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ABSTRACT 

Since Flint returned to its pre-crisis source of drinking water close to 25,000 water samples have 

been collected and tested for lead and copper in more than 10,000 residences. This paper presents the 

first analysis and time trend modeling of lead data, providing new insights about the impact of this 

intervention. The analysis started with geocoding all water lead levels (WLL) measured during an 11-

month period following the return to the Detroit water supply. Each data was allocated to the 

corresponding tax parcel unit and linked to secondary datasets, such as the composition of service lines, 

year built, or census tract poverty level. Only data collected on residential parcels within the City limits 

were used in the analysis. One key feature of Flint data is their collection through two different 

sampling initiatives: (i) voluntary or homeowner-driven sampling whereby concerned citizens decided 

to acquire a testing kit and conduct sampling on their own (non-sentinel sites), and (ii) State-controlled 

sampling where data were collected bi-weekly at selected sites after training of residents by technical 

teams (sentinel sites). Temporal trends modeled from these two datasets were found to be statistically 

different with fewer sentinel data exceeding WLL thresholds ranging from 10 to 50 g/L. Even after 

adjusting for housing characteristics the odds ratio (OR) of measuring WLL above 15 g/L at non-

sentinel sites is significantly greater than 1 (OR=1.480) and it increases with the threshold (OR= 2.055 

for 50 g/L). Joinpoint regression showed that the city-wide percentage of WLL data above 15 g/L 

displayed four successive trends since the return to Detroit Water System. Despite the recent 

improvement in water quality, the culprit for differences between sampling programs needs to be 

identified as it impacts exposure assessment and might influence whether there is compliance or not 

with the Lead and Copper Rule. 

 

Keywords: joinpoint regression; Generalized Estimating Equations; sampling; Lead and Copper Rule; 

lead service lines.  
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Introduction 

The drinking water contamination crisis in Flint, Michigan has attracted national attention since 

extreme levels of lead were recorded following a switch in water supply that resulted in water with 

high chloride and no corrosion inhibitor flowing through the aging Flint water distribution system. This 

happened 15 years after another well-publicized “lead in drinking water crisis” that impacted 

Washington, DC following a change in disinfectant that altered the water chemistry and caused lead to 

leach from lead service line pipes (Edwards and Dudi, 2004). In both cases, the resulting contamination 

increased significantly the number of children with elevated blood lead levels and an emergency 

response was initiated (Edwards et al., 2009; Hanna-Attisha et al., 2016). Other water drinking crises 

of smaller magnitude included Greenville and Durham (North Carolina), or Lakehurst Acres, a public 

housing development in Maine (Renner, 2009).  

The series of events and decisions that led to the Flint water crisis are now well documented (Flint 

Water Advisory Task Force, 2016) and briefly summarized hereafter. In April 2014, the City of Flint, 

Michigan switched its public water supply from the Detroit Water and Sewerage Department’s system 

(DWSD) to the Karegnondi Water Authority (KWA), drawing and treating water from the Flint River. 

The monitoring of lead and copper in the distribution water started in July 2014, and the following 

month an E. coli violation resulted in residents being instructed to boil their drinking water. In 

December 2014 water samples showed elevated levels of lead, copper, as well as trihalomethanes 

(disinfection by-product of chlorine). A public health emergency was declared and residents were told 

to stop boiling their water and not drink it until testing or installation of approved water filters. Over 

this 9-month time period Flint residents expressed concerns about the quality of the water and changes 

in their health from skin rashes to symptoms of deteriorating-health. In January 2015, 42 cases of 

Legionellosis in Genesee County were confirmed. In February 2015, a sample reported a water lead 

level (WLL) of 104 g/L, far above the EPA action level of 15 g/L (ATSDR, 2010); yet according to 

MDEQ (Michigan Department of Environmental Quality) all other samples in the monitoring period 
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(7/1/2014-12/31/2014) were compliant. Concerns about how the samples were collected (after flushing 

water through the taps) and the sampling strategy (using samples not necessarily drawn from highest-

risk homes) were however raised (Flint Water Advisory Task Force, 2016). In March 2015 the Flint 

water treatment plant admitted the lack of corrosion control treatment (CCT). In July 2015 public 

concerns were raised that lead and copper were being leached from corrosion (chlorine-induced) in the 

underground service line and home plumbing fixtures as a result of not using CCT.  In August and 

September 2015 the water was resampled by Virginia Tech’s team and lead was determined to be “a 

very serious problem”; in particular 16.6% of the 271 first-draw water samples had in excess of 

15 g/L of lead (FlintWaterStudy.org, 2015). In September and October 2015 elevated childhood blood 

lead levels were confirmed and an emergency response was initiated (Hanna-Attisha et al., 2016) 

leading the city to switch back to the DWSD water supply on October 16, 2015.  

The Lead and Copper Rule (LCR, US EPA, 1991, 2002a, 2016) sampling is intended to measure 

the lead and copper levels in drinking water to assess the effectiveness of CCT utilized by public water 

systems. Under that rule, first-draw 1-L water samples must be collected after a minimum of 6 hrs. of 

stagnation (e.g., overnight stagnation) and without pre-flushing the tap prior to the stagnation period 

(i.e., no pre-stagnation flushing). Compliance with that rule requires that no more than 10% of samples 

collected from high-risk homes exceed the action level of 15 g/L for lead and 1.3 mg/L for copper. 

This is equivalent to requiring that the 90
th

 percentile or P90 (concentration exceeded by 10% of 

samples) is no greater than 15 g/L for lead or 1.3 mg/L for copper. If non-compliance is observed the 

system must undertake a number of additional actions to control corrosion. If the action level for lead is 

exceeded, the system must also inform the public about steps they should take to protect their health 

and may have to replace lead service lines under their control. 

The LCR includes a tiering system for prioritizing the selection of sampling sites based on the 

likelihood of the sites to release elevated levels of lead; e.g., sites with lead service lines (LSLs), lead 

pipes, or copper pipes with lead solder. Ideally, water should be sampled from Single Family 
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Residences with half samples collected at LSL sites and half from sites with lead pipes or copper pipes 

with lead solder. The delay in reporting high levels of lead in Flint drinking water was partially caused 

by the biased selection of sampling sites. Flint’s water testing from late 2014 missed the bulk of the 

city’s lead pipe network, instead targeting properties on the eastern and western fringes of the city 

which, in some cases, were a long way from any apparent source of lead (Milman, 2016c). Flint is not 

the only city that neglected to follow EPA guidance as 33 cities across 17 US states have reportedly 

used water testing “cheats” that potentially conceal dangerous levels of lead (Milman and Glenza, 

2016). Besides not sampling tier 1 category houses, underestimation of WLLs can be achieved by 

asking testers: 1) to run faucets prior to the 6 hrs. stagnation period (pre-stagnation flushing) which 

removes water that may have been in contact with LSLs for extended periods, which is when lead 

typically leaches into drinking water, 2) to remove or clean faucet filters called “aerators” which can 

collect lead particles, 3) to slowly fill sample bottles or use narrow-necked bottles that do not allow for 

high flow rates, thereby attenuating the release of particulate and colloidal lead, and 4) to conduct 

sampling in cooler months when lead concentrations in water are lower because lead dissolves less 

readily in chilled water (Renner, 2009). These practices led EPA to issue a memorandum in February 

2016 to clarify the recommended tap sampling procedures (US EPA, 2016). 

Almost all public water systems in the US rely on residents to collect compliance samples and 

sampling instructions often differ, in particular when it comes to water usage during the stagnation 

period (e.g., instruction not to use any water from the tap being sampled or from the entire household) 

and the application of pre-flushing (Del Toral et al., 2013). In other countries, such as Canada or 

France, sampling must be conducted by a trained technician, making a long stagnation period difficult 

to implement (Cartier et al., 2011). According to regulatory protocols in Europe (Hoekstra et al., 2009), 

it should be feasible for a sampler to take at least 10 samples during a normal working day. Random 

daytime samples (without prior stagnation times) and samples taken after a fixed stagnation time of 30 

min. are thus taken in large numbers because this type of sampling is not reproducible if few samples 

are collected.  
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As stressed by Cartier et al. (2013) all sampling methods have benefits and disadvantages. One of 

the benefits of sampling by residents is the ability to collect a large number of data within a short 

amount of time. During the first eleven months following Flint’s return to its pre-crisis source of 

drinking water, close to 25,000 water samples have been collected almost daily, mainly by 

homeowners using two different sampling initiatives. The majority of these samples (80%) were 

collected through a voluntary or homeowner-driven sampling whereby concerned citizens decided to 

acquire a free testing kits available to residents at local water distribution centers and conduct sampling 

on their own (non-sentinel sites). The testing kit comes with written sampling instructions, including 

the recommendation that the sampled tap should not be flushed before sample collection. Pre-

stagnation flushing was however part of sampling instruction for the City of Flint until December 2015 

and MDEQ waited until January 2016 to amend its water testing rules for Michigan (Milman, 2016b). 

It is noteworthy that the written instructions still ask residents to pour water into sample bottles 

“gently”, which is part of controversial practices since it reduces the amount of lead and other material 

that is dislodged from pipes by a strong flow of water (Milman, 2016a).  

Starting on 2/16/2016 samples were also collected bi-weekly at more than 600 sentinel sites chosen 

by the EPA and MDEQ across the city to determine the general health of the distribution system and to 

track changes in lead concentrations over time (Flint Safe Drinking Water Task Force, 2016). Sentinel 

teams including a member of DEQ, a licensed plumber and a community member visited the houses 

selected to be part of the sentinel network. A plumbing inspection was conducted to verify the service 

line material entering the home and residents were shown how to draw samples of their water in a 

scientifically accurate manner. In June 2016, after five rounds of sentinel sampling, a new sentinel 

program called “Extended Sentinel Site Program” started with a focus on the highest-risk areas. 

Criteria for selecting this smaller set of 160 homes (Calley, 2016) included: 1) have known LSLs, 2) 

have service lines the State paid to replace under Mayor Karen Weaver’s Fast Start Program, 3) have 

copper and galvanized service lines found to have high lead levels during the original sentinel program, 

and 4) are from areas where elevated blood lead levels were suspected to be higher. Encouraging 
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results were reported by the State of Michigan in August 2016, “Despite the need for further action, all 

recent data shows an encouraging trend of improvement. Especially encouraging is the fact that 93 

percent of samples from round three of the Extended Sentinel Site program are also at or below the 

lead action level. This marks the third sampling round in a row in which the Extended Sentinel Site 

data meets the LCR action level criteria”. In July 2016 Governor Snyder (2016) even proposed to use 

10 g/L instead of 15 g/L as action level to offer more protection for residents than federal rules 

(LCR) provide. 

All water samples collected during the sentinel and voluntary sampling programs were tested for 

lead and copper by MDEQ Drinking Water Analysis Laboratory and results have been posted 

periodically at http://www.michigan.gov/ flintwater. To the author’s knowledge, these data have 

undergone little processing so far besides the creation of a few dot maps highlighting locations where 

WLL exceeds 15 g/L, supplemented by the computation and comparison of summary statistics (e.g., 

90
th

 percentile, percentages above specific thresholds) between sentinel sampling rounds. In particular, 

results from the sentinel and voluntary programs have not been compared.  

The main objectives of this study were to: i) create a reliable space-time database of WLL in Flint 

matching each observation with a tax parcel unit where housing characteristics (e.g., presence of lead 

SL, built year) are available, ii) identify by exploratory data analysis and Generalized Estimating 

Equations (GEE) a few easily accessible variables that influence the likelihood of WLL above 15 g/L 

and use this information to correct for potential sampling bias, iii) estimate the timing and rate of 

change in the percentage of water samples above 15 g/L using joinpoint regression (Kim et al., 2000; 

Goovaerts, 2013), and iv) explore the impact of the type of sampling program (sentinel vs non-sentinel) 

and geographical location on the results. In addition to describing the first application of joinpoint 

regression to the modeling of time series of WLL data, this paper presents the first comprehensive 

statistical study of how lead level in Flint drinking water has changed since corrosive water from the 

Flint River stopped flowing through the city distribution network. 

http://www.michigan.gov/%20flintwater
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2. Data Sources and Methods 

2.1 Datasets  

24,755 WLL measurements recorded over the period 9/3/2015-9/15/2016 were downloaded from 

http://www.michigan.gov/flintwater (residential testing results). Data were then allocated to an 

individual tax parcel unit on the basis of their postal address. Data with incomplete address (416 

samples), collected outside the city limits (1,353 samples), or that failed to geocode (80 samples) were 

discarded. Since the EPA Lead and Copper rule focuses on residences, all 3,931 samples collected on 

tax parcels classified as non-residential (e.g., industrial, commercial, utility) were excluded. This also 

ensured a greater uniformity between sentinel and non-sentinel sites since 98.8% of sentinel samples 

were collected on residential parcels while this percentage was much smaller (79.8%) for non-sentinel 

sites. Most of the remaining data (18,760=98.9%) were collected after Flint returned to DWSD water 

supply (10/16/2015), which is the focus of the present analysis.  

Online data are stored in ten different Excel files: one file for each round of sentinel sampling 

(Table 1) and a master file that combines all data without any information on their origin (i.e., sentinel 

vs non-sentinel sites). The identification of sentinel data in the master file was straightforward for 

sampling rounds S5 and X1-X4 (extended sentinel site program) since both the master file and the 

sentinel files include a sample ID number. Because sentinel data files for sampling rounds S1 to S4 do 

not include this ID number nor a street number, sentinel data in the master file were identified based on 

their sampling date, street name, and lead and copper levels in water. Although sentinel sites might 

have been sampled on other occasions (e.g., prior to the start of the sentinel program), only the data 

included in sentinel Excel files were labeled as sentinel in the subsequent analysis. Sentinel data 

represent 20.2% of WLL data (3,798 observations) and 7.3% of tax parcels sampled (811 out of 

11,152). Note that a tax parcel can include multiple sentinel or non-sentinel sites (e.g., individual units 

in an apartment complex). 

 

http://www.michigan.gov/flintwater
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Table 1. Datasets available for the time trend analysis: master file and nine sentinel files for each 

sampling round. Statistics include the number of data available (samples on residential parcels), the 

sampling period, the percentage of WLL above 15 g/L, the 90
th

 percentile (P90), and the composition 

of service line (SL) that was only reported for sentinel data (3 main categories besides plastic, 

unknown, and other).  

 Data (n) Sampling period %WLL > 

15 g/L 

P90 

(g/L) 

Composition of SL 

     Lead Galvanized Copper 

Master file 18,760 10/20/2015-9/15/2016 8.98 13.0    

Sentinel files         

Round S1 607 

 

2/16/2016-2/29/2016 9.56 14.0 5.93 20.76 68.53                       

Round S2 607 2/24/2016-3/13/2016 8.40 13.0 9.39 19.93 67.05 

Round S3 652 3/15/2016-3/24/2016 8.13 12.0 11.66 19.48 64.11 

Round S4 640 3/29/2016-4/5/2016 7.19 10.0 13.59 17.50 64.22 

Round S5 617 4/13/2016-4/15/2016 6.48 10.0 13.94 15.24 65.64 

Round X1 169 5/23/2016-6/7/2016 7.10 12.0 44.97 9.47 44.97 

Round X2 179 6/14/2016-6/30/2016 9.50 15.0 49.16 7.82 42.46 

Round X3 166 7/19/2016-7/22/2016 6.63 12.0 46.99 8.43 43.98 

Round X4 161 8/15/2016-8/22/2016 9.94 15.0 43.48 9.32 45.96 

 

A digital map of Flint’s lead water pipe was obtained from the GIS center at the University of 

Michigan, Flint. The shape file includes for each of the 56,039 tax parcel units the type of service line 

(SL) classified into three categories: lead, other, or unknown. These data were gathered by combining 

information from 45,000 index cards with 240 parcel maps from the city water department, showing 

city blocks divided into little squares of property, with a code that indicated which type of service line 

was running into each house (Gold, 2016). The reliability of this dataset was here investigated by 

comparing the digital data with the composition of supply line recorded during the sentinel team visit 

(811 on-site data). Digital data predicted accurately whether the supply line was lead, other or unknown 

in 82% of cases (Table 2). Most discrepancies were caused by a lack of information (i.e., unknown 

material) rather than lead SLs being mistakenly classified as non-lead, and vice versa: 6.84% of 
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sentinel lead lines were misclassified as other material while only 1.82% of non-lead lines were 

classified as lead SL, resulting in an underestimation of the percentage of LSL by digital data (93 vs 

117 sites). The strength of the relationship between both types of data was quantified using the Kappa 

statistic (Cohen, 1960), with a value =0.56. According to Fleiss (1981) a value between 0.4 and 0.6 

indicates a fair to good agreement between the two SL classifiers.  

 

Table 2. Contingency table comparing for 811 sampling sites 

the composition of supply line recorded during the sentinel 

team visit (on-site data) with the information retrieved from 

the digital map (digital data).  

 Digital data  

 Lead Other Unknown Total 

On-site data     

Lead 74 8 35 117 

Other 12 562 84 658 

Unknown 7 0 29 36 

Total 93 570 148 811 

 

The following data were also derived from the 2016 Parcels GIS layer provided by Flint GIS: 

parcel classification use (e.g., residential, industrial, commercial, utility), and the year the house was 

built (Year_built). The attribute “Year_built” was missing for 20,372 parcels and was estimated by 

ordinary kriging (Goovaerts, 1997) with a mean absolute error of prediction of 6.43 years. Each parcel 

was then allocated to one of three categories of built year:  <1940, 1940-1959, and >1959. Lead in 

drinking water mainly comes from metal pipes installed in older homes and from solder at pipe 

connections installed prior to 1986 (Lee et al., 1989; Cartier et al., 2011; Clark et al., 2015). Because 

less than 2% of samples were collected in houses built after 1986, this year could not be considered as a 

threshold year. Instead, the somewhat arbitrary years of 1940 and 1960 were used for the discretization 

of this continuous variable. Although year of construction and presence of lead SL lines are expected to 
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provide overlapping information, the analysis of their contingency table yielded a negative Kappa 

statistic (-0.1408), indicating a poor agreement between these two categorical variables (Landis and 

Koch, 1977).  

Percentage of habitants living below the poverty line in 2014 was obtained for each census tract 

(CT) in order to characterize the socio-economic status of sampled homes. 

There are many other variables known to influence lead in drinking water. For example, longer 

water age (i.e., water travel time between the treatment plant and home plumbing system) can decrease 

the effectiveness of corrosion control; increasing leaching and water lead levels (US EPA, 2002b; 

Wang et al., 2014). Temperature is another major factor affecting lead release (Schock, 1990; 

Deshommes et al., 2013); for example, Cartier et al. (2011) reported a 5% rise in dissolved lead per 

1°C increase in water temperature between 10 and 23°C. The main objective of the present study was 

however to rely on easily available data layers to correct for potential sampling bias in space and time 

during the interpretation of temporal trends. A detailed analysis of the causes for elevated lead levels is 

beyond the scope of the current paper. 

 

2.2 Generalized Estimating Equations 

The analysis started with the coding of each WLL data z(u;t) into an indicator of being greater or 

not than the threshold zc = 15 g/L:  

𝑖(𝒖𝛼; 𝑡) = { 
1  if 𝑧(𝒖𝛼; 𝑡) > 𝑧𝑐

0  otherwise          
                 (1) 

where u= (x,y) are the geographical coordinates of the tax parcel centroids and t represents the 

sampling date. A regression model was then fitted to predict the probability of exceeding 15 g/L on 

the basis of four covariates: three categorical variables (type of service line, sentinel vs non-sentinel 

sites, and year of construction), and one continuous variable (time since source water switch). Because 

sentinel sites have repeated samples Generalized Estimating Equations (GEE) regression (Liang and 
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Zeger, 1986) with logit link function and exchangeable correlation structure was used to fit this model 

(SAS Institute Inc, 2011). The impact of each covariate was quantified using the odds ratio (OR) which 

represents the odds that the outcome (exceedance of WLL threshold) will occur given a particular event 

(e.g., house built prior to 1940), compared to the odds of the outcome occurring in the absence of that 

event (e.g., house built after 1940). The impact of geographical location on the results was also 

explored by fitting a regression model within each of Flint nine wards.   

 

2.3 Joinpoint regression  

While GEE tests only for the existence of a linear temporal trend, a more detailed modeling of these 

trends can be achieved using joinpoint regression. Let {r(t), t=1, ,T } be the percentages or rates of 

WLL above 15 g/L recorded at T different time periods (e.g., weeks). Each observation r(t) is 

computed as the ratio d(t)/n(t), where n(t) is the total number of water tests at time t while d(t) is the 

number above 15 g/L. A more general expression for the rate r(t) is the following weighted mean of 

n(t) indicators defined in Eq. 1:  

𝑟(𝑡) = ∑
𝑙𝛼𝑡

𝑛(𝑡)

𝑛(𝑡)

∝=1

𝑖(𝒖𝛼; 𝑡)   with  ∑
𝑙𝛼𝑡

𝑛(𝑡)

𝑛(𝑡)

∝=1

= 1       𝑡 =  1,, 𝑇                                     (2) 

The weights lt can be used to correct for sampling bias across space and time. For example, temporal 

fluctuations in the sampled proportion of homes with lead service lines (SL), plead(t), are accounted for 

by setting the weight lt  to Plead/plead(t) or (1-Plead)/(1-plead(t)), depending on whether the housing unit at 

u has a lead SL or not. Plead is here the time-invariant proportion of 51,045 residential tax parcel units 

with lead SL. By using Plead as reference term one can correct for temporal variability and compute a 

rate that is representative of the housing stock in Flint at all times.  

The log-linear version of the joinpoint regression model (Kim et al., 2000) takes the form: 

Log(r(t)) = (t) + (t)        t = 1,,T          (3) 
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where (t) is the residual for the t-th time, and the regression mean (t) is defined as a succession of 

(K+1) linear segments over the time interval [a,b]: [a,1]  (k,k+1]  (K,b].  The parameter k is the 

timing (joinpoint) for a statistically significant change in the slopes k and k+1 of two successive 

segments.  

For example, Figure 1 shows a hypothetical time series of percentages of WLL data above 15 

g/L recorded biweekly over a 38 week period (T=19). The observed time series was fitted with a 

regression model that includes one joinpoint (1= week #21) using the public-domain Joinpoint 

Regression Program 4.3.1 April 2016 developed at the US National Cancer Institute, NCI 

(http://surveillance.cancer.gov/joinpoint/). 

 

Figure 1. Hypothetical time series of the percentages of WLL data above 15 g/L that were measured 

over a 38 week time period The segmented regression model (solid line) includes one joinpoint () that 

corresponds to the time of a statistically significant change in temporal trend: week #21. The estimates 

and 95% confidence intervals of the weekly percent change (WPC) are computed for each segment. 

 

 

The unknowns in the segmented regression model (Eq. 3) include the number K and values k of the 

joinpoints, as well as the slopes k of the different linear segments. They are estimated using a two-step 

procedure: 1) a grid search method (Lerman, 1980) is conducted over the set of possible joinpoints, and 
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2) at each step of the search the regression parameters and their standard errors are estimated by 

weighted least-square regression using the following criterion (Kim et al., 2000): 

𝑄 = ∑ 𝑤(𝑡)

𝑇

𝑡=1

(log (𝑟(𝑡)) − 𝜇(𝑡))2                                                                         (4) 

The weights account for the fact that the variance of the residuals (t) varies with time 

(heteroscedasticity) as the number of water tests can fluctuate greatly from one week to the next. The 

weights are the reciprocal of the variance which was here computed as n(t)/[r(t)×(1˗r(t))] according to a 

binomial distribution for the residuals. In addition to being heteroscedastic, the random errors in the 

regression model could be autocorrelated when the observations are serially correlated. The 

autocorrelation parameter was here computed automatically by the Joinpoint Regression Program using 

the procedure outlined in Kim et al. (2000). 

The number K of joinpoints is estimated through an iterative procedure that tests whether models 

of increasing complexity (i.e., including more joinpoints) provide a significantly better goodness-of-fit 

than simpler models (Kim et al., 2009). The tests of significance are based on the Monte Carlo 

Permutation procedure described in Kim et al. (2000). To reduce the number of solutions and the 

computational time, a maximum number of joinpoints is typically specified (i.e., Kmax=3 here). To keep 

joinpoints from getting too close together or too close to either end of the time series, a minimum 

number of observations between joinpoints is also required and was set to 4 in the present application. 

This minimum number allows the computation of the standard error of the slope parameters and the 

associated p-values. 

Temporal trend models fitted by joinpoint regression are characterized by: i) the number and 

timing of statistically significant changes (i.e., joinpoints k), and ii) the rate of change computed for 

each linear segment [k,k+1] (so called “weekly” percent change, WPC). Following Clegg et al. (2009) 

this statistic is derived from the slopes k of the regression model as:   

WPCk+1 = 100×(exp{k+1}-1)                       (5) 
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A (1-) confidence interval (CI) can be computed and if it contains zero, then there is no evidence to 

reject the null hypothesis that the true rate of change is zero at the significance level of α. For the 

example of Fig. 1, the WPC is particularly large for the first segment: the percentage of data above 15 

g/L increased by 4.05 % (relative rate) every week until week #21 before it started declining at a non-

significant rate since the 95% CI includes 0.  

 

3. Results and Discussion 

3.1 Time series of WLL data  

Figure 2 shows the time series of two statistics (90
th

 percentile and % WLL data > 15 g/L) computed 

from all sentinel and non-sentinel WLL data collected on residential parcels over the period 9/3/2015-

9/15/2016. To facilitate visualization daily time series are displayed before (A,B) and after (C,D) 

smoothing using 15-day moving windows. The horizontal axis indicates the number of weeks since 

Flint returned to DWSD water supply; negative numbers correspond to the time when water from the 

Flint River was still used. Despite masking all statistics computed from less than 10 observations, daily 

plots still display great temporal variability caused by huge fluctuations in the number of samples 

collected over time: from n=11 to n=884 per day (daily average = 123). Twenty to eighty water 

samples were collected weekly on residential parcels for the first three months after Flint returned to 

the DWSD as its source of drinking water. This number jumped to 1,911 on week #14 (1/18/2016-

1/24/2016) and hit a maximum of 2,181 on week #16 before steadily decreasing (Fig. 2E, solid line). 

On week #18 sentinel data started being collected bi-weekly with a maximum of 640 on week #22 (Fig. 

2E, dashed line).  

 Smoothing the time series using 15-day moving windows facilitates the visualization of temporal 

trends before and after the return to Detroit Water Systems, as well as the comparison of results 

obtained for sentinel vs non-sentinel sites (Figs. 2 C,D). Temporal trends until week #14 need however 

to be interpreted cautiously because of high variability caused by sparse sampling (Fig. 2E). Following   
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Figure 2. Time series of two statistics (90
th

 percentile and % WLL data > 15 g/L) computed from data 

collected during three sampling campaigns: voluntary (non-sentinel), sentinel and extended sentinel 

sites programs. The sampling period (9/3/2015-9/15/2016) covers 53 weeks, including five weeks prior 

to Flint returning to Detroit Water System. For easier visualization daily time series are displayed 

before (A,B) and after (C,D) smoothing using 15-day moving windows. Bottom graphs show the 

number of WLL data collected at sentinel and non-sentinel sites aggregated over 1 and 2 week non-

overlapping windows.  
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the return to the Detroit Water System,  the percentage of WLL data above 15 g/L decreased until 

week #10 (late December 2015) before increasing again, which coincides with the time the sampling 

protocol was modified to stop pre-stagnation flushing and use normal flow rates during sampling 

(Milman, 2016a,b). This turn-around was confirmed when the number of voluntary samples increased 

substantially on week #14. In the following month both statistics increased steadily and exceeded the 

LCR action level on week #18 (2/15/2016-2/21/2016) which coincides with the start of the sentinel site 

program.  

 Although the sentinel site program aims to determine the general health of the distribution system, 

results of rounds S1-S5 displayed a trend opposite to the one observed for data collected by concerned 

citizens on a voluntary basis (non-sentinel data). Indeed, the 90
th

 percentile computed from non-

sentinel data kept increasing before reaching a plateau above 20 g/L, which is more than twice the 

level derived from sentinel data on the same weeks. Expressed in terms of percentage of WLL data 

above 15 g/L, the difference is 14% (non-sentinel data) to 7% (sentinel data). As expected, the start of 

the extended sentinel site program targeting high-risk areas on week #32 led to an increase in WLLs 

although the smaller number of sampling sites (160 instead of 600) caused an increase in temporal 

fluctuations. Around the same time, the WLL measured at non-sentinel sites started declining to fall 

below the LCR level around early August (week #42) before moving back above that level early 

September (week #46). The pattern observed in August was more in agreement with what is expected: 

sentinel sites targeting high-risk areas showed higher WLLs than non-sentinel sites.  

 Figure 3 shows smoothed time series of percentage of WLL data above four other WLL thresholds 

ranging from 1 to 50 g/L. Temporal trends for 1 g/L differ from the other thresholds in that: 1) 

percentages increased only moderately after week #10 and never went above the levels observed in 

September and October 2015 when Flint River was still used as water source, and 2) percentages were 

generally greater at sentinel sites relative to non-sentinel sites, in particular during the extended sentinel 

site program. Another finding is that the percentage of WLL data above 10 g/L has exceeded 10% at 
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both sentinel and non-sentinel sites for most days since week #14 (1/18/2016-1/24/2016), which 

emphasizes the challenge of using 10 g/L instead of 15 g/L as action level for Flint. Last, the 

proportion of samples with WLL > 50 g/L is non-negligible (4-6% at non-sentinel sites).  

 Any further interpretation of these plots requires however to account for the spatial and temporal 

distributions of sampled sites in relation to factors susceptible to impact WLL, such as housing 

characteristics. 

 

 

Figure 3. Time series of the percentage of WLL data recorded above four different thresholds (1, 10, 

25 and 50 g/L) during three sampling campaigns: voluntary (non-sentinel), sentinel and extended 

sentinel site programs. The sampling period (9/3/2015-9/15/2016) covers 53 weeks, including five 

weeks prior to Flint returning to Detroit Water System. To facilitate visualization daily time series have 

been smoothed using 15-day moving windows.  
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3.2 Spatial sampling  

Figure 4A shows the location of all 18,760 WLL data collected on residential tax parcels (Fig. 4B) 

that were used for the creation of plots in Figs. 2 and 3. Sentinel data represent 20.2% of samples 

(3,798 observations) and are depicted by red dots while polygons delineate Flint wards. The sampling 

density and the proportion of sentinel versus non-sentinel sites appear to vary spatially. This visual 

finding is confirmed by statistics listed in Table 3. The percentage of residential parcels that were 

sampled ranges from 10.34% (Ward 3) to 37.57% (Ward 7), while the percentage of water samples 

collected during the sentinel sampling program (S1-S5) fluctuates between 9.27% (Ward 4) and 

24.25% (Ward 2). This uneven sampling density could be partially explained by the perceived risk for 

WLL to exceed 15 g/L (targeted sampling). For example, Wards 3 and 4 have only 6.83-7.59% of 

samples above 15 g/L, while this percentage is 9.29% for Ward 7 and 10.46% for Ward 2 (Table 3).  

Housing characteristics are another expected driver for preferential geographical sampling. The two 

housing characteristics used as covariates in modeling (Section 3.4) are mapped in Figs. 2C-D and their 

ward-level statistics are summarized in Table 3. Ward 5 has a much larger percentage of pre-1940 

homes (85.69%) with a higher frequency of lead service lines (9.95%). Two other wards with a greater 

percentage of older houses are Wards 6 (53.53%) and 7 (44.63%), which along with Ward 5 were 

found to have the highest percentages of elevated blood lead levels in children (Hanna-Attisha et al., 

2016). On the other end, Ward 1 with only 10.88% of sentinel samples includes more recent houses 

(17.55% of pre-1940 houses), and these homes tend to have fewer lead SL (3.27%), resulting in the 

smallest percentage of WLL data above 15 g/L (4.80%). In general, the 90
th

 percentile and percentage 

of WLLs above 15 g/L vary greatly among Wards; e.g., P90 is only 6 g/L in Ward 1 (4.80% > 15 

g/L) but reaches 19 g/L in Ward 6 (11.71% > 15 g/L). 
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Figure 4. Spatial distribution of sampling sites (A, red dots indicate sentinel sites) and key data layers 

available for each tax parcel unit: B) parcel classification use and possible ROW (right of way), C) year 

built and D) composition of service lines for residential parcels. The boundaries of 9 wards and 40 

census tracts are overlaid on maps A and B-D, respectively. 

 

It is noteworthy that the three wards with the smallest percentages of parcels sampled (Wards 1,3,5) 

are also the wards with the largest percentages of habitants living below the poverty level (44.6-

48.4%). On the other end, sampling density is the largest in the three wards (Wards 7,8,9) with the 

lowest poverty level (27.3-29.3%). One could argue that the low sampling density in Ward 1 is mainly 

due to the presence of fewer lead SLs, as explained above. The case of Ward 5 is more problematic 
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since it was sampled less frequently than Ward 1 despite having the largest proportions of pre-1940 

houses and lead SLs. Another ward-level statistic following a trend similar to poverty level is the 

difference between results of non-sentinel and sentinel (S1-S5 rounds) campaigns, as measured by the 

ratio of their percentages of WLL data above 15 g/L. Table 3 (last row) indicates that this ratio 

exceeds one in all but one wards, which agrees with the visual interpretation of temporal trends (Figs. 

2-3) in Section 3.1. The only ward with a ratio below 1, corresponding to a larger percentage of WLL 

data recorded above 15 g/L at sentinel sites, is Ward 7 which has the second lowest percentage of 

habitants in poverty (27.96%). The highest ratios (4.32 and 1.69) are found in Wards 1 and 5 with 

poverty levels of 44.55% and 48.38%, respectively. These empirical findings do not imply causation 

but may warrant further investigation. 

 

Table 3. Statistics on the residential parcels and WLL data collected within each ward in Flint. Data 

collected under the Extended Sentinel Site Program were excluded from the computation of summary 

statistics since high-risk areas were sampled preferentially. 

Statistics   Flint Ward 

  1 2 3 4 5 6 7 8 9 

Total number of residential parcels  6296 6406 7270 5257 6311 4784 4472 5637 4612 

% lead SL  3.27 8.34 8.56 5.48 9.95 9.51 6.46 6.88 7.07 

% built year < 1940  17.55 33.89 64.55 41.83 85.69 53.53 44.63 39.40 40.59 

% living below poverty line  44.55 36.33 47.42 41.50 48.38 29.47 27.96 27.29 29.26 

% parcels sampled  15.96 16.84 10.34 25.73 11.85 26.30 37.57 31.88 30.57 

Number of samples  1517 1996 1164 1887 1262 2294 3287 3010 2343 

% sentinel data (S rounds)  10.88 24.25 18.64 9.27 12.28 20.75 19.23 14.45 16.39 

% sentinel data (X rounds)  1.05 3.76 2.66 0.74 2.14 5.10 4.69 3.26 6.10 

90
th

 percentile (g/L)  6.0 17.0 10.0 9.0 17.0 19.0 13.0 16.0 11.0 

% data > 15 g/L  4.80 10.46 7.59 6.83 10.36 11.71 9.29 10.20 7.77 

% non-sentinel data >  15 μg/L

% sentinel data >  15 μg/L


 
  4.32 1.04 1.46 1.55 1.69 1.42 0.80 1.31 1.60 
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3.3 Temporal sampling  

The heterogeneity of the housing stock in Flint, coupled with the uneven spatial sampling, stresses 

the need to incorporate this information when analyzing temporal trends of elevated water lead levels. 

The characteristics of sampled houses have also evolved over time. These are summarized on a bi-

weekly basis for both non-sentinel and sentinel campaigns in Figure 5. To facilitate comparison with 

WLL temporal trends, the daily time series displayed in Figs. 2A,B were also aggregated using 14-day 

non-overlapping windows (Figs. 5A,B). This level of aggregation is consistent with the sampling 

intervals for sentinel sites and allows smoothing out periodic fluctuations in the number of samples, 

compare Figs. 2F to 2E. 

Figure 5C shows that starting week #7 the percentage of non-sentinel samples collected in houses 

with lead SL has been fluctuating around Flint average for residential parcels (7.32%, Table 4) depicted 

by an horizontal dashed line. Sentinel program has been targeting a larger proportion of houses with 

lead SL, in particular in the extended sentinel site program. This percentage is now close to the level of 

50% required under LCR. Percentages for sentinel sites were computed from both digital (solid line) 

and on-site (dashed line) LSL data. Although less accurate and underestimating the existence of LSLs 

(Table 2), digital data capture temporal trends in housing characteristics which will be used for bias 

adjustment in Section 3.5.  

The percentage of samples collected in pre-1940 houses through the voluntary program follows a 

trend similar to the one displayed by LSL (Fig. 5D), except that on average it has been 12% lower 

(35.92% vs 47.46%) than the global percentage in Flint (Table 4). The opposite trend is exhibited by 

sentinel sites with a steady decline during the sentinel rounds S1 to S5, leading to even fewer pre-1940 

houses being sampled relative to the non-sentinel program. In both cases, one culprit is the under 

sampling of Ward 5 which has the highest percentage of pre-1940 homes (85.69%). A similar pattern is 

observed for poverty level: fluctuations around a level that is half Flint average poverty level for non-

sentinel sites and steady sampling of less impoverished neighborhood for the sentinel program (Fig. 

5E). 
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Figure 5. (A,B) Time series of two statistics (90
th

 percentile and % WLL data > 15 g/L) computed 

from data collected during three sampling campaigns: voluntary (non-sentinel), sentinel and extended 

sentinel site programs. Results were aggregated within 14-day non-overlapping windows. Housing 

characteristics (presence of lead SL, pre-1940 construction year) and census-tract (CT) poverty levels 

are plotted using the same time scale for each type of sampling sites. 
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Table 4. Characteristics of the complete and sampled sets (non-sentinel, sentinel and extended sentinel 

sites) of residential tax parcel units: composition of service lines (on-site data are used for sentinel 

sites), built year, and poverty level. The last three columns report the percentage of data above 15 g/L 

in each category of sampled data. 

 Parcels  Samples  WLL data > 15 g/L 

  Non-

sentinel 

Sentinel  Extended 

sentinel 

 Non-

sentinel 

Sentinel  Extended 

sentinel 

         

Total number 51,045 14,962 3,123 675  9.23 7.94 8.30 

Service lines (%)         

Lead 7.32 7.43 10.95 46.22  14.04 11.70 7.37 

Other 69.19 75.47 84.60 53.04  8.34 7.38 9.22 

Unknown 23.49 17.10 4.45 0.74  11.06 9.35 0.0 

Built year (%)         

< 1940 47.46 35.92 38.52 25.48  12.32 7.40 10.47 

1940-1959 41.56 49.18 55.27 61.48  8.03 8.00 8.19 

≥ 1960 10.98 14.90 6.21 13.04  5.74 10.82 4.55 

Poverty level (%)         

< 25% 16.05 29.57 31.12 45.93  8.81 8.95 11.61 

25-50% 61.57 58.53 59.53 48.88  9.62 7.80 5.76 

> 50% 22.39 11.90 9.35 5.19  8.37 5.48 2.86 

 

 

3.4 Housing characteristics and water lead level 

Table 4 illustrates for each sampling campaign the impact of housing characteristics and poverty 

level on the percentage of WLL data above 15 g/L. Data collected under the voluntary program 

follow expected trends: higher percentages in presence of lead SL (14.04%) and in dwellings that were 

built prior to 1940 (12.32%). The impact of poverty level is mixed as one of the most impoverished 

Ward (Ward #1, poverty level = 44.55%) had also the fewest pre-1940 houses (17.55%); see Table 3. 

Trends exhibited by sentinel data are less intuitive although smaller sample sizes caused some 

percentages to be less reliable (e.g., only 35 samples collected during the extended sentinel site 

program are located in census tracts with poverty levels above 50%). Nevertheless surprising rates, 
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such as 10.82% of samples collected in post-1960 houses during the sentinel program (rounds S1-S5) 

exceeded 15 g/L, were computed from 194 water tests. Similarly, the rate of 5.48% of WLL above 15 

g/L for houses located in the poorest neighborhoods was based on 292 water samples.  

GEE regression was used to test the statistical significance of these differences, as well as the 

existence of a linear temporal trend (Table 5). The analysis was extended to four additional thresholds 

(zc = 1, 10, 25 and 50 g/L) and results are expressed in terms of odds ratio (OR), which represent the 

odds that the outcome (exceedance of a threshold) will occur given a particular exposure (e.g., lead 

SL), compared to the odds of the outcome occurring in the absence of that exposure (e.g., non-lead or 

unknown SL). For the temporal trend ORs can be interpreted as the change in odds for a one unit 

change in this covariate (i.e., week), holding all other covariates constant. For example, the odds of 

exceeding 50 g/L increased on average by 1.1% weekly (relative rate) since the return to DWSD. 

For zc=1 g/L, all three categorical covariates (presence of lead SL, construction year, poverty 

level) have odds ratios that are highly statistically significant (=0.01). The presence of lead SL triples 

the likelihood of measuring WLL above 1 g/L compared to other types of SL. Similar odds were 

observed for pre-1940 houses compared to post-1960 houses. The increase in odds is 50% for SLs of 

unknown composition and houses built from 1940 to 1960. As the threshold increases, the predictive 

power of the presence of lead lines decreases substantially and the odds ratio for type of SL becomes 

non-significant for WLL thresholds of 25 and 50 g/L (Table 5). The impact of built year decreases to 

a much lesser extent than the type of SL to become the dominant and only significant covariate at 

higher thresholds. This result suggests that higher lead levels likely originate from lead fixtures and 

pipes present within old houses (premise plumbing) as opposed to lead service lines bringing water 

from street main water breaks to the property.  

Poverty level impacts significantly only the odds of exceeding 1 g/L and 10 g/L (=0.01) and 15 

g/L (=0.05). The fact that significant odds ratios are all less than 1, as well as the decrease in odds as 

the poverty level increases, confirm the mixed effect inferred from Table 4. Once again, this might be 
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an artifact of Ward #1 that combines both the lowest 90
th

 percentile and the third highest poverty level 

(Table 3). The temporal trend is the only covariate that is never statistically significant at =0.01 which 

is expected given the non-linear shape of temporal trends displayed in Figs. 2 and 3. 

 

Table 5. Odds ratio for covariates of the GEE regression models fitted to five different WLL thresholds 

using all the data collected between 10/16/2015 and 9/15/2016. 

Effects WLL thresholds 

 1 g/L 10 g/L 15 g/L 25 g/L 50 g/L 

SL: lead vs others 2.929**   1.687** 1.582** 1.207 1.039 

SL: unknown vs others 1.449** 1.148* 1.125 1.082 0.985 

Built year: <1940 vs 1960-2016 3.143** 2.171** 2.106** 2.195** 2.232** 

Built year: 1940-1959 vs 1960-2016 1.318** 1.426** 1.377** 1.348* 1.398* 

Poverty: 25-50%  vs < 25% 0.877** 0.968 1.021 1.040 1.056 

Poverty: >50%  vs < 25% 0.600** 0.760** 0.786* 0.817 0.835 

t source switch (week) 1.001 1.001 1.002 1.006 1.011* 

Sentinel site: No vs Yes 0.879* 1.331** 1.480** 1.712** 2.055** 

* Significantly different from 1 at =0.05  

** Significantly different from 1 at =0.01 

 

 

3.5 Sentinel versus non-sentinel sites 

Besides diverging spatial and temporal distributions (Sections 3.2 and 3.3), the type of sampling 

site also influences the impact of housing characteristics on WLL; see discussion of Table 4. Its overall 

impact on WLLs was tested for thresholds ranging from 1 to 50 g/L through the incorporation of an 

indicator term (presence/absence of sentinel sites) in the regression model. No distinction was made 

between sentinel and extended sentinel sites since the model adjusts for the presence of LSL and the 

X1-X4 sites are largely a subset of the original set of sentinel sites (S1-S5).  

The odds ratios in Table 5 indicate that the probability of exceeding 10 g/L and higher is 

significantly larger at non-sentinel sites and this discrepancy increases with the WLL threshold. This 

result confirms the interpretation of time series in Figs. 2 and 3, even after accounting for housing 
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characteristics. The opposite trend is observed for 1 g/L (OR=0.879), which is in agreement with the 

time series of Fig. 3A where except for weeks #23 to #27 (3/21/2016 to 4/23/2016) the percentage of 

WLLs above 1 g/L was always greater at sentinel sites relative to non-sentinel sites.   

Given the inclusion of main housing characteristics (i.e., age of the house and presence of lead 

service lines) in the regression models, the significant contribution of the type of sampling site suggests 

the potential influence of the sampling protocol on the results. According to sampling instructions a 

first-draw water sample should be collected from a cold water faucet in the kitchen or bathroom 

following a minimum period of 6 hours when no water was used in the home (e.g., early morning or 

after return from work). The instruction that the sampled tap should not be flushed before sample 

collection could however be interpreted as no pre-stagnation flushing or no pre-draw flushing. A first-

draw collected with pre-stagnation flushing (typically 5 min.) corresponds to water from the main (no 

lead component) which then stagnates close to the tap. This would thus represent the premise plumbing 

contribution to water lead levels, which is expected to be larger in older homes. A first-draw sample 

collected without pre-stagnation flushing (correct procedure, LCR) corresponds to water from various 

sources depending on water use in the house prior to stagnation (e.g., service lines, plumbing, main 

contribution to WLL) which then stagnates close to the tap (premise plumbing contribution to WLL). 

This would lead to higher concentrations relative to the first case. Pre-draw flushing would lead to 

sample water from the main, resulting in smaller readings. The last scenario would be to run the tap 

briefly before taking a sample (i.e., second-draw samples). In that case, water could come from premise 

plumbing or even lead service lines depending on how long the tap was ran and length of pipes. At this 

stage and given the information currently available, it is unclear whether lead in drinking water has 

been under-estimated at sentinel sites or over-estimated at non-sentinel sites. What is clear is that both 

sampling campaigns generated results that are statistically different and, as illustrated in Figs. 2 and 3, 

these discrepancies could influence whether there is compliance or not with the Lead and Copper Rule. 
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3.6 Modeling temporal trends using joinpoint regression 

According to GEE the likelihood of exceeding WLL thresholds zc=1 to 50 g/L has increased (odds 

ratio > 1), albeit not significantly at =0.01, over the 48 week sampling period. These temporal trends 

are however clearly non-linear (Figs. 2-3). A multi-segmented model (joinpoint regression) is thus 

more appropriate than the linear trend used in GEE regression.  

Joinpoint regression was first used to model the bi-weekly time series of Fig. 5A. Sentinel and non-

sentinel sites were modeled separately because of their distinct temporal trends (Figs. 6A,B).  At non-

sentinel sites the percentage of WLL data above 15 g/L displayed four successive trends since the 

return to Detroit Water System: a decline until week #9 (12/14/2015-12/20/2015, when pre-stagnation 

flushing was removed from sampling instructions), followed by a significant increase until week #19 

(2/22/2016-2/28/2016) when it crossed the LCR action level of 10% (green horizontal dashed line) and 

started to rise more slowly, before finally declining around week #33 (5/30/2016-6/5/2016). The much 

lower percentage (5%) recorded mid-August (weeks #43-44) must be interpreted with caution since it 

was computed from 139 samples. The shorter time series formed by the nine sentinel sampling rounds 

was modeled by a decreasing trend until the start of the extended sentinel site program that saw an 

increase in the percentage of WLL data above 15 g/L. This later trend is however clearly an artifact of 

this new sampling program targeting high-risk areas, in particular houses with lead SL (Table 1).  

To correct for biased sampling in both space and time, original time series were adjusted using Eq. 

(2) and two types of reference proportions for LSLs and construction years: 1) the global proportions 

displayed by residential parcels in the City of Flint (Table 4, 2
nd

 column), and 2) the sample 

proportions observed during sentinel round X2, which was the closest to the 50% of lead SLs 

recommended by the Lead and Copper Rule (49.16%, Table 1). The impact of the first correction was 

minimal for the time series of non-sentinel data (Fig. 6C) since Flint housing stock is well represented 

in the voluntary program; major changes included larger adjusted percentages in the first few weeks to 

correct for the under-sampling of houses with lead SLs (Fig. 5C) and in the last few weeks leading to a 
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reduced rate of decline (WPC). The impact of this correction was more noticeable for the sentinel 

sampling program which has targeted fewer and fewer pre-1940 houses over-time (Fig. 5D). Because 

older houses tend to have higher percentages of WLL above 15 g/L, in particular in the extended 

sentinel site program (Table 4), the adjusted time series is higher and exceeds the LCR action level of 

10% towards the end (Fig. 6D). 

 
Figure 6. Joinpoint regression models fitted to the time series of the percentage of WLL data recorded 

above 15 g/L at non-sentinel and sentinel sites: (A,B) original time series, (C,D) percentages adjusted 

to reflect the proportions of houses with lead SL and construction year categories in Flint, and (E,F) 

percentages adjusted to meet the LCR target of 50% of houses with lead SL. The symbol * denotes 

WPC significantly different from zero at =0.05. 
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The second type of correction increased the weight assigned to the lead SLs covariate compared to 

construction year. For non-sentinel data (Fig. 6E) the time series is much more erratic because the 

percentages computed from less than 10% of houses with LSLs (Fig. 5C) now weigh as much as the 

other 90% of houses sampled during the voluntary program. Since this correction is based on 

proportions derived from the extended sentinel site program, it had little impact on results for rounds 

X1-X4 (Fig. 6F); it however increased the rates for the sentinel sampling program (rounds S1-S5) 

where only 6 to 14% of sampled houses had LSLs (Table 1). Under this scenario, the percentage of 

WLLs above 15 g/L has been declining since the start of the sentinel sampling program. 

 

3.7 Spatial variability in temporal trends  

Although the LCR threshold of 10% applies to Flint public water systems as a whole, it is worth 

looking at temporal trends in different parts of the city, in particular in the light of differences between 

ward-level statistics reported in Table 3 and discussed in Section 3.2. Small sample sizes however 

make the time series very erratic even after aggregating all data collected before week #9 and 

combining both sentinel and non-sentinel data (Fig. 7B). To facilitate the visualization of temporal 

trends, results needed to be aggregated within geographical units of larger size. 

GEE regression conducted within each ward (results not shown) highlighted the spatial variability 

in temporal trends for the action level threshold of 15 g/L. Mapping the odds ratio for this regression 

term revealed a clear spatial pattern with lower rate of increase (OR<1.01) in the Northern part of the 

city (Wards 1,2&3), while OR above 1.02 were found in Wards 6 and 8 in South-West (Fig. 7A). The 

other wards formed a third cluster (OR=1.01-1.02). These empirical clusters were used to aggregate the 

individual time series. Larger sample sizes also allowed plotting temporal trends for non-sentinel and 

sentinel sites separately. All three time series for non-sentinel sites are still highly variable but a similar 

pattern emerges: an initial increase, followed by a plateau and a recent decline (Fig. 7C). The important 

fact is that the action level of 10% (LCR) was exceeded to a greater extent and for a longer period of 
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time in Cluster #3 compared to Clusters #1 and 2. It is noteworthy that all three time series tend to 

converge towards the end of the sampling period, which suggests a possible homogenization of water 

quality across the city. The shapes of temporal trends differ the most for sentinel data, from a slow 

decline for Cluster #1 (Fig. 7D, blue curve) to a flat trend for Cluster #3 (Fig. 7D, red curve). The 

ranking of clusters in terms of average percentages above 15 g/L is however similar for both types of 

sampling sites.  

 
Figure 7. Time series of the percentage of WLL data above 15 g/L recorded within each ward (A,B). 

To facilitate visualization of trends and differences between voluntary (non-sentinel) and sentinel sites 

wards were aggregated within three clusters on the basis of odds ratio of the temporal trend in GEE 

model fitted within each ward. The original time series (C,D) were also adjusted to reflect the 

proportions of houses with lead SL and construction year categories in each spatial cluster (E,F).   
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Adjusting for ward-specific percentages of houses in three construction year categories and lead 

SLs had a negligible impact on the time series of non-sentinel data (Fig. 7E), which confirms results 

observed city-wide in Fig. 6.  The impact of this correction was much greater for the sentinel sampling 

program, in particular for Cluster #2 which now displays an increasing trend with adjusted percentages 

above 10% for the entire extended sampling program. This result highlights the need to look beyond 

city-wide statistics and investigate water quality at the ward level. 

 

4. Conclusions 

The mechanisms leading to water crises, such as in Flint or Washington DC 15 years ago, are now well 

understood. Each crisis was triggered by changes in water chemistry leading to the destabilization of 

lead-bearing mineral scales that coated lead service lines and the corrosion of lead-bearing solder, 

pipes, faucets, and fixtures. These lead and iron particles were then released into drinking water and 

their presence was either overlooked or hidden through faulty testing and inadequate monitoring 

procedures. What is less clear is how long it will take for the protective scale layer to rebuild inside the 

pipes and for the water quality to get back to levels suitable for human usage. A first step is obviously 

for Flint drinking water to be in compliance with the Lead and Copper Rule (LCR) that states that no 

more than 10% of samples collected from high-risk homes can exceed the action level of 15 g/L for 

lead and 1.3 mg/L for copper.  

The large database of more than 24,000 water lead samples collected since Flint returned to its pre-

crisis source of drinking water offered a unique opportunity to explore the spatial and temporal 

variability of WLL in a city water supply network following a major intervention. The collection of 

such a large number of data over an eleven month period was made possible by the involvement of 

concerned citizens who decided to acquire a testing kit and conduct sampling on their own. This type of 

crowd sourcing was supplemented by a State-controlled monitoring program that started four months 

later and proceeded in two phases: 1) a sentinel program to determine the general health of the 
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distribution system and to track changes in lead concentrations over time, and 2) an extended sentinel 

site program to target specifically the highest-risk areas necessary to verify LCR compliance. In all 

cases, water samples were collected by homeowners following written instructions provided with the 

testing kits or on-site training given by sentinel teams.  

A key finding of the present study was that even after adjusting for housing characteristics samples 

collected at sentinel sites exceeded water lead levels of 15 g/L and higher at a statistically significant 

lower rate than samples collected on a voluntary basis by homeowners (non-sentinel sites). Given that 

residents at sentinel sites were trained to draw water samples in a scientifically accurate manner, one 

hypothesis is that discrepancies between the two types of sampling programs could have been caused 

by differences in the implementation of the sampling protocol. Information available in this study 

however did not allow to support or reject this hypothesis conclusively. This issue needs to be carefully 

investigated as it influences conclusions regarding the improvement of water quality since the return to 

the pre-crisis source of drinking water; in particular whether Flint is in compliance with LCR or not.  

The exploratory data analysis revealed some counter-intuitive relationships for sentinel data, such 

as lower percentages of WLL data above 15 g/L found for houses with lead SLs (extended sentinel 

site program) or for pre-1940 houses (sentinel program). Such patterns were not observed for data 

collected during the voluntary sampling program. Poverty level is another covariate whose influence on 

water lead levels differed between sentinel and non-sentinel sampling programs, with some of the 

largest differences between the two datasets taking place in wards with the greatest percentage of 

habitants living below the poverty line. Although these could simply be sampling fluctuations caused 

by the smaller size of the sentinel dataset, any “abnormal” behavior should warrant further 

investigation. 

The study of non-sentinel data had its own caveats, such as relying on potentially inaccurate digital 

data for assessing the presence of lead service lines. The comparison of digital and on-site SL data at 

sentinel sites however demonstrated the reliability of this information: most discrepancies were caused 

by a lack of information (i.e., unknown material) rather than lead SLs being mistakenly classified as 



 34 

non-lead, and vice versa. Moreover, non-sentinel data represent 80% of the database and inform on a 

much longer period than the sentinel program. These data will thus be critical to assess past exposure to 

lead in drinking water, which is another reason to investigate discrepancies between both sampling 

programs as they could lead to vastly different estimates. 

GEE regression conducted for WLL thresholds ranging from 1 to 50 g/L provided important 

information on the relative influence of housing characteristics. The built year (e.g.. pre vs post-1940) 

turned out to be the main risk factor, whereas the presence of lead service lines is mostly important for 

smaller thresholds (e.g.. 1 g/L). This result suggests that higher lead levels in these first-draw samples 

likely originate from lead fixtures and pipes present within old houses (premise plumbing) as opposed 

to lead service lines bringing water from street main water breaks to the property. The fact that fewer 

pre-1940 houses were sampled by the sentinel program compared to non-sentinel sites and Flint 

housing stock in general could explain the smaller percentage of WLLs above 10 g/L and higher 

recorded at sentinel sites while the opposite trend was observed for 1 g/L. Priority should thus be 

given to expanding the pool of pre-1940 houses in future sentinel sampling programs. 

The characterization of lead levels in Flint drinking water is an on-going matter as hundreds of new 

data are being posted online every week. These additional data are needed to confirm the recent decline 

in lead levels observed for non-sentinel sites. Encouraging news is that similar findings were shared by 

the Virginia Tech Team during a recent press conference (FlintWaterStudy.org, 2016). Based on an 

independent sampling of 162 houses conducted in July 2016, they found that compared to March 2016 

(month included in the present analysis) the number of non-detectable lead samples increased from 37 

to 45% while the 90
th

 percentile declined from 22.5 to 13.9 g/L, which is below the LCR action level 

but still above the target of 10 g/L set by the State. In addition, this set of 162 houses, like the set of 

non-sentinel sites analyzed in this paper, is not an approved LCR sampling pool as less than 50% of 

lead SLs was sampled. One should thus expect higher concentrations to be recorded in high-risk areas. 
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