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ABSTRACT
Despite the significant success in complex natural language un-
derstanding and reasoning, existing large language models (LLMs)
often struggle to generate accurate outputs in tasks that require
precise numerical predictions. This issue becomes even more chal-
lenging in healthcare applications, where critical dosage decisions
usually demand reliable quantitative reasoning, given no explicit
quantitative evidences. To address this challenge, we propose a
framework termed Dual-knowledge Enhanced LLMs (DELL),
which enhances the precise clinical decision-making capability
of LLMs by fusing their internally encoded commonsense knowl-
edge with domain-specific quantitative knowledge automatically
mined from medical data using external models. Specifically, DELL
employs multiple explainable models to distill multi-source, quanti-
tative knowledge representations from electronic health records,
which are then incorporated into the reasoning process of LLMs
to resolve conflicts, achieve a consensus, and make final precise
decisions. Extensive experiments on intravenous fluid and vasopres-
sor dosing tasks for sepsis in intensive care units are conducted to
evaluate the effectiveness of DELL and demonstrate its consistent
superiority over widely used reasoning strategies, including chain-
of-thought prompting, few-shot learning, and retrieval-augmented
generation, in reducing prediction error and improving accuracy.1
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1Supplementary materials can be found at https://github.com/mo1d2y3/DELL_for_
precise_LLMs_in_Health
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1 INTRODUCTION
Large language models (LLMs) have exhibited remarkable capabil-
ities across a wide range of tasks, including translation, summa-
rization, text generation, and complex reasoning involving com-
monsense and logic[1, 6, 8, 21, 25, 29, 30]. Beyond these language-
oriented applications, recent works have explored using LLMs to
complete tasks requiring fine-grained numeric outputs [3, 36, 45].
For example, in robotic control, LLMs have been guided to generate
continuous control signals or low-level actions through carefully
designed prompts [36], task-specific instruction tuning [3, 36], or
integration with closed-loop feedback mechanisms [45].

Although prior advances have demonstrated the potential of
LLMs in fine-grained numeric outputs generation when supported
by human-designed knowledge, their capability to complete pre-
cise clinical decision tasks, such as generating numerically accu-
rate predictions to determine appropriate drug dosages or ther-
apy adjustments, remains largely unexplored [23, 32]. Such tasks
impose higher precision requirements than other clinical appli-
cations, such as clinical report generation [37], medical question
answering [31, 35], and evidence summarization [5, 22], which have
been extensively explored in prior studies on LLMs in healthcare
[13, 18, 20, 23, 42]. Equipping LLMs with the capability to make
precise clinical decisions would substantially broaden their applica-
bility in healthcare, enabling them to provide more comprehensive
and fine-grained decision support, thereby enhancing their poten-
tial value in medical practice. However, existing LLMs generally
struggle to be competent in some critical clinical tasks that require
∗Corresponding authors.
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Medication Dosage Decision Task

Description: The patient has …, a mean arterial pressure of 
62.88 mmHg, a cumulative fluid balance of 5247.92 mL, ….

Question: How much IV fluids should be given? 

Qualitative Reasoning

Reason: …, the patient requires vasopressor support for 
hypotension; fluids should be given cautiously, possibly in 

small amounts.

[Qualitative Reasoning]

Answer: 0 mL

I know fluids should be given cautiously when the 

patients' cumulative fluid balance is high, but I don't 

know how much fluid exactly would be considered cautious 

or a small amount. Maybe I should answer 0 mL .

[Correct Answer] 775.40 mL .

Quantitative Reasoning

[Quantitative Reasoning]

I know when the patient's cumulative fluid balance exceeds 

1578.35 mL and  ... (other conditions), 775.40 mL of fluids 

should be given, so I should answer 775.40 mL .

Reason: …, if the cumulative fluid balance exceeds 1578.35 mL, 
the patient has received mechanical ventilation, and total 

fluid output is less than 2047.50 mL, then 775.40 mL of 
intravenous fluid should be administered.

Answer: 775.40 mL

Figure 1: Illustration of a medication dosage problem.
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Figure 2: Comparison between distributions of actual ad-
ministered dosages and predictions by LLMs. LLMs tend to
produce a few fixed values (e.g., 0 or 500 mL).

precise numerical predictions. As an illustration, Figure 1 considers
a clinical scenario when a precise decision of medication dosage
should be made for a sepsis patient. LLMs generally fail to predict
the accurate answer of 775.40 𝑚𝐿 based only on their inherent
reasoning capabilities.

The failure of existing LLMs in precise clinical tasks like dosage
decision for sepsis can be largely attributed to their lack of quan-
titative domain knowledge (i.e., the association between the final
decisions and their corresponding reasoning evidence) [17, 43]. In
particular, normal LLMs, relying on their internal knowledge ac-
quired through large-scale pretraining, can only conduct qualitative
reasoning such as “when patients’ cumulative fluid is high, fluids
administered should be cautious”, but without the capabilities of rea-
soning over quantitative predictions like “how much fluids exactly
would be considered cautious” or explicit reasoning evidences like
“when the patient’s cumulative fluid balance exceeds 1578𝑚𝐿 and
meets other conditions, 775.40𝑚𝐿 of fluids should be administered”.
The lack of reasoning over quantitative domain knowledge leads
LLMs to produce only a few fixed values that frequently appear
in their pretraining data, rather than adjusting their output based
on a specific inquiry case, which can be supported by the distinct
dosage distribution in Figure 2.

In this paper, a novel framework called Dual-knowledge En-
hanced LLMs (DELL) is proposed, which enhances the precise
decision-making capability of LLMs in healthcare by fusing their
internally encoded commonsense knowledge with domain-specific
quantitative knowledge automatically mined by external models.
DELL comprises three main modules: External Knowledge Distil-
lation, Internal Knowledge Utilization, and Dual-knowledge en-
hanced LLM Generation. The External Knowledge Distillation mod-
ule employs multiple explainable methods to automatically distill
multi-source quantitative knowledge from clinical data and express
it in natural language as external knowledge, while the Internal
Knowledge Utilization module uses task prompting to activate
domain-related commonsense as internal knowledge. These two
knowledge are then jointly processed by the Dual-knowledge en-
hanced LLM Generation module, where a reasoning paradigm is
designed to resolve potential conflicts and synthesize all available
evidences into a consensus to support precise decision making.

In summary, our contributions are threefold: (i) We identify
and formalize the limitations of LLMs in precise clinical decision-
making tasks when quantitative knowledge is unavailable; (ii) We
propose DELL, a novel framework that automatically distills quan-
titative knowledge using explainable methods and leverages a de-
signed reasoning paradigm to make final precise decisions; and
(iii) We demonstrate the effectiveness of DELL on a clinical task
about sepsis treatment and showcase its consistent superiority over
other commonly used reasoning strategies like chain-of-thought,
few-shot learning and retrieval-augmented generation.

2 RELATEDWORK
2.1 LLMs with Precise Decision Making
LLMs for precise decision-making aim to produce accurate out-
puts in decision tasks that require precise numeric predictions.
Such research has been primarily explored in the field of robotic
control. Prompt2walk [36] utilizes LLMs as low-level feedback con-
trollers, generating continuous control signals through few-shot
prompts to output precise actions in high-dimensional robotic sys-
tems, thus verifying the feasibility of LLMs in outputting precise
control actions in robotic control systems. InCoRo [45] integrates
LLMs controllers with closed-loop feedback mechanisms and pro-
poses a robotic control system incorporating contextual learning
with classical feedback control loops, achieving precise output of
low-level control signals in complex tasks. GenChip [3] proposes a
framework based on LLM-generated robotic strategy code, via de-
signing a compliant action space, achieving precise control output
in high-precision contact operation tasks, thus providing a tech-
nical pathway for LLM-driven precise operations. However, these
approaches depend heavily on explicitly crafted quantitative priors,
such as task-specific prompts, calibrated physical parameters, or
control spaces. Similar limitations are also observed in mathemat-
ical reasoning tasks that require precise numerical computation.
Although LLMs can perform step-by-step symbolic reasoning in
arithmetic operations, their performance heavily depends on inter-
nal numerical patterns or prompt designs [24, 40]. Consequently,
the precision largely stems from these human-specified quantitative
rules, limiting generalizability to domains where such well-defined
quantitative knowledge is unavailable or costly to obtain.
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Dynamic Dosage Prediction

Case Description: The patient has …, a 
mean arterial pressure of 62.88 mmHg, a 

cumulative fluid balance of 5247.92 mL, …

Suggestions from external knowledge

<suggestion> Since total fluid output 

≤ 0.5 mL, cumulative fluid balance 

> 0.075 mL, and ... (other conditions are 

met), intravenous fluid > 497.50 mL and 

vasopressor > 0.37375 µg/min are required.

× ො𝑛

Question: How much IV fluid and vaso-
pressors in the next 4 hours? 

Based on the above recommendations and 

the current condition of the patient, 

please determine the specific doses of 

intravenous fluids and vasopressors to 

be administered in the next 4 hours.

Task Description to utilize task-related 

commonsense knowledge inside LLM

Among these recommendations and their 

underlying rationales, some may be 

consistent, some may contain minor 

conflicts that can be reconciled, and 

others may present major contradictions.

For consensus, you can adopt the 

recommendation directly. For minor 

contradictions, try to find a 

compromise value. For major 

contradictions, further analyze the 

patient’s specific condition and make 

an alternative decision … .

Dual-knowledge enhanced reasoning

External Knowledge 1

Translation

External Knowledge ො𝑛

Translation

… … ……

𝑥 ො𝑦1 𝑥 ො𝑦 ො𝑛
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black-box model
𝑋 𝑌1

original dataset / 
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Figure 3: Illustration of the proposed DELL framework. The External Knowledge Distillation module (Left) deploys multiple
explainable methods to distill domain-specific quantitative knowledge, extracts case-specific knowledge, and translates them
into natural language as external knowledge. The Internal Knowledge Utilization module (Top-Center) activates task-relevant
commonsense knowledge as internal knowledge. The Dual-knowledge enhanced LLM Generation module (Bottom-Center)
leverages both types of knowledge, resolves contradictions, and makes precise numerical decisions. The right figure illustrates
the application of DELL components within the prompt, with each color indicating a corresponding module.

2.2 LLMs with Rule-Based Reasoning
Rule-based methods aim to guide the decision-making process of
models via a series of predefined rules, thereby generating more
accurate and reliable outputs. Recently, a series of works have in-
tegrated rule-based methods to enhance LLMs. A rule-following
fine-tuning method (RFFT) [10] is proposed to enhance the per-
formance of LLMs by providing rules and instructing the model
to recite and follow, demonstrating that explicit rule teaching fa-
cilitates models in learning rule-based reasoning and improving
length generalization capability in mathematical tasks. RNR [33] uti-
lizes rule-included datasets for LLM fine-tuning, achieving strong
performance in both instruction following and standard natural
language processing tasks. This indicates that rule knowledge can
complement the fundamental capabilities of LLMs, validating the
practical value of rule-based methods in deployment across diverse
real-world scenarios. Moreover, other efforts [9, 12, 39, 41, 44] have
further validated that rule-based methods can effectively enhance
the capability of LLMs to make reliable decisions. Rules adopted in
these works are typically qualitative, describing procedural oper-
ations, role requirements, or task-related behavioural constraints
that guide model behaviour at a programmatic or linguistic level.
Some tasks like the airline baggage fee calculation in [44] have
human-defined quantitative rules, but domains such as clinical
dosage decision (e.g., intravenous fluids or vasopressor adjustment)
lack readily accessible, human-defined quantitative rules. This gap

highlights the challenge of extending rule-based reasoning from
tasks that rely on rules expressed in programs or natural language
descriptions to domains where quantitative knowledge and reason-
ing are required but explicit numerical rules are unavailable.

3 METHODOLOGY
The goal of DELL is to produce precise numeric outputs 𝑦 ∈ R𝑑

from input features 𝑥 ∈ R𝑚 , where 𝑑 is the number of target values
to be predicted and𝑚 is the dimension of the input. As depicted in
Figure 3, the framework of DELL consists of three main modules:
External Knowledge Distillation, Internal Knowledge Utilization and
Dual-knowledge enhanced LLM Generation. The External Knowledge
Distillation module, which comprises a domain-specific knowledge
distillation and a case-specific knowledge extraction component,
is responsible for deriving quantitative domain knowledge from
original task datasets. In particular, domain-specific knowledge
distillation deploys explainable models to distill general domain
knowledge from task datasets, including both the predicted outputs
and the corresponding reasoning evidence. This general domain
knowledge is then utilized by the case-specific knowledge extrac-
tion component to derive the reasoning evidence for a given inquiry
case, which serves as external domain knowledge for downstream
decisions. The Internal Knowledge Utilization module then uses
task prompting to conduct task-relevant commonsense reasoning
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based on the internal knowledge inherently encoded in the LLM. Fi-
nally, the Dual-knowledge enhanced LLM Generationmodule guides
the reasoning process of LLMs to resolve potential conflicts and
synthesize both internal and external knowledge into a coherent
consensus, resulting in a precise decision. A concrete example in
the right panel of Figure 3 further exemplifies how DELL synergizes
the above three modules to enable precise decision making in a
clinical dosage prediction problem.

3.1 External Knowledge Distillation
The goal of this module is to distill quantitative domain knowl-
edge from external task-related dataset that can be synthesized into
the inherent reasoning process of LLMs. To this end, explainable
models are used to learn the association of the predicted outputs
and the corresponding reasoning evidence encoded in the exter-
nal task-related dataset, so as to produce interpretable predictions
that LLMs can understand and utilize through in-context learn-
ing. Moreover, considering that only one single explainable model
could possibly cause biased perspective, it is more reasonable to ap-
ply multiple explainable models to capture diverse complementary
knowledge, especially for tasks involving predictions of multiple
numeric targets (𝑑 ≥ 2).

3.1.1 Domain-specific Knowledge Distillation. Given a datasetD =

(𝑋,𝑌 ), where 𝑋 denotes the input samples and 𝑌 = {𝑌𝑖 }𝑛𝑖=1 denotes
the target values for 𝑛 prediction targets, D𝑖 = (𝑋,𝑌𝑖 ) denotes
specific dataset associated with the 𝑖-th prediction target. Each
𝑌𝑖 can either be the ground truth labels from the original dataset
or the predictions generated by an intermediate black-box model.
This step distills a set of explainable models {M𝑖 }𝑛̂𝑖=1 that map the
input samples 𝑋 to predictions 𝑌𝑖 with the reasoning evidence 𝐸𝑖
representing the explanations of quantitative associations between
𝑋 and 𝑌𝑖 . These explainable models are optimized as follows:

M𝑖 = argmin
M

E(𝑥,𝑦𝑖 )∼D𝑖
[L(M(𝑥), 𝑦𝑖 )] , (1)

where L represents the objective function used to fit each explain-
able model. The number of trained explainable models 𝑛̂ is a hyper-
parameter that can be determined by two factors: (i) the number
of prediction targets 𝑛, and (ii) the number of explainable methods
applied on each target. Once this stage has been completed, the dis-
tilled general domain knowledge can be utilized by the case-specific
knowledge extraction component to derive the reasoning evidence
for a given inquiry case.

3.1.2 Case-specific Knowledge Extraction. Given a new case input
𝑥 , this step extracts the case-specific prediction𝑦𝑖 and its associated
explanation 𝑒𝑖 from M𝑖 , which are translated into a form (e.g.,
natural language) that LLMs can understand and utilize through in-
context learning. The predictions and the corresponding reasoning
evidence are then stored in an external knowledge set 𝐾ex:

𝐾ex = {𝐾ex𝑖 }𝑛̂𝑖=1, where 𝐾ex𝑖 =𝑇𝑟𝑎𝑛𝑠 (𝑦𝑖 , 𝑒𝑖 ) . (2)

An example of the extracted external knowledge for a specific case
is shown on the right side of Figure 3.

3.2 Internal Knowledge Utilization
In this module, the prompt 𝑝domain that provides domain informa-
tion about the inquiry case and the specific case information𝐶𝑜𝑛(𝑥),
where 𝐶𝑜𝑛 means translating input into a natural language format,
together activate commonsense knowledge 𝐾in encoded in LLMs:

𝐾in = LLM(𝐶𝑜𝑛(𝑥), 𝑝domain), where 𝐾in ∈ Σ∗, (3)

where the notation Σ∗ denotes the space of characters. An illustra-
tive example of 𝑝domain is shown on the right side of Figure 3.

This internal knowledge typically comprises commonsense about
the task or domain described in 𝑝domain, but is insufficient for quan-
titativeness if LLMs are not inherently encoded with quantitative
knowledge about the task. For example, when presented with a sep-
sis patient who has a high cumulative fluid balance, the LLM may
understand the definition of “sepsis” and the qualitative relationship
between high fluid balance and the requirement for reduced intra-
venous fluids (patients with high cumulative fluid balance should
be administered less intravenous fluid because excessive fluid accu-
mulation can lead to tissue edema, impaired organ function, and
increased risk of complications like heart failure), yet is unable to
perform precise calculations due to lack of explicit quantitative
reasoning evidences.

3.3 Dual-knowledge Enhanced LLM Generation
This module proceeds to generate outputs for the precise decision
tasks, using commonsense knowledge activated by 𝑝domain [11, 27],
the input case 𝐶𝑜𝑛(𝑥) and the external knowledge set 𝐾ex:

𝑎 = LLM(𝐶𝑜𝑛(𝑥), 𝑝domain, 𝐾ex),

𝑦 = RE(𝑎), where 𝑦 ∈ R𝑑 ,
(4)

where 𝑎 ∈ Σ∗ represents the generated answer in natural language
format, 𝑦 is the final numerical output that can be extracted by
regular expressions RE.

Given that the external knowledge set 𝐾ex is generated automat-
ically by explainable models, conflicts may arise between different
elements 𝐾ex𝑖 . To address this, a reasoning paradigm is designed
and implemented via prompts, enabling LLMs to classify the ex-
ternal knowledge into three categories based on their degree of
divergence, apply processing strategies corresponding to each cat-
egory to mitigate inconsistencies among knowledge statements,
and finally derive a consensus output to support precise decisions.
Specifically, the descriptions and corresponding processing strate-
gies of the aforementioned categories, namely Consistency, Minor
Contradiction, and Major Contradiction, are as follows:
• Consistency: Consistent information found across multiple
knowledge statements is aggregated in this category, and no
contradictions need to be processed.

• Minor Contradiction: This category identifies minor discrep-
ancies among knowledge statements that are not identical but
are potentially compatible. For example, as illustrated in Figure 3,
one knowledge source might provide an exact value, while an-
other provides an interval containing that value. In such cases,
the LLM is expected to use its internal knowledge to reconcile
the information and produce a compatible decision.

• Major Contradiction: This category identifies significant, in-
compatible conflicts among knowledge statements. As shown in
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Table 1: Performance comparison across LLMs of different parameter scales and baseline strategies. For each setting, experiments
are repeated three times, and both the average and standard deviation are reported. The RMSE values for IV fluids and VP differ
significantly in magnitude, which is expected, as the dosage scale of IV fluids is inherently larger than that of VP. Scientific
notation is used for all values exceeding 10,000. For each model, the best-performing reasoning strategy is highlighted in bold,
with our framework, DELL, consistently achieving the best results.

LLM Setting RMSEIV ↓ RMSEVP ↓ ACCIV ↑ ACCVP ↑ ACCTOTAL ↑

R1-671B

Standard 879.05±48.46 20.12±14.37 0.18±0.01 0.57±0.00 0.09±0.01
CoT [38] 843.93±10.89 117.42±183.20 0.16±0.01 0.59±0.00 0.10±0.01
Few-shot [2] 934.61±313.58 1.68±0.48 0.15±0.00 0.46±0.00 0.09±0.01
RAG-G [16] 764.17±31.45 92.55±110.83 0.16±0.01 0.60±0.00 0.11±0.00
RAG-Q [16] 732.38±0.00 0.53±0.14 0.16±0.00 0.69±0.00 0.15±0.00
DELL (ours) 626.70±7.35 0.49±0.10 0.35±0.01 0.71±0.01 0.26±0.01

R1-32B

Standard 1485.71±318.51 261.63±271.44 0.22±0.01 0.41±0.03 0.09±0.01
CoT [38] 1188.75±34.39 16.37±5.52 0.23±0.01 0.40±0.02 0.08±0.01
Few-shot [2] 702.16±15.38 0.92±0.13 0.19±0.01 0.17±0.02 0.03±0.00
RAG-G [16] 1323.64±175.19 63.94±11.73 0.21±0.01 0.55±0.01 0.09±0.01
RAG-Q [16] 755.51±36.69 0.28±0.03 0.16±0.00 0.68±0.00 0.15±0.00
DELL (ours) 649.62±7.62 0.22±0.00 0.30±0.01 0.73±0.01 0.23±0.00

R1-7B

Standard 6.15e4±4.6e4 1.37e13±2.37e13 0.22±0.01 0.41±0.03 0.10±0.00
CoT [38] 1.40e5±1.82e5 7.02e7±1.17e8 0.22±0.01 0.43±0.01 0.09±0.01
Few-shot [2] 2743.91±251.60 19.32±26.47 0.17±0.00 0.24±0.02 0.04±0.01
RAG-G [16] 8383.48±2803.79 2.32e4±1.98e4 0.20±0.01 0.53±0.00 0.10±0.01
CoTD [34] 2.69e5±1.78e5 1.77e6±2.86e6 0.22±0.01 0.40±0.00 0.09±0.01
DELL (ours) 1538.77±409.36 9.17±6.35 0.28±0.00 0.67±0.01 0.19±0.00

Multi-source Voting 664.95 2.96 0.33 0.60 0.18

Figure 3, one source might suggest a range of high values while
another suggests a non-overlapping range of low values. In this
situation, the LLM is expected to use its general knowledge to
assess which source is more consistent with common sense and
typical circumstances, thereby deciding which reasoning path to
follow and which should be dropped. When appropriate, the LLM
is allowed to propose a new value beyond the given suggestions,
grounded in its internal knowledge and the patient context.

By identifying the three types of divergence, the LLM leverages
internal knowledge 𝐾̃in to assess and prioritize external knowledge,
resolve potential conflicts and produce a consensus output. This
reasoning process enables a more comprehensive integration be-
tween internal and external knowledge sources, allowing the LLM
to fully utilize the available knowledge for precise decision making.

4 EXPERIMENTS
To evaluate the precise decision making capability of DELL in
healthcare, we conduct a series of experiments on a critical dosage
decision task, i.e, the individualized IV fluids and vasopressor (VP)
dosages in the sepsis, which is the third leading cause of death
worldwide and the main cause of mortality in hospitals [28].

4.1 Experimental Settings
4.1.1 Dataset. The dataset used for the sepsis treatment task is
derived from MIMIC-III, an open-access database across six ICUs
at a Boston teaching hospital [14]. Data extraction and processing

follow the protocol of [15, 26], where each patient’s health infor-
mation is described by demographics, vital signs, laboratory values,
and administered IV fluids and VP. Patient data are represented
as multidimensional discrete time series with a 4-hour time step,
where the total volume of IV fluids and maximum dose of VP ad-
ministered are calculated to represent the treatments given within
that period. Subsequently, both IV fluids and VP are discretized into
5 dosage ranges according to their quantiles. Combining each pair
of IV fluids and VP dosage ranges further yields a discrete action
space of 25 possible treatment decisions. Further details of dataset
processing, the dataset split, and test data selection are provided in
Appendix A.

4.1.2 Metrics. In this study, the precision of predicted IV fluid and
VP dosages is evaluated using Root Mean Squared Error (RMSE),
while prediction correctness is assessed using Accuracy (ACC).
Specifically, five metrics are reported: RMSEIV, RMSEVP, ACCIV,
ACCVP and ACCTOTAL, which respectively measure the numerical
precision of IV and VP dosage predictions, categorical correctness
of IV and VP dosage ranges, and the accuracy of joint IV-VP dosage
decisions within a 25-class space. The joint use of RMSE and ACC
enables a comprehensive evaluation of LLM performance from
complementary perspectives, with RMSE measuring the deviation
between predicted dosages and the ground truth, and ACC evaluat-
ing whether predictions fall within the predefined dosage ranges.

4.1.3 Implementation Details. Based on the original dataset de-
scribed above, five labeled datasets are first constructed by assigning
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Table 2: Performance comparison across LLMs of different parameter scales and external knowledge combinations. For each
setting, experiments are repeated three times, and both the average and standard deviation are reported. Scientific notation is
used for all values exceeding 10,000. For each model, the best-performing reasoning strategy is highlighted in bold, and the
second-best is shown in italics. Combination of all available knowledge 𝐾ALL consistently achieves the best results.

LLM Setting RMSEIV ↓ RMSEVP ↓ ACCIV ↑ ACCVP ↑ ACCTOTAL ↑

R1-671B

𝐾R-IV + 𝐾R-VP 579.85±9.08 3.47±2.82 0.32±0.03 0.39±0.21 0.12±0.08
𝐾C-IV + 𝐾R-IV 573.40±5.04 2.09±1.61 0.34±0.01 0.61±0.02 0.20±0.01
𝐾C-VP + 𝐾R-VP 734.06±142.37 3.68±3.05 0.20±0.13 0.55±0.07 0.11±0.09
𝑲ALL 626.70±7.35 0.49±0.10 0.35±0.01 0.71±0.01 0.26±0.01

R1-32B

𝐾R-IV + 𝐾R-VP 613.34±12.29 0.98±0.18 0.27±0.01 0.13±0.00 0.02±0.00
𝐾C-IV + 𝐾R-IV 616.13±10.96 44.67±8.24 0.27±0.02 0.55±0.02 0.16±0.01
𝐾C-VP + 𝐾R-VP 1297.68±182.46 1.81±0.48 0.22±0.01 0.50±0.01 0.10±0.00
𝑲ALL 649.62±7.62 0.22±0.00 0.30±0.01 0.73±0.01 0.23±0.00

R1-7B

𝐾R-IV + 𝐾R-VP 2521.38±2742.47 31.55±30.88 0.29±0.01 0.21±0.02 0.05±0.00
𝐾C-IV + 𝐾R-IV 1.41e8±2.44e8 4.84e5±6.56e5 0.28±0.01 0.47±0.01 0.12±0.00
𝐾C-VP + 𝐾R-VP 1.22e5±1.81e5 434.13±678.73 0.20±0.01 0.36±0.01 0.08±0.00
𝑲ALL 1538.77±409.36 9.17±6.35 0.28±0.00 0.67±0.01 0.19±0.00
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Figure 4: Performance comparison between DELL (perform on R1-671B) and Multi-source Voting across different numbers of
quantitative knowledge sources. DELL shows a consistent advantage when at least four distinct quantitative knowledge sources
are available.

different prediction targets to the same set of feature inputs. The tar-
gets include: (1) 25 discrete dosage classes formed by combinations
of IV and VP ranges, (2) 5 discrete IV dosage classes, (3) 5 discrete
VP dosage classes, (4) continuous IV values, and (5) continuous VP
values. To distill external domain knowledge, explainable models in-
cluding classification-type decision trees, regression-type decision
trees, and a local rule-based explanation method (LORE) [7] are
employed. These models are chosen due to their ability to provide
clear decision paths that explain how predictions are derived from
input features, and their ease of translation into human-readable
forms. Among them, LORE is used to explain the 25 discrete dosage
classes predicted by a black-box model, showing the usage of quan-
titative knowledge distilled from black-box models. Details of the
black-box model used are shown in Appendix B. Based on the de-
fined targets, 6 explainable models are trained: 4 for classification
and 2 for regression, and are denoted asMC-joint-D (decision tree for
joint dosage classification),MC-joint-L (LORE for joint dosage classi-
fication),MC-IV (decision tree for IV dosage classification), MC-VP
(decision tree for VP dosage classification), MR-IV (decision tree
for IV dosage regression) andMR-VP (decision tree for VP dosage

regression), respectively. Detailed description and performance of
these models can be seen in Appendix B.

4.1.4 Baselines. The proposed DELL framework is compared with
several widely adopted strategies commonly used to enhance LLM
performance in reasoning and decision-making tasks: Standard
Prompting (Standard), Chain-of-Thought Prompting (CoT) [38],
Few-shot Prompting (Few-shot) [2], Retrieval-Augmented Gen-
eration (RAG) [16] and Chain-of-Thought Distillation (CoTD)
[4, 19, 34]. For RAG-based methods, they can be further distin-
guished according to the type of external knowledge used for re-
trieval: RAG-G retrieves relevant ICU guidelines2, while RAG-Q
retrieves qualitative knowledge distilled from explanation models
and translated into natural language. Besides, to assess whether the
performance gains of DELL arise simply from the incorporation
of external knowledge, Multi-source External Knowledge Voting
(Multi-source Voting), which predicts results directly by aggre-
gating the outputs of multiple explainable models through a voting

2The ICU guidelines used in RAG-G are obtained from a public repository (https:
//www.icuguideline.com) compiling evidence-based clinical guidelines and expert
consensuses published by recognized critical care societies and medical associations.
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Figure 5: Alignment between the distributions of predicted and actual dosages in a discretized space (R1-671B). The distributions
of actual dosages (Left), DELL predictions (Middle), and Standard predictions (Right) are plotted. DELL produces a distribution
that more closely resembles the ground truth.

mechanism, without involving LLMs in the decision-making pro-
cess, is also included. Details about these baselines are provided
in Appendix C. For the LLMs used, models from the DeepSeek-R1
family (671B, 32B and 7B) are evaluated across multiple parameter
scales, and more experimental results can be seen in Appendix D.

4.2 Results
4.2.1 Effectiveness Evaluation of DELL. Results in Table 1 show
the performance of DELL on precise decision-making for sepsis,
compared to other reasoning strategies. It is clear that DELL con-
sistently achieves the best performance across all model sizes and
evaluation metrics. On R1-671B, DELL achieves an RMSE of 626.70
for IV fluids and 0.49 for VP, corresponding to reductions of 17.99%
and 70.83%, respectively, compared to the best-performing base-
lines that do not incorporate quantitative knowledge (RAG-G for
IV fluids and Few-shot for VP). In terms of total accuracy, DELL
reaches 26%, which is more than twice the RAG-G baseline perfor-
mance of 11%. Such improvements are also achieved by R1-32B and
R1-7B. Besides DELL, standard prompting consistently performs
the worst across all metrics, suggesting internal knowledge alone
is insufficient for accurate value prediction.

Among the methods that incorporate external knowledge, RAG-
G, RAG-Q, and DELL exhibit distinct ways of leveraging such infor-
mation for decision making. RAG-G, which retrieves ICU guidelines
as relevant external texts, improves upon Few-shot prompting (e.g.,
in ACCVP under R1-671B) but still lacks sufficient precision com-
pared with DELL, owing to the absence of explicit quantitative
reasoning knowledge related to the task. RAG-Q, equipped with
retrieval access to quantitative knowledge distilled from explain-
able models, further enhances performance beyond RAG-G, yet
still falls short of DELL due to the inherent limitations of retrieval-
based systems in selecting appropriate quantitative knowledge
for specific cases. These results confirm the superiority of DELL,
which effectively coordinates the internally encoded commonsense
knowledge of LLMs with domain-specific quantitative knowledge
automatically mined by external models. More results on DELL’s
performance across demographic subpopulations can be found in
Appendix D.

To assess whether the performance gains of DELL arise simply
from the incorporation of external domain-specific quantitative

knowledge, we compare it with the multi-source external knowl-
edge voting baseline, where predictions are made purely based
on the outputs of multiple explainable models, without the inher-
ent reasoning of LLMs. As shown in Table 1, the voting baseline
achieves only sub-optimal performance in terms of RMSEIV and
ACCIV under R1-671B. In contrast, DELL not only achieves sub-
stantially lower RMSEs (𝑝 < 0.05), but also maintains comparable
overall accuracy. The comparison highlights that the LLMs do not
merely follow external suggestions but instead perform deeper in-
tegration and reasoning over both external and internal knowledge,
leading to more accurate and reliable decision making.

4.2.2 Analysis of Contributions of Multiple Knowledge. To explore
how different external knowledge contributes to the precise deci-
sion making of DELL, an analysis of multiple external knowledge
sources is performed and reported in Table 2. Specifically, 𝐾R-IV,
𝐾R-VP,𝐾C-IV, and𝐾C-VP denote the quantitative knowledge extracted
from MR-IV, MR-VP, MC-IV, and MC-VP, respectively. 𝐾ALL repre-
sents the combination of all available quantitative knowledge. Re-
gardless of model sizes, 𝐾ALL consistently yields the best overall
performance across nearly all metrics. These findings indicate that
diverse and complementary knowledge helps LLMs make more
accurate and stable decisions, especially in smaller models.

Beyond the advantage of leveraging all available knowledge,
we further investigate which external quantitative knowledge is
most critical for LLMs. To quantify their effectiveness, we count
how many times each knowledge combination setting ranks as the
best (bold) or second-best (italic) across the five evaluation metrics.
Results across all model scales in Table 2 show that in addition to
𝐾ALL, the combination 𝐾C-IV + 𝐾R-IV ranks second overall, followed
by 𝐾R-IV + 𝐾R-VP. Notably, knowledge combinations involving IV
fluids, on which LLMs perform relatively poorly compared to VP,
as shown in Table 1 (ACCVP is always higher than ACCIV), tend to
yield better performance. This suggests that providing knowledge
in areas where LLMs are weak in making a proper prediction is
more efficient than reinforcing knowledge they already possess.

4.2.3 Sensitivity Analysis on the Number of Quantitative Knowl-
edge Sources. To examine how the number of provided quantitative
knowledge sources affects the LLMs’ capability for precise decision
making within the DELL framework, we conduct a corresponding
sensitivity analysis. The number of provided knowledge sources
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Figure 6: Alignment between predicted and actual dosage
trends over time (R1-32B). Predictions at the same time step
are aggregated to compute mean values. In each subfigure,
black and colored lines represent the actual and predicted
dosages, respectively, and highlight the gap between pre-
dicted and actual curves. The shaded area represents the total
absolute difference between the predicted and true curves,
computed as the sum of pointwise deviations over all time
steps. Ranges of some curves exceed the figure bounds and
are partially truncated. DELL’s predictions most closely fol-
low the ground-truth curves.

𝑛̂ is varied from 1 to 6 across experimental settings. For each ex-
perimental setting, we randomly select the required number of
knowledge sources, repeat this random selection three times, and
report the averaged results in Figure 4. When the number of quan-
titative knowledge sources is relatively small (e.g., 1–3), DELL does
not consistently outperform the voting mechanism. Specifically,
while DELL achieves lower RMSEIV values, it performs worse than
voting on the remaining metrics. This can be attributed to the lim-
ited external information available to guide the reasoning process.
With insufficient quantitative knowledge inputs, DELL relies more
heavily on the LLMs’ internal knowledge, leading to unstable pre-
dictions across different targets. In contrast, the voting mechanism
benefits from its variance-reduction property when aggregating
knowledge sources, yieldingmore stable yet less adaptive results. As
the number of quantitative knowledge sources increases, the diver-
sity and potential inconsistency among the sources also grow. The
voting mechanism, which assumes equal reliability of all sources,
becomes less effective as it cannot distinguish between informa-
tive and noisy knowledge. Conversely, DELL leverages the LLMs’
intrinsic reasoning ability to evaluate the semantic reliability and
consistency of each knowledge source, and integrates complemen-
tary information while suppressing misleading knowledge. These
results indicate that DELL benefits from a sufficiently diverse and
informative set of quantitative knowledge sources to fully leverage
its reasoning-based integration capability. When provided diverse
knowledge for the LLMs to discern reliability and complementarity
among them, DELL can consistently outperform the combinations
themselves. More results on stress tests, such as varying training
sample sizes of external models, can be found in Appendix D.

4.2.4 Visualization of DELL Prediction. To further examine the
effectiveness of DELL from fine-grained perspectives, we visualize
whether DELL generates predictions that are more consistent with

real-world clinical decisions from two perspectives: (1) The align-
ment between the distributions of predicted and actual dosages in
a discretized space, and (2) the alignment between predicted and
actual dosage trends over time. For perspective (1), we discretize
dosages into 25 bins and observe that DELL produces distributions
that more resemble the ground truth, as shown in Figure 5. For
perspective (2), Figure 6 compares the temporal dosage curves of
Standard, Few-shot, RAG, and DELL with ground truth IV fluids
and VP dosages, where the predicted dosage curves produced by
DELL most closely follow the ground truth curve across time, as
indicated by the smallest shaded area between two curves. These
visualization results demonstrate that DELL can not only make
precise decisions but also achieve finer-grained alignment with
clinical practice.

4.2.5 A Case Study of the Reasoning Process. To better illustrate
how DELL integrates internal and external quantitative knowledge
within its reasoning process, a representative case is presented and
can be seen in Appendix E. DELL first distills external knowledge
statements, then identifies consensus, minor contradictions, and
major contradictions among them. With the incorporation of inter-
nal knowledge, it evaluates these suggestions and decides whether
to reject, retain, or synthesize them into a final treatment decision.

5 CONCLUSIONS
In this paper, we propose a novel framework DELL to enhance the
precise decision-making capability of LLMs in healthcare. DELL
distills multi-source, quantitative knowledge from explainable mod-
els and coordinates them with LLMs’ internal knowledge under
the guidance of a designed reasoning paradigm. We evaluate the
effectiveness of DELL in the dosage decision task for sepsis and ver-
ify its consistent superiority over other commonly used reasoning
strategies. By leveraging these two kinds of knowledge, DELL can
reduce the prediction errors and improve overall accuracy. With
precise decision-making and quantitative reasoning as fundamen-
tal abilities for the future development of intelligent agents, our
work equips LLM-based agents with these capabilities by integrat-
ing external quantitative knowledge with internal commonsense
knowledge. Besides, DELL is designed as a transparent decision-
support tool that provides clinicians with quantitative evidence
distilled from interpretable models and explanations for reconcil-
ing conflicting suggestions, thereby enabling human oversight and
override of any recommendation. In the future, we plan to evaluate
DELL in other real-life domains (e.g., finance) where quantitative
reasoning is critical for precise decision making.
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