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Abstract

Basic knowledge of genetics is essential for understanding genetic testing and counseling. The
lack of a written, English language, validated, published measure has limited our ability to
evaluate genetic knowledge of patients and families. Here, we begin the psychometric analysis of a
true/false genetic knowledge measure. The 18-item measure was completed by parents of children
with congenital heart defects (CHD) (n=465) and adolescents and young adults with CHD (ages
15-25, n=196) with a mean total correct score of 12.6 (SD=3.5, range 0-18). Utilizing exploratory
factor analysis, we determined that one to three correlated factors, or abilities, were captured by
our measure. Through confirmatory factor analysis, we determined that the two factor model was
the best fit. Although it was necessary to remove two items, the remaining items exhibited
adequate psychometric properties in a multidimensional item response theory analysis. Scores for
each factor were computed, and a sum-score conversion table was derived. We conclude that this
genetic knowledge measure discriminates best at low knowledge levels and is therefore well suited
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to determine a minimum adequate amount of genetic knowledge. However, further reliability
testing and validation in diverse research and clinical settings is needed.
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Introduction

Familiarity with general genetic concepts has been accepted as necessary for modern life
due to the ubiquity of genetic testing throughout an individuals’ lifetime: prenatal carrier
testing, fetal screening/diagnosis, newborn screening, direct to consumer genetic testing for
a wide array of “indications,” disease specific genetic testing for both Mendelian and
common diseases, pharmacogenomics testing, and most recently, whole exome/genome
sequencing.

Knowledge is generally not sufficient for individuals to initiate health behavior changes, but
it is a necessary component (1). Therefore, it is surprising that there is significant variability
in the literature as to whether genetic knowledge is related to genetic test utilization and
interest in genetic testing. Some studies have found a direct association (2-4), while others
have detected an indirect relationship (5) or no relationship (6). This inconsistency may be
due, in part, to the lack of a standard, validated method for assessing genetic knowledge.

While there are a number of published measures of genetic knowledge, they were generally
developed and employed for a single study (7-12). As a result, content validity, as evaluated
by the investigators of that particular study, was the only type of validation performed.
While content validity is a necessary starting block in measure development, it is not
adequate validation of a measure. A few studies report minimal analysis of the construct
validity, such as factor analysis and internal consistency (13, 14), although neither study
reports enough data to evaluate these analyses.

The most widely utilized written measure was published by Jallinoja and Aro in 1999 (15).
This measure was updated to at least correct the number of genes in the human genome and
utilized by other research groups (16, 17). However, there are a number of concerns with this
measure, including outdated scientific facts, confusing language which is due, in part, to the
original measure having been written in Finnish, and the absence of items on genetic testing.
No studies have been performed to assess the reliability of this measure.

There are two published measures of genetic knowledge that have been more thoroughly
validated: the Rapid Estimate of Adult Literacy in Genetics (REAL-G) (18), a measure of
genetic literacy, which has been evaluated for concurrent and predictive validity, and the
Genetic Knowledge Index (GKI) (19), a written measure, which has been subject to
principle component analysis, internal consistency measurement, and correlation with
educational attainment. Although sufficient data is presented on these measures, they both
present issues that make them incompatible with current research methods and difficult to
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deploy in the clinical setting. First, the oral nature of the REAL-G measure severely limits
its application in a field where most research is completed via telephone, online, or mailed
surveys of the public or specific patient populations. The specific items on the GKI limit its
application as it focuses on the outdated “genetic markers,” and one of its five items asks
about “racial differences in academic ability,” which may make practitioners uncomfortable
utilizing this measure.

There is thus a demonstrated lack of a written validated measure of genetic knowledge that
would be useful for research and clinical applications. Since the measure of Jallinoja and
Aro (15) has been the most widely used (16, 17, 20), we updated it thoroughly and started
the psychometric evaluation process. We utilized exploratory and confirmatory factor
analysis to determine the number of factors, or abilities, that underlie genetic knowledge,
and then through the item response theory analysis, we determined scores that are more
representative of one’s true capability on each of those factors. Through these investigations,
we are taking the first steps to building a more informative genetic knowledge measure.

Adapted Genetic Knowledge Measure

Participants

We previously updated a 16-item true/false genetic knowledge measure (15) for readability
and current understanding of genetics, while omitting redundant items and adding items to
reflect current genetic concepts (21) (Table 1). This measure was scored by awarding one
point for each item answered correctly while zero points were awarded for incorrect and
unsure responses. A total correct score was calculated for all participants who responded to
at least 14 of the 18 items. If the participant responded to 14-17 items, the points awarded
for the items with responses were averaged and the average score was used for up to 4 items
which lacked a response in the calculation of the total correct score (22).

Participants, including adolescents and young adults (AYA) with congenital heart defects
(CHD) and parents of individuals with CHD, a convenience sample for this study, were
recruited from a tertiary children’s hospital’s cardiology clinic under two separate
institutional review board (IRB)—approved studies. This resulted in three groups of
participants: study 1 parents (parents-1), study 2 parents (parents- 2) and study 2 AYA
(AYA-2). The adapted genetic knowledge measure and a demographics measure were
administered as part of both of these larger studies.

Study 1—Parents of living children with CHD affecting the left ventricular outflow tract,
who also had a valid address, were sent a packet of English language surveys to measure
their genetic knowledge and attitudes and understanding of prior informed consent for
participation in a genetic research study (previous consent was on average 3.1 + 1.4 years
prior). In short, at least one parent responded from 50% of eligible families, resulting in 285
parent participants; detailed descriptions of the eligibility, recruitment, and consent process
have been previously published (23).
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Study 2—This study utilized the Health Beliefs model as a theoretical framework to
investigate the effect of genetic knowledge, in addition to other risk and knowledge
variables, on three specific health behaviors: information seeking, contraception use, and
communication with partner and health care provider. English speaking AYA, ages 15 to 25
years, with congenital heart defects (CHD) that were not the result of a genetic syndrome,
who spoke English, and were cognitively able to participate were recruited during their
clinic visit along with their parents. The study surveys were available on paper and
electronically. AYA, who were required to complete the surveys in clinic, received a movie
ticket upon completion, while the parents were not given an incentive. The data provided by
the 196 AYA and 180 parents who participated in this study during 2012 were analyzed in
this study.

Data Analysis

Demographic characteristics, the percent of participants answering each knowledge item
correctly, and the total correct score were calculated for each participant group (parents-1,
AYA-2, parents-2). Additionally, differences among the participant groups were determined
by t-tests, ANOVASs with Tukey HSD post-hoc analyses, and Mann-Whitney tests, as
appropriate. All raw-data (estimates of missing data were removed) were combined for the
remaining analyses and all analyses were completed in SPSS, unless otherwise stated.

Exploratory Factor Analysis (EFA)—Exploratory factor analysis (EFA) was undertaken
to identify the number of latent abilities that likely determine performance on the genetic
knowledge measure. This is done by determining groups of items that perform similarly (i.e.
if one answers #1 correctly you are likely to also answer #2 correctly). Comprehensive
Exploratory Factor Analysis (CEFA) program with VARIMAX rotation (24) was utilized for
this analysis to determine the number of factors while ensuring that each item is related
primarily to a single factor. The extent to which each item “loaded onto” a factor was also
calculated; factor loadings were scaled from -1.0 to 1.0.

Confirmatory Factor Analysis (CFA)—CFA was employed to determine how well each
model implied by the EFA accounted for the variability in the data. All reasonable models of
the factor structure (eigenvalues >1.2) from the EFA were tested using confirmatory factor
analysis or structural equation modeling when accounting for local dependence utilizing the
latent variable modeling program Mplus (25). Fit indices, including root mean square error
of approximation (RMSEA), comparative fit index (CFI), Tucker-Lewis Index (TLI), and
weighted root mean square residual (WRMSR) were reported for all models. As models
were derived from the EFA, and therefore represented a post hoc analysis, a simple cross-
validation was performed to ensure the selected model’s good fit was not due to chance
characteristics and that the same model would likely fit additional data obtained in the
future. This cross validation was performed by first dividing the data into two groups based
on an even-odd split of the subjects and then the selected model fit to each group
independently and the fit indices, as listed above, were reported.

Internal Consistency—Cronbach’s alpha was calculated for each factor.
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Calibration and Scoring using Item Response Theory (IRT)—IRT analysis is a
type of categorical confirmatory factor analysis that takes into account all response patterns
present in the data. It was conducted to calculate meaningful scores for each identified factor
and assist in identifying items with poor qualities (e.g., inability to discriminate between
people with high or low levels of the measured factors). While item qualities can be inferred
by CFA parameter estimates (26), the scores are unique to IRT parameter estimation.
Therefore, the IRT analysis will result in scores that are better representations of the abilities
that underlie each factor. IRT scores are on the standard normal metric, such that an ability
score of zero indicates the mean ability, much like a z-score (27). As this is a true/false
measure with two underlying traits or factors (identified by the EFA and CFA), the
multidimensional two-parameter logistic model (M2PLM) in the flexMIRT (28) software
was used to calibrate and score this measure for those participants who responded to all of
the knowledge items. Marginal maximum likelihood with an expectation-maximization
algorithm (MML-EM) (29) was utilized for the calibration step. In this two-step method, the
discrimination and difficulty of each item are estimated using maximum likelihood while the
underlying ability score is integrated out. The scoring step occurs after the item parameter
estimates from the calibration step are added back. MML-EM continues iterating between
these two steps until a convergence criterion is reached. The scoring method used was
expected a posteriori, which calculates the mean of each test-taker’s scoring likelihood.
Lastly, a conversion table was calculated so that sum scores could easily be translated into
the two IRT scores.

Demographic Characteristics

All three groups were primarily white and both parent groups were approximately two-thirds
female while the AYA group was almost evenly split between males and females (Table 2).
The study 2 parents were significantly older than the study 1 parents (47 vs. 39.5 years,
p<0.001), although the distribution of education levels was not different between the parent
groups. The mean age of the AYA was 19 years and the percent with some college or more
was not calculated as this would reflect the age of the participant more than his/her eventual
education attainment.

Genetic Knowledge Measure Data

Seven items, item # 1, 2, 3, 4, 6, 9, and 13, were answered correctly by at least 80% of each
participant group. On the other hand, items 7, 15, 16, and 17 were answered correctly by less
than half of participants. The remaining items (# 5, 8, 10, 11, 12, 14, and 18) were answered
correctly by 50-79% of participants. The mean total correct score for all of the participants
was 12.6, and the mean scores for each participant group are reported in Fig. 1. The
participants’ genetic knowledge scores were significantly different when evaluated by
participant group (p<.001), and post-hoc analysis revealed that study 1 parents had
significantly higher scores than both groups of study 2 participants (parents, p=.002; AYA,
p=.001).
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Exploratory Factor Analysis

One, two, or three correlated factors were supported by EFA, and loadings for each of these
models are reported in Table 1. Although the loadings in the one factor model were quite
high, the introduction of a second factor increased these loadings, indicating two factors
better described the data. When a third factor was added, only two items loaded onto this
additional factor, indicating local dependence (LD). LD is a specific type of
multicollinearity that results when the responses to a pair or set of items appear to depend on
some extraneous factor and not the variable(s) of interest. The third factor clarified that item
9 belonged to the second factor, although which factor item 10 belonged to remained
unclear.

Confirmatory Factor Analysis (CFA) and Structural Equation Modeling (SEM)

Based on the results of the exploratory factor analysis, the following models were tested:
one-factor with and without LD, two-factors with and without the LD (Figure 1). The fit
statistics, as seen in Table 3, indicated that the two-factor model accounting for local
dependence was the only model that approached acceptable fit criteria (0.05<RMSEA<0.08,
CFI>0.95, TLI1>0.95, WRMSR<1.00). As this was a post hoc analysis of a model derived
from the EFA, a cross-validation was necessary. Therefore, we used an even-odd data split
and repeated the SEM analysis of the two-factor model with LD modeled on each of these
data sets. The fit statistics of the calibration (2-SEM, c) and validation (2-SEM, v) data sets
represent good fit (Table 3).

Internal Consistency of Applied and Basic Factors

Factor 1, onto which items 1, 2, 3, 4, 5, 6, 8, 13, 15, and 18 loaded, we named the “applied”
factor due to the nature of these items. Cronbach’s alpha for the applied factor was 0.73
(n=632). Likewise, Factor 2, including items 7, 9, 11, 12, 14, 16, and 17, was named the
“basic” factor. The Cronbach’s alpha for the basic factor was 0.66 (n=630).

Scoring and Calibration using Item Response Theory (IRT)

To facilitate interpretation of the IRT scores, item 10 was removed as it loaded equally onto
both factors and item 17 was chosen for removal due to the local dependence between 16
and 17 (alternatively, item 16 could have been removed). When the structural equation
model was re-run with this new 16 item measure, acceptable fit statistics were achieved
(Table 3). The SEM for this measure also cross-validated well (Table 3). As this new model
was acceptable, the discrimination and difficulty of each item were computed (Table 1). The
items on this measure had acceptable discrimination estimates (>0.70) as the vast majority
were above 1.0. On the other hand, difficulty scores tended to be negative, indicating that the
measure is not very difficult for most test-takers. The measure was scored to obtain latent
trait estimates for each participant who responded to all 16 items, and the negative skew of
the score distributions for both factors again indicated the relative easy nature of this
measure (Figure 2). For ease of use in future studies when IRT software is not available or
IRT analysis is not feasible, a conversion table was calculated to convert sum scores into
latent trait scores (Table 4). After determining a participant’s sum score, IRT score estimates
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for both factors may be inferred by finding the appropriate rows in both the Basic and
Applied columns.

Group Differences in Knowledge

There were significant differences in mean factor 1 scores when the three participant groups
were compared (p<.001). Post-hoc analysis revealed that this difference was driven by the
high scores of the study 1 parents, whose mean score was significantly higher than the study
2 AYA (p<.001) and parents (p=.01). The study 2 AYA and parents were not significantly
different from each other. Factor 2 also showed significant differences between the three
groups (p=.002) and post-hoc analysis revealed only one significant relationship; the study 1
parents had a significantly higher mean score than the study 2 parents (p=.001).

Discussion

Here, we present the first steps in validation of our adapted genetic knowledge measure,
which is applicable to both adolescents and adults. As this measure was administered to
individuals starting at age 15, this measure can be used for older teenage and young adult
patients and parents in the pediatric setting. Although we did not sample older adults, we
would anticipate this this measure would also be applicable to this age range.

As we were unable to identify a previous factor analysis of the original or updated version of
the Jallinoja and Aro genetic knowledge measure, we undertook this analysis and identified
two underlying latent factors. We were surprised that the factor analysis resulted in two
factors that are surprisingly similar to the “association of genes and diseases” and
“association of genes, chromosomes, cells and the body” that the original measure was
designed to capture (15) as no prior analysis had tested this. For ease of use, we have
renamed these factors, applied and basic. The basic factor includes items that are facts about
genetics, such as the number of genes and chromosomes, the size relationship between
genes, chromosomes, and cells, and the function of genes in the body. The applied factor
includes items pertaining to the relationship of genes and genetic testing with health and
disease. While most items fell into the anticipated category, we were surprised that the item
regarding whether a gene can be seen with the naked eye was determined to be in the applied
category. As Jallinoja and Aro didn’t state which specific items were designed to measure
which construct, we were unable to compare the placement of specific items.

This differentiation between basic and applied genetic knowledge is also similar to the
difference between factual and conceptual knowledge in the revised Bloom’s Taxonomy of
Educational Objectives, as summarized by Krathwohl (30). According to this taxonomy,
based on cognitive psychology and educational terminology, the basic genetic knowledge
factor closely resembles ‘remembering factual knowledge’ which is the most basic cognitive
process (remembering) paired with the most basic knowledge dimension (factual
knowledge). On the other hand, ‘understanding (i.e., classifying and inferring) conceptual
knowledge (i.e., principles and generalizations) as would be required for our applied genetic
knowledge factor is a step up in complexity of both the knowledge dimension and the
cognitive process. While all of our participants likely engage in both of these types of tasks,
in addition to the others included in the taxonomy, it is likely that the parents are more
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skilled at the more complex tasks, whereas the adolescents and young adults are more
frequently required to ‘remember factual knowledge’.

When the scores of the AYA and the parents of study 2 are compared, while not statistically
significant, we do see that the parents have higher average applied (factor 1) knowledge and
the AYA have higher basic knowledge (factor 2), as would be predicted by Bloom’s
Taxonomy. Additionally, AYAs may have higher basic knowledge as a result of their
proximity to high school, and possibly college, science classes which likely included
increased and more accurate genetic content as compared to the parents’. Additionally,
parents’ higher applied knowledge may be related to their additional opportunities to
develop and utilize applied genetic knowledge through such life events as pregnancy, child
birth, and/or a cancer diagnosis when discussion of genetic concepts and genetic testing is
common. Perhaps this explains why the item regarding whether genes can be seen with the
naked eye item was placed on the applied factor, as through these life experiences it could be
determined that genes could not be seen, whereas the specific number of genes humans
possess may never be directly applicable.

The statistically significant differences in the mean total correct sum score and both factor
scores were largely driven by the high scores of the study 1 parents. It is important to
remember that this parent group is highly selected. These parents had previously consented
to participate in a genetic etiology research study and then chose to participate in a
subsequent study by completing and returning a mailed study. Therefore, their high scores
could be the result of the genetic education they received as part of the consent process
and/or that those parents already possessing higher genetic knowledge were more likely to
participate in both of these studies.

Interestingly, while the total correct sum score of the parents and AYA of study 2 are very
similar, the IRT factor scores show differences between these two groups. Thus, using the
IRT scoring to pull out the different latent ability scores may be important as approaches to
effective teaching may need to be adapted not only for specific age groups but potentially for
each individual. This differentiation between basic and applied genetic knowledge may
allow for more consistent research results which has been an issue amongst studies
identifying predictors of genetic test utilization (31).

Lastly, the IRT scoring provides a better estimate of basic and applied genetic knowledge
than sum scores as it accounts for the discrimination and difficulty of each item. Ideally,
each application of this genetic knowledge measure would be scored using the IRT software.
Unfortunately, this is not realistic as IRT software is expensive and specialized. Therefore,
our conversion table provides a reliable estimate of the basic and applied knowledge score.
Since these two traits are correlated, one can estimate both traits from the total sum score.
This easy to use conversion table (Table 4) will allow wide application of this genetic
knowledge measure.

There are a few limitations of this study due to its design. As this is a true/false measure, the
statistical analysis was unable to account for accurate guessing. As study 1 utilized a mailed
survey design, some of these individuals may have utilized resource material to determine

Clin Genet. Author manuscript; available in PMC 2017 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fitzgerald-Butt et al.

Page 9

the correct answer to the questions although they were advised not to do so. Lastly, all
subjects were recruited from the cardiology clinic at a single tertiary children’s hospital, and
our study participants were largely Caucasian and well educated. Therefore, the results of
this study may not be applicable to the general population or to patients/families with
Mendelian diseases.

The results of the analyses presented here indicate that this measure is most informative for
individuals with below average genetic knowledge. As the difficulty of the measure is low,
this measure gives better scoring estimates for individuals at the low end of the scale.
Accordingly, it would be necessary to add more difficult items and re-analyze the measure to
ensure better scoring estimates for the high scorers should this be desired. The current
measure, therefore, is best applied to determine if individuals meet a specific threshold of
genetic knowledge. Additional studies will be necessary to determine the minimum
necessary genetic knowledge for a number of specific situations, including consenting to a
genetic research study, decision-making following genetic counseling, and making treatment
decisions based on genetic test results. After determination of the minimum genetic
knowledge of patients, this measure could be used to tailor genetic counseling for those
patients. This approach has the potential to improve use of providers' time and increase
patient satisfaction with genetic counseling that was tailored to the patient/subject’s
identified knowledge level as compared to counseling based either on the provider’s
assumption of the patient/subject’s knowledge or providing the same information to all
patients/subjects.

Separation of the basic and applied segments of genetic knowledge and use of IRT scoring
are just the first steps on the road to a better genetic knowledge measure. While we have
defined the underlying factor structure and enabled more informed scoring, in future studies
we plan to continue assessing the psychometric properties of this measure by examining
test-retest reliability and concurrent validity in a different sample of subjects. Additionally, it
will be necessary to examine this knowledge measure as part of models that also account for
other areas of knowledge such as health literacy and specific disease knowledge. Although
knowledge is generally not sufficient to drive health behavior change (reviewed in (1)), it
will also be necessary to examine these knowledge variables within models that also take
such construct as risk perception, self-efficacy, cues to action, readiness to change and so on
into account to determine the role that genetic knowledge plays in scenarios that more
closely approximate the real world. The first step to develop and test those models is the
availability of measures of the specific constructs, such as genetic knowledge.

While additional research is necessary, it is interesting to contemplate the effect that
differing levels of basic and applied genetic knowledge may have on the decision making
process of individuals considering clinical genetic testing or participation in a genetic
research study. Perhaps basic knowledge is a better predictor of intended use/participation
while applied knowledge may better predict actually usage/participation. Concomitantly, we
should also consider as healthcare providers how we could tailor our genetic education to
individuals across the spectrum of basic and applied knowledge so that the information they
receive is as useful as possible. Through these and other future investigations, the validation
and utilization of this genetic knowledge measure has the potential to increase the
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effectiveness of genetic health communication and also increase the consistency of genetic
knowledge research.

Acknowledgements

We would like to thank the individuals who set aside the time to participate in this study. We would also like to
thank Jennifer Klima for allowing us to utilize the study-1 data. This study was supported by the 2012 Jane
Engelberg Memorial Fellowship, an annual grant from the Engelberg Foundation to the National Society of Genetic
Counselors, Inc., Nationwide Children’s Hospital, NIH RO1IHL090506, NIH RO1HL109758, and CTSA grant
UL1TR001070.

References

1.

Baranowski T, Cullen KW, Nicklas T, Thompson D, Baranowski J. Are current health behavioral
change models helpful in guiding prevention of weight gain efforts? Obesity research. 2003;
11(Suppl):235-43S. [PubMed: 14569036]

. Peters N, Domchek SM, Rose A, Polis R, Stopfer J, Armstrong K. Knowledge, attitudes, and

utilization of BRCA1/2 testing among women with early-onset breast cancer. Genetic testing. 2005;
9:48-53. [PubMed: 15857187]

. Lerman C, Narod S, Schulman K, et al. BRCAL1 testing in families with hereditary breast-ovarian

cancer. A prospective study of patient decision making and outcomes. JAMA : the journal of the
American Medical Association. 1996; 275:1885-1892. [PubMed: 8648868]

. Bottorff JL, Ratner PA, Balneaves LG, et al. Women's interest in genetic testing for breast cancer

risk: the influence of sociodemographics and knowledge. Cancer epidemiology, biomarkers &
prevention : a publication of the American Association for Cancer Research, cosponsored by the
American Society of Preventive Oncology. 2002; 11:89-95.

. Botoseneanu A, Alexander JA, Banaszak-Holl J. To test or not to test? The role of attitudes,

knowledge, and religious involvement among U.S. adults on intent-to-obtain adult genetic testing.
Health education & behavior : the official publication of the Society for Public Health Education.
2011; 38:617-628. [PubMed: 21482703]

. Reitz F, Barth J, Bengel J. Predictive value of breast cancer cognitions and attitudes toward genetic

testing on women's interest in genetic testing for breast cancer risk. Psycho-social medicine. 2004;
1:Doc03. [PubMed: 19742051]

. Adams HR, Rose K, Augustine EF, et al. Experience, knowledge, and opinions about childhood

genetic testing in Batten disease. Molecular genetics and metabolism. 2014; 111:197-202.
[PubMed: 24246680]

. Scuffham TM, Mclnerny-Leo A, Ng SK, Mellick G. Knowledge and attitudes towards genetic

testing in those affected with Parkinson's disease. Journal of community genetics. 2014; 5:167-177.
[PubMed: 24018619]

. Suriadi C, Jovanovska M, Quinlivan JA. Factors affecting mothers' knowledge of genetic screening.

The Australian & New Zealand journal of obstetrics & gynaecology. 2004; 44:30-34. [PubMed:
15089865]

10. Falcone DC, Wood EM, Xie SX, Siderowf A, Van Deerlin VM. Genetic testing and Parkinson

disease: assessment of patient knowledge, attitudes, and interest. Journal of genetic counseling.
2011; 20:384-395. [PubMed: 21476119]

11. Christensen KD, Jayaratne TE, Roberts JS, Kardia SL, Petty EM. Understandings of basic genetics

in the United States: results from a national survey of black and white men and women. Public
Health Genomics. 2010; 13:467-476. [PubMed: 20203477]

12. Singer E, Antonucci T, Van Hoewyk J. Racial and ethnic variations in knowledge and attitudes

about genetic testing. Genetic testing. 2004; 8:31-43. [PubMed: 15140372]

13. Newcomb P, True B, Walsh J, Dyson M, Lockwood S, Douglas B. Maternal attitudes and

knowledge about newborn screening. MCN The American journal of maternal child nursing. 2013;
38:289-294. quiz 295-286. [PubMed: 23799342]

Clin Genet. Author manuscript; available in PMC 2017 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Fitzgerald-Butt et al.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.
28.

29.

30.
31.

Page 11

Henneman L, Timmermans DR, van der Wal G. Public experiences, knowledge and expectations
about medical genetics and the use of genetic information. Community genetics. 2004; 7:33-43.
[PubMed: 15475669]

Jallinoja P, Aro AR. Knowledge about genes and heredity among Finns. New Genetics and Society.
1999; 18:101-110.

Calsbeek H, Morren M, Bensing J, Rijken M. Knowledge and attitudes towards genetic testing: a
two year follow-up study in patients with asthma, diabetes mellitus and cardiovascular disease.
Journal of genetic counseling. 2007; 16:493-504. [PubMed: 17318450]

Haga SB, Barry WT, Mills R, et al. Public knowledge of and attitudes toward genetics and genetic
testing. Genetic testing and molecular biomarkers. 2013; 17:327-335. [PubMed: 23406207]

Erby LH, Roter D, Larson S, Cho J. The rapid estimate of adult literacy in genetics (REAL-G): a
means to assess literacy deficits in the context of genetics. Am J Med Genet A. 2008; 146A:174—
181. [PubMed: 18076116]

Furr LA, Kelly SE. The Genetic Knowledge Index: developing a standard measure of genetic
knowledge. Genetic testing. 1999; 3:193-199. [PubMed: 10464667]

Jallinoja P, Aro AR. Does knowledge make a difference? The association between knowledge
about genes and attitudes toward gene tests. J Health Commun. 2000; 5:29-39.

Fitzgerald-Butt SM, Klima J, Kelleher K, Chisolm D, McBride KL. Genetic knowledge and
attitudes of parents of children with congenital heart defects. Am J Med Genet A. 2014; 164A:
3069-3075. [PubMed: 25256359]

Kim JO, Curry J. Treatment of Missing Data in Multivariate-Analysis. Sociol Method Res. 1977;
6:215-240.

Klima J, Fitzgerald-Butt SM, Kelleher KJ, et al. Understanding of informed consent by parents of
children enrolled in a genetic biobank. Genet Med. 2014; 16:141-148. [PubMed: 23807615]
Browne, MWCR.; Tateneni, K.; Mels, G. CEFA: Comprehensive Exploratory Factor Analysis.
Version 2.00. 2004. [computer software and manual]

Muthen, LKMB. Mplus User's Guide. 1998.

Takane Y, Deleeuw J. On the Relationship between Item Response Theory and Factor-Analysis of
Discretized Variables. Psychometrika. 1987; 52:393-408.

Thissen, D.; Wainer, H. Test scoring. L. Erlbaum Associates; Mahwah, N.J.: 2001.

Cai, L. flexMIRT: Flexible multilevel item factor analysis and test scoring. Vector Psychometric
Group, LLC; Seattle, WA: 2012.

Bock RD, Aitkin M. Marginal Maximum-Likelihood Estimation of Item Parameters - Application
of an Em Algorithm. Psychometrika. 1981; 46:443-459.

Krathwohl DR. A revision of Bloom's taxonomy: An overview. Theor Pract. 2002; 41:212. +
Sweeny K, Ghane A, Legg AM, Huynh HP, Andrews SE. Predictors of genetic testing decisions: a
systematic review and critique of the literature. Journal of genetic counseling. 2014; 23:263-288.
[PubMed: 24719248]

Clin Genet. Author manuscript; available in PMC 2017 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Fitzgerald-Butt et al.

Page 12

Total Correct Sum Score

15 Basic,

Factor 1
Applied

<
£ 7
QO
. //‘k\\
g
Q
121
SN (EX] N (5]
0
N a 9
& & A
‘0& @A‘\\ v:\
<% <®
Factor 1 (Applied) Factor 2 (Basic)

1.5 vy 1.5 "

L | 1.0
Los g
3 -05 -23 o8
20.0 c -16 -.03
3 19 S 0.0
=05 =

1.0 0.5

-1.5 T T T -1.0 T T T

Parents-1 Parents-2 AYA-2 Parents-1 Parents-2 AYA-2

Figure 1.
The mean correct item sum score for each participant group (A; Parents-1 n=285, Parents-2

n=177, AYA-2 n=194). The best fit factor structure; two correlated factors (B). The factors
scores for each participant group (C, D; Parents-1 n=265, Parents-2 n=164, AYA-2 n=179).
* p=.002

** p=.001

**% n< 001
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Table 2

Demographic characteristics of each participant group.

Parent-1 | Parent-2 | AYA-2
n 287 180 196
Age (mean) 395" 47% 19
Male (%) 36 34 54
White (%) 94 9% 85
Some college + (%) ~ 74 71 NA

Study 2 parents were significantly older than Study 1 parents (p<0.001)

“No significant differences in the distribution of education between the two parental groups
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Table 3

Fit measures for each of the confirmatory factor analysis models (1 factor (1-CFA), 2 factors (2-CFA)),
structural equation modeling models (1 factor (1-SEM), 2 factors (2-SEM), the cross validation of the two
factor SEM model (calibration (2-SEM, c) and validation (2-SEM, v)), the 2 factor SEM model for the 16-item
measure used for IRT analysis (16 item, 2-SEM) and the cross validation of the two factor SEM model for 16-
item measure (calibration (16-item, 2-SEM, c) and validation (16-item, 2-SEM, Vv)).

Fit Measures
M odel RMSEA | CFI TLI WRMSR

1-CFA 0.06 0.89 | 0.88 1.4
1-SEM 0.05 0.92 0.91 1.27
2-CFA 0.04 0.94 0.93 1.14
2-SEM 0.04 0.96 0.95 1.03
2-SEM, c 0.03 0.97 | 0.96 0.89
2-SEM, v 0.03 0.96 0.96 0.89
16-item, 2-SEM 0.03 0.97 | 0.96 0.97
16-item, 2-SEM, ¢ 0.03 0.96 0.96 0.88
16-item, 2-SEM, v 0.03 095 | 0.94 0.9

Acceptable .05-.08 >95 | >0.95 <1.00
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Sum score to IRT scores conversion table.

Applied Factor Basic Factor
Sum Score | IRT Score | SD | IRT Score | SD
0 -2.86 0.49 -2.33 0.67
1 -2.58 0.46 -2.04 0.66
2 -2.33 0.43 -1.82 0.66
3 -2.10 0.41 -1.64 0.66
4 -1.88 0.41 -1.48 0.66
5 -1.66 0.41 -1.34 0.66
6 -1.44 0.43 -1.21 0.66
7 -121 0.46 -1.09 0.66
8 -0.95 0.50 -0.95 0.65
9 -0.68 0.55 -0.79 0.64
10 -0.42 0.59 -0.58 0.63
11 -0.17 0.62 -0.33 0.61
12 0.07 0.65 -0.03 0.60
13 0.32 0.67 0.30 0.61
14 0.61 0.70 0.66 0.63
15 0.93 0.73 1.04 0.66
16 1.27 0.76 1.45 0.70
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