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Abstract

The algal blooms in rivers can negatively affect water source management and water treatment processes, necessitating
continuous management. In this study, a multi—classification model was developed to predict the concentration of
chlorophyll-a (chl-a), one of the key indicators of algal blooms, using Tabular Prior Fitted Networks (TabPEN), a
novel deep learning algorithm known for its relatively superior performance on small tabular datasets.

The model was developed using daily observation data collected at Buyeo water quality monitoring station from
January 1, 2014, to December 31, 2022. The collected data were averaged to construct input data sets with measurement
frequencies of 1 day, 3 days, 6 days, 12 days. The performance comparison of the four models, constructed with
input data on observation frequencies of 1 day, 3 days, 6 days, and 12 days, showed that the model exhibits stable
performance even when the measurement frequency is longer and the number of observations is smaller. The macro
average for each model were analyzed as follows: Precision was 0.77, 0.76, 0.83, 0.84; Recall was 0.63, 0.65, 0.66,
0.74; Fl-score was 0.67, 0.69, 0.71, 0.78. For the weighted average, Precision was 0.76, 0.77, 0.81, 0.84; Recall was
0.76, 0.78, 0.81, 0.85; Fl-score was 0.74, 0.77, 0.80, 0.84. This study demonstrates that the chl-a prediction model
constructed using TabPFN exhibits stable performance even with small-scale input data, verifying the feasibility of
its application in fields where the input data required for model construction is limited.
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Y D AAEEY] SR sty shog flEH=
FEF Y LFEHY 7eHs}| g 2 F7he S
He) 252 A&Hon WAL R F shols, o)
A0 ZRE A%A9 S ol A% AN 19t
a2 ZAE FAAAZI7O A& #wert dag o4
QIztoltt (Schindler, 2006; Wurtsbaugh et al., 2019). &
Hb4 o2 chlorophyll-a (chl-a) 5=+ ]—7\4_4 Z5E A
FHOE el 4 G 43 IAE AHEH0, chl-a

L5 Fofl ohde] Rt 2 2/ A HA=E Aot
71% e} (Chen, 2024). SHEAQ1 425 floto] A
Tl ARE T Y 4 5] FasiH, ol
off ohFgh ®ofollA g2l AMSEI Qe HAlYY 2E
4 A5 E85t7] 9t A47F ALE et (Blix
and Eltoft, 2018; Kwon wt al., 2018).
HAled-2 By S SgE= 4 AR B
stof dlofg 7|9ke] SJARAAE dig]7]of WS 1t
AESHA EAL 7)Hto g2 §H= A4 A ;_ﬂi
gom BT ujAdgdE siAstr]ol Extdolet= A
2 7FAA1 o} (Amorim et al., 2021; Li et al., 2024).
o] Hokol A E XGBoost (XGB), random forest (RF)&}

e =
(CNN), long short term memory (LSTM)3+ 2 o
(deep learning) Bq 5 ohget m4led RS0l
9= 5ol A4E St (Barzegar et al.,
al.,, 2022; Kim and Ahn, 2022; Shin et al., 2020).
BAEdS o8d nYo 7EE A Aol AR,
ol z}g_q Zj|o]-o]— Eoﬂ_] /H?H /\%7\454 _-;_03_4 _,47\49]. =

mlojzz

(ensemble) 2 &7} convolution neural networks
284

A
53

2020; Kim et

Az AYdch. £5), 4 429 e wge] 44 2
A5} Tpge mAle o] ofEt A A AT Be A7 A

FH 7o) apEs, 12
Hod 9 &8 58 Y & U=F BPTLEE At
Sl= automated machine learning (autoML)G- oigh &
27} s o]FojA 2 Utk (Chen et al., 2021; Moon
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Fig. 1. Research site.
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et al., 2019; Tuggener et al., 2019). HAl3d g
Hizjo 2 zujsjsH4 (hyperparameter)E ZARoh= 2
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olFolA o Y4 A= FA AHgH B
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Tl AHgE dF Ame] 5ol Aol g2
A7 Hol B Bag F% A=
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2 AdTe 98 AR WA W 2y A5t T =Y
75 B "olde woH duder g+t @
A 2 AR AmAAE F2 HeE Holes Aer &
A HA FHYd By F ShQl tabular prior—data
fitted networks (TabPFN)& ©]-85to] b chl-a =&
dEste £F EFS FEOIAT B39 52 S ¢
d 4 SHARE olgstH e SHAR] Hagh= A
Hopo] Ame] 2718 th2A @ gt A ARE T4
stol Q1 Aze] Fmo] e 2eel A5S slLeidc

oo =

ug

2. Mz I LYY

ol 212

et oA AFste =
#@1}%’“‘—2&%} % FoIz14 (S03005)01141
2014L4 1°J 1 B E] 2022 129 3197H4] =4 o4
+3 2AJARE FE5Htt (NEIR, 2023)(Fig. 1).
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214 oltk (ME, 2023).

N _12.4, u
flo o

A

il
04 A

pANCR
2=

Moo 1o

ol |y JB.

=

44, n2% o




d 199

ZAAR F $2(TEMP), pH, A7|HEE (EC), §&44
(DO), E8184 (TOO), 44 (TN), 291 (TP)2
PO EHHer dAsta 2R YPAEE Yetdl=
EAQ 5AAAQI chl-28 £&¥W42 AAstgct 2
TFoAE b9 chl-28 &5t oF E7 B¥S 15
Stg o™, chl-a9] 5% 7]%-2 world health organization
(WHO)OIA AARE 71l whet 10 wg/LRREe low
(class1), 10 wg/Lold 50 ug/LPIRE2 moderate (class 2),
50 ug/LoVd-2 high (class 3)2& ERFate] Bgo] T4

rg & ool

Z2 ARSI (Loftin et al., 2016).

22 2=
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Fig. 3. The changes in the amount of data for each model.

al., 2022; Magadan, L ete al., 2023.). TabPFN &112]&-&
ol 85 By L& Aol it BAEE Fig. 20 AlZtstet
et

B A= TabPFN open source library (Hollmann
et al,, 2022)& o]8sl FAR EFAPRA A= 2
H Bojz|go] £ 3287359 U A RS QY Aug
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1Y

4 g2=o 77} TEMP 11.4%, pH 11.5%, EC 12%,
DO 12.5%, TOC 17.7%, TN 17.8%, TP 17.5%, chl-a
18.4%9] AZS TPSFT GO} AEgo] YR £
o Waht 24 ke F17te] Lxsha glo] AEgh o
k7ol SRR RE Ad=3-S B4 sk k—nearest neighbor
(KNN)Z o]-&sto] A&gte] HAge 485kl KNN2
python open source library$! scikit—learns ©]-853 2,
k 22 302 #goto] P59t (Pedregosa et al., 2011).

A 49 A= F 20149 19 1958 20209 124 31
A7tz o] g St5ALR (training) 2 ARESFRAL 20214
19 195 E 20224 12€ 3147449 A m+= Sk5% 29
o] 4% W7t (testing)oll AREsFITt. Training A=<}
testing AF= 9] H[-&2 Z+ZF T8%8t 22%= A5ty er
nagol &3}t 22 python open source library?l scikit—
learn®] grid search& ©]-&5k3ltt (Pedregosa et al., 2011).

23 2¥ 45 Bt 4y

o melsl s W e $F Ra0) A5 Ak T

o]-g-ste] g

Confusion matrixt= Ay EF Ry o] A=ZH} o
3k Aole] 225 FEe| FHiE vehd A5 B7F A%
olm AZZ AlZre] LAY True, YAISHA Q=
T False2 23ttt ol 5o AS3kol positived
29l A =Z T positive2tA True Positive (TP), AZgk
o] positived ™ oJ|Z7k0] negativeZtH False Negative
(FN), A=3fo] negatived ©f ofl=3ko] positive2t# False
Positive (FP), AZ3ko] negatived W o] Z3ko] negativest
M True Negative (TN)2.2 EF3Ic}h (Table 1).

Confusion matrixt Z classo] aldsteE dE T

(precision), @& (recall), Fl-score® &Qlot1 4At&

IS

o (macro average), 7t% B (weighted average)= A4t
Sto] Hgo] A5 BT & QUth Precisions 23 9] o
S 5 ASEUY Aske HE&E YrIst recall2 A5
# T 2 A5 dAst= HlES outth Fl-
score= precision¥} recall®] ZXS}HHoZ F H F o]
L oshunt R AU W2AS A siA BgollA T
& e FE WASH] fd AMgSteE A ®o|th
Macro averaget= HA| classolA g AR & 25
CIgt & class 48 Wro] BatghS Fohs 2 oulsta
class®] Z|;®zkoll A dlolg = gt

weighted average+=

Table 1. Confusion matrix

) ) Predictive Values
Confusion Matrix — -
Positive (P) Negative (N)
Positive True Positive False Negative
Actual ® (TP) (FN)
Values i i
Negi;“’e False Positive (FP)| 1™ (]T\Ilfﬁa“"e

SRERISIE|A] A26H AI3E, 2024

S class9] o8 49 Wl&RtE 715sto] WA B
At A ofulgtet (Eq. 1, 2, 3).

TP

Precision = W (1)
B TP
Recall = m (2)
B Precision X Recall
FL—score =2 Precision + Recall 3

3. dat 3 13

15

3.

2 A7 4 A5E 5P chl-a9] sk o) 37H94
classE& 535} TabPFNE ©]&3te] o= B8 1y
TZ35FE. Model 19 training A& % ZF classol] OH%
sl= dlolE] 4% class 10] 40270, class 27} 1,7697H,
class 3°] 38672 FAEQOw TabPEN =% 9]
J'5& Table 20 AAISt] Z} class B J5& Sl

og!
Y

f

Table 2. Performance of model 1 using observation data

Precision Recall Fl-score
Class 1 0.69 0.43 0.53
Class 2 0.76 0.92 0.83
Class 3 0.88 0.53 0.66
Macro average 0.77 0.63 0.67
Weighted average 0.76 0.76 0.74

Table 3. Performance of models with different observation range

Model 2 | Model 3 | Model 4
Precision 0.62 0.77 0.67
Class 1 Recall 0.43 0.45 0.40
Fl-score 0.51 0.57 0.50
Precision 0.79 0.81 0.86
Class 2 Recall 0.91 0.95 0.95
Fl-score 0.85 0.87 0.90
Precision 0.86 0.90 1.00
Class 3 Recall 0.59 0.56 0.86
Fl-score 0.70 0.69 0.92
Precision 0.76 0.83 0.84
Macro Recall 0.65 0.66 0.74
average
Fl-score 0.69 0.71 0.78
Precision 0.77 0.81 0.84
\Zjﬁzg{ Recall 0.78 0.81 0.85
Fl-score 0.77 0.80 0.84
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(Chauhan et al., 2020; Feurer et al., 2015).
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