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WMENFERREERBINGE

A B (]
clade_name | QMLO0000-240606-... QML0000-240606-...

k__Bacteria|p__Acti... 0 0
k__Bacteria|p__Acti... 0 0
k__Bacteria|p__Acti... 0 0.0001292
k__Bacteria|p__Acti... 0 0

2K.K k__ Bacterialp__ Acti...  0.0000072 0
k__Bacteria|p__Acti... 0.0000485 0

\R' —Bacteral
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-l:\—
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N
k__Bacteria|p__Acti... 0.0006176 0.0009362
k__Bacteria|p__Firm... 0 0
k__Bacterialp__Firm... 0 0
k__Bacterialp__Firm... 0 0
k__Bacteria|p__Firm... 0 0
k__Bacterialp__Firm... 0 0.000005

1. [ P Py o [t PO, n N NANNATAN

(e

Shannon index of altitude-type Bray-Curtis distance (altitude_group)

7000+ o . .
Kruskal-Wallis test: p = 3.1e-01 s000-7000 | S . ‘] j ¥
30 . 5000-6000{ .+ B T - J:
-
. 04 PEAMANOVA, P-value: 0.001 —/
P
25 B !
§ . . . 02
.0 B
c —_
g20 i . ﬁ
8 e
w o~ »
< L
|
15 8 o2 5000
60007000
. 7000+
1.0 i - Gravel
Snow
. * Water
o o ot o o ?
a"e 0° 50" & g(\c 6‘\0
-0.50 -0.25 0.00 025
‘?—00’ a‘:d)’ AT R o PCoA 1 (24.06%) Mﬁﬂﬂdﬁ'
Alpha-diversit Beta-diversit
v I
-~ —
o ] ¥
o G S [ ] e ®
» %
P B 3
o [ o
\_ GO0 §
1 G s X
vomes | &
2
EO— | @’%
e os®
s [ E
o o
e @
p—— * ‘.0
LDAstare

EFEYD TREEHDZS

10

EMARIRBIRS R , 2025

Relative abundance
)
i
)

H 6000-7000 | 7000+

=1
j
m

o
o
o

uuuuuuu

{,«»&* s@ e%@ .;w g;g,ﬁ fﬁfﬁf‘f&f&
Sample ID
-Prmhmma ra mauma.masma Planctomycetota.

via [ll Mitrospirae
nobacteria — Chioroflexi I samm
| :yen obacteria B Firmicutes [l Bactena eiassiiod

MEMFE

0.0

The correlation between the hepatopancreas and gut microbiota




REMEEDR

ERINRFINE

} L EMESE BEHERHE RIS

samples studies InterPro matches GO Pfam

Search, browse & download

el s ‘ .
MGnify L€ |

B HEVESESRIFBER

&Is2 isailema  REETSHE

L REYEZESTE .

EMARIRBIRS R , 2025

|
|
|
|
|
|
|
|
|
|
|
|
|
| MGYA Functional Analysis
, | 340,000 4,600
|
|
|
|
|
|
|
|
|
|



YD FEFRETHEIAAN

{Faspera L E T%;16S rRNAFEFIEEE , FHMFAQIME2TEBHHTHT , T MEYESENAMIIN LS
BRIMEYRNEEER

1. 8%, #d ilﬁ?%%)tEBI SRAZHREE T EGNFEUE. -

Asperag—s= s aTHE , & S8 o -

%z.p B Eees e TR , BRTAUST CHFmES BES TR,

' --QT : XANIZE .

--| 400m : BRE4IRE /9400Mbps,

‘ | --P33001 : fEAmMA33001,

cona install -c hcc aspera-cli k1 : tNEMEEChNT | M hBE AN

-i . {EREAsperafYEZHN . BIEE which ascp &k
asperaweb_id_dsa.openssh FYI&{E,

---user era-fasp : ({EFfera-fasp P TIEE.

—user era-fasp \ ---mode recv : G B FIEIIE,

= IelE [EEY | ---host fasp.sra.ebi.ac.uk : 3§ EHHbAL,

Il el +—-file-list path.txt : $EEES FHIHRERIIAL L,
—file-list path.txt ./ >/ FEFIAETIER.

ascp -v QT -1 -P33001 -k1 \
-i ~/miniconda3/envs/etc/asperaweb_id_dsa.openssh \

path.txt FI7RBIRNZE :
/voll/fastq/ERR428/006/ERR4281016/ERR4281016_1.fastq.gz
/voll/fastq/ERR428/006/ERR4281016/ERR4281016_2.fastq.gz
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2. ZEFLEQIME2IR S

onda env create -n giime2-amplicon-2024.5 \

——file https://data.qiime2.org/distro/amplicon/qiime2-amplicon-2024.5-py39-1linux-conda.y
onda activate giime2-amplicon-2024.5

. cdnda env create -n giime2-amplicon-2024.5 --file https://data.giime2.org/distro/amplicon/qiime2-amplicon-
2024.5-py39-linux-con: NQIME2E 5 Muf FaEFHEIE R Aqgiime2-amplicon-2024. 589345,
« conda activate giiime2-amplicon-2024.5 : BiEQIIME2IA1E,
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3. H#HEF— 1 manifest®

EDTEYEETER | BIE— Manifest B RER—5, XN HFHEIA T B MMEARISHRIZEN
EH3SMASNEETSE , AMTESED QIME2 FAFHEERIRISNFEWE. Manifest UGN EHEEERIEM |
BRECRIERER D ITRY/ERRME,

sample-id,absolute-filepath,direction

ERR4281016, /data2/public/zhanghaohong/ /ERR4281016_1.fastq.gz,forward
ERR4281016, /data2/public/zhanghaohong/ /ERR4281016_2.fastq.gz, reverse

sample-id : IFARIME—TRRET,
absolute-filepath : [RIAFASTQI{4RVAEIT IR,
direction : UFFEEERYTS A , forwardRSIEMENIEEN , reverseRnRAIEEL,
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4. FHES AN
BEIESAQIME2IAITAIE, SATBIGRIGFASTQI {4451 AQIIME28EMZAMERY.qzat& .

giime tools import \
—type 'SampleData[PairedEndSequencesWithQuality]"' \

—input-path manifest.txt \
—output-path paired-end-demux.qza \
——input-format PairedEndFastqManifestPhred33

giime tools import : QIME2HEGEESNTE,
--type 'SampleData[PairedEndSequencesWithQuality]' : I8 ESAEIEREL AR RinFYIEE , BEAR=E

EIL‘J\O

--input-path manifest.txt : #§Emanifest3Z{4ERIZ,
--output-path paired-end-demux.qza : IEESAEIEATHE H )G ERRFNETR,
--input-format PairedEndFastgManifestPhred33 : 1§ B ANGHIET, , Phred332FASTQN/HHIRERAIIETN.
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5. RS

Jgiéﬁiﬂﬂf%'iﬁ)ﬁﬁ’ﬂEﬁ*Dfil‘tﬂi?@%’ili&ﬁ}#?%o BITX—E |, F(ITLEREEEZRIFY , NIRE NiiraihY
/EERFRTE

giime vsearch merge-pairs \

——i-demultiplexed-seqs paired-end-demux.qza \
——0-merged-sequences data-merged.qgza \
——o0-unmerged-sequences data-unmerged.qza

giime vsearch merge-pairs : ffEfvsearch TEfImerge-pairsip<.

--i-demultiplexed-seqs paired-end-demux.qza : I5EMAR.qzas {4 , BB FRiBHIFFIEGE.
--o-merged-sequences data-merged.qza : I§EmEIHHERF IS,
--o-unmerged-sequences data-unmerged.qza : {5EHIHRBERINHHERIFES IS4,

EPMARIERIRSER |, 2025
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6. JMHEELIRERE

giime demux summarize \

——i-data data-merged.qza \
——o0-visualization data-merged.qzv

qiime demux summarize : fEfdemuxiEHAIsummarizefs SE SRR ERS.
--i-data data-merged.qza : IEEBMNBHHZE R34,
--o-visualization data-merged.qzv : I§EHIHAYET AL ITE,
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7. K
7 HAREUERYERE | KRNI EFENIEENRRELIEREXEE—F. GEEEIEET A%
EERT Nir oI s,

1% F Deblur3: B {55 FI DADA2 £

time giime dada2 denoise-paired \

qiime deblur denoise- \ ——i-demultiplexed-seqs paired-end-demux.qgza \

——i-demultiplexed-seqs data-merged.qza \ ——o-table table.qza \

——p-trim-length 251 \ —-o-representative-sequences rep-set.qza \
--o-table table.qza \ ——o0-denoising-stats stats.qza \
—-o-representative-sequences rep_set.qza \ =AY

—p-trim-left-r @
——0-stats stats.qgza \ p-trim-lett=r @ A

——p-trunc-len-f 250 \
-—p-sample-stats ——p-trunc-len-r 250

EPMARIERIRSER |, 2025
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8. TE7I58.

MQIME2E M RE DR | 22z AT XL A TR R

get -0 "gg-13-8-99-515-806-nb-classifier.qza" \

"https://data.qiime2.0rg/2021.4/common/gg-13-8-99-515-806-nb-classifier.qza"

wget : PEIHRIESITLE,
-0 "gg-13-8-99-515-806-nb-classifier.qza" : i FERI4arE I gg-13-8-99-515-806-nb-classifier.qza ,
"https://data.qiime2.org/2021.4/common/gg-13-8-99-515-806-nb-classifier.qza" : 34 T & teiL,
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9. Y ERE

{ERqiime2 BE751RARID S T RHIE R I THIR ERE,

qiime feature-classifier classify-sklearn \
——i-classifier gg-13-8-99-515-806-nb-classifier.qza \

——i-reads rep-set.qza \
——o0-classification taxonomy.qza

giime feature-classifier classify-sklearn : {fffeature-classifierif{ticlassify-sklearnfp S TR TR,
--i-classifier gg-13-8-99-515-806-nb-classifier.qza : I§ED 2814,

--i-reads rep-set.qza : IBEBMARIRRIEFFISUE.

--o-classification taxonomy.qza : I§EM BT S,

EPMARIERIRSER |, 2025
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10. EEYIMERSE
B ERERBITIMN | ERZ TIERIRS.

giime metadata tabulate \

—m-input-file taxonomy.qza \
——o0-visualization taxonomy.qzv

giime metadata tabulate : {ffHmetadatat@i{dATtabulatefp SER AT IEIR S .
--m-input-file taxonomy.qza : I8EBENIIFRS S,
--0-visualization taxonomy.qzv : g & HAYET LI,
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11. ﬂ}fﬁblom%ﬁﬁ$}'§"i€ giime tools export \

——input-path taxonomy.qza \
——output-path taxa

sed -i —-e 'l s/Feature/##Feature/' -e 'l s/Taxon/taxonomy/' taxa/taxonomy.tsv

giime tools export \
——input-path table.qza \
—output-path table_exported

biom add-metadata \
-i table_exported/feature-table.biom \
-0 table_exported/feature-table_w_tax.biom \
——observation-metadata-fp taxa/taxonomy.tsv \
——sc—-separated taxonomy

biom convert \
-i table_exported/feature-table_w_tax.biom \
-0 table_exported/feature-table_w_tax.txt \
——to-tsv \
——header-key taxonomy

EPMARIERIRSER |, 2025
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scGPTH) |2k

(RARRSEEER  EmmcEMEATRHEINE  RECARARE AT RARER

A Generative training B Generation steps during inference
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STt )

Ot

scGPTHITHIE £

{EApipZIEscGPT

pip install scgpt

R ESCIR AR B
AN
} unzip scgpt_resource.zip Celltype A g% i,
A )
AT R SRR i =
L o U , -
scgpt_resource ;:§*§
ms -
t:: c_data.hS5ad
filtered_ms_adata.hSad
scGPT_human
args.json
best_model.pt
vocab. json R ERRIAEHI THIERE DR
5%
https://github.com/bowang-lab/scGPT/blob/main/tutorials/Tutorial Annotation.ipynb
be//9 ) YRR g 3058
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KRS\ SFRLLE
# MIES N STLME LIRS NS FULE

import scanpy as sc # HUARREUERFRLMEE

from scgpt.preprocess import Preprocessor

from scgpt.tokenizer.gene_tokenizer import GeneVocab
import json

1l

config = json.load(open('scgpt_resource/scGPT_human/args.json', 'r'))

adata = 'scgpt_resource/ms/c_data.hS5ad' BRI ARIE— IR RIENSIE | (&
adata = sc.read_hSad(adata) FascanpyEE# TRIRIES STgbIE
adata_test = 'scgpt_resource/ms/filtered_ms_adata.h5ad’

adata_test = sc.read_h5ad(adata_test)
adata.var.set_index(adata.var["gene_name"], inplace=True)
adata_test.var.set_index(adata.var["gene_name"], inplace=True)
adata_test_raw = adata_test.copy()

adata = adata.concatenate(adata_test)

EMARIRBIRS R , 2025



Al RRKIR B SCe
HIESNSTCTE
# URAEER FAEETRE

label_col = "Factor Value[inferred cell type - authors labels]"
adata.obs["celltype"] = adata.obs[label_col].astype("category")
adata_test.obs["celltype"] = adata_test.obs[label_col].astype("category")
celltype_id_labels = adata.obs["celltype"].astype("category").cat.codes.values
id2type = dict(enumerate(adata.obs["celltype"].astype("category").cat.categories))
adata.obs["celltype_id"] = celltype_id_labels

4 2Eas  NERBWIGHEFENER

vocab = GeneVocab.from_file('scgpt_resource/scGPT_human/vocab.json')
adata.var['id_in_vocab'] = [ 1 if gene in vocab.gene2id efse -1 for gene in adata.var_names ]
# TREATERFHER

adata = adatal[:, adata.var['id_in_vocab'] = @]

] 7 L1 *+m
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KUIRE N\ SIMOMNE  RESscgpt—SHMNEER | BEA
# F4ME SRS AT E EERIEABIRIEA/NSBI5 1 K E)H

preprocessor = Preprocessor(
use_key="X", # RIAHEPEFI7ER
normalize_total=1e4, # ST HEIT—E]1e4s
result_normed_key="X_normed", # [H—{ER1FiEH
loglp=False # EENTA—MHERHATLoglpET#R, TmHIPZIEELE LoglpEMREEIE
result_loglp_key="X_loglp", # loglpZR7zfif
binning=51, # D
result_binned_key="X_binned", # pDfE%ER{FERE

)

adata_test = adatal[adata.obs['str_batch'] = '1']
adata = adatal[adata.obs['str_batch'] = '0']
preprocessor(adata)

preprocessor(adata_test)

EMARIRBIRS R , 2025
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§ ol IS STLTE

from sklearn.model_selection import train_test_split

import numpy as np

import torch

from torch.utils.data import DatalLoader, Dataset

from scgpt.tokenizer import tokenize_and_pad_batch *ETETHEI’JQH}H@**” =2 =
all_counts = adata.layers["X_binned"] S |BGESISIFE

celltypes labels = adata.obs["celltype id"].values

train_counts, val_counts, train_labels, val_labels = train_test_split(
all_counts

celltypes_labels
test_size=0.1
random_state=42
stratify=celltypes_labels

)

gene_ids = np array(vocab(adata var[ 'gene_name'].tolist()), dtype=int)
| EMAIERIS AT | 2025
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SRS N ST

tokenized_train = tokenize_and_pad_batch(
train_counts
gene_ids
max_len=config[ 'max_seq_len']
vocab=vocab
pad_token=config[ 'pad_token']

gpun

pad_value=config[ 'pad_value'] BERRERRE TIR=REY

append_cls=True, # append <cls> token at the beginning ( tokenize ) , FEKEABRIEARSE
) F<pad>%#N% , FEEFEARSFREINLE
tokenized_valid = tokenize_and_pad_batch( <cls>#HTHEEFBEEHIMHIE

val_counts

gene_ids

max_len=config[ 'max_seq_len']

vocab=vocab

pad_token=config[ 'pad_token']

pad_value=config[ 'pad_value']

append_cls=True # append <cls> token at the beginning
include_zero_gene=False

EMARIRBIRS R , 2025



SPMMAISRISTEE
hoss Seapases oataset) FIESNSFILE

def __init__(seff, data):
‘ self.data = data

1.

def __len__(seff):
return seff.datal"gene_ids"].shape[@]

RS | ILECREURIRIEHEIST

def __getitem__(seff, idx):

return {k: v[idx] for k, v in seff.data.items()} gene_id: ééﬁtokenize}%ﬂ’ﬂ%
train_dataset = SeqDataset({ values: ijgﬂgietﬁj\ﬁ%
'gene_ids': tokenized_train['genes'] . N
'values': tokenized_train['values'] target—valueS: _'E":% ﬁ}ﬂ”ﬁg§§% ! 12?:'_:})?51“ zﬁ_‘
'target_values': tokenized_train['values'] ==
'batch_labels': torch.zeros(len(train_labels dtype=torch.long) Epﬁg
'celltype_labels': torch.tensor(train_labels, dtype=torch.lon Bt S 3K
. ype_ (train_ yp 9 batch_labels: #tyxid , LRSS REHERT
==
val_dataset = SeqDataset({ ﬁlﬁg
'gene_ids': tokenized_valid['genes'] ceIItype labels: gmﬂ@;léﬂh_;g

'values': tokenized_valid['values']

'target_values': tokenized_valid['values']

'batch_labels': torch.zeros(len(val_labels dtype=torch.long)

'celltype_labels': torch.tensor(val_labels, dtype=torch.long)
})
train_loader = DataLoader(train_dataset, batch_size=config['batch_size'], shuffle=True)
val_loader = DatalLoader(val_dataset, batch_size=config['batch_size'], shuffle=False)



= 1] Ly
FHBARESE o) smsn

# S)FIgER  ERscGPT_humanfEARAEE
from scgpt.model import TransformerModel

model = TransformerModel(ntoken=1len(vocab)
d_model=config[ 'embsize']
nhead=config[ 'nheads']
d_hid=config['d_hid']
nlayers=config[ 'nlayers']
n_cls=len(adata.obs['celltype'].unique())
vocab=vocab
dropout=config[ 'dropout’]
pad_token=config[ 'pad_token']
pad_value=config[ 'pad_value'])

model_file = 'scgpt_resource/scGPT_human/best_model.pt'

model.load state dict(torch.load(model file). strict=False)

strict=False BB RESEHTTELETEIPR
EMARIRBIRS R , 2025
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# YRR AT T/l

LN TS

at

import torch.optim as optim

import torch.nn as nn

from sklearn.metrics import accuracy_score

import numpy as np

import os

device = torch.device("cuda" if torch.cuda.is_available() eése "cpu")
model.to(device)

criterion = nn.CrossEntropyLoss() {ERIRE I E 0 SRS IR L
optimizer = optim.Adam(model.parameters(), lr=le-4)

num_epochs = 5  EAIZECEN

best_val_oacc = 0.0 ¥ E{Eacc

save_path = './celltype_annotation_model'
os.makedirs(save_path, exist_ok=True)

EMARIRBIRS R , 2025
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s el d| PANAS
for epoch in range(num_epochs) §Jﬁullgﬁ\¢iﬂg1ﬁ&1’

model.train()
train_losses = []
for batch in train_loader
gene_ids = batch['gene_ids'].to(device)
values = batch[ 'values'].to(device)
celltype_labels = batch['celltype_labels'].to(device)

JOH

optimizer.zero_grad() HTHEE

outputs = model(gene_ids
values
src_key_padding_mask=gene_ids.eq(vocab[config[ 'pad_token']])
CLS=True)

loss = criterion(outputs['cls_output'], celltype_labels)

loss.backward() RENEEITERE
optimizer.step() TEFIEEISEL
train_losses.append(loss.item())

avg_train_loss = np.mean(train_losses)
EYARIREIRE KL , ZULD
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T || 2R 1R

JOH

model.eval()

val_losses = []

all_preds = []

all_labels = []

with torch.no_grad()

for batch in val_loader

gene_ids = batch['gene_ids'].to(device)

values = batch[ 'values'].to(device)

celltype_labels = batch[ 'celltype_labels'].to(device)

src_key_padding_mask = gene_ids.eq(vocab[config['pad_token']])

outputs = model(gene_ids
values
src_key_padding_mask=src_key_padding_mask
CLS=True)

loss = criterion(outputs['cls_output']

val_losses.append(loss.item())

celltype_labels)

preds = torch.argmax(outputs['cls_output'], dim=1).cpu().numpy()
all_preds.extend(preds)

all_labels.extend(celltype_labels.cpu().numpy())

avg_val_loss = np.mean(val_losses)

val_acc = accuracy_score(all_labels, all_preds)

Eieutss P | FRTRAREIEIGIES FRU/ERIERI

EMRIRBS

ST
S
N
N

T R

2
2
=
S

\“\

print(f"Epoch {epoch+1}/{num_epochs}, \
Train Loss: {avg_train_loss:.4f}, \
Val Loss: {avg_val_loss:.4f}, \
Val Acc: {val_acc:.4f}")

ZRiaFJEM|

F—1l IR | WIERKR S0

bR

if val_acc > best_val_acc
best_val_acc = val_acc
torch.save(model.state_dict(), os.path.join(save_path, 'best_model.pt'))
print(f"New best model saved with Val Acc: {best_val_acc:.4f}")

HRIEIRIE SRR B AT e EIR U ERRE | FF
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# tEmhHEE
test_counts = adata_test.layers["X_binned"]
test_labels = adata_test.obs["celltype_id"].values
gene_ids = np.array(vocab(adata_test.var['gene_name'].tolist()), dtype=int)
tokenized_test = tokenize_and_pad_batch(
test_counts,
gene_ids,
max_len=config[ 'max_seq_len'],
vocab=vocab,
pad_token=config[ 'pad_token'],
pad_value=config[ 'pad_value'],
append_cls=True, # append <cls> token at the beginning
include_zero_gene=False,

)
test_dataset = SegDataset({

'gene_ids': tokenized_test['genes'],

'values': tokenized_test['values'],

'target_values': tokenized_test['values'],

'batch_labels': torch.zeros(len(test_labels), dtype=torch.long),

'celltype_labels': torch.tensor(test_labels, dtype=torch.long)
})

test_loader = DatalLoader(test_dataset, batch_size=config[ 'batch_size'], shuffle=False)
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model.load_state_dict(torch.load(os.path.join(save_path, 'best_model.pt')))

model.eval()

all_preds = []

all_labels = []

with torch.no_grad()

for batch in test_loader

gene_ids = batch['gene_ids'].to(device)
values = batch['values'].to(device)

celltype_labels = batch['celltype_labels'].to(device) EXABEITERE
src_key_padding_mask = gene_ids.eq(vocab[config[ 'pad_token']]) oo Ny = [ = =
outputs = model(gene_ids ) — 1g3

values ARIFHITHEIR

src_key_padding_mask=src_key_padding_mask

CLS=True)

preds = torch.argmax(outputs['cls_output'], dim=1).cpu().numpy(]
all_preds.extend(preds)
all_labels.extend(celltype_labels.cpu().numpy())

test_acc = accuracy_score(all_labels, all_preds)

print(f"Test Acc: {test_acc:.4f}")
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SE Confusion Matrix
# JRIBER PVALB-expressing intemeuron-ili4428 1 0 0 0 1 0 1 00 0 0 0 0 0 3 1400
N . . . SST-expressing interneuron-6917111 3 0 0 0 0 0 0 0 0 1 0 O O O 3
from sklearn.metrics import confusion_matrix SV2C-expressing intemeuron—7 2322120 0 0 0 0 0 0 0 0 0 0 1 0 0 100
. . VIP-expressing interneuron- 6 4 51 001000000105 00
import matplotlib pyplot as plt astrocyte- 0 0 o%o 120350 02369 0310 1
- cortical layer 2-3 excitatory neuronA-2 0 0 0 023032418 0 0 0 0 0 0O 1 0O 1000
meor't seabor‘n as sns cortical layer 2-3 excitatory neuronB-4 0 0 3 649 46740 0 0 0 0 0 409
- . : cortical layer 4 excitatory neuron-12 0 0 0 0 1114Z®253 0 0 0 0 0 1 012
cm confusion_matrix(all_labels, all_preds) @ cortical layer 5-6 excitatory neuron-8 1 1 8 4 39363 0 0 1 1 010025 800
: : - = endothelialcell-2 0 0 0 0 0 0 0 01600 0 0 1 0 0 0 7
plt flgur‘e(fl size (16 8)) microglialcell-0 0 0 0210 0 1 0680 012100 0 0 6 - 600
shs heatmap(cm annot:Tr\ue -Fm-t:'d' Cmap:'Blues' mixed excitatory neuron-6 1 0 0 1 83764351 0 0 0 2 0 2 028
L o — ) mixed glial cell?-5 3103630 0 0 1110 01203302220 2 00
xticklabels=[id2type[i] for i in range(len(id2type))] oligodendrocyte A0 1 .0 0 0 0 0 0 0 9 0 0 0TF 03400 0
- . . L. N oligodendrocyteC-3 0 0 1 0 0 41 00000200023
yticklabels=[id2type[i] for i in range(len(id2type))]) oligodendrocyte precursorcell=2 1 1 0 0 0 0 0 510 0 4210FE0 2 -200
- phagocyte-0 0 0 0 1 0 0 0 0100 0 6540110 0
plt.xlabel('Predicted') pyramidal nevron?-12 1 4 6 0 020386 0 0 0 0 0 0 0 0441
plt.ylabel('True') EEEESCEEETTE LT 8T
. . . 2222555225352 533885 53
plt.title('Confusion Matrix') s535%f2-:-28,5585 28
) . . . . . EEEcE= E‘E‘Eféggﬁﬂémeaﬁ
plt.savefig('confusion_matrix.png', dpi=3@0, bbox_inches='tight') gpege SSEETELEEZS ¢
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from
impo
adat
adat
X =
tsne
X_ts
true
true
pred
pred
plot
plt
plt.
sns.
plt.
plt.
plt.
shs
plt.
plt.
plt.
plt.

U ST

sklearn.manifold import TSNE
rt pandas as pd

a_test_raw.obs[ 'true_celltype'] = [id2type[i] for i in all_labels]

a_test_raw.obs[ 'pred_celltype'] = [id2type[i] for i in all_preds]

a d ata _t est B raw. X .toarra y ( ) True Cell Types Predicted Cell Tes  sssenooren

= TSNE(n_components=2, random_state=42, n_jobs=-1) o o o PVALB-expressing interneuron

- oligodendrocyte precursor cell
VIP-expressing interneuron
- astrocyte
SV2C-expressing interneuron
«  mixed glial cell?
cortical layer 2-3 excitatory neuron B
- endothelial cell
cortical layer 5-6 excitatory neuron

nhe = tsne.fit_transform(X)

_df = pd.DataFrame(X_tsne, columns=['TSNE1', 'TSNE2'])
_df['celltype'] = adata_test_raw.obs['true_celltype'].values
_df = pd.DataFrame(X_tsne, columns=['TSNE1l', 'TSNE2'])

10

- cortical layer 4 excitatory neuron

_df['celltype'] = adata_test_raw.obs['pred_celltype'].values ~104 el e s
_df = pd.concat([true_df, pred_df], axis=0) . : pyramidal neuron?
.figure(figsize=(12, 6)) 2 a2 0 e

subplot(1, 2, 1)

scatterplot(data=true_df, x='TSNE1l', y='TSNE2', hue='celltype', palette='tab20', s=10, legend=False)
title('True Cell Types')

legend(bbox_to_anchor=(1.85, 1), loc='upper left', fontsize='small')

subplot(1, 2, 2)

.scatterplot(data=pred_df, x='TSNE1l', y='TSNE2', hue='celltype', palette='tab20', s=10)

title('Predicted Cell Types')

legend(bbox_to_anchor=(1.05, 1), loc='upper left', fontsize='small')
savefig('tsne_celltype.png', dpi=3@@, bbox_inches='tight')

closel()
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* 1. scGPT: toward building a foundation model for single-cell
multi-omics using generative Al (Nature Methods, 2024)

2. Reproducible, interactive, scalable and extensible
microbiome data science using QIIME 2 (Nature Biotechnology,
2019)

* 3. QIIME2: https://qiime2.org/
- 4, Scanpyinizs= £

EMARIRBIRS R , 2025


https://www.nature.com/articles/s41592-024-02201-0
https://www.nature.com/articles/s41587-019-0209-9
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