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(Normal) (Hyperthyroidism ) Hypothyroidism
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_/ Test Description
I 1 age age in years
: 2 sex gender
! 3 on thyroxine patient on thyroxine
i 4  query thyroxine maybe on thyroxine
. 5 onantithyroid on antithyroid medicatio
|6 sick patient reports malaise
-y pregnant patient pregnant
! 8  thyroid surgery history of thyroid surger
i 9 1131 treatment patient on 1131 treatmen
. 10 query hypothyroid  maybe hypothyroid
! 11 query hyperthyroid maybe hyperthyroid
i 12 lithium patient on lithium
. 13 goitre patient has goitre
| 14 tumour patient has tumour

15  hypopituitary patient hypopituitary
I 16 psych psychological symptoms
| 17 TSH TSH value, if measured
| I8 T3 T3 value, if measured
I 19 TT4 TT4 value, if measured
| 20 T4U T4U value, if measured
| 21 FTI FT1 — calculated from
: TT4 and T4U
\ 22 class _diagnostic class

Y e o e—n h e— R m—
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I Command Window

>> load thyroid dataset

I
 fx>> |
i

e

| cuwlins 6 iS)L

Jg

Mame = Value

| thyroidinputs 21x7200 double I
i = thyroidTargets Ix/200 double

—
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1

1

1

1

1

1

- 2

| thyroidinputs | \ (- ¢ H

FH 21x7200 double i

]

1 2 3 4 5 7198 7199 7200 |

1 0.7300 0.2400 0.4700 0.6400 0.2300 0.5100 0.3500 0.7300 :

2 0 0 0 1 0 0 1 0 i

I

3 1 0 0 0 0 0 0 0 I

a 0 0 0 0 0 0 0 0 /

5 0 0 0 0 0 0 0 0 i

6 0 0 0 0 0 0 0 0 H
7 0 0 0 0 0 0 0 0 cuwlios g)1i5,b

8 0 0 0 0 0 0 0 0 : 595

9 1 0 0 0 0 0 0 0 i

10 0 0 0 0 0 0 0 0 i

11 0 0 0 0 0 0 0 0 i

12 0 0 0 0 0 0 0 0 i

13 0 0 0 0 0 0 0 0 I

14 0 0 0 0 0 0 0 0 i

15 0 0 0 0 0 0 0 0 i

16 0 0 0 0 0 1 0 1 H

17 6.0000e-04  2.5000e-04 0.0019 0.0000e-04| 2.5000e-04 7.6000e-04 0.0028  5.6000e-04 i

1

18 0.0150 0.0300 0.0240 0.0170 0.0260 0.0201 0.0201 0.0201 :

19 0.1200 0.1430 0.1020 0.0770 0.1290 0.0900 0.0900 0.0810 !

20 0.0820 0.1330 0.1310 0.0900 0.0800 0.0670 0.0890 0.0900 i

21 0.1460 0.1080 0.0720 0.0850 0.1530 0.1340 0.1010 0.0900 '

I

\ / \_ S

i

1

I

I

|

1

1

1

1

i
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/Al Examples Functions Blocks Apps

nprtool

Neural Net Pattern Recognition tool

Syntax
nprtool L"MUL.L“J) LSJI.ngL:'
£ .
Description

nprtool opens the Neural Net Pattern Recognition app

For more information and an example of its usage, see Classify Patterns with a Shallow Neural Network.

Algorithms

nprtool leads you through solving a pattern-recognition classification problem using a two-layer feed-forward patternnet network with sigmoid output neurons

See Also

Neural Net Pattern Recognition | nctool | nftool | ntstool

o . . o
N i -

“troduced in R2008a

B arl 7
4

'/

~

. . . o o S . . . . o . . . o o s . . . 5 %

S S S S S S S G G S S S S S S S S



g mac S ohb ~

a2 4 2019 Clin 55 (nprtool Sll) suugus Luac aSuudh Lolb

o - - -
,/

4
/ I MNEURAL NETWORK PATTERN RECOGNITION

Import hd
- Test data = Stat atri ve ts
DATA SPUIT BUILD TRAIMN PLOTS TEST
Network Training 7]

Two-layer feedforward network with sigmoid hidden neurons and sofimax output neurons, suitable for classification tasks.
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Import

-

iF 4

- My Data

Import Data
Import predictors and responses from workspace or file neurons, suitable for classification tasks Train a ne

Example Data

Import Simple Classification Data Set 0
Classify sample data into four classes

Import Cancer Data Set
Classify cancers into benign or malignant using features of sample biopsies

cunlios s

£ *

Import Glass Data Set
Classify glass into window or non-window using features of the glass chemistry

More Example Data Sets Import Iris Flowers Data Set
Explore more example data sets to import Classify iris flower cbservations into three species using four flower features

Import Thyroid Data Set
Classify patients referred to a clinic into nermal, hyperfunction, or subnormal functioning using patient features

Import Wine Data Set
Classify wines into three classes using features found through chemical analysis

g N N
N -

15 %4

N i o o o o o o o o - S o o o o o i i i

T it e i i s e i s i

Train a neural network to classify predictors into a set of classes.

Data
Predictors:  thyroidinputs - [21x7200 double]
Responses: thyroidTargets - [3x7200 double]

thyroidinputs: double array of 7200 observations with 21 features.
thyroidTargets: double array of 7200 observations with 3 classes.

P —
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-
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Training data: 70 % - BOTT JL.u.C| ‘ ug.OJT ‘ UJJJQ.DT LSLQ.\.ADJ_\ ool

Validation data: 15 %] Layer size: 10 %

\
1

1

I

I

I

I

|

Test data: 15 %] H
I

I

I

I

I

4

e e e e e e

MNetwork Training (7]

Training Results

cunlios s

£ *

Training finished: Met validation criterion &

Training Progress

Unit Initial Value Stopped Value Target Value

Epoch 0 73 1000 o
Elapsed Time - 00:00:07 -

Performance 155 0.0635 0

Gradient 1.49 0.0148 1e-06

Validation Checks 0 b B -

g B S B B
e L L L L L L L T T L L L L L L L e e e L L L L L T
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1

1

1

1

1

1

1

1

/ 1 1

] Model Summary 7] ! H

] 1 ]

: Train a neural network to classify predictors into a set of classes. : :

1 1 I

i Data ! i

: Predictors:  thyroidinputs - [21x7200 double] : :

: Responses: thyroidTargets - [3x7200 double] E :

i thyroidinputs: double array of 7200 observations with 21 features. I i

: thyroidTargets: double array of 7200 cbservations with 3 classes. i :

1 1

: Algorithm i |
i Data division: Random ! E Cuwlios liS5L

1 Training algorithm: Scaled conjugate gradient : 1 £ o

: Performance: Cross-entropy error : :

] 1 ]

i Training Results H E

1 Training start time: 16-Feb-2024 13:01:31 : I

1 ) 1 I

: Layer size: 10 : :

1 1

: Observations Cross-entropy Error : :

1
i Training 5040 0.0637 0.0607 I i
1

I Validation 1080 0.0585 0.0574 : I

1 1

: Test 1080 0.0594 0.0500 : :

1 : 1

AN / 1

/ 1

R NI L L LI LI L IS IR IE I I SO I ICICILIRIIE e H

1

1

1

1

1

I

I

I

I

1

1

1

1

1

1

1

1

1

1
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o T -y,

td ~

’, 4 . . . . p
] \I " Training Confusion Mai ¢ Validation Confusion M:#, x “
1 1
1 : : 1| 9 5 14 |e3s% o 12 1 1 ]90.5% 1
: 1y 19% | 0.1% | 0.3% |16.7% 18% | 01% | 0.1% | 95% :
1 I ® ®
1 : 1 o 51 5 4 & |235% o 5] 3 1 3 |143% :
: I : O lo1% | 01% | 02% |765% O |03%|01%|03% |es57% :
1 P 5 5 i
I - - . P 2 18 | 256 | 4635 | 94.4% 2 4 50 | 998 |94.9% 1
H Tralnmg Performance | Confusion ROC | 1 33 0.4% | 5.1% [92.0%| 556% 33 0.4% | 46% [92.4% | 51% :
1 - L i
I ne LI 80.5% | 15% |99.5% |93.9% 73.1% | 1.9% [99.6% |94.3% i
: St-EltE M-Eitl'l:i: I::u I : 19.5% | 98.5% | 05% | 6.1% 26.9%|98.1% | 0.4% | 5.7% :
i LA 1
! PLOTS P NI NEE— .
i IR Target Class Target Class :
1
e e e e e e e e e e e e e ? : Test Confusion Matrix All Confusion Matrix, :
1 o o &
1 o 2t | 3 2 |s0s% ] 135 9 | 17 |esow H Cuwlios L5J|JSJLJ
[ : 19% | 0.3% | 0.2% |19.2% 19% | 01% | 0.2% | 16.1% 1 i )
1 w w :
1 o 5 0 0 0 |nNaN% o 5| 8 5 1 |208% i
: O “|00%|00%|00% |Nan% O “lo1%|01%|02% |79.2% 1
I k= - I
I 3.3 1 | 48 | 1005 |95.4% 3.3 23 | 354 | 6638 |o4.6% !
: g 01% | 44% [93.1%) 46% g 0.3% | 49% [92.2% | 54% I
I
I
I 955% | 0.0% |99.8% |95.0% 81.3% | 1.4% [99.6% |94.1% :
: 45% | 100% | 0.2% | 5.0% 18.7% | 98.6% | 0.4% | 5.9% 1
I
H N S N IS I
" Target Class Target Class I|
% ’
~ td

e i i i i i o o e i i i
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135 9 1Ff | 83.9%
19% | 0.1% | 0.2% | 16.1%

8 3 11 |208%
01% | 01% | 0.2% |79 2%

23 354 | 6638 | 546%

61.3% | 1.4% |99.6% | 94.1%
16.7% | 96.6% | 0.4% | 5.9%
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Validation ROC
0.5
False Positive Rate
All ROC
0.5
False Positive Rate
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Curve
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Training ROC
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(Training State)_ijgol varsidg ;

0o
—=

4
=F
\_T

Training | Performance | Confusion ROC
State Matrix  Curve

Gradient = 0.014754, at epoch 78
“]u 1 1 1 1 1 i

cunlios s

£ *

gradient
2
1

_.

=
[

T

10-{] 1 1 1 1 1 1 1

6 Validation Checks = 6, atepoch 78
1 1 1 1 1
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1
1
1
1
|
< . 0% e . . & = 1
SS9y (5ylewy 4> Yausuid g (53 adb (JSuie ~  OR
1o
,«‘ ----------------------------------------------------------------------- ‘~\ [
7 S :
{ Training Confusion Matrix Validation Confusion Matrix \ i
i 1 i
: | 9 5 14 |833% ] 19 1 1 |90.5% ! i
I 19% | 0.1% [ 0.3% |16.7% 18% | 0.1% | 01% | 95% I !
i o w 1 !
' - 5 3 4 8 |235% L 5| 3 1 3 |143% ! I
I O | 01% | 0.1% | 0.2% |76.5% O 7| 03% |01% | 0.3% |357% ! i
1 b P 1 1
2 ,| 18 | 256 | 4635 |94.4% 2, 4 | 50 | 998 |9s9% ! i
I g 0.4% | 5.1% [92.0%| 56% g 0.4% | 46% [92.4%| 5.1% : i
] ! H
i 80.5% | 1.5% |99.5% |93.9% 731% | 1.9% |99.6% | 94.3% i L
! 19.5% |98.5% | 0.5% | 6.1% 26.9% | 98.1% | 0.4% | 5.7% i :
1 ! |
! N a, " N a, o i |
1 I . &
| Target Class Target Class E | o , 36 J| J.SJLJ
i Test Confusion Matrix All Confusion Matrix I i Jg yud
1 1 £
i | 2 3 2 |80.8% 138 9 17 |83.9% i '
) 19% | 0.3% | 0.2% [19.2% 1.9% | 0.1% [ 0.2% |16.1% i I
R 0 ] | ,
i S,| O 0 0 |NaN% G ,| 8 5 11 |208% I ! Sgxg2 o Ugy
i O 7| 0.0% | 0.0% | 0.0% |NaN% O 7| 01% | 01% | 0.2% |79.2% i ! s A
1 - - 1
1
i B, 1 | 48 | 1005 [o5.4% 2,| 23 [ 354 | 6638 |9456% i |
I g 01% | 44% [931%| 4 6% E 0.3% | 4.9% |92.2% | 5.4% : !
1
] 1 1
' 95.5% | 0.0% |99.8% |95.0% 81.3% | 1.4% |99.6% | 94.1% H i
| 45% | 100% | 0.2% | 5.0% 18.7% [ 98.6% | 0.4% | 5.9% 1 i
1 I
i N v % N v 0n ! i
! Target Class Target Class : E
\ /" i
\\\- _______________________________________________________________________ _/l :
I
1
1
1
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W b

1

N S S S - -

Output Class
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(Lo ygys dlasi J3 yuuasl) yorsulis Sgags slo Uig)

All Confusion Matrix

114 1 1M1 |905%
16% | 0.0% | 0.2% | 95%

7 2 0 |222%
01% | 0.0% | 0.0% |77.8%
45 | 365 | 6655 |94 2%
06% | 51% |924% | 5.8%
68.7% | 0.5% |99.8% | 94.0%
31.3% | 995% | 0.2% | 6.0%

ke, an e

Target Class

P -

Hidden ™

,

Cutput

All Confusion Matrix >,

.| 132 8 17 |841%
18% | 01% | 02% |15.9%
w
ﬁz 1 4 1 |66.7%
O 00% | 01% | 0.0% |333%
]
3.3 33 | 356 | 6648 |94.5%
g 05% | 49% |923% | 55%
79.5% | 1.1% |99.7% | 94.2%
20.5%|98.9%| 0.3% | 5.8%
k, N ™y
Target Class
4 s
\_
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1

Export : :

Model « 1 1

| Value H

W Export to Workspace i I : 17 struct H
1 F ixi

. ) o i

Export structure amay containing trained network and results to the workspace : EH thy‘roldlnputs 2157200 double :

o : Eﬂ thyroidTargets s 200 double 1

W Export to Simulink 1 :

Export network as Simulink block : :

: :

=4 Export Network Function for MATLAB Compiler : 1

=t Export network as MATLAB function with matrix and cell array arguments |‘ :

N o o iy o s s e ) o wms s  n mn mnsmtmm n m m m m n  wts ss  n n m R4

Export Network Function for MATLAB Coder
Export network as MATLAB function with matrix-only arguments

N —————— -

s iS50
339 pali

o e e e e o e e

4 Exportto Workspace — *

Export the trained network and results to a workspace variable named:

=m

Ok Cancel

T ey
N — -

\
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4\ Meural Network Pattern Recognition

Training data: 70 % - |> [ % ﬁ & bl » Eﬁ}; W

Validation data: 1 Layer size: o - . - . -

Import alidation data 15_] pEreEs n Train Stop | Training Performance Confusion ROC | Test est Export Plot | Generate | Export
- Test data: ‘IST] - State Matrix Curve Plots = to Figure Code + | Model =

DATA SPLIT BUILD TRAIN FLOTS TEST

—4 Generate Simple Training Script

Network IEIIE DL LT Generate script to reproduce training workflow

Two-layer feedforward network with sigmeid hidden neurons and sofimax output neurons, suitable for classification tasks.
=+ Generate Comprehensive Training Script

Generate script to reproduce training workflow, including deployment

o ——————
- ————— ———————————— "

_| untitled * 32 | + |

Solve a Pattern Recognition Problem with a Neural Network
Script generated by Neural Pattern Recognition app
Created 16-Feb-2024 18:44:54

1

2

3

=
3% 3% 3% 3° 3% R ¥

5 This script assumes these variables are defined:
6

7 thyroidInputs - input data.

8 thyroidTargets - target data.

g

e x = thyroidInputs;

1t = thyroidTargets;

ot o
N -
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{ \ (- g :
i 1 x = thyroidInputs; ] i
i 7 t = thyroidTargets; ] i
b2 %k ----- Create a Pattern Recognition Network i |
i+ hiddenLayersize = 5; ] i
i ©  trainFcn = 'trainscg’; i i
i © net = patternnet(hiddenLayerSize, trainFcn); ] i
i 7 net.divideParam.trainRatio = 70/1600; i ]
i ¢ net.divideParam.valRatio = 15/160; i i
i ¢ net.divideParam.testRatio = 15/100; i i
\ /] E
z’ . - ) i
i net = patternnet(hiddenLayerSize, trainFcn};| i :
M DA Jo
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(20 lonS i) Mgl aaL aSad ung) CaySan

!16 %% =-=-- Train and Test the Network E
i [net,tr] = train(net,x,t); !
i 2y = net(x); !
i = e = gsubtract(t,y); !
il4 performance = perform(net,t,y) i
5 tind = vec2ind(t); i
i 5 yind = vec2ind(y); i
il? percentErrors = sum(tind ~= yind)/numel(tind); i
118 :
i 12 %% View the Network i
P20 view(net); i
i 1 figure, plotconfusion(t,y)\ |
- | O
% Y,

% Train the Network
[net,tr] = train(net,x,t);

S S S S S S G G S S S S S S S
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(U132 P9g0) Suig i mas aSwul ugs o ySawl

" \ :, :

1 1 %% --- Train and Test the Network i i @ 1 @ i

I [net,tr] = train(net,x,t); ! i 8 a8 1 i

L2y = net(x); : ' 1 B a i

I = e = gsubtract(t,y); ' I I

1 = performance = perform(net,t,y) ! I 0 9 @ I

I = tind = vec2ind(t); ' I I

I 1s  yind = vec2ind(y); 1 i i

i : : : ! I [ind,n] = vec2ind(vec) I

I v percentErrors = sum(tind ~= yind)/numel(tind); ! I ’ |

| T 1 1 1
I

"o %% View the Network i i ) i

H . 1 1 ind = 1

1 2 view(net); ! I I

I = figure, plotconfusion(t,y)| ! : 3 1 2 I

1 1 1 1

‘\ _________________________________________________________ ,/’ i i

i n = i

I

[ . 0‘9 ! = E

i . - \ /

K== vec2ind([1 0 0 0 0]) e S B R .

- 1 O
ans = :
s AN
1 Sorgr slo Uy B @

XY

o & e

K== vec2ind([0 0 0 0 1])
ans =

]
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1
1
1
1
i
: i ( :
] 1 1
1
i K=> gsubtract([5 4],[3 3]) : |
! = ’
1 1 :
_— ]
i ans = ] |
I
! i |
1 I
| 2 1 i :
! i I
1 I !
\ 1 {
1
N e e e e e e e e e X4 \__ J 1
i
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T EEEEE T T s T EE e ‘\\ :
{ o Vo
— " 1 1
. e = gsubtract(t,y); P
i b
1 1 I
1 1 I
I 1 2 3 4 5 & 7 8 9 10 o
1 1 I
] 1 1 1 1 1 1 1 1 1 1 .
I 0 0 0 0 0 0 0 0 0 0 o
i 0 0 0 0 0 0 0 0 L
I ] 1 -
i R 39247 5@ gy
: 1 2 3 4 5 6 7 g 9 10 i : W]
' 0.9996 0.9993 0.9995 0.9994 0.999 0.9996 0.9996 0.9995 0.9994 0.9993 P
i 3.0784e-04  7.0538e-04  450%1e-04  5.7216e-04  2.5885e-04 4.1800e-04  2.0833e-04 454804 6.3227e-04  6.7303e-04 £
I I
1
I 5.2827e-07  1.1263e-06 7.6582e-07 1.0288e-06 4.7700e-07| 4.2897e-07 62471e-07 6451907 1.2762e-06  1.0919e-06 Lo
i -
: 1 = 3 4 5 6 7 8 9 10 b
1 1 I
: 1| 2.90837e-0d4  7.0652e-04  4.5107e-04  57310e-04  3.5933e-04  4.1852e-04  3.09005e-04  4.5544e-04  6.334%e-04  6.7413e-04 ot
: 2 -3.9784e-04 -7.0538e-04 -4.5031e-04 -57216e-04 -3.5885e-04 -4.1800e-04 -3.9833e-04 -4.5480e-04 -6.3222e-04 -6.7303e-04 e
1 I
' 3 -52827e-07 -1.1363e-06 -7.6582e-07 -1.0288e-06 -4.7700e-07 -4.2897e-07 -6.24T1e-07 -6.4519e-07 -1.2762e-06 -1.0919e-06 'I :
‘\ /I :
i
1
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K=>a=[14 678 3]

e %% --- Train and Test the Network
1 [net,tr] = train(net,x,t);

2y = net(x);

2 e = gsubtract(t,y);

1= performance = perform(net,t,y)

5 tind = vec2ind(t);

|
1
1
1
1
1 a=
1

1

1

1

1

1

| » yind = vec2ind(y);

1

1

1

1

1

1

1

1

1

\

1 4 & 7 8 3

7 percentErrors = sum(tind ~= yind)/numel(tind); K> HUHHEWE}

N ———————————————— .

19 %% View the Network ans =
2 view(net);
u figure, plotconfusion(t,y)| 6
N o I
/” ‘\\

percentErrors = sum(tind ~= yind)/numel(tind);

1 2 3 4 5 B 7
1 1 1 1 1 1 1
s AN
Srgrslouby) § @
1 2 3 4 5 -+ 7

-
—
—
—
—
—
—
—

B Sy S ——
o o o o " " - = - -
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|

: 1 %% --- Train and Test the Network

: 1 [net,tr] = train(net,x,t);

I 2 ¥y = net(x);

e es= gsubtract(t,y);

1 » performance = perform(net,t,y)

: 5 tind = vec2ind(t);

| » yind = vec2ind(y);

: 7 percentErrors = sum(tind ~= yind)/numel(tind);
I
I
I
I
I
I
1
\

19 %% View the Network
2 view(net);
u figure, plotconfusion(t,yﬂ

N ———————————————— .

percentErrors = sum(tind ~= yind)/numel(tind);

o T T
N o -

k== percentErrors

percentErrors =

0.0267

L | % &

ﬁgu;e, plotconfusion(t,y)
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)
1
1
i
s N,
T / (N 1
- S \ 1
/ i N P
{ o\ Select File for Save As X : : 4\ Meural Metwork Training (nntraintool) - O > : 1
1 1 1
1 u » ThisPC » Documents » MATLAB v O Search MATLAB 2 : : 1 [
1 11 Neural Network 1 :
I : = 1
: Organize « Mew folder f== - o i : Hidden Output : :
~ 1
: [&=] Pictures b MName Date modified Type : : : :
1 1 1
i 20ha_scrach ) testt 2/12/2024 1:13 AM MATLAB Code i P
1 ) 1
: pgu Jund : 1 Algorithms : :
1 1
: @ OneDrive : : Data Division: Random (dividerand) : 1
: [ | Training: Scaled Conjugate Gradient (trainscg) : :
1 EH This PC : : Performance: Cross Entropy (crossentropy) : :
1 - . :
: ) 3D Objects i : Calculations:  MEX : :
1
1 1
: [ Desktop : : e H :
1 | D ts 1
: ocumen vz > : : Epoch: 0 E B9 iterations | 1000 : :
[ | Ty
: File name: - : : Time: | 0:00:01 | : :
Perf : 0.255 0.0584 0.00 1 I
! Save as type: | MATLAB Code files (UTF-8) (.m) v i Errermance I | R
i i Gradient o548 0008 ] 1.00e-05 Pl
- 1
: : : Validation Checks: 0 | & | & 1 1
1 A Hide Folders Save | | Cancel 11 ' H
1
] X Plots o
\ 1 1 &
A 7 1 i
e | [T oo leperton R o0 lo Uty
1 s & e
1 .. . 1 ¢
1 | Training State | (plottrainstate) 1 i
Ve '\@ I : i o
: | Errer Histogram | (ploterrhist) 1 :
1
1
1 | Confusion | (plotconfusion) : :
1
1 1
: | Receiver Operating Characteristic | (plotroc) 1 :
1
! I
1 ' : 1
: Plot Interval: 1 epochs H ]
1
I o
i Eo
1 v Training finished: Met validation criterion : :
1
1 1
1
1 @ Stop Training @ cancel : :
1
1 1
\. ") |\ 1 1
\ U 1
~ R4 :

N i
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NET1 5 10

NET2 10 5 wgr 10 pgs> 4l j3 9 5 Jgl 4yl 5 aS

Syl

L Gaadl g ile Lol jl guy colgiys
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NET3 10 10
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. clc; i
o2 clear all; i
i : close all; i
= - load thyroid dataset; i
P X = thyroidInputs; i
i 6 t = thyroidTargets;| i
B - %% ====- Create a Pattern Recognition Network i ; i |
P8 hiddenlLayerSize = [5 10]; ! | etz sk
I i ' SJg
- L O

-‘. Pattern Recognition Newral Network (i — - |:| ..... X -

Hidden 1 Hidden 2 Output
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o —————— -,

)
1
1
i
- N
'l 4\ Neural Network Training (nntraintool) — O % \‘ ! Best Validation Performance is 0.06314 at epoch 66 : :
1 Pt 10°F : H H
: Neural Network 1 : Train 1 ]
i 1 1 Validation : 1
1 Hidden 1 Hidden 2 Output : : . Test 1 :
1 Input ) . . Output 1 I = Best 1 1
: 1 I g— - 1 I
1 21 3 ! I = : 1 I
I 1 I z : 1 I
O 10 3 1 I : 1 1
1 @ E
1 1 1 ] - 1 1
i - 1 I 7] : 1 1
1 Algorithms 1 1 o : 1 1
1 1 1 ‘G E 1 1
1 Data Diivision: Random (dividerand) : : i 101 : :
: Training: Scaled Conjugate Gradient (frainscg) 1 1 E : 1
: Performance:  Cross Entropy  (crossentropy) : : D [T T \fﬁ} 1 :
1 Calculations:  MEX : : E : : o I P L
1 % o .
1 1 1 Cuwlgd
! . o ! ! 25 S,
1 Progress : 1 o : : £ .
I =
: Epoch: 0 E 72 iterations | 1000 : : & : :
i Tirne: | 0:00:02 | o i :
1
i Performance: 0729 0.00 R ! I
1 . 1 1 1D-2 C | | i i i | i 1 I
. Gradient 14 0000 | 10006 Lo i i
: Validation Checks: 0 | 6 ] s i 0 10 20 30 40 50 60 70 i i
1 H ' 72 Epochs ! !
1
i Plots b N S !
3 : 1 1
: | Performance | (plotperform) 1 I
! 1 e I
1 | Training State | (plottrainstate) : :
: 1 Command Window 1
1 | Error Histogram | (ploterrhist) : :
1
: | Confusion | (plotconfusion) : :
| : : = 1 performance = 1
1 | Receiver Operating Characteristic | (plotroc) : :
i ! 1
! Plot Interval: B 1 epoch i '
: ot Interval: epochs H 0.0630 !
1 1
: v Training finished: Met validation criterion 1 1
1 1
1
1 1
: . Stop Training . Cancel : :
\\ ,, :
\\.___________________________________________f’ :
1
\_ J i
1
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e SN / 1
/ \ 1
1 A1 1
: Training Confusion Matrix Validation Confusion Matrix 1 :

1 I

1
i | e 6 10 | sse% .| 18 3 2 | 762% i !
H 19% | 01% | 02% | 14.4% 15% | 0.3% | 02% | 23.8% : I
I
i o p | '
I @, | 7 6 7 30.0% @ | 3 3 2 37.5% H H
1 o | 01% | 04% | 04% | 700% o | 03% | 03% | 02% | 625% I I
: S S . |
I 3 =] : 1
I S| 14 | 257 | 4638 | 045% S 3 48 | 1000 | 95.1% H !
! 37| 03% | 51% | 92.0% | s55% 37| 03% | 44% | 926% | 49% : i
: ! !
i 81.9% | 22% | 99.6% | 94.0% 72.7% | 56% | 99.6% | 94.4% H H
I 18.1% | 97.8% | 04% | 6.0% 27.3% | 94.4% | 04% | 56% 1 I
1 I

I
1 LN e -] LN U (i : :
H Target Class Target Class ; H
1 1 1
i H 1
: Test Confusion Matrix All Confusion Matrix 1 :
I I
i o2 0 3 | e75% | 12 9 15 | 84.6% H '
H 19% [ 00% | 03% | 125% 18% | 0.1% | 02% | 15.4% ! i
I
1 1 I
i o [ 3 5 3 | a55% 2| 13 14 12 | 3s.0% ! I
' S| 03% | 08% | 03% | s45% S| 02% | 02% | 02% | &41% i I

i 3 2 i

1 =4 4 40 1001 | 95.8% = a2 345 6639 | 94.8% H :
I 37| 04a% | 37% | 92.7% | 42% 37| 03% | 48% | @22% | 52% 1 i
i i i
H 76.0% | 11.1% | 99.4% | 95.1% 79.5% | 3.8% | 99.6% | 94.2% - H
I 25.0% | 88.9% | 06% | 4.9% 205% | 96.2% | 0.4% | 5.8% 1 1
I 1

1
1 N v i) N n ™ : :
H Target Class Target Class H H

1 I

: ,' ‘
‘\ /l :
\ I
\N____________________________________________________________—” I
I
1
I
I
I
I
I
I
\_ oo
1
1
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1

1

i

~ |

i Confusion Matrix \ i

1 ) . 7 KX -

i i (cowws) Ggojl sla 63l 3 aSuds JS slbs suops i

! 132 9 15 84 6% i . !

E ! 1.8% 0.1% 0.2% 15.4% H P93 wllS s sup)s i

i | i

| = :

I ! I

i i slass Slass 053 2053 :

13 14 12 35.9% Lo o . . I

H w 2 0.2% 0.2% 0.2% 64.1% i U9y )3 uor )3 S le.?.o =20 f

o ! Jol 22U 9> 42U Sy 9> yulls :

1 o ! 1

1 e 1 1

i | |

i g ! NET1 = e ]

] o ; 21 345 6639 94.8% I i
0.3% 4.8% 92.2% 5.2% i

i ] NET2 10 5 |

I ! i

: | :

1 ! I

| | NET3 10 10 |

1 79.5% 3.8% 99.6% 84.2% 1 I

: 20.5% 96 .2% 0.4% 5.8% : :

I ! I
1

| | NET4 10 20 |

1 ™ v % : :

H Target Class ! H

\ 1

N ,/ NET5 20 10 !

i i v o o s s e e o o i v e i i e e e e e e e e o o e i - 1

1

i

i
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1

i

1

1
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percentErrors
performance

thyroidinputs
thyroidTargets
tind

Value

7200 double
[5,10]

1x1 network
0.0576

0.0630

D/ 200 double
21x7200 double
2/ 200 double
1/ 200 double
11 struct
‘trainscg’
21x7200 double
D/ 200 double
1/ 200 double
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1 C].C_; |EE| 1%5 double
1 2 3 4 3
2 clear all; 7 : . ; ,
3 close all;
4 %0 ===m=---- for
5 z=zeros(1,5);
J=1;

7 for i=1:2:10
8 Z(l_,j)=i_;

: Jj=J+1;

18 end

i
(=]
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4 LA bl L B e DL LR b b

I fori=10:10:50
hiddenLayerSize = [10 i];
net = patternnet(hiddenLayerSize, trainFcn);
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100:
% Train the Network
[net,tr] = train(net,x,t);
|y = net(x);
e = gsubtract(t,y);
performance = perform(net,t,y)
tind = vec2ind(t);
yind = vec2ind(y);
percentErrors = sum(tind ~= yind)/numel(tind);
s=s+percentErrors;
-end
avg=s/5;
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4 LA bl L B e DL LR b b

I fori=10:10:50
hiddenLayerSize = [10 i];
net = patternnet(hiddenLayerSize, trainFcn);
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100:
% Train the Network
[net,tr] = train(net,x,t);
|y = net(x);
e = gsubtract(t,y);
performance = perform(net,t,y)
tind = vec2ind(t);
yind = vec2ind(y);
percentErrors = sum(tind ~= yind)/numel(tind);
s=s+percentErrors;
-end
avg=s/5;

Glow Uassid Guac aSub S =obb
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