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[ Abstract]
PIM prediction model that combines knowledge graph and machine learning was proposed. Methods Firstly, based on

Objective To improve the accuracy of potentially inappropriate medication (PIM) prediction, a

Beers criteria 2019 and using the knowledge graph as the basic structure, a PIM knowledge representation framework with
logical expression capabilities was constructed, and a PIM inference process was implemented from patient information
nodes to PIM nodes. Secondly, a machine learning prediction model for each PIM label was established based on the
classifier chain algorithm, to learn the potential feature associations from the data. Finally, based on a threshold of sample
size, a portion of reasoning results from the knowledge graph was used as output labels on the classifier chain to enhance
the reliability of the prediction results of low-frequency PIMs. Results 11741 prescriptions from 9 medical institutions
in Chengdu were used to evaluate the effectiveness of the model. Experimental results show that the accuracy of the model
for PIM quantity prediction is 98.10%, the F1 is 93.66%, the Hamming loss for PIM multi-label prediction is 0.06%, and
the macroF1 is 66.09%, which has higher prediction accuracy than the existing models. Conclusion The method
proposed has better prediction performance for potentially inappropriate medication and significantly improves the

recognition of low-frequency PIM labels.
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constitutes/ constitutes/
Drug excludes infers excludes Drug
categories categories
belongs to belongs to

B 1 PIMAIRF R REH
Fig 1 The structure of the PIM knowledge representation system
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Table1 Definition of three types of logical nodes

Type

Definition Case

Necessary condition node

Positive and negative condition node

Counting condition node

All the constituent conditions exist.

All the constituent conditions exist and all the exclusion conditions do not exist.

Any constituent condition occurs at least a specified number of times.

+ Rivaroxaban

+ =75yr.

+ Atrial fibrillation

+ Short- or rapid-acting insulin
— Basal or long-acting insulin
Anticholinergic=2
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4y 285k (classifier chains, CC) Sk E AP L2 FR %5
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Sex: Female i ______
Age: 88

Diagnosis:

Alzheimer's disease
Anxiety depression

Coronary heart disease

Prescription:
.. DI
Aspirin A
. %, "y,

Olanzapine s = === - ;

. I I
Fluoxetine | . I .

! 1

Escitalopram . 1

logic_1: necessary condition node; logic_2: positive and negative condition node; logic 3: counting condition node (=3)|

agonist hypnotics) =3

PIM37: + (Dementia/Cognitive impairment) + (Anticholinergics/Benzodiazepines/Benzodiazepine receptor

1 . .
1 Criteria

agonist hypnotics/Antipsychotics)
PIM44: + Aspirin + =75 years old — Cardiovascular disease

PIM54: (Antiepileptics/Opioids/Antidepressants/ Antipsychotics/Benzodiazepines/Benzodiazepine receptor

& 2 PIM¥EIR R

Fig 2 PIM inference case

The knowledge graph is constructed based on a Chinese corpus and is presented in the original Chinese form.



%5

MRCRPAE: TSR B o R e AN 2 2 Tl 887

Number of PIMs

Classifier chains

Knowledge graph

Start nodes
matching

Path reasoning

Feature

Prescription | —
x=1[1,89,0,1,0,-,0]

Keyword list

[ , “=75 years old”,
“Alprazolam”, “Prazosin”, ...,
“Hypertension” , “CHD”, ...]

B 3 EFMiREENPIMBRE
Fig 3 PIM prediction model based on knowledge graph
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1 2 HEEFRIER
SA= N Z [Iy i =i ]] (3) Table 2 Field information in the dataset
! Number Description Range Type
1 & 1 Sex 0,1 Categorical

HL = N Z |37"Ayi| (4) 2 Age 65-119  Numeric
i=1
l 3 Number of diseases 1-19 Numeric

N, — Som Ny 3 —

Hrb, NEFEAHE, y,%%z/l\#zl—‘%ﬁ{ﬁ"ﬂ‘m%%%, 4 Number of drugs 1-23 Numeric
yl%%z/l\ﬁzlgﬁgﬁijgﬁ%%%, [*]i8 2 2R Y ST B 5-2261 Taking a certain kind of medicine 0, 1 Categorical
N N — 2262-2787  Suffering from a certain disease 0,1 Categorical
HL, TR0, AFZR A EEA IR FR2E o 8 _ gor

e 2788-2828 A certain PIM exists (Target) 0,1 Categorical
N -
macro-F L[] T-/IMFEAR, [H 1 RE % [ USSR A IR 2829 Number of existing PIMs (Target) ~ 0-10 Categorical

PIMARZE I TR, Mimicro-F1% WU RIZE IR A AR2E I
RIEI, IEARWT.
2TP,

1 M
Fl=— ! 5
macro M;2ij+FNj+FPj )

M
2 TP,
=1

J
ZZZ]TP,+ ZZ]FNJ-+Z:FP].

Horp, MEFREEL TP, FP,. FN 73 B3R 55
SR PHME . B BB R REA R

2 #R

micro-F1 =

(6)
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powerset, LP) fll — 5% HX (binary relevance, BR)*i#t4 7%

2000
1862
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1500 ¢
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1000

750

500
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250 158 164 [ 196

201 1313 6 35 14

0

1501

292 310
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4 PIMAFTER
Fig 4 The distribution of PIMs
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Table 3 Comparison of prediction performance of the models

Model Number of PIMs PIM labels
Acc/% Pre/% Rec/% F1/% SA/% HL/% Macro-F1/% Micro-F1/%

Random Forest 92.96 84.90 60.94 68.68 92.93 0.25 38.49 88.76
XGBoost 96.57 92.51 84.67 88.28 96.48 0.10 51.96 95.72
CatBoost 97.76 92.97 87.37 89.93 97.62 0.07 64.73 97.27
Autolnt 86.74 72.52 72.99 71.62 86.46 0.37 45.43 85.44
DANets 92.59 77.45 65.62 69.54 92.17 0.25 34.95 89.52
FT-Transformer 94.32 87.53 72.82 78.85 94.18 0.18 40.23 92.06
T2G-FORMER 95.32 81.03 73.50 76.83 95.23 0.14 46.72 93.97
Model proposed in the study 98.10 94.60 92.83 93.66 97.98 0.06 66.09 97.69

Acc: accuracy; Pre: precision; Rec: recall; SA: subset accuracy; HL: hamming loss. The top performances are marked in bold, and the second best results are

underlined.

K4 IHPIMIRETNLE RELE:

Table4 Comparison of the prediction results for partial labels

PIM Model Acc/% Pre/% Rec/% F1/%
24 CatBoost 99.80 87.50 53.85 66.67
CatBoost+KG 99.94 86.67 100.00  92.86

34 CatBoost 99.86 100.00 64.29 78.26
CatBoost+KG 99.89 100.00 71.43 83.33

37 CatBoost 99.69 100.00 5217  68.57
CatBoost+KG 99.91 100.00 86.96 93.02

Acc: accuracy; Pre: precision; Rec: recall.

e, Forh, LKA R] BOFR 28 B A BARAE S — AN AT
Zo AT 55, SR G MR AR 1 B, FH AR A A 3]
B PIMAR & 47846 ; BRAE R B> PIMAR I 2 — it
LAY, S RRIEIESS G o SERETR RS IR
MFRSTTLAE , i A8 BEAL B 2 AR 2 I, 1
FEA TR IR LF, SO AR L oI,
BEUWERA R IE— AL 10.20%, macro-F142 75 1 4.49%, i
W T o Rt i 5 | A LA BR S, A RE IS i IR bR

Z I SCIAT B, T B FHERee Tt .
232 FRRFREBUAAEA A8 60 R

R SRR AR A AR St o {35 20 b o AR PR 4
PREEI T U0 UE AR ()5 M), A6 S [] AR AR e
HA T IEATSE0, 5 R AnFRefiin . Hh AB RS 2R A
AFIREE

M6 LI H, 7E AR LS 5, PIMAR % FIEL
A INVEREAA T —E 2T, YABE 300, PIMAR
25 macro-F1{E A 2 5 K, 1 A %5 0 4 R 1000 0 2 o
FEo Bl AN, FORIPERE BT B, DERTHLAS 27 >
PUEIE 22 [HAFAE— 7 1 AR
2.4 IR EEHETE 5 4T R0

R T UGB T 25 SR R SR, LAPIM 34 A 3R 4 T 4y
BT, R P28 2 O b 10 25 3 G R R P 7 3% 1t
W PR IR | IR SN E SIS 4 3 18 BH 25 . NSAIDs,
COX-241il 24 | Emedor — i, Hepb e 22 /0 37Rp HAR 259 .
A HA 6013 Ab 15 FEAEPIM 34, AL 2 > AU LA

£5 TRSIRESDLREIERERENTLL

Table 5 Comparison of model performance with different multi-label classification strategies

Strategy Number of PIMs PIM labels
Acc/% Pre/% Rec/% F1/% SA/% HL/% Macro-F1/% Macro-F1/%
LP 96.96 93.74 87.79 90.48 96.74 00.10 54.15 95.72
BR 97.90 90.77 86.91 88.71 97.76 00.06 61.60 97.47
CC 98.10 94.60 92.83 93.66 97.98 00.06 66.09 97.69

LP: label powerset; BR: binary relevance; CC: classifier chains; Acc: accuracy; Pre: precision; Rec: recall; SA: subset accuracy; HL: hamming loss. The top

performances are marked in bold, and the second best results are underlined.

R6 TEFEAEEEMIREERER L

Table 6 Comparison of model performance at different sample size thresholds

1 Number of PIMs PIM labels
Acc/% Pre/% Rec/% F1/% SA/% HL/% Macro-F1/% Micro-F1/%
0 97.76 92.97 87.37 89.93 97.62 0.07 64.73 97.27
10 97.81 94.07 87.50 90.44 97.76 0.06 64.94 97.32
30 98.10 94.60 92.83 93.66 97.98 0.06 66.09 97.69
50 98.07 92.70 89.80 90.93 97.96 0.05 64.71 97.75
100 97.28 88.25 82.54 84.98 97.19 0.07 61.67 96.99

Acc: accuracy; Pre: precision; Rec: recall; SA: subset accuracy; HL: hamming loss. The top performances are marked in bold, and the second best results are

underlined.
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Foorer > EHEREIE, A R

FIFHSHAP 18 BEAREAS (Y RRAE H 21, 25 R 4n
KISFTR o ZFEAAFAEPIMB4{H A REWE CatBoost i il . F
r, B E] DCARFN I R 5B S T PIM34R R LA 28, {AE
BAEEE T, 76% 1M PIM34-5 Bl 5] VEAA 5&, MiAA 5% 11
TSI RIE I LT DU RS R A A% B A ok
fdt PR ATV AR LG S R o5 B T s i E ek, H
XoF T 45 S S 6 Bk o R b, ) 6 PR T T A
A YR RIK B TNSAIDs2454), 5 g8 LAk
BLPIM34, #EFR PR S UNEI6 BT/

fX) = -4.197
1 = (Disease)Heart failure
0 = (Drug)Aspirin
1 = (Drug)Loxoprofen ‘
1 = (Drug)Furosemide . +0.21
12 = Number of Drugs ’ +0.14
88 = Age } +0.09
13 = Number of Diseases } +0.08
0 = (Disease)Cilostazol  —0.07 {
1 = (Disease)BPH ) +0.05
2820 other features  —0.04 1
-10 -9 -8 -7 -6 -5 -4

E[f(X)] = -9.125

5 SHAPITEAHEEE M
Fig 5 Feature importance calculated by SHAP

FoR constitutes 10g1C34_2
0 IR

§ Y "
o § %
%e (a
o Loxoprofen
£ . belon®® v
vS-3 | NSAIDs |

B 6 PIM34MERZE KT T2
Fig 6 The path finding process of PIM34
The knowledge graph is constructed based on a Chinese corpus and is

presented in the original Chinese form.
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