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Abstract

Accurate medical diagnosis often relies on both textual self-
reported symptoms and structured medical examination re-
sults of patients. However, these examinations vary sig-
nificantly in cost—measured in time, money, or patient
discomfort—creating a challenging trade-off between diag-
nostic accuracy and resource efficiency. To address this is-
sue, we propose a dynamic diagnostic framework that in-
crementally selects medical examinations based on individ-
ual characteristics of each patient. Starting with textual self-
reported symptoms and basic demographic, the system de-
termines follow-up examinations step-by-step, improving ac-
curacy while minimizing additional costs. Specifically, we
introduce Dynamic feature selection with Instance-Specific
Cost sensitivity (DISC). DISC treats each examination as
a feature and learns to acquire them sequentially to opti-
mize predictive performance under personalized cost con-
straints. To support richer clinical understanding, we further
develop a multimodal framework that integrates unstructured
self-reported symptom text with structured medical exam-
ination data. We conduct experiments on 680,000 patients
with 43 million medical examination records, demonstrating
that DISC high diagnostic accuracy even when accounting
for examination costs. Our work provides substantial mo-
mentum for the advancement of AI in healthcare, offering
both methodological and practical foundations that can sig-
nificantly accelerate the deployment of intelligent, cost-aware
diagnostic systems in real-world clinical settings.

Code — https://github.com/LAMDA-Tabular/DISC

Introduction
In real-world medical consultations, each medical examina-
tion (e.g., hemoglobin concentration, blood glucose level,
liver enzyme panels) comes with a cost—whether financial,
temporal, or physical (Bernardino et al. 2022; Foster, Ko-
prowski, and Skufca 2014). Most tests require payment, may
involve long waiting periods for results, and can sometimes
cause discomfort or risk to patients. Without careful plan-
ning, excessive examinations can impose significant burdens
on both individuals and the broader healthcare system. As
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a result, medical diagnoses are often conducted over mul-
tiple interactions: physicians initially assess available infor-
mation (symptoms and examination results), then selectively
request additional examinations to support decision-making.

In practice, these decisions must also account for patient-
specific constraints. For instance, a patient may be unable to
afford expensive tests, or may only have access to basic ex-
aminations due to time or logistical limitations. To address
this challenge, we propose to model the diagnostic decision-
making process using machine learning, with the goal of
automatically and adaptively selecting a personalized set of
medical examinations. Our objective is to make high diag-
nostic accuracy while accounting for each patient’s varying
sensitivity to acquisition costs.

More specifically, we consider the set of all possible med-
ical examinations is treated as structured features. The di-
agnosis then becomes the target prediction. This formu-
lation allows us to view diagnosis as a dynamic feature
selection (Janisch, Pevnỳ, and Lisỳ 2020) problem: the
model begins with basic information and dynamically se-
lects which examination to perform next, based on the cur-
rent acquired results. However, existing methods for dy-
namic feature selection face several limitations. Many ex-
isting approaches (Ma et al. 2019; Ghosh and Lan 2023;
Covert et al. 2023) focus on improving accuracy under a
feature-count budget but overlook that different examina-
tions carry heterogeneous costs. Although a number of cost-
aware methods (Dulac-Arnold et al. 2011; Shim, Hwang,
and Yang 2018; Valancius, Lennon, and Oliva 2024) explic-
itly model feature costs, they typically assume a uniform
sensitivity to cost across all instances, thus failing to capture
patient-specific preferences or constraints.

To address these limitations, we propose DISC: Dynamic
feature selection with Instance-Specific Cost sensitivity.
DISC is a general framework that incorporates instance-
dependent cost sensitivity into the dynamic feature selection
process while supporting multimodal inputs. Starting from
the patient’s self-reported symptoms, DISC sequentially se-
lects the most informative and cost-effective examinations
to perform, guided by both feature costs and patient-specific
tolerance to cost. At each step, DISC updates its predictions
based on accumulated features and continues acquisition un-
til a stopping criterion is met.

In particular, DISC consists of three core components. (1)
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Doctor, I felt dizzy this days.

It could be hypoglycemia or 
anemia. I suggest a full 
blood panel. 

I’m short on tim. Can we do 
something quick?

Yes, we can run a 
hemoglobin test first. 

minutes later

Here is the result.

Your hemoglobin is 10.2 
g/dL. It suggests anemia .

observed features

hypoglycemia    anemia       other

40%40%
20%

text input

I felt dizzy this days.

prediction result

make prediction

I felt dizzy this days.

hypoglycemia    anemia        other

70%

20%
10%

Figure 1: The medical diagnostic process can be formulated as a dynamic feature selection problem. Based on the patient
information (e.g., age, gender, and symptoms) and preferences (e.g., time constraints, financial concerns), physicians arrange
specific examinations, a process that corresponds to selecting new features.

A scorer evaluates all unobserved features based on the cur-
rent input and the features acquired so far. (2) A selector then
determines which feature to acquire next by jointly consid-
ering the feature scores, acquisition costs, and the patient’s
individual cost sensitivity. (3) A predictor produces diag-
nostic predictions using the currently available feature set.
The scorer and predictor are jointly trained to ensure strong
predictive performance under incomplete information. Once
trained, the selector is fine-tuned to reflect instance-specific
cost preferences and to avoid acquiring redundant or overly
expensive features. We evaluate DISC on a real-world hos-
pital dataset encompassing approximately 680,000 patients
with 43 million medical examination records. DISC sig-
nificantly reduces the number of acquired features—down
to roughly 30%—while maintaining comparable diagnostic
performance to models using all features. We further val-
idate the generalizability of DISC on five public datasets
from diverse domains.

Our main contributions are summarized as follows:

• We formulate real-world medical diagnosis as a mul-
timodal dynamic feature selection problem, integrating
text and structured data under cost constraints.

• We propose DISC, a novel instance-specific and cost-
sensitive dynamic feature selection framework tailored
to the diagnostic setting.

• We validate DISC on a real hospital dataset and five pub-
lic datasets, achieving strong performance and reducing
the cost of acquired features.

Related Work
Medical Diagnosis on Structured Tabular Data
Machine learning achieves notable success in the medical
domain, with strong performance in tasks such as circula-
tory failure prediction (Hyland et al. 2020), leukemia diag-
nosis (Alcazer et al. 2024), and parathyroid hormone-related
peptide testing (Yang et al. 2023). In these settings, pa-
tient data, such as demographic information and medical
examination, is typically represented in structured tabular
form (Jiang et al. 2025; Cai and Ye 2025; Ye et al. 2024),
where each row corresponds to a patient and is associated
with a diagnostic label. Both tree-based models (Chen and
Guestrin 2016; Ke et al. 2017; Prokhorenkova et al. 2018)
and deep learning methods (Gorishniy et al. 2021; Gorish-
niy, Kotelnikov, and Babenko 2025; Ye et al. 2025; Holl-
mann et al. 2025; Liu and Ye 2025) demonstrate competitive
performance on such tabular datasets. However, most exist-
ing methods treat feature selection and prediction as sepa-
rate steps, with a primary focus on building predictive mod-
els under the assumption that all features are available at in-
ference time. This assumption is often unrealistic in clinical
practice, where certain features may be missing, unavailable,
or costly to acquire. So it is challenging for conventional ap-
proaches to deploy in real-world diagnostic workflows that
require adaptive and cost-aware feature acquisition.

Feature Selection
Feature selection aims to identify a small subset of relevant
features that can improve classification performance, reduce
dimensionality and storage requirements, enhance computa-
tional efficiency, and facilitate data visualization and inter-
pretation (Li et al. 2017; Dhal and Azad 2022; Jiao et al.
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2023). It plays a crucial role in data mining, pattern recog-
nition, and machine learning. Unlike feature construction or
extraction methods (Ding et al. 2012; Liu et al. 2008), fea-
ture selection preserves the original semantics of features,
thereby offering better interpretability.
Static feature selection Traditional feature selection
methods typically focus on selecting a static feature subset
shared across all instances. These methods rank features by
their importance using techniques such as attribution anal-
ysis (Shrikumar, Greenside, and Kundaje 2017), correlation
analysis (Hall 1999), information theory (Peng, Long, and
Ding 2005), or game theory (Lundberg and Lee 2017), and
then select the top-ranked features based on this ranking.
Dynamic feature selection Dynamic feature selection,
which adapts the selected features to each individual in-
stance, receives increasing attention. Existing approaches
span several methodological families. A widely used line
of work (Dulac-Arnold et al. 2011; Shim, Hwang, and
Yang 2018; Li and Oliva 2021) formulates the problem
as a reinforcement learning (RL) task (Sutton and Barto
1998), modeling feature acquisition as a Markov Deci-
sion Process (Bellman 1966). Although theoretically appeal-
ing (Dulac-Arnold et al. 2011), RL-based methods are often
difficult to train and do not consistently outperform static
feature selection techniques (Ghosh and Lan 2023).

Beyond RL, the EDDI framework (Ma et al. 2019) em-
ploys a variational autoencoder with arbitrary condition-
ing (Ivanov, Figurnov, and Vetrov 2019) to estimate condi-
tional mutual information, but its estimates can be unreli-
able and computationally expensive. Other recent methods
take greedy or amortized optimization approaches (Covert
et al. 2023; Bae et al. 2022), while differentiable acquisition
strategies such as DIFA (Ghosh and Lan 2023) avoid zeroth-
order optimization and enable efficient learning. However,
these techniques overlook feature acquisition costs. The
AACO method (Valancius, Lennon, and Oliva 2024) incor-
porates cost-aware decision-making by estimating expected
loss under partial observations via neighboring samples. Yet,
it cannot capture individualized cost sensitivities.

Problem Definition and Notations
To enable cost-aware medical diagnosis, we aim to dynam-
ically select a subset of informative and affordable features
for each patient, based on both textual symptoms and struc-
tured examination data. We now introduce the notations used
in our formulation.

We posit that physicians rely on two sources of infor-
mation when making diagnostic predictions. The first is the
self-reported symptoms of patients, which we denote as xt.
The second information source includes patient metadata
(e.g., gender, age) and examination results (e.g., blood pres-
sure, blood glucose, blood lipids). These medical examina-
tion results are collected sequentially and differ across pa-
tients. To model this process, we construct a feature vector
xf of length d that represents patient metadata together with
all possible examinations, even though each patient typically
observes only a subset of them. We further introduce a bi-
nary mask m ∈ {0, 1}d, which indicates which features are

acquired. The masked feature vector actually observed for a
given patient is therefore denoted as xm:

xm = (xf ⊙m)⊕m, (1)

where ⊙ denotes element-wise multiplication and ⊕ denotes
vector concatenation. ⊙ is used to set all unacquired fea-
tures to zero, while ⊕ is used to distinguish whether a zero
indicates that the feature is not acquired or that the feature
value itself is zero. We aim to learn a predictor f to produce
accurate diagnostic predictions based on the provided self-
reported symptoms xt and the masked feature vector xm:

ŷ = f(m | xt,xf), (2)

where xt and xf are fixed for a given patient, representing all
available patient information. m is a dynamic feature mask
that controls which parts of this information are actually ob-
servable, and unobservable features wait for selection.

Since acquiring medical examinations in real-world set-
tings often incurs non-negligible costs, we additionally in-
troduce a cost vector c that specifies the acquisition cost of
each feature. Prior work in dynamic feature selection (Ma
et al. 2019; Covert et al. 2023; Ghosh and Lan 2023) learns
a selection policy π and determines which feature to acquire
next by jointly considering both its acquisition cost and its
potential contribution to improving prediction accuracy:

moh = π(xt,xm, c). (3)

Here, moh is a one-hot vector indicating the selected feature.
It is used to update the feature mask m, thereby enabling the
sequential feature acquisition process.

Therefore, until a total of n features are selected, we can
define an evaluation metric for the selection policy π and the
predictor f as:

v(π, f) = Ep(xt,xf ,y)

[ n∑
i=0

ℓ
(
y, f(mi | xt,xf)

)]
, (4)

where p(xt,xf , y) denotes the data distribution across pa-
tients, and ℓ denotes the loss function corresponding to the
task; for diagnostic classification tasks, we use the cross-
entropy loss. mi denotes the mask vector after the i-th se-
lection step, with i≤n. The optimization is performed by
updating the parameters of both the selection policy π and
the predictor f . A lower value of this metric indicates that
the predictor achieves higher accuracy at each step of the se-
lection process, implying that the selected features are more
informative and discriminative.

DISC
To account for both feature acquisition costs and instance-
specific cost sensitivity during the feature selection process,
we propose DISC. In DISC, we decompose the selection
policy π into two components:(1) a scorer π1 and (2) a se-
lector π2. The scorer evaluates the utility of each unacquired
feature and the selector decides whether to acquire a feature
based on its utility and acquisition cost. DISC also retains
(3) a predictor f to generate real-time diagnostic predictions
using the currently available information.

23285



first 
step

second 
step

third 
step

…

selected features

Mask

Linear layer

Linear layer

Linear layer

BERT Linear layer

F
usion

MLP

MLP

learnable

unlearnable

(a)

(b)

(c)
scorer / predictor

predictor
scorer

selector

make prediction feature selection

…

Figure 2: Overview of the DISC framework. (a) DISC starts with an all-zero feature mask and incrementally acquires features
step-by-step to make predictions. (b) Detailed architecture of the predictor; the scorer shares the same structure, differing only
in output dimensionality. (c) At each step, the model uses a shared backbone with a scorer and a selector to update the feature
mask, and a predictor to generate diagnostic predictions. Selection and prediction are decoupled but use shared components.

In this section, we first present a detailed explanation of
the operational mechanism of DISC, with a focus on how it
incorporates instance-specific cost sensitivity. We then de-
scribe the training procedure, including implementation de-
tails of the model architecture. The operating mechanism of
DISC is illustrated in Figure 2.

Selection Policy and Prediction
As mentioned before, DISC consists of three components:
a scorer, a selector, and a predictor. Both the scorer and the
predictor are learnable modules, with their parameters de-
noted as π1(·;ϕ) and f(·; θ), respectively. The selector is
implemented as a gating mechanism, denoted by π2(·;β),
where β is a separately tunable parameter that requires inde-
pendent optimization. Together, the scorer and the selector
constitute the selection policy π.

When we select i−1 features. Let mi−1 denote the corre-
sponding feature mask. The scorer takes all currently avail-
able information as input and produces a score vector s:

s = π1(mi−1 | xt,xf ;ϕ). (5)

To ensure that already selected features are not reselected
and that both feature acquisition costs and instance-specific
cost sensitivity are properly considered, DISC applies a se-
lector to adjust the score vector s as follows:

s′ = π2(s | c, γ;β)

= g
(
s− α×mi−1 − β × γ × c

) (6)

where function g(·) refers to the Gumbel-Softmax func-
tion (Jang, Gu, and Poole 2017), which transforms a score

vector into a one-hot vector by resampling trick. Within
function g(·), the second term involves a large constant α
and sets the scores of selected features to −∞. This pre-
vents the re-selection of already acquired features. The third
term penalizes feature scores based on instance-specific cost
sensitivity γ and feature acquisition costs c mentioned be-
fore. Here, γ ∈ [0, 1] quantifies a patient’s tolerance for fea-
ture acquisition cost: a larger γ increases the penalization of
expensive features and results in a more pronounced adjust-
ment of the score vector. The modified score vector s′ then
updates the feature mask vector mi−1 as follows:

mi = mi−1 + s′. (7)
The predictor and the scorer share the same underlying

architecture, as both receive all selected features and text de-
scriptions as input. The only difference lies in their outputs,
the predictor generates a probability vector representing the
predicted diagnosis result:

pi = f(mi | xt,xf ; θ). (8)
Multi-step feature selection starts at i=0 and iteratively

performs feature selection, acquiring one feature and updat-
ing the feature mask mi at each step until the predefined
maximum number of features is reached.

For simplicity, in the main text, we assume each feature
is associated with a single cost and do not consider poten-
tial dependencies among features (e.g., multi-cost settings,
group structures, feature acquisition with preconditions).

Structure of Scorer and Predictor
The feature scorer and predictor share the same underlying
architecture, as both take the same input type: textual infor-
mation xt, feature vector xf and feature mask vector m. The
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only distinction lies in the output layer: the scorer produces
a score vector s, which is used to determine the next feature
to acquire, while the predictor outputs a prediction vector p,
which is used to compute the final classification loss. A key
challenge in the model design is to handle the dynamically
expanding subset of selected features and to effectively inte-
grate these features with the associated textual information.
Text embedding For Discriminative tasks involving tex-
tual information (in our dataset, each sample is associated
with one corresponding sentence), we employ a pretrained
language model, BERT (Devlin et al. 2019), as the text en-
coder. BERT maps each sentence to a 768-dimensional rep-
resentation. To align the embedding dimension with other
modalities, we add a linear projection layer that transforms
the 768-dimensional vector into an h-dimensional text em-
bedding. This process is defined as:

et = Linear(BERT(xt)), (9)

where xt denotes the input textual information, and et is the
h-dimensional text embedding.
MoE embedding To enhance the representational capac-
ity of DISC, we adopt a MoE framework (Jordan and Jacobs
1994)for embedding construction. The previously obtained
text embedding et serves as one of the experts in the MoE,
specializing in textual information. In addition, we introduce
three more experts to process the masked feature vector xm

, each producing an h-dimensional embedding:

ef1, ef2, ef3 = Linear(xm). (10)

A router module selects and weights these expert out-
puts based on the feature mask m, enabling dynamic
routing. The final mixed embedding eI is computed as a
weighted sum of all expert embeddings, guided by the rout-
ing weights. This fused representation is then passed through
a multi-layer perceptron (MLP) to generate the final output:

output = MLP(eI). (11)

For the scorer, output is the score vector s, and for the pre-
dictor, output is the predicted logits p.

This framework assumes that each sample is accompa-
nied by a piece of textual information, which, along with the
selected features, guides both feature acquisition and predic-
tion. In practice, such textual data is often easy to obtain and
can take the form of any sample-relevant description. How-
ever, since these descriptions are inherently subjective—and
may be vague or even inaccurate—the influence of the text
embedding is gradually attenuated as more informative fea-
tures are acquired during the selection process.

Training Recipe
Joint training of the scorer and predictor DISC jointly
trains the scorer and predictor. Given a maximum feature
budget n, DISC performs n iterations, each involving a fea-
ture acquisition step followed by a prediction. We denote
predictions at each step as p0,p1, . . . ,pn, where p0 corre-
sponds to the prediction based solely on textual information.
Each prediction is compared to the ground-truth label y to

Dataset # Instances # Features # Classes
Clinical Datasets

Respiratory Medicine 8,193 130 7
Endocrinology 7,922 86 5
Urinary Surgery 5,314 106 4

Public Datasets

Attrition 938 29 2
House Prices 2,919 52 4
Credit Default 4,399 101 2
Diabetes 12,580 42 3
Developer Survey 6,745 135 2

Table 1: Overview of datasets used in our experiments. The
top three are real-world clinical datasets from a top-tier hos-
pital, containing examination records and symptom descrip-
tions. The bottom five are public tabular datasets with syn-
thetic text generated by DeepSeek-R1.

compute a loss. Referring to Equation 4, we rewrite v(π, f)
as the empirical loss. The overall training loss is defined as:

L = Ep(xt,xf ,y)

n∑
i=0

ℓ(pi, y). (12)

where ℓ denotes the cross-entropy loss for classification
tasks, and D is the dataset of patients. The computed loss
is used to update the parameters ϕ for scorer and θ for pre-
dictor. During joint training, we set γ=0, meaning the selec-
tor ignores feature acquisition costs and only avoids select-
ing observed features. This allows DISC to learn a selection
strategy prioritizing predictive performance.
Adjust the constrained feature selector After joint train-
ing, we freeze the parameters of both the scorer and the pre-
dictor. We then tune only the parameter β, aiming to select a
value that enables the model to produce distinct feature se-
lections under varying cost sensitivity values γ. This resem-
bles hyperparameter tuning: fix β, then observe how feature
selections change with γ for a given instance.

Experiments
This section presents the datasets used in our experiments,
along with the baseline methods for comparison.

Datasets
To align with the medical scenario discussed throughout this
paper, we collected real-world patient examination records
from three departments, Respiratory Medicine, Endocrinol-
ogy, and Urinary Surgery of a top-tier hospital. These
datasets contain authentic patient data gathered during ac-
tual clinical visits. For each patient visiting a department, the
textual component of the dataset records the self-reported
symptoms from patient (e.g., recent dietary patterns or re-
ported areas of pain). In addition, the dataset includes a ex-
amination sequence for each patient, documenting all med-
ical examinations conducted and their corresponding re-
sults. Based on these sequences, we construct a unified ta-
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Dataset CAE mRMR DeepLIFT EDDI JAFA Amo DISC
Respiratory Medicine 75.35 79.77 74.91 76.87 62.47 78.97 80.89
Endocrinology 83.07 83.07 83.97 71.64 74.52 83.48 88.85
Urinary Surgery 74.21 83.06 73.71 78.45 72.80 79.25 83.37
Attrition 68.50 77.00 75.70 72.13 64.61 74.37 77.75
House Prices 85.91 85.71 85.98 82.30 82.85 89.87 90.10
Credit Default 62.18 71.97 69.08 66.20 58.52 73.55 73.69
Diabetes 58.63 61.10 60.89 58.86 56.42 61.91 62.90
Developer Survey 73.69 82.48 81.72 68.80 68.71 83.49 82.95

Table 2: Comparison of average AUROC scores across seven feature selection methods on eight datasets. For each dataset, we
report the mean AUROC under varying feature subset sizes. The best-performing method per dataset is highlighted in bold.
DISC achieves the highest AUROC on seven out of eight datasets and ranks second on the remaining one.

ble where each row represents a patient, and each column
corresponds to a possible medical examination. The values
in the table indicate the actual results of the examinations if
conducted, or remain empty otherwise. This table, combined
with basic demographic information (e.g., age and gender),
constitutes the tabular part of the dataset.

To ensure the reproducibility of our experimental results
and to assess the generalizability of our method to other do-
mains, we additionally selected five publicly available tab-
ular datasets for evaluation. For each of these datasets, we
randomly selected a small subset of features and input their
information into DeepSeek-R1 (Guo et al. 2025) to gen-
erate a unique textual description for each instance. The se-
lected columns are then removed from the original dataset.

For each dataset, we employ a large language model to
estimate the acquisition cost of each feature. Specifically,
we input the column names along with their corresponding
descriptions into the large language model, which outputs
a relative cost estimate for each feature, forming the cost
vector c. In our experiments, the predicted costs are con-
strained to integer values ranging from 0 to 5. For the real
hospital dataset, We instruct DeepSeek-R1 to estimate the
acquisition cost of each feature based on the difficulty and
expense involved in obtaining it. For example, age and gen-
der are easily accessible through patient inquiries or hos-
pital records, and thus their acquisition cost is set to zore.
In contrast, blood pressure measurements are common and
relatively convenient, typically performed at no additional
cost during standard consultations. However, they still re-
quire specialized medical equipment and trained personnel,
and thus incur a relatively low acquisition cost. Features
such as red blood cell count, which can only be obtained
through blood examination, involve both financial expenses
and waiting time for results, and are therefore assigned a
higher acquisition cost.

All datasets are classification tasks, with instance counts
ranging from 938 to 12,580 and feature counts ranging from
29 to 135. Table 1 presents key statistics for each dataset.

Baselines
Feature selection We evaluate our method by compar-
ing it with both dynamic and static feature selection meth-
ods. As static baselines, we use a mutual information selec-

tion method mRMR (Peng, Long, and Ding 2005), a deep
model attribution method DeepLIFT (Shrikumar, Green-
side, and Kundaje 2017), and the Concrete Autoencoder
(CAE) (Balın, Abid, and Zou 2019) for differentiable fea-
ture selection. As dynamic baselines, we use the efficient
dynamic discovery method EDDI (Ma et al. 2019), a rein-
forcement learning method JAFA (Shim, Hwang, and Yang
2018), and an amortized optimization method Amo (Covert
et al. 2023) to dynamically sample unselected features.
Multimodal methods for text and tabular data We con-
sider the following three approaches to process multimodal
data consisting of both tabular features and text descriptions.
BERT (Devlin et al. 2019): We use a pre-trained language
model BERT to encode each textual input into a vector rep-
resentation. The resulting text embedding is concatenated
with its corresponding tabular feature vector, and the com-
bined representation is passed through an MLP for predic-
tion. CatBoost (Prokhorenkova et al. 2018): We utilize the
CatBoost library, which supports raw text fields. CatBoost
internally applies text embedding and tokenization mecha-
nisms, enabling it to directly process both tabular features
and text descriptions. TabPFN (Hollmann et al. 2025): We
adopt TabPFN, a state-of-the-art tabular foundation model.
In its recent versions, TabPFN supports the inclusion of des-
ignated text columns, allowing for joint modeling of struc-
tured features and instance-specific textual information.

Results
Feature selection We compare seven different feature se-
lection methods, including DISC. For each method, a maxi-
mum of n features is selected, and a set of prediction results
is generated each time a feature is selected. These results
are compared with the true labels to calculate the AUROC
values, and the average of the AUROC values across the n
selection steps is computed as the metric.

We compare seven feature selection methods. For each
method, a maximum of n features is selected, and predic-
tion results are generated after each feature selection step.
AUROC is calculated at each step, and the overall met-
ric is computed as the average AUROC across all n selec-
tion steps. To ensure fairness, these experiments do not use
any textual information, nor do they consider the costs of
feature acquisition. As shown in Table 2, DISC achieves
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Figure 3: Features-AUROC curves with seven feature selec-
tion methods on the Urinary Surgery dataset.
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of the prediction result from three multimodal methods on
the Respiratory Medicine dataset. The lower and upper rect-
angles in the figure represent the results using text only and
using both text and tabular information, respectively.

the best performance among all compared methods under
these settings. Although motivated by the medical diagnos-
tic process, DISC generalizes well to five additional public
datasets. Figure 3 illustrates the Features-AUROC curves of
the seven methods on the Urinary Surgery dataset.
Multimodal methods for text and tabular data We con-
duct a study of three multimodal prediction approaches:
BERT combined with an MLP, CatBoost, and TabPFN. For
each method, we conduct two experiments: (1) using only
the textual modality as input, and (2) using both the textual
and tabular modalities. Figure 4 shows the Features-AUROC
of DISC and the AUROC of prediction results from three
multimodal methods on the Respiratory Medicine dataset.
For each bar in Figure 4, the lower segment represents the
prediction performance using only textual modality infor-
mation, while the top segment represents the performance
when using both the textual and tabular modalities.

DISC achieves better prediction performance than the
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Figure 5: Cost-AUROC curves of DISC under different cost-
sensitivity coefficient γ on the Endocrinology dataset.

BERT-based method using all features after selecting only
15 out of 130 features. Its performance is comparable to Cat-
Boost, though about 0.05 lower than that of TabPFN.
Feature cost sensitivity After jointly training the scorer
and predictor, we tune the selector parameter β. Our goal
is to ensure that for the same patient, varying the cost-
sensitivity coefficient γ results in different feature selection
behaviors. To evaluate this, we vary γ from 0 to 1, and
for each value, allow all instances to select 10 features. We
then analyze the resulting Cost-AUROC curves to assess the
trade-off between cost and performance. Figure 5 shows the
Cost-AUROC curves of DISC on the Endocrinology dataset,
corresponding to different γ values.

A smaller γ indicates less sensitivity to feature acquisition
costs. As shown in Figure 5, this is reflected by larger hor-
izontal gaps between adjacent points, implying that DISC
tends to select more expensive but more predictive features.
When the number of selected features is fixed at 10, the to-
tal cost under γ=1 is approximately 22, while under γ=0 it
rises to nearly 35. However, the resulting performance gain
is marginal, less than 0.01 in AUROC.

Conclusion

We formulate medical diagnosis as a dynamic feature selec-
tion problem and propose DISC, a framework that integrates
multimodal inputs and models instance-specific sensitivity
to feature acquisition costs. By tailoring feature selection
to individual patients, DISC enables personalized and cost-
effective diagnostic decisions, addressing key limitations of
existing approaches that assume uniform cost tolerance. Ex-
tensive experiments on three real-world hospital datasets and
five public benchmarks demonstrate DISC’s strong gener-
alizability and superior predictive performance. As medical
images are also critical in clinical practice, future work will
explore extending DISC to incorporate imaging modalities
for more comprehensive diagnostic support.
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