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Life Exposures in Mexico to Environmental Toxicants Birth Cohort  

Abstract 

 

Lead and Methylmercury are environmental neurotoxicants known to interfere with 

neurodevelopment. Some neurodevelopmental consequences associated with lead and 

methylmercury exposure include intellectual deficits, behavioral and motor deficits, and 

impaired visuospatial performance.  

Several neuronal circuits associated with cognitive function and neurodevelopment can 

be probed with simple physiological behavioral paradigms, potentially serving as a marker of 

neurotoxicant effects. One such paradigm is pre-pulse inhibition (PPI), a sensorimotor gating 

process that indicates adequate organization of human cognitive processes. PPI deficits have 

been proposed as a neurobiological marker for pathologies indicative of inadequate motor or 

sensory gating such as observed in psychosis, schizophrenia, and other neurodevelopmental 

disorders.  

Although PPI’s relevance for neurodevelopmental disorders has been established in 

clinical, cross-sectional settings, its relationship with environmental neurotoxicants has not been 

epidemiologically explored. Additionally, PPI’s potential utility as a biomarker of neurotoxicant 

effects has not been established. Yet, by probing underlying neurobiology, PPI offers the 

potential to identify neurological deficits associated with neurotoxicants earlier and more 

objectively than current methods in environmental epidemiology.  
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To our knowledge, no studies have examined the association between heavy metals and 

PPI deficits in human populations. We aimed to evaluate the utility of PPI as a biomarker of 

neurotoxicant effects by 1) identifying socio-demographic predictors of PPI using a data-driven 

prediction model, 2) estimating the causal effect of prenatal lead exposure on PPI deficits, and 3) 

estimating the association between methylmercury exposure and PPI deficits in children and 

adolescents 8-17 years of age using the Early Life Exposures in Mexico to Environmental 

Toxicants (ELEMENT) birth cohort.  

 In this body of work, we identified new predictors of PPI, found that prenatal lead may 

cause PPI deficits, and found an association between methylmercury exposure and PPI deficits. 

Our results suggest that PPI may be useful as an objective biomarker of neurotoxicant effects and 

an adjunct screening tool for neurodevelopmental disorders associated with sensory gating 

deficits.   
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Abstract 

 

Prepulse inhibition (PPI) is a sensorimotor gating mechanism that reduces interfering influences 

to the neural processing of incoming stimuli, and is associated with several neurodevelopmental 

disorders. To date, research on PPI and neurodevelopmental disorders has primarily been in 

cross-sectional, clinical settings. In this prospective, epidemiologic study, we used a data-driven 

prediction model to identify socio-demographic predictors of PPI in children and adolescents 

from Mexico City to inform future etiologic studies evaluating PPI. We conducted variable 

selection and validation using a modified version of the multiple imputation random lasso 

(MIRL) variable selection algorithm. MIRL identified six predictors of PPI at a stimulus onset 

asynchrony of 120 ms or 240 ms. Of those six predictors, maternal education, birthweight, and 

total breastfeeding months were highlighted as previously unstudied variables associated with 

enhanced PPI. Our findings highlight the potential value of PPI as an adjunct screening tool for 

identifying children at risk for neurodevelopmental disorders and underscore the relevance for 

validation research on this topic.  
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Introduction 
 

The acoustic startle reflex (ASR) is a whole-body, cross-species reflex expressed in response to a 

loud and unexpected sound and has been well characterized as an element of a defensive 

response to stressful stimuli (De la Casa, Mena, & Ruiz-Salas, 2016; Hawk, Pelham, & Yartz, 

2002; Heesink et al., 2017).This reflex contributes to a mammal’s self-preservation from 

predatory attacks by activating the stiffening of the limbs, body, and dorsal neck for a brief 

period before a fight or flight response is triggered (Yeomans & Frankland, 1995). In humans, it 

is expressed by automatic contraction of the skeletal and facial muscles in response to a loud 

sound, usually over 80 dB (Haß, Bak, Szycik, Glenthøj, & Oranje, 2017; Yeomans & Frankland, 

1995). To measure the ASR in an experimental setting, the strength of the human eye blink 

response to the loud sound is typically assessed as a subcomponent of the whole body response 

by using electromyography (EMG) of the orbicularis eye muscles (Haß et al., 2017).  

 

While the startle reflex is a response that can be reliably elicited, it can be modulated by factors 

such as emotional state, learning processes, and other sensory stimuli through sensory gating 

processes (Valsamis & Schmid, 2011). Pre-pulse inhibition (PPI), one form of modulation of the 

ASR, is a sensorimotor gating process that can modify the acoustic startle reflex under different 

behavioral conditions, such as during attention tasks (Hawk et al., 2002). When a person has to 

attend to a quieter, non-startling sound (a “pre-pulse”) that is presented 30-500 ms before the 

unexpected loud noise (referred to in experimental settings as the startle “probe” (Cook, Hawk, 

Davis, & Stevenson, 1991; Kofler, Kumru, Schaller, & Saltuari, 2013), there is a reduction of the 

startle reflex known as PPI (D. L. Braff, Geyer, & Swerdlow, 2001). It is measured in humans as 

the change in magnitude of the eye blink response to the startle probe under different conditions. 
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PPI is a neuronal attention mechanism that reduces distracting influences to the processing of 

signals, and indicates early automatic attention regulation of external stimuli (Le Duc, Fournier, 

& Hébert, 2016).  

 

Since PPI indicates adequate organization of  human cognitive processes, it has been proposed 

that PPI can be used as a neurobiological marker for pathologies indicative of inadequate motor, 

sensory, or cognitive gating (D. L. Braff et al., 1978; De la Casa et al., 2016). In adults, PPI 

deficits have been associated with schizophrenia (D. L. Braff et al., 1978), obsessive-compulsive 

disorder and Huntington’s disease (De la Casa et al., 2016), PTSD (Grillon, Morgan, Southwick, 

Davis, & Charney, 1996), and autistic spectrum disorder (Takahashi, Nakahachi, Stickley, 

Ishitobi, & Kamio, 2016). In children, PPI deficits are associated with early psychosis, Tourette’s 

syndrome, and primary nocturnal enuresis (Takahashi et al., 2011). Additionally, PPI deficits 

have been linked to DiGeorge syndrome, a disorder that places children at increased risk for 

congenital malformations, developmental delays, and mental illness (Sobin, Christina, Kiley-

Brabeck, Karen, & Karayiorgou, Maria, 2005).  

 

The breadth of research on PPI and its relation to psychiatric and developmental disorders  is 

restricted to clinical settings with limited sample sizes, most of which employ a cross-sectional 

design with little emphasis on the etiology of PPI deficits (Takahashi et al., 2011). The clinical 

associations observed in these studies raise the possibility of utilizing PPI as a meaningful 

marker for brain processes relevant for neuropsychiatric disorders or neurotoxicant effects in 

larger, prospective, epidemiological studies. Moreover, as a readout that is more proximal to the 

underlying biological processes involved in neuropsychiatric disorders than other subjective 
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metrics used in human studies of psychiatric disorders, PPI may be more cost-effective than 

current brain imaging techniques for assessing the neurobiology relevant for these disorders in 

larger epidemiological samples.  

 

Assessing important causes of PPI deficits in larger epidemiologic studies requires the 

elucidation of variables (such as socio-demographic characteristics) associated with PPI that 

inform confounding and bias adjustment for a relevant exposure-PPI associations, as is 

commonly realized in etiological studies of neurodevelopmental disorders. A limited number of 

studies have assessed the relationship between socio-demographic factors and PPI, but these 

studies have typically focused on a single socio-demographic factor (Huggenberger, Suter, 

Blumenthal, & Schachinger, 2011, 2013; Vrana et al., 2013). To our knowledge, no study has 

used data-driven methods to identify socio-demographic predictors of PPI. In this study, we used 

an attention-to-prepulse experimental paradigm and a data-driven prediction algorithm to (1) 

identify important socio-demographic predictors of PPI to inform the evaluation of PPI in 

subsequent epidemiologic studies; and (2) assess if previously substantiated socio-demographic 

predictors of common neurodevelopmental disorders in children are also associated with PPI. 

We used a variable selection algorithm to identify these predictors in children 8-17 years of age 

from the Early Life Exposure in Mexico to Environmental Toxicants (ELEMENT) cohort. 
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Methods 
 

Study population 

The ELEMENT cohort consists of three sequential birth cohorts of mother-infant pairs from 

Mexico City maternal hospitals that have been followed for over two decades to understand 

health effects associated with environmental exposures to metals and chemicals (Téllez-Rojo et 

al., 2006). Pertinent details of ELEMENT, such as inclusion and exclusion criteria, collection 

methods, and demographics has been reported in detail elsewhere (Afeiche et al., 2011; Téllez-

Rojo et al., 2006). Briefly, 2,098 pregnant women were initially recruited from prenatal clinics in 

Mexico City, a catchment population of low-to-middle income individuals formerly employed in 

the private sector. Cohort I was recruited from 1994 to 1997, Cohort II from 1997-2000, and 

Cohort 3 from 2001-2005. Between 2008 and 2011, 827 children from the ELEMENT cohort 

between school age and adolescence were invited for a follow-up visit. Of the 827 children, 415 

agreed to participate in the PPI experiment approximately 18 months after the first follow-up 

visit. 

The research protocol for this study was carried out in accordance with the Declaration of 

Helsinki and approved by the ethics and research committees of the partnering institutions, 

including the National Institute of Public Health of Mexico, Harvard T.H. Chan School of Public 

Health, Brigham and Women’s Hospital, the University of Michigan School Of Public Health, 

the University of Washington, and other participating hospitals. Informed consent was obtained 

from each participant.  

 

 



7 
 

Predictor information 

ELEMENT has detailed information on maternal, child, and familial characteristics dating back 

to pregnancy. In addition, updated questionnaire-based information on maternal marital status, 

parental education levels, and family socio-economic status at recruitment were assessed at the 

child follow-up study. The socioeconomic questionnaire was used to capture the availability of 

certain items and assets in the home (number of light bulbs in the home, rooms in the house, 

bathrooms, cars, personal computer, water heater, electrical appliances [video/DVD player, 

washing machine, vacuum cleaner, toaster, microwave], and the type of house floor). Point 

values were assigned to each item, and the socio-economic status level was calculated based on 

the sum of the points across all items (Huang et al., 2015). This approach was developed by the 

Asociación Mexicana de Agencias de Investigación de Mercados y Opinión Pública (Carrasco, 

2002).   

 

PPI experimental design  

The specifics of this startle procedure are based on those previously used in assessment of 

attentional modulation of PPI in children and adolescents (Hawk et al., 2002; Hawk, Yartz, 

Pelham, & Lock, 2003). Before the trials, children were placed in an isolated clinical setting and 

surface electrodes were placed over each child’s orbicularis oculi muscle to measure eye blink 

response. Acoustic stimuli were delivered through headphones, where background white noise of 

70 dB was played continuously. An initial series of two different tones were presented over the 

headphones and the children had to discriminate between high (1200 Hz) and low (400 Hz) 

pitches, and short (5s) and long (8s) tones in random order. The discrimination exercise was 
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repeated until each participant responded correctly to six consecutive stimuli to ensure that the 

children could discriminate the differences.  

After the discrimination exercise, the actual experiment commenced and ran continuously until 

completion (continuous recording). A subsequent session consisted of the presentation of a series 

of tones each followed by an inter-trial interval (ITI) during which no tones were presented, with 

the two-tone pitches (high and low) and lengths (short and long) presented in pseudo-randomized 

order to counterbalance tone order. The child was instructed to attend to one of the pre-pulse 

tones (target as either high or low pitch selected randomly) and to ignore the other (non-target). 

Participants were instructed to press a button at the end of all the longer than usual presentations 

of the attended (target) pre-pulse tone. Startle probes at 102 dB were presented during some of 

the pre-pulse tones and during some of the ITIs. The length of the ITIs were either 15, 22, or 29 

seconds long and startle probes were presented 7, 11, 14 seconds into those intervals, 

respectively. Each child was exposed to 12 startle probes that appeared in pseudorandom order 

with respect to target, non-target, or ITI. In total, there were six trials with target tones, six trials 

with non-target tones, and 12 ITIs. For the target and non-target tones, startle probes were 

presented either 120 or 240 ms after the start of the tone (stimulus onset asynchrony or SOA). 

Over the whole session a total of four startle probes were presented during each of the conditions 

(target tone, non-target tone, or ITI).  

 

Signal recording and electromyography data processing 

The specifics of signal recording electromyography (EMG) data processing for this study were 

consistent with guidelines outlined by Blumenthal et al. for human startle eye blink 

electromyography studies (Blumenthal et al., 2005). Eye blink responses to startle stimuli were 
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recorded using a bipolar configuration of 3mm Ag-AgCl surface electrodes filled with Microlyte 

Gel (Coulbourn, Allentown PA) secured by adhesive collars positioned over the orbicularis oculi 

muscle beneath the lower eyelid, one below and in line with the pupil in a forward gaze and the 

other 1-2 cm lateral to the first. The startle delivery and response recording system (Coulbourn 

Instruments, Allentown, PA) was connected to a personal computer that ran the control software 

(SuperLab, Biopac, Goleta, CA). Electrode impedances were held to 10 KOhms and the raw 

electromyography (EMG) signal was amplified and digitally sampled at 1000Hz using 

AcqKnowledge software (Biopac, Goleta, CA). Sampling started immediately before the 

experimental block was started and lasted until the end of it (continuous recording).  

Eyeblink EMG responses were digitally integrated (low-pass filtered between 1.0 and 500Hz), 

rectified and smoothed digitally using AcqKnowledge software (Biopac, Goleta, CA). All trials 

were visually inspected for excessive noise in the EMG signal and for any software 

malfunctions. Startle responses were defined as the change from baseline to highest amplitude in 

microvolt within 20-200 milliseconds (ms) after probe onset using a computer peak amplitude 

detection algorithm of the AcqKnowledge software system. Trials were considered invalid and 

rejected if 1) a response onset was less than 21 ms; or 2) a response peak was greater than 200 

ms after probe onset. The test-retest reliability of baseline startle amplitudes and percent PPI (as 

examined and described above) has been shown to be high in a study of 9-12 year old boys 

(intra-class correlation coefficients of 0.94 and 0.90, respectively in PPI sessions separated by a 

week (Hawk et al., 2002).  

Statistical analyses 

The distributions of all variables of interest were examined, and descriptive statistics were 

calculated for each variable. Given the positive skewness of our ASR values, the ASR was log 
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transformed to achieve normality. Historically, several methods have been used to quantify PPI; 

the preferred methods are to quantify PPI as a “proportion of the difference from the control” or 

as a “proportion of control”, as these methods are least affected by differences in baseline 

acoustic startle responses (Blumenthal, Elden, & Flaten, 2004). PPI quantified as a “proportion 

of the difference from the control” is a relative difference calculated as 

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿 − 𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
 

where average magnitude X is the average magnitude of responses to probes during attended pre-

pulse tones and average magnitude ITI is the average magnitude of probe responses during the 

ITI. For regression methods, the substantial right skewness of PPI necessitates a transformation 

of our PPI variable. An appropriate solution for the positive skewness of traditional PPI would be 

to take its natural log + some constant C to avoid zeros or negative values (Howell, 2007).  

Thus, using C=1, we defined a transformed PPI as  

PPI*=ln (
𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
) 

This new transformation is simply the natural log of the quantification of PPI as a “proportion of 

control” (Blumenthal et al., 2004), i.e., the ratio of the average magnitude of responses to probes 

during prepulses to the average magnitude of probe responses during the ITI.  In a linear 

regression framework with PPI* as the dependent variable, a negative beta coefficient value for 

an independent variable indicates increased PPI whereas a positive beta coefficient value 

indicates reduced PPI (note that a positive beta coefficient could result in responses that still 

demonstrate PPI, but could also result in prepulse facilitation depending on the mean PPI and 

strength of the beta coefficient). Henceforth, when we refer to PPI, we are referring to the log-
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transformed “proportion of control”. Individual PPI scores were collapsed into attended and 

ignored scores by SOA for each subject. An overall PPI analysis was performed using a 2x2 

mixed ANOVA (Condition: Attended vs. Ignored x SOA: 120 ms vs. 240 ms).  

Before conducting variable selection analyses, the proportion of missingness was examined for 

each predictor of interest. The proportion of missingness for predictors ranged from 0.0% to 

7.0%. Conducting variable selection using a complete case method may result in smaller 

standard errors than would be expected for the coefficients, and in a higher number of variables 

selected, than would be expected in the absence of missing data (Lachenbruch, 2011). Multiple 

imputation is a general approach for missing data problems that allows for uncertainty about the 

missingness of the data by creating several distinct plausible data sets and appropriately 

combining results from each of the data sets to make inferences (Sterne et al., 2009). Operating 

under a missing at random (MAR) assumption, we used a fully conditional specification method 

that assumes a joint distribution for all variables (van Buuren, 2007). The fully conditional 

specification method sequentially fills in all missing values for each variable and imputes 

estimated values during the imputation phase. A discriminant function was used to impute 

missing values for binary and nominal variables (Division of Analysis, Research, and Practice 

Integration, National Center for Injury Prevention and Control, U.S. Centers for Disease Control 

and Prevention, Atlanta, GA 30341, USA, Liu, & De, 2015). Ten imputed data sets were created 

and missing values were imputed for all candidate predictors. To enhance biological plausibility, 

all but two of our candidate predictors were measured at baseline, prior to PPI recording; the 

ASR and child’s age were measured concurrently with PPI ascertainment. Missing values were 

imputed for the candidate socio-demographic predictors maternal age, maternal education, 

paternal education, parity, maternal IQ, total breastfeeding months, maternal marital status, 
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maternal prenatal smoking status, SES index, child’s gestational age, child’s delivery weight, 

child’s age at PPI testing, child’s sex, baseline ASR, and the PPI outcomes. The majority of the 

above predictors were evaluated due to their associations with a range of neurodevelopmental 

disorders (Braun et al., 2017, 2017; Huang et al., 2015; Lanphear et al., 2005; Poton, Soares, 

Oliveira, & Gonçalves, 2018). We additionally assessed whether maternal parity, paternal 

education, child’s gestational age, and baseline ASR were associated with PPI.  

We subsequently conducted variable selection and validation on the imputed data sets using a 

modified version of the multiple imputation random lasso (MIRL) algorithm developed by Liu et 

al (Liu, Wang, Feng, & Wall, 2016). Given the degree of correlation between our predictors of 

interest and the proportion of missingness observed, the MIRL approach for variable selection is 

an appropriate choice as it combines multiple imputation and random lasso to select from among 

correlated predictor variables (Wang, Nan, Rosset, & Zhu, 2011). MIRL provides empirical 

selection probabilities that produce an importance ranking across the candidate predictors in the 

model (Liu et al., 2016).  

The details for MIRL are discussed in detail by Liu et al (Liu et al., 2016). Briefly, all variables 

were standardized to have mean zero and variance one for all imputed data sets. For each of m 

imputed data sets, 1000 B bootstrap samples were generated for each imputed data set and lasso 

ordinary least squares (lasso-OLS) coefficients were computed for each bootstrap sample. 

Subsequently, an importance measure for each of the p predictors was computed as the absolute 

value of the simple average of the m x B regression coefficients. For each of the m x B datasets, 

p/2 predictors were randomly selected with probability proportional to each predictor’s 

importance measure. Lasso-OLS coefficients were estimated for the p/2 selected predictors and 

the coefficients for the remaining predictors were set to zero. The m x B coefficients were 
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averaged for each predictor to get initial MIRL estimates, and the empirical selection 

probabilities were computed as the proportion of times each predictor was selected across the m 

x B fitted models. These empirical selection probabilities were used to obtain an importance 

ranking for each predictor. Predictors with selection probabilities greater than or equal to 0.60 

were selected as the most important predictors of PPI and subsequently included in a multivariate 

OLS regression model with PPI as the dependent variable for each of the 10 imputed data sets. A 

probability threshold of 0.60 was chosen to ensure a sparse final model.  

Following the MIRL, we ran a multivariate OLS model, in which PPI was regressed on the 

variables selected by MIRL and any additional candidate variables from the aforementioned list 

not selected by MIRL, but  established as predictors of neurodevelopmental disorders in this 

cohort and in other pre- and adolescent populations (Braun et al., 2017; Huang et al., 2015; 

Lanphear et al., 2005; Poton et al., 2018). Rubin’s rules were used to combine estimates from 

each imputed data set for the multivariate OLS regression models and to make inferences 

(Rubin, 2004).  All models were constructed under the assumptions of linearity and additivity, 

statistical independence, homoscedasticity, and normality. The analyses for this manuscript were 

generated using R Statistical Software, version 3.2.4 (Foundation for Statistical Computing, 

Vienna, Austria) and SAS 9.4 (Cary, NC).  
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Results 

 

Baseline demographics 

Of the 415 children who participated in the PPI experiment, 70 children were excluded from the 

final analysis due to software malfunctions during signal recording. Our final study population 

was restricted to 345 children who did not experience software malfunctions. Among the 345 

children, 364 trials (8.8% of all trials) were excluded because the response onset was less than 21 

ms and 130 trials (3.1% of all trials) were excluded because the response peak was greater than 

200 ms after probe onset. These exclusions yielded 3,646 trials (88.1% of all trials) for 

subsequent analyses among the 345 children. The covariate distributions between our predictors 

of interest were not meaningfully different between the present study population, the 827 

children who participated in the first follow-up visit, and the original ELEMENT cohort. Table 

1.1 shows the distributions of our predictors of interest for both incomplete and imputed data. 

There were no meaningful differences in the distributions between the imputed and incomplete 

data. Among the original study population, the mean age for children was 12.9 years and the 

average gestational age was 38.9 weeks. The mean birthweight was 3.1 kilograms, and on 

average, children were breastfed for a total of 8.7 months. Approximately 49% of the children 

were female. The average maternal age was 26.1 years. On average, maternal education in years 

(10.6) was similar to the average paternal education years (10.5). About three-quarters of the 

women in our study population were married and the average maternal IQ was 90.7 points. The 

mean maternal parity in our study was 2.0 births and only 14% of women reported smoking 

during the pregnancy. The mean SES index level was 8.6.  
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Table 1.1. Summary Statistics of Candidate Predictors for Complete Case and Multiply Imputed 

Data 

   

Original Data 

 

Imputed data 

 

Characteristics 

 

n 

 

Percent missing 

Mean ± SD 

or n (%) 

Mean ± SD 

or n (%) 

Children's age(years) 345 0.0 12.9 ± 2.5 12.9 ± 2.5 

Children's sex, Female 345 0.0 169 (49.0) 169 (49.0) 

Gestational age (weeks) 342 1.1 38.9 ± 1.4 38.9 ± 1.4 

Birthweight (kg) 342 0.9 3.1 ± 0.4 3.1 ± 0.4 

Total breastfeeding months 342 0.9 8.7 ± 6.9 8.7±6.9 

Maternal age (years) 342 0.9 26.1 ± 5.2 26.1±5.2 

Maternal education (years) 341 1.2 10.6 ± 3.1 10.6±3.1 

Maternal IQ 326 5.5 89.9 ± 20.7 90.8±21.3 

Maternal marital status, 

married 342 

0.9 253 (74.0) 256 (74.0) 

Maternal parity 342 0.9 2.0 ± 1.0 2.0±1.0 

Prenatal smoking status, 

smoked 

340 1.4 14 (4.1) 14 (4.1) 

Paternal education (years) 321 7.0 10.5 ± 3.6 10.5±3.6 

SES index level 335 2.9 8.6 ± 3.4 8.6±3.4 

Acoustic startle reflex 344 0.3 0.2±1.1 0.2±1.1 

   Abbreviations: SES, socioeconomic status; SD, standard deviation; IQ, intelligence quotient. 
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Task performance 

The task performance, evaluated by how well the 345 children identified their assigned target 

tone and the longer than usual tones, was satisfactory. Among all responders, 64.3% gave 

completely correct counts, 20.6% gave partially correct counts and 15.1% gave counts that were 

completely incorrect. Overall, the results of the task performance suggested that the participants 

understood and were able to appropriately perform the tasks assigned during the PPI experiment.   

Overall PPI analysis 

Figure 1.1 displays the overall pattern of PPI for the attended and ignored conditions for SOAs 

of 120 ms and 240 ms. Consistent with the patterns displayed in Figure 1.1, the 2x2 mixed 

ANOVA (SOA: 120 ms vs. 240 ms vs. Condition: Attend vs. Ignore) revealed a marginally 

significant main effect of SOA (F (1, 332) = 3.95, p= 0.05), no statistically significant main 

effect of condition (F (1, 331) =0.12, p=0.73), and no statistically significant SOA by condition 

interaction (F (1, 247) =0.00, p=0.96). In the absence of an SOA x condition interaction, we 

combined the target and non-target condition data by SOA for our variable selection analyses.  

  



17 
 

 

 

 

 

 

 

 

Note: Error bars indicate the standard error of the means. 

 

Figure 1.1. Mean PPI for Attended and Ignored Task Conditions at 120 ms and 240 ms Stimulus 

Onset Asynchronies 
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MIRL analyses  

 

The empirical probabilities shown in Tables 1.2 and 1.3 provide a ranking of variable importance 

for each variable for PPI at an SOA of 120 and 240 ms respectively. Using 0.60 as a selection 

probability threshold, MIRL selected five variables as important predictors of PPI for both 

SOAs. For PPI at an SOA of 120 ms, MIRL selected the acoustic startle reflex magnitude, 

child’s age at PPI experiment, birthweight, maternal education, and child’s sex as important 

predictors of PPI. Acoustic startle reflex magnitude, child’s age and child’s birthweight were the 

three most important predictors of PPI at an SOA of120 ms with empirical selection probabilities 

of 0.9951, 0.8255, and 0.7582, respectively. Table 1.2 shows the slope estimates from the 

multivariable OLS regression for the five variables selected by MIRL for an SOA of 120 ms. 

The adjusted R-Square over the imputations was 0.37. Acoustic startle reflex magnitude, child’s 

age at PPI testing, and maternal education were significantly associated with increased PPI (more 

inhibition), and girls had significantly lower PPI (less inhibition) than boys. Additionally, 

birthweight was marginally associated with increased PPI.  
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Table 1.2. MIRL Empirical Selection Probabilities and Beta Coefficients for Candidate 

Predictors1 of PPI at a Stimulus Onset Asynchrony of 120 ms 
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For PPI at an SOA of 240 ms, MIRL selected the acoustic startle reflex magnitude, child’s age at 

PPI experiment, maternal education, child’s sex, and total breastfeeding months as the five most 

important predictors (Table 1.3). Based on their empirical selection probabilities, acoustic startle 

reflex magnitude, child’s age at PPI experiment, and maternal education were the three most 

important predictors with empirical selection probabilities of 0.9986, 0.9240, and 0.8799, 

respectively. In an OLS regression model for the association between these five variables and 

PPI with an SOA of 240 ms, the adjusted R-square over the imputations was 0.35. Acoustic 

startle reflex magnitude, Age at PPI experiment, and maternal education were significantly 

associated with increased PPI, and girls had significantly lower PPI than boys. Total 

breastfeeding months was marginally associated with increased PPI. MIRL selected four 

common variables for the two PPI SOA conditions: acoustic startle reflex magnitude, child’s age 

at PPI experiment, child’s sex, and maternal education. For PPI at an SOA of 120 ms, the 

acoustic startle reflex magnitude had a marginally higher magnitude of association, whereas the 

magnitudes of association for child’s age at PPI experiment, maternal education, and child’s sex 

were greater for PPI at an SOA of 240 ms.  
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Table 1.3. MIRL Empirical Selection Probabilities and Beta Coefficients for Candidate 

Predictors1 of PPI at a Stimulus Onset Asynchrony of 240 ms 
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Multivariable OLS analyses 

Table 1.4 shows the slope estimates from models that included the MIRL identified variables for 

each SOA and established predictors of neurodevelopmental disorders. The adjusted R-Square 

over the imputations was 37% for PPI at both SOAs. Results for the MIRL-identified variables 

were similar to those from models without the additional variables. For both models, increases in 

the acoustic startle reflex magnitude, child’s age, and male sex (compared to female) were 

significantly associated with increased PPI. For the model for PPI at an SOA of 120 ms, 

birthweight was significantly associated with increased PPI while maternal education was 

significantly associated with increased PPI at an SOA of 240 ms. None of the other variables 

were significantly associated with PPI for either model. 
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Table 1.4. Associations1 between Typical Predictors of Neurodevelopmental Disorders and 

Prepulse Inhibition at Stimulus Onset Asynchronies of 120 ms and 240 ms 
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Discussion 
 

To our knowledge, our study is the first study to examine important socio-demographic 

predictors of PPI in a large cohort of children. Using MIRL and under the assumptions of 

linearity and additivity, we identified six important predictors of PPI for SOAs at 120 ms and 

240 ms in children and adolescents. We additionally found that typical predictors of 

neurodevelopmental disorders such as child’s age, sex, birthweight, maternal education, and total 

breastfeeding months also predict PPI. Our study is the first study to highlight increased 

birthweight, maternal education, and total breastfeeding months as variables associated with 

enhanced PPI.  

Consistent with other studies (D. L. Braff et al., 2001; Kumari, Aasen, & Sharma, 2004; 

Swerdlow et al., 1993) we identified sex and age as important predictors of PPI at both SOAs. 

Sex differences in PPI have been extensively studied in healthy human subjects and in subjects 

with psychiatric disorders (Gogos, van den Buuse, & Rossell, 2009). However, our study is the 

largest study to substantiate sex and age as important predictors in adolescent populations. There 

is comprehensive evidence suggesting males have more robust PPI (more inhibition) than 

females. In our study, we found similar increased PPI among male children. A plausible reason 

for these findings may be hormonal differences in males and females. Swerdlow et al. identified 

significantly reduced PPI in the mid-luteal phase of the menstrual cycle compared to the 

follicular phase (Swerdlow, Hartman, & Auerbach, 1997). The mid-luteal phase has been 

identified as a period of peak estrogen and progesterone. Thus, higher estrogen levels in women 

may be driving the reduced PPI observed in adolescents and adult women (D. L. Braff et al., 

2001). In children, Ornitz et al. reported a more variable pattern of sex differences in PPI early in 

life, however, greater PPI was observed in boys by the age of eight (Ornitz, Guthrie, Sadeghpour, 
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& Sugiyama, 1991). Among boys and girls aged 8 to 17 years, we observed that PPI increases 

with increasing age. Our findings are consistent with other studies that report greater PPI in older 

children versus younger children (Gebhardt, Schulz-Juergensen, & Eggert, 2012; Ornitz et al., 

1991). Studies have suggested that brainstem structures that mediate PPI do not fully develop 

until 8 to 10 years of age (D. L. Braff et al., 2001). Past studies of PPI maturation in children 

have been restricted to ages three to 10 years, our study provides extended data for the 

maturation of PPI in adolescents by studying children aged 8 to 17 years of age (D. L. Braff et 

al., 2001; Gebhardt et al., 2012; Ornitz, Guthrie, Kaplan, Lane, & Norman, 1986; Ornitz et al., 

1991).  

After standardizing all candidate predictors to have mean zero and variance one, we found that 

the acoustic startle reflex magnitude was the most important predictor of PPI at both SOAs and 

its coefficient had the greatest magnitude when compared to other predictors. It has typically 

been thought that the baseline startle response is independent of PPI. However, recent studies of 

startle response and PPI have suggested that PPI levels depend on the ASR (Sandner & Canal, 

2007; Schmajuk & Larrauri, 2005). In their 2007 article, Sandner and Canal simulated ASR and 

PPI and found a dependence between the ASR and PPI (Sandner & Canal, 2007). Similar 

findings were observed in human populations (Blumenthal et al., 2004; Csomor et al., 2006; 

Nishiyama & Iso, 2016). Our findings reinforce suggestions that the ASR and PPI are transferred 

by independent neuronal networks that converge and interact on penduculopontine neurons, 

inducing a dependency between the ASR and PPI (Sandner & Canal, 2007). It has been 

suggested that the method of quantification of PPI can give rise to a dependency between the 

ASR and PPI. Blumenthal et al. regard the quantification of PPI as a relative difference 

(proportion of the difference from the control) or a ratio (proportion from control) as the most 
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robust methods for minimizing this dependency (Blumenthal et al., 2004). In our study, we 

quantified PPI as the natural log of the proportion of control and also assessed the dependency 

between the ASR and PPI when PPI was quantified as the proportion of the difference from the 

control. Using these two robust quantification methods, we still observed a dependency between 

the ASR and PPI, providing some evidence that the association between the ASR and PPI may 

also be due to biological mechanisms. For etiologic questions that assess the relationship 

between an exposure of interest and PPI using regression methods, adjusting for the ASR in a 

regression model may help explain additional variability in the PPI measures.  

We additionally identified maternal education, birthweight, and total breastfeeding months as 

important predictors of PPI in children. We found that increasing birthweight, maternal 

education, and total breastfeeding months were all associated with increased PPI in children. To 

our knowledge, no studies have assessed the relationship between these variables and PPI in 

children. Nevertheless, these predictors have been found to be important predictors of 

neurodevelopmental and behavioral disorders in children. These three predictors had similar 

directions although different magnitudes across the SOAs. Several studies have suggested that 

low maternal education is a risk factor for neurodevelopmental and psychiatric disorders in 

children (Braun et al., 2017; La Maison et al., 2018; Lanphear et al., 2005). Birthweight, the 

most commonly studied measure of fetal development has long been associated with mental 

health outcomes in later life (O’Donnell & Meaney, 2017). Low birth weight is associated with 

an increased risk for attention deficit hyperactivity disorder (ADHD), childhood behavioral 

problems, low IQ and educational achievement, depressive symptoms, psychosis-like symptoms, 

and risk for schizophrenia (Breslau & Chilcoat, 2000; O’Donnell & Meaney, 2017; Sucksdorff et 

al., 2015; Thomas et al., 2009; Wiles et al., 2006). Additionally, a systematic review found that 
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duration of breastfeeding was inversely associated with some neurodevelopmental disorders 

(total behavior and conduct disorder) in children and adolescents (Poton et al., 2018). The 

protective association between these predictors and PPI are consistent with associations found 

between these predictors and other neurodevelopmental disorders in children and adolescents, 

and support the theory that PPI impairments may be an indication of an increased risk of 

neurodevelopmental disorders, especially disorders associated with inadequate gating processes.  

In regression models for the association of MIRL predictors and other typical predictors of 

neurodevelopmental disorders on PPI at SOAs of 120 ms and 240 ms, the ASR and child’s age 

was significantly associated with increased PPI, and girls had significantly lower PPI than boys 

for both SOAs. Additionally, birthweight was significantly associated with increased PPI at an 

SOA of 120 ms, while maternal education was significantly associated with increased PPI at an 

SOA of 240 ms. Our results shed light on variables that may be relevant for PPI development, 

but have previously not been studied for such associations, and suggest that important predictors 

of neurodevelopmental disorders in children also predict PPI, although with varying magnitudes. 

Our findings suggest that PPI may be useful as a meaningful marker for neurobehavioral 

disorders in children that is proximal to the underlying physiological processes involved in these 

disorders.  

We did not find a significant effect of attention on PPI in our study population. These findings 

are inconsistent with findings from studies in adult populations that suggest attentional 

modification of PPI at SOAs of 120 ms and 240 ms (Filion, Dawson, & Schell, 1993; Heekeren, 

Meincke, Geyer, & Gouzoulis-Mayfrank, 2004). There are several reasons for this discrepancy. 

First, there may be important developmental differences between children and adults that affect 

how attention modifies PPI. Our findings are consistent with findings from a study in pre-
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adolescent boys where an identical attention-to-prepulse paradigm was used (Hawk et al., 2002). 

As in the present study, the investigators found no evidence of attentional modification of PPI at 

an SOA of 120 ms across sessions. Second, our attention-to-prepulse paradigm was different 

from the paradigms used in these studies; we instructed each participant to respond to target 

tones with a button press rather than remember the number of target stimuli during the session to 

reduce the memory requirements for our population of children and adolescents. Additionally, 

we used a lower-pitched tone of 400 Hz, rather than 800 Hz, as studies have suggested that 

younger children may have difficulty discriminating the 1200- and 800-Hz tones (Hawk et al., 

2002).  Our findings extend previous work on attention and PPI in children by analyzing a larger 

sample size, evaluating a broader range of ages, and including both males and females.    

In our study population, PPI was more pronounced for an SOA of 120 ms than for an SOA of 

240 ms, indicating that analyses should be stratified by SOA. Of the five predictors selected by 

MIRL for each SOA, MIRL selected the same four predictors for PPI at both SOAs. For an SOA 

of 120 ms, MIRL selected birthweight as an additional predictor of PPI; for an SOA of 240 ms, 

MIRL selected total breastfeeding months as an additional predictor of PPI. Using different 

SOAs has been shown to result in different effects on PPI, with the maximum amplitude 

inhibition typically occurring at 120 ms in human experiments (D. L. Braff et al., 2001). Our 

results showing more pronounced PPI at 120 ms than at 240 ms are consistent with previous 

literature (D. L. Braff et al., 2001; Filion et al., 1993). While PPI is expected to differ based on 

SOA, the results of our variable selection analysis were generally consistent for both SOAs, 

although the magnitudes of associations observed for each predictor differed based on SOA. The 

only differences in predictors chosen by MIRL for the two SOAs was birthweight and total 

breastfeeding months. Further studies are needed to fully understand how demographic and 
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clinical characteristics influence PPI at short vs long lead intervals. Nevertheless, our results 

suggest that both short and long lead intervals for PPI are useful tools for assessing PPI as a 

marker for neurodevelopmental disorders.      

It is important to note the limitations associated with this study. Our findings are limited to the 

candidate predictors explored in our variable selection algorithms. Although our results suggest 

that PPI may be useful as a biological marker of neurodevelopmental disorders in children, it 

may not be applicable to all childhood neurodevelopmental disorders. Several studies have 

revealed PPI deficits in children with Tourette ’s syndrome, nocturnal enuresis and the 22q11 

deletion syndrome, however, children with ADHD, autism, and PTSD did not show PPI deficits 

in traditional experimental paradigms (Takahashi et al., 2011). On the other hand, PPI deficits 

have been observed in adults with PTSD and autistic spectrum disorder (Takahashi et al., 2011). 

The limited sample sizes, limited control for confounding factors, and cross-sectional design of 

most of these studies warrant larger prospective studies that can conclusively determine the 

relationship between PPI deficits and these disorders in children. The observational design of our 

study limits our ability to make causal conclusions about the associations observed. Although we 

conducted our analyses on a relatively large sample, we may still be underpowered to detect 

important associations between our candidate predictors and PPI. We only evaluated socio-

demographic predictors of PPI at SOAs of 120 ms and 240 ms, although more recent studies 

have evaluated PPI at lower SOAs, such as SOAs of 60 ms in children and adolescents 

(Cadenhead, 2011; Gebhardt et al., 2012). As such, our results may not be generalizable to PPI 

evaluated at SOAs different than in the present study. Finally, our variable selection algorithm is 

limited to the variables collected in this study population, and our assumptions of additivity and 

linearity. An important question for future studies would be the interaction between age and 
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other socio-demographic factors on PPI. The adjusted R-Squared values of 37% (SOA=120 ms) 

and 35% (SOA=240 ms) for the predictors chosen by MIRL although high, still leave room for 

the existence of other unmeasured predictors of PPI or other functional forms of the evaluated 

predictors that were not considered in our statistical models.  

Nevertheless, the prospective design of our study enhances our ability to assess the temporal 

relationship between important predictors of neurodevelopmental disorders and PPI in children, 

whereas previous studies on PPI have largely been cross-sectional. Additionally, conducting our 

analyses using epidemiologic data allows us to assess PPI in non-clinical settings, which may be 

informative for understanding how PPI deficiencies progress to neurodevelopmental disorders. 

The findings from our study highlight the potential value of PPI as an adjunct or screening tool 

for identifying children and adolescents at risk for various neurodevelopmental disorders and 

underscore the relevance for validation research on this topic. Given the well-established 

relationship between several environmental toxicants and neurobehavioral disorders in 

children(Tran & Miyake, 2017), future research on the effect of environmental toxicants such as 

lead and mercury and PPI may be prove valuable for environmental neurodevelopmental 

research. 

Conclusion 
 

In conclusion, the results of our study highlight important predictors of PPI and suggest that 

several predictors of neurodevelopmental disorders in children and adolescents also predict PPI. 

Our findings add to the previous literature on factors that enhance or impair PPI and suggest a 

temporally plausible relationship between those factors and PPI. Our findings suggest that PPI 

may be an objective biological marker for neurodevelopmental disorders in children and, as 

such, potentially offer a more objective and sensitive indicator of effects of environmental 
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toxicants on the brain than other endpoints (e.g., behavioral ratings). This work underscores the 

need for future etiological studies on the relationship between environmental toxicants and PPI 

as well as early PPI and later neurodevelopment.  
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Abstract 
 

During pregnancy, maternal lead from earlier exposures mobilizes and crosses placental barriers, 

placing the developing fetus at risk for lead exposure and neurodevelopmental deficits. Some 

neuronal circuits known to be affected in neurodevelopment disorders can be probed with simple 

physiological behavioral paradigms. One such neural biomarker is Pre-Pulse Inhibition (PPI), an 

indicator of adequate sensorimotor gating processing. In clinical studies, deficits in PPI have 

been associated with neurodevelopmental disorders in human subjects. To our knowledge, no 

studies have examined the use of PPI as a biomarker of toxicant effects on the brain in 

epidemiological studies. We aimed to estimate the causal effect of prenatal lead exposure, 

assessed by maternal cortical bone lead concentrations, on PPI in 279 children from Mexico 

City. In vivo maternal cortical bone lead measurements were taken at four weeks postpartum at 

the mid-tibia shaft using a K-Shell X-ray fluorescence instrument. PPI recording occurred in an 

isolated clinical setting and eye blink responses were measured using electromyography. We 

assessed if the conditions for causal inference held in our study and used the results of our 

assessment to estimate the causal effect of prenatal lead exposure on PPI using an ordinary least 

squares regression model, a marginal structural model, and the parametric g-formula. Results 

were consistent across the three modeling approaches. For the parametric g-formula, a one 

standard deviation (10.00 μg/g) increase in prenatal lead significantly reduced PPI by 

approximately 19.006% (95% CI: 5.443%, 34.313%).  In a population of children from Mexico 

City, we estimated the causal effect of prenatal lead exposure on PPI deficits. Our results are 

consistent with findings from other studies establishing an association between lead exposure 

and neurodevelopmental disorders in children and suggest that PPI may be useful as an objective 

biomarker of toxicant effects on the brain.  
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Introduction 
 

Lead is a highly toxic heavy metal known to interfere with brain development in children (Hong 

et al., 2014; Lidsky & Schneider, 2003). In pregnant women, lead from earlier exposures can be 

released into the bloodstream, which can subsequently cross the placenta and place the 

developing fetus at risk for lead-related neurobehavioral deficits (Bornschein, Fox, & 

Michaelson, 1977; Korpela, Loueniva, Yrjänheikki, & Kauppila, 1986; Lidsky & Schneider, 

2003; Manton et al., 2003). After exposure, lead crosses the blood brain barrier and deposits in 

the developing fetus’s brain, primarily because of its ability to substitute for calcium. There, it 

can alter the behavior of endothelial cells in the immature brain and disrupt the blood brain 

barrier, as well as directly interfere with neuronal signaling (Sanders, Liu, Buchner, & 

Tchounwou, 2009). Research findings have suggested that prenatal lead exposure is associated 

with reduced cognition (Howard Hu et al., 2006; Schnaas et al., 2006; Wasserman et al., 2000), 

attention (Wasserman et al., 2000), and altered auditory and retinal function (Dietrich, Succop, 

Berger, & Keith, 1992; Rothenberg, Poblano, & Schnaas, 2000; Wasserman et al., 2000) in 

children.  

 

Specific neuronal circuits known to be affected in several neurodevelopment disorders can be 

probed with simple physiological behavioral paradigms, potentially serving as a marker of 

neurobehavioral impairments associated with exposure to environmental metals (Rowland, 

Lesesne, & Abramowitz, 2002). One such measure is pre-pulse inhibition (PPI), a sensorimotor 

gating process that can modify the acoustic startle reflex (ASR) under different behavioral 

conditions (e.g. during attention tasks; Hawk W. Larry, Pelham E. William, & Yartz R. Andrew, 

2002). The ASR is a cross-species, whole-body reflex in response to a loud and unexpected 
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sound that has been well characterized as an element of a defensive response to stressful stimuli 

(Le Duc, Fournier, & Hébert, 2016). The ASR is attenuated when a quieter, non-startling sound 

(a “prepulse”) is presented 30-500 milliseconds (ms) before the startle probe (D. L. Braff, Geyer, 

& Swerdlow, 2001). This attenuation, termed PPI, is an indication of early automatic attention 

regulation of environmental stimuli (Le Duc et al., 2016). Since PPI indicates adequate 

organization of  human cognitive processes, it has been proposed that PPI deficits can be used as 

a neurobiological marker for pathologies indicative of inadequate motor or sensory gating such 

as observed in schizophrenia and other neurodevelopmental disorders (D. Braff et al., 1978; De 

la Casa, Mena, & Ruiz-Salas, 2016). In children, PPI deficits are associated with 

neurodevelopmental disorders such as early psychosis, Tourette’s syndrome, primary nocturnal 

enuresis (Takahashi et al., 2011), and DiGeorge syndrome (Sobin, Christina, Kiley-Brabeck, 

Karen, & Karayiorgou, Maria, 2005).  

Although PPI’s relevance for neurodevelopmental disorders has been established, its relationship 

with environmental neurotoxicants such as lead has not been epidemiologically explored. Yet, by 

probing underlying neurobiology, PPI offers the potential to identify neurological deficits 

associated with neurotoxicant exposures. Moreover, as an indicator of the underlying biological 

processes possibly implicated in neurodevelopmental disorders, PPI may be able to identify 

deficits earlier using more objective measures than behavioral ratings and can be more cost-

effective than current brain imaging techniques for assessing the neurobiology of these disorders 

in larger epidemiological samples.  

To our knowledge, no studies have examined the effect of prenatal lead exposure on PPI in 

children. The objective of this study was to estimate the causal effect of prenatal lead exposure 

on PPI. To do so, we emulated a randomized control trial of prenatal lead exposure in a cohort of 
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children 8-17 years of age from Mexico City. We applied traditional least squares regression 

models, marginal structural models, and the parametric g-formula to estimate the effect of 

prenatal lead exposure on PPI in children and compared the consistency of our effect estimates 

across the three modeling approaches.   

Methods 
 

Study Population 

The Early life Exposure in Mexico to Environmental Toxicants (ELEMENT) cohort consists of 

three sequential birth cohorts of mother-infant pairs from Mexico City maternal hospitals that 

have been followed for over two decades to understand health effects associated with 

environmental exposures to metals and chemicals (Téllez-Rojo et al., 2006). Pertinent details of 

ELEMENT, such as inclusion and exclusion criteria, collection methods, and demographics have 

been reported in detail elsewhere (Afeiche et al., 2011; Téllez-Rojo et al., 2006). In brief, 2098 

pregnant women were recruited from prenatal clinics in Mexico City, a catchment population of 

low-to-middle income individuals formerly employed in the private sector. Cohort I was 

recruited from 1994 to 1997, Cohort II from 1997-2000, and Cohort III from 2001-2005. The 

ELEMENT cohort consists of the 2098 mothers and 1710 children. Between 2008 and 2011, 827 

children participated in a follow-up study on heavy metals and attention behaviors. Of these 827 

participants, 415 children 8-17 years old subsequently participated in the current PPI sub-study 

approximately 18 months later. 

The research protocol for this study was approved by the ethics and research committees of the 

partnering institutions, including the National Institute of Public Health of Mexico, the Harvard 

T.H. Chan School of Public Health, Brigham and Women’s Hospital, the University Of 
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Michigan School Of Public Health, the University of Washington, and other participating 

hospitals. 

Exposure Assessment 

Prenatal blood lead measurements were only available for mothers in Cohort III and a fraction of 

mothers in Cohort II. As such, we assessed prenatal lead exposure by using cortical bone lead 

(μg/g of bone mineral) measured at 4 weeks postpartum (± 5 days) at the mid-tibial cortical bone 

shaft. Although trabecular bone lead was measured at the same time for mothers, our analyses 

focus on cortical bone lead as it has been highlighted as the more reliable measure of prenatal 

lead exposure, due to the high turnover expected with trabecular bone lead during and after 

pregnancy (Afeiche et al., 2011; Howard Hu et al., 2006). We use the term “prenatal lead” to 

refer to cortical bone lead measurements in subsequent sections of this article.  

 

Bone lead was measured non-invasively using a spot-source 109Cd K-shell X-ray fluorescence 

(K-XRF) instrument maintained at Harvard University and installed in a research facility in the 

American British Cowdray Medical Center in Mexico City. The physical principles, technical 

specifications, and validation of this and other similar K-XRF instruments have been described 

previously (Aro, Todd, Amarasiriwardena, & Hu, 1994; Burger, Milder, Morsillo, Adams, & Hu, 

1990; H. Hu, Rabinowitz, & Smith, 1998).  

Covariate Information  

ELEMENT has detailed information on maternal, child, and familial characteristics dating back 

to pregnancy. In addition, we collected updated questionnaire-based information on maternal 

marital status, parental education levels, and family socioeconomic status at recruitment for the 
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child follow-up study. The socioeconomic questionnaire asked about the availability of certain 

items and assets in the home (number of light bulbs in the home, rooms in the house, bathrooms, 

cars, personal computer, water heater, electrical appliances [video/DVD player, washing 

machine, vacuum cleaner, toaster, microwave], and the type of house floor). Point values were 

assigned to each item, and the socioeconomic status level was calculated based on the sum of the 

points across all items (Huang et al., 2015). This approach was developed by the Asociación 

Mexicana de Agencias de Investigación de Mercados y Opinión Pública (Carrasco, 2002). 

 

PPI experimental design  

The specifics of this startle procedure are based on those previously used in assessment of 

attentional modulation of PPI in children and adolescents (Hawk, Yartz, Pelham, & Lock, 2003; 

Hawk W. Larry et al., 2002). Before the trials, participants were placed in an isolated clinical 

setting and surface electrodes were placed over each child’s orbicularis oculi muscle to measure 

eye blink response. Acoustic stimuli were delivered through headphones, where background 

white noise of 70 dB was played continuously. An initial series of two different tones were 

presented over the headphones and each child was instructed to discriminate between high (1200 

Hz) and low (400 Hz) pitches, and short (5s) and long (8s) tones in random order. The 

discrimination exercise was repeated until each participant responded correctly to six 

consecutive stimuli to ensure that each child could discriminate the differences.  

After the discrimination exercise, the experiment commenced and ran continuously until 

completion as a continuous recording. A subsequent session consisted of the presentation of a 

series of tones each followed by an inter-trial interval (ITI) during which no tones were 

presented, with the two-tone pitches (400 Hz and 1200 Hz) and lengths (5s and 8s) presented in 
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pseudo-randomized order to counterbalance tone order. The child was instructed to attend to one 

of the pre-pulse tones (target as either high or low pitch selected randomly) and to ignore the 

other (non-target). Participants were instructed to press a button at the end of all the longer (8s) 

presentations of the attended (target) pre-pulse tone. Startle probes at 102 dB were presented 

during some of the pre-pulse tones and during some of the ITIs. The length of the ITIs was either 

15, 22, or 29 seconds long and startle probes were presented 7, 11, 14 seconds into those 

intervals, respectively. Each child was exposed to 12 startle probes that appeared in 

pseudorandom order with respect to target, non-target, or ITI. In total, there were six trials with 

target tones, six trials with non-target tones, and 12 ITIs. For the target and non-target tones, 

startle probes were presented either 120 or 240ms after the start of the target or non-target tone 

(stimulus onset asynchrony or SOA). Over the whole session a total of four startle probes were 

presented during each of the conditions (target tone, non-target tone, or ITI). 

 

Signal recording and electromyography data processing  

The specifics of signal recording electromyography (EMG) data processing for this study were 

consistent with guidelines outlined by Blumenthal et al. for human startle eye blink 

electromyography studies (Blumenthal et al., 2005). Eye blink responses to startle stimuli were 

recorded using a bipolar configuration of 3mm Ag-AgCl surface electrodes filled with Microlyte 

Gel (Coulbourn, Allentown PA) secured by adhesive collars positioned over the orbicularis oculi 

muscle beneath the lower eyelid, one below and in line with the pupil in a forward gaze and the 

other 1-2 cm lateral to the first. The startle delivery and response recording system (Coulbourn 

Instruments, Allentown, PA) was connected to a personal computer that ran the control software 

(SuperLab, BioPac, Goleta, CA). Electrode impedances were held to 10 KOhms and the raw 
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electromyography (EMG) signal was amplified and digitally sampled at 1000Hz using 

AcqKnowledge software (Biopac, Goleta, CA). Sampling started immediately before the 

experimental block was started and lasted until the end of it (continuous recording).  

Eyeblink EMG responses were digitally integrated (low-pass filtered between 1.0 and 500Hz), 

rectified and smoothed digitally using AcqKnowledge software (Biopac, Goleta, CA). All trials 

were visually inspected for excessive noise in the EMG signal and for any software 

malfunctions. Startle responses were defined as the change from baseline to highest amplitude in 

microvolt within 20-200 milliseconds (ms) after probe onset using a computer peak amplitude 

detection algorithm of the AcqKnowledge software system. Trials were considered invalid and 

rejected if 1) a response onset was less than 21 ms; or 2) a response peak was greater than 200 

ms after probe onset. The test-retest reliability of baseline startle amplitudes and percent PPI (as 

examined and described above) has been shown to be high in a study of 9-12 year old boys 

(intra-class correlation coefficients of 0.94 and 0.90, respectively in PPI sessions separated by a 

week (Hawk, Pelham, & Yartz, 2002).  

Statistical Analyses 

General Analytical Methods 

Of the 415 children who participated in the PPI sub-study, 70 children were excluded from the 

final analysis due to software malfunctions during signal recording. Among the remaining 345 

children, 364 trials (8.8% of all trials) were excluded because the response onset was less than 21 

ms and 130 trials (3.1% of all trials) were excluded because the response peak was greater than 

200 ms after probe onset. Of the 345 remaining children, 279 children had complete information 

on maternal cortical bone lead measurements. Our final study population was restricted to 279 
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children who participated in the PPI sub-study, were not missing maternal cortical bone lead 

measurements, did not experience EMG or probe delivery software malfunctions during the PPI 

experiment, and had valid trial responses.  

Negative estimates of bone lead concentrations may occur for lead values close to zero; we used 

all point estimates without imposing a minimum detectable limit and excluded subjects with 

uncertainty estimates for cortical bone lead values  ≥10 μg/g as a standard quality-control 

procedure (Wright et al., 2003). Use of all point estimates without imposing a minimum 

detectable limit has been identified as the most appropriate method for using these values in 

epidemiologic studies (Kim, Aro, Rotnitzky, Amarasiriwardena, & Hu, 1995; Korrick et al., 

2002).  

Historically, several methods have been used to quantify PPI; the preferred methods are to 

quantify PPI as a “proportion of the difference from the control” or as a “proportion of control”, 

as these methods are least affected by differences in baseline acoustic startle responses 

(Blumenthal, Elden, & Flaten, 2004). PPI quantified as a “proportion of the difference from the 

control” is a relative difference calculated as: 

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿−𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
                  

where average magnitude X is the average magnitude of responses to probes during pre-pulse 

tones and average magnitude ITI is the average magnitude of probe responses during the ITI. For 

regression methods, the substantial right skewness of PPI necessitates a transformation of our 

PPI variable. An appropriate solution for a linear regression framework would be to take the 

natural log of PPI + some constant C to avoid zero or negative values (Howell, 2007).  
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Thus, using C=1, we defined a transformed PPI as: 

PPI*=ln (
𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
)                                 

  

This new transformation is simply the natural log of the ratio of PPI quantified as a “proportion 

of control”.  In a linear regression framework with PPI* as the dependent variable, a negative 

beta coefficient value for an independent variable indicates increased PPI (more inhibition by the 

pre-pulse tone) while a positive beta coefficient value indicates reduced PPI (less inhibition by 

the pre-pulse tone). Henceforth, when we refer to PPI, we are referring to the log-transformed 

“proportion of control”. Individual PPI scores were collapsed into target and non-target scores by 

stimulus onset asynchrony (SOA) for each subject. An overall PPI analysis was performed using 

a 2x2 mixed ANOVA (Condition: Attended vs. Ignored x SOA: 120 ms vs. 240 ms). We 

calculated descriptive statistics and examined distributions for all variables of interest. 

Causal Inference 

 

Causal inference involves the comparison of two potential outcomes. Ideally, for each person in 

the population, we would want to compare what would have happened had that person been 

exposed to exposure e, compared to what would have happened had the person been exposed to 

an alternative exposure e’ (Hernán et al., 2008; Schwartz, Fong, & Zanobetti, 2018). The intra-

person contrast of these two outcomes, averaged over the entire population, would then 

constitute the average causal effect of treatment on the outcome. In practice, only one outcome 

for an individual is observed, corresponding to the exposure that individual had indeed 

experienced. The unobserved outcome is defined as “counter to fact” or counterfactual and needs 

to be estimated. While estimating the counterfactual outcome cannot be done on an individual 
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level, causal methods aim to provide averaged estimates for this on a population level (Hernán et 

al., 2008; Schwartz et al., 2018).  

Randomized trials are often lauded as the gold standard because when designed properly, they 

allow for the estimation of causal effects. In the setting of an ideal randomized trial (i.e. no loss 

to follow-up, full adherence to a well-defined assigned treatment, and double blind assignment), 

the randomized treatment groups would have similar distributions of measured and unmeasured 

covariates and the only difference between them would be their treatment assignment (Hernán & 

Robins, 2018). Since the study groups are comparable (also defined as exchangeable) in every 

way but their assigned treatment, any difference in the average outcome between the groups 

could only be caused by the differences in the treatments across the groups. In this setting, any 

effect estimates we obtain from statistical models evaluating the association between treatment 

and outcome would have a causal interpretation.  

Randomized trials are often unfeasible or unethical to execute, particularly in environmental 

epidemiology; hence, researchers must rely on other approaches (such as well-designed 

observational studies) to assess causal effects, being explicit about any assumptions that are 

made. To endow our estimates with a causal interpretation in the context of this study, we 

emulated a conditionally randomized trial under the three main conditions necessary for causal 

inference: consistency, exchangeability, and positivity. Our causal contrast of interest is the 

average PPI value that would have been observed if all children had been assigned to receive the 

mean prenatal lead value for the study population (A=0) vs. the average PPI value that would 

have been observed if all children had been assigned to a standard deviation increase from the 

mean prenatal lead value (A=1).  
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Assumptions of Consistency, Exchangeability, and Positivity 

Consistency: For our research question, consistency means that the average counterfactual PPI 

value that would have been observed if all children in the study population had been exposed to 

the mean prenatal lead, equals their observed average PPI value if they had indeed been exposed 

to the mean prenatal lead value. The consistency assumption additionally implies that the values 

of prenatal lead under comparison correspond to well-defined interventions. In other words, all 

components of treatment assignment that could impact the counterfactual outcomes have been 

specified. In our observational setting, maternal bone lead accumulation could occur through 

multiple exposure routes, such as from leaded paint in the home or from occupational settings. If 

the mechanisms through which bone lead accumulation occur have differential effects on PPI, 

the intervention becomes ill-defined, as the causal effect is now dependent on the specific 

mechanism through which prenatal lead exposure occurred. Although there exists several 

mechanisms through which maternal bone lead accumulation occurs, the effects of bone lead 

exposure on the child in utero is expected to depend on the accumulated bone lead concentration 

itself, and not on the underlying mechanisms leading to accumulation (Silbergeld, 1991). This 

assumption is known as treatment-variation irrelevance (Hernán & Robins, 2018).  

Exchangeability: Exchangeability is assessed in terms of exchangeability for treatment, and 

exchangeability for censoring. In the present study, conditional exchangeability for treatment 

means that the probability of study participants to be exposed to a given value of prenatal lead 

depends only on the measured covariates (Hernán & Robins, 2018). Thus, we assume that after 

adjusting for relevant confounders, the two groups are exchangeable (i.e., no unmeasured 

confounding), except for their exposure level. Conditional exchangeability for censoring means 

that conditional on the measured covariates, those who participated in the PPI sub-study would 
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have had the same PPI values as those who did not participate in the PPI sub-study, had they in 

fact participated.  

Positivity: The positivity condition means that there is a non-zero, positive probability of being 

assigned to each treatment level in each stratum of the covariates. This condition is necessary to 

compute an average causal effect, as there must necessarily be exposed and unexposed 

individuals. In an ideal, marginally randomized trial with a binary treatment, the probability of 

being assigned treatment (Pr [A=1]) and not being assigned treatment (1- Pr [A=0]) are both 

positive by design, and therefore rarely evaluated as a condition for ideal randomized trials 

(Hernán & Robins, 2018). In an observational setting, positivity is not always expected to hold. 

Therefore, to acquire unbiased estimates in our models, we must assume, conditional on the 

covariates in our model, that each child has a non-zero probability of having any prenatal lead 

exposure.  

Assessing Confounding and Selection Bias 

To assess confounding, we considered the baseline covariates maternal marital status, maternal 

age, maternal education, maternal IQ, SES, and smoking during pregnancy. These covariates 

have been highlighted in previous studies as typical confounders of lead and neurodevelopmental 

disorders in children (Braun et al., 2017; Lanphear et al., 2005). We made decisions regarding 

confounding adjustment for these variables by using directed acyclic graphs (DAGs), causal 

structures that encode statistical relationships between important variables and the exposure and 

outcome of interest (Hernán, Hernández-Díaz, & Robins, 2004). The statistical relationships 

encoded in our DAG were additionally informed by multiple imputation random lasso (MIRL), a 

variable selection algorithm that identified maternal education, total breastfeeding months, 

birthweight, child’s age at PPI experiment, and child’s sex as predictors of PPI in our study 
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population (Liu, Wang, Feng, & Wall, 2016). We used MIRL to identify predictors of PPI 

because PPI has typically been studied in cross-sectional, clinical studies. Given those settings, 

there is limited information on predictors of PPI that could inform confounding adjustment in 

epidemiological settings.  

To assess selection bias, we compared distributions of prenatal lead concentrations between 

participants in our PPI sub-study and non-participants from the ELEMENT cohort. We regressed 

prenatal lead (using a linear and quadratic term) on participation in the PPI sub-study in a logistic 

regression model to assess if prenatal lead was associated with participation. We used logistic 

regression models to assess if covariates of interest were associated with participation in the PPI 

sub-study and with our PPI outcome using linear and quadratic terms. We also evaluated whether 

any post baseline variables predicted by prenatal lead were associated with both participation in 

the PPI sub-study and PPI using linear and quadratic terms. Finally, we examined the functional 

relationship between the variables included in our final model and PPI and added quadratic terms 

when suggested by the data.  

The results from our analyses regarding confounding and selection bias are presented in Figure 

2.1. The first DAG represents our a priori assumptions about the statistical relationships present 

in our study based on prior studies on lead and neurodevelopmental disorders. The second DAG 

represents the statistical relationships informed by our data. Of the abovementioned potential 

confounders, only maternal education was identified as a confounder, therefore, we adjusted for 

maternal education to estimate the unbiased effect of prenatal lead on PPI. Of the covariates, 

maternal IQ was associated with selection into the PPI sub-study, and our statistical model 

suggested a quadratic relationship between maternal IQ and selection into the present study. Due 
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to the known association between prenatal lead and maternal IQ and a priori assumptions, we 

adjusted for maternal IQ and included a quadratic term.  
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Figure 2.1. Directed Acyclic Graphs for the Total Effect of Prenatal Lead on PPI 
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In our study population, prenatal lead was not associated with selection into the present sub-

study and we could find no measured post baseline variables predicted by prenatal lead that were 

associated with selection. As such, under the assumption of no unmeasured confounding (an 

assumption necessary for estimating causal effects in all observational studies), conditioning on 

maternal IQ and maternal education was sufficient to ensure exchangeability for treatment and 

selection in our study population. We additionally conditioned on child’s sex and birthweight, 

two predictors of PPI not associated with prenatal lead, to enhance precision in our effect 

estimates (Schisterman, Cole, & Platt, 2009). Child’s age at PPI experiment, another predictor of 

PPI, was also conditioned on to account for the differential follow-up times of the three different 

ELEMENT cohorts and to enhance precision. Based on previous literature (H Hu, Aro, & 

Rotnitzky, 1995), we considered possible interactions between prenatal lead and maternal age, 

sex, and child’s age at PPI test. These interaction terms were not statistically significant and were 

excluded from final models. Our final models for the primary analysis of the effect of prenatal 

lead on PPI included the covariates maternal education, maternal IQ, child’s age at PPI sub-

study, child’s sex, and birthweight.  

Models and Estimations 

We estimated the effect of prenatal lead on PPI using three methods: ordinary least squares 

(OLS) regression, the parametric g-formula, and a marginal structural model (MSM). The 

approaches for each method are explained in detail below. 

Traditional least squares regression 

We regressed prenatal lead and our final covariates on PPI in an OLS regression model. Under 

the assumptions of consistency, exchangeability, and positivity, the counterfactual mean PPI 



57 
 

outcomes are equal to the corresponding mean PPI outcomes in the data for our contrasts of 

interest (Hernán & Robins, 2018). Because we assumed that there was no effect modification, 

our slope estimate of β1 is an estimate of both the conditional and marginal effect of prenatal lead 

on PPI (Hernán et al., 2004). If our assumption regarding effect modification is incorrect, our 

model is misspecified and our estimates are invalid. Methods such as the parametric g-formula 

and MSMs allow us to obtain valid effect estimates without requiring the additional assumption 

of additivity.  

The parametric g-formula 

The g-formula is a generalization of standardization that estimates the standardized outcome 

distributions using exposure and confounder specific estimates of the outcome distribution, in 

essence standardizing the mean outcomes to the distribution of the confounders (Hernán & 

Robins, 2018). In the case of few binary confounders, non-parametric methods can be used to 

obtain effect estimates. Since our current research question required adjusting for continuous 

covariates such that computing the standardized means non-parametrically was unfeasible, we 

used parametric regression modeling to estimate the standardized means via the parametric g-

formula.   

To estimate the effect of prenatal lead on PPI using the parametric g-formula, we used the three-

step algorithm for the parametric g-formula outlined by Hernán et al. (Hernán & Robins, 2018). 

We used nonparametric bootstrap sampling with 10,000 samples to obtain percentile-based 95% 

confidence intervals.  
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Marginal Structural Models 

MSMs have been well described as causal models for estimating causal effects from 

observational data. The parameters of an MSM can be consistently estimated using inverse-

probability-weighted estimators for treatment (Robins, Hernán, & Brumback, 2000). We first 

used modeling approaches to create inverse-probability-of-treatment weighted estimators.  

We regressed our covariates of interest on prenatal lead exposure in a linear regression model 

assuming normally distributed residuals. The standardized residuals from the model were used to 

evaluate the normal probability density function at the value of the residual to obtain the 

individual weights. Because weighting techniques for continuous exposures can lead to 

imprecise estimates, the precision of the weights can be improved by “stabilizing” the weights 

and thereby reducing the variability of the weights (Robins et al., 2000; VanderWeele, Hawkley, 

Thisted, & Cacioppo, 2011). We stabilized the weights from our linear regression model by the 

normal probability density function of prenatal lead.  

Finally, we fit an MSM for the expected counterfactual mean PPI outcome by regressing our 

observed PPI outcome on prenatal lead and weighting each subject by the stabilized inverse-

probability-of-treatment weight. We used robust variance estimation to obtain 95% confidence 

intervals to account for the sampling error in the estimation of the stabilized weights (Hernán & 

Robins, 2018; Robins et al., 2000). 

Sensitivity analyses  

We assessed the robustness of our estimate to additional adjustments for other confounders 

typically adjusted for in studies of lead and neurodevelopmental disorders (Braun et al., 2017; 

Huang et al., 2015; Lanphear et al., 2005). Specifically, we additionally adjusted for maternal 
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marital status, maternal age, SES index level, and smoking during pregnancy using the 

abovementioned modeling approaches.  

To confirm the use of the appropriate bone lead metric for our question of interest, we examined 

the relationship between prenatal trabecular bone lead and PPI using the same set of covariates 

for the primary analysis and the three modeling approaches described above,  

We conducted all analyses using R Statistical Software, version 3.2.4 (Foundation for Statistical 

Computing, Vienna, Austria) and SAS 9.4 (Cary, NC) 

Results 
 

Baseline characteristics 

Table 2.1 shows the distribution of characteristics for participants in the present study and non-

participants from the ELEMENT cohort. There were no meaningful differences between the two 

groups for most of the variables. Maternal IQ points and the proportion of married mothers was 

higher for participants in the present study than for non-participants (90.3 vs. 87.5 and 73.5% vs. 

68.6% respectively). Among participants in the present study, the mean age at testing for 

children was 13.3 years and about half of the children were female. The average total education 

years was 10.5 years for mothers and fathers and only 4.3% mothers reported smoking during 

pregnancy. Mean prenatal lead was 9.3 μg/g with a standard deviation of 10.0 μg/g of bone 

mineral density. 
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Table 2.1. Characteristics of Participants and Non-participants from the ELEMENT Cohort 

 

Abbreviations: SES, socioeconomic status; N/A, not available 

Note: N/A indicates variables that were measured only at the PPI experiment 

[a]: Cumulative blood lead represents the average of cord blood lead and venous blood lead measurements collected at 1, 2, 3, 4, and 5 years of 

age. These measurements were collected from 1,710 children from the ELEMENT cohort.   

[b]: SES index level was assessed only at the initial follow-up visit in 827 participants  

  

 

Present Study 

Participants  

(N=279) 

Non-participants 

from the ELEMENT Cohort 

(N=1819) 

Characteristics n 

Mean ± SD 

or n (%) 

 

n % Missing 

Mean ± SD 

or n (%) 

Age at PPI Testing (years) 279 13.3 ± 2.4 

N/A  

N/A 

 

N/A 

Sex, female 279 169 (49.0%) 1617 11.1% 769 (47.5%) 

Gestational age (weeks) 279 39.0 ± 1.3 1606 11.7% 38.9 ± 1.6 

Birthweight (kilograms) 279 3.1 ± 0.4 1621 10.9% 3.1 ± 0.5 

Breastfeeding length (months) 279 8.8 ± 7.1 1354 25.6% 7.8 ± 6.3 

Cumulative venous blood lead 

(μg/dL)a 279 6.2 ± 2.8 

 

1399 2.2% 5.9 ± 3.2 

Maternal tibia lead ( μg/g ) 279 9.3 ± 10.0 1150 36.8% 9.0 ± 9.9 

Maternal patella lead ( μg/g ) 271 13.2 ±12.4 1391 23.5% 11.0 ± 12.6 

Maternal age (years) 279 26.1 ±5.4 1809 0.5% 25.6 ± 5.3 

Maternal education (years) 279 10.5 ±3.1 1799 1.1% 10.3 ± 3.1 

Maternal IQ 268 90.3 ±20.6 1153 36.6% 87.5 ± 23.1 

Maternal status, married 279 205 (73.5%) 1807 0.7% 1240 (68.6%) 

Maternal parity 279 2.0 ± 1.1 1819 0.0% 2.0 ± 1.1 

Prenatal smoking, ever 277 12 (4.3%) 1798 1.2% 86 (4.8%) 

Paternal education (years) 262 10.5 ± 3.6 1634 10.2% 10.4 ± 3.5 

SES index levelb 271 8.6 ± 3.4 485 11.5% 8.5 ± 3.3 



61 
 

PPI Task performance 

The PPI task performance, evaluated by how well the 279 children identified their assigned 

target tone and the longer tones, was satisfactory. Among all responders, 65.6% gave completely 

correct counts, 19.7% gave partially correct counts and 14.7% gave counts that were completely 

incorrect. Overall, the results of the task performance suggested that the participants understood 

and were able to appropriately perform the tasks assigned during the experiment 

Overall PPI analysis 

Figure 2.2 displays the overall pattern of PPI for the attended and ignored conditions for SOAs 

of 120 ms and 240 ms. Consistent with Figure 2.2, the 2x2 mixed ANOVA (SOA: 120 ms vs. 

240 ms vs. Condition: Attend vs. Ignore) revealed a marginally significant main effect of SOA 

(F (1, 267) = 2.09, p = .15), no significant main effect of condition (F (1, 267) =0.65, p=0.42), 

and no significant SOA x condition interaction (F (1, 195) =0.02, p=0.89). In the absence of an 

interaction, we combined PPI results across condition and SOA for all subsequent analyses.  
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Note: Error bars indicate the standard error of the means 

Figure 2.1. Mean PPI for Attended and Ignored Task Conditions at 120 ms and 240 ms Stimulus 
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Primary analysis for the effect of prenatal lead on PPI 

 

Table 2.2 presents results for the effect of prenatal lead on PPI using OLS regression, the 

parametric g-formula, and an MSM. The second and third columns provide estimated mean PPI 

values had all children been assigned the mean prenatal lead value of 9.33 μg/g versus had all 

children been assigned a one standard deviation increase (10.0 μg/g) to yield a prenatal lead 

value of 19.33 μg/g. Columns four and five provide slope estimates and percent changes for this 

causal contrast using the three modeling approaches. The slope estimates and 95% confidence 

intervals were consistent across the three methods and indicate statistically significant effects of 

prenatal lead on PPI. Specifically, for the parametric g-formula, intervening to increase prenatal 

lead exposure by a standard deviation would result in a 0.174-point mean decrease in PPI (95% 

CI: 0.053, 0.295). Based on our operationalization of PPI as a log transformed ratio, this estimate 

equates to a 19.006% (95% CI: 5.443%, 34.313%) decrease in PPI in our study population.  
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Table 2.2. Slope Estimatesa for the Total Effect of Prenatal Lead on PPI 

Abbreviations: PPI, prepulse inhibition; OLS, ordinary least squares; CI, confidence intervals 

a Adjusted estimates are based on adjustments for maternal education, maternal IQ, birthweight, child’s sex, and child’s age at PPI experiment.  

b
 The mean prenatal lead value represents the average cortical bone lead measurements for the study population. 

c 
The mean prenatal lead at 19.33μg/g represents the average cortical bone lead value for the study population plus the standard deviation (10.00 μg/g) of the average 

cortical bone lead value for the study population. 

d The percent change for each modeling strategy was calculated as (e
(slope estimate)

-1)*100. 

e 
All other covariates in the model were set to their mean values. 

  

 

 

Modeling 

Strategy 

Mean PPI 

Prenatal lead  

at 9.33 μg/gb 

(95% CI) 

Mean PPI 

Prenatal lead  

at 19.33 μg/gc 

(95% CI) 

 

 

Slope  

estimate 

(95% CI) 

 

 

Percent changed (%) 

(95% CI) 

 

Crude model 

 

-0.231 (-0.361, -0.101) 

 

-0.060 (-0.243, 0.124) 

 

0.171 (0.042, 0.300) 

 

18.649% (4.289%, 34.986%) 

Multivariable 

OLS modele 

 

-0.228 (-0.360, -0.096) 

 

-0.054 (-0.239, 0.131) 

 

0.174 (0.044, 0.305) 

 

19.006% (4.498%, 35.663%) 

Parametric  

g-formula 

 

-0.227 (-0.360, -0.096) 

 

-0.053 (-0.252, 0.143) 

 

0.174 (0.053, 0.295) 

 

19.006% (5.443%, 34.313%) 

Marginal 

structural 

model 

 

-0.217 (-0.354, -0.080) 

 

-0.038 (-0.245, 0.170) 

 

0.179 (0.058, 0.301) 

 

19.602% (5.971%, 35.121%) 
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Sensitivity analyses  

 

Adjusting for all baseline covariates typically considered confounders in studies of lead and 

neurodevelopmental disorders yielded similar effect estimates although the estimates were 

slightly attenuated. For the parametric g-formula, intervening to increase prenatal lead exposure 

by a standard deviation would result in a 0.163-point mean decrease in PPI (95% CI: 0.025, 

0.301). This estimate equates to a 17.704% (95% CI: 2.532%, 35.121%) decrease in PPI in our 

study population (Table 2.3). When we examined the relationship between prenatal trabecular 

bone lead levels and PPI, we found a null association across all three modeling approaches (data 

not shown).  
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Table 2.3. Sensitivity Analysis: Slope Estimatesa for the Total Effect of Prenatal Lead on PPI 

 

 

Modeling 

Strategy 

Mean PPI 

Prenatal lead  

at 9.33 μg/gb 

(95% CI) 

Mean PPI 

Prenatal lead  

at 19.33 μg/gc 

(95% CI) 

 

 

Slope  

estimate 

(95% CI) 

 

 

Percent changed (%) 

(95% CI) 

 

Crude model 

 

-0.231 (-0.361, -0.101) 

 

-0.060 (-0.243, 0.124) 

 

0.171 (0.042, 0.300) 

 

18.649% (4.289%, 34.986%) 

Multivariable 

OLS modele 

 

-1.374 (-2.780, 0.033) 

 

-1.210 (-2.620, 0.200) 

 

0.164 (0.025, 0.302) 

 

17.821% (2.532%, 35.256%) 

Parametric  

g-formula 

 

-0.240 (-0.376, -0.106) 

 

-0.077 (-0.296, 0.140) 

 

0.163 (0.025, 0.301) 

 

17.704% (2.532%, 35.121%) 

Marginal 

structural 

model 

 

-0.219 (-0.361, -0.077) 

 

-0.058 (-0.286, 0.169) 

 

0.161 (0.024, 0.298) 

 

17.468% (2.429%, 34.716%) 

Abbreviations: PPI, prepulse inhibition; OLS, ordinary least squares; CI, confidence interval; SES, socio-economic status. 

a Adjusted estimates are based on adjustments for maternal education, maternal IQ, birthweight, child’s sex, child’s age at PPI experiment, maternal marital status, 

maternal age, SES index level, and prenatal smoking status. 

b
 The mean prenatal lead value represents the average cortical bone lead measurements for the study population. 

c 
The mean prenatal lead at 19.33μg/g represents the average cortical bone lead value for the study population plus the standard deviation (10.00 μg/g) of the average 

cortical bone lead value for the study population. 

d The percent change for each modeling strategy was calculated as (e
(slope estimate)

-1)*100. 

e 
All other covariates in the model were set to their mean values. 
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Discussion 

 

In this present study, we used three different modeling approaches to estimate the causal effect of 

prenatal lead exposure on PPI in children. The results from our analyses suggest a statistically 

significant effect of prenatal lead exposure on PPI deficits in Mexican children 8 to 17 years of 

age. Our study is the first study to evaluate the relationship between lead and PPI in humans; 

only one prior study has investigated this relationship in rodents. Consistent with our results, the 

rodent study found mildly impaired PPI of the acoustic startle reflex in offspring of rats that had 

been exposed to lead (Ferguson, Sherry A., Holson, Robert R., Gazzara, Russel A., & Siitonen, 

Paul H., 1998).  

Epidemiological studies have provided an abundance of evidence that prenatal lead exposure is 

associated with disruptions in neuropsychiatric functions (Baghurst et al., 1992; Huang et al., 

2015; Lanphear et al., 2005; Senut et al., 2012). Consistent with studies of lead and 

neurodevelopmental disorders, our findings suggest that prenatal lead causes deficits in PPI. PPI 

deficits have been associated with a number of neurodevelopmental disorders in children and 

adolescents(Takahashi et al., 2011). While previous studies on PPI impairments and 

neurodevelopmental disorders have been cross-sectional in nature, our study is the first 

prospective epidemiological study to examine this relationship. Our results provide some support 

for the use of PPI as an objective metric for the detection of early or subclinical neurological 

deficits in children exposed to prenatal lead. Additionally, given that PPI is a phenomenon with a 

well-defined neural basis, it may prove more objective than other measures (e.g., behavioral 

ratings) of neurodevelopmental disorders in children. In addition, deficits in PPI may be an 

earlier indicator of risk for later neurodevelopmental disorders, and therefore an earlier marker of 

the effects of environmental toxicants. Although impaired PPI has been observed in a range of 
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neurodevelopmental disorders in human subject studies, a longitudinal study to assess whether 

PPI predicts later development of such disorders has not been done. Future studies that elucidate 

on the prospective association between PPI and neurodevelopmental disorders will be needed to 

inform relevant interventions. 

The classic neural circuitry involved in the modification of the acoustic startle reflex via PPI is 

primarily localized in the brain stem, although recent studies also suggest the involvement of the 

forebrain regions in the regulation of sensorimotor gating (Rodrigues, Salum, & Ferreira, 2017). 

Several studies have suggested that lead disrupts evoked potentials mediated by neurons in the 

brain stem (Alvarenga, Morata, Lopes, Feniman, & Corteletti, 2015). Animal model studies have 

provided additional insight on mechanisms underlying neurotoxicity from prenatal lead exposure 

(Verina, Rohde, & Guilarte, 2007; White et al., 2007). These studies suggest that exposure to 

lead can interfere with neurogenesis by inhibiting the proliferation, development, and survival of 

newly generated neurons in the developing fetus (White et al., 2007). Prenatal lead exposure 

inhibits neuronal development in the growing fetus and interferes with many biological system 

critical for regulating synaptic plasticity, such as the activity of protein phosphatases (Senut et 

al., 2012). Our results add to this line of research, providing evidence that prenatal lead exposure 

can disrupt neural systems that are responsible for regulating sensorimotor gating processes such 

as PPI. The long-term effects of these disruptions may subsequently lead to neuronal pathologies 

indicative of inadequate motor or sensory gating (Geyer, 2006).  

Our models provide evidence of a causal effect of prenatal lead on PPI in children under the 

three main causal inference assumptions of exchangeability, consistency, and positivity. To 

evaluate the robustness of our estimates, we also adjusted for additional baseline covariates 

typically considered confounders in studies of lead and neurodevelopmental disorders. We found 
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that these estimates were similar with estimates from our primary analysis across the three 

modeling strategies. This observation provides some evidence that PPI may be a more objective 

marker for adverse effects of toxicants on the brain than currently used metrics. Childhood 

neurodevelopmental disorders such as attention-deficit hyperactivity disorder (ADHD), autistic 

spectrum disorder (ASD), and early psychosis are typically evaluated using subjective measures 

that incorporate limitations such as informant biases (Emser et al., 2018; Sharma, Gonda, & 

Tarazi, 2018). Typical confounders that are adjusted for when evaluating the association between 

these disorders and environmental toxicants may be confounders for the environmental toxicant 

and the subjectivity of the metric, and not the underlying disorder itself. PPI is an automatic 

biological phenomenon that is measured using an EMG, suggesting that it’s metric may be more 

objective than behavioral ratings.  

In a sensitivity analysis, we evaluated the relationship between prenatal trabecular bone lead and 

PPI in children. We did not find an association between trabecular bone lead and PPI. This is 

expected because bone mineral density and bone turnover, especially resorption during 

pregnancy, occurs at a higher rate with trabecular bone than with cortical bone. This is because 

more trabecular bone surfaces are more readily available for turnover (Gulson et al., 2004) 

during pregnancy. Because trabecular bone lead was measured approximately 4 weeks 

postpartum in mothers, the trabecular bone lead measurements may not be a reliable proxy for 

prenatal bone lead measurements during pregnancy due to the higher turnover rate. As such, it is 

unsurprising that we observed a null association between trabecular bone lead and PPI.  

Our assumptions that the results observed in our study population are not distorted by self-

selection bias is supported by the null association observed between prenatal lead and selection 

into the present PPI sub-study. Despite the smaller study sample size, this reduction is not 
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expected to systematically bias our findings, because selection bias results from conditioning on 

common effects (e.g., selection into the PPI sub-study) of an exposure lead and outcome under 

study (Hernán & Robins, 2018). Given that selection into the study is not predicted by prenatal 

lead, there is some assurance that self-selection bias is not a concern in our study population. 

Given the ubiquity of lead in the environment, and the expected mobilization of prenatal bone 

lead during pregnancy at varying levels, we assumed that positivity held in our study. Given our 

small sample size of 279 mother-child pairs, there may exist violations of positivity due to a 

finite sample size, but this scenario is not expected to violate the assumptions for causal 

inference when parametric methods are employed. Parametric models smooth over random 

violations of positivity by borrowing information from other strata without random positivity 

violations. 

The validity of our effect estimates is dependent on the additional assumptions of no model 

misspecification and measurement error. To protect against model misspecification, we 

examined the functional relationships of covariates of interest and included higher-order terms 

when suggested by the data. Our effect estimates are expected to be robust to measurement error 

due to our exclusion of maternal cortical bone lead measurements with uncertainty values greater 

than 10 μg/g as such high uncertainty suggests systematic error in ascertaining cortical bone lead 

concentrations due to excessive movement of the subject during measurement (H Hu et al., 

1995). Additionally, our PPI values were restricted to children who had valid trial responses and 

who did not experience EMG malfunctions during the PPI experiment. Due to the randomness of 

the malfunctions, these exclusion of trials with EMG malfunctions should not result in any 

systematic biases, although, a consequence of this restriction is a loss in power.  
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Our estimate for the effects of prenatal lead on PPI were consistent across the three methods for 

all analyses. While the three methods employed different modeling strategies, all three methods 

made the same assumptions regarding exchangeability, positivity, and consistency, with OLS 

regression model making an additional assumption about additivity. The consistency of our 

estimates across the three methods provide some evidence for the absence of serious model 

misspecification. A limitation of the OLS regression approach is that the average PPI for our two 

exposure contrasts are conditional on the mean values for other covariates in the model and may 

be difficult to interpret meaningfully for policy purposes. A benefit to the parametric g-formula 

and the MSM is the ability to observe the marginal mean PPI outcomes for the two exposure 

contrasts. Using the parametric g-formula and the MSM, we can observe the mean PPI outcome 

had every child been exposed to a prenatal lead value of 9.33 μg/g versus if every child had been 

exposed to a prenatal lead value of 19.33 μg/g. As evidenced by our results, we observed a 

substantial reduction in PPI for a standard deviation increase from the mean prenatal lead value.  

Our study is not without limitations. While our current study demonstrates that lead significantly 

impairs PPI, it is unclear if these impairments can be interpreted as a subclinical indicator of 

neurodevelopmental disorders.  Although several cross-sectional studies have observed PPI 

deficits in children with various neurodevelopmental disorders (Takahashi et al., 2011), the 

limited control for confounding factors, small sample size, and the cross-sectional nature of these 

studies warrant additional investigations into the relationship between PPI and these disorders in 

larger, prospective studies. As with all observational studies, the assumption of no unmeasured 

confounding is an untestable hypothesis. Given the novelty of our study question, we cannot rule 

out the possibility of important confounders of lead and PPI that were not considered in our 
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study. Finally, our estimates may not be generalizable to other populations with different 

distributions of lead, covariates, or effect modifiers not tested in the present study.  

Nevertheless, the prospective design of our study enhances our ability to evaluate the temporal 

relationship between prenatal lead exposure and PPI. Additionally, the careful examination of the 

conditions necessary for endowing our effect estimates with a causal interpretation supports our 

assessment of prenatal lead as a determinant of PPI deficits instead of a correlate. The 

consistency of our study results with other human and animal model studies on lead and 

neurodevelopment highlight the potential value of PPI as an adjunct or screening tool for 

identifying children and adolescents at risk for various neurobehavioral disorders. Finally, the 

results from our study underscore the potential utility of PPI as a biologically relevant metric for 

assessing the relationship between environmental toxicants and neurodevelopmental disorders in 

epidemiological settings. Future research on the effects of other environmental toxicants on PPI 

and the prospective relationship between PPI and neurodevelopmental disorders will be valuable 

for environmental neurodevelopmental research.  

Conclusion 
 

Our study is the first to assess the effect of prenatal lead on PPI deficits, a neurological marker 

for various neurodevelopmental disorders, using traditional and novel methods in a cohort of 

children and adolescents from Mexico City. The results of our study suggest that prenatal lead 

exposure causes PPI deficits in children and adolescents. Our findings are consistent with results 

from epidemiological studies that have found associations between lead exposure and 

neurodevelopmental disorders in this population. Our results suggest that PPI may be a valuable 

adjunct screening tool for assessing neurotoxicant effects on the brain and highlight the need for 

prospective studies on the relationship between other environmental toxicants and PPI, and the 
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relationship between PPI and a range of neurodevelopmental disorders in children and 

adolescents.   
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Abstract 
 

Methylmercury (MeHg) exposure has been associated with severe and subtle neurodevelopmental 

deficits, especially in children. Pre-Pulse Inhibition (PPI), an indicator of adequate sensorimotor gating 

processing is a neurological biomarker that may be useful for identifying neurodevelopmental deficits 

earlier and more objectively than behavioral ratings. Furthermore, PPI may be more cost-effective than 

current brain imaging techniques for assessing the effects of neurotoxicants such as MeHg. This study 

examined the association between MeHg exposure and PPI deficits in a prospective cohort of children 

and adolescents from Mexico City. We obtained venous whole blood samples and scalp hair samples at 

two time points from 176 offspring from the Early Life Exposures in Mexico to Environmental Toxicants 

(ELEMENT) birth cohort; the PPI evaluation was completed at the second time point, approximately 18 

months after the first time point. PPI recording and analysis occurred in an isolated clinical setting and 

eye blink responses were assessed using electromyography. We used ordinary least squares regression 

models adjusted for maternal education, maternal IQ, birthweight, child’s sex, and child’s age (predictors 

of PPI and MeHg) to assess the relationship between earlier and concurrent MeHg concentrations on PPI 

deficits. The spearman correlation coefficient for blood- and hair-MeHg levels was 0.68 (p < .0001) and 

0.73 (p < .0001) at the two visits, respectively. In adjusted models, one µg/L increase in earlier blood-

MeHg concentrations was significantly associated with a 0.22 point decrease in PPI (95% CI: 

0.07, 0.37). We observed no associations between concurrent blood-MeHg, hair-MeHg concentrations 

and PPI deficits. In our study population, blood-MeHg concentrations were associated with PPI deficits, 

which is consistent with MeHg’s known neurotoxicity. Our results underscore the potential utility of PPI 

as an objective and cost-effective adjunct screening tool for assessing neurotoxicant effects on the brain.  
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Introduction 
 

Mercury (Hg) is a ubiquitous heavy metal considered by the World Health Organization (WHO) 

to be among the top ten chemicals of public health concern (World Health Organization 

[Internet]., 2017). Although all humans are exposed to Hg in varying degrees, the form of Hg 

concerned determines the type of health effects that occur. Hg present in oceans, lakes, and rivers 

is converted to methylmercury (MeHg) by aquatic biota, where it bioaccumulates in shellfish and 

fish (National Research Council, 2000). Non-occupational human populations are primarily 

exposed to MeHg through the consumption of contaminated seafood.  

 

Human exposure to MeHg has been associated with adverse neurological outcomes, especially in 

the developing fetus and in children (National Research Council, 2000). Prenatal exposure to 

MeHg is associated with irreversible damage to the central nervous system and 

neurodevelopmental disorders such as cognitive deficits, mental retardation, cerebral palsy, 

blindness, and deafness (Crump, Kjellström, Shipp, Silvers, & Stewart, 1998; Grandjean et al., 

1997; Myers et al., 1995; National Research Council, 2000). MeHg exposure during childhood is 

also associated with neurotoxic effects due to the immature metabolic pathways of children, who 

are more vulnerable to MeHg exposure than adults (Bose-O’Reilly, McCarty, Steckling, & 

Lettmeier, 2010). In addition to severe neurological deficits, MeHg exposure is associated with 

deficits in subtle neurological endpoints (e.g., impaired motor function, attention, and 

visuospatial performance (National Research Council, 2000). 

 

Some of the neuronal circuits known to be associated with neurological deficits can be probed 

with simple physiological behavioral paradigms, potentially serving as a biomarker of exposure 
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to environmental neurotoxicants. One such measure is pre-pulse inhibition (PPI), a sensorimotor 

gating process of the acoustic startle reflex (ASR; Braff, Geyer, & Swerdlow, 2001; Hawk & 

Kowmas, 2003). The acoustic startle reflex is a cross-species neuronal mechanism that reflects 

the activation of motor tracts in the brainstem in response to a loud and unexpected sound 

(referred to in experimental settings as the startle "probe"; Mena et al., 2016). It is thought of as 

an element of defensive response to stressful stimuli such that a “fight or flight” response can be 

activated (Le Duc, Fournier, & Hébert, 2016). A decline in ASR occurs when a non-startling 

sound (termed a “pre-pulse”) is presented 30-500 milliseconds (ms) before the startle probe. This 

attenuation, termed PPI, indicates early automatic attention regulation of environmental stimuli 

and capable organization of human cognitive processes (Le Duc et al., 2016; Mena et al., 2016). 

PPI deficits have been proposed for use as a neurobiological marker for pathologies indicative of 

inadequate motor or sensory gating such as observed in schizophrenia and other 

neurodevelopmental disorders (De la Casa, Mena, & Ruiz-Salas, 2016; Mena et al., 2016; 

Takahashi et al., 2011). In children, PPI deficits are associated with disorders such as early 

psychosis, Tourette’s syndrome, primary nocturnal enuresis, and DiGeorge syndrome (Sobin, 

Christina, Kiley-Brabeck, Karen, & Karayiorgou, Maria, 2005; Takahashi et al., 2011). 

 

While PPI’s relevance for neurodevelopmental disorders has been established, its association 

with neurotoxicants such as MeHg has not been explored in human subjects. To date, only a few 

rodent studies have studied the relationship between MeHg exposure and PPI, although the 

results from those studies have been conflicting. In their 1985 study, Wu et al. observed PPI 

deficits in rats dosed with MeHg, although a dose-response relationship was unclear (Wu, Ison, 

Wecker, & Lapham, 1985). Similarly, a more recent study found that MeHg exposure was 
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associated with PPI deficits in male rats, but without a clear dose dependence; for rats in the low 

dose MeHg group, PPI deficits persisted post treatment with MeHg (Vezér et al., 2005). 

Contrarily, a 2006 study found no PPI deficits in rats exposed to MeHg in utero (Carratù et al., 

2006).  

 

Given the well-established neurotoxicity of MeHg, a key question is whether exposure to MeHg 

is associated with PPI deficits in human populations. To our knowledge, no human studies have 

examined the relationship between MeHg exposure and PPI deficits. The objective of this study 

was to assess the relationship between MeHg exposure and PPI deficits in a prospective cohort 

of children and adolescents from Mexico City using an attention-to-prepulse experimental 

paradigm.   

 

Methods 
 

Study Population 

The Early Life Exposure in Mexico to Environmental Toxicants (ELEMENT) cohort comprises 

three sequential birth cohorts of mother-infant pairs from Mexico City maternal hospitals that 

have been followed for over two decades to understand health effects associated with 

environmental exposures to metals and chemicals (Téllez-Rojo et al., 2006). Pertinent details of 

ELEMENT, such as inclusion and exclusion criteria, collection methods, and demographics have 

been reported in detail elsewhere (Afeiche et al., 2011; Téllez-Rojo et al., 2006). In brief, 2098 

pregnant women were recruited from prenatal clinics in Mexico City. Cohort I was recruited 

from 1994 to 1997, Cohort II from 1997-2000, and Cohort III from 2001-2005. The ELEMENT 

cohort consists of 2098 mothers and 1710 children.   
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Between 2008 and 2011, 827 children from the ELEMENT cohort participated in a follow-up 

study (termed the CHOLESTEROL study) on heavy metals and attention behaviors. Of these 

827 participants, 415 children 8-17 years old subsequently participated in the current PPI sub-

study approximately 18 months later. 

The research protocol for this study was approved by the ethics and research committees of 

partnering institutions, including the National Institute of Public Health of Mexico, the Harvard 

T.H. Chan School of Public Health, Brigham and Women’s Hospital, the University Of 

Michigan School Of Public Health, the University of Washington, and other participating 

hospitals. 

MeHg Exposure Assessment 

To assess organic MeHg exposure, we obtained venous whole blood samples and scalp hair 

samples from each child at two visits, the CHOLESTEROL visit, and at the PPI visit 

approximately 18 months later. We collected whole blood samples into vials certified for trace 

metal analysis and stored at 4°C until analysis. We obtained scalp hair samples from each 

participant using stainless steel scissors and a designated proximal end.  

Pertinent details regarding MeHg analysis for this cohort have been described elsewhere (Basu et 

al., 2014). Briefly, we analyzed all biological samples for total Hg content using a Direct 

Mercury Analyzer 80 (DMA-80, Milestone Inc., CT) as previously described by Paruchuri et al. 

(Paruchuri et al., 2010). Quality control measures included daily instrument calibration, 

procedural blanks, replicates, and several certified reference materials including CRM # 13 for 

hair (National Institute for Environmental Studies, Japan), and QMEQAS for blood (Institute 

National de Santé Publique du Québec). The recoveries of the reference materials ranged from 

80 to 100% and the analytical detection limit was less than one ng Hg per measure.  
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Covariate Information  

ELEMENT has detailed information on maternal, child, and familial characteristics dating back 

to pregnancy. In addition, we collected updated questionnaire-based information on maternal 

marital status, parental education levels, and family socio-economic status at recruitment for the 

CHOLESTEROL and PPI studies. The socioeconomic questionnaire asked about the availability 

of certain items and assets in the home (number of light bulbs in the home, rooms in the house, 

bathrooms, cars, personal computer, water heater, electrical appliances [video/DVD player, 

washing machine, vacuum cleaner, toaster, microwave], and the type of house floor). Point 

values were assigned to each item, and the socio-economic status level was calculated based on 

the sum of the points across all items (Huang et al., 2015). This approach was developed by the 

Asociación Mexicana de Agencias de Investigación de Mercados y Opinión Pública (Carrasco, 

2002). 

 

We used a validated food frequency questionnaire to assess information on seafood consumption 

for each child. We asked children who participated in the CHOLESTEROL study about their 

exposure to four items (fresh fish, canned tuna, canned sardines, and shellfish). We then 

collected information on their self-reported servings and averaged portion sizes over the past 

seven days for the four items.  

 

PPI experimental design and signal recording  

Our attention-to-prepulse paradigm is based on paradigms previously used in the assessment of 

attentional modulation of PPI (Hawk, Yartz, Pelham, & Lock, 2003; Hawk W. Larry, Pelham E. 

William, & Yartz R. Andrew, 2002). Before the trials, we placed all children in an isolated 
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clinical setting and placed surface electrodes over each child’s orbicularis oculi muscle to 

measure startle response. We delivered acoustic stimuli through headphones, where background 

white noise of 70 dB was played continuously. We presented an initial series of two different 

tones over the headphones and instructed the children to discriminate between high (1200 Hz) 

and low (400 Hz) pitches, and short (5s) and long (8s) tones in random order. We repeated this 

discrimination exercise until each participant responded correctly to six consecutive stimuli to 

ensure that the children could discriminate the differences.  

After the discrimination exercise, the actual experiment commenced and ran continuously until 

completion (continuous recording). A subsequent session consisted of the presentation of a series 

of tones each followed by an inter-trial interval (ITI) during which no tones were presented, with 

the two-tone pitches (400 Hz and 1200 Hz) and lengths (5s and 8s) presented in pseudo-

randomized order to counterbalance tone order. We instructed each child to attend to one of the 

pre-pulse tones (target as either high or low pitch selected randomly) and to ignore the other 

(non-target). We instructed participants to press a button at the end of all the longer than usual 

presentations of the attended (target) pre-pulse tone. We presented startle probes at 102 dB 

during some of the pre-pulse tones and during some of the ITIs. The length of the ITIs were 

either 15, 22, or 29 s long and we presented startle probes 7, 11, or 14 s into those intervals, 

respectively. We exposed each child to 12 startle probes that appeared in pseudorandom order 

with respect to target, non-target, or ITI. In total, there were six trials with target tones, six trials 

with non-target tones, and 12 ITIs. For the target and non-target tones, we presented startle 

probes at either 120 ms or 240 ms after the start of the tone (stimulus onset asynchrony or 

“SOA”). Over the whole session, we presented four startle probes during each of the conditions 

(target tone, non-target tone, or ITI). 
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Electromyography measurements and data processing 

The specifics of electromyography (EMG) data processing for this study were consistent with 

guidelines outlined by Blumenthal et al. for human startle eye blink electromyography studies 

(Blumenthal et al., 2005). We recorded eye blink responses to startle stimuli using a bipolar 

configuration of 3 mm Ag-AgCl surface electrodes filled with Microlyte Gel (Coulbourn, 

Allentown PA) secured by adhesive collars positioned over the orbicularis oculi muscle beneath 

the lower eyelid, one below and in line with the pupil in a forward gaze and the other 1-2 cm 

lateral to the first. We held electrode impedances to ten KOhms, amplified, and digitally sampled 

the raw electromyography (EMG) signal at 1000Hz using AcqKnowledge software (Biopac, 

Goleta, CA). Sampling started immediately before the experimental block was started and lasted 

until the end of it (continuous recording).  

We integrated (low-pass filtered between 1.0 and 500Hz), rectified, and digitally smoothed eye 

blink EMG responses using AcqKnowledge software (Biopac, Goleta, CA). We visually 

inspected all trials for excessive noise in the EMG signal and for any software malfunctions. We 

defined startle responses as the change from baseline to highest amplitude in microvolt within 

20-200 milliseconds (ms) after probe onset using a computer peak amplitude detection algorithm 

of the AcqKnowledge software system. As a quality control measure, we considered a trial 

invalid if 1) a response onset was less than 21 ms; or 2) a response peak was greater than 200 ms 

after probe onset (Hawk & Kowmas, 2003). The test-retest reliability of baseline startle 

amplitudes and percent PPI (as examined and described above) has been shown to be high in a 

study of 9-12 year old boys (intra-class correlation coefficients of 0.94 and 0.90, respectively in 

PPI sessions separated by a week (Hawk W. Larry et al., 2002).  
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Statistical Analyses 

General Analytical Methods 

We restricted our final study population to children and adolescents who participated in the PPI 

study, had complete information on hair and blood Hg levels at the CHOLESTEROL study visit, 

had valid trials, and did not experience EMG or probe delivery software malfunctions during the 

PPI experiment. Of the 415 children who participated in the PPI sub-study, we excluded 70 

children from subsequent analyses due to software malfunctions during signal recording. Among 

the remaining 345 children, we excluded 364 trials (8.8% of all trials) because the response onset 

was less than 21 ms and 130 trials (3.1% of all trials) because the response peak was greater than 

200 ms after probe onset. Of the 345 remaining children, 176 children had complete information 

on hair and blood Hg measurements at the CHOLESTEROL study visit. Thus, we restricted our 

final study population to these 176 children.  

Historically, several methods have been used to quantify PPI; the preferred methods are to 

quantify PPI as a “proportion of the difference from the control” or as a “proportion of control”, 

as these methods are least affected by differences in baseline acoustic startle responses 

(Blumenthal, Elden, & Flaten, 2004). PPI quantified as a “proportion of the difference from the 

control” is a relative difference calculated as 

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿 − 𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
 

where average magnitude X is the average magnitude of responses to probes during attended pre-

pulse tones and average magnitude ITI is the average magnitude of probe responses during the 

ITI. For regression methods, the substantial right skewness of PPI necessitates a transformation 
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of the PPI variable. An appropriate solution for the positive skewness of traditional PPI would be 

to take its natural log + some constant C to avoid zeros or negative values (Howell, 2007).  

Thus, using C=1, we defined a transformed PPI as  

PPI*=ln (
𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑿

𝒂𝒗𝒆𝒓𝒂𝒈𝒆 𝒎𝒂𝒈𝒏𝒊𝒕𝒖𝒅𝒆 𝑰𝑻𝑰
) 

This new transformation is simply the natural log of the quantification of PPI as a “proportion of 

control” (Blumenthal et al., 2004), i.e., the ratio of the average magnitude of responses to probes 

during prepulses to the average magnitude of probe responses during the ITI.  In a linear 

regression framework with PPI* as the dependent variable, a negative beta coefficient value for 

an independent variable indicates increased PPI whereas a positive beta coefficient value 

indicates reduced PPI (note that a positive beta coefficient could result in responses that still 

demonstrate PPI, but could also result in prepulse facilitation depending on the mean PPI and 

strength of the beta coefficient). Henceforth, when we refer to PPI, we are referring to the log-

transformed “proportion of control”. Individual PPI scores were collapsed into attended (target) 

and ignored (non-target) scores by SOA for each subject. An overall PPI analysis was performed 

using a 2x2 mixed ANOVA (Condition: Attended vs. Ignored x SOA: 120 ms vs. 240 ms).  

Due to their non-normal distributions, we log-transformed the ASR and all of the MeHg 

biomarker variables. To assess confounding, we considered the baseline covariates seafood 

consumption among children, prenatal MeHg (assessed by cord blood MeHg levels), maternal 

marital status, maternal age, maternal education, paternal education, maternal IQ, SES index 

level, and smoking during pregnancy. These covariates have been highlighted in previous studies 

as typical confounders of environmental neurotoxicants, such as MeHg, and neurodevelopmental 

disorders (Braun et al., 2017; Grandjean et al., 1997). In a previous study conducted on the larger 
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population of children and adolescents from the ELEMENT cohort who participated in the PPI 

sub-study, Multiple Imputation Random Lasso (MIRL), a variable selection algorithm identified 

maternal education, total breastfeeding months, birthweight, child’s age at PPI experiment, 

child’s sex and the ASR as predictors of PPI (Kponee-Shovein et al., 2019). We included 

variables into our final models that were not only highlighted by MIRL in the previous study as 

predictors of PPI, but also identified through prior studies as predictors of MeHg exposure.  

Of the variables identified by MIRL as predictors of PPI, we identified child’s sex, child’s age, 

birthweight, and maternal education as potential confounders for the relationship between MeHg 

exposure and PPI. We additionally adjusted for baseline ASR, a predictor only associated PPI to 

enhance precision in our effect estimates (Schisterman, Cole, & Platt, 2009). We assessed the 

association between MeHg and PPI using a multivariable ordinary least squares (OLS) 

regression model. In the larger population of 345 children with valid PPI data, only 58 (16.8%) 

children had prenatal MeHg exposure data and only 136 (39.4%) children had seafood 

consumption data. As such, we were unable to assess whether these variables were potential 

confounders for our association of interest and did not include these parameters in our models.  

Our sample size of 176 is a significant reduction from the CHOLESTEROL cohort, which 

comprised 827 children. To evaluate selection bias, we compared the distributions of 

demographic characteristics and MeHg measures (hair- and blood-MeHg) between the 176 

participants in our study population and 651 non-participants from the CHOLESTEROL cohort. 

Using separate logistic regression models, we regressed blood-MeHg and hair-MeHg (using 

linear and quadratic terms) on participation in the PPI sub-study to assess whether our exposure 

biomarkers were associated with participation. We additionally assessed if any other covariates 

were associated with participation in the current PPI sub-study in a logistic regression model 
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using linear and quadratic terms for each covariate. Maternal IQ and birthweight were associated 

with participation in the current PPI sub-study and our logistical regression models suggested a 

quadratic relationship between these two covariates and participation in the present study. 

Because maternal IQ and birthweight were also correlated with both MeHg measures and we 

could not rule out the possibility of unmeasured covariates associated with both participation and 

PPI, we adjusted for maternal IQ and birthweight to minimize selection bias due to these 

covariates (Hernán, Hernández-Díaz, & Robins, 2004).  

We examined the functional relationship between the variables included in our final model and 

PPI and added quadratic terms when suggested by the data. Our final OLS regression models for 

the association between MeHg and PPI included the covariates child’s sex, child’s age at PPI 

experiment, birthweight, birthweight squared, maternal IQ, maternal IQ squared, maternal 

education, and baseline ASR. To assess a temporal association, our primary analysis focused on 

MeHg biomarkers measured 18 months before the PPI experiment. For our secondary analysis, 

we assessed the association between concurrent MeHg exposure and PPI using a similar 

analytical approach.  

Results  
 

Baseline Characteristics 

Table 3.1 presents the distributions of characteristics for participants in the present study and 

non-participants from the CHOLESTEROL cohort. There were no meaningful differences 

between the two groups for the majority of characteristics, although maternal IQ points was 

slightly higher for participants in the present study (91.5 vs. 88.1, respectively), and the 

proportion of married mothers was slightly higher for participants in the present study (75.2% vs. 
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70.5%, respectively). Among participants in the present study, the average total education years 

for both maternal and paternal parents were similar (10.6 years), and only 3.5% of all mothers 

reported prenatal smoking. The mean age at PPI testing was 12.9 years and approximately half of 

the children were female. The average gestational age was 39.0 weeks and the average 

birthweight was 3.1 kilograms.  
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Table 3.1. Characteristics of Participants and Non-participants from the ELEMENT Cohort 

Abbreviations: SES, socioeconomic status; N/A, not available; IQ, intelligence quotient; SD, standard deviation 

Note: N/A indicates variables that were measured only at the PPI experiment 

  

 

Present Study Population 

(N=176) 

Non-participants  

(N=651) 

Characteristics n Mean ± SD, or n (%) n Mean ± SD, or n (%) 

Age at PPI Experiment (years) 176 12.9 ± 2.5 N/A N/A 

Sex, female 176 84 (47.7%) 612 293 (47.9%) 

Gestational age (weeks) 174 39.0 ± 1.4 610 38.9 ± 1.5 

Birthweight (kilograms) 174 3.1 ± 0.4 611 3.1 ± 0.5 

Maternal age (years) 174 26.4 ±5.2 613 25.7± 5.4 

Maternal education (years) 173 10.6 ±3.1 612 10.6 ± 2.9 

Maternal IQ 165  91.5 ±20.9 578 88.1 ± 22.1 

Paternal education (years) 162 10.7 ± 3.6 566 10.3 ± 3.4 

Maternal status, married 174 131 (75.3%) 613 432 (70.5%) 

Maternal parity 174 2.0 ± 1.0 613 2.0 ± 1.1 

Prenatal smoking, ever 173 6 (3.5%) 609 24 (3.9%) 

SES index level 171 8.6 ± 3.3 617 8.6 ± 3.4 
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Methylmercury Exposure 

There were no meaningful differences between MeHg levels for participants in the present study 

and non-participants (Table 3.2). Among children with complete MeHg data at the 

CHOLESTEROL visit, the geometric mean of blood-MeHg measurements were higher than for 

hair-MeHg measurements. This pattern was also observed for the geometric means of concurrent 

hair- and blood-MeHg. Blood- and hair-MeHg levels were correlated at each visit. The spearman 

correlation coefficient for blood- and hair-MeHg levels was 0.68 (p < .0001) at the 

CHOLESTEROL visit and 0.73 (p < .0001) at the PPI visit.  
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Table 3.2. Methylmercury Exposure Parameters of Participants and Non-participants 

Abbreviations: IQR, interquartile range 

[a] Blood mercury was collected from children who participated in the PPI experiment, non-participants reflects children who participated in the 

PPI experiment but were not eligible to participate in the present study due to invalid trials, software malfunctions during the PPI recording, or 

missing blood mercury measurements at the CHOLESTEROL visit. 

[b] Hair-mercury was collected from children who participated in the PPI experiment, non-participants reflects children who participated in the 

PPI experiment but were not eligible to participate in the present study due to invalid trials, software malfunctions during the PPI recording, or 

missing blood mercury measurements at the CHOLESTEROL visit. 

  

 Present Study Population 

(N=176) 

 

Non-participants 

 (N=651) 

 

Parameter 

 

n 

Geometric mean 

(IQR) 

 

n 

Geometric mean 

(IQR) 

Blood-mercury at the  
CHOLESTEROL visit 

(µg/L)  

 

176 

 

0.2 (-0.3 – 0.8) 

 

425 

 

0.4 (-0.1 –  0.8) 

Hair-mercury at the  
CHOLESTEROL visit 

(µg/L) 

 

176 

 

-0.9 (-1.5 – -0.4) 

 

620 

 

-0.9 (-1.3 – -0.4) 

Blood-mercury at the PPI 

experiment (µg/L)a 

 

169 

 

0.3 (-0.2 – 0.9) 

 

220 

 

0.3 (-0.2 – 0.8) 

Hair-mercury at the PPI 

experiment  µg/L)b 

 

156 

 

-0.9 (-1.4 – -0.4) 

 

225 

 

-1.0 (-1.4 – -0.5) 
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PPI Task performance 

The PPI task performance, evaluated by how well the 176 children identified their assigned 

target tone and the longer than usual tones, was satisfactory. Among all children, 62.50% gave 

completely correct counts, 23.86% gave partially correct counts, and 13.64% gave counts that 

were completely incorrect. Overall, the results of the task performance suggested that the 

children understood and were able to perform the tasks assigned during the experiment. 

Overall PPI analysis 

Figure 3.1 displays bar graphs with standard errors for the overall pattern of PPI for the attended 

and ignored conditions for SOAs of 120 ms and 240 ms. The 2x2 mixed ANOVA (SOA: 120 ms 

vs. 240 ms vs. Condition: Attend vs. Ignore) revealed a marginally significant main effect of 

SOA (F (1, 175) = 3.60, p = 0.06), no significant main effect of condition (F (1, 175) =1.13, 

p=0.29), and no significant SOA x condition interaction (F (1, 175) =0.01, p=0.91). For all 

analyses, due to the absence of an interaction, we combined PPI results across condition and 

SOA for our analyses. Given the marginally significant effect of SOA, we also stratified by SOA 

for subsequent analyses. By stratifying by SOA, the order in which the two-tone pitches and 

lengths were presented during the PPI experiment were no longer pseudo-randomized. 

Therefore, for stratified analyses by SOA, we additionally adjusted for the order in which 

participants received the two-tone pitches and lengths during their PPI experiment. 
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Note: Error bars indicate standard errors 

Figure 3.1. Mean PPI for Attended and Ignored Task Conditions at 120 ms and 240 ms Stimulus 

Onset Asynchronies 
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Primary analysis for the association between methylmercury and PPI.  

Table 3.3 presents slope estimates for the association between MeHg and PPI for overall PPI, 

and stratified by SOA. For overall PPI, a one unit increase in blood-MeHg was significantly 

associated with a 0.22 point decrease in PPI (95% CI: 0.07, 0.37). A one unit increase in hair-

MeHg was associated with a 0.11 point decrease in PPI (95% CI: -0.04, 0.25), however the 

results were not statistically significant. For PPI at an SOA of 120 ms, a one unit increase in 

blood-MeHg was associated with a 0.14 point decrease in PPI (95% CI: -0.04, 0.32), however 

the results were not statistically significant. Similarly, a one unit increase in hair-MeHg was 

associated with a 0.04 decrease in PPI (95% CI: -0.13, 0.21) and the results were not statistically 

significant. For PPI at an SOA of 240 ms, a one unit increase in blood-MeHg was significantly 

associated with a 0.30 point decrease in PPI (95% CI: 0.14, 0.46); a one unit increase in hair-

MeHg was associated with a 0.15 decrease in PPI (95% CI: -0.01, 0.31), however, the results 

were not statistically significant.   
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Table 3.3. Primary Analysis: Slope Estimates for the Association between Methylmercurya and 

PPI Overallb, and Stratified by Stimulus Onset Asynchronyc 

 

Biomarker 

 

Crude Estimate 

 

95% CI 

 

Adjusted 

Estimate 

 

95% CI 

Blood-mercury 0.16 -0.05, 0.37 0.22 0.07, 0.37 

Hair-mercury 0.12 -0.08, 0.32 0.11 -0.04, 0.25 

SOA=120 ms 

Blood-mercury 0.10 -0.13, 0.33 0.14 -0.04, 0.32 

Hair-mercury 0.10 -0.12, 0.33 0.04 -0.13, 0.21 

SOA=240 ms 

Blood-mercury 0.22 0.00, 0.43 0.30 0.14, 0.46 

Hair-mercury 0.14 -0.07, 0.34 0.15 -0.01, 0.31 

Abbreviations: CI, confidence intervals; SOA, stimulus onset asynchrony 
a
Mercury measurements were collected at the CHOLESTEROL visit, approximately 18 months before PPI assessment.  

b
Adjusted estimates are based on adjustments for maternal education, maternal IQ, birthweight, child’s sex, child’s age at PPI experiment. 

c
 Adjusted estimates are based on adjustments for maternal education, maternal IQ, birthweight, child’s sex, child’s age at PPI experiment, and the presentation order 

of tones and lengths during the PPI experiment.  
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Secondary analysis for the association between concurrent MeHg and PPI.  

Table 3.4 presents slope estimates for the association between concurrent MeHg and PPI, for 

overall PPI and stratified by SOA. For overall PPI, a one unit increase in concurrent blood-

MeHg was associated with a 0.04 point increase in PPI (95% CI: -0.20, 0.11), and a one unit 

increase in concurrent hair-MeHg was associated with a 0.03 point increase in PPI (95% CI: -

0.21, 0.16). For PPI at an SOA of 120 ms, a one unit increase in concurrent blood-MeHg was 

associated with a 0.07 point increase in PPI (95% CI: -0.28, 0.15), and a one unit increase in 

concurrent hair-MeHg was associated with a 0.09 point decrease in PPI (95% CI: -0.31, 0.13). 

For PPI at an SOA of 240 ms, a one unit increase in concurrent blood-MeHg was associated with 

a 0.10 increase in PPI (95% CI: -0.27, 0.07), and a one unit increase in concurrent hair-MeHg 

was associated with a 0.01 decrease in PPI (95% CI: -0.19, 0.22). None of the slope estimates for 

the concurrent MeHg measures were statistically significant.  
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Table 3.4. Secondary Analysis: Slope Estimates for the Association between Concurrent 

Methylmercurya and PPI Overallb, and Stratified by Stimulus Onset Asynchronyc 

 

Biomarker 

 

Crude 

Estimate 

 

95% CI 

   

Adjusted Estimate 

 

95% CI 

Blood-mercury -0.05 -0.25, 0.14 -0.04 -0.20, 0.11 

Hair-mercury -0.01 -0.23, 0.22 -0.03 -0.21, 0.16 

SOA=120 ms 

Blood-mercury -0.07 -0.28, 0.15 -0.07 -0.25, 0.12 

Hair-mercury -0.09 -0.33, 0.16 -0.09 -0.31, 0.13 

SOA=240 ms 

Blood-mercury -0.08 -0.28, 0.12 -0.10 -0.27, 0.07 

Hair-mercury 0.02 -0.21, 0.25 0.01 -0.19, 0.22 

Abbreviations: CI, confidence intervals; SOA, stimulus onset asynchrony 

a
Mercury measurements were collected concurrently at PPI assessment.  

b
Adjusted estimates for blood-mercury are based on adjustments for blood-mercury at the CHOLESTEROL visit, maternal education, maternal IQ, birthweight, 

child’s sex, child’s age at PPI experiment. Adjusted estimates for hair-mercury are based on adjustments for hair-mercury at the CHOLESTEROL visit, maternal 

education, maternal IQ, birthweight, child’s sex, child’s age at PPI experiment. 

c
 Adjusted estimates for blood-mercury are based on adjustments for blood-mercury at the CHOLESTEROL visit, maternal education, maternal IQ, birthweight, 

child’s sex, child’s age at PPI experiment, and the presentation order of tones and lengths during the PPI experiment . Adjusted estimates for hair-mercury are based 

on adjustments for hair-mercury at the CHOLESTEROL visit, maternal education, maternal IQ, birthweight, child’s sex, child’s age at PPI experiment, and the 

presentation order of tones and lengths during the PPI experiment. 
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Discussion 
 

In the present study, we estimated the association between MeHg and PPI in children using 

multivariable OLS regression models. For our primary analyses, we found a statistically 

significant association between blood-MeHg and PPI deficits for overall PPI, and PPI at an SOA 

of 240 ms. We did not find a statistically significant association between blood-MeHg and PPI 

deficits at an SOA of 120 ms, or hair-MeHg and PPI, overall or stratified by SOA. For our 

secondary analyses, we did not find a statistically significant association between concurrent 

MeHg and PPI deficits. Our study is the first to evaluate the relationship between MeHg and PPI 

in human subjects, although a few rodent studies have evaluated this relationship. The results of 

our studies are consistent with two rodent studies that have found an association between MeHg 

exposure and PPI deficits in rats; our results extend the work conducted in these studies by 

establishing a clear dose dependence between increasing blood-MeHg levels and PPI deficits 

(Vezér et al., 2005; Wu et al., 1985).  

Despite the positive correlation observed between blood- and hair-MeHg measurements at both 

visits, we did not observe an association between hair-MeHg measurements and PPI deficits. 

There are several plausible reasons for our results. First, blood Hg measurements have been 

highlighted as the more reliable marker of MeHg exposure in the absence of significant exposure 

to inorganic Hg compounds (Taber & Hurley, 2008). Second, a limitation of using hair Hg as a 

proxy for MeHg exposure is the inability to differentiate organic Mg within the hair from other 

forms of Hg on the surface of the hair. As such, hair-MeHg may not always reflect organic Hg 

exposure (Nuttall, 2006; Taber & Hurley, 2008). Third, the type of Hg an individual is exposed 

to affects the health effects observed. MeHg toxicity is associated with damage to the central 

nervous system that can result in adverse health effects such as developmental neurologic 
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abnormalities, loss of coordination, psychiatric symptoms and loss of inhibition (Díez, 2009; 

Taber & Hurley, 2008). While elemental Hg is also associated with central nervous system 

toxicity, it is also associated with other generalized symptoms, some of which include acrodynia, 

chest pain, dyspnea, nausea, and vomiting (Taber & Hurley, 2008). It is possible that the blood 

Hg levels observed in our study population is the more relevant biomarker for PPI deficits. 

Finally, in our study population, blood-MeHg were levels were much higher than hair-MeHg 

concentrations. This observation is also consistent with the higher slope estimates observed for 

blood-MeHg compared to hair-MeHg. It is possible that the hair-MeHg levels were too low to 

observe significant effects in our study population. Overall, our results suggest that blood Hg 

measurements may be a more reliable measure for deficits in sensorimotor gating processes 

associated with MeHg exposure, such as observed with PPI in the present study.  

We did not observe an association between concurrent MeHg measurements and PPI deficits. 

There are several plausible explanations for our results. In our models for the association 

between concurrent MeHg and PPI, we also adjusted for earlier MeHg exposure. The null 

association observed between concurrent MeHg measurements and PPI after adjusting for prior 

MeHg suggests that earlier MeHg exposures are more informative for assessing PPI deficits than 

concurrent MeHg exposures. Several studies have suggested that the neurotoxicity of MeHg at 

lower levels is not immediately evident, with a latency onset of one month or more (National 

Research Council, 2000). As such, concurrent MeHg exposure is not expected to have an 

immediate neurotoxic effect on PPI, as observed in our present study. The phenomenon of PPI is 

not expected to be fully developed in children until around 8-10 years of age (Braff et al., 

2001a), although in our larger study population of children who participated in the PPI sub-

study, we observed a linear relationship between age and PPI, with PPI being more pronounced 
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with increasing age. It is possible that the maturation of PPI occurs at a later age than previously 

observed in clinical settings. As such, earlier MeHg levels may disrupt neuronal processes 

relevant for the formation of adequate sensorimotor gating processes which in turn result in PPI 

deficits later in life.  

In our study population, the effect estimates for the association between MeHg exposure and PPI 

deficits were higher for an SOA of 240 ms than for an SOA of 120 ms, indicating that analyses 

should be stratified by SOA when suggested by the data. Different SOAs have been shown to 

result in differential effects on PPI, with the maximum amplitude inhibition typically occurring 

at 120 ms in human experiments (Braff, Geyer, & Swerdlow, 2001b). Our findings of more 

pronounced effects at an SOA of 240 ms suggest that there may be neuronal mechanisms that 

modify the association between MeHg and PPI at different SOAs. Further studies are needed to 

fully understand how neurotoxicants such as MeHg influence PPI at short vs. long lead intervals. 

Nevertheless, our results suggest that both short and long lead intervals for PPI are useful tools 

for assessing the association between environmental neurotoxicants and PPI.      

Epidemiological studies have provided ample evidence of the neurotoxic effects of MeHg. 

Consistent with studies of MeHg and neurodevelopmental disorders, our findings also suggest 

that blood-MeHg levels are associated with PPI deficits. PPI deficits have been associated with a 

number of neurodevelopmental disorders in children and adolescents such as early psychosis, 

DiGeorge syndrome, Tourette’s syndrome and primary nocturnal enuresis (Takahashi et al., 

2011). The results from our study provide some support for the use of PPI as an objective marker 

for the detection of early or subclinical neurological deficits in children exposed to 

environmental neurotoxicants. Given that PPI is a phenomenon with a well-defined neural basis, 

it may prove more objective than other measures of neurodevelopment (e.g., behavioral ratings) 
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and more cost-effective than brain imaging studies. Additionally, PPI deficits may be an earlier 

indication of risk for later neurodevelopmental disorders, and therefore an earlier marker of the 

effects of environmental toxicants. Although PPI deficits have been observed in a range of 

neurodevelopmental disorders in humans, only a few longitudinal studies have assessed whether 

PPI predicts later development of specific neurological disorders (Ziermans, Schothorst, 

Magnée, van Engeland, & Kemner, 2011). Ziermans et al. 2011 conducted a longitudinal 

assessment of the relationship between PPI deficits and the development of psychosis in high 

risk adolescents. They found that PPI deficits were present before the onset of psychosis in 

adolescents at risk for psychosis, suggesting that PPI may represent a stable marker of risk for 

neurodevelopmental disorders associated with deficiencies in gating (Ziermans et al., 2011).  

Further studies that elucidate on the prospective association between PPI and 

neurodevelopmental disorders will be needed to inform relevant interventions.  

Our study is not without limitations. As with all observational studies, residual and unmeasured 

confounding is always a key threat to the validity of the effect estimates observed. In the present 

study, we were unable to adjust for seafood consumption due to the limited number of 

participants with complete information on seafood consumption. Several studies have suggested 

that seafood consumption is an important confounder and effect modifier for the relationship 

between MeHg and neurodevelopmental disorders. Seafood consumption while positively 

associated with MeHg, is also protective for neurodevelopment. If in our study population 

seafood consumption was positively correlated with MeHg exposure and negatively correlated 

with PPI deficits, not adjusting for seafood consumption results in effect estimates that are lower 

than would have been observed were seafood consumption adjusted for. It is possible that our 

current effect estimates are biased downwards and the true association (after adjusting for 
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seafood consumption) is much higher, reflecting a greater degree of PPI deficits associated with 

MeHg exposure. Future studies that elucidate on the role seafood consumption plays on the 

association between MeHg exposure and PPI deficits are warranted. Another limitation is our 

inability to adjust for prenatal MeHg exposure, which may be an important confounder for our 

estimates of interest. Given the novelty of our study question, we cannot rule out the possibility 

of important confounders of MeHg and PPI that were not considered in our study. Finally, our 

estimates may not be generalizable to other populations with different distributions of MeHg, 

covariates, or effect modifiers not evaluated in the present study. 

Nonetheless, the prospective design of our study enhances our ability to evaluate the temporal 

association between MeHg and PPI deficits in the present study population. Furthermore, the 

consistency of our study results with other human studies on MeHg and neurodevelopment, and 

animal studies on MeHg and PPI deficits, highlight the potential value of PPI as an adjunct 

screening tool for the earlier identification of individuals at risk for various neurodevelopmental 

disorders. Our findings highlight the potential utility of PPI as a biologically relevant metric for 

assessing the relationship between environmental neurotoxicants and neurodevelopmental 

disorders in epidemiologic settings.  

Conclusion 
 

Our study is the first to assess the association between MeHg and PPI deficits, a neurological 

marker for a range of neurodevelopmental disorders, in a cohort of children and adolescents from 

Mexico City. Our results suggest that MeHg exposure is associated with PPI deficits in children 

and adolescents. These findings are consistent with results from epidemiological studies that 

have observed associations between MeHg and neurodevelopmental disorders. Our findings 
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highlight the utility of PPI as an objective and cost-effective adjunct screening tool for assessing 

neurotoxicant effects on the brain. Additionally, PPI may serve as an early detection tool for 

individuals at high risk for neurodevelopmental disorders.  
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Summary of Results and Conclusions 

In this body of work, we aimed to evaluate the potential utility of PPI as a biomarker of 

neurotoxicant effects by 1) identifying socio-demographic predictors of PPI, 2) estimating the 

causal effect of prenatal lead on PPI deficits, and 3) estimating the association between 

methylmercury exposure and PPI deficits. 

Using a data-driven prediction model, we identified three new predictors of PPI (maternal 

education, birthweight, and total breastfeeding months) and found that these predictors were 

protective for PPI deficits. The results from our first aim expand on previous neuroscience work 

on PPI and suggest that predictors of neurodevelopmental disorders also predict PPI. 

Furthermore, our findings allow for the assessment of PPI in prospective epidemiologic settings 

by identifying potential confounding factors that can be adjusted for to derive valid effect 

estimates for determinants of PPI deficits.  

In our second aim, we conducted the first human study to assess the effect of prenatal lead on 

PPI deficits using traditional and novel statistical methods. The consistency of our findings 

across different modeling strategies suggest that prenatal lead exposure causes PPI deficits. 

Given the consistency of our findings with results from other epidemiological studies suggesting 

an association between lead and neurodevelopmental disorders, our results provide preliminary 

evidence of PPI’s potential utility as a biomarker for neurotoxicant effects on the brain.    

In our third aim, we conducted the first human study to assess the association between 

methylmercury exposure and PPI deficits. Our results suggest that MeHg exposure is associated 

with PPI deficits and blood methylmercury may be a more reliable exposure biomarker for 

neurodevelopmental disorders associated with methylmercury exposure than hair 

methylmercury. The findings from our study are consistent with results from epidemiological 
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studies on MeHg and neurodevelopmental disorders. Additionally, our results are consistent with 

findings from previous studies suggesting blood methylmercury to be a more reliable exposure 

biomarker than hair methylmercury for the assessment of neurotoxicant effects associated with 

methylmercury exposure.  

Taken together, the findings from our three aims provide support for the utility of PPI as an 

objective and cost-effective adjunct screening tool for assessing neurotoxicant effects on the 

brain. Additionally, PPI may serve as an early detection tool for individuals at high risk for 

neurodevelopmental disorders, especially neurodevelopmental disorders associated with sensory 

gating deficits. Future studies are needed to elucidate on whether PPI is useful as an early 

detection tool for at-risk individuals, an adjunct screening tool, or both. Longitudinal studies can 

provide more insight on mechanisms through which environmental neurotoxicants induce PPI 

deficits in human populations, and on PPI’s optimal utility in prospective neuro-epidemiology 

settings.  

 

 




