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* However, manual code
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Task

* Giving a clinical textual note, the models need to predict the
correct codes as a multi-label classification task.

Input: Clinical Text Output: Predicted ICD codes
Mr | **Enown ..'-~l|:.'|.\
iy ICD9 .
S8216%F| 18 an 87 vear old Codes Disease Name
male with Parlansons Disease,
difficulty breathing ... ... Automatic 518.81 | Acute respiratory failure
87 wvear old male presents
with severe chest tightness, = ICD mp | 4019 | Essential hypertension
respiratory failure, and Coding
preumatosis col indicative of 276.2 | Acidosis
visceral necrosis.  As the Model
patient was not a SUIin_‘El 0389 | Unspecified septicemia
candidate, medical prognosis
Was poor ... \ Y,




Limitations of the Previous Methods

* In ICD code prediction
one of the Important
aspects Is that the ICD
codes naturally have an
ontology structure.
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Limitations of the P

* Insufficiently Modeling
Relations Among ICD
Codes.

* |gnoring the Importance
of Context.

revious Methods
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001-139 (Disease of the digestive system)
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(Hernia of abdominal cavity)
Category
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(Inguinal hernia with obstruction without mention of gangrene)
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Methodology
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ostep 1 Code Embedding Extraction
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Embedding Extraction

* \We encode the document

, ‘W1, -, wp| = TextEncoder(d),
and codes Into the
embeddings. (wst, -+, ws"| = TextEncoder(s; ;).
* Follow standard key-query - -
attention to extract the sij = Pool([wsy”, -+ wsp’).
contextualized code
embedding. c;; = KeyQueryAttention(s; ;, [wy, -, Wpl),

c; = Pool([c; 1, -+, ¢ ml).



Direct Code Prediction

* [nitial results are predicted
based on the extracted
code embeddings. a; = FC,(Pool([s;1,---,siml)).

Pi — fT(Of@' : C?)



Step 2 Code Relation Learning on Graph
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Bullding Flexible Bipartite Graph
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Graph Based Prediction
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Step 3 Generating Final Prediction

* The two results are
aggregated based on the
wise product of code
embedding and
contextualized code
embedding.

vi = o(FC, (e © ;).

pi = (1 —7)pi + 7ibi-



Experiment

Table 5.3: Results on the MIMIC-I1I-50 test sct.

_ AUC F1 Pre
Category | Method Macro Micro Macro Micro P@h P@S
HiLAT 92.7 95.0 69.0 73.5 681 5Hbh4
PLM PLM-ICD 90.2 92.7 64.8 69.6 65.0 53.0
KEPT 92.6 94.8 68.9 72.9 67.3 54.8
CAML 87.5 90.9 53.2 61.4  60.9 -
MultiResCNN | 89.9 92.8 60.6 67.0 64.1 -
HyperCore 89.5 92.9 60.9 66.3  63.2 -
NonPLM LAAT 92.5 94.6 66.6 71.5 67.5 54.7
) JointLAAT 92.5 94.6 66.1 71.6  67.1 54.6
TwoStage 92.6 94.5 63.9 71.8  66.7 -
MSMN 92.8 94.7 68.3 725  68.0 54.8
CoRelation 93.3 95.1 69.3 73.1 68.3 55.6




Experiment

Table 5.4: Results on the MIMIC-IV-50 test sets.

MIMIC-1V-ICD9-50

MIMIC-IV-ICD10-50

Jategory | Method AUC Pre AUC F1 Pre
Macro Micro Macro Micro PQ@5 | Macro Micro Macro Micro P@5

PLM PLM-ICD 95.0 96.4 714 75.5 624 | 934 95.6 69.0 73.3  64.6
CAML 93.1 94.1 65.3 69.2 58.6 | 91.1 93.2 64.3 67.6  59.6

LAAT 94.9 96.3 70.0 74.5 620 | 93.2 95.5 68.2 726 644

Non-PLM | JointLAAT | 94.9 96.3 69.9 74.3 620 | 934 95.6 68.4 729 64.5
MSMN 95.1 95.5 71.9 75.8 626 | 93.6 95.7 70.3 742  65.2

CoRelation 95.4 96.7 725 76.0 629 | 93.8 96.0 70.6 744 654




Experiment

Table 5.5: Results on the MIMIC-ITI-Full test set.

Method AUC Fl T
Macro Micro Macro Micro P@b Pa@8 P@lh
PLM-1CD 92.5 98.9 8.4 8.0 83.9 T76.7 61.1
CAML 89.5 98.6 8.8 53.9 - 70.9  56.1
MultiResCNN | 91.0 98.6 8.5 55.2 - 73.4 584
HyperCore 93.0 98.9 9.0 55.1 - 72.2  57.9
LAAT 91.9 98.8 9.9 b7.5 813 73.8  59.1
JointLAAT 92.1 98.8 10.7 575 80.6 735 59.0
TwoStage 94.6 99.0 10.5 H8.4 - 74.4 -
MSMN 95.0  99.2 10.3 584 825 752 599
CoRelation 95.2 99.2 10.2  59.1 834 76.2 60.7




Experiment

Table 5.6: Results on the MIMIC-IV-Full test sets.

MIMIC-IV-ICD9-Full MIMIC-IV-ICD10-Full

Category | Method AUC F1l Pre AUC F1 Pre
Macro Micro Macro Micro PQ@8 | Macro Micro Macro Micro P@Q8

PLM PLM-1CD 96.6 99.5 14.4 62.50 70.3 91.9 99.0 4.9 57.0  69.5
CAML 93.5 99.3 11.1 H7.3  64.9 89.9 08.8 4.1 52.7 644

LAAT 95.2 99.5 13.1 060.3  67.5 93.0 99.1 4.5 004 67.0

Non-PLM | JointLAAT | 95.6 99.5 14.2 60.4  67.5 93.6 99.3 5.7 50.9  66.9
MSMN 96.8 99.6 13.9 61.2  68.9 97.1 99.6 5.4 00.9  67.7

CoRelation 96.8 99.5 15.0 62.4 70.1 | 97.2 99.6 6.3 57.8 70.0




Ablation Study

Table 5.7: Results of ablation experiments on the MIMIC-III datasets.

Dataset, MIMIC-I11-50 MIMIC-11I-Full

Mot hod AUC F1 Pre AUC F1 ] l’_rc

Macro Micro Macro Micro P@h Pa@g | Macro Micro Macro Micro P@h P@8 P@lh
CoRelation 93.3 95.1 69.3 73.1 68.3 55.6 95.2 99.2 10.2 59.1 83.4 76.2 60.7
W/O Relation | 93.1 95.0 69.0 726 68.1 55.2 95.2 99.1 9.3 h8.9 828 T7H.7T  60.5
W/0O FRG 93.2 095.1 69.0 729 68.2 555 95.1 99.2 10.0 Hh8.8  83.3 T76.0  60.5
W /O Context 92.0 93.7 66.4 70.0  66.2 53.8 95.0 99.1 10.7 h79 814 743 594
W/0O SAA 92.5 94.7 68.6 722 67.9 55.0 95.0 99.1 9.7 H8.8 829 759 60.1




Case Study
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Conclusion

* [n addressing the ICD code prediction problem, providing better
modeling on other than text modalities like the graph modality
can help the model better capture the complex code relation and
resulting better prediction performance.

* However, It Is Important to organically combine the two
modalities.
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