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ENVIMPACT & REFINE projects
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Outline

e Short presentation of the longitudinal cohort studies PHIME and
HEALS (02)

 Existing results and findings (02, E8)
e Objectives of the REFINE and ENVIMPACT projects

* Probabilistic exposure assessment and machine learning approaches
(E7, E8)

e PBPK and probabilistic risk modelling (F8/F9)
* Brainstorming session (all)
* Planning of future work (all)



1) ARIS project ENVIMPACT: Environmental exposure to various
chemicals in early life, its biological impact and neuropsychological
development

2025 -2027

1) RSF project REFINE: Refined estimation of environmental exposure
in vulnerable population groups and its biological and health impact

2024 (July) — 2027 (June)



Background: Environmental Health Paradigm
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Procarcinogen Carcinogen DNA Alteration Initiated cell Tumour Metastasis

Source: https://www.who.int/europe/publications/i/item/9789289060097



PHIME-CROME birth cohort, Ljubljana and surroundings
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EXHES birth cohort, Celje and surroundings
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Implementation
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Environmental data

Human biomonitoring

Pharmacokinetic modelling
Implementation of early biological response markers

Clinical assessments
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Susceptibility biomarkers

Geospatial data

Information describing environmental status (e.g. chemical composition of
drinking water, soil, mosses as proxies of atmospheric deposition/pollution,
particulate matter measurements in air)

Information on releases of contaminants from various industrial and natural
sources (e.g. industrial facilities, diffuse releases)

Characterization of the built environment in living surrounding of the study
nttoysndemmercompoiderassrazy PATLICIPANES  (e.g. land cover and land use data of various resolutions,
cadastral building, utilities).

GAP: Retrospective characterisation of life-long exposure from environment
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Susceptibility biomarkers

Chemical elements (Cu, 7n, Se/Se species, Fe, Mn, Cr, Cd, Pb, Hg, As/As species,...)
Organophosphorous pesticides and their breakdown residues

Bisphenols, phthalates and other plasticizers, parabens, triclosan, brominated, fluorinated and chlorinated
compounds, PFAS

Non-targeted screening
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Beneficial nutrients, sex, socio-demographic determinats, ....
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Susceptibility biomarkers

Anti-oxidative status markers: activities of antioxidative enzymes (catalase, superoxide dismutase, glutathione

peroxidase) and total antioxidative capacity, and oxidative stress biomarker of DNA damage 8-OHdG and lipids
damage 8-isoprostan

Hormonal status: testosterone, estradiol, triiodothyronine, thyroxine hormones, kisspeptin
Markers of inflammation: immunoglobulin E, C-reactive protein, cytokines (interleukins)
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PHIME - CROME cohort

18 months: Bayley Scales of Infant and Toddler Development (Bayley)
cognitive, language and motor domains

7 - 8 years: Wechsler Intelligence Scale for Children (WISC IV)

16 - 18 years: Wechsler Intelligence Scale for Adults (16-90 y) (WAIS 1V)
Parents 1Q assessment: Raven’s Progressive Matrices (RPM)

EXHES cohort

4 -7 years: Wechsler Intelligence Scale for Pre-school Children (WPPSI llI)
Parents 1Q assessment: Raven’s Progressive Matrices (RPM)

WISC, WAIS, WPPSI:

Verbal Comprehension Index (VCI)
Perceptual Reasoning Index (PRI)
Working Memory Index (WMI)
Processing Speed Index (PSI)

Full-Scale Intelligence Quotient (FSIQ)




Main results and findings

BAYLEY test WISC IV
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Multiple regression: estimate of change (Cl 95%):
Snoj Tratnik et al, Environmental Research Bayley score vs. Hg in cord blood (In) WISC score vs. Hg in cord blood (In)

152 (2017) 375-385

CB = Cord blood; WISC IV scores: VCI=Verbal Comprehension Index; PRI=Perceptual Reasoning Index; WMI=Working Memory Index; PSI=Processing Speed Index; FSIQ=Full Scale IQ



Main results and findings

APOE: major lipid-transporting protein
expressed in the brain (astrocytes);
Mediates delivery of cholesterol to neurons

BAYLEY test > axonal growth, synaptic formation,
0 18 months remodeling
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Snoj Tratnik et al, Environmental Research Coeff. (Cl 95%) Bayley cognitive score vs. THg in cord blood (In)

152 (2017) 375-385

CB = Cord blood; WISC IV scores: VCI=Verbal Comprehension Index; PRI=Perceptual Reasoning Index; WMI=Working Memory Index; PSI=Processing Speed Index; FSIQ=Full Scale IQ



Main results and findings
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Pregnancy Child
BAYLEY test WISC IV
WISC score (FSIQ) R2=0.30, p<0.001 Coef. (95% Cl) P>t n=283 ‘ n=178
PNP in urine (In) -3.13 (-4.83;-1.43) <0.001
Pb in blood (In) 4.05 (-1.70; 9.79) 0.166 IMPY ¢
Cu in blood (In) -26.7 (-41.9; -11.5) 0.001
Se in blood (In) 20.7 (6.30; 35.1) 0.005 DEAMPY - —
Father’s years of schooling 1.05 (0.35; 1.75) 0.004
Language classes (no vs. yes) 4.61 (1.14; 8.10) 0.010 PNP 7 ¢ *
Watching TV during weekdays (h) -3.02 (-5.63;0.42) 0.023
Child’s sex -4.03 (-8.17; 0.10) 0.056 MDA+
Frequency of seafood consumption 2.19 (0.37; 4.01) 0.019
TCPY L 2

Metabolite pesticide

PNP Parathion 3PBA - IN

TCPY Chlorpyriphos

DEAMPY Pirimiphos

IMPY Diazinon 4F3PBA+

MDA Malathion

3-PBA Common pyrethroids Cord blood THg -

4-F-3-PBA cyfluthrin l I I

-5 0 5

CMHC (representing coumaphos)
below LOD in all subjects.

Multiple regression: Coeff. (Cl 95%) FSIQ vs. urine pesticide/CB Hg levels (In)



Application of machine learning algorithms

e Large number of variables (940 descriptive variables in the data set)
e Complicated relationships

 Enormous space of possible solutions

e Classical statistical approaches are of limited benefit

Local approach Multi-target regression (MTR):
[ Model 1 |————>] Target 1 Local approach: one model for each target (=dependent variable)
TRAIN Target 2 Global approach: one model for all targets

SET

Model N |———— Target N

Two learning settings:
e Supervised: considering only children with known test scores

Global approach e Semi-supervised: utilisation of unlabeled data

Machine learning methods:
Target 1 Predictive clustering trees (PCTs) (Blockeel et al, 1998)

AL Target 2 Predictive clustering rules (PCRs) (Zenko, 2007)
Ensembles of PCTs (Kocev et al, 2013)

Target N
Feature importance estimation (Petkovic et al, 2020)

References: Blockeel, Raedt, Ramon, 1998. Top-Down Induction of Clustering Trees. ArXiv, ¢s.LG/0011032; Zenko, 2007. Learning predictive clustering rules (Doctoral
dissertation). University of Ljubljana, Slovenia; Kocev, Vens, Struy, DZeroski, 2013. Tree ensembles for predicting structured outputs. Pattern Recognition, 46, 817—-833;
Petkovi¢, Kocev, DZeroski, 2020. Feature ranking for multi-target regression, Machine learning, 109, 1197-1204.




Regression trees

Application of machine learning algorithms

Selected subset of variables: Same as used in classical statistical approach

COGNITIVE

CB_ Cu < 618.678 :

| CB_Zn < 1551.694 : composite _score_cogn
| CB_Zn = 1551.694 :

[ | M _milk As < 0.596 :

| | | M_milk As < 0.123: composite_score_cogn
| | | M_milk As > 0.123: composite score cogn
| | M _milk As> 0.596 : composite score cogn
CB Cu = 618.678 :
|

|

117.0616 (58/83.322%)

112.984 (95/93.594%)

110.1329 (48/68.006%)
115.9493 (75/99.576%)
2,145 < 0.5:
2,145>= 0.5

106.8385 (72/75.408%)
108.9575 (92/120.661%)

levelofeducation
levelofeducation

composite_score_ cog
composite_score_cogn

MOTOR

CB_Pb < 11.655 :

| CB_THg < 1.055 :
CB_ THg = 1.055:
| M _Serum Felll moll < 16.15 :
| M _Serum Felll moll = 16.15 :
| | CB_Pb < 7.8 : composite_score_motor
| | CB_Pb=>78
|

|

composite_score_motor = 110.0383 (72,/102.406%)

composite _score_motor = 109.2108 (56,/101.21%)

104.8979 (100/88.284%)

[ | M_milk Mn < 3.435: composite_score_motor — 106.4228 (94/68.112%)
[ | M_milk Mn > 3.435: composite_score_motor = 108.6004 (29/127.743%)

-

| Child is male |

CB_Pb > 11.655 : composite_score_motor = 105.5323 (89/127.743%)

FINE MOTOR
CB THg < 1.335 :
| M _milk Zn < 4169.05 : FM=12.5752 (102/90.579%)
| M_milk Zn > 4169.05 : FM—13.4947 (27/85.02%)
CB THg = 1.335 :

| child_sex=M :

| | levelofeducation—=1,5 < 0.5 : FM=10.9591 (70/104%):
| | levelofeducation=1,5 = 0.5 : FM=11.8335 (84/99%)

| child sex=F :

| | M_milk_Zn < 3242.146 FM—12.1311 (110/72%)

| | M _mik Zn > 3242.146 FM=12.3039 (47/115%)

YES
CCs 110.98
LCS 102.53 YES
MCS 10604
FMSS | 1L.78
CGMSS | 10.14 CCS | 108.34
LCS 109.2
NO i MCS | 106.65
- YES FMSS | 11.38
GMSS | 10.7
CCs 11268
| Los | 107 -
| Mother age = 23: MCS | 107.97 NO YES
|| FMss | 1238
amss | 101 CCS | 111.58 CCS | 113.36
: LCS | 104.84 LCS | 107.68
. ) MCS | 107.04 MCS | 107.28
NO ES FMSS | 12.21 FMSS | 12.19
- - GMSS | 10.09 GMSS | 1021
CC8 12606 CCSs 113 46
LCS 124 58 LCS 109,88
MCS 13357 MOS 109.5 H H H
o B Il B Multi-target semi-supervised PCT
CMSS | 1490 OMSS | 1026

Multi-target PCT

CCL=Cognitive Composite Score;

CB THg

= 6.06

LCS=Language Composite Score;
FMSS=Fine Motor Scaled Score; GMSS=Gross Motor Scaled Score

MCS=Motor

Composite Score;




Application of machine learning algorithms

The whole dataset

Rank Attribute Importance score

1 mother bmi_before 271.39

2 weight delivery 211.7

T , 3 M Cd 200.57

Total Hg in I' . . \ —

maternal milk © hll;.i t’iﬂ'Ld w‘j::m% 4 mother _bmi_delivery 207.9

L > 0.4 Arier fa. men | 5 CB Pb 104.97

6 motherweight before 187.03

I 7 age walked 186.63

- ) YES &  hbirthweight 182.10

; 9 mother bmi_gaindelivery 175.32

CCS | 114.83 CCS | 10729 10 CB_MeHg 156.30

|" Other cheese as ".I LCS 106.09 LCS8 10025
[ s 2 - FMSS | 12.30 FMSS | 11.96 T _
main course at # 76 cMss | 10.00 oMss | s .3,; 519 medication_growth_18 0
least once monthly | A - A . — —
MCS | 107.18 MCS | 10110 520 apricote noskin _pregn 1]
# | 2658 # ] 17 521 breastfeedingl 0
YES Multi-target PCT Ranking
As in matcrnal ' F‘\.ISS 14.73 Rank Attribute Importance score
| milk > 0.04 ,. B 10.5 4 ) . )
1 mother bmi_gaindelivery 208.07
| Father sc}loolmg years 2 yearsschooling father 193.81
NO YES .. - . 3 milk skim pregn 186.88
\ 4 M Se 172.90
FMSS | 12.81 F\IISS 1181 5 mother bmi_before 171.70
” e ” sid 6 mother bmi_delivery 152.47
"y ) : 7 CB_Pb 150.64
. CCL=Cognitive Composite Score cos 113.48 ccs 117.96 —
S| ngle'ta rget PCT LCS=Language Composite Score LCS | 10454 LeS | 10881 8 H THg 150.49
FMSS=Fine Motor Scaled Score FMSS | 12.22 FMSS | 1242 9 father bmi birth 150.13
FINE MOTOR SCORE GMSS=Gross Motor Scalfed Score aMSS 9.82 oMSS | 10.12 10 birth]e_ngth_ 144.93
MCS=Motor Composite Score MCS 106.43 MCS 107.89 )
VCl=Verbal Comprehension Index VI 101.23 VCI 110.25
PRI=Perceptual Reasoning Index PRI | 108.37 PRI | 113.67 519 anemia pregnancy 0
WMI=Working Memory Index WML 99.62 WMI | 105.51 520 apricote_noskin_pregn 0
PSI=Processing Speed Index PSI 106.24 PSI 108.73 - 13 I —PIee

z 203 Z 5.7 521 breastfeedingl 0




Application of machine learning algorithms: summary
of outcomes of different approaches

-“

Secs, BMI (mother), age crawled, birthweight,

Cognition Cucg, Zngg, child’s diet various dietary items cd
MILK
Language Child‘s sex, BMI (.mother, father), various dietary items T (e (e, T s 6 el e
no. children
Motor score Hg\u« (fine!), BMI (mother), Zn, amalgams, BMI (parents), no. Hgcs mik (finel), Seg, Cucg, BMI (mother), age
Secp, Asyk education bedrooms, no. cars, diet child walked, Zn;, ., Cdy« Poyik
ALL Zng, age child walked, child’s sex, : BMI (mother), Cdy,,« Pbcs, age child walked,
18 months mother’s age, parity IEILE TR (leh Lo el G birthweight, MeHg,
Full scale Educational level (father), BMI BMI (parents), educational level (father), Hg, \rs
intelligence (mother), Zng, Cug,V, mother’s age mother’s age, Sey;, » Pbcp, Vi
score WMI: Pirimiphos MI: Hgy, o NO. cars WMI: child weight, Hg,,,r, Pirimiphos, V s

7-8 years PSI: Crg PSI: birthweight, Hgg, Sey ., CU, Vi, Crg



Objectives

e The main objective is to investigate how environmental exposures correlate with biological
response in early life and neuropsychological outcomes in childhood and adolescence, with
particular emphasis on genetic background and other susceptibility factors of individuals.

e This will help understand vulnerabilities for cognitive and behavioural diminishments of young
population groups and risks for development of neurodegenerative diseases later in life.

A

. Silent pandemic
SPECIFIC OBJECTIVES: ’ ~

e Probabilistic assessment of exposure

Subclinical effects in

child populations \

Neurotoxicity

° in adults
...and more.... j \ ‘\Poisoning

incidents

e Pharmacokinetic modelling

|dentification & validation of early effect biomarker

Association (data) analysis

Number of people affected

asop [edoididay

Figure 1: The effects of a neurotoxic chemical on a population over time
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