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Abstract

Turnaround Time (TAT) is a critical quality indicator
in anatomic pathology laboratories, yet its management
remains a challenge, particularly in resource-limited public
hospitals in Thailand. While recent work shows the
potential of machine learning (ML) for operational
intelligence, studies focusing on TAT prediction in this
specific context are scarce. This study aimed to develop
and evaluate ML models for predicting the TAT of anatomic
pathology specimens at Sakon Nakhon Hospital and to
identify the key factors influencing TAT. A retrospective
dataset of 37,515 cleaned pathology records was utilized.
Feature engineering was performed to create variables
reflecting workload (e.g., daily case count) and temporality
(e.g., week of the year). Several models, including Random
Forest and LightGBM, were developed and compared,
with Mean Absolute Error (MAE) as the primary
performance metric. The optimized Random Forest

model demonstrated the highest performance, achieving

an MAE of 1.85 days and an R-squared (R®) of 0.91
on the test set. Feature importance analysis revealed that
the assigned pathologist, week of the year, and daily
case count were the most significant predictors, highlighting
the impact of personnel, temporal, and workload factors.
Machine learning models, particularly Random Forest,
show high potential for accurately predicting TAT. The
findings can be leveraged to develop a decision support
tool for proactive laboratory management, aiming to
enhance operational efficiency and improve the
quality of patient care in resource-constrained healthcare

environments.
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Start: Raw Hospital Data
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1. Data Preparation & Cleaning
- Load Data

- Calculate Raw TAT
- Filter Outliers (TAT 1-90 days)

Cleaned Data

Features

- Select Best

4
3. Model Training
Features
- Train Random Forest Regressor Model

Trained Model

[Output: Deployed ModelJ
(Model Artifacts)
- Model File (joblib)

Deploy
Y

End: Model Ready for Use

Workflow for Developing the TAT Prediction
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Model Type

Model Version

Hyperparameters

Random Forest
Regressor

Baseline (A1i3udu)

* n_estimators: 100

» max_depth: None

» min_samples_split: 2
* min_samples_leaf: |
* random_state: 42
*n_jobs: -1

Tuned - Best
Features

* n_estimators: 200

» max_depth: None

* min_samples_leaf: 2
* min_samples_split: 2
» max_features: 'sqrt'

* random_state: 42
*n_jobs: -1

Tuned -
Statistically
Significant
Features

* n_estimators: 200
» max_depth: None
* min_samples_leaf: 2
* min_samples_split: 2

s Total | Avg | SD |Min| Q1 Median Q3 |Max
(25%) | (50%) | (75%)
Training {30,012|14.19|16.64| 1 6 8 13 90
Set
Test Set | 7,503 | 14.28| 16.7 | 1 6 8 13 90
5000 Distribution of TAT (Days) in Training and Test Sets
— 3 Training Set
0 Test Set
6000
5000
4000 l'
3000 "_ ]
2000
B 1
1000 LT
0 th:]—l‘l_cﬁ—r (= =T 0= o P E—
20

0 40 60 80

TAT (Days)
sUf 3 m‘miz’onslﬁwmﬂszmnﬂumm%aHaﬂnaau

U q

WAZNARDY WUINRN1TNTZMBALDULTYN

dauﬁizﬁw%mwmaLmu%maagﬂﬁi:LﬁuImﬂI%mm
WNI9TFIU 4 Tiia #un Mean Absolute Error (MAE)
2 | a PR 1% < | @
AR AnAdBTRIANNARIAAABUANYTL (Midaduii)
Wunrasiananidnladnsnacasyiaudinnuianaia
Tasaaaliun1sweinsal Mean Squared Error (MSE) #a
ANARLUDIAMNAAIALARDLANAIEDS  (MueTu Tuml)
Feazlinminiuaulanainsuialuguinnin Root
Mean Squared Error (RMSE) #® 51nNi@es28d MSE

. . s o £
(whenduiui) wazr R-squared (R@l) A ANENUSEEND

o a 4 0 X o
nsandula LT dndIunIANLYTUTINTNAINYS
a1 (TAT) Aaursnesurelanqeifadsluuuuiians
1 £ k2 = a a d‘cL 2 o
(Adlng 1 uunefsdsza@nsnings) uenaniildninig
U%’Ugulama{wqi’]ﬁmaﬁf (Hyperparameter Tuning)
& 15U Random Forest waz LightGBM lagldinaiia
GridSearchCV 9987y Cross-validation Lﬁaﬁum"qm
| a sl o o caal o
ANITALARIITRAAWERNgARILanIlUA1919 6
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» max_features: 'sqrt'
* random_state: 42
*n _jobs: -1

LightGBM
Regressor

* boosting_type: 'gbdt'

* n_estimators: 100

* learning_rate: 0.1

e num_leaves: 31

* max_depth: -1

» min_child_samples: 20
* subsample: 1.0

* colsample bytree: 1.0
* random_state: 42
*n_jobs: -1

Default (f13ufu)

Tuned -
Statistically
Significant
Features

* learning_rate: 0.05

* max_depth: -1

* min_child_samples: 20
* n_estimators: 200
*num_leaves: 64

* subsample: 0.8

* colsample bytree: 0.8
» random_state: 42
*n_jobs: -1

wamsnaaop

WDUAa99 Random Forest Tenunisusugulaies
wisfinesuazldyeiaisidndenanisadgnisada
(Tuned Random Forest with Statistically Significant
Features) Tinadwsangn Insansnsawennsal TAT uu
gadayanasoulanion1 Mean Absolute Error (MAE)
AsIss 1.85 1 dmmiganuinlagadsud uwy
Passamsanensaiszaznasenanmaaaonlylaiiu
2 Ju uazilen R-squared (R2) gfla 0.91 Usiinilade
fidenunluuuniassaunsaeiuisanunysUsINeg
TAT @ty 91% azvieufisanuainnsalunisivsluuy
wazanudniusidudenludeyaldodned

Msseuiigulss@nsnn
nMsSsuiisuUszansnmaeuuuinasinisssuily

319 7 Ieuandliduismudndyetidmesnsesoy

daya, n13a5198098 (Feature Engineering), Wazn13U$u
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guvl,mﬂai‘miwﬁma% (Hyperparameter Tuning) %Gﬁiwa
Tngasenatszansnmessnuuinassluniswennsal TAT
a':;'ﬂNamm&ﬁﬁuifumaumiﬁwmiﬁ 4 dunen Feil
dumaud 1 (Baseline) WUIUANITNANNATDINTDYA
(Cleaned Data) A778anA1 MAE (ANL2A8ANNAAIN
LAADU) PBILUUSa8s Random Forest (RF) as@gnarig
nszlanann 27.91 Fu wide 910 Ju soanluduneud 2
(Simple Feature Engineering) iﬁtﬁuﬁwﬁlﬁ daily case count
WResdatien Tefintssansnwassuuninass RF aeld
30 lawan MAE asmas 7.20 Su snviuludumeud 3
(Full Feature Engineering) mﬂ%‘g@ﬁa%’aﬁa%ﬁﬁ”ﬂwﬂ
v“lgwm%amamqmﬁuwmiﬁwm (L9 WeNBUwnE, 1Ian,
Mz, enuduteu) TaRuUseansnmwetheinnazlan
Wnlsk MAE 909 RF anadvideiies 2.42 i (Ral iy
0.89) @auandliiuiihiefiaietuileuaunsoluns
WEINTOUGININ Tnenamsnaaessdlifiuinnisiuiae
fdudonau (19u roling_avg, holiday) ldléTelsuuninans
fu (MAE iy 2.50) LLazﬂluﬂgumauqmﬁw (Final
Model Tuning) n1susuqulaesmsilinesineligailads
ﬁﬁﬁfﬁé’ﬂﬁ'{ymmaa (NN1519 4) RN NLLLENYD
WUUAABY RF Wﬁﬁqm Tasan MAE @931 2.42 34 iae
1.85 M (Rau =

gavneil Wud1 Random Forest WiUsz@nBniwiania

0.91) aSsuisusanasnuludu

LightGBM agsfitisdAty (MAE 1.85 1 1Wisuny 3.39

UL Test Set)

=) = = a a o
ANTNN 7 ﬂqiLUiﬂUL'ﬂﬂUUi:ﬁa‘ﬂﬁﬂquaﬂLLUU"VW@B@GLH

uARzIUADU
funoums nuudiaeaz fetue M MS RM R?
nARvY yatfade (Description AE E SE
(Experi (Model )
ment and
Stage) Feature
Set)
Sumeudt 1: | Random [ARIEACEN 27. - - -
Baseline | Forest Random 91
iipadi (Baseline Forest (RF) i
on Raw Anaeudedoya
Data) Po—
Fuidalisums
MANNEZeIn
Random wwusaes RF 4 | 9.1 209. 14.4 0.
Forest Anaeudrodoyait | O 93 9 22
(Baseline FIUMIINIAIY
on Cleaned v
Data) azetaudd uad
Diarailado T
Sumeud 2: | Random wwsaes RF & | 7.2 157. 12.5 0.
m3aia Forest + iiuTasedumse 0 10 3 42
Tadvednedty nu

(Simple daily case | (daily case
Feature count count) 1 ¢
Engineer LightGBM ERITLEN 7.8 162. | 12.7 | 0.
ing) + LightGBM 1 42 4 40
daily_case_ | (LGBM) 14
count fadomilounu
dionfouifioy
dane3iiy
Huaoudt 3: | Random wudoes RF & | 2.4 312 | 559 | o.
mIain Forest Wyadaiviianga | 2 1 89
Toduidn (BEST (norsunnd, msz
Before
FRGT] au, nan,
N Tune) )
(Full dsznndada
Feature a379) Tagdali
Engineer NP
ing) Hyperparam
eters
Random mudwes REA | 2.5 | 33.0 | 575 | 0.
Forest (All yensuituilesy 0 7 88
Feamres Fadin (Aundo
incl. v o e
. dounda, Tunyn)
rolling_avg
+ holiday)
LightGBM BRITLEN 39 | 46.7 | 6.84 | 0.
(Default LGBM ildya | 5 3 83
Params) hiuiinnqa
(infiou RF
BEST) Tavl¥
mmsiimes
Audu
fuaoud 4: | Random uyuiiaes RF 1.9 244 | 495 | 0.
msdsugu Forest nnduaeud 3 A 9 91
Fugarho (B—I;;led - smmsSugu
Final Hyperparam
g\/Iodel Features) eths i
Tuning) | Random (uusronaita 1.8 | 264 | 515 | 0.
Forest fign 1): RF i 5 8 91
(Tur_le(_i - Jsugulaoly
Statistically an
Significant L?wjg?ﬂﬂmurf
Features) vedhAgyneada
LGBM (uusanaiia 33 372 | 6.10 | O.
(Tuned - fiqa 2): 9 5 87
SFati.stically LGBM sy
IS:Lg;;llfr‘leCSm zl:jflﬂ}%}ﬂﬂﬂﬂwﬂ
(Test Set) nihdedngyni
add (nanarauy
Test Set)

N15ANMIAINAIAY VDI

NNITIATIZNANNEAYBITR8 (Feature Impor-
tance) VBILULINABI Random Forest ﬁﬁﬁzﬂm WuIN1laRE
Pisnswadenswennsal TAT mr}ﬁqm (MAE == 1.85 1)
wusTasenilansnasdanisweansol TAT mﬂﬁqm
Fesmuatauanannludes laun pathologist encoded
(W BUNNEESURATEY), recv_week of year (§UanvBd
Yiilgsuiaa), daily case count (unamanlasuluusdaz i),
recv_day of week (:J'us[,uﬁlﬂmﬁﬁvlﬁ%JULﬂﬂ), department-

sent_encoded ( UHUNNEILAR), specimentype _encoded
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Features

departmentsent_encoded
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(Us2LNN989RIE9IA999), specimencity encoded (AINNTL
TOUBDIRIAINTIA) LAY labtype (Usztnnuesvasuinnis)
gudaay (31 4) NAANSHADAARDINUNITILATIEWNIS
aa & o A o o a a o o a
anfieedy uazduduniasninedesiu Yyaaa (wWensd
6 Qs 6 ar = o
WANE), 1387 (FUA/AUTDIY), LAZNITZIU (NUIULAF
s185%) WufduiedaunanuaInndiumiuluszazian
SRHA

Feature Importance for TAT Prediction (Best Model)

pathologist_encoded
recy_week_of_year
daily_case_count

recy_day_of_week

specimentype._encoded
socimncyencsses I

labtype

) 01 02 03 04
Importance Score

JUN 4 anudAnyzesifasadenisweinsal TAT

91NUUU3I1a83 Random Forest N5Ngn

onusrawa
= | ° a P =
HANITANEINLINLLUINARINITITEUTVRILATEI
(Machine Learning) 1nald Random Forest @1:150
wensalszezasana (TAT) luiesdfisniswensinen
a 3 1 1 o o dil v & 1 <,
meAnalaagnsiugn lasuuuanansdlviiuin TAT Wi

o &

Aae o edo o ' o aa o
NaaWﬁ"ﬂaﬁﬂgﬂuwuﬁwsﬂusﬁauigﬂjqﬁﬁgqEl‘Via']EJst {298

o Ao a

3 a a = 2 o o
FAYNUBNDINANINNGAAD ﬂawmuqﬂﬂa IG]EJ‘WFJ'TD‘

@

o

wandrsuliazeuduiulsdnAny Feazveuivrnudndty
209 'Thapuyed’ lunszuaunmsinnu smusnmeihasau
nan IeuA recv day of week (TUvRIFUMMA) LA recv
week of year (dUa1vivedll) %aﬁma@iagmmumizmu
2U1ITALIU Imﬁwuiﬁ'ué”\imiLLa:i'uﬁms‘ﬁ@hmﬁ'ﬁ TAT
FIGA D1NANIINNTRTANIIUNBULALNATTUNRE AFAFLAW
s ATuAUNSa TAT (31"1*7;2161 (ananslumisns 8)
uenNaNil Fewugaefl TAT Qﬁuiuﬁ'ﬂmﬁﬁ 19-23
(WoEAN-InuIEu) wazdlavin 44 (Uarenana)
%aﬁuﬁuﬁ‘ﬁumiﬁi’qumﬁimﬁawmﬁu (17U TURRTUIAR,

o

WAAIYTY, WDeNnI51D panandlumisng 9) waz

o o o ¢

F9919 NN US NUUTUNNIFIANTDITINIAENAaUATILT U
& A = o = =

WUMINBATNITN TINTINURgLWIzdgnuaziiuing?
AUDNIFINAROWIANTTUNITUITULINITHIDNITANVD

YAaNT gavinede Ja98A1un19291U 19U daily case

'
=

o AN va ' o A o ' o
count (’%Wu’lumﬁ‘ﬂiﬂ’iuiuu@mz’)u) FIUSUDENILD
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sUsTTNIUTIIMNUTNade TAT a8 eldadAty Han1s
ANBNTIRILITIUMULINABINIGITEUT A1N1TDTUAN
v o fado o |§(/La,|a a a Ao
Funusndudenmariilaognadivss@nsnim wazldnenings
Tunstlydszgndldinesudganisuinisianisies
ftanslddyszansnmunnaulueuian

A15199 8 Aaas TAT luuwsaziuaesdUanv

Hludlani aunde TAT (1)
. e
Fund 11.69
8913 15.08
no 133
o
noWaud 14.2
.
Ans 16.54
.
1|9 13.83
a2
01iind 14.13

715190 9. ANARY TAT gogn 5 SUALLINUENAIN
FUaviveall

aunds TAT (&)

X
=.

dn

20 28.63

23 21.77

19 21.36

21 20.86

44 20.71

ugdrAguaznisyszgnely
wuuiassiwannauddnanmlunisinluyssgndld

<,

WuieIesdeativayunisandulalunisuimsinnisies

a wa

YJudnis lesasnsnidsunszuiunisanidesulg

Fagnle aansalduuuinassilifionsnnsainmszanmanin
szyleafifianudesatt uazUsulgeUszansain
nszuammsinen msthuuuisesluldlussuuasauna
994l59WeN11A  (Hospital Information System: HIS)
AT88n5EAUNITUIMITIANSTIdUIARoudI8daya
(Data-Driven Management) ULAZ&INARADAMANINNNT
Y3nsgihe

19917A209N 1AM

wnwanisansiduiiimels udfideindaunssens
AdasRansan wu nsansrluaniuifien (Singlecenter
study) mstnluldiulsenenunasuddedlasunisasia
FOULNAN uaziadedug Neradinane TAT walsld
gniuiinBilugedeyadl 1wy swauvienduwile $1uau
Fuanwesyaang 1a3esdledngn mgnsaifilimada 1y
Tlnal sidszdlallva Sldldgninanfansn
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asu

MSANHELENIWRAILLUUR1ADS Random Forest @9
AUNTANBINTDISTEZIA15ENA (TAT) 19IFIEINTIANI0
wensinenmeinalaagnoududn lnedsaduanuaain
mﬁlauﬁuyitﬁ (MAE) g9 1.85 1 Wan193LAssy
ﬂ@%ﬂﬁﬂﬁmﬁ (Feature Importance) %"ﬁ'mdwwm%uwwﬁ
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