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ABSTRACT

In recent years, various fields have begun to consider meteorological
factors in their implementation strategies, and meteorological economics,
meteorological medicine, and other meteorological-related matters have
emerged. Traditional Chinese medicine has attached great importance to the
relationship between weather and physical changes since ancient times. All
causes are the external factors of wind, cold, heat, dampness, dryness and
fire corresponding to the body. In TCM, the main diagnostic method is
syndrome differentiation and treatment. Each syndrome includes the
combination of external causes and internal organs of the body. Therefore,
the main objective of this research is to find a suitable deep learning model
based on the number of neurons, the length of time, the data type and the
number of weather factors.

The results of the study show:

(1) The length of time is based on the past 14 days, and the weather

factor uses the dual factors of average air pressure and average



(2)

temperature as sample data.Through the comparison of the number
of different neurons in the 4 groups, it is concluded that the number
of neurons in the test set of 32 and 16 people's syndrome ratio is the
smallest among the other 3 groups of neurons.

Select the number of neurons 32, 16 and other time lengths of 7, 21
to compare the three models of DNN, RNN, and LSTM. It is
concluded that among the number of neurons 32 and 16, the LSTM
model with a time length of 21 has the smallest error in the test set

of the proportion of people syndromes.

(3) The LSTM model with 32 neurons, 16 neurons and the length of

time 21 was used to compare with the other two kinds of weather
factors, single factor (mean air pressure, mean air temperature) and
total factor. The results show that the error of single factor average
temperature is the smallest in the number of syndrome proportion
test set, while the error of all factors is the smallest in the training
set. In the accuracy of syndrome number classification, the
accuracy of training set is the highest in total factor, while the
accuracy of test set is the highest in single factor average

temperature.

Keywords: TCM syndromes, Meteorological Factors, Deep Learning,

Model Prediction
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ATy % 1 E % Spyder *f| * TensorFlow p 2 Python # 5 B % 3% 3

e Keras 22 = 7 B 5 ¥ #7] o

3.8 TimeseriesGenerator()

TimeseriesGenerator() & Keras * X @ pF A F AL pF 1 £ 5 7 17 $id
FhPEAFTHEFHRE PP AL A S RRFTHREEATHR - 4 #
TimeseriesGenerator()P¥ > ¢ 2= = - # Sequence 4 * » 7 & » 32 = ;N o F
Al @ FTAL A iz = Sequence 2 Bi?)i*é_ TR R AT - IR
A4 {5 H 4 3 forix BIpF > 4 8 R F A A 4 o TimeseriesGenerator() 7 %
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# 3 TimeseriesGenerator() % ¥
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data Bk R TR
targets PHEFHR . FAEE R LR data - R o
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pname = "the day people.csv
p = open(pname, encoding =
data2 = p.read()

p.close()

‘cpgse’)

lines2 = data2.split(‘\n")

header2 = lines2[@].split(’, ") #<
lines2 = lines2[1:]
lines2[len(lines2)-1]#«

prlnt(ien( 1né52))
print(header2)

WS ¢ F A dp A TR

(]

wname = ‘the day weather.csv
w = open(wname, encoding = 'cp9568")
data = w.read()

w.close()

lines = data.split('\n")
header = lines[@].split(’, ")
lines = lines[1:]

iel lines[len(lines)-1]#es:

print(len(lines))
print(header)

6§ 4T
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R)irm » B EE T A u s T RE TFE o (B 9)SEUNTHFR

SR T WL R S SCF S R A S RCF

temp data = raw data[:, 8:4:3]#<]
print(temp data)

[[1014.7 16.3]

[1012.9 17.6]

[1012.6 17.7]

[1017.1 13.3]
[1016.9 15.3]
[1015.6 16.3]]
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mean = temp_data[:1096].mean(axis=0)
temp_data -= mean

std = temp data[:1096].std(axis=0)
temp_data /= std

plt.plot(temp data)

plt.show()
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ABLH atk
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people data = np ros( ( (lines2), len(header2) - 1))
i, line in e rate(lines2):
values = ) for x in line.split(’, ")[1:]]#<

.data[r :] = values

people_data = people_datal:,
print(people_data)
plt.plot(range(len(people data)), people data)
plt.show()

@.4199 0.5

12 90 1

A0F--20] 3 -1F 4 E &

T80
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AMH ik

temp = people _data.copy()

i in range(@,len(people data)):
sum = @
j in range(i,min(i+7, len(people data))):

sum += people data[j]
temp[i] = sum

penple_data_: témp
print(len(people data))
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tensorflow.keras.preprocessing.sequence impo

length = 14

delay = 7

sampling rate
stride = :
batch size

train_test

data = temp data[:-(delay-1)]
people data[(delay-1):]

target =

1896-length-(delay-1)

gen = TimeseriesGenerator(data, target,

test _gen

nt(train_gen[8][8].shape)

length=length,

sampling rate=sampling rate,
stride=stride,
start_index=8,
end_index=train_test-1,

batch size=batch size)

TimeseriesGenerator(data, target,

length=length,

sampling rate=sampling rate,
stride=stride,
start_index=train_test,
end_index=llone,

batch size=batch size)

Bl 16 £ & 14 78 & &

£ TimeseriesGenerator

0)

1(2]3]|4]5]|6|7[8|9]10[11]12]13

14 (1516|1718 ]19 |20 | 21

B 17 length $ % # R

3N a5 67 ] 8No)aoia1

\, _\\ \, J o F /,l

[0,1,2,3,4,5,6,7,8,9,10,11,12,13]

Bl 18 sampling rate
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14 [15[16[17 [18[19]20]21]

[oJ1]2]3]4]5]6]7[8]9]10]11]12[13]A4[15]16]17]18]19]2021]......

1/2]3]a|5]6]7[8]9]10]11]12]13]14

15 161718 |19]2021]...... |

v

[1,2,3,4,56,7,89,10,11,12,13,14] [15]

B 20 stride % %

RARER:
[0,1,2,3,4,5,6,7,8,9,10,11,12,13],
[1,2,3,4,5,6,7,8,9,10,11,12,13,14],
[2,3,4,5,6,7,8,9,10,11,12,13,14,15],
3,4,5,6,7,8,9,10,11,12,13,14,15,16],
[4,5,6,7,8,9,10,11,12,13,14,15,16,17],
[5,6,7,8,9,10,11,12,13,14,15,16,17,18]
HiEErk

[14,15,16,17,18,19]
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BDREBPRPIRBREDTHREREBD > LB A - R S 2 S

# 2 Numpy 7] » W g WG FHAUIREZRZFERZEY QB > 4o (B

23) 4 o

test temp=[]

1 test _gen:
datas[1]:
temp.append(temp) #

test temp = np.array(test_temp)

train_temp=[]

for datas in train_ gen:
temp in datas[1]:
train_temp.append(temp)

Bl 23 M5B & PR E

4.3 222y FEREY #3

4.3.1 2 2R TV #3

# > DNN % - & % * Flatten B T & » -3 aF L E T >

bl
gz

+ K
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| 4

RNN 7% - & i * SimpleRNN - % i input_shape 8k iy TFF & &
B R Ed 3 B R ™ o2 LSTM #4& RNN # i > % - K
* &_i& * SimpleRNN > @ # @& * LSTM & -
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SRR T ERER S Y PN Ao R R k- BB

G R r gt 3ol ho (B 24-26) 5 7 o

dense_model = Sequen 1a1{\
d{layers.Flatten(input_shape=(length, feature)})})

dense_model.ad

dense mnd 1 B dddfld} sactivation="relu jj
dense mndHl addtldj 5
dense_model.add(layers

de deHl add(layers

mlll'h-'l _,u{rﬂn.:r"'-.ft :l

o m
E -

m

o,

ctivation="relu'))

e O ™ (D

il plFRHthHurun 51, input 'hap =(leng
~.DE nsef{neurons2, activation="relu')
] .Dropout(@.2))
ran_model. addtl }Eri,Denseﬁlj}
rnn_mndwl summary( )

Bl 25 RNN #- 3]

lstm model = Sequential()
1stm _model.add(layers.LSTM(neuronsl, input_shape=(length, feature)))
. =] - ]

1stm_model.add(layers.

1stm model.add(layers.Dro ;
lstm model.add(layers.Dense(1})
l=tm model.summary ()

B 26 LSTM #-73]

4.3.2 " RFRE TV KT

(% 27-29)4 = ¥ DNN - RNN ~ LSTM = @ #- A& 73" > P R A 5 7w
Eﬁ’? PP AE > v loss @ * 357 4 0% 5 4 4 S fic > metrics @ * T 3G HE L 0T

TR Sl o A P ITR Slid F 5 F#ﬁ%;‘%— P 3R R AR 0 AR
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%ﬁ¢o%yﬁﬁ$aiéMMﬁ,iﬁ@%ﬁiﬁﬁﬁyﬁigg,%
i© ® optimizer € #HHEF R > A FTHE ST € RFTE L2 2 £ Rk

‘él" ﬁﬁ o

dense_model.compile(optimizer="adam’,loss="mse ' ,metrics=[ ‘mge"])

dense_history = dense_model.fit(train_gen,
epochs=18a,

Bl 27 "3 DNN

rnn_model.compile{optimizer="gdam',loss="mse ' ,metrics=[ ‘mae "]

rnn_history = rnn_model.fit(train_gen,
epochs=188

"

B 28 "3 RNN

lstm model.compilef{optimizer="adam",loss="mse ' ,metrics=[ "m

lstm history = lstm model.fit(train_gen,
epochs=188
)

B 29 2% LSTM

4.4 BFF R R

AP ANEE 1432 Tiag R Tiag g g5 L kA TR T
B A A FAER D FIHR A TR S TS 0 R4 ok feature K
22041 A 5 A BHcE TR 0 ¥ DNN -~ RNN ~ LSTM H#-3] i& 7 v & o
HEABHEAL,LIE > $- 2 BHL 2412 5= 2 BHici 3216 % =

P BHcS 4824 T e BH L 64320

30



B R B Rl B F AR 0 4o(F 30) 0 £ W RS BRI REE

E R B o

prediction = dense model.predict(train gen)

prediction dense model.predict(test gen)

Bl 30 fFFRTREZRIERE

441 # &~ B & 24~ 12
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—_— 5T

M TEeT

% TH prechctiarn

LS R

B 36 LSTM pr i £ & 144 ‘¢~ #2412 BlFE

(B 37)5 = AHAHRE L RZFE TR JRIFZRE kg LSTM e

WA LA AEAAEABHE24128KE L% LSTM thoF] &9 iF o

Dense NNGl|ZE&E: [0.14145734906196594, 0.29520878195762634]
[0.22515173256397247, 0.3720088601112366]
[0.17508620023727417, ©.3293195962905884 ]

A5 : [0.40830662846565247, ©.5264898538589478]
: [©.39095965027809143, 0.5245664715766907 ]
[6.36820879578596 0.49794408679008484 ]

Bl 37 A5 ~B#HE24- 127 RFERFFF L EFXL
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A % < % #ic neurons] ¥ neurons2 & % 5 32 16 ># 5% ® ) DNN ~RNN -~

LSTM = f& 5 3) eho! S & 22 pl32 B chig il 5 % o 4o () 38-43) %7 7 o
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(Bl 44)5 = AHCAHRE 2 RRFF ek o JORR R A5 LSTM

WA A bl RAA GBI 16 AR Y LSTM antrd] k F i+ -

Dense NNF|4i5E: [0.15703485906124115, ©.3079240918159485]
|54 [0.14587372541427612, ©.3040865957736969]
[0.156035616 @41, ©.3048568069934845]

[0.3999325633049011, ©.5037596225738525]

Bl 44 A g~ B 3216 "R ELRPBEF A EFZL
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(B S5 =2 A3 E 2 RFE TR JRIZ R kg  LSTM e

WA LB REAANEABHEAS 24 KE L # Y LSTM thfod] k9 iF o

se NNGl|&HEE: [0.09591063 112ﬂzﬂdw-, 0.23755790293216705]
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12502 ]
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LSTM 0. 46747139 0. 4581795 0. 44384798
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people data = [[i] for 1 in people data]

print(people data)

sklearn import cluster

k;za

people data2? = cluster.KMeans(n_ clusters=k)

people _data2.fit(people data)
print(people data2.labels )

people _data3 = np.choose(people data2.

om tensorflow.keras.utils import to_

labels , [@,2,1]).astype(np.int64)

categorical

people data3 = to categorical(people data3)

print(people_data3)

B 73 & 7 Kmean 4 ##

lstm _model = Sequential()

lstm_model .add(layers.LSTM(neuronsl, input_shape=(length, 2)))

1stm_model .add(layers.Dropout(®.2))

lstm model.add(layers.Dense(neurons2, activation="relu’))
1stm_model.add(layers.Dense(3, activation='soft

lstm_model.summary()

1stm_model .compile(optimizer="adam’,loss="cc

l1stm_history = lstm model.fit(train_gen,
epochs=100,
)
= lbtm model.evaluate(test_gen)
print( = ", accuracy[1])

B 74 LSTM & zz &

ategorical_crossentropy ' ,metrics=[ 'acc’])
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] o

] - 8s 2ms/step - loss: ©.3208 - acc: @.8712

] - 85 2ms/step - loss: 1.7399 - acc: ©.4740
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2
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import pandas as pd
result = pd.crosstab(temp2, prediction,
rownames=[ 'Label '], colnames=[ 'predict’])

result.to html( 'confusion matrixs2.html")
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