55254 4 5 LGRS Vol. 25 No. 5
20264F 5 H Software Guide May 2026

ETREAFTHFNZREERHEMSEE
R TGS i

BrE', e 2

(1. BRI RS HFIHFE TRFR;
2. MM IKRF T HHEAXBAEHRRZAATELE T, & 44 541004)

H OE RHARMADARAEEIREN TP EREERRRAH aE L AL, £ AR ENBLA
Ao RMULE LId) R AL IKE 2 B -F 3RS HIBM S, M A A M) B3 R T 3 28 5 3 3K BUBF 24 4 A, 3
VB A8 JL T R A 40 0 AR A ARG R A AT R AGE . AT I R TR ke BALR A M R 6 RGKE R
o m PR T AR AL TR A X — P AL BB — AR T AR A F WA 5 ROEEBAFIERRSAA PCMMP, #2418
FERREAMG BT BT IR EH R R R IE B AR E M) % RE XA A Lok M — 2k
AP 22 M 25 (1D-CNN) 5 % B R4 pL(MLP) 69 3% 4 52 M) S AR HETRM . SANTFHIEE S 7H B 7 i LI,
PCMMP /& % A % 435 47 £ R ILAR AL, 45 5 & /2 IBD 2% 2 309 48 b BT A 4K 4 89 Spearman 3514 (ALL_SCC) 87 0.249 4%
FF£0.201, BAFTRM 694K 28 (WP_Nums ) A 3 669 3% £ 4 263, 4845 T mNODE £ #1438 # T 16.9%.16.2%.,
KB M A RBHETAN; AR F 8 AR EM L

DOI: 10. 11907/rjdk. 251092 R AW RES
& 425 : TP301 ERARIZAD : A X E RS :1672-7800(2026)005-0050-09

Phylogeny—Aware Multi—Scale Convolutional Feature Fusion Model for
Metabolomic Prediction

JI Qingrong', SHI Kai'-

(1. College of Computer Science and Engineering ;
2. Guangxi Key Laboratory of Embedded Technology and Intelligent System , Guilin University of Technology , Guilin 541004, China)

Abstract: Metabolome is an important mediator in the regulation of host health by the microbiome, and its concentration changes not only af-
fect host physiological functions, but also relate to the stability of microbial communities. The high cost and low coverage of metabolomics ex-
periments can lead to a scarcity of metabolic profile data, while microbiome sequencing technology can efficiently and economically obtain
community composition data, making the inference of metabolic profiles based on microbiome data a research hotspot. A multi-scale convolu-
tional feature fusion model PCMMP based on phylogenetic sorting is proposed to address the problem that existing metabolic spectrum predic-
tion methods generally ignore the phylogenetic relationships between microorganisms, which limits the predictive ability of the model. Firstly,
the multi—scale correlation information of local and global microorganisms is extracted through a feature rearrangement strategy guided by the
post traversal of phylogenetic trees and convolutional kernels; Secondly, a hybrid architecture of one—dimensional convolutional neural net-
work (1D-CNN) and multi-layer perceptron (MLP) is constructed to achieve spectral prediction. Comparing 5 publicly available datasets
with 7 advanced methods, PCMMP showed superior performance in multiple key indicators, especially in the IBD independent validation set
where the Spearman mean (ALL_SCC) of all metabolites increased from 0.249 to 0.291, and the number of well predicted metabolites
(WP_Cums) increased from 3 669 to 4 263, which were 16.9% and 16.2% higher than mNNE, respectively.
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Fig.1 PCMMP workflow
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Fig.2 Impact of different convolutional network structures and MLP parameter combinations on predictive performance
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Table 4 Multi-metric comparison and overall Friedman test ranking of eight methods across four datasets
F4 SMFEEINEBE LM SIERERRES Friedman 11 HEZ
b fahr MelonnPan ENVIM MMINP MiMeNet BiomeNED mNODE LOCATE PCMMP
MAAPE 0.4959 (8) 0.3993 (3) 0.4403 (5) 0.4184 (4) 0.4768 (7) 0.3921 (2) 0.4481 (6) 0.3879 (1)
TOP50_SCC 0.7847 (2) 0.7477 (5) 0.7739 (3) 0.7019 (8) 0.7710 (4) 0.7466 (6) 0.7386 (7) 0.7936 (1)
IBD ALL_SCC 0.5611 (1) 0.5015 (2) 0.4659 (3) 0.2996 (7) 0.2522 (8) 0.3229 (5) 0.3038 (6) 0.3739 (4)
WP_Nums 651 (8) 827 (7) 954 (6) 4550 (3) 3027 (5) 4827 (2) 4338 (4) 5711 (1)
Aver_Rank 4.75 4.25 4.25 5.50 6.00 3.75 5.75 1.75
MAAPE 0.5463 (8) 0.3741 (4) 0.4496 (5) 0.3397 (3) 0.4908 (7) 0.2165 (1) 0.4686 (6) 0.2535 (2)
TOP50_SCC 0.4473 (3) 0.5373 (1) 0.4284 (6) 0.4396 (5) 0.4177 (7) 0.3991 (8) 0.4453 (4) 0.4685 (2)
GC ALL_SCC 0.4473 (2) 0.4698 (1) 0.4284 (3) 0.1488 (8) 0.2421 (5) 0.2197 (6) 0.1621 (7) 0.2513 (4)
WP_Nums 17 (8) 55(5) 48 (7) 67 (4) 54 (6) 185 (2) 111 (3) 269 (1)
Aver_Rank 5.25 2.75 5.25 5.00 6.25 4.25 5.00 2.25
MAAPE 0.7915 (8) 0.4889 (7) 0.4621 (4) 0.3483 (3) 0.4666 (5) 0.3326 (2) 0.4845 (6) 0.3069 (1)
TOP50_SCC 0.4759 (4) 0.5716 (1) 0.4693 (5) 0.4052 (8) 0.4972 (2) 0.4532 (7) 0.4608 (6) 0.4879 (3)
ESRD ALL_SCC 0.4759 (1) 0.3673 (3) 0.4349 (2) 0.2441 (7) 0.2821 (4) 0.2793 (5) 0.1330 (8) 0.2478 (6)
WP_Nums 34 (8) 145 (1) 54 (6) 122 (4) 119 (5) 139 (2) 40 (7) 124 (3)
Aver_Rank 5.25 3.00 4.25 5.50 4.00 4.00 6.75 3.25
MAAPE 0.5108 (8) 0.3564 (4) 0.4484 (5) 0.3480 (3) 0.4498 (6) 0.2493 (1) 0.4756 (7) 0.2571 (2)
TOP50_SCC 0.4825 (5) 0.4943 (4) 0.4959 (3) 0.4532 (6) 0.3671 (8) 0.5065 (2) 0.3991 (7) 0.5077 (1)
CRC ALL_SCC 0.4593 (2) 0.4283 (3) 0.4683 (1) 0.2109 (7) 0.2290 (6) 0.2604 (4) 0.1311 (8) 0.2399 (5)
WP_Nums 50(7) 60 (6) 62 (5) 79 (3) 45 (8) 239 (1) 66 (4) 115(2)
Aver_Rank 5.50 4.25 3.50 4.75 7.00 2.00 6.50 2.50
ALLDATA_RANK 5.875 2.625 4.500 5.625 6.875 2.375 6.625 1.500
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Fig.3 8 methods for predicting metabolic profiles based on
ALL_SCC and WP-Nums indicators in cross queue tasks
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Fig. 5 Bar chart of metabolic profile prediction performance across different data types and model architectures
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