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Abstract

Exploring the correlations between medical features is es-
sential for extracting patient health patterns from electronic
health records (EHR) data, and strengthening medical predic-
tions and decision-making. To constrain the hypothesis space
of pure data-driven deep learning in the context of limited
annotated data, a common trend is to incorporate external
knowledge, especially knowledge priors related to personal-
ized health contexts, to optimize model training. However,
most existing methods lack flexibility and are constrained
by the uncertainties brought about by fixed feature correla-
tion priors. In addition, in utilizing knowledge, these methods
overlook the knowledge informative for personalized health-
care. To this end, we propose DearL.LM, a novel and effec-
tive framework that leverages feature correlations deduced
by large language models (LLMs) to enhance personalized
healthcare. Concretely, DearLLM captures and learns quan-
titative correlations between medical features by calculat-
ing the conditional perplexity of LLMs’ deduction based on
personalized patient backgrounds. Then, DearLLLM enhances
healthcare predictions by emphasizing knowledge that car-
ries unique patient information through a feature-frequency-
aware graph pooling method. Extensive experiments on two
real-world benchmark datasets show significant performance
gains brought by DearLLM. Furthermore, the discovered
findings align well with medical literature, offering meaning-
ful clinical interpretations.

1 Introduction

With the widespread adoption and deployment of electronic
medical systems, the availability of electronic health records
(EHR) for medical services and clinical research is con-
tinuously increasing. Therefore, as a leading approach that
has achieved record-breaking achievements in various fields,
deep learning technology has been applied to extract pa-
tients’ health patterns from EHR data, and to optimize
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Figure 1: Using conditional perplexity to detect correlation
degree between medical features. Lower perplexity indicates
a stronger correlation, as perplexity measures the likelihood
of predicting one feature based on another. In the person-
alized healthcare context of this patient, Diabetes mellitus
without mention of complication (250.0) is more related to
Chronic kidney disease, Stage I (585.1).

250.0: Diabetes mellitus without mention of complicatio
815.0: Closed fracture of metacarpal bones

585.1: Chronic kidney disease, Stage [

414.0: Coronary atherosclerosis

patient treatment and resource allocation through various
healthcare tasks (Choi et al. 2016; Ma et al. 2017, 2020; Xu
et al. 2024b). In these processes, extracting the correlations
between input features is highly beneficial for learning com-
pact patient health representations and enhancing the perfor-
mance of downstream tasks (Kosambi 2016; Ma et al. 2022).

However, the sparse nature of EHR data poses challenges
for these data-hungry deep learning models in learning fea-
ture correlations with limited training samples (Ren, Wang,
and Zhao 2022). To tackle this essential obstacle, there are
some research works delving into leveraging external medi-
cal knowledge as priors to narrow down the hypothesis space
for model learning (Ma et al. 2018; Lu et al. 2021; Tan et al.
2022). Particularly, extracting information relevant to the pa-
tient’s personalized health context from the entire knowl-
edge graph has already shown potential (Ye et al. 2021a;
Yang et al. 2023; Xu et al. 2023a; Jiang et al. 2023, 2024a).



However, they still face the following challenges:
Challenge I: When extracting knowledge, they are lim-
ited by generality and extra uncertainty. On the one hand,
existing methods either suffer from the inability of the hi-
erarchical ontologies they use to capture the various rela-
tional information between medical features of different cat-
egories, or they may suffer from information loss due to
the reliance on heterogeneous encoding transformations of
medical features and external knowledge, making them not
flexible enough for ubiquitous medical tasks. On the other
hand, existing methods typically only extract fixed triples
as feature correlation priors. However, in real-world med-
ical applications, the correlation strength between medical
features can often be compared and evaluated. For example,
although Type 2 Diabetes has comorbidity relationships with
both Hypertension and Cardiovascular Disease, the correla-
tion between Type 2 Diabetes and Hypertension is closer due
to similar risk factors (Petrie, Guzik, and Touyz 2018). The
uncertainty in the learning process can be further reduced if
quantitatively comparable correlation priors are introduced.
Challenge II: When utilizing knowledge, they are lim-
ited by the dilution of the knowledge informative for per-
sonalized health. Most methods treat each type of knowl-
edge equally by mean-pooling the feature representations.
However, features (i.e., diagnosis codes included in each
visit) that are prevalent in large patient populations may not
provide meaningful perspective into a patient’s personalized
health status. Features containing unique patient information
and critical for personalized health insights might occur less
frequently within the overall data distribution, yet they hold
the potential to deliver more profound insights for robust
personalized health representations.

To solve the aforementioned challenges, in light of the im-
pressive natural language understanding capabilities (Zhao
et al. 2023), the powerful reasoning abilities (Wei et al.
2022; Huang and Chang 2022; Feng et al. 2023, 2024b,a;
Ma et al. 2024), and the potential to serve as knowledge
bases of large language models (LLMs) (OpenAl 2023; Tou-
vron et al. 2023; Singhal et al. 2022), we propose a novel
framework called DearLLM, which comprehensively mines
the precise feature correlations deduced by LLMs as exter-
nal knowledge priors in a more universal manner. By reduc-
ing the uncertainty in knowledge extraction and increasing
the information density during knowledge utilization, Dear-
LLM further enhances the efficacy of personalized health-
care. Specifically, for solving the Challenge I, our key idea
is based on the knowledge injected into LLMs in domain
adaptation, using natural language as the key to detect the
degree of correlations between medical features. As shown
in Figure 1, inspired by the success of LLMs-based gener-
ative capabilities in ranking tasks (Mao et al. 2023; Sachan
et al. 2022), we argue that the conditional perplexity, cal-
culated when guiding LLMs to deduce feature correlations,
serves as a direct and significant signal for measuring fea-
ture correlations. This is because it naturally evaluates the
degree of correlation between the “hypothetical text” (e.g.,
Diabetes mellitus without mention of complication is related
to Chronic kidney disease, Stage I) and the medical knowl-
edge encoded in LLMs within the personalized healthcare
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contexts (Jelinek et al. 1977; Mao et al. 2023). Therefore, we
propose the adoption of this direct and crucial signal to pre-
cisely quantify the effectiveness of prior knowledge, aiming
to further reduce the uncertainty inherent in fixed qualitative
priors. Meanwhile, this method of stimulating the seman-
tic comprehension capabilities of LLMs greatly enhances
the universality of knowledge mining and utilization. Ad-
dressing Challenge II, after utilizing graph neural networks
(GNNs) to model and learn these LLMs-deduced quantita-
tive correlation priors based on global topological structure
information, we propose a feature-frequency-aware graph
pooling approach to optimize the weight allocation during
knowledge utilization by comprehensively considering both
the frequency of features in the personalized health context
and their distribution across the entire training set. This al-
lows the model to focus more on features that carry unique
patient information and are informative and valuable for per-
sonalized health in the final aggregation phase. Our main
contributions are as follows:

* DearLLM is the first work utilizing LLMs to deduce quan-
titative correlation priors between medical features, fur-
ther reducing the learning difficulty and uncertainty in the
process of integrating external knowledge.

* We propose a feature-frequency-aware graph pooling
method, which highlights knowledge valuable for person-
alized healthcare for the process of utilizing knowledge.

* We conduct experiments on two real-world EHR datasets
to verify the performance. The results demonstrate the ef-
ficacy of DearLLM. Ablation studies and further analysis
substantiate the reasonableness and interpretability of the
proposed framework.

2 Task Definition

Definition 1 (Diagnosis Codes). Let C = {c1,c2,...,¢c| }
signify all distinct diagnosis codes, and |C| is the total count.
Definition 2 (EHR Dataset). Each patient’s visit sequence
is X = [x1,Xa,- -, X7, with the ¢-th visit indicated by a
multi-hot vector x; € {0,1}/°l. In any visit vector, the i-th
element is assigned 1 if the visit includes diagnosis code c;.
Definition 3 (LLMs-Deduced Feature Prior Graph). We
aim to utilize the medical LLMs (denoted as M) to de-
duce correlations between medical features in the person-
alized healthcare contexts and to form a patient-specific fea-
ture prior graph. It can be denoted in the form of triples as
G = {(ci, aij,¢;) | ci,c; € C}, where ¢; and ¢; are diagno-
sis codes, and o;; represents the strength of the correlation
from ¢; to ¢; deduced by M.

Definition 4 (Mortality prediction). We outline our pre-
dictive goal as a mortality prediction task. Given a patient’s
visit sequence X = [x1, X2, -, X7, the task is to predict
the survival status y € {0,1}.

3 Methodology
3.1 Overview
As in Figure 2, DearLLM includes these modules:

* Feature Extractor takes the EHR data X as the input and
encodes X into a hidden representation vector.
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Figure 2: Illustration of DearLLM.

* Feature Prior Graph Construction and Learning uti-
lizes the conditional perplexity during LLMs’ inference
to quantify the degree of feature correlations in personal-
ized healthcare contexts, and employs a graph encoder to
model and learn these correlations.

* Feature-Frequency-Aware Graph Pooling aggregates
knowledge in the constructed feature prior graph via
frequency-aware weighting, focusing on features carrying
unique patient information for personalized health.

* Predictor combines hidden representations with weighted
feature knowledge for specific prediction tasks.

3.2 Feature Extractor
DearLLM is a general framework that can be built on vari-
ous existing feature extractors. These feature extractors are
based on efficient deep learning architectures, such as recur-
rent neural networks (RNNs) (Cho et al. 2014) and Trans-
former (Vaswani et al. 2017), and are capable of extracting
temporal patterns from EHR data. Concretely, considering
a sequence of medical records X = [x1,Xa, - ,XT], We
use the hidden representations before the final layer of these
feature extractor backbones (i.e., EHR Encoder) to represent
the patient’s health status:

hr = Backbone ([x1,x2, -, X7]), (1)
where h € R€ is the hidden vector of dimension e, encom-
passing historical visit information.

3.3 Feature Prior Graph Construction&Learning

Feature Prior Graph Construction To enhance the gen-
erality of the knowledge infusion process and further re-
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duce uncertainty, we propose using natural language as the
key to guide LLMs in deducing quantitative correlation pri-
ors between medical features, thereby facilitating the learn-
ing of downstream tasks. In our study, we specifically fo-
cus on the application of LLMs tailored for medical do-
mains (Chen et al. 2023; Bao et al. 2023; Zhang et al. 2023)
as they are trained under huge and various domain-specific
knowledge, such as high-quality medical literature corpus
and doctor-patient dialogues, etc. Additionally, these mod-
els can be easily accessed and deployed locally, which ben-
efits the versatility of our framework by ensuring better data
privacy and security compared to using closed-source LLMs
with commercialized APIs. Specifically, DearLLM employs
HuatuoGPT-II (Chen et al. 2023) (denoted as M) to deduce
correlations among medical features, which employs a one-
stage domain adaptation protocol and achieves outstanding
performance across various benchmarks.

However, a key challenge in achieving precise personal-
ized healthcare predictions is how to transform the broad
insights of M into personalized inferences that are directly
meaningful to individual patients. Specifically, for different
patients, even for the same disease, the causes may vary
significantly (Tan et al. 2023; Xu et al. 2023b). Therefore,
it is necessary to perform personalized inferences on the
disease progression for different patients. Secondly, as dis-
eases evolve over time, the time-effectiveness of medical
feature correlations in different contexts should also be con-
sidered (Schechtman and Shelef 2018). To address the afore-
mentioned challenges and achieve more accurate personal-
ized inference, in Figure 2, we propose to construct Person-



alized Visit History Constrained Prompt P, to obtain natu-
ral language inputs representing the personalized healthcare
context. First, we outline the format of the input data, such as
”The data format includes ...”. Then, since diagnosis codes
(e.g., ICD-9) also represent diseases or symptoms related to
natural language names, it is natural to consider converting
these longitudinal records into natural language descriptions
acceptable to M, based on X. In addition, we include infor-
mation about the time interval between visits in the prompt,
e.g., "Days since last visit: ...”. Through Personalized Visit
History Constrained Prompt, DearLLM can effectively mine
M'’s medical knowledge within the constraints of the per-
sonalized healthcare context.

Next, inspired by the success of LLMs-based generative
capabilities in ranking tasks (Mao et al. 2023; Sachan et al.
2022), we propose a new method for measuring the degree
of correlations between different features under the con-
straints of the personalized healthcare context. Specifically,
this method is implemented by calculating the conditional
perplexity of M when predicting one feature (e.g., c;) given
another feature (e.g., ¢;). This is based on the premise that
perplexity is a metric for assessing the probability of out-
put sequences, defined as the exponentiated average neg-
ative log-likelihood when LLMs generate a particular se-
quence (Jelinek et al. 1977). Furthermore, as shown in Fig-
ure 2, we design the Trigger Prompt P;, which seamlessly
follows P, by adding the text ”Based on the patient's medi-
cal history”. It adds the probe (i.e., "is related to ...”), guid-
ing M to deduce the correlation from ¢; to c;. Then, we
calculate the conditional perplexity of M’s predictions, de-
noted as cppl, as quantitative correlation priors:

1 n
cppli; = exp(—g > log pe(g|Pp, Pr, Q<k))7 2
k

where 6 represents the parameters of M (i.e., the implicit
medical knowledge), ps(-) denotes the probability output
from M, g denotes the k-th token of the natural language
name of c;, and n is the token length. It’s important to note
that the lower the value of cppl;;, the stronger the correlation
from ¢; to ¢; in the personalized healthcare context.

After obtaining the quantitative correlations between each
pair of features (i.e., diagnosis codes), to further capture
and learn complex and high-order relationships, we convert
these quantitative correlations into a patient-specific feature
prior graph G (Scarselli et al. 2008), where the graph nodes
denote medical features, and their connected edges denote
the correlation weights between features. To enhance the ef-
fectiveness of correlation modeling and learning, inspired by
the directional nature among diseases in real medical scenar-
i0s (Angold, Costello, and Erkanli 1999; Bayliss et al. 2003;
Jiang et al. 2024b) (namely, even in the context of comor-
bidities, some diseases act as primary risk factors and play a
dominant role), we model G as a directed graph to more ac-
curately reflect these dynamic and dominant relationships.
Specifically, we can represent the graph using a N x N ad-
jacency matrix A, whose element c;; € [0,1] denotes the
correlation weight from feature ¢; to ¢, and N is the num-
ber of types of diagnosis codes in patient’s medical history.
To avoid the impact of outliers in cppl with large-scale nu-
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merical scales on learning effectiveness and further reduce
the learning complexity of the fully connected dense struc-
ture (Patro and Sahu 2015), we propose a pruning and nor-
malization strategy oriented to conditional perplexity, which
calculates the boundaries for the minimum and maximum
values by obtaining the upper and lower bounds of the §
(e.g., 90%) confidence interval of the cppl collection for all
patients in the training set. These boundaries are denoted
as cpplyq, and cpply,in, respectively, and cppl values out-
side the confidence interval are clipped to these boundaries.
Meanwhile, we make lower cppl values correspond to higher
correlation weights:

cpplij — cpplmin
cpplmaz — cpplmin
Next, we cut off most of the useless connections between
features with weak values. Consequently, the receptive field
of each feature node is confined to features with higher cor-
relation, further reducing the complexity of learning (Jiang
et al. 2024c; Zhang et al. 2024; Ma et al. 2023).

Graph Encoder Next, DearLLM uses Graph Convolu-
tional Network (GCN) (Kipf and Welling 2016) to enhance
feature correlation learning by leveraging global topological
structure information. Specifically, for the [-th layer of the
GCN, it employs a parameter matrix W) for feature trans-
formation, and facilitates the interaction of features with all
adjacent nodes based on the adjacency matrix A:

H? =z, H"™ =ReLUAHYW®), @
where Z € RV *? is the initial representation of diagnosis
codes, W) € R*°, A = A + I, Dy = Y, Ay, and

A = D 2AD" . After message propagation through L
layers of GCN, DearLLM extracts global correlations and
achieves the final knowledge representation H() € RNV >©,

3)

Oéij:].—

3.4 Feature-Frequency-Aware Graph Pooling

To highlight knowledge valuable for personalized healthcare
in the process of utilizing knowledge to enhance embed-
ding learning, inspired by the successful application of Term
Frequency-Inverse Document Frequency (TF-IDF) in the
field of natural language processing for measuring the rel-
evance of words to specific documents (Ramos et al. 2003;
Qaiser and Ali 2018), we propose a feature-frequency-aware
graph pooling method. Specifically, we treat each patient’s
visit history as a singular document, transforming the col-
lection of these records into a Code Corpus. To calculate
the significance of each feature in the feature prior graph
for personalized healthcare, we first define Code Frequency
CF(i; j) to measure the frequency of a specific feature (i.e.,
diagnosis code) c¢; in the entire visit history X (9) of the cur-
rent patient j. Then, we define Inverse Patient Frequency
IPF(i) to measure the distribution of ¢; across the entire
training set, and then deemphasize features that are preva-
lent throughout the training set:

. # of times ¢; appears in X ()
CF(2;7) = - -
(7) # of codes in X ()
# of patients
1 + # of patients with code c;

)
IPF(i) = log(

).



We prioritize features (i.e., diagnosis codes) that frequently
occur within personalized medical history but are less com-
mon across training set by multiplying these two indicators,
thereby assigning higher weights to discriminative codes:

CF-IPF(i) = CF(i; j) x IPF(i). (6)

Next, we perform frequency-aware weighting based on CF-
IPF scores of each feature by using a softmax layer on all N
feature nodes in patient-specific feature prior graph G, and
aggregate knowledge representations in G based on weights:

w1, -+, w5 = Softmax (CF-IPE(1), - - - ,CF-IPF(N)),

N
7
h, = mH", @
=1

where hy € R? is hidden vector, HZ(»L) € R is the final
layer embedding from Graph Encoder for c¢;.

3.5 Predictor

Following previous sections, we now have the patient health
status representation hp and the aggregated feature knowl-
edge representation hg. To get the feature for the final pre-
diction, we integrate hr and h, through concatenation.
Then, the construction of the predictor can be achieved
through the implementation of a fully connected layer. The
predicted probability can be calculated:

¢ = Sigmoid (Wy (hr|hs) + by), ®)

where W, € R1*(¢+9) and b, € R? are learnable parame-
ters of linear transformation, and || denotes concatenation.

3.6 Training

Notice that DearLLM employs the predicted probability ¢ to
calculate the Binary Cross-Entropy (BCE) Loss:

B
min£ =~ = > (u] log (3.) + (1 — yu) T log (1 — 9)) + nllOIF,

o ©
where B is the batch size, §, € [0, 1] is the predicted prob-
ability, and y,, € {0, 1} is the ground truth. © represents all
trainable parameters (i.e., the parameters of Graph Encoder,
EHR Encoder, and Predictor) of DearLLM. L, regulariza-
tion with 7 on © is conducted to prevent over-fitting.

4 Experiment

In this section, we provide detailed information on the exper-
imental setup, further analysis to validate the performance,
rationality, and interpretability of DearLLM. The code is
provided in !.

4.1 Experimental Setup

Datasets In this paper, experiments are conducted on
two publicly available real-world EHR datasets: MIMIC-
IIT (Johnson et al. 2016) and MIMIC-IV (Johnson et al.
2023). Following (Ye et al. 2021a) and (Jiang et al. 2024a),
we choose patients with at least two visits, using the out-
come of the last visit as the mortality label and the remaining

"https://github.com/Artessay/DearLLM
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visits as the input data. It’s worth mentioning that MIMIC-
IV covers admissions over a decade from 2008 to 2019,
which overlaps with the time range of the MIMIC-III data
(between 2001 and 2012). Therefore, following (Lu, Han,
and Ning 2022), we filtered out duplicates. Both the MIMIC-
III and MIMIC-IV datasets are imbalanced, with their mor-
tality (positive) rates being 19.36% and 4.85%, respectively.

To achieve a better balance between performance and ef-
ficiency, we construct a feature prior graph based on the pa-
tient’s most recent five visits and employ vLLM (Kwon et al.
2023) to expedite the inference process. During both predic-
tion and graph construction, we utilize ICD diagnosis codes.

Baselines We compare DearLLM with several state-of-
the-art methods from two perspectives. Firstly, DearLLM
is a general framework that can be combined with various
EHR feature extractors. To validate the predictive perfor-
mance of the proposed DearLLM, without losing general-
ity, we choose four baseline models: Gated Recurrent Units
(GRU) (Cho et al. 2014), StageNet (Gao et al. 2020), Hi-
TANet (Luo et al. 2020) and Transformer (Vaswani et al.
2017). They are widely applied in various EHR analysis
tasks, and can serve both as baseline models and as feature
extractors for DearLLM:

* GRU (Cho et al. 2014) is a typical deep learning model
for capturing temporal dependencies.

» StageNet (Gao et al. 2020) improves long-short term
memory with personalized disease progression stages.

¢ HiTANet (Luo et al. 2020) introduces time-awareness into
the self-attention module.

* Transformer (Vaswani et al. 2017) is a deep learning
model architecture based on self-attention mechanisms.

Next, to validate the effectiveness in extracting and utiliz-
ing knowledge, we also compare several SOTA methods for
incorporating external knowledge, and evaluate performance
based on the aforementioned four types of backbones:

* MedRetriever (Ye et al. 2021b) enhances prediction per-
formance by retrieving unstructured medical texts.

* RAM-EHR (Xu et al. 2024a) enhances the local model by
retrieving knowledge from multiple sources and applying
consistency regularization.

* GraphCare (Jiang et al. 2024a) acquires personalized
knowledge by directing LLMs to produce triples.

Evaluation Metrics and Strategy We employ three
widely used evaluation metrics to measure the performance,
namely, the area under the precision-recall curve (AUPRC),
the area under the receiver operating characteristic curve
(AUROC), and the F1-score. Higher scores in these metrics
indicate better predictive performance of the model. Both
MIMIC-IIT and MIMIC-IV datasets are randomly divided
into training, validation and testing sets in a 8:1:1 ratio. We
select the best model based on its performance on validation
set, and run the algorithm 5 times, reporting the average and
standard deviation in Table 1.

4.2 Experimental Results

Performance Comparison Table 1 shows the perfor-
mance of DearLLM and baselines accross two datasets.



Methods

Dataset Metric

AUPRC

GRU
AUROC

F1-Score

AUPRC

StageNet
AUROC

F1-Score

AUPRC

HiTANet
AUROC

F1-Score

AUPRC

Transformer

AUROC

F1-Score

Vanilla
MedRetriever
RAM-EHR
GraphCare
DearLLM

MIMIC-1II

2087(.017)
2571(.014)
2215(.034)
2435(.046)
.3079(.015)

.4998(.033)
.5624(.033)
.5892(.043)
.5448(.032)
.6096(.011)

1330(.026)
2045(.052)
2111(.054)
2050(.076)
2251(.033)

2492(.028)
2622(.034)
2437(.026)
2643(.029)

5704(.034)
5857(.035)
.5537(.024)
5918(.015)

2210(.044)
2268(.008)
2103(.021)
2438(.023)

.3147(.018)

.6493(.017)

.2660(.034)

24720037
2436(.017)
2538(.019)
72509(.010)
.2999(.017)

5573(03D)
5669(.018)
5712(.020)
5733(.018)

.6393(.023)

2028(.050)
2207(.029)
2243(.029)
2250(.032)
.2631(.037)

2372(01D)
2588(.018)
2262(.034)
2541(.016)
.2958(.019)

5679(012)
.5957(.019)
6250(.018)
5943(.009)
.6574(.008)

1669(.048)
2349(.016)
2358(.014)
2481(.025)
2685(.021)

Vanilla
MedRetriever
RAM-EHR
GraphCare
DearLLM

[0685(.042)
.1478(.026)
1362(.026)
.1401(.032)
.1735(.013)

6043(.058)
7544(.031)
T457(.035)
7114(.027)
7659(.013)

T192(.041)
.1181(.011)
.1514(.028)
.1553(.031)
1684(.015)

T173(.03%)
.1219(.018)
.1670(.013)
1664(.006)
.1806(.014)

MIMIC-IV

6792(.032)
.6682(.024)
7039(.022)
7133(.014)
77788(.010)

1346(.016)
.1319(.023)
.1433(.014)
.1544(.023)
1736(.015)

T193(.018)
.1380(.012)
.1624(.015)
T461(.008)
.1862(.009)

6624(.037)
.6907(.039)
7389(.012)
7284(012)
77557(.003)

1354(.029)
.1483(.011)
.1280(.022)
.1559(.016)
1694(.022)

T461(.023)
.1532(.007)
1667(.011)
.1698(.013)
1996(.015)

77262(.020)
7223(.024)
7368(.019)
7380(.010)
7603(.022)

T182(.043)
.1260(.017)
.1420(.025)
1312(.020)
\1573(.022)

Table 1: Performance comparisons of four feature extractor backbones incorporating external knowledge on MIMIC-III and
MIMIC-1V datasets. The best performance is in boldface and the second runners are underlined.

Dataset MIMIC-III MIMIC-1V
Methods AUPRC  AUROC | AUPRC AUROC
DearLLM 0.3079 0.6096 0.1735 0.7659
DearLLM,,— 0.2893 0.5859 0.1633 0.7542
DearLLMf_ 0.2822 0.5788 0.1619 0.7491
DearLLM, — 0.1909 0.4902 0.0593 0.5952

Table 2: Ablation study results of our proposed DearLLM.

Overall, across all evaluation metrics on the two datasets,
especially AUPRC, which is the most informative primary
evaluation metric when dealing with highly imbalanced
datasets, DearLLM significantly surpasses the current
state-of-the-art methods. Firstly, for the four feature ex-
tractor baselines, we initially evaluate the vanilla model,
and then integrate the LLMs-Deduced Feature Prior Graph
on this basis, forming the corresponding DearLLM model.
Compared to vanilla model, we observe that DearLLM con-
sistently improves the predictive performance. This reveals
the necessity of incorporating external knowledge to reduce
model’s learning hypothesis space in the context of lim-
ited training samples. Secondly, compared to other methods
that also incorporate external medical knowledge, DearLLM
outperforms the aforementioned methods. This indicates the
effectiveness of utilizing LLMs to deduce quantitative fea-
ture correlation priors and emphasizing knowledge carrying
unique patient information in reducing learning uncertainty.

Ablation Study We conduct following ablation studies
to examine DearLLM by implementing several variants of
DearLLM: DearLLM,,_, DearLLM_, and DearLLM,,_. In
DearLLM,,_, we remove Personalized Visit History Con-
strained Prompt when guiding LL.Ms to deduce feature cor-
relations. In DearLLM_, we replace Feature-Frequency-
Aware Graph Pooling module with mean pooling. Further-
more, to validate the effectiveness of the quantitative corre-
lation priors deduced by LLMs, we add DearLLM,, _, which
randomly permutes ¢;; in each patient-specific feature prior
graph. Without loss of generality, we use GRU for Dear-
LLM in our analysis. As shown in Table 2, the performance
degradation of DearLLM,, _ relative to DearLLM indicates
the necessity of introducing personalized healthcare context
as a constraint when guiding LLMs in reasoning. Secondly,
the superior performance of DearLLM over DearLLM ,_
proves the effectiveness of highlighting knowledge valuable
for personalized healthcare in the process of utilizing knowl-
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Figure 3: Performance comparisons of DearLLM and base-
lines (GRU as the backbone) on MIMIC-III (left) and
MIMIC-IV (right) datasets under different training data size.

edge. In particular, for DearLLM,,__, its performance drops
significantly on both datasets, indicating that our proposed
LLMs-deduced quantitative correlation priors are crucial in
reducing uncertainty and improving predictions.

4.3 Analysis

Robustness Against Data Insufficiency To investigate
the impact and effectiveness of using quantitative correlation
prior knowledge derived from LLMs in enhancing robust-
ness under conditions of scarce training samples, we simu-
late scenarios with extremely scarce training data and con-
duct comprehensive experiments. Specifically, we adjust the
sample size of the training set (i.e., the number of patients)
for MIMIC-IIT and MIMIC-IV datasets from originally com-
prising 80% of the total dataset to 50%, 30%, 20%, and 10%,
while keeping the validation and test data unchanged. With-
out loss of generality, we use GRU for DearLLM and other
methods incorporating external knowledge, and evaluate the
performance under these various settings. As shown in Fig-
ure 3, DearLLM outperforms all selected baselines in all set-
tings, indicating that our proposed LLMs-deduced quantita-
tive correlation priors are capable of enhancing robustness
under data scarcity by reducing external prior uncertainty.

Case Study for Model Reasonableness and Interpretabil-
ity To illustrate the reasonableness, we provide a case
study to explain the frequency-aware weights and the quanti-
tative feature correlations deduced by LLMs in the personal-
ized disease progression process. Figure 4 shows the feature
prior graph constructed by DearLLM for a positive (expired)



Figure 4: A positive sample from MIMIC-III test set. Nodes
with higher frequency-aware weights are warmer in color
and larger in size, while edges with lower perplexity (PPL)
(i.e., higher correlation weight) are darker and thicker.

Code Meanings and frequency-aware weights
331.0 Alzheimer’s disease (0.148)
285.9 Anemia, unspecified (0.076)
458.0 Orthostatic hypotension (0.047)
780.52 | Insomnia, unspecified (0.041)
E814.7 | Motor vehicle traffic accident involving collision
with pedestrian injuring pedestrian (0.014)
V12.59 | Personal history of other diseases of
circulatory system (0.011)

Table 3: ICD-9 codes appearing in Figure 4, and their
meanings and frequency-aware weights. The numbers in the
brackets represent weights, and the most important feature
knowledge is in red.

patient, as well as the quantitative feature correlations calcu-
lated by DearLLM based on LLMs’ inference. To facilitate
understanding, we provide the codes appearing in the figure
along with their meanings and frequency-aware weights in
Table 3. Utilizing DearLLM, the predicted probability of the
patient’s unfortunate death is 0.912. We observe that impor-
tant node associated with mortality prediction, Alzheimer’s
disease (331.0), has been allocated the highest importance
score, aligning with medical research (Ganguli et al. 2005;
James et al. 2014). However, if we remove this node, the
probability of being positive drops to 0.784. Furthermore,
DearLLM is highly focused on the associative impact of
Anemia, unspecified (285.9) on Alzheimer’s disease (331.0).
According to medical research (Faux et al. 2014; Beard et al.
1997), the reduction of hemoglobin is strongly associated
with complications of Alzheimer’s disease, which increases
the mortality risk for patients. If we eliminate this crucial
correlation, the probability of being positive reduces from
0.912 to 0.820. These observation indicate that DearLLM
can capture important medical feature correlations like doc-
tors, demonstrating its reasonableness and interpretability.

4.4 Related Work

Healthcare predictive models focusing on capturing se-
quence correlations. Due to the longitudinal property of
EHR data, one category of methods focuses on capturing
contextual dependencies between visits through deep tem-
poral models. Firstly, some of these works adopt architec-
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tures based on recurrent neural networks (RNNs). For ex-
ample, RETAIN (Choi et al. 2016) captures important visits
and key diagnoses by adding a two-level attention mecha-
nism to the RNNs. Dipole (Ma et al. 2017) introduces three
types of attention mechanisms based on bidirectional RNNs.
Secondly, SAnD (Song et al. 2018), LSAN (Ye et al. 2020),
and HiTANet (Luo et al. 2020) capture the correlations be-
tween visits and features based on the self-attention module
of the Transformer structure. Furthermore, T-LSTM (Baytas
et al. 2017) and StageNet (Gao et al. 2020) further consider
the impact of time intervals in EHR data.

Incorporating medical knowledge in healthcare predic-
tion. To reduce the hypothesis space for model learn-
ing, some other works try to integrate external medical
knowledge. For example, GRAM (Choi et al. 2017) and
KAME (Ma et al. 2018) enhance learning by combining the
hierarchical information of medical knowledge ontologies.
MetaCare++ (Tan et al. 2022) and CGL (Lu et al. 2021)
combine patient-disease interactions and medical domain
knowledge. MedRetriever (Ye et al. 2021b) enhances pre-
dictions based on a dynamically updated text memory bank.
To achieve better personalized diagnoses, MedPath (Ye et al.
2021a), KerPrint (Yang et al. 2023), and SeqCare (Xu et al.
2023a) construct a personalized knowledge graph for each
patient by extracting information related to the medical fea-
tures of each patient from a large-scale medical knowl-
edge graph. RAM-EHR (Xu et al. 2024a) retrieves multi-
source knowledge and enhances the relevance of exter-
nal knowledge through LLMs-based summarization. Graph-
Care (Jiang et al. 2024a) extracts personalized knowledge
by guiding LLMs to directly generate triples and sampling
relevant subgraphs from knowledge graphs. Despite their ef-
fectiveness, most existing methods lack flexibility and are
limited by uncertainties from fixed feature correlation priors.
Additionally, they overlook valuable information for person-
alized healthcare when utilizing knowledge.

5 Conclusions and Future Works

In this paper, we propose a novel and general framework,
named DearLLLM, which leverages feature correlations de-
duced by LLMs to compensate for the mismatch between
low sample complexity and high learning complexity in
EHR data. Specifically, DearLLM first guides LLMs to de-
duce the correlations between medical features based on
personalized patient context, and accurately quantifies the
effectiveness of prior knowledge by calculating the con-
ditional perplexity of predictions. Then, DearLLM mod-
els these quantitative feature correlations as graph struc-
ture, capturing the global correlations via GNNs. In the
process of aggregating and utilizing knowledge, DearLLM
emphasizes important knowledge that contains unique pa-
tient information through a feature-frequency-aware graph
pooling method. Extensive experimental results on two pub-
lic benchmark datasets demonstrate the clear advantages of
DearLLM over the SOTA baselines, validate its reasonable-
ness and interpretability. Although vertical domain LLMs
generally provide benefits, hallucinations may occur. In the
future, we will dedicate efforts to further mitigate potential
hallucination during the knowledge enhancement process.
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