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Abstract: Background: Through recent advances in omics technologies, precision medicine (PM) promises to funda-
mentally change the way we approach health, disease and illness. Imperative applications of omics-based biomark-
ers are gradually moving from research to clinical settings, with huge long-term clinical and public health implica-
tions. Whereas much of research in PM is mainly focused on basic biomedical discoveries, currently there is little
research on the clinical implementation of omics biomarkers, especially at health systems level. Aim and Methods:
This study investigated the application of multidimensional item response theory (IRT) models to validate a hypoth-
esized PM implementation measurement model. This is a contribution to PM implementation at health systems
level. Data obtained through an item-sort procedure involving 496 observations from 124 study participants formed
the basis of a 22-item PMI measurement model. Conclusion: Statistical significance of the bifactor model suggests
PM implementation may have to be examined using factors that reflect a single common underlying implementation

construct, as well as factors that reflect unique variances for the identified four content-specific factors.
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Introduction

Through medically actionable information gle-
aned from biological data, recent groundbreak-
ing achievements in genomics are poised to
fundamentally shift the biopsychosocial appro-
ach to health and disease as we know it today.
Using tools collectively referred to as omics
technologies [1], genomics, epigenomics and
other complete sets of molecular parameters
offer deeper insights into the functions and
interactions within the human cell (genome)
and its environment. Such molecular depic-
tions offer crucial insights into biological pro-
cesses underlying various human disease and
health statuses. Furthermore, the simultane-
ous analysis of omics data through whole
genome sequencing (WGS) and gene expres-
sions studies [2] have been used to explain the
relationships among multiple variables in dis-
ease etiology, particularly in assessing geno-
type-phenotype relationships [3]. Figure 1 illus-
trates five main omics technologies and their
corresponding biomarkers.

Whereas OBM discovery has received much
attention through basic biomedical research

[4], less attention has been placed on their
translation through the biomarker translation
pipeline for routine clinical application, espe-
cially at health systems level. This discrepancy
is more pronounced in resource-poor countries
[5, 6]. Considering the long-term implications of
PM, interrelated context- and innovation-level
barriers and/or facilitation factors for its imple-
mentation must be considered for its imple-
mentation in resource-poor settings to fully
realize its benefits. Evidence in existing imple-
mentation literature [7-9] show that moving
most health innovations from point of discovery
to point of application is not only a challenging
process, but also multifaceted, with no known
implementation guidelines [10]. Implementing
PM through OBM, therefore, not only involves
attention to the biomarkers’ analytical and clini-
cal validity, but also a wide array of multi-level
contextual factors [10].

Although there is an array of implementation
frameworks that could potentially inform PM
implementation [11-14], their psychometric me-
asures need sufficient validation if the models
were to be of adequate use in quantitative
investigation of PM implementation [15]. This
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Figure 1. Five of the main omics technologies and corresponding biomarkers: Genomics: DNA sequences using
genomic DNA (gDNA-sequencing); Transcriptomics: messenger RNA (mRNA) sequencing and mRNA expression
level using RNA-sequencing; Epigenomics: DNA methylation and histone modification using ChIP-sequencing; Pro-
teomics: protein sequence using liquid chromatography and mass spectrometry; Metabolomics: metabolites using
mass spectrometry and NRM.

Maintenance (RE-AIM) [13]. The study const-
ructed latent variables (constructs) that were
hypothesized to have varying influences on PM
implementation at different levels of analysis.
Their relationship with corresponding observ-
able indicators was then statistically tested.
The overarching question answered in this pa-

study sought to fill this measurement gap in
PM implementation, especially in resource-
poor settings. The study builds upon converg-
ing evidence and concepts contained in four
related implementation frameworks to guide its
selection of factors that influence the integra-
tion of OBMs into clinical and population health

settings. The implementation frameworks lev-
eraged upon are the Promoting Action on
Research Implementation in Health Services
(PARIHS) [14, 16-18]; Consolidated Framework
for Implementation Research (CFIR) [11, 19,
20]; Practical, Robust Implementation and
Sustainability Model (PRISM) [12]; and Reach,
Effectiveness, Adoption, Implementation and
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per, however, is: What is the internal struc-
ture or dimensionality of the PMI measurement
tool? The answer informs whether the PMI tool
that was developed is a general measure of
implementation of PM or it is a measure of sev-
eral context-specific implementation factors at
the health systems level. Essentially, this is a
measure of scale dimensionality that underlies
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the PMI scale and the degree to which ignoring
the pertinent dimensionality (uni- or multi-
dimensionality) degrades (if at all) resultant
dimensional solutions.

A range of psychometric techniques exists for
determining whether a set of observable indica-
tors of a latent factor is sufficiently unidimen-
sional or multidimensional. This paper used
item response theory (IRT) [21] implemented
in R (version 3.6.1) statistical environment to
model the dimensionality of the PM implemen-
tation (PMI) construct. IRT is a general frame-
work for specifying the functional relation-
ship between a respondent’s underlying latent
trait level (equivalent to ‘factor score’ in factor
analysis).

The hypothesized measurement model

Although various models (further explained in
the methods section) were used to analyze the
dimensionality pattern of the PMI measure-
ment model, most were unsuitable in explain-
ing variables that may simultaneously tap
multiple dimensions of the PMI measurement
model, since such models only concern one
dimension of analysis at a time. However, the
bifactor model [22, 23] was found to be useful,
especially in examining distortions in the unidi-
mensional model. The utility of the general fac-
tor and subscales was robust in defining, justi-
fying, and clarifying relationships that may fail
to hold across factors, even though they may
have done so at particular levels of analysis.
The bifactor model, also called nested factors
model [24], more accurately captured the PMI
construct and was therefore adopted.

As explicated in the following sections, through
existing literature various factors that collec-
tively influence PM implementation at health
systems level were identified. Secondly, we lev-
eraged known implementation science tools
to group these factors into four categories:
characteristics of the omics-based biomarkers
(specifically their clinical validity and utility); or-
ganizational support through resource alloca-
tion for PM implementation, (financial, techni-
cal and human skill); public genomic knowledge
and engagement reflected by user response;
and genomics-friendly health and biomedical
regulatory frameworks. The various implemen-
tation research tools relied upon for the con-
ceptualization of the four factors included
Consolidated Framework for Implementation
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Research (CFIR) [11], Promoting Action on Re-
search Implementation in Health Services (PA-
RIHS) [14] and Reach, Effectiveness, Adoption,
Implementation and Maintenance (RE-AIM) fr-
amework [13, 25]. These four latent variables
were therefore hypothesized and abstracted to
form the basis of the health-systems-level PM
implementation model.

Characteristics of omics biomarkers

Omics technologies contribute to precision
medicine (PM) through the identification of
appropriate omics-based biomarkers (OBMs)
[26]. OBMs, in turn, are useful in various bio-
medical applications such as neonatal screen-
ing, disease diagnostics, disease risk predic-
tion, patient stratification and pharmacodyna-
mic or treatment response monitoring [27].

The possibility of explaining genotype-pheno-
type relationships at the molecular level has
resulted in an increased interest in the use of
OBMs to improve health outcomes [28]. For
instance, in addition to the use of conventional
biomarkers (e.g. histopathological assessment
of tumors), novel omics-based biomarkers e.g.
BRCA1 mutation (also known as ‘breast cancer
1, early onset’) is required to optimally bene-
fit from newly discovered cancer therapeutics
[29]. Epidermal growth factor receptor (EGFR),
human epidermal growth factor receptor 2
(Her2/neu) and anaplastic lymphoma kinase
(ALK) are other excellent examples of target
markers whose upstream changes through the
genome, transcriptome, epigenome and pro-
teome levels are often associated with varying
patient-specific clinical responses to therapies
[30]. The use of OBMs in clinical and population
health has variously been referred to as geno-
mic medicine [31], personalized medicine [32],
precision medicine [33] and precision health
[34]. Although these terms are usually used
interchangeably, precision medicine (PM) refers
to the coupling of patient-specific omics data
with their lifestyle and environmental factors to
offer predictive, individualized and preventive
medicine [35-37].

In literature, a genetic test generally refers to
an assay of a single gene for a single indication,
a gene-panel test refers to multi-gene tests for
a common indication, whole exome sequencing
(WES) assays the entire exome, while whole
genome sequencing (WGS) assesses the entire
genome. Although these differentiations exist,
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for simplicity and pragmatic reasons, this stu-
dy referred to the term ‘omics biomarker’ (OBM)
as either a single gene biomarker such as HBF
in sickle cell anemia [38, 39], or a multiple bio-
marker score indicating a multivariate omics
model or a multi-gene combined score such as
Oncotype DX or MammaPrint [40, 41]. This is
because the ultimate idea behind these bio-
markers is the generation of data that consti-
tutes a single explanatory variable.

Whereas characteristics of omics biomarkers
are intrinsically objective and easily observ-
able, this study focused on their perceived
advantages. Despite apparent advantages as-
sociated with omics biomarkers, varying per-
ceptions about their effectiveness remain, lar-
gely due to less-conclusive clinical validity. This
includes questions around the biomarkers’ reli-
ability, interpretation of test results and quality
standards [42]. Based on existing literature, six
items were selected as indicators for ‘Omics
Biomarkers’ (OBM) construct as illustrated in
Table 1.

Organizational support

For PM implementation to succeed, organiza-
tional and technical resources must be expend-
ed. Biomedical research mostly deals with sen-
sitive genetic information, requiring a set of
methodological and data governance comple-
xities that require time, budget, and resources
to implement. Clinical research organizations
commit resources to collect and store bio-
materials through biobanking. In addition, me-
aningful public engagement and data collection
must be budgeted for. Organizational support,
therefore, is a factor that can influence PM
implementation through OBMs. Based on exist-
ing literature, six items were selected as indica-
tors for organizational support construct as
illustrated in Table 1.

Public genomic awareness

Although use of biomarkers is beneficial in cir-
cumstances such as identifying susceptibility
for inherited conditions, this often implies
genetic profiling, which can lead to anticipation,
skepticism and concern at the personal level
[43]. For example, individuals found to have an
inherited susceptibility to cancer after under-
taking a genetic test or tests on their relatives,
might face social discrimination or stigmatiza-
tion. In addition, family members may be disen-
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franchised by the very process of genetic test-
ing, particularly if some wish to undertake the
test and others do not, or if some individuals
found out information about their own risk
through genetic test results of other family
members, or if those with normal test results
experienced survivor guilt. Genetic test results
could also be misinterpreted [44] or create a
desperation leading to the use of unproven
medical therapies [45]. Besides, many aspects
of testing-nature of test, mode of inheritance of
a condition, person tested, social or medical
context-might contribute to their acceptability
or rejection among involved individuals, both
as providers and as patients.

Therefore, the level and quality of public genom-
ic awareness/engagement give rise to differing
genomic experiences, attitudes, perceptions
and values among members of the public, both
as individuals and health providers. This also
influences PMI outcomes. Six items were se-
lected to be indicative of the construct of ‘Pu-
blic Genomic Awareness’ as seen in Table 1.

Implementation outcomes

Indicators for the implementation outcome
construct were deduced from the RE-AIM
Framework [13]. Using elements of RE-AIM,
those in research or practice can make use of
necessary information to justify adoption of the
biomarker, and how to maintain it if adopted or
widen its reach (penetration) into a given ser-
vice setting. The hypothesized implementation
model explains what influences PM implemen-
tation outcomes. Such evidence can inform the
design and execution of implementation strate-
gies that aim to change relevant determinants.
Four items were selected as measures of the
construct ‘Implementation Outcomes’ (Table
1).

The four latent variables, their level of analysis
and observed indicators (measures) are given
in Table 1.

Methods

Study participants

The snowball sampling method, a non-probabil-
ity sampling method, was applied in identifying
potential participants from population of inter-

est for this study. The seed (initial) sample po-
pulation composed of individuals affiliated to
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Table 1. Constructs, level of analysis and selected indicators

Construct/level of analysis No of Items

Characteristics of “Omics biomarkers” X1. The omics test has been used among people similar to the present target population
Innovation level construct X2. Genetic counselling is part of the procedures in administering the omics test

X3. It is easy to obtain the right amount of sample needed for the omics test from participants/patients
XA4. It is easy to obtain the right quality sample needed for the omics test from participants/patients
X5. The time it takes to obtain results for intended use after the omics test is reasonable

X6. There are clear instructions on how to obtain samples for the omics test

“Organizational Support” X7. The amount of money dedicated by our organization for implementing this omics test is enough
Organization level construct X8. The amount of physical space dedicated by our organization for the purposes of implementing this omics test is enough

X9. As the volume, variety and data availability associated with the implementation of this omics test grows, the organization increases the capacity of its data sys-
tems to facilitate analysis and user needs

X10. To match latest data handling needs in the implementation of this omics test, the organization regularly hires people with relevant skills
X11. There exist clear procedures on how to store, access, manage and share available data associated with this omics test in the organization
X12. The organization has capacity to handle (e.g. capture, validate., store, and process) data associated with this genetic/omics biomarker
“Public Genomic Awareness/ X13. Getting buy-in from the public (patients, providers) in carrying out this biomarker testing is easy
Acceptance”: i.e. Acceptability and
compatibility of the omics tests
among Involved Individuals

Individual level construct X16. Using this genetic/omics test has been regarded by practitioners as an appropriate mechanism for patient management (e.g. aid in drug dosage decisions, in
carrying fetuses to term or carry out prophylactic surgery)

X14. Participants easily give consent to take samples for biomarker testing

X15. Publicity and free information publicly available about the genetic/omics biomarker cause potential users to willingly ask or look for it

x17. There is a considerable ‘pushback’ from practitioners as they feel the genetic/omics test is not consistent with their skills, role, or job expectations
x18. Target individuals feel that the genetic/omics test is in line with their family members’ wishes, desires and expectations

“Implementation outcomes” X19. The genetic/omics test is yet to be used as a routine practice within its intended service setting

System level construct X20. Practitioners are more willing to order the genetic/omics test more often whenever deemed necessary

X21. The number of eligible persons accessing the genetic/omics test is far less than the total number potentially in need of the service

X22. So far, the authorities that are supposed to acquire the biomarker testing service have communicated a decision to fully fund its roll out
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various academic institutions and organizati-
ons known to be involved in molecular/genetic
testing and omics-based biomarkers across
Africa. Participant recruitment was also based
on their involvement in the field of precision
medicine and/or biomarker-related biomedical
research as indicated by contribution to the
field through publications in peer-reviewed jour-
nals and/or attendance of related academic
conferences. Therefore, some participants we-
re identified in precision or genomic medicine-
related academic conferences and invited to
participate. Guided by general principles of the
Nuremberg Code, the Declaration of Helsinki
and institutional review board permit obtained
from the University of KwaZulu-Natal (BREC
Permit Ref No BE513/18), the study package
was distributed via email to potential partici-
pants between June and July 2019. Since this
study contained negligible risk of potential
embarrassment or other ethical dilemmas that
are usually associated with snowball sampling
in many other studies, initial participants were
encouraged to forward the email containing the
study package to their colleagues. The study
package included an invitation letter with stu-
dy description, consent form and a link to an
online questionnaire. Even though there were
a total of 124 study participants who were
recruited for the study, each participant made a
total of four observations. Therefore, for com-
pactness and statistical purposes, the data
was formatted to have one observation per row
(i.e., for 124 participants, there were 124*4 =
496 observations). The eligibility criteria aimed
at identifying participants who may fairly repre-
sent the demographic characteristics of the
main study population on whom the measure-
ment tool was to be used.

Snowball sampling was deemed the ideal sam-
pling method for the study as it was expect-
ed that initial study participants would likely
know others in the same industry or academic
circles as themselves and hence, could colle-
gially inform others about the study and its
potential benefits. However, despite this ad-
vantage, use of this method meant that it was
not possible to determine the sampling error
based on the obtained sample. We remedied
this apparent weakness in sample size determi-
nation in two ways. First, we made a priori
assumptions about various clusters of the pop-
ulation of interest-those in precision medicine
related research or practice. For example, in-
vestigators involved in clinical genomics were
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grouped under “academics” cluster while com-
mercial direct-to-consumer (DTC) genetic test
providers and hospital-based pharmacogeno-
mics testing providers were grouped under
“industry”. Snow-ball sampling was continued
until there was population cluster saturation
[46]. Secondly, although there is no definitive
number for a pilot study sample size according
to Hunt, Sparkman, & Wilcox [47], to increase
statistical power and degrees of freedom for
our study, we applied a Monte Carlo simulation
(MCS) approach as described in Mooney [48].
MCS studies are computer-driven experimen-
tal investigations in which certain parameters,
such as population means and standard devia-
tions that are known a priori, are used to gener-
ate random (but plausible) sample data [48].
This method of generating and analyzing data
treats the collected research sample as a “pop-
ulation reservoir” from which a large number of
random samples are drawn with continuous
replacement such that the probability of selec-
tion for any given case remains equal over
every random draw [49]. We requested 2,000
iterations, drawn with replacement from the
original data set of 124 cases (our empirical
sample).

Demographic characteristics of participants

There was a total of 124 study participants in
the study. There were 12 more female partici-
pants than males (10%). Those with research
qualifications (PhDs and equivalent) were the
majority (55%), while slightly a quarter of the
participants had medical qualifications. The
rest of participants’ qualities varied greatly and
are summarized in Figure 2.

Procedure

A card-sort task approach [50] was used to
obtain comparative item-rating data. Respon-
dents were presented with a set of cards that
contained constructs clearly defined using
everyday language and a set of categories onto
which the concepts on the cards were to be
mapped, as explained in Angleitner, John, &
Lohr [51]. The respondents were asked to read
each item and assign it to the construct or
concept it best indicated, in their judgment.
Participants were required to rank the cards
according to their own understanding and pref-
erence, indicating their perception on concepts
presented on each card. If participants deemed
it necessary to make any changes as to where
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GENDER

TYPE OF ORGANIZATION

CURRENT GEOG. LOCATION 80
HIGHEST DEGREE ATTAINED 32
AGE (RANGE) 56 64

Figure 2. Demographic characteristics of study participants.

a card previously assigned should be reas-
signed to, they could do so. Although simple in
practice, this exercise generated enough da-
ta that was used to assess the desired per-
son characteristics, construct validity and sca-
le reliability. The actual sorting of the items
was, however, performed on an online plat-
form hosted and supported by Optimal Work-
shop (https://www.optimalworkshop.com/opti-
malsort). Besides offering convenience to stu-
dy participants, the online platform enhanced
data security and confidentiality. A total of 22
items were to be assigned into 4 categories
initially provided for, with participants allowed
to create own separate construct categories
if they so desired. The results about number
of items per category and the items’ ranking
order (positioning) within their respective cate-
gories were then extracted and analyzed. Data
was subjected to item response theory (IRT)
analysis.

The data

In summary, the data are an output of an exer-
cise where respondents were required to place
items arranged as cards into specific catego-
ries and ranked in order of perceived impor-
tance. The cards related to specific attributes
indicative of wider factors thought to influence
PM implementation at health systems level.
This meant that if an item on the card was
regarded as the most important in a given cat-
egory, it was ranked 1%, and the next ranked 2"
and so on. If a card was not placed in a particu-
lar category, it was scored zero (0) in that cate-
gory. The data did not contain any missing val-
ues because all the fields of the online item
sort tool were set as “required” to eliminate
non-responses.
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Statistical considerations

W 46 to 55 years
M 26 to 45 years
M Below 25 years
Doctorate (PhD, EdD)
m Medical Doctor
W Master’s degree
M Bachelor's degree
M South Africa
W Nigeria
W Ghana
W Sudan
mKenya
H Egypt
Industry

We took a model comparison
approach within the IRT fra-
mework to identify the most
sensible model to fit to the
22-item PMI scale. Four mod-
els were constructed. The fir-
st involved a unidimensional
graded response model wh-
ere all item-responses reflect-
ed the same common general
latent trait (Model A). In oth-
er words, Model A consisted
of all the 22 PMI items as
explained by a single latent
factor, PMI. The second model considered a
multidimensional graded response model, con-
sisting of more than one correlated PMI dimen-
sions (correlated traits, Model B). Essentially,
Model B allowed subsets of the 22 items to be
explained by one of the four domain factors of
PMI as shown in Table 1. The latent factors
were then allowed to covary with one another.
The third model involved a higher-order model
where dimensions (first-order traits) were cor-
related with a higher-order trait (second-order
trait, i.e., PMI), Model C. Finally, the fourth
model specified a bifactor model, involving a
general (primary) trait that explains all the
items while simultaneously taking into account
specific (sub-scale) traits, Model D. Model D
therefore consisted of all items that were simul-
taneously explained by a general latent trait “g”
while a subset of items were explained by
domain specific traits (i.e., OBM, OrG, UsR and
ImO). The 22 items were grouped to reflect spe-
cific content parcels, as described in Tellegen &
Waller [52]. Analysis to assess the model’s
dimensionality was carried out as explained
in Reise, Moore & Maydeu-Olivares [53]. Each
model was fit to the data using Multi-dime-
nsional Item Response Theory, MIRT [54] pack-
age in R version 3.6.1. The package was cho-
sen based on its suitability in the analysis of
dichotomous and polytomous response data
using unidimensional and multidimensional la-
tent trait models under the Item Response
Theory paradigm. It was ideal for our study for
confirmatory bi-factor and two-tier analyses as
well as multiple group analysis for modeling
item and person covariates. The Marginal Maxi-
mum Likelihood (MML) [55] methods were us-
ed to estimate the IRT models. However, for
those that could not properly converge when
using MML (i.e., Model B and C), Metropolis-

Academic
Other

m Male
Female
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Hastings Robbins-Monro (MHRM) [56] was us-
ed. Conditional independence was done accor-
ding to Chen and Thissen’s (1997) [57] stan-
dardized local dependency (LD) x? statistic.

Model fit to the data was evaluated based on
four indices: the root mean square error of
approximation (RMSEA); Standardized Root
Mean Square Residual (SRMSR); the Tucker-
Lewis index (TLI) and the comparative fit index
(CFI) [58].

Results
Correlations and descriptive statistics

Descriptive statistics of the data were obtained,
including an analysis of outliers. As shown in
Figure 2, six observations were detected as
outliers. However, these outliers did not signifi-
cantly alter results and so they were included
in the dataset. Figure 3 is a quantile-quantile
(Q-Q) plot formed by the data and shows the
distribution of the data against the expected
normal distribution. Since the observations did
tend to approximate a straight diagonal line
with minimal deviations, we concluded that our
data has a general normal multivariate distri-
bution. This normal distribution pattern justi-
fied use of the marginal maximum likelihood
estimation method (MML).

We used the R package “corrplot” version 0.84
[59] to visualize the data correlation matrix.
The package was used because it is good in
graphically displaying correlation matrices in
finer details, including choosing color to indi-
cate various parameters, text labels and layout.
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40

fy “groups” of variables that
share a strong relationship
with each other (hierarchical
clustering). The lower triangu-
lar correlation matrix displays
the actual correlation values.

Model dimensionality analysis

Local item independence tests were performed
to ascertain data dimensionality and aid in
identifying the most appropriate model for the
hypothesized PMI measurement model. Figure
5 summarizes the unidimensional (Model A),
multidimensional correlated (Model C) and
bifactor (Model D) models’ large positive (+) LD
(> 10) and negative (-) LD (< -10) values.
Appendix 1 presents further summaries of all
model LD statistics results. Figure 5 (and
Appendix 1) indicates that the unidimensional
model (Model A) has more positive LDs com-
pared to the other models. Large positive LDs
imply unmodeled covariation among some item
pairs, suggesting Model A may not have prop-
erly specified the number of latent variables
that explain the item response patterns, i.e., it
did not appropriately account for all covaria-
tions. This further implies that item response
covariations may be better modeled by a multi-
dimensional model such as the multidimen-
sional (correlated or second order) or the bifac-
tor model. A closer look at Figure 5 shows that
the bifactor Model D is best suited to model the
dimensionality of the PMI scale, with a marked
improvement in modeling the item response
covariations.

Evaluation of item-level model-data fit, global
model-data fit and model comparison

ltem-level model-data fit using the Orlando-
Thissen-Bjorner item fit S-x? statistic [60] and
bias-corrected using Benjamini-Hochberg (B-H)
procedure [61] were used to indicate how well
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Figure 4. Variable correlation matrix.

Local Dependence Output Summary

=@=—Number of LD Positive Items >10

Bifactor Model D

Unidimensional Model A®

Figure 5. LD values for three IRT models.

each of the four models predicted response
behavior at the item level (Detailed results are
shown in Appendix 2). The results showed that
all the models except unidimensional showed
non-significant values. However, the unidimen-
sional model showed only one item as slightly
significant, essentially suggesting that all four
IRT models adequately fit the items. However,
once again the unidimensional model was dis-
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counted as a possible expla-
nation for the data fit since
item fit statistics are only
accurate under the assump-
tion that the model dimen-
sionality is correctly specified
by the IRT model. This follows
evidence as presented in Fi-
gure 4, where, based on LDs,
it was shown that the unidi-
mensional model showed mo-
re unmodeled item response
covariation.

=@=Number of Negative LD ltems>10

Mullidimensiona\ correlated

Model C After ascertaining item-level

model-data fit, the nested Mo-

dels A through D were test-

ed and compared in terms of
their global goodness of fit statistics. The devi-
ance statistic, given by the difference in the -2
log likelihood (-2LL) between two nested mod-
els, was also used. Table 2 displays a summary
of the model comparison and fit results for the
four competing IRT models. All methods (BIC,
AIC, M2) for determining the best-fitting model
agree that the bifactor and multidimensional
correlated models appear to be the two most
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Table 2. Global model-data fit indices and factor loadings

Model Bifactor Multidimensional Multidimensional Unidimensional
2" order correlated
M2 205.56 484.4353 168.2866 3126.0443
df 56 78.0000 72.0000 78.0000
p 0 0.0000 0.0000 0.0000
RMSEA 0.06277539 0.1026 0.0622 0.2810
SRMSR 0.21753126 0.2167 0.2148 0.3100
TLI 0.96918246 0.9399 0.9846 0.5491
CFI 0.98274218 0.9531 0.9889 0.6483
Log-likelihood -8013.57 -8085.72 -7861.06 -9253.02
2LL -16027.13 -16171.44 -15722.12 -18506.04
Estimated parameters 197 175 181 175
AIC 16421.13 16521.44 16084.12 18856.04
BIC 17249.83 17257.59 16845.51 19592.19
Bifactor Model Factor Loadings Multidimensional 2" order Model Factor Loadings
g OBM OrG PGA ImO h2 OBM orG PGA  ImO PMI h2
x1 0.5657  0.808 0.000 0.000 0.0000 0.973 x1 0.982 0.000 0.000 0.000 O 0.965
x2 0.3769  0.882 0.000 0.000 0.0000 0.921 x2 0.950 0.000 0.000 0.000 O 0.902
x3 0.2032  0.880 0.000 0.000 0.0000 0.816 x3 0.854 0.000 0.000 0.000 O 0.730
x4 0.4370  0.797 0.000 0.000 0.0000 0.826 x4 0.910 0.000 0.000 0.000 O 0.827
x5 0.5103 0.827 0.000 0.000 0.0000 0.944 x5 0.974 0.000 0.000 0.000 O 0.949
x6 0.5425 0.727 0.000 0.000 0.0000 0.823 x6 0.903 0.000 0.000 0.000 O 0.815
X7 0.2863 0.000 0.937 0.000 0.0000 0.960 X7 0.000 0.983 0.000 0.000 O 0.966
x8 0.1752 0.000 0.940 0.000 0.0000 0.913 x8 0.000 0.956 0.000 0.000 O 0.914
x9 0.3224 0.000 0.899 0.000 0.0000 0.912 x9 0.000 0.958 0.000 0.000 O 0.918
x10 0.1264  0.000 0.958 0.000 0.0000 0.934 x10  0.000 0.959 0.000 0.000 O 0.919
x11  0.2969 0.000 0.884 0.000 0.0000 0.870 x11  0.000 0.936 0.000 0.000 O 0.875
x12 0.3281 0.000 0.911 0.000 0.0000 0.937 x12  0.000 0.966 0.000 0.000 O 0.933
x13 -0.1129 0.000 0.000 0.954 0.0000 0.923 x13  0.000 0.000 0.955 0.000 O 0.912
x14  -0.1099 0.000 0.000 0.951 0.0000 0.917 x14  0.000 0.000 0.952 0.000 O 0.907
x15  0.0810 0.000 0.000 0.931 0.0000 0.873 x15  0.000 0.000 0929 0.000 O 0.863
x16  0.1946  0.000 0.000 0.495 0.0000 0.283 x16 ~ 0.000 0.000 0.482 0.000 O 0.232
x17  0.0288 0.000 0.000 0.970 0.0000 0.941 x17  0.000 0.000 0.970 0.000 O 0.940
x18  0.0319 0.000 0.000 0.980 0.0000 0.960 x18  0.000 0.000 0.980 0.000 O 0.960
x19 -0.7402 0.000 0.000 0.000 0.5163 0.814 x19  0.000 0.000 0.000 0.896 O 0.803
x20 -0.5052 0.000 0.000 0.000 -0.0179 0.256 x20  0.000 0.000 0.000 0.389 O 0.151
x21  -0.6364 0.000 0.000 0.000 0.7515 0.970 x21  0.000 0.000 0.000 0985 O 0.970
x22 -0.6416 0.000 0.000 0.000 0.7240 0.936 x22  0.000 0.000 0.000 0.973 O 0.948
Multidimensional Correlated Factor Loadings Unidimensional Model Factor Loadings
0BM OrG  PGA ImO h2 PMI h2
x1 0.977 0.000 0.000 0.000 0.954 x1  -0.0498 0.00248
X2 0.935 0.000 0.000 0.000 0.873 x2  -0.0387 0.00150
x3 0.824 0.000 0.000 0.000 0.679 x3 0.0957 0.00916
x4 0.889 0.000 0.000 0.000 0.790 x4 0.0574 0.00330
x5 0.964 0.000 0.000 0.000 0.930 x5  -0.0530 0.00281
x6 0.880 0.000 0.000 0.000 0.774 x6  -0.0904 0.00817
x7 0.000 0.972 0.000 0.000 0.945 x7  -0.9800 0.96044
x8 0.000 0.936 0.000 0.000 0.875 x8 -0.9488 0.90017
x9 0.000 0.936 0.000 0.000 0.877 x9  -0.9521 0.90645
x10 0.000 0.938 0.000 0.000 0.879 x10 -0.9516 0.90554
x11 0.000 0.908 0.000 0.000 0.824 x11 -0.8955 0.80195
x12 0.000 0.948 0.000 0.000 0.899 x12 -0.9618 0.92498
x13 0.000 0.000 0.943 0.000 0.889 x13 0.9608 0.92322
x14 0.000 0.000 0.940 0.000 0.883 x14 0.9592 0.92010
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x15 0.000 0.000 0.908 0.000 0.825
x16 0.000 0.000 0.448 0.000 0.201
x17 0.000 0.000 0.960 0.000 0.922
x18 0.000 0.000 0.973 0.000 0.947
x19 0.000 0.000 0.000 0.865 0.749
x20 0.000 0.000 0.000 0.391 0.153
x21 0.000 0.000 0.000 0.982 0.964
x22 0.000 0.000 0.000 0.963 0.928

x15 0.8650 0.74827
x16 0.5034 0.25344
x17 0.9703 0.94147
x18 0.9795 0.95937
x19 0.1211 0.01466
x20 0.5831 0.33995
x21 0.0858 0.00736
x22 0.0894 0.00799

Note: M2 = goodness-of-fit statistic; df = degrees of freedom; -2LL = -2 log likelihood/deviance statistic; BIC = Bayesian information criterion; AIC = Akaike information
criterion; P = p value; RMSEA = root mean square error of approximation; SRMSR = Standardized Root Mean Square Residual; TLI = Tucker-Lewis index; CFl =
comparative fit index, OBM = Biomarker characteristics factor; PMI = precision medicine implementation; PGA = public genomic awareness; ImO = Implementation

Outcomes; g = general factor; h2 = item communalities.

competing models. However, to find out which
of the two most competing models to apply to
the hypothesized PMI scale, we utilized prior
calculated item-level diagnostics statistics (i.e.,
LD indices and item-fit statistics) to identify any
degrees of misfit. Therefore, based on the glob-
al model-data fit (TLI and CFl), model compari-
son results (AIC and BIC) and LD indices (Figure
4), the bifactor model appears the most plau-
sible explanation for the responses in the data.
Besides, the theoretical foundation for the PMI
model as explained under the ‘hypothesized
PMI measurement model’ section seems con-
gruent with this model choice.

Discussion

The strong correlation within the “OBM” sub-
scale is in agreement with findings elsewhere
about the importance of validating the evi-
dence base of PM [62]. This study’s findings are
also corroborated by similar works that have
expressed concerns especially around how
valid and reliable available genetic tests and
how well they predict desired outcomes [63,
64]; and what the benefits and harms associ-
ated with the clinical use of these tests are
[65].

On the other hand, this study has succeeded in
confirming the measurement model in terms of
its IRT specifications. Most importantly in the
present context, the conceptually important qu-
estion of PMI scale’s dimensionality was ana-
lyzed to answer the question: does the PMI
data set have a strong enough single common
factor for IRT, or is it a more complex multidi-
mensional IRT representation? Although it was
possible to discredit a unidimensional model
for the scale, the study further investigated
which of the applicable multidimensional mo-
dels were most appropriate for the kind of data
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structure analyzed. The bifactor model was fo-
und to be the most plausible model to explain
the data structure at hand. This was also sup-
ported by factor loadings for the four models as
indicated in Table 2. However, although factor
loading is adequate, the bifactor does not sug-
gest a perfect unidimensional construct. On
the other hand, strong content-specific correla-
tions on their own, as suggested by the multi-
dimensional correlated model, do not point to
the common PMI construct that the scale was
meant to measure. Therefore, the combined
PMI bifactor model presents a better and plau-
sible model which can explain the PMI scale as
conceptualized. This is because the bifactor
model shows how all items simultaneously me-
asure both the common PMI latent trait, and at
the same time account for the variance of each
item as influenced by groupings of items that
tap different aspects of PMI, given the common
latent trait. This agrees with the conceptualiza-
tion of a broader PMI general factor suitable for
scaling of individuals on a common underlying
continuum. This is also in line with the knowl-
edge that factors that may influence PM im-
plementation at health systems level are likely
multifactorial. To aid in efficient decision mak-
ing related to PM implementation therefore,
the PMI measurement model necessarily must
account for measures of substantively complex
constructs, i.e., measures with diverse content
indicators. This implies that the selected bifac-
tor model accounts for content heterogeneity in
content indicators, as well as ‘narrow’ content
homogeneity. In the PMI instrument, the mea-
sure composed in all the 22 items would be
conceptually broader than if we selected out a
subset of six items that asked specifically
about, say, PGA (i.e., items x4 through x7).

An important question to consider in the con-
ceptualization of the PM implementation mo-
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del and subsequent validation is whether any
omitted and/or unmeasured factors might be a
basis for inferential bias. Intuitively, the super-
lative solution to this problem would be to reli-
ably account for all relevant factors. Although
measuring for such additional variables, build-
ing them into the model and statistically con-
trolling for them would potentially be an impor-
tant strategy for dealing with any associated
confounds, it has been shown that such statis-
tical control has a shortcoming in that it is use-
ful only in ruling out specific, known and mea-
surable confounds, rather than an entire class
of alternative models. Consequently, and in line
with existing literature [66, 67], we consider-
ed that in our case, measuring all potentially
impactful variables for the model would be
impossible to achieve. Instead we considered
the operative question of the degree to which
any omitted variable potentially biased our
interpretation of model results and provided a
basis for alternative explanations of our find-
ings. However, since the hypothesized PM
implementation model was theoretically under-
pinned based on existing literature, as well as
the use of a research design and empirical
data analysis that is suited to account for multi-
item scale validation, alternative models to the
one presented herein was appropriately ruled
out. This is because the multiple indicators
used to measure the latent variables for athe
model allowed for the modelling of any corre-
lated errors. This was confirmed in the extent to
which variables were correlated in Table 2.

Conclusion

This study set out to investigate the dimension-
ality of the hypothesized PMI measurement
model. It explored the use of a bifactor model
solution to investigate the multifaceted nature
of constructs that measured precision medi-
cine implementation at health systems level.
Four subscales that had been hypothesized for
the PMI were confirmed in the data analysis
using the IRT approach. Each subscale fittingly
tapped different facets of the same underlying
PMI construct. However, the model solution did
not support an outright unidimensional scale.
Even though the multidimensional correlated
model with idiosyncratic factor loadings that
suggested perfect content-specific grouping
was competitive, it was discounted based on
the theoretical underpinnings of the main con-
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struct the PMI scale was meant to measure.
The bifactor solution solved this challenge by
simultaneously reflecting what is common am-
ong the items in their four content-specific par-
cels and representing individual differences on
a single target dimension. The findings there-
fore support a statistical and practical conclu-
sion pointing to the suitability of the bifactor
model, that is the PMI scale reflects a co-oc-
curring PMI general factor and four unique con-
tent-specific factors.
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Appendix 1: LD indices

Unidimensional Model LD Statistics

ltem Chi2 x1 x2 x3 x4 x5 x6 X7 x8 x9 x10 x11 x12 x13 x14 x15 x16 x17 x18 x19 x20 x21 x22
x1 2.4

X2 1.7 4.0n

x3 1.1 3.5n 4.8p

x4 1.4 21p 1.0p 4.7p

x5 0.8 16n 32p 5.2p 1.1p

x6 0.8 44n 5.7p 39p 1.3p 7.9p

X7 1.5 23n 3.7p 71p 13p 9.7p 5.8p

x8 1.6 6.2p 49n 4.8n 1.6n -0.1n 2.8n 2.6n

x9 1.0 48p 2.0n 5.1n 12n 24n 4.3n 5.0n 6.2p

x10 1.6 72p 6.9n 2.5n 1.4n 35n 0.3n 4.7n 1.9p 5.4n

x11 3.1 45n 6.4p 2.4n 19n 12n 2.7p 0.5n -0.3n 5.0n 4.8n

x12 1.7 6.1n 4.7p 15p 16n 0.7n 2.6n 6.7n 7.0n 5.9n 3.0n 8.2p

x13 2.0 41n 33p 28p 23n 12n 59p 6.0n 6.2n 3.7n 3.4n 4.4n 5.3p

x14 3.5 29p 49n 5.8n 2.6n 73n 4.1n 3.1n 5.0p 6.6p 3.9p 5.8n 5.2n 5.2n

x15 1.1 41n  22n 4.1p 21p 95p 74p 13.6p 5.1n 2.4n 3.8n 1.5n 2.5n 4.1p 8.2n

x16 1.6 28n 28n 43p 08n 85p 3.0p 6.0p 3.1n 5.3n 4.6n 2.9n 3.0n 4.7p 5.3n 15.7p

x17 3.4 6.7n  5.0n 2.6n 52n 1.4n 2.4n 3.8n 8.1p 4.8n 2.9n 5.4p 3.4p 3.6n 4.1n 2.8n 4.1n

x18 2.9 45p 84n 79n 25n 19n 7.4n 4.2n 3.6n 4.5p 6.3p 6.8n 5.9n 6.4n 7.4p 6.7n 6.2n  4.1n

x19 1.9 3.8p 2.0n 8.7n 1.5n 45n 1.2n 7.5n 9.3p 10.6p 8.0p 1.3n 4.1n 5.1n 13.6p 5.1n 6.0n 4.6n 5.8p

x20 3.2 42n 52n 4.3n 2.6n 32n 1.5n 3.4n 3.4n 3.8p 3.9n 3.0p 3.4n 5.2n 4.3n 2.0n 53n 49p 8.3n 4.0n

x21 1.8 53n 23n 3.5n 2.7n  0.3n 4.3n 5.0n 2.5n 3.1n 3.5n 4.4p 6.1p 2.7n 9.2n 0.3n 1.8n 74p 9.3n 74n 4.6p
x22 3.2 3.8n 3.6n 2.3n 0.5n 1.6n 5.0n 5.2n 5.6p 2.9n 2.9n 6.3n 3.2n 1.6n 6.7n 1.3n 74n  9.2p 5.8n 9.41n 7.4n 59p
Multidimensional correlated Model LD Statistics

ltem Chi2 x1 x2 x3 x4 x5 x6 X7 x8 x9 x10 x11  x12 x13 x14 x15 x16 x17 x18 x19 x20 x21 x22
x1 2.5

x2 1.8 4.0n

x3 0.9 3.4n 5.7p

x4 1.3 20p 0.7p 5.5p

x5 0.7 1.7n 29p 0.8p 0.8p

x6 1.0 47n  59p 0.9p 15p 3.1p

X7 1.3 24n 40p 7.2n 16p 34p 3.6n

x8 1.7 52p 6.7n  4.4n 1.5n 0.8n 3.2n 2.5n

x9 1.0 51p 2.3n 39n 1.3n 2.7n 3.8n 4.5n 6.3p

x10 1.6 74p 73n  1.9n 1.4n  4.0n 0.3n 4.6n 1.9p 5.4n

x11 3.1 52n b55p 2.6n 22n 1.7n 29p 0.7n 0.0n 5.7n 4.8n

x12 1.7 6.8n 41p 2.0p 1.5n 15n 2.8n 7.3n 8.5n 6.2n 3.0n 7.5p

x13 1.5 2.6n 46p 19n 3.0p 3.6n 3.7n 8.8n 4.4n 2.5n 3.3p 5.4p 7.9p
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x14 3.4 31p 52n 5.0n 24n  79n 3.4n 2.5n 5.2p 6.4n 2.7p 5.9n 5.3n 6.0p
x15 1.2 56n 21n 1.8n 24n  1.7p 4.4n 11.8n 7.2n 2.8n 4.1n 1.9n 3.0n 2.9n 9.1n
x16 1.3 3.8n 3.4n 5.0n 0.8n 11p 1.3n 3.7n 3.9n 5.0n 4.4n 3.4n 3.2n 4.6n 5.1n 5.6p
x17 3.4 81n 59n 2.4n 57n 29n 2.5n 4.1n 7.8p 5.3n 3.2n 4.7p 3.1n 2.7n 4.4n 3.9n 4.6n
x18 2.2 83p 43n 8.2n 10p 3.2n 9.5n 4.3n 5.6p 11.4p 12.0p 4.4p 3.9p 5.7n 16.5p 8.6n 6.7n  5.1p
x19 2.3 43n 32n 7.0n 19n 6.1n 0.8n 7.5n 10.0p 10.0n 6.6p 1.8n 4.5n 4.4p 9.6p 6.6n 6.7n  5.3n 14.5p
x20 2.8 3.7n  48n 3.5n 2.6n 28n 1.5n 2.7n 3.5p 4.3n 4.3n 3.9p 3.9p 8.3p 5.4n 2.1p 57p 55p 93p 5.4n
x21 1.5 41n 23p 44p 30p 06p 49p 5.1p 2.9n 3.5n 3.9n 5.4p 7.5p 7.3p 10.0n 0.5p 30p 91p T74p 9.8n 5.1p
x22 3.2 42n 3.8n 2.5n 0.7n  1.5n 5.8n 5.3n 5.7n 2.9n 2.9n 7.5n 3.5n 1.5n 6.6n 1.7n 84n 92p 70p 10.2n 6.9n 6.7p
Bifactor Model LD Statistics
ltem Chi2 x1 x2 x3 x4 x5 x6 X7 x8 x9 x10 x11 x12 x13 x14 x15 x16 x17 x18 x19 x20 x21 x22
x1 2.2
x2 1.6  5.0p
x3 0.9 3.4n 6.2p
x4 1.3 20p 11p 56p
x5 0.4 16p 43p 05p 2.0p
x6 1.0 39n 73p 10p 19p 3.0p
X7 1.2 26p 46p 7.2n 18p 2.6p 3.7n
x8 1.8 2.7p 3.8n 5.4n 1.7n  0.3n 2.6n 2.3n
x9 1.0 48p 2.3n 4.5n 1.3n  1.4n 3.4n 4.5n 5.2p
x10 1.4 76p 7adn  19n 1.3n  2.5n 0.4n 4.5n 1.9p 5.5n
x11 3.2 41n  35p 29n 19n 19p 3.8p 1.1p -0.0p 6.4n 4.9n
x12 1.9 47n 3.2n 21p 1.7n  0.3n 3.5p 2.6n 5.3n 7.5n 3.1n 6.5n
x13 1.9 39n 38p 21p 24p 26n 4.3p 7.7n 7.2n 3.1n 3.2n 4.3p 6.2p
x14 3.0 33p 4.7n 5.4n 22n 6.2n 209n 2.3n 5.6p 6.5n 2.2n 6.0n 5.7n 5.3p
x15 0.7 3.2n 28p 2.0n 29p 1.6n 4.6n 6.0n 4.3n 1.6n 2.6n 2.4p 3.5p 3.5p 6.6n
x16 1.0 25n 2.7n  52n 10p 0.5n 1.8n 4.2n 3.1n 4.7n 4.2n 3.5n 3.5n 5.0n 4.8n 4.1p
x17 3.7 59n 59n 2.6n 55n 1.4n 2.0n 3.9n 8.2p 5.6n 3.3n 5.0p 3.6n 3.9n 4.5n 2.6n 4.3n
x18 2.9 47p 76n 7.3n 1.8n 22n 7.0n 4.0n 4.5n 5.2p 7.5p 6.4n 6.2n 6.0n 9.2p 7.5p 73p 4.2n
x19 1.7 46n 19n 7.0n 1.5n 29n -0.2n 6.6n 11.5p 10.4n 7.4n 1.6n 4.7n 4.9n 8.7p 3.0n 53n 5.5n 7.6p
x20 3.1 53n 6.2n 4.1n 2.7n  1.4n 1.6n 2.8n 4.0n 3.8p 3.8n 2.8p 3.8n 5.4p 4.1n 2.2p 55n 4.3n 8.1n 4.4n
x21 1.8 70n  2.8n 3.6n 2.7n  -0.0n 4.8n 5.4n 4.4n 3.1n 2.6n 4.6n 6.9n 2.9n 8.0n 0.6p 22p 6.6p 9.0n 70n  3.4p
x22 3.3 4.7n  3.7n  2.5n 0.5n 2.0p 5.5n 4.8n 7.3n 3.1n 2.8n 6.8n 4.2n 1.5n 6.4n 1.3n 75n  93p 5.6n 9.8n 59n 3.9p
Appendix 2: Item level indices
Item Fit Statistics
Bifactor Item fit statistics Multidimensional 2" order Multidimensional Correlated Unidimensional
item p ;é&;“g) sig/ns S X2 S.X2 p ;’(;(2) sig/ns  S_X2 p atll()ah(:;) sig/ns  S_X2 p ;;‘2) sig/ns
x1 1.44E-12 35 0.080 ns 128.3 226.7 6.4E-30 35 0.080 ns 1359 4E-14 34 0.077 ns 266.0 3.2E-43 23 0.052 sig
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x2  1.51E-09 35 0.080 ns 1091 96.2 9.9E-07 39 0.089 ns 977 3E08 33 0.075 ns 1445 3.1E-16 32 0.073 ns
x3  5.57E-15 35 0.080 ns 1429 129.8 6.7E-11 42 0.095 ns 137.7 2E-15 31 0.070 ns 168.5 5.2E-22 28 0.064 ns
x4  212E-09 39 0.089 ns 1148 1122 4.7E07 48 0.109 ns 1159 8E-10 38 0.086 ns 152.3 5.9E-18 31 0.070 ns
x5  3.71E-16 33 0.075 ns 146.0 2571 3.5E-35 36 0.082 ns 1574 4E-18 33 0.075 ns 333.6 3.8E-55 26 0.059 ns
x6  1.35E-12 35 0.080 ns 1284 1376 23E12 41 0.093 ns 130.3 2E-14 30 0.068 ns 178.3 4.2E-25 25 0.057 ns
x7  1.09E-27 31 0.070 ns 2058 308.0 26E41 44 0.100 ns 220.8 1E-27 38 0.086 ns 183.3 9.6E-23 33 0.075 ns
x8  7.32E-49 23 0.052 ns 2940 473.0 9.8E82 29 0.066 ns 4199 3E-73 25 0.057 ns 243.7 15E33 34 0.077 ns
x9  5.54E-29 24 0.055 ns 1963 159.2 3.8E-16 40 0.091 ns 161.5 1E20 28 0.064 ns 1549 7.8E-15 42 0.095 ns
x10 8.14E-24 31 0.070 ns 184.9 1721 1.1E-17 42 0.095 ns 190.3 1E23 34 0.077 ns 172.8 4.1E-18 41  0.093 ns
x11 2.77E-25 35 0.080 ns 2015 163.8 b55E-16 43 0.098 ns 186.4 6E-23 34 0.077 ns 150.2 29E-15 38 0.086 ns
x12 2.91E-23 31 0.070 ns 1818 1615 1.7E17 37 0.084 ns 176.8 1E22 30 0.068 ns 136.2 5.5E-13 38 0.086 ns
x13 4.76E-26 31 0.070 ns 1970 1452 509E-12 47 0.107 ns 1454 2E-15 35 0.080 ns 166.5 1.9E-16 43 0.098 ns
x14 5.64E-10 36 0.082 ns 1136 1323 5.1E11 43 0.098 ns 130.0 4E-13 34 0.077 ns 1172 3E10 37 0.084 ns
x15 7.8E-11 32 0.073 ns 1122 1142 1.3E-08 42 0.095 ns 123.7 2E-12 33 0.075 ns 126.5 1.2E-10 41  0.093 ns
x16 2.11E-30 39 0.089 ns 2381 2469 1.2E29 45 0.102 ns 2504 8E-35 34 0.077 ns 246.3 6.5E-32 39 0.089 ns
x17  75E-11 35 0.080 ns 1175 1971 7.2E25 34 0.077 ns 120.6 3E-12 32 0.073 ns 1271 5.3E-10 44 0.100 ns
x18 7.16E-09 34 0.077 ns 103.0 1909 23E23 35 0.080 ns 1173 8E-11 35 0.080 ns 114.3 4.4E-09 40 0.091 ns
x19 6.1E-117 46 0.105 ns 6959 6371 5E111 36 0.082 ns 611.3 3E-108 32 0.073 ns 835.1 1E-155 31  0.070 ns
x20 6.81E-39 47 0.107 ns 3018 2423 5.2E26 53 0.120 ns 259.4 6E-32 45 0.102 ns 2494 1.1E-31 41 0.093 ns
x21 1.03E-87 44 0.100 ns 5455 10575 1E-198 36 0.082 ns 741.4 A4E-128 43  0.098 ns 12177 7E-234 34 0.077 ns
x22 1.95E-95 41 0.093 ns 5755 9477 1E-175 36 0.082 ns 848.8 2E-149 44  0.100 ns 1439.0 4E-279 36 0.082 ns
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