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FI0e TRt s TR BRTH (Career-Predlctlon-Svstem) 2L B

AT LSBT P L hE A 4 pAIES R B AR P e d
(ERRMFLAZ3) @3l K2 LEmERE
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Logical (coding slpublic sjself-leaireading ¢memory ciSmart Ab Technica Hard/Smart worker Suggested Job Role OperatiorOperatiorEngineer Qual ity !ProducticStatisticHunan FacProgramn
2

8 5 9 8 6 5 Hard Worker Human Factors Engineer 61 68 65 I
7 5 0 2 8 9 6 5 Hard Worker Human Factors Engineer 67 64 70 82 92 60 90 66
4 6 9 8 6 6 8 0 Smart Worker Human Factors Engineer 63 60 K] 70 80 89 99 74
3 2 9 7 6 6 2 3 Smart Worker Human Factors Engineer 71 71 98 91 97 67 93 66
8 1 0 4 6 8 2 5 Smart Worker Human Factors Engineer 8 T2 79 5 99 87 97 74
4 4 7 4 7 9 4 3 Smart Worker Human Factors Engineer 7 60 6 82 94 88 93 60
4 2 7 2 6 9 4 3 Hard Worker Human Factors Engineer 64 63 77 87 95 93 97 75
8 6 10 2 8 7 6 2 Hard Worker Human Factors Engineer 75 78 61 91 93 95 98 62
7 1 8 3 8 9 5 1 Smart Worker Human Factors Engineer 7 60 71 T4 85 71 94 63
4 1 0 3 6 7 7 0 Smart Worker Human Factors Engineer 75 68 64 87 94 85 92 79
3 4 8 5 6 7 3 3 Hard Worker Human Factors Engineer 64 67 81 T2 100 94 95 76
5 1 9 3 9 9 2 1 Hard Worker Human Factors Engineer 72 68 80 99 95 63 100 64
5 3 6 7 7 7 4 2 Hard Worker Human Factors Engineer 64 78 100 78 82 89 99 60
_ % kg
=2~ L3 TR g p
Human Smart Product Data Quality
Classes Optimization
factor manufacturing | manager Scientist control

Raw data 34 204 54 51 67 73
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( feature selection ) ~
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TP A TR iz fFOR T AR S R

¥ Hc g ( feature scaling ) -
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AP (data
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https://github.com/hrugved06/Career-Prediction-System
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MR R HE L A ek 23 2T A
223 A 2 AR

o iy i § )
Logical quotient rating BiE i 4 [1,10]

coding skills rating f2 N a4 [1,10]
public speaking points AN e [1,10]
self-learning capability? p g [1,10]
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reading and writing skills Bf 2 5 iva 4 [1,10]
memory capability score =0 S P [1,10]
Smart Ability score ILF dp Bk [1,10]
Technical Skill Score i#* I 4 [1,10]
Hard/Smart worker 4 Ao TR One-hot encoding

Hard worker/

Smart worker

Operations Research | (FEFT T - B A [0,100]
Operations Research I1 TEFEF B2 Y [0,100]
Engineering Economics 1R G AE ) 5 [0,100]
Quality Management e iRl S [0,100]
Production Control 2 ARG EHOFEH S [0,100]
Statistics I fprt B [0,100]
Human Factors A F) 14— B A ﬁ [0,100]
Engineering
Programming DL E AN Y [0,100]
Suggested Job Role PR  eh (T Y RS L
B o 4o boAriE
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add noise(value, range min, range max):
range max > 10:
noise = np.random. normal (0,
range max 100

range min 0

noise = np.random. normal (0,
range max = 10
range min 0

noisy value = value + noise
return max (min(noisy value, range max), range min)

i“gé\ﬁ*ﬁ IL?E?_J{\"{%
% resampling 384 » FHEHEH R AL AT frz FTHREFLATH R
Mo RELENFTHEED AR EFAREY AT FET 2 MERE 0 R

= -3 % resampling #2 ;% 7§

ils import

dl[dl[
af [af[’

([df_Tuman_;

Bl = -3 ~ resampling #2.;% 75
AL e s

Human Smart Product Data o Quality
Classes ] o Optimization
factor manufacturing | manager Scientist control
Raw data 34 204 54 51 67 73
Resampling 204 204 204 204 204 204
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23 #-3EH

ARG B R E B R 0 4 W) 5 18 A4k (Random forest ) ~ #
K R v B (Multilayer Perceptron, MLP )~ % 3 % & #( Support Vector Machine,
SVM) ~ K i7 487 & ;2 (K-nearest Neighbors, KNN ) » 12 - i %] 3P i
Al e
® i &1k (Random forest)

WA AAN S BRI E S EY 2 c WA AL B LA E
HEIE 5 ik A e B A S GRS L i
PG Ry Ry § 2 o e SR ME - eSS AL -
BH RS R AE S AR R BT TS (v iR L) & Kk

A (H SR ERAE) o
ST A kie * K202 (Bagging) HEdpiE T S X LA R o oA 2
FRGD RAE B er BRI A 0 2 5 5 BIRESE
AR RS PR e F AT AR T b o R
fe g4 B Al e T it e 4 o g AR AEZ R T
1 $ Pl 52 A58 e 7 5 BFP A8 P HHRLT
PP e A8 5 A TR 0 TR 59 R A TE o
2. FHEREZE PSR ARES BROE L MR AP
T fEvR fLp HEERPERE LR o
® ShkRpoE (MLP)
SARTEL- BT AN ERE o d B0 K F T ERA R DA
* o SRR iR foF g add AT ufuy;fl K4 R z“}\ﬂirr N o R R
Poend A AT A R RS ﬁxi’—’k%l »EFAERM R R ETREELEY
Tlcdy ¢ g et fo2b i i T o

MLP i iEF = @35 ;2 (Backpropagation) 2" 4 % » 22 5 2 A4
BT LB A S EHE BEE Rk (AR AR E
B VA Sndic o g AMRTEEZ R T

L F#RSGEREN G 4 S5 {eBmiERDI2 B 7 a5 A fe b d

B % > MLP 2§ »cqf Bus it B % -
2. R IMLP ¥ M iR FEFE oA S A i BT Foahlicdi
Brticfeh ATR 4 -
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o t¥oEi{ (SYM)

SVM i B 27 F P HIERELT G R~ 143 pignlz Bl
FEo e BAZT o A A SER > A7 v BT g n ool gA B o SVM
@ fradie (AodUEPr ~ SR S RBF #1% ) k@ b a2 4R AT -
P R R A B BRI 3 AR F > P AF At Y K
RERET A o g AR R F)

1 % 3l 1 SVM il 59 AUL § B P e 4 2 4 g -

2. JHAARAF ISVM Ll B ABIE TS G AW AR i L0

A E P8 R
3. PAEANHE R SYM 7 uiF Kt R A g R (NI R R ik
WB AR o
® KigiiwEiz (KNN)

KNN & - A gy 6B Y 532 > 282038
PRI B P T Bcdp b2 B enpEa MATHCIR A ST H B
MRS B h ¢ o KNN & 7 2 B2 0 B 411 % 2" iy & |
HOSUERE 0 FRF R B ATRCR B T P U BEAREERE RSN
ﬁ?mK@Mﬁﬁﬁbgoﬁﬂihﬁiﬁﬂ:

1. 2 *2ffeR R CKNN 52§ 8 202 iz{eq ) o
2. REPHRKNN £ FPGERF L3575 EIRBA| R HF o
3. A IKNN i &30 At chlicdy 0 bldcg 2 = 5 chpis iR

BIp A E o

Fo 2 -5 B AR R EEY R
3k 3 i SR
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Random forest BRESFEKEILHE . £ @3 Rk TLEEPKLR
RELR TN e TR e
VIRERE CFR OF2 LG oRER

i P Se 2 U W |
MLP < Bdcdy o S R B E hdFet
B BERG
FEAE R IR T
Foadchonkd o P ERAS T F PG A I
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Rty T

PormiEfef o PR R #Hekg
HOH AR AL 4
KNN ETURERE- G MR TEAER
M b iy
&t iy R R
24BN R %S F
A X2 ROl E S 241 L BRE 23 §F 0 B2 A SR T
242 | & R E 4442 S8t ¥ Optuna 47 S8 7 1 5 243 /) &7
AP AR R IRT 2 St i e
241 RFEGHRP 2R
AFFATR Y e AR 2 AR SR Aok - -6 £ -7 5 EARSEAE

% % % (Default setting ) °

N e
LS X 39 5 it
n_estimators Fik? AfnicE
max_depth Ptk < SRR
Random
£ BHELD ST R P AN
forest min_samples_split
S TETY
min_samples_leaf = BEF G50 gk A dc
hidden layer sizes *REFA Y o gk
MLP
learning_rate init F7 4o B Y &
C & Bliv (regularization) %%
kernel ¥ 0 B ig
SVM
degree ERIEAR AT )i i
gamma ¥ S e T #ic
K (T 87 A e 5 48 2
KNN n_neighbors




e R S $HR T
n_estimators 100
Random max_depth None
forest min_samples_split 2
min_samples_leaf 1

hidden_layer_sizes (100,)

MLP
learning_rate init 0.001
C 1.0
kernel Linear
SVM
degree 3
gamma scale
KNN n_neighbors 5

242 REEP

~34 @ % Optuna & {748 S8k £ 1° o Optuna 5 A3t L N HiF it
(Bayesian optimization ) 1% i+ > i §F B * AP EF Y ¢ >+ kA
ﬁﬁ%&@@’“k%?$ﬁﬁ?‘%%ﬁ?-”*b’E«&unﬁi
TP i AT Sl T OGRS g A T S I L Fhg koo

A3 H 589 50 & Trials 35 Flée iz 2 Sodcfe ¥ 0 & Slid & 1 FK
TArd = -8 Bl= -4 5 MLP 2. Optuna 42 %% i i £2;% » & 12 Optuna &
FEREMRe ZABLEE > ARG I BRI FR AR SRR
P2 273 » de categorical, integer, loguniform » % & 194542 St T &
4o n_estimators ~ max_depth izt #ic® 5 /F 5 Bl Flpt hb E i pE e £
Heihs R ERE o
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3028~ b4 S lh (R

wql R ey SR T
n_estimators [10, 200]
Random max_depth [2, 32]
forest min_samples_split [2,20]
min_samples_leaf [1, 20]

50,), (100,), (50,50), (100,50),
hidden layer sizes (50, € ( (

MLP B B (100,100)
learning_rate init [1e-5, le-1]
C [le-5, 1e2]
kernel 'linear' ~ 'poly' * 'rbf' ~ 'sigmoid'
SVM ‘
degree [2, 5] kernel=‘poly’ - BIZ% 3
gamma ‘scale’ ~ 'auto’
KNN n_neighbors [1,20]

init, random state=42)

v_pred_best_mlp)

Y

Bl - -4 ~ Optuna 42 % # 425 -7 MLP

243 #3 R
AP F R RASTR(AT R ) 2 & A# A 2 8( X * Optuna
Bodit) TR R i S Ao A2 9~4 - 12 S AR

10
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A

4] 2 %% % 3% » Random Forest 7§ % 2 T 3R & LI AP AL LT AR > £
A G T frlcdp DT S MLP fdc i 1033 S e ehgiong Ak s o e i
Ty T ARG SSVM e i 1A Sk A Aodpdp o e AT gRdkdp T
4 F H 4 end I KNN fdk & it z;‘&%;:‘ » T rlchE T g on A g o e
A TRy T A AP EIRL -

»

= -9 ~ Random forest 3=z % % %
Data form & parameter setting precision recall fl1-score
Unbalanced data with
0.75 0.77 0.75
default parameter
Unbalanced data with
o 0.7 0.76 0.73
optimizing parameter
Balanced data with
0.98 0.98 0.98
default parameter
Balanced data with
0.98 0.98 0.98

optimizing parameter

L - .10~ MLP 32/ & % 4

Data form & parameter setting precision recall fl-score
Unbalanced data with
0.76 0.76 0.75
default parameter
Unbalanced data with
o 0.85 0.82 0.8
optimizing parameter
Balanced data with
0.99 0.99 0.99
default parameter
Balanced data with
0.98 0.98 0.98

optimizing parameter

=11~ SVM =i 2 % 4

Data form & parameter setting precision recall fl1-score

Unbalanced data with
0.74 0.76 0.74

default parameter

11
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Unbalanced data with

o 0.71 0.78 0.74
optimizing parameter
Balanced data with
0.83 0.82 0.82
default parameter
Balanced data with
0.97 0.97 0.97

optimizing parameter

% =-12~KNN #F=E 2% %

Data form & parameter setting precision recall fl1-score
Unbalanced data with
0.75 0.74 0.74
default parameter
Unbalanced data with
o 0.84 0.8 0.77
optimizing parameter
Balanced data with
0.85 0.85 0.85
default parameter
Balanced data with
0.97 0.97 0.97

optimizing parameter

A 2. Cross-validation accuracy

%Q%Z\— -13 » l——:gt#z{\ ;—Tﬁfﬁr )y 4)3 ’Fgf_i
. R I T IEE

# 3 + 2 5 iz Random forest 2- 3] & iz
i&% SRR RS = SRR E TR 22 & Ry §
37 wmljg_géy PR o

% - -13 ~ » f##-73] 2 Cross-validation accuracy

Random
MLP SVM KNN
forest

Unbalanced data with

0.7330 0.7185 0.708 0.4783
default parameter

Unbalanced data with
o 0.7370 0.6087 0.4224 0.5424

optimizing parameter

Balanced data with

0.9804 0.7908 0.8554 0.7255

default parameter

12
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Balanced data with
o 0.9779 0.7917 0.848 0.9436
optimizing parameter

=% Web

3.1 Web-#% =% 4 %
% ABKBLENDE BN XFES ROE  INER 8% "= s evous (§)

HRAFSRAA
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B#FHRA

ﬁ‘? WWARL I SE  wnEE EeE  JEgm 8% = e evousa ()
T .
=

\

B=-1~Web -5 F
RIS S S AL A R R et B
H*
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<

EITMFEFERELTQR code= ¥ AZTEID

]

mEE =100

Bl=-5-Web w7z 3o
FrEE G PRI SR AP QReode & EE B~ BT
Tamgﬂggxo‘ =

NN RIS

%
THE LE =R L] a5
1% 40418 nnr $20 1 04-1 $20
BEE=-20
Fl= -6 Web #4375 43
3.2 Web-ta =% 5 h &
ﬁﬁ HEARIHSINE BR TERE FEREH# 82 nE BE encus
HESER

W= -7~ Web i 4-37 8 F o
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ﬂ? ARKBIAFIDE 55 UERE BERE gz — -

BEIE 2 FREEAEN

AN

Bl= -8~ Web iszg-% = Fpl

GRT TR AR K et H o 4 T LB B g
S33AI—&4 1 TR E

2R gV LS HCA B0 AP R v Flask % AT R di

Fo0 L & % Github ki 7R Agod] ~ £ 48 &+ 2% ] render + » pt 204

eh3 & 7 48 7 : prepocessor.pkl ~ random_forest model.pkl ~ Procfile.txt

=

.

requirements.txt ~ app.py & 84 o

Wiseiﬁnal Public 57 Pin @ Unwatch 1 ~ 4
¥ main ~ 3 o Go to file + <> Code ~
bkrirlm Add files via upload 4428706 - 14 hoursago  +5)
B Procfile.txt Add files via upload 2 weeks ago
B app.py Add files via upload 14 hours ago
B preprocessor.pkl Add files via upload 2 weeks ago
B random_forest_model.pkl Add files via upload 2 weeks ago
B requirements.txt Add files via upload 16 hours ago

Bl=-9- i * Github % & 4]

16
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(1)prepocessor.pkl £ random forest model.pkl
A A %39 5 03] Sk > prepocessor.pkl A% kg2 ® * f By » 1
Boip s H-H B HGE TR S R input B HCA FEE 02 iR3E 24P B i0 transform
* 7% o @ random forest model.pkl £_i & #3304 » % RIFPI i E T
Td g o
inport joblib

joblib. dump(rf_classifier, ’randem forest medel.pkl’)
joblih. dump (preprocessor, ' preprocessor.pkl’)

B =-10~ #74) i% 5

(2) Procfile.txt ¥ requirements.txt

| Code | Blame

1 web: gunicorn appiapp
Code Blame Rew D & #2 - [
1 flask
2 flask-cors
joblib

4 pandas
scikit-learn==1.2.2

6 gunicorn

Bl =11~ 3% Ann v i

17



Fraia A %\;Eaiﬁmﬁ
(3)app.py

P3R4 E B & i flask K R T o35 POST 2

1n\

Fd&~ 2 417 json
% P Fvaﬁ’ggl«”'

F K #response ° % g2k s Ay e x ?CORS” % T_‘ii

API ¥ ri 2 4 B2 B o f2 3N gg 4o T

from flask import Flask, request, jsonify
from flask_cors import CORS

import joblib

import pandas as pd

import logging

logging.basicconfig({level=logzing. INFO)
try:
rf_classifier - joblib.load('r
preprocesser - joblib.lead( orep
except exception as e:
logging. error(f"
raise &

r loading model or preprocessor: {e}')

app = Flask{__name__)
CoRs(app)

@app.route( ' /predict’, methods=["P0sT'1)|
def predict():
try:
data - reguest.get_json(
logging. info(#"Rec

)
ved deta: {data}”)

score’,

for field in required fields:
if field not in data:
return jsonify({'e

" {Field)' fisld

ng"}), 4ee

nen_dsta_of = pd.Dstarrame( [data])
new_data_of - pd.get_dummies(new_data_df, columns—['Hard/Smart

er'], drop_first-True)
for col in preprocessor. feature_names_

if col not in new_data_gf.columns:
new_data_cf[col] = 8

new

Gsts_df = neu_data df[preprocessor.feature_names_in_]
ne

dsts_scaled = preprocessor.transform(new_data_df)

prediction = rf_classifier.predict(new_data_scaled)
logging.info(f"prediction: {prediction[e]}")

return jsonify({'predict
except Excepticn as
logging.error(f”
return jsonify({

role's prediction[e]})

n: (e}

if _name_ == '_main_':
2pporim(aebuE-True)

B =-12 >~ app.py & W A2\ 75

b
dra BF S ARt s pAKRH Nt F
A RREEG RR N - B SRR R R

RE W RAETLFN R ATERERE  THEEETE G EE S 2T o

18
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oI MEAEXMAD  HA Rz B0 .
- = P— (EEs - ﬁ BRE
#

o

S4aEHA

(Sg

Logical Quotient Rating (1-10) :e’—
BN

Coding Skills Rating (1-10)

I

Programming E
Predicted Job Role E

FeEs

TIERRE ) BERERRS, BRI E, S TIERIREREET Predicted Job Role iy, UESE REERA"

BERERTEM
. B2 o AEEE o AR, SEEEM
. NEHEE o MPEEEEIE  , mie. 03.5715131

Bl =-13 ~ AL 5 5 b ]

Programming E

Predicted Job Role E

19
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(5) EHRITHAFEFREFEFIEL L8
F2LRPERIESE VERLT L FaT O Sy~ 2RSS T
hh ki ﬁiﬁﬁ@iwwa%Wk)w%{’iﬁﬁﬂ%%ﬁﬂﬂ”
Predicted Job Role” 4§ = » & B8 “REF 437 b FF 0 RIBR %R

T o

=% || B | weEs |

Bl =-15 > %42+ i B

Sr® %%
ﬁwiﬁgﬁﬁgﬁﬁ$$\§;~mmmuaAw’ﬁﬁﬂﬁ?u
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