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Abstract

Artificial intelligence based tools are being developed for
decision support in healthcare, however, they are frequently
found to lack the required functionality to achieve the clin-
ical goals for which they were built. This results in wasted
time, money and resources for hospitals attempting to imple-
ment and operate such tools. To determine how functionality
issues can be resolved prior to tool implementation, it is nec-
essary to understand why such tools are being designed and
then built. Our research focuses on clinical decision support
tools with functionality issues arising from target variable in-
validity. In this paper, we analyze published articles which
present clinical decision support tool designs related to clin-
ical goals. These tools use machine learning models trained
on electronic health record data. We find that design decisions
driven by data availability can introduce construct invalidity
in clinical decision support tool designs, leading to an inabil-
ity of the tool to address the clinical goal. We observe that
alternative goals to the main clinical goal are used to justify
continued development. We show that functional limitations
of the tool related to the clinical goal can be obscured by im-
precise terminology in the model’s stated functionality. Fi-
nally, we highlight the need for reconsidered approaches to
dataset creation, defining success criteria, and the reporting
and transparency of research outcomes as they relate to clini-
cal goals.

Introduction

In recent years, the interest in, and experimentation with,
artificial intelligence (AI) applications has expanded and in-
tensified across a variety of industry sectors. Increasingly,
there are expectations that Al tools will help to improve de-
cision making and provide substantial efficiency gains, par-
ticularly in sectors which face issues of labor shortages and
productivity deficits. But despite these aspirations, there is
growing evidence that the actual benefits of Al are falling
short of these expectations, while its future impacts are
highly uncertain (Thais 2024), both in terms of offering
promised functionality (Raji et al. 2022) as well productiv-
ity gains (Acemoglu 2025). This uncertainty in functional-
ity is mostly evidenced by a lack of consensus across Al
experts of what “capabilities” we now have and may ex-
pect from Al models, as laid out in the first International

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1401

Al Safety report (Bengio et al. 2025). Additionally, safety
and other core values cannot be ascribed to the AI model as
a “capability”, and require intimate and integrative engage-
ment with the social and institutional contexts in which these
are necessary (Dobbe 2025). Therefore, although some clear
“general” capabilities of certain Al technologies may stabi-
lize over time, an ongoing challenge will be understanding
how these can be used for domain-specific decision support
to deliver on context-specific requirements while preventing
undesirable outcomes.

The potential for negative impacts to stakeholders caused
by Al-based decision automation has resulted in sustained
discourse in both academia and industry on whether Al tools
ought to be used for automating certain decision tasks. In
the meantime, we are observing that existing Al decision
support tools do not function such that they can support the
aims of the decision task. Thus the more pertinent question
arises: are Al tools, as they are currently being developed
and built even able to be used for certain decision tasks?
Failure to challenge the claimed functional capabilities of
Al tools in decision support has led to a ‘fallacy of Al func-
tionality” (Raji et al. 2022). Recent work has shown that mis-
placed assumptions of Al model functionality have led to the
deployment of tools that do not work as expected, resulting
in significant harms to stakeholders including the denial of
appropriate medical care (Buonora et al. 2024), withholding
of essential financial support (Egan 2019; Dancu 2021), and
disruption to education (Klee 2023).

In an effort to work towards a more rigorous understand-
ing of what Al functionalities are possible and how we un-
derstand and attain these, this research seeks to examine why
tool capabilities are falling short of what is required, leading
either to implementation failure (Staub et al. 2023) or harms
to stakeholders from deployed products (Raji et al. 2022).
Previous research in this area has considered the short-
fall between machine learning (ML) model performance
claims and reality (Kapoor et al. 2024; Saxena et al. 2025),
and how this impacts claims relating to social outcomes
achieved (Birhane et al. 2022; Kou 2024). However, many
instances of functionality failure have been shown to oc-
cur, not because of performance shortfall, but because of
construct validity issues inherent in the design of the ML
model (Buonora et al. 2024; Obermeyer et al. 2019; Raji
et al. 2022; Larson et al. 2016). These issues make it impos-



sible for it to possess the required functionality to achieve
the defined social goal (Raji et al. 2022; Buonora et al. 2024;
Obermeyer et al. 2019; Larson et al. 2016). It remains un-
clear why ML tools with these issues are being designed and
built. Thus, in this paper, we focus on gaining more insight
into the conditions that lead to non-functional tools being
designed, built, and implemented.

Healthcare is one of the sectors which has seen signifi-
cant and growing expectations around the potential benefits
of machine learning tools. Globally, the healthcare sector is
experiencing challenges related to a lack of health person-
nel, organizational and procedural inefficiencies, inequity
in access to quality healthcare, and growth in demand due
to aging populations (Lekadir et al. 2022). Artificial intel-
ligence tools have been proposed as a solution to help re-
lieve pressure on healthcare providers, by reducing the bur-
den of administrative tasks and providing clinical decision
support (WHO Guidance 2021). Our study specifically fo-
cuses on the functionality of ML decision support systems
in clinical healthcare.

Machine learning based clinical decision support (CDS)
tools can synthesize large amounts of patient data to make
improved predictions related to patient diagnosis, prognosis,
treatment selection and triage. Despite a demand for ML-
based CDS tools across multiple clinical applications, in
many cases, these tools are not working as required. In some
instances, tools were deployed before their functional limi-
tations were discovered (Buonora et al. 2024; Wong et al.
2021; Obermeyer et al. 2019), creating significant safety
risks to users and patients.

However, in many cases, functional issues with tools are
identified by users during the implementation process, lead-
ing to implementation failure. That is, implementation of the
tool is stopped and the desired outcomes and benefits are
not realized. Identification at this stage prevents harm to pa-
tients but still results in wasted time, money, and resources
for hospitals. Studies analyzing implementation failures of
clinical decision support tools have found that they were of-
ten rejected by users as their functional capabilities did not
meet the needs of the users within the clinical operational
context (Abell et al. 2023; Westerbeek et al. 2021).

To reduce losses due to implementation failure, it is nec-
essary to identify functional issues prior to implementation.
Therefore, we seek to understand why there are clinical de-
cision support tools being designed and then built, whose
functionality does not meet the needs of users. This despite
strong demand, interest, and use cases for such tools. As im-
proved predictive capabilities are a core justification for the
use of these tools, we in particular examine tools where is-
sues in their design mean they do not predict the outcome
they need to predict.

We conducted a literature review to identify recently pub-
lished articles where ML-based clinical decision support
tools were designed and built. From these, we identified ex-
amples of designs in the literature where functionality is-
sues arise due to construct validity issues in the predictive
variable (also known as the target variable). We performed
a detailed, qualitative examination of how these issues arise,
how they are addressed, and how they are communicated.
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Our core findings are as follows:

(1) Design decisions regarding the choice of the invalid
model target variable were driven by the datasets acces-
sible to the developers

(2) The pursuit of alternative goals was used to justify con-

tinued development of models that could not support the

main clinical end goal

(3) Resultant model limitations were not clearly communi-
cated creating a risk of them remaining unaddressed in

future iterations.

In the following section, we examine the existing litera-
ture to lay out core definitions on Al functionality and va-
lidity with which we ground our study. The methods section
outlines the methods and data used for our analysis. In the
results section we present the selected case studies and our
key findings from the qualitative analysis. Our discussion
contextualizes our findings and lists our main reflections and
discussion points, and the final section provides our conclu-
sions.

Background

In this section we provide background and definitions for
the concepts which will underpin our research methods and
analysis: functionality, target variable construct validity and
functional failures in clinical decisions support tools.

What is functionality?

The functionality of a system, product, or tool refers to the
set of capabilities it has or tasks it can perform. Put simply,
what it can do. A function refers to one of those capabili-
ties. Therefore, a system, product, or tool may have multiple
functions.

We can more formally define a function of a tool as
“the intended and deliberately caused ability to bring about
a transformation of a part of the environment of the
[tool]” (Roozenburg and Eekels 1995). This introduces the
concept of intention. From this, we describe a tool as being
“functional’ if its capabilities enable it to bring about an in-
tended outcome. To determine the intended functions, it is
necessary to start with a problem to be solved. This problem
gives rise to a goal which informs the functions to be realized
by the tool (Roozenburg and Eekels 1995). If a tool cannot
achieve all the intended outcomes due to limitations in its
capabilities, we consider it to have insufficient functional-
ity. For ML-based clinical decision support tools, a clinical
problem informs the clinical goal. The subsequent function-
ality of the tool should be able to achieve intended outcomes
that support the realization of the clinical goal.

Development of ML-based CDS tools whose function
cannot support the desired outcome can result in signifi-
cant harms to patients. These include the denial of appropri-
ate medical care (Buonora et al. 2024), unfair allocation of
treatment (Obermeyer et al. 2019), and misdiagnosis (Wong
et al. 2021). However, functionality is rarely prioritized in
the evaluation of ML tools; instead, emphasis is placed on
reliability, fairness, and explainability (Ojewale et al. 2025).
When the evaluation of functionality does occur, it is often



during implementation or operation of the tools, for exam-
ple through functionality audits (Mokander et al. 2024). This
does not enable the prevention of the development of tools
that do not have appropriate functionality.

Target variable construct validity

To evaluate a ML model prior to implementation or de-
ployment, it is necessary to consider its validity (Coston
et al. 2023). Functionality issues can arise due to prob-
lems with external validity of performance claims (Kapoor
et al. 2024; Saxena et al. 2025), or the construct valid-
ity of the benchmarks against which the model is assessed
(Alaa et al. 2025). Additionally, research has highlighted the
common occurrence of unsubstantiated links made between
model performance and social outcome claims, often result-
ing from a lack of engagement with the model application
context (Birhane et al. 2022; Kou 2024). A lack of contex-
tual awareness or engagement can give rise to construct va-
lidity issues in models. These issues are introduced into the
design prior to the measurement of model performance.

Construct validity considers how well a concept is opera-
tionalized for use in reality (Drost 2011). In relation to ma-
chine learning models, it can be defined as the “validity of
inferences regarding the extent to which a model reflects the
construct it is aimed at predicting” (Anglin 2024). The vari-
able a model is trained to predict is termed the target vari-
able.

Construct invalidity in target variables can arise in vari-
ous ways, including by inadequate interpretation of the con-
struct, errors in target variable labels, and biases in proxy
labels (Anglin 2024; Guerdan et al. 2023a,b). An example
of target variable construct invalidity causing functionality
issues in a CDS tool is observed in a high profile case study
from the United States, where a clinical decision support
tool was developed to identify patients who require high
needs care (Obermeyer et al. 2019). The tool was trained
on historical records of insurance claims for treatment. This
proxy target variable did not accurately reflect the construct
that the developers aimed to predict. Thus, the model did not
predict which patients required high needs care. It was not
functional.

Understanding functional failures of CDS tools

Functionality issues caused by construct validity of target
variables have the potential to be a contributing factor to im-
plementation failure of clinical ML models. However, re-
search is yet to be conducted on this.

The purpose of our research is not to confirm a causal re-
lationship between construct validity of target variables and
implementation failure of clinical ML tools, but to take the
first step towards bridging this research gap. We seek to un-
derstand how construct invalidity of target variables occurs
in the model design, the impact it has on functionality, and
how such products might end up being implemented.

It is relevant to apply this domain-focused lens as clin-
ical ML research differs from more general ML research.
Clinical ML research is heavily influenced by other scien-
tific fields such as medical informatics and much of the clin-
ical Al literature is published in venues with a specific bioin-
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formatics or medical focus. Additionally, the models devel-
oped in clinical ML are inherently grounded within the clin-
ical context due to the specificity of problems and datasets;
therefore, there may be greater contextual awareness than in
general ML research (Birhane et al. 2022). Thus, if construct
invalidity does occur, it may emerge differently than in other
applications or fields.

Methods

The nature of our research question requires a deep and thor-
ough analysis of individual papers within the clinical AT lit-
erature. Over the last few years, there has been a signifi-
cant increase in the volume of published papers presenting
the development of Al models for use in clinical contexts
such as hospitals and medical practices. Thus, it is not pos-
sible to perform a systematic review of every paper which
presents an Al model developed for use in a clinical context.
We therefore focus on papers in a specific area of clinical Al
research, namely papers which present Al models that uti-
lize natural language processing on free-text data from elec-
tronic health records (EHRs) for decision support applica-
tions. These applications have clear demand from clinicians
to help relieve administrative burden and support the synthe-
sis of large volumes of patient data and records (Bongurala
et al. 2024). Therefore, it is critical to understand how to en-
sure such tools are built with the functionality necessary to
address user needs.

Data collection

Due to the rapidly evolving nature of the clinical ML field,
we seek to capture a contemporary snapshot of the literature,
restricting our search to papers published from January 2023
to June 2024. A systematic literature search was conducted
on 7 August 2024 from databases Scopus and Pubmed. We
extracted relevant articles and screened them for inclusion
in the analysis. Databases Scopus and PubMed were used to
conduct the literature search. The following string was used
to perform the search: (A) AND (B) AND (C) AND (D)
AND (E), combining the keywords as specified in Table 1.

Groups | Keywords

(A) “clinical decision support” OR “clinical deci-
sion system” OR “clinical decision making”

B) “machine learning” OR “artificial intelli-
gence” OR “data driven”

© “design” OR “product” OR “solution” OR
model OR “system*’

(D) “health records” OR “medical records” OR
“patient records” OR “ehr” OR “emr”

E) “NLP” OR “natural language processing”

Table 1: Keywords used in database search with the AND
operator applied between each group.

The process for identifying core articles is shown in
Figure 1. Following the extraction of 72 articles from the
databases, duplicate records were removed, resulting in 54
records. Screening was conducted based on two criteria.



Identification of Core Articles

Records identified from:

Record removed before screening:

PubMed (n = 21)

Scopus (n = 51)

v

Record screened

| | Identificationl

A 4

Duplicate records removed (n = 18)

Records excluded**

(n = 54)

v

Articles sought for retrieval

A\ 4

\ 4

(n=37)

Articles not retrieved

(n=17)

v

Articles assessed for eligibility

Screening

(n=0)

Articles excluded:

(n=17)

A

Articles included in review

(n = 10)

| Includedl |

No specific CDS application (n = 5)

No model development (n = 1)

Quality (n=1)

Figure 1: Flowchart of key article selection (adapted from PRISMA (Page et al. 2021))

First, the article needed to present an Al model which
uses EHR text data for a clinical decision support applica-
tion. Second, the article needed to describe the development
phase of the ML model. After excluding ineligible records,
17 papers were sought for retrieval and assessed for eligibil-
ity by applying the same criteria. This resulted in the identi-
fication of 10 core articles for analysis.

Case-study identification

A systematic analysis of each of the 10 core articles was
conducted to identify occurrences of designs where the func-
tionality of the model did not support the clinical goal. These
were used as case studies on which we performed a detailed
qualitative analysis to answer the following questions: (1)
How did construct validity issues arise and what was their
impact on the CDS tool functionality? (2) Why did the de-
velopment of the CDS tool continue despite known function-
ality issues? and (3) How were the known functional limita-
tions of the CDS tool communicated?

To identify CDS tool designs with functionality issues,
we considered the construct validity of the target variables
in their underpinning ML models. In their work on threats
to validity in supervised machine learning, Anglin (2024)
presents four threats to construct validity arising in super-
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vised machine learning. Two of these relate to the target
variable: “inadequate explication of constructs” and ‘“‘errors
in human labels [of data]” (Anglin 2024).

Presence of construct invalidity due to the first threat can
be assessed by comprehensively specifying the construct of
interest, that is, what is to be predicted. The second can be
assessed by specifying the level of knowledge or types of
processes that create the data labels to be used. For CDS
tool predictions, this would require the following types of
considerations: should the labels be generated by doctors,
by pathology results, or by some other means? Should labels
come from current or historical clinical settings? Should la-
bels be assigned by specialists or general practitioners? For
each article, we extracted these specifications based on the
main clinical goal and used them to define the “ideal target
variable”.

Extraction of specifications for our analysis was done in
four steps:

e Identify the main clinical goal: Distinct clinical chal-
lenges or needs, which were used as justification for the
development of the model, were identified and extracted
from the introduction sections of each article.

* Identify the intended CDS tool function: The proposed
function of the CDS tool’s machine learning model, as



intended to address the clinical goal, was again extracted
from the introduction section of each article.

e Determine specification 1 (construct of interest): If it was
stated explicitly in the article, the construct was extracted
from the text. If it was not stated explicitly, the construct
was inferred from the intended CDS tool function.

e Determine specification 2 (labeling requirements): If it
was stated explicitly, the construct was extracted from
the text. If not stated explicitly, the construct was inferred
from the intended CDS tool function.

We then compared the actual target variable used in the
model to these specifications to determine if there was mis-
alignment to the specifications, indicating issues of construct
validity.

A limitation of this approach is that we did not have full
access to the datasets used. We needed to interpret from
the authors’ disclosure and justification whether the selected
dataset and target variable used did not meet the specifica-
tions. Where there is a clear discrepancy between the speci-
fications and the used target variable, we could identify the
article as having construct invalidity. However, we cannot
claim that the designs in any of the articles had complete
construct validity with regards to the clinical goal. There
may be discrepancies or target variable bias (Guerdan et al.
2023b) that are not apparent in the information provided in
the articles, or that the authors of this paper did not have the
expertise to identify. Therefore, we classified each article as
“target variable construct invalidity observed” or “no target
variable construct invalidity observed.”

Case-study analysis

For each of the articles classified as “target variable con-
struct invalidity observed”, we performed a qualitative anal-
ysis to answer the following questions.

(1) How did construct validity issues arise and what is
their impact on the CDS tool functionality? In the first
phase of analysis, we examined the methods and the dis-
cussion of research limitations provided by the authors to
understand the selection process of the target variable. From
this, we determined how the construct invalidity arose, and
how it affected the functionality of the CDS tool.

(2) Why did development of the CDS tool continue? In
the second phase of our analysis, we sought to understand
the justification given for pursuing the development of a
CDS tool where target variable construct invalidity meant
that the functionality could not support the achievement of
the clinical end goal, and where this limitation was known
to the authors. For each case-study article, we performed a
detailed reading of the text to identify all the goals presented
in the text.

The articles were reviewed sentence by sentence and ref-
erences to goals were coded. These were identified by signi-
fying words that indicated an intention of the research, such
as “goal”, “aim”, “objective”, “sought to”, “intended”. To
identify indirect references to goals, we also assessed and
coded each sentence to determine if a problem, outcome or
benefit was presented.
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Sentences were then grouped with others that referred to
the same concept, and goal descriptions were assigned to
each concept. For example, the problem, “patients are being
underdiagnosed”, and the goal, “we aim to improve diagno-
sis rates”, would be grouped together, and the goal descrip-
tion “improve diagnosis rates” assigned. For each goal, we
indicated its dependency on the construct validity of the tar-
get variable.

(3) How were functional limitations of the CDS tools
communicated? In the third phase of analysis, we exam-
ined the stated functionality in each article to determine if
the functional limitations of the developed model, and its in-
ability to address the clinical end goal, were clearly com-
municated. We defined the stated functionality as a short
summary statement outlining what the developed Al model
does. For example “the developed model identified patients
with type 2 diabetes using clinical notes in EHRs”. These
were extracted from the conclusion sections of the abstract.
Where there was no stated functionality in the abstract, we
extracted them from the discussion section in the main body
of the paper.

The stated functionalities, by nature of being summary
statements providing an overview of the tools’ capabilities,
are abstractions of the detailed descriptions of the tools. Ide-
ally, such abstractions should convey the minimum amount
of information necessary for a reader to understand the func-
tionality of the tool (Leveson 2017). However, it is also pos-
sible that these statements may be misabstractions (de Troya
et al. 2025) of the tool’s functionality. A misabstraction is
defined by de Troya et al. (2025) as:

a representation of an entity, phenomenon, or pro-
cedure that omits critical contextual information and
renders that representation problematic when it is
reintegrated into the context of the sociotechnical sys-
tem for which it has been made.

While the stated functionality may be a factually accu-
rate representation of the tool’s functionality, there could be
critical information missing that prevents an understanding
of its limitations. In this case we would consider the stated
functionality to not be clearly communicated. We therefore
assessed the stated functionality of each tool in two phases.
First, we determined if the stated functionality was a factu-
ally accurate description of the ML model functionality. If it
was not factually accurate we concluded that the actual func-
tionality was not clearly communicated. If the stated func-
tionality was factually accurate, we then assessed whether it
was a misabstraction of the tool’s capabilities. If the state-
ment was a misabstraction, we concluded that the function-
ality was not clearly communicated. This decision process
is shown in Figure 2.

Results

In the following four sections, we present the results from
each phase of our analysis. In the first section, we review
each of the 10 articles and identify three where the model de-
signs had construct validity issues related to the main clini-
cal goal. In the second section, we find that construct validity
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Figure 2: Decision tree to determine if the stated functionality clearly communicated the actual functionality of the CDS tool.

issues arose due to the use of pre-determined datasets which
had target variables that did not align to the functional re-
quirements of the clinical goal. We discuss the impact of the
use of these datasets on the CDS tool functionality. In the
third section, we examine why development of the models
continued despite known functionality issues and categorize
the types of goals that were used for this justification. In the
fourth section, we find that the stated functionality of each
of the developed CDS tools does not clearly communicate
their limitations in relation to the main clinical goal.

Construct invalidity was identified in three cases

The clinical goals specified in the core papers span a wide
range of medical specializations and uses. In our dataset, the
application type was distributed approximately equally be-
tween prognosis (4 cases), diagnosis (3 cases) and triage (3
cases). Seven of the articles sought to use the CDS to im-
prove the quality of predictions for their use case, and four
of the articles aimed to enable earlier predictions with the
CDS (one article aimed to do both). Our dataset indicates
the variability and range of potential uses for machine learn-
ing and natural language processing based clinical decision
support systems in medical applications.

Out of the 10 articles, three were observed to have con-
struct validity issues relating to the target variable used in
the model, indicating that there would be subsequent func-
tionality issues in their CDS tools. In one case, a target vari-
able matching the definition of the required construct was
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not available in the dataset (Fudickar et al. 2024). In the
other two, the labeling of the target variable does not suf-
ficiently represent the required construct due to limitations
in the labeling process (Abdel-Hafez et al. 2023; de Hond
et al. 2024). These issues were acknowledged and discussed
by the authors of each article.

In the following subsections, we elaborate on three main
issues observed in the articles with construct invalidity. First,
adhering to a predetermined dataset that is misaligned to
clinical goals; second, shifting primary goals justifying con-
tinued development of models with construct invalidity; and
third, an overstated functionality of the models.

Pre-determined datasets were misaligned to the
clinical goal resulting in construct invalidity

Abdel-Hafez et al. (2023) aim to reduce the time required for
clinicians to triage to ear, nose, throat (ENT) specialists and
ensure triage is done in line with the hospital’s clinical pri-
oritization criteria (CPC), enabling equitable access to these
specialists for patients. This requires that the target variable
‘triage categories’ is used, and that the labeling of this tar-
get variable is in line with the CPC. However, the authors
note that they trained the model on historical data where the
labels were not always adhering to the CPC, creating a con-
struct validity issue. The authors explained this was done as
there were not enough records that did adhere to the CPC
and the time and effort that would be required to manually
re-label the records was prohibitive for this project. There-



fore, they went ahead with the historical data for training
despite the construct invalidity.

A similar challenge is faced by de Hond et al. (2024).
The defined clinical goal is to improve early detection of de-
pression in patients receiving cancer treatment, as they are
currently underdiagnosed. This presents a challenge in ob-
taining the necessary target variable as, if patients are cur-
rently underdiagnosed, the ground truth data is not available
for every patient with depression in early cancer treatment.
This is acknowledged by the authors who state, “depressive
symptoms may have existed and not been recorded or ig-
nored by the oncology-focused clinicians, or that the patient
did not express their depressive symptoms to their oncology-
focused clinician.” In each of these cases, there would have
been no diagnosis. Consequently, in the dataset used to train
the model, these patients would have a ‘no depression’ label.
A number of proxy target variables were tested to attempt to
identify depression cases that were not officially diagnosed;
however, none of these were found to be good enough for the
final model. In their conclusion, the authors include a call to
refine the target variable labeling in future studies.

The CDS tool built by Fudickar et al. (2024) seeks to al-
locate patients to the optimal treatment for their lower back
pain. However, the necessary target variable “optimal treat-
ment for lower back pain” is not available in the dataset used.
The ML model instead predicts which treatments patients
were referred to for their lower back pain based on a combi-
nation of patient questionnaires and EHR data. There is no
follow-up data to confirm that these are the most effective
or optimal treatments, creating a functional limitation of the
model in achieving the clinical goal. This is noted by the au-
thors who could “not conclude whether the triaging to the
treatment was the correct triaging in terms of the treatment
with the highest benefit to the patient and whether the patient
indeed was successfully treated”. The authors indicate that
the reason they did not use a dataset with the necessary target
variable is that it was not available to them. They note that
future longitudinal studies which include treatment results
would be required to create such a dataset. This implies that
it is not currently possible to achieve the clinical goal with a
machine learning based CDS tool due to the lack of required
data.

In each of the cases above, the authors had access to a spe-
cific dataset. However, upon analysis, this dataset was deter-
mined to be insufficient to build a model whose function can
address the clinical goal. Although the authors describe how
datasets with appropriate target variables could be created,
it is determined in each case that the time and resource com-
mitment required to do this is prohibitive. Thus, the authors
were unable to obtain the necessary data to build a model
that achieved the function required to support the clinical
goal. This did not result in abandonment of development
in any of the three cases. Instead, the use of the available
dataset was framed as a design constraint on the model, and
development continued.
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Alternative goals were used to justify continued
development of CDS tools

For Fudickar et al. (2024), de Hond et al. (2024), and Abdel-
Hafez et al. (2023) misalignment of the available dataset
with the main clinical goal meant that the model function-
ality necessary to achieve the clinical goal was not possible.
However, in each case the main clinical goal was not the
only goal being pursued by the authors. Achievement of one
or more of the other goals defined in the articles was there-
fore used as justification for the continued development of
the CDS tool. In the following section, we examine the types
of goals that were used to justify continued development de-
spite a lack of construct validity to the main clinical goal.

Partial achievement of the main clinical goal The clini-
cal goals defined in the reviewed papers generally describe
the improvement of an existing clinical process. Achieve-
ment of this improvement often requires that multiple clin-
ical sub-goals are achieved simultaneously. Abdel-Hafez
etal. (2023) and de Hond et al. (2024) both specify two sub-
goals of the main clinical goal, one relating to the increase
in quality of the clinical process through improved decision
making, the other relating to the increase in efficiency of
the process through automation. In both cases, although the
available EHR datasets were not sufficient to achieve the
sub-goals relating to process quality, they could still be used
to achieve the efficiency related clinical sub-goals. There-
fore, the authors proceeded with the development of the
CDS tool. The potential interdependency of these sub-goals
is not reflected on in the re-prioritization of goals.

Achievement of technical sub-goals With the develop-
ment and use of Al-based clinical decision support tools
for hospital settings still in early stages, the successful de-
sign of a CDS tool for a particular purpose or setting of-
ten requires achievement of one of more technical sub-goals,
which themselves require design and testing. When consid-
ered in isolation, these technical goals often do not depend
on the construct validity of the target variable to the clin-
ical goal, and so are able to be pursued with the available
dataset. For example, Fudickar et al. (2024) aim to opti-
mise the predictive performance of their CDS tool. There-
fore, they define a technical goal to determine the improve-
ment in the predictive performance of a model obtained by
using an additional source of data. To achieve this goal, the
target variable used does not need to have construct validity
with the clinical goal. It just needs to be kept consistent be-
tween models, so that the difference can be measured. The
implicit assumption is that this performance increase will
remain when a dataset with an appropriate target variable
becomes available. Therefore, using the available dataset is
justified by the pursual of this technical goal instead of the
original clinical end goal.

Achievement of developers’ goals The development of a
technical solution such as a CDS tool requires the negotia-
tion of the goals and priorities of stakeholders including clin-
icians, patients and hospital administrators. These form the
basis for clinical goals and are the focus of considerations
related to the success or failure of the design functionality.



However, the developers of CDS tools are themselves stake-
holders and they have their own goals and priorities which
can be distinct from the clinical goal. For example, where
the developers are authors of academic publications, making
a scientific contribution by addressing a gap in the literature
is a goal of the development that is distinct from that of a
user of the tool. Examples of scientific contributions made
by the papers include determining the predictive value of
a data source (Fudickar et al. 2024), assessment of process
automation feasibility (Abdel-Hafez et al. 2023), and apply-
ing a CDS tool to a novel application (de Hond et al. 2024).
None of these contributions required that the clinical goal
was able to be achieved by the CDS tool functionality. Thus
it was not necessary for the authors to prioritize ensuring
tool functionality. In fact, it is important for continued sci-
entific progress to report on attempts to develop CDS tools
where functionality was not achieved, so that challenges and
limitations found can be resolved by other researchers in fu-
ture iterations. In such cases it is necessary that the limita-
tions of the developed tool are clearly communicated, which
we discuss next.

Stated functionality of the developed models
obscured the existence of their limitations

In their article, Fudickar et al. (2024) discuss the limitation
of their design in relation to the clinical goal. The authors
note that the ground truth data on optimal treatments for
lower back pain was not available for the development of
their model. They note that in the future, longitudinal studies
could be conducted to develop a dataset with an appropriate
target variable, and that this could be used to train future
versions of the model. Despite their awareness of the limita-
tions, the stated function of the developed model, as it was
written in the abstract, did not convey those limitations. The
abstract states in its conclusion that the study indicates that
extracting additional data from EHR text increases the accu-
racy of ML models in “suggesting optimal treatments for in-
dividual patients with [lower back pain].” This inaccurately
conveys that the model’s functionality supports the clinical
goal by predicting optimal treatments, despite the fact that
this is not the case.

Abdel-Hafez et al. (2023) and de Hond et al. (2024) both
discuss the functional limitations caused by the lack of avail-
able ground truth data, and their attempts to address these, in
detail. Both indicate the importance of considering data lim-
itations in future iterations of the models. In each of these
articles, the stated functionality of the developed models do
provide factually accurate descriptions of what the models
do. However, the language obscures the existence of the
model limitations, through the omission of critical contex-
tual information, resulting in a misabstraction. Abdel-Hafez
et al. (2023) state that a model was developed to “automate
the process of categorizing medical referrals based on clin-
ical prioritization criteria guidelines.” However, the catego-
rization does not necessarily adhere to these guidelines, as
the model was optimized using historical data with cate-
gories assigned prior to the development of the guidelines,
and containing errors and biases as a result. de Hond et al.
(2024) state that a model was developed to “identify pa-

1408

tients with cancer at risk for depression within one month of
chemo- or radiotherapy treatment”. However, due to a lack
of ground-truth data, the model is not trained to identify all
patients with depression, only those formally diagnosed.

This demonstrates how refocusing the design purpose
away from the main clinical goal not only sees it unad-
dressed by the tool functionality, but leads to situations
where clear and precise reporting of the relationship be-
tween the main clinical goal and the tool’s capabilities and
limitations is not prioritized in the communication of the re-
search outputs.

Discussion

In this study, we investigated why machine learning tools
without the necessary functionality to achieve clinical goals
are being built for clinical decision support applications. Our
research focused on CDS tools where functionality issues
occurred due to construct invalidity of the ML model target
variable.

In our case studies, we found that design decisions in-
volving the selection of the invalid model target variable
were dictated by the ‘real-world’ dataset available to the de-
velopers. Opportunities to develop construct-target aligned
datasets based on functionality requirements were prevented
by time and resource constraints. We observed that each ar-
ticle had defined multiple other goals, some related to, and
some distinct from the main clinical goal. Goals that could
be achieved using the available dataset were used to justify
the continued development of the ML-based CDS tool, de-
spite known functionality issues. Finally, we found that im-
precise terminology in the descriptions of tool functionality
obscured the functional limitations. A detailed reading of the
article was required to understand that the developed CDS
tool would not address the main clinical goal, increasing the
interpretive labor for users of these studies (Kou 2024).

Losing sight of the clinical goal

When the focus of the development of a solution or tool
shifts away from the original goal, the problem underpinning
that goal can become ‘orphaned’ from the solution. That is,
the solution is no longer addressing that problem (Siffels
and Sharon 2024). Our results illustrate that this is a risk
in current clinical ML research practices. Problems whose
solutions require upfront investment or effort in obtaining
necessary data are orphaned, while problems and goals that
can be achieved with existing data are prioritised. In the ex-
amples we analyzed we observed this leading to trade-offs
between quality and efficiency.

In design best practices, it is common to adjust the design
goal during problem refinement (Roozenburg and Eekels
1995). Designers iteratively review their goals to ensure
they address a real underlying problem. As designers engage
more deeply with the context through research, prototyping,
or stakeholder engagement, they frequently encounter new
insights that challenge their original problem understanding.
Sometimes, the initial problem was misunderstood, requir-
ing the problem definition to be refined and the goals up-
dated. However, in the cases we observed, the legitimacy of



the problem underpinning the main clinical goal was never
challenged or deemed necessary to refine. So when the goals
were updated due to limitations of the available dataset, the
initial problems still remained, existing but unresolved. If
development proceeds and these problems continue to be de-
prioritized, they may become orphaned from the design pro-
cess and fail to be addressed by the eventual implemented
solution (Siffels and Sharon 2024).

In the case studies examined, the shift in focus from the
main clinical goal to more achievable sub-goals occurred
without consideration of potential dependencies between
each sub-goal and their underlying problems, or the rela-
tive importance of addressing these problems for the clin-
ical stakeholders. In each of the three cases we analyzed,
the original clinical goal set out to improve the quality of
clinical decisions, by improving on the current state of dis-
ease diagnosis or treatment allocation, as well as their speed.
However, the available dataset did not allow for quality im-
provement to be achieved, and so instead, efficiency through
process automation became the focus. The authors of the
articles did not discuss whether the quality improvement
was necessary to achieve meaningful efficiency gains (e.g.
to reduce time to review CDS outputs), or whether the ef-
ficiency gains brought about by automation were desirable
if the quality improvements could not be achieved. This il-
lustrates a risk in the digitization of processes, where goals
of quality improvement are abandoned because the costs or
effort to achieve them are seen as prohibitive. Meanwhile,
cheaper and easier goals remain, such as those related to ef-
ficiency improvements through automation.

When a tool is developed that only addresses efficiency,
not quality, the justification is often that it is better than
nothing. However, although it may fulfill short-term needs,
failing to address the broader long-term goals will result in
services that cease to improve over time. Focusing on effi-
ciency while neglecting to invest in quality can lead to fur-
ther deterioration of processes, as historical standards be-
come calcified and new improvements become difficult to
implement within the constraints of outdated systems (Wet-
ter 2007; Van den Hooff and Hafkamp 2018).

A lack of clarity in the communication of the actual func-
tionality of CDS tools, creates a risk that developers and
users may lose track of functional limitations, or of the orig-
inal clinical goal, in future design iterations. If knowledge
of the limitations is lost during the design and development
process, they could then resurface at a later phase, either dur-
ing implementation or operation. This creates risks of imple-
mentation failure, or in harms to stakeholders during oper-
ation of the tool. If the original clinical goals are forgotten,
then attempts to realize these goals, either by using ML CDS
technology or by other means, may cease. This would result
in a clinical problem that remains unaddressed in the long
term.

Recommendations for CDS design research

To avoid potential negative impacts to healthcare services,
there should be a focus on developing goal-led designs, in-
stead of data or technology-driven designs. Based on our
findings, we present three recommendations for clinical ML
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research to mitigate the risk of developing ML-based CDS
tools with target variable invalidity.

Recommendation 1: Invest in dataset design and creation
Ideally, the prioritization and specification of goals should
drive the creation of datasets, but there is often limited fo-
cus on developing appropriate datasets. Although a specific
dataset may be needed to address the clinical problem, ob-
taining it can conflict with other goals or constraints. This
leads to adjustments in goals to match what is achievable
with available data. When the necessary dataset is unavail-
able, the clinical problem becomes deprioritized. There is
often an implicit assumption by developers that functional-
ity issues will be addressed in future iterations as data qual-
ity improves, despite the lack of clear roadmaps for obtain-
ing and integrating these improved datasets. Building mod-
els with poor-quality data while waiting for the right dataset
not only wastes time, but also risks implementing ineffec-
tive tools. Hence, the clinical ML research field should have
an increased focus on enabling the design, creation, and use
of suitable datasets for achieving clinical goals. Data spec-
ifications should be defined in relation to the end goal, not
pre-defined by available datasets to inform goal selection.

Recommendation 2: Define clear success and failure cri-
teria for solutions Without established success criteria, or
specified conditions under which the project should be ter-
minated, the design of a tool is able to continue indefinitely.
Continuous redesign according to increasingly onerous con-
straints is done to achieve sub-goals, even as these changes
obstruct or even prohibit achievement of the required func-
tionality for the main clinical goal. This can result in a sig-
nificant investment of time and resources without ever de-
veloping a solution that addresses the main goal. Therefore,
prior to commencing the design of ML-based CDS tools,
clear definitions of success should be specified. Addition-
ally, indicators of success feasibility, or infeasibility, should
be identified so that it is clear when development can no
longer continue in a particular direction.

Recommendation 3: Make clear the distinction between
value to users and scientific value In many cases, the po-
tential effects or risks of reprioritizing goals due to feasi-
bility issues are not as salient to the research team devel-
oping the tool as they are to the users. Often, development
teams or organizations have other goals distinct from those
of the users, arising from financial or reputational incen-
tives both in industry and academia. For example, in aca-
demic literature, achievement of the author specific goals of
contributing to the scientific literature is generally indepen-
dent of the clinical stakeholders’ goals. Therefore, there is
no inherent incentive to reflect on the relative importance
that clinical stakeholders may assign to each of the clinical
goals and sub-goals. Nor is there incentive to consider or
how users they may be affected if the developed tool is not
able to achieve the clinical goal. To create such an incentive,
proof of the alignment of research outcomes with clinical
end goals needs to be valued more in the scientific literature.
Evaluation of the achievement of the clinical goals should
be reported on specifically and precisely, making clear the



ways they are different and distinct from the scientific goals.

Conclusion

Our research presents an exploratory case study analysis of
how functionality issues in ML-based CDS tools can arise
due to construct invalidity of the model target variables. The
three case studies in our analysis have shown how the pursuit
of alternative goals can be used to justify the continued de-
velopment CDS tools which have known construct invalidity
issues, resulting in tools with functionality issues. While our
research surfaces the existence of this phenomena, we are
unable to infer its prevalence. This is due to the small sam-
ple size of our core articles, the diversity of clinical appli-
cations they present. Therefore further research is needed to
understand the extent to which this phenomena occurs, and
if there are trends which or across different medical appli-
cations. The methods presented in this article provide a con-
tribution to this future research, as they outline an analytic
framework that can be adapted to, and applied in, systematic
reviews of specific CDS tool applications.

Although our research focuses on ML-based clinical deci-
sion support tools, the conditions driving the development of
non-functional tools - unavailable data, and competing pri-
orities and goals - are not specific to healthcare. Therefore, it
is possible that functionality issues observed in sectors such
welfare, education and criminal justice may be emerging due
to these same conditions. Future work examining function-
ality failure in different sectors is needed to determine the
generalizablity of these findings.

In this paper we have shown how data-driven develop-
ment of CDS tools can result in target variable invalidity,
and that this creates functionality issues that prevent the tool
from meeting the needs of users and achieving the clinical
goal. We show that developer knowledge of these function-
ality issues does not necessarily prevent the development of
a tool. Instead, alternative goals are used to justify continued
development, shifting focus away from the clinical goal and
risking the original clinical problem being orphaned from
the CDS tool solution.
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