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a b s t  r  a c t  

Despite signi“cant  attention  to  strategic  partnerships  among members  of supply  chains, there  has been 

limited  research in  food supply  chains where  such partnerships  can provide  a competitive  advantage 

through  forecasting  practices  of time-sensitive  food items  in  volatile  business environments.  The cur-  

rent  paper aims to  close this  gap by examining  manufacturers•  strategic  partnerships  with  retailers,  with  

a special emphasis on information  sharing,  integration,  and collaborative  forecasting  of time-sensitive  

products  in  food supply  chains. Through  Partial  Least Square (PLS) analysis of survey  data collected  from  

105 food manufacturers  in  Europe and North  America,  this  research reveals the  importance  of strategic  

partnerships  for  satisfaction  from  forecasts generated  for  perishable,  seasonal, promotional  and newly-  

launched  products  in  the  food industry.  Group forecasting  and manufacturers•  external  integration  with  

retailers  are found  to  be signi“cant  for  strategic  partnerships.  In addition,  our  “ndings  show  that  man-  

ufacturers•  internal  integration  is positively  associated with  group  forecasting,  external  integration  and 

judgmental  adjustments.  Our “ndings  also reveal  that  information  sharing  with  retailers  facilitates  con-  

sensus forecasts in  group  forecasting.  These results  provide  unique  insights  to  researchers and practi-  

tioners  of human  judgment  in  supply  chain  forecasting  towards  enhancing  strategic  partnerships  in  food 

supply  chains. 
© 2018  The Authors.  Published  by Elsevier Ltd. 

This is an open access article  under  the  CC BY license. ( http://creativecommons.org/licenses/by/4.0/  ) 
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1. Introduction  

The Food Supply  Chain (FSC) distinguishes  itself  from  other
supply  chains due to  its  complicated,  dynamic  and fragile  pro“le,
where  the  quality  and availability  of products  are critical  and the
primary  goal is to  •guarantee  the  provision  of safe and healthy
products  that  are fully  traceable  from  farm  to  forkŽ ( [7]  , p.2). FSC
relies  on foundations  of quality,  forecasting,  logistics  and Informa-
tion  Technology  (IT), and depends heavily  on partnerships  among
manufacturers  and retailers.  Also, the  shelf  life  of products  and
price  variability  emerge as signi“cant  concerns [2]  , while  informa-
tion  sharing  between  partners  are vital  for  forecasts due to  the
heterogeneous  structure  of FSC [122]  , in  addition  to  the  support-
ive role  of IT for  the  integration  of partners  [19]  . 

This necessitates chain  members• strategic  integration,  that  is
•the  degree to  which  a manufacturer  strategically  collaborates  with
supply  chain  partners  and collaboratively  manages intra-  and inter-
�  This manuscript  was processed by Associate Editor  Dr. B. Fahimnia.  
� Corresponding  author.  

E-mail address: afshin.mansouri@brunel.ac.uk  (S.A. Mansouri).  

d  
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https://doi.org/10.1016/j.omega.2018.11.007  
0305-0483/© 2018 The Authors. Published by Elsevier Ltd. This is an open access article und
rganizational  processes, in  order  to  achieve effective  and e�cient
ows  of products  and services, information,  money  and decisions,
o  provide  maximum  value to  customersŽ ( [34]  , p.58). Past liter-
ture  revealed the  bene“ts  of strategic  partnerships,  where  part-
ers can improve  not  only  market  share, customer  service, average
elling  price  and return  on assets [70]  , but  also product  develop-
ent  and rapid  response to  changes [69]  . Process innovation,  e�-

ient  logistics  management  and transaction,  and reduced  response
imes  are among the  additional  bene“ts  of strategic  partnerships
50]  . However,  manufacturers  and retailers  face considerable  bar-
iers  in  their  effort  s to  f oresee the  demand  for  perishable,  sea-
onal, promotional  and newly-launched  products  in  such partner-
hips [27,66]  . 

The short  shelf  life  of perishable  and seasonal products  ne-
essitates substantial  care and effort  in  managing  their  freshness
nd shelf  availability;  calling  for  promising  forecasts and respon-
ive operational  practices  [2,25]  . Insu�cient  demand  management
uring  sales promotions  causes sales variability,  excessive/de“cient
tocks and deteriorated  customer  service [81]  . Correctly  using con-
extual  information  through  judgmental  adjustments  is also im-
ortant  when  it  comes to  improving  forecasting  accuracy during
er the CC BY license. (  http://creativecommons.org/licenses/by/4.0/  ) 
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romotions  and special events [27,30,106]  . In particular,  forecast-
ng  demand  for  newly-launched  products  is a challenge  due to
emand  variability  [115]  . Additionally,  lack of trust  and commit-
ent  between  partners  [104]  , manufacturers•  long  lead-times  and
oor  internal  operations  [46,93]  and inadequate  information  trans-

er  in  partnerships  [120]  are some of the  reasons that  obstruct  ac-
urate  forecasts in  strategic  partnerships.  Sun and Debo [97]  also
tress the  di�culty  of establishing  strategic  partnerships  in  turbu-
ent  markets  and fragile  environments,  which  are typical  in  food
upply  chains (FSCs). 

It  has been suggested that  the  behavioral  aspects of manufac-
urers•  decision  making  [59]  to  build  trust  in  and commitment
o retailers  need further  attention  for  enhanced operations  across
ood chains [27,46,93]  . Even though  extant  research has exam-
ned  strategic  partnerships  [1,95,116]  , scant attention  has been paid
o the  role  of forecasting  and supply  decisions of manufacturers
n  partnerships  [27]  . Such decisions become even more  acute for
ccurate demand  forecasting  of time-sensitive  products  [81,115]  .
herefore, extending  previous  work,  this  research explores  strategic
artnerships  from  manufacturers•  standpoint  through  their  supply

ntegration  and forecasting  practices  with  retailers.  The end goal is
o  address the  key gap in  strategic  partnerships  where  both  parties
re satis“ed  with  the  forecasts of time-sensitive  products  [95,116]  . 

To address the  above gap, this  research speci“cally  asks: To
hat  extent can coordination,  collaboration  and effective information
haring in multi-tier  operations help improve human judgment  and
atisfaction in forecasting and decision making in strategic partner-
hips ? Accordingly,  this  paper focuses on manufacturers•  strategic
artnerships  with  retailers  to  help  generate accurate forecasts for

ime-sensitive  products  in  the  FSC. For this,  manufacturers•  intra-
nd inter-organizational  practices  are examined  empirically  using

he  Partial  Least Squares Structural  Equation  Modeling  (PLS-SEM)
ethod  based on survey  data from  105 food  manufacturers  in
orth  America  and Europe, all  of which  collaborate  with  retail-
rs through  seasonal, perishable,  promotional  and newly-launched
roducts  in  different  regions. The rest of this  paper is organized
s follows.  Section 2 provides  an overview  of the  literature,  for-
ulates  a set of hypotheses  and proposes a conceptual  frame-
ork.  The research methodology  is developed  in  Section 3 . The
nalysis of the  conceptual  model  and “ndings  are presented  in
ection 4 . Discussions and managerial  implications  are provided  in
ection 5 , followed  by conclusions  and future  research opportuni-

ies in  Section 6 . 

. Literature  review  and  hypotheses  

In developing  the  hypotheses  and the  conceptual  framework,
e  review  the  extant  literature  at the  intersection  of collabora-

ive  forecasting  and strategic  partnerships  in  food  chains. In do-
ng  so, we make use of the  systematic  literature  review  by Eksoz
t al. [27]  who  review  the  extant  literature  in  the  “eld  of collabora-
ive  forecasting  in  the  food  chains. We supplement  their  literature
ndings  by extending  the  scope and time  frame  of the  search to
ccount  for  recent  papers in  the  area of strategic  partnerships  in

ood  chains. 

.1. Strategic partnerships 

The attributes  of successful partnerships  involve  high  levels of
rust,  commitment,  coordination,  and interdependence  [68]  . Com-
ared to  operational  partnerships,  which  are short-lived  and aim

or  supply  chain  e�ciency,  building  strategic  partnerships  neces-
itates organizational  compatibility  and top  management  visions
rom  partners.  Strategic  partnerships  are long-term  relationships
hat  focus on strategic  goals aimed  at delivering  value to  cus-
omers  and pro“tability  to  partners  [66]  . A strategic  partnership  is
a relationship  formed  between  two  independent  entities  in  sup-
ly  chains to  achieve speci“c  objectives  and bene“tsŽ (  [60]  , p.420),
nd provides  competitive  advantage and increased “nancial  perfor-
ance to  partners  [83,95]  . In partnerships,  agreeing on a shared

ision,  and a joint  business plan, enables partners  to  further  ben-
“t  from  such alliances [17,62]  . Whilst  partners  build  co-operative
elations,  it  is imperative  for  them  to  identify  strategic  priorities
hat  are combined  in  a joint  business plan  [13]  . These issues are
urther  supported  by Whipple  and Russell [108]  noting  the  criti-
al role  of collaborative  approaches in  the  context  of joint  plan-
ing  between  manufacturers  and retailers  stressing, inter  alia, their

nputs  towards  Collaborative  Planning,  Forecasting and Replenish-
ent.  

Having  accurate forecasts for  products  traded  between  partners
s one of the  factors  that  strengthens  strategic  partnerships  [70]  .
owever,  manufacturers•  limited  competence  in  generating  sales

orecasts [46,93]  and partners•  different  forecasting  approaches re-
arding  aggregation  levels [32]  , along with  poor  adjustments  and
ommunications  of forecasts [75,99]  may hinder such  partnerships
27]  . Accordingly,  we argue that  the  existence  of a joint  business
lan, as well  as trust  and commitment  by partners  in  generat-

ng  accurate forecasts, are key antecedents  of strategic  partner-
hips as partners  should  not  only  share their  forecasts and deci-
ions, but  should  also show  commitment  to  and trust  in  each other
42,51,103]  . These strategic  partnerships  between  “rms  will  gen-
rate many  positive  outcomes  including  increased responsiveness,
roduct  availability  assurance, optimized  inventory  and associated
osts, and increased revenues and earnings  (see [62]  ). Likewise,
any  past studies  have shown  that  these strategic  partnerships
ill  also result  in  high  satisfaction  for  the  supply  chain  members

nvolved  (see [45]  ). 
Extending  the  above arguments  focusing  on the  forecasting

oint  of view  (and on forecast  satisfaction),  the  literature  supports
he  criterion  of accuracy as the  representative  of forecast  e�ciency.
evertheless, several organizations  in  practice  add value to  addi-

ional  factors  such as customer  service, ease of use, interpreta-
ion  and inventory  turns  [61,67,117]  . In this  sense, to  be able to
eneralize  the  reliability  of the  research “ndings  from  the  prac-
itioners•  point  of view,  we argue that  satisfaction  from  forecasts
s an important  outcome  of strategic  partnerships.  The latter  argu-

ent  presents a unique  dimension  as, to  our  knowledge,  there  is
 scarcity  of relevant  research. We propose to  examine  the  fore-
ast satisfaction  of manufacturers  based on the  forecasts of per-
shable, seasonal, promotional  and newly-launched  products.  These
orecasts are estimated  during  strategic  partnerships  with  retail-
rs, and represent  the  consensus forecasts of partners.  Accordingly,

orecast  satisfaction  is posited  as the  primary  outcome  of strategic
artnerships  for  manufacturers  and retailers,  and is hypothesized
s follow:  

1. Strategic  partnerships  positively  in”uence  forecast  satisfaction.

.2. Judgmental adjustments and group forecasting 

Forecasters typically  incorporate  their  judgment  into  “nal  fore-
asts in  various  ways. For instance, they  may ignore  statistical
orecasts altogether  and use their  expertise  and information  to
ase predictions  purely  on judgment,  or they  may make judg-
ental  adjustments  to  statistical  forecasts once they  become avail-
ble ( a posteriori  incorporation  ) [57,82,106]  . Justi“ed  based on per-
eived informational  asymmetries  and incorporation  of expertise,
uch judgmental  adjustments  are extremely  common  across a wide
ange of domains  [57]  including  supply  chain  forecasting  [31,86]  .
n the  FSC, forecast  adjustments  appear to  be used to  diffuse
ultiple  forecasts by different  departments  of manufacturers,
hich  can potentially  cause internal  con”icts  [46]  and harm  part-
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nerships  with  retailers  [47]  . In addition,  accuracy of judgmentally
adjusted  predictions  appears to  depend on multiple  factors  includ-
ing  the  contextual  information  available  to  forecasters. Contextual
information  is •information,  other  than  the  time  series and general
experience,  which  helps in  the  explanation,  interpretation  and an-
ticipation  of time  series behaviorŽ ( [106]  , p.97). It  is argued that
judgmental  adjustments  can potentially  enhance forecast  accuracy
if  they  incorporate  contextual  information  that  are not  already  cap-
tured  by statistical  models,  such as the  in”uence  of promotions  or
special events [40]  . 

Building  on this  argument,  relevant  empirical  “ndings  reveal
that  negative  (de”ated)  and large (wide-range)  adjustments  are
more  effective  than  positive  (in”ated)  and small  (narrow-range)
adjustments  when  demand  arrives  instantaneously  in  a short  pe-
riod  such as during  promotions  [31,99]  . Kremer  et al. [54]  show
the  overreaction  of forecasters to  forecast  errors  in  stable envi-
ronments  whilst  underreacting  to  errors  in  unstable  environments.
Önkal et al. [75]  demonstrate  the  impact  of advice and types of
information  on the  direction  of adjustments  and forecasters• con“-
dence. Fildes and Goodwin  [30]  report  that  companies  from  vari-
ous industries  largely  adjust  statistical  results  by 33.7% for  a num-
ber of reasons including  promotions,  price  changes, and demand
on special days. In essence, these outcomes  underline  the  impor-
tance of judgmental  adjustments  in  partnerships,  but  highlight  the
lack of attention  given  to  the  role  of adjustments  to  decisions made
in  supply  chains [74,98]  . 

On the  other  hand, group  forecasting  is common  practice  in
many  organizations  and can improve  judgmental  adjustments.
Judgmental  forecasts given  by groups appear to  attain  a higher
level  of accuracy than  individual  predictions,  mainly  due to  the
negation  of informational  asymmetries  through  e�cient  group
processes [72,73]  . Group forecasting  meetings  are held  to  estimate
demand  forecasts and to  identify/resolve  exceptions  over  the  item-
level  forecasts [48]  . Subsequently,  partners  generate order  forecasts
and re-identify/resolve  exceptions  for  consensus over  a single  order
forecast. During  these meetings,  critical  decisions are made in  gen-
erating/adjusting  forecasts, and evaluating  the  impact  of seasonal-
ity,  promotions,  and/or  external  factors  based on pre-established
procedures,  all  of which  are highlighted  in  a joint  business plan
[48]  . Manufacturers•  forecasts involve  production  plans and lead-
times,  while  retailers•  forecasts consider  inventory  levels that  cause
problems  reaching  a consensus forecast  in  meetings  [93]  ; such dis-
agreements  may damage partners•  relations.  Christopher  and Jüt-
tner  [13]  extend  this  further  by illustrating  the  role  of joint  fore-
casting in  relation  to  supply  chain  partnerships  and Power [79]  ad-
vocates the  urgent  need for  new,  innovative  approaches in  relation
to  conventional  forecasting  which  will  be able to  deal with  dy-
namic  supply  chains. Our argument  is that  group  forecasting  could
be a viable  approach  to  consider  in  relation  to  FSCs, which  are very
dynamic  and complex  and subsequently,  the  next  hypothesis  is for-
mulated  as follows:  

H2. Group forecasting  positively  in”uences  strategic  partnerships.  

2.3. Supply integration  

Partners• different  expectations  hamper  their  partnerships  and
worsen  forecasts [6,29]  . For instance, manufacturers  aim  at en-
hancing  pro“tability  by presenting  their  products  on retailers•
shelves with  minimum  expense, while  retailers•  goals are to
purchase products  with  minimum  cost, achieve high  inventory
turnover,  and to  increase pro“t  per square foot  in  stores [21]  .
In partnerships,  collaborating  based on strategic  objectives,  mu-
tual  planning,  and problem  solving  effort  s are essential, but  not
enough. Successful partnerships  also require  partners•  tight  inte-
gration  during  information  sharing  and forecasting  processes [66]  .
herefore, partners  need to  show  interdependence  between  one
nother  [24]  , whilst  their  top  management  need to  share the  same
ision  in  order  to  invest  in  the  partnership  [58]  . To cope with  de-
and  variability  and long  lead-times,  partners  should  have recip-

ocal  willingness  and be ”exible  in  complex  supply  chains [103]  .
n addition,  responsiveness against instant  demand  changes also
eeds to  increase when  partners  integrate  their  chains [18]  and the

atter  integration  can be extremely  important  considering  the  large
usiness and environmental  uncertainty  that  “rms  (including  food
rms)  now  operate  within  (see [112]  ). Overall,  this  integration  can
e a catalyst  for  major  supply  chain  improvements  including  en-
anced operational  and business performance  for  the  supply  chain
artners  involved  (see [34]  ). This is further  validated  in  the  fast-
oving  consumer  goods sector by Gimenez and Ventura  [37]  not-

ng  the  pivotal  role  of external  integration  and collaboration  be-
ween  supply  chain  “rms  towards  improved  performance  in  logis-
ics operations.  Based on these “ndings,  the  following  hypothesis
s formulated:  

3. External  integration  positively  in”uences  strategic  partner-
hips. 

Manufacturers•  impediments  in  managing  interdepartmental  re-
ations  cause ine�cient  use of demand/forecast  data and loss of
nformation  [93]  . Multiple  and inconsistent  forecasts that  are gen-
rated  based on departmental  objectives  worsen  the  forecast  ac-
uracy. These forecasts do not  only  exacerbate internal  con”icts
32,46]  , but  also prevent  consensus with  retailers  [47]  . Williams
t al. [109]  argue that  organizations•  internal  integration  is strongly
elated  to  their  responsiveness in  supply  chains, with  respon-
iveness here representing  their  ”exibility  to  respond  to  demand
hanges in  dynamic  markets.  According  to  Schoenherr and Swink
89]  , externally  integrated,  interdepartmental  relations  of part-
ers moderately  improve  their  delivery  performance  and ”exibil-

ty.  However,  internally  improving  integration  requires  partners  to
dopt  a common  culture  by synchronizing  internal  practices  as
n extension  to  external  operations  [32]  . Likewise,  Zhao et al.

119]  analyzed Chinese manufacturing  “rms  and highlighted  that
t  is important  for  “rms  to  achieve internal  integration  capabili-
ies before  embarking  on external  integration.  In the  food  industry,
imenez [38]  also “nds  supporting  evidence for  the  previous  argu-
ent  and stresses that  companies  should  aim  to  achieve collabora-

ion  within  their  internal  functions  “rst  before  planning  an exter-
al  integration.  These issues are of major  importance  in  the  FSC
here  sustaining  the  quality  and freshness of perishable  and/or
easonal products  calls for  partners  to  integrate  both  internally  and
xternally  [105]  whilst  many  authors  stress the  urgent  need for
urther  research in  this  research domain  (see for  example  [102]  );
ence, the  following  hypothesis  is formulated:  

4a. Internal  integration  positively  in”uences  external  integration.

Generating  consensus forecasts regarding  retailers•  orders, and
anaging  timely  replenishment  operations  depend largely  on
anufacturers•  forecasts which  are generated  by their  departments

48]  . Overall,  retailers•  orders  rely  on both  manufacturers•  and re-
ailers• forecasts. This gives rise to  the  importance  of manufactur-
rs• interdepartmental  relations  and forecasting  activities.  Failure

o generate consensus forecasts in  a timely  manner  by partners  can
ause delays in  delivery  and diminishes  shelf  availability.  This will
n  turn  reduce retailers•  satisfaction  and harm  their  partnerships
ith  manufacturers  [53,92]  . Won  et al. [111]  expand  on the  above

ssues and note  the  key role  of internal  integration  for  “rms  as well
s having  access to  inventory  information  during  various  processes.
urthermore,  Power [79]  provides  a wider  and holistic  perspective

or  key and relevant  issues such as the  need for  an integration  be-
ween  core processes via communication,  the  need to  consider  a
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trategic  view  of supply  chain  issues and the  need to  factor  in  im-
lementation  challenges related  to  inter  and intra-organizational
upply  chain  aspects. Power [79]  highlights  the  interdependence
f these three  issues which  should  inform  and support  each other.
e follow  this  view  by adopting  a wider  perspective  by examin-

ng  the  in”uential  role  of internal  integration  in  relation  to  intra-
rganizational  challenges, in  this  case, group  forecasting.  Therefore,

he  next  hypothesis  is formulated  as follows:  

4b.  Internal  integration  positively  in”uences  group  forecasting.  

For better  consensus forecasts with  retailers,  manufacturers•  de-
artments  need to  agree on a single  and reliable  forecast  [57]  .
n addition  to  manufacturers•  multiple  forecasts, forecasters• lack
f con“dence  in  sales forecasts is likely  to  reduce forecast  accu-
acy [46]  . In the  FSC, adjusting  forecasts seems to  be a solution
o “x  the  effect  of manufacturers•  multiple  forecasts. According  to
anders and Manrodt  [84]  , 57.3% of companies  use judgment-based

orecasting  methods  for  a range of reasons including  their  fore-
ast accuracy, ease of use and cost advantages, besides di�culty  of
rocuring  information  for  quantitative  methods.  Fildes and Good-
in  [30]  note  that  promotions,  price  changes, and special days
ppear to  be the  leading  reasons for  applying  judgmental  adjust-
ents.  These issues are prevalent  in  FSCs considering  their  very

ompetitive  nature.  Therefore, food  companies  try  to  differentiate
heir  offerings  and, subsequently,  they  focus on providing  value-
nd cost-oriented  propositions  to  their  customers  [7]  . Internal  in-

egration  within  these company  operations  will  be fundamental
o  support  these company  strategies  (see also [38]  ). Not  surpris-
ngly,  these company  strategies  could  vary  and could  be adopted
requently  as companies  factor  in  competitors•  propositions  and
hey  are driven  by the  dynamic,  continuously  changing  and cut-
hroat  nature  of that  sector. Finally,  forecasts are less frequently
djusted  when  they  come from  a well-known  source and are based
n sound explanations  and assumptions  [39]  . Based on the  above
rguments,  the  following  hypothesis  is formulated:  

4c. Internal  integration  positively  in”uences  judgmental  adjust-
ents.  

.4. Information  sharing 

Manufacturers•  sales forecasts that  are shared with  retailers
ay not  include  modi“cations  made to  manage production  capac-

ty,  inventory,  and delivery  operations  [17]  . This may cause dis-
greements  during  group  forecasting  meetings  [32]  due to  con-

rasting  views  on aggregating  order  forecasts at different  lev-
ls [48,122]  . Such disagreements  give rise to  inaccurate  forecasts,
elays in  replenishment  operations  and absence of products  on
helves [46,93]  . However,  partners•  proper  sharing  of sales fore-
asts is most  likely  to  result  in  higher  forecast  performance.  Trap-
ro et al. [101]  , for  instance, show  reduced  forecast  error  (6…8%
ased on MdAPE and MAPE respectively)  with  weekly  information
haring  between  a UK grocery  retailer  and manufacturer.  

Moreover,  sharing  order  forecasts and production  plans before
eetings  will  allow  retailers  to  clearly  understand  what  purpose

orecasts serve when  used by manufacturers  [56,121]  . In addition
o contextual  information  [31,55,99]  , historical  and recent  informa-
ion  are requisite  for  better  forecasts, in  order  to  reduce demand
ariability  and associated costs [85,93]  . Arshinder  et al. [5]  demon-
trate  how  supply  chain  coordination  is improved  when  demand,
nventory,  production  scheduling,  and capacity  related  data are
hared. Similarly  Zhao et al. [118]  also note  major  cost savings em-
nating  from  information  sharing  between  partners  during  fore-
asting. Byrne and Heavey [11]  support  this  notion  and illustrate
hat  potential  gains from  this  collaboration  and information  shar-
ng  are possible for  all  supply  chain  members  involved.  Overall,  nu-
erous  studies  have demonstrated  the  link  between  information
haring  and forecasting  and based on these “ndings,  we hypothe-
ize that:  

5. Information  sharing  positively  in”uences  group  forecasting  . 

Fig. 1 uni“es  the  aforementioned  hypotheses  in  a conceptual
ramework.  

The current  study  uses this  conceptual  framework  and focuses
n FSCs. The food  industry  has witnessed  an ascending trend  in
urope with  regard  to  conscious consumption  and demand  for

resh products  [2]  . Collaborations  appear to  be easier in  North
merica  compared  to  Europe due to  both  retailers•  and manufac-

urers•  willingness  to  collaborate  in  strategic  partnerships  [94]  and
orecasts. Partners in  the  European FSC appear to  face di�culties
n  building  such partnerships  [93]  . According  to  ECR Europe [26]  ,
he  major  differences  between  European and North  American  sup-
ly  chains are not  limited  to  geography  and cultural  habits,  but
lso encompass other  challenges related  to  the  marketplace,  pro-
otions  and technology.  This emphasizes the  importance  of aca-
emic  research in  the  FSCs of Europe and North  America  in  order

o close the  gap between  theory  and practice.  

. Research methodology  

We used a survey  tool  to  collect  data from  food  manufacturers
ocated  in  Europe and North  America.  A 5-point  Likert  scale was
sed based on the  guidelines  of Flynn  et al. [35]  . The survey  items
re presented  in  Appendix  A: Supplementary  Material.  

To ensure the  validity  of the  outcome  resulting  from  the  sur-
ey tool,  we conducted  in-depth  interviews  with  a supply  chain
anager  of a leading  UK-based food  manufacturer.  The company
perates in  several European countries,  and owns  more  than  ten
rands along with  a vast number  of product  groups in  the  indus-

ry.  Offering  a range of well-known  food  brands (including  perish-
ble, seasonal, promotional  and newly-launched  products)  helped

he company  build  strategic  partnerships  with  several retailers  in
he  UK and Europe. Before the  interview,  three  pilot-tests  with  re-
earchers from  the  “elds  of forecasting,  operations  management
nd supply  chain  were  conducted  to  ensure the  clarity  and quality
f the  interview  questions  (as suggested by [91]  ). This approach  is
imilar  to  previous  studies  that  have used interviews  to  improve
he validity  of the  survey  tool.  Vlachos and Bourlakis  [104]  , for  in-
tance, interviewed  key decision  makers  in  the  Greek food  sector
s a preceding  step to  testing  their  survey  questionnaire.  Similarly,
hen  Zhou and Benton  Jr [120]  wanted  to  analyze the  informa-

ion  sharing  and supply  chain  practices  of manufacturers  in  the
SA, they  conducted  in-depth  interviews  to  validate  their  survey
uestionnaire.  From the  forecasting  arena, McCarthy  Byrne et al.
63]  employed  in-depth  interviews  alongside  reviewing  the  litera-
ure  to  examine  the  motivation  of sales people  in  the  forecasting
rocess. 

In total,  5277 surveys were  emailed  via Qualtrics  to  respondents
ho  were  identi“ed  from  LinkedIn,  Bloomberg,  Financial  Analysis
ade Easy (FAME) and Osiris online  databases. Our personal  con-

acts with  managers from  food  manufacturing  companies  were  also
ncluded  in  the  survey  sample. Speci“c  criteria  were  considered
o achieve a representative  sample [110]  including:  (i)  region,  (ii)
ndustry,  (iii)  products,  and (iv)  managerial  level  of candidate  re-
pondents.  Reminder  emails  were  sent to  non-respondents  after  a
onth  via Qualtrics.  The data collection  was continued  for  three
onths  and then  stopped  because at this  point  the  rate  of incom-

ng responses per week  approached  almost  zero. During  this  pe-
iod,  105 usable responses were  received, yielding  a 3.06% response
ate, as is typical  in  such surveys [16,87,110]  . To ensure the  su�-
iency of the  sample, the  statistical  power  analysis was conducted
hat  showed  0.80 statistical  power  can be achieved by a minimum
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Fig. 1. Conceptual  framework  of strategic  partnerships.  
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a  
of 102 responses that  is recommended  for  PLS-SEM by Peng and
Lai [76]  . 

Notwithstanding  its  limitations,  we believe  that  the  “ndings
from  this  work  can still  provide  valuable  insights,  as there  are sim-
ilar  studies  based on low  response rate  and sample size (please
see, e.g., Melewar  et al. [64]  and Melewar  and Saunders [65]  ). To
ensure that  the  characteristics  of the  data are accurate enough to
represent  the  target  population  [87]  , this  research employed  the
probability  of strati“ed  sampling  technique  to  select the  sampling
frame  [9]  . We also compared  the  sample size and response rate
of this  research with  previous  studies  to  ensure the  comparabil-
ity  of statistical  power  [87,110]  . For instance, when  Zhou and Ben-
ton  Jr [120]  surveyed  manufacturers  in  North  America  to  evaluate
their  supply  chain  and information  sharing  practices, the  authors
delivered  only  745 surveys and obtained  an 18 percent  response
rate  with  125 usable samples. This sample size did  not  prevent  the
study  from  offering  contributions  to  the  literature.  

Participating  managers and their  companies  represented  a di-
verse geographical  spread, as discussed below.  Early and late  re-
sponses were  compared  by using a t -test,  and were  based on com-
panies• region,  annual  sales volume,  number  of employees, and
number  of years in  operation  in  order  to  evaluate  late  response
bias [4]  . The t -test  results  are shown  in  Appendix  B: Supplemen-
tary  Material  and indicated  that  there  are no signi“cant  differences
between  early  and late  responses ( p <  0.05). 

3.1. Descriptive statistics 

The respondents  of the  survey  are largely  composed of •Supply
Chain/Logistics  ManagersŽ (25.7%) and •Forecaster/Forecast Ana-
lyst/Forecast  ManagerŽ (22.9%), followed  by •Marketing/Sales  Man-
agersŽ (16.2%), •Production  ManagersŽ (8.6%), •Finance ManagersŽ
(1%), and •OthersŽ (25.7%). The last category includes  chief exec-
utives,  operations  and managing  directors,  heads of supply  chain
and forecasting,  and general  managers. Therefore, it  can be claimed
that  reliable  information  was collected  with  su�cient  level  of se-
niority  among the  respondents  [78]  . 

48.6% of manufacturers  were  in  operation  for  more  than  50
years. Manufacturers  from  southern  Europe (25.7%), UK & Ire-
land  (24.8%) and North  America  (21.9%) have a major  presence in
he sample. The majority  of participants  worked  in  medium-  and
arge-sized  companies  with  more  than  100 employees. More  than
0% reported  annual  sales volume  of more  than  £20 million  (see
able 1 ). 55.2% of manufacturers  always  provide  perishable  prod-
cts to  retailers.  Other  product  categories commanding  signi“cant
resence in  this  sample include  seasonal, promotional,  and newly-

aunched  products  (see Table 2 ). 

. Findings  

PLS-SEM technique  was used for  data analysis. To ensure that
ur  research has adequate sample size, we run  a statistical  power
nalysis, which  showed  the  requisite  of minimum  102 responses to
chieve 0.80 statistical  power,  according  to  Peng and Lai [76]  . Given

he complexity  of the  model  and relatively  small  sample size,
he  PLS-SEM technique  seems to  be appropriate  for  data analysis
hile  the  other  option  was Structural  Equation  Modeling  (SEM),
hich  is •a statistical  methodology  that  takes a con“rmatory  (i.e.,
ypothesis-testing)  approach  to  the  analysis of a structural  theory
earing  on some phenomenonŽ (  [10]  , p.3). 

Validating  the  usage of PLS-SEM, it  is a statistical  analysis tech-
ique  that  •focuses on explanation  of variance  (prediction  of con-
tructs)  rather  than  covariance (explanation  of relationships  be-
ween  items)Ž ( [43]  , p.775). In other  words,  while  SEM puts  em-
hasis on the  con“rmation  of causalities  between  constructs,  PLS-
EM is rather  exploratory  and clari“es  overall  variances in  a con-
eptual  model  [76]  . There are an abundance of studies  which  em-
loyed  the  con“rmation  oriented  SEM technique  (e.g. He et al.

44]  , Ramanathan and Muylderman  [81]  and Ramanathan and Gu-
asekaran [80]  ) while  others  relied  upon  the  exploratory  technique
f PLS-SEM (e.g. Braunscheidel  and Suresh [8]  , Perols et al. [77]  , Oh
t al. [71]  and Sawhney [88]  ). 

Tables 1 and 2 summarize  the  descriptive  details  of manufactur-
rs and major  product-group  of manufacturers  while  Table 3 shows

he constructs  and the  items  used to  measure them,  as well  as the
eights  and loadings  of items  that  are calculated  by the  Smart PLS
oftware.  

We initially  analyzed the  measurement  model  to  evaluate  re-
ations  between  constructs  and their  observed variables.  Then, we
ddressed the  model  “t  of the  conceptual  model.  Finally,  the  rela-
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Table 1 
Descriptive  details  of manufacturers.  

Number  of years in  operation  Frequency Percentage 

Less than  5 years 6 5.70 
5 to 10 years 7 6.70 
11 to 20 years 16 15.20 
21 to 50 years 25 23.80 
More  than  50 years 51 48.60 
Total:  105 100 
Region  of  Manufacturers  Frequency  Percentage  
UK & Ireland  26 24.80 
North  America  (USA and Canada) 23 21.90 
Eastern  Europe  (Belarus, Bulgaria, Czech Republic, Hungary,  Moldova,  Poland, Romania, Russian Federation,  Slovakia, Ukraine)  10 9.50 
Northern  Europe  (Denmark,  Faroe Islands and Greenland, Estonia, Finland,  Iceland, Latvia, Lithuania,  Norway,  Sweden) 9 8.60 
Southern  Europe  (Albania,  Andorra,  Bosnia and Herzegovina,  Croatia, Cyprus, Greece, Italy,  Rep of Macedonia,  Malta,  
Montenegro,  Portugal,  San Marino,  Serbia, Slovenia, Spain, Turkey)  

27 25.70 

Western/Central  Europe  (Austria,  Belgium,  France, Germany, Liechtenstein,  Luxembourg,  Monaco, Netherlands,  Switzerland)  10 9.50 
Total:  105 100 
Number  of  employees  Frequency  Percentage  
Under  20 employees  12 11.40 
20 to 99 employees  15 14.30 
100 to 999 employees  33 31.40 
10 0 0 to 4999 employees  19 18.10 
50 0 0 to 9999 employees  6 5.70 
10,0 0 0 employees  and over 20 19.00 
Total:  105 100 
Annual  sales volume  Frequency  Percentage  
Under  (£20 - $30 -   23) million  19 18.10 
(£20 - $30 -   23) to (£99.9 - $150.9 -   115.9) million  22 21.00 
(£100 - $151 -   116) to (£499.9 - $755.9 -   578.9) million  23 21.90 
(£500 - $756 -   579) to (£999.9 - $1511.9 -   1157.9)  million  7 6.70 
(£1 - $1.1512 -   1.158) to (£4.99 - $7.49 -   5.79) billion  16 15.20 
(£5 - $7.5 -   5.8) billion  and over 18 17.10 
Total:  105 100 

Table 2 
Major  product-groups  of manufacturers.  

Product-groups  Frequency level  of product-groups  that  food manufacturers  provide  to retailers  

Always  Usually  Occasionally  Rarely Never Total (Percentage) 

Perishable  products  55.20 8.60 8.60 8.60 19.00 100 
Seasonal products  16.20 15.20 38.10 17.10 13.30 100 
Promotional  products  23.80 17.10 41.90 12.40 4.80 100 
Newly-launched  products  25.70 21.00 37.10 14.30 1.90 100 
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ionships  of constructs  in  the  PLS-SEM were  analyzed to  verify  the
igni“cance  of the  hypotheses  [12]  . 

.1. Measurement model for re”ective  constructs 

There are two  different  types of constructs  that  can be used
hen  developing  a conceptual  model,  which  are re”ective  and for-
ative  constructs.  While  re”ective  constructs  determine  observed

ariables,  formative  constructs,  in  contrast,  are determined  by ob-
erved formative  variables  [76]  . In other  words,  •for  formative
easurement  models,  the  direction  of causality  ”ows  from  the
easures to  the  construct,  and it  ”ows  from  the  construct  to  the
easures for  re”ective  measurement  modelsŽ ( [49]  , p.203). In this

esearch, the  constructs  developed  measure the  observed variables,
nd causality  ”ows  from  construct  to  the  variables,  therefore  the
easurement  model  has been developed  for  re”ective  constructs.  

The reliability  coe�cient  and the  composite  reliability  measures
ere  used to  analyze the  construct  reliability  of the  measurement
odel.  Whilst  the  lower  bound  criterion  for  Cronbach•s � is 0.70

43]  , Table 4 shows that  the  � value of all  re”ective  constructs  is
reater  than  0.70. Regarding the  composite  reliability,  it  evaluates
hether  or not  observed variables  commonly  measure the  relevant
onstruct  or not,  and it  does not  consider  equally  weighted  mea-
ures that  make the  � value a lower  bound  criterion  for  reliability
8]  . The literature  suggests a threshold  of 0.70 [12]  , in  accordance,
he  composite  reliability  of all  constructs  in  our  model  is above
.70, verifying  the  internal  consistency  of the  model.  

The construct  validity  of the  model  was analyzed through  con-
ent  validity,  convergent  validity  and discriminant  validity  checks
8]  . Convergent  validity  shows how  well  the  observed items  con-
erge or load together  as the  representative  of relevant  constructs.
t  was measured via Average Variance Extracted  (AVE), which
hould  be greater  than  0.50 [12]  . As shown  in  Table 4 , the  AVE
alues of each re”ective  construct  meet  the  threshold  value, indi-
ating  that  the  scale of this  research has su�cient  reliability.  

Content  validity  determines  how  well  observed variables  rep-
esent  the  main  aspect of the  relevant  constructs  [41]  . The re-
ective  items  of the  survey  emerged from  the  literature  review.
our academics and four  practitioners  from  the  food  industry  then
xamined  the  scales of the  questionnaire  to  ensure its  structure,
eadability,  ambiguity  and completeness  [20]  . Academics focused
n observed variables  to  ensure that  they  theoretically  represent
he  related  constructs.  Practitioners,  on the  other  hand, guaranteed
he perception  of constructs  and associated variables  in  practice.
alidating  the  rigor  of the  survey  by academics and practitioners

ndependently  further  strengthened  the  structure  of the  survey
3,76]  . Hence, this  approach  justi“es  the  content  validity  of re”ec-
ive  constructs  in  the  model.  
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Table 3 
Observed latent  variables. 

Codes Constructs and items  Item  weights  Item  loadings  

FSat Forecast  satisfaction  
FSat_1 Forecast satisfaction  from  perishable  products  0.285 0.719 
FSat_2 Forecast satisfaction  from  seasonal products  0.323 0.821 
FSat_3 Forecast satisfaction  from  promotional  products  0.334 0.862 
FSat_4 Forecast satisfaction  from  newly-launched  products  0.313 0.768 
SP Strategic  partnerships  
SP_1 Accurate forecasts 0.283 0.795 
SP_2 Trust  0.318 0.847 
SP_3 Commitment  0.305 0.851 
SP_4 Joint Business Plan 0.303 0.804 
EI External  Integration  
EI_1 Level of being dedicated  to “nd  solutions  to overcome  supply  chain  complexities  0.243 0.838 
EI_2 Level of sharing  responsibility  for  joint  improvements  0.270 0.848 
EI_3 Level of interdependence  0.281 0.885 
EI_4 Level of ”exibility  0.200 0.748 
EI_5 Level of same vision  of top  management  0.234 0.712 
II  Internal  integration  
II_1 Level of delivery  effort  0.300 0.736 
II_2 Level of inventory  management  0.340 0.801 
II_3 Level of technological  infrastructure  for  timely  internal  information  sharing  0.276 0.825 
II_4 Level of recording  information  sources 0.337 0.822 
IS Information  sharing  
IS_1 Sharing of order  forecasts 0.349 0.802 
IS_2 Sharing of inventory  levels 0.286 0.772 
IS_3 Sharing of recent  information  0.270 0.719 
IS_4 Sharing of production  plan  0.201 0.747 
IS_5 Share of production  scheduling  0.200 0.763 
JA Judgmental  adjustments  
JA_1 Perishable products  0.239 0.757 
JA_2 Seasonal products  0.305 0.772 
JA_3 Promotional  products  0.407 0.860 
JA_4 Newly-launched  products  0.288 0.804 
GF Group  forecasting  
GF_1 Level of continuous  meetings  0.238 0.794 
GF_2 Level of decision-making  procedures  0.253 0.864 
GF_3 Level of hierarchy  0.222 0.850 
GF_4 Level of constructive  discussions 0.226 0.892 
GF_5 Level of effective  usage of information  for  consensus forecasts 0.236 0.848 

Table 4 
Results of reliability  analysis. 

Latent  variables/constructs  Cronbach•s � Composite  reliability  Average variance  extracted  (AVE) 

External  integration  0.866 0.904 0.655 
Group forecasting  0.904 0.929 0.723 
Internal  integration  0.808 0.874 0.635 
Information  sharing  0.824 0.873 0.58 
Judgmental  adjustments  0.814 0.876 0.639 
Strategic partnerships  0.843 0.895 0.681 
Forecast satisfaction  0.803 0.872 0.631 
Threshold  values Cronbach•s � � 0.7; Composite  reliability  � 0.7; AVE � 0.5 
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In terms  of discriminant  validity,  it  helps clarifying  dissimilari-
ties among a set of items,  representing  different  constructs.  Table 5
shows that  the  square root  of AVE for  all  re”ective  constructs  is
greater  than  the  correlation  between  the  scores of constructs  in
relation  to  its  appropriate  row  and column  values. 

4.2. Model “t  

Tenenhaus et al. [100]  recommended  the  Goodness-of-Fit  (GoF)
criterion  to  assess the  model  “t  in  PLS-SEM. GoF evaluates the
quality  of the  measurement  model  over  the  average communal-
ity  (AVE) and of the  structural  model  over  the  average of R ². As
shown  in  Table 6 , the  GoF value of the  conceptual  model  is 0.443
and it  is above the  threshold  value of 0.36 indicating  that  the
conceptual  model  performs  well  based on the  GoF criterion  [77]  .
The explained  variance  (R ²), which  is the  level  of the  construct•s
xplained  variance, is expected  to  be greater  than  0.10 [28]  . The
alues of 0.67, 0.33 and 0.19 indicate  a substantial,  moderate  and
eak  variance  and explaining  the  endogenous constructs  [12,76]  .
s shown  in  Table 6 , R ² values of all  constructs  are over  the  thresh-
ld  value and support  a satisfactory  combined  predictability  for  the
odel.  

The effect  size of independent  variables  ( †�) shows the  par-
icular  impact  of exogenous variables  based on increased R ² val-
es that  remain  unexplained  on an endogenous construct  [76]  .
he effect  size of an independent  variable  ( †�) is measured based
n the  change of R ² values when  it  is eliminated  from  the  con-
eptual  model  [15]  . As shown  in  Table 7 , forecast  satisfaction
as large effect  size by strategic  partnerships  and all  predictor
ariables  for  strategic  partnerships  have small  effect  size, while
he  endogenous construct  of judgmental  adjustment  has small  ef-
ect  size by internal  integration.  Whilst  external  integration  (a pre-
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Table 5 
Results of discriminant  validity  check. 

External  
integration  

Group 
forecasting  

Internal  
integration  

Information  
sharing  

Judgmental  
adjustments  

Strategic 
partnerships  

Forecast 
satisfaction  

External  integration  0.809 
Group forecasting  0.44 0.851 
Internal  integration  0.546 0.445 0.797 
Information  sharing  0.418 0.513 0.332 0.762 
Judgmental  adjustments  0.085 Š0.012 0.207 Š0.013 0.800 
Strategic partnerships  0.750 0.511 0.493 0.443 0.058 0.825 
Forecast satisfaction  0.265 0.278 0.357 0.338 0.248 0.514 0.794 

Table 6 
Variance explained,  communality  and redundancy.  

Latent  variables/constructs  Variance explained  (R ²) Communality  Redundancy 

Values Size 

External  integration  0.424 Moderate  0.655 0.174 
Group forecasting  0.343 Moderate  0.723 0.129 
Internal  integration  0.164 Weak 0.635 0.029 
Information  sharing  0.422 Moderate  0.58 0.219 
Judgmental  adjustments  0.142 Weak 0.639 0.026 
Strategic partnerships  0.603 Moderate  0.681 0.376 
Forecast satisfaction  0.264 Weak 0.631 0.166 
(GoF): 0.443 R ²= 0.67 � Substantial,  0.33 � Moderate,  0.19 � Weak  

[12,76]  

Note: Variance explained  (R ²) is measured for  only  endogenous constructs.  

Table 7 
Effect size of independent  variables  ( f 2 ). 

Effect size ( †²) over variance  explained  (R ²) 

Predictor  constructs  R ² included  R ² excluded  f � Size 

Strategic partnerships  �  Forecast satisfaction  0.264 0 0.360 Large 
Group forecasting  �  Strategic partnerships  0.604 0.567 0.093 Small 
External  integration  �  Strategic partnerships  0.604 0.296 0.775 Small 
Internal  integration  �  External  integration  0.425 0.319 0.183 Medium  
Internal  integration  �  Group forecasting  0.348 0.264 0.129 Small 
Internal  integration  �  Judgmental  adjustments  0.043 0 0.045 Small 
Information  sharing  �  Group forecasting  0.348 0.2 0.228 Medium  

f � =  (R ² included  - R ² excluded)  / (1-R ² included).  
Effect size f �: 0.35 � Large; 0.15 � Medium;  0.02 � Small. 
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ictor)  has medium  effect  size, the  endogenous variable  group
orecasting  has small  and medium  effect  size with  internal  inte-
ration  and information  sharing,  respectively.  Overall,  f � of all en-
ogenous constructs  are greater  than  the  lower  bound  0.02 in  the
odel.  This result  indicates  that  all  independent  variables  of the

onceptual  model  have the  minimum  required  effect  size for  as-
ociated dependent  variables,  supporting  the  standard  procedure
egarding  the  effect  size of independent  variables  ( †�). 

The Stone-Geisser test  (Q ²) was implemented  as an additional
ssessment criterion  for  model  “t  when  measured in  relation  to
e”ective  endogenous constructs  [36]  . Q ² is measured via a blind-
olding  procedure  in  which  a part  of the  data matrix  is omitted  for
nce and the  model  is revaluated  to  predict  the  omitted  part  of
he  conceptual  model  [23]  . Q ² values below  0.00 indicate  a lack of
redictive  relevance in  the  conceptual  model  while  values above
.35, 0.15 and 0.02 exhibit  a large, medium  and small  predictive
elevance of the  respective  endogenous variables  [52]  . According  to
hin [12]  , values for  omission  distance  in  blindfolding  (referring  to
umber  of data points  in  the  data matrix  are skipped  before  omit-
ing  one data point  [96]  ) can be from  5 to  10;  however,  higher
alues were  preferred  in  similar  studies  (e.g. G: 30 in  [23]  ). There-
ore, the  blindfolding  procedure  was estimated  for  both  omission
istances at 10 and 30 to  reveal  whether  there  are potential  differ-
nces in  terms  of predictive  relevance. 
d  
Table 8 shows that  Q ² values are greater  than  zero, which
eans that  there  is a good predictive  relevance for  both  endoge-
ous constructs  (via  cross-validated  redundancy)  and observed
ariables  (via  cross-validated  communality).  It  is worthwhile  to
tress that  strategic  partnerships  and forecast  satisfaction  have
arge cross-validated  redundancy,  which  implies  the  strong  predic-
ive  relevance of these variables.  As a result,  the  outcomes  of the
lindfolding  procedure  indicate  that  the  model  “ts  well.  Each en-
ogenous variable  has reliable  predictive  relevance in  constituting
he  conceptual  model,  validating  the  Stone-Geisser test  (Q ²). 

Finally,  we estimated  the  effect  size of endogenous variables
 q �) by using the  predictive  values of Q ². Accordingly,  R ² values
ere  used to  evaluate  the  similar  effect  size ( †�) [15]  . The values of
.35, 0.15 and 0.02 represent  large, medium  and small  effect  size
 q �) respectively  [52]  . The effect  size ( q �) of each exogenous con-
truct  to  endogenous construct  is evaluated  based on two  different
alues. The “rst  value of •Q ² includedŽ is  obtained  when  the  con-
eptual  model  is complete  and includes  all  exogenous constructs.
nother  value of •Q ² excludedŽ is found  when  the  relevant  exoge-
ous construct  is dropped  from  the  model.  By using these two  dif-

erent  Q ² values, the  effect  size ( q �) for  each exogenous construct  to
ndogenous construct  is estimated.  The effect  size ( q �) represents
he  impact  of endogenous variables  in  the  model,  thus  the  value
f Q ² which  was found  based on the  analysis of cross-validated  re-
undancy  should  be used [52]  . The results  of effect  size ( q �), es-
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Table 8 
Outcomes of blindfolding  procedure.  

Re”ective  endogenous constructs  Cross-validated  redundancy  Cross-validated  communality  

Omission  distance (G) Omission  distance (G) 

Q ² Size Q ² Size Q ² Size Q ² Size 
(G: 10) (G: 10) (G: 30) (G:30)  (G:10)  (G: 10) (G:30)  (G:30)  

External  integration  0.273 Medium  0.269 Medium  0.554 Large 0.538 Large 
Group forecasting  0.244 Medium  0.25 Medium  0.607 Large 0.723 Large 
Internal  integration  0.08 Small 0.082 Small 0.344 Medium  0.339 Medium  
Information  sharing  0.211 Medium  0.21 Medium  0.333 Medium  0.327 Medium  
Judgmental  adjustments  0.023 Small 0.024 Small 0.544 Large 0.543 Large 
Strategic partnerships  0.385 Large 0.389 Large 0.458 Large 0.449 Large 
Forecast satisfaction  0.459 Large 0.451 Large 0.156 Medium  0.159 Medium  

Predictive  relevance Q ²= 0.35 � Large (L), 0.15 � Medium  (M),  0.02 � Small (S). 

Table 9 
Effect size of endogenous variables  (q 2 ). 

Effect size ( q �) over predictive  relevance (Q ²) 

Omission  distance Predictor  constructs  Q ² included  Q ² excluded  q � Effect size 

G: 10 Strategic  partnerships  �  Forecast  satisfaction  0.156 0 0.185 Medium  
G:30 0.159 0 0.189 Medium  
G:10 Group  forecasting  �  Strategic  partnerships  0.385 0.367 0.029 Small 
G:30 0.389 0.368 0.033 Small 
G:10 External  integration  �  Strategic  partnerships  0.385 0.179 0.333 Medium  
G:30 0.389 0.179 0.343 Medium  
G:10 Internal  integration  �  External  integration  0.273 0.204 0.094 Small 
G:30 0.269 0.201 0.092 Small 
G:10 Internal  integration  �  Group  forecasting  0.244 0.188 0.074 Small 
G:30 0.241 0.187 0.071 Small 
G:10 Internal  integration  �  Judgmental  adjustments  0.023 0 0.023 Small 
G:30 0.024 0 0.024 Small 
G:10 Information  sharing  �  Group  forecasting  0.244 0.135 0.145 Small 
G:30 0.241 0.132 0.143 Small 

q ²=  ( Q ² included  - Q ² excluded)  / (1-  Q ² included).  
Effect size q � =  0.35 � Large; 0.15 � Medium;  0.02 � Small. 
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timated  based on the  values of predictive  relevance (Q ²), are pre-
sented in  Table 9 . 

The results  of q ² show  su�cient  effect  size for  each exogenous
construct  on the  relative  endogenous constructs  with  regard  to
the  changes of predictive  relevance (Q ²). The effect  size of fore-
cast satisfaction  by strategic  partnerships  is medium.  Whilst  the
effect  size of strategic  partnerships  by group  forecasting  is small,  it
has medium  level  of effect  size by external  integration.  The rest of
endogenous variables  have small  effect  size in  producing  the  pre-
dictive  relevance (Q ²). Overall,  the  results  show  that  the  effect  size
( q �) for  each endogenous construct  exceeds the  lower  bound,  and
the  conceptual  model  has su�cient  effect  size for  endogenous con-
structs  over  the  predictive  relevance (Q ²), validating  the  effect  size
of endogenous variables  (q �). 

4.3. Findings of the structural  model 

Through  the  Bootstrap  analysis in  the  Smart PLS software,  we
evaluated  the  statistical  signi“cance  of hypothetical  relationships
by resampling  50 0 0 times  based on 105 usable responses [14]  . The
results  of bootstrapping  analysis for  the  structural  model  are pre-
sented in  Fig. 2 . In addition  to  addressing the  signi“cance  of re-
lationships  between  constructs,  we also reported  the  size of path
coe�cients,  where  the  larger  path  coe�cients  indicate  greater  im-
pact between  related  constructs.  Accordingly,  reliability  of each
construct  is ensured [52]  . 

Regarding the  “rst  hypothesis,  since the  size of path  coe�cient
from  strategic  partnerships  to  forecast  satisfaction  was substan-
tially  large, this  outcome  demands the  attention  of practitioners
by underpinning  the  reliability  of strategic  partnerships  to  be satis-
“ed  from  forecasts for  related  product-groups  in  partnerships.  Fol-
owing  this,  the  standardized  path  coe�cient  from  strategic  part-
erships  to  forecast  satisfaction  was signi“cant  (Path C: 0.5141;
 <  0.001), supporting  H1. The implication  here is that  despite  that
he  satisfaction  factor  is subjective  and likely  to  differ  based upon
he objectives  of companies  and/or  forecasters, development  of
trategic  partnerships  has a strong  and direct  impact  on the  sat-
sfaction  of manufacturers  when  they  forecast  the  time-sensitive
nd/or  short-life  product-groups.  

The standardized  path  coe�cient  from  group  forecasting  to
trategic  partnerships  is not  very  high,  but  it  is statistically  signif-
cant  (0.223;  p <  0.05), supporting  H2. Following  this,  partners•  ex-
ernal  integration  not  only  has robust  standardized  path  coe�cient,
ut  it  also has a signi“cantly  positive  impact  on strategic  partner-
hips (0.651;  p <  0.001), supporting  H3. These results  con“rm  that
lthough  both  group  forecasting  and external  integration  positively

n”uence  the  development  of strategic  partnerships,  efforts  made
y partners  in  integrating  externally  seems more  important  than
heir  effort  s in  group  f orecasting  meetings.  

Manufacturers•  internal  integration  positively  in”uences  their
xternal  integration  with  retailers  (0.368;  p <  0.05), supporting
4a. Manufacturers•  internal  integration  is also statistically  signi“-
ant as a predictor  of group  forecasting  (0.308;  p <  0.001), support-
ng  H4b. Internal  integration  is not  only  signi“cant  for  external  in-
egration  and group  forecasting  conducted  with  retailers,  but  also
or  judgmental  adjustments  (0.206;  p <  0.005), supporting  H4c. It
eems reasonable to  call  practitioners•  attention  to  the  importance
f internal  operations,  which  are very  important  not  only  for  suc-
essful external  operations,  but  also for  group  forecasting  with  re-
ailers  and judgmental  adjustments.  

Our research also explored  that  whilst  more  than  80% of man-
facturers  trade  with  retailers  across all  product-groups,  35.29%
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Fig. 2. Results of bootstrapping  analysis for  the structural  model.  

Table 10 
Decisions of manufacturers  made for  adjustments.  

Judgmental  
Adjustments  

Wide-range  de”ated  Narrow-range  
de”ated  

Not  adjusted  at all  Narrow-range  
in”ated  

Wide-range  in”ated  Sum % of manufacturers  trading  
related  products  

Perishable products  16 18.82% 30 35.29% 26 30.59% 10 11.76% 3 3.53% 85 80.95% 
Seasonal products  18 19.78% 37 40.66% 27 29.67% 6 6.59% 3 3.30% 91 86.67% 
Promotional  products  20 20.00% 40 40.00% 28 28.00% 10 10.00% 2 2.00% 100 95.24% 
Newly-launched  
products  

28 27.18% 35 33.98% 25 24.27% 11 10.68% 4 3.88% 103 98.10% 
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a  
arrow-range  de”ate  forecasts for  perishable  products,  followed  by
0.59% who  do not  adjust  at all. Likewise,  seasonal and promo-

ional  products•  forecasts are narrow-range  de”ated  by 40.66% and
0% respectively,  while  29.67% and 28% directly  refer  to  statisti-
al forecasts for  the  related  products,  respectively.  While  33.98%
f participants  narrowly  de”ate  the  forecasts of newly-launched
roducts,  27.18% of manufacturers  prefer  wide-range  de”ate  fore-
asts ( Table 10 ). Our results  con“rm  those found  in  past studies
31,99]  relating  to  adjustments  for  promotions  in  which  the  perfor-
ance of negative  (de”ated)  and large (wide-range)  adjustments  is
etter  compared  with  positive  (in”ated)  and small  (narrow-range)
djustments.  Our research extends  these “ndings  to  perishable,
easonal and newly-launched  products,  particularly  in  the  food  in-
ustry.  

The standardized  path  coe�cient  from  information  sharing  to
roup  forecasting  is signi“cant  (0.410;  p <  0.001), supporting  H5.
his “nding  shows the  importance  of information  sharing  in  part-
ers• meetings  with  a view  to  reaching  a consensus on a sin-
le forecast. Accordingly,  it  can be interpreted  that  manufactur-
rs• information  sharing  with  retailers  will  underpin  their  group

orecasting  meetings,  and ease the  generation  of single  consensus
orecasts. The results  of our  hypothesis  testing  are presented  in
able 11 . 

. Discussions  and  managerial  implications  

This research offers  insights  into  strategic  partnerships,  human
udgment  and forecast  satisfaction  between  manufacturers  and re-
ailers  of time-sensitive  and/or  short  shelf-life  product-groups  in
he  FSC by developing  and empirically  testing  a new  conceptual
ramework.  To accomplish  this,  we analyzed the  behavioral  aspects
f manufacturers•  decision-making  [59]  through  supply  integration,

nformation  sharing,  group  forecasting  with  retailers,  and adjust-
ents  to  inter-organizational  forecasts. 
.1. Strategic partnerships 

Manufacturers  and retailers  can develop  strategic  partnerships
f  they  demonstrate  trust  and commitment,  and agree to  a joint
usiness plan, which,  in  turn,  supports  the  generation  of accu-
ate  forecasts for  time-sensitive  products  in  the  FSC. Knowing  the
trong  impact  of trust  on long-term  partnerships  and that  of com-
itment  on collaborations  [114]  , partners•  behavioral  intentions  of
uilding  trust  and commitment  were  established  as two  signi“cant

ndicators  of strategic  partnerships  by this  research . Harmonizing
orporate  objectives  in  a joint  business plan  [17]  will  also lead
artners  to  achieve objectives  collaboratively.  From a forecasting
tandpoint,  the  generation  of accurate forecasts is another  impor-
ant  attribute  of strategic  partnerships  , where  the  forecast  accuracy
lays an important  role  in  supporting  partnerships  and collabora-

ion  when  dealing  with  time-sensitive  products  in  the  FSC [27]  . 
From the  forecasting  point  of view,  although  forecast  accuracy

eems to  be an e�cient  performance  criterion,  companies  in  prac-
ice  go beyond  that  indicator  and seek satisfaction  from  forecasts
ver  several parameters,  such as customer  service, ease of use, in-
erpretation  and inventory  turns  [61,67,117]  . Therefore, the  unique
orecasting  approach  of this  research is to  explore  the  signi“cance
f strategic  partnerships  for  satisfaction  from  forecasts generated

or  perishable,  seasonal, promotional  and newly-launched  products
n  the  FSC. 

This research also demonstrates  the  signi“cant  impact  of group
orecasting  on strategic  partnerships.  Subsequently,  this  reveals
hat  an increase in  constructive  discussions, and the  effective  use
f information  for  consensus forecasts in  meetings,  leads to  im-
roved  formation  of strategic  partnerships  between  partners  in  the
SC. Since partners  need to  focus on the  development  of single
rder  forecast  in  meetings  through  discussions concerning  season-
lity,  promotions  and external  factors  [48]  , their  decision-making
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Table 11 
Results of hypothesis  testing.  

Codes From To Signi“cant  at 

0.001 level  0.05 level  

H1 Strategic partnerships  �  Forecast satisfaction  � � �

H2 Group forecasting  �  Strategic partnerships  � �

H3 External  integration  �  Strategic partnerships  � � �

H4a Internal  integration  �  External  integration  � � �

H4b Internal  integration  �  Group forecasting  � � �

H4c Internal  integration  �  Judgmental  adjustments  � �

H5 Information  sharing  �  Group forecasting  � � �

Signi“cant  at 0.001 level:  � � � ; at 0.05 level:  � � ; at 0.1 level:  � . 
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process will  be eased due to  pre-established  procedures  developed
in  their  joint  business plan  [90]  . Knowing  that  group  forecasts are
more  successful than  individual  forecasts [72,73]  , partners•  rela-
tionships  are likely  to  be strengthened  due to  increased accuracy,
and a renewed  faith  in  pursuing  promising  partnerships.  

External  integration  is another  strong  predictor  of strategic
partnerships.  This “nding  suggests that  manufacturers•  behavioral
willingness  to  be ”exible,  to  solve supply  complexities,  and to
share responsibilities  with  retailers  facilitates  the  development  of
strategic  partnerships  whilst  adopting  similar  vision  in  the  part-
nership.  Our “ndings  expand  the  “ndings  of Schoenherr and Swink
[89]  from  operational-level  to  strategic  level,  who  conveyed the
positive  impact  of external  integration  on delivery  and ”exibility
performance,  based on samples collected  from  27 industries.  Our
results  also expand  the  “ndings  of Droge et al. [22]  and Wong  et al.
[113]  , who  demonstrated  the  signi“cance  of external  integration  on
product  innovation  in  the  automotive  industry.  We contribute  to
this  literature  by investigating  these issues from  product-level  to
partnership-level  in  the  food  industry.  

5.2. Judgmental adjustments 

Judgmental  adjustments  involve  the  direction  and size of ad-
justments  [57]  made on the  statistical  forecasts of seasonal, per-
ishable, promotional  and newly-launched  product-groups  in  the
FSC. Past literature  not  only  emphasized  the  pragmatic  features
of adjustments  [106]  , but  also its  necessity for  minimizing  mul-
tiple  forecasts of manufacturers  [27,46]  for  better  relationships
with  retailers  [47]  . In this  vein,  this  research not  only  explores
the  signi“cant  impact  of internal  integration  on adjustments,  but
also reveals that  manufacturers  mostly  de”ate  forecasts to  broader
product-groups.  This “nding  supports  and extends  the  “ndings  of
previous  work  by closing  the  gap regarding  the  role  of adjust-
ments  in  supply  chains [31,98]  . The implication  for  practitioners
is that  the  outcomes  of operational  activities,  such as delivery  ef-
forts  and inventory  levels, need to  be actively  incorporated  into
their  judgment-based  forecasting  decisions. This will,  in  turn,  ease
inter-departmental  agreement  on a single  forecast  for  manufac-
turers.  Also, acknowledging  the  signi“cant  impact  of information
sharing  on group  forecasting,  manufacturers•  sharing  of these ad-
justed  order  forecasts with  retailers  will  most  likely  facilitate  con-
sensus forecasts in  group  forecasting  as well.  

5.3. Supply integration  

Manufacturers•  internal  practices  in”uence  their  integration
with  retailers  in  the  FSC. Subsequently,  manufacturers  should  im-
prove  their  delivery  performance,  manage inventory  levels effec-
tively  and invest  in  IT for  timely  internal  information  exchange
among departments,  with  regular  recording  of information.  These
effort  s will  help  overcome  supply  chain  complexities,  and pursue
joint  improvement  with  underpinning  loyalty  and ”exibility  be-
ween  partners,  where  top  management  teams follow  the  same vi-
ion in  collaborations.  Some studies  addressed internal  integration
hrough  ”exibility  performance  [89]  and responsiveness in  the  sup-
ly  chain  [109]  , while  some revealed its  impact  on both  supplier
nd customer  integration  based on manufacturing  data collected

rom  China [119]  . Our “ndings  accordingly  generalize  the  role  of
nternal  integration  on partners•  external  practices  in  Europe and
orth  America.  

Further,  revealing  the  importance  of internal  integration  on
roup  forecasting  is an important  contribution  of this  research,
hich  links  manufacturers•  integration  practices  to  forecasting
eetings  with  retailers.  Practitioners  can make use of this  result

or  more  constructive  discussions, effective  usage of information,
nd more  sustainable  forecasting  decisions for  time-sensitive  prod-
cts in  meetings.  In doing  so, they  will  be able to  generate timely
onsensus forecasts and to  preserve shelf  availability  in  stores. 

.4. Information  sharing 

Information  sharing  is essential  to  achieve better  results  in
roup  forecasting.  Di�culties  to  agree on the  same set of fore-
asts are apparent  between  manufacturers  and retailers  in  meet-
ngs [32,33]  . This is due to  retailers  being ill-informed  regarding

anufacturers•  forecast  modi“cations,  which  are designed to  man-
ge production  capacity,  inventory  and delivery  operations  [17]  .
ur “ndings  advise practitioners  to  not  only  share order  forecasts,
ut  also inventory  levels, production  plans and schedules of re-

ated  products,  as recent  information  is likely  to  affect  sales. Ex-
mples of such information  include  environment-related  informa-

ion,  weather,  products,  and forecasters• past experiences. By doing
o, manufacturers  will  be able to  settle  delay problems  in  replen-
shment  operations  and preserve product  availability  on shelves
46,93]  . Further,  they  will  strengthen  communication  and trans-
arency  with  retailers  and will  achieve a better  understanding  via
pdated  forecasts [121]  . 

. Conclusion  and  future  research  opportunities  

In this  research, we address the  forecasting  aspects of manu-
acturers• strategic  decision-making  [59]  through  group  forecasting,
udgmental  adjustments,  information  sharing  and supply  integra-
ion  practices  with  retailers.  Focusing on the  question  •to  what  ex-
ent  can coordination  and collaboration  and effective  information
haring  in  multi-tier  operations  help  improve  human  judgement
nd satisfaction  in  forecasting  and decision  making  in  strategic
artnerships?Ž, this  paper offers  a new  conceptual  framework  for

he  implementation  of strategic  collaborations  on forecasting  per-
shable, seasonal, promotional  and newly-launched  products.  Sec-
ndly,  it  highlights  the  impact  of group  forecasting  and external  in-

egration  on strategic  partnerships.  Thirdly,  our  “ndings  reveal  the
igni“cant  impact  of internal  operations,  not  only  on external  inte-
ration  and on group  forecasting  meetings,  but  also on judgmental
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djustments.  Finally,  our  analysis indicates  that  information  shar-
ng  with  retailers  has a signi“cant  impact  on the  decisions made
n  group  forecasting  meetings  with  retailers,  where  sharing  judg-

entally  adjusted  order  forecasts across partners  has a mediating
ffect  on group  forecasting.  

The contribution  of this  research should  be considered  in  light
f a few  limitations.  Firstly,  the  “ndings  rely  on survey  data, and

t  is essential  to  further  expand  such work  using multi-methods.
omplementary  methodologies  would  be essential  to  test  the  con-
eptual  framework  of strategic  partnerships  between  manufactur-
rs and retailers.  Secondly, current  work  emphasized  manufac-

urers•  perspectives;  a promising  extension  would  be to  replicate
hese studies  with  retailers  to  compare  their  views  and to  exam-
ne the  role  of power  and information  sharing  in  strategic  partner-
hips. 

Thirdly,  the  focus of this  research is on perishable,  seasonal,
romotional  and newly-launched  products  traded  in  the  food  in-
ustry.  However,  the  potential  differences  in  forecasting  processes

or  each of these product-groups  have been outside  the  scope of
his  research. Examining  differential  processes and methods  used
or  such products  will  inform  both  practitioners  and researchers
owards  enhancing  strategic  partnerships  in  FSCs. Fourthly,  nar-
owing  down  our  research to  speci“c  products  limits  our  ability
o  generalize  “ndings  to  different  products  and different  industries
such as apparel,  consumer  goods, fast-moving  consumer  goods,
nd the  pharmaceutical  industry).  Replicating  similar  work  across
ifferent  products  in  different  industries  can be expected  to  pro-
ide  valuable  insights  for  practitioners.  Finally,  the  results  of this
tudy  illustrate  the  partnership  practices  of manufacturers  based
n  Europe and North  America.  Future  research speci“cally  pro“l-
ng  particular  countries  or regions  (e.g. North/South  Asia, Middle
ast and/or  North  Africa)  and exploring  region-based  differences

rom  the  manufacturers•  decision  perspectives  would  be useful  to
urther  expand  our  understanding  of behavioral  factors  critical  for
mproving  Operations  Research practice  [107]  . 

upplementary  materials  

Supplementary  material  associated with  this  article  can be
ound,  in  the  online  version,  at doi:  10.1016/j.omega.2018.11.007  . 

eferences  

[1]  Adobor  H , McMullen  RS . Strategic purchasing  and supplier  partnerships„the
role  of a third  party  organization.  J Purchas Supply Manag 2014;20(4):263…72 .

[2]  Ahumada  O , Villalobos  JR . Application  of planning  models  in  the agri-food
supply  chain:  a review.  Eur J Oper Res 2009;196(1):1…20 . 

[3]  Andreev  P , Heart  T , Maoz H , Pliskin  N . Validating  formative  partial  least
squares (PLS) models:  methodological  review  and empirical  illustration.  In:
International  conference on information  systems (ICIS) 2009 proceedings;
2009. p. 17 . 

[4]  Armstrong  JS , Overton  TS . Estimating  nonresponse  bias in  mail  surveys.
J Mark  Res 1977;14(3,  Special Issue: Recent Developments  in  Survey Re-
search):396…402 . 

[5]  Arshinder  , Kanda A , Deshmukh  SG . Supply  chain  coordination:  perspectives,
empirical  studies  and research directions.  Int  J Prod Econ 2008;115(2):316…35 .

[6]  Aviv  Y . On the bene“ts  of collaborative  forecasting  partnerships  between  re-
tailers  and manufacturers.  Manag Sci 2007;53(5):777…94 . 

[7]  Bourlakis  MA , Weightman  PWH . Food supply  chain  management.  Oxford,  UK:
Blackwell  Pub; 2004 . 

[8]  Braunscheidel  MJ , Suresh NC . The organizational  antecedents  of a “rm•s
supply  chain  agility  for  risk  mitigation  and response. J Oper Manag
2009;27(2):119…40 . 

[9]  Bryman  A , Bell E . Business research methods.  2nd Ed. Oxford,  UK: Oxford  Uni-
versity  Press; 2007 . 

[10]  Byrne BM . Structural  equation  modeling  with  AMOS: basic concepts, applica-
tions,  and programming.  2nd Ed. New York, USA: Taylor  & Francis Pub; 2010 .

[11]  Byrne PJ , Heavey C . The impact  of information  sharing  and forecasting
in  capacitated  industrial  supply  chains:  a case study.  Int  J Prod Econ
2006;103(1):420…37 . 

[12]  Chin WW  . The partial  least squares approach  for  structural  equation  model-
ing. In:  Marcoulides  GA, editor.  Modern  methods  for  business research. Mah-
wah,  NJ, US: Lawrence Erlbaum  Associates Publishers;  1998. p. 295…336 . 
[13]  Christopher  M , Jüttner  U . Developing  strategic  partnerships  in  the supply
chain:  a practitioner  perspective.  Eur J Purch Supply Manag 20 0 0;6(2):117…27 .

[14]  Chung K , Lee SMS . Optimal  bootstrap  sample size in  construction  of per-
centile  con“dence  bounds. Scand J Stat 2001;28(1):225…39 . 

[15]  Cohen J . Statistical  power  analysis for  the behavioral  sciences. 2nd ed. Hills-
dale:  Lawrence Erlbaum  Associates; 1988 . 

[16]  Cycyota CS , Harrison  DA . What  (not)  to  expect  when  surveying  executives  a
meta-analysis  of top  manager response rates and techniques  over time.  Organ
Res Methods 2006;9(2):133…60 . 

[17]  Danese P . Designing  CPFR collaborations:  insights  from  seven case studies. Int
J Oper Prod Manag 2007;27(2):181…204 . 

[18]  Danese P , Romano P , Formentini  M . The impact  of supply  chain  integration
on responsiveness:  the moderating  effect  of using an international  supplier
network.  Transp Res Part E: Logist Transp Rev 2013;49(1):125…40 . 

[19]  Devaraj S , Krajewski  L , Wei  JC . Impact  of eBusiness technologies  on opera-
tional  performance:  the role  of production  information  integration  in  supply
chain. J Oper Manag 2007;25(6):1199…216 . 

[20]  Dillman  DA . Mail  and telephone  surveys:  the total  design method.  New York,
USA: Wiley  & Sons; 1978 . 

[21]  Dobson PW . Exploiting  buyer  power:  lessons from  the British  grocery  trade.
Antitrust  Law J 2005;72(2):529…62 . 

[22]  Droge C , Jayaram J , Vickery  SK . The effects of internal  versus external  inte-
gration  practices  on time-based  performance  and overall  “rm  performance.  J
Oper Manag 2004;22(6):557…73 . 

[23]  Duarte  PAO , Raposo MLB . A PLS model  to study  brand  preference:  an appli-
cation  to the mobile  phone market.  In:  Handbook  of partial  least squares.
Springer;  2010. p. 449…85 . 

[24]  Du TC , Lai VS , Cheung W , Cui X . Willingness  to share information  in  supply
chain:  a partnership-data-process  perspective.  Inf Manag 2012;49(2):89…98 . 

[25]  Du XF , Leung SCH , Zhang JL , Lai KK . Procurement  of agricultural  products  us-
ing the CPFR approach. Supply Chain Manag 2009;14(4):253…8 . 

[26]  ECR Europe. A guide  to CPFR implementation.  Brussels: Accenture  & E�cient
Consumer Response (ECR); 2001 . 

[27]  Eksoz C , Mansouri  SA , Bourlakis  M . Collaborative  forecasting  in  the food sup-
ply  chain:  a conceptual  framework.  Int  J Prod Econ 2014;158:120…35 . 

[28]  Falk RF , Miller  NB . A primer  for  soft  modeling.  University  of Akron  Press;
1992 . 

[29]  Fang L , Meng X . Research on information  collaboration  of agricultural  supply
chains based on CPFR. Education  technology  and computer  science (ETCS)
second international  workshop,  794-797-797;  2010 . 

[30]  Fildes R , Goodwin  P . Against  your  better  judgment?  How  organizations
can improve  their  use of management  judgment  in  forecasting.  Interfaces
2007;37(6):570…6 . 

[31]  Fildes R , Goodwin  P , Lawrence M , Nikolopoulos  K . Effective  forecasting  and
judgmental  adjustments:  an empirical  evaluation  and strategies  for  improve-
ment  in  supply-chain  planning.  Int  J Forecast 2009;25(1):3…23 . 

[32]  Fliedner  E . Collaborative  supply  chain  forecasting:  a lean framework.  Alliance
J Bus Res 2006;2(1):33…48 . 

[33]  Fliedner  G . CPFR: an emerging  supply  chain  tool.  Ind Manag Data Syst
2003;103(1):14…21 . 

[34]  Flynn  BB , Huo B , Zhao X . The impact  of supply  chain  integration  on
performance:  a contingency  and con“guration  approach. J Oper Manag
2010;28(1):58…71 . 

[35]  Flynn  BB , Sakakibara S , Schroeder RG , Bates KA , Flynn  EJ . Empirical  research
methods  in  operations  management.  J Oper Manag 1990;9(2):250…84 . 

[36]  Geisser S . The predictive  sample reuse method  with  applications.  J Am Statist
Assoc 1975;70(350):320…8 . 

[37]  Gimenez C , Ventura  E . Logistics-production,  logistics-marketing  and ex-
ternal  integration:  their  impact  on performance.  Int  J Oper Prod Manag
2005;25(1):20…38 . 

[38]  Gimenez C . Logistics integration  processes in  the food industry.  Int  J Phys Dis-
trib  Logist Manag 2006;36(3):231…49 . 

[39]  Gönül  S , Önkal D , Goodwin  P . Expectations,  use and judgmental  adjustment
of external  “nancial  and economic  forecasts:  an empirical  investigation.  J
Forecast 2009;28(1):19…37 . 

[40]  Goodwin  P . Integrating  management  judgment  and statistical  methods  to im-
prove  short-term  forecasts. Omega 2002;30(2):127…35 . 

[41]  Götz O , Liehr-Gobbers  K , Krafft  M . Evaluation  of structural  equation  mod-
els using the partial  least squares (PLS) approach. In:  Vinci  VE, Chin WW,
Henseler J, Wang H, editors.  Handbook  of partial  least squares: con-
cepts, methods  and applications.  Berlin,  Germany:  Springer-Verlag;  2010.
p. 691…711 . 

[42]  Ha BC , Park YK , Cho S . Suppliers• affective  trust  and trust  in  competency
in  buyers:  its  effect  on collaboration  and logistics  e�ciency.  Int  J Oper Prod
Manag 2011;31(1):56…77 . 

[43]  Hair  JF, Black WC, Babin BJ, Anderson  RE, Tatham RL, editors.  Multivari-
ate data analysis:  a global  perspective.  7th  Ed. edn. NJ, USA: Pearson; 
2010 . 

[44]  He Q , Ghobadian A , Gallear D . Knowledge  acquisition  in  supply  chain  part-
nerships:  the role  of power.  Int  J Prod Econ 2013;141(2):605…18 . 

[45]  Heikkilä J  . From supply  to demand  chain  management:  e�ciency  and cus-
tomer  satisfaction.  J Oper Manag 2002;20(6):747…67 . 

[46]  Helms MM  , Lawrence PE , Chapman S . Supply  chain  forecasting  - Collabo-
rative  forecasting  supports  supply  chain  management.  Bus Process Manag J
20 0 0;6(5):392…407 . 



32 C. Eksoz, S.A. Mansouri  and M. Bourlakis et al. / Omega 87 (2019) 20…33 

 

 

 
 

 
 

 
 

 
 

 

 

 

 
 

 

 

 

 

 
 

 
 
 

 
 

 

 

 

 
 

 

 
 

 
 

 

 

 
 

 

 
 

 

 
 

 

 

 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

 
 

 
 

 

 
 

 
 

[  

 

 

 
 

 
 

 

 

 

 

 
 

 

 
 

 
 

 
 

 
 

 

 
 

 

 

 
 

[47]  Hill  S . CPFR builds  the united  partnerships  of apparel. Apparel Ind Mag
1999;60(10):54  . 

[48]  Ireland  RK , Crum C . Supply  chain  collaboration  (integrated  business manage-
ment  series). Florida, USA: J. Ross Pub.; 2005 . 

[49]  Jarvis CB , MacKenzie SB , Podsakoff PM . A critical  review  of construct  indi-
cators and measurement  model  misspeci“cation  in  marketing  and consumer
research. J Consum Res 2003;30(2):199…218 . 

[50]  Johnson JL . Strategic integration  in  industrial  distribution  channels:  man-
aging the inter“rm  relationship  as a strategic  asset. J Acad Mark  Sci
1999;27(1):4…18 . 

[51]  Johnston DA , McCutcheon  DM , Stuart  FI , Kerwood  H . Effects of supplier
trust  on performance  of cooperative  supplier  relationships.  J Oper Manag
2004;22(1):23…38 . 

[52]  Joseph FHJ , Hult  GTM , Ringle CM , Sarstedt M . A premier  on partial  least
squares structural  equation  modeling  (PLS-SEM). London:  SAGE Publications,
Inc.;  2014 . 

[53]  Kaipia R . Effects of delivery  speed on supply  chain  planning.  Int  J Logist
2008;11(2):123…35 . 

[54]  Kremer  M , Moritz  B , Siemsen E . Demand forecasting  behavior:  system neglect
and change detection.  Manag Sci 2011;57(10):1827…43 . 

[55]  Kremer  M , Siemsen E , Thomas DJ . The sum and its  parts:  judgmental  hierar-
chical  forecasting.  Manag Sci 2016;62(9):2745…64 . 

[56]  Larsen TS , Thernøe C , Claus A . Supply  chain  collaboration:  theoreti-
cal perspectives  and empirical  evidence. Int  J Phys Distrib  Logist Manag
2003;33(6):531…49 . 

[57]  Lawrence M , Goodwin  P , O•Connor M , Önkal D . Judgmental  forecasting:  a re-
view  of progress over the last 25 years. Int  J Forecast 2006;22(3):493…518 . 

[58]  Li S , Lin B . Accessing information  sharing  and information  quality  in  supply
chain  management.  Decis Support Syst 2006;42(3):1641…56 . 

[59]  Loch CH , Wu  Y . Behavioral  operations  management.  Now  Publishers Inc;
2007 . 

[60]  Maloni  MJ , Benton WC . Supply  chain  partnerships:  opportunities  for  opera-
tions  research. Eur J Oper Res 1997;101(3):419…29 . 

[61]  McCarthy  TM , Davis DF , Golicic  SL , Mentzer  JT . The evolution  of sales fore-
casting management:  a 20-year  longitudinal  study  of forecasting  practices. J
Forecast 2006;25(5):303…24 . 

[62]  McCarthy  TM , Golicic  SL . Implementing  collaborative  forecasting  to improve
supply  chain  performance.  Int  J Phys Distrib  Logist Manag 2002;32(6):431…54 .

[63]  McCarthy  Byrne TM , Moon  MA , Mentzer  JT . Motivating  the industrial  sales
force in  the sales forecasting  process. Ind Mark  Manag 2011;40(1):128…38 . 

[64]  Melewar  TC , Saunders J , Balmer  JMT . The saliency of olins• visual  identity
structure  in  relation  to UK companies  operating  in  Malaysia. Corp Reput Rev
20 0 0;3(3):194…200 . 

[65]  Melewar  TC , Saunders J . Global corporate  visual  identity  systems:  standard-
ization,  control  and bene“ts.  Int  Mark  Rev 1998;15(4):291…308 . 

[66]  Mentzer  JT , Min  S , Zacharia ZG . The nature  of inter“rm  partnering  in  supply
chain  management.  J Retail 20 0 0;76(4):549…68 . 

[67]  Mentzer  JT , Kahn KB . Forecasting technique  familiarity,  satisfaction,  usage,
and application.  J Forecast 1995;14(5):465…76 . 

[68]  Mohr  J , Spekman R . Characteristics  of partnership  success: partnership  at-
tributes,  communication  behavior,  and con”ict  resolution  techniques.  Strateg
Manag J 1994;15(2):135…52 . 

[69]  Mukhopadhyay  T , Kekre S . Strategic and operational  bene“ts  of electronic  in-
tegration  in  B2B procurement  processes. Manag Sci 2002;48(10):1301…13 . 

[70]  Narasimhan  R , Nair  A . The antecedent  role  of quality,  information  sharing  and
supply  chain  proximity  on strategic  alliance  formation  and performance.  Int  J
Prod Econ 2005;96(3):301…13 . 

[71]  Oh L , Teo H , Sambamurthy  V . The effects of retail  channel  integration  through
the use of information  technologies  on “rm  performance.  J Oper Manag
2012;30(5):368…81 . 

[72]  Önkal D , Lawrence M , Sayim KZ . In”uence  of differentiated  roles on group
forecasting  accuracy. Int  J Forecast 2011;27(1):50…68 . 

[73]  Önkal D , Sayim KZ , Lawrence M . Wisdom  of group  forecasts:  does role-play-
ing play  a role? Omega 2012;40(6):693…702 . 

[74]  Önkal D . Comments  on •Effective  forecasting  and judgmental  adjustments:
an empirical  evaluation  and strategies  for  improvement  in  supply-chain  plan-
ningŽ. Int  J Forecast 2009;25(1):30…1 . 

[75]  Önkal D , Sayšm KZ , Gönül  MS . Scenarios as channels of forecast advice. Tech-
nol Forecast Social Change 2013;80(4):772…88 . 

[76]  Peng DX , Lai F . Using partial  least squares in  operations  management  re-
search: a practical  guideline  and summary  of past research. J Oper Manag
2012;30(6):467…80 . 

[77]  Perols J , Zimmermann  C , Kortmann  S . On the relationship  between  supplier
integration  and time-to-market.  J Oper Manag 2013;31(3):153…67 . 

[78]  Phillips  LW . Assessing measurement  error  in  key informant  reports:  a
methodological  note  on organizational  analysis in  marketing.  J Mark  Res
1981;18(4):395…415 . 

[79]  Power D . Supply  chain  management  integration  and implementation:  a liter-
ature  review.  Supply Chain Manag 2005;10(4):252…63 . 

[80]  Ramanathan U , Gunasekaran A . Supply  chain  collaboration:  Impact  of success
in  long-term  partnerships.  Int  J Prod Econ 2014:252…9 . 

[81]  Ramanathan U , Muyldermans  L . Identifying  demand  factors  for  promotional
planning  and forecasting:  a case of a soft  drink  company  in  the UK. Int  J Prod
Econ 2010;128(2):538…45 . 

[82]  Sanders NR . Accuracy of judgmental  forecasts:  a comparison.  Omega
1992;20(3):353…64 . 
[83]  Sanders NR . Pattern  of information  technology  use: the impact  on buyer…sup-
pler  coordination  and performance.  J Oper Manag 2008;26(3):349…67 . 

[84]  Sanders NR , Manrodt  KB . Forecasting practices  in  US corporations:  survey  re-
sults. Interfaces  1994;24(2):92…100 . 

[85]  Sanders NR , Manrodt  KB . The e�cacy  of using judgmental  versus quantitative
forecasting  methods  in  practice.  Omega 2003;31(6):511…22 . 

[86]  Sanders NR , Ritzman  LP . Bringing  judgment  into  combination  forecasts. J Oper
Manage 1995;13(4):311…21 . 

[87]  Saunders M , Lewis P , Thornhill  A . Research methods  for  business students.
London, UK: FT-Prentice Hall;  1997 . 

[88]  Sawhney R . Implementing  labor  ”exibility:  a missing  link  between  acquired
labor  ”exibility  and plant  performance.  J Oper Manag 2013;31(1…2):98…108 . 

[89]  Schoenherr T , Swink  M . Revisiting  the arcs of integration:  cross-validations
and extensions.  J Oper Manag 2012;30(1…2):99…115 . 

[90]  Siefert  D . Collaborative  planning,  forecasting,  and replenishment:  how  to cre-
ate a supply  chain  advantage. New York, USA: AMACOM Pub.; 2003 . 

[91]  Silverman  D . Doing  qualitative  research. 3rd  Ed. London, UK: SAGE Pub.; 2010 .
[92]  Simatupang  TM , Sridharan  R . The collaborative  supply  chain. Int  J Logist

Manag 2002;13(1):15…30 . 
[93]  Småros J . Forecasting collaboration  in  the European grocery  sector:  observa-

tions  from  a case study.  J Oper Manag 2007;25(3):702…16 . 
[94]  Småros J . Collaborative  forecasting:  a selection  of practical  approaches. Int  J

Logist: Res Appl 2003;6(4):245…58 . 
[95]  Smith  D , Hair  JF Jr , Ferguson K . An investigation  of the  effect  of family  in-

”uence  on commitment…trust  in  retailer…vendor strategic  partnerships.  J Fam
Bus Strategy 2014;5(3):252…63 . 

[96]  Sosik JJ , Avolio  BJ , Kahai SS . Effects of leadership  style  and anonymity  on
group  potency  and effectiveness  in  a group  decision  support  system environ-
ment.  J Appl Psychol 1997;82(1):89  . 

[97]  Sun J , Debo L . Sustaining  long-term  supply  chain  partnerships  using
price-only  contracts.  Eur J Oper Res 2014;233(3):557…65 . 

[98]  Syntetos AA , Babai Z , Boylan JE , Kolassa S , Nikolopoulos  K . Supply  chain
forecasting:  theory,  practice,  their  gap and the future.  Eur J Oper Res
2015;1(26):1…26 . 

[99]  Syntetos AA , Nikolopoulos  K , Boylan JE , Fildes R , Goodwin  P . The effects of
integrating  management  judgement  into  intermittent  demand  forecasts. Int  J
Prod Econ 2009;118(1):72…81 . 

100]  Tenenhaus M , Vinzi  VE , Chatelin  Y , Lauro C . PLS path  modeling.  Comput Stat
Data Anal 2005;48(1):159…205 . 

[101]  Trapero JR , Kourentzes  N , Fildes R . Impact  of information  exchange on sup-
plier  forecasting  performance.  Omega 2012;40(6):738…47 . 

[102]  Van der Vaart T , Van Donk DP . A critical  review  of survey-based  research in
supply  chain  integration.  Int  J Prod Econ 2008;111(1):42…55 . 

[103]  Van der Vaart T , Van Donk DP , Gimenez C , Sierra V . Modelling  the integra-
tion-performance  relationship:  collaborative  practices, enablers and contex-
tual  factors. Int  J Oper Prod Manag 2012;32(9):1043…74 . 

[104]  Vlachos IP , Bourlakis  M . Supply  chain  collaboration  between  retail-
ers and manufacturers:  do they  trust  each other?  Supply Chain Forum
2006;7(1):70…80 . 

[105]  Vlajic  JV , van der Vorst  JGAJ , Haijema  R . A framework  for  designing  robust
food supply  chains. Int  J Prod Econ 2012;137(1):176…89 . 

[106]  Webby  R , O•Connor M . Judgemental  and statistical  time  series forecasting:  a
review  of the literature.  Int  J Forecast 1996;12(1):91…118 . 

[107]  White  L . Behavioural  operational  research:  towards  a framework  for  under-
standing  behaviour  in  OR interventions.  Eur J Oper Res 2016;249(3):827…41 . 

[108]  Whipple  JM , Russell D . Building  supply  chain  collaboration:  a typology  of col-
laborative  approaches. Int  J Logist Manag 2007;18(2):174…96 . 

[109]  Williams  BD , Roh J , Tokar T , Swink  M . Leveraging supply  chain  visibility  for
responsiveness:  the moderating  role  of internal  integration.  J Oper Manag
2013;31(7…8):543…54 . 

[110]  Wilson  J . Essentials of business research:  a guide  to doing  your  research
project.  London, UK: SAGE Pub.; 2010 . 

[111]  Won  Lee C , Kwon  IG , Severance D . Relationship  between  supply  chain  perfor-
mance and degree of linkage  among supplier,  internal  integration,  and cus-
tomer.  Supply Chain Manag 2007;12(6):4  4 4…52 . 

[112]  Wong  CY , Boon-Itt  S , Wong  CW . The contingency  effects of environmental
uncertainty  on the relationship  between  supply  chain  integration  and opera-
tional  performance.  J Oper Manag 2011;29(6):604…15 . 

[113]  Wong  CWY , Wong  CY , Boon-itt  S . The combined  effects of internal  and
external  supply  chain  integration  on product  innovation.  Int  J Prod Econ
2013;146(2):566…74 . 

[114]  Wu  I , Chuang C , Hsu C . Information  sharing  and collaborative  behaviors  in
enabling  supply  chain  performance:  a social exchange perspective.  Int  J Prod
Econ 2014;148:122…32 . 

[115]  Yan T , Dooley K . Buyer-supplier  collaboration  quality  in  new  product  devel-
opment  projects.  J Supply Chain Manag 2014;50(2):59…83 . 

[116]  Youn S , Yang MG , Hong P , Park K . Strategic supply  chain  partnership,  envi-
ronmental  supply  chain  management  practices, and performance  outcomes:
an empirical  study  of Korean “rms.  J Cleaner Prod 2013;56(0):121…30 . 

[117]  Yokum  JT , Armstrong  JS . Beyond accuracy:  comparison  of criteria  used to se-
lect  forecasting  methods.  Int  J Forecast 1995;11(4):591…7 . 

[118]  Zhao X , Xie J , Leung J . The impact  of forecasting  model  selection  on the value
of information  sharing  in  a supply  chain. Eur J Oper Res 2002;142(2):321…44 . 

[119]  Zhao X , Huo B , Selen W , Yeung JHY . The impact  of internal  integra-
tion  and relationship  commitment  on external  integration.  J Oper Manag
2011;29(1…2):17…32 . 



C. Eksoz, S.A. Mansouri  and M. Bourlakis et al. / Omega 87 (2019) 20…33 33 

[  

 

[  
120]  Zhou H , Benton WC Jr . Supply  chain  practice  and information  sharing.  J Oper
Manag 2007;25(6):1348…65 . 

[121]  Zotteri  G , Kalchschmidt  M . Forecasting practices:  Empirical  evidence and a
framework  for  research. Int  J Prod Econ 2007;108(1…2):84…99 . 
122]  Zotteri  G , Kalchschmidt  M , Caniato F . The impact of  aggregation level on fore-
casting performance.  Int  J Prod Econ 2005;93…94:479…91 . 


	Judgmental adjustments through supply integration for strategic partnerships in food chains
	1 Introduction


