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 In this cluster are the combined studies under the 
 fields of Chemistry, Meteorology, and Technology. 

 Chemistry  is a field of study that studies the 
 properties and interactions among matter. 

 Meteorology  is a field of study that pertains to 
 atmospheric phenomena, particularly patterns in 

 weather and climate. Finally,  Technology  is the field  of 
 study that involves the practical application of science. 
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 Abstract 

 Synthetic  pH  indicators  pose  hazardous  effects  to  humans  and  the 
 environment.  Basella  rubra  (alugbati)  stems  contain  phytochemicals  which 
 are  pH-sensitive.  Thus,  this  study  aimed  to  assess  the  capability  of  Basella 
 rubra  stem  peel  aqueous  extract  as  a  plant-based  pH  indicator.  The  extract 
 was  obtained  through  aqueous  maceration  of  Basella  rubra  stem  peels  and 
 was  tested  to  solutions  with  pH  levels  3,  5,  7,  9,  and  11;  then,  color  and  pH 
 changes  were  observed  and  analyzed.  The  trend  of  color  changes  observed 
 from  acidic  to  basic  pH  were  red  to  yellow.  Also,  the  mean  pH  difference  of 
 the  solution  with  pH  9  was  relatively  higher  compared  to  other  pH  levels. 
 The  mean  pH  differences  were  lower  in  pH  3-7  due  to  stability  of 
 betacyanin  in  the  said  range.  Hence,  the  aqueous  extract  of  Basella  rubra 
 (alugbati)  stem  peels  is  capable  as  a  plant-based  pH  indicator  at  pH  levels  3 
 to 7. 

 Introduction.  -  pH  indicators  are  halochromic 
 substances  that  change  in  color  when  they  bind  to 
 hydrogen  and  hydroxide  ions  in  a  solution  [1]. 
 When  this  occurs,  they  undergo  changes  in  ion 
 equilibrium  which  alters  the  color  from  colorless  to 
 a  distinct  color  depending  on  the  acidity  or 
 alkalinity  of  a  solution  [2].  Commercial  synthetic 
 indicators  are  man-made  chemical  substances  that 
 change  in  color  with  respect  to  pH  and  are  used  to 
 determine  the  pH  of  a  specific  solution.  However, 
 the  production  and  use  of  these  commercial 
 synthetic  indicators  such  as  methyl  red,  methyl 
 orange,  and  phenolphthalein  pose  hazardous  effects 
 to  both  the  environment  and  humans,  and  are  also 
 costly  [3].  Furthermore,  compared  to  plant-based 
 indicators,  synthetic  indicators  are  more  hazardous 
 to  produce  as  they  involve  the  use  of  toxic 
 chemicals  such  as  phthalic  anhydride  and 
 p-toluenesulfonic  acid  monohydrate  in 
 phenolphthalein [4]. 

 Considering  these  factors,  plant-based  pH 
 indicators  have  been  studied  as  alternatives  for 
 commercial  synthetic  indicators  as  they  are  easily 
 available,  eco-friendly,  less  hazardous,  and  low-cost 
 [5].  These  plant  extracts  contain  various 
 phytochemicals  and  some  of  these,  specifically 
 anthocyanins  and  betacyanins,  have  been  shown  to 
 be  sensitive  to  pH  [6,8].  Anthocyanins  usually 
 present  in  plant-based  indicators  have  been 
 identified  to  be  less  toxic  and  environmentally 
 compatible  [7].  Also,  plant  extracts  are  capable  of 
 showing  a  spectrum  of  color  at  different  pH  values, 
 from  acid  to  alkaline  [8].  Most  of  the  known 
 plant-based  indicators  use  the  flowers,  fruits,  leaves, 
 and  seeds  of  plants.  However,  these  are  usually 
 considered  either  as  food  sources  or  ornamental 
 plants.  Hence,  plant-based  extracts  that  possess 
 similar  properties  with  these  known  indicators  are 
 being further investigated. 

 In  the  Philippines,  Basella  rubra  is  cultivated  for 
 its  leaves  while  its  stems,  however,  are  considered  as 
 domestic  kitchen  waste.  Furthermore,  the  plant 
 extract  of  Basella  rubra  had  been  screened  to 
 contain  similar  phytochemicals  which  contribute  to 
 its  pigmentation,  especially  in  its  stem  [9,10,11].  The 
 fruits  of  Basella  rubra  have  also  been  found  to 
 contain  betacyanin  and  anthocyanins  which  are 
 natural  pigments  causing  the  purple  color  in  its 
 fruits,  flowers,  leaves,  and  stems  [12].  These  fruits 
 have  already  been  proven  to  be  effective  as 
 plant-based pH indicators [13,14]. 

 This  study  aimed  to  assess  the  capability  of 
 Basella  rubra  stem  peel  aqueous  extract  as  a 
 plant-based  pH  indicator.  Specifically,  the  study 
 aimed to: 

 (i)  Determine  the  mean  pH  of  the  solutions 
 before  and  a�er  the  application  of  the  indicator 
 at pH 3, 5, 7, 9, and 11; 

 (ii)  Determine  if  there  is  a  significant  difference 
 between  the  mean  pH  of  the  solutions  before 
 and  a�er  the  application  of  indicator  at  pH  3,  5, 
 7, 9, and 11; 

 (iii)  Construct  color  scales  to  visually  compare 
 the  colors  identified  on  the  solutions  with  pH  3, 
 5, 7, 9, and 11; and 

 (iv)  Identify  the  pH  range  capability  of  the 
 Basella  rubra  stem  peel  aqueous  extract  as  a 
 plant-based pH indicator. 

 Methods.  -  Basella  rubra  stems  were  cut  and  its 
 peels  were  macerated  in  distilled  water  for  24  hours. 
 The  obtained  extract  was  applied  to  solutions  of  pH 
 3,  5,  7,  9,  and  11,  which  were  obtained  by  dilution  of 
 distilled  water  with  lemon  juice  and  bleach.  A  paired 
 samples  t-test  was  conducted  to  determine  if  there  is 
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 a  significant  difference  between  the  pH  of  the 
 solutions  before  and  a�er  the  extract  application. 
 The  color  changes  observed  in  each  replicate  per  pH 
 level  were  also  recorded  and  pH  scales  were 
 constructed  to  determine  the  pH  range  capability  of 
 the extract. 

 Preparation  of  Plant  Samples.  Freshly  harvested 
 samples  of  Basella  rubra  were  collected  from  Brgy. 
 Bayunan,  San  Joaquin,  Iloilo  and  were  sent  to  the 
 Department  of  Agriculture  in  Santa  Barbara,  Iloilo 
 for species confirmation. 

 Preparation  of  Extract.  The  purple  parts  of  the 
 epidermis  of  the  aerial  Basella  rubra  stems  were 
 collected  using  a  peeler  with  an  approximate 
 thickness  of  1  mm.  They  were  soaked  in  7%  NaOCl 
 solution  for  15  minutes  and  rinsed  with  distilled 
 water  thrice.  A�er  rinsing,  the  peels  were  cut  into 
 small  square  pieces  approximately  2  x  2  mm  in  size. 
 Forty  grams  of  the  stem  peels  were  macerated  with 
 40  mL  of  distilled  water  for  24  hours  at  room 
 temperature  (25°C).  The  aqueous  extract  was  filtered 
 using  a  cheesecloth,  its  pH  was  measured  using  a  pH 
 paper, and it was packed in a cooler for transport. 

 Preparation  of  Acidic  and  Basic  Solutions.  Lemon 
 juice  and  bleach  were  added  to  distilled  water  to 
 obtain  solutions  of  varying  pH  values  with  volumes 
 of  20  mL  each.  Lemon  juice  was  diluted  with 
 distilled  water  to  prepare  the  acidic  solutions  with 
 pH  3  and  5,  and  bleach  was  diluted  with  distilled 
 water  to  prepare  the  basic  solutions  with  pH  9  and  11. 
 Distilled  water  was  used  as  the  neutral  solution  with 
 pH 7. All of the solutions prepared were colorless. 

 Application  of  Extract  to  Solutions.  One  mL  of 
 the  extract  was  added  to  the  50  mL  beaker 
 containing  20  mL  of  the  solutions  of  varying  pH 
 values.  The  solutions  were  then  stirred  20  times  for 
 10 seconds. 

 Stability  Test  of  Extract.  To  determine  the 
 stability  of  the  aqueous  extract,  three  sets  of  pH 
 measurements  were  conducted  at  different  time 
 intervals  a�er  the  collection  of  the  aqueous  extract. 
 The  pH  measurements  at  pH  3,  5,  7,  9,  and  11  were 
 performed at 0, 25, and 51 hours a�er extraction. 

 Observation  of  Color  Change.  The  colors  of  the 
 resulting  solutions  were  identified  and  documented 
 in  each  replicate  three  (3)  times.  Using  the  Color 
 Grab  mobile  application  Version  3.9.2,  the 
 hexadecimal  values  of  the  colors  of  the  solutions 
 were obtained. 

 Measurement  of  pH  .  The  pH  of  the  resulting 
 solutions  in  each  of  the  three  replicates  were 
 measured using a calibrated pH meter. 

 Data  Analysis.  A  Shapiro-Wilk  test  was 
 performed  to  determine  the  normality  of  the  data.  A 
 Paired  Samples  T-test  at  α=0.05  was  performed  using 
 IBM  SPSS  Statistics  for  Windows  Version  28.0.0.0  to 
 determine  if  a  significant  change  was  caused  by  the 
 extract before and a�er its application. 

 Colors  identified  from  each  resulting  solution  in 
 each  of  the  three  replicates  were  visually  compared 
 to  evaluate  the  consistency  of  the  occurrence  of  color 
 change.  Three  color  scales  were  constructed  based  on 

 the  hexadecimal  codes  of  the  colors  obtained  from 
 each solution in each replicate. 

 Safety  Procedure.  Due  to  the  pandemic,  proper 
 health  protocols  were  observed  during  the  conduct 
 of  the  experiment  such  as  the  wearing  of  face  masks. 
 Personal  protective  equipment  was  worn  at  all  times, 
 and  physical  contact  between  the  chemicals  and 
 open  areas  of  the  body  were  avoided.  The  bleach 
 solution  and  lemon  juice  solution  were  neutralized 
 with  distilled  water  then  flushed  down  the  drain  with 
 running water a�er use. 

 Results  and  Discussion.  -  This  study  aimed  to 
 evaluate  the  pH  indicator  capability  of  Basella  rubra 
 stem  peel  aqueous  extract  to  solutions  with  pH  3,  5,  7, 
 9,  and  11.  A�er  the  extract  application,  a  statistical 
 analysis  for  their  pH  means  was  performed.  The 
 colors  of  the  solutions  identified  using  the  Color 
 Grab  mobile  application  were  used  to  create  color 
 scales. 

 A�er  the  extraction  of  Basella  rubra  stem  peels,  a 
 total  yield  of  33.5  mL  was  extracted  from  40  grams 
 of  the  plant  stem  peels.  The  pH  of  the  Basella  rubra 
 stem  peel  aqueous  extract  was  then  measured  using  a 
 pH paper to be approximately 6. 

 Mean  Difference  of  pH  Means.  Table  1  shows  that 
 the  mean  difference  of  the  pH  means  ranges  from 
 0.10 to 2.06. 

 Table 1.  Mean pH of solutions before and a�er application  of 
 extract and their significant differences 

 pH 
 Level 

 3  5  7  9  11 

 Mean 
 Initial pH 

 3.05  5.05  6.98  9.02  10.97 

 Mean 
 Resulting 

 pH 

 3.41  5.15  6.36  6.96  10.10 

 Mean pH 
 Difference 

 0.36  0.10  0.62  2.06  0.87 

 SD  0.11  0.05  0.05  0.07  0.33 

 p-value  0.03*  0.08  0.00 
 2* 

 <0.0 
 01* 

 0.045 
 * 

 *pH  groups  that  showed  significant  difference  (α=0.05) 
 before and a�er the application of the extract 

 As  shown  in  Table  1,  a  significant  pH  change  can 
 be  observed  in  the  solutions  with  a  mean  initial  pH 
 of  9.02  a�er  the  application  of  the  Basella  rubra  stem 
 peel  aqueous  extract.  Their  mean  pH  change  of  2.06 
 is  relatively  higher  than  the  other  pH  groups.  This 
 result  may  be  attributed  to  the  stability  of  betacyanin 
 at  pH  3-7  which  undergoes  color  and  structural 
 variations  at  alkaline  conditions  [15,16].  With  this, 
 more  alkaline  pH  groups  experienced  greater  pH 
 changes. 

 Significant  Difference  of  pH  Means  .  Furthermore, 
 only  the  solutions  with  initial  pH  5  showed  no 
 significant  pH  changes  a�er  the  application  of  the 
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 aqueous extract. 

 Saptarini  et  al.  [17]  and  Yao  et  al.  [6]  have 
 previously  used  buffer  solutions  of  various  pH  levels 
 to  observe  the  color  changes,  unlike  our 
 experimental  set-up  which  used  household 
 chemicals,  and  this  led  to  a  significant  change  in  the 
 pH  levels  of  3,  7,  9,  and  11  a�er  the  application  of  the 
 extract.  The  Paired  Samples  T-test  showed  that  only 
 the  solutions  with  initial  pH  of  5  showed  no 
 significant  pH  changes.  This  result  is  in  accordance 
 with  the  studies  of  Woo  et  al.  [18]  and  Wong  and  Siow 
 [19]  wherein  betacyanin  was  found  to  be  most  stable 
 and have the highest concentration at pH 5. 

 Figures  1,  2,  and  3  show  the  colors  of  the 
 solutions  a�er  the  application  of  the  Basella  rubra 
 stem  peels  aqueous  extract  in  the  three  replicates. 
 The  solutions  of  pH  3,  5,  7,  9,  and  11  changed  into 
 colors  from  red  to  yellow,  respectively.  Moreover, 
 these colors became lighter a�er every replicate. 

 pH 3.05  pH 5.05  pH 6.98  pH 9.02  pH 10.97 

 Figure 1.  Color scale of Set 1 (t=0 hours) 

 pH 3.06  pH 5.07  pH 6.98  pH 8.99  pH 10.96 

 Figure 2.  Color scale of Set 2 (t=25 hours) 

 pH 3.06  pH 5.04  pH 6.97  pH 9.04  pH 11.00 

 Figure 3.  Color scale of Set 3 (t=51 hours) 

 These  color  changes  reflect  a  similar  result  to  the 
 study  of  Kapilraj  et  al.  [5]  wherein  the 
 betacyanin-containing  aqueous  extract  of 
 Bougainvillea  glabra  gave  colors  of  red  to  brownish 
 yellow.  Comparing  the  color  changes  to  the  studies 
 of  Ezati  and  Rhim  [20]  and  Qin  et  al.  [15],  the 
 colorant  properties  of  the  Basella  rubra  stem  peel 
 aqueous  extract  can  be  most  likely  attributed  to  the 
 presence  of  betacyanin  as  its  major  colorant. 
 Betacyanin  is  stable  at  weakly  acidic  and  neutral 
 conditions  which  is  represented  by  the  red  color  [21]. 
 When  exposed  to  alkaline  conditions,  it  undergoes 
 color  and  structural  variation.  Betacyanin  degrades 
 into  betalamic  acid  as  shown  in  Figure  4  [15],  which 
 undergoes  condensation  with  amines  and/or  their 
 derivatives  that  generate  betaxanthins,  giving  off  the 
 yellow  color  [16].  The  degradation  of  betacyanins  is 
 caused  by  the  aldimine  bond  hydrolysis  when 
 subjected  to  basic  solutions,  and  the  recondensation 
 of  betalamic  acid  and  colorless  betaxanthins  or 

 cyclo-Dopa-5-O-β-glucoside  at  acidic  pH  [18,22]. 
 These  mechanisms  might  be  occurring  in  our  study 
 based on the observed color changes. 

 Figure 4.  Degradation of betacyanin 

 According  to  the  study  of  Priatni  and  Pradita 
 [23],  the  betacyanin  content  of  the  red  dragon  fruit 
 aqueous  extract  degraded  by  22.58%  a�er  five  hours 
 at  room  temperature.  It  has  also  been  stated  that 
 half-life  time  of  the  extract  at  25°C  was  23  hours  and 
 90%  shelf-life  is  76  hours.  In  heat  processing,  betanin, 
 the  most  abundant  type  of  betacyanin  may  degrade 
 leading  to  the  reduction  of  the  red  color  to  a  light 
 brown  color.  Other  phytochemicals  such  as 
 anthocyanins  have  also  been  reported  to  degrade 
 over  time.  In  the  study  of  Muche  et  al.  [24],  there  is  a 
 direct  correlation  in  the  decrease  of  anthocyanin 
 content  and  storage  time  especially  in  temperatures 
 of  25°C  and  35°C.  Thus,  external  factors  such  as 
 temperature  and  prolonged  duration  of  storage 
 caused  the  apparent  degradation  of  the  extract  that 
 resulted  to  the  decreasing  color  intensities  of  the 
 solutions from Set 2 and Set 3. 

 Limitations.  The  test  solutions  of  varying  pH 
 levels  were  prepared  differently  in  each  replicate 
 which  may  have  influenced  the  mean  pH  changes. 
 The  experimental  setups  were  also  transported  to 
 different  areas  and  conducted  at  different  time 
 frames  by  different  researchers  which  might  have 
 affected  the  accuracy  and  consistency  of  the  results 
 obtained.  Changes  in  temperature  and  storage  time 
 due  to  transportation  may  have  affected  our  extract 
 resulting in its degradation. 

 Conclusion.  -  The  Basella  rubra  (alugbati)  stem 
 peel  aqueous  extract  is  capable  as  a  plant-based  pH 
 indicator  in  identifying  pH  levels  3  to  7,  showing 
 color changes of red to yellow. 

 Recommendations.  -  The  researchers  suggest  to 
 conduct  the  experiment  in  one  location  for  a  more 
 controlled  environment.  Buffer  solutions  may  also  be 
 used  as  test  solutions.  Furthermore,  UV-Visible 
 spectroscopy  may  also  be  utilized  to  accurately 
 determine  and  compare  the  color  changes  produced 
 by  the  test  solutions.  Testing  the  aqueous  extract  of 
 Basella  rubra  stem  peels  on  a  wider  pH  range  and  by 
 manual  titration  could  also  be  considered.  Lastly,  the 
 stability  of  the  Basella  rubra  stem  peel  extract  in 
 terms  of  color  reversibility  and  storage  could  also  be 
 explored  to  determine  its  other  chemical  effects  and 
 shelf  life,  respectively.  Phytochemical  screening  of 
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 the  extract  should  also  be  performed  to  determine 
 the  active  ingredient  in  the  extract  which  gives  the 
 distinct color upon application of the test solutions. 
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 Abstract 

 The  Apriori  algorithm  is  a  level-wise  algorithm  designed  to  find 
 frequent  itemsets.  Various  improvements  called  implementations  were 
 made  to  improve  efficiency.  These  are  classified  into  five  categories  based 
 on  how  the  algorithm  processes  data.  Existing  studies  focus  on  the 
 comparison  of  the  classical  Apriori  with  a  different  implementation.  With 
 dynamic  itemset  counting  (DIC)  under  dataset  partitioning  algorithm  and 
 transaction  reduction  under  incremental  update  algorithm,  a  comparison 
 of  the  running  time  between  algorithms  from  different  categories  might 
 not  be  accurate;  thus,  the  time  complexities  in  Big-O  notation  were  solved. 

 Both  algorithms  had  the  same  time  complexity,  O(  );  thus,  a  comparison  𝑛  2 

 of  the  running  times  was  made.  The  running  times  were  recorded  a�er 
 processing  three  datasets  of  varying  size  and  complexity.  It  was  determined 
 that  DIC  is  faster  by  8434%  while  having  the  same  accuracy.  Both 
 algorithms  slowed  down  at  large  and  complex  datasets;  however,  the  DIC 
 was still faster. 

 Introduction.  -  An  algorithm  is  a  set  of  specific 
 rules  or  instructions  typically  executed  in  a 
 computer  to  solve  problems  or  perform  tasks.  [1] 
 Different  obstacles  or  tasks  also  come  in  different 
 ways  on  how  to  tackle  them.  Since  various  factors 
 can  affect  the  outcome  of  an  algorithm,  it  is  essential 
 to  know  how  efficiently  they  can  perform  a  task. 
 Evaluating  the  time  complexity  of  an  algorithm  is  a 
 way  to  see  how  long  an  algorithm  will  run  as  a 
 function of the length of the input used. 

 This  study  focused  on  the  Apriori  algorithm,  a 
 recognized  level-wise  algorithm  commonly  used  for 
 Association  Rule  Mining  (ARM).  However,  datasets 
 collected  from  transactions  have  significantly 
 increased  in  size  compared  to  datasets  ten  years  ago. 
 This  created  a  dilemma  for  the  Apriori  algorithm,  as 
 it  repeatedly  scans  the  whole  transactional  dataset, 
 which  increases  computational  cost.  This  dilemma 
 has  kept  attracting  researchers  for  years  by 
 developing  and  applying  different  techniques  to 
 improve its efficiency [2]. 

 Several  studies  recommended  methods  to  cope 
 with  this  dilemma,  each  having  advantages  and 
 drawbacks.  Some  of  these  methods  reduced  the 
 time  consumed  in  itemset  generation  [3].  Another 
 technique  reduced  the  memory  space  used, 
 simplified  support  counting,  and  the  generation  of 
 candidate  itemsets  via  logical  bitwise  operations  [4]. 
 For  more  significant  applications,  algorithms  that 
 can  enhance  the  algorithm’s  ability  to  scan  and  work 
 with  large  data  sets  and  extract  information  from 
 the  dataset  are  in  high  demand  [2].  This  led  to  a 
 more  efficient  Apriori  Algorithm  by  minimizing  the 
 number  of  dataset  scans  and  limiting  the  input  and 

 output costs [2]. 
 Data  Mining  requires  expertise  as  well  as  a 

 systematic  approach.  Both  are  especially  lacking  in 
 many  small  and  medium-sized  enterprises  [5].  The 
 Apriori  algorithm  is  an  algorithm  viable  for  SMEs 
 [6].  However,  there  are  different  implementations  of 
 it,  thus  the  need  to  determine  which  is  faster  in 
 processing  datasets.  Because  there  is  a  lack  of 
 comparison  between  algorithm  implementations  on 
 how  efficient  and  accurate  they  would  be  in 
 processing  large  datasets  within  a  specified  time.  By 
 comparing  the  different  algorithm 
 implementations,  users  will  be  able  to  identify 
 which  Apriori  algorithm  implementation  is  best 
 suited  for  the  size  and  complexity  of  their  datasets. 
 Additionally,  studies  such  as  Castro  et  al.  [7]  have  not 
 yet  identified  which  Apriori  implementations  are 
 the  best  at  handling  datasets  that  vary  in  size  and 
 complexity.  As  the  Apriori  algorithm  can  be  used  in 
 market  basket  analysis  to  determine  the  trend  in 
 what  the  customers  are  purchasing  [8],  businesses 
 can  use  the  Apriori  algorithm  to  make  better 
 decisions  in  the  pricing  of  their  products  or  product 
 bundles  to  improve  sales.  Due  to  better  business 
 decisions,  the  customers  and  the  business  owners 
 alike would be able to save money. 

 The  main  limitation  of  the  Apriori  algorithm  is 
 the  costly  wasting  of  time  to  hold  vast  numbers  of 
 frequent  candidate  sets  with  frequent  itemsets, 
 which  causes  the  algorithm  to  scan  the  datasets 
 repeatedly  [3].  According  to  Brin  et  al.  [9],  one  of  the 
 dynamic  itemset  counting  (DIC)’s  weaknesses  would 
 be  that  it  does  not  do  well  with  homogenous  data; 
 however,  it  improves  when  the  order  of  transactions 
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 is  randomized.  However,  the  transaction  reduction 
 implementation  (TRI)  tends  to  have  several  dataset 
 scans  when  processing  the  transactions  [10].  Thus, 
 this  research  aims  to  know  which  of  the  two  is  faster 
 in processing datasets. 

 These  implementations  were  selected  because 
 they  are  two  of  the  commonly  used  association 
 rules  mining  algorithms:  DIC  belongs  to  the  Data 
 Set  Partitioning  Algorithm,  and  TRI  belongs  to 
 Incremental  Update  Algorithm  [11].  The  computed 
 time  complexity  would  be  used  to  know  which  is 
 more  efficient  by  interpreting  the  algorithms  of  the 
 implementations.  The  time  complexity  is  generally 
 an  equation,  which  outputs  the  time  it  takes  to 
 complete  its  tasks  given  the  number  of  transactions 
 and  the  computer’s  components.  With  this,  both 
 algorithms  can  be  compared,  even  with  different 
 setup  specifications.  Additionally,  researchers  can 
 explain  why  one  algorithm  is  faster  than  the  other 
 using time complexities. 

 Evaluating  the  time  complexity  of  an  algorithm 
 is  a  way  to  see  how  long  an  algorithm  will  run  as  a 
 function  of  the  length  of  the  input  used.  It  can  be 
 written  in  many  ways,  such  as  an  algebraic 
 expression.  However,  the  most  common  type  of 
 expressing  the  time  complexity  of  an  algorithm  is 
 through  Big  O  notation  to  represent  the  worst-case 
 analysis  which  uses  the  worst  performance  of  any 
 input  of  a  given  size  to  summarize  its  performance 
 [12]. 

 The  Big  O  notation  was  utilized  in  this  study  in 
 generating  the  time  complexities  of  both 
 implementations.  The  Big  O  notation  is  the  most 
 common  metric  for  solving  time  complexity,  and  it 
 uses  the  steps  needed  to  complete  a  task  to  generate 
 its  execution  time.  It  is  denoted  by  the  notation  of 
 O(n),  where  O  is  the  order  of  growth  and  n  is  the 
 length  of  the  input.  It  expresses  the  run  time  of  an 
 algorithm  in  terms  of  how  quickly  it  grows  relative 
 to  the  input  ‘n’  by  defining  the  N  number  of 
 operations that are done in it. 

 This  study  may  serve  as  a  reference  for  future 
 researchers  that  wish  to  develop  an  improved 
 implementation  for  the  algorithm.  The  methods 
 can  also  become  a  basis  for  those  who  want  to 
 compare  other  implementations  of  the  Apriori 
 algorithm.  The  results  from  this  study  may  provide 
 information  in  serving  as  a  comparison  to  an 
 improved  algorithm  that  focuses  on  the  data 
 processing speed. 

 Methods.  -  The  study  aims  to  determine  which 
 of  the  two  algorithms  to  be  tested  would  be  faster 
 and  more  accurate.  The  procedures  to  be  used  in  this 
 study  could  serve  as  a  basis  for  how  other  researchers 
 would  test  other  algorithms  under  the  Apriori 
 algorithm.  To  compare  the  algorithms,  the  time 
 complexity  of  both  codes  was  calculated  using  Big-O 
 notation  which  represents  the  upper  bound  of  the 
 running time of an algorithm. 

 To  give  support  on  which  of  the  two  algorithms 
 is  faster,  both  algorithms  were  tested  by  gathering 
 the  time  it  takes  for  both  algorithms  to  run  in  three 
 different  datasets.  The  factors  that  were  kept  constant 
 are  the  number  of  background  tasks  and  the 
 hardware  of  the  computer  to  be  used  since  CPU  and 
 memory  speed  and  utilization  are  the  factors  that 
 greatly  affect  the  performance  of  a  computer  [13]. 
 Calculation  of  the  accuracy  of  the  algorithms  on 
 different  datasets  and  the  running  of  tabs  aside  from 

 the  ones  needed  for  the  data  gathering  were 
 recommended by the study of Tank [14]. 

 The  hardware  used  for  data  gathering  was  one  (1) 
 desktop  computer  with  the  following  specifications: 
 A  desktop  computer  with  Ryzen  5  3600  (Base  clock: 
 3.6  GHz,  Boost  Clock:  4.2GHz),  16  GB  DDR4  RAM, 
 and  a  Sapphire  Pulse  RX  5500  XT  GPU.  The  two  (2) 
 data  sets  to  be  used  were  sourced  from  Kaggle  and 
 one  (1)  from  the  UCI  Machine  Learning  Repository. 
 The  datasets  contain  different  numbers  of 
 transactions  and  unique  items.  A  customer 
 transaction  dataset  containing  the  items  bought  by 
 the  customers,  a  spambase  dataset  containing  spam 
 and  non-spam  emails,  and  a  mall  customer 
 segmentation  dataset  that  contains  customer 
 information. 

 The  Python  source  codes  for  the  different 
 implementations  were  gathered  from  GitHub  and 
 were  modified  to  output  the  execution  time  of  the 
 algorithms and the frequency of frequent itemsets. 

 For  data  collection,  the  process  has  three 
 trials  for  each  of  the  three  (3)  datasets  which  were 
 used  in  previous  research  by  Delos  Arcos  & 
 Hernández  [2]  and  Saabith  et  al.  [15].  Each  trial 
 measured  the  amount  of  time  it  takes  an 
 implementation  to  process  the  entire  data  set. 
 Additionally,  the  Process  Hacker  2  application  will  be 
 used  to  make  sure  that  the  CPU  and  GPU  utilization 
 rate  is  constant  all  throughout  the  data  gathering 
 process.  The  codes  to  be  used  were  checked  and 
 verified by our consultant, Dr. Rosslin Robles. 

 The  data  gathering  process  was  conducted  in  the 
 residences  of  the  researchers  as  it  is  the  most 
 accessible  place  to  put  a  desktop  without  any  hassle 
 or  permit  needed  to  utilize  it.  The  codes  for  the 
 algorithms  (transaction  reduction  implementation 
 and  dynamic  itemset  counting  implementation)  were 
 taken  from  GitHub.  The  code  was  set  up  in  Python 
 and  had  a  runtime  counter  added  to  it.  The  data  sets 
 used  were  sourced  from  Kaggle,  which  contained 
 different amounts of transactions and unique items. 

 Sourcing  and  Checking  of  Algorithms  and 
 Implementing  the  Time  Library.  Algorithms  were  first 
 searched  in  GitHub.  Since  Python  is  the  language 
 used  by  the  researchers,  the  search  filter  only  caters 
 to  Python  codes.  A�er  narrowing  it  down  to  a  couple 
 of  codes,  the  researchers  chose  an  algorithm  then 
 tested  them  out  to  see  if  the  algorithm  had  any 
 errors.  If  the  tested  algorithm  has  no  errors,  that 
 would  be  the  code  to  be  used  for  data  gathering.  For 
 both  algorithms  to  output  the  time  of  each  run,  the 
 time  library  needs  to  be  implemented.  To 
 implement  this,  the  snippet  “import  time”  was  added 
 at  the  start  of  the  code  so  that  the  code  would  have 
 access  to  the  said  library.  A�er  implementing  the 
 time  function  in  the  codes  of  the  algorithms,  the 
 implemented  codes  were  checked  by  an  external 
 consultant,  Doctor  Rosslin  Robles.  If  the  codes  are  to 
 be  judged  by  our  consultant  as  ready  for  data 
 gathering,  the  said  algorithms  would  be  used  for  data 
 gathering. 

 Calculation  of  the  Time  Complexity  of  the  Algorithms. 
 The  time  complexity  of  the  algorithms  was  solved 
 using  the  method  of  Vaz  et  al.  [16].  This  study  made 
 use  of  the  Big-O  notation  for  the  time  complexity  as 
 it  is  used  to  get  the  upper  bound  or  the  worst-case 
 scenario  for  the  running  time  of  the  algorithms.  The 
 algorithm  was  evaluated  line-by-line  by  assigning 



 46  | Parcon et al. 

 values  such  as  1,  x,  ,  log  n,  etc.  to  each  line  or  loop.  𝑥  2 

 The  lines  of  code  were  grouped  by  the  function  they 
 are  under.  A�er  assigning  the  values  of  each  line  and 
 loop  of  the  code,  it  was  grouped  according  to  which 
 function  they  are  a  part  of.  The  sums  of  each  were 
 solved,  this  resulted  in  an  algebraic  expression.  A�er 
 getting  the  sums  of  each  group,  it  was  all  combined 
 to  get  the  time  complexity  of  the  algorithm.  In 
 identifying  the  time  complexity  of  the  algorithm 
 using  Big-O  notation,  the  resulting  algebraic 
 expression’s  term  with  the  highest  power  was 
 identified.  Then,  by  disregarding  the  coefficient  of 
 the  mentioned  term,  that  was  the  time  complexity  of 
 the  algorithm.  For  example,  the  resulting  algebraic 

 expression  is  ,  which  means  that  the  6  𝑥  2 +  2  𝑥    +  1 
 time complexity of the algorithm is O(  ).  𝑛  2 

 Cleaning  of  the  Data  Sets.  A�er  opening  the  excel 
 file,  the  researchers  need  to  determine  what  data  the 
 algorithms  could  process.  The  data  that  was  not 
 determined  to  be  processed  by  the  algorithm,  such  as 
 the  personal  information  of  people,  were  removed. 
 Data  that  is  usually  determined  to  be  removed  are 
 labels.  Then,  proceed  to  the  other  excel  files  and 
 repeat  the  process.  Then,  the  cleaned  excel  files  and 
 algorithms  were  checked  by  the  previously 
 mentioned external consultant. 

 Preparation  of  Parameters  and  Execution  of 
 Algorithms.  Three  trials  were  performed  for  each 
 algorithm  and  the  average  running  time  of  the  three 
 trials  were  computed.  To  ensure  that  the  results  were 
 not  affected  by  other  factors,  unrelated  background 
 tasks  were  closed.  This  action  kept  the  CPU  and  RAM 
 utilization  available  for  use  constant.  Dataset  number 
 1  was  processed  using  the  TRI  and  DIC  for  three 
 trials,  followed  by  datasets  2  and  3.  A�er  every  run, 
 the  runtime  and  rules  were  recorded  into  an  excel 
 file. 

 Calculating  the  Accuracy  of  the  Algorithms.  The 
 output  a�er  every  run,  excluding  the  processing 
 time,  was  noted.  Then,  the  frequency  of  each  itemset 
 in  the  dataset  was  identified.  From  this,  the 
 confidence  levels  of  each  rule  were  calculated.  The 
 highest  confidence  value  that  was  calculated  will  be 
 the  accuracy  of  the  algorithm  for  that  run.  The  three 
 runs’ accuracies will then be averaged. 

 Data  Analysis.  A�er  all  the  values  were  recorded 
 to  an  Excel  sheet,  the  analysis  of  data  took  place.  The 
 first  process  was  to  analyze  the  time  complexities  of 
 the  transaction  reduction  and  dynamic  itemset 
 counting  algorithms.  This  portion  of  the  study  is  a 
 modified  version  of  Delos  Arcos  and  Hernandez  [2] 
 and  Tank  [14]  methods,  wherein  the  mean  of  the 
 three  trials  of  each  algorithm  will  first  be  solved.  The 
 mean  values  of  the  TRI  and  DIC  were  then  used  to 
 solve  the  percentage  of  performance  difference. 
 Lastly,  the  processed  values  were  graphed.  For 
 accuracy,  the  confidence  levels  of  each  rule  or  output 
 were  first  determined.  The  highest  confidence  value 
 out  of  all  the  rules  is  the  accuracy  of  the  algorithm 
 for  that  run.  Except  for  the  worst-case  analysis,  these 
 steps  were  done  on  Microso�  Excel  as  all  the  tools 
 needed  for  the  computations  are  present  in  said 
 application.  The  worst-case  analysis  measures  the 
 resources  required  by  the  algorithm  given  the  input 
 size  n.  Examples  of  the  resources  are  the  algorithm's 
 running  time  and  the  memory  used  to  run  the 

 algorithm. 
 Computation  of  parameters  from  the  raw  data.  This 

 is  done  so  that  the  succeeding  step  of  the  data 
 analysis  would  be  easier  to  do.  The  mean  of  the  3 
 trials was solved using the equation: 

 𝑉  1 + 𝑉  2 + 𝑉  3 
 3 

 where  V1,  V2,  and  V3  are  the  values  of  3  trials 

 and  divided  by  3.  Then,  the  percentage  of 
 performance  difference  of  the  algorithms  in  the  3 
 datasets were solved using the equation: 

 𝐴𝐷 =  1 
 𝑉𝐷 

 𝐴𝑇 =  1 
 𝑉𝑇 

    |  𝐴𝐷 
 𝐴𝑇  | −  1 ( )   ×     100 

 where  VT  is  the  average  run  time  by  the 
 transaction  reduction  algorithm,  while  VD  is  the 
 average  run  time  by  the  dynamic  itemset  counting 
 algorithm,  and  AT  and  AD  are  the  reciprocals  of  VT 
 and VD, respectively. 

 The  accuracy  of  each  was  solved  using  the 
 equation: 

σ  𝑋 ∪ 𝑌 ( )
σ  𝑋 ( )

 where  (X)  is  the  frequency  an  itemset,  X,  appears 
 in  the  dataset,  while  (XY)  is  the  frequency  itemset  Y 
 appears  in  the  same  transaction  as  itemset  X.  Then, 
 the  confidence  of  each  of  the  rules  was  to  be 
 multiplied  by  100  so  that  it  would  be  presented  in 
 percent form. 

 Safety  Procedure.  Safety  precautions  during  the 
 data  gathering  process  were  observed  to  avoid 
 possible  harm.  The  researchers  have  identified  three 
 hazards:  electrical  outlets,  ungrounded  components, 
 and  spending  too  much  time  in  front  of  a  computer. 
 To  mitigate  the  identified  hazards,  having  water  near 
 the  outlets  was  strictly  avoided  as  well  as  tampering 
 with  the  hardware,  unless  knowledgeable  enough  of 
 the  surroundings  and  components.  Breaks  were  also 
 taken  from  time  to  time  to  prevent  asthenopia  or  eye 
 strains. 

 Results  and  Discussion.  -  The  researchers  first 
 identified  the  number  of  transactions  for  each 
 dataset  which  were  gathered  from  their  respective 
 repositories.  The  number  of  transactions  [4]  and  the 
 number  of  distinct  items  [14]  of  the  algorithms  were 
 also  gathered.  The  number  of  distinct  items  was 
 available  on  the  respective  repositories  of  the 
 datasets  and  verified  using  the  remove  duplicates 
 option  in  Microso�  Excel.  Lastly,  the  average 
 transaction  length  was  calculated  by  determining  the 
 average number of characters per transaction. 

 Table  1  shows  that  D1  consists  of  the  lengthiest 
 transactions,  while  D3  has  the  shortest  transactions. 
 Additionally,  D3  is  the  largest  dataset  while  having 
 the  most  number  of  distinct  items.  This  means  that 
 D3  is  the  most  diverse  or  randomized  data  among 
 the  three  datasets.  Then,  D2  has  the  lowest  amount 
 of  transactions  and  distinct  items.  D2  is  also  a  small 
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 dataset,  according  to  the  definition  of  Althnian  et  al. 
 [17]  of  a  small  data  set  having  18  to  1030  transactions. 
 However,  dataset  sizes  are  not  explicitly  defined  [17], 
 thus  the  two  other  datasets  will  be  defined  relative  to 
 D2  or  the  small  dataset.  As  shown  in  Table  1,  D3  has 
 the  most  number  of  transactions  and  therefore,  the 
 largest  dataset.  Since  D1’s  transaction  count  is  in 
 between  the  smallest  and  largest  dataset  of  this  study, 
 it  is  the  medium-sized  dataset.  This  means  that  D1 
 (Groceries)  is  the  most  complex  dataset  among  the 
 three,  while  D3  (Spambase)  is  the  least  complex. 
 Then,  D2  (Mall  Customer)  is  the  least  randomized 
 dataset,  while  D3  (Spambase)  is  the  most  randomized 
 dataset used in this study. 

 Table  1.  The  table  shows  the  properties  of  the  datasets  used 
 in the study. 

 Data Set  Number of 
 Transactions 

 Distinct 
 Items 

 Average 
 Length of 

 Transactions 
 Length 

 (number of 
 characters) 

 D1 
 (Groceries) 

 43,349  169  10.548 

 D2 (Mall 
 Customer) 

 800.00  102  2.798 

 D3 (Spam 
 Base) 

 266,858  4499  1.617 

 In  Table  2,  D3  resulted  in  the  highest  percentage 
 of  performance  difference  among  the  two 
 algorithms.  As  D3  is  the  most  randomized  data 
 among  the  three  datasets,  it  coincides  with  the 
 findings  of  Brin  et  al.  [9]  that  dynamic  itemset 
 counting’s  performance  improves  when  the 
 transactions  are  randomized.  Out  of  the  three 
 parameters  from  Table  1,  the  running  time  of 
 transaction  reduction  was  greatly  affected  by  the 
 average  transaction  length  of  the  dataset,  as  it  had  the 
 highest running time in D1. 

 Table  2.  The  table  shows  the  average  processing  times  of 
 transaction  reduction  and  dynamic  itemset  counting  on 
 three data sets 

 Data 
 Set 

 Transaction 
 Reduction 
 (seconds) 

 Dynamic 
 Itemset 

 Counting 
 (seconds) 

 Percentage of 
 Performance 

 Difference (average 
 running time of 

 DIC vs. TRI) 

 D1  1165.51032  36.99194  3051% 

 D2  0.62623  0.06089  929% 

 D3  755.92940  3.52844  21324% 

 Fig.  1  shows  the  comparison  in  the  percentage  of 
 performance  difference  of  the  two  algorithms’ 
 average  running  times  in  the  different  datasets.  The 
 average  percentage  of  performance  difference  of 
 both  algorithms  is  8434  percent  for  the  three  datasets 
 derived  where  D3  has  the  highest  percentage  of 
 performance  difference,  and  D2  resulted  in  the 
 lowest  difference  in  average  processing  time  of  both 

 algorithms.  So,  the  dynamic  itemset  counting 
 implementation  has  an  advantage  on  large  and  less 
 complex  data  sets  but  gradually  loses  it  on  smaller 
 and  more complex data sets  . 

 Figure 1.  The bar graph shows the percentage of 
 performance difference in each dataset. 

 Additionally,  the  accuracy  of  both 
 implementations  in  all  three  datasets  were  the  same, 
 as  well.  In  D1  (Groceries)  both  algorithms  achieved 
 84.89%,  89.29%  accuracy  in  D2  (Mall  Customers),  and 
 87.73% accuracy in D3 (Spambase). 

 Table  3.  The  table  shows  the  summary  of  the  accuracy  of 
 transaction  reduction  and  dynamic  itemset  counting  on 
 three datasets. 

 Data Set  Transaction 
 Reduction (%) 

 Dynamic Itemset 
 Counting 

 (%) 

 D1  84.89  84.89 

 D2  89.29  89.29 

 D3  87.73  87.73 

 As  both  algorithms  have  a  time  complexity  of  O 

 (  ),  this  means  that  the  efficiency  of  both  algorithms  𝑛  2 

 is  the  same.  Thus,  the  processing  times  of  both 
 algorithms  should  be  close.  However,  the  transaction 
 reduction  implementation  (TRI)  had  an  average 
 processing  time  of  640.5  seconds  on  all  three 
 datasets,  while  the  dynamic  itemset  counting  (DIC) 
 had  an  average  processing  time  of  13.5  seconds.  This 
 means  that  the  DIC  and  TRI  have  an  average 
 percentage  of  performance  difference  (PPD)  of  8434% 
 across all three datasets. 

 The  performance  of  the  two  algorithms  had 
 some  discrepancies  in  varying  dataset  sizes  and 
 complexities.  In  D1  (Groceries),  there  was  a  3051% 
 percentage  of  performance  difference  (PPD),  928% 
 PPD  in  D2  (Mall  Customers),  and  21324%  PPD  in  D3 
 (Spambase).  This  is  supported  by  the  study  of  Brin  et 
 al.  [9],  which  stated  that  DIC’s  weakness  is  that  it  does 
 not  do  well  with  homogenous  data;  however,  it 
 improves  when  the  order  of  transaction  is 
 randomized. percentage of performance difference. 

 As  both  algorithms  have  the  same  accuracy  in 
 determining  the  frequent  itemset,  this  means  that 
 both  algorithms  have  the  same  reliability  level  in  the 
 association  rules  they  output.  However,  the  classical 
 Apriori  has  been  tested  to  have  an  accuracy  of 
 between  98%  [18]  to  99%  [19].  The  decrease  in 
 accuracy  can  be  attributed  to  the  support  value  set  by 
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 the  researchers,  5,  which  has  been  stated  by  Tank  [14] 
 to  be  one  of  the  factors  that  affect  the  accuracy  of  the 
 Apriori algorithm and its implementations. 

 Even  though  both  algorithms  have  the  same 

 time  complexity  of  O  (  ),  their  processing  speeds  𝑛  2 

 have  a  large  gap.  This  may  be  due  to  the  fact  that  the 
 Big-O  notation  is  only  used  to  weigh  the  computing 
 cost  of  an  algorithm  in  the  worst-case  scenario. 
 Studies  such  as  Delos  Arcos  &  Hernandez  [2]  have 
 opted  to  use  an  algebraic  equation  approach  in 
 determining  the  time  complexity  equations  of 
 algorithms.  This  is  done  so  that  every  factor  such  as 
 the  number  of  loops,  argument,  and  equation  will  be 
 taken  into  consideration  in  the  time  complexity.  The 
 Big-O  notation  is  only  a  good  option  in  algorithms 
 which  have  a  small  number  of  loops,  as  the  Big-O 
 notation  does  not  take  into  account  the  number  of 
 loops,  arguments,  and  equations.  It  only  takes  into 
 account  the  value  of  the  highest  level  loop  of  the 
 entire  algorithm.  Other  formats  of  describing  an 
 algorithm’s  time  complexity  may  be  used  as  the 
 Big-O  notation  only  evaluates  algorithms  in  the 
 worst-case scenario. 

 As  DIC  had  a  shorter  average  running  time  than 
 TRI  in  all  datasets,  this  means  that  DIC  is  more 
 efficient  in  processing  data.  DIC  had  an  advantage, 
 especially  in  D3  (Spambase  dataset).  This  may  be 
 because  its  transaction  reduction  implementation 
 (TRI)  tends  to  have  more  steps  in  scanning  and  data 
 generation,  which  increases  its  processing  time.  This 
 is  supported  by  the  study  of  Zymbler  [4],  which 
 stated  that  DIC  has  good  potential  in  parallelization. 
 This  means  that  on  setups  with  multi-core  CPUs  or 
 GPUs,  DIC  can  take  advantage  of  the  extra  cores  to 
 boost  its  performance.  Additionally,  the  additional 
 scans  that  TRI  does  when  processing  transactions 
 increases  its  processing  times  [10].  Setups  with 
 multi-core  CPUs  or  GPUs  may  want  to  use  the  DIC  in 
 processing  data  as  it  will  significantly  make 
 processing  faster.  However,  a  different  integrated 
 development  environment  (IDE)  can  also  be  used 
 other  than  PyCharm  community  version  2020.2.1  as 
 PyCharm  does  not  fully  utilize  the  computer's 
 available computing resources. 

 The  biggest  factor  which  affects  the  processing 
 speed  of  DIC  lies  in  the  average  length  of 
 transactions  in  the  dataset,  followed  by  its  size  or  the 
 number  of  transactions,  and  then  the  number  of 
 distinct  items  in  the  dataset.  Thus,  DIC  thrives  in 
 datasets  which  have  short  transaction  lengths  and  are 
 more  randomized  such  as  the  D3  (Spambase).  This  is 
 supported  by  the  study  of  Brin  et  al.  [9],  which  stated 
 that  DIC’s  weakness  is  that  it  does  not  do  well  with 
 homogenous  data;  however,  it  improves  when  the 
 order  of  transaction  is  randomized.  Additional 
 variations  in  dataset  sizes  and  complexities  should  be 
 tested,  especially  in  large  datasets  with  lengthy  and 
 homogenous  transactions,  to  determine  if  the 
 advantage  of  DIC  in  randomized  data  will  outweigh 
 its  disadvantage  in  large  datasets  with  lengthy 
 transactions. 

 Limitations.  The  limitation  of  this  research 
 study  is  the  time  complexity  format  used  as  the 
 Big-O  notation  only  evaluates  algorithms  in  the 
 worst  case  scenario.  Another  is  the  IDE  (Integrated 
 Development  Environment)  used,  which  is 
 PyCharm.  PyCharm  does  not  fully  utilize  all  the 
 computing  resources  available  to  make  processing 
 faster.  There  is  also  a  lack  of  variation  in  the  datasets 
 used.  Lastly,  the  method  of  measuring  the  accuracy 

 of  the  algorithm  as  the  highest  confidence  value  is 
 not  a  good  representation  of  the  accuracy  of  the 
 algorithms. 

 Conclusion.  -  The  results  showed  that  the 
 dynamic  itemset  counting  implementation  was  able 
 to  determine  the  frequent  itemsets  with  the  same 
 accuracy,  but  faster  than  the  transaction  reduction 
 implementation. 

 Recommendations.  -  It  is  recommended  by  the 
 researchers  to  use  algebraic  equations  over  the  Big-O 
 notation  to  express  the  time  complexity  of  the 
 algorithms  as  it  would  be  a  more  comprehensive 
 representation  of  the  algorithm.  Additionally,  the 
 Integrated  Development  Environment  (IDE)  to  be 
 used  will  be  different,  as  PyCharm  Community 
 Edition  2020.2.1  does  not  utilize  all  the  available 
 resources,  such  as  the  CPU  and  GPU.  Another 
 method  to  measure  the  accuracy  of  the  algorithm 
 that  may  be  used  as  the  highest  confidence  value  of 
 the  output,  or  rules,  is  not  a  good  representation  of 
 the  accuracy  of  the  algorithm.  Other  variations  in 
 dataset  sizes  and  complexities  may  also  be  used  to 
 identify  if  an  algorithm  has  an  undiscovered  pattern 
 in  processing  data.  Lastly,  researchers  may  also  opt  to 
 compare  other  commonly  used  implementations  of 
 the  Apriori  algorithm  to  determine  which 
 implementation  is  the  best  for  different  dataset  sizes 
 and complexities. 
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 Abstract 

 The  urban  heat  island  (UHI)  effect  is  characterized  by  the  accumulation 
 of  heat  due  to  anthropological  activities.  Land  surface  temperature  (LST) 
 and  air  temperature  (  T  air  )  are  key  parameters  in  quantifying  UHI,  and  they 
 are  generally  believed  to  be  well-coupled.  However,  these  two  variables 
 respond  differently  to  various  factors,  such  as  solar  insolation,  atmospheric 
 condition,  and  land  surface  properties.  Climate  is  a  critical  factor  that 
 affects  LST-  T  air  relationship.  Thus,  this  study  assessed  the  relationship 
 between  LST  and  T  air  across  the  different  climatic  types  in  the  Philippines 
 from  2005  to  2019.  The  obtained  LST-  T  air  relationship  coefficients  for  the 
 daytime  observations  are  0.68,  0.47,  0.59,  and  0.53  for  Types  I,  II,  III,  and  IV, 
 respectively.  For  the  nighttime  observations,  the  obtained  LST-  T  air 

 relationship  coefficients  for  Types  I,  II,  III,  and  IV  are  0.81,  0.39,  0.66,  and 
 0.59,  respectively.  Thus,  for  both  daytime  and  nighttime  observations,  the 
 coefficient  of  LST  and  T  air  relationship  follows  a  decreasing  trend  as  areas 
 approach  the  east.  This  implies  that  climatic  properties  such  as  rainfall, 
 Northeast  monsoon,  and  trade  winds  might  have  affected  their  relationship 
 because  of  the  sensitivity  and  variability  in  the  response  of  LST  to  these 
 factors relative to  T  air  . 

 Introduction.  -  In  light  of  climate  change,  it  is 
 essential  to  have  structured  research  on  the 
 relationship  between  urban  heat  islands  and  their 
 climatic  factors.  UHI  occurs  when  cities  replace  the 
 natural  land  cover  with  dense  concentrations  of 
 pavement,  buildings,  and  other  surfaces  that  absorb 
 and  retain  heat.  Due  to  surface  modifications  that 
 are  attributable  to  urbanization,  there  is  a  tendency 
 for  urban  areas  to  feel  crucially  warmer  and  exhibit 
 elevated  temperatures  compared  to  non-urbanized 
 and  rural  areas  [1].  The  surface  materials’  internal 
 properties,  including  thermal  inertia,  conductivity, 
 and  heat  capacity,  are  the  major  factors  that  affect 
 how  the  temperature  of  the  materials  varies  with 
 respect  to  their  surroundings  [2].  LST  and  T  air  are 
 used  to  quantify  urban  heat  islands  [3].  Due  to  the 
 urban  heat  island  phenomenon’s  effects  on  the 
 environment,  climate,  and  public  health,  it  has 
 attracted  the  public's  attention  and  various 
 researchers [4]. 

 Studies  on  LST  with  respect  to  different 
 factors  such  as  land  cover,  surface  albedo,  and  many 
 more  have  long  existed.  For  example,  Ibrahim  [2]  has 
 already  studied  the  effect  of  land  use/land  cover 
 change  on  LST.  However,  Ali  et  al.  [5]  suggested  that 
 other  factors  influencing  LST,  such  as  meteorological 
 conditions,  surface  energy  parameters,  and 
 geometrical  factors,  should  be  investigated  because 
 the  relationship  of  LST  to  these  has  not  been  fully 
 understood  .  As  for  meteorological  conditions, 
 Tomlinson  et  al.  [5]  and  Nichol  et  al.  [7]  stated  that 

 there  still  exists  a  significant  gap  in  LST  research, 
 which  is  the  quantification  of  the  relationship 
 between  measured  T  air  and  remotely  sensed  LST 
 data.  Studies  assessing  the  relationship  between  T  air 

 and  LST  found  that  they  are  correlated  and  that  the 
 relationship  is  affected  by  land  cover,  elevation, 
 seasonality,  and  location  [4,  7,  8].  Though  these 
 studies  have  investigated  the  LST-T  air  relationship, 
 there  are  still  conditions  and  other  parameters  that 
 are  not  considered.  Cao  et  al.  [4]  stated  that  local 
 climate  zones  would  provide  a  better  understanding 
 of  the  variations  in  spatiotemporal  patterns  of  T  air 

 and  suggested  that  future  studies  should  be  made  on 
 cities of different sizes and under different climates. 

 Thus,  this  study  assessed  the  spatial  relationship 
 of  T  air  and  LST  under  the  different  climatic  types 
 (Type  I  to  IV)  of  the  modified  Corona’s  climate 
 classification,  as  recognized  by  PAGASA,  in  the 
 Philippines  from  2005  to  2019.  They  are 
 characterized  by  oppressive  humidity,  plenty  of 
 rainfall,  and  a  relatively  high  temperature  [10].  Areas 
 under  Type  I  have  two  pronounced  seasons:  wet  and 
 dry.  For  Type  II,  there  is  no  dry  season  with  very 
 pronounced  rainfall.  Seasons  are  not  very 
 pronounced  in  areas  under  Type  III.  For  areas  under 
 the  Type  IV  climate,  rainfall  is  evenly  distributed 
 throughout the year [10]. 

 This  study  provides  an  additional  description  of 
 the  relationship  dynamics  between  LST  and  T  air 

 since  it  is  assessed  under  the  different  climate  types 
 in  the  Philippines.  Moreover,  to  address  the  problem 
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 of  missing  data,  future  studies  can  use  this  research 
 paper  to  develop  a  model  to  estimate  the  LST  using 
 the  situ  T  air  ,  or  vice  versa.  Specifically,  this  study 
 aims: 

 (i)  To  determine  the  8-day  average  daytime 
 and  nighttime  land  surface  temperature  (LST  day 

 and  LST  night  )  from  2005-2019  for  each  weather 
 station  of  each  climate  type  from  the  raw  data 
 acquired  from  the  Moderate  Resolution  Imaging 
 Spectroradiometer  (MODIS)  of  the  National 
 Aeronautics  and  Space  Administration’s  (NASA) 
 Earthdata; 

 (ii)  To  determine  the  8-day  average  minimum 
 and  maximum  air  temperature  (T  max  and  T  min  ) 
 from  2005  to  2019  from  the  daily  raw  data 
 acquired  from  the  Philippine  Atmospheric, 
 Geophysical,  and  Astronomical  Services 
 Administration (PAGASA); 

 (iii)  To  impute  the  missing  daily  T  air  data  and 
 8-day  average  LST  data  in  all  places  with  a 
 weather  station  from  2005  to  2019  using  the 
 multiple imputation method; 

 (iv)  To  calculate  Pearson's  correlation  coefficient 
 between  LST  day  and  T  max  ,  and  LST  night  and  T  min 

 in all weather stations for each climate type; 

 (v)  To  generate  graphs  for  the  pairings  of 
 LST  day  and  T  max  ,  and  LST  night  and  T  min  for  each 
 climate type; and 

 (vi)  To  examine  the  relationship  between  LST  day 

 and  T  max  ,  and  LST  night  and  T  min  in  all  weather 
 stations  for  each  climate  type  using  Pearson’s 
 correlation  coefficient  analysis  and  graphical 
 analysis. 

 Methods.  -  The  data  gathering  procedure  was 
 divided  into  three  parts:  (1)  acquisition  of  T  air  and 
 LST  from  PAGASA  and  NASA’s  Earth  Science  Data 
 Systems  (ESDS)  Program,  respectively,  from  2005  to 
 2019  (2)  the  aggregation  of  T  air  data  into  8-day 
 averages , and (3) imputation of missing values. 

 Study  Area.  The  study  area  includes  all 
 locations  in  the  Philippines  with  available  PAGASA 
 weather  stations  for  the  accessible  acquisition  of  the 
 raw data on T  air  . 

 For  Type  I,  the  weather  stations  are:  Ambulong, 
 Batangas;  San  Jose,  Occidental  Mindoro;  Sangley  Pt., 
 Cavite;  Science  Garden,  Quezon  City;  Sinait,  Ilocos 
 Sur;  NAIA,  Pasay  City;  Port  Area,  Manila;  Laoag  City, 
 Ilocos  Sur;  Iba,  Zambales;  Subic  Bay,  Olongapo; 
 Cuyo,  Palawan;  Dagupan  City,  Pangasinan;  Clark 
 Airport,  Pampanga;  Coron,  Palawan;  Baguio  City, 
 Benguet; and Cabanatuan, Nueva Ecija. 

 Type  II:  Alabat  Quezon;  Virac,  Catanduanes, 
 Surigao,  Surigao  Del  Norte;  Guiuan,  Eastern  Samar; 
 Hinatuan,  Surigao  Del  Sur;  Infanta,  Quezon;  Juban, 
 Sorsogon;  Daet,  Camarines  Norte;  Calayan,  Cagayan; 
 Casiguran,  Aurora;  Catarman,  Northern  Samar; 
 Baler, Aurora; Borongan, Eastern Samar. 

 Type  III:  Aparri,  Cagayan;  Tayabas,  Quezon; 
 Tuguegarao,  Cagayan;  Zamboanga,  Zamboanga  Del 
 Sur;  Tanay,  Rizal;  Puerto  Princesa,  Palawan; 

 Romblon;  Roxas  City,  Capiz;  Masbate;  Mactan 
 International  Airport,  Cebu;  Dumaguete,  Negros 
 Oriental;  El  Salvador  City,  Misamis  Oriental; 
 Capalan,  Oriental  Mindoro;  Cotabato  City, 
 Maguindanao. 

 Type  IV:  Tacloban  City,  Leyte;  Legaspi  City, 
 Albay;  Maasin,  Southern  Leyte;  Malaybalay, 
 Bukidnon;  Itbayat,  Batanes;  Dauis,  Bohol;  Davao 
 City,  Davao  Del  Sur;  Dipolog,  Zamboanga  Del  Norte; 
 General  Santos,  Cotabato;  Basco,  Batanes;  Butuan 
 City, Agusan Del Norte; Catbalogan, Western Samar. 

 Acquisition  of  T  air  and  LST.  A  request  for  the 
 daily  T  max  and  T  min  was  made  on  the  Philippines' 
 Freedom  of  Information  website.  Then,  LST  day  and 
 LST  night  with  a  temporal  resolution  of  8-days  were 
 acquired  from  MODIS  Aqua  land  product  of  NASA’s 
 ESDS  program.  Additionally,  PAGASA  can  only 
 provide  T  air  data  from  2019  at  the  latest.  To 
 accurately  represent  climate  as  a  parameter,  fi�een 
 years  of  recent  data  must  be  utilized,  as  stated  by  the 
 National  Oceanic  and  Atmospheric  Administration 
 [11].  Taking  this  into  consideration,  the  requests  were 
 made  for  all  weather  stations  from  January  1,  2005  to 
 December  31,  2019.  Then,  locations  with  more  than 
 50% missing data were removed from the population. 

 Data  Aggregation.  The  LST  and  T  air  data  of  all 
 selected  areas  from  2005  to  2019  was  processed  to 
 match  the  temporal  resolution  of  the  8-day  averages. 
 This  was  computed  and  tabulated  using  a 
 spreadsheet. 

 Imputation.  The  imputation  of  data  was  done 
 using  the  R  so�ware  version  4.1.1  in  RStudio 
 v2021.09.2+382.pro1.  Multiple  imputation  creates 
 valid  statistical  inference,  it  is  strong  against  outliers, 
 and  it  can  deal  with  skewed  distributions  and 
 multicollinearity.  The  degree  of  absence  was  first 
 determined  using  Little’s  missing  completely  at 
 random  (MCAR)  test.  Then,  multiple  imputation 
 using  the  imputation  by  classification  and  regression 
 trees  in  the  multivariate  imputation  by  chained 
 equations  (MICE)  package  was  done  for  MCAR  data 
 [12].  For  missing  not  at  random  (MNAR)  data, 
 imputation by random forests in MICE was used [13]. 

 Data  Analysis.  The  T  air  was  subtracted  from  the 
 LST  to  calculate  the  mean  difference  in  every  climate 
 type.  A  positive  mean  difference  indicates  that  LST  is 
 greater  than  T  air  .  When  T  air  is  greater  than  LST,  the 
 mean difference is negative. 

 To  create  a  graph,  the  T  air  and  LST  were  plotted 
 for  each  observed  climatic  type  during  the  day  and 
 night.  Each  point  represents  the  8-day  average  LST 
 and  T  air  data,  with  LST  as  the  x-axis  and  T  air  as  the 
 y-axis.  For  the  daytime  graph,  T  max  was  paired  with 
 LST  day  .  For  the  nighttime  graph,  T  min  was  paired  with 
 LST  night  . 

 Then,  Pearson's  correlation  coefficient  analysis 
 was  performed  using  the  R  Statistical  Package 
 so�ware.  The  relationship  between  T  air  and  LST 
 data  for  each  climatic  condition  during  the  day 
 and  night  was  then  analyzed.  The  magnitude 
 and  direction  of  the  correlation  were 
 determined  using  the  Pearson’s  correlation 
 coefficient  analysis  guide  set  by  Schober  et  al. 
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 [12] and Cohen [13]. 

 Results  and  Discussion.  -  The  results  and 
 discussion  section  is  divided  into  five  parts:  (1) 
 LST-T  air  Mean  Difference,  (2)  the  Comparison  of  the 
 Obtained  Pearson’s  Correlation  Coefficient  to  Other 
 Studies,  (3)  Linearity  and  Direction  of  the 
 Relationship,  (4)  LST-Tair  Relationship  Trends,  and 
 (5) Limitations. 

 LST-T  air  Mean  Difference.  A  positive  value 
 was  found  for  Types  I  and  III  during  the  day,  while 
 the  mean  difference  was  negative  for  Types  II  and  IV. 
 This  indicates  that  for  Types  I  and  III,  LST  day  is 
 higher  than  T  max  .  For  Types  II  and  IV,  LST  day  is  lower 
 than  T  max  . 

 Table 1.  Mean difference of LST  day  and T  max  . 

 Climate 
 Type 

 Mean 
 LST  day  (°C) 

 Mean T  max 

 (°C) 
 Daytime 

 Mean 
 Difference 

 (°C) 

 Type I  37  6 ±  31  3 ±  6  4 ±

 Type II  29  3 ±  31  2 ±  -2  3 ±

 Type III  31  4 ±  31  2 ±  0.4  4 ±

 Type IV  30  4 ±  31  2 ±  -0.3  4 ±

 It  was  found  that  in  climate  Types  I  and  III,  the 
 mean  LST  day  is  higher  than  the  T  max  .  LST  day  tends  to 
 be  higher  than  T  max  over  the  dry  tropics  because  the 
 clear-sky  insolation  in  these  areas  is  high  enough  to 
 elevate  LST  day  [8].  Moreover,  Shen  and  Leptoukh  [14] 
 found  that  radiative  forcing,  which  is  the  measure  of 
 the  imbalance  of  the  Earth’s  energy  budget,  due  to 
 the  low  thermal  capacity,  inertia,  and  conductivity  is 
 prominent  in  dry  regions  because  of  their  lack  of  soil 
 water.  Additionally,  Pullen  et  al.  [16]  found  that  the 
 monthly  mean  rainfall  in  the  Philippines  has  a 
 pronounced  east  to  west  gradient.  This  means  that 
 the  western  part  of  the  Philippines  receives  a  lower 
 amount  of  rainfall.  Areas  under  Types  I  and  III  are 
 located  in  the  western  portion  of  the  Philippines. 
 Thus,  these  areas  are  considered  to  be  dry  regions 
 due  to  lack  of  rainfall.  In  a  similar  study,  Good  et  al. 
 [7]  also  discovered  that  LST  day  tends  to  be  warmer 
 than T  max  over the dry tropics in all seasons. 

 On  the  other  hand,  LST  day  is  found  to  be  lower 
 than  T  max  in  climates  Types  II  and  IV.  Since  these 
 areas  are  located  near  the  Pacific  Ocean,  the  water 
 vapor  coming  from  the  sea  warms  T  max  through 
 latent  heat  fluxes  [17].  Additionally,  areas  under 
 Types  II  and  IV  climates  are  located  in  the  eastern 
 part  of  the  Philippines,  thus  receiving  a  higher 
 amount  of  rainfall  [17].  These  areas  are  less  sensitive 
 to  radiative  forcing  due  to  their  lower  heat  capacity 
 and  higher  thermal  inertia  [18].  Moreover,  Guha  and 
 Govill  [19]  demonstrated  that  vegetation  seasonality 
 is  a  direct  consequence  of  rainfall.  So,  through 
 evapotranspiration,  vegetation  can  pump  soil  water 
 into  the  atmosphere,  remove  a  large  amount  of  land 
 surface  energy,  and  facilitate  cloud  formation,  which 
 can  then  reduce  the  amount  of  sunlight  that  reaches 
 the  surface  of  the  Earth  [20,  21,  22,  23].  They  also 
 have  larger  aerodynamic  surface  roughness  which 

 triggers  strong  turbulence.  This  allows  them  to 
 transfer  energy  and  mass  from  the  land  surface  to 
 the  atmosphere  more  effectively  [20,  21].  As  a  result, 
 T  max  becomes  warmer  than  LST  day  in  regions  with 
 consistent rainfall in Types II and IV climate types. 

 For  the  nighttime  observation,  a  negative  mean 
 difference  was  found  during  the  night  for  all  climate 
 types, which implies that LST  night  is lower than T  min  . 

 Table 2.  Mean difference of LST  night  and T  min 

 Climate 
 Type 

 Mean 
 LST  night 

 (°C) 

 Mean T  min 

 (°C) 
 Nighttime 

 Mean 
 Difference 

 (°C) 

 Type I  22  3 ±  23  3 ±  -1  2 ±

 Type II  22  2 ±  24  1 ±  -2  2 ±

 Type III  22  5 ±  24  2 ±  -2  2 ±

 Type IV  22  3 ±  23  2 ±  -1  2 ±

 The  variation  in  the  LST  night  -T  min  difference 
 variation  is  mostly  affected  by  emissivity  properties 
 of  the  surface,  relative  humidity,  and  wind  speed 
 [24].  During  the  night,  there  is  a  rapid  elevation  of 
 T  min  relative  to  LST  night  because  nighttime  T  min  is 
 inherently  more  sensitive  to  climate  forcing  and 
 perturbations  to  the  radiation  balance.  The  boundary 
 layer  of  air  is  at  its  thinnest  state.  Because  of  this, 
 there  is  less  air  to  be  warmed,  and  the  built-up 
 greenhouse  gasses  cause  its  extra  energy  to  be  added 
 to  the  climate  system  [25].  The  heat  transfer  at  night 
 is  also  characterized  by  radiative  cooling  of  the 
 ground  and  formation  of  an  inversion  layer,  heating 
 T  min  more  than  LST  night  [26].  Thus,  these  factors  result 
 in  a  rapid  elevation  of  T  min  relative  to  LST  night  during 
 the night. 

 Comparison  of  the  Obtained  Pearson’s  Correlation 
 Coefficient  to  Other  Studies.  Presented  in  Tables  3 
 and  4  are  the  values  and  interpretations  of  daytime 
 and  nighttime  Pearson’s  correlation  coefficient, 
 respectively. 

 Table  3.  Value  and  interpretation  of  Pearson’s  correlation 
 coefficient for the daytime graph. 

 Location  R  Interpretation  p-value 
 (10  -17  ) 

 Type I  0.68  Positive and 
 Moderate 

 Correlation 

 22 

 Type II  0.47  Positive and 
 Moderate 

 Correlation 

 22 

 Type III  0.59  Positive and 
 Moderate 

 Correlation 

 22 

 Type IV  0.53  Positive and 
 Moderate 

 Correlation 

 22 
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 Table  4.  Value  and  interpretation  of  Pearson’s  correlation 
 coefficient  for the nighttime graph. 

 Location  R  Interpretation  p-value 
 ( 10  -17  ) 

 Type I  0.81  Positive and 
 Strong 

 Correlation 

 22 

 Type II  0.39  Positive and 
 Weak 

 Correlation 

 22 

 Type III  0.66  Positive and 
 Moderate 

 Correlation 

 22 

 Type IV  0.59  Positive and 
 Moderate 

 Correlation 

 22 

 For  both  the  pairings  of  LST  and  T  air  ,  this  study 
 discovered  that  the  two  variable’s  correlation  value  is 
 relatively  lower,  with  the  highest  Pearson’s 
 correlation  coefficient  being  0.81  in  the  Type  I 
 climate  during  the  night,  as  compared  to  studies 
 done  at  areas  with  higher  latitude.  For  instance,  in 
 Alaska,  the  obtained  correlation  coefficients  are 
 above  0.9  [26].  This  finding  is  supported  by  Good  et 
 al.  [7]  as  they  found  that  the  slope  and  correlation 
 over  the  regions  surrounding  the  equator  are  shown 
 to  be  substantially  lower.  Mildrexler  [27]  found  that 
 the  LST-T  air  relationship  o�en  weakens  as 
 temperature  increases.  This  is  true  for  areas  near  the 
 equator  as  they  experience  the  most  solar  insolation 
 throughout  the  year  as  they  receive  direct  parallel 
 rays  from  the  sun  and  the  rays  concentrate  on  a 
 smaller  surface  area,  which  easily  heats  up  the  region 
 [28]. 

 Linearity  and  Direction  of  the  Relationship  .  Based 
 on  the  result  of  the  correlation  coefficient  and 
 graphical  interpretations,  there  is  a  significant  linear 
 relationship  between  LST  and  T  air  ,  both  for  daytime 
 and  nighttime  analysis  in  all  climate  types.  By 
 analyzing  the  Pearson's  correlation  coefficients  and 
 graphs  in  Figures  1  and  2,  it  was  also  found  that  the 
 LST and T  air  relationship is positive. 

 relationship  is  positive. 

 (a) 

 (b) 

 (c) 

 (d) 
 Figure 1.  Plotted daytime LST vs  graphs of  (a) Type I, (b)  𝑇 

 𝑎𝑖𝑟 
 Type II, (c) Type III, and (d) Type IV climates. Error bars are 

 omitted. 

 (a) 
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 (b) 

 (c) 

 (d) 

 Figure 2.  Plotted nighttime LST vs  graphs  of (a) Type I,  𝑇 
 𝑎𝑖𝑟 

 (b) Type II, (c) Type III, and (d) Type IV climates. Error bars 
 are omitted. 

 LST  and  T  air  are  positively  and  linearly 
 correlated  due  to  the  heat  exchange  between  the 
 surface  and  the  atmosphere  [29].  This  heat  transfer 
 process  is  strongly  influenced  by  the  radiation 
 budget  and  atmospheric  contributions.  Most  of  the 
 radiation  given  by  the  sun  is  absorbed  by  the  Earth’s 
 surface,  therefore  warming  it.  Then,  infrared 
 radiation  is  emitted  by  the  surface,  thus  initiating 
 convection  cells  in  the  atmosphere  [30].  Though 
 many  factors  such  as  topography,  seasonality,  and 
 other  climatic  properties  affect  their  relationship, 
 they  are  still  interpreted  to  be  linear.  This  finding  is 
 consistent  with  all  related  studies  such  as  that  of 
 Mutiibwa  et  al.  [24]  and  Colombi  et  al.  [31],  among 
 many  others.  Mutiibwa  et  al.  [24]  stated  that  the 
 linear  relationship  can  be  used  to  create  simple  linear 

 models.  With  this,  LST  can  be  used  as  a  predictor  of 
 T  air  and  vice  versa.  Moreover,  Colombi  et  al.  [31] 
 made  use  of  the  linear  relationship  between  LST  and 
 T  air  to  develop  a  model.  It  proved  the  validity  of  LST 
 as a parameter to calculate the daily air temperature. 

 LST-T  air  Relationship  Trends  .  During  the  day,  all 
 the  climate  types  exhibited  a  moderate  correlation. 
 During  the  night,  Type  I  and  III  have  a  strong 
 LST-T  air  correlation  while  Type  IV  has  a  moderate 
 correlation  and  Type  II  has  a  weak  correlation. 
 However,  from  both  observations,  a  trend  in  their 
 specific  Pearson’s  correlation  value  can  be  observed. 
 The  relationship  weakens  as  the  areas  approach  the 
 Pacific ocean. 

 Areas  under  Types  II  and  IV  are  along  or  near 
 the  eastern  coast  which  makes  them  susceptible  to 
 the  Northeast  monsoon,  trade  winds,  and  cyclonic 
 storms,  while  areas  under  Types  I  and  III  are 
 shielded  from  these  conditions  [32].  The  seasonal 
 northeasterly  monsoon  enhances  rainfall  in  the 
 Eastern  part  of  the  Philippines  due  to  orographic 
 li�ing  [17].  So,  Types  II  and  IV  have  relatively  wetter 
 seasons  than  Types  I  and  III  [33].  LST  can  cool  or 
 warm  faster  and  is  more  variable  than  T  air  .  This  is  a 
 result  of  the  complexity  of  surface  types  and 
 variations  in  topography  [6].  The  difference  between 
 LST  and  T  air  is  associated  with  soil  wetness  and  cloud 
 amount  [24].  Since  Types  I  and  IV  climates  receive 
 higher  amounts  of  rainfall  because  of  their  exposure 
 to  monsoons  and  trade  winds,  these  conditions 
 create  a  large  difference  between  LST  and  T  air  , 
 resulting  in  a  lower  correlation.  This  is  in  line  with 
 the  study  of  Pullen  et  al.  [17]  which  stated  that  the 
 closer  the  area  is  to  the  Pacific  ocean,  the  greater  the 
 rate  of  change  in  the  LST.  Thus,  any  small  variation 
 in  the  LST  or  T  air  in  Type  II  and  IV  due  to  trade 
 winds  and  monsoons  could  have  resulted  in  the 
 difference in the correlation value. 

 It  was  also  observed  that  the  LST-T  air  relationship 
 differences  between  climate  types  are  more 
 prominent  at  night  relative  to  the  day.  For  instance, 
 the  correlation  range  for  the  day  is  0.47  to  0.68  while 
 the  night  has  a  larger  range  of  0.39  to  0.81.  The 
 coupling  of  LST  and  T  air  during  the  day  is  mainly 
 influenced  by  the  dynamic  inputs  of  solar  radiation 
 [25].  This  includes  the  effects  of  solar  insolation,  solar 
 angle,  surface  shading,  and  advection,  with  cloud 
 cover  and  microtopography  also  affecting  this 
 relationship.  Contrary  to  this,  as  the  sun  is  not 
 present  during  the  night,  the  LST−T  air  difference 
 variation  is  mostly  influenced  by  emissivity 
 properties  of  the  surface,  relative  humidity,  and  wind 
 speed  [27].  This  suggests  that  the  effect  of  climate 
 due  to  trade  winds  and  monsoons  will  be  much  more 
 notable during the night. 

 Limitations.  Only  areas  that  have  weather 
 stations  that  are  operated  by  PAGASA  were  used  in 
 this  study.  Moreover,  most  of  the  areas  that  were 
 excluded  in  this  study  are  due  to  a  large  portion  of 
 missing  LST  data.  With  these,  the  descriptive  power 
 of  Pearson’s  R  might  have  been  limited.  Additionally, 
 factors  such  as  land  cover,  elevation,  surface  albedo, 
 and  solar  insolation  were  the  factors  that  might  have 
 affected  the  relationship  but  were  not  taken  into 
 consideration.  Moreover,  as  multiple  imputation  was 
 used  to  fill  in  the  missing  data  and  due  to  its  nature, 
 the  researchers’  data  might  have  slight  deviations 



 Assessing the relationship of LST and T  air  in different  climatic types in the Philippines |  55 

 from  the  data  of  those  with  similar  studies.  Lastly, 
 the  standard  deviation  being  greater  than  the  mean  is 
 possible  in  some  cases,  and  in  this  study,  it  can  be 
 attributable to the missingness of or error in the data. 

 Conclusion.  -  A�er  assessing  the  relationship 
 between  LST  and  T  air  under  the  different  climatic 
 types  in  the  Philippines  from  2005  to  2019,  the 
 results  show  that  during  the  day,  all  climate  types 
 exhibited  a  positive  relationship  and  moderate 
 correlation.  The  same  positive  relationship  can  be 
 observed  during  nighttime,  however,  the  correlation 
 varies.  In  Type  I,  it  exhibited  a  strong  correlation, 
 meanwhile,  Type  II  had  a  weak  correlation.  Lastly, 
 both  Types  III  and  IV  had  a  moderate  correlation. 
 Moreover,  it  has  been  observed  that  the  strength  of 
 the  correlation  decreases  as  the  locations  approach 
 the  east  or  the  Pacific  ocean.  Thus,  this  indicates  that 
 the  LST  and  T  air  relationship  varies  across  climate 
 types  and  factors  such  as  geographical  location, 
 monsoons,  and  trade  winds  might  have  affected  the 
 relationship.  Hence,  this  study  is  beneficial  in 
 understanding  the  dynamics  of  the  LST  and  T  air 

 relationship  across  the  different  climatic  types  in  the 
 Philippines.  Moreover,  this  paper  could  also  be  used 
 as  a  consideration  in  creating  estimation  models  for 
 the country’s LST and T  air  relationship. 

 Recommendations.  -  It  is  recommended  that 
 further  studies  should  include  more  areas  for  a  more 
 accurate  description  of  the  relationship  between  LST 
 and  T  air  across  the  different  climate  types.  The 
 relationship  should  also  be  assessed  on  daily  and 
 monthly  data.  In  addition,  the  variation  across  the 
 wet  and  dry  seasons  should  also  be  investigated. 
 Next,  other  methods  for  handling  missing  data 
 should  also  be  explored  due  to  the  large  proportion 
 of  missing  meteorological  data.  Moreover,  the  use  of 
 data  from  other  meteorological  stations  that  have  a 
 larger  scope  and  more  synoptic  stations  is 
 recommended.  Lastly,  further  studies  should  explore 
 the  comparison  and  quantification  of  the  variation  of 
 LST  and  T  air  in  areas  in  the  Philippines  in  terms  of 
 land  cover,  surface  albedo,  and  other  factors  that 
 might affect the relationship. 
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