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  Table S1 Main characteristics of studies included in our study  
	NO.
	Country of study
	Year of measuringTable S1 continue...


	Population served by WWTP(s)
	Number of Samplings
	Mean ± SD of nicotine consumption rate (mg/inh./day)
	Mean of MOE of measurement
	P-95% of MOE
	Ref.


	1a
	Australia
	2012
	110000
	249b
	0.420 ± 0.167c
	350
	969
	(Zheng et al., 2020b)

	2
	
	2013
	
	
	0.489 ± 0.147
	290
	785
	

	3
	
	2014
	
	
	0.601 ± 0.095
	231
	595
	

	4
	
	2015
	
	
	0.580 ± 0.077
	238
	606
	

	5
	
	2016
	
	
	0.582 ± 0.106
	243
	631
	

	6
	
	2017
	
	
	0.504 ± 0.086
	277
	719
	

	7
	Australia
	2015
	100000
	42
	1.768 ± 0.460
	82
	219
	(Zheng et al., 2020a)


	8
	Australia
	2014-2015
	24000000
	140
	1.430 ± 1.160
	128
	433
	(Lai et al., 2018)


	9
	
	
	
	
	1.950 ± 0.940
	85
	247
	

	10
	
	
	
	
	1.620 ± 0.760
	93
	266
	

	11
	
	
	
	
	1.960 ± 1.230
	83
	259
	

	12
	
	
	
	
	1.210 ± 0.780
	136
	424
	

	13
	
	
	
	
	0.750  ±  0.460
	219
	674
	

	14
	
	
	
	
	0.790 ± 0.690
	247
	856
	

	15
	
	
	
	
	2.380 ± 1.090
	63
	182
	

	16
	
	
	
	
	1.900 ± 0.720
	76
	212
	

	17
	
	
	
	
	1.850 ± 0.710
	84
	236
	

	18
	
	
	
	
	2.010 ± 0.860
	81
	231
	

	19
	
	
	
	
	1.650 ± 0.630
	94
	266
	

	20
	
	
	
	
	1.430 ± 0.590
	111
	316
	

	21
	
	
	
	
	2.680 ± 1.050
	55
	154
	

	22
	
	
	
	
	3.020 ± 1.270
	53
	154
	

	23
	Australia
	2010
	110000
	291
	3.489 ± 1.256
	41
	112
	(Mackie et al., 2019)

	24
	
	2011
	
	
	3.084 ± 1.110
	47
	128
	

	25
	
	2012
	
	
	2.849 ± 1.025
	50
	139
	

	26
	
	2013
	
	
	3.095 ± 1.114
	47
	128
	

	27
	
	2014
	
	
	2.896 ± 1.047
	54
	150
	

	28
	
	2015
	
	
	2.763 ± 0.995
	55
	154
	

	29
	
	2016
	
	
	2.733 ± 0.984
	53
	144
	

	30
	
	2017
	
	
	2.545 ± 0.916
	61
	168
	

	31
	Belgium
	2014
	30600
	56
	5.499 ± 0.674
	26
	64
	(van Wel et al., 2016)

	32
	Belgium
(Brussels)
	2015
	950000
	56
	3.100 ± 0.744
	47
	126
	(Baz-Lomba et al., 2016)

	33
	China
(Dalian)
	2015
	2200000
	154
	1.923 ± 1.079
	84
	250
	(Wang et al., 2016)


	34
	China
(Jilin province)
	2016
	3973900
	20
	2.390 ± 1.470
	69
	209
	(Zheng et al., 2017)


	35
	China
	2014

	26760000

	98


	1.600 ± 0.900
	114
	335
	(Gao et al., 2020)

	36
	
	2016
	19150000

	
	1.900 ± 1.100
	85
	256
	

	37
	China
	2018  2019
	135910000
	81
	0.733 ± 0.391
	215
	629
	(Shao et al., 2021)


	38
	Czech Republic
(Prague)
	2014
	2326000
	49
	4.300 ± 0.376
	32
	80
	(Mackuľak et al., 2015)


	39
	Czech Republic
(České Budějovice)
	
	
	
	3.600 ± 0.212
	38
	96
	

	40
	Denmark (Copenhagen)
	2015
	530000
	56
	1.300 ± 0.360
	114
	310
	(Baz-Lomba et al., 2016)


	41
	UK
(Bristol)
	
	890000
	
	2.040 ± 0.586
	73
	198
	

	42
	Italy
(Milan)
	2012
	5638114
	56
	1.946 ± 0.218
	71
	183
	(Castiglioni et al., 2015)


	43
	Italy
(Como)
	
	
	
	2.668 ± 0.564
	54
	143
	

	44
	Italy
(Bologna)
	
	
	
	2.109 ± 0.197
	65
	168
	

	45
	Italy
(Turin)
	
	
	
	3.503 ± 0.289
	39
	101
	

	46
	Italy
(Rome)
	
	
	
	2.983 ± 1.421
	51
	148
	

	47
	Italy
(Naples)
	
	
	
	4.015 ± 0.428
	34
	88
	

	48
	Italy
(Bari)
	
	
	
	3.207 ± 0.128
	43
	109
	

	49
	Italy
(Palermo)
	
	
	
	3.800 ± 0.297
	36
	99
	

	50
	Italy
	2012

	6312144
	163
	2.565 ± 0.540
	56
	149
	(Senta et al., 2015)

	51
	
	
	
	
	2.020 ± 0.675
	76
	210
	

	52
	
	
	
	
	3.105 ± 0.810
	47
	128
	

	53
	Italy
(Milan)
	2015
	1120000
	56
	1.500 ± 0.360
	96
	258
	(Baz-Lomba et al., 2016)


	54
	Italy
	2013-2014
	6514773
	168
	2.832 ± 0.574
	50
	134
	(Gracia-Lor et al., 2020)


	55
	
	
	
	
	2.105 ± 1.097
	75
	224
	

	56
	
	
	
	
	3.147 ± 0.997
	48
	134
	

	57
	Netherlands
(Utrecht)
	2015
	300000
	56
	1.300 ± 0.312
	112
	296
	(Baz-Lomba et al., 2016)


	58
	Norway
(Oslo)
	
	580000
	
	4.000 ± 0.960
	36
	95
	

	59
	Portugal
	2011
	756000
	8
	5.860 ± 3.511
	28
	82
	(Lopes et al., 2014)


	60
	Slovakia
(Bratislava)
	2014
	2326000
	49
	4.200 ± 0.677
	34
	87
	(Mackuľak et al., 2015)


	61
	Slovakia
(Petržalka)
	
	
	
	5.100 ± 2.400
	30
	88
	

	62
	Slovakia
(Košice)
	
	
	
	2.400 ± 1.942
	76
	266
	

	63
	Slovakia
(Nitra)
	
	
	
	8.00 ± 1.699
	18
	47
	

	64
	Slovakia
(Piešťany)
	
	
	
	2.200 ± 1.963
	88
	313
	

	65
	Spain

	2012
	130000
	21
	1.685 ± 0.501
	87
	235
	(Rodríguez-Álvarez et al., 2014)

	66
	
	2013
	
	
	1.928 ± 0.579
	76
	204
	

	67
	
	2014
	
	
	1.400 ± 0.129
	98
	245
	

	68
	Spain
(Castellon)
	2015
	180000
	51
	3.100 ± 0.744
	46
	122
	(Baz-Lomba et al., 2016)


	69
	Switzerland
	2007
	535700
	10
	2.817 ± 1.192
	52
	148
	(Buerge et al., 2008)


	70
	Switzerland
(Zurich)
	2015
	410000
	56
	3.600 ± 0.864
	40
	106
	(Baz-Lomba et al., 2016)


	71
	Turkey
	2019
	20000000
	392
	5.508 ± 1.078
	27
	68
	(Asicioglu et al., 2021)


	72
	Turkey
(Adana)
	2019
	15070337
	308
	2.912 ± 1.437
	55
	159
	(Yavuz Guzel et al., 2021)


	73
	Turkey
(Ankara)
	
	
	
	2.740 ± 0.625
	54
	140
	

	74
	Turkey
(DiyarbakIr)
	
	
	
	2.755 ± 1.529
	70
	218
	

	75
	Turkey
(Erzurun)
	
	
	
	2.764 ± 1.211
	60
	168
	

	76
	Turkey
(Gaziantep)
	
	
	
	3.647 ± 1.601
	42
	119
	

	77
	Turkey
(Kayseri)
	
	
	
	4.282 ± 1.332
	34
	91
	

	78
	Turkey
(Konya)
	
	
	
	3.276 ± 1.219
	115
	284
	

	79
	Turkey
(Mersin)
	
	
	
	3.884 ± 1.082
	39
	105
	

	80
	Turkey
(Sanliurfa)
	
	
	
	2.116 ± 1.287
	79
	244
	

	81
	Turkey
(Trabzon)
	
	
	
	0.098 ± 0.394
	10094
	84127
	

	82
	Turkey
(van)
	
	
	
	1.877 ± 1.315
	119
	387
	

	83
	USA
	2015-2016
	222000
	231
	2.700 ± 0.600
	53
	141
	(Chen et al., 2019)


	84
	
	
	
	
	2.400 ± 1.200
	65
	190
	

	85
	
	
	
	
	2.640 ± 0.500
	53
	141
	

	86
	Vietnam

	2017

	545830
	10
	1.100 ± 0.260
	133
	345
	(Nguyen et al., 2018)

	87
	
	
	
	
	1.300 ± 0.250
	109
	279
	

	aThis column represent the number of nicotine measurement in each articles (either during years’ period in a location(s) (city) or different cities in a year(s))
bNumber of wastewater samples collected form studied WWTP(s)
cMean ± deviation of daily nicotine consumption rate (calculated from back calculation of Ets. concentration in wastewater).
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[bookmark: _Hlk86826747]Table S2 The number of studies in countries based on classification of mean MOE
	Country
	Number of location/measurements
	Risk (MOE <100)
	Public health risk (MOE 100-10000)

	Australia 
	30
	21
	9

	Belgium 
	2
	2
	0

	China 
	5
	4
	1

	Czech Republic 
	2
	2
	0

	[bookmark: _Hlk88041930]Denmark
	1
	0
	1

	UK
	1
	1
	0

	Italy 
	15
	15
	0

	Netherland
	1
	0
	1

	[bookmark: _Hlk88041435][bookmark: _Hlk88041411]Norway
	1
	1
	0

	Portugal
	1
	1
	0

	Slovakia 
	5
	5
	0

	Spain 
	4
	4
	0

	Switzerland 
	2
	2
	0

	[bookmark: _Hlk88041683]Turkey 
	12
	10
	2

	USA
	3
	3
	0

	Viet Nam 
	2
	0
	2
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[bookmark: _Hlk90737280]Fig. S1 Tornado plots showing the mean and 95th percentile of MOE for daily nicotine consumption based on wastewater analysis in measurements of each study for the sensitivity analysis (the central vertical line denotes the mean MOE; left and right vertical lines are one standard deviation; the number above each Fig. correspond to first column of Table S1)
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