB and
UVC with wavelengths 315-400 nm, 280-315 nm and 100-280 nm,
respectively. Unlike UVC radiation which be filtered by atmosphere
to prevent its reach to earth’s surface, most UVA and few amount of
UVB radiation (10%) can pass to reach earth’s surface and impact on
organisms [2]. Two-way impacts of UV radiation, beneficial and
harmful, were noted to be the cause or treatment many health
problems. Many researchers focused in their studies on the positive
effects of UV radiation and confirmed that UV can be used to
enhance levels of vitamin D [3], rosuvastatin calcium [4] and treat
jaundice, psoriasis, and vitiligo [5-7]. On the other hand, the UV
radiation risks, harmful impacts, such as impaired of immune
system, eye problems, skin aging, and cancer were verified in several
studies, which have confirmed these negative effects [8-11].

Over the past few decades, metabolomics became one of a powerful
techniques used in academic research to improve the knowledge
needed for understanding of biological systems based on their
metabolic signatures. It can also advance medical research and
development by providing more insight into the identification of
potential biomarkers for several diseases such as cancer, infectious
diseases, and neurodegeneration [12]. The term “metabolites” refers

to “a small molecule that are either end products of gene expression
or a substrates of a metabolic pathways” [13].

Several scientific studies used different metabolomic techniques such
as 1H Nuclear Magnetic Resonance Spectroscopy (*H NMR) and Mass
Spectrometry (MS) to shed light on identifying the relationship
between the impacts of UV radiation on the metabolomic changes.
These studies reported that the impacts of UV radiation exposure were
observed on metabolic pathways in non-human subjects such as
animals [14-18] and plants [19-26]. Conversely, although there were
many research studied the effects of UV radiation on metabolite
profiles in non-human subjects, still the studies which investigated
these effects on human metabolism were almost non-existent and
have not find the desired attention. Two previous studies were
conducted by Pearce, 1983 and Yanshole, 2019 have been focused on
UV impacts-related human metabolomic changes. A study by Pearse
and his team in 1983 directly correlated UV radiation damage and
metabolic changes in humans by measuring the response of human
skin to ultraviolet light with and without sunscreen. This study
showed that metabolic differences are evident when comparing
protected and unprotected skin [27]. While, Yanshole’s metabolomic
study compared aqueous humour and lens metabolites from patients
with and without cataracts [28]. Thus, lack of metabolic studies that
addressed UV radiation effects on human metabolomic profiling
prompted researchers to focus on such studies. Despite the well-
known effects of UVA radiation on skin and overall health, there is a
significant lack of human-focused metabolic studies. Current research
focuses primarily on the biological mechanisms of UV damage, but the
overall metabolic profile remains unknown. Therefore, there is an
urgent need for human-focused metabolic research to better
understand the systemic effects of UV exposure.
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More recently, we used Liquid Chromatography-Mass Spectrometry
(LC-MS) to detect the impacts of UVA radiation on human metabolic

pathways. Our pilot study, which established on LC/MS-based data

modelling on human urine and plasma samples to investigate the
best scientific tool, can be used to identify metabolomic profiling
under UV radiation exposure condition. In comparison with plasma
samples, our results concluded that LC/MS-based human urinary
metabolomic profiling is best way can be used to identify
metabolomic changes and potential metabolites as a predictive
biomarkers for UVA radiation effects [29]. Despite all this, questions
continue to arise about clarification how the human metabolome
responds to UVA exposure and what are metabolic pathways
effected. Therefore, there is warranted the study of urinary
metabolic changes for understanding of human metabolome
following the exposure to UV radiation.

In order to achieve the objectives of current study, LC-MS-based urinary
metabolomic profiling was used to perform a broad profile analysis. The
first aim is looking for indicates on metabolic changes that may
contribute to a better understanding of the physiological metabolite
response to low-dose UVA. Second objective focuses on uncovering
potential metabolites which may be significantly influenced as a result of
the human metabolome responds to UVA exposure.

MATERIALS AND METHODS
Chemicals and solvents

HPLC grade Acetonitrile (ACN) and Anala R-grade formic acid (98%)
were purchased from Fisher Scientific (Loughborough, UK) and from
BDH-Merck (Poole, UK), respectively. HPLC grade water was
produced by using A Direct-Q 3 Ultrapure Water System (Millipore,
Watford, UK). Ammonium Carbonate (NH,),CO; and Methanol
(MeOH) were from Sigma-Aldrich (Poole, UK). Authentic stock
standards obtained from Sigma-Aldrich, UK and diluted four times
with ACN before LC-MS analysis. Authentic stock metabolite
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standards were used to prepare Metabolite Standard Solutions
(MSS) by taking 1 mg from authentic stock metabolite standard and
dissolve with 1 ml HPLC grade methanol and water (1:1, v/v) than
stored at =20 °C. 100ul was taken from each MSS of 60 metabolites
were mixed and complete the volume to 10 ml with acetonitrile. The
final concentration of each MSS was 10pug/ml. based on this
procedure, four mixtures of metabolites standard solutions (MSS1 -
MSS4) collected from 240 metabolite will be available as reference
data.

Subjects and experimental design

This study is a pre-post study, thus, experimental measurements
were collected before and after the exposure to UVA light. Many
conditions was required to be applied on all participants, including:
non-smoking, apparently healthy, no use of medication, and fasting
at least 12 h, to avoid the metabolomics changes caused by the effect
of diet. Experimental was performed in Thi-Qar Province during five
months (October, 2023-February, 2024). On experiment day, after
an overnight fast except the consumption of ~500 ml of water upon
waking, the first urine pass was neglected to avoid the changes
which may effect on urinary metabolic profiles. The participants
were underwent to start the trail with control conditions in the
morning (before 10 am). Then, they were exposed to a dose of UVA
light by 20 ] /cm?2 which is approximately equivalent to 30 min in the
sunshine in summer. The selected UVA exposure, justified by
alignment with realistic environmental conditions, aims to enhance
relevance to everyday human exposure.

Twenty human urine samples were collected from ten adult healthy
individuals gave their informed consent to participate in this study
as volunteers. All participants visited the laboratory to collected
urine samples at two times in same day, including: first time point
was control condition samples, pre-UV exposure (UVS1), and second
time point was UVA condition samples, post-UV exposure (UVS2), as
shown in fig. 1.

M

S1: pre-UV exposure (UVS1)
post-UV exposure (UVS2)

.

NS: first urine pass (6-8am) was neglected

Fig. 1: Indicative representation of urine collection schematic at two consecutive conditions, control conditions, without a dose of UVA
light, (UVS1) and Ultraviolet-A conditions, with a dose of UVA light, (UVS2). The first urine sample on experiment day was discharged
(typically 6 am-8 am)

Preparation and profiling of sample

Preparation of samples in metabolomics profiling is carried out
based on type of specimen and methods used for analysis [30].
Twenty urine samples, which collected during test day were stored
at-80 C for its preparation day. After thawed of specimens at room
temperature, 200ul of each sample was transferred into micro
centrifuge tube contains 800ul of ACN and was shaken by a vortex
machine for 3 min. this prepared mixture (1 ml) was centrifuged for
15 min with 15000 rpm at 4 °C by refrigerated centrifuge. Finally,
the supernatants, for each specimen, produced from centrifugation,
were transferred to respective marked HPLC vials to be analysed by
LC-MS. Then again, 100 ml urine from each sample were mixed
together in same tube to prepare pooled samples which were used
as quality controls in order to exclude technical and extraneous
biological variations.

LC-MS analysis conditions

LC-MS settings are carefully selected and optimized to achieve
effective separation (via chromatography) and accurate, sensitive

detection (via mass spectrometry) of analytes. The goal is to extract
as much useful information as possible while minimizing
interference and maximizing sensitivity for quantitative or
qualitative analysis. For LC-MS analysis conditions and data
processing, the methods of Ali Muhsen Ali et al. 2023 and Ali Muhsen
Ali et al. 2022 [29, 31] were followed. “Dionex 3000 HPLC” (Thermo
Fisher Scientific, Hemel Hempstead, UK) combined with a mass
spectrometry (Thermo Fisher Scientific) was used to analyse urine
samples in both positive and negative mode set at 50,000 resolution
(controlled by Xcalibur version 2.1.0; Thermo Fisher Scientific,
Hemel Hempstead, UK). LC-MS method conditions included the
scanning of mass range (m/z), capillary temperature and the flow
rates of auxiliary gas/sheath, which were at 75-1200, 320 C and
17/50 arbitrary units, respectively. The stationary phase, which is
used in this method was zwitterionic-hydrophilic interaction
chromatography column, ZIC-pHILIC column, (150 mm x 4.6 mm;
S5um from HiChrom, Reading, UK). While, mobile phase was
prepared as following; (A): 20 mmol ammonium carbonate in HPLC
grade water (pH 9.2), and (B): HPLC grade acetonitrile (CAN). 10pul
of each sample solution was injected on a stationary phase along
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with a flow rate of mobile phase at 300 pl/min in binary gradient
mode. Binary mode was gradient as follows: 80% of B at 0 min, 20%
B at 30 min, 20% B at 36 min, 80% B at 37 min and 80% B 46 min”.

LC-MS data processing and statistical analysis

M/Z Mine 2.14 was applied for addressing of raw LC-MS data, obtained
from Xcalibur software, to identify the metabolites through matching of
the retention time, the accurate masses and alignment of ion
chromatograms based on MSS [32]. According to the quality of the peaks,
the accurate filtered masses were queried through house metabolite
database, had been taken from the Human Metabolome database
(HMDB) [33], Lipid Maps (LMSD), www. lipidmaps. org, [34] and the
Kyoto Encyclopedia of Genes and Genomes (KEGG) database [35].

After the identification of metabolites, univariate analysis for gotten
data were performed. Extracted ion chromatograms peaks were
normalised with the pooled sample peak list to filter the data and
remove all features are not matched. The normalisation was carried
out by dividing the average of areas for each metabolite in one time
point across the sum of all the time points for UVS1, UVS2 and
pooled samples. Then, the lists of obtained metabolites were
exported into Excel (Microsoft Office 2019) and were carefully
manually addressed to conduct statistical analysis, including Paired
T-Test (p-value generation), Fold Changes (ratio) and Variable
Importance Projection (VIP). The critical threshold for the regarding
of p-value as being significant and more significant are *P<0.05 and
**P<0.01, respectively. VIP is the sum over all model dimensions of
the contributions in variable influence. However, a variable with a
VIP Score close to or greater than 1 (one) can be considered
important in given model [36].

Multivariate analysis was applied to data modelling by SIMCA-P
version 14.0 (Umetrics, Sweden), which is the multivariate data
analysis software was used in metabolomics studies. Data modelling
was performed based on an unsupervised and a supervised analysis
method to construct two common modelling, including Principal
Component Analysis (PCA) and Orthogonal Discriminant Analysis
Partial Least Squares (OPLS-DA), respectively. These Analysis was
designed to evaluate the quality and reliable of models as evidence
on acute changes in metabolomic patterns and investigation
significantly influential components in the dataset.

RESULTS AND DISCUSSION

UV radiation has a large positive and negative impact on human
health. Therefore, there is a necessary need to investigate the human
metabolic changes as a result for UV impacts. In such studies to
investigate the metabolic changes, LC/MS-based untargeted
metabolomic approach is widely relied upon in revealing unique
metabolomic fingerprints in order to understand the complex
evolutions of metabolic pathways.
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Data modelling and the validation

Raw urine data obtained from LC-MS were directly analysed by
Xcalibur software and were transferred to M/Zmin2.14 software to
extract and aligned the peak values and identify the metabolites.
Excel file was organised to arrange and normalise the data to be
ready for multivariate statistical analysis. Then, this data was
modelled by SIMCA 14-1 software to determine distinct metabolite
profiles between non-and UV-exposed (S1UV and S2UV) samples.
Purpose of data modelling was to provide easy-to-understand
graphical information about process status and relationships
between sets of important process variables as well as the validation
of model’s efficacy in separation between study’s groups. In this
step, multivariate data analysis was applied through building
unsupervised, PCA, and supervised, OPLS-DA, models for pre-and
post-exposure to UV radiation samples to quantify how each process
step contributes to the development of critical issues.

Fig. 2 illustrates successfully distinguishes between urine groups
based on a map of the observations, score plots of PCA model. PCA’s
score plots indicate that distinct separation of subjects was based on
metabolite profile differences before and after UV exposure, S1Us
and S2UV. Successfully differentiates obtained from the performing
of PCA model was valued by the internal validation tools including:
model overview and the value of variance explained [R2X (Cum)],
variance explained [R2Y (Cum)] and the variance predicted [Q2
(Cum)] which should be closed to one, not less than 0.5, to make the
model is useful and acceptable in data analysis [37].

The overview of PCA model, fig. 2, confirms clear separation of the
observations as a marked difference in metabolite profile among
these samples. Also, the internal validation method with R2X (cum)
(0.795) and Q2(cum) (0.590) values, as listed in table 1, statistically
supports goodness and reliable of PCA model as evidence on this
differentiate between study’s subjects as a result of UV effects.

Typically, PCA's score plot compresses single components and
pseudo variables, aiding in grouping original data linearly and
addressing dimensionality issues. Despite, the additional objective to
confirm the modelling and interpretation of variation between
study’s groups is required to support results of PCA model.
Therefore, the application of OPLS-DA model as supervised model
becomes necessary to achieve the best possible prediction and
interpretation for further differentiate between the work sets.

The overview of OPLS-DA model illustrates its successful
classification through clear separation of variables to highlight
significant metabolite differences in study’s samples. The quality of
OPLS-DA'’s classification was supported by strong internal validation
metrics for this model included (R2X(cum): 0.69, R2Y(cum): 0.98,
Q2Y(cum): 0.83), as show on fig. 3 and table 1.
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Fig. 2: PCA score plot of non-exposure (S1UV) and exposure UV (S2UV) samples with (R2X (cum) 0.795, Q2 (cum) 0.590 and five
components)
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Table 1: The statistic description of PCA and OPLSDA models used to describe metabolomic changes in urine of non-exposure and
exposure-UV groups

S. No. Model Type Component No. (A) No. of subjects R2X(cum) R2Y(cum) Q2(cum)
1 M1 PCA-X 5 32 0.795 0.59
2 M2 OPLS-DA 1+2+0 28 0.689 0.981 0.83
UV-Urine.M2 (OPLS-DA) [ s2uv
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Fig. 3: OPLS-DA score plot of non-exposure (S1UV) and exposure UV (S2UV) urine samples with (R2X (cum)=0.69, R2Y (cum)=0.98 and Q2
(cum)=0.83)

Due to internal validation methods are not sufficient to confirm
model validity [38], external validation via permutation tests and
cross-validation ANOVA (CV-ANOVA) were performed as a
diagnostic tool for assessing the reliability of OPLS-DA model and
evaluation its statistical significance [37]. In current study,
stratigraphy of blue Q2-values and green R2-values which achieve
the conditions of the acceptability of Permutations test, fig. 4,
strongly indicates to the quality and goodness of original OPLS-DA
model. Furthermore, the significantly value of CV-ANOVA with P-
Value = 4.35772e-007 indicates that OPLS-DA is strongly valid to
obtain the reliable results. The outputs of the CV-ANOVA are given in
a tabulated format as shone in table 2.

Generally, the quality of PCA and OPLS-DA models in separation and
distinguishing between study groups, non-exposure and UV-
exposure, were validated and confirmed by internal and external
validation tools. The goodness and robust of these models are the
evidence on the reliability of distinct metabolic patterns, which can
be used to determinate the metabolic changes related to the impacts
of the exposure of UV radiation. These metabolic patterns of urine
metabolites indicate that the exposure of UV may be the reason for
significantly changes in many metabolic pathways. These results
match with previous studies [29, 39]. To determine urine
metabolites which affected by UV exposure, the metabolic pathways
and metabolite profiling were the main aim of current study.
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Fig. 4: Cross validation of OPLSDA model for the classification of study’s groups (S1UV and S2UV) in urine samples by the permutations test

Table 2: The outputs of the CV-ANOVA validation of OPLSDA model validation for the classification of study’s groups (S1UV and S2UV) in
urine samples. SS: the sum of squares, DF: degrees of freedom, MS: mean squares, F: F-test, SD: Standard deviation

M2 (Untitled) SS DF MS F p-Value SD

Total corr. 27 27 1 1
Regression 22.4002 6 3.73337 17.0445 4.3577E-07 1.93219
Residual 4.59978 21 0.219037 0.468014
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Metabolic pathway and metabolite profiling

Multivariate analysis of LC/MS-obtained urine data revealed
significant differences in metabolite profiles between samples
exposed to UV light and those that were not exposed.

Analyses results detected 2733 metabolic features which were
generated from LC/MS analysis within 20 min and divided to 1398
features in the positive mode and 1335 features in the negative mode.
These metabolic features were identified accordingthe mass
characteristics, including exact mass and retention time, less than 3 ppm
deviation, with MS! and MS? levels in house metabolite database [36].
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The data filtering by normalization and the univariate analysis were
carried out to unveiled significant metabolites in urine samples. In
this step, Eighty-eight significant metabolites in both +Ve and -Ve,
ion modes were detected based on the critical threshold for the
regarding of p-value as being significant is<0.05 and fold change,
ratio S2UV - S1UV, as are detailed in Supplementary Data (DS1).
Identification of metabolic pathways to detect metabolic pathways
disrupted by UV radiation were analysed. Of all pathways analysed,
metabolic pathway of only 49 metabolite were identified as
significantly altered pathways between the radiation and non-
radiation exposure groups as are described in table 3.

Table 3: The significantly metabolites and their metabolic pathways obtained from the OPLSDA model separating between non-exposure
and exposure-UV in urine samples based on the critical threshold for the regarding of p-value as being significant is<0.05

S. Row Retention Molecular Name P-value S1UV-S2UV ~ Ratio S2UV/S1UV  Vip
No. M/Z time formula
Amino acid metabolism
1 139.05 7.43 C6H6N202 Urocanate 0.0001 1.766 1.7
3 137.04 7.43 C6H6N202 Urocanate 0.0004 1.611 1.5
4 139.05 9.85 C6H8N202 Methylimidazoleacetic acid 0.0013 1.288 0.9
5 152.11 19.83 C9H13NO N-Methyltyramine 0.0126 1.330 1.0
6 160.06 9.94 C6H11NO4 L-2-Aminoadipate 0.0128 1.241 1.0
7 121.03 7.96 C7H602 Benzoate 0.0136 1.249 0.9
8 174.09 16.13 C6H13N303 L-Citrulline 0.0141 1.193 0.8
9 160.06 9.94 C6H11NO4 L-2-Aminoadipate 0.0141 1.240 0.9
10 141.07 9.69 C6H8N202 Methylimidazoleacetic acid 0.0176 1.143 0.7
11 162.08 9.62 C6H11NO4 L-2-Aminoadipate 0.0201 1.786 1.2
12 141.07 9.69 C6H8N202 Methylimidazoleacetic acid 0.0209 1.153 0.7
13 181.05 10.34 C6H1204S 5-Methylthio-D-ribose 0.0233 1.132 0.7
14 116.04 9.98 C4H7NO3 L-2-Amino-3-oxobutanoic acid 0.0263 1.191 0.9
15 137.04 11.28 C6H6N202 Nicotinamide N-oxide 0.0276 1.278 1.0
16 121.03 9.00 C7H602 Benzoate 0.0282 1.161 0.7
17 104.07 14.50 C4HI9NO2 4-Aminobutanoate 0.0283 1.123 0.7
18 160.10 12.58 C7H13NO3 5-Acetamidopentanoate 0.0288 1.413 1.0
19 161.09 13.83 C6H12N203 D-Alanyl-D-alanine 0.0341 1.331 0.9
20 130.09 11.12 C6H13NO2 L-Leucine 0.0365 1.250 0.8
21 130.05 5.54 C5H7NO3 L-1-Pyrroline-3-hydroxy-5- 0.0391 1.241 1.0
carboxylate
22 158.04 12.12 C6H7NO4 2-Aminomuconate 0.0406 1.105 0.6
23 144.08 15.87 C5H11N302 4-Guanidinobutanoate 0.0406 1.403 1.1
24 84.08 14.82 C5H9N Piperideine 0.0468 1.191 0.8
Carbohydrate metabolism
25 165.08 9.55 C6H1205 3-Deoxyglucosone 0.0000 0.437 1.0
26 177.04 14.12 C6H1006 D-Glucono-1,5-lactone 0.0048 0.726 0.9
27 153.00 11.87 C3H705P Propanoyl phosphate 0.0299 1.447 1.2
28 351.06 17.39 C12H16012 4-(4-Deoxy-alpha-D-gluc-4- 0.0485 1.219 0.9
enuronosyl)-D-galacturonate
Lipid metabolism
29 103.04 15.52 C4H803 (R)-3-Hydroxybutanoate 0.0474 0.740 1.0
30 203.13 5.87 C10H1804 [FA (10:0/2:0)] Decanedioic acid 0.0100 1.346 1.1
32 151.04 8.72 C8H803 [PK] 6-Methylsalicylic acid 0.0376 0.817 0.9
33 167.11 6.59 C10H1602 [PR] (1S,4R)-1-Hydroxy-2- 0.0316 1.557 1.1
oxolimonene
Metabolism of cofactors and vitamins
34 145.05 11.49 C6HB804 2,3-Dimethylmaleate 0.0285 0.745 1.2
35 215.14 10.28 C10H18N203 Dethiobiotin 0.0401 1.186 0.9
Purine Metabolism
36 167.02 12.98 C5H4N403 Urate 0.0325 1.173 0.8
Peptide(di-)
38 187.11 13.40 C8H16N203 Glycyl-leucine 0.0290 1.212 0.8
39 189.12 15.52 C8H16N203 Glycyl-leucine 0.0300 1.234 0.9
40 203.14 14.27 C9H18N203 Leu-Ala 0.0465 1.173 0.8
41 264.12 15.77 C9H17N306 Ser-Gly-Thr 0.0195 1.204 0.9
42 232.13 10.50 C9H17N304 Asparaginyl-Valine 0.0288 1.207 0.9
43 314.17 7.24 C14H23N305 Thr-Pro-Pro 0.0371 1.329 1.0
Xenobiotics drugs etc
44 187.10 11.62 C9H1604 Azelaic acid 0.0033 1.540 1.2
45 254.12 9.75 C10H15N503 Penciclovir 0.0122 1.230 0.9
46 212.10 8.61 C9H13N303 Zalcitabine 0.0205 1.204 0.9
48 210.09 8.78 C9H13N303 Zalcitabine 0.0425 1.196 0.9
49 95.06 9.63 C5H6N2 4-Aminopyridine 0.0453 1.101 0.6
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For more data filtration to detect the final significantly important
features, another factor from univariate analyses, VIP, “is a score
that indicates how "important” a feature is to the model”, was
assessed to account the relative influence of each variable. Based on
the VIP score, which be closed to or greater than 1 (one), the
metabolites which have the greatest contribution in given model will
be evaluated [40]. Table 4 summarizes seventeen features which
have marked difference in its profile according the main statistic
value (p-value and VIP). The features with VIP>1.0 and p<0.05 were
considered to be the significantly important metabolites and can be
the marker of the metabolic characteristics of UV impacts. The
pathway of significantly metabolites which marked in amino acids
(Histidine, Tyrosine, Lysine, Arginine and proline metabolism),
carbohydrate and lipids and their derivatives, table 4. In particular,
all-important features, nine metabolites, of amino acids and their
derivatives, are elevated (), high fold change (Ratio
S2UV/S1UV>1.0), as a responding to UV exposure at comparison
between study samples S1UV and S2UV, pre-and post-exposure,
respectively. Increase of the levels of amino acids metabolites is
evidence on the effect of UV radiation in enhancing the metabolism
of amino acids, which may be beneficial on human health. Amino
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acids are used by the body to make proteins, enzymes, hormones
and other important molecules to maintain the homeostasis in the
body. In addition to its participate in the biosynthesis of proteins,
amino acids also serve as precursors of metabolites related to
environmental changes and many other vital processes in the
organism, such as cellular osmoregulation, protecting membrane
integrity and the production and removing Reactive Oxygen Species
(ROS) [41-43]. Amino acids such as alanine, which is synthesized
from pyruvate by alanine aminotransferase, is closely related to
glycolysis and the Tri-Carboxylic Acid (TCA) cycle [39, 44].

Urocanate and Nicotinamide N-oxide are important metabolites
derivatised histidine metabolism, one of amino acids metabolism map,
have been significantly affected by UV radiation as it is observed in this
study, table 4. Urocanate is considered intermediary product of the
metabolic pathway of histamine to glutamate and is associated with
increased excitatory neurotransmission. The various roles of
urocanate in health and disease and its systemic anti-inflammatory
and immunosuppressive properties, such as suppressing cell-
mediated immunity, attenuating sclerosis, and protecting cells from
UV injury, was reported by several studies [40, 45-47].

Table 4: The high significantly important metabolites according the main statistic value with VIP>1.0 and p<0.05. Elevated metabolites T
and reduced metabolites |

Ion Name P-value S1UV-S2UV _ Fold change  Vip  Pathway
Amino acid metabolism

P UrocanateT 0.0001 1.77 1.7 Histidine metabolism

N UrocanateT 0.0004 1.61 1.5 Histidine metabolism

P N-Methyltyramine 0.0126 1.33 1.0 Tyrosine metabolism

P L-CitrullineT 0.0141 1.19 1.0 Arginine and proline metabolism

P L-2-Aminoadipate? 0.0201 1.79 1.2 Lysine metabolism

N Nicotinamide N-oxideT 0.0276 1.28 1.0 Histidine metabolism

P 5-Acetamidopentanoate? 0.0288 1.41 1.0 Lysine degradation

N L-1-Pyrroline-3-hydroxy-5-carboxylateT  0.0391 1.24 1.0 Arginine and proline metabolism

P 4-Guanidinobutanoate? 0.0406 1.40 1.1 Arginine and proline metabolism
Carbohydrate metabolism

P 3-Deoxyglucosonel 0.0000 0.44 1.0 Fructose and mannose metabolism

N D-Glucono-1,5-lactonel 0.0048 0.73 1.0 Pentose phosphate pathway
Lipid metabolism

P (R)-3-Hydroxybutanoatel 0.0474 0.74 1.0 Butanoate metabolism

N [FA (10:0/2:0)] Decanedioic acidT 0.0100 1.35 1.1 Fatty Acids and Conjugates

P [PR] (1S,4R)-1-Hydroxy-2-oxolimoneneT  0.0316 1.56 1.1 Isoprenoids
Metabolism of cofactors and vitamins

P 2,3-Dimethylmaleatel 0.0285 0.74 1.2 Nicotinate and nicotinamide metabolism
Peptide(di-)

N Thr-Pro-Pro® 0.0371 1.33 1.0 Polar peptide
Xenobiotics drugs etc

P Azelaic acid? 0.0033 1.54 1.2 Fatty Acids and Conjugates

Other important metabolites derivatised from amino acids
metabolism, particularly arginine and purine metabolism, which
are also products of cellular amino acid metabolism, such as L-
Citrulline and 4-Guanidinobutanoate, it effects in the rodent
central nervous system [48], were significantly associated with the
impact of UV exposure. Additionally, a focus on developmental
programming in non-communicable diseases, the roles of L-
arginine synthesis and its metabolism have been considered by
many researchers in multiple settings. In their studies, they
reported the effects of amino acids such as L-arginine and L-
citrulline on blood pressure regulation and can affect nitric oxide.
Nitric Oxide (NO) is a physiological compound in the human body
that is produced by NO Synthase (NOS) during the oxidation of L-
arginine and can lower blood pressure by increasing blood flow.
Increased nitric oxide production has been shown to reduce
Erectile Dysfunction (ED), Type 2 Diabetes Mellitus (T2DM) and
decrease muscle soreness [39, 49-52].

The LC-MS analysis showed the presence of carbohydrate
metabolites, including 3-Deoxyglucosone (3-DG) and D-Glucono-1,5-
lactone (Gluconolactone).

3-Deoxyglucosone (3-DG) is a dicarbonyl sugar’s metabolite and is
synthesized via the Maillard reaction and the polyol pathway. It is as

a glucose degradation product can be used as a marker for
hyperglycemia in patients with diabetes mellitus [53].

Stress of dicarbonyl compounds has been listed under the main
causes of cell and tissue dysfunction, which leading to a variety of
health problems such as aging, cancer and other skin disorders,
psoriasis and vitiligo, as well as its principal role in the development
of diabetic and uremic complications and Alzheimer's disease. Gas
Chromatography-Mass Spectrometry (GC-MS) and LC-MS have been
used to detect the significantly increase of 3-DG levels in diabetes and
uremia plasma [53, 54]. Finally, it could be a potential target for the
development of anticancer drugs against skin cancer related to UV
radiation. Gluconolactone, second identified carbohydrate metabolite,
is polyhydroxy acid (PHA) containing a gluconolactone molecule and is
a product of D-glucose oxidation stimulated by the enzyme glucose
oxidase. Gluconolactone is an essential carbohydrate metabolite found
in all living organisms, and has metal chelating, moisturizing and
antioxidant activities. Gluconolactone’s ability in removing the free
radicals and its using as a skin exfoliant in cosmetic products to reduce
the harmful effects of UV radiation on the skin is attributed to its
moisturizing and antioxidant properties [55].

In the current study, 3-Deoxyglucosone and Gluconolactone identified
as important carbohydrate metabolites with VIP = and P-value<0.5
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and were low-significance metabolites based on the low value of fold
change (Ratio S2UV/S1UV= 0.437 and 0.726, respectively).

Based on the minimize literature review in our previous article [29],
many articles have been published on metabolic changes in non-human,
plants and animals, exposed to UV radiation, in comparison with studies
on these effects on human metabolomic profiles, which are almost non-
existent. Some of these studies reported that these metabolic changes
related to the impact of UV exposure were particularly involved in the
differential metabolites of amino acid and carbohydrate in plants and
animals. These studies used common analytical technologies, include LC-
MS and GC-MS to investigate the role of UV exposure on inhibition and
enhancing the sugars, fatty acids and amino acids [56-59].

In considering to our findings, some of the metabolic changes were
somewhat compatible with previous observations revealed in last our
study with regard to the impact of UV on amino acid, carbohydrate and
lipids metabolism [29]. Despite some similarities between previous
and present findings, the differences were present and clear in the
type and number of metabolites identified. These differences may be
due to several reasons, including: samples number and ethnicity of
participants as well as identification of metabolic pathway and
metabolite profiling in urine was not the main aim of our previous
study. Finally, according to our knowledge, there is no metabolomic
study has been performed about the relationship between urinary
metabolites and UV radiation impacts. Thus, the current study is the
first LC/MS-based metabolomics study to identify the metabolites in
urine samples that can be used as potential biomarkers to recognize
the changes in metabolic pathway and metabolite profiling in healthy
human as a result of the exposure of UV radiation exposure.

CONCLUSION

In summary, current study clearly demonstrated disruptions in key
metabolic pathways, including amino acids, carbohydrate and lipids
and their derivatives. Fourteen metabolites, particularly amino acids
metabolites were significantly elevated under UV exposure
conditions. While, the significantly reducing in carbohydrate
metabolites were observed at same conditions.

Thus, overall, the significant metabolites which were identified from
the variations in urine metabolomics as a result of the exposure of UV
radiation sourced by sunlight can be used a potential biomarkers for
predictive the changes in some metabolic pathways and evaluation the
beneficial and harmful effects of this exposure on human health.
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