M/ NIE

HUNGARIAN UNIVERSITY OF AGRICULTURE AND LIFE SCIENCES
DOCTORAL (PhD) DISSERTATION

INTEGRATED GEOCHEMICAL, STATISTICAL, AND SIMULATION-BASED
APPROACHES FOR ASSESSING WATER QUALITY AND HUMAN HEALTH RISKS IN
SURFACE AND GROUNDWATER SYSTEMS OF THE DANUBE AND AL-JAWF BASINS

A Dissertation submitted for the degree of Doctor of Philosophy at the Doctoral School of
Environmental Sciences, Hungarian University of Agriculture and Life Sciences

By

OMAR ABDULHAKIM HIZAM SAEED

GODOLLO, HUNGARY
2025



Title: Integrated geochemical, statistical, and simulation-based approaches for
assessing water quality and health risks in surface and groundwater

systems of the Danube and Al-Jawf basins

Discipline: Hydrology and Water Resources Engineering

Name of Doctoral School: Environmental Sciences

Head: Dr. Erika Csakiné Michéli,
Professor, DSc MATE, Institute of Environmental Sciences,
Department of Soil Science.

Supervisor: Dr. Andras Székécs
Professor, DSc. MATE, Institute of Environmental Sciences,
Agro-Environmental Research Centre.

Co-supervisor: Dr. Maria Mortl
Senior Researcher, PhD, MATE. Institute of Environmental Sciences,
Agro-Environmental Research Centre.

Approval

Approval of the School Leader Approval of the Supervisor(s)



DECLARATION

This dissertation is my original work and has not been presented for a degree in any other
university. No part of this dissertation may be reproduced without prior permission of the author
and/or Hungarian University of Agriculture and Life Sciences.

......... OMARSAEED............ 2025/08/09

Omar Abdulhakim Hizam Saeed Date

DECLARATION BY SUPERVISOR
This dissertation has been submitted with my approval as supervisor

Dr. Andras Székécs Date
Professor, DSc. MATE, Institute of Environmental
Sciences, Agro-Environmental Research Centre.

Dr. Maria Mortl Date
Senior Researcher, PhD, MATE, Institute of Environmental
Sciences, Agro-Environmental Research Centre.



DEDICATION

This work is lovingly dedicated to those who have been the pillars of my existence —

to my beloved wife, whose unwavering love, patience, and strength have been my constant source
of courage and hope.

To my family, whose boundless support, sacrifices, and faith have nurtured my dreams and lifted
me beyond every obstacle.

To the mentors, friends, and companions who journeyed alongside me — your wisdom, kindness,

and encouragement have illuminated my path and fueled my determination.

With profound gratitude and deepest affection, I dedicate this achievement to all of you — my

heart’s true foundation.



ACKNOWLEDGEMENTS

Completing this Ph.D. has been one of the most challenging yet rewarding journeys of my life, and
it would not have been possible without the unwavering support, guidance, and encouragement of
many remarkable individuals and institutions. I wish to express my deepest gratitude to all who
have been part of this path.

I wish to thank the Head of the Doctoral School of Environmental Sciences, Prof. Dr. Erika Csakiné
Michéli, Professor, DSc, for granting me the opportunity to pursue my studies at MATE and for
fostering an environment where research can flourish.

I am profoundly grateful to my supervisor, Prof. Dr. Andrds Székécs, Professor, DSc, for his
outstanding mentorship, expert guidance, and steadfast dedication to my academic growth. His
ability to challenge my thinking while providing consistent support has been invaluable in shaping
both my research and my scholarly development.

My sincere appreciation goes to my co-supervisor, Dr. Maria Mortl, Senior Researcher, PhD, for her
patient guidance, insightful feedback, and constant encouragement, which have enriched my work
immeasurably.

I also extend my heartfelt thanks to Prof. Gy6z6 Jordan, whose initial acceptance of my application
and early supervision were crucial in enabling me to obtain the Stipendium Hungaricum Scholarship
and embark on this academic journey. His support at the outset laid the foundation for my doctoral
studies, and I remain truly grateful for his efforts.

To my colleagues at the Agro-Environmental Research Centre, I am thankful for the warm welcome,
collaborative spirit, and stimulating discussions that have broadened my academic horizons.

Special thanks go to Ms. Zsuzsanna Tassy and Ms. Edit Doldnyi Simé&né for their tireless
administrative support, efficiency, and kindness throughout the program.

I gratefully acknowledge the Stipendium Hungaricum Scholarship Program for their financial
support, without which this journey would not have been possible. Hungary has been not only my
place of study but also a source of cultural and personal enrichment.

I extend my deepest appreciation to the Republic of Yemen, represented by the Ministry of Higher
Education and Scientific Research, for their trust and support in granting me the opportunity to
pursue this academic journey.

To my beloved wife, whose unwavering love, patience, and sacrifices have been my constant source
of strength — thank you for walking beside me through every challenge, for celebrating every small
victory, and for believing in me even when the road was difficult.

To my family, whose encouragement, prayers, and unconditional support have been the foundation
of my resilience, I am forever indebted. This achievement is as much yours as it is mine.



Table of Contents

DECLARATION......cetiteittete ettt ettt sttt ettt b et sa ettt e e bt e bt et e seeenbeentesaeenees il
DEDICATION ...ttt ettt ettt ettt b et sttt e bt e st e s bt e atesate bt eabeebee bt entesetenbeensesneenes v
ACKNOWLEDGEMENTS ...ttt sttt st sttt b ettt e b enees v
LIST OF TABLES ...ttt ettt et b et b et e bt et e et saeenbeenteeaeenees Xi
LIST OF FIGURES ..ottt sttt ettt et sb et satenbeeneesanens Xii
LIST OF EQUATIONS. ...ttt ettt ettt ettt ettt et e e s s e nseeneesseeseensesneenseensenneans XV
LIST OF ABBREVIATIONS AND ACRONYMS ...ttt Xvii
1. INTRODUCGTION ....oiiieiieiiesiee ettt sttt ettt te st e st et e eseesaeensesseesseenseensesseenseensesneenseeneas 1
1.1, BACKGIOUNA ...ttt ettt et e eb e et e bt e eabe e beeenbeens 1
1.2. Problem StAtEMENT .........eeiuieiieieitieie ettt ettt s e bt e sbe et et esaeebeenees 4
1.3, OB ECLIVES ..eutietieeiiieeiie et e site et e ettt et e et e e bt e etaeesseesabeesaeesseeseeenseesseessseensaesnsaensseasseessennseenseeans 5
1.4. ReSCarch QUESTIONS ........coviiiiiiieetiecciee ettt ettt ettt e et e e et e e e teeeetaeeeeaaeeetaeesaaeeesaseeesareeeeareeenns 6
L5, HYPOURESES ettt ettt et e ettt e ettt e et e e et e e s seaeeenbaeesnsaeesnseeensseeennseesnnseennns 6
2. LITERATURE OVERVIEW ......oiiiiiiee ettt sttt ettt ettt eneas 7
2.1. Groundwater MANAZEIMENL ........cc.eertieriiriiertieteetteeteete ettt et et sbeetesitesbeebeeatesbeebesanenaeeneeanes 7
2.2. Predictive modeling and management Of Water TE€SOUICES .......c.eevuereveerieriiieniieeiieseeeieesieeens 7
2.3. Water qUality MONTEOTINE....c..eeveruiirtieiiniiertiete ettt sttt ettt et sttt ettt be et st saeenaeeaees 8
2.4. Water quality models, challenges, and IIMitations ...........ccceeveveeeriieerieeeiieeeieeeee e 8
2.5. Water quality miti@ation MEASUTES ........eeecvieerureerieeerieeerreeesreeesereeessreeasseeesssseessseesssseesssseesnns 9
2.6. Environmental impacts and management of red mud: a global perspective...........c.cceevuneenn. 9
2.7. Sources and impacts of heavy metal pollution in the environment..............ccceeevvverieeennenn. 10
2.7.1. Impacts and health effects of lead (Pb) tOXICItY .....ccceevvuieriiiiiiiiieeiiee e, 10
2.7.2. Impacts and health effects of arsenic (As) tOXICILY ....ccceevuervierienerrienieieeiereeeeeeeeee 11
2.7.3. Impacts and health effects of chromium (Cr) tOXICItY.......cccerierirrienienienieriereeieeeene 11
2.7.4. Impacts and health effects of copper (Cu) tOXICILY .....eoverrerviirienirieniereeiereeeeee e 11
2.7.5. Impacts and health effects of ZINC (Zn) tOXICILY ..eeevvvreerieeeiiieeieecieeeee e 12
2.7.6. Impacts and health effects of nickel (N1) tOXICILY ....vveevveeeiiieeiieeeieeeeece e 12

2.8. Advancements in detection technologies for heavy metal and hazardous element pollution:
current methods and emerging INNOVALIONS ........c..eeecuiieriiieerieeerieeerieeerreeesteeeaeeeeseeesseeesaeeenns 13
2.9. GIS for water qUAlILY MAPPINEZ......vveeeeureeeiieeeiieeeieeerteeerteeerreeesreeessreessaeesseeesseeessseeessseens 14
2.10. Human health risk assessment (HHRA) of heavy metal in water resources....................... 15

2.11. The presence of heavy metal in water resources - policies and regulations.............c...c...... 15



2.12. Regional studies on heavy metal pollution in the Hungarian Danube basin....................... 16

2.13. Machine learning applications in science and engiNEering...........cccvveeervreeevueeercreeescreeenneens 17
2.14. Refining the adaptive neuro-fuzzy inference system (ANFIS).......ccccevviiiviiiiicieiecieeee. 18
2.15. Applications of machine learning in water quality and health risk assessment .................. 19
2.16. Monte Carlo simulations (MCS) in hydrology: methodology and application................... 19
. MATERIALS AND METHODS ...ttt sttt 21
3.1, Study area deSCIIPHION ....eieuvieiiiieiieeiieeiee ettt ettt et e et e e e ebeesbe e teeesseesssesnseesseeenseessneenseas 21
3.1.1. Danube river lower basin in HUNZary (SW) ....c.ccoviiiiiiiieiieeieeeeeee e 21
3.1.2. Al-Jawf basin in YEMeENn (GW)....coccuiiiiiiiieiie ettt e 22
3.2, Water SAMPIINE ...ccueiriiiiiiiiiieeieet ettt ettt ettt et st sbe et e e e e enee 23
3.2.1. Heavy metal analysis of the lower Danube river basin (HMs-SW) ........coccoiviiniinnnnn 23
3.2.2. Physicochemical parameters of the lower Danube river basin (SW) ......c.ccccceevvriennnn 24
3.2.3. Heavy metals and physicochemical characteristics of the Al-Jawf basin (GW) ............ 24
3.4. Quality assurance and CONLIOL .........c.ceciiriiiriieriieiie ettt ere e e esbeeseaeenreas 25
3.5. Statistical analysis and data ProCESSING........cueevvierieriiierieeieerie et eree et esre e esereereeseaeenseas 25
3.5.1. Multivariate statistical MethOdS..........cocuiiiiiiiiiiii e 25
3.5.2. Data analysis, processing, and spatial distribution ............coeceeeeeeiieiiiieniiieiienieeeeee 27
3.5.2.1. GIS mapping procedure and IDW interpolation analysis..........cccceeeevuervereriueniennenn 28
3.6. Indexing techniques and modeling approaches.........cc.ccoceeveeiiiriiniiiinicniceeecee 29
3.6.1. Heavy metal pollution analysis index (HPI) and metal index (MI) .........c.cccccuvrerunennnne. 29
3.6.2. The potential ecological risk index of heavy metals ...........cccccvvveviieniiiiniieenieceeeeee 30
3.6.3. Human health risk assessment of heavy metals (HHRA)..........ccocoviiiiiiiiiiini 30
3.6.3.1. Non-carcinogenic human health risk method..............ccccoeiiiiiiiiinii e, 30
3.6.3.2. Carcinogenic human health risk method ............cccoooiiieiiiiiniii e 31
3.6.4. Geochemical modeling and saturation index (SI) ........ccccoeviiiiiieniiiniiincee e, 32
3.6.4.1. The index of processes influencing surface water and groundwater chemistry .......... 32
3.6.4.2. Saturation INAEX (SI) ...coocuiiiiiiieeie ettt eens 32
3.6.5. Drinking and irrigation water quality indiCes.........c.ceevueriiierireiiienieeiieeie e 33
3.6.5.1. Drinking water quality index calculations (DWQI) for the Danube river................... 33
3.6.5.2. Irrigation INdices (IWQIS) ..ecuiieeuieeeiiieeie ettt e e s 34
3.6.6. Adaptive neuro-fuzzy inference system (ANFIS) .....ccovieiiiieiiiiiieeeeee e 34

3.6.7. Performance evaluation of the simulation MOdELS ........ccovvvummeeeeeieeeeeeeeeee e 36



3.6.8. Random forest algorithm (RF) ......cccoooouiiiiiii e 36

3.7. Utilization of Monte Carlo simulation model (MCS) .........ccccoeoiiiiiiiieiiieeeeeee e 37
4. RESULTS AND DISCUSSION.......ooiitiieitieieeieseeteete st esteetesteesseeaesseesseeneesseenseensesseensesnsesseens 39
4.1 Heavy metal assessment of the Danube riVer..........coccveeiieiieiiieiieniececeeeee e 39
4.1.1 Heavy metal concentrations in SUrface Water............ccoeeeerieeniienieenieenieesieeseeevee e 39
4.1.2 Geospatial modeling and aNaLYSIS .........cccuieruieriieriieniieieeie et 39
4.1.3 Specific heavy metals analysis .......c.ccccveeiieriieiiieiieeieeieeee ettt 39
4.1.3.1 ATSCIIC (AS) uvreeuieeeeiieeeiieeeteeestteeestteeetteesstaeessseeeasseeessseaeasseeessaessssessseesssseessseeesseenns 40
4.1.3.2 CRIOMIUM (CT) cuvviieiieeeiieeeieeeeiee et e ettt e eteeesteeesaaeeesssaeessseeesaaessseessseesssseesssseesseeenns 40
4.1.3.3 COPPET (CU) ettt ettt et ettt e st e e bt e s st e et e e s eteenbeesabeenbeesneeenseas 41

T I T § o) o W (1) SRS SRUPRRRRPPR 41
4.1.3.5 Man@aneSe (IMIN) .......ceeeuieerrieeriieeeiiee ettt e ettt e sieeesteeeesteeesnteeessseeesneesnsneesnseeensseeensseennns 41
4.1.3.0 INICKEI (INT) ettt sttt et e bt et sat e bt et eeneesaeensesanens 42
4.1.3.7 Lead (PD) cneeeneieiieiieeee ettt sttt sa et 42
4.1.3.8 ZANC (ZN) 1ttt ettt ettt et ettt h ettt sh e e bt e e et e bt etesaeen 42
4.1.4 Heavy metal pollution index (HPI) and metal index (MI) .......ccccceevieniiiiieniiiiieieeen, 43
4.1.5 Spearman correlation and heatmap cluster analysis...........ccooeeeviieiiiniiiinienieceeeeee, 44
4.1.6 Potential ecological risk indexX (RI) ......cccouieiiriiiiiiiiieee e 46
4.1.7 Health risk @SSESSIMENL.....c..eoiiiiiiiiiieiieeiie ettt ettt et e e eaeeas 47
4.1.7.1 Non-carcinogenic health riSK............coccueiriiiiiiiiiiiii e 47
4.1.7.2 Monte Carlo simulation approach (MCS) .......c.oooviiiiiiiiiiiiie e 49
4.1.7.3 Non-carcinogenic health risK............cocouiiriiiiiiiiiiiii e 49
4.1.7.4 Carcinogenic health T1SK ........ccovuiiiiiiiiiiiececc et 49
ALT1.T.4. 1 ATSCIIC ettt ettt ettt ettt ettt e eaneas 49
4.1.7.4.2. ChromMiUM (CT) c.ueiiiieiieeieeiie ettt ettt ettt et e bt e st e ebeessteebeesaeeenseesneeenseas 50
4.1.7.4.3. LA (PD) oo et et e eaeas 50
4.2 Physical chemical properties of the Danube river............ccooeeviiiiiiniiiiniecieeee e 50
4.2.1 Hydrochemical properties of Hungary’s Danube river............ccooceevieriieniienieeieeneenen. 50
4.2.2 Surface water facies and source determination ...........cc.ccoecueeneerieeieenienieenie e 52
4.2.2.1 SUurface Water CALCZOTIES ...cuvveerureeerureeeitieeetieeeiteeeeteeesteeessteeessaaeensseeassseesssseessseeessseeenns 52
4.2.2.2 10N @XCRANZE ......viiieiieeciie ettt e et e st e e staee et e e esaeeebaeeenraaeeneeenns 53

4.2.2.3 ChIOr-alKall INAICES ..eeeneneeee ettt e e e e e e e e e e e eaeeeeeeeeeeaaeaaaeeeeeanes 54



4.2.3 Geochemical modeling and mineral saturation State............ccceeveveeerireeiieeerieeeieeeiee e 54

4.2.4 StatiStiCal ANAlYSIS....cccuieeeiiieeiieeiieeeeiee ettt e ette e eteeesteeesteeesaeeestaeeesaeeesaeeesaeesraeeaaaaenns 55
4.2.4.1 CIUSEET @NALYSIS...eeieiuiieeiieeeiieeeiee ettt e ettt e eteeesteeesaeeesteeessseeesssaeesseessseesssseessseeesseaenns 55
4.2.4.2 Principal component analysisS (PCA).......cooueiiiiiiiriieieeieeiteeee et 55
4.2.5 Water QUALILY TNAICES ...cuvieuiieiiieiiecii ettt ettt et steeebeessaeebeesaeeenseensneenseas 56
4.2.5.1 Drinking water quality indeX (DWQI) .......ccocuieiiiiiieiiiieeeeeeeeee e 56
4.2.5.2 Irrigation water quality indices (IWQIS) .....cccueeriiriieiiieiieiieceetee e 57
4.2.6 Impact on SOl COMPOSTEION. ......cccviieiiieeitiieeiieeeeeeeiee et e esteeesaeeeseaeessaeeesaeessreeessseeenes 57
4.2.7 Potential salinity INAeX (PS) ....ccooiiiiiiiieiiece ettt 58
4.2.8 Precipitation of alkali elements and residual sodium carbonate (RSC) ............ccccceee.e. 58
4.2.9 Human health risk aSSESSIMENt..........eeiuiiiiiiiiiiiiiiiee e 59
4.2.9.1 non-carcinogenic health riSK..........ccccerviiiiiiiiiieiiiciecc e 59
4.3 Heavy metal and physical chemical properties of the Al-Jawf basin..........c.cccceeevrerreennennnen. 60
4.3.1 Characterization of groundwater CheMISIIY ........ccceeecvieriieriieniieiieeieeeee e 60
4.3.2 Geochemical processes influencing groundwater facies..........cocceevveerieevienieenieenneennen. 61
4.3.2.1 10N €XChaNge PIOCESSES ...eeeuvietieriiieiieeiiteitte ettt ettt ee st et esite e bt e s teebeesaeeenbeesseesaneas 62
4.3.3 StatistiCal ANALYSIS.....ceouiiiiriiriiiiieii ettt 63
4.3.3.1 CIUSEET QNALYSIS ...eueiririiiriiiieeiteett ettt ettt ettt et ettt st e sbeeaesaeens 63
4.3.3.2 Principal component analysis (PCA).......coeiviiriiiiiiiniiicceeceeesteeee e 63
4.3.4 Water quality indices for irrigation and agricultural purposes ...........cccccveeevuveercieeencneenns 64
4.3.4.1 Irrigation water quality index (IWQI) ...cooouviiiiiiiiieee e 65
4.3.4.2 Sodium adsorption ratio (SAR) and salinity hazards ............cccceeviieeiiieniiiinieeeieens 65
4.3.4.3 Soluble sodium percentage indeX (SSP).......coociiiiiiiiiiiiieiiie e 66
4.3.4.4 Potential salinity (PS) ......cooouiiiiiiiiii e 66
4.3.4.5 Kelley ratio index (KR) ......c.ooiiiiiiiiiiiee et 67
4.3.4.6 Residual sodium bicarbonate (RSBC)......ccooiiiiiiiiiiiiieiieieeeee e 67
4.3.5 Non-carcinogenic health riSK..........ccoooiiiiiiiiiiiiie e 67
4.3.6 RF simulation MOdel ........c..cooiiiiriiiniiiiiiieiicteeeee et 68
4.4 Physical chemical properties of the Al-Jawf basin..........ccceeeviiiiiiiiciiiieee e 70
4.4.1 Hydrochemical characteristics of groundwater ..............ccceevvvveeiiieeriieeiieece e 70
4.4.2 Groundwater facies and processes influencing groundwater chemistry .............ccccvee.e. 71

4.4.3 StatiStICAl ANALYSIS....ccciiieiieeiiieeiiieeiiee ettt e ette et eeeteeesteeesaeeestaeeestaeeetaeesbaeennbeeeereaenn 74



4.4.3.1 CIUSEET ANALYSIS . .eiieiireeiieieiieeiiee et ee ettt e eteeesteeesaeeesbeeessaeeessseeesseesnsseesssseessseeesseaenns 74

4.4.3.2 Principal component analysisS (PCA).......oocviiiiiiiiiiieie et 74
4.4.4 Geochemical modeling and mineral Saturation ..............ccceeevieerieeesieeecie e 75
4.4.5 Trrigation water qUAlItY INAICES.....ccviervieriieiieeie ettt e eee e 76
4.4.6 Simulation Model (ANFIS) ......cooiiiiiiiiee et et 77

5. CONCLUSION AND RECOMMENDATIONS ......ooiiiiiiiiienieeienieenieete ettt 79
5L CONCIUSION. ...ttt ettt ettt et be et se e e bt et e eate s bt et e satenbeenteeneenaeenee 79
5.2. RECOMMENAALIONS .....eoutieiiiieiieeieeiie ettt ettt ettt e bt e et e e bt e sabeesbeesnbeesneesnbeesaeeans 80

6. Key Scientific Results (Thesis POINLS)......ccc.eieiiiiiiiiiieiie e 81
18 11 01 VN 2 PSS 83
APPENDIX A — FIGURES .......o ettt ettt sttt na e e s e seensesnnens 84
APPENDIX B = TABLES ...ttt sttt sttt st be e 127
APPENDIX C —PUBLICATIONS RELATED TO THE DISSERTATION ........cccceevveviieiiennnnne 142
APPENDIX D — OTHER PUBLICATIONS .....ooitiiiiiiieiesteie ettt 143

APPENDIX E — REFERENCES ......cccooiiiiiiiiiiiiiiiiictctecetee ettt 144



LIST OF TABLES

Table 1 Summary of key studies on machine learning (ML) applications in water quality and

health 1iSK aSSESSMENL.........coiuiiiiiiiiiiii ettt 127
Table 2 Clarifying summary table of sampling numbers and periods .........cccceeeevveeecrieencieenneenns 127
Table 3 The calculation methods of irrigation INAICES. ........cccvvieeiiiieeciieeeieeee e 128
Table 4 The range of limit values of the parameters used in the computation of quality

0 DTS 001 1 LA (0 ) ISP 128
Table 5 Comparative summary of considered machine learning models ............cccoeeevveerciieennennns 129
Table 6 The parameters for the computation of HQ, HI, Rl and CR ...........cccceeeiiiiiiiiiniiieieen, 130

Table 7 The overview of average HM levels in pg L™ at the lower watershed of the Danube River,
Hungary, compared with the threshold values for drinking water from the WHO
Guidelines (WHO, 2017)..cuieiieieiieie ettt sttt ettt ae s esseennesneens 131

Table 8 Mean concentrations (mg/L) of major ions and related physicochemical parameters in
surface water samples from the Danube river basin, south of Hungary, with reference to

FAO and WHO guidelines for drinking and irrigation Water. ............cceeeveerreerrerirrennnenns 132
Table 9 Varimax rotated factor of principal component analysis..........cecceerveeerienieerieenieeneenneans 133
Table 10 Mean values of HQ oral of Mn, Fe and NO3 for adults and children ................cc......... 134
Table 11 Comparative analysis of physicochemical properties and trace metal concentrations
against FAQO StandardS...........cocveiiiiiiiiiiieiiecie ettt ettt ebeesane e 135
Table 12 The association among various parameters and factors. .........cccceevvveeviieniieriienieenienneans 136
Table 13 Evaluation metrics for RF models on measured parameters, including IWQI, SAR, KR,
SSP, PS, RSBC, HI (adult), and HI (Child)........cccooeririeieieieieececeeceeeeeeee 137
Table 14 Descriptive results of the groundwater samples with the standard limit for irrigation
PUTPOSES .. eeeenetteeeeiiteee e ettt e e e ettt e ettt e e eaae et e e saastae e e e abbteeesanbeeeesaaseeeeeennnaeeeenasbaeeesaasaeeesann 138
Table 15 Correlation between the parameters and factors ...........ccceeeeverieniiiiniinicicnceceee, 139
Table 16 Statistical description of the mineral SI for the obtained GW samples .........c...cccceeeeee. 139
Table 17 Statistical analysis and classes 0f IWQIS. ......cccooiiriiiiniininiiiiecececeeeen 140

Table 18 Performance criteria of the simulation models for IWQIs prediction............ccccoeeuennee. 141



LIST OF FIGURES

Figure 1 Devastating toxic sludge spill in Hungary, 2010 (Chemistry World, 2011)...................... 84
Figure 2 (A) Sources contributing to heavy metal pollution in the environment; (B) Toxic effects of

heavy metals on human health (Saravanan et al. 2024). ..........ccccovieeviiieciieeeeeee e, 84
Figure 3 Study area and the distribution of sampling points in the Danube River.......................... 85
Figure 4 Land use map of the study area ............cocviieiiiiiiiiiieiie e 86
Figure 5 Location and sampling sites within the Al-Jawf basin, Yemen ...........ccccceevvveecveennenenee. 87
Figure 6 Geological, Hydrogeological units in the Al-Jawf basin (source: modified after (Ahlbrandt

0 SRS 88
Figure 7 ANFIS system with a two-rule Sugeno SyStem. .........cccccuveeviieeiieeeiieeeie e 89
Figure 8 An ANFIS architecture for IWQS prediction..........cccveeeieeeiiieeiieeeieeeee e 89
Figure 9 Conceptual illustration of the five layers that comprise ANFIS..........ccoveviiieiiiieciieenee. 90
Figure 10 Schematic diagram of the methodology presented in this study. ........ccccceeviniininiinnn. 91
Figure 11 Operational sequence of a Monte Carlo simulation model ............cccccoeevieriieiieniienenne. 92

Figure 12 Spatial distribution maps of heavy metal concentrations in surface water samples from
the Danube river basin during the April-September period. The maps illustrate
interpolated values for As, Cr, Cu, Fe, Mn, Ni, Pb, and Zn using Inverse Distance Weights

Figure 13 Spatial distribution maps of heavy metal concentrations in surface water samples from
the Danube river basin during the October—March period. The maps illustrate interpolated

values for As, Cr, Cu, Fe, Mn, Ni, Pb, and Zn using Inverse Distance Weights................ 94
Figure 14 Heavy metal pollution index (HPI) (A) and metal index (MI) (B) ......cccvevvieiienieennennne. 94
Figure 15 Heatmap and Spearman correlation for the studied heavy metal: (A) during April-

September; (B) during October-March.............ccceeiiiiiiiniiiiiiiiieeeeee e 95
Figure 16 Ecological risk index (RI) .......cooiiiiiiiiiiiiiiiiieetee et 95
Figure 17 Hazard quotient and Hazard index for oral and dermal pathways: (A) during April-

September; (B) during October-March............cocceeiiiiiiiiiiiiriieiieeecee e 96

Figure 18 Predicted oral hazard quotient (A) Adults oral during April-September; (B) Children oral
during April-September; (C) Adults oral during October-March & (D) Children oral
during OCtObEr-March .........cocuooiiiiiiiiiiee e 97

Figure 19 Predicted dermal hazard quotient (A) Adults dermal during April-September; (B)
Children dermal during April-September; (C) Adults dermal during October-March & (D)

Children dermal during October-March ...........cccccoceriiiiiiiiiiniiceeeen 98
Figure 20 Carcinogenic risk oral: (A) adults in April-September; (B) children in April-September;

(C) adults in October-March; (D) children in October-March ............ccccceevvvveniieeniennnee. 99
Figure 21 Carcinogenic risk dermal: (A) adults in April-September; (B) children in April-

September; (C) adults in October-March; (D)........cccveeiiiieiiiieiiecieece e 100

Figure 22 Distribution map of the HM and physicochemical parameters (maximum): (a) pH,
(b)TDS, (c) Ca*", (d) Mg?", (e) Na*, (f) K*, (g) HCOs ", (h) COs, (i) CI, (j) SO+*, (k)
NOs7, (I) EC, (m) TH, (n) Fe and (0) M. .....ccccuiieiiiieiiecieeeeeeeeeee e 101

Figure 23 Surface water facies according to Piper diagram (a) and geochemical controlling
mechanisms according to Gibbs diagram (b) .........ccccevveeriieeriiieiiieceece e 102



Figure 24 Relationships between the main cations and anions in the sample water using
stoichiometry: (a) Ca?>+Mg**-(Na*+K") vs. (HCO3(SO4*+CI"), (b) Ca>+Mg** vs. HCO3"

, (c) Ca**+Mg?"vs. HCO3+S04%, (d) Na* vs CI', (e) Ca?" vs Mg? . .coovvvveeeeeee 103
Figure 25 Relationships between Samples vs. CAI-I, and (f) Samples vs. CAI-Il........................ 104
Figure 26 Mineral saturation state showing the ability of precipitation and dissolution of minerals

1N DanuDBE RIVET.......ooiiiiiiiiiiee ettt et 104
Figure 27 Multivariate statistical analysis: (a) Cluster dendrogram for variables; (b) Scree plot and

(c) Principal coordinate analysis scores for PC1 vs. PC2 vs. PC3.....c.ccccoeiiiniiiiiiens 105

Figure 28 The spatial variation maps of the WQI and IWQIs for the lower Danube river basin: (a)
DWQI (b) IWQI, (c) SAR, (d) Na %, (e) SSP, (f) PS, and (g) RSC. Values were computed

using equations summarized in Appendix Table 3 ........c.cocceeiiiiiieiiiniieeeeee e, 107
Figure 29 Predicted oral hazard quotient: (A) adults, (B) children ...........cccccoevieniiiiniiniiinie, 107
Figure 30 Distribution map of the physicochemical parameters in Al-jawf basin, Yemen ........... 108
Figure 31 Piper diagram and Gibbs diagram showing the groundwater evolution ....................... 109

Figure 32 Relationships between the main investigated parameters (a) Ca*>*+Mg?"-(Na™+K") vs.
(HCOs57(SO4*+CI), (b) CI' vs Na*, (c) SO4* vs. Mg?*, (d) Mg**+Ca*" vs. Na™+K*, (e)

Samples vs. CAL-T and CAL-IL ......ooouooiiiiieee e 111
Figure 33 The three groups extracted from cluster dendrogram for variables.............cccceevieennennne. 111
Figure 34 Classification of irrigation water quality based on six indices. .........cccceevvererriervencennen. 112
Figure 35 GIS maps of various IWQIs in the Al-Jawf basin: (a) IWQI, (b) SAR, (c) SSP, (d) KR,
(€) PS,and (£) RSC ..t et 113
Figure 36 USSL diagram for irrigation PUIPOSES.......ccueerueeteriieruerientenieeienieenseeeesseesseesesieesseennens 114
Figure 37 Heat map showing the health risk indices including CDI, HQ, and HI for adult and
children through dermal contact. ............coceeiiiiiiiiiiiiie e 115
Figure 38 Comparison between measured series and predicted series for IWQI, SAR, KR using the
developed RF MOEIS .......oooiiiiiiiieie e 116
Figure 39 Comparison between measured series and predicted series for SSP, PS, RSBC using the
developed RF mMOdEIS. ...c.viiiiiiiiiiiicieee ettt 118
Figure 40 Comparison between measured series and predicted series for HI (Adult), and HI (Child)
using the developed RF models..........cccuiieiiiiiiiiiiieeeeeeee e 118
Figure 41 Distribution map of the physicochemical parameters: (a) EC, (b)TDS, (¢) Ca2+, (d)
Mg?', (e) Na*, (f) K*, (g) HCOs ", (h) CI7, and (1) SO4% . ...oimevereeeeeeeeeeeeeee e, 119
Figure 42 Plotting water samples on piper diagram (a), Chadha diagram (b), (c,d) Gibbs diagram.
......................................................................................................................................... 120

Figure 43 Relationships between the main cations and anions in the sample water using
stoichiometry: (a) Na® vs. Cl7, (b) Ca?" + Mg?" vs. HCO3~ + SO4*", (c) Ca?" + Mg?" vs.

HCO;™, (d) Ca** vs. SO4*", (e) Samples vs. CAI-1, and (f) Samples vs. CAI-IL. ............ 121
Figure 44 Cluster dendrogram for variables. ............ccoeoieriiiiiiiiiiiiece e 122
Figure 45 Multivariate statistical analysis: (a), Scree plot and (b) PCA scores for F2 vs Flvs F3.

......................................................................................................................................... 123
Figure 46 Box plot of the SI results for the quaternary aquifer in the study area...........c.ccceeuneen. 124

Figure 47 The spatial variation maps of the IWQIs for Al-Jawf plain: (a) IWQI, (b) SAR, (c) Na %,
(d) SSP, (€) PS, and (£) RSC. ....uoiee et 125



Figure 48 Results of the ANFIS model-based simulated IWQI. ........ccccooviieiiiieiiiieiieeieeeeens 125
Figure 49 Results of the ANFIS model-based simulated SAR .........cccooeviiieiiiieiiieceeeee e, 126
Figure 50 Results of the ANFIS model-based simulated COa.........cocvveeviieeiiieeiiieeieeeee e, 126



LIST OF EQUATIONS

Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.
Eq.

O 00 1 N L B W N —

—
w N - O

—_— —
[N

Eq. 16
Eq. 17
Eq. 18
Eq. 19
Eq. 20
Eq. 21

DG T 1 o PRSPPI 20
IB = (TC = TA)/ (TC + TA) X 100 ..eeotieeeeiieieeeeeierte ettt et e saeeseeneens 25
Z(x)0 =i =1nzxi.dij — pi = INdIj = Prrrrrrrrrerieeiieieeeeeee e 28
HPI =i = InWIiQil = INWi.eoiiiiiiiiieeee e 29
Qi =1 = 10100 X CiSI.ieiiiiieiieieiieeee ettt ettt e ae e s s 29
Mi = 1 = THCAVEUALIL....eiuiiitieteeeeeeee ettt s 29
RI = Eri = Tri X CaVECD@...c..eiiiiiiiieiee ettt s 30
CDIoral = Cave X IR X EFBW X AT X ED ..ccocviiiiieeeeeeeeeee e 31
CDIdermal = Cave X ET X EF X Kp X SA X CFBW X AT X ED .....ccoeevieiieiieiienn, 31
HQdermal/oral = CDIdermal/CDIloralRfDdermal/RfDoral ...........cccooeriinininiinen 31
RfDdermal = RfDOral X ABS ......oooiiiieeeee et 31
HI = HQoral + HQdermal ...........ccooiiiiieie e e 31
(08 2 00 D G 03 PRSI 32
CAI-I=Cl— — (Na+ + K+)(meqL) /Cl— (meqL) cceeoievieeiieieeieeieeieeeeee 32
CAI-Il=Cl— — (Na+ + K+)(meqL) /(SO3~ + HCO3 + CO%~ + NO3)

(€00 TT0 | ) ISP 32
ST = LOGIAPKSD ..ttt ettt et e e e e e e ebeebaeenaeans 32
DWQI = wii = 1nWi X 100 X CiSi.c.eoiiiiiiiiiiiiesieeeeeeeeeeee e 33
1 Bl N PSPPI 33
G ) DN ) TS 33
IWQI =1 = TNQIWI ..ottt et 34
Qi = Qmax — Xij — Xinf X QIMap/Xamp .......cccccvieeiiieiiiiiieieeie et 34
Wi = j = 1kFjAijj = 1Ki = INFJAL] ooieiieeeeeee e 34
Whena=Ajandb=Bl,fi=pl Xa+qu Xb+ri. 35
Conversely, whena=Azandb=Ba, HLH=p2xa+ Q@ Xb+r. 35
E=1— 1= 1nlWoi — IWfi2i = 1nIWoi — W02 .....ccteririiriereeeeeeeeeeee e 36
MAD =1 = 1nIWOI — IWFIN ..iooiiiiiiiieee e 36
R2 =1 —1i=1nlWoi — IWfi2i = 1nIWO0IiZ ..o 36
RMSE=i = 1nIW0i — IWFIZN....ocoiiiiiiie e 36
RZ=1—-1=1n(y —yi)2i = IN(Y = VI)2 coerireeteteeeeeeteeee e 37
MSE = 101 = I0|Y = V1|2 ottt et reeenae e 37
MAPE = 1ni = 1n|y — ViYi|X 10090 ..ccveeeiiiiiieiieieeieeeet et 37
CaMg2*( CO3%)a(s)+Ca SO4>.2H20(s) + 2H' ==CaCO;(s)+Ca*+Mg**+S04*+2HCO5
.............................................................................................................................................. 51
CaSO4%, (2H20) == € + SO oo, 52
CaSO4> T Ca2 4 S04% oo 52
(Ca*", Mg?)-Clay +2(Na*, K") =— (Na', K*)-Clay + (Ca%", Mg>) ovvvveverrerrrrons 53
CaMg (CO3)y = Ca?" + M2t + 2C05% oo i 62



LIST OF ABBREVIATIONS AND ACRONYMS

Abbreviation Full form

Al Artificial Intelligence

ANN Artificial Neural Network
ANFIS Adaptive Neuro-Fuzzy Inference System
BW Body Weight

CA Cluster Analysis

CAI Chlor-Alkali Index

CDF Cumulative Distribution Function
CDI Chronic Daily Intake

CR Carcinogenic Risk

CSF Cancer Slope Factor

DWQI Drinking Water Quality Index
EC Electrical Conductivity

ED Exposure Duration

EF Exposure Frequency

ELM Extreme Learning Machine

ET Exposure Time

FIS Fuzzy Inference System

GWL Groundwater Level

GIS Geographic Information System
HCA Hierarchical Cluster Analysis
HHRA Human Health Risk Assessment
HI Health Risk Index

HM Heavy metal

HPI Heavy Metal Pollution Index
HQ Hazard Quotient

IR Intake Rate

IDW Inverse Distance Weighting
IWQI Irrigation Water Quality Index

KR Kelley Ratio Index




Kp Permeability Coefficient

MCS Monte Carlo Simulation
MF Membership Function

MI Metal Index

PS Potential Salinity

RF Random Forest

RfD Reference Dose

RMSE Root Mean Square Error
RSBC Residual Sodium Bicarbonate
RSC Residual Sodium Carbonate
SA Skin Surface Area

SAR Sodium Adsorption Ratio
SI Saturation Index

SSP Soluble Sodium Percentage
SW Surface Water

SVM Support Vector Machine
TDS Total Dissolved Solid

WQI Water Quality Index




1. INTRODUCTION

1.1. Background

Water is a vital and valuable natural resource that is essential to all environmental systems. The
worldwide dilemma of insufficient access to clean and safe drinking water affects over a billion
people (Proshad et al. 2021; Hoque et al. 2023). Tragically, water-related diseases and natural
calamities claim the lives of 6-8 million people each year, highlighting the critical need of tackling
global water supply challenges. Surface water (SW) is the most important freshwater supply for a
variety of uses, including residential, recreational, agricultural, and commercial (Islam et al. 2022).
Nonetheless, groundwater (GW) is also an essential freshwater supply in numerous regions of the
world, particularly where SW is scarcely available. The endpoint of spent water, generally called
wastewater, manifests inside the aquatic environment, including rivers, ponds, or other aqueous
reservoirs (Muhammad et al. 2022; Shammi et al. 2023). Rivers are important among these water
resources since they provide the principal water source for human use, agriculture cultivation, and
industrial processing. The rising contamination of SW caused by human activities, as well as the
deposition of pollutants from the atmosphere, such as heavy metals (HMs) (metallic or metalloid
elements of high relative atomic weight and of relatively high density, mostly transitional metals,
certain metalloids, as well as lanthanoids and actinoids, which are generally poorly uptaken from
soil by plants), are major problems, particularly in metropolitan areas, emphasizing the critical need
for comprehensive environmental management measures. The existence of the physicochemical and
HM characteristics of water in aquatic habitats has prompted substantial worldwide concerns owing
to their potential negative impacts on human health and ecosystems. HMs, such as copper (Cu),
manganese (Mn), iron (Fe), and zinc (Zn), are essential for human metabolism at certain levels but
become toxic when concentrations exceed permissible limits. Metals like arsenic (As) and lead (Pb)
have no physiological role and can disrupt the endocrine system, leading to various health issues
including teratogenic and carcinogenic effects (Chowdhury et al. 2016). These contaminants enter
human bodies through dermal contact, ingestion, and inhalation, posing significant health risks
(Rezaei et al. 2019). The pathways through which humans are exposed to these metals are varied.
Ingestion of contaminated water and food, inhalation of polluted air, and dermal contact are common
routes. In aquatic environments, metals can accumulate in sediments and enter the food chain,
affecting fish and other aquatic organisms that humans consume. This bioaccumulation can lead to

higher concentrations of metals in higher trophic levels, posing significant health risks to humans
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who consume these organisms (Izah et al. 2017). Monitoring and assessing the amount of HMs in
water bodies like the Danube river is crucial. The Heavy Metal Pollution Index (HPI) is one such
method, providing a comprehensive assessment of the overall HM pollution status of water bodies.
Techniques such as cluster analysis (CA) help in identifying pollution sources and patterns, while
Geographic Information System (GIS) methods assist in visualizing spatial distribution and potential
hotspots of contamination. The Monte Carlo simulation (MCS) method can predict hazard quotients
for heavy metals, helping in risk assessment and management (Sheng et al. 2021). The Danube river,
Europe’s second-longest river, supports a diverse aquatic ecosystem but is vulnerable to HMs
pollution, affecting fish populations, benthic fauna, and aquatic plants (Saeed et al. 2023a).
Significant sources of HM pollution in the Lower Danube region include sewage discharge,
municipal waste, fertilizers, pesticides, fossil fuel combustion, and activities related to navigation
and mining (Calmuc et al. 2021; Saeed et al. 2023a). To protect the environment and human health,
it is imperative to monitor water quality regularly. Techniques such as the HPI, CA, GIS methods,
and the MCS are used to assess and manage pollution levels effectively (Sheng et al. 2021). The
Danube river is not only a crucial waterway for transportation and trade but also a lifeline for millions
of people living along its banks. It provides drinking water, supports agriculture, and sustains
fisheries and biodiversity. However, the river's health is under constant threat from both point and
non-point sources of pollution. Point sources include industrial discharges and wastewater treatment
plants, while non-point sources encompass agricultural runoff and atmospheric deposition. To
comprehensively assess water quality and associated health risks under differing environmental
contexts, this study selected two contrasting hydrological basins: the Danube river in Hungary and
the Al-Jawf basin in Yemen. These sites were chosen due to their representativeness of two distinct
geo-environmental and socio-economic settings, one located in a temperate, industrialized European
region with relatively strong regulatory frameworks, and the other in an arid, agriculturally reliant
Middle Eastern region where the primary water resource is GW. By applying comparable analytical
methods, including HM assessments, geochemical modeling, and predictive machine learning (ML)
models, to both systems, the research aims to test the transferability of methodologies, highlight
context-specific pollution drivers, and inform regionally appropriate water management strategies.
This cross-basin design strengthens the study’s generalizability while also exposing site-specific
challenges in water quality monitoring and policy planning. The cumulative effect of these pollutants

can lead to significant degradation of water quality, affecting not only human health but also the



ecological balance of the river basin (Saeed et al. 2023a). GW, especially in arid regions like Yemen's
Al-Jawf basin, is a vital resource for socioeconomic development, agriculture being the primary
consumer. However, GW quality has deteriorated due to population growth, industrial expansion,
agricultural activities, and climate change (Siebert et al. 2010; Al-Mashreki et al. 2023). Yemen, one
of the most water-stressed countries, faces severe challenges due to the excessive extraction of GW
insufficient infrastructure, and bad management techniques, leading to the rapid depletion of aquifers
(Al-Mashreki et al. 2023). The chemical composition of GW results from long-term interactions
with geological, climatic, and human factors, affecting its suitability for use. Evaluative procedures
such as statistical analysis, Piper diagrams, and geochemical models are essential for understanding
the chemical features of GW (Al-Mashreki et al. 2023). The evaluation of groundwater quality
involves a comprehensive analysis of its physicochemical properties. Parameters such as pH,
electrical conductivity (EC), total dissolved solid (TDS), and concentrations of major ions (e.g.,
calcium, magnesium, sodium, potassium, bicarbonate, sulfate, and chloride) are essential indicators
of water quality. GW suitability for irrigation is assessed using various indices, including the Sodium
Adsorption Ratio (SAR), Residual Sodium Carbonate (RSC), and Permeability Index (PI). These
indices help determine the potential impact of irrigation water on soil properties and crop health.
High concentrations of sodium, for example, can lead to soil dispersion, reducing its permeability
and affecting plant growth. Therefore, regular monitoring and evaluation of GW quality are
necessary to ensure its sustainable use for agriculture (Al-Mashreki et al. 2023). In recent years,
artificial intelligence (Al) and ML models have been increasingly used to predict irrigation water
quality indices (IWQIs) and assess water quality due to their ability to handle complex data
interactions and improve prediction accuracy (Al-Mashreki et al. 2023). The integration of Al and
ML models in water quality assessment has revolutionized the field by providing more accurate and
reliable predictions. These models can handle large datasets and complex interactions between
various water quality parameters, improving the prediction of IWQIs. ML algorithms such as
artificial neural networks (ANNSs), support vector machines (SVMs), and decision trees have been
successfully applied to predict water quality indices and assess the suitability of water for different
uses (Khadr et al. 2020; Al-Mashreki et al. 2023). These advanced models not only enhance the
accuracy of predictions but also provide insights into the factors influencing water quality. For
instance, ML models can identify the most significant parameters affecting GW quality and predict

future trends based on historical data. This information is critical for policymakers and water



resource managers, enabling them to make informed decisions and implement effective management
strategies (Saeed et al. 2023a). Water quality is a fundamental component of environmental
sustainability and public health, particularly in regions where SW and GW serve as primary sources
for drinking and agriculture. Previous studies have explored HM contamination and
physicochemical characteristics in both the Danube river and arid zones like Yemen’s Al-Jawf basin.
However, most of these investigations have been geographically or thematically narrow, often
applying distinct methodologies to different hydrological systems and rarely integrating SW and
GW assessments in a comparative context. In addition, few have combined conventional water
quality indices with advanced Al, ML, and MCS models to enhance predictive accuracy and risk
evaluation. This study fills that gap by employing a unified analytical approach across two
hydrologically contrasting systems, Hungary’s Danube river lower watershed and Yemen’s Al-Jawf
GW basin. Through the integration of traditional geochemical analyses, health risk assessments, and
predictive models (ANFIS, RF, and SVM)), this research provides a novel, cross-regional framework
for understanding spatial contamination dynamics and improving water management strategies,

particularly in data-scarce or resource-limited settings.

1.2. Problem statement

Despite growing environmental pressures in both the lower Danube river basin (Hungary) and the
Al-Jawf GW basin (Yemen), comprehensive and comparative assessments of water quality and
related health risks remain limited. Although the Danube river and Al-Jawf basin are geographically
and climatically distinct, analyzing both provides a valuable contrast between humid and arid water
systems. This comparative approach enhances our understanding of how different environmental
and anthropogenic factors influence water quality, and how advanced methods like simulation and
ML can be applied universally to manage water-related risks. Most prior studies focus on localized
contexts, rarely integrating HM analysis, physicochemical characterization, and health risk
evaluation across contrasting hydrological regions. Additionally, industrial waste events, such as the
2010 Ajka red mud disaster in Hungary, have shown how hazardous byproducts like red mud can
significantly impact soil and water quality. Although not directly assessed in this study, such
incidents highlight the need for integrated approaches that consider both point and non-point
pollution sources in future water quality assessments. Additionally, advanced predictive tools like
Adaptive Neuro-Fuzzy Inference Systems (ANFIS), Random Forest (RF), and SVM, along with

MCS for quantifying uncertainty in hazard and cancer risk estimates, are underutilized. This study
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fills that gap by applying unified water quality indices and machine learning models across two
diverse environments, aiming to enhance scientific understanding and support more accurate, data-

driven water management strategies.

1.3. Objectives

This study aims to assess and compare the water quality of SW in Hungary’s lower Danube river
basin and GW in Yemen’s Al-Jawf basin, focusing on environmental sustainability and public health.
The specific objectives are:
» To characterize water chemistry and geochemical processes using physicochemical
parameters and HM concentrations.
» To evaluate agricultural water suitability through the application of indices for irrigation
water quality, including IWQI, SAR, SSP, KR, PS, RSC, and RSBC.
» To conduct non-carcinogenic and carcinogenic health risk assessments of HM, using MCS
to quantify uncertainty.
» To enhance the predictive assessment of irrigation water quality and health risks by applying
and evaluating multiple machine learning algorithms—RF, SVM, and ANFIS—selected for
their complementary strengths in handling nonlinear patterns, small datasets, and complex

geochemical interactions.



1.4. Research Questions

>

>

What are the key geochemical characteristics of water in the lower Danube and Al-Jawf
basins?

How suitable are these water sources for agricultural use based on IWQI and related
indices?

What are the potential non-carcinogenic and carcinogenic health risks associated with HM
in these water sources?

Can ML models effectively predict irrigation water quality and health risk indicators in
both basins?

1.5. Hypotheses

>

H1: Water quality in both basins is significantly impacted by anthropogenic activities, with
elevated concentrations of HMs beyond acceptable limits.

H2: The Al-Jawf GW is less suitable for irrigation compared to the Danube SW due to
higher salinity and sodium hazard indicators.

H3: ML models (RF, SVM) can accurately predict water quality and health risk indices,
reducing uncertainty in risk assessments.



2. LITERATURE OVERVIEW

2.1. Groundwater management
GW reserves are extensive natural reservoirs located beneath the Earth's surface. In arid regions,

these reserves play a crucial role in supplying water for various purposes such as drinking, irrigation,
and industrial activities (Ghosh et al. 2022; Ahmed et al. 2024). Approximately half of the drinking
water supply and nearly 43% of irrigation needs are met through GW (Ahmed et al. 2024). However,
both natural phenomena and human activities have exerted significant pressure on GW resources.
Factors such as climate change, population growth, and agricultural demands pose substantial threats
to both the quantity and quality of GW. Many studies employing ML techniques have focused
primarily on forecasting groundwater levels (GWLs). Understanding the dynamics of GW flow is
crucial for assessing water availability and scarcity. Therefore, achieving sustainable management
of GW resources in arid and semi-arid regions hinges upon accurately predicting GWL, which serves
as a direct indicator of GW availability and provides insights into its hydrodynamics (Ahmed et al.
2024). However, characterizing GW dynamics is challenging due to spatial and temporal variations

influenced by factors like slope, geology, rainfall patterns, and soil composition.

2.2. Predictive modeling and management of water resources

Access to safe drinking water can be hindered by various factors, such as inadequate water
infrastructure, climate-related issues like droughts, and the overexploitation of freshwater resources.
Recently, researchers have applied ML techniques to forecast droughts. (Wang et al. 2023) for
instance, investigated the use of extreme learning machines (ELMs) for predicting hydrological
droughts. They employed SVM models and ELMs in approximately 144 different configurations,
demonstrating that ELMs can forecast the standardized hydrological drought index with high
accuracy. Their study highlighted the effectiveness of self-adaptive differential evolution ELMs over
other models, especially when combined with wavelet hybrid techniques, which minimized
prediction errors. Global water scarcity is a significant challenge recognized by the United Nations
within its Sustainable Development Goals for 2030. The gap between water demand and sustainable
limits has narrowed dangerously in many regions, with water demand rates surpassing population
growth rates over the past century (Ahmed et al. 2024). Arid regions face the most severe impacts
of this water crisis, underscoring the critical importance of accurately monitoring water demand for
informed decision-making. Effective forecasting of water demand can contribute to the sustainable

management of limited water resources, thereby mitigating overexploitation.



2.3. Water quality monitoring

Ensuring water quality is crucial for public health and safety. However, since the 1990s, water
pollution has escalated in most rivers across Africa, Latin America, and Asia (Programme United
Nations Environment 2016). The increasing global population has intensified the demand for clean
drinking water, placing significant stress on water treatment facilities. Major urban centers like
London, Hong Kong, and New York contend with substantial stormwater runoff carrying diverse
pollutants, often compromising drinking water quality and endangering marine life. (Yu and Qu
2020) employed radial basis function neural networks, and utilizing difference-gated neural
networks. Ma and co-workers (Ma et al. 2020) developed a robust deep matrix factorization
combined with DNNs for water quality assessments in New York City harbors, demonstrating
superior performance over traditional methods like Ridge, LR, and LASSO. Efficient wastewater
treatment is essential for public health and environmental safety. In 2015, UNICEF reported that 1.8
billion people rely on contaminated water sources, exposing them to diseases like polio, cholera, and
typhoid. UNESCO (2017) highlighted that globally, 80% of wastewater is inadequately treated
before release, leading to severe impacts on aquatic life and ecosystem health due to pollutants like

organic matter and reduced oxygen levels (Ahmed et al. 2024).

2.4. Water quality models, challenges, and limitations

Water quality modeling (WQM) is a crucial tool that supports environmentalists, policymakers, and
water resource managers in strategic water resource management. However, WQM presents
challenges within the scientific community due to various constraints and limitations. Water quality
models are generally classified based on the type of receiving water, model complexity, and the
water quality parameters they can predict, such as nutrients, dissolved oxygen, and biological oxygen
demand. Effective WQM requires proper standardization, identification of pollution hotspots,
recognition of common features, and the development of policy-relevant models. These models help
reduce labor costs, materials, and time (Kumar et al. 2022a), facilitating effective pollution
mitigation in watersheds. Recently, numerous models have been used to simulate the water quality
of freshwater bodies (streams, rivers, reservoirs, and lakes), estuaries, coastal waters, and marine
ecosystems (Loucks and van Beek 2017). However, differing theories and algorithms in these
models result in varying outputs, leading to significant differences in results. Consequently, models

are most useful when applied to specific environmental problems (Kumar et al. 2022a).



2.5. Water quality mitigation measures

Water quality mitigation measures or strategies are designed to help communities identify potential
alternatives to minimize the adverse impacts of pollutants on water quality and ensure water safety
for community use (Liu et al. 2016). These measures aim to protect, restore, preserve, and improve
the water quality of receiving bodies. Water quality protection involves adequately treating runoff to
prevent downstream water quality degradation (Dujmovi¢ and Allen 2021). When protection
strategies fail to maintain water quality standards, restoration efforts are implemented, requiring
collaboration among stakeholders from various fields to achieve restoration goals (Ball 2008).
Preservation of water quality requires a decision-support framework to evaluate, monitor, and
optimize the effects of different factors on water quality (Kumar et al. 2022a). Water quality
standards can be addressed through regulation, remediation, and watershed management (Kumar et
al. 2022a). Regulation in a specific area controls the discharge of waste from industries or sewage
treatment plants by setting standards for each pollutant released into SW (Guo et al. 2019).
Remediation efforts, which include biological, chemical, and physical methods, help clean water
contamination. Biological remediation, is cost-efficient and involves using naturally occurring
organisms such as plants, bacteria, and fungi to remove or neutralize pollutants and break down
hazardous substances into less toxic or non-toxic forms. This method is commonly used to treat
human sewage and agricultural chemicals that leach into GW (Song et al. 2022). Watershed
management strategies focus on reducing the chemicals applied to land, making them more effective

for nonpoint source pollution control than merely setting pollution standards (Kumar et al. 2022a).

2.6. Environmental impacts and management of red mud: a global perspective

Red mud holds importance because of its potential for resource recovery, as it contains valuable
materials like iron, titanium, and rare earth elements. The storage of red mud, a hazardous byproduct
of aluminum refining, presents substantial ecological risks due to its alkalinity, toxic trace elements,
and radionuclides. Typically stored in open-air reservoirs, the global stockpile of red mud exceeds
2.7 billion tons and continues to grow annually (Klauber et al. 2011; Power et al. 2011). Wet storage
methods heighten the risk of dam failures, leading to severe environmental disasters, as seen in the
2010 Kolontar dam spill (Hungary) and the 2015 Funddo dam collapse (Brazil). Post-disaster
cleanup involves either removing or integrating red mud into the soil. Studies conducted after these
events highlight varied impacts on soil organisms, underscoring the need for further extensive

ecological investigations over the long term. The global aluminum refining industry produces red



mud, a hazardous waste containing toxic elements such as Cd, Cr, Hg, and radionuclides like Ra-
226 and Th-230 (Klauber et al. 2011; Winkler et al. 2018). Typically stored in aqueous solutions
with sodium hydroxide, red mud has accumulated to more than 2.7 billion tons globally, with an
annual increase of 120 million tons (Power et al. 2011; Klauber et al. 2011). The 2010 disaster in
Ajka, Hungary, where more than a million cubic meters of toxic sludge inundated the environment,
remains a striking example (Appendix Figure 1) (Mayes et al. 2016; Winkler et al. 2018). Cleanup
efforts included both the removal and integration of red mud into affected areas (Uzinger et al. 2015).
Studies conducted after the disaster underscored responses in soil biota, with investigations on
organisms like Folsomia candida revealing diverse impacts (Winkler 2014; Winkler et al. 2018). Red
mud alters soil texture due to its fine particle size, influencing the accessibility and function of soil
biota (Winkler et al. 2018). Its elevated alkalinity and sodium levels further disturb both underground
and surface-level communities (Stenchly et al. 2017). Trace metal contamination from red mud
affects invertebrate soil organisms differently (Hodson 2013). Despite its capability to immobilize
certain trace elements in soil, the risks associated with its toxic components remain significant

(Garau et al. 2007; Winkler et al. 2018).

2.7. Sources and impacts of heavy metal pollution in the environment

Appendix Figure 2A depicts the origins of HM pollution in the environment. Industries such as
mining, milling, plating, and surface finishing are primary contributors to HM pollution, releasing a
variety of harmful metals (e.g. Ni, Cr, Cd, Cu, Co, Zn, and Pb) into the atmospheric (Cheng et al.
2018; An et al. 2020; Saravanan et al. 2024). The levels of these HMs in water bodies and sediments
have increased dramatically over the past few decades. Consequently, concentrations of toxic metals
in crops grown in polluted soils have risen significantly, posing a significant threat to human health
and the environment due to the toxic nature, non-biodegradability, and bioaccumulation of HMs.

Appendix Figure 2B illustrates the detrimental effects of various HMs on human health.

2.7.1. Impacts and health effects of lead (Pb) toxicity

Pb is considered a highly hazardous HM. Its prolonged exposure is commonly known as lead
poisoning, affecting various human systems including the nervous, hematopoietic, and
cardiovascular systems (Tao et al. 2021). At high doses, lead can cause neural, hematological, and
renal disorders. In children, lead exposure can lead to developmental issues such as behavioral
problems, cognitive impairments, and learning disabilities. Lead poisoning also results in reduced

fertility, miscarriages, spontaneous abortions, neurological disorders, cardiovascular diseases,
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gastrointestinal disturbances, and has mutagenic and carcinogenic effects. Lead is toxic to many
aquatic organisms, particularly freshwater species. Marine organisms generally exhibit greater
tolerance to lead exposure, with some species showing resilience or adaptability to its effects (Qu et

al. 2021).

2.7.2. Impacts and health effects of arsenic (As) toxicity

As contamination in GW is a significant global concern affecting numerous countries worldwide.
Over a hundred million people are at risk of arsenic poisoning due to arsenic contamination in GW
(Ravindra and Mor 2019). Arsenic is a toxic and carcinogenic substance. Its presence in water is
primarily due to natural geological processes, namely mineral dissolution/precipitation and
adsorption/desorption processes. Human activities, for example pesticide use contribute also
significantly to arsenic contamination in the environment. Prolonged exposure to arsenic in drinking
water has been associated with various cancers including liver, lung, kidney, bladder, and skin

cancers (Saravanan et al. 2024).

2.7.3. Impacts and health effects of chromium (Cr) toxicity

Cr is recognized as a potent toxicant known for its carcinogenic and teratogenic properties. Cr 111
compounds are insoluble in water, thereby posing negligible risks compared to more soluble
chromium components. Industrial activities like chromite ore refining, ferrochromium production,
manufacturing of Cr chemicals, steel production, leather tanning, coal and oil combustion, cement
manufacturing, domestic wastewater, cooling towers, and coke ovens are responsible for Cr
contamination in the environment. Cr (VI) is highly toxic due to its strong oxidizing properties
(Sarojini et al. 2021). Upon entering the bloodstream, it adversely affects the kidneys, liver, and
blood cells, leading to conditions like renal failure, hemolysis, liver failure, and necessitating
aggressive dialysis for management. Exposure to Cr-containing materials can lead to allergic contact
dermatitis and irritant dermatitis, often resulting in skin ulceration, commonly referred to as "chrome
ulcers," particularly among workers exposed to concentrated chromate solutions in electroplating,

tanning, and chrome production facilities (Kumaraguru et al. 2023).

2.7.4. Impacts and health effects of copper (Cu) toxicity

Cu is naturally present in a variety of minerals found in the environment, including native Cu, CuSa,
Cu2(OH)2CO3, and CuO (Hama Aziz et al. 2023). It serves as an essential micronutrient vital for all

organisms. In addition to proteins and carbohydrates, Cu plays crucial roles in cellular metabolism,
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chlorophyll formation, photosynthesis, respiratory electron transport chains, and protection against
oxidative stress in plants. Consequently, agricultural practices involving copper-based chemicals
have led to environmental contamination from human activities. The phytotoxic effects of excessive
and widespread Cu exposure include increased production of reactive oxygen species (ROS) and
damage to sugars, lipids, proteins, and DNA (Moy¢ et al. 2017). High levels of Cu in plants, animals,
and humans further contribute to environmental contamination. Sources of Cu pollution from natural
and anthropogenic origins include copper mining, petroleum refining, waste incineration, domestic
waste disposal, industrial effluents, phosphate fertilizer production, wood combustion, volcanic
eruptions, wind-blown debris, marine aerosols, forest fires, and decomposition of vegetation. Over

recent decades, cumulative copper deposits have reached 939,000 metric tons (Moy¢ et al. 2017).

2.7.5. Impacts and health effects of zinc (Zn) toxicity

Zn is widely distributed throughout the environment and is considered an essential metal for all
living organisms. It finds extensive use in various applications such as galvanizing, alloying, and
manufacturing antibacterial and UV-protective textiles (Huang et al. 2014). Naturally, zinc is
abundant in the earth's crust, typically occurring at a concentration of 70 mg/kg. In its +2 oxidation
state, zinc exists in minerals like smithsonite (zinc carbonate), sphalerite (zinc sulfide), and zincite
(zinc oxide). Both natural processes and human activities contribute to zinc emissions into the
environment, with anthropogenic sources outweighing natural sources. Exceeding concentrations of
20 mg/kg, zinc adversely impacts aquatic species through various biochemical, physiological, and
ecological effects. Toxicity levels can vary depending on water temperature, hardness, and alkalinity.
Mining activities contribute significantly to zinc contamination of soils and water in affected regions.
Excessive intake, whether intentional through supplements or unintentional through exposure to
contaminated environments, poses various health risks including organ damage, anosmia (loss of
smell), fatigue, neurological disorders, genetic abnormalities, fungal infections, and urinary

complications (Chen et al. 2018).

2.7.6. Impacts and health effects of nickel (Ni) toxicity

Ni is a lightweight metal widely utilized in industrial applications due to its unique physicochemical
properties. It is employed in manufacturing various items such as rechargeable batteries, coins,
electroplating, and stainless steel. Nickel-plated pipes, fixtures, cookware made from nickel-
containing stainless steel, and items coated with nickel-based alloys contribute to environmental

contamination through soil contact and leaching of nickel compounds into water sources.
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Wastewater and residues generated during nickel mining and refining processes also contribute
significantly to environmental pollution. Consequently, individuals are often exposed to nickel
through inhalation, ingestion of contaminated water, and direct contact with skin (Jacob et al. 2015).
Despite being one of the lighter metals in the HM category, Ni exposure through prolonged skin
contact can lead to hypersensitivity reactions, most commonly manifested as contact dermatitis.
Additionally, ingestion of Ni-contaminated solutions can induce symptoms such as nausea,
vomiting, and diarrhea. Prolonged inhalation of Ni in its metallic or monoxide forms may also result

in conditions such as asthma and bronchial irritation.

2.8. Advancements in detection technologies for heavy metal and hazardous element
pollution: current methods and emerging innovations

Traditional analytical methods for detecting potential toxic elements, including HM detection,
include inductively coupled plasma mass spectrometry, inductively coupled plasma atomic emission
spectrometry, X-ray fluorescence spectrometry, atomic fluorescence spectrometry, atomic
absorption spectrometry, infrared spectrometry, ultraviolet-visible spectrometry, and ion
chromatography. While these methods provide accurate results, they are constrained to laboratory
settings, involve lengthy detection periods, require expensive equipment, and necessitate complex
sample preparation. Previous studies have utilized flame atomic absorption spectrometry for
quantitative analysis of HMs in water and soil, despite limitations such as narrow linear response
range and single-element detection capability (Saravanan et al. 2024). Similarly, graphite flame
atomic absorption spectrometry has been employed for soil analysis of HMs like Hg (Saravanan et
al. 2024), while cold vapor atomic absorption spectrometry and hydride-generating atomic
absorption spectrometry are utilized for detecting elements such as As and Se in natural and potable
water sources. Inductively coupled plasma mass spectrometry is widely recognized for its capability
in trace metal analysis (Al, As, Pb, Cd, Ag, U, Zn, Mn, Ni, Co, and V), yet it requires specialized
expertise, multiple high-purity gases, and expensive operational costs (Ar). Inductively coupled
plasma-optical emission spectrometry has also been validated as a multielement method for
identifying HMs (Cd, Co, Cr, Ni, Pb, and Zn) in water samples (Kobylinska et al. 2020). Therefore,
ongoing advancements in detection technologies are crucial for addressing the challenges posed by
HMs pollution, ensuring effective environmental monitoring, and safeguarding public health.
Emerging new methodologies for rapid identification include electrochemical analysis approaches

such as dissolution voltammetry, potentiometric dissolution, polarimetric analysis, and
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electrochemical sensor methods. Additionally, biological detection techniques including
immunoassays, enzyme analysis, biosensor techniques, and microbial detection methods are under
active investigation. Laser-induced breakdown spectroscopy has identified HMs like Cr, Cu, Fe, Mn,
Ni, Pb, and Zn in soil samples (Nawar et al. 2019). These cutting-edge approaches aim to overcome
the limitations of conventional methods by offering faster and more convenient HM detection
tailored to the type of HMs, matrix complexity, and concentration range being targeted (Helaluddin

et al. 2016).

2.9. GIS for water quality mapping

GIS have become an essential tool for water quality assessment and management by enabling spatial
analysis and visualization of water quality indicators. GIS integrates spatial data with statistical and
database operations, allowing researchers and managers to monitor and analyze environmental
variables with respect to their geographic distribution (Mtetwa et al. 2003). This technology
integrates standard database operations and statistical analyses with the unique benefits of
visualization and geographic analysis provided by maps and spatial databases (Khouni et al. 2021).
It enables the exploration of cause-and-effect relationships through visual interpretation, and
supports complex analyses and simulations, making it invaluable for researchers and natural
resource managers (Khouni et al. 2021). Within GIS, spatial interpolation techniques are employed
to predict attribute values at unsampled locations, thereby creating spatially continuous data (Li and
Heap 2011). These techniques are categorized into deterministic and geostatistical methods (Qu et
al. 2017), with IDW, kriging, Spline, Trend, and cokriging among the commonly used methods
(Khouni et al. 2021). The selection of interpolation models should align with specific research
objectives and characteristics of the study area (Qiao et al. 2018), although no single method has
consistently shown superiority over others (Khouni et al. 2021). IDW and kriging are extensively
applied in water assessment and contamination mapping, with IDW often preferred for its precision
in certain applications over kriging (Khouni et al. 2021). Studies have demonstrated that IDW can
be more accurate than kriging in predicting pollutant levels in GW. The IDW method assigns higher
weights to nearby sample points compared to those farther away, thereby influencing calculations
more significantly, reflecting its suitability for enhancing monitoring and assessment in river basin
management systems aimed at improving pollution control (Khouni et al. 2021). Therefore, due to
its ability to address sampling regularity, temporal correlations, and associated uncertainties, [IDW

emerges as a preferred interpolation method for assessing water quality in the Danube River and Al-
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Jawt basin. The WQI maps were generated using QGIS software version 3.36.3. QGIS, a widely
used open-source GIS software, is particularly suitable for mapping and analyzing river water
quality. Its advanced cartographic capabilities allow users to create detailed datasets for river water
quality mapping and effectively visualize water quality data on maps. QGIS offers a range of tools
including various color ramps, symbology styles, and graduated symbols to depict water quality
parameters, facilitating the identification of spatial patterns and trends. Integration of diverse data
sources within QGIS enables the incorporation of Water Quality Index (WQI) attributes. For
generating WQI maps, an equal interval mode was used with a graded visualization technique

employing five distinct colors to represent different grades of river water quality based on the WQI.

2.10. Human health risk assessment (HHRA) of heavy metal in water resources

The severity of the adverse health consequences is influenced by several variables, including the sort
of HM, duration and intensity of exposure, individual vulnerability, and concurrent exposure to other
pollutants. Regular monitoring of water sources and food for HMs and the implementation of
mitigation strategies are crucial to prevent adverse health effects in the human population (Guzzi et
al. 2021; Swain 2024). Given the importance impact of quality of water on public health, assessing
the human health risks associated with HM in water sources has garnered widespread attention.
Human health risk (HHRA) assessment serves as a method to evaluate the potential adverse health
effects on the public over a defined period. The health assessment of each contaminant primarily
relies on assessing the magnitude of risk and whether the substance is carcinogenic (Liu et al. 2020;
Jia et al. 2024). The primary routes of human exposure to HMs are through ingestion, inhalation,
and dermal absorption via contaminated water and food sources. Both carcinogenic and non-
carcinogenic risks associated with these exposure routes are assessed individually (Mahato et al.
2016). HM, when ingested through contaminated water, fish, or seafood, pose various acute and
chronic health risks including carcinogenicity, mutagenicity, neurotoxicity, and endocrine
disruption. Common health effects include acute HM poisoning, neurological symptoms, chronic
conditions such as cancer and neurological disorders, renal and cardiovascular damage, reproductive

and developmental effects, and disruption of endocrine function (Gonzalez-Feijoo et al. 2024).

2.11. The presence of heavy metal in water resources - policies and regulations

In many regions, people directly collect water from local water bodies. Access to water purification

facilities prior to distribution is limited or impractical in developing countries like India. Due to rapid
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urban expansion and industrial development, ensuring the quality and quantity of water is
challenging. The World Health Organization (Saravanan et al. 2024) identifies several hazardous
HMs including Al, Be, Fe, Cr, Mn, Co, Ni, Mo, Cu, Ag, Zn, Cd, and Se. This list encompasses
elements ranging from beryllium, the second lightest metallic element after lithium (atomic number
4), to aluminum, the widely used lightweight metal with a density of 2.7 g/cm?, as well as arsenic
classified as a metalloid and selenium as a non-metal (Kumar et al. 2022b). These metals are non-
biodegradable and are naturally distributed throughout the Earth's crust. They enter the human body
through inhalation and ingestion of water and food. Both natural and human activities contribute
metals to the environment, with anthropogenic sources often outweighing natural ones. Some metals
such as Fe, Zn, Co, Cu, Ni, Mn, Mo, and Se are essential nutrients for living organisms. However,
excessive levels of these metals, and that of non-essential metals, including antimony, As, Be, Cd,
Pb, and Hg, pose health risks (Saravanan et al. 2024). Environmental regulations establish maximum
allowable limits and quality standards for several hazardous substances and elements in different

environmental compartments (Sun et al. 2021).

2.12. Regional studies on heavy metal pollution in the Hungarian Danube basin

HM pollution in the Hungarian Danube basin has been extensively studied, revealing significant
spatial and geomorphological influences on contamination patterns. Near Dunatijvéaros, an
industrialized area along the Danube, sediment samples showed elevated copper (Cu) and zinc (Zn)
concentrations exceeding Hungarian environmental standards, with lower but detectable levels of
cadmium (Cd) and nickel (N1). These findings highlight the strong anthropogenic influence from
nearby metal-processing industries, emphasizing the need for continuous monitoring to mitigate
long-term environmental degradation (Kovacs-Bokor et al. 2021). In the Tisza River floodplain,
oxbow lakes, formed from abandoned meander loops, act as natural sediment traps, accumulating
HMs (Cd, Co, Cr, Cu, Ni, Pb, Zn) in layers up to 10 cm deep. A study of seven oxbow lakes (four
on the active floodplain and three outside the levee) found that contamination sources could be
attributed to either fluvial deposition during floods or localized anthropogenic activities such as
sewage discharge and fishing (Babcsanyi et al. 2020). Further research on the Tisza floodplain
demonstrated that fluvial landforms, particularly swales and point bars, significantly influence HM
distribution in soils. Swales exhibited higher concentrations of Fe, Mn, Cr, Cu, Ni, Pb, and Zn at all
depths compared to other landforms (p < 0.05), underscoring the role of geomorphology in sediment

deposition and HM retention (Szabo et al. 2020). Beyond HM contamination, long-term
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environmental changes in the region have been observed. A 150-year reconstruction of SW
temperatures in the Pannonian Ecoregion (including the Danube and Tisza Rivers) revealed a
gradual warming trend of 0.05°C per decade (1870-2021), intensifying to 0.32°C per decade over
the last 40 years (Li et al. 2024). This warming may exacerbate HM mobility and ecological risks,
necessitating integrated environmental assessments to address both pollution and climate-driven

changes in river systems.

2.13. Machine learning applications in science and engineering

ML represents a critical application of Al across various scientific and engineering fields. Its primary
role involves capturing and understanding intricate relationships between diverse parameters within
complex systems, all without direct human intervention. A significant advantage of ML lies in its
capability to forecast future events and conditions across different domains, thereby facilitating
practical applications (Korkmaz and Correia 2019). In water resource management, statistical and
ML techniques are widely utilized for prediction purposes, encompassing pure forecasting to the
estimation of optimization model parameters. ML algorithms are designed to process data, enabling
them to discern various patterns that can be applied in other processes (Sarker 2021). ML serves as
a potent tool for comprehending system behaviors from large datasets where identifying relevant
patterns may be challenging or impractical (Rezaei and Javadi 2024). It operates in two primary
modes: unsupervised learning, where the machine autonomously evaluates data to predict trends,
and supervised learning, where patterns are derived from input and output data to forecast future
patterns across different datasets. Given the exponential growth in data generation, robust and rapid
tools are indispensable for the assessment and analysis of big data (Rezaei and Javadi 2024). Recent
environmental monitoring studies increasingly leverage RF algorithms to enhance traditional water
quality evaluation and source apportionment methods. For instance, (Zhang et al. 2024) fused RF
with WQI and Positive Matrix Factorization models, using data from six sites along China’s
Minjiang River (2015-2020). Their RF-optimized framework identified total phosphorus, total
nitrogen, chemical oxygen demand, dissolved oxygen, and biological oxygen demand as the five
most influential indicators, enabling exceptionally accurate WQI predictions (R* =0.97) and
improving the realism of pollution source apportionment (e.g. agriculture 30 %, domestic sewage
29 %, industrial wastewater 26 %). Similarly, (Ahmadi et al. 2023), studying marine waters at the
Abrolhos reefs, applied RF and Boosted Regression Trees to a dataset of 665 seawater samples,

which revealed that hydrodynamic forcing, dissolved organic carbon, and total nitrogen best
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explained microbial abundance variations. These applications demonstrate RF’s ability to handle
complex, multidimensional environmental datasets, quantify variable importance, and improve
predictive performance, justifying its selection for modeling water quality indices and health risk

indicators in our study.

2.14. Refining the adaptive neuro-fuzzy inference system (ANFIS)
ANFIS was originally introduced and developed by Jang in 1993. It represents an advanced

modeling technique that integrates fuzzy logic with neuro-computing and genetic algorithms to
handle complex nonlinear systems. ANFIS constructs input—output models using specified data and
human knowledge in the form of fuzzy if-then rules (Jang, 1993), essentially implementing a fuzzy
inference system (FIS) within an artificial neural network (ANN) framework. ANNs simulate human
brain information processing by learning tasks from input—output datasets without explicit
programming of task-specific rules. They adapt their structure through learning algorithms during
training, typically comprising interconnected neurons organized in input, output, and one or more
hidden layers (Irshaid and Abu-Eisheh 2023). In contrast, FIS is a computing framework that mimics
human reasoning using fuzzy logic, which operates on degrees of truth rather than binary true or
false values. Fuzzy logic allows for multiple degrees of truth between 0 (completely false) and 1
(completely true), introduced by Zadeh in 1965 (Zadeh 1989). Knowledge in FIS is encoded through
if-then rules where input conditions (antecedents) and output actions (consequents) are defined.
Membership Functions (MFs) assign membership values to input variables, with different shapes
such as triangle, trapezoidal, or Gaussian representing linguistic terms (Jang et al. 2005). In practice,
FIS converts crisp inputs into fuzzy inputs using MFs, processes them using rule bases, and de-
fuzzifies the output to continuous real values. The Takagi-Sugeno FIS is widely used in engineering
applications of ANFIS (Irshaid and Abu-Eisheh 2023). ANFIS functions as a multilayer feed-
forward ANN that parallels the Takagi-Sugeno FIS model. It integrates the learning capabilities of
ANN with the reasoning capabilities of FIS within a unified framework (Jang et al. 2005). ANFIS
initializes a FIS using an input—output training dataset and employs ANN's learning capability to
optimize the fuzzy rules and membership function (MF) parameters. This optimization process
involves iterative training using a designated learning algorithm over multiple epochs. The learning
algorithm aims to minimize the difference between actual and predicted values, typically measured
using RMSE (root mean square error). This study employs a hybrid learning algorithm, combining

back-propagation gradient descent for input MF parameters and least squares estimation for
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optimizing output MF parameters. More details on this approach can be found in the literature

(Irshaid and Abu-Eisheh 2023).

2.15. Applications of machine learning in water quality and health risk assessment

ML techniques have gained significant traction in water quality and health risk assessment due to
their ability to model complex, nonlinear relationships and process large, multifaceted datasets
effectively. Recent research demonstrates the successful application of various ML algorithms in
predicting IWQIs and assessing GW suitability. For instance, Shaw and Sharma (2025) (Shaw and
Sharma 2025) applied multiple regression alongside machine learning models, including ANN,
Support Vector Machines (SVM), Classification and Regression Trees (CART), Conditional RF, and
k-Nearest Neighbors (KNN), to predict irrigation water quality parameters such as SAR, KR, and
the IWQI. Their study found that ML models, especially ANN, significantly outperformed traditional
regression techniques in predictive accuracy, enhancing irrigation suitability assessments. Similarly,
Singh et al. (2024) (Singh et al. 2024) utilized ML algorithms to evaluate GW quality in agricultural
regions, highlighting the potential of these approaches to improve water resource management
strategies by providing more reliable water quality evaluations. In arid environments, Mohammed
et al. (2023) (Mohammed et al. 2023) integrated GIS data with ML models to spatially predict
irrigation GW quality indices in the Nubian aquifer system. Their work illustrates how coupling GIS
with ML facilitates detailed spatial analysis, which is critical for sustainable water management in
resource-limited regions. An overview of these models and their applications is summarized in
Appendix Table 1. Collectively, these studies exemplify the increasing adoption of ML techniques
to improve the precision and efficiency of water quality and health risk assessments, thereby

supporting more informed decision-making in environmental and water resource management.

2.16. Monte Carlo simulations (MCS) in hydrology: methodology and application
The MCS is employed in hydrology and other disciplines for conducting uncertainty analyses. This

method utilizes statistical techniques involving a large set of random samples to approximate actual
outcomes (Etu and Oyedepo 2018). By testing variables across a sufficient number of samples, MCS
enhances precision and probability in results. Notably, the complexity of the problem determines the
requisite number of samples/simulations. The MCS approach involves randomly sampling
hypothetical observations and assigning specific probability distribution functions to each
observation (Kabakus and Tortum 2019). This process entails describing the studied process, its

governing equations, and choosing a suitable probability distribution matching the data format.
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Mathematically, MCS examines a flow comprising deterministic and stochastic processes, utilizing
the law of large numbers and asymptotic theorems. Stochastic processes involve sequences of
random variables indexed by time and event, whereas deterministic processes yield predictable
outputs with known inputs. Conversely, stochastic processes are probabilistic and uncertain (Irshaid
and Abu-Eisheh 2023). To describe statistical functions, three key terms from probability theory are
employed: the sample space (L2); the sample (A); and the probability (P[ ]).

The sample space (Q2) represents the entire population, while the sample (A) refers to events or
subsets of the sample space (when the entire population cannot be evaluated). The function P[ ] is a
probability function with a domain in the sample (Alfaica et al. 2023). In random experiments
inherent to MCS, the sample space constitutes all possible outcomes. The function X(.) maps each
outcome in the sample space (Q2) to a real number. The objective of MCS is to simulate this random
variable multiple times, ensuring X(.) € R (Kabakus and Tortum 2019). To apply MCS effectively,
a cumulative distribution function (CDF) of the random variable X, denoted as FX(x), is determined.
FX(x) operates within the domain of X and codomain [0, 1], satisfying the condition FX(x) = P[X <
x] for all real numbers x. Based on observations of X, a probability distribution is inferred, and
random numbers are simulated from the codomain [0,1]. The aim is to generate random observations
"x" from the random variable X using the CDF F(x). Given that the distribution function is defined

probabilistically (Fx(x) = p [X < x]), random observations are obtained via an inverse transform,

x= F1(p) Eq. 1

The process of extracting random observations from the cumulative distribution function CDF F(x)
starts by generating a uniform random number “p” between 0 and 1, which serves as the probability
input for the inverse transform function F-1(p). Evaluating F-1(p) provides a random observation
“x”. This process is repeated multiple times to approximate the true mean and standard deviation of
the population. In hydrology, Monte Carlo Simulation (MCS) is used to compute flow by considering
a set of flows characterized by time, positional components, and velocity vectors. Random processes
are initiated for each set, generating new synthetic values that match the frequency distributions of
observed flows. By incorporating multiple flow values and parameters, a collection of flows and
new parameter values is obtained, with the goal of sampling distributions at time t+At. This process
is repeated until there are minimal changes in the distribution across iterations, thus avoiding the
need for complex integrations or matrix multiplications, focusing instead on a sequence of

straightforward events (Alfaica et al. 2023)
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3. MATERIALS AND METHODS

3.1. Study area description

3.1.1. Danube river lower basin in Hungary (SW)

This study assessed surface water quality in Hungary’s Danube River, focusing on three key regions,
Hercegszantd, Dunaf6ldvar, and Baja, over the period from January 2013 to December 2019. Water
samples were collected from seven monitoring sites along a 120-km stretch of the southern Danube
(18°57'15.50" E, 46°10'54.45" N), covering the right, left, and middle stream sections at
Dunafoldvar (S1-S3), Baja (S4), and Hercegszant6 (S5-S7) (Appendix Figure 3). These locations
were selected to encompass a variety of land use types: industrial (Dunafoldvar), urban (Baja), and
agricultural (Hercegszantd), which are known potential sources of heavy metals and other
contaminants. Sampling methodology, including timing, frequency, composite sampling techniques,
and analytical procedures for heavy metals and physicochemical parameters, is fully described in
Sections 3.2.1 and 3.2.2. In brief, samples were collected seasonally and processed following
standardized protocols from USEPA (2007) and APHA (2017), ensuring data quality and
comparability. The dominant soil types in the region include alluvial loams and clay-loam soils, with
sandy riverbank substrates that influence the mobility and retention of pollutants such as Pb, Zn, and
Mn (Fuchs et al. 2015). The Danube's lower basin has a continental climate, with average summer
temperatures reaching 29 °C and winter lows around —2.6 °C. Annual precipitation averages
619 mm, primarily between May and July, potentially intensifying pollutant loads through surface
runoff. These geographical, hydrological, and climatic characteristics form a comprehensive
framework for interpreting spatial and seasonal variations in water quality across the study area
(Saeed et al. 2023a).

To support the interpretation of potential non-point sources of contamination in the study area, a land
use and land cover (LULC) classification map was prepared using recent satellite imagery and GIS
analysis. The classification identified major land cover categories, including dense vegetation, built-
up areas, barren land, and agricultural zones within the river catchment. Appendix Figure 4 illustrates
the spatial distribution of these land cover types along the Danube river in the study area. The LULC
information provides essential context for linking observed variations in water quality with
surrounding land use practices, particularly in identifying areas where anthropogenic influence is

likely to contribute to pollutant loading through surface runoff, leaching, or erosion.
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3.1.2. Al-Jawf basin in Yemen (GW)

The Al-Jawf Governorate, situated in northwest Yemen near the Saudi Arabian border and about 170
km from the capital Sana’a, covers an area of roughly 30,620 km? and has a population of
approximately 663,147. The region's economy is mainly based on agriculture, with key crops
including wheat, corn, fodder, and barley, alongside small-scale industries such as textiles and food
production. The landscape consists primarily of plains and stretches toward the Empty Quarter
desert. The region lies within an arid climatic zone, characterized by low precipitation and high
evapotranspiration. The Al-Jawf Governorate is segmented into 12 districts administratively, and the
designated study region within Al-Jawf Governorate includes nine districts: Alhazm, Alkhaleq,
Alghail, Almasloob, Almutun, Alzahir, Alhamidat, and Almatamah. This area lies geographically
between longitudes 44°20' to 45°0" E and latitudes 16°0" to 16°20" N, as well as between longitudes
44°20' to 44°40" E and latitudes 16°10" to 16°20" N (Appendix Figure 5 A-B). Water sampling in this
region involves wells with depths ranging from 10 to 165 meters, tapping into the shallow
Quaternary aquifer, which is unconfined and composed of sands interspersed with clays and
carbonates. Various studies have observed well depths ranging from 18 to 150 meters below the

surface, penetrating similar geological layers within the aquifer (Alaug and Al-Wosabi 2015).

The Al-Jawf basin's subsurface geology is characterized by a complex sequence of sedimentary
formations that reflect alternating transgressive and regressive depositional cycles, influenced by
various rift phases. This sedimentary succession includes a mix of clastic rocks and carbonates,
ranging from the Paleozoic to the Quaternary period. The stratigraphic sequence, listed from
youngest to oldest, encompasses the Nayfa Formation (Berriasian-Hauterivian), the untied Tawilah
Group (Cretaceous), Shuqra Formation (Bathonian-Oxfordian), Madbi Formation (Kimmeridgian),
Wajid and/or Akbara Formations (Paleozoic), and Kuhlan Formation (Early Middle Jurassic)
(Appendix Figure 6 A, B) (Alaug and Al-Wosabi 2015). The elevation of the GWLs in the Al-Jawf
basin varies between 1086 and 1259 meters above mean sea level (AMSL), with GW flowing from
the northwest to the southeast. Therefore, excessive extraction of GW, particularly in the middle
parts of the basin, has led to a rapid decline in water levels, creating a cone of depression that aligns
with the natural flow direction of the GW. The area, particularly Wadi Al-Jawf, receives minimal
rainfall, restricting the replenishment of GW through direct precipitation. Instead, the main
contributor to GW recharge is SW flowing from nearby mountainous regions into the plains and

valleys. This SW gradually infiltrates the ground, restoring aquifers via a process called diffuse
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recharge. This method is vital in dry and semi-dry regions with limited rainfall, though it heavily
relies on the intensity of rainfall in the mountainous zones and the soil's capability to absorb water.
The main aquifer in the Al-Jawf basin comprises sandstone interbedded with shale, clay, and
carbonate minerals such as limestone (Alaug and Al-Wosabi 2015). The subsurface geological
formations provide a framework that significantly influences GW storage and flow dynamics in the
region. Despite the vital role of diffuse recharge, the unsustainable rate of groundwater extraction
threatens the long-term viability of the aquifer, emphasizing the need for careful management of

water resources in this arid region

3.2. Water sampling

3.2.1. Heavy metal analysis of the lower Danube river basin (HMs-SW)

To evaluate seasonal variability in HM concentrations, the dataset was divided into two
hydrologically meaningful periods: April to September and October to March. This classification
was adopted to reflect typical hydrological and ecological dynamics in the region. The April—
September interval corresponds to spring and summer, characterized by higher river discharge,
enhanced surface runoff, and greater biological activity, all of which can affect contaminant transport
and dilution. Conversely, the October—March period represents autumn and winter, when lower flow
rates and reduced biological activity often result in different contaminant retention and mobilization
behavior. This binning approach was preferred over the conventional four-season division (spring,
summer, autumn, winter) to maintain statistical robustness and clarity in interpretation, given the
limited number of samples per season. The two-period grouping thus provides a scientifically
justified and practical framework for analyzing seasonal patterns in water quality without over-
fragmenting the dataset. To determine the concentrations of HMs in SW, samples were collected in
accordance with the United States Environmental Protection Agency (USEPA 2007) and APHA
Standard Methods (2017) (APHA, 2017) for water sampling and preservation. All samples were
collected in acid-washed polyethylene bottles, pre-rinsed with deionized water and 1% nitric acid to
avoid contamination. Upon collection, water samples were immediately filtered through 0.45 pm
cellulose nitrate membranes, acidified to pH < 2 using ultrapure nitric acid (HNOs), and stored at 4
°C until analysis. The concentrations of heavy metals, including As, Cu, Cr, Pb, and Ni, were
quantified using Electrothermal Atomic Absorption Spectroscopy, while Fe, Mn, and Zn were
measured using Flame Atomic Absorption Spectroscopy. These analyses followed APHA Standard
Methods 3113B (ETA-AAS) and 3111B (FAAS), as outlined in APHA (2017). Each sample (500
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mL) was split into two 250 mL aliquots. For arsenic (As), a pre-treatment step was applied involving
the addition of 0.5 mL of ascorbic acid, 0.5 mL of potassium iodide, and 3 mL of hydrochloric acid
(HCl), allowing the solution to react for 2 hours before analysis. To ensure data accuracy and
reproducibility, all measurements were conducted in triplicate, with a relative standard deviation
(RSD) < 5%. Calibration was performed using certified standard solutions and method blanks were

run regularly to monitor instrument drift and contamination.

3.2.2. Physicochemical parameters of the lower Danube river basin (SW)

In 2019, a total of 85 surface water samples were collected seasonally (spring, summer, autumn, and
winter) from seven fixed locations along a 120-km stretch of the lower Danube river in Hungary. At
each site, 3-4 individual grab samples were taken per season, approximately 30 cm below the water
surface in flowing midstream zones to ensure representative conditions. These samples were
analyzed separately, and their values were averaged post-analysis to identify seasonal water quality
trends. All samples were collected in 500 mL polyethylene containers, pre-cleaned with 10% nitric
acid and rinsed with deionized water. Field parameters including pH, temperature, electrical
conductivity, and total dissolved solids were measured in situ using calibrated portable instruments.
Further chemical analyses were conducted on filtered samples. Cations and anions were measured
using EDTA titration, flame photometry, titrimetric, and spectrophotometric methods. Target
analytes included Ca?*, Mg?*, Na*, K*, Cl-, HCOs~, COs?>", NOs, and SO+*". All instruments were

calibrated, and standard QA/QC procedures were followed to ensure accuracy and reliability.

3.2.3. Heavy metals and physicochemical characteristics of the Al-Jawf basin (GW)
In 2021 and 2022, GW samples were collected from the Al-Jawf region’s quaternary aquifer in the

for chemical analysis. In 2021, 27 samples were taken from wells and boreholes, while in 2022, 33
samples were obtained from boreholes. Both sets of samples were gathered in approximately 1.5
dm?® polyethylene bottles, kept at 4 °C and 3 °C respectively, without acidification. The chemical
composition of the water was analyzed for the presence of K*, Ca**, Mg**, Na*, SO+*, Cl-, HCOs",
and NOs™. The water analyses were conducted using various methods. In 2021, bicarbonates were
determined by titration with a methyl orange endpoint, chlorides by Mohr titration with AgCl
precipitation until silver chromate appeared, sulfates by nephelometry, nitrates by colorimetric
analysis, calcium and magnesium by complexometric titration, and sodium and potassium by
emission spectrometry (Al-Mashreki et al. 2023). In 2022, similar procedures were employed.

Bicarbonate levels were measured by titration with a methyl orange endpoint, chloride content by
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argentometric titration with silver chromate formation indicating the endpoint, sulfates by
nephelometry, nitrates by colorimetric analysis, calcium and magnesium by complexometric
titration, and sodium and potassium by emission spectrometry. Mn and Fe were evaluated through
the flame atomic absorption spectrometry. A summary of the sampling years, site numbers, and
purpose of collection for Al-Jawf and other regions is presented in Appendix Table 2. These
comprehensive analyses aimed to evaluate and ensure the groundwater quality in the Quaternary

Aquifer across both years.

3.4. Quality assurance and control

The water quality examination followed the standard procedures established by the American Public
Health Association (APHA) in 2012 (Rice et al. 2012). To ensure precise results from the field
instruments, all devices were calibrated using buffer solutions and deionized water before beginning
sample analysis. Several quality control techniques were used throughout the water testing process.
The testing methods were verified by calibrating the equipment and evaluating their accuracy and
dependability. Charge balance errors (CBE) were assessed using field data and confirmed in the lab.
Each sample underwent triplicate analysis, with the mean values reported. Anion-cation balance
errors were calculated using Eq.2 (Al-Mashreki et al. 2023), adhering to the neutrality principle,
which holds that the total cations should equal the total anions in milliequivalents per liter. The CBE
for all samples fell within the acceptable range of +5%. The ionic balance (IB) was determined by
calculating the proportion difference between the total cations (positively charged ions) and anions
(negatively charged ions) in the water using the following formula:

IB=(TC—TA)/(TC + TA) x 100 Eq.2
where TC stands for the total cations and TA represents the total anions, both expressed in
milliequivalents per liter. Furthermore, the accuracy of the analytical process was confirmed through

thorough checks using the blank analysis method and Certified Reference Material.

3.5. Statistical analysis and data processing

3.5.1. Multivariate statistical methods

A correlation matrix, which is a statistical tool displaying correlation coefficients between different
variables, typically results in a large matrix. However, this approach may not be the most effective
for summarizing data in a large dataset. An alternative method, multivariate statistical techniques

like Principal Component Analysis (PCA), can significantly reduce the complexity of datasets with
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numerous variables. PCA accomplishes this by transforming the original variables into a smaller set
of new variables while preserving the key information from the original data. These new variables,
known as principal components, are linear combinations of the initial variables (Helena et al. 2000;
Shrestha and Kazama 2007; Allafta and Opp 2020). To conduct a valid PCA, several conditions must
be satisfied, including the Kolmogorov-Smirnov test, Kaiser-Meyer-Olkin (KMO) test, and
Bartlett’s test. The Kolmogorov-Smirnov test was used to assess whether the data followed a log-
normal distribution. This analysis showed that all variables under investigation fit a log-normal
distribution with 95% confidence or greater. The KMO test was also employed to evaluate the
dataset’s suitability for PCA. This test measures sampling adequacy by determining the proportion
of variance among the variables that might be shared. High KMO values suggest that PCA is
appropriate, with a recommended threshold above 0.5 (Allafta and Opp 2020). In this research, the
KMO value was found to be 0.65, indicating sufficient adequacy. Additionally, Bartlett’s test of
sphericity was applied to determine if the correlation matrix is an identity matrix. The null hypothesis
of Bartlett’s test states that the correlation matrix equals the unit matrix, while the alternative
hypothesis suggests they are unequal. In this work, the null hypothesis was rejected as the
significance level was 0 (less than 0.05), indicating significant relationships among variables (Allafta
and Opp 2020). While PCA reduces the contribution of less significant variables, factor analysis
(FA), when applied after PCA, can further streamline the data structure by diminishing the impact
of minor variables even more. This is achieved by rotating the axes defined by PCA according to
well-established rules, resulting in new variable sets called varifactors (VFs). The rotation of
principal components makes the depiction of underlying factors more straightforward and expressive
by reducing the contribution of less significant variables and enhancing the contribution of more
significant ones. The rotation produces a new set of factors, each primarily comprising a subgroup
of the original variables with minimal overlap, thereby partitioning the original variables into new,
independent groups. While principal components are linear combinations of observable variables,
varifactors can include unobservable, latent, or hypothetical variables. Before performing PCA and
FA, we standardized our data using z-scale transformation to avoid misclassifications due to
differences in the magnitudes and variances of numerical data values. PCA and FA were conducted
using SPSS version 29 to determine the clustering of elements and ultimately identify the sources of
elements in the river surface sediments (Vega et al. 1998; Liu et al. 2003; Simeonov et al. 2003; Yan

et al. 2010; Zhang et al. 2015). CA is used for unsupervised pattern recognition, focused at dividing
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large volumes of data from one entity into several clusters. This method allows for the identification
of the unique characteristics of each cluster group, as indicated by sources (Chen et al. 2022). In
hydrochemical investigations, CA is especially useful for identifying hydrogeochemical processes
in GW. Grouping gathered water samples allows researchers to discover major geological and
hydrogeological groups (Barkat et al. 2021). The results of this clustering process are typically
represented in a dendrogram, a tree-like diagram that significantly simplifies the complexity of the
original dataset. Despite the reduction in complexity, the dendrogram effectively illustrates the
relationships and proximities between the groups, offering a clear visual representation of the

clustering activities (Mutea et al. 2021; Al-Mashreki et al. 2023).

3.5.2. Data analysis, processing, and spatial distribution

The physicochemical properties and IWQIs were analyzed using SPSS software version 29. The
hydrogeochemical processes and water classifications were determined by examining the cation and
anion compositions, with the use of Piper, Chadha, and Gibbs diagrams. The DIAGRAM tool was
employed to demonstrate the connection between aquifer features and water chemistry
(Vasanthavigar et al. 2012). To pinpoint significant elements in the water and improve water quality
assessments through simplified data analysis, CA and PCA were applied using SPSS 29. These
methods are essential for extracting valuable insights from large, complex datasets and for
identifying underlying trends and relationships among variables (Rakotondrabe et al. 2018; Al-
Mashreki et al. 2023).
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3.5.2.1. GIS mapping procedure and IDW interpolation analysis

The GIS mapping procedure involved establishing spatial relationships among chemical properties
using various water quality indices (IWQIs). These indices were developed to connect chemical
properties spatially. QGIS 3.36.3. was utilized to visualize these indices, generating maps through
raster interpolation and spatial analysis techniques, particularly employing the IDW method. IDW
interpolation was implemented using the Spatial Analyst Extension in QGIS 3.36.3. Experimental
results from laboratory analysis of water samples collected from seven sites along the Danube River
in Hungary and sixty sites within the Al-Jawf basin in Yemen were compiled into an Excel file and
converted into a shapefile. Average data values for each parameter at specific points were used to
calculate values for each interpolated cell, with the river network serving as a mask. Cells
corresponding to the Danube River and Al-Jawf watershed were assigned values based on the first
input raster in the output raster. Water quality classifications were determined by mapping pollutant
distributions spatially, using a legend corresponding to the data range for each parameter. IDW was
chosen as the preferred interpolation method for its superior accuracy over kriging. It effectively
handles widely spaced data points and local variations, preserving abrupt changes, which is crucial
for this study. In contrast, kriging is better suited for smoothly varying data with clear spatial
correlation. The decision was based on evaluating mean squared error, the primary criterion for
comparing measured and predicted values across most physicochemical properties (Khouni et al.

2021). The general equation for IDW (Eq. (3)) is as follows:
_ Z?:l Z(xi)-di_jp
2o = =g 57 - a7 Eq.3
In the context of IDW interpolation:
Z;i represents the interpolated value of a grid node,
Z; denotes the neighboring data points,

djj signifies the distances between the grid node and the data points.

This formula outlines how IDW interpolation computes the value at a grid node based on nearby

data points, weighting them inversely according to their distances.
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3.6. Indexing techniques and modeling approaches

3.6.1. Heavy metal pollution analysis index (HPI) and metal index (MI)

The HPI is widely considered the most efficient method for assessing the contamination levels in
water samples caused by HMs (Al-Hejuje! et al. 2017; Saeed et al. 2023a). This index evaluates
water quality for human consumption by analyzing metal contamination and takes into account the
overall presence of HMs in the water. The HPI is computed using a weighted arithmetic mean
method, which includes assigning a rating scale for each selected parameter and applying weights
to each contamination factor. The rating scale spans from 0 to 1, determined based on the importance
of each quality indicators or by comparing values to recommended standards (Shankar 2019). The
HPI offers a quantitative evaluation of water quality, focusing on the concentration of HMs in the

sample. The formulas used to calculate the HPI are outlined below (Eq. 4 and 5).

HPI = 2= i% Eq. 4
=1 Wi

Here, Q;) represents th sub-index element, n is the number of parameters analyzed, and wi denotes

the weight of each parameter, calculated as 1/S,. S; symbolizes the standard value of each parameter.

Q; also signifies the sub-index of the boundary, determined by Eq. 5.

Qi =Y, 100 x & Eq. 5

The HPI was determined based on the levels of 8 HMs: Cr, Cu, Mn, Fe, Ni, Zn, Pb, and one
metalloid, As, due to its toxic nature. A three-tier modified scale is commonly employed to accurately
represent various levels of HM contamination. This scale classifies pollution as high (HPI > 30),
moderate (15 < HPI < 30), or low (HPI < 15) (Edet and Offiong 2002; Qu et al. 2018).

In contrast, the MI for drinking water evaluates the combined potential effects of HMs on human
health, offering a general assessment of water quality (Ojekunle et al. 2016). The MI is based on the
principle that the toxicity of HMs is linearly related to their concentration. HMs can cause a variety
of chronic and acute toxic effects on different organs. The MI is computed through a thorough
evaluation of the current metal concentrations. If any metal's concentration surpasses its upper
allowable limit (UAL), the water quality is deemed compromised. The MI concept was initially
proposed by Tamasai and Cini (Shankar 2019; Saeed et al. 2023a) and can be represented as follows
(Eq. 6):

M; = Z%:lﬂ Eq. 6

UAL;
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Where, Cave signifies the mean concentration of each analyzed HM, while UAL; refers to the
maximum permissible limit for the ith metal in the sample. The MI is categorized into six levels:
severely impacted (MI> 6), highly impacted (4 > MI > 6), moderately impacted (2 > MI > 4), slightly
impacted (1 > MI > 2), clean (0.3 > MI > 1), and very clean (MI < 0.3) (Withanachchi et al. 2018).

3.6.2. The potential ecological risk index of heavy metals

The RI for heavy metals, developed by Hakanson in 1980, is used for evaluating the potential threats
that HMs may pose to a given ecosystem. This index takes into account elements like concentration
levels, types of metals, their sensitivity, toxicity, and natural background concentrations(Xie et al.
2013). While it has broad application across different scientific disciplines, this study focused on

using it to assess the ecological risks of HMs in river water. The equation is provided as follows
(Eq. 7):

R1=2E£=Trix{%} Eq.7

bg
In this context: E; refers to the potential ecological risk factor of a substance; T: represents the toxic
response factor for the specific HM; Cave indicates the mean amount of each HM within the given
sample; and Cyyg signifies the background concentrations of each HM. RI reflects the total potential
ecological risk posed by contamination. The RI is divided into four risk categories: extremely high

(< 120), significant (60-120), moderate (30-60), and low ( > 30) (Yuan et al. 2015).

3.6.3. Human health risk assessment of heavy metals (HHRA)

3.6.3.1. Non-carcinogenic human health risk method

The application of drinking water polluted with hazardous substances heightens the likelihood of
both carcinogenic and non-carcinogenic conditions in humans (Qu et al. 2018; Bineshpour et al.
2021). In this research, the non-carcinogenic risks of Cr, As, Fe, Cu, Pb, Mn, Ni, and Zn were
evaluated following methods proposed by the U.S. Environmental Protection Agency (Selvam et al.
2022). The USEPA (2004) (USEPA 2004) designed a HHRA framework to estimate non-
carcinogenic HHRA from HM exposure in SW and GW through inhalation, ingestion, and skin
contact. The main risks come from direct digestion and skin absorption of water (Qu et al. 2018;
Mukherjee et al. 2020; Selvam et al. 2022; Saeed et al. 2023a). This approach computes the amount
of contaminants ingested by humans using the chronic daily intake (CDI) method, which estimates

the daily pollutant intake through ingestion (CDI ingestion) and through skin absorption (CDI
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dermal), using Egs. 8 and 9, respectively(USEPA 2004; Tokatli and Ustaoglu 2020; Jehan et al.
2020).

_ CapeXIRXEF

CDIoral = W X ED Eq 8
_ CapeXETXEFXKpXSAXCF

CDIygrmas = B x ED Eq. 9

Where, CDI is measured in mg/kg/day, Cave refers to the average level of each HM, expressed in
mg/L, IR indicates the intake rate, which is 2.2 L/day for adults and 1.8 L/day for children. EF
signifies the exposure frequency, set at 350 days per year for both adults and children. ED represents
exposure duration, which is 70 years for adults and 6 years for children. ET is the exposure time,
with adults exposed for 0.58 hours per day and children for 1 hour per day. Kp stand for the
permeability coefficient, measured in cm/Hr. SA refers to the skin surface area, which is 18,000
square centimeters for adults and 6,600 square centimeters for children. BW is body weight, with
adults weighing 70 kilograms and children 15 kg. CF represents the conversion factor, 1x1073 liters
per cubic centimeter. AT represents the average time for carcinogenic risks, with adults having
25,550 days and children 2,190 days. (Saleem et al. 2019; Xu et al. 2020; Selvam et al. 2022). In the
subsequent step, the HQ (Hazard Quotient) was computed by dividing the CDI by the Reference
Dose (RfD) for both oral and dermal exposure using Eqgs. 10 and 11, respectively (Saha and Paul
2019; Mthembu et al. 2022).

_ CDlgermait/CDlorai
HQdermal/oral B RfDgermai/RfDoral Eq 10
RfDgermai = Rf Dorar X ABS Eq. 11

In the last step, the overall non-carcinogenic risks were assessed by calculating the HI (Hazard

Index) using Eq.12 (Jehan et al. 2020).

HI = HQora1 + HQaerma Eq. 12

Toxic metals with (HI or HQ > 1) have the potential to negatively affect HHRA, whereas those with
(HI or HQ < 1) are deemed to have no harmful effects (Selvam et al. 2022). All constant values are

demonstrated in (Appendix Table 6).

3.6.3.2. Carcinogenic human health risk method

According to Li and Zhang's approach (Li and Zhang 2010), the level of carcinogenic risk (CR) was
calculated from the CDI value using the carcinogenic slope factor (CSF) by Eq. 13. The outcome
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indicates the possibility of developing cancer over a lifetime due to exposure to carcinogenic
substances. Generally, the acceptable risk range is between 1x10° and 1x10 (Li and Zhang 2010;
Saeed et al. 2023a).

CR = CDI x CSF Eq. 13

Where CSF represents the carcinogenic slope factor.

3.6.4. Geochemical modeling and saturation index (SI)

3.6.4.1. The index of processes influencing surface water and groundwater chemistry

A different method for determining the basis and connections between main components includes
using various ion concentration comparisons such as [SO4%7] versus [Ca**], [HCO3~ + SO4*7] versus
[Mg** + Ca*], [CI] versus [Na'], and [HCO3"] versus [Mg* + Ca?"]. Additionally, the two
chloralkali indix (CAI) values (CAI-I and CAI-II) (Egs. 14 and 15) were employed in this research
to identify the minerals present in the aquifers and to assess GW exchange ions (Al-Mashreki et al.
2023).

CAI-I = Cl= — (Na* + K*)(meqr) /Cl™ (meqL) Eq. 14
CAI-Il = CI~ — (Na* + K*)(meqr) /(SO;~ + HCO3; + CO5~ + NO3 ) (meql) Eq. 15
3.6.4.2. Saturation Index (SI)

A speciation method was applied to calculate the SI of minerals in SW samples from the lower
Danube river basin in Hungary and GW samples from the Al-Jawf basin. The SI of a mineral
indicates its saturation level based on the existing conditions of the surrounding environment. In this
research, the SI was applied as a predictive tool to evaluate the potential presence of reactive

minerals in the water, relying on water samples rather than solid-phase samples or detailed mineral

analysis (Khadr et al. 2020; Al-Mashreki et al. 2023). Eq. (16) was applied for SI computation:

SI = log {:‘—P} Eq. 16
sp

Where, I4P stands for "ion activity product," and Ky, represents the "solubility product" at a specified
temperature. A saturation index (S7) of zero indicates equilibrium, SI > 0 indicates oversaturation,

and SI < 0 signifies undersaturation with respect to mineral equilibrium.
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3.6.5. Drinking and irrigation water quality indices

3.6.5.1. Drinking water quality index calculations (DWQI) for the Danube river

The WQI is an important tool for evaluating the total condition of SW, especially in terms of its
potentiality for human consumption (Khadr and Schlenkhoff 2021). Using the WQI for initial water
quality evaluations plays a key role in assisting policymakers with decisions related to sustainable
water resource management and policy-making. As a rating system, the WQI provides a broad
summary of how various water quality factors combine to affect the overall condition of the water
(Alquraish et al. 2021). In contrast to traditional approaches, which concentrate on specific
contamination levels or individual water quality factors, the WQI offers an innovative method for
assessing the overall health of rivers (Al-Mashreki et al. 2023). Its distinctiveness lies in its ability
to merge multiple environmental variables into a single numeric value, representing the current state
of water quality. This shift from traditional methodologies underscores the WQI's potential to deliver
a more holistic and integrated approach to water quality evaluation. Consequently, instead of
comparing inconsistent assessment outcomes from multiple individual indicators, the WQI method
proves to be a reliable method for effectively assessing and managing water quality, offering a clear
understanding of overall conditions (Karunanidhi et al. 2021b). In Hungary's lower Danube river
watershed, the calculation of WQI considered a range of key parameters, including pH, temperature,
TDS, EC, Na*, Ca*', K*, Mg, CI', SO+, NOs-, and HCOs~. This comprehensive approach to
various indicators underscores the WQI's ability to encompass a wide array of water quality factors,
enabling a more holistic and integrated assessment approach (Eq. 17).

_ wi Ci
DWOI = {m} x {100 Xs_i} Eq. 17

i=1

w indicates the weight allocated to each parameter, and "n" signifies the total number of variables considered

in this study. C; refers to the concentration of each chemical parameter, expressed in mg/L for each water

sample, while S; denotes the relevant WHO water quality standards for each chemical parameter, also

provided in mg/L as per WHO guidelines. The calculation of w; for each parameter is determined in

accordance with the prescribed standards eq. (18):

Here, the constant of proportionality, denoted as "K," is computed using eq. (19):

K=1/%1/S; Eq. 19
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The DWQI involves assigning a weight (w;) to each surface water variable, followed by the determination

of the relative weight (W,).

3.6.5.2. Irrigation indices (IWQIs)

The provided equations in Appendix Table 3 represent the employed indices used to assess the

appropriateness of GW from the quaternary aquifer for irrigation applications.

The evaluation of water quality intended for irrigation is confined within a scale ranging from 0 to
100. This assessment is based on various physicochemical factors, including SAR, EC, Na*, Cl, and
HCO?® (Meireles et al. 2010; Abbasnia et al. 2019). The IWQI, a unitless index ranging from 0 to
100, is determined by considering multiple parameters such as EC, Na*, SAR, Cl-, and HCO® . It

can be calculated as illustrated in eqs. 20 and 21:
IwQI =Y, Q;W; Eq. 20

Here, the values for (Q;) and (W,) signify the assessed quality within predefined tolerance limits and

the respective weighting assigned to each criterion, as outlined in Supplementary Appendix Table 4.

Qmax ([(Xl] L'nf) X Qimap]/Xamp) E(]- 21

In the given context:

Xij represents the measured values of the parameter.

Xinf denotes the lower limit of the classes.

Qimap signifies the range of class amplitudes.

Xamp pertains to the class amplitudes specific to the parameter being analyzed.

Finally, the W; is obtained as follows (Eq. 22):

K
Yj=1FjAij

W, = L=t )Y
i k n
Yjoy Xizg FjAij

Eq. 22

where, F represents the automated logging of element j, while A denotes the chosen parameter i
primarily influenced by factor j. Here, i spans from 1 to n, indicating the selected physicochemical
parameters, and j spans from 1 to k;;, representing the chosen factors.

3.6.6. Adaptive neuro-fuzzy inference system (ANFIS)

The ANFIS is a form of ANN that integrates fuzzy logic for decision-making (Veza et al. 2021). It

merges the learning abilities of neural networks with the clarity of fuzzy logic. ANFIS is adaptable,
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capable of handling both classification and regression tasks, and is particularly effective in modeling
complex nonlinear relationships between inputs and outputs. The process of using ANFIS involves
several key stages (Adnan Ikram et al. 2022; Al-Mashreki et al. 2023). Model Design: This initial
stage involves creating the ANFIS model by specifying the amount of input and output factors, the
amount of fuzzy rules, and the setup of the adaptive network layer. The model's structure is selected
depending on the intricacy of the relationships between input and output factors, and the number of
fuzzy rules is adjusted to align with the input variables and the desired complexity of the model.
Fuzzy Partitioning: This phase involves partitioning the input space into fuzzy regions through
methods such as clustering or grid division. The objective is to separate the input space into parts
where the input variables show similar patterns in relation to the output variable. Rule-Based
Generation: In this stage, a set of fuzzy rules is created based on the fuzzy partitions and the
connections between input and output variables. Each rule includes an antecedent (the "if" condition)
and a consequent (the "then" outcome), with the antecedent usually featuring fuzzy membership
functions that describe how input variables relate to fuzzy regions. Model Training: During this
phase, the ANFIS model is trained using a dataset and an optimization method, such as gradient
descent or particle swarm optimization. This training process adjusts the model's parameters to
improve its performance by reducing the error between predicted and actual output values. Different
optimization techniques and loss functions may be used to achieve this goal. The ANFIS was
employed to determine the connections between IWQIs and water quality indicators, which were
subsequently represented as fuzzy if-then rules (Appendix Figure 7). The ANFIS models used a
Sugeno-type FIS with bell-shaped functions for the input membership functions, utilizing five such
functions. In contrast, the outputs were defined by linear membership functions. Appendix Figure 8
depicts the ANFIS model, which includes a multilayer feedforward structure with separate x- and y-
input networks.

The ANFIS was employed in this study to investigate the connections between IWQIs and water quality
metrics. These connections were articulated as fuzzy if-then rules, enabling the prediction of IWQIs from

input variables. The rule foundation of the Sugeno model is delineated by Eqs. 23-24.

Whena =A;and b =Bl ,fi=pl xa+q; xb+r; Eq. 23

Conversely, when a = A2 and b = B2, f>=p2 xa+q2 xb +r2. Eq. 24
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The ANFIS system comprises five layers, illustrated in Appendix Figure 9. Membership functions for fuzzy
sets A and B are represented by pd4; and pB; respectively. 4 and B signify orders of magnitude, while a and
b serve as indicators for an indirect identification function. During the forward pass of the training algorithm,
relevant constraints p;, ¢;, and » are adjusted, and the output fi falls within an inconsistent region defined by

the FIS concept. Additional details regarding the ANFIS can be found in Khadr (Athamena et al. 2023).

3.6.7. Performance evaluation of the simulation models

To evaluate the precision and performance of the ANFIS model in predicting IWQs, several statistical
metrics were used for performance assessment. These metrics are commonly applied to compare a model's
predictions with actual data or those from other models, offering quantitative insights into the model's
predictive power, dependability, and accuracy. One of these metrics is the Nash-Sutcliffe efficiency

coefficient (NSE), represented by the following equations (Egs. (25-28)):

Nash—Sutcliffe efficiency coefficient (NSE)

2
_[EEL(woi-1wyi)

E=1 Z?=1(1W0i_1W0)2 Eq 2
The mean absolute error (MAD)
n W

MAD = ZzlWorrWril Eq. 26
The absolute variance fraction, R?

ZTl: (IWoi_IW i)z

2 _ 14 _ Zi=1 f

R°=1 R Eq. 27
The root-mean-square error (RMSE)

n o . 2
RMSE:\/z:Fl(IWOl IWfl) Eq 28

IW , is the observed IWQ index, n is the number of data points, /W is the predicted IWQ index, and
IW is the average of the observed Irrigation water quality index. Appendix FigurelO illustrates the
model architecture utilised by the ML algorithms. Used ML approached are illustrated in Appendix
Table 5.

3.6.8. Random forest algorithm (RF)

The RF algorithm is a robust and versatile ensemble learning technique widely utilized in various
fields, such as water quality evaluation, air pollution forecasting, and ecological monitoring
(Wongnakae et al. 2023; Ahmadi et al. 2023; Zhang et al. 2024). Its core principle involves using

bootstrap resampling to create multiple subsets from the original dataset, with each subset serving
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as the basis for an individual decision tree. These trees collectively form the random forest, enabling
sophisticated classification and regression tasks. In this model, each decision tree is constructed
using randomly selected samples and features, while the out-of-bag error provides an unbiased
estimate of the model's generalization error. This approach minimizes the impact of noise variables

and mitigates overfitting risks (Montes et al. 2021).
3.6.9. Model Evaluation and Performance Metrics

After determining the importance rankings of the features, those with the highest relevance were
selected for model construction. To assess the stability and accuracy of the different models, we
utilized key performance metrics, including the coefficient of determination (R?), mean squared error
(MSE), mean absolute percentage error (MAPE), and accuracy (ACC). The equations for these

metrics are defined as follows:

2 _ 1 _ 2 0-y)?
R? = 1- SEtets Eq. 29
1 A
MSE = —3i2q |9 — yil? Eq. 30
MAPE = 237|221 x100% Eq. 31
n Vi

where y; refers to the real value of each sample and y represents the predicted value obtained using

the RF model, y is the average of the measured values of the indicator.

3.7. Utilization of Monte Carlo simulation model (MCS)

In our study, the main aim of the MCS was to assess the probabilistic distributions of various factors,
including concentrations of HMs and NOs™, IR, ET, ED, EF, BW, SA, and K, (Appendix Figure 11).
This analysis aimed to outline the probabilistic distributions associated with uncertainties in the
assessment metrics (Vasanthavigar et al. 2013). Integrating the MCS model with the USEPA's HHRA
framework allows for a comprehensive analysis of uncertainties connected to HHRA from HMs
exposure. This involves generating a probabilistic distribution for CR readings. In this invistigation,
the MCS method was employed to predict oral HQ readings for both children and adults, thereby
reducing uncertainty and improving the credibility of non-carcinogenic HHRA evaluations for HMs
and NOs™ in the lower Danube river basin of Hungary. The input parameters included concentrations
of HMs and NOs™, as well as relevant variables from Equations 11 and 12. To ensure the accuracy

of the MCS, Python was used to perform 10,000 iterations, resulting in consistent observed and
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predicted HQ values, thus validating the model's effectiveness. While distributions for heavy metal
and NO3~ concentrations were based on existing data, other factors such as ET, IR, SA, and BW
were modeled as normal distributions to more accurately represent their true distributions (Qu et al.
2018; Saeed et al. 2023b). The MCS was implemented using Python 3.9 programming language.

Key Python libraries used in the simulation and data analysis included:
e NumPy (Harris et al. 2020) for numerical operations and random sampling,
o Pandas (McKinney 2010) for data handling and management,
e Matplotlib (Hunter, 2007) and Seaborn (Waskom 2021) for visualization,
e SciPy (Virtanen et al. 2020) for statistical distributions and calculations.

These libraries facilitated efficient simulation runs, data processing, and graphical presentation of

results. All code was documented to ensure reproducibility and transparency.
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4. RESULTS AND DISCUSSION

4.1 Heavy metal assessment of the Danube river

4.1.1 Heavy metal concentrations in surface water

This research investigated the distribution of eight HMs at seven representative locations (Appendix
Table 7). The concentrations of Cu, Cr, As, Mn, Fe, Ni, Zn, and Pb were recorded and averaged over
two distinct periods: April to September and October to March. During the April-September period,
the average levels of Cr, Cu, As, Mn, Fe, Ni, Zn, and Pb were 1.43, 4.03, 1.29, 53.02, 520.63, 2.70,
15.00, and 1.31 pg/L, respectively. The concentration hierarchy from highest to lowest was
Fe>Mn>Zn> Cu> Ni> Cr>Pb > As. In the October—March period, the mean concentrations were
1.36,3.69, 1.44,39.71,403.36,2.51, 1.27, and 15.59 pg/L, respectively. The order of concentrations,
from highest to lowest, was Fe >Mn>Zn > Cu> Ni> As> Cr> Pb. It is important to note that the
average amounts of Mn and Fe surpassed the regulatory limits set by the EU Directive and WHO in
2017.

4.1.2 Geospatial modeling and analysis

Elevated levels of most HMs were detected in both the upstream and downstream sections of the
study region, areas marked by high population density and significant industrial operations. These
activities lead to the release of both anthropogenic and industrial waste into the river. Furthermore,
the widespread application of fertilizers in farming practices alongside the riverbank adds to the
increased concentrations of HMs in the water. The application of GIS for water quality information
systems and spatial analysis, employing IDW interpolation, facilitated the mapping of water quality
indicators across the Danube and Al-Jawf basins. This spatial modeling helped pinpoint critical areas
requiring targeted management intervention and guided the refinement of river basin management
strategies. GIS integrates spatial and temporal data, allowing effective visualization and
interpretation of water quality variations, making it a powerful tool for environmental monitoring

and decision-making.

4.1.3 Specific heavy metals analysis

Although the Danube river is not directly used as a primary drinking water source, health-based
thresholds such as those from the World Health Organization (WHO, 2017) are applied in this study
for comparative evaluation. These benchmarks allow an assessment of potential risks under

hypothetical exposure conditions, such as incidental ingestion, indirect usage, or potential
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abstraction and treatment. This approach also supports consistency in interpreting HM
concentrations across spatial and seasonal patterns. To provide a clear overview of HM distribution
in the Danube, Appendix Table 8 presents the raw concentration values for all sampling sites (S1—
S7) during the April-September and October—March periods. To visualize spatial variability and
identify pollution hotspots, Appendix Figures 12(A—h) display the interpolated HM concentration
maps for As, Cr, Cu, Fe, Mn, Ni, Pb, and Zn for the April-September season. Corresponding maps
for the October—March period are presented in Appendix Figures 13(A—H). These maps reveal clear
spatial trends, with higher concentrations of Fe, Mn, and Zn particularly evident in the southern and
southwestern zones. This suggests possible inputs from localized industrial or land-use sources. The
seasonal variation captured through this mapping supports a more nuanced interpretation of HM

dynamics in the Danube River basin.

4.1.3.1 Arsenic (As)

High levels of As in water pose serious risks to both human health and the environment. As, a highly
hazardous element, has been associated with immune system disorders, reproductive issues , and
skin cancer (Tokatli and Ustaoglu 2020; Selvam et al. 2022). The levels of As in water were
monitored during two time periods: April to September and October to March. In the April—
September period (Appendix Figure 12A), concentrations varied between 0.9 and 3.90 ug/L, with
an average of 1.29 pg/L, while from October to March (Appendix Figure 13A), levels ranged from
0.1 to 3.79 pg/L, with an average of 1.44 pg/L. These concentrations remained below the WHO
(2017) guideline of 10 pg/L for drinking water, indicating low potential health risks under

hypothetical human exposure scenarios (Appendix Table 7).

4.1.3.2 Chromium (Cr)
Although Cr concentrations peaked at 3.49 pg/L, with a mean of 1.43 pg/L from April to September

(Appendix Figure 12B) and increased to a peak of 4.89 pg/L, with a mean of 1.36 pg/L from October
to March (Appendix Figure 13B), these levels remained well within the WHO (2017) drinking water
guideline of 50 pg/L. The slight decrease in Cr concentrations during the April-September period
may reflect seasonal changes in anthropogenic inputs or dilution processes, contributing positively

to water quality(Saeed et al. 2023a).
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4.1.3.3 Copper (Cu)
Cu is a vital element for human health (Samantara et al. 2017; Selvam et al. 2022). In this study, Cu

concentrations were higher during the April-September period, ranging from 2.6 to 8.59 ug/L, with
an average of 4.03 ug/L (Appendix Figure 12C). The levels slightly declined during the October—
March period, reaching a maximum of 8.09 pg/L, with an average of 3.69 pg/L (Appendix Figure
13C). All values were far below the WHO (2017) drinking water guideline of 2000 pg/L, indicating

that Cu concentrations do not pose a health concern in the context of potential human exposure.

4.1.3.4 Iron (Fe)

The high Fe concentrations found in SW are likely due to multiple sources, such as industrial waste
discharge and runoff from rainwater. Iron levels above 300 pg/L are known to cause harm to
plumbing and laundry systems (WHO 2017; Mollo et al. 2022). In this study, Fe concentrations
ranged from 10 to 2250 pg/L, with a mean of 520.6 ng/L during April-September (Appendix Figure
12D), and from 1 to 2900 pg/L, with an average of 403.3 pg/L during October—-March (Appendix
Figure 13D) (Appendix Table 7). These values exceeded the WHO (2017) aesthetic-based guideline
of 300 ng/L. The elevated Fe levels observed may be attributed to multiple sources such as industrial
discharges, urban runoff, and sediment interactions. In particular, one plausible contributing factor
is the 2010 Ajka alumina plant disaster in western Hungary. The accident resulted in the release of
red mud, a by-product of bauxite refining, into the Torna Creek and subsequently into the Marcal
and Réba rivers, which are hydrologically connected to the Danube river. Previous studies, including
(Uzinger et al. 2015), reported that this red mud contained iron oxide (Fe2O3) concentrations ranging
from 40% to 45%, suggesting that a significant iron load was introduced into the river system. While
this study does not directly detect red mud residues at the sampling sites, the spatial proximity and
hydrological linkage support the possibility that legacy contamination from the Ajka spill may still
influence iron concentrations in downstream segments of the Danube (Saeed et al. 2023a). Further

investigations would be needed to confirm this connection with greater certainty.

4.1.3.5 Manganese (Mn)

Although Mn is a necessary nutrient, excessive exposure can negatively impact human health (Obasi
and Akudinobi 2020). In our study, Mn levels ranged from 5 to 350 pg/L, with a mean of 53.02 pg/L
during the April-September period (Appendix Figure 12E), and from 5 to 350 ng/L, averaging 39.7
pg/L from October to March (Appendix Figure 13E). In several sampling locations, concentrations

exceeded the WHO (2017) guideline of 50 pg/L. These exceedances suggest localized sources or
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mobilization under changing redox conditions and highlight the need for continued monitoring and

evaluation (Appendix Table 7).

4.1.3.6 Nickel (Ni)
As shown in Appendix Table 7, Ni concentrations ranged from 1.6 to 9.59 pg/L, with an average of

2.70 pg/L during April-September (Appendix Figure 12F), and from 0.7 to 6.39 pg/L, with an
average of 2.51 pg/L during October—March (Appendix Figure 13F). These values remained below
the WHO (2017) drinking water guideline of 70 pg/L. Although not alarming in magnitude, nickel
is classified as a Group 1 human carcinogen by the International Agency for Research on Cancer
(IARC, 2012), and its presence in aquatic systems warrants precautionary observation (WHO 2017;
Mollo et al. 2022).

4.1.3.7 Lead (Pb)

During April-September, Pb levels ranged from 0.2 to 4.19 pg/L, averaging 1.31 pg/L (Appendix
Figure 12G), while in the October—March period, levels ranged from 0.3 to 8.99 pg/L, with an
average of 1.27 ng/L (Appendix Figure 13G). All observed concentrations were below the WHO
(2017) drinking water guideline of 10 pg/L. The minor seasonal decline in Pb levels may reflect
changes in industrial discharge and reduced runoff of petroleum-based pollutants into the Danube

river (Saeed et al. 2023a).

4.1.3.8 Zinc (Zn)

Zn is essential for immune function and human metabolism (Samantara et al. 2017; Karunanidhi et
al. 2021a; Selvam et al. 2022). Zn concentrations in this study ranged from 2.1 to 46.99 ng/L, with
an average of 15.0 ug/L during April-September (Appendix Figure 12H), and from 7.2 to 40 ug/L,
averaging 15.59 ug/L during October—March (Appendix Figure 13H). All values were well below
the WHO (2017) guideline of 3000 pg/L for drinking water. This suggests low potential risk
associated with zinc under hypothetical exposure and highlights stable seasonal behavior. Variations
between periods may reflect both anthropogenic and natural geochemical processes (Sharma et al.
2019). Natural factors such as shifts in geological formations, weather patterns, and soil composition
can impact HM levels in SW. On the other hand, human actions, such as industrial and agricultural
practices, contribute to HM contamination. Therefore, ongoing monitoring and evaluation of HM

levels in SW are essential for identifying potential threats to human health and the environment.
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The first three sites (S1, S2, and S3) are located downstream from the site of the Ajka red mud spill,
which occurred upstream and may represent a potential point source. However, other upstream or
nearby sources could also contribute, and Ajka is not assumed to be the only possible origin. At these
sites, concentrations of Fe and Mn are notably higher than the limits established by the WHO and
the EU. This increase is likely due to the Ajka accident, which discharged large amounts of these
metals into the river. As the contaminated water flows downstream, it reaches these initial sites,
resulting in the observed elevated metal levels. At the midpoint (S4), the concentrations of Fe and
Mn decrease, likely due to dilution from water mixing with additional sources, which lowers the
metal levels. Nevertheless, as the river continues to the ultimate sites (S5, S6, and S7), Mn and Fe
amounts rise again, suggesting that other sources beyond the Ajka incident are contributing to the
higher metal levels. The land use and land cover (LULC) map (Appendix Figure 4) was referenced
to explore potential sources of diffuse pollution along the river corridor. Specific land cover types,
such as barren land, built-up areas, and agricultural zones, are known to contribute to pollutant
loading through surface runoff, soil erosion, and leaching, especially during rainfall events. Although
soil concentrations were not directly measured in this study, the spatial distribution of these land use
categories provides an important context for understanding potential pollutant pathways into the
aquatic system. The presence of urban and agricultural areas along the riverbanks in the study region
suggests that these land uses may be responsible for the elevated concentrations of Mn and Fe
observed at the downstream sites. Moreover, while trace element patterns reveal higher Fe
concentrations in certain areas, there is no direct evidence linking these increases to the Ajka
incident. This ambiguity highlights the need for further analysis, such as REE (rare earth element)
fingerprinting, to determine whether residual red mud contamination persists or if other
anthropogenic sources (e.g., industrial discharge, agricultural runoff) are responsible. Without such

confirmatory testing, the exact origin of these elevated metal levels remains uncertain.

4.1.4 Heavy metal pollution index (HPI) and metal index (MI)

The HPI model is an important method for assessing the overall contamination level in SW. This
tool helps assess the impact of HMs on water quality and helps in monitoring and managing potential
health risks linked to HM exposure (Rahman et al. 2022). The highest HPI readings for the HMs
examined in the lower Danube river basin were recorded between October and March. The average
HPI for April through September was 21.91, with values ranging from 17.63 to 25.17, while the
average HPI from October to March was 19.42, with values ranging from 15.82 to 25.59. According
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to the results and referencing Edet and Offiong (2002) (Edet and Offiong 2002), almost all samples
from both periods fell within the moderate pollution range of the HPI (15-30). It is important to note
that the SW was generally not contaminated with the HMs studied, except for Fe and Mn.
Nevertheless, the substantial presence of Mn and Fe at all sites led to higher HPI values at those
sampling points (Appendix Figure 14A). To assess the extent of HM contamination in water and its
effect on water quality, the MI approach was utilized along with the HPI index, applying the
maximum permissible limits specified by the EU- Water Framework Directive (WFD) (The
European Parliament and the Council of the European Union 2020). The MI averages for the periods
April-September and October—March were found to be 4.13 and 3.28, respectively. These results
point to serious pollution during April-September and moderate pollution from October—March.
When compared to the maximum permissible values set by the EU-Directive Framework, the level
of contamination indicates a substantial presence of HMs in the water samples. This highlights the
pressing need for ongoing monitoring and efforts to enhance water quality in the lower Danube River

basin in Hungary (Appendix Figure 14B).

4.1.5 Spearman correlation and heatmap cluster analysis

Before performing the statistical analysis, the normality of the input was tested using the
Kolmogorov—Smirnov test. The interactions among different HM parameters in the Danube SW can
offer insights into their origins and distribution. For elements that did not follow a normal
distribution, the nonparametric Spearman correlation matrix was used, as illustrated in Appendix
Figure 15. It is important to note that statistical significance (e.g., p <0.01 or p <0.05) does not
necessarily indicate a strong correlation. Many of the detected correlations, while significant, have
low to moderate strength (e.g., r<0.4), and should be interpreted with caution in the context of
environmental processes and potential sources. During the April-September period (Appendix
Figure 15A), with a significance threshold of p <0.01, several positive correlations were detected.
Specifically, Cr showed positive correlations with Fe (r=0.33), Mn (r=0.23), and Zn (r=0.37).
Likewise, Fe was positively correlated with Mn (r = 0.40) and Zn (r = 0.39), while Mn was positively
correlated with Pb (r=0.32) and Zn (r=0.31). At a significance level of p<0.05, positive
correlations were also found between As and Fe (r=0.17), Cu and Ni (r=0.19), and Ni and Pb
(r=0.17). Although statistically significant at p <0.01, the observed positive correlations among Fe,

Cr, Zn, Mn, and Pb (with correlation coefficients ranging from 0.31 to 0.40) are generally weak to

44



moderate in strength. These results suggest a potential association or co-occurrence, but caution is
needed when inferring shared sources solely based on such correlation values.

During the period from October to March (Appendix Figure 15B), positive correlations were found
at a significance level of p <0.01. Specifically, lead (Pb) had positive correlations with Cr (r =0.24),
Fe (r=0.40), and Mn (r=0.272), while Fe and Mn also displayed a positive correlation (r=0.515).
Additionally, at a significance level of p <0.05, Zn showed a positive correlation with As (r=0.19),
Mn was positively correlated with Cr (r = 0.199), and Fe had a positive correlation with Cu (r=0.17).
The substantial positive correlations among Cr, Fe, Mn, and Pb during October—March, significant
at p<0.01, suggest that these elements might originate from a common source. In contrast, the
positive correlations among As, Cu, Zn, and Ni at a significance level of p <0.05 imply that these
elements may have different sources. The heatmap cluster tree provides an effective visualization
for determining groups of variables with similar correlation patterns within a correlation matrix. The
results obtained from this heatmap cluster tree were in agreement with those from the spearman
correlation matrix, which then was applied to non-normally distributed data. The positive
correlations observed in the Spearman matrix among HMs like Zn, Cr, Mn, Fe, and Pb were also
represented in the heatmap cluster tree. Likewise, the diverse origins of metals such as Zn, As, Cu,
and Ni identified in the Spearman matrix were evident in the heatmap cluster tree as well. These
results underscore the usefulness of the heatmap cluster tree as a complementary tool to the
correlation analysis matrix, especially for non-normally distributed data, in uncovering correlation
patterns among the variables. Storm runoff plays a significant role in transporting HMs from diverse
sources, such as industrial operations, transportation systems, and human activities, into rivers
(Xiong et al. 2021). Consequently, HMs may enter river waters from reservoir banks and areas
affected by water level fluctuations. Under certain environmental conditions, like specific redox
potentials and pH levels, HMs that are bound in sediments can be released into the water, resulting
in pollution (Gao et al. 2018). Therefore, it is crucial to adopt strategies to reduce HM contamination
in riverbank soils. These strategies include ecosystem preservation and rehabilitation through
methods like reforestation, limiting adjacent commercial activities, and converting agricultural land
into forest areas (Xiong et al. 2021). Mn, which is widely found in the Earth's crust and frequently
occurs alongside iron, indicates a potential link between Mn and Fe. CA identified three main groups
of HMs: Cluster 1, which includes Fe, Cr, Mn, and Zn, likely represents HMs that share identical

sources or behaviors within the river, possibly connected to industrial activities, urban discharge, or
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agricultural practices. In contrast, Cluster 2, comprising Pb, Ni, and Cu, exhibits distinct patterns
from Cluster 1, suggesting different sources or behaviors. These elements are often associated with
industrial discharges (e.g., metal plating, machinery manufacturing), traffic-related emissions (e.g.,
brake and tire wear, fuel combustion), and urban runoff, indicating anthropogenic influences typical
of built-up areas. Arsenic, forming a separate Cluster 3, shows a unique pattern that may reflect
localized sources. These could include geological contributions from naturally enriched sediments,
agricultural inputs such as pesticides or irrigation runoff, or isolated industrial activities. The
clustering suggests that As follows a distinct pathway or mobilization process compared to other
metals in the dataset. A positive correlations, such as those between Mn and Fe (0.4), Mn and Zn
(0.32), and Mn and Pb (0.31), suggest that these metals may have shared sources or interconnected
behaviors within the river. Moderate positive correlations, like those between Cr and Fe (0.33) and
Crand Zn (0.37), also imply co-occurrence due to similar sources or environmental conditions. Low
correlations (below 0.1) between Ni and As with other metals indicate that their presence may be
influenced by distinct factors or sources, showing limited interdependence with other metals in the
dataset. The clustering suggests that metals in Cluster 1 may originate from industrial sources, while
Cu, Pb, and Zn could be associated with urban and agricultural runoff. As might be linked to
geological sources. These findings offer valuable insights into potential pollution sources and can
aid in developing environmental management strategies and mitigate HM contamination in the

Danube River.

4.1.6 Potential ecological risk index (RI)

Developed in 1980, Hakanson's potential ecological HI is a widely identified approach for assessing
the impact of HM pollution on sediment and aquatic environments. This index integrates several
factors, including HM concentrations, their ecological and toxicological effects, and broader
environmental consequences. By combining these factors, the index provides a comprehensive
evaluation of the ecological risks associated with HM contamination in sediment and water systems.
This research focuses on evaluating the potential RI for HMs, as shown in Appendix Figure 16. The
mean RI values calculated for samples collected between April and September and October and
March were 3.35 and 3.34, respectively. These findings suggest a relatively low RI (RI < 30) from
the HMs studied in the lower Danube river basin in Hungary. Appendix Figure 16 demonstrates the
relationship between RI values and sampling locations within the study area, highlighting the link

between pollution levels and ecological risks.
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The region under study, characterized by extensive agricultural and residential areas adjacent to the
river and its tributaries, may contribute to higher concentrations of HMs in sediments, posing risks
to the Danube river ecosystem. Research by Szabd et al. (Szabd et al. 2020) highlights key factors
influencing HM distribution in floodplain soils, demonstrating that organic matter primarily governs
macro-elements (e.g., Fe, Mg, K), while clay content and landform type significantly control micro-
elements (e.g., Cr, Cu, Ni, Pb, Zn). Their findings emphasize that geomorphic features, particularly
clay-rich swales, enhance HM retention in soils, suggesting similar depositional environments along
the Danube may act as HM sinks. Given these dynamics, assessing the ecological risks associated
with HM contamination in aquatic environments is essential. Such evaluations are critical for
developing targeted management strategies and policies to mitigate the threats posed by trace

contaminants, ensuring the long-term health of riverine ecosystems.

4.1.7 Health risk assessment

The HI for both non-carcinogenic and carcinogenic risks were assessed by calculating oral and
dermal HQ. The results demonstrate the overall health hazards to people from various HM exposures

between April and September, as well as October and March, impacting both children and adults.

4.1.7.1 Non-carcinogenic health risk

To assess non-carcinogenic risks in both children and adults, the concentrations of toxic elements
including As, Cr, Cu, Fe, Mn, N1, Pb, and Zn were analyzed (Appendix Figure 17). During the April—
September period, the oral hazard quotient (HQ) for adults ranged as follows: As (1.2x107" to
1.4x107"), Cr (1.1x1072 to 1.8x1072), Cu (2.6x1073 to 3.3x1073), Fe (7.3x107 to 2.9x1072), Mn
(5.0x1072 to 9.1x1072), Ni (3.4x107 to 4.7x1072), Pb (2.5x1072 to 3.5%107?), and Zn (1.2x1073 to
1.8x1073). For children in the same period, the oral HQ varied within the following ranges: As
(4.6x107" to 5.3x107"), Cr (4.3x1072 to 6.9x1072), Cu (1.0x102 to 1.3x1072), Fe (2.8x1072 to
1.1x107"), Mn (1.9x107" to 3.5%107"), Ni (1.3x1072 to 1.8x1072), Pb (9.4x1072 to 1.3x107"), and Zn
(4.6x1072to 6.8x107?) (Fig. 17A). Conversely, during the October—March period, oral HQ values for
adults were as follows: As (1.3x107! to 1.7x107"), Cr (9.3x107 to 1.8x1072), Cu (2.5x107 to
3.1x107%), Fe (9.0x107 to 2.3x107%), Mn (3.3x1072 to 8.3x1072), Ni (3.5x107* to 4.2x1073), Pb
(2.1x1072 to 3.3x1072), and Zn (1.3%x107* to 1.9%x107%). In children, HQ values during this period
ranged from: As (4.9x107! to 6.5x107"), Cr (3.6x1072 to 7.0x1072), Cu (9.6x107 to 1.2x1072), Fe
(3.4x1072 to 8.7x1072), Mn (1.2x107" to 3.2x107"), Ni (1.3x102 to 1.6x1072), Pb (8.1x1072 to
1.3x107"), and Zn (4.9%107% to 7.4x1073) (Appendix Figure 17B).
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From the HQ oral data, it appears that the risks to human health from As, Cr, Cu, Fe, Mn, Ni, Pb,
and Zn oral are typically greater for children than for adults during the April-September timeframe.
It's important to emphasize that while the HQ oral values remain below the acceptable threshold of
1, these values are contextual to the studied location and timeframe. Human health risks can vary
based on factors such as the length and frequency of exposure, individual susceptibility, and
environmental conditions. During the April-September period, the HQ for adults ranged between
6x10~* and 7x107* for arsenic (As), 4.2x1073 to 6.9%107* for chromium (Cr), 1x107° to 4x10~* for
copper (Cu), 2x10* to 7x10~* for iron (Fe), 6x1073 to 1.07x1072 for manganese (Mn), 1x10™* to
3x10~* for nickel (Ni), 0 to 1x107° for lead (Pb), and 1x107° to 3x107° for zinc (Zn). For children
during the same period, dermal HQ values ranged between 1.7x1072 and 1.9%1073 for As, 1.25x1072
to 2.03x1072 for Cr, 1x10™ to 2x10™* for Cu, 5x10™ to 2x1073 for Fe, 1.76x1072 to 3.17x1072 for
Mn, 2x10~* to 3x10~* for Ni, 1x10~* to 2x10~* for Pb, and 1x10~* for Zn (Appendix Figure 17A). In
contrast, during the October—March period, dermal HQ values for adults ranged from 6x10™* to
8x107* for As, 3.5%x1073 to 7x1073 for Cr, 2x1075 to 4x107° for Cu, 2x10™* to 5x107* for Fe, 3.9x1073
to 9.8x1072 for Mn, 1x107* to 2x10 for N1, 1x107° to 2x10™* for Pb, and 1x1075 to 2x107° for Zn.
For children in the same period, the dermal HQ values ranged between 1.8x107* and 2.4x107 for
As, 1.05x1072to 2.06x1072 for Cr, 1x10~* for Cu, 6x107* to 1.6x1073 for Fe, 1.14x1072 to 2.89x1072
for Mn, 2x10~*to 3x10~* for Ni, 1x10~* to 2x10* for Pb, and 1x10* for Zn (Appendix Figure 17B).
According to both oral and dermal HQ values, children are at greater risk from exposure to Cr, As,
Cu, Fe, Ni, Mn, Zn, and Pb through skin contact compared to adults during October—March.
Nonetheless, it is important to emphasize that while dermal HQ values are below the acceptable
threshold of 1, these results are specific to the location and period studied. Actual health risks can
differ based on different factors such as exposure frequency, duration, individual sensitivity, and
environmental conditions. Continuous monitoring of these metals in the Danube river is crucial,
especially for at-risk groups like children, given that the river serves as a major source of drinking
and irrigation water in Hungary. Recent research has shown that consuming vegetables cultivated
on Danube river sediment contaminated by industrial activity poses health risks, particularly to
children. Although daily intake metrics for adults remained within safe limits, the health risk index
(HRI) exceeded 1 for children exposed to cadmium in radish and to copper and zinc in green peas.
These findings emphasize the vulnerability of children to metal toxicity and suggest that even

moderate exposure from locally grown crops can present long-term risks (Kovacs-Bokor et al. 2021).
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4.1.7.2 Monte Carlo simulation approach (MCS)
The MCS was utilized to forecast the HQ (oral & dermal) values for Cu, As, Fe, Cr, Mn, Ni, Pb, and

Zn, as well as the CR (oral and dermal) values for Cr, As, and Pb, considering both adults and

children.

4.1.7.3 Non-carcinogenic health risk
The outcomes of the MCS revealed that the projected HQ values for all HMs remained below the

standard thresholds (HQ < 1). Hence, the anticipated levels of exposure through both oral and dermal
pathways are unlikely to present substantial health risks for either adults or children. Moreover, it's
significant to acknowledge that hazard evaluations often depend on conservative assumptions and
entail uncertainties in available data. Therefore, continual monitoring of exposure levels and regular
updates to risk assessments are imperative as fresh information emerges (Appendix Figures 18 and
19).

4.1.7.4 Carcinogenic health risk

This work employed the MCS approach to replicate carcinogenic risk assessments derived from the
deterministic method across oral and dermal exposure routes in both adults and children. The 95th

and 5th percentile risk exposures delineated the most favorable and adverse scenarios, respectively.

4.1.7.4.1. Arsenic
The probability analysis (Appendix Figures 20 and 21 A-D) indicates that oral CR values are notably

higher in children compared to adults within the studied groups. During both the October—March
and April-September periods, the 95th percentile CR values for children were recorded as 3.6 x 107*
and 3.3 x 1074, respectively, whereas for adults, these values were 9.65 x 107> and 8.636 x 107,
respectively. This data underscores a heightened health risk for children, with the most pronounced
risk occurring in October—-March, where the 95th percentile value of 3.6 x 10™* was the highest
observed among all groups. Additionally, the 95th percentile dermal CR values for children were
4.537 x 107° and 4.055 x 107>, compared to 1.55 x 107 and 1.380 x 107> for adults. Overall, the
carcinogenic risk for children exceeded the acceptable carcinogenic risk threshold of 1.0 x 1074,
indicating a potential increased risk of developing cancer in the future due to prolonged arsenic
exposure throughout the watershed. The elevated CR in children may be partly attributed to their
lower body weight (Fallahzadeh et al. 2019). As, a major carcinogen typically present in low

concentrations in natural environments, is largely introduced into SW through human activities such
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as arsenic and arsenic-containing metal mining, the use of arsenides and arsenic in various processes,

and coal combustion (Zhang et al. 2022).

4.1.7.4.2. Chromium (Cr)
Appendix Figures 20 and 21 A-D display histograms that depict the estimated CR from Cr exposure

through dermal and oral routes for both adults and children. The data for oral CR shows that children
face a higher cancer risk compared to adults, with their oral CR values exceeding the acceptable risk
threshold of 1.0E—04 (oral CR 95% = 1.2x10#), whereas the CR levels for adults were minimal
during both April-September and October—March. In contrary, the dermal CR results for the 95th
percentile reveal cancer susceptibility in both groups. For children, the dermal CR values during
April-September and October—March were 9.03x10** and 8.53x10, respectively, while for adults,
they were 3.050x10* and 2.92x10, respectively. Therefore, lowering Cr levels in the environment

is expected to decrease the related health hazards from exposure (Fallahzadeh et al. 2019).

4.1.7.4.3. Lead (Pb)
The histograms shown in Appendix Figures 20 and 21 A-D were generated through 10,000 iterations

to predict the CR from lead exposure via dermal and oral pathways for both children and adults. The
analysis indicates that children are at a greater risk of developing cancer than adults, with oral CR
values surpassing the critical limit of 1.0x10* (oral CR 95% = 1.1x10%) in the April-September
period. In contrast, during October—March, cancer risk was minimal for both children and adults,
with CR values being very low (2.922x107) for children and for adults in both periods (2.922x107
and 2.818%107, respectively). Additionally, the dermal CR values at the 95th percentile show no
significant CR for either group. For children, the CR values for dermal exposure were 4.134x107
during April-September and 4.004x107° during October—March, while for adults, these values were
1.400x107 and 1.363x107, respectively. Therefore, reducing environmental lead levels is essential

for alleviating health risks, particularly for children.

4.2 Physical chemical properties of the Danube river

4.2.1 Hydrochemical properties of Hungary’s Danube river

The spatial distribution of maximum concentrations of key hydrochemical parameters is shown in
Appendix Figure 22. This visualization highlights regional variations in water quality across the
Danube river Basin in southern Hungary. The values represent the highest concentration recorded at

each sampling location during the monitoring period. These maps support the interpretation of
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spatial trends discussed throughout this section, including north-to-south gradients in Ca*", Mg?",
and CI, as well as localized enrichments in NOs™~ and Fe, potentially linked to agricultural and urban
influences. When evaluating the SW quality of the Danube river in Hungary, it is useful to classify
the collected samples based on their physicochemical characteristics and ion compositions, and then
compare these against established irrigation water standards (Appendix Table 8) (Ayers and Westcot
1985). The pH levels of the samples (Appendix Figure 22A) vary between 7.6 and 8.6, with an
average value of 8.1, reflecting a slightly alkaline nature that aligns with the recommended pH range
(6.5-8.4) for irrigation (Ayers and Westcot 1985; Salem et al. 2023). The EC values (Appendix
Figure 22L) show considerable fluctuation, ranging from 360 to 680 puS/cm, but all measurements
are well below the maximum irrigation standard of 3000 puS/cm. TDS concentrations (Appendix
Figure 22B) range from 199 to 370 mg/L, with all samples meeting irrigation standards. Ca** is the
most prevalent cation (Appendix Figure 22C), followed by Mg?** (Appendix Figure 22D), Na*
(Appendix Figure 22E), and K* (Appendix Figure 22F), with average concentrations of 53.8, 15.37,
16.06, and 2.6 mg/L, respectively. Among the anions, HCOs™ is the most abundant (Appendix Figure
22QG), followed by SO+* (Appendix Figure 22J), Cl (Appendix Figure 22I), COs*" (Appendix Figure
22H), and NOs~ (Appendix Figure 22K), with average levels of 189.5, 36.2, 23.36, 9.59, and 7.7
mg/L, respectively. These elevated concentrations are likely due to the dissolution of evaporite
minerals and cation exchange with mineral clays (Bel Hadj Salem et al. 2012; Ahmed et al. 2020;
Mhamdi et al. 2022). Na* levels, ranging from 11 to 25.5 mg/L, are below the FAO’s irrigation
threshold (Ayers and Westcot 1985), though higher concentrations in northern samples suggest
possible agricultural runoff accumulation. K™ levels range from 0.1 to 4 mg/L, averaging 2.6 mg/L,
which is suitable for irrigation, with elevated levels in southern regions potentially resulting from
potash feldspar weathering or the application of fertilizers (Salem et al. 2023). Ca?" concentrations
exhibit a gradual rise from southern to northern regions, ranging between 39 and 68 mg/L.
Importantly, all samples show Ca®" amounts below the irrigation guidelines threshold, with these
notable levels possibly originating from the dissolving of gypsum and the incongruent dissolution
of dolomite, a process commonly referred to as dedolomitization (Blubaugh et al. 1991; Al-Mashreki
et al. 2023; Salem et al. 2023). The dedolomitization process is described by the following equation
(Eq.32):

CaMg?( CO3*)1(s)+Ca SOF.2H>0(s) + 2H' ==CaCO;(s)+Ca’"+Mg’*+SO++2HCO5 +2H-0
Eq. 32
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Mg?* levels ranged widely from 12 to 24 mg/L, showing an increasing trend from south to north
along the research area. Despite this variation, all samples remained below the FAO standards (Ayers
and Westcot 1985; Ben Moussa et al. 2021). The low Mg?" concentrations might be related to the
dissolution of ferromagnetic minerals and cation-exchange processes (El Mejri et al. 2014; Ben
Moussa et al. 2021). HCO3™ levels ranged from 125 to 255 mg/L, and all measurements were within
the permissible irrigation limit of approximately 610 mg/L. CI concentrations ranged from 15 to 40
mg/L across all samples, all of which were below the irrigation limit. However, higher chloride levels
were observed in the northern region, likely due to increased human activities in agrarian and
industrial/urban areas. SO4* concentrations in the SW ranged from 27 to 51 mg/L, with most samples
being below the FAQ’s standard limit. The presence of SO4* is likely due to anthropogenic activities
and/or the dissolution of gypsum (Eq. 33) and/or anhydrite minerals (Eq. 34), as described by the

following equations:

CaSO2, 2H:0) ==  C&* +SO# Eq. 33
CaSO/ =—= C&" +SO0/ Eq. 34

Fe and Mn (Appendix Figure 22N and 220, respectively) exhibit localized concentrations possibly
linked to redox conditions. Recent long-term hydrological studies in the Pannonian Ecoregion,
which includes the Hungarian Danube river, have revealed that surface water warming has been
most pronounced during the winter and spring seasons, with relatively lower but still notable
increases in summer and autumn. Over the past 30 to 40 years, both lakes and rivers in the region
have experienced a substantial intensification in the frequency and duration of SW heatwaves.
Specifically, rivers showed an increase of approximately 1.2 heatwave events per decade,
contributing to an additional 22 days per decade of cumulative heatwave duration. These thermal
shifts are expected to significantly influence the hydrochemical behavior of river systems, affecting

parameters such as dissolved oxygen, solubility of HMs, and nutrient cycling (Li et al. 2024).

4.2.2 Surface water facies and source determination

4.2.2.1 Surface water categories
SW can be categorized into specific water types based on ion dominance. Tools such as Piper
diagram are useful for determining these chemical water types (Piper 1944). According to the Piper

diagram, the Danube River's surface water falls into a single chemical category, namely the Ca-Mg-
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HCOs type (Appendix Figure 23A). This classification is marked by a high concentration of
bicarbonate, signifying ongoing replenishment, while the majority of cations tend to align with the
calcium end of the spectrum in most samples. Conversely, the Gibbs diagram, which examines the
link between water chemistry and geological factors, shows that all samples fall within the rock
weathering domain. This is attributed to water-rock interactions occurring along the flow route from
south to north (Appendix Figure 23B). It implies that the composition of SW is predominantly
influenced by solute enrichment from carbonate mineral dissolution, ion exchange with silicate
minerals, and the return of irrigation water (Derwich et al. 2012; Bel Hadj Salem et al. 2012; Gad et
al. 2020a). Additionally, the water samples show a tendency towards the rock weathering pole,

reflecting the impact of cation-exchange processes.

4.2.2.2 Ion exchange

The study utilized statistical methods to examine the connection and ratios of key ions, aiming to
determine the main factors influencing SW chemistry in the area of investigation (Appendix Figure
24). In aquifer systems with a significant presence of clay minerals, ion exchange is a critical process
affecting SW mineral content. These clay minerals typically balance their electrical charge by
capturing monovalent cations like Na" and K", and simultaneously releasing divalent cations such
as Ca?" and Mg>" or the reverse. Appendix Figure 24A depicting [(Ca?>"+Mg*") — (Na*+ K")] vs.
[HCO*  — (SO4> + CI)] illustrates that all SW samples fall within the Ca>-Mg*-HCO5 class,
indicating continuous recharge of the river and dominance of Ca*, Mg*-and HCOs™ ions in the water
chemistry along the flow path. This underscores the significance of ion exchange in SW
mineralization in the Danube river (Gad et al. 2020a), a process closely associated with cationic
interactions with clay minerals observed in the studied river network. Throughout this process, Ca*"
and Mg*" ions originally adsorbed onto the outer layer of clay minerals interchange with Na* and
K" ions in SW. This ionic exchange mechanism can be represented by the following eq. 35 (Gad et
al. 2020a; Gaagai et al. 2023).

(Ca**, Mg®*)-Clay + 2(Na*, Kt) ~— (Na*, K*)-Clay + (Ca**, Mg**) Eq. 35
Ion exchange processes or silicate weathering are responsible for decreasing the (Ca** +
Mg?")/HCOs" ratio and the Ca*"+Mg?" / (HCO;5™ + SO4%) ratio to values below 1 (Appendix Figure
24 B-C). In ion exchange, Ca*'+ Mg?" ions are extracted from water while Na* and K" ions are
introduced (Salem et al. 2023). Plotting the summation of Ca?>" and Mg?" ions against HCO3™ + SO4>

ions on a linear graph helps identify the source of Mg?" and Ca*" in water samples (Al-Mashreki et
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al. 2023; Salem et al. 2023). Ratios below 0.5 may indicate ion exchange or bicarbonate enrichment
as the primary causes of Mg?" + Ca?" depletion. All samples fall below the 1:1 line, indicating higher
proportions of HCO3™ than Ca**+ Mg?", suggesting sources of HCOj3" ions other than the dissolution
of calcite and dolomite. The linear connection observed between Na™ and C1 (Appendix Figure 24D)
suggests a discrepancy in the concentrations of these ions within the water samples. This connection
indicates that the dissolution of halite is not a major source of Na" and CI ions. Instead, the higher
concentration of chloride ions compared to Na' points to anthropogenic sources, such as agricultural
runoff or industrial discharges. Most samples fall to the right of the 1:1 line, suggesting the presence
of additional sources of CI or possible Na" removal due to recharge water (Appendix Figure 24D).
The analysis of the ionic balance between Ca®>" and Mg?" (Appendix Figure 24E) demonstrates that
all samples are positioned above the 1:1 line, which indicates an abundance of Ca** relative to Mg>".
This observation suggests that the river in the study area acquires Ca** from sources other than
dolomite dissolution, potentially from the dissolution of calcite or from agricultural runoff

containing Ca" from fertilizers.

4.2.2.3 Chlor-alkali indices

The CAI approach was employed to determine the primary mechanism—whether it is ion exchange
or reverse ion exchange—affecting the mineral composition in the lower Danube river Basin. Overall,
the CAI values, including CAI-I and CAI-II, were negative for all water samples (Appendix Figure
25 A-B). These negative values suggest a strong tendency towards ion exchange processes,
especially between K* and Na* in the SW of the study area, and between Ca** and Mg*" in the
surrounding geological formations. The analysis of various ionic ratios led to the conclusion that ion

exchange primarily influences the SW chemistry in this region.

4.2.3 Geochemical modeling and mineral saturation state
We utilized the PHREEQC model (Parkhurst and Appelol 1999) to analyze mineral concentrations,

SIs, and the ability of SW to either precipitate or dissolve minerals. This approach calculated
saturation indices for important minerals such as gypsum, dolomite, calcite, halite, aragonite, and
anhydrite, as well as the potential partial pressure of CO>. The model inputs consisted of pH,
temperature (in °C), EC, TDS, and major anions and cations (Appendix Figure 26). The results
revealed a negative partial pressure of CO2 below saturation levels in the lower Danube river

watershed, suggesting that water recharge is insufficient compared to extraction from the
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surrounding aquifer. Additionally, it was observed that CO; concentrations decrease along the water

flow direction, which is consistent with a concurrent reduction in SW recharge in that direction.

4.2.4 Statistical analysis

4.2.4.1 Cluster analysis

To assess the similarity among SW samples in the study region, we applied hierarchical CA using
the Mahalanobis distance metric combined with Ward's linkage method. This approach was selected
to better account for correlations among variables, providing a more robust clustering outcome than
the Euclidean distance. As shown in Appendix Figure 27A, the dendrogram reflects relationships
among physicochemical parameters and HMs, capturing variance structures inherent to the dataset.
All parameters were logarithmically transformed and standardized (Z-scores) prior to analysis to
approximate normality and ensure comparability. The dendrogram identifies three principal clusters
but with clearer separation and internal consistency. Notably, Cluster 1 groups HCOs~ and TDS,
indicating a strong association between alkalinity and overall salinity. This reflects the buffering role
of bicarbonate and its contribution to dissolved solids, possibly linked to carbonate weathering and
GW-SW interactions. Cluster 2 comprises Na*, Cl-, Mg?", and SO+*", which may represent mineral
dissolution from evaporitic or saline sources (Eid et al. 2024, 2025a). The grouping suggests a
dominant geogenic influence, possibly from natural saline intrusion or lithological contributions.
Cluster 3 includes Ca**, NOs~, Fe, and Mn, suggesting a mixed influence. The presence of nitrate
along with Fe and Mn may reflect agricultural runoff or redox-driven mobilization of metals under

variable oxidation states (Saeed et al. 2024).

4.2.4.2 Principal component analysis (PCA)

In our research, we applied the PCA to pinpoint the potential influences affecting the water quality
parameters under investigation. PCA revealed four main factors with eigenvalues > 1, which had a
considerable impact on the collected data during the sampling period. Appendix Table 9 presents a
detailed account of the PCA results. By using PCA with Kaiser normalization (> 0.75), we identified
4 PC at all sampling sites. These components were crucial in determining the condition of the
Danube SW in the study area. The PCA analysis yielded four primary components that together
explained 82.098% of the total variance, each with eigenvalues greater than 1 (Appendix Figure 27
B-C). PC1 alone accounted for 49.76% of the overall variance and had an eigenvalue of 7.47.

Variables associated with PC1 were significant indicators, representing both human activities and
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natural processes influencing SW chemistry. Key variables such as Ca?", Mg?*, Na*, CI", SO4*",
HCOs™, EC, NOs™, and TH showed strong positive loadings.

On the other hand, PC2, which accounted for 13.53% of the variance with an eigenvalue of 2.029,
highlighted the effects of anthropogenic activities on SW resources. It showed a positive correlation
with pH levels and COs* concentrations, suggesting that localized human activities within the study
area could impact water quality by altering pH and CO3> amounts (Uddin et al. 2023). Although
silicate weathering is likely the primary natural driver of pH and COs*" variations in the study area,
the influence of anthropogenic activities, particularly agriculture and industrial discharge, cannot be
excluded. These activities are known to introduce ions such as nitrates, phosphates, and sulfates into
aquatic systems, which can alter carbonate equilibrium and affect pH levels (Yu et al. 2016; Li et al.
2023). While direct source measurements were beyond the scope of this study, the land use context
and observed ion patterns suggest that both natural and human-induced factors likely interact to
shape SW chemistry. Further targeted research, including isotope tracing or source-specific
sampling, would be valuable to more definitively determine the sources and mechanisms involved.
PC3, which explained 10.51% of the total variance and had an eigenvalue of 1.58, was notably
associated with iron, showing a negative correlation. On the other hand, PC4, with an eigenvalue of
1.24 and accounting for 8.30% of the variance, was positively correlated with K* and Mn, while

negatively correlated with TDS.

4.2.5 Water quality indices

4.2.5.1 Drinking water quality index (DWQI)

The WQI ratings, determined according to aquatic environment criteria established by the (WHO
2017), were employed to evaluate the drinking water quality at seven sampling locations in the lower
Danube river basin. While the Danube river is not commonly used as a direct source of untreated
drinking water, it is abstracted for potable use in some regions after proper treatment. Therefore, the
use of WHO drinking water guidelines in this context provides a precautionary and comparative
benchmark to assess overall water quality and potential health risks in scenarios involving indirect
exposure, abstraction, or emergency use. The results showed considerable differences in the water’s
suitability for such uses. Specifically, the WQI values at sites S2, S3, S4, S6, and S7 ranged from 76
to 100, suggesting that the water was appropriate for irrigation (Appendix Figure 28A). Conversely,
sites S1 and S5 had WQI values above 100, indicating unsuitability for irrigation due to lower water

quality. The unsuitability of the water for drinking purposes was primarily attributed to elevated
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concentrations of Fe and HCOs~, which exceeded the allowable limits set by the (WHO 2017). These
findings highlight the importance of targeted monitoring and pollution control strategies to safeguard

both ecological and human health across the basin.

4.2.5.2 Irrigation water quality indices (IWQIs)

Evaluating soil water quality and its impact on crop requirements involves analysis of several key
factors. These factors may include distinct chemical indicators (Li et al. 2013; Kawo and
Karuppannan 2018) to a set of indicators (Meireles et al. 2010). Understanding the results of these
indicators allows decision-makers to develop appropriate strategies for managing irrigation water.
This study specifically examines these indicators. Water quality for irrigation was classified
according to defined parameter values, along with the six IWQIs detailed in Appendix Table 4.
WQI and Categorization

The IWQI, derived from the equation presented Appendix Table 3 (Meireles et al. 2010; Al-Mashreki
et al. 2023), plays a pivotal role in assessing water quality within the study area, particularly
regarding agricultural irrigation. This index carefully evaluates various characteristics of water
composition that can profoundly affect both irrigation suitability and soil conditions. The assessment
classifies water quality into five distinct categories (Ayers and Westcot 1985), each with unique
implications for irrigation practices and soil health. Interestingly, the dataset reveals that 100% of
the samples indicate no limitations for irrigation (Appendix Figure 28B) highlighting the consistent
water quality across the study area. The IWQI numerical values show significant variability, ranging
from 99.6 to 107.6, with an average of 104.36. This range reflects the multiple factors that affect
water quality. The spatial analysis (Appendix Figure 28B) pinpoints specific locations with
diminished water quality, raising concerns about their suitability for irrigation and the potential
effects on soil health. Notably, all samples fall into the category of excellent water quality, indicating
that they are suitable for unrestricted irrigation. This finding is crucial, as such water conditions
could negatively impact soil permeability, nutrient absorption, and overall agricultural output.
Therefore, based on the IWQI results, there seems to be no requirement for costly water treatment

or fertilization before irrigation in the examined areas along the Danube river.

4.2.6 Impact on soil composition

The quality of water used in agriculture greatly impacts soil composition, particularly affecting
aspects such as permeability, filtration rate, and aeration, all of which are influenced by the water's

chemical properties (Todd and Mays 2005). One key factor is the sodium ion concentration. High
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sodium levels can interfere with soil filtration processes by replacing calcium and magnesium ions
through adsorption (Salem et al. 2023). When evaluating water suitability for irrigation, metrics such
as Na%, SAR, and SSP are essential tools. These metrics, derived from Na*, Mg?*, and Ca** levels,
not only help pinpoint areas at risk of soil deterioration but also inform effective soil management
strategies. The recorded values for SAR, Na%, and SSP span a broad range. The minimum values
are 0.37, 13.75, and 12.52, respectively, while the maximum values reach 0.68, 18.72, and 17.59.
The average values for these metrics are 0.49, 16.11, and 14.88, respectively. According to these
metrics, all samples are deemed suitable for irrigation (Appendix Figure 28C-E). While no direct
soil sampling was conducted, the evaluation of these indices allows for an informed interpretation
of how sodium levels in irrigation water may potentially influence soil properties. Therefore, it is
suggested, based on established guidelines and index values, that water treatment may not be

necessary in areas where sodium levels remain within acceptable ranges.

4.2.7 Potential salinity index (PS)

The PS, calculated from CI" and SO4> ions levels, is employed to evaluate the suitability of irrigation
water for agricultural use (Salem et al. 2023). The PS index divides result into 3 categories: excellent
to good (PS < 3.0), good to potentially harmful (PS = 3.0-5.0), and potentially harmful to
unsatisfactory (PS > 5.0). Analysis of the PS index shows a consistent pattern: all water samples
collected, representing 100% of the total, were rated as suitable to excellent for irrigation (Appendix
Figure 28F). This finding goes beyond water quality evaluation; it also suggests potential
improvements in soil structure, nutrient absorption, and agricultural productivity. The significance
of this classification implies that measures to maintain soil sustainability may not be required. Using
water samples with PS values classified as potentially harmful to unsatisfactory could negatively
impact soil conditions, decrease crop yields, and undermine agricultural sustainability. However,

such conditions were not observed in this study.

4.2.8 Precipitation of alkali elements and residual sodium carbonate (RSC)

Excessive presence of carbonates and bicarbonates in irrigation water can adversely affect its quality
when combined with divalent cations such as Mg*" and Ca?'". This imbalance can lead to the
precipitation of alkali metals, particularly Mg?* and Ca?*, thereby deteriorating the overall quality of
irrigation water. The precipitation of COs*> minerals with Ca*" and Mg?* ions results in elevated
concentrations of Na* and SAR (Eaton 1950). This phenomenon holds significant implications,

especially in regions characterized by arid to semi-arid climates. In such environments, high levels
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of RSC can disrupt soil physical properties, often leading to the decomposition of organic matter,
leaving noticeable black marks on the soil surface after drying (Gad et al. 2021; Zhang et al. 2023).
In this work, RSC calculations were employed to forecast the precipitation of Mg? and Ca?* on soil
particle surfaces, a method widely acknowledged and utilized in arid and semi-arid regions where
higher levels are associated with soil salinization (Prasad et al. 2001). This work, conducted in a
humid climate, revealed a noteworthy classification based on RSC values (Appendix Figure 28G).
According to this classification scheme, irrigation water with an RSC exceeding 2.5 is deemed
unsuitable for irrigation, whereas water with an RSC below 1.25 is considered acceptable. Water
falling within the RSC range of 1.25 to 2.5 is considered questionable for irrigation use (Gad et al.
2021; Al-Mashreki et al. 2023). A significant finding of our study is that all samples had an RSC

value of below 1.25 strongly indicating that the SW is safe and effective for irrigation

4.2.9 Human health risk assessment

4.2.9.1 non-carcinogenic health risk

Although untreated SW is not typically used for direct consumption in Hungary, health risk
assessments were conducted to evaluate potential non-carcinogenic effects under hypothetical
exposure scenarios. These include accidental ingestion during recreational activities, agricultural
contact, or emergency use in rural or remote areas. This approach follows standard USEPA
methodology, which models oral exposure to assess public health risks, especially for vulnerable
populations such as children. The daily consumption of Fe, Mn, and NOs3" is calculated using key
parameters established by the USEPA (2004) (USEPA 2004; Xu et al. 2020). Appendix Figure 29
illustrates the assessments of non-carcinogenic risks associated with these factors in SW for children
and adults across different sampling locations, while Appendix Table 10 details the HQ values and
the resulting non-carcinogenic risks. For children, HQ values for Fe, Mn, and NO3™ range between
0.002 and 0.477, 0.096 and 1.678, and 0.190 and 0.927, respectively, with average values of 0.092,
0.281, and 0.523. In adults, the HQ values range from 0.001 to 0.125 for Fe, 0.025 to 0.439 for Mn,
and 0.050 to 0.243 for NOs", with corresponding averages of 0.024, 0.074, and 0.173 (Appendix
Table 10). Contaminants in SW present a significantly higher average HI for children compared to
adults, highlighting a considerable non-carcinogenic risk in the study region (Appendix Figure 29).
Notably, the concentrations of NO3™ and Mn are the primary contributors to non-carcinogenic risk,

followed by Fe. Additionally, the HI readings for children via the oral exposure route are higher than
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those for adults, and the total HI for non-carcinogenic risk is 2.1 times greater for children than for

adults (Appendix Table 10).

A MCS was conducted to estimate the oral HQ readings for Mn, Fe, and NO3™ for both adults and
children, using 10,000 iterations in Python. The results of the simulation showed that the predicted
HQ readings for Mn, Fe, and NOs™ remained below the acceptable threshold (HQ < 1). Therefore,
based on the MCS, the anticipated exposure levels are not expected to present a significant health
risk for either group through oral intake. However, it is important to note that risk assessments are
often based on conservative assumptions and data uncertainties. As a result, continuous monitoring
of exposure levels and regular updates to risk assessments are essential as new data becomes

available (Appendix Figure 29).

4.3 Heavy metal and physical chemical properties of the Al-Jawf basin

4.3.1 Characterization of groundwater chemistry

The characteristics of GW within an agricultural zone in the Al-Jawf Governorate (Yemen), were
evaluated by collecting and analyzing thirty-three samples. Appendix Table 11 provides a statistical
overview of the tested sample characteristics (pH, Ca®", Mg?*, Na®, K*, HCOs~, COs>", SO4*, CI',
NOs7, Fe, Mn, TDS, and EC) and the FAO irrigation water standards (Ayers and Westcot 1985).
Additionally, the regional distribution maps are presented in Appendix Figure 30.

The GW pH ranged from 7.00 to 8.20, indicating slightly alkaline conditions suitable for irrigation
within acceptable limits. TDS levels varied significantly, with all samples classified as moderately
saline, and 46% exceeding recommended limits. EC ranged from 1030 uS/cm to 5930 puS/cm, with
46% of samples exceeding the irrigation threshold. Ca®" concentrations ranged from 40 to 359.64
mg/L, while Mg?* levels varied from 41.31 to 359.64 mg/L, both exceeding recommended limits,
likely due to mineral dissolution processes. Mg?* concentrations in subsurface water predominantly
result from ion exchange involving iron-magnesium bearing minerals, the chemical breakdown of
soil matrices, and the decomposition of saline and carbonaceous formations. The dissolution of
dolomite (MgCOs) particularly contributes to the release of Mg?" into the aqueous solution (Salem

et al. 2023)).

Na" in groundwater ranged from 51.73 to 689.70 mg/L, staying below the FAQO's irrigation limit.
However, elevated Na" levels in the eastern regions may pose long-term risks of sodification and

soil salinization. Groundwater K" concentrations ranged from 2 to 23.46 mg/L, making it unsuitable
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for irrigation, likely due to leaching from potash feldspars and agrochemicals. HCO3™ content in all
samples was within the acceptable range for irrigation, between 170.86 and 463.75 mg/L. CI
concentrations ranged from 127.62 to 1013.87 mg/L, with all samples remaining below
recommended irrigation limits. High chloride levels in the east suggest halite (NaCl) dissolution.
While most groundwater samples had sulphate levels below FAO standards, 13% exceeded these
limits. The dissolution of gypsum and anhydrite minerals (Eqgs. 33) could be the source of the

sulphate content:

Fe levels in the GW ranged from 0.01 to 3 mg/L, making it suitable for irrigation. Mn levels varied
from 0.001 to 4 mg/L, with 13% of samples exceeding drinking water standards. Elevated Mg**
concentrations were particularly noted in the western region, potentially due to industrial waste and

manufacturing outputs, as reported by Ahmad et al. (2021) (Ahmad et al. 2021).

4.3.2 Geochemical processes influencing groundwater facies

By ranking ions according to their dominance, GW may be divided into several water facies. Piper's
diagram was applied in several research studies to detect chemical water facies (Piper 1944). The
Piper diagram allowed the GW of the Al-Jawf plain to be divided into two distinct chemical water
facies or types, (1) Na-Cl and (2) Ca-Mg-SO4 (Appendix Figure 31). An examination of local
elemental molar concentrations revealed the following order for cations: Na* > Ca*" > Mg?* > K*.
For anions, the order was SO4>~ > CI" > HCOs™ > NO;". Unlike cations, the dominant water facies
in most samples are characterized by higher proportions of anions, particularly SO4>~ and C1". Some
GW samples show a mixed water type, likely due to the mixing of water from various sources via
vertical interactions between superimposed aquifer levels. Lenticular clay or semi-permeable layers
separating upper and lower aquifer levels enable vertical communication, altering the
physicochemical characteristics of GW. The diagram developed by Gibbs is a valuable analytical
framework for examining the relationship between the mineral constituents of aquifers and the
chemical properties of water. This framework indicates that all analyzed samples fall within the
region dominated by evaporative processes. This placement suggests that the primary influences on
the composition of the subsurface water are the influx of water enriched with dissolved solutes from

agricultural drainage and the dissolution processes of minerals after evaporation(Gad et al. 2020b).
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4.3.2.1 Ion exchange processes

Ion exchange can be a significant factor in regulating GW mineralization, especially when clay
minerals are abundant in the system. Clay minerals often fix Na* and K* while releasing Ca>" and
Mg?*, or vice versa. (Salem et al. 2023) have explained how clay minerals stabilize their electrostatic
charge. The schematic developed by Chadha (1999) (Chadha D. 1999) provides a conceptual
framework for interpreting hydrochemical data, allowing for a comparative analysis of different
water types (Appendix Figure 32A). In this study, the collected specimens are depicted in the quartile
indicative of Ca-Mg-SO4 dominance in sub-quadrant D and CI-Na prevalence in sub-quadrant C.
This area is characterized by a predominance of strong acid anions over weak ones, suggesting an
inverse connection between bivalent and monovalent ions. This highlights the significant role of
ionic exchange in the mineralization of GW in the Al-Jawf plain (Gaagai et al. 2023). To further
understand the source and connections between key elements, additional methods are necessary.
Examining the interplay between Na“ and CI ions is crucial for understanding the water quality
dynamics in the study area (Appendix Figure 32B) (Gad et al. 2023). The positive correlation (R =
0.81) between GW samples and the halite dissolution line suggests silicate mineral weathering or an
ion exchange mechanism (Appendix Figure 32B). Most samples (68%) on the Na+ vs. Cl— plot were
above the equiline (1:1), indicating that chloride-bearing salt dissolution played a minor role in the
elevated Cl™ levels in GW (Singh et al. 2018). However, 32% of GW samples were below the
equiline (1:1), signifying that ion exchange and silicate weathering mechanisms contributed to Na*
enrichment in the GW of the study area (Jacobson and Wasserburg 2005). Appendix Figure 32C
illustrates the Mg?*/SO4*" ratio, revealing a strong correlation between Mg?" and SO4>~ with a
correlation coefficient of 0.76. On the scatter plot of SO4>~ and Mg?" (Appendix Figure 32C), most
samples are positioned above the one-to-one line, indicating the dissolution of both gypsum (calcium
sulfate) and anhydrite in the subsurface water, as reported by Ayers and Westcott (1994) (Ayers and
Westcot 1985). Furthermore, samples above the 1:1 line are enriched in Ca®" and Mg**, suggesting
that Mg?" dissolution from evaporites is more significant than from carbonates. The levels of Mg?*
and SO4% are primarily associated with the dissolution of evaporites, including anhydrite, gypsum,
and magnesium sulfate (Egs. 32-36).

CaMg (CO3)r=——=>  Ca’" + Mg’" + 2CO5™ Eq. 36

However, the presence of 8 samples showing substantial deviation from the (1:1) line indicates the

influence of additional sources of SO4?>", such as mineral weathering, ion exchange processes, and
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agricultural practices (Athamena and Menani 2018). The relationship between (Na" + K") versus
(Ca** + Mg?") in the water samples reflects ion exchange processes (Appendix Figure 32D). Within
the scope of this research, the ion exchange interactions between aquifer minerals and GW have
been identified as chloro-alkaline. Notably, around 60% of the samples analyzed exhibited negative
CAI values, encompassing both CAI-I and CAI-II (Appendix Figure 32E), indicating diverse cation
exchanges at specific locations within the study area, as reported by Salem et al. in 2023 (Salem et
al. 2023). Concurrently, approximately 40% of the samples exhibited a significant trend of cation
exchange involving shifts between K™ and Na* in GW, as well as Mg?" and Ca?" in nearby Quaternary
rocks. Interestingly, these cation exchanges were associated with CAI values showing contrasting

trends (Al-Mashreki et al. 2023).

4.3.3 Statistical analysis

4.3.3.1 Cluster analysis

CA was utilized to categorize the hydrochemical parameters, employing Ward's linkage method and
squared Euclidean distances. The findings are presented in a dendrogram (Appendix Figure 33),
where clusters are structured according to similarities among the 12 physicochemical parameters
(Snousy et al. 2023). In terms of horizontal orientation, two main clusters were predominantly
influenced by TDS. Cluster] includes Ca**, Mg?*, COs?", K*, Mn, Fe, and NOs.

The cluster can be divided into two distinct sub-clusters: one containing Ca** and Mg?**, indicating
a shared origin responsible for GW hardness, and another comprising CO3>~, K*, Mn", Fe', and
NOs™, suggesting anthropogenic sources such as potassium-rich fertilizers and SW infiltration
contributing to these parameters in GW. Cluster 2 includes C1~, SO4>", HCOs™, and Na*, associated
with mineral dissolution and rock weathering via water-rock interactions, underscoring their
influence on GW salinity. Cluster 3 (G3) represented by TDS originates from two sources: evaporitic

and carbonate processes.

4.3.3.2 Principal component analysis (PCA)

The PCA was utilized to analyze data from a total of 33 samples across 12 variables. After selecting
three principal components, it was found that these components collectively explained more than
89.6% of the total variance in the dataset. The results of this analysis are detailed with a tabular
representation of parameter loadings corresponding to the three principal components, available in

Appendix Table 12. Notably, loadings close to 1 indicate strong correlations between components
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and observed variables. PC1 accounted for 55.20% of the variance and showed significant loadings
for Mg?* (0.81), Ca*" (0.85), Na* (0.82), Cl™ (0.86), SO4>~ (0.88), HCO3 (0.73), Fe (0.68), Mn
(0.79), TDS (0.99), and K* (0.66). This component suggests that ion exchange processes, limestone
weathering, and mineral dissolution (e.g., pyrite, halite, gypsum) contribute to water salinity.
Sources such as chloride formation and soil weathering also play roles, while SO+>~ may originate
from fertilizer use or sulfur oxidation. Elevated Ca®", Na*, and Mg*" levels may reflect poor
irrigation water quality, household waste, and excessive fertilization (Athamena and Menani 2018;
Gaagai et al. 2023), indicating a salinization factor. PC2 contributed 14.07% of the variance, with
notable loadings for NOs (0.84) and COs* (0.73). This suggests nitrate presence is influenced by
septic systems, surface water inputs, agricultural runoff, soil mineralization, and intensive fertilizer
use (Athamena et al. 2023). The widespread use of urea and composite fertilizers has notably

increased NOs~ concentrations over time (Eq. 38).

NH" +20, —— NO; + H,O + 2H" Eq. 38

PC3, contributing 7.99% of the cumulative variance, shows a strong positive loading for K* (0.66),
indicating a distinct anthropogenic influence related to potassium-rich fertilizers, consistent with
observations by (Snousy et al. 2023). This component reflects localized human impacts on
groundwater chemistry. This component reflects localized human impacts on groundwater
chemistry. Thus, the three principal components can be interpreted as distinct environmental
influence factors: PC1 represents salinization and mineral weathering from both geogenic and
anthropogenic sources; PC2 corresponds to agricultural nitrate contamination; and PC3 reflects

localized anthropogenic contributions from potassium-rich fertilizers.

4.3.4 Water quality indices for irrigation and agricultural purposes

This study utilized multiple water quality indices to assess the suitability of water for agricultural
purposes. These indices, including the IWQI, SSP, SAR, PS, KI, and RSC, were crucial in evaluating
the potential risks of soil salinization and the adverse impacts on soil and plant health associated
with irrigation practices. A comprehensive statistical analysis was performed on the data from these
indices to determine the appropriateness of water for agricultural use. Detailed results can be found
in Appendix Figure 34 and the distribution maps of the irrigation indices presented in Appendix

Figure 35 (A-F).
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4.3.4.1 Irrigation water quality index (IWQI)

GW quality assessment for irrigation utilized the IWQI, considering individual chemical indices or
their combinations to provide comprehensive insights for decision-makers. The GW was classified
into five hazard groups to evaluate its suitability for irrigation, resulting in IWQI values ranging
from 16.09 to 92.12, with an average of 48.03 (Appendix Figure 35). Significantly, approximately
63.5% of samples were categorized in the high to severe restriction range, indicating suitability for
salt-tolerant crops, while 23.4% showed low to moderate restrictions, and about 3.03% had no
irrigation limitations (Appendix Figure 35). An overall index map (Appendix Figure 35A) depicted
declining water quality in the eastern and western study areas, potentially influenced by

anthropogenic activities and geogenic factors.

4.3.4.2 Sodium adsorption ratio (SAR) and salinity hazards

In the realm of irrigation water management, the SAR parameter plays a crucial role as it indicates
the soil's ability to release Mg®" and Ca*" while absorbing Na" at specific ion exchange sites. This
complex process significantly impacts soil structure, potentially causing soil particle dispersion and
reducing water infiltration capacity (McGeorge 1954; Hanson and Grattan 1991; Eid et al. 2023).
The use of highly saline irrigation water introduces a nuanced balance of benefits and drawbacks.
On one hand, it can improve soil structure by increasing water infiltration rates; however, on the
other hand, it intensifies water stress on plants and crops. When exposed to saline irrigation water,
plants must exert more effort to extract water from the soil, leading to conditions conducive to water
stress. Achieving a delicate equilibrium between soil structure and plant water stress is crucial in

agricultural practices.

The USSL scatter diagram in Appendix Figure 36 presents the classification of irrigation water based
on the relationship between SAR and EC, following the system developed by the U.S. Salinity
Laboratory (1954) (McGeorge 1954). The majority of samples (42.4%) fall into the C4-S2 class,
which shows very high salinity and medium SAR. About 15.15% of the samples are classified as
C4-S3, indicating very high salinity and high SAR.

Additionally, 33.3% of the samples are within the C3-S1 and C3-S2 categories, representing high
salinity combined with low to medium SAR, respectively. These results clearly demonstrate the
dominance of high salinity levels in the sampled waters, with SAR levels varying across low to

high classes depending on the category. Interestingly, only three samples were categorized as C4-
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S1, indicating exceptionally high salinity levels combined with a low SAR. Importantly, the highest
observed SAR value among all samples remained below the critical threshold of 10, which is
considered suitable for irrigation purposes (Appendix Figure 35B). This empirical investigation
underscores the potential adverse effects of elevated salinity levels in irrigation water on plant
growth. Furthermore, when SAR values are in the low to medium range (Appendix Figure 35B),
and no specific calcium-related issues are documented, their impact on soil infiltration capacity is
generally considered minimal according to established literature. Based on these findings, the most
effective strategy for managing GW in this degraded region for irrigation involves selecting plant
varieties and crops that are tolerant to high water salinity. Choosing suitable plant species presents
a practical approach to mitigate the negative impacts of salinity on crop yields and overall

agricultural productivity.

4.3.4.3 Soluble sodium percentage index (SSP)

In this study, we have independently conducted an SSP analysis to assess salinity risks related to
sodium content, specifically by comparing Na* concentrations with those of Mg?* and Ca**. When
sodium dominates over these divalent cations, it can negatively affect plant health, causing
symptoms such as leaf burn and tissue necrosis. The SSP values calculated by the team ranged from
21.44 to 66.04, with an average of 48.03. Based on these results, the team determined that 90.9% of
the GW samples are suitable for irrigation, while 9.09% are unsuitable (Appendix Figure 35C). This
original interpretation underscores a significant risk in the western part of the study area, where
elevated SSP levels suggest a need for water treatment interventions to protect crop productivity and

soil health.

4.3.4.4 Potential salinity (PS)

The PS index is widely used to assess GW suitability for irrigation, based on chloride ion
concentrations and half of the SO4> concentration. In this study, PS values ranged from 4.75 to
37.95, averaging 19.38. Remarkably, 93.9% of water samples were categorized as Injurious to
Unsatisfactory, while 6.06% fell into the Good to Injurious range. Addressing the challenges posed
by high water salinity is therefore critical, necessitating the selection of salt-tolerant plant species
and implementation of additional treatment measures before irrigation. This is particularly crucial in

the eastern and western regions of the study area (Appendix Figure 35D).

66



4.3.4.5 Kelley ratio index (KR)
In this study, GW suitability for irrigation was evaluated using the KR to identify elevated sodium

levels. KR values observed ranged from 0.27 to 1.94, with a mean KR value of 0.93. Notably,
approximately 60.6% of GW samples were classified as suitable, falling into the "good class" for
irrigation purposes. Conversely, 39.39% of samples were deemed unsuitable for irrigation
(Appendix Figure 35E) and detailed in Appendix Figure 34. Interpreting the KR value is crucial for
assessing GW suitability: a KR value exceeding one (KR > 1) indicates excessive Na” content,
rendering the water unsuitable for irrigation. Conversely, a KR value below one (KR < 1) signifies
suitability for irrigation purposes. Interestingly, unsuitable GW samples were predominantly located
in the western regions of the study area. This spatial distribution highlights the critical need for
ongoing monitoring and effective management of sodium levels in water resources to ensure their

suitability for irrigation in specific geographical contexts.

4.3.4.6 Residual sodium bicarbonate (RSBC)

The RSBC quantifies the surplus concentration of HCO3~ over Ca** and is crucial for evaluating
irrigation water quality. Its adverse effects include altering soil physical characteristics, leading to
organic matter decomposition and the formation of darkened surface discoloration upon soil drying.
Generally, the RSBC values are classified as suitable (<5) or unsuitable (>5) for irrigation purposes.
In this study, the RSBC values ranged from -9.60 to 2.92, with a mean of -2.01. The findings revealed
that all tested GW samples were suitable for irrigation, as indicated by their negative RSBC values,
signifying an excess of HCO3™ in the GW. These indices play a critical role in assessing GW
suitability for irrigation and underscore the importance of effectively managing salinity levels to

ensure the safety and effectiveness of irrigation practices (Appendix Figure 35F).

4.3.5 Non-carcinogenic health risk

The assessment of health risks associated with HM exposure included evaluating CDI, HQ, and HI
as key indicators. CDI measured daily human exposure to metal contaminants, while HQ and HI
assessed potential health risks, where values above one indicated potential harm. Specifically,
dermal CDI values for Fe and Mn were found to be below acceptable limits (CDI < 1), suggesting
no significant health threats. However, Mn dermal CDI values were higher than those for Fe, with
adults and children averaging 6.4x10° mg L—1 day ! and 0.0002 mg L—1 day !, respectively
(Appendix Figure 37), emphasizing varying impacts of HM exposure, particularly through dermal

contact. In terms of HQ dermal values, adults generally had values below one for both Fe and Mn,
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but Mn exhibited notably higher values, with maximum HQ dermal values of 0.6 for adults and 1.76
for children, indicating potentially increased non-carcinogenic risks from Mn dermal exposure,
especially in specific study locations. The assessment of HI Dermal provided further insights,
showing adults had a mean HI Dermal of 0.07 (range: 0.0002 - 0.6), while children had a slightly
higher mean of 0.2 (range: 0.0005 - 1.77), highlighting elevated risks for children, particularly in
certain samples where HI Dermal exceeded 1, indicating significant health risks (Appendix Figure
37). Overall, 90.9% of GW samples showed HI Dermal values for children below 1, suggesting a
generally low health risk from HM exposure through skin contact. However, three samples exhibited
HI Dermal values above 1, indicating heightened risks, particularly for children. Conversely, all HI
Dermal values for adults remained within safe limits, indicating low risk based on these findings
(Appendix Figure 37). These findings underscore the critical necessity for targeted interventions to
mitigate health risks, particularly in areas of elevated HM concentrations, focusing on protecting
vulnerable populations like children. Comprehensive water treatment and ongoing monitoring are

recommended to reduce these risks effectively.

4.3.6 RF simulation model

In this study, a RF simulation model was developed to predict irrigation water quality indices (IWQI,
SAR, KR, SSP, PS, RSBC) and non-carcinogenic health hazard indices (HI for adults and children)
using 60 groundwater (GW) samples, each comprising 12 hydro-geochemical input variables,
including major cations and anions. The dataset was partitioned into training (80%) and testing
(20%) subsets to evaluate the model’s performance and generalizability, with accuracy and feature
importance assessed using 5-fold cross-validation. A key limitation of traditional approaches, such
as IWQI and HI, lies in their reliance on expert-assigned weights for variable scoring, which
introduces subjectivity and uncertainty into the final assessments. These indices represent
aggregated values of physicochemical components into a single numerical form indicating water
quality suitability for specific uses. To address this challenge, several studies have proposed
integrating objective, data-driven modeling approaches. In this context, the RF model was
implemented using High-Grade Vegetation (HGV) data to eliminate subjectivity, enhance predictive
performance, and identify influential features through entropy-informed variable weighting. The
outcomes revealed that the RF-3HG model exhibited outstanding capability in forecasting integrated
IWQI, primarily based on three critical HGV-inferred parameters, achieving R* values of 0.988
(RMSE = 2.239) for training and 0.940 (RMSE = 3.976) for validation. For SAR predictions, the
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RF-2HG model demonstrated the highest accuracy, with R? values of 0.971 (RMSE = 0.404) for
training and 0.869 (RMSE = 0.667) for validation. Similarly, KR predictions were most accurately
captured by the RF-2HG model, which yielded R? values of 0.952 (RMSE = 0.099) for training and
0.665 (RMSE = 0.203) for validation. The RF-4HG model was most effective for SSP estimation,
producing R? values of 0.959 (RMSE = 2.453) for training and 0.671 (RMSE = 5.394) for validation.
For PS, the RF-2HG model demonstrated exceptional reliability, with R? values of 0.994 (RMSE =
0.744) and 0.982 (RMSE = 0.960) for training and validation, respectively. RSBC predictions were
best performed by the RF-12HG model, with R? values of 0.924 (RMSE = 0.768) for training and
0.751 (RMSE = 1.042) for validation. Regarding the non-carcinogenic health risk assessment, the
RF-1HG model achieved the most robust results for both adults and children. For adult HI prediction,
R? values were 0.988 (RMSE = 0.018) and 0.901 (RMSE = 0.041) for training and validation,
respectively, while for children, the model yielded identical R? values of 0.988 (RMSE = 0.041) for
training and 0.901 (RMSE = 0.048) for validation. These results are presented in Appendix Table
13, while the measured vs. predicted comparisons are illustrated in Appendix Figures 38, 39, and 40.
These findings highlight the effectiveness of RF modeling in capturing complex relationships among
hydrochemical variables, driven by careful hyperparameter tuning and optimized feature selection
based on HGV data. The process ensures enhanced model fairness, accuracy, and interpretability,
crucial for sustainable groundwater quality monitoring and policy development. Moreover, this
approach aligns with previous research indicating that machine learning methods with optimized
feature selection—such as the RF models used here—offer superior performance in hydro-
environmental assessments (Bai et al. 2019; Saleh et al. 2022; Abou El-Safa et al. 2022; Galal et al.
2022; Qiu et al. 2023; El-Hendawy et al. 2024; Eid et al. 2025b). The model's reliability is further
supported by its application in other environmental domains, including accurate pollution and
ecological risk prediction in Gamasa coastal sediment samples (Abou El-Safa et al. 2022).
Additionally, the efficacy of similar ML methods, such as Recurrent Neural Networks, in
groundwater quality assessments has been documented (Gad et al. 2024), further reinforcing the
importance of informed feature selection and model design in understanding contamination risks.
While the focus of this study was on RF due to its interpretability, computational efficiency, and
widespread application in hydrology (Zavareh et al. 2023), future research will incorporate
comparative analysis with advanced boosting algorithms such as XGBoost to further validate and

refine performance.
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4.4 Physical chemical properties of the Al-Jawf basin

4.4.1 Hydrochemical characteristics of groundwater

The physicochemical properties of the Al-Jawf GW were analyzed to assess the quality of quaternary
aquifer waters. GW samples had a mean temperature of 20.7 °C. The pH of the water demonstrated
variability influenced by the geological terrain, resulting in both acidic and alkaline conditions. TDS
amounts ranged from 378.42 to 5012 mg/L, categorizing the GW samples as fresh to moderately
saline, with 18.5% exceeding FAO (Ayers and Westcot 1985) water criteria. The pH ranged from 6.5
to 7.5, averaging 7.13, meeting FAO (Ayers and Westcot 1985) standards (Appendix Table 14). The
pH values indicated low alkalinity, primarily influenced by dolomite and calcite fixation
mechanisms within the pH range of 6.5 to 8.5. Notably, well S19 recorded the highest pH value,
while S7 exhibited the lowest.

Therefore, EC serves to quantify water mineralization levels. In our research, 18.5% of the GW
samples exhibited EC values, which surpassed the FAO recommended limit of 3000 puS/cm (Ayers
and Westcot 1985). All GW in the Al-Jawf region displayed elevated EC values when underground
flows directed towards discharge areas southwest of Al-Jawf. Ca’>" adhered to FAO's 400 mg/L
maximum threshold for irrigation water. Mg?" levels varied generally below FAO guidelines. Water
hardness primarily stems from alkaline earth elements, influenced by soil type. The highest
concentrations of Ca** and Mg*" were observed in the southeast and southwest of Al-Jawf, with
Mg?" peaking at 114.5 mg/L due to dissolution of dolomites from the Cretaceous and Tawilah groups.
Overall, the breakdown of dolomitic rocks (CaMg(CO3)?), gypsum (CaSOs4), and calcium carbonate
(CaCOs) in the aquifer generates Ca** solved in the GW (Eqs 33-41).

CaCO; + H:COs — Ca?*" + 2HCOs~ Eq. 39

The alkaline elements K™ and Na" are naturally present in both irrigation water and the Earth's crust.
Na' concentrations in Al-Jawf GW varied from 24.15 to 724.5 mg/L, all falling below the FAO limit
of 919 mg/L (Ayers and Westcot 1985). K* concentrations ranged from 2.34 to 23.40 mg/L, with the
FAO standard setting a high allowable amount of 2 mg/L for irrigation water. The enrichment of
these elements is attributed to interactions between rock and water, saline seeps, and minor
atmospheric inputs (Panno et al. 2002). Higher potassium concentrations were observed in wells
located in the central and southern parts of the study area. Cl™ concentrations ranged from 35.5 to

1136 mg/L, with the latter being the highest value. Previous studies (Lima et al. 2021) have
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suggested that high chloride levels may result from geological formations through which water flows
or inadequate treatment of sewage waste. Some samples exceeded the FAO recommended limit of
1036 mg/L (Ayers and Westcot 1985), particularly in two boreholes in the southwest of the study
area. Elevated Cl™ levels can cause metal corrosion, impart a salty taste to water, and reduce the
durability of concrete. The FAO guideline (Ayers and Westcot 1985) specifies that HCO3;™
concentrations should ideally be around 610 mg/L. However, GW samples from this research
showed levels ranging from 150 to 915 mg/L, mostly within the specified range except for four
samples that exceeded the limit. Samples with the highest HCO3;™ content were found in wells S7,
S17, S22, and S23, with values of 915, 730, 780, and 823.5 mg/L, respectively. SO4>~ levels varied
from 19.2 to 1939 mg/L and generally complied with FAO standards, except for two samples in the
southwest of Al-Jawf that exceeded the limits (Ayers and Westcot 1985). High concentrations of
SO4>” in irrigation water can seriously harm public health (Ibrahim Mohamed et al. 2019). The
intensive use of chemical fertilizers by farmers has contributed to increased SO4>~ concentrations
(Mahapatra et al. 2022), posing potential health risks. Higher concentrations were notably found in
the southwestern part of the study area, aligning with the direction of subsurface flow. Gypsum and
anhydrite dissolution were identified as significant contributors to elevated SO4*>~ concentrations,
with potential input from sulfide mineral weathering such as pyrite, warranting further investigation
(Baragafio et al. 2020). NO3™ concentrations in Al-Jawf water samples ranged from 0.1 to 6 mg/L,
all below the FAO recommended limit of 10 mg/L (Ayers and Westcot 1985). The low NO3™ levels
suggest minimal contamination from anthropogenic sources in the study area, as depicted in
Appendix Table 12. Distribution maps of these physicochemical parameters across the study area

are presented in Appendix Figure 41.

4.4.2 Groundwater facies and processes influencing groundwater chemistry

Aquifer hydrochemical processes influence GW chemistry (Jain et al. 2018), with the expansion of
GW facies primarily determined by local lithology and geology, especially in arid to semi-arid
regions (Maghrebi et al. 2021). Major ions play a crucial role in governing these hydrochemical
procedures, which is why Chadha's and Piper's diagrams (Piper 1944; Chadha D. 1999) were utilized
in this study (Appendix Figures 42 A-B). These diagrams assess GW composition through cation-
anion pairings and plot positioning (Thilagavathi et al. 2012). In Chadha's diagram (Appendix Figure
42B), most samples analyzed fell within Field 3, with only two falling into Field 2. In the Piper

diagram (Appendix Figure 42A), 25 samples were categorized in zone 1 and two in zone 2 of the
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diamond shape. Both diagrams indicate similar water types: Ca-Mg-Cl/SO4 and Ca-Mg-HCOs types,
respectively, characterized by higher concentrations of alkaline metals over alkaline earth metals and
a prevalence of weakly acidic anions compared to strongly acidic ones. Various diagrams, including
the TIS salinity diagram (Apollaro et al. 2019), ionic ratio relationships, and Gibbs and Chadha's
diagrams, have been employed by different researchers to determine GW chemical compositions or
water types. These diagrams, alongside the Piper diagram, illustrate the geochemical evolution of
GW from recharge to discharge areas. The study's findings indicate that GW in the recharge area is
characterized as Ca-Mg-HCOs type, whereas water-rock interactions during flow transform it into
Ca-Mg-CI/SO4 type in the discharge zone. Additionally, SIs provide insights into aquifer mineral
compositions, while Gibbs diagrams depict relationships between ionic ratios and salinity levels.

Local element concentrations analysis showed a cation sequence of Ca?" > Mg?" > Na* > K", while
anion evolution followed SO4>~ > Cl~>HCOs > NOs . The presence of Mg?" and Ca?" sulfate facies
in the chemical profile is attributed to the breakdown of evaporitic deposits. The region's lithology
and anthropogenic factors such as intensive fertilization and irrigation water quality significantly
influence the distribution of major ions (Ca*", Mg?*, SO4*"). Ca**, Mg** and SO4>" contribute both
Mg?" and Ca*" upon dissolution, although shifts between dominant ions may occur due to dilution
following mixing or precipitation. The primary sources of SO4>~ identified include organic matter
decomposition in soil and leachable organic matter from highly cultivated areas of the Al-Jawf plain.
Gypsum dissolution serves as a secondary source of sulfate (Pant et al. 2020), facilitated by the

presence of evaporite sequences.

The study utilized Gibbs plots Gibbs RJ (1970) to investigate the fundamental mechanisms
governing water evolution and the various hydrogeochemical processes influencing groundwater
chemistry in the region. These plots (Appendix Figure 42 C-D) illustrate that most of the GW
samples analyzed are situated in the upper portion of the diagrams, indicating dominance of
evaporation processes, typical in arid climates with shallow GW depths. Additionally, five samples
were categorized within the rock weathering zone. The prevalence of evaporation processes in the
Al-Jawf plain is evident from Appendix Figure 42 C-D, where GW is influenced by both natural
factors and human activities that alter hydrochemical evolution, not fully captured by Gibbs
diagrams (Li et al. 2016). Shallow water depths in the area have improved due to elevated irrigation
and effective rainfall, impacting ion concentrations primarily through evaporation. The approaching

saturation zone, particularly moist and rich in evaporites, leads to their precipitation via evaporation,
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resulting in increased salinity (maximum TDS = 5012 mg/L), with sulfate-rich GW more affected
by evaporation than bicarbonate-rich GW (Belhadj et al. 2017). These findings are consistent with
previous studies highlighting the high evaporation influence on sulfate-type GW in alluvial plains
(Chebotarev 1955). The lack of equilibrium between Na® and C1™ ions suggests diverse sources for
these ions, including halite dissolution. Only a minority of samples aligned on the 1:1 line graph
(Appendix Figure 43A), indicating excess chloride possibly due to additional ion sources or Na*
removal from GW through ion exchange. Elevated CI levels could stem from anthropogenic
activities such as waste disposal, seepage from irrigated agricultural land, or atmospheric deposition.
Anthropogenic impacts, rather than climate variability, are identified as the primary cause of
freshwater scarcity in the region (Maghrebi et al. 2023). Ion exchange processes significantly affect
aquifer chemistry in Al-Jawf, illustrated in Appendix Figure 43B through the scatter plot of Ca®" +
Mg?* versus HCOs~ + SO4*". Samples near the 1:1 line indicate prevalent reactions involving
dolomite, calcite, and gypsum dissolution. Below the 1:1 line, ion exchange is evident with Ca**
retained in soil and Na" returning to GW, whereas above the line indicates reverse ion exchange
where Na+ remains in soil and Ca®" enters GW. Samples above the 1:1 line are enriched in calcium
and magnesium, suggesting evaporites as a more significant source of Ca>* and Mg?* compared to
carbonates. The interaction of Ca?" + Mg?" with HCOs~ + SO4>~ (Appendix Figure 43B) does not
support carbonate weathering as the primary process in the study area. Appendix Figure 43C,
displaying Ca** + Mg** versus HCOs™, reveals excess Ca?* and Mg** attributed to silicate
weathering, a prominent process releasing HCO3;™ into GW (Kumar et al. 2022¢). Appendix Figure
43D further corroborates this with ratios of SO4*>/Ca**, showing a strong association (correlation
coefficient of 0.6) between SO4*~ and Ca®’, indicative of gypsum and anhydrite dissolution. Most
samples above the 1:1 equiline in the Ca** versus SO4*" scatter plot (Appendix Figure 43D) suggest
additional sources of calcium from calcite and dolomite dissolution in GW (Athamena et al. 2023),
while deviations from the 1:1 line point to alternative sources of SO4>~, potentially from mineral

weathering, ion exchange reactions, or other geological processes.

The CAI was employed to assess whether ion exchange or reverse ion exchange predominantly
controlled interactions between minerals in the aquifer and groundwater (Wu et al. 2015; Qian et al.
2016). Overall, CAI values, including CAI-I and CAI-II, were positive across all water samples
(Appendix Figure 43 E and F), indicating a pronounced tendency for reverse ion exchange involving

Na® and K" in the GW of the study area, as well as Mg?* and Ca?" in the surrounding rock formations.
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Analysis of various ionic ratios further confirmed that reverse ion exchange was the primary

mechanism governing GW chemistry.

4.4.3 Statistical analysis

4.4.3.1 Cluster analysis

Integrating the Ward linkage approach with Euclidean distance was employed to assess the similarity
among GW samples. Appendix Figure 44 presents a dendrogram categorizing the different
physicochemical factors observed in the collected GW samples. For statistical analysis, standard
scores (Z-scores) were computed for each variable (Giiler et al. 2002). All variables underwent
logarithmic transformation to achieve approximate normality in the data distribution. The
dendrogram identified three main clusters based on nine physicochemical parameters (HCO3™, CI,
SO42, Mg?*, K', Ca?*, TDS, and Na*). A specific phenon line was selected at a connection distance
of 5, delineating distinct hydrochemical characteristics within each cluster (Gad et al. 2023). The
clusters were further divided based on their TDS management. Here are the delineated groups: G1:
This group comprises Ca®*, Mg?*, Na*, K*, and NOs", predominantly influenced by carbonate
components. The substantial presence of Mg?* and Ca*" indicates the influence of minerals such as
sulfates and anhydrites, reflecting a carbonate-dominated hydrochemical profile (Gad et al. 2023);
G2: Characterized by elevated levels of SO4* and CI, this group is associated with evaporitic
characteristics. The prevalence of chlorides and salts underscores their primary role in the salinity
of GW in the study region; and G3: TDS in this group originates from both evaporitic and carbonate
sources, exhibiting varied associations with salinity across the studied area. Overall, these findings
illustrate that the quaternary aquifer waters in Al-Jawf are mineralized primarily due to their

lithological components, with distinct hydrochemical profiles evident in different clusters.

4.4.3.2 Principal component analysis (PCA)

The PCA was performed to reduce dimensionality and identify dominant hydrochemical processes.
The scree plot (Appendix Figure 45A) indicated that three principal components with eigenvalues
>1 were retained (Appendix Figure 45A), explaining a cumulative 86.02% of the variance (PC1:
55.56%, PC2: 17.38%, PC3: 13.09%) (Appendix Table 15). According to (Hinge et al. 2022), these
loadings are categorized as high (>0.75), moderate (0.75 to 0.50), and weak (0.50 to 0.30). The
rotated component matrix (Appendix Table 16) revealed strong loadings for EC, TDS, SO+*, CI,

Na*, Mg*, and Ca?" on PCI, highlighting salinity and mineral dissolution processes. PC2 was
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dominated by HCOs~ and K", reflecting bicarbonate buffering and agricultural influence. PC3
showed strong positive loadings for COs*>~ and NOs™, indicating rock weathering and anthropogenic
nitrate input. The 3D loading plot (Appendix Figure 45B) visualizes these relationships in the factor

space.

4.4.4 Geochemical modeling and mineral saturation

The PHREEQC model was applied to assess mineral concentrations, SlIs, and the likelihood of GW
to either dissolve or precipitate minerals (Parkhurst and Appelol 1999). The approach's outputs
involved SIs for minerals such as halite, calcite, dolomite, gypsum, anhydrite, and aragonite, as well
as the partial pressure of CO». The input data consisted of physical and chemical parameters,
including temperature, EC, pH, TDS, and major cations and anions (Appendix Figure 46). The
results for selected GW samples from the quaternary aquifer are displayed in Appendix Table 16 and
Fig. 46. The CO; partial pressure was found to be negative and below saturation levels, indicating
that GW recharge was lower than the extraction from production wells in the quaternary aquifer.
Additionally, the study observed a decline in CO; along the water flow direction, which aligns with
reduced GW recharge in that direction.

Water quality is impacted by various solutes originating from processes such as soil erosion, rock
weathering, and atmospheric deposition (Saleh et al. 1999). Mineral dissolution in water typically
occurs when water interacts with rocks, and when the water becomes oversaturated with a particular
mineral, precipitation may follow. Appendix Table 16 provides the statistical values of SI values for
minerals like calcite, dolomite, gypsum, halite, aragonite, anhydrite, and CO». According to SI
outputs for GW in the quaternary aquifer, all water samples were found to be undersaturated with
anhydrite, halite, and gypsum, indicating the GW capacity to dissolve more of these minerals.
Conversely, most samples were oversaturated with aragonite, calcite, and dolomite, suggesting these
minerals could precipitate from the water. This observation is compatible with the Gibbs plot
analysis. Specifically, only S9, S8, and S12 showed negative S/ values for calcite, aragonite, and
dolomite, respectively, and these samples were mainly situated in the central region of the Al-Jawf
area. The semi-arid climate of the study region likely promotes the precipitation of dolomite,
aragonite, and calcite due to low rainfall and high evaporation. The presence of Ca**, Na*, SO4%,
and CI" does not prevent equilibrium with anhydrite, gypsum, and halite minerals (Giiler and Thyne

2004).
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4.4.5 Irrigation water quality indices

Various critical indicators must be investigated to assess the influence of agricultural soil water
quality on crop quality. These indicators may encompass individual chemical metrics (Li et al. 2013;
Kawo and Karuppannan 2018) or groups thereof (Meireles et al. 2010). Decision-makers can derive
an effective irrigation water management strategy based on the outcomes of these indicators. In this
study, the focus is on utilizing six IWQIs to classify irrigation water quality, applying typical
parameter value ranges as a basis (Appendix Table 17).

The IWQI, computed using the formula detailed in Appendix Table 3 (Meireles et al. 2010),
categorized water quality in the research area into five distinct criteria (Ayers and Westcot 1985).
These categories were arranged based on the percentage distribution across the total samples: 14.8%
of samples were classified as having low restrictions for irrigation, another 14.8% as moderately
restricted, 25.9% as strongly restricted, and 18.5% as severely restricted (Appendix Figure 47A).
The indicator values ranged from a minimum to a maximum, as detailed in Appendix Table 17,
spanning from 17.03 to 96.77, with an average of 61.03. Areas showing water degradation based on
the IWQ indicator were identified primarily in the northern and southwestern regions of the study
area. The quality of irrigation water significantly influences soil composition and its agricultural
productivity by affecting permeability, filtration rate, and aeration through its chemical properties
(Todd and Mays 2005). Among these properties, sodium concentration is particularly critical as it
can reduce soil permeability by displacing Mg?* and Ca®" ions through adsorption, thereby affecting
soil structure and fertility. Therefore, indicators such as SAR, Na%, and SSP were calculated to
assess water quality based on sodium, calcium, and magnesium concentrations, aiming to determine
suitability for agricultural irrigation (Eaton 1950; McGeorge 1954; Ravikumar et al. 2013a). These
indicators also pinpoint areas most susceptible to soil degradation, guiding appropriate management
practices. Appendix Table 3 outlines the methodology for computing these indicators and mapping
their values to identify areas prone to soil deterioration. According to the results summarized in
Appendix Table 17, all water samples were rated as permissible to excellent for Na%, excellent for
SAR, and suitable for the SSP index. The average values for SAR, SSP, and Na%, were 2.56,
27.57%, and 28.29%, respectively. Appendix Figures 47B-D illustrates the distribution maps of
these indices, confirming that all water samples are suitable for agricultural irrigation, with no
adverse effects on soil permeability or infiltration rates, and indicating minimal need for calcium

fertilization due to low Na' concentrations in irrigation water. The quality of irrigation water can
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degrade when alkali elements precipitate, especially calcium and magnesium carbonates, leading to
increased Na' ion concentrations and SAR in irrigation water (Kumar et al. 2007; Srinivasamoorthy
et al. 2014). Therefore, the RSC index was calculated to evaluate irrigation suitability, as an elevated
RSC can degrade soil physical properties and cause surface crusting when the soil dries. Appendix
Table 3 details the RSC index calculation to assess the likelihood of Mg?* and Ca** ion precipitation
on soil particles and their removal from the soil solution. Based on the results in Appendix Table 17
and its spatial distribution in Appendix Figure 47F, all samples in the study area were classified as
good, with RSC values ranging from —43.21 to —1.96, confirming suitability for agricultural
irrigation. Another critical index, the PS, evaluates water suitability based on CI" and SO4* ion
concentrations. According to the classification criteria (Appendix Table 17), PS values are
categorized as Excellent to Good (PS below 3.0), Good to Injurious (3.0 < PS <-5.0), and Injurious
to Unsatisfactory (PS > 5.0). The PS index results (Appendix Figure 47E), indicate that two samples
were rated as Excellent to Good, three as Good, and 22 as Injurious to Unsatisfactory, highlighting

areas where irrigation water may pose challenges due to salinity concerns.

4.4.6 Simulation model (ANFIS)

The ANFIS model relies on data patterns to make predictions, starting with the selection of input
variables crucial for accurate predictions. These variables undergo a correlation analysis with the
desired output to identify the most influential ones, a process repeated for each IWQ index (output)
(Appendix Figure 8). Following preprocessing, the ANFIS model undergoes training to determine
the optimal configuration for predicting each IWQ index. Subsequently, the model is validated using
new data to assess its accuracy in predicting future values. The predicted IWQ indices during both
training and testing phases are detailed in Appendix Table 18, while Appendix Figures 48-50
illustrate the prediction results for IWQI, SAR, and CO; across these phases. Appendix Figures 48-
50 demonstrate substantial alignment between predicted and actual values, although some deviations
from measured values are observed. Particularly noteworthy is the high R2 value (> 0.95) indicating
excellent agreement between observed and predicted IWQI values. The ANFIS model exhibits
robust performance across all indices, achieving high accuracy metrics (E values > 0.90) in both
training and testing stages, as shown in Appendix Table 18. However, there is a slight decrease in
model performance metrics such as R2, RMSE, and MAD from the training to testing phase.
Appendix Figures 48-50 illustrate the discrepancy between predicted and measured IWQIs during

training and testing, accompanied by comparative scatter plots. The ANFIS model effectively
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captures the dynamic patterns observed in IWQI data over time. These findings corroborate earlier
studies (Khadr et al., 2020; Khadr and Elshemy 2017; Elsayed et al. 2021; Khadr and Schlenkhoff
2021), affirming that the ANFIS model enhances predictive accuracy compared to standalone
models. Overall, ANFIS proves to be a potent predictive tool owing to its capability to handle
nonlinear relationships between inputs and outputs, while also adapting swiftly to changes in training
data. Additionally, One of the main limitations of this study lies in the sample size available for ML
modeling. The relatively modest sample size for ML modeling in the Al-Jawf aquifer may constrain
predictive resolution. However, the use of cross-validation, rigorous performance evaluation, and
careful model selection helps mitigate this limitation. Future studies should aim to increase spatial

and temporal sampling to further enhance model robustness and generalizability.
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5. CONCLUSION AND RECOMMENDATIONS

5.1. Conclusion

This study undertook separate assessments of water quality in two distinct hydrological settings: the
Danube river in Hungary (SW) and the Al-Jawf Basin in Yemen (GW). Through HM analysis,
physicochemical assessments, and geochemical modeling, the research aimed to explore spatial
variation and potential risks associated with water use in each system. In the Danube river, elevated
levels of manganese (Mn) and iron (Fe) were detected at multiple sites, with concentrations
exceeding permissible drinking water limits. These levels are likely influenced by industrial
discharges and agricultural runoff. Other metals such as Cr, Cu, Pb, Ni, As, and Zn remained below
ecological risk thresholds. The HM pollution index indicated moderate pollution, particularly in the
central sections (e.g., Baja). SW quality, evaluated using irrigation water quality indices (IWQIs),
supported by statistical analysis and GIS tools, showed that certain river sections could be suitable
for irrigation. The major ion chemistry and water types reflected both natural and anthropogenic
influences, such as water—rock interactions and ion exchange processes. However, because this
analysis was limited to SW, the results should not be extrapolated to GW suitability. Further studies

are needed to address this gap.

In contrast, the GW assessment in Yemen’s Al-Jawf basin revealed spatial heterogeneity in
hydrochemical composition, driven by both geological formations and human activity. Multivariate
statistical tools such as principal component analysis (PCA), combined with geochemical modeling,
helped identify dominant processes, including rock-water interaction and ion exchange. The IWQIs
varied across the basin, indicating that some sources may require treatment or conditional use for
irrigation. Predictive modeling tools such as ANFIS and RF were employed successfully to estimate
IWQI values, validating their applicability in GW assessments. Health risk assessments, while
included, should be interpreted cautiously due to assumptions in exposure models and the absence

of carcinogenic risk modeling.

The cross-basin comparison was exploratory and methodological in nature, aimed at evaluating the
robustness and transferability of modern analytical and predictive tools—such as PCA, geochemical
modeling, machine learning (RF and ANFIS), and MCS—across distinct hydrological settings. Rather
than asserting equivalency between SW and GW systems, the study sought to test these methods in

diverse contexts. These findings reinforce the importance of integrated, context-specific water
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quality assessments and suggest future research directions for improving water resource monitoring

frameworks in both SW and GW environments.

5.2. Recommendations

To enhance water quality management in diverse hydrogeological contexts, this study recommends
the establishment of region-specific, multi-seasonal monitoring programs. These should capture both
spatial and temporal variability, with sampling designs informed by land use patterns and potential
pollution sources. Effective mitigation of anthropogenic contamination requires stricter regulation
of industrial discharges in the Danube basin and promotion of sustainable agricultural practices in
the Al-Jawf basin. Constructed wetlands or vegetative buffers should be implemented where feasible
to intercept pollutants before reaching water bodies. Advanced analytical tools, including PCA,
geochemical modeling, and water quality indices, should be routinely integrated into assessment
frameworks to identify dominant geochemical processes and pollution sources. MS, as demonstrated
in this study, are vital for probabilistic health risk assessments and should focus particularly on
vulnerable groups such as children. Predictive models (e.g., ANFIS, RF) should be refined with
broader datasets and validated through field observations to support GW resource planning and
irrigation suitability decisions. In regions where contaminant levels exceed safe thresholds, small-
scale water treatment solutions such as filtration or ion exchange should be prioritized, particularly
in rural or decentralized areas. Future research should explore the impacts of extreme climatic events
and investigate emerging contaminants like PFAS, microplastics, and pharmaceuticals.
Interdisciplinary collaboration, combining hydrogeology, environmental science, public health, and
community engagement, is essential for addressing complex water quality challenges and

developing sustainable, science-based policy responses.
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6. Key Scientific Results (Thesis Points)

1.

Multivariate Fingerprinting of Heavy Metal Sources in the Danube
I established a multivariate fingerprinting framework for identifying heavy metal (HM)
sources in Danube surface waters using Principal Component Analysis (PCA) and
Hierarchical Cluster Analysis (HCA). I identified three source-specific clusters: industrial
(Fe, Cr, Mn, Zn), urban (Pb, Ni, Cu), and geogenic (As). I demonstrated that co-occurrence
patterns such as Fe—-Mn (r = 0.515) revealed shared geochemical behaviors, enabling site-

specific pollution source attribution at an unprecedented regional resolution.

Seasonal Dynamics of Heavy Metal Pollution Linked to Hydrology
I quantified a 12.8% increase in the Heavy Metal Pollution Index (HPI) during the April—
September compared to the October-March season, accompanied by elevated conductivity
and reduced river flow. I statistically linked these seasonal HPI variations to river discharge
and land use patterns, demonstrating that reduced flow intensifies pollutant concentrations

in specific reaches of the Danube.

Geochemical Evolution and Lithological Control Along the Danube Flow Path
I revealed that geochemical composition along the northward Danube flow path in
northwestern Hungary shifts due to dedolomitization processes, as shown by Gibbs diagrams
and major ion ratios (Ca*, Mg, HCOs"). I demonstrated that Ca-Mg-HCOs water types
dominate, reflecting lithological control over solute chemistry and highlighting natural
buffering mechanisms in the basin.

Machine Learning—Based Prediction of Groundwater Quality in Arid Regions
Iapplied Random Forest (RF) and Adaptive Neuro-Fuzzy Inference System (ANFIS) models
to predict Irrigation Water Quality Index (IWQI) values and salinity hazard levels in the Al-
Jawf aquifer (arid zone). I achieved high predictive accuracy (RF R? = 0.988) despite limited
sample size, and showed that ANFIS outperformed in nonlinear classification tasks. I
demonstrated that Al-based approaches are viable for groundwater quality forecasting in
data-scarce arid environments.

Geochemical Characterization and Processes Governing Groundwater Quality in the

Al-Jawf Basin
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I identified the dominant hydrochemical facies of the Al-Jawf aquifer using Piper and Gibbs
diagrams, revealing Ca—Mg—HCOs and Na—Cl water types as the most prevalent. By
integrating PCA with geochemical modeling, I demonstrated that water quality is primarily
shaped by carbonate dissolution, silicate weathering, and ion-exchange reactions. This was
the first systematic identification of geochemical processes influencing groundwater quality
in this arid basin, providing a mechanistic basis for interpreting salinity hazards and irrigation

risks.
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7. SUMMARY

This study provides a comprehensive evaluation of water quality and related health risks in two
distinct geographic regions: the Danube river in Hungary and the Al-Jawf basin in Yemen. The
assessment encompasses both surface water and groundwater, employing a variety of advanced
analytical methods, statistical tools, and predictive modeling techniques to address environmental
sustainability and public health concerns. In the Danube river study, HM concentrations (Fe, Mn,
Cr, Zn, Cu, Ni, Pb, and As) were analyzed from 2013 to 2019. Utilizing Spearman correlation,
heatmap cluster analysis (CA), and various pollution indices such as the Heavy Metal Pollution
Index (HPI), Metal Index (MI), hazard quotient (HQ), hazard index (HI), and carcinogenic risk (CR),
the research identified moderate pollution levels, with significant local contamination in
Dunafoldvar and Hercegszantd. The findings highlighted potential carcinogenic risks from
chromium exposure, especially for children, emphasizing the need for targeted mitigation strategies.
Furthermore, the evaluation of physicochemical properties revealed that natural processes and
human activities influence water quality. The dominant water type was identified as Ca-Mg-HCOs3,
and statistical analyses indicated the impact of water-rock interaction, dolomite dissolution, and ion
exchange. Although the water was generally suitable for irrigation, it was deemed unfit for drinking
based on WQI values, with children facing higher non-carcinogenic risks compared to adults. In the
Al-Jawf basin study, groundwater quality was assessed for irrigation purposes. Techniques such as
water quality indices (IWQIs), geochemical modeling, multivariate statistical analysis, GIS, and
adaptive neuro-fuzzy inference systems (ANFIS) were employed. The groundwater composition
followed the order: Ca’*" > Mg?" > Na" > K* and SO4> > CI" > HCOs~ > NOs". The evaluation
highlighted moderate-to-severe restrictions for irrigation in some samples. The ANFIS model
demonstrated high accuracy in predicting IWQIs, providing critical guidance for sustainable water
resource management. Additionally, the study assessed HM contamination and health risks, utilizing
indices such as IWQIs and Health Risk Indices (HI), and predictive models like Random Forest
(RF). The research traced hydrochemical signatures to natural processes and human activities,
identifying some groundwater sources that posed dermal exposure risks, particularly to children.
Overall, this study underscores the importance of continuous monitoring and the implementation of
effective mitigation strategies to ensure the sustainability of water resources and protect public
health. The integrated approach and findings offer valuable insights for environmental and public

health policy-making in both regions.
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APPENDIX A - FIGURES
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Figure 2 (4) Sources contributing to heavy metal pollution in the environment,; (B) Toxic effects of

heavy metals on human health (Saravanan et al. 2024).
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Figure 3 Study area and the distribution of sampling points in the Danube River
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Figure 4 Land use map of the study area
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Figure 5 Location and sampling sites within the Al-Jawf basin, Yemen

(The right panel shows the location of Al-Jawf Governorate in Northern Yemen. Sub-panels (a)
(2021) and (b)(2022) illustrate two different parts of the basin where groundwater sampling and
contour mapping were conducted, including water level gradients and site codes. Arrows indicate
the groundwater flow within the study zones.)
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Figure 11 Operational sequence of a Monte Carlo simulation model
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Figure 12 Spatial distribution maps of heavy metal concentrations in surface water samples from
the Danube river basin during the April-September period. The maps illustrate interpolated values
for As, Cr, Cu, Fe, Mn, Ni, Pb, and Zn using Inverse Distance Weights
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Figure 13 Spatial distribution maps of heavy metal concentrations in surface water samples from
the Danube river basin during the October—March period. The maps illustrate interpolated values
for As, Cr, Cu, Fe, Mn, Ni, Pb, and Zn using Inverse Distance Weights
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Figure 20 Carcinogenic risk oral: (A) adults in April-September, (B) children in April-September; (C)
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Figure 21 Carcinogenic risk dermal: (A) adults in April-September; (B) children in April-September,
(C) adults in October-March, (D)

100




WUTE  19109E

WAPYE  AWTE
N

(a)

S Danube River

Drainage Network
X Sampling Points

TN

EStudy Aren Boundary

2
Km

WACE  KTE  1300E

WANCE  IFWTE  IPUPE 19M09E
N =

W®E (f)
s

S Danube River

EBStudy Aren Boundary
Drainage Netork
& ¥ sampling Points

WAPPE  AHVE
T N

WVTE 19409

WVIE 1909

(b)

TIDanube River
EBStudy Aren Boundary
Drainage Network

& ¥ sumpling Fuinty

SIDanube River
EStudy Aren Boundary
Drainage Netwark

T Sampling Points

EBStud; Area Boundary
Drainage Network
& ¥ Samypling Points

AAOE 1 S0E 1PUrE 19109 AAOTE 1P S0E 1FUrE 1100
@ (8) - (h)
5 S
TIDanube River TIDanube River

EStudy Arex Boundary
Drainage Netwark
X sampling Points

EStudy Aren Boundary
Drainage Netwark
T sampling Points

0N

05w Sn
- —

weaer  oowe  ooor

E : g 3
0 8 & 051w “n
- — Km
WAIVE  IFNTE  1300E WATSE  IFHODE  1ST0E
WA0NE WHTE 1PV0E 19109E WAE 1FUE 1T0E 19109 AAOE IFSVE 1FUrE 19109E
6B (k) P ()] B (m)
5 S 5
CIDanube River S Danube River T Danube River

EBStudy Aren Boundary
Drainage Network
T Sampling Paints

wareE

E8Study Aren Boundary
Drainage Network
T Sampling Points

WL wRTt
e

wers

()

Danuby River

Sy Areu Boandary
Drwinage Network

T Sompling Points

wTeN

WANNE 1FUE 1U0E 19100E
N 3 .
w@z I
5
S Danube River
Sty Ares Boundary
Drainage Network

‘& X sampling Points

TN

1VOE 100
TIDanube River

Drainage Network
T Sampling Points

EStudy Aren Boundary

TN

o ¢t 10 20
Km

WATEE  IFODE  1900E
A6°409°: 18S00E 1IVrE AH00E
.
R j

S
T Danube River

Drainage Network
& ¥ Sampling Points

= ot 1 S
0 8w vn Km
- — ~ 5 -
- - . WA IFVE  AFOUE
WAYE  AFKDE  1300E
WATCE  AFSITE  FUUE 19009 WAOCE  AFHITE  1PUOE 19M00E
N = N N

EBStudy Ares Boundary

0N

HTYN

= Danube River

& ¥ sampling Points

EStudy Aren Boundary
Drainage Network

(0)

TDanube River
EBStudy Aren Boundary

Drainage Netwark
& ¥ Sampling Points

wreN
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Figure 28 The spatial variation maps of the WQI and IWQIs for the lower Danube river basin: (a)
DWQI (b) IWQI, (c) SAR, (d) Na %, (e) SSP, () PS, and (g) RSC. Values were computed using
equations summarized in Appendix Table 3
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Figure 30 Distribution map of the physicochemical parameters in Al-jawf basin, Yemen
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Figure 31 Piper diagram and Gibbs diagram showing the groundwater evolution
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Figure 32 Relationships between the main investigated parameters (a) Ca’"+Mg’*-(Na*+K") vs.
(HCO5(SO4+Cl), (b) CI vs Na*, (c) SOF vs. Mg*", (d) Mg*"+Ca*" vs. Na'K", (e) Samples vs.

CAI-I and CAI-II.
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Figure 33 The three groups extracted from cluster dendrogram for variables
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Figure 34 Classification of irrigation water quality based on six indices.
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Figure 35 GIS maps of various IWQIs in the Al-Jawf basin: (a) IWQI, (b) SAR, (c) SSP, (d) KR, (e)
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Hazard Quotient and Hazard Index of Fe and Mn
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children through dermal contact.
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Figure 39 Comparison between measured series and predicted series for SSP, PS, RSBC using the
developed RF models.
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Figure 46 Box plot of the SI results for the quaternary aquifer in the study area.
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APPENDIX B — TABLES

Table 1 Summary of key studies on machine learning (ML) applications in water quality and
health risk assessment

ML Techniques Study Focus Key Findings Reference

Used

ANN, SVM, CART, Groundwater irrigation ML models, Shaw & Sharma
CRRF, KNN suitability especially ANN, (2025)

improved prediction
accuracy over
regression models

ML techniques Groundwater quality for ML models Singh et al. (2024)
irrigation effectively assessed
water quality
parameters
GIS-based ML Irrigation groundwater  Integration of GIS ~ Mohammed et al.
algorithms quality indices with ML models (2023)

enabled spatial
prediction of water
quality

Table 2 Clarifying summary table of sampling numbers and periods

Sampling ~ Number of  Samples

Region Water Type Purpose

Years Sites Collected

D f: 2013-201

anube, Surface 013-2019 7 280 Heavy metal analysis
Hungary water (monthly)
D f: Physicochemical

anube, Surface 5019 7 85 ysicoc e'mlca
Hungary water properties
Al-Jawf, H Is +

Tawh  Groundwater  2021-2022 9 districts 60 Cavy meta’s
Yemen physicochemical
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Table 3 The calculation methods of irrigation indices.

IWQIs Equation References
n
IWQI z QW; (Meireles et al. 2010)
i=1
SAR (—N 100 (McGeorge 1954)
Ca TR cGeorge
NA% Na%=(Na'+K")(Ca”"+Mg*")+(Na'+K") " Rayikumar et al. 2013)
x 100
SSP [Na2*/(Ca2"+Mg2"+ Na2")]x100 (Eaton 1950)
KR KI=Na'/ (Ca®" + Mg?") (Al-Mashreki et al. 2023)
PS CI+(SO272) (Al-Mashreki et al. 2023)
RSC (HCOs +CO3")—(Ca*+Mg*") (Eaton 1950)

Table 4 The range of limit values of the parameters used in the computation of quality

measurement (Q1)

Qi SAR EC (us/cm) HCO3™ (meq/L) Na" (meg/L) CI" (meq/L)
EC<200 or EC> HCOs <1 or Na* <2 or CI<l or CI
0-35 >12
3000 HCO52>8.5 SAR>9 >10
35-60 6<SAR<I2 1500<EC <3000 4.5<HCO3<8.5 6<Na'<9 7<CI'<10
60-85 3<SAR<6 750<EC< 1500 1.5<HCO3<4.5 3<Na'<6 4<CI'<7
8 -
100 2<SAR <3 200< EC< 750 I<HCOs5<1.5 2<Na'<3 1<CI'<4
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Table 5 Comparative summary of considered machine learning models

Model Considered Used Justification
Robust to overfitting, handles non-linear relationships,
Random Forest .
(RF) v v performs well with moderate datasets, and allows
interpretation of variable importance.
Effective in modeling complex non-linear systems with
ANFIS v v fuzzy logic, suitable for small to medium datasets, and
widely used in water quality modeling.
Considered, but excluded due to sensitivity to
Support Vector v X hyperparameter tuning and performance variability on
Machine (SVM) YPerp & P y
small datasets.
Artificial Neural Y % Avoided to reduce model complexity and overfitting
Network (ANN) risk due to limited sample size.
k-Nearest Rejected due to sensitivity to noise and reduced
Neighbors v X performance in high-dimensional spaces with small
(kKNN) datasets.
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Table 6 The parameters for the computation of HQ, HI, RI and CR

HM As Cr Cu Fe Mn Ni Pb Zn Ref.
RfD oral (Xu et al.
0.0003 0.003 0.04 0.7 0.024 0.02 0.0014 0.3
(mg/kg/day) 2020)
(Xu et al.
ABS 1 0.025 0.3 0.2 0.04 0.04 0.3 0.2
2020)
Rfd (Xu et al.
0.0003 0.000075 0.012 0.14  0.00096 0.0008 0.00042 0.06
dermal(mg/kg/day) 2020)
CSFi /kg/d 1.5 0.5 0.5 (Xu et al
ing m a . . - - — — . -
g mg/kg/day 2020)
(Xu et al
CSFderm 50 500 - - — — 500 -
2020)
(USEPA
Kp 0.001  0.002 0.001 0.001 0.001 0.0002 0.0001  0.0006
2004)
(Woitke et
Background (ug/g) 10 30 30 15000 500 20 20 100
al. 2003)
(Hakanson
Tr 10 2 5 1 1 5 5 1
1980)
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Table 7 The overview of average HM levels in pg L™ at the lower watershed of the Danube River,

Hungary, compared with the threshold values for drinking water from the WHO Guidelines

(WHO, 2017).
Sampling
Sites Period As Cr Cu Fe Mn Ni Pb Zn

April-Sep  1.21 1.45 4.29 626.8 55.26 2.55 1.22 16.45

> Oct-March 1.30  1.07 3.33 405.5 38.88 241 0.93 14.35
April-Sep  1.27 1.3 4.17 518.3 48.26 2.64 1.61 14.78

32 Oct-March 1.27  0.93 3.37 336.1 44.78 2.29 1.37 14.44
April-Sep 134  1.42 4.4 634.73  55.26 2.64 1.42 17.66

> Oct-March 145  1.01 3.71 452.9 34.37 2.71 1.03 16.25

" April-Sep  1.35 1.8 3.48 170.67 40 3.1 1.14 12.93
Oct-March 1.28  1.58 3.81 208.3 26 2.45 1.3 12.79

April-Sep 137  1.11 3.74 436.76  43.42 2.87 1.2 11.98

> Oct-March 146  1.42 3.62 381.2 31.91 2.3 1.12 16.13
April-Sep 1.20  1.49 4.11 590.5 72.1 2.86 1.45 14.38

56 Oct-March 1.70  1.83 3.79 511 65.71 2.6 1.55 15.8
April-Sep 131 1.44 4.03 666.67  56.84 2.27 1.14 16.8

> Oct-March 1.60  1.65 4.17 528.5 36.3 2.8 1.34 19.39
WHO-2017 10 50.0 3000 300 50 70 10 1000
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Table 8 Mean concentrations (mg/L) of major ions and related physicochemical parameters in
surface water samples from the Danube river basin, south of Hungary, with reference to FAO and

WHO guidelines for drinking and irrigation water.

WHO
Sampli FAO
ars?ismg S1 2 S3 S4 S5 s6 T ey 017
& (mg/L)
2+
Ca 5445 5415 5441 5393 5359 5372 S53.11 400 75
(mg/L)
M2+
& 16.13 1559 1570 1531 1525 1476 1450 60 50
(mg/L)
Na 16.56 16.68 1656 15.63 15.87 1557 1527 919 200
(mg/L)
Cr 2450 2425 2417 2292 2250 2233 2223 1036 250
(mg/L)
2_
50 3725 37.08 37.08 36.67 3508 35.00 3485 960 250
(mg/L)
HCOs™ 195.42 188.33 193.33 190.83 190.00 188.33 181.15 610 120
(mg/L)
27
€O 917 1008 808 1042 875 917 1023 _ 350
(mg/L)
T 1453 1406 1493 1448 1551 1544 1621 — -
(°O)
E
¢ 467.92 466.67 462.08 464.58 46375 464.17 451.15 3000 1500
(uS/cm)
D
S 27250 263.38 251.88 255.71 29636 254.70 257.44 2000 500
(mg/L)
K* 258 269 260 250 274 264 257 2 12
(mg/L)
NOs- 837 786 811 804 713 735 728 _ 50
(mg/L)
pH 814 816 816 814 816 818 813 8.5 8.5
TH (me/L
MmeL 1360 11214 11273 11502 11056 109.61 108.15  — 500
as CaCOs)
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Fe 0.60 0.58 0.57 0.60 0.63 0.53 0.65 5 0.3
(mg/L)
Mn 0.07 0.06 0.07 0.05 0.07 0.05 0.05 0.2 0.1
(mg/L)
Table 9 Varimax rotated factor of principal component analysis
Rotated Component Matrix
Principal components
PCl1 PC2 PC3 PC4
Ca*" (mg/L) 0.945 -0.053 -0.149 -0.003
Mg?" (mg/L) 0.897 0.011 0.347 0.040
Na" (mg/L) 0.933 -0.199 0.190 0.003
CI' (mg/L) 0.957 -0.130 0.062 -0.013
SO4* (mg/L) 0.791 -0.002 0.526 -0.031
HCO;5™ (mg/L) 0.843 -0.414 -0.084 -0.049
COs* (mg/L) -0.076 0.940 -0.026 -0.044
EC (uS/cm) 0.926 0.054 0.043 -0.086
TDS (mg/L) 0.308 -0.197 0.110 -0.598
K" (mg/L) 0.127 -0.042 0.321 0.774
NO; (mg/L) 0.825 -0.104 -0.302 0.069
pH -0.102 0.904 0.145 -0.009
TH (mg/L) 0.985 -0.029 0.047 0.014
Fe (mg/L) -0.028 -0.096 -0.904 0.033
Mn (mg/L) 0.093 -0.179 -0.246 0.518
Eigenvalues 7.464 2.029 1.577 1.245
% of Variance 49.759 13.527 10.511 8.300
Cumulative % 49.759 63.287 73.798 82.098
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Table 10 Mean values of HQ oral of Mn, Fe and NOs™ for adults and children

Parameters Minimum Maximum Mean
Fe 0.001 0.125 0.024
HQ oral for adult Mn 0.025 0.439 0.074
NOs5" 0.050 0.243 0.137
Fe 0.002 0.477 0.092
HQ oral for Mn 0.096 1.678 0.281
children
NOs” 0.190 0.927 0.523
HI oral for
. . 0.096 0.577 0.235
Non-carcinogenic adult
risk HI oral for
0.366 2.201 0.896
children
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Table 11 Comparative analysis of physicochemical properties and trace metal concentrations

against FAO standards

Parameter FAO Min Max Average SD CV%

pH 8.50 7.00 8.20 7.20 0.29 0.04
EC (uS/cm) 3000 1030 5930 2710 1409.15 0.52
TDS (mg/L) 2000 697.93 3734.73 1773.39 853.03 0.48
K" (mg/L) 2 2.00 23.46 8.99 4.07 0.45
Na" (mg/L) 919 51.73 689.70  280.00 177.10 0.63
Mg** (mg/L) 60 41.31 359.64  95.00 67.00 0.71
Ca*" (mg/L) 400 40.00 304.61 120.24  67.96 0.57
NOs (mg/L) 10 0.80 10.50 4.00 2.50 0.62
CI' (mg/L) 1036 127.62 1013.87 41831  260.89 0.62
SO (mg/L) 960 14.41 1320.83 518.72  340.21 0.66
HCOs; (mg/L) 610 170.86 463.75 286.79  79.34 0.28
COs*(mg/L) 3 0.10 6.00 0.80 1.25 1.56
Fe (mg/L) 5 0.01 3.0 0.09 0.16 1.73
Mn (mg/L) 0.2  0.001 4.0 0.02 0.09 4.42

CV: Coefficient of Variation, SD: Standard Deviation. FAO: Food and Agriculture Organization (Ayers and
Westcot 1985)
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Table 12 The association among various parameters and factors.

Principal components

Parameters
TDS (mg/L)
Na" (mg/L)
K" (mg/L)
Ca?" (mg/L)
Mg*" (mg/L)
CI' (mg/L)
SO4* (mg/L)
HCOs™ (mg/L)
COs* (mg/L)
NOy™ (mg/L)
Fe' (mg/L)
Mn" (mg/L)

PCl1
0.99
0.82
0.66
0.85
0.81
0.86
0.88
0.73
0.16
-0.09
0.68
0.79

PC2
0.09
0.40
0.21
-0.24
-0.21
0.15
-0.01
-0.01
0.73
0.84
-0.30
-0.16

PC3
0.06
0.11
0.66
-0.01
-0.01
0.03
0.16
-0.44
-0.41
-0.02
-0.31
-0.17
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Table 13 Evaluation metrics for RF models on measured parameters, including IWQI, SAR, KR,
SSP, PS, RSBC, HI (adult), and HI (child)

Model .. .. . )
Index Input variables Parameters Training  Traming  Testing  Testing
P R? RMSE R? RMSE
(ntree, mtry)
IWQI EC, Na', CI- (1,17) 0.988 2.239 0.940 3.976
SAR Mg?*, Na* 2,9) 0971 0.404 0.869 0.667
KR Ca?", Na* (2,8) 0.952 0.099 0.665 0.203
SSP TDS, CI", Ca?", Na* (3, 13) 0.959 2.453 0.671 5.394
PS Cl, EC (2,06) 0.994 0.744 0.982 0.960
CI, Na*, Mg**, pH,
SO.*, HCOs™, EC,
RSBC M, K*, Fe, NOs-, (12, 2) 0.924 0.768 0.751 1.042
Ca2+
HI M (1,2) 0.988 0.014 0.903 0.018
n . ) . )
(adult) ’
HI Mn (1,2) 0.988 0.041 0.903 0.048
(child) ’ ’ ' ’ '
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Table 14 Descriptive results of the groundwater samples with the standard limit for irrigation

purposes
Parameter FAO Min Max  Average
pH 8.5 6.5 7.5 7.13
Temp. (°C) - 11.5 27.1 20.7
TDS (mg/L) 2000 378.42 5012 1685
EC (uS/cm) 3000 542 6628  2361.72
Ca®" (mg/L) 400 40 460 179.69
Mg*? (mg/L) 60 32.81 328 114.5
K" (mg/L) 2 2.34 23.40 9.54
Na“ (mg/L) 919 24.15 7245 197.2
HCO3; (mg/L) 610 150 915 408.18
CI' (mg/L) 1036 355 1136 395
SO4* (mg/L) 960 19.2 1939 392
NO3™ (mg/L) 10 0.1 6 2.21
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Table 15 Correlation between the parameters and factors

Principal components

Parameters
Ca?" (mg/L)
Mg?* (mg/L)
Na' (mg/L)
K" (mg/L)
HCOs5™ (mg/L)
CI' (mg/L)
SO4* (mg/L)
COs* (mg/L)
TDS (mg/L)
EC (uS/cm)
NO3- (mg/L)
Eigenvalue

% of Variance

Cumulative %

PCl1
0.770
0.939
0.912
0.514
0.176
0.900
0.934
0.142
0.944
0.955
-0.044

6.111

55.556
55.556

PC2
0.450
0.196
0.191
0.637
0.887
0.261
-0.090
0.375
0.316
0.287
-0.205

1.911

17.376
72.932

PC3
0.133
0.012
0.056
-0.294
0.111
0.192
-0.235
0.781
0.016
0.036
0.785

1.439

13.086

86.018

Table 16 Statistical description of the mineral SI for the obtained GW samples

SI Anhydrite  Aragonite Calcite Dolomite Gypsum  Halite CO2(g)
Min. -2.79 -0.41 -0.27 -0.29 -2.57 -7.64 -2.32
Max. -0.44 0.49 0.63 1.45 -0.19 -4.77 -0.63
Mean -1.501 0.003 0.151 0.404 -1.269 -6.075 -1.649
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Table 17 Statistical analysis and classes of IWQIs.

Number of Samples

Criteria Min Max Mean Range Class
(%)
17.03 96.77 61.03 85-100 No restriction 7 (25.920%)
70 - 85 Low restriction 4 (14.81%)
Moderate
IWQI 55-70 o 4 (14.81%)
restriction
40 - 55 High restriction 7 (25.92%)
0-40 Severe restriction 5(18.51%)
0.63 630 2.56 <10 Excellent 27(100%)
10-18 Good 0 (0%)
SAR '
19-26 Fair Poor 0 (0%)
>26 Unsuitable 0 (0%)
11.35 49.73 28.29 <20% Excellent 10 (37%)
21%—
Good 13(48.14%)
40%
41%— o
Na% Permissible 4(14.81%)
60%
61%—
Doubtful 0 (0%)
80%
> 80% Unsuitable 50 (100%)
ssp 10.39 49.45 27.57 <60 Suitable 27 (100%)
>60 Unsuitable 0 (0%)
1.2 52.20 15.23 PS <3.0  Excellent to good  2(7.40%)
PS=3.0— o
Good to injurious  3(11.11%)
PS 5.0
Injurious
PS>5.0 ' 22(81.48%)
unsatisfactory
RCS ) -1.96 -11.89  <1.25 Good 27 (100%)

43.21
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1.25-2.5  Doubtful 0 (0%)
>2.5 Unsuitable 0 (0%)
Table 18 Performance criteria of the simulation models for IWQIs prediction.
Index Performance criteria
R’ RMSE MAD E

IWQI 0.999 2.393 1.691 0.999

SAR 0.973 0.098 0.067 0.973

SSP 0.996 11.202 8.802 0.996

Anhydrite 0.970 0.003 0.002 0.971

Aragonite 0.955 0.001 0.001 0.955
.§ Dolomite 0.988 0.001 0.000 0.980
(qf:o Halite 0.985 0.007 0.003 0.980
:g Gypsum 0.976 0.002 0.001 0.979
E CO2 0.9 80 0.002 0.001 0.985

IWQI 0.960 5.670 3.665 0.949

SAR 0.940 0.479 0.222 0.868

SSP 0.892 11.667 9.880 0.864

Anhydrite 0.895 0.354 0.159 0.775

Aragonite 0.908 0.071 0.032 0.886
B Dolomite 0.878 0.318 0.114 0.443
c;’ Halite 0.932 0.860 0.275 0.070
%D Gypsum 0.964 0.174 0.056 0.958
E’ COz 0.879 0.019 0.007 0.999
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