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A: Internal Structure

Descriptive statistics and  determination of sampling adequacy

The investigation of data distributions enables early detection of non-normal properties that may 
affect correlations and subsequent analyses. In this study, data normality and variability were 
assessed using descriptive statistics, including histograms, means, standard deviations, 
skewness, and kurtosis. Data for Science Currency (SciCur) were collected only at the start of the 
semester, as this construct pertains to students science resources as a child and their parental 
influence. In contrast, data for social belonging, imposter syndrome, and academic mindset were 
collected at two time points: early semester (first two weeks) and end of semester (last two 
weeks, prior to finals). Because the social belonging instrument had been previously used at the 
same institution and course, only confirmatory factor analysis (CFA) was conducted to confirm 
its internal structure. For Academic Mindset and Imposter Syndrome, however, both exploratory 
and confirmatory factor analyses (EFA and CFA) were performed. 

The full, early-semester (pr_) dataset (N = 398) was randomly split in half: one subgroup (G1) was 
used for exploratory factor analysis (EFA), while the other (G2) was reserved for CFA. For each 
construct, we created a testing and training dataset. Further details for each construct are 
described below. Descriptive statistics (not-reverse scored/coded to show true distribution) were 
calculated for G1, followed by assumption checks to determine suitability for factor analysis. For 
multidimensional models that include both positive and negative phrasing of survey questions–
such as academic mindset and social belonging, it is recommended that negatively worded items 
(academic mindset entity and social belonging: belonging uncertainty) be reverse scored/coded 
to avoid additional problems with skewness (Streiner and Kottner, 2014; Komperda, et al., 2018). 
Multivariate normality was examined using Mardia’s test (p < .05 indicating deviation from 
normality). Due to violations of multivariate normality detected by Mardia’s test across all 
measures, Polychoric correlations were used for the EFAs. The Polychoric correlation matrix was 
examined to ensure that a substantial number of correlations exceeded .30, indicating sufficient 
intercorrelation among items to justify factor analysis (Watkins, 2018). Specifically, sampling 
adequacy was evaluated using the Kaiser-Meyer-Olkin (KMO) measure (KMO > 0.80), and 
factorability was assessed with Bartlett’s test of sphericity (p < .001). Multicollinearity was 
assessed for measures with more than one factor via Variance Inflation Factors (VIFs < 10.0), and 
potential outliers were identified using Mahalanobis D², with significance determined by the chi-
square distribution based on the number of items per measure (p < .001). If the measure does 
not include values excluded due to Mahalanobis D², then outliers were not excluded. Below, we 
present our descriptive statistics, assumption checks, EFAs, and CFAs for each measure used in 
this study. 

EFA and Estimation Methods
EFA is a multivariate technique for uncovering the underlying structure of relationships among a 
set of observed variables (items) by identifying their common underlying dimensions (Beaujean, 
2014; Hair, et al., 2019). This method does not rely on prior assumptions about the factor 
structure; factors (latent variables)  are extracted from a dataset without pre-specifying the 
number of factors or the pattern of factor loadings between the observed and latent factors. To 
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identify the appropriate number of factors to retain for rotation, two post-estimations were 
conducted: minimum average partial (MAP) (Velicer, 1976) and scree plots  (Cattell, 1978). For 
extraction method, Minimum Residual (MinRes) was chosen. Oblique rotation was chosen 
because it allows the factors to be correlated, which more accurately reflects the reality that 
social science variables are often interrelated (Meehl, 1990). Promax, an oblique rotation 
method, was selected as the extraction method because it allows factors to be correlated  (Finch, 
2020). Due to oblique rotation, close attention was paid to both the pattern coefficients (to 
interpret the meaning of each factor) and the factor intercorrelations (to understand how much 
the factors overlap  (Bandalos and Gerstner, 2016; Bandalos, 2018). To ensure both practical 
(10% variance explained) and statistical  significance of eigen loadings, the threshold for (𝑝 < .05)

salience was originally set at 0.32  (Morin, et al., 2020). Factor models were checked to ensure 
that the proportion (no more than 20% of data) of residual coefficients did not exceed absolute 
values of .05 and .10  (Flora and Flake, 2017). Close model fit, meaning the ability of a model to 
reproduce the data, was indicated by an RMSR value of 0.05 or smaller.  

CFA Guidelines
CFA is a theory-driven statistical method used to test hypotheses about the relationships 
between observed variables (items) and their underlying latent constructs (factors). This method 
involves specifying a predefined measurement model, estimating the covariance matrix implied 
by this model, and comparing it to the observed covariance matrix to evaluate how well the 
model fits the data. 

Goodness-of-fit Satorra Bentler
Due to the multivariate non-normality distribution of our data, a Satorra-Bentler scaled chi-
squared test for model goodness of fit was selected, which is robust to non-normality (Satorra 
and Bentler, 1994). The chi-square goodness of fit statistic evaluates the size of the difference 
between the sample and fitted covariance matrices (Hu and Bentler, 1999). For good model fit, 
Schreiber et al. (2006) recommended a non-significant chi-square p-value. 

RMSEA
The Root Mean Square Error of Approximation (RMSEA) is an index to evaluate a “badness of fit,” 
where zero indicates a perfect fit and higher values indicate a lack of fit  (Browne and Cudeck, 
1993; Watkins, 2021). Hu and Bentler (1999) recommended RMSEA values <.06 to .08.

CFI
The Comparative Fit Index (CFI) represents the amount of variance that has been accounted for 
in a covariance matrix  (Watkins, 2021). Higher CFI values indicate a better model fit. Hu and 
Bentler recommend a CFI index bigger than or equal to 0.95 for a good model fit; whereas, a CFI 
index > 0.90 is an adequate model fit  (Hu and Bentler, 1999; Sivo, et al., 2006).

TLI
The Tucker-Lewis Index (TLI) (Tucker and Lewis, 1973), also known as the non-normed fit index 
(NNFI) (Bentler and Bonett, 1980), is an incremental fit index that measures the proportionate 
improvement of fit by comparing models to a more restricted, hypothetical baseline model 
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 (Woods and Edwards, 2007). Hu and Bentler recommend a TLI index bigger than or equal to 0.95 
for a good model fit; whereas, a TLI index > 0.90 is an adequate model fit  (Hu and Bentler, 1999; 
Sivo, et al., 2006)

SRMR
The Standardized Root Mean Square Residual is an absolute measure of fit and is the square root 
of the discrepancy between the sample covariance matrix and the model covariance matrix. Hu 
and Bentler (1999) recommend an SRMR value of < 0.08. 
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I. Academic Mindset 
Prompt: Using a 6-point Likert-Scale where (1) “Strongly Disagree” (2) “Disagree” (3) 
“Somewhat Disagree” (4) “Somewhat Agree” (5) “Agree” (6) “Strongly Agree.” rate your 
agreement to the following questions.

Self-theory Incremental: (4 questions total)
1. With enough time and effort, I think I could significantly improve my 

intelligence level in chemistry.
2. I believe I can always substantially improve my intelligence in chemistry. 
3. Regardless of my current chemistry intelligence level, I think I have the 

capacity to change it quite a bit. 
4. I believe I have the ability to change my basic intelligence level in chemistry 

considerably over time.

Self-Theory Entity: (4 questions total)
1. I don’t think I personally can do much to increase my chemistry intelligence. 
2. My chemistry intelligence is something about me that I personally can’t 

change very much. 
3. To be honest, I don’t think I can really change how intelligent I am in chemistry. 

4. I can learn new things, but I don’t have the ability to change my basic 
intelligence in chemistry.

Academic Mindset: Incremental Histograms



Academic Mindset: Entity Histograms

G1-Skewness, Kurtosis, SD, and Means for pr_Academic Mindset (8 items, outliers 
NOT removed). Entity items are not reverse coded.

Skewness Kurtosis Mean SD
G1-item I1 -0.6375602 2.334194 5.386935 0.6712194
G1-item I2 -0.8937528 3.274324 5.296482 0.7703716
G1-item I3 -0.6453332 2.649527 5.336683 0.690638
G1-item I4 -1.050449 4.584285 5.386935 0.7006708

G1-item E1 1.042203 4.408739 1.753769 0.7750356
G1-item E2 1.383645 6.203767 1.824121 0.8493736
G1-item E3 1.111957 4.57311 1.824121 0.7893446
G1-item E4 1.638515 6.497605 1.899497 1.005013
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Mardia’s Test of Academic Mindset (Incremental and Entity ; Entity Items are Reverse 
Coded)

Mardia’s test of multivariate skewness (b1p = 62.01, p < .001) and kurtosis (b2p = 205.35, 
p < .001; kurtosis = 69.9) indicated significant departures from multivariate normality for 
the 8 variables in the sample (n = 199). These results suggest the data do not meet the 
assumption of multivariate normality.
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Polychoric Correlation Matrix

Kaiser-Myer Olkin Test (KMO)
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Barlett’s Test of Sphericity

Check for Multicollinearity Using VIFs 

Minimum Average Partial (MAP) test
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Scree Plot–red line signifies the Kaiser criterion reference line

Residuals for pr_AM:

 No residuals are greater than |0.05|
 Residuals are normally distributed
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Exploratory Factor Analysis, promax rotation

Factor Loadings of Exploratory Factor Analysis (EFA) of Early-Semester 
Academic Mindset

Survey Item Factor 1 Factor 2 Uniqueness 𝑢2 Communality
ℎ2

G1-item E1 0.93 0.01 0.120 0.88
G1-item E2 0.97 0.01 0.052 0.95
G1-item E3 0.95 -0.02 0.114 0.89
G1-item E4 0.91 0.03 0.149 0.85
G1-item I1 -0.05 0.98 0.084 0.92
G1-item I2 -0.02 0.95 0.116 0.88
G1-item I3 0.08 0.90 0.102 0.90
G1-item I4 0.04 0.91 0.123 0.88

N = 199; ; Factor loadings reported following a promax (oblique) factor rotation.

Multidimensional Confirmatory Factor Analysis on G2 Data
Estimator: MLM
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 23.586 (19, 0.213) 0.062 0.994 0.991 0.023



Unidimensional Confirmatory Factor Analysis on G2 Data
Estimator: MLM

Academic Mindset Entity (4 items loading on one factor) 

Academic Mindset Incremental (4 items loading on one factor)
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 2.628 (2, 0.269) 0.073 0.998 0.993 0.012

N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 2.910 (2, 0.233) 0.075 0.997 0.991 0.012



II. Imposter Syndrome
Prompt: Using a 6-point Likert-Scale where (1) “Strongly Disagree” (2) “Disagree” (3) 
“Somewhat Disagree” (4) “Somewhat Agree” (5) “Agree” (6) “Strongly Agree.” rate your 
agreement to the following questions.

1. In class, I felt like people might find out that I am not as capable as they think I 
am. 

2. Today, I felt like my successes in class were due to some kind of luck. 
3. In class, I felt afraid others would discover how much knowledge or ability I really 

lack. 
4. In class, I felt like an "imposter."

Imposter Syndrome Histograms

G1-Skewness and Kurtosis for pr_IS (4 
items, outliers NOT removed) 

Skewness Kurtosis Mean SD
G1-item IS1 0.1582299 2.078994 3.291457 1.39098
G1-item IS2 0.7643049 3.197778 2.633166 1.163895
G1-item IS3 0.227524 2.040708 3.150754 1.423961
G1-item IS4 0.8101957 2.846062 2.638191 1.374276

Mardia’s Test
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Mardia’s test indicated significant multivariate skewness (b1p = 3.15, skew = 104.34, p < 
.001) and kurtosis (b2p = 27.77, kurtosis = 3.84, p = .00012) for the set of 4 variables (n = 
199). These results suggest the data deviate significantly from multivariate normality.

Polychoric Correlation Matrix

IS1 IS2 IS3 IS4
G1-item IS1 1 0.57487 0.834457 0.686891
G1-item IS2 0.57487 1 0.62777 0.652307
G1-item IS3 0.834457 0.62777 1 0.730005
G1-item IS4 0.686891 0.652307 0.730005 1

Kaiser-Myer Olkin Test (KMO)

15



Barlett’s Test of Sphericity

Minimum Average Partial (MAP) test

Scree Plot–red line signifies the Kaiser criterion reference line
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Residuals for pr_IS:

IS1 IS2 IS3 IS4
numG1preIS1Fact

numG1preIS2Fact -0.03915441

numG1preIS3Fact 0.04479128 -0.01870787

numG1preIS4Fact -0.01676051 0.06175765 -0.03108526

 1 residual |0.05|
 Residuals are bimodal (not normally distributed)

Exploratory Factor Analysis
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IS

Factor Loadings of Exploratory Factor Analysis (EFA) of Early-
Semester Imposter Syndrome

Survey Item Factor 1 Uniqueness 𝑢2 Communality
ℎ2

G1-item IS1 0.86 0.26 0.74
G1-item IS2 0.69 0.52 0.48
G1-item IS3 0.91 0.17 0.83
G1-item IS4 0.82 0.33 0.67

Confirmatory Factor Analysis on G2 Data

Estimator: MLM
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 2.648 (2, 0.266) 0.048 0.998 0.995 0.017



III. Social Belonging
Prompt: Using a 6-point Likert-Scale where (1) “Strongly Disagree” (2) “Disagree” (3) 
“Somewhat Disagree” (4) “Somewhat Agree” (5) “Agree” (6) “Strongly Agree.” rate your 
agreement to the following questions:

Factor 1: Social Belonging (4 items)
1. In (Course name), I feel like I fit in.
2. In (Course name), I feel comfortable with my peers and classmates. 
3. In (Course name), I feel comfortable with my instructor.
4. In (Course name), setting aside my performance in class, I feel like belong.

Factor 2: Belonging Uncertainty (2 items)
5. In (Course name), I feel uncertain about my belonging (i.e., sometimes I feel 

like I belong, and sometimes I don’t)
6. In (Course name), when I don’t perform well, I feel like maybe I don’t belong.
*The actual course name in the course catalog was provided to students taking the survey

Social Belonging: Sense of Belonging Histograms

Social Belonging: Belonging Uncertainty Histograms
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G1-Skewness and Kurtosis for pr_SB (8 items, outliers NOT removed). Belonging 
Uncertainty items are not reverse coded) 

Skewness Kurtosis Mean SD
G1-item SB1 -0.9928954 4.608839 4.557789 1.017735
G1-item SB2 -0.6709456 3.708735 4.768844 0.8743449
G1-item SB3 -0.8978892 3.582352 5.070352 0.8961621
G1-item SB4 -0.9899429 4.239582 4.678392 0.9883592
G1-item BU1 0.5140961 2.346084 2.909548 1.36028
G1-item BU2 -0.1585015 1.765008 3.658291 1.59349

Mardia’s Test of Social Belonging (Belonging Uncertainty Items are Reverse Coded)

Mardia’s test revealed significant multivariate skewness (b1p = 8.65, skew = 286.98, p < 
.001) and kurtosis (b2p = 64.48, kurtosis = 11.86, p < .001) in the sample of 199 cases with 
6 variables, indicating that the data violate the assumption of multivariate normality.
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Polychoric Correlation Matrix

Kaiser-Myer Olkin Test (KMO)

Bartlett’s Test of Sphericity

Check for Multicollinearity Using VIFs 
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Minimum Average Partial (MinAp) Test

Scree Plot–red line signifies the Kaiser criterion reference line
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Residuals for pr_SB:

IS1 IS2 IS3 IS4
numG1preIS1Fact

numG1preIS2Fact -0.03915441

numG1preIS3Fact 0.04479128 -0.01870787

numG1preIS4Fact -0.01676051 0.06175765 -0.03108526

 1 residual |0.05|
 Residuals are bimodal (not normally distributed)
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Note: EFA was not conducted on SB as this instrument’s internal structure has been 
confirmed in previous studies at the same institution (Edwards, et al., 2021; Edwards, et 
al., 2022; Edwards, et al., 2023).

Multidimensional Confirmatory Factor Analysis of pr_ Social Belonging (pr_SB and 
pr_BU) Construct
2 factors, 4 items one each factor
Estimator: MLM

 

Unidimensional Confirmatory Factor Analysis of pr_Belonging Uncertainty G2 Data
2 items on one factor
Estimator: MLR

Note: Belonging uncertainty unidimensional model does not have an adequate internal 
structure to support 2 items on one factor.
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

398 11.142 (8, 0.194) 0.033 0.996 0.992 0.019



Unidimensional Confirmatory Factor Analysis of pr_Sense of Belonging G2 Data
4 items on one factor
Estimator: MLR

*To further support these fit indices, we provide additional “checkpoints” to support the use of this model. 
Please see modification indices, as well as residuals. 

Modification Indices

Modification indices are not large enough to warrant kicking out any items: MI are not 
greater than 3.84 and expected parameter change (EPC) are not large enough to impact 
assessment (Gunzler and Morris, 2015).
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 1.538 (2, 0.464) 0.0* 1.00* 1.00* 0.014



Residuals:

 No residual is over 0.05
 Bimodal distribution
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IV. Childhood Science Currency
From Turnbull’s Self-Concept (20 total questions):

Prompt: Using a 6-point Likert-Scale where (1) “Strongly Disagree” (2) “Disagree” (3) 
“Somewhat Disagree” (4) “Somewhat Agree” (5) “Agree” (6) “Strongly Agree.” rate your 
agreement to the following questions:

1. I find science difficult.
2. If I study hard, I will do well in my science courses. 
3. I am just not good at science.
4. My parents/guardians think science is interesting.
5. My parents/guardians think it is important for me to learn science.
6. My parents/guardians would like it if I work in science.
7. My parents/guardians have explained to me that science is useful for my future.
8. My friends see me as a “science person”.
9. My friends think that science is important.
10. My friends think that science is cool.
11. My friends care about their university grades.
12. Growing up, did you do science activities (e.g., science kits, nature walks, do 

experiments)?
13. Growing up, did you read books or magazines about science?
14. Growing up, did you look up things online about science or nature?
15. Growing up, did you watch TV programs about science or nature?
16. Growing up, did you go to a lunchtime or after-school science club?
17. I would like to study more science in the future.
18. I would like to have a job that uses science.
19. I would like to become a scientist.
20. I think I could be a good scientist one day.

*Items 4-7 are Parental Influence, and items 12-15 are Science Resources. Together, 
these two factors make up Childhood Science Currency.

27

Parents
Science 

Resources



Science Currency: Parental Influence Histograms

Science Currency: Science Resources Histograms
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G1-Skewness and Kurtosis for pr_SciCur (4 items, outliers NOT removed) 

Mardia’s Test 

Mardia’s test of multivariate skewness (b1p = 12.76, p < .001) and kurtosis (b2p = 100.27, 
p < .001; kurtosis = 11.3) indicated significant departures from multivariate normality for 
the 8 variables in the sample (n = 199). These results suggest the data do not meet the 
assumption of multivariate normality.
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Skewness Kurtosis Mean SD
G1-item SciCur4 -1.008289 3.898005 4.798995 1.100872
G1-item  SciCur5 1.04908 4.01551 5.065327 0.9748109
G1-item  SciCur6 -0.6843867 3.450833 4.678392 1.052695
G1-item  SciCur7 -0.4887209 2.334714 4.276382 1.336736

G1-item  SciCur12 -0.8647786 3.555075 4.532663 1.179663
G1-item  SciCur13 -0.4343093 2.489555 4.140704 1.341001
G1-item  SciCur14 -0.8784902 3.586468 4.572864 1.134165
G1-item  SciCur15 -0.9087916 3.392004 4.643216 1.274593



Polychoric Matrix

Factor 1 Factor 2
PSC4 PSC5 PSC6 PSC7 SRSC12 SRSC13 SRSC14 SRSC15

PSC4 1.00000 0.65706 0.36231 0.48754 0.24620 0.13899 0.17359 0.04222
PSC5 0.65706 1.00000 0.55212 0.61009 0.23310 0.24020 0.13957 0.16519
PSC6 0.36231 0.55212 1.00000 0.60544 0.13865 0.09304 0.12125 0.15872

PSC7 0.48754 0.61009 0.60544 1.00000 0.24246 0.27685 0.17487 0.15895
SRS12 0.24620 0.23310 0.13865 0.24246 1.00000 0.60049 0.61257 0.46965
SRS13 0.13899 0.24020 0.09304 0.27685 0.60049 1.00000 0.66733 0.57321
SSC14 0.17359 0.13957 0.12125 0.17487 0.61257 0.66733 1.00000 0.62773
SRS15 0.04222 0.16519 0.15872 0.15895 0.46965 0.57321 0.62773 1.00000

Kaiser-Myer Olkin Test (KMO)

Barlett’s Test of Sphericity

Check for Multicollinearity Using VIFs
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Minimum Average Partial (MAP) test

Scree Plot–red line signifies the Kaiser criterion reference line

31



Exploratory Factor Analysis

Factor Loadings of Exploratory Factor Analysis (EFA) of Childhood Science 
Currency

Survey Item Factor 1 Factor 2 Uniqueness 𝑢2 Communality
ℎ2

PSC4 0.00 0.67 0.55 0.45
PSC5 -0.01 0.87 0.25 0.75
PSC6 -0.03 0.67 0.56 0.44
PSC7 0.05 0.76 0.40 0.60
SRS12 0.69 0.08 0.48 0.52
SRS13 0.80 0.02 0.34 0.66
SSC14 0.87 -0.06 0.26 0.74
SRS15 0.72 -0.04 0.50 0.50

N = 199; ; Factor loadings reported following a promax (oblique) factor rotation.

Residuals 

 8 residuals over |0.05|
 Residuals are normally distributed
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Multidimensional Confirmatory Factor Analysis on G2 Data

Two factors, 4 items per factor

Estimator: MLR

Unidimensional Confirmatory Factor Analysis on G2 Data

One factor, 8 items on one factor

Estimator: MLR
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 27.692 (19, 0.090) 0.053 0.980 0.970 0.046

N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 165.540 (20, 0.000) 0.197 0.706 0.589 0.121



Unidimensional Confirmatory Factor Analysis on G2 Data

One factor, 4 items (Parents) on one factor

Estimator: MLR 

Unidimensional Confirmatory Factor Analysis on G2 Data

One factor, 4 items (Science Resources) on one factor

Estimator: MLR
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N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 5.409 (2, 0.067) 0.115 0.977 0.930 0.037

N  (df, p)𝜒2 RMSEA CFI TLI SRMR

199 2.883 (2, 0.237) 0.055 0.995 0.986 0.022



V. Removal of Outliers
Due to poor factor loadings ONLY in the Science Currency CFA (as seen above), outliers were 
removed from both G1 and G2 to improve loadings. Below are the Mahalanobis Distance and p-
value for the outliers that were removed. As these outliers were removed in the CFA process, 
these outliers are reflected in the sample size used for the SEM path analysis (N = 354).

Total outliers in childhood science currency = 38

N = 398 (original sample) – 38 (outliers) = 360

* It was also found that 6 consenting students, who completed both surveys, had missing grades 
for either their midterm exams or their preassessments. In order to avoid Type I errors for future 
statistical analysis involving student performance, these seven students were also removed from 
future analysis. Thus, leaving us with a final sample of 354, which is reflected in the SEM analysis 
portion.
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G2
Outlier Mahalanobis P-value

1 16.4674 9.09E-04
2 18.17021 4.06E-04
3 17.75627 4.94E-04
4 33.02121 3.19E-07
5 26.48027 7.57E-06
6 16.46969 9.08E-04
7 25.13782 1.44E-05
8 16.74886 7.96E-04
9 20.28557 1.48E-04

10 25.85656 1.02E-05
11 18.129 4.14E-04
12 16.79003 7.81E-04
13 17.36623 5.94E-04
14 23.04049 3.96E-05
15 17.13085 6.64E-04
16 18.85624 2.93E-04
17 28.38584 3.01E-06
18 18.25816 3.89E-04
19 17.69778 5.08E-04
20 26.14141 8.91E-06
21 29.10906 2.12E-06

G1
Outlier Mahalanobis P-value

 1 21.64852 7.72E-05
2 19.98303 1.71E-04
3 30.77309 9.49E-07
4 24.40113 2.06E-05
5 28.75677 2.52E-06
6 16.94708 7.25E-04
7 19.54489 2.11E-04
8 17.2418 6.30E-04
9 18.94269 2.81E-04

10 17.63502 5.23E-04
11 21.81673 7.12E-05
12 26.37599 7.96E-06
13 25.2592 1.36E-05
14 22.31574 5.61E-05
15 45.68392 6.62E-10
16 19.86995 1.81E-04
17 20.41725 1.39E-04



B: SEM Path Models
Structural Equation Modeling (SEM) is a statistical technique used to explore relationships among 
observed (measured) and latent (unobserved) variables, whereby direct and indirect effects can 
be evaluated (Hancock and Mueller, 2013). Path Analysis, on the other hand, is a specialized form 
of multiple regression analysis that uses diagrams (path models) to visually represent 
hypothesized causal relationships among observed variables (Beaujean, 2014). Conveniently, 
path models adhere to common drawing conventions utilized in SEM models: ovals represent 
latent variables, squares represent observed variables, directional relations are indicated by 
straight, single-headed, and double-headed arrows represent covariance. Importantly, path 
analysis is not to be used to establish causality or to determine whether a specific model is 
correct (Streiner, 2005). Path analysis can only determine whether the data are consistent with 
the path model specified. When paired together, SEM path analysis provides a comprehensive 
approach for analyzing both simple and intricate relationships displayed in a given path 
model (Chavance, et al., 2010). 

Just as with factor analysis, assumption checks were conducted for these path models to 
determine suitability. These include ensuring correct model tracings, ample sample size, and a 
properly identified model. According to Wright’s tracing rules, there can be a maximum of one 
double-headed arrow included in one path (covariance), there is no going forward and then 
backward (once you have traveled along a route forward, you cannot travel backward to get to 
the variable at the end point), and there can be no loops (non-recursive models) (Wright, 1918; 
Wright, 1934). Please see models presented in the main text or the example model below 
(Example for Model 1a) for models that follow Wright’s Rules. To determine ample sample size, 
samples of 100 to 200 are generally considered the minimum necessary to obtain stable, 
unbiased estimates, while samples of fewer than 100 cases are often viewed as indefensible for 
most models (Kline, 2011). Others have indicated that at least 10 to 20 cases per free factor 
loadings  are needed to provide a minimal basis for unbiased estimation and (𝑞;𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1)
inference (Bentler and Chou, 1987; Wolf, et al., 2013). All SEM path models use the entire sample 
size (N = 354), which satisfies the requirement provided by Kline. Additionally, we calculated the 
suggested sample size required by Bentler & Chou and Wolf et al. below. 

Determination of an Ample Sample Size

Sample Size (N) = 354
Free Factor Loadings :(𝑞)

Constructs Indicators Factors  (Indicators – Factors)
Imposter Syndrome 4 1 3

Academic Mindset Entity 4 1 3
Sense of Belonging 4 1 3
Science Resources 4 1 3

         (1)𝐹𝑟𝑒𝑒 𝐿𝑜𝑎𝑑𝑖𝑛𝑔𝑠 (𝑞) =  Σ(𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠/𝑙𝑎𝑡𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 ‒ 𝑓𝑖𝑥𝑒𝑑 𝑙𝑜𝑎𝑑𝑖𝑛𝑔𝑠/𝑙𝑎𝑡𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒) 

12(𝑞) =  



Minimum Recommended Sample Size = (# of cases) x ( )𝑞:𝐹𝑟𝑒𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 𝐿𝑜𝑎𝑑𝑖𝑛𝑔𝑠

                      = 10 x 12 = 120

Upper/Conservative Recommended Range = (# of cases) x ( )𝑞:𝐹𝑟𝑒𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 𝐿𝑜𝑎𝑑𝑖𝑛𝑔𝑠

                              = 20 x 12 = 240

Model Identification

Model identification should be considered to ensure that parameters are uniquely estimated. 
Simply put, the number of free factor loadings  should be less than or equal to the (𝑞;𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1)
number of non-redundant elements in the sample covariance matrix . Where is calculated (𝑝 ∗ ) 𝑝 ∗  

using Equation 2, and  is the sum of manifest variables (items/observed variables) in the model.𝑝

                                                                     (2)
𝑝 ∗ =  

𝑝(𝑝 + 1)
2

Example calculation of p and :𝑝 ∗

 = 4 items (sense of belonging)𝑝
             + 4 items (academic mindset entity)

    + 4 items (imposter syndrome)
+ 4 items (science resources)

          + 1 observed var. (preassessment)
              + 1 observed var. (exam variable: Exam 1 or Final Exam)

              ______________________________________________________
 = 18𝑝

𝑝 ∗ =  
18(18 + 1)

2
= 171

Therefore, this path model is overidentified12 < 171 , 𝑞 < 𝑝 ∗  

If the model is underidentified (not enough information to estimate all parameters). If 𝑞 > 𝑝 ∗  

the model is just-identified (a unique solution exists for each parameter, but the model 𝑞 = 𝑝 ∗  

cannot be tested for fit). If  the model is overidentified (the model can be tested for fit, and 𝑞 < 𝑝 ∗

parameter estimates are possible in multiple ways). The total parameters  can be found by (𝑘)

summing the free factor loadings  + observed variable residual variances (Count each observed (𝑞)

variable’s residual variance as one estimated parameter) + latent variable variances + latent 
variable covariance + endogenous latent variable residual variances (Count each observed 
variable’s residual variance as one estimated parameter) + number of structural paths (Bentler 
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and Chou, 1987). It’s also important to note that the number of parameters affects the degrees 
of freedom. A positive df is desirable because it indicates that your model is over-identified, 
meaning there is more information than unknowns, increasing the stability and reliability of the 
estimates. If df is zero, the model is just-identified, and if df is negative, the model is under-
identified, meaning it's unlikely to produce stable or reliable results. The formula for this is 
provided in Equation 3.

                                                                     (3)
𝑑𝑓 =  

𝑝(𝑝 + 1)
2

‒ 𝑘

Example calculation for df:

 

Example for Model 1a

Degrees of Freedom

𝑇𝑜𝑡𝑎𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 (𝑘) =  
𝑓𝑟𝑒𝑒 𝑓𝑎𝑐𝑡𝑜𝑟 𝑙𝑜𝑎𝑑𝑖𝑛𝑔𝑠 (𝑞)

+  𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑠 
+  𝑙𝑎𝑡𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑠 +  𝑙𝑎𝑡𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑠 +  𝑒𝑛𝑑𝑜𝑔𝑒𝑛𝑜𝑢𝑠 𝑙𝑎𝑡𝑒𝑛𝑡

 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑠 +  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑎𝑙 𝑝𝑎𝑡ℎ𝑠

Total parameters (k) = 12 + 18 + 4 + 6 + 3 + 10 = 53

𝑑𝑓 =  
𝑝(𝑝 + 1)

2
‒ 𝑘 = 171 ‒ 53 = 118
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𝑞 =  12
𝑝 =  18

𝑝 ∗ = 171
𝑘 =  53

𝑑𝑓 =  118
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I. Main Text Model with FDR corrections and bootstrapped results

Model A Bootstrapped Results

Estimator: ML
Test: Bollen.Stine
Iterations: 5000
Parameter Estimates: BCA.simple
*Significant paths bolded

Model A Fit (in main text)
CFI TLI RMSEA SRMR AIC BIC 𝛽 𝛽 ∗ p-value FDR Corr.

p-value
Model Fit 0.988 0.986 0.030 0.045 13397.376 13568.851

Path  1 pr_IS    pr_SB -0.312 -0.412 2.580 ∗ 10 ‒ 10 4.270 ∗ 10 ‒ 10

Path  2 pr_AME   pr_IS 0.558 0.409 1.327 ∗ 10 ‒ 12 2.655 ∗ 10 ‒ 12

Path  3 pr_SciRes  pr_IS 0.041 0.030 6.473 ∗ 10 ‒ 1 7.225 ∗ 10 ‒ 1

Path  4 pr_SciRes  pr_SB 0.133 0.131 5.262 ∗ 10 ‒ 2 6.014 ∗ 10 ‒ 2

Path  5 pr_SciRes  pr_AME -0.159 -0.161 1.837 ∗ 10 ‒ 2 2.204 ∗ 10 ‒ 2

Path  6 pr_IS    Exam1 -0.025 -0.148 2.029 ∗ 10 ‒ 2 2.375 ∗ 10 ‒ 2

Path  7 pr_AME    Exam1 -0.040 -0.172 5.139 ∗ 10 ‒ 3 6.325 ∗ 10 ‒ 3

Path  8 pr_SB    Exam1 0.003 0.014 8.092 ∗ 10 ‒ 1 8.828 ∗ 10 ‒ 1

Path  9 PA_perc    Exam1 0.268 0.304 9.417 ∗ 10 ‒ 10 1.507 ∗ 10 ‒ 9

Path 10 pr_IS  PA_perc -0.032 -0.163 1.140 ∗ 10 ‒ 3 1.478 ∗ 10 ‒ 3

Paths S.E  ULCI LLCI
Path  1 pr_IS    pr_SB 0.050 -0.302 -0.418 -0.222
Path  2 pr_AME   pr_IS 0.081 0.558 0.413 0.737
Path  3 pr_SciRes  pr_IS 0.089 0.041 -0.140 0.215
Path  4 pr_SciRes  pr_SB 0.070 0.133 0.005 0.285
Path  5 pr_SciRes  pr_AME 0.068 -0.159 -0.307 -0.037
Path  6 pr_IS    Exam1 0.011 -0.025 -0.048 -0.004
Path  7 pr_AME    Exam1 0.015 -0.040 -0.069 -0.012
Path  8 pr_SB    Exam1 0.014 0.003 -0.024 0.033
Path  9 PA   Exam1 0.044 0.268 0.179 0.351
Path 10 pr_IS  PA 0.010 -0.032 -0.051 -0.013



Model B Bootstrapped Results

Estimator: ML
Test: Bollen.Stine
Iterations: 5000
Parameter Estimates: BCA.simple
*Significant paths bolded
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Model B Fit (in main text)
CFI TLI RMSEA SRMR AIC BIC 𝛽 𝛽 ∗ p-value FDR Corr.

p-value
Model Fit 0.990 0.988 0.027 0.045 13452.010 13623.485

Path  1 pr_IS    pr_SB -0.312 -0.412 2.629 ∗ 10 ‒ 10 4.206 ∗ 10 ‒ 10

Path  2 pr_AME   pr_IS 0.558 0.409 1.358 ∗ 10 ‒ 12 2.716 ∗ 10 ‒ 12

Path  3 pr_SciRes  pr_IS 0.040 0.030 6.561 ∗ 10 ‒ 1 7.324 ∗ 10 ‒ 1

Path  4 pr_SciRes  pr_SB 0.133 0.131 5.260 ∗ 10 ‒ 2 6.011 ∗ 10 ‒ 2

Path  5 pr_SciRes  pr_AME -0.159 -0.161 1.819 ∗ 10 ‒ 2 2.144 ∗ 10 ‒ 2

Path  6 pr_IS    Final Exam -0.027 -0.028 1.832 ∗ 10 ‒ 2 2.144 ∗ 10 ‒ 2

Path  7 pr_AME    Final Exam -0.049 -0.0.38 7.209 ∗ 10 ‒ 3 8.873 ∗ 10 ‒ 3

Path  8 pr_SB     Final Exam 0.005 0.004 7.251 ∗ 10 ‒ 1 7.910 ∗ 10 ‒ 1

Path  9 PA_perc    Final Exam 0.296 0.296 2.456 ∗ 10 ‒ 10 4.065 ∗ 10 ‒ 10

Path 10 pr_IS  PA_perc -0.032 -0.034 1.139 ∗ 10 ‒ 3 1.477 ∗ 10 ‒ 3

Paths S.E  ULCI LLCI
Path  1 pr_IS    pr_SB 0.050 -0.312 -0.417 -0.220
Path  2 pr_AME   pr_IS 0.082 0.558 0.404 0.732    
Path  3 pr_SciRes  pr_IS 0.090 -0.040 -0.140 0.212    
Path  4 pr_SciRes  pr_SB 0.070 0.133 0.008 0.282
Path  5 pr_SciRes  pr_AME 0.069 -0.159 -0.311 -0.042
Path  6 pr_IS    Final Exam 0.011 -0.027 -0.049 -0.004
Path  7 pr_AME    Final Exam 0.018 -0.049 -0.083 -0.013
Path  8 pr_SB     Final Exam 0.015 -0.005 -0.033 0.026
Path  9 PA    Final Exam 0.047 0.296 0.202 0.386
Path 10 pr_IS  PA 0.010 -0.032 -0.052 -0.012



II. Additional Models tested (not included in the main text)
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Switched Path, pr_IS → pr_AME
CFI TLI RMSEA SRMR AIC BIC 𝛽 FDR p-value

Model Fit 0.990 0.988 0.029 0.045 13675.221 13838.902
Path  1 pr_IS  pr_SB -0.310 6.349 ∗ 10 ‒ 10

Path  2 pr_IS  pr_AME 0.292 1.410 ∗ 10 ‒ 9

Path  3 pr_SciRes  pr_SB 0.125 8.478 ∗ 10 ‒ 2

Path  4 pr_SciRes  pr_AME -0.147 1.840 ∗ 10 ‒ 2

Path  5 pr_SciRes  pr_IS -0.051 6.833 ∗ 10 ‒ 1

Path  6 pr_IS  PA -0.032 1.552 ∗ 10 ‒ 3

Switch Path, pr_AME → pr_IS
CFI TLI RMSEA SRMR AIC BIC 𝛽 FDR p-value

Model Fit 0.990 0.988 0.029 0.046 13672.442 13828.328
Path  1 pr_IS  pr_SB -0.313 4.419 ∗ 10 ‒ 10

Path  2 pr_AME   pr_IS 0.557 2.659 ∗ 10 ‒ 12

Path  3 pr_SciRes  pr_SB 0.126 7.742 ∗ 10 ‒ 2

Path  4 pr_SciRes  pr_AME -0.159 2.138 ∗ 10 ‒ 2

Path  5 pr_SciRes  pr_IS 0.038 7.342 ∗ 10 ‒ 1

Path  6 pr_IS  PA -0.032 1.651 ∗ 10 ‒ 3

Switch Path, pr_SB → pr_IS
CFI TLI RMSEA SRMR AIC BIC 𝛽 FDR p-value

Model Fit 0.987 0.984 0.034 0.068 13684.121 13836.110
Path  1 pr_SB  pr_IS -0.457 1.107 ∗ 10 ‒ 6

Path  2 pr_AME   pr_IS 0.466 1.0812 ∗ 10 ‒ 10

Path  3 pr_SciRes  pr_SB 0.152 6.893 ∗ 10 ‒ 2

Path  4 pr_SciRes  pr_AME -0.163 1.809 ∗ 10 ‒ 2

Path  5 pr_SciRes  pr_IS 0.090 2.754 ∗ 10 ‒ 1

Path  6 pr_IS  PA -0.032 2.347 ∗ 10 ‒ 3

*Though AIC does not have a meaningful scale, the model with the smallest AIC value is the most likely to replicate and helpful for 
model selection (Klin, 2023)



pr_SB → Exam 1, pr_AME → Exam 1
CFI TLI RMSEA SRMR AIC BIC Estimate p-value

Model Fit 0.989 0.983 0.055 0.044 3722.608 3734.926
Path  1 pr_SB    pr_AME -0.175 3.615 ∗ 10 ‒ 3

Path  2 pr_AME    Exam 1 -0.050 9.211 ∗ 10 ‒ 5

Path  3 pr_SB      Exam 1 0.017 1.131 ∗ 10 ‒ 1

Path  4 PA      Exam 1 0.275 1.316 ∗ 10 ‒ 10

pr_SB → Final Exam, pr_AME → Final Exam
CFI TLI RMSEA SRMR AIC BIC Estimate p-value

Model Fit 0.991 0.987 0.049 0.044 3778.045 3844.296
Path  1 pr_SB    pr_AME -0.186 2.426 ∗ 10 ‒ 3

Path  2 pr_AME    Final Ex -0.059 2.254 ∗ 10 ‒ 4

Path  3 pr_SB      Final Ex 0.011 2.947 ∗ 10 ‒ 1

Path  4 PA       Final Ex 0.305 7.773 ∗ 10 ‒ 12



C. Mediation Analysis
Mediation analysis, or more commonly thought of as models with direct and indirect effects, are 
commonly used in the behavioral sciences (Mayer, et al., 2014). Mediation analysis is useful 
whenever researchers assume that the effects of a presumed caused on an outcome of interest 
might be transmitted though one or more intermediate variables. However, many SEM 
parameters, particularly indirect effects, do not follow a normal distribution and are often 
skewed or kurtotic, violating the assumptions of standard statistical inference. Traditional 
methods for calculating standard errors and confidence intervals (like the delta method or Sobel 
test) rely on normality assumptions, which can lead to inaccurate or misleading results for non-
normally distributed estimates. Additionally, due to the complex nature of SEM models: often 
involving multiple mediators, latent variables, and non-linear relationships, analytical formulas 
for standard errors and confidence intervals can become intractable or unavailable for such 
models. Therefore, bootstrapping is

In this study, we used the manymome package, an RStudio package developed by Cheung and 
Cheung (2024), which can be used to estimate and calculate confidence intervals (C.I) for indirect, 
direct, and total effects. This is done using a two-step approach where model parameter are 
estimated by SEM using lavaan, and then the coefficients are used to compute the requested 
effects and form confidence intervals (Cheung and Cheung, 2024).

Traditionally, there are two approaches to mediation analysis: the difference method and the 
product method. Below, I will briefly describe the method used in the manymome package–the 
product method, using a mathematical breakdown. Consider the following the equations 
(equations 4-6). In these equations, is the dependent variable,  is the independent variable, 𝑌0 𝑋

 is the mediating variable,  codes the relation between the independent variable, and the 𝑋𝑀 𝜏'

dependent variable,  codes the relation between the independent variable and the dependent 𝛼

variable adjusted for the effects of the mediating variable,  codes the relation between the 𝛽

independent variable and the mediating variable, and codes the relation between the mediating 
variable and the dependent variable adjusted for the independent variable. The residuals are 
coded by ,  , and  and have expected values of zero. The intercepts are coded by ,  , 𝜀1 𝜀2 𝜀3 𝛽01 𝛽02

and . In the first regression equation, the dependent variable ( ) is regressed on only the 𝛽03 𝑌0

independent variable ( ). In the second regression equation, the dependent variable ( ) is 𝑋 𝑌0

regressed on both the independent variable ( ) and the mediating variable ( ). The indirect 𝑋 𝑋𝑀

effect equals the difference in the estimated independent variable coefficients in the two 
regression equations (Judd & Kenny, 1981)

                                                                            (4)𝑌0 = 𝛽01 + 𝜏𝑋 + 𝜀1

                                                                    (5)𝑌0 = 𝛽02 +  𝜏'𝑋 + 𝛽𝑋𝑀 + 𝜀2

                                                             (6)𝑋𝑀 =  𝛽03 + 𝛼𝑋 + 𝛽𝑋𝑀 + 𝜀3



Total effects consist of all paths from one variables to another mediated by at least one additional 
variable (Bollen, 1987). In other words, total effects are equal to the sum of the direct and 
indirect path effects (MacKinnon, et al., 2004) as shown in Figure 1 and Equation 7-8. 

                                                            (7)𝐷𝑖𝑟𝑒𝑐𝑡 𝐸𝑓𝑓𝑒𝑐𝑡 =  𝜏'

                                                          (8)𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝐸𝑓𝑓𝑒𝑐𝑡 =  𝛼𝛽

                                                         (9)𝑇𝑜𝑡𝑎𝑙 𝐸𝑓𝑓𝑒𝑐𝑡𝑠 =  𝛼𝛽 +  𝜏'

45

Mediator
𝑋𝑀

Independent 
Variable

𝑋

Dependent 
Variable

𝑌0

𝛼 𝛽

𝜏'

Figure 1: Visual depiction of path effects of a mediated model.



Calculation of indirect and total effects 

Path of interest: pr_AME → pr_IS → pr_SB

Path of interest: pr_SciRes → pr_AME → pr_IS

Path of interest: pr_SciRes → pr_AME → Exam 1

Path of interest: pr_AME → pr_IS → Exam1
Pathway Estimat

e
Boot S.E Boot LLCI Boot ULCI

Direct 
pr_AME --> Exam1 -0.040 0.015 -0.068 -0.011

Indirect -0.013 0.006 -0.025 -0.002
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Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_AME --> pr_SB -0.060 0.063 -0.193 0.070

Indirect 
pr_AME --> pr_IS --> pr_SB -0.146 0.039 -0.231 -0.080

Total Effects -0.205 0.065 -0.341 -0.087

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_SciRes --> pr_IS 0.037 0.354 -0.143 0.218

Indirect 
pr_SciRes --> pr_AME --> 
pr_IS

-0.88 0.156 -0.179 -0.020

Total Effects -0.051 0.394 -0.257 0.145

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_SciRes --> Exam1 -0.021 0.049 -0.046 0.004

Indirect 
pr_SciRes --> pr_AME--> 
Exam1

0.007 0.016 0.001 0.017

Total Effects -0.014 0.050 -0.040 0.011



pr_AME --> pr_IS--> Exam1
Total Effects -0.053 0.012 -0.078 -0.028

Path of interest: pr_IS → PA → Exam1

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_IS --> Exam1 -0.025 0.011 -0.046 -0.003

Indirect 
pr_IS--> PA --> Exam1 -0.009 0.003 -0.015 -0.003

Total Effects -0.033 0.011 -0.055 -0.011

Path of interest: pr_SciRes → pr_AME → Final Exam

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_SciRes --> Final Exam 0.009 0.009 -0.008 0.027

Indirect 
pr_SciRes --> pr_AME--> 
Final Exam

0.005 0.002 0.000 0.011

Total Effects 0.014 0.009 -0.004 0.033

Path of interest: pr_AME → pr_IS → Final Exam

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_AME --> Final Exam -0.014 0.006 -0.027 -0.002

Indirect 
pr_AME --> pr_IS--> Final 
Exam

-0.048 0.019 -0.083 -0.010

Total Effects -0.062 0.016 -0.093 -0.029

Path of interest: pr_IS → PA → Final Exam

Pathway Estimat
e

Boot S.E Boot LLCI Boot ULCI

Direct 
pr_IS --> Final Exam -0.009 0.003 -0.016 -0.003

Indirect -0.036 0.011 -0.048 -0.004
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pr_IS--> PA --> Final Exam
Total Effects -0.036 0.011 -0.058 -0.013
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