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Abstract

Language-based assessments of health have
demonstrated validity in terms of convergence
with self-report questionnaire scores, but re-
cent work has shown they lack an important
psychometric property: discriminant validity,
the ability of the measure to distinguish the
target construct from a related one. For exam-
ple, a language-based general mental health
assessment may accurately assess the degree of
mental health, but it may also produce scores
that correlate with general physical health well
beyond theoretical expectations. Here, we pro-
pose and evaluate two methods for altering
the standard loss function to directly penal-
ize off-target correlations while retaining con-
vergent validity. Evaluated across two clini-
cal language datasets spanning physical and
mental health, the augmentations substantially
reduced off-target correlations with minimal
loss in convergent validity (on-target correla-
tions). Limiting loss in convergent validity to
0.005 Pearson correlation points, the loss func-
tion using Squared Cosine Similarity Discrimi-
nation significantly improved discriminant va-
lidity of language-based mental and physical
health assessments (r = 0.454 — r = 0.322;
p < 0.05); and fundamental psychopathology
dimensions (r = 0.442 — 0.430; p < 0.05).
These findings demonstrate that enforcing dis-
criminant validity as a training objective is ef-
fective, moving language-based assessments
closer to the specificity required for differential
clinical use.

1 Introduction

Language provides a rich signal for understanding
mental and physical health (Boyd and Schwartz,
2020; Tausczik and Pennebaker, 2010; Kjell et al.,
2023). Computational psycholinguistic research
has demonstrated valid language-based assess-
ments of depression (Eichstaedt et al., 2018), anxi-
ety (Rutowski et al., 2020), well-being (Kjell et al.,
2021; Mesquiti et al., 2026), and physical health
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outcomes (Lian et al., 2023; Adejumo et al., 2024).
Language sources have ranged from natural so-
cial media text (Pak and Paroubek, 2010; Mer-
chant et al., 2019; Alvi et al., 2023) to probed
responses, where individuals describe their psy-
chological state in open-ended natural language in
response to targeted questions (Kjell et al., 2018)
to structured clinical interviews (Hur et al., 2024).
With the advent of pretrained large language mod-
els, the accuracy (i.e., the convergent validity) of
probed language-based assessments has improved
to approach the theoretical upper limit of accuracy
defined by the target scales’ own reliability with
r > 0.80 (Kjell et al., 2021; Gu et al., 2025; Nils-
son et al., 2024).

However, a fundamental psychometric challenge
remains understudied in the language-based assess-
ment literature: discriminant—validity the degree
to which a measure is unrelated to conceptually dis-
tinct constructs (Campbell and Fiske, 1959). Men-
tal and physical health constructs are rarely inde-
pendent; when language-based models are trained
to predict one construct, they frequently yield in-
flated correlations with correlated off-target con-
structs (Kjell et al., 2021; Gu et al., 2025), making
it difficult to determine whether a model is cap-
turing something specific to the target condition or
merely reflecting shared variance across constructs.

Prior work has largely focused on maximizing
convergent validity without penalizing correlations
with off-target constructs. While some approaches
within the language-based assessment literature
have partially addressed this through measurement
design (Kjell et al., 2018, 2021; Gu et al., 2025;
Zhang et al., 2018; Wu et al., 2020), discriminant
validity has not been enforced as a penalty within
the training objective for continuous health out-
come regression. In this work, we address this gap
by augmenting the ridge regression objective func-
tion with two discriminant penalty terms, deriving
closed-form solutions for each, and evaluating their
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behavior across two health language datasets with
differing construct structures. Specifically, we ad-
dress the following research questions:

» To what degree can objective function aug-
mentation in ridge regression enforce discrim-
inant validity between correlated health con-
structs assessed from language while retaining
convergent validity?

» To what degree does objective function aug-
mentation affect the inter-correlation of pre-
dictions from models trained on distinct con-
structs?

Does discriminant improvement across con-
structs systematically vary according to the
original (non-penalized) convergent validity
or the target scale’s reliability?

2 Background

Discriminant Validity in Health Assessment.
Discriminant validity, introduced by Campbell and
Fiske (1959) as part of the multitrait-multimethod
framework, refers to the degree to which a mea-
sure does not spuriously correlate with conceptu-
ally distinct constructs. Discriminant validity is a
cornerstone of psychometric assessment (Campbell
and Fiske, 1959; Phan et al., 2016; Meirte et al.,
2016). Valid measurement requires not only that
a measure converges with other measures of the
same construct, but that it diverges from measures
of different constructs—a dual requirement that
maps directly onto the challenge of language-based
health assessments. A model trained to assess de-
pression from language should correlate strongly
with depression rating scales, but substantially less
with anxiety or somatic scales. A measure that can-
not make this distinction holds limited interpretive
value regardless of its convergent accuracy (Camp-
bell and Fiske, 1959; Jackson, 1969; Marsh and
Bailey, 2016; Meyer et al., 2001).

This challenge is particularly pronounced in
mental health assessment, where comorbidity is
common (Kessler et al., 2005; Krueger and Markon,
2006). Mental health constructs frequently co-
occur, such as depression with anxiety, substance
use disorders with antisocial behavior, or narcis-
sism with paranoid personality disorder (Ruggero
et al., 2019; Kotov et al., 2017). Mental health
conditions also commonly co-occur with physical
health problems (Prince et al., 2007; Scott et al.,
2008; DE Hert et al., 2011), creating overlapping
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construct spaces that challenge discriminant mea-
surement across both domains. In clinical settings,
the ability to distinguish between related condi-
tions is essential for accurate diagnosis (Regier
et al., 2013; Gu et al., 2025), treatment planning
(Gu et al., 2015; Insel et al., 2010), and outcome
monitoring (Hunsley and Mash, 2007), making dis-
criminant validity not merely a psychometric re-
quirement but a practical necessity for meaningful
health assessment.

Discriminant Validity in Language-Based As-
sessment. Even with construct-specific probed
responses, such as individuals separately describ-
ing their level of each construct in open-ended
natural language (Kjell et al., 2018), language-
based assessments show poor to moderate discrimi-
nant validity; predicted score correlations between
harmony in life and satisfaction with life reach
r = 0.96, despite the rating scales themselves cor-
relating at » = 0.85 (Kjell et al., 2021).

The problem compounds when language sources
are combined across constructs and response for-
mats: convergent validity increases, but assessment
scores become nearly indistinguishable, with cross-
construct correlations reaching r = 0.97 (Gu et al.,
2025). The problem of poor discriminant validity
has also been found across language sources, in-
cluding Fried (2016), Sikstrom et al. (2024b), and
Rasing et al. (2017). Models trained on such data
risk learning average expressions of related con-
structs rather than the specific signal of each, reduc-
ing the interpretive precision of both predictions
and the linguistic features associated with them.
Prior work has addressed this through measurement
design by assessing normalized difference scores
between constructs (Kjell et al., 2021; Gu et al.,
2025) or using cosine similarity between individ-
uals’ responses to construct-specific word norms
(Kjell et al., 2018, 2021). This demonstrates that a
construct-specific signal exists in language and can
be partially recovered; however, none of these ap-
proaches use poor discriminant validity as a penalty
within the training objective itself. Rather, they ei-
ther redefine the prediction target (i.e., training to
a difference score) or address it at the representa-
tion level (i.e., using similarity to construct-specific
word norms), leaving discriminant validity as a de-
sign choice rather than an optimization target.

Discriminant Loss Functions in Natural Lan-
guage Processing (NLP). Penalizing representa-
tional overlap during training has been explored in



NLP for related but distinct purposes: contrastive
learning has been used to separate dissimilar repre-
sentations in self-supervised settings (Chen et al.,
2020; Wu et al., 2020; Giorgi et al., 2021), and
adversarial training has been applied to remove
demographic confounds from text representations
(Zhang et al., 2018; Elazar and Goldberg, 2018).
Most relevant to our approach, discriminant ridge
classifiers have been proposed for categorical out-
comes, penalizing overlap between class predic-
tions to improve sensitivity and specificity (Peng
and Cheng, 2021). However, extending this logic
to continuous regression is non-trivial: categorical
discriminant penalties operate on class boundaries
and discrete decision regions, whereas continuous
health outcomes require penalizing the correlation
between real-valued prediction vectors—a funda-
mentally different geometric objective. None of
these approaches has therefore been adapted for
continuous health outcome regression, where the
goal is to reduce the correlation between predic-
tions of related yet distinct continuous constructs.
This gap motivates the present work.

Contributions. We propose two augmentations
to the ridge equation: Mean Squared Error Dis-
crimination (MSE Discrimination) and Squared
Cosine Similarity Discrimination (SCS Discrimi-
nation) that enforce discriminant validity between
correlated health constructs assessed from language
while retaining convergent validity. We derive
closed-form solutions for both augmentations com-
patible with standard Singular Value Decomposi-
tion (SVD)-based solvers (Eckart and Young, 1936)
and evaluate how objective function augmentation
affects the discriminant validity of language-based
assessment scores from models trained on distinct
constructs. Next, we show that discriminant valid-
ity improvements systematically vary as a function
of the scale’s baseline convergent validity and re-
liability. We also introduce a preliminary investi-
gation into the disentanglement of linguistic fea-
tures resulting from enforcing discriminant validity,
demonstrating the potential to extract specific lin-
guistic features and partially remove associative
strength from opposing, but related constructs. To-
gether, these contributions address a practical bar-
rier to the clinical deployment of language-based
health assessment: without discriminant validity,
models risk conflating related conditions, limiting
their utility for differential assessment, the iden-
tification of construct-specific linguistic markers,
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and the development of targeted, individualized
treatment plans.

3 Datasets

We evaluate our methods on two datasets: the
World Trade Center (WTC) Clinic dataset, con-
sisting of transcripts from automated clinical in-
terviews with physical and mental health quality of
life outcomes (Kjell et al., 2026), and the Interviews
of Hierarchical Taxonomy of Psychopathology (iHi-
TOP) dataset, comprising transcripts from semi-
structured clinical interviews and responses to the
iHiTOP questionnaire with six psychopathology
spectrum scores (see Kotov et al. (2024) for more
details). The Institutional Review Board approved
both studies at Stony Brook University (IRB#2022-
00391 and IRB#604113).

3.1 WTC Clinic

Participants were enrolled through the Stony Brook
WTC Health and Wellness Program, a clinical pro-
gram providing ongoing health monitoring to re-
sponders to the September 11th attacks (Kjell et al.,
2026). During yearly clinic visits, participants com-
pleted structured screening questionnaires covering
physical and mental health symptoms. The final
dataset contained transcripts from N = 1,589 par-
ticipants, with 849 words on average. The cohort
was overwhelmingly male (91.93% male, 7.40%
female) and predominantly white (84.81% Cau-
casian, 3.22% African American, 0.56% Asian
American, 7.78% multi-racial). Summary statistics
of the WTC Clinic dataset are provided in Table 1.
Outcomes were the Physical Component Summary
(PCS) and Mental Component Summary (MCS)
scores derived from the SF-12 (Steenstrup et al.,
2013), measuring quality of life across physical
and mental health dimensions, respectively.

3.2 iHiTOP

The Hierarchical Taxonomy of Psychopathology
(HiTOP), introduced by (Kotov et al., 2017), or-
ganizes psychopathological characteristics into a
dimensional hierarchy based on empirical patterns
of co-variation. Despite being comprised of dis-
tinct items (Kotov et al., 2017), individual scales
share high correlations as seen in Table 2, making
it a particularly demanding testbed for discriminant
validity for psychopathology as a whole. Partici-
pants (N=609) completed a survey comprising over
200 items spanning the HiTOP framework. Six



WTC Clinic Number of Participants Average SD
Participants 1,589
Tokens - 848.92 633.44
Age - 57.93 8.00
PCS 1,308 46.07 10.64
MCS 1,308 52.49 8.86
iHiTOP Number of Participants Average SD
Participants 609
Tokens - 9,055.46 6,159.76
Age - 43.49 16.11
Internalizing 598 0.69 0.49
Somatoform 574 0.28 0.46
Thought Disorder 596 0.27 0.39
Detachment 596 0.52 0.48
Disinhibition 605 0.64 0.56
Antagonism 603 0.33 0.36

Table 1: Descriptive statistics for WTC Clinic and iHi-
TOP datasets, detailing language contents for analyzed
transcripts with physical and mental health constructs.

INT

SOM
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Table 2: Symmetric correlation matrix of iHiTOP spec-
tra for valid participants. High inter-scale correlation
suggests low discriminant validity, leading to ambigu-
ous feature learning during training without careful
preparation.

HiTOP spectrum scores were derived as compos-
ite scores from their constituent items, requiring
a minimum of approximately 80% valid item re-
sponses and otherwise treated as missing: Internal-
izing, Somatoform, Thought Disorder, Detachment,
Disinhibition, and Antagonism. The sample was
predominantly female (62.8%) and white (78.17%),
with a mean age of 43.49 years (SD = 16.11). De-
scriptive statistics are provided in Table 1.
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4 Methods

4.1 Closed-form solutions

To enforce discriminant validity directly within the
training objective, we augment the standard Ridge
Regression (Hoerl and Kennard, 1970) loss func-
tion with two discriminant penalty terms and derive
closed-form solutions for each. Both solutions are
compatible with standard Singular Value Decom-
position (SVD)-based solvers (Eckart and Young,
1936) as implemented in scikit-learn (Pedregosa
etal., 2011), enabling straightforward integration
into existing language-based assessment pipelines.
We derive each solution by setting the derivative of
the augmented objective function to zero, follow-
ing the same algebraic approach used in standard
ridge regression.

MSE Discrimination. For a single pair of on-
and off-target outcomes, let X, y, d, w, a and ~y be
the input feature matrix containing user language
representations, outcome array of the target clinical
construct, outcome array of off-target clinical con-
structs, model weight vector which describes the
relationship between language features and clinical
outcomes, L2 penalty which reduces overfitting by
penalizing excessive large-magnitude weights, and
discriminant penalty which penalizes high accura-
cies between the model predictions and off-target
labels, respectively. The augmented ridge equation
is given as

L=Xw—y)*+o|lw|]; —vXw—d)?* (1)

We take the derivative with respect to w and set the
expression equal to zero, yielding

0 = 2XT (Xw* —y)+20w* —29XT (Xw* —d) (2)

The weight vector, now denoted by w*, is the set of
model parameters that minimizes the penalized ob-
jective function. This achieves a balance between
reducing error with respect to the construct of inter-
est and reducing predictive overlap with constructs
on which the models are not being trained. By dis-
tributing the first and third terms, we can group like
terms together and isolate w™ to obtain

X"(y — yd) = (XX + ol - /X Xw*  (3)

= [(1 = )XTX + allw* 4)



Factoring out 1 —+ from the right-hand side, letting
G = 1 — ~, and taking the inverse results in the
optimal weight vector

= é 07Xy~ 7d)

In this form, it is clear to see that the discrimi-
nant parameter -y behaves nonlinearly. This is in
contrast to the L2 penalty, which behaves linearly
within the differential equation. As a consequence,
this objective function is only valid for 0 < v < 1!,
lest the function become non-convex—no longer
guaranteeing an optimal solution—which would
result in incoherent model results. Further, it is
reasonable to suspect that as y approaches 1, the
convergence becomes increasingly unstable, lead-
ing to uncertainties in the solution.

It is common for datasets to have more than two
variables of interest; accordingly, we can further
expand the above solution for multiple discriminant
dimensions as

w [XTX + &)

w* = é[XTX + %I]*lXT(y — ydiot)
where G = 1 — N+, and N, dy; are the number
and sum of discriminant dimensions, respectively.
It is important to note that as the number of con-
structs against which to discriminate increases, the
maximum value of v decreases, limiting the valid
range and requiring a finer grid search net. Thus,
the domain of ~ can be expanded to

(6)

freR[0<y< 1) @)
From Equation 7, we can conclude that MSE
Discrimination is suitable for two-outcome model-
ing in order to keep the range of -y consistent.
Many datasets, including iHiTOP, have more
than two correlated outcomes, requiring a different
loss function.

Squared Cosine Similarity Discrimination.
While MSE Discrimination separates related con-
structs by their absolute distance, this may not com-
pletely remove overlapping latent features during
model fitting. Instead, it may be more beneficial to
separate their alignment, which can be determined
by cosine similarity. Cosine similarity has seen

"While v < 0 is physically possible, this would penalize

discrimination between the off-target construct, violating its
purpose.
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much use in the field of computational linguistics,
especially with its easy-to-calculate gradient when
using normalized vectors. Upon scaling outcome
and prediction vectors to a magnitude of 1, the
formula for cosine similarity simplifies to the dot
product

cos(0) = (Xw) - d = dT Xw (8)

This allows for a clean, convex, and numerically
stable closed-form solution of the augmented ridge
equation. However, because cosine similarity spans
arange of [-1,1], we opted to use Squared Cosine
Similarity (SCS) to prioritize minimizing the mag-
nitude of construct similarity, instead of producing
highly anti-correlated predictions. This results in
the modified objective function

L= (Xw —y)* + af[wll3 - y(d"Xw)* (9

Following the same approach as with MSE Dis-
crimination, we can arrive at the minimum loss
solution

w* = [XTX + al +yXTdd"X]71XTy  (10)
In contrast to the MSE discrimination penalty, v
mimics the linear behavior of o within the objec-
tive function, while removing the limited range and
allowing for a more robust and well-behaved hy-
perparameter. However, this alteration results in a
non-symmetric matrix, which adds an extra step to
the SVD solver since now diagonalization cannot
be exploited.

5 Results

5.1 Discriminant and Convergent Validity
Under Objective Function Augmentation

Using SCS Discrimination shows a steady decline
in convergent validity for SF-12 constructs, while
their respective discriminant correlations decreased
significantly faster and to a larger degree Figure 1.
Discriminant and convergent validity stabilized for
~ > 1000 at a tolerance of le-4, suggesting no
further changes from continuing to raise gamma.
MSE Discrimination demonstrated significantly
more pronounced changes in both convergent and
discriminant validity, still improving discrimina-
tion between SF-12 constructs until v = 0.75; how-
ever, this augmentation becomes unstable where
0.9 < v < 1. Detailed plots of model performance
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Figure 1: Performance of MSE and SCS Discrimination
on SF-12 constructs. PCS and MCS show very minimal
losses in convergent validity for SCS Discrimination,
with pronounced decreases in off-target correlations as
v increases. With MSE Discrimination, MCS experi-
ences a more severe loss in convergent validity relative
to PCS, however divergence between off-target metrics
continues to increase until v = 0.75. The model begins
to collapse at large ~, as numerical instability overpow-
ers the closed-form solution. MSE Discrimination also
loses convergent validity at a faster rate than SCS Dis-
crimination, suggesting preferential usage of the latter
augment.

for SF-12 constructs are shown in Figure 1. Be-
cause of the instability and limited range of MSE
Discrimination, especially with multiple scales,
only SCS Discrimination is tested on iHiTOP data.

All HiTOP constructs showed varying degrees
of improvements in separation, with four out of six
showing large divergence on average. Internaliz-
ing and Disinhibition show marginal increases in
discrimination against off-target constructs on aver-
age, while Somatoform shows the greatest increase
in separation and least loss in convergent validity.
Antagonism, Detachment, and Thought Disorder
display modest decreases in convergent validity
with moderately increased discriminant validity for
the five off-target constructs. Interestingly, four
of the six constructs, without discriminant penal-
ties, had worse convergent validity than at least
one of the off-target constructs, which is quickly
alleviated as gamma increases. Figure 2 shows
the convergent and discriminant validity plots for
all six spectra for the iHiTOP dataset, including
individual constructs.
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Squared Cosine Mean Squared
Similarity Discrimination  Error Discrimination
Gamma Correlation Gamma Correlation

0 0.454 0 0.454
0.05 0.446 0.01 0.438
0.25 0.417 0.05 0.372

1.0 0.322 0.10 0.284
5.0 0.052 0.25 -0.015
25.0 -0.198 0.50 -0.535
00 -0.316 1.0 -1?

Table 3: Inter-prediction correlations for SF12 con-
structs compared between separation method. For MSE
Discrimination, inter-correlation begins to drop sharply
after v = 0.01, and approaches perfect anti-correlation
as v approaches 1. For squared cosine similarity, inter-
correlations decline more slowly as compared to MSE
Discrimination, in addition to reaching a minimum of
-0.316 at a tolerance of le-4, preventing instability.

5.2 Discriminant Validity of Language-Based
Assessments

For SF-12 constructs, the inter-correlations be-
tween language-based assessment predictions con-
sistently decreased for both MSE and SCS Dis-
crimination as vy increased. This suggests that the
discriminant penalty does incentivize decoupling
predictions from the distinct models, and that mod-
els are learning features more specific to that con-
struct. See Table 3 for a more detailed layout of the
distribution of SF-12 language-based assessment
predictions.

HiTOP constructs exhibit results similar to
SF-12, with language-based assessment inter-
correlations strictly decreasing as < increased,
showing consistent and stable behavior with SCS
Discrimination. We found that v = 5.0 yielded
the smallest magnitudes on average (Table 4), fur-
ther confirmed with a Mann-Whitney U test against
remaining v values (p < 0.05).

5.3 Role of Scale Reliability and Baseline
Convergent Validity in Discriminant
Improvement

The relative improvement of discriminant validity
was different for individual constructs, calling into
question the existence of a systemic relationship
between performance gain (divergence), and their
latent properties. Because gamma selection is de-
pendent upon the individual needs for analysis, we
opt to select the largest gamma with a loss of con-

*Because {7y € R | 0 < v < 1} for MSE Discrimination,
this value represents the limit as -y approaches 1.0.



Internalizing

Somatoform

Thought disorder

0.4

o
w

N

Correlation
Correlation

o
w

0.1

Correlation
o o
N w

o

o
=)

Gamma

Detachment

Gamma

Antagonism

Correlation
Correlation

I o
> 3

o
w

Correlation

I
[N}

o

~—o

Internalizing
Detachment

Convergent Measure

Somatoform
Disinhibition
==+ Average Discriminant Measure

Thought disorder
Antagonism

Figure 2: Performance plots of models trained on individual HiTOP constructs against average off-target correlations
as a function of . Somatoform, Thought Disorder, and Antagonism show rapid improvements in discriminant
validity. Internalizing and Detachment display modest acceleration of discriminant validity, while Disinhibition

shows little improvement.

vergent validity below 0.005—a practical heuristic
representing a negligible reduction that falls within
the margin of sampling variability at these sample
sizes and would be largely indistinguishable from
the non-penalized estimate in practice. We also
select the gamma at which inter-prediction corre-
lations are closest to orthogonal as a comparison
to demonstrate the varying behaviors for different
strengths of discriminant penalties (v = 5.0, as
determined in subsection 5.2).

We found that all six scales yielded statistically
significant improvements in discriminant validity
when limiting loss in convergent validity to 0.005
(p < 0.05) using Benjamini-Hochberg Correc-
tion for multiple tests (Benjamini and Hochberg,
1995). Four out of six scales attained statistically
significant improvements in discriminant validity
at v = 5.0 (see Table 5 for more details.) Discrim-
inant validity gain relative to convergent validity
loss at v = 5.0 correlated extremely well with
non-penalized convergent validity (r = —0.967,
p < 0.05), and moderately well with the reliability
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coefficient for each scale (r = —0.768, p < 0.10).
However, when limiting convergent validity loss to
0.005, reliability was significantly correlated with
discriminant validity improvement (r = —0.823,
p < 0.05).

5.4 Linguistic Feature Disentanglement

Preliminary differential language analysis was per-
formed on the SF-12 constructs to evaluate rela-
tionships between group-level linguistic features
and model predictions using the fopics (Ackermann
et al., 2024) package in R (R Core Team, 2025).
Correlations were obtained for non-penalized and
penalized ridge model predictions, and evaluated
according to association strength change for PCS
and MCS, respectively, against 1-grams in partici-
pant transcripts. Words commonly associated with
physical health (such as "pain" or "breathing") were
disentangled from MCS with reductions in corre-
lations larger than 0.005, while strengthening cor-
relations of words more associated with mental
health, for both negative and positive contexts (e.g.



Spectra Gamma  INT SOM TD DET DIS ANT =50 Optimal y
0 - 0609 0685 0846 0855 0.690 Spectra Reliability ADisc. AADiv. Gamma ADisc. AADiv.
INT 0.30 0.515 0583 0786 0792 0.585 INT 0.960 0202 0.033 030 0010  0.005
5.00 0015 -0051 0330 0219 -0.128 SOM 0.850 0255  0.162 0.10 0014  0.010
0 - -0.162 -0.266 0.144 -0.060 -0.397 D 0.844 0286  0.125 005 0020  0.016
0 0.609 T 0519 0526 0521 0480 DET 0.866 0270  0.079 0.10 0009  0.005
som 010 0576 0483 0487 0479  0.440 DIS 0.919 0225  0.035 0.15 0007  0.003
5.00 0.015 0.023 -0.088 -0.203 -0.087 ANT 0.807 0.269 0.101 0.10 0.010 0.019
co 0162 - 0065 -0222 -0.393 -0.196
0 068 0519 - 0587 0671 0.653 Table 5: Changes in discriminant validity and diver-
™ 005 0667 0.501 0.565 0.653  0.636 ence. defined as chanee b loss in discrimi
500 -0.051 0023 0181 -0.037 0.123 gence, ge between loss in discriminant
oo -0266 0065 - -0.346 -0.217 0.024 and convergent correlation, for six iHiTOP spectra at se-
0 0846 0526 0587 - 0764 0639 lected gamma. Optimal gammas were selected to limit
per 010 0826 0487 054 - 0733 0600 ) ¢ lidi 0.005. F £ i
500 0330 -0.088 -0.181 R 0.030  -0.100 oss of convergent validity to 0. . Four out of six
oo 0144 0222 -0346 -  -0206 -0.277 HiTOP constructs demonstrated significantly increased
0?5 g'ggi 8‘22) g'gz; g';?g - g;g? negative shifts in correlation at v = 5.0 (p < 0.05, in-
DIS 5.00 0219 -0203 -0.037 0.030 _ 0.230 dicated by bOld), while all iHiTOP constructs attained
co  -0060 -0393 -0.217 -0206 - 0.078 significant increases in discriminant validity at the op-
0 0.690 0480 0.653 0.639 0.769 - : : :
vy 010 06SE 040 0620 0600 0743 ?m.al strenths. This suggest§ successful balancmg of
500  -0.128 -0.087 0.123 -0.100 0230 imited loss in convergent validity while strengthening
co 0397 -0.196 0.024 -0277 0.078

Table 4: Inter-prediction correlations for HITOP con-
structs at chosen . Zero and asymptotic strengths are
selected for display to show the overall dynamics of
discriminant prediction validity as a function of ~. Inter-
correlations consistently decrease as penalty strength
increases, even into inverse relationships despite the
strictly positive discriminant augment. For v = 5.0, the
average correlation among predictions was 6.32 x 1074,

non

"divorce", "grandkids"). Similar patterns were ob-
served with PCS, decreasing correlations of lan-
guage features tied to emotions like "family" or
"ptsd" while strengthening associations for phrases
related to physical health (see Table 6).

6 Discussion

The results demonstrate that discriminant validity
can be directly enforced as an optimization target in
continuous health outcome regression, addressing
a gap that has persisted in the language-based as-
sessment literature despite growing recognition of
the problem (Kjell et al., 2021; Gu et al., 2025; Sik-
strom et al., 2024a). Both augmentations reduced
off-target correlations while retaining convergent
validity and eventually achieving orthogonality of
inter-prediction correlations, suggesting that pe-
nalization reshapes weights to produce construct-
specific solutions rather than the shared variance.
The two augmentations enforced discriminant
validity through distinct mechanisms, with impor-
tant practical consequences. MSE Discrimination
penalizes the absolute distance between predic-
tions and the off-target outcome vector, produc-
ing sharp reductions in off-target correlations but
within a constrained valid range that shrinks as
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the signal compared to off-target constructs.

additional constructs are added. The solution be-
comes numerically unstable as  approaches 1,
and inter-prediction correlations quickly continue
into strong anti-correlation, tightening the relation-
ship between predictions in the opposite direction,
which is equally undesirable.

SCS Discrimination instead penalizes the angu-
lar alignment between prediction vectors, useful
in situations where producing predictions which
do not share the same associative strength as their
constructs is ideal. This leads to more gradual, sta-
ble improvements that converge to a well-behaved
minimum. This angular framing has conceptual
precedent in contrastive learning approaches that
leverage cosine similarity to separate dissimilar
representations (Gao et al., 2021), and in adver-
sarial training used to remove demographic con-
founds from text representations (Zhang et al.,
2018; Elazar and Goldberg, 2018). However, those
approaches operate on discrete classes or binary
confounds, whereas the present work penalizes
correlation between real-valued continuous pre-
diction vectors—a geometrically distinct objec-
tive requiring a different closed-form treatment.
MSE Discrimination may therefore be appropriate
when only two constructs are involved and aggres-
sive separation is needed, but SCS is preferable
in the more common case of multiple correlated
outcomes, where stability and a wide usable range
of -y are necessary.

The strong inverse relationship between base-
line convergent validity and discriminant gain
(r —-0.967, p < 0.05) at « 5.0 sug-
gests an interpretable mechanism: models of con-



Outcome Word Baseline Pearson R Penalized Pearson R
family 0.161 0.153
ptsd -0.104 -0.096
PCs surgery -0.171 -0.176
recovered -0.051 -0.059
pain -0.102 -0.092
breathing -0.095 -0.085
MCS grandkids 0.062 0.069
divorce -0.125 -0.131

Table 6: Preliminary behavior of 1-grams correlated
with SF-12 constructs before and after discriminant pe-
nalization. 1-grams from participant transcripts were
correlated with predictions from standard and discrimi-
nant ridge models (selecting gamma to limit convergent
validity loss to 0.005). Disentanglement is seen for both
PCS and MCS, showing changes larger than the degree
of convergent validity loss.

structs with high-performing language-based anal-
ysis have weight vectors robust to shifts from dis-
criminant penalization. Constructs with lower base-
line convergent validity exhibit more moldable
weight vectors, allowing for effective reshaping
towards construct-specific features. The reliabil-
ity finding adds a complementary layer: less reli-
able scales, which present noisier prediction tar-
gets, benefit most in absolute discriminant terms
(r = —0.899, p < 0.05) but show a weaker rela-
tionship against discriminant gain (r = —0.767,
p < 0.10). Less reliable scales, however, statis-
tically benefit to a greater degree upon limiting
convergent validity loss (r = —0.823, p < 0.05),
hinting at an interesting dynamic between different
gammas across health dimensions. Together, these
results suggest that the practical benefit of objec-
tive function augmentation is greatest precisely in
the cases where language-based assessment is most
challenging—Ilow-reliability, harder-to-predict con-
structs—and may offer diminishing returns as con-
vergent validity approaches its theoretical ceiling,
as seen in Table 5.

The present findings may have direct implica-
tions for the clinical deployment of language-based
health assessment. While the current implementa-
tion utilizes deterministic solutions, this procedure
can be applied to gradient-based models, such as
transformers, as current models trained on corre-
lated health outcomes risk conflating related con-
ditions, limiting their utility for differential assess-
ment of health conditions (e.g., Somatoform symp-
toms from Internalizing disorder, or physical from
mental health decline.) This further shows potential
usage as a fine-tuning procedure to tailor models
to specific health constructs before clinical deploy-
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ment. By enforcing discriminant validity as an
optimization target, models produce predictions
that are more interpretable, separable, and suitable
for the identification of construct-specific linguistic
markers. Linguistic features show potential for dis-
entanglement as a result of enforcing discriminant
validity, with positive examples of expected direc-
tional shifts of 1-grams with SF-12 predictions (see
Table 6). Though the degree of separation was
small, hovering at and just above the 0.005 conver-
gent loss limit, greater linguistic separation may
emerge by using larger gamma values, at the risk
of more loss in convergent validity. As language-
based assessments move closer to clinical deploy-
ment (e.g. in tele-health, automated interviews, and
longitudinal monitoring), the ability to distinguish
between related conditions and their correspond-
ing language, rather than merely predict them in
aggregate, becomes not a psychometric nicety but
a practical prerequisite for meaningful use.

7 Conclusion

We proposed and evaluated two loss functions that
enforce discriminant validity as a direct optimiza-
tion target in continuous health outcome regres-
sion. Both augmentations substantially improved
discriminant validity while retaining convergent
validity. Notably, discriminant improvement was
greatest for constructs with lower baseline conver-
gent validity and reliability. We also demonstrated
an introductory procedure to evaluate the effect of
discriminant validity enforcement on linguistic fea-
tures, showing that enforcing discriminant validity
through loss functions has the potential to disen-
tangle words from opposing, but correlated con-
structs. This opens the possibility of characterizing
how distinct health conditions are expressed dif-
ferently in language, rather than merely predicting
them in aggregate, thereby informing the theoreti-
cal understanding of what is linguistically specific
to each construct. As language-based assessments
move closer to clinical deployment in areas such
as tele-health, automated interviews, and longitudi-
nal monitoring, the ability to distinguish between
related conditions becomes a practical prerequisite
for meaningful use. The present work provides a
tractable, theoretically grounded path toward that
goal.



Limitations

Both solutions require closed-form derivations,
which constrains the class of penalty functions that
can be applied; gradient-based extensions are possi-
ble but were not evaluated here. The selection of
requires a grid search, and the valid range for MSE
Discrimination narrows with each additional con-
struct, making hyperparameter tuning increasingly
costly in high-dimensional construct spaces. The
present evaluation was conducted on two datasets
with specific demographic compositions and lan-
guage elicitation formats; generalization to other
populations, language sources, and outcome struc-
tures remains to be established. Further, to our
knowledge, no other studies have explored the vari-
ability of discriminant validity in this fashion, pro-
viding no ground truth to the degree of discrimi-
nation for comparison. This is amplified by the
distinct nature and large volume of psychometric
constructs. Future work should examine the predic-
tive overlap between different psychometric con-
structs for future comparisons. Proper evaluation of
methods to assess discriminant validity should in-
clude on- and off-target correlations for each model
per construct of interest, using the methods estab-
lished in this paper in addition to novel frameworks.
Additionally, it should be seen whether these aug-
mentations extend to transformer-based fine-tuning
pipelines and whether the construct-level moder-
ators identified here, being baseline validity and
reliability, replicate across domains beyond psy-
chopathology as well as mental and physical health.
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8 Appendix

WTC interviews. Participants who consented to
take part in research responded to questions auto-
matically displayed on a screen in a private room
during their clinical visit. Questions probed both
positive and negative aspects of participants’ past,
present, and future lives, as well as experiences re-
lated to specific events, including 9/11 and COVID-
19, using broad language rather than clinical symp-
tom terminology. Participants were instructed not
to read the questions aloud and to spend at least 60
seconds per question; recordings meeting a mini-
mum threshold of 150 words were retained, with
a mean response time of 7.5 minutes (SD = 4.1).
Interviews were transcribed using Whisper-large-
v2 (Radford et al., 2022) and diarized to isolate
participant responses.

iHiTOP interviews. Participants engaged in a
semi-structured interview with a research assistant.
The interviewers asked probing questions pertain-
ing to each overarching HiTOP construct, and as-
signed ratings according to participant responses.
Interviewers followed a consistent rating guideline
to ensure reliable outcomes for analysis.

Experimental setup. Language embeddings
were extracted and analyzed from Whisper-large-
v3 transcripts (Radford et al., 2022) using Layer
23 from RoBERTa-large (Liu et al., 2019) via
the Python library Differential Language Analysis
Toolkit (DLATK; Schwartz et al. (2017)). Embed-
ding dimensions were standardized to zero mean
and unit variance prior to model fitting. Ridge Re-
gression models were then trained separately for
each outcome using ten-fold cross-validation, with
the discriminant penalty strength ~y varied across
a predefined grid to characterize the trade-off be-
tween convergent and discriminant validity.
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