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Abstract

With the recent advancements in Al and IT technologies, there have been increasing efforts to integrate these
technologies into the medical domain, particularly for tasks such as data entry and processing. However, current
systems often struggle with real-time or context-deficient unstructured inputs. To address these limitations, we propose
a novel structuring methodology that combines LLM-based prompt engineering with Gaussian probability modeling for
numerical fields. Experiments on COVID and Diabetes datasets with five LLM models under various conditions
confirmed the robustness of the proposed approach, yielding performance gains of 26.11% and 49.06% over
conventional methods. This study offers a new direction for converting context-poor, unstructured medical inputs into
structured data.
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Algorithm

0 | INPUT: - 1. field_names: list[string] 2. user_inputs: listfany]
1

2 | PROCEDURE:

3 | 1. metadata, numeric_fields « [J, []

4 | 2. FOR field IN field_names:

5 type « get_field_type(field)

6 desc « get_desc_from_db(field)

7 data « stri values_from _length]) IF type == 'string’ ELSE "
8 metadata.append({name: field, desc: desc, data: data})

9 IF type == 'numeric': numeric_fields.append(field)

10| 3. stats « get_stats_for_fields(numeric_fields)

11|  probability_matrix « [

12 [get_probability(input, stats[field]) FOR field IN numeric_fields] FOR input IN user_inputs
1

14 ility < CREATE _| = lity_matrix, index = user. mputs columns = numeric_fields)
15| 4. tuple_list « [

16 (numeric_fields[col_index], user_il /_index], |ndex][col index])

17 FOR row_index IN range(len(user_inputs))

18 FOR col_index IN range(len(numeric_fields))

19 1
20| sort_by_probability < SORT(tuple_list, key = third_element, order = descending)

22/ 5. prompt

23 - "Request field mapping for the git ntent"

24 - "1) Metadata of Inpu tFelds(metadam name, desc}"

25| - "2) Sample Data {metadata - data}"

26 "3) [« & Sort for Numerical Data {probability, sort_by_probability}"
27| - "4) Constraint: 1

28| - "userinput {user_i

29 - "Request JSON ou format (one-shot)"

31| 6. Send the prompt to the LLM and parse the response
ir ir o =
a8 2 ZEZE M QA ZE

Fig. 2. Prompt design pseudo code
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Comparison of Normal Distributions (Based on Mean and Stardard Deviation)

— height  avg = 66.07, std = 3.86

— weight avg = 178.26, std = 40.52
— bpls avg=136.84, std = 22.81
— hip avg=43.05,std = 5.65

Probability Density

002
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Fig. 3. Gaussian distribution included in the prompt for
LLM-based inference
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Table 2. Effectiveness of individual prompt components
for structuring unstructured inputs with LLMs

Dataset COVID Diabetes

Input condition 99 95 7[7 7/3

0.747 0.638 0.649 0353
BASE 0.747 0.599 0.649 0.580
0.387 0.005 0.161 0.015

0.869 0.729 0.656 0433
0.869 0.701 0.656 0625
0.560 0.195 0.189 0.076

(1) Field
information

(2) Handling of | 0.967 0.795 0.693 0.468
categorical 0.967 0.777 0.693 0640

data 0.790 0.269 0.218 0.076

" 0.948 0.771

te] Péz?:blllty ~ ~ 098 | 0860
0.797 0.576

0.860 0.765 0610 0.378
(4) Constraints | 0.860 0.742 0.610 0.592

0493 0.173 0.063 0.031
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Table 3. Contribution analysis of prompt component
combinations for LLM-based field mapping

0z
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>

Dataset COVID Diabetes
Input 99 95 m 73
condition

0.747 0.638 0.649 0.353
BASE 0.747 0.599 0.649 0.580
0.387 0.005 0.161 0.015
0.900 0.757 0.657 0438
(1) + @ 0.900 0.733 0.657 0629
0.569 0.184 0.134 0.089
0974 0.935 0.661 0451
@+ @ 0974 0.931 0.661 0.638
0.858 0.686 0.139 0.1131

0.941 0.829

@+ @ - - 0.941 0.898

0.773 0.678
2% Agdre 249 Aren E= A%
At 20& AT 74, dEHAHoR d=5 T
BEG O £ %S HAT O Diabetes(7/3)
SF o] £AY vt AiHoR g %Y 7
ARE stes #

E 4 93 Y xXo| ZEmE A H|I

=3
Table 4. Optimal prompt configurations by input type
Dataset COVID Diabetes
Input 99 95 m 73
condition
String 0977 0.946 0.672 0479

unification 0.977 0.944 0.672 0.652
strategy 0.865 0.751 0.147 0.126
0.969 0.937 0.952 0.831
Proposed 0.969 0934 0952 0.940
0.822 0.710 0.823 0.802

Azdon BAY UE $49 AolE T8
3wl gol 49 2AY 59 =2



30 72’ SEFH LLME o443 ]

DeepMind®] F 57}4|9] =9
Unksl FH& Hr}
t £AE ML
TZXE FHo| Stk AP
A, 777 %7F 2=

SRR

Ade F o

o
Adth 13 %
2L JES AlEH o

2
2l
(.
o [
o
ru
oXx
off
o

E 5 CRFE LIMoIM ADM AZ

il
%

gl
o
A&

=i
L

H o
T ¢

A8 o 2uolE 4 Axd

F 59k o] AAl ¥¥
, Anthropic, Google
s Algk el
o 4¥ tlolH
% dolelt £3
714 Qg zpoew
AL Be BEvh st
24, 73 Bk AR A
Fho=
AR S A Y] BT A
T A4y des

= 745 3

Table 5. Cross-model evaluation of prompt robustness

E 6 Mot WA ME Y (| ek J|F)

Table 6. Improvement from BASE to PROPOSED prompts

Dataset Diabetes
Method Base Proposed
Inputs
— 713 7 713 i
0353 | 0649 | 0881 0952
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Inputs ) .
Modd Diabetes 7/3 Diabetes 7/7
Claude 0.002 — 0.839 0.007 — 0.834
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