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Abstract

We examined data from the popular free online 45-item “Vocabulary 1Q Test” from
https://openpsychometrics.org/tests/VIQT/. We used data from English natives (n =
9,278). Item response theory analysis (IRT) showed that most items had substantial
g-loadings (mean = .59, sd = .22), but that some were problematic (4 items being lower
than .25). Nevertheless, we find that using the site’s scoring rules (that include penalty
for incorrect answers) give results that correlate very strongly (r = .92) with IRT-derived
scores. This is also true when using nominal IRT. The empirical reliability was estimated
to be about .90. Median test completion time was 9 minutes (median absolute deviation
= 3.5) and was mostly unrelated to the score obtained.

The test scores correlated well with self-reported criterion variables educational
attainment (r = .44) and age (r = .40). To examine the test for measurement bias, we
employed both Jensen’s method and differential item functioning (DIF) testing. With
Jensen’s method, we see strong associations with education (r = .89) and age (r = .88),
and less so for sex (r = .32). With differential item functioning, we only tested the sex
difference for bias. We find that some items display moderate biases in favor of one sex
(13 items had p,rroni < -0 €vidence of bias). However, the item pool contains roughly
even numbers of male-favored and female-favored items, so the test level bias is
negligible (|d| < 0.05). Overall, the test seems mostly well-constructed, and
recommended for use with native English speakers.

Keywords: cognitive ability, intelligence, online testing, vocabulary,
openpsychometrics.org, sex difference, measurement invariance, differential item
functioning, Jensen’s method, method of correlated vectors, sex bias

Introduction

Online psychological testing is popular. Unfortunately, there is a lack of validation of most
online tests. This is also true for cognitive ability tests. The main exception is the ICAR
(International Cognitive Ability Resource), which has seen extensive validation studies
(Condon & Revelle, 2014; Dworak et al., 2020; Merz et al., 2020; Young et al., 2019).
Various national Mensa websites provide free figure reasoning tests (Raven-like) that
provide IQ-normed results, but with unknown psychometric properties and norm data.?
Here we examine a lesser known test simply called “Vocabulary IQ Test”, which is
available at https://openpsychometrics.org/tests/VIQT/. This is a 45-item multiple choice
vocabulary test. The test origins or construction details are not given on the site, but this
is presumably a newly developed test considering that the website brands itself as open

' The ICAR test is widely available for public use:
mmmam@mmmsummm https://www.idrlabs.com/ig-16/test.php,

2There is generally a Mensa group in each country, and many of them provide their own online

screening or “for fun” tests. Examples: Denmark https://mensa.dk/igtest/, Norway
https://test. mensa.no/, Sweden https://www.mensa.se/bli-medlem/provtest-r1/, Romania
https://mensaromania.ro/testari-mensa/test-online/.
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source. The response format is the select-2-of-5 format, a somewhat unusual format
(e.g., not covered in introduction books such as Kline, 2015). Figure X shows a
screenshot of the test with the first item shown.
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Figure X. First item and test instructions.

The purpose of the present study was to examine the psychometric properties of this
test, as well as a limited exploration of the related data.

Data

Data for 12,173 persons are publicly available at the data page
(https://openpsychometrics.org/_rawdata/). To reduce language bias, we only used data
from persons who reported they were English native speakers. Inspection of the
histogram of correct responses showed a small (<1%) lump of persons with near zero
scores. These are users that click through the test for test purposes. We removed
subjects with scores below 10 (less than 1%). The final sample had n = 9,278 subjects.
Of these, 4,603 (49.6%) were female, and 4,286 (46.2%) were male. The remainer did
not disclose their sex or reported “Other”. Aside from the 45 test items, the dataset also
contains age, nationality, 25 items from a Big Five personality test, and the amount of
time spent. Time spent was given in seconds. It had extreme skew (some people leave
the browser tab open for days before completing it), and it was converted to minutes and
winsorised to a maximum of 120 minutes. The personality data were not used in the
present study.

All data and code output are available in the supplementary materials.

Results
The select-2-of-5 format of the data is mathematically equivalent to the select-1-o0f-10
format because there are 10 ways to pick 2 out of 5 without duplication and order (i.e.,


https://openpsychometrics.org/_rawdata/

(5*4)/2). By having people select two options, however, it is more space efficient than
enumerating the pairwise options and having the subject read 10 response options. The
site’s approach to scoring the test is to convert the responses to dichotomous
correct/incorrect format, and then sum the correct responses subtracted by the incorrect
responses. A more advanced approach involves using item response theory (IRT) on the
dichotomized items and then scoring the persons using the resulting model. However, a
further refinement is to employ categorical/nominal IRT (Storme et al., 2019; Suh & Bolt,
2010). In this approach, each response is allowed to have its own relationship to the
underlying trait. The benefit of this approach comes from the fact that the different
distractors (incorrect response options) do not have the same expected trait levels, that
is, some responses are more obviously incorrect than others, and this variation can be
used for more precise or prediction scoring of persons given sufficient sample size (for a
machine learning example, see Cutler et al., 2019). Here we scored the test data using 4
methods, 1) sum of correct responses, 2) sum of correct minus incorrect, 3)
dichotomous/binary IRT using 2PL (2-parameter logistic), 4) categorical/nominal IRT
using 2PLNRM (2-parameter logistic nominal response model) (Suh & Bolt, 2010).2 In
every case, the data were modeled as unidimensional. This score is best considered an
approximation of the general intelligence factor (g) but with some influence by an
orthogonal verbal ability. The IRT analyses were done using the mirt package for R
(Chalmers et al., 2020). Table X shows the correlations between cognitive scores and
criterion variables.

Sum Sum IRT IRT cat | Educati | Age Time
score score binary on spent
penalty
Sum 1.00 0.95 0.97 0.96 0.43 0.38 -0.02
score
Sum 0.95 1.00 0.92 0.87 0.42 0.35 -0.02
score
penalty
IRT 0.97 0.92 1.00 0.99 0.44 0.40 -0.02
binary
IRT cat | 0.96 0.87 0.99 1.00 0.44 0.40 -0.02
Educati | 0.43 0.42 0.44 0.44 1.00 0.35 0.00
on
Age 0.38 0.35 0.40 0.40 0.35 1.00 0.02
Time -0.02 -0.02 -0.02 -0.02 0.00 0.02 1.00

3 We also tried other item models available in mirt's mirt() function, namely nominal, graded,

gpcm, and gpcmlIRT. These all produced worse results than 2PLNRM. See the mirt
documentation for details of implementation. https:/rdrr.io/cran/mirt/man/mirt.html
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Table X. Correlations between test scores and criterion variables. IRT = item response
theory.

The various scoring methods produced scores that were very strongly correlated, r's .87
to .99. The two more advanced scoring methods produced slightly stronger correlations
with the criterion variables. Notably, the penalty method produced the weakest results,
perhaps due to being confounded with guessing strategies that are not much related to
cognitive ability. Since the two IRT methods produced equivalent results, we chose the
simpler binary version for further analysis.

In terms of reliability, Cronbach’s alpha was .90, and the empirical reliability of the IRT
scores was also about .90 (.89 for binary IRT, .90 for categorical IRT; see empirical_rxx()
function for details).

With regards to time spent, it is possible there could be nonlinear associations. Figure X
shows the scatterplot.
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Figure X. Scatterplot of time spent and obtained score. Nonlinear fit provided by LOESS.

While there was some evidence of a nonlinear non-monotonic trend, it was too small to
care about. With regards to sex differneces, males obtained higher scores, as shown in
Figure X.
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Figure X. Density-histogram of scores by sex.

Quantitatively speaking, the male advantage is 0.28 Cohen’s d [95CI: -0.32 to -0.23, p <
.0001]. While men had higher scores, women had higher dispersion, with standard
deviations of 0.97 and 1.01, respectively. However, this female-advantage in dispersion
may be a function of the test ceiling, as more men than women obtained perfect scores
(3.1% vs. 1.6%, and 2.4% of all subjects). To examine whether some of this gap may be
due to test bias, we carried out differential item functioning (DIF) testing using the
functions provided by mirt.* This approach involves doing an initial leave-one-out run to
look for items that show detectable DIF as compared to the other items as anchors.
Then, in the second step, letting these items be freely estimated for each sex, using the
remaining items as anchors (these are assumed to be unbiased). Finally, the total tests
can be scored as scored using the invariant or partially invariant models (Meade, 2010)
which will show the degree to which the items with bias impact the test scores. The
results show negligible test level bias, with estimates of -0.04 and 0.03 (positive values
means male-favored), depending on a multiple testing adjustment (bonferroni) or not.
Figure X shows the item functions.

4 Specifically, we followed the approach by the package developer, as presented in two

workshops (Chalmers, 2015a, 2015b). We emailed Chalmers in May 2020 to ask if the
approach was still considered fine, and he affirmed that it is.



Item trace lines

6420246 6420246 6420246 6420246
R 0 T WO I T T T P Y O O
wnm E L] 30 40 ham 41 w42 LOeE] 44 T —
10 - — R - — s — K
7 - ¥, F
08 o f Ilr i | v / F
) { !
06— | | i | / -
[ f | / I
04 ! | | ! /! r
/ / f / /
02+ / f | L
e B o il i _— o/ e eV - L
e 78 Tem 28 T30 Tem 31 em 32 e 33 TEm 34 e 35 Fem_35 |
1 p—— p— e — —— —_— —— — — [ 10
1 [ / / \'[ | r'/ "'f o8
1 Iu' / | I f .' Fos
I Il / |
4 f i | I / f o4
| i | i | {
&\ / / / | / | oz
41__ i A et wantd - - |
fem 19 Tem 20 21 Tem 22 Tem 23 e 24 TEm 25 Tem 26 em_27 |
104 — — o — - — —
4 : y [
08 f i / V. L
= 06 Iu' / y I: 1) L ca[% MFer‘naIe
= 3 / catl:Male
a4 [ / ‘| Fi L
|
0.2+ ) ! / F
S — - T = e T L
e 10 TEm 1L e 12 Tem 13 TEm 14 TEm 15 TEm 16 e 17 Fem 18
- o - - - — e — — — 10
[ i / s | a ¢l
/ f | / /, ,uf .
4 / |
/ I\' | ! | / o6
1 | / ' / / [oe
1 / / 4 i ! 4 | o2
4 ot i . |
TEm 1 Tem 2 TEem 3 TEm 4 TEm & Em & TEm 7 Tem @ Tem 3
o — - — i s = 2 =
-~ Vs - - -
ol b / Ve / / / f L
4 I | - L
a / .‘ "
047 { / I| o =
02+ }II /f / F
dod o il T — ¥ L
L5 LA 0 e B o 0 O T I 0 S G 0 o
6420246 6420246 6420246 6420246 6420246

Figure X. Item response functions by sex.

It can be seen that some items are more informative than others (have a greater maximal
slope), and that some show notable sex bias (when the lines are not overlapping, e.g.,
item 37 has male-bias). Table X provides item-level information.

Item Pass Difficulty Discriminati Loading Male d Male Ager Education Time
rate on bias r spentr

1 0.99 -5.13 0.51 0.29 -0.06 0.00 -0.06 0.05 -0.21

2 0.94 -3.87 1.66 0.70 0.36 0.00 0.24 0.20 -0.09
3 0.99 -4.99 0.67 0.37 -0.04 0.00 -0.01 0.06 -0.21

4 0.50 0.02 0.71 0.38 0.20 0.00 0.11 0.22 0.01

5 0.98 -4.29 0.70 0.38 0.04 0.00 0.10 0.06 -0.11
6 0.85 -2.96 2.25 0.80 0.24 0.00 0.31 0.38 -0.05
7 0.49 0.04 0.12 0.07 0.00 0.00 -0.09 -0.05 -0.02
8 0.85 -2.88 2.09 0.77 0.05 -0.23 0.34 0.38 -0.01
9 0.83 -2.47 1.95 0.75 0.33 0.12 0.33 0.40 -0.02
10 0.97 -3.40 0.40 0.23 0.21 0.00 -0.12 0.01 -0.05
1" 0.99 -4.68 0.83 0.44 0.11 0.00 0.01 0.14 -0.07
12 0.92 -4.00 2.26 0.80 0.14 0.00 0.34 0.42 -0.02




13 0.90 -3.48 2.10 0.78 0.02 -0.25 0.20 0.22 -0.06
14 0.98 -4.18 1.00 0.51 0.15 0.00 0.08 0.09 -0.07
15 0.85 -2.09 1.13 0.55 0.35 0.00 0.25 0.25 -0.02
16 0.97 -3.53 0.29 0.17 0.07 0.00 -0.08 0.00 -0.03
17 0.99 -5.81 1.36 0.62 -0.07 0.00 0.06 0.16 0.01
18 0.58 -0.43 1.43 0.64 0.41 0.31 0.30 0.34 0.01
19 0.65 -0.90 1.59 0.68 -0.05 -0.42 0.40 0.36 0.02
20 0.80 -2.43 2.30 0.80 0.17 0.00 0.33 0.34 0.00
21 0.58 -0.60 2.26 0.80 -0.13 -0.50 0.40 0.39 -0.05
22 0.98 -4.39 1.01 0.51 0.17 0.00 0.08 0.24 0.01
23 0.97 -3.51 0.61 0.34 0.09 0.00 -0.04 0.04 0.02
24 0.92 -4.64 2.79 0.85 0.07 -0.18 0.33 0.38 -0.01
25 0.61 -0.52 0.91 0.47 0.27 0.00 0.13 0.28 -0.01
26 0.91 -2.27 -0.01 -0.01 0.05 0.00 -0.12 -0.07 -0.01
27 0.31 1.43 2.22 0.79 0.35 0.10 0.28 0.39 0.00
28 0.69 -1.35 2.09 0.78 0.32 0.00 0.42 0.45 -0.03
29 0.86 -2.31 1.33 0.61 0.47 0.45 0.12 0.23 0.00
30 0.89 -2.52 1.05 0.52 0.00 0.00 0.12 0.23 -0.04
31 0.99 -5.24 0.86 0.45 0.15 0.00 -0.03 0.01 0.00
32 0.94 -2.79 0.52 0.29 0.03 0.00 -0.06 0.05 -0.03
33 0.89 -3.71 249 0.83 0.29 0.00 0.40 0.46 0.00
34 0.82 -2.89 2.54 0.83 -0.03 -0.32 0.40 0.42 -0.03
35 0.77 -1.59 1.33 0.61 0.13 0.00 0.43 0.45 0.02
36 0.58 -0.47 1.80 0.73 0.12 0.00 0.41 0.41 0.00
37 0.92 -4.10 2.33 0.81 0.57 0.32 0.29 0.34 0.02
38 0.43 0.41 1.65 0.70 0.40 0.00 0.39 0.31 0.04
39 0.79 -2.14 1.96 0.76 0.12 0.00 0.33 0.36 0.00
40 0.52 -0.15 1.76 0.72 0.37 0.00 0.22 0.43 0.02
41 0.72 -1.66 2.21 0.79 0.46 0.23 0.24 0.32 -0.07
42 0.61 -0.76 2.08 0.77 0.22 0.00 0.37 0.37 -0.01




43 0.31 1.24 1.90 0.74 0.10 -0.20 0.34 0.37 0.00

44 0.50 0.01 0.94 0.48 0.19 0.00 0.20 0.31 0.03

45 0.80 -1.54 0.81 0.43 0.16 0.00 0.23 0.25 -0.02

Table X. Item statistics. _r means latent correlation with that variable (biserial;
(Uebersax, 2015)).

Of the 45 items, not all are good items, as scored using the site’s key. The mean
g-loading is .59 (SD = 0.22). 4 items (7, 10, 16, and 26) had g-loadings below .25, and 1
below 0. These items should be revised or replaced.

Of the 45 items, 13 showed evidence of sex-bias (Pyoeroni < -05). However, because the
direction bias was symmetric around 0 (6 and 7 items), essentially no test level bias was
seen. The distribution of item sex-bias is shown in Figure X.
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Figure X. Density-histogram of item sex-bias. The vertical line shows the mean.

Jensen’s method (also called method of correlated vectors; (Dragt, 2010; Jensen, 1998))
is an alternative and simpler approach to examining the influence of latent variables. For
any given scale, there are always a number of latent sources of variance, which may
have different relationships to criterion variables. In the case of cognitive data, much
research has been concerned with the relative influence of the general factor of
intelligence (g) related to other sources of variance (non-g) (Fernandes et al., 2014; te
Nijenhuis et al., 2014; te Nijenhuis & van der Flier, 2013; Michael A. Woodley of Menie et



al., 2019). By theory, if g is the cause of the relationship between test scores and some
criterion variable, then the items that are better measures of g should show stronger
associations with that criterion variable. Figure X shows the scatterplots for the 4 criterion
variables, and Table X shows the correlations between the item-level variables.
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Figure X. Jensen’s method applied to 4 criterion variables. Correlations are .88, .89, .32,
and .25, respectively, for age, education, male, and time spent.

Pass rate Difficulty Discrimination Loading Male d Male bias Ager Education r Time
spentr
Pass rate 1 -0.95[-0.97 -0.23 [-0.49 -0.25[-0.51 -0.24 0.09 -0.43 -0.45[-0.66 -0.43
-0.91] 0.07] 0.05] [-0.50 [-0.21 [-0.65 -0.18] [-0.64
0.06] 0.37] -0.16] -0.15]
Difficulty -0.95 1 0.13[-0.17 0.15[-0.15 0.26 -0.05 0.40[0.12 0.40[0.12 0.46[0.19
[-0.97 0.40] 0.42] [-0.03 [-0.34 0.62] 0.62] 0.67]
-0.91] 0.52] 0.25]
Discrimination -0.23 0.13[-0.17 1 0.97 [0.94 0.27 -0.17 0.85[0.75 0.86 [0.76 0.23
[-0.49 0.40] 0.98] [-0.02 [-0.44 0.92] 0.92] [-0.07
0.07] 0.52] 0.13] 0.49]
Loading -0.25 0.15[-0.15 0.97 [0.94 0.98] 1 0.32[0.03 -0.13 0.88[0.79 0.89[0.81 0.25
[-0.51 0.42] 0.56] [-0.41 0.93] 0.94] [-0.04
0.05] 0.17] 0.51]
Male d -0.24 0.26 [-0.03 0.27 [-0.02 0.32[0.03 1 0.71[0.53 0.27 0.34[0.05 0.33[0.04
[-0.50 0.52] 0.52] 0.56] 0.83] [-0.02 0.57] 0.57]
0.06] 0.52]




Male bias 0.09 0.05[-0.34 | -0.17[-0.44 -0.13[-041 | 071053 | 1 0.22 -0.13[-0.41 0.07
[-0.21 0.25] 0.13] 0.17] 0.83] [-0.48 0.17] [-0.23
0.37] 0.08] 0.35]

Ager 043 0.40[0.12 0.85[0.750.92] | 0.88[0.79 | 0.27 022 1 0.94 [0.90 0.35[0.07
[-0.65 0.62] 0.93] [-0.02 [-0.48 0.97] 0.59]
-0.16] 0.52] 0.08]

Education r 045 0.40[0.12 0.86[0.76 0.92] | 0.89[0.81 0.34[0.05 | -0.13 0.94[0.90 | 1 0.39[0.11
[-0.66 0.62] 0.94] 0.57] [-0.41 0.97] 0.61]
0.18] 0.17]

Time spent r 043 0.46 [0.19 0.23 [-0.07 0.25[-0.04 | 0.33[0.04 | 0.07 0.35[0.07 | 0.39[0.11 1
[-0.64 0.67] 0.49] 0.51] 0.57] [-0.23 0.59] 0.61]
-0.15] 0.35]

Table X. Item-level variables correlation matrix (45 items). Values in brackets are 95%
confidence intervals.

The relationships for age and education are very strong. The relationship to male d is
comparatively weaker, despite the results of the DIF analysis finding that the gap was not
due to test bias. Our interpretation is that the biased items upset the relationship to the
g-loadings. To test this, we carried out regression analysis and included the estimated
bias from DIF. Results are shown in Table X.

Predictor/Model Simple | Add difficulty | Add bias

Intercept 0.03 0.09 (0.076) 0.07 (0.043)
(0.066)

loading 0.24 0.21 (0.105) 0.28 (0.060***)
(0.106)

difficulty 0.02 (0.013) 0.02 (0.007**)

male_bias 0.77 (0.081***)

R2 adj. 0.083 0.111 0.717

N 45 45 45

Table X. Regression models for item analysis (Jensen’s method extended). Regression
variables not standardized. * = p < .01, ** = p <.005, *** = p < .001.

The regression results confirm the hypothesis. The sex-biased items are outliers in the
plot, and including their estimated bias results in a well fitting model (model adj. R2 =
72%). Figure X shows the item scatterplot with biased items marked.
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Figure X. Jensen’s method on items for male advantage, with colors for DIF estimated
item bias.

It can be seen in the plot that the outlying items with strong g-loadings are colored in the
expected ways, with male-biased items above the regression line, and female-biased
below.

Discussion

There were multiple findings of note. First, despite a few poor items, the test works well.
The correlations to self-reported educational attainment and age were expected, as were
the positive Jensen’s method results for these (Dragt, 2010; Strenze, 2015). The
reliability was good, estimated around .90 across methods. As such, the test can be
recommended for public use. Here it should be noted that the norms are unknown.
Under the assumption that they are based on the test takers, they are possibly
inaccurate insofar as test takers are not representative of the general population. They
may be smarter or duller, or have practiced the test more, or cheated by looking up the
word definitions during the test (Cavanagh, 2014). To acquire better norm data, it is
necessary to administer the test to a large representative population.

Second, we examined the test for sex bias using DIF testing. On this test, males
obtained somewhat higher scores, d = 0.28 (4.2 IQ points). Such differences are in line
with numerous other findings in adults (Lynn, 2017). We found evidence of sex bias in 13
of the 45 items. However, the directions of bias were roughly balanced (6 and 7 items)
such that the test level bias was near zero. Using the test to compare scores of men and
women is thus not an issue. We also employed the simpler Jensen’s method approach
and found that the results were congruent with the DIF testing results. Jensen’s method
showed a positive slope for g-loading and male advantage on an item, and when the



effect of item bias was removed, the model fit very well (adj. R2 = 72%). Jensen’s
method yields very strong results for education and age, indicating older and more
educated persons have greater vocabularies related to the general factor of the test. This
finding is in line with prior results using test-level analysis (Dragt, 2010). With regards to
Jensen’s method and item-level data, some prior studies have used suboptimal metrics
(e.g. Al-Shahomee et al., 2017; Rushton J. Philippe et al., 2007), spawning a long list of
critical papers (Wicherts, 2017, 2018a, 2018b; Wicherts & Johnson, 2009). Instead of
using the difficulty, pass rates were used, which are nonlinear. Instead of g-loadings,
item-whole point-biserial correlations were used, which are affected by the pass rate.
Because of this, items with pass rates close to 0.50 have higher ‘g-loadings’, and these
are the same items that have larger group gaps when measured in pass rates since a
difference in latent ability of e.g. 1 d has the larger pass rate difference for an item when
the overall pass rate is closest to 0.50. This confounding this spuriously positively affects
the resulting correlations. This present study did not use these faulty metrics and is thus
unaffected by the criticism in those papers (see also Michael Anthony Woodley of Menie
et al., 2020 for another study using this approach).

Third, we find that the site’s scoring approach of summing correct answers and
subtracting the incorrect ones is inferior to using the simpler approach of summing
correct answers only. Furthermore, using an IRT scoring approach is slightly superior to
both of these simpler approaches. However, we find that using the full categorical data is
not better than using the dichotomized data (Storme et al., 2019). It is thus suggested
that the website also adopt a dichotomous IRT approach for scoring in conjunction with
the sum of correct responses approach, given its ease of understanding. The current
scoring rule that subtracts points for incorrect answers is suboptimal.
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