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Wright Maps have been an important tool in promoting meaning making about measurement results for 
measurement experts and substantive researchers alike. However, their potential to do so for latent regression 
results is underexplored. In this paper, we augmented Wright Maps with hypothetical group mean locations 
corresponding to realistic scenarios of interest. We analyzed data from an instrument measuring cognitive 
load experienced by medical fellows and residents while performing inpatient consults. We focused 
on extraneous load (EL: i.e., distraction) and variables potentially associated with distraction. Through 
collaborative examination of the Wright Map, we found not only corresponding regions to construct levels 
but also a region with important practical consequences, namely that the third threshold represented a critical 
level of cognitive load, which could impact patient care. We augmented the Wright Map with the locations 
of two typical scenarios differing only in novelty of the consult, representing the lowest and highest levels of 
novelty, respectively. These group locations were plotted on the Wright Map approximately 1.5 logits apart, 
allowing for a kind of visual relative effect size, as this difference can be perceived relative to other features 
of the Wright Map. In this case, both scenarios were within the same band of the Wright Map, leading to 
the practical interpretation; although EL was significantly increased, the risk of cognitive overload was not. 
However, because of the problematic nature of the third threshold, a 1.5 logit difference does not have the 
same practical consequences along the entire scale; other realistic scenarios with increased initial EL are 
possible, where increased novelty could lead to cognitive overload. This area of visualization techniques, 
along with a combinatorial view of a multiple-regression analysis, could be helpful in other substantive and 
practical contexts, and with more complex regression models.

Keywords: Latent regression, Wright map, item-response theory, visual relative effect size, combinatorial 
interpretation

Making Multiple Regression Narratives Accessible

Wright Maps, aka item-person maps 
(Embretson, 1996), are “central tool[s]” 
(Wilson, 2017, p. 80) to understand the 
dynamics of different types of cognition being 
modeled using Rasch family models (Adams et 
al., 1997; de Boeck & Wilson, 2004; Masters, 
1982; Wright & Mok, 2004). They have been 
applied to latent variables (Borsboom, 2005) 
as diverse as sense of belonging (Stachl & 
Baranger, 2020), inferential thinking (Blum et 
al., 2020), and social skills (Jolin & Wilson, 
2022). Item-person maps for different variables 
often look different. The unique appearance of, 
and patterns suggested by, each item-person 
map serve as a springboard for meaningful 
interpretation of the variable being modeled.

An essential ingredient to producing an 
item-person map is the use of a Rasch-family 
model. Such an analysis, whether using a 
dichotomous model such as Rasch’s simple 
logistic model (Rasch model; Rasch, 1980) or 
a polytomous model such as the partial credit 
model (PCM; Masters, 1982), produces a table 
of numeric coefficients for items (often called 
“difficulties” in achievement contexts) and 
numeric coefficients for persons (often called 
“abilities” in achievement contexts). Critically, 
if the model fits, these coefficients (whether for 
persons or items) can be interpreted as being 
on the same scale. Note that this scale is an 
interval scale (Stevens, 1946), so the origin 
(or “zero”) of the scale is arbitrary. These 
coefficients are only interpretable relative to 
each other: the differences between coefficients 
are what matter, rather than their particular 
values. In an achievement context, items that 
have numerically higher difficulty (relative to 
other items) are considered “harder” items, and 
persons with a numerically higher proficiency 
(relative to other persons) are considered to 
demonstrate having more of the construct being 
modeled. The inverse applies to numerically 
lower item difficulties (“easier” items) and 
numerically lower proficiencies (respondents 
having less  of  the construct) .  Numeric 
differences between person parameters and 
item parameters are a function of the relative 
probability of a “correct” response to the item (in 

an achievement context; other interpretations 
of “1” vs. “0” apply in other contexts). We will 
discuss the nature of this function in detail in 
the Methods section.

However, looking at a series of tables and 
comparing numerical values across respondents 
and items can be cumbersome, especially if 
there are a lot of respondents and items. The 
quantity of interpretations to be made may be 
overwhelming, making patterns hard to discern. 
For example, imagine a list of cities along 
a particular highway with the mile marker 
numbers for each city. One could technically 
compute a large number of distances from the 
differences between all the mile markers, but it 
would be a lot easier to look at a visualization 
of those between cities on a map. A map could 
lower the cognitive load of interpreting these 
relative distances and allow a perception 
of the locations of the cities. Note that for 
a visualization to be considered a map, it is 
necessary that the underlying scale be at least 
interval.

Benjamin Wright was a big champion of the 
item-person map as a visualization technique. 
Because of his contributions both in advancing 
item map techniques, and in promoting their use 
as a central tool in interpreting measurement 
results, item maps are often called “Wright 
Maps” (Wilson, 2017, p. 80) in his honor. A 
Wright Map begins with the vertical axis as 
a “ruler” representing a useful range of the 
interval scale (in logits) generated by the Rasch 
analysis. The person coefficients are plotted 
to the left of the ruler, often as a histogram. 
In the dichotomous case, the item coefficients 
are plotted to the right of the ruler; in the 
polytomous case, Thurstonian thresholds are 
plotted instead. Either way, various horizontal 
arrangements of the items are possible. This 
visualization, through the metaphor of a map, 
affords the interpretation of these coefficients as 
locations.

If latent variables represent different types 
of cognition, generating a Wright Map can 
be seen as a sort of cognitive cartography. 
By doing so, one can visually perceive the 
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locations of items and respondents, as well as 
relationships between them. Furthermore, items 
can be arranged in various ways, and color-
coded for their types, helping to illuminate 
patterns of items relative to each other and to 
respondents (Zhao et al., 2023). For example, 
polytomous items can be arranged in order of 
increasing the threshold location (e.g., Zhao et 
al., 2023), or any other threshold of interest. 
This allows inferences to be made not only 
by methodologists but also by substantive 
researchers, leading to rich interdisciplinary 
conversations, potentially generating new 
research ideas.

Regression analysis is often used to address 
substantive questions in many disciplines, 
as well as to provide validity evidence for 
measurement instruments,  for example, 
evidence related to relationships with other 
variables (American Educational Research 
Association et al., 2014). If the dependent 
variable is latent, then a latent regression (de 
Boeck & Wilson, 2004) is more appropriate 
because, while linear regression accounts 
only for sampling error, latent regression also 
accounts for the measurement error inherent 
in the use of a latent variable. As with linear 
regression, both simple and multiple latent 
regression are possible.

In a simple regression (i.e., on a single 
variable), the regression coefficient is much 
easier to interpret than the coefficients in a 
multiple regression. For example, in a simple 
(latent) regression context, one could say that 
for every one-unit increase in the regressor, 
respondents are estimated to have, on average, 
a certain increase (or decrease) in the latent 
variable, based on the estimated regression 
coefficient. But often researchers want to 
control for other independent variables when 
estimating the effect of their variable of interest, 
or they may be interested in the effects of 
multiple independent variables. Either way, a 
multiple (latent) regression analysis is needed. 
When this is done, the effects of each of the 
regressors must be interpreted as the effect of 
that variable alone, when “holding the other 
variables constant.”

But what does this mean? Technically, 
this means that the regression is comparing 
the average of the independent variable when 
the regressor in question differs, but the values 
of the other regressors do not. But this is a 
highly decontextualized view of the variables, 
considering each variable in isolation, without 
considering the cumulative effect of all the 
regressors on the dependent variable. This 
decontextualized view may be sufficient for 
purely academic research (e.g., publishing a 
paper on the effect of a variable), but making 
use of such research is another matter. In a 
practical context, values of dependent variable 
often represent people; practitioners, therefore, 
will be interested not only in the effect of one 
variable in isolation but also in the effect of that 
variable for a particular person, considering 
the context implied by the values of the other 
variables in a combinatorial fashion. Consider 
an example where the effect of a dichotomous 
regressor X1 is estimated to be a two-unit 
increase in the dependent variable Y. Depending 
on the values of the other regressors, this might 
mean that Y changes from 2 to 4 or from 8 to 
10. However, the dependent variable Y may 
have a non-linear effect on the real world (for 
example, 9 might be a critical level for Y). 
Examples of this can be diverse as stress (a 
slightly increased stress may matter more for 
a patient who is already stressed) and end-of-
year exams (a slightly higher math score may 
allow a student who is almost proficient to pass 
while making little difference for a student 
who is much further behind); recognizing this 
type of situation requires the perspective of 
substantive researchers in the discipline and 
also, sometimes, of practitioners.

This is the situation we address in this 
paper: just as Wright Maps help facilitate 
in terd isc ip l inary  d iscuss ions  around a 
measurement context, they also can help one 
understand results from latent regression—but 
how? There are two features that are central to 
this method: (a) that the regression coefficients 
are decontextualized because they represent 
the effect of each regressor in isolation, and (b) 
that the regression coefficients are in logits (i.e., 

they are differences in locations on the logit 
scale). 

An i l lus t ra t ive  case  is  provided by 
(Brondfield et al., 2021), which measures three 
types of cognitive load in medical fellows 
providing inpatient consults, and then examines 
the effects of several contextual variables on 
these types of cognitive load (see methods for 
more in-depth details of the study). For purposes 
of this paper, we focus on one type of cognitive 
load, extraneous load (i.e., distraction), and 
four predictor variables: the fellows’ self-rated 
expertise relative to the consult, their self-
rated evaluation of the novelty and difficulty of 
the consult, and the number of prior consults 
the fellow has done during that shift. This is a 
particularly illustrative example because the 
authors of that study were interested not only 
in the isolated effects of each variable but in 
their combined effect on the fellows’ extraneous 
load, since too much distraction is undesirable.

Research Question

How can we use a Wright Map to represent 
a holistic lens to interpret multiple regression 
analysis, rather than a silo lens, to make 
practical meaning? As applied to this case, how 
can a Wright Map be used to contextualize 
the results of a latent regression of extraneous 
load on expertise, novelty, difficulty, and 
prior consults in a way that is accessible and 
pragmatic to substantive researchers and 
practitioners?

Methods

Overview

As mentioned above, this is a secondary 
analysis of data collected as part of a study 
that was published in (Brondfield et al., 2021) 
investigating various types of cognitive load. 
In this paper, we focus specifically on one type 
of cognitive load, extraneous load (EL), and 
address both measurement issues and issues 
of substantive interpretation and practical 
application that become apparent during 
analysis and collaborative discussions centered 
on Wright Maps.

Materials

We used the four EL items from the Consult 
Cognitive Load instrument (Brondfield et al., 
2021). In that study, the instrument had good fit 
with no item fit statistics exceeding 1.33, and 
there was a consistent increase across mean 
location of respondents within each category, 
adding to an argument for the ordinal nature of 
the construct and its internal structure validity. 
Reliability estimates for this construct were 
0.78. These items, which we will call Item 1 
through Item 4, respectively, ask, using a four-
point Likert scale, ranging from (1) strongly 
disagree to (4) strongly agree. Each item has the 
same sentence stem, “During this consult…”. 
Item 1, interruptions distracted me; Item 2, 
thoughts or emotions that were unrelated to the 
consult distracted me (these could be positive 
or negative, work-related or not.); Item 3, 
extraneous, irrelevant, or redundant information 
(oral or written) distracted me; Item 4, 
“technology or equipment distracted me (these 
could be work-related or not. Exclude devices 
directly used to perform a procedure on the 
patient). For an abbreviated use of item names, 
Item 1 will be named “interruptions;” Item 2, 
“thoughts and feelings;” Item 3, “information;” 
Item 4, “technology.”

Response levels were recoded to 0, 1, 2, 3 
from 1, 2, 3, 4 to avoid empty categories. 

In terms of the relationship between 
predictor variables and the construct under 
investigation, Novelty of consult topic to the 
learner predicted higher EL, and number of 
prior consults during the shift predicted higher 
EL. The authors anticipated these results and 
the cognitive load literature (Sewell et al., 
2019).

Participants

Participants were fellows in several 
medical specialties at a large system of teaching 
hospitals in California (see Brondfield et al., 
2021). As found in Brondfield et al. (2021, 
p. 1735), “from March to September 2019, 
excluding July to avoid the transitional month, 
we emailed the survey to all 253 rotating 

Making Multiple Regression Narratives AccessibleBlum et al.



100 101

internal medicine fellows and psychiatry 
residents and fellows identified by their program 
directors at five University of California clinical 
campuses (Davis [n = 39], Irvine [n = 35], Los 
Angeles [n = 59], San Diego [n = 65], and San 
Francisco [n = 55]) and sent weekly reminders. 
As with the pilot, participants were asked to 
complete the survey within 24 hours of a new 
consult.”

Modeling

Software

Item-response models were fit using ACER 
Conquest Version 3 (Adams et al., 2012).

Model 1: The Partial Credit Model

The partial credit model (PCM; Masters, 
1982, 2016; Wright & Masters, 1982) was used 
to measure extraneous cognitive load. The 
formula is as follows for Equation 1:

θ δ

θ δ

θ δ
	 (1)

This is the Rasch-family model, so if it 
fits, it can be said to place the items and the 
respondents’ extraneous load on a common 
logit scale. However, PCM models polytomous 
items (items with more than two response 
levels). As can be seen from the left side of 
the equation, PCM models the probability that 
a person with EL of θ  will respond to item i 
at category m rather than any other category. 
An item with categories  (  
categories) will be characterized by  item 
parameters δ δ . These parameters are 
often called step difficulties because, as can be 
seen from exponential sums on the right side 
of the equation, they utilize adjacent-category 
logits. (This means, for example, that δ  is 
based on the odds of attaining Level 3 on item 
i, conditional on already having attained Level 
2 on the item). It is often more appropriate 
to compute and use Thurstonian thresholds 
for the Wright Map, as these thresholds have 

locations of the respondents and items. This 
adds a new layer of interpretation, allowing 
results from latent regression to be interpreted 
relative to the distribution of persons and 
especially relative to item thresholds.

How to Plot Multiple Regression Analysis 
on a Logit Scale: An Estimated Hypothetical 
Group Location

Results from regression analysis, latent 
regression included, are typically presented 
as a table of regression coefficients (usually 
including the intercept, though sometimes 
this is omitted) along with standard errors, 
p-values, confidence intervals, or some other 
indicator of statistical significance. This is a 
very information-dense and efficient way of 
presenting the results, providing a quick view 
of which regressors were statistically significant 
and some idea of the effect size of each 
regressor in isolation. However, as mentioned 
above, this is a decontextualized view, generally 
more suited to research purposes and less 
suited to bridging that research into practice. 
Recontextualizing latent regression results 
involves computing the cumulative effect of 
all the regressors (both those being viewed as 
“predictor” variables and those being viewed 
as “controls”) on the location of a person or 
group of people. While regression can be 
viewed either from an individual standpoint 
(using the full model, including the error term 
and its distribution) or a group standpoint 

(including the conditional mean), predictions 
from regression, because they involve only the 
linear predictor part of the model, are first and 
foremost about the means of subgroups (often 
hypothetical subgroups) of the population. It 
is this latter view that we follow: we compute 
means for two or more subgroups, then contrast 
these means in such a way that each contrast 
can show the effect of a variable of interest 
while keeping the others at specified values.

Selecting these values for all the variables 
in the model is another case where collaboration 
with substantive researchers and practitioners 
is important. These groups, defined by the 
values chosen, represent scenarios that are 
both realistic and different in ways that are of 
substantive interest. 

Collaborative Example

Since  a  key  par t  o f  th i s  method i s 
collaboration between measurement, substantive 
researchers, and practitioners, we conducted 
additional analyses on the (Brondfield et al., 
2021) data set, which has been a fertile ground 
for such rich collaborations. We ran the PCM 
for EL, followed by a multiple latent regression 
using a reduced set of predictor variables 
(compared to Brondfield et al., 2021): (a) 
Novelty, (b) Expertise, (c) Difficulty, (d) Year 
in the Program, (e) Prior Consults that day, and 
(f) Hours of Sleep, as predictor variables. These 
variables are described in Table 1.

cumulative-category semantics (e.g., based on 
the odds of attaining Level 3 or above on item i 
vs. Level 2 or below on that item). EL has four 
levels; see Brondfield et al. (2021) for the EL 
Construct Map and Wright Map for EL. 

Model 2: Latent Regression PCM

Latent Regression (de Boeck & Wilson, 
2004) can be seen as a special type of regression 
model which incorporates an item-response 
measurement model for the dependent variable 
or as a type of explanatory item-response model 
that uses regression to explain the effects of 
various predictors on the latent variable being 
measured. The formula for a Latent Regression 
PCM can be obtained from the PCM formula, 
by replacing θ  with a regression model as 
follows for Equation 2:

θ β β ε 	 (2)

In our case, J = 5; the five regressors are 
described in Table 1. In this equation,  
is person p’s value regressor j and β  is the 
fixed regression weight for that regressor. 
The intercept is β , and we assume that ε  is a 
normally-distributed error term, representing the 
residual EL after the effects of all the regressors 
on person  are accounted for.

Since latent regressions incorporate both 
a measurement model and a regression model, 
they are able to account for the sources of 
error modeled by each (i.e., measurement 
error and sampling error, respectively). When 
the dependent variable is latent, this is more 
appropriate than a regular multiple regression 
using score estimates from a measurement 
instrument since doing so treats these estimates 
as though they were observed variables.

Another advantage of using a latent 
regression is that the estimated coefficients for 
each regressor in a multiple regression analysis 
(the regression weights β β ), are in the 
same units as the measurement model (i.e., 
in the logits from the PCM). Accordingly, we 
can use the regression outputs, including the 
intercept, to plot them on the same scale as the 
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Table 1
Regression Variables

Item

Prior to this consult, how familiar were you with consults similar to 
this one?

Before you began this consult, what was your level of expertise with 
the primary [medical/psychiatric] issue in this consult?

How easy or difficult was this consult relative to others you’ve done 
[during your current fellowship]?

During the current workday or shift, how many other new consult 
requests (not including curbsides) did you receive prior to this one?)

How many hours of sleep did you get the night before you received this 
consult request (i.e., the night before this shift started)?

Scale

1-very familiar through
4-very unfamiliar

1-novice through
5-expert

1-very easy through
5-very difficult

Count

Hours

Variable

Novelty

Expertise

Difficulty

Prior consults

Hours of sleep
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We chose values of the predictor variables 
to contrast two realistic training scenarios: 
Scenario 1:	K e e p i n g  t h e s e  v a r i a b l e s 

cons tan t  wi th  the  fo l lowing 
values multiplied t imes their 
corresponding coefficient: Sleep 
(6 hours), Difficulty (3: about 
average), Expertise (3: competent), 
Prior Consults (their first consult 
of the day), and Set Novelty to (1: 
very familiar).

Scenario 2:	Keeping these same variables 
cons tan t  wi th  the  excep t ion 
of setting novelty to (4: very 
unfamiliar). 

We then used these variables in the (linear 
predictor portion of) the latent regression, along 
with the estimated regression coefficients, 
to generate predicted group means for these 
scenarios as follows:

β β β β β

β

β β β β

β β

β β β β

β β

This was to tease out the impact of novelty 
being extremely familiar or novel with other 
variables held constant.

Results

Model 1

The item and person locations shown 
in Figure 1 were estimated using Model 1 
(PCM). As noted above, the items are about 
interruptions (Item 1); thoughts or emotions 
(Item 2); extraneous, irrelevant, or redundant 
information (Item 3); and technology or 
equipment (Item 4). As seen on the right side 
of the figure, the second thresholds (“strongly 
agree” & “agree” vs. “disagree” & “strongly 
disagree”) of most items (except Item 1) 

were around 0 logits, and the third thresholds 
(“strongly agree” vs. “agree” and below) were 
around 3 logits. As both in Figure 1 and in 
Table 2, the second and third thresholds for 
Item 1 (about interruptions) were over 1 logit 
lower than the other three items, at −1.16 and 
1.37 logits, respectively. The distribution of 
persons (the histogram of “X”s) was roughly 
symmetrical around 0 logits, with about two-
thirds between −2 and 1.5 logits, but with a 
heavy upper tail with a few persons as high as 
5 logits (who were therefore not well measured, 
being distant from all the item thresholds).

In collaborative discussions around the 
Wright map, it became clear that the third 
threshold, the level at which respondents were 
equally likely to choose “strongly agree” 
versus any of the lower categories, was of 
particular importance. This was deemed to be 
a very undesirable level of EL, where the level 
of distraction could lead to concerns around 
patient safety. With Item 1 having the lowest 
third threshold (1.37 logits), it could be viewed 
as a canary in a coalmine: reaching this level of 
EL on even one item is problematic in and of 
itself and indicative of more serious problems 
to come.

Making Multiple Regression Narratives AccessibleBlum et al.

Figure 1
Wright Map for EL

Table 2
Thurstonian Thresholds From Model 1

Item 1

Item 2

Item 3

Item 4

1st

−3.80

−2.87

−3.31

−3.37

2nd

−1.16

0.32

−0.07

0.37

3rd

1.37

3.04

2.76

3.32

Thresholds

Model 2

For Model 2, Latent Regression PCM 
was fit with item parameters anchored to their 
values from Model 1. This ensures that the 
scales generated by the two models are the 
same, and thus, Figure 1 can still be used for 
interpretation. Note. *The original version of the Wright Map for EL can be found in the supplemental documents in Brondfield et al. (2021). 
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The locations for the two scenarios 
(−1.042 logits and 0.476 logits, respectively) 
are indicated in the two left columns of Figure 
1 (left of the person histogram). Additionally, 
horizontal bars across the Wright Map help 
show these locations relative to the person 
distribution and the item thresholds.

Contrasting Scenarios 1 and 2, we see 
that a three-unit difference in novelty (i.e., the 
greatest possible difference) is associated with 
approximately a 1.5 logit difference in EL, 
as expected from the regression coefficients. 
As seen in Table 2, the difference between 
successive thresholds (Thresholds 1 to 2 or 
Thresholds 2 to 3) is around 3 logits. Since we 
have an interval scale, such differences can be 
compared; we find the effect of novelty on EL 
is about half of the inter-level difference. The 
size of this difference on the Wright Map can be 
seen as a kind of visual relative effect size.

However, the implications of such an effect 
may not be the same across the entire scale; 
this is a matter of practical interpretation. As 
noted above, the third threshold is of particular 
importance since it indicates a potentially 
dangerous level of EL. In this case, both 
Scenario 1 and Scenario 2 are well within the 
second level (the band defined by the second 
thresholds, where fellows may be distracted, 
but not dangerously so). Fellows in Scenario 
2 would be near the high end of this band, 
whereas fellows in Scenario 1 would be near 
the low end (i.e., regardless of whether novelty 
is 1 or 4, fellows are still likely to be endorsing 
items in the same threshold range). In other 
words, novelty matters here, but not critically 
so. For fellows in Scenario 1, increasing the 
novelty of the consult could probably be done 
safely and may even be beneficial to their 
training. However, there are other realistic 
scenarios where this would not be the case. 
Imagine another low-novelty scenario, but 
where other variables are different (e.g., Less 
Sleep or more Prior Consults) so that the 
estimated location is around 1 logit (at the very 
top of the second level); in this case, a three-unit 
increase in novelty would result in a location 
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around 2.5 logits, which is well above the third 
threshold for interruptions and just below the 
other third thresholds. This is well into the third 
level, a very undesirable EL indeed. Again, it 
was because of collaboration with substantive 
researchers and practitioners that we were able 
to see this very different interpretation of the 
practical consequences of increased novelty 
(a potential training benefit in one case vs. 
dangerous cognitive overload in the other). 

Discussion

The juxtaposition of latent regression 
and Wright Maps provides some interesting 
affordances. The locations of hypothetical 
groups (or scenarios) can be interpreted 
both relative to the person distribution and 
also relative to the construct (via the item 
thresholds).

Note that if measurement is done based on 
a theoretically driven construct with meaningful 
levels, and if the theory is borne out by the data, 
then resultant Wright Maps can be interpreted 
relative to that construct. Of course, if there was 
not a construct, person locations (i.e., scores) 
are not interpretable (Blum et al., 2020), even if 
the model fits. The logit scale generated (if the 
model fits) is interval, and therefore distances 
can be compared, as they can on a map… but a 
map of what? If the measurement was based on 
a construct, which was supported by the Wright 
Map, then it is indeed a map of the variable 
defined by the construct.

Visual Relative Effect Size

Typ ica l ly,  i n  i n t e rp re t ing  a  l i nea r 
regression, the focus is first on which variables 
achieved statistical significance (i.e., are we 
confident that the effect we saw was real rather 
than a result of sampling error), effectively 
treating statistical significance as a climax of 
the research effort. But statistical significance 
is just the beginning of interpretation as this is 
the most decontextualized presentation of the 
findings. At the other end of the spectrum, we 
have the raw effect size. This is typically some 
form of difference in means, and as such, it 

is in the same units of the outcome measure. 
These units might be pounds, raw test scores, 
or logits. If the units are interpretable, such as 
miles or pounds, then the raw effect size can be 
useful. A standardized effect size is obtained 
by dividing the raw effect size by the spread of 
the sample (i.e., standard deviation), but in this 
process, it becomes decontextualized, losing its 
units (standardized effect sizes are always in 
units of standard deviations). People understand 
what 100 lbs. (45 kg) means and what a 500-
mile drive can mean, but when this is not the 
case, standardized effect sizes are, maybe, 
necessary for interpretability. Are logits directly 
interpretable (after all, they represent a latent 
construct)? That depends on whether you have 
waypoints, which is one of the four building 
blocks of the BEAR assessment system (i.e., 
construct mapping; Wilson, 2004, 2023).

The visual  re la t ive  effec t  s ize  i s  a 
representation of a raw effect size on a Wright 
Map, enabling interpretation relative to 
waypoints if available. That is, we now have 
(a) information about its impact in different 
ranges along the scale, (b) if the impact is 
relatively more meaningful (such as crossing 
waypoints), and (c) whether the impact is being 
extrapolated, either outside the range of the 
waypoints or the range of the sample. After 
all, the regression line doesn’t go forever on 
both ends; it has a starting point and an end 
point defined by the boundaries of the external 
variable.

This visual representation of the range 
of the external variable’s relative effect and 
its relationship to waypoints is what brings a 
multiple regression analysis to life by providing 
more context for interpreting and discussing 
the construct among interdisciplinary team 
members.

Towards a Type of Cognitive Atlas

Measurement is always done in some 
context. Thus, the variable so measured is not 
context-free. To understand that context requires 
collaboration with substantive researchers and 
especially with practitioners in that context. 

Table 3
Latent Regression Coefficients From 
Model 2

Variable

Intercept
Novelty
Expertise
Difficulty
Prior consults 
Hours of sleep

Coefficient

0.237
0.506*
0.290
−0.417
0.386*
−0.234

SE

(1.239)
(0.248)
(0.197)
(0.232)
(0.077)
(0.132)

The regression parameters estimated by 
the model are shown in Table 2. Only Novelty 
and Prior Consults were statistically significant 
at the p < .05 level. Each one-unit increase in 
novelty (on a four-point scale) was associated 
with an estimated increase in mean EL of 0.506 
logits, and each additional Prior Consult was 
associated with an estimated increase in mean 
EL of 0.386 logits. We explore the implications 
of this former effect (about half a logit increase 
per unit of novelty) using a Wright Map as a 
key visualization and focus of collaboration. 
Each scenario represents the same predictors 
and regression coefficients. Only Prior Consults 
are labeled to focus on the implications of 
the first consult of the day within two given 
scenarios. So, to be clear, the location of each 
scenario is a different combination of the same 
regression coefficients set to different values 
with varying degrees of novelty. Scenario 
1 represents computed group means for the 
hypothetical groups representing Scenarios 1 
and 2 as follows:
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The Wright  Map is  a  very valuable 
visualization, but the map is not the territory. 
For example, there may be clear banding or 
other patterns of thresholds on the Wright Map, 
marking out interesting zones of the variable 
relative to the construct levels (i.e., waypoints). 
Returning to the map metaphor from the 
introduction, these waypoints can indicate the 
location of a city or a point of interest, but they 
don’t include important local knowledge, such 
as topology, traffic, the safety of neighborhoods, 
and the significance of local landmarks. In 
other words, to really understand the landscape 
of the variable in a particular context requires 
“local knowledge” from those familiar with that 
context.

Person Side: The Value of Seeing Groups 
Relative to the Person Distribution

How realistic are these hypothetical groups 
in defining the contrasts used to contextualize 
the results of the latent regression? Ideally, the 
groups would represent realistic combinations 
of regressor values, but that doesn’t mean that 
the locations of these groups can have sufficient 
support to be well estimated by the latent 
regression.

By plotting the location of these groups 
near the person histogram on the Wright Map, 
it is possible for each group to see how many 
cases are located near it. If there are many cases 
in the vicinity, then we can be fairly confident 
in our conclusions about group location. On the 
other hand, we may have less confidence the 
cases are distant from the estimated location: if 
the cases are on both sides, then the estimation 
is an interpolation; if most of the cases are on 
one side, then the estimation is an extrapolation 
(i.e., we are predicting out of sample), and 
caution is warranted in interpreting the results.

An additional type of visual relative 
effect size can be seen here by comparing the 
difference between scenarios to the overall 
spread of the person histogram. 

Item Side: The Value of Seeing Groups 
Relatives to the Landscape of the Variable

By placing estimated group locations 
on the Wright Map, they can be visually 
compared to construct levels (via waypoints). 
Moreover, these locations can be interpreted 
relative to potential real-world consequences, 
if collaboration with substantive researchers 
and practitioners has illuminated some of the 
landscape of the variable. 

In this case, the highest thresholds were 
seen as an important critical level of the 
variable as an indication of overload or potential 
burnout. Additionally, it was apparent that 
fellows were more sensitive to interruptions, 
allowing that item (which had a lower top 
threshold) to act as a warning sign of imminent 
trouble. This problematic nature of the highest 
threshold also afforded the interpretation that a 
large difference in novelty was not dangerous in 
the contrast we selected but could have been for 
other potential contrasts.

Conclusion

To bring this all together, the mission of 
this paper is to provide a tool to champion 
collaborative discussion among all stakeholders. 
By contextualizing multiple regression analyses 
in this holistic way, more informed inferences 
can be made, backed by empirical evidence. 
Now, inferential relationships between external 
variables and the construct can be situated 
relative to waypoints, giving rise to pragmatic 
interpretations.
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