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Y5eld Uncerta5nty and Tard5ness Penalt5es:  

A Compar5son of Offshor5ng and Nearshor5ng 

Orkun Bayram 
orkun.bayram@bal%kes%r.edu.tr 

 

Abstract 

The extreme congest%on caused by the pandem%c at sh%pment routes demonstrated the potent%al 
damage fluctuat%ons %n customer order lead t%me could cause %n global supply cha%ns. 
Furthermore, %f the order arr%ves w%th m%ss%ng %tems, %t w%ll exacerbate the already d%srupted flow 
of goods %n the supply cha%n. Hence, y%eld uncerta%nty needs to be cons%dered, espec%ally when 
coupled w%th lead t%me fluctuat%ons. Thus, suppl%er select%on mechan%sms could benef%t from a 
compar%son of suppl%er performances comb%n%ng y%eld and lead t%me uncerta%nty under d%fferent 
comb%nat%ons of other factors. To demonstrate the consequences of suppl%er select%on based on 
these effects, we developed a stochast%c opt%m%zat%on model for an order placed by a T%er 1 
suppl%er w%th a T%er 2 suppl%er. We generated scenar%os v%a 2k factor representat%on to calculate 
the effect of %ncreas%ng product%on y%eld and mean lead t%me on supply cha%n costs. We have 
found that the magn%tude of the effect of %ncreas%ng the lead t%me on total supply cha%n costs was 
much h%gher than the magn%tude of the effect of %ncreas%ng the product%on y%eld. We further found 
that the magn%tude of the effects of these two suppl%er character%st%cs was more pronounced %f at 
least two of the other three factors -un%t underage cost, order amount, and un%t procurement or 
tard%ness cost- were h%gh. Our numer%cal analys%s also demonstrated that %t was very %mportant 
to put effort %nto est%mat%ng lead t%me parameters and d%str%but%on correctly, as mak%ng %ncorrect 
assumpt%ons could cause severe underest%mat%on of supply cha%n costs. 

Keywords: Nearshor%ng, offshor%ng, uncerta%n y%eld, uncerta%n lead t%me, tard%ness penalty. 
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Ver5m Rassallığı ve Gec5kme Yaptırım Mal5yetler5:  

Ülke Dışında Üret5m ve Komşu Ülkede Üret5m Stratej5ler5n5n 

Karşılaştırılması 

 

Özet 

Pandeminin ulaşım ve sevkiyat süreçlerinde yol açtığı yoğunluk, müşteri sipariş teslim 
sürelerindeki dalgalanmaların küresel tedarik zincirlerinde yol açabileceği potansiyel zararları 
ortaya koymuştur. Ayrıca, gecikmenin yanında teslim edilen ürün sayısının beklenenden az 
olması durumunda, tedarik zincirindeki hâlihazırda bozulmuş ürün akışı daha da 
kötüleşmektedir. Bu nedenle, özellikle sipariş teslim sürelerindeki dalgalanmalarla birlikte 
tecrübe edildiğinde, verim rassallığı, üzerinde durulması gereken bir husustur. Dolayısıyla, 
tedarikçi seçim mekanizmaları, farklı dış faktör kombinasyonları altında verim ve teslim süresi 
rassallığını beraber ele alarak tedarikçi performanslarını karşılaştırırsa, daha başarılı seçimler 
yapılacaktır. Bu etmenler doğrultusunda, tedarikçi seçiminin ortaya koyduğu performansı 
göstermek amacıyla, Seviye 1 tedarikçisinin Seviye 2 tedarikçisine verdiği bir sipariş için 
stokastik bir optimizasyon modeli oluşturulmuş; 2ᵏ faktör temsili ile senaryolar üretilerek, üretim 
veriminin ve ortalama teslim süresinin tedarik zinciri maliyetleri üzerindeki etkisi hesaplanmıştır. 
Bulgularımız, teslim süresinin artışının toplam tedarik zinciri maliyetleri üzerindeki etkisinin, 
üretim veriminin artışının etkisinden çok daha büyük olduğunu göstermektedir. Ayrıca, ele 
aldığımız diğer üç dış faktörden en az ikisi — teslimatta eksik olan her ürün başına müşteri 
tarafından katlanılan maliyet, sipariş verilen toplam ürün miktarı ve ürün başına katlanılan 
gecikme yaptırım maliyeti — yüksek olduğunda, bu iki tedarikçi performans kriterinin (teslim 
süresi ve üretim verimi) toplam maliyetler üzerindeki etkilerinin daha baskın hale geldiği tespit 
edilmiştir. Sayısal analizimiz ayrıca, teslim süresinin rassallığını betimleyen parametrelerin ve 
olasılık fonksiyonunun doğru tahmin edilmesine yönelik çaba göstermenin çok önemli olduğunu 
ortaya koymuştur. Çünkü hatalı varsayımlar, tedarik zinciri maliyetlerinin ciddi şekilde 
azımsanmasına yol açarak yanıltıcı sonuçlara sebep olabilmektedir. 

Anahtar Kel9meler: Komşu ülkede üret%m, ülke dışında üret%m, rassal ver%m, rassal tesl%m 
süres%, gec%kme yaptırım mal%yet%. 

JEL Kodu: D24, D81, E23, M11  
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Introduct)on  

In the last decade, the changes -n global supply cha-ns (e.g., -ncreas-ng level of 

automat-on, r-se -n wages and transportat-on costs wh-le work-ng w-th offshore 

suppl-ers) tr-ggered changes -n perspect-ves for suppl-er select-on. Cost sav-ngs were 

no longer the pr-mary object-ve dr-v-ng offshor-ng. However, suppl-er select-on 

dec-s-ons began to focus on reduc-ng r-sks as well as phys-cal d-stances (Slepn-ov, et 

al., 2013, p. 6) to -ncrease the ab-l-ty to respond to adverse shocks (Ka-vo-Oja, et al., 

2018, p. 76). The suppl-ers at d-fferent geograph-cal locat-ons were -n-t-ally cons-dered 

to have the exact landed cost but d-fferent f-xed lead t-mes and supply capac-t-es (based 

on automat-on-related constra-nts), and dual-sourc-ng strateg-es were explored to 

balance nearshor-ng and offshor-ng (Jakš-č & Fransoo, 2018, p. 151). However, the 

geograph-cal d-stance cont-nued to be acknowledged as hav-ng -mportant 

shortcom-ngs, such as be-ng more prone to potent-al d-srupt-ons, wh-ch was one of the 

dr-v-ng forces beh-nd backshor-ng (P-atanes- & Arauzo-Carod, 2019, p. 807). 

The pandem-c caused severe congest-on at major sh-pp-ng ports, lead-ng to s-gn-f-cant 

fluctuat-ons -n customer order lead t-mes. For -nstance, wa-t t-mes at anchor reached up 

to 45 days at ports l-ke Los Angeles and Long Beach (Murray, 2021), w-th s-m-lar 

delays occurr-ng globally (Chambers, 2022). Pol-t-cal and regulatory d-srupt-ons, such 

as Brex-t, have further extended del-very t-mes (Foster, 2024), prompt-ng supply cha-ns 

to cons-der nearshor-ng to manage customer expectat-ons better. These events 

h-ghl-ghted the -mpact that fluctuat-ons -n non-process-ng-related lead t-mes, such as 

sh-pment and del-very, can have on global supply cha-ns, sh-ft-ng focus toward suppl-er 

select-on based on lead t-me var-ab-l-ty. Wh-le automat-on technolog-es stab-l-ze 

process-ng-related lead t-mes, d-srupt-ons at the suppl-er’s s-te and dur-ng sh-pment 

have become the pr-mary sources of var-ab-l-ty. Our study w-ll therefore focus on 

fluctuat-ons -n customer order lead t-me pr-mar-ly caused by non-process-ng act-v-t-es. 

Th-s randomness -s espec-ally cr-t-cal for t-me-sens-t-ve products, such as seasonal 

-tems, mak-ng dual-suppl-er strateg-es d-ff-cult dur-ng d-srupt-ve per-ods, as slower 

suppl-ers may fa-l to del-ver on t-me. 

On the other hand, for T-er 1 suppl-ers cons-dered as customers g-v-ng orders to T-er 2 

suppl-ers, -f the order arr-ves w-th m-ss-ng -tems, -t would -mpose h-dden costs on the 

T-er 1 suppl-er. These types of costs must be cons-dered dur-ng suppl-er select-on (van 
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Hassel, et al., 2021, p. 3). For example, a card and board game company such as 

Explod-ng K-ttens could prefer manufactur-ng -n Ch-na over Poland, w-th eff-c-ency 

and mater-al qual-ty be-ng among the dr-vers for th-s dec-s-on (Barkho, 2021). 

Therefore, lower product-on y-elds due to the use of lower-qual-ty raw mater-als m-ght 

be a deterrent to nearshor-ng. Hence, y-eld uncerta-nty needs to be cons-dered, 

espec-ally when contrasted w-th lead t-me fluctuat-ons for alternat-ve suppl-ers, and th-s 

uncerta-nty -s -nherent -n many -ndustr-es, -nclud-ng h-gh tech and food (Lowe, 

Khadem-, & Mason, 2016; van Donk, 2001, p. 2697), for wh-ch nearshor-ng versus 

offshor-ng could be an -mportant concern. Thus, creat-ng a clear summary of the trade-

offs between work-ng w-th suppl-ers prone to lead t-me d-srupt-ons and those fac-ng 

y-eld uncerta-nty—w-th-n a framework that supports scenar-o-based analys-s—can 

prov-de valuable -ns-ghts for suppl-er select-on. 

Hav-ng h-gh product-on y-eld, shorter, and less fluctuat-ng lead t-mes would be 

s-gn-f-cant for a T-er 2 suppl-er serv-ng T-er 1 suppl-ers. Therefore, suppl-er select-on 

mechan-sms could benef-t from compar-ng suppl-er performance based on these two 

character-st-cs, cons-der-ng d-fferent comb-nat-ons of other factors such as procurement 

and process-ng costs, as well as penalt-es for underage and tard-ness. To account for 

uncerta-nty -n y-eld and lead t-me when analyz-ng the effect of suppl-er select-on on 

total supply cha-n costs for a make-to-order product-on, we use a b-nom-al y-eld model 

to h-ghl-ght the dependence of y-eld on -nput-based factors l-ke raw mater-al 

(Dettenbach, 2015, p. 8). We also model total lead t-me from order conf-rmat-on to 

del-very as the sum of a determ-n-st-c component and a random component, assum-ng 

Un-form, Exponent-al, and Lognormal d-str-but-ons to represent lead t-me stochast-c-ty. 

Through stochast-c opt-m-zat-on model-ng and numer-cal analys-s, our study a-ms to 

explore how these two factors—random product-on y-eld and lead t-me—affect supply 

cha-n costs under d-fferent order character-st-cs, wh-le also prov-d-ng key -ns-ghts for 

mak-ng -nformed suppl-er select-on dec-s-ons.  

Regard-ng the aforement-oned supply cha-n -ssues, -nclud-ng -ncreased del-very t-mes 

due to Brex-t and the preference for manufactur-ng -n Ch-na due to h-gh mater-al 

qual-ty, desp-te log-st-cs challenges, our study h-ghl-ghts an overlooked case where a 

d-stant offshore suppl-er ga-ns exper-ence over the years, del-ver-ng h-gher product-on 

y-elds and, consequently, h-gher qual-ty. However, th-s has started to cause -ncreased 
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log-st-cs r-sks and costs due to transportat-on d-srupt-ons. We acknowledge the concept 

of nearshor-ng, wh-ch refers to relocat-ng manufactur-ng act-v-t-es closer to the home 

reg-on, often -nvolv-ng the return of operat-ons that were prev-ously offshored 

(Fratocch-, et al., 2014, p. 56). We address the call for a more deta-led exam-nat-on of 

the -nternal and external cont-ngenc-es that -nfluence spec-f-c dr-vers and barr-ers to 

reshor-ng (Moore, et al., pp. 1025-1026), cons-der-ng and compar-ng the -mpact of 

external cont-ngenc-es of the offshore (d-stant) suppl-er, such as h-gher tard-ness costs 

due to -ts locat-on, and -nternal cont-ngenc-es of the nearshore suppl-er, such as lower 

product-on y-eld and, therefore, h-gher underage costs. 

For th-s purpose, we answer the research quest-ons “What &s the &mpact on total supply 

cha&n costs for make-to-order product&on of work&ng w&th an exper&enced offshore 

suppl&er prone to longer and more uncerta&n lead t&mes versus a nov&ce nearshore 

suppl&er prone to low product&on y&eld and mater&al qual&ty &ssues?” and “Wh&ch type 

of suppl&er leads to lower supply cha&n costs and hence wh&ch &s more preferable?”  

Th-s study contr-butes to the nearshor-ng and reshor-ng l-terature by prov-d-ng a 

reshor-ng dec-s-on analys-s related to the deter-orat-on of locat-on advantages, draw-ng 

on Dunn-ng’s (1988, p. 164; 1998, p. 5) framework, wh-ch pos-ts that f-rms pursue 

reshor-ng when one or more advantages—ownersh-p, locat-on, or -nternal-zat-on—

decl-ne. It also relates to W-ll-amson's (1979, p. 247) Transact-on Cost Econom-cs 

approach, as we exam-ne the trade-offs between the tard-ness costs of d-stant suppl-ers 

and the qual-ty costs stemm-ng from low product-on y-elds of a nov-ce nearshore 

suppl-er. Add-t-onally, we contr-bute to manufactur-ng l-terature by analyz-ng how 

external factors, such as transportat-on d-srupt-ons, -mpact make-to-order 

manufactur-ng w-th -mperfect y-elds. 

In the follow-ng sect-ons, we f-rst present the l-terature rev-ew, followed by 

methodology and problem formulat-on; then, we present the numer-cal analys-s and 

d-scuss the -mpl-cat-ons of our results. We conclude the study w-th -ts l-m-tat-ons, 

conclus-ons, and suggest-ons for future research. 

L)terature Rev)ew 

Th-s research draws on and contr-butes to two d-st-nct research contexts: nearshor-ng 

and reshor-ng, and manufactur-ng. In th-s sect-on, we d-fferent-ate among var-ous 
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research approaches relevant to these areas, -nclud-ng emp-r-cal stud-es, mathemat-cal 

model-ng, and dec-s-on support tools, and outl-ne our contr-but-ons to these research 

streams at the end. 

The comprehens-ve systemat-c l-terature rev-ews by Pedrolett- & C-abusch- (2023, p. 

1), Tsa- and Urmetzer (2024, p. 267), and da Rocha, et al. (2025, p. 4) h-ghl-ghted the 

need to exam-ne the dr-vers and barr-ers of reshor-ng act-v-t-es that were prev-ously 

offshored. Tsa- and Urmetzer (2024, p. 267) emphas-zed the -mportance of analyz-ng 

f-rm-level factors to understand the-r -nfluence on select-ng opt-mal reshor-ng 

locat-ons, as well as develop-ng an unb-ased dec-s-on-mak-ng process for mak-ng 

judgments.  

The focus on nearshor-ng -ncreased after the pandem-c, lead-ng to recent emp-r-cal 

stud-es, -nclud-ng evaluat-ons of potent-al suppl-ers and supply cha-n locat-ons on a 

large scale (e.g., across d-fferent countr-es for nearshor-ng; van Hassel, et al., 2021, p. 

6). Broader survey-based observat-ons (Ellram, et al., 2013, p. 17) show that compan-es 

are -ncreas-ngly cons-der-ng supply cha-n performance and strateg-c al-gnment when 

select-ng manufactur-ng locat-ons. To expand th-s d-scuss-on, Barb-er-, et al. (2019, p. 

2) -ntroduce the concept of “Relocat-ons of Second Degree” (RSDs), wh-ch 

d-fferent-ate between back-reshor-ng to the home country (RHC) and relocat-ng to a 

th-rd country (RTC). The-r emp-r-cal analys-s, based on European manufactur-ng data, 

-nd-cates that RTC -s more common when the or-g-nal offshor-ng dec-s-on was dr-ven 

by eff-c-ency factors—such as cost sav-ngs and product-v-ty -mprovements. Case 

stud-es also h-ghl-ght the strateg-c reason for comb-n-ng global suppl-ers w-th local 

subcontractors to support custom-zat-on and respons-veness (e.g., Grand-nett- & 

Tabacco, 2015, p. 151). Recent regress-on stud-es h-ghl-ght the -mportance of mater-al 

costs and supply cha-n completeness -n reshor-ng dec-s-ons dur-ng t-mes of uncerta-nty 

(Chen, et al., 2022, p. 2069). Complement-ng these f-nd-ngs, Stentoft, M-kkelsen, and 

Jensen (2016, p. 190) exam-ne offshor-ng and backshor-ng from a supply cha-n 

-nnovat-on (SCI) perspect-ve. The-r survey of Dan-sh manufacturers shows that f-rms 

-nvolved -n reshor-ng tend to -nvest more -n manufactur-ng -nnovat-on and reorgan-ze 

the-r resources more extens-vely than those that offshore or ma-nta-n domest-c 

product-on, -nd-cat-ng a strong l-nk between reshor-ng and strateg-c supply cha-n 

-nnovat-on. 
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Desp-te extens-ve emp-r-cal research on reshor-ng and nearshor-ng, -mportant gaps st-ll 

ex-st. Most stud-es focus on strateg-c mot-ves, pol-cy -ncent-ves, and macro-level 

locat-on cho-ces, often -gnor-ng operat-onal complex-t-es -n make-to-order 

env-ronments. The -mpacts of random y-eld and lead t-me, espec-ally under penalt-es 

for underage and tard-ness, are rarely stud-ed -n suppl-er select-on. Ex-st-ng models 

often s-mpl-fy product-on var-ab-l-ty or depend on -nventory buffers, wh-ch are not 

su-table for make-to-order sett-ngs. 

Dec-s-on support tools us-ng fuzzy log-c and AHP (e.g., H-lletofth, et al., 2019, p. 134; 

H-lletofth, et al., 2021, p. 967; Seque-ra, et al., 2021, p. 504) have prov-ded valuable 

frameworks for the -n-t-al screen-ng of reshor-ng dec-s-ons, -nclud-ng h-gh-level 

compet-t-veness cr-ter-a such as cost, qual-ty, and t-me.  

Ex-st-ng dec-s-on support tools that ut-l-ze fuzzy log-c and AHP prov-de valuable 

frameworks for h-gh-level reshor-ng evaluat-ons; however, they often lack operat-onal 

depth and fa-l to capture the complex-t-es of make-to-order env-ronments. These tools 

typ-cally rely on stat-c cr-ter-a and do not cons-der dynam-c factors such as random 

y-eld, lead t-me var-ab-l-ty, or suppl-er exper-ence. 

Among the l-m-ted mathemat-cal model-ng stud-es on reshor-ng, Chen and Hu (2017, 

p. 167) r-gorously analyze offshore supply dependence (OSD), show-ng that cont-nued 

rel-ance on offshore suppl-ers can weaken the respons-veness benef-ts of reshor-ng, 

espec-ally under long lead t-mes and h-gh adjustment costs. Yang, et al. (2021, pp. 7-9) 

employ a game-theoret-c model to -nvest-gate how tar-ffs and product-on costs affect a 

mult-nat-onal f-rm's reshor-ng -ncent-ves, reveal-ng that tar-ff effect-veness depends on 

market power and compet-t-on -ntens-ty. Boute, et al. (2022, pp. 1040-1041) contr-bute 

by model-ng dual sourc-ng w-th local SpeedFactor-es to manage demand var-ab-l-ty 

under nonstat-onary and autocorrelated cond-t-ons. The-r -nventory-based model 

demonstrates how short lead-t-me local product-on can complement offshore sourc-ng 

by absorb-ng demand shocks and lower-ng capac-ty costs. 

Random y-eld -n manufactur-ng and procurement has long been exam-ned for -ts effect 

on lot s-z-ng dec-s-ons. Foundat-onal works, such as Yano and Lee (1995, p. 313) and 

Grosfeld-N-r and Gerchak (2004, p. 47), offer comprehens-ve rev-ews of the early 

l-terature. Three pr-mary mathemat-cal model-ng approaches for y-eld uncerta-nty are 
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commonly used: stochast-cally proport-onal, -nterrupted geometr-c, and b-nom-al. 

Among these, make-to-order env-ronments w-th b-nom-al product-on y-eld rema-n 

central -n analyz-ng lot s-z-ng dec-s-ons. Stud-es -n th-s area vary w-dely, from mult--

stage product-on w-th sem--processed product procurement and rework dec-s-ons 

(Barad & Braha, 1996, p. 100) to mult--product, mult--stage product-on w-th sem--

f-n-shed product allocat-on (Talay & Ozdem-r-Aky-ld-r-m, 2019, p. 537). 

B-nom-al y-eld has also been exam-ned -n newsvendor-type models w-th f-xed demand 

and underage r-sk, s-m-lar to our context (Cho-, et al., 2019, p. 985). Research has 

extended to supply cha-n coord-nat-on under y-eld uncerta-nty, explor-ng strateg-es for 

d-fferent partners (Clemens & Inderfurth, 2015, pp. 303-306; Lev-, et al., 2020, pp. 

212-214). Meanwh-le, product-on and -nventory control dec-s-ons under uncerta-n lead 

t-mes have been w-dely stud-ed. Early research ma-nly focused on -nventory pol-c-es 

l-ke (R, Q) and demand dur-ng the lead t-me, show-ng that uncerta-nty -n both demand 

and lead t-me affects product-on quant-t-es and safety stock levels (Eppen & Mart-n, 

1988, pp. 1385-1387). These dynam-cs -nfluence dec-s-ons across supply cha-n levels, 

-nclud-ng suppl-ers, producers, and d-str-butors (Cohen & Lee, 1988, p. 224). 

In make-to-order sett-ngs, assum-ng f-xed -nventory pol-c-es -s often -nappropr-ate. 

Later research sh-fted toward lot s-z-ng and lead t-me plann-ng based on due dates. 

Even w-th constant lead t-me, random y-eld compl-cates lot s-z-ng when batch 

complet-on overlaps (Wang & Gerchak, 2005, pp. 371-373). Other random factors, 

such as supply d-srupt-ons, have also been cons-dered alongs-de lead t-me uncerta-nty 

(Hek-moglu, et al., 2018, pp. 911-916). For mult--product scenar-os, lot s-zes -nfluence 

product-on schedules, w-th lead t-me compr-s-ng determ-n-st-c (e.g., setup) and random 

(e.g., queue t-me) components (Kang, et al., 2018, pp. 55-57; Rabta & Re-ner, 2012, 

pp. 2722-2726). When mult-ple components are assembled, the-r -nd-v-dual lead t-mes 

determ-ne the f-nal product’s lead t-me (Ould-Louly & Dolgu-, 2004, pp. 370-372). 

In fast-paced -ndustr-es l-ke electron-cs and sem-conductors, both y-eld and lead t-me 

uncerta-nty are cr-t-cal. Product-on sequenc-ng and lot s-z-ng must be opt-m-zed 

together due to setup t-me dependenc-es (Schemeleva, et al., 2012, pp. 1599-1601; 

Schemeleva, et al., 2013, pp. 2-4). These stud-es often spl-t lead t-me -nto determ-n-st-c 

and random parts and suggest solut-on algor-thms to address lot s-z-ng and sequenc-ng 

separately (Schemeleva, et al., 2018, pp. 181-182). 
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Although mathemat-cal model-ng has been appl-ed to reshor-ng dec-s-ons, ex-st-ng 

stud-es often focus on strateg-c or macroeconom-c factors such as tar-ffs, market 

compet-t-on, and offshore supply dependence (Chen & Hu, 2017, p. 167; Yang, Ou, & 

Chen, 2021, pp. 7-9). Wh-le some models address dual sourc-ng and demand var-ab-l-ty 

(Boute, et al., 2022, pp. 1040-1041), they typ-cally rely on -nventory-based 

respons-veness, wh-ch -s unsu-table for make-to-order env-ronments. Moreover, wh-le 

random y-eld and lead t-me have been stud-ed -n lot s-z-ng and -nventory control (Yano 

& Lee, 1995, p. 313; Wang & Gerchak, 2005, pp. 371-373), these models rarely 

-ntegrate suppl-er exper-ence, product-on qual-ty, and log-st-cs d-srupt-ons -nto a un-f-ed 

framework for reshor-ng. The l-terature lacks models that expl-c-tly capture the trade-

offs between offshore rel-ab-l-ty and nearshore uncerta-nty under supply r-sk and 

del-very penalt-es. 

In response to the gaps -dent-f-ed -n emp-r-cal stud-es, dec-s-on support tools, and 

mathemat-cal model-ng, our study offers a new operat-onal perspect-ve on reshor-ng 

and nearshor-ng dec-s-ons -n make-to-order product-on sett-ngs. By comb-n-ng suppl-er 

exper-ence, b-nom-al y-eld uncerta-nty, and random lead t-me -nto a un-f-ed dec-s-on-

analyt-c framework, we go beyond strateg-c and -nventory-based approaches to address 

real-world product-on constra-nts. Our model clearly -llustrates the cost-qual-ty-t-me 

trade-offs between offshore rel-ab-l-ty and nearshore uncerta-nty, espec-ally under 

underage and tard-ness penalt-es. Th-s contr-but-on enhances ex-st-ng l-terature by 

prov-d-ng a cont-ngency-based, quant-tat-ve tool for suppl-er select-on that captures the 

dynam-c r-sks and complex-t-es of post-pandem-c global sourc-ng. It also strengthens 

the theoret-cal foundat-on of reshor-ng dec-s-ons by -nclud-ng mater-al cost, product-on 

y-eld, and log-st-cs d-srupt-ons—factors that are -ncreas-ngly -mportant for compan-es 

seek-ng res-l-ent and flex-ble supply strateg-es. 

Methodology 

We a-m to analyze the trade-offs between costs l-nked to product-on y-eld and tard-ness 

penalt-es caused by late order arr-vals. To do th-s, we need to understand how dec-s-ons 

and parameters -n the supply cha-n -nteract -n a clear and conc-se way. Therefore, we 

use mathemat-cal model-ng to show the total supply cha-n costs result-ng from the 

suppl-er cho-ces of the customer (T-er 1 suppl-er) and the suppl-er (T-er 2 suppl-er). We 
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-nclude a d-agram and a notat-on table below to -llustrate the supply cha-n process we 

exam-ne. 

Table 1. Notation 

Parameters  

D Demand: order amount to be satisfied 

P probability of producing a non-defective item 

cpe unit penalty cost to be incurred for each unit of non-delivered item 

P unit price to be paid to the supplier for the product 

cp unit procurement and processing cost 

T The processing time for one unit of input 

Θ θ ϵ [0,1], the economies of scale factor 

Tw time spent on activities not related to processing 

ct the per unit per unit time tardiness penalty 

Decision 
Variables  

Q Input amount for the production at the supplier 

Bin (Q, p) number of non-defective items produced at the supplier, binomial 
random variable 
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F9gure 1. The Supply Cha%n Process D%agram 

We beg-n by theoret-cally der-v-ng the opt-mal raw mater-al -nput quant-ty (Q*) for a 

suppl-er that m-n-m-zes the sum of procurement and underage costs. Th-s opt-mal -nput 

dec-s-on -s then used to compare the total supply cha-n costs assoc-ated w-th d-fferent 

suppl-er types—offshore (d-stant ) versus nearshore. To capture uncerta-nty -n del-very, 

we model the random non-process-ng lead t-me (Tw) us-ng three alternat-ve probab-l-ty 

d-str-but-ons (Un-form, Exponent-al, and Lognormal d-str-but-ons). Based on th-s 

framework, -n the follow-ng sect-ons, we present our theoret-cal and numer-cal results 

regard-ng the nearshor-ng dec-s-on and analyze the sens-t-v-ty of suppl-er select-on to 

key parameters, -nclud-ng underage costs (P + cpe), demand levels (D), procurement 

The T%er 1 suppl%er places an 
order w%th the T%er 2 suppl%er 
for a f%xed quant%ty of 
products (D). 

The T%er 2 suppl%er accepts the order 
and assumes that each processed %tem 
w%ll be non-defect%ve w%th probab%l%ty 
p and defect%ve w%th probab%l%ty (1 –
 p). Based on th%s assumpt%on, the 
suppl%er determ%nes to process Q 
%nputs and %ncurs the correspond%ng 
procurement cost, cp * Q. Then, s/he 
rece%ves a random output of B+n (Q, 
p) as a result. The total process%ng 
t%me %s equal to T * Qθ, where Q 
represents the %nput quant%ty. 

After process%ng %s completed, the 
order %s del%vered to the customer 
(T%er 1 suppl%er). Due to 
uncerta%nt%es %n transportat%on, the 
del%very takes a random amount of 
t%me, Tw, to del%ver the order. Th%s 
random non-process%ng lead t%me 
depends on var%ous contextual 
factors such as geopol%t%cal 
cond%t%ons, geograph%cal d%stance, 
and other locat%on-spec%f%c 
character%st%cs, and hence %t may 
follow d%fferent stochast%c processes. 
In our analys%s, we assume that %t 
could follow a Un%form, Exponent%al, 
or Log-normal d%str%but%on, and we 
prov%de separate analyt%cal results for 
each of these potent%al d%str%but%onal 
assumpt%ons. 

The customer %nspects the 
order upon arr%val and charges 
the suppl%er a un%t underage 
cost, P + cpe, for each 
defect%ve %tem. Add%t%onally, 
the customer (potent%ally) 
%ncurs a tard%ness penalty due 
to late del%very, ct * D *(Tw – 
E[Tw ])+, as the delay %s 
attr%buted to external factors 
beyond the suppl%er’s control. 
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costs (cp), and tard-ness penalt-es (ct). To der-ve manager-al -ns-ghts from numer-cal 

analys-s, we use a comb-nat-on of generated and secondary data. The generated data on 

product-on y-eld and order character-st-cs -s comb-ned w-th secondary data regard-ng 

non-process-ng lead t-me, wh-ch was obta-ned from Searates.com (2022). These 

secondary data reflect lead t-me components l-nked to transportat-on delays and 

d-srupt-ons. Further deta-ls are prov-ded -n the numer-cal analys-s sect-on. 

Problem Formulat)on and Theoret)cal Results 

We exam-ne how product-on y-eld and customer order lead t-me affect suppl-er 

select-on -n a supply cha-n. A T-er 1 suppl-er chooses from globally d-str-buted T-er 2 

suppl-ers, each offer-ng d-fferent trade-offs. In t-me-sens-t-ve systems, m-ss-ng -tems 

(due to low y-eld) and delays (from long or var-able lead t-mes) can harm performance. 

S-nce no suppl-er typ-cally excels -n both, select-on must we-gh these r-sks. Y-eld and 

lead t-me -mpacts—shaped by suppl-er expert-se and locat-on—are key to -nformed 

dec-s-on-mak-ng, as deta-led -n the analys-s below. 

The suppl-er must plan for product-on of a s-ngle order from the customer w-th a f-xed 

demand, D. Each -nput -s transformed -nto one f-n-shed product, and, as -s common to 

make-to-order product-on, all -nputs w-ll be processed as a s-ngle batch (Barad & 

Braha, 1996, p. 100; Grosfeld-N-r & Gerchak, 2004, p. 47; Ivănescu, et al., 2006, pp. 

202-205; Sharda & Ak-ya, 2012, pp. 163-167; Wang & Gerchak, 2005, pp. 371-373). 

The product-on process -nvolves y-eld uncerta-nt-es. For each -nput, the process of 

obta-n-ng a usable product follows a Bernoull- type w-th probab-l-ty p. Hence, for an 

-nput amount of (Q), the total amount of non-defect-ve products obta-ned from the batch 

w-ll be a b-nom-al random var-able, B&n (Q, p). Due to uncerta-n product-on y-eld, the 

amount of non-defect-ve outputs obta-ned from a batch of (Q) -nputs could be smaller 

than the -nput amount; therefore, the suppl-er should determ-ne the product-on amount 

to be no smaller than the order amount (Q ≥ D). Then, the expected number of m-ss-ng 

-tems -n an order w-ll be E [max (0, (D- B&n (Q, p)))]. If the order amount cannot be 

sat-sf-ed fully, a penalty cost (cpe) w-ll be -ncurred for each un-t of non-del-vered -tem 

and reflected to the suppl-er. Thus, for each un-t of non-del-vered -tem, not only the un-t 

pr-ce (P) w-ll be forfe-ted, but also the penalty cost (cpe) w-ll be -ncurred. Hence, the 
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underage cost for each non-del-vered -tem w-ll be (P+cpe), and the expected underage 

penalty -s g-ven -n Eq. (1): 

(P+cpe) * E [max (0, (D- B&n (Q, p)))]. (1) 

W-thout loss of general-ty, we normal-ze the salvage value to zero. For each -nput, a 

un-t procurement and process-ng cost (cp) w-ll be -ncurred. We assume (cp ≤ P) s-nce 

otherw-se product-on would not be prof-table at all. Then, the procurement and 

process-ng cost for an -nput amount of (Q) w-ll be as g-ven -n Eq. (2): 

cp * Q. (2) 

Due to the global marketplace, the pr-ce the customer pays to the suppl-er, P*D, -s 

assumed to be standard; hence, the suppl-er w-ll be m-n-m-z-ng the net negat-ve of the 

prof-t g-ven -n Eq. (3) by opt-m-z-ng the -nput (Q): 

cp * Q + (P+cpe) * E [max (0, (D- B&n (Q, p)))]  - P *D. (3) 

Under these cond-t-ons, the suppl-er must dec-de on the -nput amount (Q) for a make-

to-order product-on of a s-ngle batch. 

We w-ll f-rst der-ve the opt-mal -nput amount of the suppl-er (Q*), wh-ch m-n-m-zes 

Eq. (3) above. 

Theorem 1 

The object-ve funct-on -n Eq. (3) -s convex w-th respect to Q; thus, Q* can be found 

v-a the algor-thm below. 

Step 1. Set Q = D. 

Step 2. If the correspond-ng -nequal-ty below (g-ven -n Eq. (4)) -s sat-sf-ed, stop; 

otherw-se set Q = Q +1 and repeat Step 2. 

𝑐!

𝑝 ∗ (𝑃 + 𝑐!") ≥ 𝑃(𝐵𝑖𝑛(𝑄, 𝑝) ≤ 	𝐷 − 1). (4) 
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Then, the sum of procurement and process-ng costs and the expected underage penalty 

w-ll be as g-ven -n Eq. (5): 

𝑐! ∗ 𝑄∗ + (𝑃 +	𝑐!") ∗ 𝐸 5𝑚𝑎𝑥 90, ;𝐷 − 𝐵𝑖𝑛(𝑄∗, 𝑝)<=>  

= 𝑐! ∗ 𝑄∗ + (𝑃 +	𝑐!") ∗@𝑃(𝐵𝑖𝑛(𝑄, 𝑝) = 	𝑗) ∗ (𝐷 − 𝑗)
$

%&'

. 

(5) 

Proof of Theorem 1: Prov-ded -n the Append-x. 

Corollary 1: The results below follow d-rectly from Eq. (4): 

a) The opt-mal -nput amount (Q*) -ncreases as the order amount (D) -ncreases. 

b) The opt-mal -nput amount (Q*) decreases as the un-t procurement and 

process-ng cost (cp) -ncreases. 

c) The opt-mal -nput amount (Q*) -ncreases as the un-t pr-ce to be pa-d to the 

suppl-er for the product (P) and/or un-t penalty cost to be -ncurred for each 

un-t of non-del-vered -tem (cpe) -ncreases. 

The tard-ness penalty depends on the customer order lead t-me and the agreed deadl-ne 

for the order. Customer order lead t-me -nvolves t-me spent on act-v-t-es solely devoted 

to process-ng the -nputs and act-v-t-es not related to -nput process-ng, such as setup, 

equ-pment repa-rs, and sh-pment. Due to standard-zat-on and automat-on, the 

process-ng t-me for one un-t of -nput, T, -s assumed to be determ-n-st-c, and for a batch 

of Q, the total process-ng t-me -s assumed to be Qθ*T, where θ ϵ [0,1] -s the econom-es 

of scale factor (Cakany-ld-r-m, Bookb-nder, & Gerchak, 2000, p. 218). The t-me spent 

on act-v-t-es not related to process-ng -s assumed to be random (Tw) and not affected by 

the -nput dec-s-on, as these act-v-t-es -nclude sh-pment and breakdowns. Agreed 

deadl-ne -s taken as the expected total lead t-me to complete the order, Qθ*T+ E[Tw]. 

Then, the expected tard-ness of the order w-ll be E [Tw- E[Tw]] +. The late arr-val of the 

order w-ll cause a lack of the whole order dur-ng the per-od of tard-ness; hence, the per 

un-t per un-t t-me tard-ness penalty (ct) needs to be mult-pl-ed by the order amount (D) 

to determ-ne the expected tard-ness penalty for the order, wh-ch -s g-ven -n Eq. (6): 
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ct * D * E [Tw- E[Tw]] +. (6) 

We now character-ze the closed-form express-on for tard-ness penalty based on Eq. (6) 

for the three most frequently used pract-cal lead t-me d-str-but-ons: Un-form, 

Exponent-al, and Lognormal (Baker & Tr-etsch, 2013, pp. 200, 274, 323). 

Theorem 2 

The expected tard-ness penalty -n Eq. (6) could be expressed as -n Eq. (7): 

𝑐( ∗ 𝐷 ∗	∫ 𝐹(𝑦)𝑑𝑦)
*[,!] , (7) 

wh-ch -s further expressed as below for Un-form, Exponent-al, and Lognormally 

d-str-buted Tw: 

a) For Tw ~Un-form (A, B), the expected tard-ness penalty: 𝑐( ∗ 𝐷 ∗ ./0
1
, 

b) For Tw ~Exponent-al (λ), the expected tard-ness penalty: 𝑐( ∗ 𝐷 ∗ 2
3∗"

, 

c) For Tw ~Lognormal (μ, σ), such that Tw = 𝑒456∗7  w-th Z~Normal (0, 1), 

the expected tard-ness penalty: 𝑐( ∗ 𝐷 ∗ G𝑒45
"#
# 5𝛷 96

8
= − 𝛷 9/6

8
=>I, where Ф 

represents the cumulat-ve d-str-but-on for the standard normal. 

Proof of Theorem 2: Prov-ded -n the Append-x. 

Corollary 2: The expected tard-ness penalty responds to the related parameters as 

follows: 

a) For Tw ~Un-form (A, B), the expected tard-ness penalty -ncreases as the range 

of Tw, (B-A), -ncreases. 

b) For Tw ~Exponent-al (λ), the expected tard-ness penalty -ncreases as the mean 

value of Tw, 1/λ, -ncreases. 

c) For Tw ~Lognormal (μ, σ), the expected tard-ness penalty -ncreases as μ and/or 

σ -ncrease. 

The customer, as the T-er 1 suppl-er, selects the suppl-er and bears the tard-ness penalty. 

Assum-ng all parameters are known, the customer -s accountable to an OEM or reta-ler 
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and must pr-or-t-ze both qual-ty and t-mely del-very. Therefore, the customer a-ms to 

m-n-m-ze total supply cha-n costs. Based on th-s, the cost formulat-on -s g-ven -n Eq. 

(8) and reflects the -mpact of product-on y-eld and lead t-me: 

cp * Q* + (P + cpe) * E [max (0, (D- B&n (Q*, p)))] + ct *D*E [Tw- E[Tw]]+. (8) 

Total supply cha-n costs depend on suppl-er select-on and the suppl-er’s opt-mal -nput 

quant-ty (Q*). We a-m to -solate the effects of y-eld and lead t-me, as suppl-ers offer 

d-fferent trade-offs. A suppl-er may have a h-gh y-eld but a longer, var-able lead t-me, 

-ncreas-ng tard-ness costs, and customers may need to choose between a d-stant, 

exper-enced suppl-er and a nearby, less exper-enced one w-th faster del-very but lower 

y-eld. 

Numer)cal Analys)s  

Us-ng the analyt-cal results above, we construct a parameter set to evaluate how 

product-on y-eld (p) and customer order lead t-me (Tw) affect total supply cha-n costs. 

The goal -s to -dent-fy wh-ch factor has a greater -mpact under vary-ng cond-t-ons, 

offer-ng -ns-ghts -nto suppl-er select-on am-d trade-offs -n expert-se and locat-on. The 

parameter set follows a 2ᵏ factor-al des-gn (Law, 2017, pp. 551-556), cons-der-ng: 

underage cost (P+ cpe), order amount (D), product-on y-eld (p), procurement and 

process-ng cost (cp), tard-ness penalty (ct), and the d-str-but-on of (Tw). For (Tw), we 

use: range (B–A) for Un-form, mean (1/λ) for Exponent-al, and mean (𝑒45
"#
#  ) for 

Lognormal. As shown -n Corollary 2, expected tard-ness penalt-es—and thus total 

costs—are monoton-c w-th respect to these d-str-but-on measures. 

The -mpact of suppl-ers’ y-eld on total supply cha-n costs, and -ts compar-son to lead 

t-me var-ab-l-ty and tard-ness penalt-es, -s not analyt-cally tractable, as outcomes vary 

by scenar-o. When a T-er 1 customer must choose between a h-gh-y-eld but d-stant 

suppl-er w-th uncerta-n lead t-mes and a nearby, less exper-enced suppl-er w-th lower 

y-eld but faster del-very, theory alone cannot capture the trade-offs. Numer-cal analys-s 

-s therefore essent-al to evaluate and -llustrate these dynam-cs. 

To address th-s need, a 2ᵏ factor-al des-gn -s constructed us-ng low/(–) and h-gh/(+) 

values for each factor, as shown -n Table 2. The underage cost (P + cpe) -s capped at 

100, a level unl-kely to just-fy a-r fre-ght, mak-ng sea sh-pment and -ts longer del-very 
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t-mes more real-st-c for d-stant suppl-ers. H-gh order amounts (D) -mply large volumes, 

further support-ng sea sh-pment. Procurement and process-ng costs, along w-th 

tard-ness penalt-es, are expressed as percentages of the underage cost to avo-d 

unreal-st-c comb-nat-ons. D-str-but-on parameters are selected to reflect d-fferences -n 

sh-pment and breakdown t-mes between suppl-ers located on the same versus d-fferent 

cont-nents relat-ve to the customer (Searates.com, 2022). 

Table 2. Coding Chart and the Values for the Factors 

Factor (-) (+) 
Underage cost: P + cpe 10 100 
Order amount: D 100 1000 
Procurement and process%ng 
cost: cp 

10% of (P + cpe) 50% of (P + cpe) 

Tard%ness penalty: ct 10% of (P + cpe) 80% of (P + cpe) 
Probab%l%ty to produce non-
defect%ve %tems: p 

0.6 0.95 

Lead t%me d%str%but%on (for 
act%v%t%es not related to 
process%ng): Tw ~Un%form (A, 
B) 

(A, B) = (4, 10),  
Mean =  !"#

$
=7 

Range = B - A = 6 

(A, B) = (20, 60),  
Mean =  !"#

$
=40 

Range = B - A = 40 

Lead t%me d%str%but%on (for 
act%v%t%es not related to 
process%ng): Tw ~Exponent%al 
(λ) 

Mean = (1/λ) = 7 Mean = (1/λ) = 40 

Lead t%me d%str%but%on (for 
act%v%t%es not related to 
process%ng): Tw ~Lognormal 
(μ, σ) 

(μ, σ) = (1, 1.375),  

Mean = 𝑒%"
!"

" ≅ 7 

(μ, σ) = (3, 1.175),  

Mean = 𝑒%"
!"

" ≅ 40 

 

Wh-le -nput process-ng t-me may be f-xed due to equ-pment and labor standards, 

breakdowns and sh-pment t-mes are externally dr-ven and harder to est-mate. A 

Un-form d-str-but-on can -n-t-ally model th-s uncerta-nty (Baker & Tr-etsch, 2013, p. 

200). As more data becomes ava-lable, exponent-al or lognormal d-str-but-ons can 

better capture var-ab-l-ty and -mprove supply cha-n dec-s-on-mak-ng. 

We take the total expected supply cha-n costs der-ved -n the ‘Problem Formulat-on and 

Theoret-cal Results’ sect-on that were g-ven -n Eq. (8) (and repeated below for ease of 

reference) as the response to the factor comb-nat-ons l-sted -n Table 2 above.  

cp * Q* + (P+cpe) * E [max (0, (D- B&n (Q*, p)))] + ct *D*E [Tw- E[Tw]] +. (8) 

Our goal -s to assess the -mpact of product-on y-eld (p) and lead t-me (Tw) across 

d-fferent comb-nat-ons of underage cost (P + cpe), tard-ness penalt-es (ct), order amount 
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(D), and procurement cost (cp), to -nform suppl-er select-on. Table 3 presents total 

expected supply cha-n costs and opt-mal -nput (Q*) for var-ous factor comb-nat-ons and 

Tw d-str-but-ons. Table 4 shows the average effect of -ncreas-ng p and Tw. Changes -n cp 

affect Q*, -nfluenc-ng procurement and underage penalt-es, wh-le ct does not affect Q*. 

Thus, when cp, (P + cpe), and D are constant, changes -n ct do not alter the average effect 

of -ncreas-ng p. S-m-larly, when ct, (P + cpe), and D are constant, changes -n cp do not 

alter the average effect of -ncreas-ng Tw. Therefore, Table 4 reports only comb-nat-ons 

where cp and ct move -n the same d-rect-on, allow-ng clearer -nterpretat-on of p and Tw’s 

effects. 

Table 4 reveals a cut-off po-nt -n factor comb-nat-ons, ((P + cpe), (D), and (cp)) or ((P + 

cpe), (D), and (ct)), where the -mpact of -ncreas-ng product-on y-eld (p) or non-

process-ng lead t-me (Tw) d-m-n-shes. Th-s occurs when at least two of the three factors 

are at the-r low levels. Our analys-s suggests that when two or more factors are h-gh, 

suppl-er select-on should account for both p and Tw effects. Us-ng mean Tw values of 7 

(low) and 40 (h-gh), we observed s-gn-f-cant cost d-fferences. To explore th-s further, 

Table 5 presents results where Tw’s h-gh value presents a h-gh level of dynam-cs. We 

test Tw ~Un-form (10, 20), (10, 30), (10, 40), (10, 50), (10, 60); Tw ~Exponent-al w-th 

1/λ ∈ {15, 20, 25, 30, 35}; and Tw ~Lognormal w-th (μ, σ) ∈ {(2.015, 1.175), (2.31, 

1.175), (2.53, 1.175), (2.71, 1.175), (2.87, 1.175)}. These tests are appl-ed only to 

comb-nat-ons where at least two factors are h-gh, ensur-ng that changes -n p and Tw 

s-gn-f-cantly affect total supply cha-n costs. The next sect-on d-scusses the result-ng 

-ns-ghts and manager-al -mpl-cat-ons.
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Table 3. Total Expected Supply Chain Costs and the Optimal Input Amount (Q*) With Respect to Different Factor Combinations and Distribution Assumptions 

for (Tw)* 

                Response (R): Total Expected Supply Cha9n Cost (from Eq. 
(8)) 

Factor 
Comb9nat9on 
(des9gn po9nt) P + cpe D cp ct p Tw Q* Tw ~Un,form (A, B) 

Tw ~Exponent,al 
(λ) 

Tw ~Lognormal (μ, 
σ) 

1.1 + + + + + + 1052 452,912.0693 1,230,126.2811 1,472,968.1760 

1.2 + + + + + - 1052 112,912.0693 258,924.5564 337,352.1108 

1.3 + + + + - + 1666 484,117.7316 1,261,331.9434 1,504,173.8383 

1.4 + + + + - - 1666 144,117.7316 290,130.2187 368,557.7731 

2.1 + + + - + + 1052 102,912.0693 200,063.8458 230,419.0827 

2.2 + + + - + - 1052 60,412.0693 78,663.6302 88,467.0745 

2.3 + + + - - + 1666 134,117.7316 231,269.5081 261,624.7450 

2.4 + + + - - - 1666 91,617.7316 109,869.2925 119,672.7368 

3.1 + + - + + + 1062 410,658.8460 1,187,873.0578 1,430,714.9527 

3.2 + + - + + - 1062 70,658.8460 216,671.3331 295,098.8875 

3.3 + + - + - + 1710 417,196.1961 1,194,410.4078 1,437,252.3027 

3.4 + + - + - - 1710 77,196.1961 223,208.6831 301,636.2375 

4.1 + + - - + + 1062 60,658.8460 157,810.6225 188,165.8594 

4.2 + + - - + - 1062 18,158.8460 36,410.4069 46,213.8512 

4.3 + + - - - + 1710 67,196.1961 164,347.9725 194,703.2094 

4.4 + + - - - - 1710 24,696.1961 42,947.7570 52,751.2013 
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5.1 + - + + + + 105 45,350.0494 123,071.4706 147,355.6601 

5.2 + - + + + - 105 11,350.0494 25,951.2981 33,794.0536 

5.3 + - + + - + 166 48,571.8293 126,293.2504 150,577.4399 

5.4 + - + + - - 166 14,571.8293 29,173.0780 37,015.8334 

6.1 + - + - + + 105 10,350.0494 20,065.2271 23,100.7507 

6.2 + - + - + - 105 6,100.0494 7,925.2055 8,905.5499 

6.3 + - + - - + 166 13,571.8293 23,287.0069 26,322.5306 

6.4 + - + - - - 166 9,321.8293 11,146.9853 12,127.3298 

7.1 + - - + + + 108 41,096.8045 118,818.2257 143,102.4151 

7.2 + - - + + - 108 7,096.8045 21,698.0532 29,540.8086 

7.3 + - - + - + 180 41,836.0978 119,557.5190 143,841.7085 

7.4 + - - + - - 180 7,836.0978 22,437.3465 30,280.1019 

8.1 + - - - + + 108 6,096.8045 15,811.9821 18,847.5058 

8.2 + - - - + - 108 1,846.8045 3,671.9606 4,652.3050 

8.3 + - - - - + 180 6,836.0978 16,551.2754 19,586.7991 

8.4 + - - - - - 180 2,586.0978 4,411.2539 5,391.5983 

9.1 - + + + + + 1052 45,291.2069 123,012.6281 147,296.8176 

9.2 - + + + + - 1052 11,291.2069 25,892.4556 33,735.2111 

9.3 - + + + - + 1666 48,411.7732 126,133.1943 150,417.3838 

9.4 - + + + - - 1666 14,411.7732 29,013.0219 36,855.7773 

10.1 - + + - + + 1052 10,291.2069 20,006.3846 23,041.9083 

10.2 - + + - + - 1052 6,041.2069 7,866.3630 8,846.7075 
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10.3 - + + - - + 1666 13,411.7732 23,126.9508 26,162.4745 

10.4 - + + - - - 1666 9,161.7732 10,986.9293 11,967.2737 

11.1 - + - + + + 1062 41,065.8846 118,787.3058 143,071.4953 

11.2 - + - + + - 1062 7,065.8846 21,667.1333 29,509.8887 

11.3 - + - + - + 1710 41,719.6196 119,441.0408 143,725.2303 

11.4 - + - + - - 1710 7,719.6196 22,320.8683 30,163.6238 

12.1 - + - - + + 1062 6,065.8846 15,781.0622 18,816.5859 

12.2 - + - - + - 1062 1,815.8846 3,641.0407 4,621.3851 

12.3 - + - - - + 1710 6,719.6196 16,434.7973 19,470.3209 

12.4 - + - - - - 1710 2,469.6196 4,294.7757 5,275.1201 

13.1 - - + + + + 105 4,535.0049 12,307.1471 14,735.5660 

13.2 - - + + + - 105 1,135.0049 2,595.1298 3,379.4054 

13.3 - - + + - + 166 4,857.1829 12,629.3250 15,057.7440 

13.4 - - + + - - 166 1,457.1829 2,917.3078 3,701.5833 

14.1 - - + - + + 105 1,035.0049 2,006.5227 2,310.0751 

14.2 - - + - + - 105 610.0049 792.5205 890.5550 

14.3 - - + - - + 166 1,357.1829 2,328.7007 2,632.2531 

14.4 - - + - - - 166 932.1829 1,114.6985 1,212.7330 

15.1 - - - + + + 108 4,109.6804 11,881.8226 14,310.2415 

15.2 - - - + + - 108 709.6804 2,169.8053 2,954.0809 

15.3 - - - + - + 180 4,183.6098 11,955.7519 14,384.1708 

15.4 - - - + - - 180 783.6098 2,243.7346 3,028.0102 
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16.1 - - - - + + 108 609.6804 1,581.1982 1,884.7506 

16.2 - - - - + - 108 184.6804 367.1961 465.2305 

16.3 - - - - - + 180 683.6098 1,655.1275 1,958.6799 

16.4 - - - - - - 180 258.6098 441.1254 539.1598 

 

Table 4. Average Effect of Increas%ng the Two Factors (p and Tw) 

Factor Comb9nat9ons  Tw ~Un9form (A, B) Tw ~Exponent9al (λ) Tw ~Lognormal (μ, σ) 

P + cpe D cp ct 

Effect of 9ncreas9ng p 
=[R(9.1)+R(9.2)-R(9.3)-

R(9.4)]/4 

Effect of 9ncreas9ng B-A 
=[R(9.1)+R(9.3)-R(9.2)-

R(9.4)]/4 

Effect of 9ncreas9ng (1/λ)  
=[R(9.1)+R(9.3)-R(9.2)-

R(9.4)]/4 

Effect of 9ncreas9ng Mean 
(e(μ+σ^2/2)) 

=[R(9.1)+R(9.3)-R(9.2)-
R(9.4)]/4 

+ + + + -15,602.83 170,000.00 485,600.86 567,808.03 

+ + - - -3,268.68 21,250.00 60,700.11 70,976.00 

+ - + + -1,610.89 17,000.00 .48,560.09 56,780.80 

- + + + -1,560.28 17,000.00 48,560.09 56,780.80 

+ - - - -369.65 2,125.00 6,070.01 7,097.60 

- + - - -326.87 2,125.00 6,070.01 7,097.60 

- - + + -161.09 1,700.00 4,856.01 5,678.08 

- - - - -36.96 212.50 607.00 709.76 
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Table 5. The Effect of Increas%ng (Tw) w%th D%fferent ‘H%gh’/(+) Values for (Tw) 

     Effect of 9ncreas9ng (B-A) w9th d9fferent 'h9gh'/(+) values  

 

Factor Comb9nat9ons 

Tw 
~Un9form 

(A, B) (B-A) 'h9gh'/(+) values  

P + cpe D cp ct 

Effect of 
9ncreas9ng 

p 10 20 30 40 50 

100/(+) 1000/(+) 50(+) 80/(+) -15,602.83 20,000 70,000 120,000 170,000 220,000 

100/(+) 1000/(+) 10/(-) 10/(-) -3,268.68 2,500 8,750 15,000 21,250 27,500 

100/(+) 100/(-) 50/(+) 80/(+) -1,610.89 2,000 7,000 12,000 17,000 22,000 

10/(-) 1000/(+) 5/(+) 8/(+) -1,560.28 2,000 7,000 12,000 17,000 22,000 

     Effect of 9ncreas9ng (1/λ)  

Factor Comb9nat9ons Tw ~Exp (λ) (1/λ) 'h9gh'/(+) values 

P + cpe D cp ct 

Effect of 
9ncreas9ng 

p 15 20 25 30 35 40 

100/(+) 1000/(+) 50(+) 80/(+) -15,602.83 117,721.42 191,297.31 264,873.20 338,449.09 412,024.97 485,600.86 

100/(+) 1000/(+) 10/(-) 10/(-) -3,268.68 14,715.18 23,912.16 33,109.15 42,306.14 51,503.12 60,700.11 

100/(+) 100/(-) 50/(+) 80/(+) -1,610.89 11,772.14 19,129.73 26,487.32 33,844.91 41,202.50 48,560.09 

10/(-) 1000/(+) 5/(+) 8/(+) -1,560.28 11,772.14 19,129.73 26,487.32 33,844.91 41,202.50 48,560.09 
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     Effect of 9ncreas9ng Mean (e (μ+σ^2/2)) 

Factor Comb9nat9ons 

Tw 
~Lognormal 

(μ, σ) Mean (e (μ+σ^2/2)) 'h9gh'/(+) values 

P + cpe D cp ct 
Effect of 

9ncreas9ng p 

15, (μ, σ) 
= (2.015, 

1.175) 

 
20, (μ, σ) 
= (2.31, 
1.175) 

 
25, (μ, σ) 
= (2.53, 
1.175) 

 
30, (μ, σ) 
= (2.71, 
1.175) 

 
35, (μ, σ) 
= (2.87, 
1.175) 

 
40, (μ, σ) 

=  
(3, 1.175) 

100/(+) 1000/(+) 50(+) 80/(+) -15,602.83 122,932.31 213,913.06 301,549.12 389,068.10 481,252.37 567,808.03 

100/(+) 1000/(+) 10/(-) 10/(-) -3,268.68 15,366.54 26,739.13 37,693.64 48,633.51 60,156.55 70,976.00 

100/(+) 100/(-) 50/(+) 80/(+) -1,610.89 12,293.23 21,391.31 30,154.91 38,906.81 48,125.24 56,780.80 

10/(-) 1000/(+) 5/(+) 8/(+) -1,560.28 12,293.23 21,391.31 30,154.91 38,906.81 48,125.24 56,780.80 
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Observ-ng from Tables 3-5 that non-process-ng lead t-me has a greater -mpact on total 

supply cha-n costs than product-on y-eld, we explore -ts -nfluence on reshor-ng 

dec-s-ons. Spec-f-cally, we assess whether T-er 1 suppl-ers m-ght prefer nearshor-ng, 

choos-ng a nov-ce nearshore T-er 2 suppl-er w-th lower y-eld over an exper-enced 

offshore suppl-er w-th h-gher y-eld (p = 0.95). The offshore suppl-er’s geograph-c 

d-sadvantage -s modeled us-ng the h-ghest mean non-process-ng lead t-mes tested: B−A 

= 50 (un-form), 1/λ = 40 (exponent-al), and μ = 3, σ = 1.175 (log-normal), each y-eld-ng 

a mean lead t-me ≥ 40. Th-s trade-off h-ghl-ghts how lead t-me cons-derat-ons may 

outwe-gh qual-ty advantages -n suppl-er select-on. 

We represent nov-ce nearshore T-er 2 suppl-ers w-th product-on y-elds rang-ng from 0.9 

to 0.5 and vary-ng non-process-ng lead t-mes. For Un-form d-str-but-ons, Non-

process&ng Leadt&me ranges are {40, 30, 20, 10}, wh-le Exponent-al and Log-normal 

d-str-but-ons assume mean lead t-mes of {35, 30, 25, 20}. These parameters al-gn w-th 

Table 5, where the exper-enced offshore T-er 2 suppl-er corresponds to the h-ghest mean 

lead t-me values l-sted. 

To assess the preferab-l-ty of a less exper-enced nearshore suppl-er over an exper-enced 

offshore one, we cons-der two contrast-ng scenar-os. The most favorable for the 

offshore suppl-er -nvolves h-gh-value, large-quant-ty orders where product-on y-eld 

outwe-ghs lead t-me concerns: underage cost (P+cpe)  -s 1,000, demand (D) -s 1,000 

un-ts, procurement cost (cp) -s 50% of underage cost, and tard-ness penalty (ct)  -s 20%. 

The least favorable scenar-o reflects h-gh lead t-me sens-t-v-ty: underage cost -s 100, 

demand -s 100 un-ts, procurement cost -s 20%, and tard-ness penalty -s 80%. These 

scenar-os help -llustrate how suppl-er preference sh-fts under d-fferent cost and r-sk 

cond-t-ons, h-ghl-ght-ng the -mportance of balanc-ng y-eld eff-c-ency w-th lead t-me 

rel-ab-l-ty. 

We now present the total supply cha-n Cost Compar-son and Suppl-er Preference graphs 

under the assumpt-on of a Un-form Non-process&ng Leadt&me d-str-but-on. A d-scuss-on 

of the -ns-ghts ga-ned from these results w-ll follow -n the next sect-on. 
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F9gure 2a. Cost compar%son and preference map between Exper%enced (D%stant) Offshore Suppl%er and Less-Exper%enced Nearshore Suppl%er (w%th Lower 

Product%on Y%eld), for Un%form non-process%ng Leadt%me and Most Favourable Scenar%o for the Exper%enced Offshore Suppl%er (p=0.95, B-A=50): Underage 

cost (P+cpe) = 1,000, Demand (D) = 1,000, Procurement cost (cp) = 50% of the underage cost, and the tard%ness penalty (ct) = 20% of the underage cost. 

 

 

 

 



 720 

 

F9gure 2b. Cost compar%son and preference map between Exper%enced (D%stant) Offshore Suppl%er and Less-Exper%enced Nearshore Suppl%er (w%th Lower 

Product%on Y%eld), for Un%form non-process%ng Leadt%me and Least Favourable Scenar%o for the Exper%enced Offshore Suppl%er (p=0.95, B-A=50): Underage 

cost (P+cpe) = 100, Demand (D) = 100, Procurement cost (cp) = 20% of the underage cost, and the tard%ness penalty (ct) = 80% of the underage cost. 
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F9gure 3. Preference map between Exper%enced (D%stant) Offshore Suppl%er and Less-Exper%enced Nearshore Suppl%er (w%th Lower Product%on Y%eld), for 

Exponent%al non-process%ng Leadt%me (p=0.95, 1/λ=40): Underage cost (P+cpe) = {100, 1000} Demand (D) = {100, 1000} Procurement cost (cp) = {20%, 

50%} of the underage cost, and the tard%ness penalty (ct) = {20%, 80%} of the underage cost. 
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As shown -n F-gures 2a and 2b, even when the nearshore suppl-er’s product-on y-eld -s 

as low as 0.5, the offshore suppl-er -s rarely preferred. Nearshor-ng becomes dom-nant 

when the underage cost, order s-ze, and procurement cost are low, and the tard-ness 

penalty -s h-gh. We now exam-ne how changes -n these parameters affect nearshor-ng 

preference under exponent-al lead t-me assumpt-ons. Spec-f-cally, we analyze scenar-os 

w-th underage cost values of 100 and 1000, order s-ze of 1000, procurement cost at 

50% of underage cost, and tard-ness penalty at 20%. We then vary the order s-ze to 100, 

procurement cost to 20%, and tard-ness penalty to 80%. These var-at-ons help us 

evaluate how mult-ple parameter sh-fts -nfluence suppl-er select-on. 

Lower procurement costs make the nearshore suppl-er more attract-ve by reduc-ng 

mater-al expenses, wh-le h-gher tard-ness penalt-es d-scourage select-ng the offshore 

suppl-er. In both cases, nearshor-ng becomes the preferred strategy. These f-nd-ngs 

h-ghl-ght the comb-ned -mpact of cost structure and del-very rel-ab-l-ty on suppl-er 

cho-ce, part-cularly -n t-me-sens-t-ve supply cha-ns. We exam-ne these dynam-cs further 

-n the follow-ng sect-on. 

D)scuss)on 

Th-s study was mot-vated by the grow-ng complex-ty of global supply cha-ns, 

espec-ally cons-der-ng the d-srupt-ons after Brex-t and chang-ng dynam-cs between 

offshore and nearshore manufactur-ng. Offshore suppl-ers, espec-ally -n d-stant reg-ons 

l-ke Ch-na, have trad-t-onally been preferred for the-r h-gh product-on y-elds and 

mater-al qual-ty. However, recent log-st-cal challenges have led f-rms to reevaluate 

these benef-ts. Our research -nvest-gates how decl-n-ng locat-on-based advantages 

affect reshor-ng dec-s-ons by compar-ng an exper-enced offshore suppl-er w-th longer, 

uncerta-n lead t-mes to a new nearshore suppl-er w-th lower y-elds. 

We contr-bute to the reshor-ng l-terature by analyz-ng the cost -mpl-cat-ons of th-s trade-

off, show-ng how external d-srupt-ons and -nternal performance factors jo-ntly 

-nfluence sourc-ng strateg-es. Our f-nd-ngs reveal that h-gher product-on y-eld 

decreases supply cha-n costs by reduc-ng m-ss-ng -tems and -mprov-ng flow. 

Conversely, -ncreases -n the average or range of customer order lead t-mes s-gn-f-cantly 

ra-se costs due to delayed del-ver-es. Th-s effect -s more pronounced -n t-me-sens-t-ve 

supply cha-ns. 
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Ult-mately, our model h-ghl-ghts the -mportance of lead t-me rel-ab-l-ty -n suppl-er 

select-on. It also suggests that when nearshor-ng -s preferred, customers should support 

suppl-er efforts to -mprove product-on y-eld, espec-ally when alternat-ves l-ke a-r 

fre-ght are not econom-cally v-able. 

Main Finding 1 

Our analysis shows that in time-sensitive supply chains, increasing the mean non-

processing-related lead time has a more substantial impact on total costs than improving 

production yield. Even when the nearshore supplier’s yield is as low as 0.5, the offshore 

supplier is rarely preferred (Figures 2a and 2b), indicating that delayed deliveries pose 

greater risks than lower production efficiency. When underage costs, order sizes, and 

procurement costs are low, and tardiness penalties are high, nearshoring becomes the 

dominant strategy, emphasizing the importance of lead time reliability. 

Non-processing-related lead time includes shipment time, which is subject to 

fluctuations. These fluctuations can increase supply chain costs by up to 36 times more 

than the cost savings from higher yield (Table 4, factor combination (+, +, +, +), Tw 

~Lognormal). This is because lead time parameters affect costs linearly, while yield 

impacts costs through its probability distribution. Additionally, tardiness affects the 

entire order, whereas missing items due to imperfect yield affect costs individually. 

Thus, nearshoring is preferable as product time sensitivity increases. 

Given the significant impact of longer lead times, especially from distant suppliers or 

disrupted routes, alternative shipment methods, such as air freight, could be considered 

to reduce customer order lead times. If airfare is not viable, nearshoring becomes a 

more attractive option. In such cases, customers should support nearshore suppliers in 

improving production yield to enhance overall supply chain performance. 

Ma1n F1nd1ng 2 

The -mpact of -ncreas-ng product-on y-eld (p) -s s-gn-f-cantly ampl-f-ed when at least 

two of the follow-ng, underage cost, order s-ze, and procurement cost, are h-gh. 

S-m-larly, the effect of -ncreas-ng the mean or range of non-process-ng-related lead t-me 

(Tw) grows when underage cost, order s-ze, or tard-ness penalty -s elevated. Our 

f-nd-ngs show that lower procurement costs make nearshore suppl-ers more attract-ve 

by reduc-ng mater-al expenses, wh-le h-gher tard-ness penalt-es d-scourage offshore 
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sourc-ng. In both cases, nearshor-ng becomes the dom-nant strategy under h-gh-cost or 

h-gh-r-sk cond-t-ons. These results h-ghl-ght how suppl-er preference -s h-ghly sens-t-ve 

to cost structure and lead t-me rel-ab-l-ty, re-nforc-ng the -mportance of evaluat-ng both 

operat-onal and locat-onal factors -n sourc-ng dec-s-ons. 

The opt-mal -nput amount (Q*), wh-ch determ-nes procurement cost and expected 

underage penalty, depends on underage cost, order s-ze, and procurement cost (P + cpe), 

(D), and (cp). Our numer-cal analys-s shows that when at least two of these factors are 

h-gh, -ncreases -n product-on y-eld (p) lead to greater cost reduct-ons, mak-ng suppl-er 

-mprovements more -mpactful. Tard-ness penalty, -nfluenced by (D), (ct), and lead t-me 

(Tw), -s not d-rectly affected by (P + cpe), but the overall cost level ampl-f-es the effect 

of chang-ng (Tw). Suppl-er select-on becomes more cr-t-cal when at least two of the 

three factors ((P + cpe), (D), and (ct)) are h-gh. Table 5 shows that even modest -ncreases 

-n Tw under these cond-t-ons s-gn-f-cantly affect supply cha-n costs. Therefore, -n h-gh-

cost or h-gh-r-sk sett-ngs, customer order lead t-me should be a key cons-derat-on -n 

suppl-er select-on. These f-nd-ngs h-ghl-ght the -mportance of evaluat-ng both 

product-on y-eld and lead t-me var-ab-l-ty, espec-ally when cost parameters are 

elevated, to make -nformed sourc-ng dec-s-ons. 

Ma1n F1nd1ng 3 

Accurately est-mat-ng customer order lead t-me—-nclud-ng sh-pment t-me and 

var-ab-l-ty—-s essent-al for calculat-ng total supply cha-n costs -n suppl-er select-on. 

Us-ng bas-c d-str-but-on assumpt-ons can lead to s-gn-f-cant cost underest-mat-on. Our 

f-nd-ngs show that changes -n procurement cost and tard-ness penalty, expressed as 

percentages of underage cost, more strongly -nfluence nearshor-ng preference than 

changes -n underage cost or demand. Th-s h-ghl-ghts the -mportance for T-er 1 suppl-ers 

to set opt-mal contractual terms w-th both upstream suppl-ers and downstream 

customers, as these parameters can qu-ckly sh-ft sourc-ng strateg-es and -mpact overall 

supply cha-n performance. 

Tables 4 and 5 show that -ncreas-ng (Tw) under d-fferent d-str-but-on assumpt-ons leads 

to substant-al cost d-fferences. Un-form d-str-but-on, often used as a bas-c 

approx-mat-on, can underest-mate lead t-me effects by up to one-th-rd compared to 

lognormal (Table 4 and 5, factor comb-nat-on (+, +, +, +)). Lognormal assumpt-ons 
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reveal more pronounced -mpacts. F-gures 2a, 2b, and 3 show that nearshore suppl-ers 

are preferred more under exponent-al than un-form d-str-but-ons. Nearshor-ng becomes 

dom-nant faster when procurement costs decrease or tard-ness penalt-es -ncrease 

(F-gure 3). These f-nd-ngs emphas-ze the -mportance of accurately est-mat-ng customer 

order lead t-me parameters, part-cularly the mean and var-ance of non-process-ng-

related lead t-me, to prevent underest-mat-ng supply cha-n costs. 

We bel-eve the pandem-c s-tuat-on made supply cha-ns much more frag-le and sens-t-ve 

towards the random nature of customer order lead t-me. From our model-ng approach, 

we observed these results as an -n-t-al step toward character-z-ng suppl-er select-on 

cr-ter-a that acknowledge these sens-t-v-t-es. We now summar-ze our results and share 

-deas for future research -n the next sect-on. 

L)m)tat)ons 

Th-s study prov-des -ns-ghts -nto trade-offs between offshore and nearshore suppl-ers 

-n make-to-order manufactur-ng but has l-m-tat-ons. The mathemat-cal model rel-es on 

s-mpl-fy-ng assumpt-ons and does not fully account for complex-t-es l-ke suppl-er 

learn-ng, geopol-t-cal r-sks, or mult--t-er -nteract-ons. Scenar-o generat-on comb-nes 

s-mulated and secondary data, enabl-ng controlled analys-s but l-m-t-ng real-world 

var-ab-l-ty. Consequently, general-zab-l-ty may be restr-cted. Future research should 

val-date f-nd-ngs w-th f-rm-level or -ndustry-spec-f-c data and explore more deta-led 

models that reflect evolv-ng supply cha-n d-srupt-ons and sector-spec-f-c product-on 

and log-st-cs standards. 

Conclus)ons and Future Research 

Th-s paper stud-ed how suppl-er features, espec-ally product-on y-eld and customer 

order lead t-me, affect total supply cha-n costs, emphas-z-ng trade-offs between suppl-er 

expert-se and locat-on. Pandem-c-related congest-on -n global sh-pp-ng routes has 

-ncreased the s-gn-f-cance of lead t-me var-ab-l-ty, part-cularly -n t-me-sens-t-ve supply 

cha-ns. We exam-ned how suppl-er expert-se -mpacts product-on y-eld and how locat-on 

-nfluences non-process-ng-related lead t-me, both of wh-ch greatly affect cost 

outcomes. 

To explore these dynam-cs, we developed a stochast-c opt-m-zat-on model for a T-er 1 

suppl-er select-ng a T-er 2 suppl-er. The model -ncorporates a b-nom-ally d-str-buted 
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product-on y-eld and a customer order lead t-me composed of both determ-n-st-c and 

random components. Supply cha-n costs were def-ned as the sum of procurement costs, 

underage penalt-es for m-ss-ng -tems, and tard-ness penalt-es for delayed del-ver-es. We 

used a 2k factor-al des-gn to generate scenar-os and exam-ned three common 

d-str-but-ons for the random lead t-me component: Un-form, Exponent-al, and 

Lognormal. 

Our f-nd-ngs -nd-cate that, -n t-me-sens-t-ve supply cha-ns, lead t-me rel-ab-l-ty has a 

greater -mpact on suppl-er select-on than product-on eff-c-ency. Increases -n mean non-

process-ng-related lead t-me s-gn-f-cantly ra-se total costs, often outwe-gh-ng the 

benef-ts of h-gher y-eld. Even when the nearshore suppl-er’s y-eld was low, the offshore 

suppl-er was rarely preferred, underscor-ng the dom-nant role of lead t-me uncerta-nty. 

The -mpact of y-eld and lead t-me var-ab-l-ty -s further ampl-f-ed when underage cost, 

order s-ze, or procurement/tard-ness penalt-es are h-gh. These cond-t-ons -ntens-fy the 

cost -mpl-cat-ons of suppl-er character-st-cs, mak-ng trade-offs more pronounced. For 

example, lower procurement costs enhance the appeal of nearshore suppl-ers, wh-le 

h-gh tard-ness penalt-es d-scourage offshore sourc-ng. These patterns cons-stently favor 

nearshor-ng under h-gh-cost or h-gh-r-sk scenar-os. 

Add-t-onally, our analys-s h-ghl-ghts the -mportance of accurately model-ng lead t-me 

d-str-but-ons. S-mpl-st-c assumpt-ons can lead to substant-al underest-mat-on of total 

costs. Th-s underscores the need for T-er 1 suppl-ers to -nvest -n deta-led data collect-on 

and model-ng of lead t-me parameters. It also po-nts to the strateg-c value of opt-m-z-ng 

contractual terms w-th both upstream suppl-ers and downstream customers, as changes 

-n cost parameters can qu-ckly sh-ft sourc-ng preferences. 

Future research could extend th-s work through comparat-ve case stud-es and more 

deta-led models ta-lored to spec-f-c -ndustr-es and product types. As supply cha-n 

d-srupt-ons cont-nue to evolve, understand-ng the operat-onal trade-offs between 

suppl-er expert-se and locat-on w-ll rema-n cr-t-cal for res-l-ent sourc-ng strateg-es. 
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Append)x 

Proof of Theorem 1 

We need to show that the object-ve funct-on -n Eq. (3) has nondecreas-ng f-rst-forward-

d-fferences w-th respect to Q and hence -s convex (Yüceer, 2002, p. 299). 

cp* (Q+2) + (P+cpe) * E [max (0, (D- B-n ((Q+2), p)))]- P*D 

- cp* (Q+1) + (P+cpe) * E [max (0, (D- B-n ((Q+1), p)))]- P*D 

?≥ cp* (Q+1) + (P+cpe) * E [max (0, (D- B-n ((Q+1), p)))] - P*D 

- cp* (Q) + (P+cpe) * E [max (0, (D- B-n (Q, p)))] - P*D 

(9) 

p2 * E [max (0, (D- B-n (Q, p)-2))] + 2*p*(1-p) * E [max (0, (D- B-n (Q, 

p)-1))]  

+ (1-p)2 * E [max (0, (D- B-n (Q, p)))] 

- p* E [max (0, (D- B-n (Q, p)-1))] - (1-p) * E [max (0, (D- B-n (Q, p)))] 

(10) 

https://doi.org/10.1016/S0377-2217(99)00295-7
https://doi.org/10.1086/466942
https://doi.org/10.1016/j.omega.2021.102500
https://doi.org/10.1287/opre.43.2.311
https://doi.org/10.1016/S0166-218X(01)00191-3
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?≥ p* E [max (0, (D- B-n (Q, p)-1))] + (1-p) * E [max (0, (D- B-n (Q, 

p)))]- E [max (0, (D- B-n (Q, p)))] 

p2 * E [max (0, (D- B-n (Q, p)-2))] + 2*p*(1-p) * E [max (0, (D- B-n (Q, 

p)-1))]  

+ (1-p)2 * E [max (0, (D- B-n (Q, p)))] 

- p2* E [max (0, (D- B-n (Q, p)-1))] – p * (1-p) * E [max (0, (D- B-n (Q, 

p)-1))]  

- (1-p) * p * E [max (0, (D- B-n (Q, p)))] -  (1-p) * (1-p)  * E [max (0, 

(D- B-n (Q, p)))] 
?≥ p2* E [max (0, (D- B-n (Q, p)-1))] + p * (1-p) * E [max (0, (D- B-n 

(Q, p)-1))]  

- p *  E [max (0, (D- B-n (Q, p)))] 

(11) 

p2 * E [max (0, (D- B-n (Q, p)-2))] - p2 * E [max (0, (D- B-n (Q, p)-1))]  
?≥ p2* E [max (0, (D- B-n (Q, p)-1))] - p2 * E [max (0, (D- B-n (Q, p)))] 

(12) 

@P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 2 − 𝑗)@P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 1 − 𝑗)
$/2

%&'

$/8

%&'

 

?≥ 	

@ P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 1 − 𝑗) −@P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 𝑗)
$

%&'

$/2

%&'

 

(13) 

−∑ P(Bin(𝑄, 𝑝) = 	j)$/8
%&'  ?≥ −∑ P(Bin(𝑄, 𝑝) = 	j)$/2

%&'  

0 ≤ P(Bin(𝑄, 𝑝) = 	𝐷 − 1). 

(14) 

From Eq. (14), we conclude that the object-ve funct-on -n Eq. (3) -s convex. To 

determ-ne the Q*, we need to def-ne the f-rst-forward-d-fference, wh-ch we do as 

follows: 

cp* (Q+1) + (P+cpe) * E [max (0, (D- B-n ((Q+1), p)))] - P*D 

- cp* (Q) - (P+cpe) * E [max (0, (D- B-n (Q, p)))] + P*D 

(15) 
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= cp + (P+cpe) * p* E [max (0, (D- B-n (Q, p)-1))] + (P+cpe) * (1-p)  

* E [max (0, (D- B-n (Q, p)))]- (P+cpe) * E [max (0, (D- B-n (Q, p)))] 

= cp + (P+cpe) * p * { E [max (0, (D- B-n (Q, p)-1))]  

- E [max (0, (D- B-n (Q, p)))] } 

= cp + (P+cpe) * p * { ∑ P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 1 − 𝑗) −$/2
%&'

∑ P(Bin(𝑄, 𝑝) = 	j) ∗ (𝐷 − 𝑗)$
%&' } 

= cp + (P+cpe) * p * { −∑ P(Bin(𝑄, 𝑝) = 	j)$/2
%&' }. 

The -nequal-ty -n Eq. (4) represents the case where the f-rst-forward-d-fference -n Eq. 

(15) -s nonnegat-ve, and the algor-thm -n Theorem 1  f-nds Q* by stopp-ng to -ncrement 

the -nput, Q, at the largest value such that Eq. (15) becomes nonnegat-ve. The object-ve 

funct-on -n Eq. (3) starts -ncreas-ng. □ 

Proof of Theorem 2 

Note that for any constant A and cont-nuous nonnegat-ve random var-able X, we can 

express ∫ 𝑥𝑓(𝑥)𝑑𝑥)
0  as 

S 𝑥𝑓(𝑥)𝑑𝑥
)

0

= S 𝑥𝑓(𝑥)𝑑𝑥 −S𝑥𝑓(𝑥)𝑑𝑥
0

'

)

'

= 𝐸[𝑋] − SS𝑑𝑦
9

'

𝑓(𝑥)𝑑𝑥
0

'

 

= 𝐸[𝑋] − SS𝑓(𝑥)𝑑𝑥𝑑𝑦
0

:

0

'

 

= 𝐸[𝑋] − ∫ [𝐹(𝐴) − 𝐹(𝑦)]𝑑𝑦 = 𝐸[𝑋] − 𝐴. 𝐹(𝐴) + ∫ 𝐹(𝑦)𝑑𝑦0
'

0
' . 

(3) 

 

S 𝑥𝑓(𝑥)𝑑𝑥
)

0

− 𝐴S 𝑓(𝑥)𝑑𝑥
)

0

	

= 	𝐸[𝑋] − 𝐴. 𝐹(𝐴) + S𝐹(𝑦)𝑑𝑦
0

'

− 𝐴[1 − 𝐹(𝐴)] 

(4) 
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𝐸[𝑋] − 𝐴. 𝐹(𝐴) + S𝐹(𝑦)𝑑𝑦
0

'

− 𝐴[1 − 𝐹(𝐴)] = 𝐸[𝑋] +S𝐹(𝑦)𝑑𝑦
0

'

− 𝐴. 

Then, we have 

ct * D * E [Tw- E[Tw]] +=𝑐( ∗ 𝐷 ∗ 5∫ (𝑥 − 𝐸[𝑇;])𝑓(𝑥)𝑑𝑥)
*[,!] > 

=	𝑐( ∗ 𝐷 ∗ Y𝐸[𝑇;] + ∫ 𝐹(𝑦)𝑑𝑦*[,!]
' − 𝐸[𝑇;]Z = 𝑐( ∗ 𝐷 ∗

∫ 𝐹(𝑦)𝑑𝑦*[,!]
' . 

(5) 

F-nally, for un-form, exponent-al, and lognormally d-str-buted Tw we have for Tw 

~Un-form (A, B), 𝑐( ∗ 𝐷 ∗ ∫ 𝐹(𝑦)𝑑𝑦*[,!]
' = 𝑐( ∗ 𝐷 ∗ ∫ :/0

./0
𝑑𝑦

$%&
#

0 =𝑐( ∗ 𝐷 ∗ ./0
1

. For 

Tw ~Exponent-al (λ), 𝑐( ∗ 𝐷 ∗ ∫ ;1 − 𝑒/3:<𝑑𝑦
'
(
' =𝑐( ∗ 𝐷 ∗ 2

3∗"
. For Tw ~Lognormal (μ, σ), 

𝑐( ∗ 𝐷 ∗ ∫ 𝐹(𝑦)𝑑𝑦*[,!]
' = 𝑐( ∗ 𝐷 ∗ [𝐸[𝑇;]. 𝐹(𝐸[𝑇;]) −

∫ 𝑥𝑓(𝑥)𝑑𝑥*[,!]
' \ = 𝑐( ∗ 𝐷 ∗ ]𝑒45

"#
# ∗ Φ_

<=>")%
"#
# ?/4

6
` − a𝑒45

"#
# −

𝑒45
"#
# ∗ Φ_

456#/<=>")%
"#
# ?

6
`bc=𝑐( ∗ 𝐷 ∗ G𝑒45

"#
# 5Φ96

8
= − Φ9/6

8
=>I.□ 

 

(6) 

 


