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Supplementary information 1 on membership function
For WQPs variables, the bounds of the universe of discourse and the membership breakpoints were defined using ecologically relevant ranges and regulatory thresholds (Table 1). For AMR-related variables, individual modules were defined for AMR burden. This structure allowed different types of evidence to be harmonized within the same fuzzy logic framework. Trapezoidal membership functions were assigned to the boundary linguistic terms VP and VG, as these represent open-ended extreme conditions with a plateau of full membership at the extreme end of the parameter range (equation S1).
 
Where x is the crisp input variable: a and d are the lower and upper limit beyond MF is zero; b and c define the core region of full MF; ∈ [0,1] represents the degree to which x belongs to the fuzzy set.
Triangular membership functions were assigned to the interior terms P, M, and G, as these represent transient quality states with a single peak and symmetric transition slopes (equation S2): 
 
Where a and c are the left (lower limit) and right (upper limit) side of the triangle beyond which MF is zero; b is the apex of the triangle at which full MF (µ = 1) is achieved.
MF architecture is well established for fuzzy interface in environmental systems 1. The trapezoidal form for extreme terms ensures that parameters clearly within excellent or critically poor ranges receive full membership without ambiguity, while triangular forms for intermediate terms maximize sensitivity to deterioration, particularly important in the polluted urban river settings.
Water Quality Criteria - CPCB
 The Central Pollution Control Board (CPCB) has developed a concept of designated best use by classifying water resources of the country according to their uses for setting water quality objectives for different water bodies. According to this, out of the several uses of water of a particular body, the use which demands highest quality is termed as its designated best use. Five designated best uses have been identified. This classification helps the water quality managers and planners to set water quality targets and design suitable restoration programs for various water bodies 2. 
	Table SA. WATER QUALITY CRITERIA & DESIGNATED BEST USES

	Designated Best Use
	Class
	Criteria

	Drinking Water Source without conventional treatment but after disinfection
	A
	1.Total Coliforms Organism, MPN/100ml shall be 50 or  less
2. pH between 6.5 and 8.5
3. Dissolved Oxygen, 6mg/l or more
4. Biochemical Oxygen Demand 5 days 20 °C, 2mg/l or less

	Outdoor bathing (Organized)
	B
	1.Total Coliforms Organism MPN/100ml shall be 500 or less
2. pH between 6.5 and 8.5
3. Dissolved Oxygen 5mg/l or more
4. Biochemical Oxygen Demand 5 days 20 °C, 3mg/l or less

	Drinking water source after conventional treatment and disinfection
	C
	1. Total Coliforms Organism MPN/100ml shall be 5000 or less
2. pH between 6 and 9
3. Dissolved Oxygen 4mg/l or more
4. Biochemical Oxygen Demand 5 days 20 °C, 3mg/l or less

	Propagation of Wildlife and Fisheries
	D
	1. pH between 6.5 and 8.5
2. Dissolved Oxygen 4mg/l or more
3. Free Ammonia (as N)
4. Biochemical Oxygen Demand 5 days 20 °C, 2mg/l or less

	Irrigation, Industrial Cooling, Controlled Waste disposal
	E
	1. pH between 6.0 and 8.5
2. Electrical Conductivity at 25 °C micro mhos/cm, maximum 2250
3. Sodium absorption Ratio Max. 26
4. Boron Max. 2mg/l

	 
	Below-E
	Not meeting any of the A, B, C, D & E criteria


Supplementary information 2 on the fuzzy rule based construction
Compound antecedents were evaluated using the min-operator as “AND” in the developed MFIS equation (S3): 
 
Where,   and  are the individual membership degrees of  in fuzzy sets  and , respectively; and  represents the aggregated membership degree of  satisfying both conditions simultaneously. This formulation is environmentally suitable option for WQ assessment, where the most limiting parameter is comparable to Liebig's Law of the Minimum 3. Each rule’s activation strength is constrained by its weakest antecedent. Therefore, even if the other parameter shows less impairment, a significant decline in any one parameter is enough to move the output toward a lower quality class.
Supplementary information A for Stage 1 Module
A.1 Rule based construction: Each rule is composed of two primary components: the antecedent (the “IF” part) and the consequent (the “THEN” part). For any two-input WQP subsystem, the rule base can be written as:
 
where  and  are the input WQPs,  and  are their associated linguistic terms,  is the intermediate fuzzy output for the -th group, and  is the output linguistic class determined by the selected fusion table. For higher-level aggregation of intermediate group scores, the same structure was retained using quality states as inputs:
 
and for the three-input stage,
 
where  denotes the WQ linguistic classes VP, P, M, G, and E.
A.2 Hierarchical organization: The script organizes the WQI into ten first-level WQP groups, followed by successive second- and third-level aggregations (Figure 1). ​ The first layer combines pH-Temp into Gr1, DO-COD into Gr2, , TDS-Conductivity into Gr3, Turbidity-TSS into Gr4, Nitrate-Nitrite into Gr5, Ammonium-TN into Gr6, TP-TOC into Gr7, TBX-OSS into Gr8, Cu-Ni into Gr9, and Pb-Cd into Gr10. ​ These are subsequently aggregated as Gr11 = f(Gr1, Gr2), Gr12 = f(Gr3, Gr4), Gr13 = f(Gr5, Gr6), Gr14 = f(Gr7, Gr8), Gr15 = f(Gr9, Gr10), Gr16 = f(Gr11, Gr12), Gr17 = f(Gr13, Gr14, Gr15), and finally WQI = f(Gr16, Gr17). 
This hierarchical design 4 reduces the complexity of directly combining all raw inputs in a single rule base and preserves ecological interpretation at each stage of integration. ​ The script explicitly implements two-input rule generators for pollutant-to-quality inference, two-input quality-to-quality inference, and three-input quality fusion, resulting in 25 rules for each two-input block and 125 rules for the three-input block. ​ The script also reports total rule counts of 250 rules in level 1, 125 rules in level 2, and 25 rules in the final level. 
A.3 Fusion table: Different WQP pairs were assigned to different fusion tables (Supplementary Table S1) so that the rule behavior matched the environmental meaning of each parameter combination. ​ The rule matrices implemented for the fusion tables are the oxygen table, the pH-temperature table, the pollution-dominating table, the microbial table, the heavy-metal-high table, and the conservative table.
A.4 Example: The pollution-dominating table is intentionally asymmetric in environmental effect, because the poorer of the two inputs largely controls the resulting quality status. By contrast, the conservative table is used when merging already-derived quality scores so that improvement in one branch does not unrealistically compensate for poor status in another branch. The three-input rule matrix for Gr17 was additionally constructed by combining the conservative integration of Gr13 and Gr14 with a pollution-oriented penalty derived from Gr15, thereby allowing heavy-metal burden to degrade the nutrient-organic-microbial branch during upper-level fusion. Representative rules from the implemented WQI rule base are shown below with examples directly reflecting the fusion matrices-
IF DO is VL and COD is VL, THEN Gr1 is VP,
IF pH is M, Temperature is M, THEN Gr2 is P,
IF Turbidity is VL AND TSS is VL, THEN Gr4 is G,
IF TBX is VL AND OSS is L, THEN Gr8 is G,
IF Pb is M AND Cd is L, THEN Gr10 is VP.
The same rule logic was propagated to upper hierarchical layers by treating intermediate scores as fuzzy quality inputs.  For example, under the conservative table, IF Gr1 is G AND Gr2 is M, THEN Gr11 is M, whereas IF Gr1 is E AND Gr2 is E, THEN Gr11 is E.  Similarly, Gr15 is formed by combining Gr9 and Gr10 with pollution-dominating logic, and Gr17 is obtained through a three-input rule base integrating Gr13, Gr14, and Gr15. 
The hierarchical arrangement allows the model to incorporate contrasting behaviors across WQPs while avoiding an unmanageably large flat rule base. These rule bases enabled the framework to encode parameter-specific behavior while maintaining a transparent and reproducible inference structure. The use of standardized rule-table schemas also reduced subjectivity in rule construction and supported consistent propagation of risk information across the three stages of the integrated model.
The intermediate outputs from each level were then fused through higher-order subsystems until a final WQI score was generated. The conservative aggregation strategy ensures that the WQI penalizes multi-parameter co-contamination, a scenario ubiquitous in wastewater-impacted urban rivers 5. This approach diverges from compensatory arithmetic aggregation (e.g., weighted sum WQI) where a single excellent parameter can numerically offset multiple poor parameters, producing misleadingly favorable index scores 6.


S2

	Supplementary Table S1. Fusion tables used in the hierarchical WQI framework and the corresponding WQP pairings.

	Fusion table
	Functional interpretation
	WQP pairs or hierarchy level

	Oxygen
	Prioritizes oxygen depletion; very low DO forces very poor quality regardless of COD.
	DO + COD = Gr1.

	pH-temperature
	Bell-shaped response; near-neutral pH and moderate temperature give the best quality, while extremes degrade the score. 
	pH + Temp = Gr2. 

	Pollution-dominating
	The more polluted input dominates the output, causing rapid degradation as either variable shifts toward H or VH. 
	TDS + Conductivity = Gr3; Turbidity + TSS = Gr4; Nitrate + Nitrite = Gr5; Ammonium + TN = Gr6; TP + TOC = Gr7; Cu + Ni = Gr9. 

	Microbial
	Apply stricter penalties because microbial contamination is treated as an immediate health risk. 
	TBX + OSS = Gr8.

	Heavy metal
	Strongly precautionary matrix in which moderate to high Pb or Cd produces poor to very poor quality. 
	Pb + Cd = Gr10 

	Conservative
	Monotone quality-preserving aggregation is used for higher-level merging of intermediate quality groups. 
	Gr1 + Gr2 = Gr11; Gr3 + Gr4 = Gr12; Gr5 + Gr6 = Gr13; Gr7 + Gr8 = Gr14; Gr11 + Gr12 = Gr16; Gr16 + Gr17 = WQI.




	Supplementary Table S2. AMR Fuzzy Input Variable MF Ranges

	Input Variable
	Universe
	VL
	L
	M
	H
	VH

	Enrichment Ratio (EF)
	0–1000
	0–1
	1–3
	3–10
	10–100
	100–1000

	Mobility Score (Mob)
	0–100
	0–10
	8–30
	25–60
	50–85
	75–100

	WHO-informed Rank (WIR)
	0–100
	0–30
	25–50
	45–65
	60–80
	75–100

	Antibiotic Pressure (AbxPress)
	0–100
	0–15
	10–30
	25–50
	45–75
	70–100

	ABI Output
	0–100
	0–20
	18–40
	38–60
	58–80
	80–100



Supplementary information B for Stage 2 Module
B.1 Rationale for selecting the target genes and other factors for AMR Burden: The antimicrobial resistance genes (ARGs) incorporated in the AMR Burden Index (ABI) were selected to represent major resistance classes frequently associated with wastewater-impacted aquatic environments and urban anthropogenic pollution 7,8. Selection was based on three primary considerations: (i) reported occurrence in sewage-contaminated river systems; (ii) clinical relevance of the associated resistance class; and (iii) suitability for quantitative molecular detection using qPCR-based approaches.
The β-lactam resistance genes blaNDM and blaCTX-M were included due to their association with carbapenem and extended-spectrum cephalosporin resistance, respectively. These genes are widely recognized indicators of clinically important antimicrobial resistance dissemination in wastewater-impacted environments and have been repeatedly detected in urban river systems receiving municipal sewage discharge 9,10.
The genes sul1, sul2, qnrS, and ermF were selected to represent sulfonamide, fluoroquinolone, and macrolide resistance classes commonly linked to anthropogenic wastewater contamination 11. These genes are frequently associated with mobile genetic elements, including class 1 integrons and conjugative plasmids, which facilitate environmental dissemination through horizontal gene transfer 12. Their occurrence in urban aquatic systems has been extensively reported in rivers receiving domestic sewage, pharmaceutical discharge, and mixed urban runoff.
Tetracycline resistance genes (tetA/B, tetM, tetQ, and tetW) were incorporated because tetracycline-associated resistance determinants are among the most persistent and frequently detected ARGs in environmental resistome studies. Their continued occurrence in riverine systems reflects both historical and ongoing antibiotic selection pressure from human and veterinary usage 13.
The aminoglycoside resistance marker aph3-ib was included as an indicator associated with hospital wastewater and clinically influenced anthropogenic contamination 14 . Aminoglycoside resistance determinants are commonly detected in wastewater systems influenced by healthcare-associated discharge and therefore provide additional information regarding clinically derived resistance dissemination.
The class 1 integron integrase gene intI1 was incorporated as a mobility-associated marker rather than as a resistance determinant itself. intI1 abundance has been consistently associated with anthropogenic pollution intensity, ARG accumulation, and the environmental potential for horizontal gene transfer 11,12. Accordingly, intI1 was integrated into the mobility component of the ABI framework to account for the ecological potential for resistance dissemination in addition to ARG abundance alone.
Antibiotic selection pressure was incorporated using the predicted no-effect concentration for resistance selection (PNECres) framework 15,16. The PNEC approach provides environmentally relevant threshold concentrations below which resistance selection pressure is considered unlikely to occur. Measured antibiotics and fallback predicted environmental concentration (PEC)-based estimates were used to represent antibiotic pressure associated with the corresponding ARG classes. Fluoroquinolones were considered particularly important because of their low resistance-selection thresholds and their frequent occurrence in wastewater-impacted aquatic environments. In the present framework, ciprofloxacin was assigned to a PNEC value of 0.003 µg/L, reflecting its high ecological relevance for resistance selection under environmentally realistic concentrations. Macrolides were additionally incorporated using reported PNEC values ranging from 0.014–0.049 µg/L due to their potential role in co-selection of ermF-associated resistance determinants. Trimethoprim was retained as the primary sulfonamide-associated pressure indicator following exclusion of sulfamethoxazole because concentrations remained below detection limits in all analyzed samples. Trimethoprim was assigned a PNEC value of 0.042 µg/L and was incorporated because of its reported association with co-selection mechanisms involving mobile resistance determinants such as sul1 and sul2. Altogether, the selected ARGs, mobility markers, and antibiotic pressure variables were intended to represent clinically relevant resistance dissemination, environmental persistence, wastewater influence, and ecological selection pressure within sewage-impacted urban river systems.
B.2 Rule based construction: For each ARG, the ABI module builds two parallel fuzzy subsystems: an environmental load subsystem and a clinical risk subsystem.
The environmental load component combines enrichment factor (EF) and mobility score (Mob), whereas the clinical risk component combines ARG priority score based on metadata-derived ranking scores adapted from environmental AMR risk frameworks 9,17 and antibiotic selection pressure (Abx) 15,16. Accordingly, the generic rule structures may be written as:

and
Where , , , and  are fuzzy input labels in the VL–VH scale and ,  are fuzzy ABI outputs in the same VL–VH vocabulary.
The framework defines ABI output membership functions on a 0–100 universe using VL, L, M, H, and VH risk states, with the same trapezoidal-triangular pattern used in the WQI output layer.
B.3 Fusion table: The environmental load branch uses the AMR ENV TABLE, which is asymmetric and allows high enrichment alone to elevate risk even when mobility is only moderate.
The clinical-risk branch uses one of two rule tables depending on ARG priority: AMR CLIN CRITICAL TABLE is used for ARGs with WHO-informed rank (WIR) at least 70, while AMR CLIN SELECTION TABLE is used for lower-priority selection-tier ARGs 7–9.

	Supplementary Table S3. Fusion tables used in the ABI fuzzy inference framework and their interpretation.

	Fusion table
	Inputs
	Function in ABI

	AMR ENV 
	EF + Mob
	Converts environmental abundance and mobility potential into ARG-specific environmental load.

	AMR CLIN CRITICAL 
	WIR + AbxPress
	Used for critical ARGs with WIR greater than or equal to 70; gives strong penalties when either priority or selection pressure is high. 

	AMR CLIN SELECTION 
	WIR + AbxPress
	Used for non-critical ARGs; allows a more gradual escalation of clinical risk.



	Supplementary Table S4. Representative fuzzy IF-THEN rules used in ARG-level ABI inference.

	Branch
	Example rule
	Interpretation

	Environmental load
	IF EF is VL AND Mob is VL, THEN EnvLoad is VL. 
	Low ARG enrichment with low mobility indicates negligible environmental burden.

	Environmental load
	IF EF is M AND Mob is VH, THEN EnvLoad is VH. 
	Moderate enrichment combined with very high mobility is treated as severe dispersal risk. 

	Environmental load
	IF EF is VH AND Mob is L, THEN EnvLoad is H. 
	Very high enrichment alone is sufficient to produce high environmental risk. 

	Clinical risk, critical table
	IF WIR is VH AND AbxPress is VL, THEN ClinRisk is VH. 
	A very high-priority ARG remains critical even under low measured antibiotic pressure. 

	Clinical risk, critical table
	IF WIR is M AND AbxPress is H, THEN ClinRisk is VH.
	Strong antibiotic selection can elevate clinical risk for a moderately ranked ARG within the critical table. 

	Clinical risk, selection table
	IF WIR is VL AND AbxPress is VL, THEN ClinRisk is VL.
	Low-priority ARGs under negligible selection pressure contribute minimally to ABI.

	Clinical risk, selection table
	IF WIR is VH AND AbxPress is VH, THEN ClinRisk is VH.
	Combined high priority and high selection pressure produce the maximum clinical-risk state.



	Supplementary Table S5. PNEC values used for measured-antibiotic pressure estimation.

	Antibiotic
	PNEC

	Ciprofloxacin (CIP)
	0.0006 

	Norfloxacin (NOR) 
	0.005 

	Erythromycin (ERY)
	0.003 

	Azithromycin (AZM)
	0.008 

	Trimethoprim (TMP)
	0.009 

	Meropenem (MEM)
	0.0006 

	Imipenem (IPM)
	0.0008 

	Cefotaxime (CTX)
	0.0008 

	Ceftriaxone (CRO)
	0.0017 

	Tetracycline (TC)
	0.011 

	Doxycycline (DOX)
	0.005 

	Oxytetracycline (OTC)
	0.019 

	Gentamicin (GEN)
	0.011 

	Amikacin (AMK)
	0.074 



	Supplementary Table S6. Representative ARG metadata and tier assignment.

	ARG
	WIR
	Antibiotic class
	Measured antibiotic(s)
	Pressure tier

	blaNDM 
	95 
	Carbapenem 
	None 
	2 

	blaCTX-M 
	75 
	Cephalosporin 
	None 
	2 

	qnrS 
	70 
	Fluoroquinolone 
	CIP, NOR 
	1 

	ermF 
	62 
	Macrolide 
	ERY, AZM 
	1 

	tetM 
	52 
	Tetracycline 
	None 
	2 

	tetW 
	47 
	Tetracycline 
	None 
	2 

	sul1 
	42 
	Sulfonamide 
	TMP 
	1 

	sul2 
	38 
	Sulfonamide 
	TMP 
	1 

	tetA/B 
	35 
	Tetracycline 
	None 
	2 

	tetQ 
	33 
	Tetracycline 
	None 
	2 

	aph3ib 
	36 
	Aminoglycoside 
	None 
	2 



	Supplementary Table S7. PEC values used for fallback antibiotic-pressure estimation when measured antibiotic concentrations are unavailable.

	Antibiotic class
	Dry PEC
	Wet PEC
	Fallback PNEC

	Carbapenem (CARB) 
	0.168 
	0.017 
	0.0006 

	Cephalosporin (CEP)
	0.600 
	0.060 
	0.0008 

	Fluoroquinolone (FQ)
	3.500 
	0.350 
	0.0006 

	Macrolide (MAC)
	0.600 
	0.060 
	0.003 

	Sulfonamide (SXT)
	3.200 
	0.320 
	0.009 

	Tetracycline (TC)
	2.750 
	0.275 
	0.005 

	Aminoglycoside (AMG)
	0.560 
	0.056 
	0.011 



Supplementary information C for Stage 3 Module
C.1 Rule based construction: The general fuzzy fusion rule used for CWHI can be written as follows:
where , ,
and .
In the script, the final crisp score is obtained by fuzzifying the two inputs, applying the 25 fusion rules, aggregating the activated output sets, and defuzzifying the result by the centroid method. Thus, for a given sample , the CWHI can be represented functionally as
Where  denotes the fuzzy fusion mapping encoded by the 5 × 5 fusion table.
The corresponding implementation in the script clips both WQI and ABI to the range 0–100 before inference and returns the centroid-defuzzified CWHI score.
C.2 Fusion table: In this framework, WQI acts as a positive environmental-quality indicator, where higher values indicate better water quality, whereas ABI acts as a negative microbial-risk indicator, where higher values indicate greater antimicrobial resistance burden. The fusion layer therefore combines physicochemical water condition and AMR burden into a single decision surface using a Mamdani-type fuzzy inference system. The resulting output classes are Critical, Poor, Moderate, Good, and Safe, with output membership functions defined over 0–100 and class ranges of 0–20, 20–40, 40–60, 60–80, and 80–100, respectively.
	Supplementary Table S8. Fuzzy fusion matrix used for the ideal AND CWHI obtained from each combination of WQI and ABI state.

	WQI \ ABI
	VL
	L
	M
	H
	VH

	VP
	Critical 
	Critical 
	Critical 
	Critical 
	Critical 

	P
	Poor 
	Poor 
	Critical 
	Critical 
	Critical 

	M
	Moderate 
	Moderate 
	Poor 
	Critical 
	Critical 

	G
	Good 
	Moderate 
	Poor 
	Poor 
	Critical 

	E
	Safe 
	Good 
	Moderate 
	Poor 
	Critical 



C.3 Example: Representative fuzzy IF-THEN rules from the implemented CWHI fusion matrix are shown below. These rules illustrate how the fusion logic preserves the beneficial effect of high WQI only when ABI remains low, while penalizing combinations involving poor water quality or high AMR burden.
	Supplementary Table S9. Representative fuzzy IF-THEN rules used in the CWHI fusion layer.

	Rule
	Interpretation

	IF WQI is VP AND ABI is VL, THEN CWHI is Critical. 
	Very poor physicochemical water quality is sufficient to produce a critical overall water-health score even when AMR burden is low. 

	IF WQI is P AND ABI is M, THEN CWHI is Critical. 
	Poor water quality combined with moderate AMR burden is treated as critically unsafe. 

	IF WQI is M AND ABI is VL, THEN CWHI is Moderate. 
	Moderate water quality with negligible AMR burden yields an intermediate health state. 

	IF WQI is G AND ABI is L, THEN CWHI is Moderate. 
	A low but non-negligible AMR burden downgrades otherwise good water quality. 

	IF WQI is E AND ABI is VL, THEN CWHI is Safe. 
	Excellent water quality and negligible AMR burden together define the safest class. 

	IF WQI is E AND ABI is H, THEN CWHI is Poor. 
	High AMR burden substantially reduces the composite water-health classification even under excellent water quality. 

	IF WQI is E AND ABI is VH, THEN CWHI is Critical. 
	Very high AMR burden overrides excellent physicochemical quality and forces the final class to Critical. 



	Supplementary Table S10. Idealized 5×5 fusion-space validation matrix for the CWHI framework, showing the 25 combinations of WQI and ABI class-center inputs and the corresponding centroid-defuzzified CWHI scores and output classes.

	Scenario
	WQI Class
	ABI Class
	WQI
	ABI
	CWHI
	CWHI Class

	S1
	VP
	VL
	10
	10
	8.38
	Critical

	S2
	VP
	L
	10
	30
	8.9
	Critical

	S3
	VP
	M
	10
	50
	8.39
	Critical

	S4
	VP
	H
	10
	70
	8.39
	Critical

	S5
	VP
	VH
	10
	90
	8.38
	Critical

	S6
	P
	VL
	30
	10
	30
	Poor

	S7
	P
	L
	30
	30
	30
	Poor

	S8
	P
	M
	30
	50
	8.9
	Critical

	S9
	P
	H
	30
	70
	8.9
	Critical

	S10
	P
	VH
	30
	90
	8.9
	Critical

	S11
	M
	VL
	50
	10
	50
	Moderate

	S12
	M
	L
	50
	30
	50
	Moderate

	S13
	M
	M
	50
	50
	30
	Poor

	S14
	M
	H
	50
	70
	8.39
	Critical

	S15
	M
	VH
	50
	90
	8.39
	Critical

	S16
	G
	VL
	70
	10
	70
	Good

	S17
	G
	L
	70
	30
	50
	Moderate

	S18
	G
	M
	70
	50
	30
	Poor

	S19
	G
	H
	70
	70
	30
	Poor

	S20
	G
	VH
	70
	90
	8.39
	Critical

	S21
	VG
	VL
	90
	10
	91.62
	Safe

	S22
	VG
	L
	90
	30
	70
	Good

	S23
	VG
	M
	90
	50
	50
	Moderate

	S24
	VG
	H
	90
	70
	30
	Poor

	S25
	VG
	VH
	90
	90
	8.38
	Critical





	Supplementary Table S11. Single point one-at-a-time (OAT) perturbation for CWHI framework

	Parameter
	Factor
	CWHI Base
	CWHI New
	ΔCWHI
	Sensitivity Index

	WQI
	0.9
	30.000
	30.000
	0.000
	0.000

	WQI
	1.1
	30.000
	30.000
	0.000
	0.000

	ABI
	0.9
	30.000
	30.000
	0.000
	0.000

	ABI
	1.1
	30.000
	29.884
	-0.116
	-0.039



	Supplementary Table S12. Global grid Sensitivity Analysis for the WQI and ABI

	Metric
	Value

	Mean Gradient WQI
	0.436

	Mean Gradient ABI
	0.458

	Median Grad WQI
	2.13E-14

	Median Grad ABI
	2.84E-14



[image: ]
Supplementary Figure S1. Frequency distributions of local gradient magnitudes for (a) WQI and (b) ABI obtained from global finite-difference sensitivity analysis over the full WQI-ABI space. The pronounced right-skew and concentration near zero indicate that most of the response surface is locally stable, whereas only limited regions show stronger sensitivity.
[image: ]
Supplementary Figure S2. Distribution of CWHI values obtained from Monte Carlo uncertainty propagation analysis. Summary statistics of the simulated outputs were mean = 29.14, SD = 3.08, 95% CI = [19.72-30.00], and CV = 10.55%.


	Supplementary Table S13. Seasonal WQI class transition matrix for Musi River sampling sites, showing wet-season and dry-season WQI classes and indicating whether class changes occurred between seasons.

	Location
	Wet
	Dry
	Wet Class
	Dry Class
	WQI Class Change

	OS
	27.334
	27.334
	Poor
	Poor
	Poor -> Poor

	BGB
	7.826
	7.852
	Critical
	Critical
	Critical -> Critical

	SRN
	7.852
	7.852
	Critical
	Critical
	Critical -> Critical

	PP
	7.826
	7.852
	Critical
	Critical
	Critical -> Critical

	GNB
	7.826
	7.778
	Critical
	Critical
	Critical -> Critical

	NGB
	7.852
	7.904
	Critical
	Critical
	Critical -> Critical

	PZ
	7.852
	7.852
	Critical
	Critical
	Critical -> Critical

	PSB
	7.852
	7.904
	Critical
	Critical
	Critical -> Critical

	NRB
	7.826
	7.860
	Critical
	Critical
	Critical -> Critical

	MR
	27.334
	27.345
	Poor
	Poor
	Poor -> Poor





	Supplementary Table S14. Spearman rank correlations between ARG and WQPs used in the Musi River dataset.

	Parameters
	blaNDM
	blaCTX-M
	qnrS
	ermF
	tetM
	tetW
	sul1
	sul2
	tetQ

	Temp
	-0.039
	0.157
	-0.038
	-0.230
	-0.553
	-0.396
	-0.139
	-0.008
	-0.425

	pH
	0.292
	0.044
	-0.011
	-0.249
	0.160
	-0.106
	-0.358
	-0.375
	-0.129

	TDS
	-0.232
	-0.317
	0.045
	0.280
	0.662
	0.450
	0.174
	0.074
	0.484

	DO
	0.624
	0.479
	-0.001
	-0.466
	-0.514
	-0.624
	-0.556
	-0.484
	-0.630

	EC
	-0.232
	-0.317
	0.045
	0.280
	0.662
	0.450
	0.174
	0.074
	0.484

	Tur
	-0.759
	-0.711
	-0.153
	0.513
	0.746
	0.797
	0.287
	0.110
	0.839

	TSS
	-0.633
	-0.636
	-0.134
	0.511
	0.791
	0.777
	0.266
	0.090
	0.803

	COD
	-0.626
	-0.630
	-0.141
	0.496
	0.689
	0.675
	0.278
	0.153
	0.688

	Nitrate
	0.350
	0.403
	0.153
	-0.227
	-0.782
	-0.629
	-0.065
	0.075
	-0.609

	Ammonium
	-0.260
	-0.372
	-0.099
	0.162
	0.693
	0.460
	0.057
	-0.028
	0.489

	Nitrite
	0.261
	0.500
	0.226
	-0.077
	-0.721
	-0.547
	0.159
	0.338
	-0.567

	TN
	-0.744
	-0.620
	-0.068
	0.620
	0.687
	0.814
	0.505
	0.373
	0.817

	TP
	-0.537
	-0.606
	-0.263
	0.382
	0.827
	0.642
	0.096
	-0.036
	0.684

	TOC
	-0.665
	-0.657
	-0.077
	0.547
	0.725
	0.735
	0.317
	0.177
	0.768

	TBX
	-0.303
	-0.147
	0.215
	0.162
	-0.096
	0.158
	0.309
	0.353
	0.112

	OSS
	-0.148
	-0.032
	0.405
	0.086
	-0.272
	-0.023
	0.347
	0.380
	-0.029

	Cu
	-0.507
	-0.478
	-0.125
	0.417
	0.875
	0.738
	0.259
	0.095
	0.806

	Ni
	-0.371
	-0.006
	0.072
	0.373
	-0.051
	0.212
	0.389
	0.423
	0.238

	Pb
	-0.519
	-0.277
	0.048
	0.236
	0.074
	0.271
	0.295
	0.245
	0.349

	Cd
	-0.477
	-0.324
	-0.014
	0.460
	0.499
	0.464
	0.098
	0.069
	0.497

	16S rRNA
	-0.674
	-0.717
	-0.134
	0.478
	0.756
	0.753
	0.239
	0.063
	0.812

	intI1
	-0.675
	-0.566
	-0.016
	0.609
	0.763
	0.870
	0.551
	0.403
	0.871



Supplementary Information D on the ABI Reference-Site Robustness: Robustness of ABI outputs to reference-site specification were assessed by comparing ABI scores across three baseline scenarios: Scenario A (OS-only), B (dry-season baseline), and C (pooled 10th percentile). Of 20 site-seasons, 16 (80.0%) yielded an ABI scenario spread (max − min across scenarios) below 5 ABI units and were classified as Robust; two (MR Wet, spread = 5.55; MR Dry, spread = 7.68) were classified as Moderate; and two (OS Dry, spread = 16.59; NRB Dry, spread = 15.75) were classified as Sensitive (Table 15; Fig. S6). The two Sensitive-class site–seasons are the upstream reference site (OS) and the furthest downstream site (NRB), both evaluated during the dry season. The elevated spread at these sites is driven by Scenario C, in which the pooled 10th-percentile baseline diverges from the site-specific OS-only reference. No CWHI class change resulted from reference-site variation at any site–season unit; all 20 outputs retained the Critical CWHI classification across all four scenarios.
	Supplementary Table S15. Reference-site sensitivity analysis of ABI across four baseline scenarios for Musi River samples, showing scenario-specific ABI values, maximum spread, and coefficient of variation for each site–season combination.

	Location
	Season
	Stretch
	Case A
	Case B
	Case C
	ABI spread
	CVABI

	OS
	Wet
	Upstream
	37.414
	37.421
	42.156
	4.741
	0.061

	BGB
	Wet
	Urban
	56.639
	55.760
	57.393
	1.633
	0.012

	SRN
	Wet
	Urban
	64.996
	64.574
	68.856
	4.282
	0.031

	PP
	Wet
	Urban
	57.969
	59.200
	62.311
	4.342
	0.035

	GNB
	Wet
	Urban
	53.812
	56.889
	56.981
	3.170
	0.033

	NGB
	Wet
	Urban
	48.840
	48.492
	45.913
	2.927
	0.029

	PZ
	Wet
	Urban
	63.928
	67.841
	68.723
	4.795
	0.038

	PSB
	Wet
	Urban
	53.818
	53.890
	57.289
	3.470
	0.032

	NRB
	Wet
	Semi-urban
	64.538
	62.633
	64.152
	1.905
	0.014

	MR
	Wet
	Downstream
	37.170
	37.031
	42.581
	5.550
	0.071

	OS
	Dry
	Upstream
	45.428
	44.432
	61.021
	16.589
	0.163

	BGB
	Dry
	Urban
	65.891
	66.392
	69.203
	3.313
	0.024

	SRN
	Dry
	Urban
	61.024
	64.923
	63.083
	3.899
	0.030

	PP
	Dry
	Urban
	60.210
	59.317
	61.076
	1.759
	0.012

	GNB
	Dry
	Urban
	58.411
	57.404
	58.731
	1.327
	0.010

	NGB
	Dry
	Urban
	64.804
	65.793
	68.880
	4.076
	0.029

	PZ
	Dry
	Urban
	58.396
	57.384
	57.648
	1.013
	0.009

	PSB
	Dry
	Urban
	58.842
	58.594
	59.096
	0.502
	0.003

	NRB
	Dry
	Semi-urban
	54.974
	49.161
	64.915
	15.753
	0.117

	MR
	Dry
	Downstream
	46.521
	45.749
	53.432
	7.683
	0.075
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