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Abstract

This article combines machine learning with chemical engineering safety experiments and builds a
flammable liquid flash point determination experiment based on artificial intelligence technology.
Firstly, 1800 sets of flash point experimental values and Simplified Molecular Input Line Entry Sys-
tem (SMILES) data were collected from the reference and databases. Data with salts, missing flash
points, and missing SMILES were removed, resulting in 1300 sets of usable data. Then, the molecular
fingerprints as descriptor were selected to extract structural characteristic parameters of flamma-
ble liquid molecules, as suggested by literature. The calculation of solvent SMILES to molecular fin-
gerprints was performed using the RDKit toolkit in Python. A solvent flash point prediction model
was established by invoking the random forest algorithm in the sklearn package. The grid search
function was used to optimize the number of decision trees, depth, and sample size, and 5-fold cross-
validation was performed to prevent model overfitting. The above model was used to predict flash
point data of the test set and compared with experimental data to obtain the accuracy of the model.
This simulation experiment integrates cutting-edge knowledge of machine learning with profes-
sional courses in chemical management and thermodynamics, strengthening the basic training of
students in chemical engineering safety engineering, stimulating students’ research interests, and
realizing the construction of “intelligent + safety” new engineering courses.
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Figure 1. Simulation experiment design for flash point of flammable liquids based on random forest algorithm
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Table 1. Machine learning tasks and main algorithm functions
F 1 NMRFIESRITERAEDRE

251415 I3k EI8 Tk 4

e
e en fﬁaﬂﬁﬁigﬁiM”’ FEACRAIRI b 5 2R R AR (04
o e e ] ]
- Yo
- i BN R KSR %, LA
%mﬁiﬁé N AL % JEUER K ZE AT
i B bR

TE ARV A TR RO s, AL 2% 2] SBEIE B B T Python FFRRE P b A7 #4288l S A\ A EE /2
FHUSCEE B PR 70 DA 0 S B B I SRS 28, R P I 75 280 PR B T o s R TR s 250, R L 22 )
B R TA R B EREE. FHRREEEE G LR S R R N T2 N 2 F RE AL
#(Random Forest, RF)5i2:, I2REEAT LUERT PyCharm 5T &7 6 W 125 1 sklearn H3E4T 1V 1 ,
MEFEIE T, AT EMNEZ g0 S L8 IR, A T4 TG 2 A ik 47 5 A A Fim [10]. 7EAL
R I BRE AT, T EX AR BT 1800 A AR HEATIEVE . 21 FR oS B EE AT SMILES [RiE 7, M
15 2139 /2 R 11 1300 ZH A 77 B -

3. ASKBHEFIERIT
31 HASSEBEHFEAER

AHCEKIEBIIETF3R )y: Windows 7 R LL L, HUINIZATNAF 4G K UL E, BEEL776#% 500G AL
b, abFRE 5 K UL b RN Ze%E Python 3.8 A Sz A L, H. %24 Python B AR T K 3458 PyCharm ~F-& .

3.2. SEERHHEIEEN

TERLES 2 ST TR A7 N s R b, S 78 8o 1300 A, A T Rk, WERR R NS, Bk B
FITiR i) 731 SMILES AN s R A7 2 csv U, s 4404 flash_pointtk.csv. i#iid DeepSeek %52 ] csv
£+ Chem F1 AllChem BA%UHIf# FHE SR, [FIF{E PyCharm 4w % 3% i csv 2. Chem F1 AllChem &%
AT csv SCHFRYER BRI 70 TR AT THEL, S AACRS AR (B«

# AN CSV A, W3 CSV it
import csv
# M rdkit {3215 BB F A Chem
from rdkit import Chem
# M rdkit.Chem 5 A\ AllChem
from rdkit.Chem import AlIChem
# KH csv BT I csv 3CAF
# REUR B 3% R4 oA falsh_pointtk.csv SO
with open(*falsh_pointtk.csv', 'r*) as file:
# BRHL CSV Ut
reader = csv.reader(file)
# KR B 51 R A7 AE Data N
data = list(reader)
# T ENEHE BT AT
print(data[:5])
# FTIFEARAER) CSV SO, N SR To T B 46
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# BIESHN) CSV XA output_fp.csv
with open(‘output_fp.csv', ‘w', newline="") as file:
# B\ CSV XMW
writer = csv.writer(file)
# 77 SMILES 4t I e # h 73 T4R BSO8R
for row in data:
# FHUCE—F¥ SMILES #iiRTF
smiles = row[0]
# PR Ao T
FP_K =row[1]
# K SMILES #4553 75 R
molecule = Chem.MolFromSmiles(smiles)
# Ko TR BB TARSCEEE, B 2, YRRy 2048
fingerprint = AllIChem.GetMorganFingerprintAsBitVect(molecule, 2, nBits=2048)
# NG FARBUBAR[0", V54 07 s B H s
fingerprint_float = [float(bit) for bit in fingerprint. ToBitString()]
# 5\ SMILES #dfa fil 7145 SC8UE 218 i1 CSV XA

writer.writerow([smiles] + [FP_K] + fingerprint_float)

b2 A oy A S5 S B AR B, W7 LGB 248 U AN [F) 4 2 (R 1024 BY 2048) K 25 F fie 4 il AR 1A
], oAb DAYESE 2048 HEAT IR . BhAh, AT LAk R4 2 Bel A DG SCHRoR F B Ja itk i 9 J i HE 48 8L ECFP
FE A IR T RS HEAS [F) FE R A4 1) e 2 T 8 R 7 et o i RDKGit 43T A0 B T H A ¥ Chem pRi %
s SMILES 4l #4545 T3 5, AlIChem pREUK 73 10 R 7> T 1 S8R [11], K SMILES. [A R
Moy THa SOBRARAE B fir 4 4 output_fp.csv SCAER, TE4EBE N 2 Fiars.

Table 2. Molecular fingerprint dataset calculated through SMILES expression
7 2. 1Bid SMILES BRI ESRIN S FHREBIES

SMILES A £IK 1 2 3 2045 2046 2047 2048
c 87.12 00 00 00 .. 0.0 0.0 0.0 0.0
c=C 129 00 00 00 .. 0.0 0.0 0.0 0.0
cc 139 00 00 00 .. 0.0 0.0 0.0 0.0
FC(F)=C 151 00 00 00 .. 1.0 0.0 0.0 0.0
cHC 151 00 00 00 .. 0.0 0.0 0.0 0.0
CF 159 00 00 00 .. 0.0 0.0 0.0 0.0
C=CF 160 00 00 00 .. 0.0 0.0 0.0 0.0
FC(F)=C(F)F 166 00 00 00 .. 1.0 0.0 0.0 0.0
c=cc 169 00 00 00 .. 0.0 0.0 0.0 0.0
cce 171 00 00 00 .. 0.0 0.0 0.0 0.0
ciccl 180 00 00 10 .. 0.0 0.0 0.0 0.0
CCF 183 00 00 00 .. 0.0 0.0 0.0 0.0
C[SiH2](C) 188 00 00 00 .. 0.0 0.0 0.0 0.0
cc(c)c 191 00 10 00 .. 0.0 0.0 0.0 0.0
ccHc 192 00 00 00 .. 0.0 0.0 0.0 0.0
coc 193 00 00 00 .. 0.0 0.0 0.0 0.0
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3.3. (hASLIEHIEER

FEEE A SRR AR AL T, Lk AR B A Se I e AR R 2 0 L IR BRI ZRAT, 2R
train_test_split R ECRE 7148 SO A B2t AT R 70 I ZRBe il & i el o 8:2 [12]-[14]. YIRS T
BRI ZRAnath &, AR A T IR ) S i . X O THREUEE, XM csv ST RS 3 3 2050
Flo y NN mEE, B csv SCIFRIEE 51, BEAARRS AT (B VEHE):

# S pandas T..E AT HdE 4547

import pandas as pd

# BEHL csv A

data = pd.read_csv(‘output_fp.csv', header=None)

# TRIURFIERN 2 T HR SR

X = data.iloc[:, 2:].values

y = data.iloc[:, 1].values

# SNUNZE. MR 5 e %L

from sklearn.model_selection import train_test_split
# XI5 IR A 4R

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

34. TEEREBEHINGSBSHMRL

AT ER EASPIRE, 1k AR s T I LS 2 SRR B AT I SRS . AN URAE
BRI ZRREUE R RFA, BENLFT 7% BN 42, AT LUEIE I A sklearn #11#) RandomForestRegressor £
B PREER) e RS . FERRRIGRIE AR, O T AR B AR R TN AR BB i A S S A, SR
RS AR R TR AAL D S IR S RUR E AR INREAR K [RIIN, SR TR E R BRI A AR A 2R 72
VPN TR AR 28 IRUFIRECH 5, (R 2 AR T r] Lo A sklearn H1f¥) GridSearchCV iR $ik peid 58
PRI A% AN SCIRIE[15] 0 7E 7 226 A LL R ARG (5 )

# FNBEHUARARRIEAR

from sklearn.ensemble import RandomForestRegressor

# FEREHL AR Y

model = RandomForestRegressor(random_state=42)

# FNBESHEER TR

from sklearn.model_selection import GridSearchCV

# ESUGBEZHEE R 2

params = {"'n_estimators': [100, 200, 300, 400], ‘'max_depth': [5, 10, 20], ‘min_samples_split': [2, 5]}
# QMR R, EH RN FE bR

grid_search = GridSearchCV(model, params, scoring="r2', cv=5)
# AT

grid_search.fit(X_train, y_train)

51 AT FR R S5, AT DAAS 3 S HR A e S H0 (n-estimators) Ay 400 5z KR 5 (max_depth) g 20+
e /IMEEA KR (min_samples_split) A 2.
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4. HRCEIRELERE R
4.1, MRETN

SRR B SIS A RE T BT DAAS B A WL I SR R PO A, R T D IS uE AR Y
BT SEE,  FF B N ISR EE A1 I £ Sk 50 UE I &5 AN SL a0 25 SRR 2 . R AR BB R AT DR H

jobli HEE 4 {3 B BEALIEAT (17 )5 (/5 ST, SCTF44 9 best_model RFRpkl, 7 ZHEALL TRE(F
HEF):

# TR A

y_pred = grid_search.predict(X_test)

# 3\ joblib BB T ORA7 e LA

import joblib

# RAF B AR A H
joblib.dump(grid_search.best_estimator_, "best_model_RFR.pkl")

4.2. (HASEREERERL

AR RS G, N T A AU AR T 45 SR v R e, 51N R2 VR A AR 7Y (A P bR [16]-
[18], 0 FaFis:

W:LL—;;— 1)

AUk, y BT AKMSRAR, T DR, 5 2RISR 9 T T UL Y, =~ Sy, i
i=1
CREET

2 i AR sklearn i) r2_score B BORAEAT L, 40 AU 1 DA 5 RIS D) 25 B0 AT 847 1152,
I FLTERUREAT IS AT ATED, 75 B A DL F AR (A VERR):

# FAI TR R?

from sklearn.metrics import r2_score
# 15 R?

r2 = r2_score(y_test, y_pred)

# FTENIVEA RS

print("'R2 score: ", r2)

BT EIRFERY, 13RSI R I HER RN TT%.
4.3. RSB EHETIML

FAEFEIMNAER R? DUS, N 7874 EDUHL A 50 ATl 5 51, 00 R A0 Tt 45 380 1) IA) 1
% By 42 4 processed_data.csv SN BEAT ERAT, FH PR AT header AT index Y1 B N True. RS A
matplotlib o%HOR KR 34T 1 BUE T 2 AN ER i, 5 ZE N DL N ARRS (S RE) -
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# 3 RS

output_data = pd.DataFrame()
output_data['Original'] =y_test
output_data['Predicted] =y_pred
output_data.to_csv('processed_data.csv', header=True, index=True)
# 5\ matplotlib.pyplot BEUEN plt FF J5 8:4F K
import matplotlib.pyplot as plt

plt.figure(1)

plt.scatter(y_test, y_pred, label="Train', c="blue")
plt.title(" A5 BIA LR

plt.xlabel(" 445 BEA1E")

plt.ylabel " A 25 SE42 )

plt.legend(loc=4)

plt.savefig(‘Prediction_RF.png", dpi=300)

1BAT LR 5, AT LATE processed_data.csv SO PN 73 21 260 A T HR A (4 DA A sk 56 i A T K
W7 3. A4S 2140 2 Bras B A s J00 45 5, e rh R AR AR N AL s - AR AR 9 TN RS 3R Al . SR30{E
RPN A 8 5 0 %o A 2 (R 42) 3 FH TN &5 SR 5 S0 5 & SRRz . Ak, SR TR AR AT RE 7T, AT
DAAG B LR 22 WG G 78 B IR AR o N2 > B 2R . R AE EE M P A AR A S B T WL A T AR Ak

Table 3. Comparison between experimental data and predicted data
F< 3. SLIGHUBRFNTUNHHE X

Fg S HR(K) PR (K)
0 474.82 444.79
1 323.65 308.75
2 445,70 417.30
3 345.37 413.74
4 322.00 329.64

331.15 320.33
6 372.15 387.49
7 398.00 368.92
8 290.00 279.64
9 361.00 328.33

255 267.15 259.85

256 338.0 343.39

257 461.0 392.77

258 410.0 377.04

259 180.0 265.77
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Figure 2. Flash point experiment and prediction scatter plot
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FEAL T2z vt RIS P RN B B LSRRI, 2 i oh 13), eSS EM M, [
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A FCSR B8 AL T2 S B THERAR T A2 1 AT RRVR MR IR s D0 5 SR8 IR 0 R 3998 1 URAR P9 7 (1 R B A
SRR, R E TR RN ER S AR, JTRE TR SC PR R R, M T R - #
R CRRE + AT NARIIRER, T TS A AR RTR MR G FUB K BE T, O TR AT RRLAA A
RANGE 2 S, B 7RISR 0 S TRENARES, RE TREEHESHN T2 TR A1
SRR
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PR K O 2 4 F (202459).
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