
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate 
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. 
You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party 
material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material 
is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​:​/​​/​c​r​e​a​​t​i​v​e​c​o​​m​m​o​n​​s​.​o​r​g​​/​l​i​c​e​​n​s​
e​s​/​b​​y​-​n​c​​-​n​d​/​4​.​0​/.

Sultana et al. BMC Bioinformatics           (2026) 27:87 
https://doi.org/10.1186/s12859-026-06369-4

*Correspondence:
Meredith Ray
maray@memphis.edu
1Division of Epidemiology, 
Biostatistics, and Environmental 
Health, University of Memphis, 
Memphis, TN, USA
2Allergy and Clinical Immunology 
Department, University of 
Southampton, Southampton, UK
3The David Hide Asthma and 
Allergy Research Centre, Isle of 
Wight, UK

Impact of influential data on screening 
epigenome-wide data
Samia Sultana1, Hongmei Zhang1, Yu Jiang1, Mohammad Nahian Ferdous Abrar1, Hasan Arshad2,3, Lu Xie1 and 
Meredith Ray1*

BMC Bioinformatics

Abstract
Background  ttScreening (TT) is an effective high-dimensional screening algorithm 
to identify important cytosine-phosphate-guanine dinucleotide (CpG) sites associated 
with DNA methylation. Via simulations, we aimed to examine the impact of influential 
outliers on TT’s performance.

Methods  We simulated K = 2,000 and 10,000 CpG sites across n = 100 and 200 
subjects, linearly associated with a continuous outcome, x1, and other latent variables 
with the error term following a normal or Cauchy distribution. Among the K CpGs, 
10 were associated with x1 (informative CpGs) while the remaining sites were not 
associated with x1 (non-informative CpGs). We artificially created 1 to 5 influential 
points in one informative and one non-informative CpG site and compared TT’s 
accuracy to Bonferroni and false discovery rate (FDR)-based approaches.

Results  TT performed as well as or better than the FDR and Bonferroni-based 
approaches, across all degrees of influentiality. When focusing on non-informative CpG 
detection, regardless of sample size, all approaches had high accuracy (above 85%, 
overall) at their optimal cutoff for a single influential point. Among the CpG sites with 
a higher number of influential points (five points) and a normal error term, TT required 
a minimum cutoff of 70% for accuracy > 0% compared to FDR and Bonferroni, both 
of which had an accuracy of 0% for n = 100 and 200. However, increasing the TT cutoff 
to 80% increased accuracy to 20% and 24%, respectively, and further increased to 
97% and 99% for a 90% cutoff, respectively (among K = 2000). We observed the same 
patterns for 10,000 CpGs and informative CpG detection. When Cauchy error terms 
were applied, the same patterns held, but with a higher magnitude of accuracy for all 
approaches, and thus TT required lower cutoffs to achieve 100% accuracy. In summary, 
in the presence of influential data, we recommend a more conservative cutoff of 
70–90% compared to the default cutoff of 50–70% suggested by Ray et al. (in Biomed 
Res Int 2016(1):2615348, 2016).

 Conclusion  TT, Bonferroni, and FDR are capable approaches for type 1 protection 
when screening high-dimensional data. However, in the presence of influential data, TT 
is likely to be the most robust approach.

Keywords  Methylation, ttScreening, FDR and Bonferroni-based methods, Influential 
data
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Background
In epigenetic studies, DNA methylation data’s widely known high-dimensionality fea-
ture has driven the need to screen cytosine-phosphate-guanine-dinucleotide (CpG) sites 
[5]. Due to the large number of CpG sites, efforts have been made to improve statistical 
power to detect the true associations these sites may have with covariates of interest [4, 
16], such as single-nucleotide polymorphisms (SNPs) or maternal smoking [3, 7]. One 
such approach is with the R package, ttScreening (TT) [12, 13], which has been devel-
oped to select CpG sites that utilize randomly selected training and testing data and can 
account for the effects of latent variables derived from surrogate variables. In Ray et al. 
[13], through intensive simulations, the authors compared TT’s performance to that of 
Bonferroni and False Discovery Rate (FDR)-based multiple-testing correcting methods 
[2, 6], and demonstrated that TT had the ability to control for both type I and type II 
error at the same time. The TT screening approach yielded similar sensitivity findings to 
the FDR results and similar specificity to the Bonferroni results, consequently leading to 
a generally lower number of incorrectly identified CpG sites. Although the results tend 
to support the TT approach universally, it does come at a cost; the TT approach requires 
greater computational time and, therefore, can slow analyses down.

Although the TT approach was built with genetic/epigenetic data as the motivation, 
the approach can be directly applied to other high-dimensional continuous data. As a 
caveat with any continuous data, it is possible that extreme outliers, particularly influ-
ential points, may exist. Influential observations can result in biased or incomplete find-
ings. In epigenetic association studies, such influential points can cause false positives 
among identified CpG sites on their association with a variable of interest [18]. The mag-
nitude of such an impact on the performance of the TT process is unknown. In par-
ticular, to what extent do influential points and the frequency of influential points affect 
the performance of TT? To fill this gap, in this study, via simulations, we examined the 
impact of influential points and their frequency in a data set on the accuracy and effi-
ciency of TT in detecting underlying true associations between DNA methylation at a 
set of CpG sites and a variable of interest. We compared the results from TT with those 
based on the commonly used Bonferroni and the FDR-based multiple testing adjust-
ment methods [2, 6].

Methods
In total, we simulated 2,000 and 10,000 CpG sites across 100 and 200 subjects. The first 
ten CpG sites were selected as informative sites and were simulated as a linear asso-
ciation with a continuous variable, x1, and five latent covariates (s1–s5, surrogate vari-
ables), i.e.,

yi = 1.5 + 1.7 × x1 + 1.75 × s1 + 2 × s2 + 1.5 × s3 + 1.45 × s4 + 1.35 × s5 + ϵi,� (1)

for i = 1, . . . , 10, x1 ∼ N(1, 1), s1 ∼ N(0, 1), s2 ∼ N(3, 1), s3 ∼ N(0, 4), s4 ∼ N(2, 3), 
s5 ∼ N(0, 2), and ϵi ∼ N(0, 1) or ϵi ∼ Cauchy(0, 0.05).

The remaining CpG sites were deemed unimportant or non-informative CpG sites and 
were simulated as a linear association with the five latent covariates only (s1–s5, surro-
gate variables), i.e.,

yi = 1.5 + 1.75 × s1 + 2 × s2 + 1.5 × s3 + 1.45 × s4 + 1.35 × s5 + ϵi,� (2)
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for i = 11, . . . , 2, 000 or 10,000 and ϵi ∼ N(0, 1) or ϵi ∼ Cauchy(0, 0.05). Under this 
structure, the DNA methylation (yi) was interpreted as a logit-transformed propor-
tion of methylation. We considered the Cauchy distribution, in addition to the normal 
distribution, for the error terms because of its long-tail properties, which introduced 
additional variation to the simulated methylation data. It is worth noting that, with the 
Cauchy distribution, the normality assumption in linear regression is also violated. Thus, 
this setting also allows us to examine the robustness of TT.

We assessed the impact of influential data by intentionally including j = 1, . . . , 5 influ-
ential points in the first informative CpG site (y1) and in the first non-informative CpG 
site (y11). To do this, we randomly selected j observation(s) and assigned random meth-
ylation value(s) from the range:

(max(yi) + 2 standard deviations(yi) − 5, max(yi) + 2 standard deviations(yi) + 5)� (3)

where i = 1 or 11. This forced the influential methylation values to be on the extreme 
tails of the observed data, but with some variability. Similarly, we assigned these same 
observations’ x1 value(s) to be a random value in the lower 25th percentile for x1. Cook’s 
D plots were used to examine and ensure that the points were influential.

In summary, we had 40 simulation settings, 20 settings where we focused on the per-
formance of identifying influential data in a non-informative CpG site, and 20 settings 
focusing on the performance of identifying influential data in an informative CpG site. 
Within each of these 20 settings, 10 allowed methylation to be simulated with a normal 
error term, and the other 10 settings had methylation simulated with a Cauchy error 
term. Within each set of 10, 5 had a total of 2,000 CpG sites, and the other 5 had 10,000. 
Each of these 5 had 1 to 5 influential points, respectively, within the designated informa-
tive or non-informative CpG site.

In order to assess the TT screening’s performance in the presence of influential points, 
we performed intensive simulations and compared the results to those of Bonferroni 
and FDR-based methods. To implement TT, several user options must be specified. We 
elected to use all default settings: the training dataset contained 2

3  data, and the testing 
dataset contained 1

3 ; 100 iterations, a two-step surrogate variable analysis algorithm, and 
ordinary least squares regression. As described below, we let the cutoff or the threshold 
for the minimum frequency across the 100 iterations for a CpG site to be selected as an 
informative vary from 30% to 90%. Both training and testing significance levels were set 
to 0.05. The FDR and Bonferroni significance levels were also set to α = 0.05. A CpG 
site was considered informative if the covariate of interest x1 (defined previously) was 
statistically significant (if selected at both the training and testing datasets more than the 
threshold cutoff for TT and after FDR and Bonferroni adjustments).

We generated 100 datasets for each setting. To evaluate the quality of identifying 
potentially informative CpGs, we calculated the accuracy defined as the number of times 
the informative or non-informative CpG site with influential points was correctly identi-
fied across the 100 datasets. For example, accuracy was the number of times y1 (infor-
mative CpG site with influential data) was correctly identified as a significant CpG site 
across the 100 datasets. Each of the three approaches had a respective accuracy mea-
sure. As mentioned above, we applied the ttScreening package, which applies the TT 
approach and both FDR and Bonferroni methods. We let the TT cutoff range from 30 to 
90% so that we could explore how the default cutoff value may be impacted.
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Results
Overall, the ttScreening approach performed as well as or better than the traditional 
approaches in the presence of influential outliers.

Normal error term

For settings where we simulated the error term with a normal distribution, we see the 
accuracy of the TT method for correctly not selecting the non-informative CpG site as 
significant among 2,000 and 10,000 CpG sites compared to the FDR and Bonferroni-
based method was generally higher (Fig. 1; Additional Files 1 and 2). Among simulations 

Fig. 1  Accuracy of ttScreening compared to Bonferroni and FDR-based methods with normal error term. Legend: 
This figure depicts the accuracy comparison of not selecting a non-informative CpG site versus cutoff proportions 
(from 30% to 90%). The total number of CpG sites considered and the number of influential points incorporated 
are a 2,000, 1; b 2,000, 3; c 2,000, 5; d 10,000, 1; e 10,000, 3; and f 10,000, 5 across 100 and 200 subjects, respectively. 
For the TT screening method, the significance levels of the training and testing data were set to 0.05. The FDR and 
Bonferroni significance levels were also set to α = 0.05
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for 100 subjects with one artificial influential point in the non-informative CpG site, the 
TT approach had an accuracy of 99% at a 30% cutoff and 100% accuracy at a 90% cut-
off. Meanwhile, the accuracy of FDR and Bonferroni-based methods were 87% and 94%, 
respectively, for this same setting (Fig.  1, Additional File 1). For 100 subjects and five 
incorporated influential points in the non-informative CpG site, the accuracy of the TT 
screening method was 0% at a 30% cutoff, 1% at a 70% cutoff, and 97% at a 90% cutoff. 
Whereas the accuracy of FDR and Bonferroni-based methods was 0% (Fig. 1; Additional 
File 1). Similar patterns held when we increased the sample size to 200, but we noticed 
a slightly lower cutoff, which resulted in similar accuracy. FDR and Bonferroni also had 
slightly improved accuracy. For example, using the same two settings referenced above, 
when we simulated 200 subjects and one influential point in the non-informative CpG 
site, the accuracy of the TT screening method was 99% at a 30% cutoff and 100% at 80% 
cutoff; the accuracy of FDR and Bonferroni-based methods was 96% and 98%, respec-
tively. When the number of influential points was increased to five (n = 200 subjects), 
the accuracy of TT screening method was 0% at a 30% cutoff, 6% at a 70% cutoff, and 
99% at an 90% cutoff; whereas the accuracy of FDR and Bonferroni-based methods was 
both 0% (Fig. 1; Additional File 1). The remaining results for 2–4 influential points can be 
seen in Additional File 1. For our approach, the “optimal” cutoff proportion was deter-
mined as the cutoff that produced accuracies (n = 100, 200) higher than the accuracy 
of the FDR and Bonferroni-based methods. Therefore, for K = 2,000 with error having 
a normal distribution, we found the optimal cutoff to be 30% for one influential point, 
50% for three influential points, and 70% for five influential points. When we increased 
the number of CpG sites to 10,000, patterns and results were consistent with the 2,000 
CpG setting (Additional File 2). In terms of optimal cutoff, for one influential point, it 
was 30%; for three influential points, it was 50% as above, but it increased to 80% for five 
influential points. Hence, our overall recommendation for the optimal cutoff is 70–80% 
for these settings.

To ensure that influential data had minimal impact on informative CpG sites, we 
assessed the accuracy again across all three approaches for 100 and 200 subjects 
and 2,000 and 10,000 CpG sites. Accuracy remained at 100% across all settings and 
approaches; 100% accuracy for TT at all cut points. This data is provided in the supple-
mental material (Additional Files 3 and 4).

Cauchy error term

When we simulated the error term with a Cauchy distribution, we saw overall higher 
accuracy rates than with a normal distribution but similar patterns of performance 
(Fig. 2; Additional Files 5 and 6). Focusing on 2,000 CpG sites across 100 subjects, the 
accuracy of the TT screening method for not selecting the non-informative CpG site 
with a single influential point was 100% at all cutoffs and 99% for FDR and 100% for Bon-
ferroni. When we increased up to five influential points, the accuracy for TT was 37% at 
a 30% cutoff, and 100% at a 90% cutoff, the accuracy for FDR and Bonferroni were 81% 
and 85%, respectively. Upon increasing our sample size to 200, our accuracy was 100% 
across the board for all cutoffs and all approaches for a single influential point. When 
we increased to five influential points, TT accuracy was 91% at a 30% cutoff and 100% 
at a 70% cutoff, while accuracy for FDR and Bonferroni were 97% and 100%, respecively, 
(Fig. 2; Additional File 5). Regarding the optimal cutoff (for n = 100 and n = 200), we 
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found it to be 30% for one influential point, 50% for three influential points, and 70% for 
five influential points. When we increased our CpG sites to 10,000, all approaches per-
formed exceptionally well at 100% accuracy (for all cutoffs and for n = 100 and n = 200) 
for 1 and 2 influential points. We began to see a slight dip in accuracy for the lower cut-
offs for TT screening with an increasing number of influential points. For 200 subjects, 
TT screening accuracy was 71% at a 30% cutoff, but 100% at a 80% cutoff, FDR accuracy 
was 93%, and Bonferroni was 100% (Additional File 6). Similar to the normal error term 
settings for K  =  10,000, the optimal cutoff was 30% for one influential point, 50% for 

Fig. 2  Accuracy of ttScreening compared to Bonferroni and FDR-based methods with Cauchy error term. Legend: 
This figure depicts the accuracy comparison of not selecting a non-informative CpG site versus cutoff proportions 
(from 30% to 90%). The total number of CpG sites considered and the number of influential points incorporated 
are a 2,000, 1; b 2,000, 3; c 2,000, 5; d 10,000, 1; e 10,000, 3; and f 10,000, 5 across 100 and 200 subjects, respectively. 
For the TT screening method, the significance levels of the training and testing data were set to 0.05. The FDR and 
Bonferroni significance levels were also set to α = 0.05
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three influential points, and 80% for five influential points. As such, for these settings, 
we again recommend 70–80% as the optimal threshold.

Unlike the normal distribution settings, we did see a decrease in the sensitivity of the 
performance of all approaches when examining the impact of influential data in the 
informative CpG site (Additional Files 7 and 8). Among the 2,000 CpG sites, as the num-
ber of influential points increased, TT required a higher cutoff percentage for greater 
accuracy. For example, among a sample size of 100 and one influential point, FDR and 
Bonferroni had accuracies of 25% and 22%, respectively, while the TT had a 6% accu-
racy at a 30% cutoff and 36% at 60% cutoff, and 65% accuracy at a 90% cutoff. When we 
increased to five influential points (n = 100), TT accuracy was 0% at 30% to 40% cutoff 
and 88% at a 90% cutoff, while FDR accuracy was 78% and Bonferroni was 78% (Addi-
tional File 7). Similar patterns were observed for n = 200 and K = 10,000 CpG sites; TT 
screening required a higher cutoff proportion to have as good or better accuracy than 
FDR and Bonferroni (Additional File 8). Therefore, our recommendation for the optimal 
cutoff would be 80–90%.

Real data analysis
To demonstrate the proposed technique for the detection of potentially informative 
CpGs in the presence of influential points, we utilized data collected in the Isle of Wight 
(IOW) birth cohort established in 1989–1990. The IOW birth cohort aimed to study 
the natural history of allergic diseases, including asthma [1]. DNA methylation in whole 
blood was measured at ages 10 and 18 years, representing pre- and post-adolescence, 
using the Illumina Infinium HumanMethylation450 BeadChip or the Infinium Meth-
ylationEPIC (850K) BeadChip. Adolescence’s transition into maturity is accompanied 
by substantial changes, both physically and mentally. It is thus expected that relations 
between CpGs are likely to be different between pre- and post-adolescence. To this end, 
we randomly selected 1741 CpGs from those noted in the study by Han et al. [8], and 
of these 1741 CpGs, 40% showed a statistically significant difference in DNA methyla-
tion between ages 10 and 18 years in 366 subjects. To illustrate the concept of epigenetic 
changes from pre- to post-adolescence and to demonstrate our proposed method, we 
picked one CpG site, cg00002033, and assessed its association in DNA methylation with 
the remaining 1740 sites at age 10 and again at age 18. A full list of CpG sites, summary 
statistics, and the number of potentially influential points determined by Cook’s D are 
available in (Additional File 9) (due to the large size, the summary table was uploaded as 
a CSV file). Cook’s D essentially measures the distance between the estimated regression 
coefficient with and without a potentially influential point. A commonly applied rule of 
thumb is that data points with Cook’s D > 4/n (or 4/(n − 1)) are treated as influential 
points, where n denotes the sample size.

We applied the proposed ttScreening technique, using all default values (cutoff 
of 50%, training/testing significance level set to 0.05, use of surrogate variable esti-
mation) to assess associations at ages 10 and 18 years, respectively. We compared 
the results from the proposed TT method with the Bonferroni and FDR-based 
approaches. Upon identifying candidate CpG sites, we performed enrichement 
analysis to examine the biological pathways these CpGs are involved with using the 
gometh() function, which mitigates probe-number bias, in the missMethyl package 
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in R. Outcomes with less than two CpGs selected as candidate sites were excluded 
from the analysis.

At age 10 years, the TT method identified three CpG sites showing an association 
with cg00002033: cg01571001, cg16277214, and cg26904215. Bonferroni and FDR-
based approaches both missed cg16277214 but selected the other two (Additional 
File  10). At age 18 years, the TT method identified nine CpG sites: cg06639320, 
cg07110801, cg13391244, cg13392258, cg13593284, cg14041194, cg16732626, 
cg25150878, and cg26904215. The FDR-based approach identified four (cg06639320, 
cg13593284, cg25150878, and cg26904215), all of which were among the nine from 
the TT method. The Bonferroni-based approach was the most conservative and 
only identified three: cg13593284, cg25150878, and cg26904215 (Additional File 
11). Again, all three of these were among the ones identified using the TT and FDR-
based approach. Regardless of the approach implemented, DNA methylation at 
cg26904215 was associated with methylation at cg00002033 at both ages.

Gene and CpG locations and enrichment analysis for candidate sites for ages 10 
and 18 are available as supplemental tables in the Online Appendix, (Tables A1–B8). 
At the age of 10, three CpG sites were found using the training and testing (TT) 
screening approach, two of which were also detected by both FDR and Bonferroni 
procedures (Table  A1 in Online Appendix). The Gene Ontology (GO) enrichment 
analysis of these three CpGs identified various immune-related and cell cycle-asso-
ciated terms (e.g., spindle organization, B cell differentiation, cilium assembly); 
however, none retained statistical significance following multiple testing correction 
(all FDR and Bonferroni p-values = 1) (Table B3 in Online Appendix). KEGG path-
way analysis also revealed no enriched pathways (all adjusted p-values = 1). For the 
CpG site (cg16277214) identified by the TT screening method only, no enrichment 
was performed because the TT-only set contained a single CpG (n = 1) (Table B4 in 
Online Appendix).

At 18 years of age, nine CpG sites were found by the TT screening method, of 
which five were also recognized by FDR and three by the Bonferroni method 
(Table  A2 in Online Appendix). The Gene Ontology (GO) enrichment analysis of 
these nine CpGs revealed multiple terms associated with DNA methylation, epi-
genetic regulations, and cell-death (e.g., DNA methylation on cytosine within a CG 
sequence, DNA methylation on cytosine, regulation of phenotypic switching). None-
theless, none of the GO keywords maintained statistical significance after multiple 
testing correction (all FDR and Bonferroni p-values = 1) (Table B5 in Online Appen-
dix). KEGGage, nine CpG sites were found by the TT screening method, of which 
pathway analysis revealed nominal enrichment in pathways including viral carci-
nogenesis and osteoclast differentiation, with raw p-values of 0.0019 and 0.0006, 
respectively. Similarly to the GO data, no KEGG pathway retained significance fol-
lowing multiple testing correction (minimum adjusted FDR  =  0.204) (Table  B6 in 
Online Appendix). However, when considering the five CpG sites identified by the 
TT approach only, the Gene Ontology (GO) enrichment study revealed nominal 
relationships with terms related to ion binding, DNA methylation, and cell death, 
such as transition metal ion binding, zinc ion binding, DNA methylation on cyto-
sine within a CG sequence, and programmed cell death; none of these items retained 
statistical significance after correcting for multiple testing (all FDR and Bonferroni 
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p-values = 1) (Table B7 in Online Appendix). KEGG pathway analysis indicated min-
imal enrichment in pathways such as mitophagy - animal, cysteine and methionine 
metabolism, and immune-related signaling, including the RIG-I-like receptor signal-
ing pathway, IL-17 signaling pathway, Hepatitis C, and apoptosis. Analogous to the 
GO analysis, none of these pathways maintained significance following multiple test-
ing correction (minimum adjusted FDR = 0.5035) (Table B8 in Online Appendix).

Discussion
We aimed to examine TT screening’s performance for identifying informative CpG 
sites in the presence of influential data. We found that TT screening was not only 
able to identify possible informative CpG sites but also outperformed traditional 
approaches of FDR and Bonferroni. Our simulations indicate that a higher cutoff, 
e.g., 70%, is preferred. However, to avoid missing potentially important CpGs, in 
practice, we would suggest starting from the default, 50%, as the cutoff, and then 
evaluating the selected sites for possible influential points to evaluate the need of 
increasing the cutoff.

We applied the TT screening to a set of CpG sites previously studied for exam-
ining changes in DNA methylation for adolescent transition. Among 10-year-olds, 
TT screening identified three important CpG sites, two of which were also selected 
by FDR and Bonferroni. The CpG site not selected by the traditional approaches, 
cg16277214, was selected by the TT iterative process 52 times across the 100 itera-
tions. We examined this site to determine if influential data was present, thus pos-
sibly requiring a larger cutoff. This site had 18 influential data points (18 Cook’s 
D values greater than 4/n), or about 5%. We elected to both graphically assess the 
influential data present as well as to rerun the regression (including the surrogate 
variables) after removing influential points to determine their collective impact. 
The influential points were uniformly distributed across all values of cg00002033 
but occurred at the more extreme values for cg16277214 (Fig.  3). The p-value for 
cg00002033 (p = 0.0004) remained significant even after the removal of the 18 influ-
ential points (p = 0.0026). Thus, we conclude that the 50% cutoff for TT screening 
for CpG site cg16277214 was appropriate and that this site was missed by traditional 
approaches. Among 18-year-olds, we repeated the same process. TT identified 
nine CpG sites, with five (cg07110801, cg13391244, cg13392258, cg14041194, and 
cg16732626) not selected by FDR or Bonferroni and having selection proportions 
ranging from 51 to 61%. We again considered the amount, degree, and location of 
influential data points within each site via graphical assessment and by re-running 
the regression analysis, excluding potential influential points. We saw similar pat-
terns as we did with CpG site cg16277214 and concluded the 50% cutoff remains 
appropriate (Additional File 12). These sites were deemed unimportant by FDR and 
Bonferroni, but TT screening indicates they may warrant further investigation. As 
part of that further investigation, we examined the biologic pathways of the CpG 
sites selected at age 10, 18 and those only selected by the TT approach at age 18 
(sample size too small, n = 1, to do at age 10). No CpG sites at any age were signifi-
cant after adjustments. Although insignificant, it is difficult to draw conclusions to 
the broader population since our sample of CpG sites was randomly selected and 
candidate sites were selected on their associations with CpG site cg00002033.
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We used simulations assuming the random error follows a normal or a Cauchy 
distribution. Although, based on our simulation findings, the patterns observed are 
consistent across different situations, there is a possibility that the recommended 
70% cutoff can be revised, and a systematic approach might be necessary. Further-
more, the impact of other regression flaws and biases, such as model misspecifica-
tion, on the TT approach are not fully known at this time.

Fig. 3  Influential observations in regression of cg16277214 on cg00002033 at age 10. Legend: This scatterplot 
shows the association between CpG sites cg16277214 and cg00002033 at age 10. Influential points (Cook’s 
D > 4/n) are marked as triangles; all other points are shown as dots
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Conclusion
The screening approach implemented in the ttScreening R package has the ability 
to accurately screen high-dimensional data in the presence of influential data. How-
ever, it is recommended to increase the cutoff for the TT algorithm when this type 
of data is present.
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