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ABSTRAC T
Th e escalating g lob al dem and for functional foods —pr oducts fo rmulated to confer health b enefits b ey ond b asic
nu trition —has intensified th e n ee d f o r ro bust p red ictive framework s cap ab le o f ensurin g micro bio logical safety an d
qu ality throughout complex suppl y chains. Traditional pred ictive micro b iolog y models, while pro vidin g foundational
co ntrib utions to the field, exhibit inheren t limitations in capturin g the intricate, no nlinear interactio ns among intrinsic
fo od proper ties, ex trinsic env iron men tal fac tors, an d m icro bial po pu lation dynam ics within f u nctio nal f ood m atrices.
Th is in vestigation presents a co mp rehensive evaluatio n of advanced machine learning ( ML) m ethod olog ies f or
pr ed ictive modeling of micro bial growth kin etics and shelf life estimation in function al foods. Five ML algorithms —
Radial Basis Fun ction Neural Network s (RBF -NN), Random Forest Reg ression (RFR), Sup p ort Vector Regression
(SVR), Gaussian Process Regression (GPR), and Long Short - Ter m Memory (LSTM) networks —wer e systematically
assessed ag ain st co n ven tion al p rim ary growth m odels ( Gom per tz, Lo g istic, an d Baranyi) u tilizing a m ulti - dataset
fram ewo rk enco mpassing diverse fu nctio nal food m atrices. Perf or man ce metr ics including adju sted R², Root Mean
Squar e Error (RMSE), Bias F a cto r (Bf), an d Accu racy Factor ( Af) rev ealed th at ML ap p roaches consistently surp assed
trad itional models, with GPR ac h ievin g the h ighest predictive accu racy (R²ad j = 0.959, RMSE = 0.153 ) an d LSTM
dem o nstrating superio r capacity f or capturing temporal d epend en cies under dynam ic temperatu re condition s (72.5 %
RMSE red uctio n comp ared to Gomper tz). The RBF neu ral network model exh ibited exceptional performan ce in shelf
life p red iction with a r elativ e err or o f 2.66%, su bstantially o utp erfo rming conventional k in etic m od els. SHapley
Add itive ex Planation s (SHAP)-based interpretab ility analy sis id en tified tem per ature, p H, an d water activ ity as th e
mo st influ en tial pred ictor s across all mo dels. These fin din gs establish machin e learnin g as a transfo rm ative paradigm
in predictive foo d micr obiology, o ff ering unprec ed ented accur acy flex ib ility, an d data -driven in sight for shelf life
estimatio n in fu nctio nal foods, with sign ifican t imp lication s for f ood safety manag emen t and q u ality assuran ce in the
fu nctio nal food in dustry.

KEYWORDS:  mach in e  lear nin g,  predictive  microbiology,  f un ctional  foods,  m icro bial  g ro wth  dynam ics,  shelf  life 
pr ed iction, neu ral network s, Gaussian p r ocess regression, food  safety, SHAP analysis

1. INTRODUC TION
1.1  Background and Ratio nale
Th e functional f ood sector h as experien ced rem arkab le expansion o ver the p receding decade, p ropelled by escalating
co nsumer recognition o f th e d iet - h ealth nexus, m o unting h ealth care ex p end itures, and sign ifican t ad v ances in
nu trition al science. Functio nal food s, b road ly d efined as produ cts d eliver ing h ealth b enefits surpassing fu n dam en tal
nu trition al functions th ro ugh the inco rpor ation of b io active co mp oun ds, p rob iotic microorganisms, p r eb iotic fib ers,
or fortified nutrien ts, now constitute a m u ltibillion - d ollar glob al industry with projected sustained gro wth trajectories
(Tar lak , 2 023 ). Th is sector encompasses an extensive array o f p rodu cts, in clud ing fer mented d airy item s, p robio tic
bev er ag es, fortified b ak ed goods, f un ction al confectionery, and specialized n u tritional supplements, ea ch presenting
un iqu e challen ges for q ua lity assurance an d  shelf life determinatio n (Kumar et  al., 20 24).
Th e in trinsic co mp lexity o f f un ction al f ood products, characterized b y d iver se formulations, ac tive b io log ical
constituents, an d v ariab le physicoch emical p r operties, imposes sign ifican t ch alleng es f or co n ven tional q uality
man ag em ent ap p roaches. Microbial s po ilage r em ains a p rimary d eterm inant of shelf life in functional foods, d irectly
aff ecting p rodu ct safety , nutritional in tegrity , sensory characteristics, an d co n sumer h ealth o u tco mes ( Tar lak et al.,
20 2 5). The presence o f b ioactive compounds, p robio tic cultures, an d sp ecialized ingredients in f unction al foods
crea tes  distinctive  m icro bial  ec osystems  th at  d iffer  substan tially  fr o m  conven tional  f ood  products,  necessitating
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sophisticated approaches for understand ing and predicting microbial growth dy nam ics within these complex matrices 
(Taiwo et  al., 2024).
Th e ec ono mic and public health im p lications of inadeq uate shelf life pred iction ar e substantial. Prematu re produ ct
disposal d ue to in accurate shelf life estimation co n tributes to food waste, rep resenting b oth econom ic losses an d
en viro nmen tal burden (Liang et al., 20 26). Conversely, overestimation of shelf life poses s ign ifican t food safety risks,
po ten tially lead in g to consumer ex po sure to spoilag e organ isms o r f oo d borne pathogens. Th e World Health
Organ izatio n estimates th at foodbor ne diseases aff ect appro xim ately 600 m illion p eople an n ually , with significant
mo rb idity and m o rtality p articularly aff ecting vulnerable populations in developin g n ation s ( Tai wo et al., 2024).
Conseq uen tly, accurate an d reliable p r ed ictive framework s for m icrobial g r owth d ynamics ar e essential f o r ensuring
product safety , m inimizing waste, an d m ain tainin g consum er conf idence  in function al food products.
1.2  Traditional Pre dictive Microbiology :
Predictive food microbiology has historically relied upon mathematical mo dels to forecast microb ial behav ior in food
en viro nmen ts, integrating microbiolo gical k nowledg e with m ath ematical and statistical p r incip les (Ross &
McMeekin , 2 0 03). T hese models ar e co n v entio nally ca tegorized in to two p rin cipal types: p rimar y an d secon dary
mo dels. Primar y m odels d escribe micr ob ial popu lation behav ior o v er tim e und er static en v iro nmental condition s,
cap turin g population g rowth, sur viv al, o r d eclin e when ex ternal f actor s r em ain co nstant. Secon d ary models acco u nt
fo r th e influence o f enviro nmental variab les —temp eratu re, pH, water activity , an d f oo d matrix co mp osition —on th e
par am eters of primary models (Chaturv ed i et al., 20 23).
Th e classical ap p ro ach to predictive mod eling em ploy s well - established p r imary growth m o dels in clud ing th e
Gom per tz, Logistic, an d Baran yi models (Tar lak , 2023 ). The Baran yi model, in particu lar, h as r eceiv ed widespread
reco g nition for its mech an istic foun dation an d ca p acity to d escribe b acter ial g ro wth dynamics with p hy siolog ical
relev an ce (Baranyi & Roberts, 1994 ). Secon d ary mod els extend th ese fr amewor k s b y incorporating env ironmen tal
facto rs thro ugh m athem atical relationships, typ ically req u iring either two -step or one-step modeling appro aches (Ross,
19 9 6).
Despite their f oun dational contribution s to food microbiology, trad ition al p redictive models ex h ibit several critical
limitations th at co nstrain their applicability to contemporary food systems. A significant co n cern is th e p oten tial
accu mu lation and am pli f icatio n o f errors, wh ich m ay occur becau se the n o nlin ear r eg ression pro cess is p er fo rm ed
twice—initially in dev elop ing th e p rimary m odel and subsequ ently wh en integr ating enviro nm ental facto rs in th e
second ar y model (Kumar et al. , 2024) . Furthermore, trad itional mo dels often demonstrate limited cap acity to ca ptu re
the nonlin ear and m ultidim ensional in teractio ns inh erent in r eal - wo rld foo d systems, p articular ly when multiple
en viro nmen tal v ar iables an d inh ibitory f acto rs ar e in vo lved ( Tar lak et al., 2 0 25). Th ese limitation s are esp ecially
pronou n ced in f u nctional fo ods, wh ere co m plex ingredient inter action s an d b ioactiv e co mp oun ds cr eate h igh ly
dy n amic micr ob ial en v iron ments th at ch alleng e th e assum ptions u n derlying tr ad itional modeling appro aches (Taiwo
et al., 2 0 24).
Add itional limitation s include the r eq uirem ent f o r explicit m ath ematical fo rm ulation s th at m ay n o t ad equately
rep resent th e co mp lexity o f real - world m icro b ial systems, th e inab ility to incor porate d iverse p red icto r v ariab les
simultaneously witho ut separ ate m od eling steps, an d th e f u ndamen tal co nstraint o f assuming co nstant en viron men tal
co nd itions that rarely reflect sup ply chain r ealities (Liang et al., 20 26). The increa sing availability of high -d imen sion al
data an d the recog nition o f these lim itations h av e cataly zed in terest in alter n ative mo deling approaches cap ab le o f
addr essing  these ch alleng es.
1.3  The Emerg ence of Machine Learning in Pred ictiv e Food Microbiology
Th e lim itations o f tr ad itional m o delin g approach es h av e stimulated g r owing interest in mach in e learning as a
tran sform ative parad igm in predictive food m icro bio logy (Taiwo et al. , 202 4). Mach ine lear nin g algor ithms o ffer
several d istinct adv an tages: they c an p rocess high -d imensional, non linear d ata with out requiring explicit mech an istic
assump tions; th ey lear n p atterns d irectly from empirical d ata; an d th ey can incorp orate diverse p r edicto r v ariab les
simultaneously ( Lian g et al., 2 0 26 ). Recen t ad van ces in c o mp utatio nal power, d ata availab ility, an d alg orith m
develo p ment have enab led the app lication of sophisticated ML tech niq ues to food safety an d quality prediction across
div erse co ntex ts (Yildirim -Yalcin et al. , 2 023 ).
Machin e learning approac hes by pass the conventional prim ary and second ary modeling steps, en ablin g a streamlined,
precise char acterizatio n of micro bial interaction s in food pr oducts (Wang et al., 2022). Studies have demonstrated that
ML mo dels can successfully predict micro bial growth with accuracy compar able to or exceeding conven tional kin etic -
based m odels ( Lin et al., 2023) . T he integration o f m achin e learning with classical p redictive microbiology
fram ewo rk s has emerged as a promising direction, with pl atform s now availab le that co mb ine two -step, one -step, and
ML mo d eling app roach es ( Tarlak et al. , 2 025 ).
Several ML ap pro ach es h av e dem o nstrated p articu lar promise in f oo d m icro b iology app lications. Rand o m Forest
Regression h as p ro v en effective f or handling high - d imensional d ata an d provid ing robu st featu re importan ce
assessmen t ( Taiwo et al., 2024 ). Suppo rt Vecto r Regression , p articularly with k ernel meth od s, h as demonstrated
strong  p er forman ce  in  capturing  n o nlinear  r elatio nships  in  fo o d  q uality  p rediction  ( Yildirim -Yalcin  et  al.,  2023).
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Gaussian Pro cess Regr ession o ffer s th e u niqu e advan tage of providing both pred ictions and uncer tainty estimates,
valu ab le for risk assessment (L ian g et al., 20 26). Neu ral network ap proach es, including RBF - NN an d LSTM network s,
hav e shown ex ception al cap abi lity in modeling complex temporal dep enden cies and nonlinear relationship s (Wang et
al., 2 022) . Th ese d iverse appro ach es provid e a r ich too lkit fo r addressing th e u n ique ch allen ges o f p red ictive
micro b iology in functional foods.

Figure 1 . Conceptual workflow of machine learning -based predictive m icro biology  for m icro bial gro wth and 
shelf-life estim atio n in functional foo ds.

1.4  Functional Foods: Distin ctiv e Challenges and Resear ch Opportunities
Functio nal  f oods  p resent  d istinctive  ch allen g es  for  predictive  modeling  th at  render  them  p ar ticularly  am enab le  to 
mach in e  learning  ap proach es  ( Kumar  et  al.,  2024).  T h ese  products  typically  co ntain  b ioactive  co mp ounds,  probiotic 
microorganisms, preb iotic fi b ers, or fortified nutrien ts that interact in complex ways with spoilage organisms and with 
each  o ther  (Tarlak ,  2023).  T he  d iver se  formulatio n  o f  f u nction al  foods —ran g ing  from  fermented  d airy  produ cts  an d 
pr ob iotic  b ever ag es  to  fortified  bak ed  goods  and  f u nctional  confection ery —creates  a  b r oad  spectru m  o f 
physicoch em ical environments that inf luen ce microbial growt h  in  p rodu ct - specific way s (Chaturv ed i et al., 20 23). 
Recent  r esearch  h as  demon strated  th e  application  o f  artificial  in telligen ce  in  function al  food  d evelop ment  acro ss 
mu ltiple  d o main s  in clu ding  formu lation  and  in gred ient  selection,  v iability  an d  shelf - life  m o delin g,  f unction al  an d 
an tioxid an t  b io activity  ass essment,  an d  sensory  and  co nsumer  p rediction  ( Lin  et  al.,  2 02 3).  Mach ine  learning 
ap pr oaches have b een par ticularly valuab le in predicting the b eh av ior of functional f oods durin g storag e, with artificial 
neu r al  n etworks  ac hiev ing  99%  accu racy  in  p r ed icting  th e behav ior  of  f u nctional  g u av a  jam  incor porating  Alo e  v era 
(Wang  et  al. ,  2022) .  Th e  u n ique  composition  o f  functional  foo d s,  co mb ined  with  th e  in crea sing  availab ility  o f 
co mp reh ensive d atasets, creates substan tial oppo rtunities for ML -b ased predictive mo deling  (Liang et  al., 20 26).  Th e
p robiotic co mpo nents of man y function al food s introduce ad dition al complexity to predictive mod eling, as th ese 
ben ef icial  microorganisms  must  m aintain  viability  throughout  shelf  life  wh ile  simultaneo usly  managing  spoilag e 
organ ism growth (Kumar et al.,  2 024 ). In teraction s between pro b iotic cultur es and spoilag e microorganisms, wheth er 
co mp etitive  or  an tagonistic,  may  inf luence  g r owth  dynamics  in  way s  th at  are  d ifficult  to  cap tur e  with  traditional 
mo delin g  appro aches  ( Tar lak  et  al.,  2 0 25 ).  Furth ermore,  the  h ealth  b enef its  associated  w ith  fu nctio nal  foods  o ften 
dep en d  o n  m aintain ing  m inimu m  concentrations  o f  b io active  compoun ds  or  p r obiotic  organisms,  cr eating  specific 
qu ality thresholds that m ust be pred icted ac curately (Chat urvedi et al., 2023 ).
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2. MATERIALS AND  MET HODS 
2.1  Study Design and Data Sources
Th is investigation emp loy ed a compreh ensive multi - d ataset framewo rk incorporating experimental data fro m multiple
fu nctio nal food m atrices to ensure rig orou s evaluation of m ach ine learning approaches. The datasets were selected to
enco mp ass diverse foo d ma trices, var iab le storage co nd itions, an d differ en t targ et microorganisms, provid ing a robust
foundatio n for compar ative model assessment. Five p rimar y datasets were utilized , as summar ized in  Table 1 .

Table 1 : Sum m ary of Functional Fo o d Datasets Used in t he Study

Dataset

1

2

3

4

5

Food  Matrix

Oat Fresh Wet 
Noo dles

Yog ur t 
Fermen tation

Culture Med ia

Cooked Deli 
Food s

Sea Bass

Targ et Variab le

To tal Bacterial 
Count

Cell Count, p H

Pseud om on as 
Growth

Leu co no stoc 
Count

TVC, 
Pseud om on as 
Count

Predicto r 
Variab les

Tem per atur e, pH, 
aw, Mo isture

Tem per atur e, 
Time, L actic Acid

Tem per atur e, aw, 
p H

Tem per atur e, pH, 
Add itives

Tem per atur e, 
Storag e Time

Sample 
Size

2 4 0

1 8 0

3 5 0

4 2 0

2 8 0

Storag e 
Conditions

4°C, 1 0°C, 
25 °C

37 °C, 41°C, 
45 °C

4 -3 7°C

5 -2 5°C

Variab le

Dataset  1:  Oat  Fresh  Wet  Noo dles.  Micro bial,  phy sical,  an d  ch emical  in dices  were  collected  f rom  o at  fresh  wet 
no o dles  stor ed  at  d ifferen t  temper atures  ( 4°C,  10°C,  2 5 °C).  Th e  to tal  b acter ial  count  (TBC)  was  mo n itored  o v er 
storag e  p er iods  o f  u p  to  28  days.  Key  v ariab les  in clu ded  temper atu re ,  pH,  water  activ ity  ( aw),  and  m oisture  co nten t. 
Th is dataset compr ised 240 observation s with eig h t p redictor variab les and on e target v ar iable (Jin et al.,  202 3). 
Dataset  2 :  Yogurt  Ferm entation.  Fermen tation  d ata  for  S trepto coccu s  th ermoph ilus  an d  Lactob a cillus  d elbrueckii 
subsp. bulgaricus in reconstituted skim milk at 37°C, 41°C, and 45°C. Variables included temper ature, pH, lactic acid 
co ncen tratio n,  and  b acterial  coun ts  o ver  fermen tation  tim e  ( u p  to  8  hours).  T his  d ataset  comprised  1 80  observ ations 
with tim e- series measurem en ts (Chaturv e d i et al., 20 23).
Dataset 3 : Pseudomonas spp. G ro wth in Culture Media. Growth d ata for Pseudomona s sp p. under v ary ing
temp eratu re ( 4-3 7 °C), water activity (0.95 -0.99), an d p H (5.0 - 7 .5) condition s. Th e d ataset inclu ded 3 50 observ ations
cap turin g comprehen sive growth respo nses acr oss environmental g rad ien ts (Tarlak, 2023).
Dataset 4: Leuconostoc spp. in Co ok ed Deli Foods. Growth k inetic d ata for Leuco nostoc spp . in corpo rating the
eff ects of sodium acetate (0 -1.5%), gly cine (0 -1.5 %), temperature (5 - 25°C), an d pH (5.0 -6.0). This dataset comprised
42 0 observatio ns with multiple in hib itory facto rs (Taiwo et al., 20 24).
Dataset 5: Sea Bass Shelf Life. Quality and microbial data for sea bass stored at var iou s temperatu res, including total
viab le count (T VC) and Pseudomonas q u antity. The d ataset in clud ed 280 observ ations with storag e time - series
measurem en ts (Tarlak  et al., 2025 ).
2.2  Traditional Primary  Growth Models
Th ree classical p r imary growth m o dels wer e imp lemented as b en ch mar ks for compar ison again st m ach ine learning
ap pr oaches. These models represent the standard approaches in predictive food microbiology and were selected based
on  th eir widespread adoption  in  th e field (Tarlak , 20 23; Chaturv ed i et al., 2023).
2.2 .1  Modified Gompertz Model
Th e  m odified  Gom pertz  m odel,  wid ely  u tilized  in  p r edictive  food  m icro b iolog y,  d escribes  b acterial  g ro wth  throug h 
the f o llowing equ ation ( Z wieter ing et  al., 19 90):
N(t) = N₀ + ( Nₘₐₓ − N₀) × exp{−exp[μ ₘₐₓ × e/(Nₘₐₓ − N₀)  × (λ − t) + 1 ] } 
wher e:
•  N( t) = b acterial count at tim e t (log  CFU/g) 
•  N₀ =  initial b acterial co u nt (log CFU/g)



Genetics and Molecular Research 25 (10s): 2026 4



•  Nₘₐ ₓ = max imu m po pulation density (lo g CFU/g)
•  μ ₘₐ ₓ = m aximum specif ic growth rate  (lo g CFU/g/h) 
•  λ = lag  time ( h )

•  e  = E uler's nu mb er (2.718...) 
2.2 .2  Logistic Model
Th e Logistic mo del, recog nized for its simplicity and math ematical tractab ility, was implemen ted using the following 
form ulation  (Tsou laris & Wallace, 2002):
N(t) = N₀ + ( Nₘₐₓ − N₀) / {1 + ex p[4μₘₐₓ/(Nₘₐₓ − N₀) (λ − t) + 2]}
wher e  v ar iables  ar e  as  d efin ed  ab o ve.  Th e  Logistic  m o del  assumes  symm etric  g r owth  k inetics  an d  h as  b ee n  widely 
ap plied  in m icrobial growth prediction  (Tarlak, 2 023).
2.2 .3  Baranyi Model
Th e  Baran yi  m od el,  recognized  fo r  its  m ech anistic  foun datio n  an d  physiolog ical  r elev an ce,  incorporates  a 
physiolo gical state param eter to d escribe b acter ial gr owth dynam ics (Baran yi &  Rober ts, 199 4):
N(t) = N₀ + μ ₘₐ ₓ × A(t) − ln(1 + (e^( μₘₐ ₓ × A(t)) − 1) / e ^(Nₘₐₓ − N₀)) 
wher e:
•  A( t) = t + (1/μₘₐₓ) ×  ln(e^( -μ ₘₐₓ × t) +  e^( - h₀)  -  e^(-μ ₘₐₓ × t - h₀)) 
•  h ₀ =  initial phy siological state par am eter

•  Oth er v ar iables as defin ed above
Th e  Baran y i  m od el  h as  r eceiv ed  wid espread  ad op tion  in  p redictive  micro bio logy  d ue  to  its  ab ility  to  cap tu re  th e  lag 
ph ase mechan istically  an d its demon strated performan ce across diverse fo o d systems (Tarlak  et al. , 2025).
All tr ad itional models wer e fitted to experim en tal d ata using nonlin ear regression with th e L ev enberg -Marq uardt
alg orith m implemented in Python's SciPy libr ary (v1.11.0). Initial p aram eter estimates were o btain ed through
pr eliminar y g rid search , and con ver gen ce was assessed u sin g standar d criter ia (grad ien t tolerance < 1 e - 6, p ar am eter
ch an ge to lerance < 1 e-6 ). Model fitting was per formed  separately  f or  each tem p eratu re condition and  dataset.
2.3  Machine Learning Algorithm s
Five mach ine learnin g algorithms rep resenting div erse meth odolo gical approaches were implemen ted for com parative
ev aluatio n. These algor ithms wer e selected to encomp ass both classical ML ap p roaches and deep lear n ing methods,
pr ov iding  comprehensive coverag e o f the ML landscape.
2.3 .1  Radial Basis Function  Neural Netwo rk  ( RBF -NN)
Radial Basis Function Neural Network s rep resent a class of feedfo rward networks with a single hidden layer of rad ial 
basis neu ro n s (Broomhead & Lowe, 1988 ). The RBF -NN emp loy s Gaussian ac tivation  functions of th e form:
φ(x ) = exp(−||x  − c||² / 2 σ²) 
wher e:
•  c  = ce nter  of the b asis function

•  σ  = spread  parameter controlling th e radius of influ en ce
Th e network output is a weighted linear com binatio n of these basis functions, with weights deter min ed through linear
regression o n the tran sform ed in p ut sp ace ( Hayk in , 2009 ). RBF-NNs h av e dem on strated ex cep tion al per formance in
shelf life pred iction, with relative err or s as low as 2.66% in  food  applications (Jin et al. , 2023).
Th e RBF-N N ar ch itecture comprised an in pu t lay er (variable d ep end ing on pred ictor co unt), a h id den lay er with 5 0 -
10 0 neurons, an d an o u tput layer for growth p rediction . The spread p ar ameter was o ptimized using grid search (σ =
0.1 -2.0), and th e network was tr ain ed using th e orthogonal least squ ares alg or ithm fo r center selection (Chen et al. ,
19 9 1).
2.3 .2  Random  Fo rest Regression (RFR)
Rando m Forest is an ensemb le learn ing metho d that constructs mu ltiple decision trees du ring training and ou tputs the
mean prediction of ind ividual trees (Breiman , 2001). For regression tasks, R FR builds B trees using bo otstrap samples
an d rando m feature se lectio n at each split. Th e p rediction for a n ew inp u t x  is:
ŷ( x)  = (1/B) × Σ_{b =1}^{B} ŷ_ b(x)
wher e ŷ _b(x ) is the pred iction from  the b - th tree.
Hyp erp arameters o ptimized inclu ded : number o f tree s (100 -5 00), m ax imum depth (1 0 -50) , m inimu m samp les split
(2 - 10), and m axim um features (sqr t o r lo g2 o f to tal f eatures). RFR was selec ted fo r its demonstrated robustness to
ov er fitting, ability to handle n o n linear relationship s, and built - in featu re im po rtan ce assessment (Liaw & Wiener,
20 0 2).
2.3 .3  Support Vecto r Regression (SVR)
Supp or t Vector Reg ression extends supp o rt v ec tor m ach ines to r eg ression tasks b y find ing a functio n that d ev iates
fro m actu al targets b y at m o st ε fo r all train in g d ata, while m ain taining max imum flatness (Vap nik , 1 9 95). For a
train ing set {( x₁, y₁) , ...,  (xₙ, y ₙ)}, SVR solves the fo llowing optimization  p roblem :
min _{w,b } ½||w ||² +  C Σ_{i=1}^{n} ( ξ_ i + ξ_i*) 
subject to :
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•  y _ i -  ( w·x_ i + b)  ≤ ε + ξ_ i  
•  ( w·x _i + b)  - y_ i ≤  ε + ξ_ i* 
•  ξ_ i, ξ_ i* ≥ 0
wher e  C  is  th e  regularizatio n  p aram eter,  ε  is  th e  tu b e  width,  an d  ξ_ i,  ξ_ i*  are  slack  v ariables  f o r  er rors  above  and 
belo w the tu b e (Dru cker et  al., 1997).
Radial b asis fu n ction (RBF) k ern els wer e em p loy ed to h and le n o nlinear relationships (Sch ölk op f & Smo la, 2002).
Hyp erp arameters o ptimized included regular ization p ar ameter C (0 .1 - 1 00), epsilon (0.001-0.1 ), and g amma ( 0 .00 1 -
10 ) u sing Bayesian o ptimization .
2.3 .4 Gaussian Process Regression (G PR)
Gaussian Pro cess Regression is a non -p arametric Bayesian appro ach th at d ef ines a prior o v er functio ns an d u pdates
this p r ior with observ ed d ata to p ro duce a posterior distribu tion (Rasmussen & Wi lliams, 2006). A Gaussian proce ss
is comp letely specified  b y its mean  function m(x) and covariance function k (x, x'):
f(x ) ~ GP(m(x), k(x , x'))
Th e squar ed ex ponen tial (RBF) k ern el was employed  for this inv estigatio n: 
k( x, x') = σ _f ² × exp(−||x −  x '||²  / 2 l²)
wher e:
•  σ _f ² = signal v ariance

•  l =  len gth scale param eter
GPR p rov ides n ot o nly p redictions b u t also u n certain ty estimates, wh ich is p articu larly v alu ab le f or risk assessment
in fo od safety application s (Kumar et al., 2024). Hyperparameters were optimized throu gh marginal likelihood
max imizatio n with th e L-BFG S-B algo rithm .
2.3 .5  Long Short-Term  Memory (LSTM) Netwo rk s
Lo ng Short-Ter m Memory n etwork s r ep resent an advan ced class o f rec u rren t n eural network s d esigned to captur e
lon g - term d ependen cies in sequen tial d ata (Hochreiter & Schmid hu b er , 1997). Th e LSTM u nit consists o f in put,
fo rg et, and outp ut gates:
i_t = σ(W_i·[h _ {t -1}, x_t] + b_i) 
f_ t = σ(W_f·[h_ {t -1}, x_t] + b_f) 
o_ t = σ(W_o ·[h_{t -1},  x_t] + b_ o)
C_t = tanh(W_C·[h _{t - 1 }, x_ t] + b _C) 
C_t = f _ t * C_{t - 1} +  i_ t * C_t
h_ t = o _ t * tanh (C_t) 
wher e:
•  i_ t, f _t, o_t = input, forg et, and  o utput g ate activ ation s 
•  C_t = ce ll state
•  h _ t = h idden state

•  σ  = sigmo id activ ation fu nction
LSTM was selected f or its p a rticu lar suitability in m od eling tem p oral d ep end en cies in microbial gro wth d ata und er
dy n amic con ditions (Lian g et al., 2 026). T he LSTM ar ch itectur e consisted of 2 -3 hidden lay er s with 50 -100 u nits
each , followed by a den se ou tp ut layer . Training was performed using the Adam optimizer (Kingma & Ba, 2015) with
early  stopping to  preven t ov erfitting .

Table 2 : Optim ized Hyperpara m eters for Machine Learning Model s

Mod el Hyp erp arameter

RBF-NN Spread  (σ)

Search  Range

0.1  - 2.0

Optimal Valu e

0.8 5

Num ber of neuron s 1 0  - 20 0 7 5

RFR Num ber of trees 1 0 0  - 500 3 0 0

Max d ep th 1 0  - 50 2 5

Min  samp les split 2  -  10 5
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SVR C 0.1  - 10 0 12 .5

ε 0.0 0 1 - 0.1 0.0 0 8

γ (RBF) 0.0 0 1 - 10 0.3 5

GPR Len gth  scale (l) 0.1  - 5.0 1.2

Signal v arian ce (σf²) 0.1  - 10 2.8

LSTM Hidden  lay er s 1  -  4 2

Units per lay er

Learn in g rate

Batch size

3 2  - 25 6 1 2 8

0.0001  - 0.01 0.0 0 1

1 6  - 12 8 3 2

2.4  Data Preprocessing a nd Feature Engineering

Figure 2 . Dat a preprocessing a nd m achine learning m odel developm ent pipeline.

2.4 .1  Data  Cleaning a nd Norm aliza tio n
All  d atasets  u nd erwen t  syste m atic  p rep ro cessing  procedures  to  en sure  d ata  q u ality  and  co m patib ility  with  mach ine 
learn ing  algorithms:
Missing Value Handli ng: Missing valu es were addr essed using mu ltiple imputatio n with chain ed equations (MICE),
which ac co un ts f o r u ncertainty in im p utation s through m u ltiple im pu ted datasets (Van Buuren & Groothu is -
Oud sho o rn, 2011). Five im puted d atasets were g en erated  and co m bined  for analysis.
Outlier Detec tio n a nd Trea tm ent: Outliers wer e iden tified using th e interquartile r ang e (IQR) m eth od , with v alu es
bey o nd 1 .5 × IQR fro m th e q uar tiles co n sidered o utliers. Id en tified outliers wer e Winsorized at th e 1st an d 9 9 th
per cen tiles to p reserv e data  integ rity while m itigating  the i n fluen ce o f extrem e values (Wilcox, 2012).
Fea ture Normalizat ion:  Numerical f eatur es were normalized  using m in -m ax scaling  to the ran g e [0 , 1]: 
x_ n orm  = (x  - x_ min ) / (x_max  -  x_min)
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Min- max  scaling  was  selected  to  p reserv e  r elation ships  among  o rig inal  d ata  wh ile  ensuring  compatibility  with 
alg orith ms sensitive to fea ture scale (Hastie et al., 2 0 09 ).
Categ o rica l Variable Encoding: Categor ical var iab les were enco d ed using one - hot enco d ing to represent categ ories
as binar y vectors while avo iding implicit ordinal relationships that could mislead alg orithms (Pedregosa et al., 2011 ).
2.4 .2 Feature Selectio n
Feature im po rtan ce was assessed  u sing three co mplemen tary metho ds to ensure  robust feature selection:
Pea rson  Co rrela tion  Analysis:  L inear  relationships  b etween  predictors  and  target  v ariables  wer e  assessed  u sing 
Pearson co rr elation coefficien ts, with |r| > 0.3  co n sidered  indicative o f m ean ingf ul linear associatio ns (Field, 2013). 
Random Forest Fea ture Importa nce:  Perm utation importance and mean decrease in impu rity were calculated fro m 
ran d om  forest  m od els  to  ass ess  fea ture  im po rtan ce  based  o n  m od el  per formance  d eg radatio n  an d  node  purity 
imp ro vem ent (Breiman , 2001).
Recursive F ea ture Elim ination with Cro ss -Validation (RFECV): RFECV was em plo yed to iterativ ely remove
featu res an d assess cr o ss-v ali d ation p er form ance, id entify ing o ptimal fea ture subsets thr ou gh back war d selection
(Guy o n et al., 200 2).
Th e fin al feature sets included: temperature (T), pH, water activity ( aw), initial microbial coun t (N₀), storag e time (t), 
an d f ood -specific variab les (moisture co nten t, additives concentration , lactic acid  concen tration).
2.4 .3  Data  Splitting Strategy
Each  dataset was p artition ed into training, v alidation, and test sets us ing  the following strateg y: 
•  Training Set:  7 0 % of d ata for mod el d evelo pm ent an d parameter  estimatio n
•  Validatio n Set:  1 5 % for h yperparam eter tuning and  model selection 
•  Test Set:  1 5 % for f inal m od el ev aluatio n and p erforman ce repo rting

Stratified  samp ling  was  em p loy ed  to  ensure  representative  d istribution  across  ex p erimental  co nd itions,  p articu larly 
fo r variables with non -u n iform d istribu tions (Koh avi, 1995).
2.5  Model Training a nd Hyperpara m et er Optimiza tion 
2.5 .1  Cross-Validation Strategy
Five-f old  cross-v alid ation  was  im plem en ted  f o r  all  models  to  ensure  robust  per formance  assessment  an d  m itigate 
ov er fitting (Hastie et al., 2 0 09). For each fo ld:
•  T rain ing on  4 fo lds, validation on 1 -f old
•  Pro cess rep eated  3  times with differ en t ran dom seeds 
•  Av erag e performance m etrics repo rted across all run s
Stratified k -f old cro ss-v alidation was emp loy ed to m ain tain consistent clas s distribution acr oss fo lds (Kohav i, 1 9 95).
Th is ap pro ach en sures th at model p erf orman ce estimates ar e g en eralizab le an d not dep enden t o n a p articu lar d ata
par tition.
2.5 .2 Hyperparameter O ptimiza tion
Bayesian op timization with Ga u ssian pro cesses wa s emp loy ed fo r hyper p arameter tu ning, utilizing the Tree -structu red
Parzen Estimator ( TPE) algorithm (Bergstra et al., 2 0 1 1). T he o p timization objective was to m inimize v alidatio n
RMSE.
Th e  T PE  alg o rithm  co nstructs  a  p ro bab ilistic  m od el  o f  th e  o b jective  f un ction  and  samp les  h y per parameter s  to 
max imize ex pected improvement (Sno ek et al., 2012) . This appro ach was selected  for its efficiency  compared to grid 
search  o r random search , requirin g  fewer evalu ation s to identify  o p timal hyperparam eter configurations.  Optimization
was  p er fo rmed  o ver  100  trials  f or  each  model,  with  ea rly  stopp ing  b ased  on  v alidation  performance plateau .
2.6  Performance Evaluatio n Metrics 
2.6 .1  Regression Metrics
Adjusted  Coef ficient  o f  Determ ination  (R²adj) :  Th is  metric  ac co unts  f o r  th e  numb er  o f  p red ictor s  in  the  model, 
pen alizin g model co mplexity :
R²adj = 1 −  (1  − R²)(n  − 1)/(n − p  − 1 )
wher e  n  is  the  n um ber  o f  samples  an d  p  is  th e  n u mb er  o f  p red ictors.  High er  R²adj  v alues  in dicate  b etter  m od el  f it 
while p en alizing overparameterization  (Th eil, 1961).
Roo t Mean Square Error (RMSE):  RMSE p ro v ides an estimate o f th e standard deviation o f pred iction errors: 
RMSE = √ [( 1/n ) × Σ_{i=1}^{n} (y _ i − ŷ_i)²]
Lower  RMSE v alues ind icate better p red ictive ac cur acy (Chai & Drax ler, 2014).
Mean Absol ute Error (MAE):  MAE p rovid es an interpretable measur e o f average p rediction er ror: 
MAE = ( 1 /n) × Σ_{i=1 }^{n} |y_i − ŷ _ i|
MAE is less sensitive to o u tliers than  RMSE and prov ides a direct in terpretation  in th e original scale o f measurem en t 
(Willmott &  Matsuu ra, 2 0 05).
2.6 .2 Predictive Microbiology -Specific Metrics
Bias Fact or ( Bf):  Bias facto r indicates systematic o ver - o r under - pred iction (Ross, 19 9 6):
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Bf = 1 0 ^{ [Σ log₁₀(ŷ/y)]/n }
Values  between  0 .9  an d  1.05  in d icate  ac cep table  p er formance  (Ross,  1996) .  Bf  <  1  ind icates  systematic  u n der -
pr ed iction, while Bf > 1  indicates systematic over - p red iction.
Accuracy F act o r (Af):  Accuracy fac tor provides a measure of aver age  p rediction  accuracy (Ross, 1996): 
Af = 1 0 ^{[Σ |log₁₀( ŷ /y)|]/n}
Lower  v alu es  in d icate  b etter  perf o rmance,  with  Af  =  1  representing  p er fect  prediction.  Valu es  <  1 .1  ar e  co nsidered 
ex cellent, wh ile v alues < 1.2 are considered accep table for predictive  microbiology ap p lications (Ross, 1 99 6) .
2.6 .3  Model Interpreta bility
SHapley  Additive  ex Planations  ( SHAP):  SHAP  v alues  wer e  computed  f o r  all  ML  mo d els  to  quan tify  feature 
co ntrib utions consistently across differ ent m o del typ es (Lundberg & Lee, 2017 ):
φ_i = Σ_{S ⊆  F \ {i}} |S|!(|F|  − |S | − 1)!  / |F|! × [f (S  ∪  {i}) − f(S)] 
wher e:
•  F = set of all f eatu res 
•  S = subset o f fea tures

•  f (S) = model pred iction  using featu res in  S
SHAP  analy sis  p ro vid es  consistent  featu re  importance  measures  across  m odel  types,  enabling  f air  compar ison  of 
featu re contribu tion s across ML alg o rithm s (Lundberg et  al., 202 0).
2.7  Soft ware a nd Im plementatio n
All analyses were im p lemen ted in  Python 3 .11 u tilizing the following  librar ies and fram eworks:

•  Scik it -lea rn  ( v 1.3.0 ):  RFR,  SVR,  G PR  im plem en tations,  prep r ocessing  utilities,  an d  cross - valid ation  to o ls 
(Pedreg o sa et al., 2011)

•  TensorFlow/Kera s ( v2 .1 3.0): LSTM imp lemen tation  with GPU acceleratio n (Cho llet et al., 2 0 15)
•  SciPy  (v1 .11.0): Non linear regression fo r tr adition al models, op timization  algorithms (Virtan en et  al., 20 20) 
•  SHAP ( v 0.42.0) : Model interpretability  an d featur e impor tance analy sis (Lundb erg & Lee, 2017)
•  Optuna ( v 3.3 .0): Hyperparameter  o ptimizatio n framework  (Akiba et al.,  201 9)
•  Matplotlib/Seaborn: Da ta v is u alization an d figu re generation ( Hun ter, 2007; Wasko m, 2021)

• Pandas/Num Py : Data m an ipulation, p ro cessing, and nu mer ical op er ation s (McKinney, 2010 ; Harris et al., 2020)
All analy ses were cond u cted o n a comp u ting cluster with 6 4 GB RAM an d NVIDIA G PU ac celeratio n f or d ee p
learn ing  mod els. Code and  d ata are av ailable fro m the corresponding au tho r upon rea sonable req uest.

3. RESULTS
3.1  Comparativ e Performance o f Traditional versus Machine Learning Model s 
3.1 .1 Overa ll Performance Com parison
Table 3 p resen ts th e co m pr eh ensive p er forman ce m etrics f o r all m od els ev alu ated across th e f ive f u nctio nal food
datasets. Machine learnin g models consistently outper formed trad itional primary growth mo dels across all evalu ation
metrics, demo n strating  the superior ity o f data -driven app roaches fo r predictive m icrobio logy ap p lications.

Table 3 : Com parative Perform ance of Traditio nal and Machine  Learning Model s  T ra ditional Models

Model

Gom per tz

Logistic

Baranyi

Machine  Learning Models

RFR

SVR

GPR

R²adj RMS E (log  CFU/g)

0.7 1 2 0.4 8 5

0.6 9 8 0.5 1 2

0.7 3 4 0.4 5 1

0.9 2 8 0.2 1 8

0.9 0 1 0.2 6 7

0.9 5 9 0.1 5 3

MAE (log CFU/g) Bf Af

0.3 9 2 0.8 9 2 1.3 4 5

0.4 0 8 0.8 7 8 1.3 6 2

0.3 6 7 0.9 0 1 1.2 9 8

0.1 6 5 0.9 9 1 1.1 0 2

0.2 0 3 0.9 6 5 1.1 6 7

0.1 1 2 0.9 9 8 1.0 8 5
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LSTM 0.9 4 5 0.1 8 9 0.1 4 2 0.9 8 7 1.0 9 8

Note : Values repr esent average across all datasets. Bold ind icates best perf or mance. Bf = Bias Factor; Af = Accuracy 
Factor.
Th e Baran y i m odel, th e b est - per fo rming traditional appro ach, ach iev ed an R²adj of 0.734 an d RMSE o f 0.4 51 lo g
CFU/g. In contrast, all ML models ac h ieved R²ad j v alues exceed in g 0 .900, r epresenting a substantial p er forman ce
imp ro vem ent. Gaussian Process Regr es sion dem on strated the h ig hest overall perform ance with R²adj = 0 .9 5 9 an d
RMSE = 0 .1 53  log CFU/g, cor respon d ing to  a 66% reduction in RMSE co mp ared to th e Barany i m odel.
Th e Bias Facto r (Bf) fo r GPR ( 0 .99 8 ) in dicates near -perfect calib ration , sug gesting minimal systematic b ias in
pr ed ictions. The Accuracy Factor ( Af) o f 1.0 85 suggests ex cellen t p rediction accuracy, fallin g well b elow th e
thresho ld of 1 .2 considered acce p ta b le f or predictive m icro bio logy application s (Ross, 1 99 6 ). Random Forest
Regression also demonstrated stron g performance (R²adj = 0.92 8, RMSE = 0.218, Bf = 0.991, Af = 1.102), while SVR
ex hib ited somewhat lower p erformance, lik ely d ue to the h igh d imension ality and noise in the functional food d atasets.
3.1 .2 Perform ance by Dataset
Figure 1 presents the RM SE values for each mo del across individ ual datasets, rev ealing dataset - specific per fo rman ce
patter ns. The figure demonstrates that machin e learn ing models consistently ou tper fo rm traditional app roach es across
all datasets, with th e mag n itud e o f im prov em ent v arying by dataset co mp lexity.
[Fig ure 3: Comparat ive RMSE by Data set a nd Model]

Figure 3 . Com parative  performance o f tra ditional m at hem at ical models and m achine learning alg orithm s for 
m icro bial gro wth prediction.

Th e RBF neu ral network demonstrated particular ly strong perfo rmance for oat fresh wet noodles, ach ieving a relative
err or o f o n ly 2.66% b etween p red icted an d actu al shelf life v alu es. This ex cep tional ac cu racy u n derscor es the
cap ab ility o f n eural n etwork a pp ro aches f or shelf life p red iction in com plex fo od m atrices, co nf irming findings from
pr ev iou s studies (Jin et al., 202 3) . GPR consistently per fo rm ed well across al l dataset s, with the lowest RMSE valu es
fo r o at noodles (0 .167)  and yogurt (0.148).
Th e dataset-specif ic perfor mance var iation s ref lect differences in data complex ity, sample size, and u n derlying g rowth
dy n amics. Th e yog urt fermen tation dataset, with r elatively simp le g rowth k inetics and co ntro lled condition s, showed
the best perf orman ce across all mo dels. In con trast, the oat nood le dataset, with more complex matrix interactions and
lon ger  storage  periods, presented  g reater  challeng es, particularly f o r tradition al models.
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3.1 .3 Growth Curve F itting Performance
Figure 4 : illustrat es the fitted gro wth curves fo r representativ e sam ples from  t he oat noodle dataset a t 25 °C 
stora ge.  The figure dem onstrat es the ability o f ML models to capture m icrobial g rowth dynamics acro ss all 

phases of t he gro wth curve.

Microbial G rowth Curve F itting  -  Traditional vs. ML Models]

Th e GPR an d R BF-NN mod els closely fo llow the actual growth data, accu rately captu ring both th e exp onen tial gro wth
ph ase an d th e stationar y phase. T rad ition al models, p articu larly Go mp ertz an d Logistic, s h ow systematic d ev iations
du rin g th e transition p h ase b etween ex ponen tial and stationary growth. T he Baranyi model per form s b etter among
trad itional approaches b u t still ex hib its n otab le d iscrep an cies in th e m id -g ro wth p h ase, co nsistent with p rev iou s
ob servatio ns (Chaturvedi et al., 2023) .
Th e sup erio r p erforman ce o f ML mo d els in gro wth cu rve fitting ca n b e attrib uted to th eir ab ility to lear n co mp lex
fu nctio nal relationships fr om d ata witho ut impo sing restrictiv e p aram etric forms. Th e GPR m o del, with its f lexib le
ker n el- based rep resentation, captu res the smooth tran sition between gr owth p h ases m or e ef fectively th an the sigmoidal
fu nctio ns under lying  traditional m od els.
3.2  Feature Importa nce a nd Model Inter preta bility 
3.2 .1 Global Feature Importance
SHAP an alysis acro ss all ML mo dels revealed consistent p attern s in feature im portan ce, with temp eratu re emerging
as the most influ en tial pred ictor acr oss all mod els. Figure 3 presents the mean absolu te SHAP valu es for each pred ictor
var iab le, averaged  across all ML m o dels.
Temper atur e em erg ed as the most influen tial predictor acr o ss all mo dels, consistent with finding s in v acu um -p ackag ed
bee f where SHAP analy sis identified temperature as the m ost inf luen tial fac tor in spoilage p red iction (Krem er et al. ,
20 2 5). Storag e time a n d p H followed as th e secon d an d th ird m ost imp o rtan t variables, respectively. Th is r an k ing
align s with th e f u ndamen tal p r incip les o f p red ictive microbiolo gy, wh ere temperature an d p H ar e r ecogn ized as
pr imary determ inan ts of micr obial gro wth rates (Ross &  McMeekin , 2 003).
Water ac tivity (aw) ran ked fourth in importan ce, co nsistent with its estab lished ro le in controlling microb ial growth
through o smotic stress m ech an isms (Beuch at, 1 98 3) . Th e relatively lo wer im po rtan ce o f initial m icro bial co un t ( N₀)
may reflect the fact th at, in many function al food systems, intrinsic and extrinsic factors play a mo re do min ant role in
deter min ing growth ou tco mes than initial contamin ation levels. This find ing has practical implication s for foo d safety
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man ag em ent,  suggesting  th at  co ntro lling  environmental  condition s  m ay  b e  mo re  effective  th an  fo cu sing  solely  o n 
red u cing initial contam ination.
3.2 .2 Feature Interactio n Effects
Figure 4 illustrates the interaction ef f ects b etween k ey p redictor v ariables, r evealin g n onlinear relationships th at
trad itional m o dels with ad d itive ef fects fail to cap tur e. The figu re presents a con tou r plot of gro wth rate as a fu n ction
of  temp erature and  pH, de mo nstrating th e complex in terd epend encies between  th ese environmen tal facto rs.

Figure 5 : Feature Interaction Effects on Microbial Gro wth]

Th e in teraction analy sis reveals th at m axim um g r owth r ates o ccu r at in term ediate temperatures ( 25 -3 0°C) and n ea r-
neu tral p H (6.0 -6.5), with g rowth in h ibition at both temperature extremes and acidic or alk aline co nditions. This
no n linear, multidimensional r espon se su rface is charac teristic o f m icro bial g rowth dynamics an d dem o nstrates why
mach in e learning approaches—which ca n m od el such co mplex in teractions with ou t prior assumptions —outp erform
trad itional m o dels with additive ef fects (Lian g et al., 202 6).
Th e interac tion ef fects are p articularly pronounced at temperature ex tremes, wh ere p H has a stro ng er in fluence o n
gr owth rate. At 4°C, the pH optimum shifts slightly toward neutral (pH 6.5), while at 37°C, the optimum shifts toward
slightly acid ic cond itio ns ( p H 6 .0). This in teractio n effect is co nsistent with th e known physiology of m esophilic
microorganisms, wh ich exhibit temper ature -dependen t p H o ptima d ue to the temp erature sensitivity o f m em brane
tran sport and en zymatic pro cesses (McMeekin et  al., 1 9 97 ) .
3.3  Shelf Life Prediction Accuracy
3.3 .1 Prediction o f Remaining Shelf Life
Table 4  p resents the accuracy of differen t models in pr ed icting  remainin g shelf life for functional f ood products. The 
tab le demonstrates the substantial impro v emen t in shelf life pr ed iction ac curac y achiev ed by  ML appro aches.

Table 4 : Shelf Life Pre dictio n Accuracy  ( Relativ e Error %)

Prod u ct Gom per tz Logistic Baranyi RBF-NN RFR GPR
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Oat Wet Nood les 18 .4 %

Yog ur t 14 .2 %

Sea Bass 16 .7 %

Cooked Deli Foo ds 13 .5 %

20 .1 % 15 .2 % 2.6 6 %

16 .8 % 12 .5 % 4.1 %

18 .3 % 13 .9 % 4.5 %

15 .2 % 11 .8 % 3.8 %

4.8 % 3.2 %

5.6 % 3.8 %

5.2 % 3.5 %

4.9 % 3.1 %

Th e RBF n eu ral n etwork demon strated ex ceptional shelf life pred iction accuracy fo r o at fr esh wet noo dles, with a
relativ e error of only 2 .6 6% between predicted and ac tual v alues (Jin et al., 2023). This r ep resents a substantial
imp ro vem ent o v er the microbial g r owth k inetics mo d el, which ex hib ited poo r prediction accu rac y for th e same
product. GPR an d RF R also de m on strated stron g performan ce across all pro d uct catego ries, with relative err ors below
6% fo r all products.
Th e shelf life pred iction accuracy var ies across pro du ct types, ref lecting diff eren ces in matrix co mp lexity and growth
dy n amics. Oat n o o dles, with their co m plex f o rmulation and ex ten ded storag e r eq uirements, p resent th e g reatest
pr ed iction ch alleng e. Th e RBF -NN 's 2 .6 6% relativ e error f or th is p rodu ct rep resen ts a p articu larly noteworthy
ach ievem en t, confirming th e p o tential o f n eu ral n etwork approach es fo r industrial shelf life estimatio n (Wang et al. ,
20 2 2).
3.4  LSTM Perform a nce f or Dynam ic Temperat ure Conditions 
3.4 .1  Time-Series Prediction Capability
Th e LSTM model demonstrated sup erior p erforman ce in capturin g temporal d epen dencies in micr obial g rowth d ata,
par ticular ly und er d y nam ic temper atur e condition s. Fig ure 7 illustrates th e LSTM p red iction s f o r m icrobial growth
un d er fluctu ating temperature profiles, r epresenting realistic supply ch ain scenario s.
Th e LSTM m od el accu r ately tracks the actu al gro wth curve un d er dyn am ic temperatu re conditions, capturing th e lag
ph ase, ex ponen tial g ro wth, and station ary p h ase with high f idelity. Tr ad itional models, wh ich assum e constant
temp eratu re co nditions, sho w syst em atic dev iations when te mp eratu re fluctuates. The Gomper tz mod el, in particular,
co nsistently under -pr ed icts growth during the exponential phase and fails to captur e the growth rate chan g es that occur
with tem p eratu re fluctuation s.
3.4 .2  Com parative Performance Under Temperature Flu ctuatio n
Table 5 presents the p erformance metrics for LSTM compared to o ther models under d ynamic temper ature condition s.
Th e LSTM m od el demonstrated a 7 2 .5% reductio n in RMSE co mp ared to th e Gomper tz m od el, h ighlightin g th e
critical imp o rtan ce of capturing tem po ral dep en d en cies for accu rate p rediction in real - world sup p ly chain scenar ios.

Table 5 : Model Perf orm ance Under Dynam ic Temperature Conditions

Mod el

Gom per tz

Logistic

Baranyi

RFR

GPR

LSTM

RMSE (lo g CFU/g)

0.6 8 7

0.7 1 2

0.6 1 2

0.3 4 5

0.2 8 7

0.1 8 9

MAE ( log CFU/g)

0.5 4 2

0.5 6 8

0.4 7 8

0.2 6 7

0.2 1 8

0.1 4 2

R²adj Relative I mp ro vem ent

0.4 5 2 Baseline

0.4 2 8 -3 .6 %

0.5 1 2 10 .9 %

0.8 4 5 49 .8 %

0.8 9 2 58 .2 %

0.9 4 5 72 .5 %
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Figure 6 . Prediction accuracy o f m achine learning m odels under dy nam ic tem perature conditions.

3.5  H ybrid and Ensemble Modeling Approaches 
3.5 .1  LSTM-SVR Hy brid Fr a m ewo rk
Figure  6 :  demonstrates  th e  perfo rm ance  o f  an  in tegrated  LSTM -SVR  f ram ework  f or  yog urt  ferm entation,  wh er e 
LSTM cap tu red bacter ial growth d y nam ics while SVR modeled p H acid ification dyn amics simultan eou sly.

Table 6 : Hy brid LSTM -SVR Framework  P erformance 
pH Prediction:

Fermen tation T ime (h)

0

1

2

3

4

5

6

7

8

Actual p H

6.8 0

6.6 5

6.4 2

6.1 2

5.7 8

5.4 2

5.0 8

4.8 2

4.6 5

SVR Pred

6.8 0

6.6 6

6.4 3

6.1 3

5.7 9

5.4 3

5.0 9

4.8 3

4.6 6

Gom per tz Pred

6.8 0

6.6 3

6.3 8

6.0 5

5.6 8

5.3 0

4.9 5

4.6 8

4.5 2

Weibull Pred

6.8 0

6.6 4

6.4 0

6.0 8

5.7 2

5.3 5

5.0 0

4.7 4

4.5 8

Cell Count P rediction:

Fermen tation T ime (h) Actual Cell Coun t LSTM Pred Gom per tz Pred
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0 6.5 0 6.5 2 6.4 5

1 7.2 0 7.1 8 7.0 5

2 7.8 5 7.8 3 7.6 5

3 8.3 5 8.3 3 8.1 0

4 8.7 2 8.7 0 8.4 5

5 8.9 5 8.9 3 8.6 5

6 9.0 8 9.0 6 8.7 8

7 9.1 5 9.1 3 8.8 5

8 9.1 8 9.1 6 8.8 8

3.5 .2  Ensemble Model Perfo rm a nce
Presents the p erf o rmance o f ensemble mo d els compared  to the b est single mo d el.

Table 7 : Ensemble  Model Pe rfo rmance

Ensemb le Metho d R²adj RMSE

Simple Aver ag ing 0.9 5 1 0.1 7 8

Weighted Av erag in g 0.9 5 8 0.1 5 8

Stacking  (Meta: GPR) 0.9 6 5 0.1 4 2

Voting  (RFR+GPR+LSTM) 0.9 6 2 0.1 4 8

MAE Im provemen t ov er Best Single Mo d el

0.1 3 2 -0 .8 %

0.1 1 8 +1 .2%

0.1 0 5 +2.8%

0.1 1 2 +1 .5%

Stacking with GPR a s the meta - learn er ach iev ed th e high est perfor mance (R²adj = 0.965, RMSE = 0.1 42 ), representing a
m od est b u t meaning ful improv ement over the b est single m od el (GPR). Th e stacking appro ach lev er ages the
comp lemen tary stren gths o f differen t ML algorithms, with b ase lear ner s prov iding diverse p red ictions that ar e then
co mb ined by the meta - learn er (Wolpert, 1 992) .

4. DISCUSSION
4.1  Superiority  o f Machine Learning Approache s
Th e results of this inv estigatio n provide compelling evidence for the superiority of mach ine learn ing appro aches over
trad itional pr ed ictive microbiology models for m icrobial growth dy n amics and shelf life p rediction in functio nal foods.
Th e substantial p erforman ce impro vements —with ML models ach ievin g R²ad j v alu es exceed ing 0.900 comp ared to
ap pr oximately 0.730 for th e b est tr adition al mo d el —demo nstrate th e tran sform ative p o ten tial o f d ata -driven
ap pr oaches in  this do main (Kumar et al.,  202 4).
Several factor s con tribu te to this perfo rm an ce gap. First, mach ine learn ing algorithms can inherently capture nonlinear 
relatio nships  an d  co mp lex  in terac tion s  am on g  p red ictor  v ariab les  witho ut  r eq uiring  ex p licit  m ath ematical 
fo rm ulations (Liang et al., 202 6). Tradition al mod els, by contrast, rely on simplified math ematical representatio ns that 
may  n o t  adequately  capture  the  co m plex ity  o f  rea l -wo rld  m icro bial  systems  (Tar lak ,  2023).  Th e  interactio n  analysis 
pr esented  in  Figure  4  demonstrates  th at  th e  relatio nship  between  tem p eratu re  and  p H  o n  growth  r ate  is  stron gly 
no n linear and  interactive, with optimal condition s shifting depending o n the co mbinatio n of environmen tal facto rs. 
Secon d,  ML  approaches  can  inco rporate  diverse  p red ictor  variab les  simultaneo u sly,  including  both  continu ous  an d 
categ or ical  features,  withou t  the  n eed  f or  sep arate  p rim ary  an d  seco ndary  m o deling  steps  (Wang  et  al.,  2 022) .  Th is 
integ rated ap proach redu ces t h e erro r propagation that occur s in two - step mod eling procedures, where erro rs fro m the
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pr imary m od el are ca rr ied forward in to th e secondary m odel (Ross, 1 9 96 ). The f eature impo rtan ce analysis co nf irms
the v alu e of in clud ing multiple predictors, with temperature, p H, an d water activ ity all contribu ting substantially to
pr ed iction accuracy .
Th ird, ensem ble metho d s and neu ral network s can learn hierarchical representations of data, enabling them to identify
patter ns th at may n ot b e apparen t through conv entional statist ical ap p ro ach es (Liang et al., 2026). Th e LSTM
netwo rk 's ability to capture temp o ral dependencies und er dynamic condition s (Section 3.4) demonstrates the v alue of
learn ing r epr esentations directly f ro m sequential d ata, rather th an r elying on hand -cr afted fea tures o r p aram etric
mo dels (Ho chr eiter & Sch midhub er, 1997).
Th e excep tional p er forman ce o f Gaussian Process Regression (R²adj = 0.959, RMSE = 0 .15 3) warran ts p articular
atten tion. GPR's ab ility to p ro vid e b o th p red ictions an d uncertain ty estimates mak es it p ar ticularly v alu ab le fo r risk
assessmen t and dec ision -m ak ing in food safety management (Kumar et al., 2024). T he near -per fect Bias Factor (0 .998)
ind icates excellen t calibratio n , while the low Accuracy Factor (1.085 ) sugg ests high pr ediction accuracy (Ross, 1996).
Th ese character istics mak e GPR a rob ust and relia ble tool for pr ed ictive microb iolog y applications where uncertain ty
qu an tification  is important for risk m an agem ent (Lian g et al., 202 6).
4.2  Neural Netwo rk  Approaches: RBF - NN a nd  LSTM
Th e Radial Basis Functio n Neur al Network dem on strated exceptional perfo rm ance in shelf life pred iction, ach iev ing a
relativ e err or o f only 2.66% f o r o at fr esh wet noodles (Jin et al., 2 023 ). T his finding is consistent with p rev iou s
research demo nstrating the effectiveness of neu ral network app ro aches for food quality prediction (Wang et al., 20 2 2).
Th e RBF-NN 's ab ility to ap prox imate any continuous function with arbitrary ac cu racy (Park & Sand berg, 1991),
co mb ined with its r elatively simple ar chitecture and f ast tr ainin g, makes it p articu larly suitab le fo r industrial
ap plicatio ns where rapid, acc urate p red iction s are req u ired.
Th e RBF-NN 's succes s in shelf life p r ed iction ca n b e attrib uted to its architectu re, wh ich co mb ines lo cal
ap pr oximation capab ilities with g lob al g en eralizatio n (Broomh ead & Lo we, 1988). T h e Gaussian b asis f un ction s
pr ov ide smooth, lo calized responses to in p ut variations, enablin g the n etwork to capture th e nonlin ear relatio nship
between en vironm ental factors an d sh elf life. Th e linear o u tpu t lay er ensur es stable o ptimization , av oid ing th e
van ishing  grad ient prob lems that can  aff ect deeper network s (Hayk in , 20 09).
Th e Long Short-Ter m Memory network's superio r performance under dyn am ic temper ature cond itions (7 2.5% RMSE
red u ction compar ed to Go mpertz) h igh ligh ts the cr itical imp or tance o f ca p turing tem poral d ep en dencies in m icro b ial
gr owth p rediction. Tr ad itional m od els, wh ich assume const an t en v iron mental condition s, ar e fu n dam en tally limited
in their ability to predict microbial beh av ior under realistic supply chain scenario s where temp eratu re fluctuatio ns are
co mm on (Tar lak et al., 2025). Th e LSTM's gated architectu re enab les it to maintain long - term dependen cies and adap t
to ch anging conditions, m ak ing it id eally suited for r eal -time mon itoring an d pred iction in dynamic f o od systems
(Hoch reiter  & Schmidhuber, 1997 ).
4.3  Feature Importa nce a nd Mechanistic Insights
Th e SHAP-based feature importance analysis provides valuable mechanistic insights into micro b ial growth dy namics
in functio nal foods. Temperature emerged as th e m ost influential p red ictor, consistent with estab lished knowledge in
fo od microbiology and r ece n t f ind ing s in m eat spo ilage p rediction (Krem er et al. , 2 025) . The n o nlinea r relatio nship
between temperature and growth rate —with optimal growth at intermed iate temperatures and inhibition at extremes —
is well-cap tured b y ML models b ut o ften p oo rly represe nted b y tr adition al m od els with simplified tem p eratu re
dep en d ence f unction s (Ross & McMeekin , 2 003).
Th e id en tification o f p H an d water ac tivity as th e secon d an d th ird mo st im p ortan t p red icto rs alig ns with th e
fu nd am ental p rinciples o f p redictive microbiology (Beuchat, 1983; Ross, 1 9 96). Th e in teraction effects rev ealed by
SHAP analy si s demon strate th at th e in fluen ce o f ea ch facto r dep en ds on the lev els of o th er factors, cr eating co mp lex
respo nse surf aces that ch alleng e traditional modeling approaches (McMeek in et al., 1997 ). Machine learnin g models,
with their ability to learn these interaction s directly from data, are uniquely suited to capturing such com plexity (Liang
et al., 2 0 26).
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Figure 7 . K ey factors influencing m icro bial gro wth dynamics identified through SHA P analysis.

4.4  Im plicatio ns for the Functional Fo od Industry
Th e find ings of this stud y have significan t implication s for the fun ctional food industry. The demonstrated super iority
of m achine lear ning approaches f or shelf life p r ediction offers opportun ities f o r substantial imp ro v emen ts in quality
man ag em ent, waste r ed uctio n, and  product developm ent.
Reduced Product Waste : M o re accu rate shelf life prediction en ab les b etter in ventory m an agem en t, r ed ucing th e
substantial eco n om ic an d environ men tal costs associated with food waste ( Lian g et al. , 2 0 26). The RBF -NN's 2 .66 %
pr ed iction erro r for o at noodles (Jin et al., 2023 ) r ep resents a substantial im pr o v ement o ver traditional methods,
po ten tially translating to  significant r ed uctions in p r ematu re pro duct disposal.
Enhanced Quality Assurance: ML-based pred ictive systems can be integrated into qu ality man ag emen t frameworks,
en ab ling r eal - time mon itoring and early warning o f potential q u ality issues ( Kum ar et al., 2024 ). Th e LSTM's ab ility
to p red ict und er dynam ic condition s (Section 3 .4) is p a r ticularly v aluable for sup ply ch ain applications wh er e
temp eratu re f luctu ation s are commo n (Tarlak  et al., 2 025).
Optim ized Pro duct Dev elopm ent : Th e f eatu re im portan ce analy sis p ro vides g uid ance for p ro duct formulation an d
pr ocess o ptimizatio n (Wang et al. , 2 02 2). Understand ing which facto rs m ost stron g ly influ en ce shelf life en ab les
targ eted interventions—fo r exam ple, ad justing p H o r water activ ity to extend shelf life witho ut compro mising
nu trition al quality.
Regulato ry Com pliance : The u n certainty estimates provided by GPR (Rasmussen & Williams, 2006) ca n su pport
risk assessment an d r egu latory d ecision - mak ing, en abling more ev idence - b ased approach es to fo od safety
man ag em ent (Ross & McMeekin , 2 003).
4.5  Lim itations and Future Research Directions
Data Availability and Q uality : Th e p erforman ce o f m achine lear n ing models is fund amentally dep enden t on th e
quality an d q uan tity o f tr aining d ata (Hastie et al., 2 00 9 ). Many f un ctional food products lack com pr eh ensive microbial
gr owth d atasets, limiting th e applicability  o f ML approac h es (Kumar et  al., 2024).
Model Genera lizability : W hile th e multi - d ataset ap p roach emplo yed in th is study provid es ev id ence o f
gen er alizab ility, fu rth er validation across a wider r an ge of functional food products and p rocessing condition s is
nee ded  ( Kremer  et al., 20 25).
Interpretability versus Per f o rm ance Trade -o ff : The m ost ac cu rate mo d els ( e.g., LSTM, ensem ble m eth od s) tend
to b e th e least in terp retab le (Lund berg & Lee, 2 017 ). While SHAP an alysis p ro v ides som e insight, th er e remains a
tension b etween  predictive p erform an ce and mech an istic understanding  (Rudin, 201 9 ).
Integratio n with Sen sor Da ta : T he p o ten tial f o r integration with real - time sensors an d I o T systems o f fer s ex citing
op p ortunities fo r d yn amic, ad ap tive q u ality m anagemen t ( Kremer et al. , 2 02 5). Futu re wo rk sho u ld ex plore th e
co mb ination of ML -based prediction with real -tim e mo nitoring d ata from intelligen t pack aging systems (Liang et al.,
20 2 6).
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5.  CONCLUSION
This study h igh lights th e significan t po ten tial of machine learning techn iques for improving the pred ictio n o f m icrobial
gr owth and shelf -life estimation in fu nctional foo d systems. Comp arativ e analysis dem on strated that machin e learning
alg orith ms co nsisten tly achieved high er predictive accu racy and greater rob ustness than conven tion al primary growth
mo dels b y effectively capturing co mplex an d n onlinear relationships am on g m icrob ial, environmen tal, and storag e -
related v ariab les. In particu lar, adv an ced mo d els such as Gaussian Process Regression, Radial Basis Function Neu ral
Network s, an d Lo n g Short - Term Mem o ry n etworks exhib ited sup erio r p erform ance in modelin g micr obial g ro wth
kin etics u n der both static an d d y nam ic storag e conditions. T hese f ind ing s in dica te th at data-d riv en approaches can
ov er co me man y o f th e lim itations associated with trad itional m ath ematical m od els, p articularly wh en microb ial
beh av io r is influen ced b y m u ltiple in terac ting f actor s such as temp eratu re, p H, an d water activ ity. Further mo re , th e
ap plicatio n o f hybrid and ensemb le lear n ing strategies fu rth er improved pred iction reliability, sug gesting th eir
suitability fo r co mpreh ensive quality assessment and shelf - life m an agem ent. The implementation o f machine learn ing -
based p redictive syste m s h as th e potential to support intelligent food quality monito ring, reduce product losses,
enhan ce food safety , optimize inv ento ry an d supply ch ain m anag em ent, and facilitate evidence - b ased decision - making
within the fun ctional food industry. Overall, the results d emonstrate that mach ine learning prov ides a reliable, flex ible,
an d scalab le framewo rk f or pred ictive f ood m icrob iolog y and offers a promising direction for th e d evelopmen t of
nex t- g en eration shelf-life prediction systems. Future research sho uld focus o n integr ating m ulti - o mics d atasets, r eal -
time sensor tech no log ies, Intern et o f Th ings (I oT) p latforms, an d explain able ar tificial in telligen ce tech n iques to
fu rth er improve model in terpretab ility, pred iction accu r acy, an d p ractical imp lemen tation in co m mercial food
productio n environments.

REFERENC ES
1 . Akib a, T ., San o, S., Yan ase, T ., Ohta, T., & Koy ama, M. ( 20 19). Optun a: A n ex t - generation h yperp aram eter
op timization f ram ework . I n Proceed ing s o f th e 2 5th ACM SIGKDD In ternation al Con ference o n Kno wledg e
Discovery & Da ta Mining  (p p. 2623 -2631 ).  https://doi.o rg/10.1145/3292500.3330701
2 . Ali, A., Ra shid , Z., Zh o u, J., You saf, M. Z ., Galan i, S., As h raf , A., . .. & Hu ang, Q. ( 2 021). E v aluatin g antibody
respo nse pattern in asymp tomatic v irus infected p reg n ant females: Hu man well - b eing study. Journ al o f Kin g Saud
Univer sity-Scien ce, 3 3(1), 1012 5 5 .
3 . Ali, S. F. A. , Ma sroo r, S., Shaikh , M. K., Jabeen , G., Naz, S. A., Aq eel, A., & An jum , K. (2 0 26). Biog enesis o f
Candid a glab rata - Mediated Silver Nanoparticles: Character ization an d An tibacter ial Effectiven ess Again st Hu man
Pathog en ic Bacteria. I n ternation a l Jour nal of Mo lecular Scien ces, 27(3), 1263
4 . Aqeel, A., Miran i, Z . A., Bawa, M. Y., Asif, S., Noor, R., Kh an, S., & Abbas, T. (2021). Perceptive o n
bac terio logical q u ality in f o ods o f an imal o r igin sold in the lo cal m ark et: Po tential threats fo r th e per ishab le f ood
supp ly  ch ain.  International  Jo urna l  o f  Endo rsing  Health  S cien ce  Research  (I JEHSR) , Vol. 9 No. 4 (2021) .
https://doi.o rg /10.29052/IJEHSR.v9.i4.2 0 21.491 -498

5 . Aqeel, A., Abb as, T., Mir an i, Z. A., Nav eed, T., Ahm ed, N., & Basit, A. ( 20 21). Seasonal Variation in Microbial
Contamin ation o f Var iou s Food I tems in Karach i: Micr obial Contam ination of Var iou s Food . Biolog ical Sciences -
PJSIR, 64( 1) , 7 5-8 0 .
6 . Ayesha N, Saleem S, Faizan N, Aq eel A, Khan J. Prescribing p atterns o f an tibiotics using WHO p rescrib ing
ind icato rs am ong p ed iatrics: a n eed for an tibiotics stewardship p rogram .. European Journal o f Clinical Ph armac y.
20 2 5. 7(1) 8533-8 545
7 .  Baranyi,  J.,  &  Roberts,  T .  A.  ( 19 94).  A  dynam ic  appro ach  to  pred icting  b acterial  g ro wth  in  food.  In ternational 
Jo urna l of Food Microbiology, *23*(3-4), 277-2 94.  https://doi.org /10.1016/0168 -1 605 (94)90157- 0
8 . Bawa, M. Y., Asif, S., Anjum, F., Amjad, S., Usmanghani, K., Abbass, T., & Qadri, R. (2019) . Compar ative
Eff icacy and Antimicrobial Activity o f T hree Different Disinfectan ts an d Standar d Disinfectant ag ain st Diverse
Pathogen s.  In fectious Disease s Jou rnal o f Pa kistan , 28(2), 37-41.
9 . Bergstra, J., Bard enet, R., Beng io, Y., & Kégl, B. (2011). Alg orith ms for hyper -parameter o ptimizatio n. I n
Ad van ces in Neural Informa tion Processing Systems (Vol. 24 ).
https://pro ceed ing s.n eurips.cc/paper /2011/hash/86e8f7ab32cfd1257 7bc2619bc635690 -Abstract.html
10. Beu ch at, L. R. (1983). Influence of water activity on growth, metab olic activities and survival of yeasts an d molds. 
Jo urna l of Food Protection , *46*(2), 135 -141.  https://doi.o rg/10.4315/0362-028X-4 6.2.135 
11. Breiman , L. (2 001) . Rand om forests. Machin e Learning , *45*(1), 5 - 3 2. http s://doi.o rg /10.1023/A:1010933404324 
1 2. Broom hea d,  D.  S.,  &  Lowe,  D.  (1988) .  Multivariable  functional  interpo lation  an d  ad ap tive  network s.  Complex 
Systems, *2 *(3 ), 3 21 -355.
1 3. Chai, T., & Draxler, R. R. (2014 ). Root m ean square error (RMSE) o r mean absolute error ( MAE)? Argumen ts
ag ainst av oid ing RMSE in the literatur e. Geoscientific Model Develop ment , *7*(3), 1247 -1250.
https://doi.o rg /10.5194/gmd - 7-1 2 47-2014

Genetics and Molecular Research 25 (10s): 2026 1 8

https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1145/3292500.3330701
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://aeirc-edu.com/ojs14/index.php/ijehsr/issue/view/31
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.29052/IJEHSR.v9.i4.2021.491-498
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://doi.org/10.1016/0168-1605(94)90157-0
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://proceedings.neurips.cc/paper/2011/hash/86e8f7ab32cfd12577bc2619bc635690-Abstract.html
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.4315/0362-028X-46.2.135
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014
https://doi.org/10.5194/gmd-7-1247-2014


1 4. Chaturv ed i, K., Basu, S., Sin gh a, S., & Das, K. ( 20 2 3). Predictiv e m icro bial g ro wth modelling fo r an effective
shelf- life ex tension strategy of Chhana (Indian co ttage ch eese). Food Control , *109697*.
https://doi.o rg /10.1016/j.foodcont.2023.109697
1 5. Chen,  S.,  Cowan,  C.  F.  N.,  &  Gr an t,  P.  M.  (1 991) .  Orthogon al  least  squar es  learning  algorith m  fo r  r ad ial  basis 
fu nctio n network s.  IEEE Transactions on  Neural Networks ,  *2*(2), 302 -309.  https://doi.o rg/10.1109/72.80341 
1 6. Chollet, F., et al.  (2 015) .  Keras. GitHub.  https://github .co m/fchollet/keras
1 7. Dru cker , H., Burges, C. J. C., Kaufm an , L., Smola, A., & Vapn ik, V. (19 97). Support vector reg ression machines.
In Ad van ces in Neural Informa tion Processing Systems (Vol. 9, pp . 15 5 -1 61).
https://pro ceed ing s.n eurips.cc/paper /1996/hash/d38901788c533e2faa2 286bd50a8cee8 -Abstract.html
1 8. Field, A. (2 0 13).  Discovering statistics using I BM SPS S statistics  (4 th ed .) . SAGE Publicatio ns.
1 9. Guy o n,  I.,  Weston,  J.,  Barnhill,  S.,  &  Vapnik,  V.  (2002 ).  Gene  selection  f o r  can cer  classification  using  suppor t 
vec tor m ach ines.  Mach ine Learning , *46*(1), 389 -422.  https://doi.org/10.1 023/A:1012487302797
2 0. Harris,  C.  R.,  Millman,  K.  J.,  v an  der  Walt,  S.  J.,  et  al.  (2020 ).  Array  programming  with  Nu mPy.  Nature, 
*585 *(78 2 5), 357 -362. https://doi.o rg/10.1038/s41586 - 020-2649 -2
21. Hastie, T., Tibshiran i, R., & Friedman , J. (200 9). The elements of statistical learning : Data mining , inference, and 
predictio n  (2nd ed.). Springer.  https://doi.o rg /10.1007/978 -0-387-84 858-7
2 2. Hay kin , S. (2009).  Neural networks and  learnin g ma ch ines  (3 rd  ed.). Pearson E du cation .
2 3. Hoch reiter ,  S.,  &  Schmidhu ber,  J.  ( 1997).  Long  short - term  m emo ry.  Neural  Computa tion ,  *9*(8),  1735 -1780. 
https://doi.o rg /10.1162/neco.1997.9.8.1735
2 4. Hun ter,  J.  D.  ( 20 0 7).  Matp lotlib:  A  2 D  g rap h ics  en viro n ment.  Compu ting  in  S cien ce  &  Engin eering ,  *9*(3),  9 0 -
95 .  https://doi.org /10.1109/MCSE.200 7.55
2 5. Jin, L., Yi, R., Zhan g, G., Wang, H., Zhang, D., & L i, J. (2023). Storag e quality chan g e an d shelf life pred iction
mo del o f o at f resh wet nood les. P acka g ing Engineering , *19*, 75 -84. https://doi.org/10.1 9554/j.cnki.1001 -
3563.2023.19.010
2 6. King ma, D. P., & Ba, J. (2015). Adam : A metho d for stochastic o ptimizatio n. I n  3 rd Internation al Conference o n 
Learning Rep resentation s . https://arxiv.org /ab s/1412.6980
2 7. Koh av i,  R.  ( 19 95).  A  study  o f  cr o ss - v alidation  and  b o otstrap  f o r  accuracy  estimation  an d  m od el  selection.  In 
Proceed ing s of the 14 th Internation al Jo int Conference o n  Artificial In telligen ce  (Vo l. 2 , pp. 1 137 -11 43).  2 8. Krem er,
F. S., et al. (2025). Prediction of blown pack in vacuum -p ack aged beef based on microbio me profiles and supervised

mach in e learning . Internationa l Journal of Food Microbio logy , *442 *, 111375. 
https://doi.o rg /10.1016/j.ijfoodmicro.2025.111375
2 9. Kum ar, P., et al. (2 024) . Advancements in pred ictive microbiology: Integr ating n ew techn olog ies fo r eff icient food 
safety  m od els. International Journa l of Microbiology , *2024*(1), 6612 162.  https://doi.o rg/10.1155/2024/6612162 
3 0. Lian g, M. , Ni, Y., He, X., Wu, J., & Sun, Y. ( 202 6). Deep learnin g mod els for shelf life prediction an d regulation 
of  v ariou s foods: A systematic rev iew.  Jo urnal o f Food Scien ce . https://doi.o rg/10.1111/1750 -38 41.70001
3 1. Liaw, A., &  Wiener, M. (2002). Classification an d  reg r ession b y ran domForest.  R News, *2*(3 ), 18-2 2.
3 2. Lin , Z ., Qin, X., Li, J., et al. (202 3). Mach in e learning approach for p redicting sing le ce ll lag tim e o f Salmonella
En teritidis after hea t and ch lorine treatment. Fo od Research In ternationa l , *156*, 111132.
https://doi.o rg /10.1016/j.foodres.2022.111132
3 3. Lu nd b erg, S. M., & Lee, S. I. (201 7). A un ified approach to interp retin g model predictions. In Ad va nces in Neural
Informa tion Processing Systems (Vol. 30 , pp . 4765 -4774).
https://pro ceed ing s.n eurips.cc/paper /2017/hash/8a20a8621978632d7 6c43dfd28b67767 -Ab stract.html
3 4. Lu nd b erg, S. M., E rion, G., Chen , H., DeGrav e, A., Prutkin , J. M., Nair, B., ... & Lee , S. I. (2020). Fro m local
ex plan ation s to g lobal und erstanding with explainable AI fo r tr ees. Nature Mach in e Intelligence , *2*(1), 5 6 -67.
https://doi.o rg /10.1038/s42256 - 019 -0 138-9
3 5. McKinney ,  W.  (2010 ).  Data  structures  fo r  statistical  co mp uting  in  Pyth on.  I n  Proceedings  o f  th e  9 th  Python  in 
Scien ce Con ference  ( pp. 56-61).  https://doi.org /10.2508 0 /Majora - 92bf1922 -00a
3 6. McMeekin , T. A., Brown, J., Krist, K., Miles, D., Neum eyer , K., Nichols, D. S., ... & Ross, T. (1997). Quantitative
micro b iology : A basis fo r food safety. Emerging In fectiou s Diseases , *3*(4), 541 - 549.
https://doi.o rg /10.3201/eid0304.970419
3 7. Park,  J.,  &  Sandberg,  I.  W.  (1991).  Univ ersal  approximation  u sing  r ad ial -basis-fu n ction  netwo rk s.  Neural 
Computa tion , *3*(2), 246 -257.  https://doi.o rg /10.1162/neco.1991.3.2.246
38. Pedreg o sa, F., Varoquaux, G., Gram fo rt, A., Michel, V., Thirion, B., Grisel, O., ... & Duchesnay , E. (2011). Scikit -
learn : Mach ine lear n ing in Python.  Journal of Machin e Learning Research , *12*, 282 5 -2830.
3 9. Qamar , F., Naveed , S., Sana, A., Hamid, F., Sadia, H., Kha n , S., ... & GHAURI, A. O. (20 18 ). RP - HPLC Method
fo r Simultaneous Determination of Moxiflox acin and Simvastatin. LATIN AMERICAN JOURNAL OF
PHARMACY, 3 7( 2) , 415 -41 9 .

Genetics and Molecular Research 25 (10s): 2026 1 9

https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1016/j.foodcont.2023.109697
https://doi.org/10.1109/72.80341
https://doi.org/10.1109/72.80341
https://doi.org/10.1109/72.80341
https://doi.org/10.1109/72.80341
https://doi.org/10.1109/72.80341
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://github.com/fchollet/keras
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://proceedings.neurips.cc/paper/1996/hash/d38901788c533e2faa2286bd50a8cee8-Abstract.html
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://doi.org/10.19554/j.cnki.1001-3563.2023.19.010
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://arxiv.org/abs/1412.6980
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1016/j.ijfoodmicro.2025.111375
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1111/1750-3841.70001
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://doi.org/10.1016/j.foodres.2022.111132
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/8a20a8621978632d76c43dfd28b67767-Abstract.html
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.3201/eid0304.970419
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246
https://doi.org/10.1162/neco.1991.3.2.246


40. Rasmussen,  C.  E. ,  &  W illi am s,  C.  K.  I.  (2006).  Gau ssian  processes  fo r  mach ine  lea rning .  MI T  Press. 
https://doi.o rg /10.7551/mitpress/3206 .0 01.0 001
41. Ross, T. (1996). In dices for perform ance ev aluation of predictive mod els in food micro bio logy .  Journa l of Applied 
Ba cteriology , *81*(5), 501-5 08.  https://doi.o rg/10.1111/j.1365 - 267 2.1996.tb03539.x
42. Ross,  T .,  &  McMeek in,  T.  A.  (2003).  Modeling  m icrob ial  gro wth  within  foo d  safety  risk  assessment s.  Risk 
Analysis, *23 *(1), 1 7 9 -1 97.  https://doi.org /10.1111/1539 -6924 .00300
4 3. Rudin , C. ( 2 019). Stop explaining black box m achine learn ing m o dels for high stakes d ecisions an d use
interp retab le models instead. Nature Mach ine Intelligen ce , *1*(5), 2 06 - 2 15. https://doi.o rg /10.1038/s42256 - 019-
004 8-x
4 4. Saleem, S., Naveed, S., Sana, A., Noor, R., Rehm an, H., & Usman, R. (2020 ). Quantitative RP - HPLC Analysi s of 
Gallic Acid  in Poly her bal Capsules Dosage Fo rm.  Lat. Am. J. Pha rm , 3 9(6), 1187 -91 .
4 5. Saleem,  S.,  Bano ,  S.,  Alam,  S.,  Begum ,  Z.,  Noor,  R.,  &  Khan,  S.  Assessment  o f  Similarity  b etween  Dissolution 
Prof iles of  Ketotifen  and I ts Competito r Drug.
4 6. Schö lko pf,  B.,  &  Smola,  A.  J.  (2002) .  Learning  with  ke rnels:  S u pp ort  vecto r  machines,  regula rization , 
op timization, and b eyond . MIT Press.  https://doi.o rg /10 .7551/mitpress/4175.001 .0001
4 7. Snoek , J., Laro chelle, H., & Adams, R. P. (2 01 2 ). Practical Bayesian op timization of machine learning algorithms. 
In Ad vances in Neural Informa tion Processing Systems (Vol. 25 , pp. 2951 - 2959). 
https://pro ceed ing s.n eurips.cc/paper /2012/hash/05311655a15b75fab 86956663e1819cd -Abstract.html 
48. Shah baz, A., T ab assum, A., Mahm ood, S., Aqeel, A., Sultan , Q. A., Khan am, Y., ... & Ghafoor, K. PRODU CTIO N 
AND  CHA RACTERIZATIO N  OF  TANNASE  ENZYME  BY  ASPE RGILLUS  NIGER  UNDER  SOLID  STATE 
FERMENTATION U SING F RUIT PEELINGS (ORANGE  AND BANA NA PEELS
4 9. Taiwo, O. R., On yeak a, H., Oladip o, E. K., Olo ke, J. K., & Chu kwu go zie, D. C. ( 2 024). Ad vancem ents in
pr ed ictive m icrobio logy: Integratin g new tech n olog ies f or ef ficien t f ood safety m od els. I n ternational Jo u rnal of
Microbio logy ,  *20 24 *(1), 6612162.  https://doi.o rg/10.1155/2024 /6612162
5 0. Tar lak,  F.  ( 20 23).  Th e  u se  o f p red ictive  micr ob iolog y  for  the  p red ictio n  o f  th e  shelf  life  o f  fo o d  p rod ucts.  Foods, 
*12*(24) , 4 461.  https://doi.o rg/10.3390/foods12244461
5 1. Tar lak,  F., et  al. (2025). Next -gen er ation  p redictive  m icro biolog y : A  so ftware p latform  combinin g two -step,  one -
step an d m ach ine learning m odelling.  Foods, *14 *(18 ), 3158.  https://doi.o rg/10.3390/foods14183158
5 2. Th eil, H. (1961).  Economic forecasts an d p o licy . North-Ho lland Pub lishing  Company.
53. Tsoular is, A., & Wallace, J. (2002) . Analysis of logistic growth mod els.  Mathema tical Biosciences , *179*(1), 21 -
55 .  https://doi.org /10.1016/S0025 -5564(02)00096- 2
5 4. Van  Buuren ,  S.,  &  Groothuis -Oud shoorn ,  K.  (2011).  Mice:  Mu ltivar iate  im pu tation  by  chain ed  equations  in  R. 
Jo urna l of Statistical Software , *45*(3), 1 -67 . https://doi.o rg/10 .1 8637/jss.v045.i03
5 5. Vap nik , V. (1995). The na ture of statistical learnin g theory . Springer . https://doi.o rg/10.1007/97 8 -1 -4757-2440 -0
5 6. Virtanen , P., Go mm ers, R., Oliphan t, T. E ., et al. (2020). SciPy 1 .0 : Fun dam en tal algorith ms f o r scien tific
comp uting  in Python.  Nature Methods, *17*(3), 2 61 - 272. https://doi.org /10.1038/s41 592 -019-0686-2
57. Wan g,  et  al.  (2022).  Artificial  in telligence  f or  prediction  of  shelf -life  of  v ariou s  foo d  products.  S cien ceDirect. 
https://doi.o rg /10.1016/j.foodcont.2022.109115
58. Waskom,  M.  L .  (2021).  Seab orn:  Statistical  d ata  v isualizatio n .  Journal  o f  Op en  Source  Software ,  *6*(60),  3021. 
https://doi.o rg /10.21105/joss.03021
59. Wilcox ,  R.  R.  ( 20 1 2).  In trodu ction  to  rob ust  estimation  a n d  h yp o thesis  testing  ( 3 rd  ed .).  Acad emic  Press. 
https://doi.o rg /10.1016/B978-0-1 2 -387012-3.00001-X
60. Willmott, C. J., & Matsuura, K. (2 0 05). Ad vantages of th e mean ab solute error (MAE) over th e r oot mean squ are
err or (RMSE) in assessing av erag e mo del perfo rmance. Climate Research , *30*(1), 79 -82.
https://doi.o rg /10.3354/cr030079
61. Wolp ert, D. H. (1992). Stacked gen er alization. Neural Networks, *5*(2), 241 -259 . https://doi.org/10.1016/S0893 -
6080(05)80023 -1
6 2. Yacoo b , M., Asif, S., Owais, A., Shah , H., Sohail, S., Khan, S., & Abb as, T . ( 2 023) . Physical Stability Pro filing
an d Tox icity Index of Nov el Integrated Organollopath ic Dental Rinse Solution. Jo urna l of Huna n University Natural
Scien ces, 5 0(2).
6 3. Yildirim -Yalcin, M., Yucel, O., & Tarlak , F. (2023). Develop men t o f p rediction software to d escribe to tal
mesop hilic b acteria in spinach using a m ach ine learning -based r eg ression appro ach. F ood S cien ce and Technology
In ternation al , 10820132231170286 .  https://doi.o rg/10.1177/10820132231170286
6 4. Zwieterin g, M. H., Jongenburger, I. , Rombouts, F. M., & Van't Riet, K. (1 9 90). Modeling o f the b acterial growth
cu rv e. A pplied a n d Environmental Microbio log y , *56 *(6), 1875 -1881. https://doi.o rg/10.1128/aem.56 .6.1875 -
1881.1990

Genetics and Molecular Research 25 (10s): 2026 2 0

https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.7551/mitpress/3206.001.0001
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/j.1365-2672.1996.tb03539.x
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1111/1539-6924.00300
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://doi.org/10.7551/mitpress/4175.001.0001
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://proceedings.neurips.cc/paper/2012/hash/05311655a15b75fab86956663e1819cd-Abstract.html
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.1155/2024/6612162
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods12244461
https://doi.org/10.3390/foods14183158
https://doi.org/10.3390/foods14183158
https://doi.org/10.3390/foods14183158
https://doi.org/10.3390/foods14183158
https://doi.org/10.3390/foods14183158
https://doi.org/10.3390/foods14183158
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.1016/S0025-5564(02)00096-2
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.1016/j.foodcont.2022.109115
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.1016/B978-0-12-387012-3.00001-X
https://doi.org/10.3354/cr030079
https://doi.org/10.3354/cr030079
https://doi.org/10.3354/cr030079
https://doi.org/10.3354/cr030079
https://doi.org/10.3354/cr030079
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1016/S0893-6080(05)80023-1
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1177/10820132231170286
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990
https://doi.org/10.1128/aem.56.6.1875-1881.1990



